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Preface 

The Fourth International Workshop on Human Brain and Artificial Intelligence (HBAI 
2024), a joint workshop of the 33rd International Joint Conference on Artificial Intelli-
gence, was held in Jeju Island, South Korea. As the trend of interdisciplinary convergence 
between brain science and artificial intelligence (AI) continues to accelerate, HBAI 2024 
brought together researchers at the forefront of human brain research and AI, showcasing 
the latest discoveries in this interdisciplinary field. The workshop focused on exploring 
how AI techniques can contribute to human brain research and how brain science can 
inspire advancements in AI. 

We received 74 submissions, most of which presented intriguing and valuable new 
insights related to human brain research and artificial intelligence. Through a double-
blind peer review process, with three reviewers evaluating each paper, HBAI 2024 
selected 29 high-quality papers. These papers were shared via oral presentations during 
the one-day workshop. To encourage deeper discussions of these fascinating insights, 
the workshop was divided into oral presentations, poster sessions, and panel discus-
sions, covering key topics such as AI for Brain Science, AI for Brain Technology, and 
Brain-Inspired AI. 

We extend our deepest gratitude to the authors of the accepted papers, as well as the 
members of the Organizing Committee and the Program Committee, whose contributions 
were instrumental to the success of the workshop. In addition to those who contributed to 
the content of HBAI 2024, we would like to thank Wenliang (Kevin) Li, who participated 
in the AI for Brain Science panel discussion, as well as our dedicated members of NCC 
Lab, Xinke Shen, Zhichao Liang, Chen Wei, Dongyang Li, and Menglong Zhang, who 
worked tirelessly to support this event and deserve special recognition. 

Despite the inevitable challenges and uncertainties encountered during the orga-
nization of the conference, the participants’ enthusiasm and engagement turned these 
challenges into achievements. We sincerely thank every participant for their support and 
contribution, as it was your involvement that made HBAI 2024 a truly inspiring and 
intellectually stimulating academic event. 

October 2024 Quanying Liu 
Youzhi Qu 
Haiyan Wu 

Yu Qi 
An Zeng 
Dan Pan
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AI for Brain Science



Comparison of the Brain Visual Cortex 
and CNN Under Continuous Object Property 

Space 

Qiande Zhao1,2, Deying Li1, Congying Chu1, and Lingzhong Fan1,2,3(B) 

1 Brainnetome Center, Institute of Automation, Chinese Academy of Sciences, Beijing 100190, 
China 

{zhaoqiande2020,congying.chu,lingzhong.fan}@ia.ac.cn 
2 School of Future Technology, University of Chinese Academy of Sciences, Beijing 100049, 

China 
3 School of Health and Life Sciences, University of Health and Rehabilitation Sciences, 

Qingdao 266000, Shandong, China 

Abstract. One important area of artificial intelligence (AI) is the alignment of 
deep learning models and the human brain. It’s been proved that Convolutional 
Neural networks (CNN) are candidate computational models of the primate brain 
visual stream. Recent advances in neuroscience showed that object properties, 
including animacy and size, played an important role in visual object representa-
tions. But the property representations in CNN and whether these representations 
are similar with those in the visual cortex are unclear. Using the THINGS dataset, 
we created a continuous object property space and applied voxel-wise encod-
ing models to map properties to human brain fMRI data and CNN layer features. 
Dimension reduction of human object property ratings identified three key dimen-
sions: grasp, animacy, and feeling, which organize an object property space. Then, 
model weight analysis produced property representation maps, highlighting the 
role of the higher-level visual cortex in property representations. Cluster analy-
sis using these maps functionally parcellated the visual cortex into three regions, 
each associated with specific preferred objects and properties. Finally, property 
analysis in CNN indicated that property could predicted responses across all lay-
ers. In conclusion, representations of object continuous properties in CNN and 
the human brain are different, which enlightens direction of the future alignment 
study between deep learning models and the brain. 

Keywords: Continuous Object Properties · Convolutional Neural Network · 
Human Visual Cortex · Alignment 

1 Introduction 

Developments of artificial intelligence are often accompanied by related neuroscience 
achievements, such as the convolution and attention mechanism. An important driving 
force is to develop the computational models that could match human performance on

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
Q. Liu (Ed.): HBAI 2024, CCIS 2438, pp. 3–17, 2025. 
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multi-tasks, behave like human and have similar representations like human brain, which 
is the alignment of computational models and the brain[1]. A lot of studies have been 
done in this field. Yamins et al. claimed that convolution neural network (CNN) was good 
candidate model of human ventral visual cortex [2]. CNN followed a similar hierarchical 
processing structure with visual cortex [3]. Alignment of human object space and deep 
neural network (DNN) could improve the task performance of DNN [4]. These studies 
proved that the alignment of DNN and brain could enlighten the new computational 
models. 

Object recognition is a core ability of the human beings. Recent studies focused on 
the object representations of the visual cortex in large-scale [5]. These studies showed 
that object property played an important role in object representation, such as object 
shape, texture, animacy and so on. Specifically, property helped to identify and classify 
objects [6]. More importantly, property helped to organize objects in the brain space 
[7]. For example, human ventral temporal cortex (VTC) represented objects according 
to animacy and real-world size principles, with category selective regions like FFA 
(fusiform face area), PPA (para-hippocampal place area) organized along these two 
dimensions [7]. But these results were based mainly on the discrete property views and 
a very limited number of images, leaving representations of the visual cortex under the 
continuous property dimensions unknown. Property representations in CNN and whether 
these representations are similar with those in the visual cortex are also unclear. 

In this study, we proposed a continuous property space and identified the repre-
sentations of visual cortex under this space using the THINGS dataset. The THINGS 
dataset provided human cognitive ratings for 12 continuous properties of a large number 
of natural object images [8] and brain functional Magnetic Resonances Imaging(fMRI) 
signals of three human subjects when viewing these natural object images [9]. We used 
voxel-wise linear encoding methods to build mappings from property space to brain 
responses. Object property map could be obtained in the human brain through this 
model and then the functional patterns of the visual cortex. Property representations in 
CNN were analyzed finally. We found that: 

(i) Object property was represented mainly on higher visual cortex but rarely on early 
visual cortex. 

(ii) Property maps unveiled detailed functional patterns, which organized category-
selective regions in the visual cortex. 

(iii) Not like the visual cortex, object property could predict responses across all CNN 
layers. 

This study provided a continuous properties space, which underlie the functional 
organization of the visual cortex, and CNN showed a different representation patterns 
compared to the visual cortex. These results enlighten that CNN performance might be 
improved if aligned with the visual cortex under object property space.
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2 Related Work 

2.1 Large-Scale Representations of the Visual Cortex 

In recent years, lots of studies focused on the functional organization of the visual cortex 
in large-scale, providing a more comprehensive understanding of the visual cortex in 
primates including humans and macaques [5]. Object properties played an important role 
in visual representations, which were key to decide whether object was safe or not and 
how we could interact with it. Many potential object properties which were important 
to recognize object were not been studied systematically. Konkle et al. found that the 
object representation pattern of human visual cortex was arranged according to animacy 
and real-world size based on contrast analysis [7]. And further study showed that visual 
cortex shared a unifying space with CNN [10]. In addition, Bao et al. used a pretrained 
CNN model to construct a low dimensional object space, and found that the distribution 
of object representations in the inferior temporal (IT) lobe of macaques was similar 
to the patterns of the model object space, which could be described as two properties: 
animate to inanimate and spiky to stubby (or curved to not curved) [11]. Other important 
properties in object recognition included manipulability (manipulability, grasp/hold), 
mobility (movability, move/be moved), and naturalness (naturalness, natural/manmade) 
[12–14]. In addition, objects also changed in terms of subjective value (subjective value, 
precious/pleasant), weight (weight, heavy), emotional valence (emotional valence) and 
arousal (arousal) [12, 15]. However, only a few properties were included in individual 
work and these works were analyzed on very small datasets. The role of object properties 
in object representation have not yet been systematically studied. 

2.2 CNNs as Visual Computational Models 

With the development of AI, more and more aspects related to alignment of DNN and 
brain in functions and structures have been studied, especially on field of the visual cortex. 
Yamins et al. designed brain-score to quantify the shared variance between activations 
of brain visual area and CNN layers [2]. Similar results were also found using decoding 
methods, which was that early visual area represented objects similar to CNN shallow 
layers and higher visual cortex to CNN deeper layers [3]. Further study used task-related 
variance to analyze the relations between visual cortex and CNN and found that all visual 
areas are more related to deep CNN layers, which indicated that early and higher visual 
areas contained category-related information [16]. Constrained by brain behavioral or 
functional data, DNN model was trained to improve the classification accuracy, or learn 
better latent representations and features [4, 17]. 2.1 illustrates the importance of property 
in visual object representation, but whether CNN shares an object space with the visual 
cortex under property views is not clear. If not, then the alignment of CNN with the brain 
property space would probably contribute to better brain-like CNN models.
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3 Methods 

This study used voxel-wise linear encoding methods to build mappings from object 
property space to human brain functional and CNN responses separately, shown in 
Fig. 1. Firstly, we analyzed the relations of the 12 object properties provided by the 
THINGS dataset using dimension reduction and found a low dimensional manifold. 
Then, encoding model was trained to map object properties to brain fMRI signals. 
Through the model, property representation maps in the cortex were obtained. Finally, 
linear mapping of object properties to the CNN feature space was built to find the property 
representations in each layer, and results were compared with the human brain. 

Fig. 1. Pipeline of property representation analysis. Including 3 steps, built object property space, 
analyzed property map in the brain and CNN models by training voxel-wise encoding models. 

3.1 THINGS Dataset 

The THINGS dataset was a multimodal neuroimage dataset including fMRI and EEG 
data when 3 subjects viewing images, human ratings of 12 object properties, and triplet 
odd-one-out behavior task data [9]. 

Neuroimaging Data and Preprocessing. fMRI experiment scanned 3 subjects when 
viewing THINGS images. All magnetic resonance images (MRI) were collected using 
a 3 T Siemens Magnetom Prisma scanner and a 32-channel head coil. fMRI was 2 mm 
isotropic resolution (60 axial slices, 2 mm slice thickness, no slice gap, matrix size 96 × 
96, FOV = 192 × 192 mm, TR = 1.5 s, TE = 33 ms, flip angle = 75°). And additional 
high resolution T1-weighted and T2-weighted images were collected.
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The MRI data was preprocessed with fMRIPrep[20]. The steps included slice time 
correction, head motion correction, susceptibility distortion correction, co-registration 
between functional and anatomical images, brain tissue segmentation and cortical surface 
reconstruction. The retinotopic mapping and functional localizer data were used to define 
retinotopic regions in early visual cortex and category-selective regions in higher visual 
cortex. GLM was used to estimate image-wise responses across session. All analysis 
used in this study was based on preprocessed data for sub-01 provided by this dataset. 

Human Property Ratings. THINGS dataset used crowdsourcing to generate a broad 
set of object property ratings, including manmadeness, preciousness, animacy, pleas-
antness, and arousal level and real-world size, 12 properties in total [18]. For example, 
Animacy ratings for each object concept were collected by presenting raters with the 
respective noun and asking them to respond to the property ‘something that lives’ on a 
Likert scale. Real-world size ratings for each object concept were obtained in two steps. 
First, raters were instructed to indicate the size of a given object noun on a continuous 
scale, defined by nine reference objects spanning the size range of all objects. Others 
follows the same procedure. 

3.2 Voxel-Wise Encoding Model 

We divided the whole fMRI data and related property ratings into training set and testing 
set as 9:1 ratio randomly. We mapped the object property space to the cortex through 
voxel-wise linear encoding models based on training set [19]. For each voxel, we modeled 
its response to an image as a linear combination of the property features in the object 
space. 

xi = ai + biy + εi (1) 

where xi is the beta value at the i-th voxel obtained from GLM analysis, y is the object 
property represented as a 3-dimensional column vector with each element corresponding 
to one axis (or feature) in the property space, bi is a row vector of regression coefficients, 
ai is the bias term, and εi is the error or noise. 

Training the Encoding Model. We had 720 object concepts beta values for each voxel 
in human brain, which can be viewed as voxel responses across time t, with each time 
point relating to an image object. It follows that the response of the i-th voxel at time t 
was expressed as Eq. (2) 

xi(t) = ai + biy(t) + εi(t) (2) 

We estimated the coefficients (ai; bi) given time samples of (xi; y) by using least-
squares estimation with L2-norm regularization. That is, to minimize the following loss 
function defined separately for each voxel. 

LI = 
1 

T

∑T 

t=1 
(xi(t) − ai − bi(t))2 + λi‖bi‖2 2 (3) 

where T is the number of objects, and λi is the regularization parameter for the i-th voxel. 
We applied 10-fold generalized cross-validation in order to determine the regularization
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parameter. Statistical significance of every voxel based on a block-wise permutation 
test was applied. Specifically, we divided the training data into blocks and kept the 
property features intact within each block but randomly shuffled the block sequence for 
each of 100,000 trials of permutation, resulting in a null distribution. Against this null 
distribution, we compared the cross-validation without permutation and calculated the 
one-sided p value while testing the significance with FDR q < 0.05. For more details of 
statistical significance, please refer to [19]. 

Testing the encoding Model. We also tested how well the encoding model could be 
generalized to test set. For this purpose, the trained encoding model was applied to the 
test set, generating a voxel-wise model prediction of the fMRI response to the test image 
set. 

x
∧

i(t) = a
∧

i + b
∧

iy(t) (4) 

where y(t) is the vector of object property across test set images. Then, predicted voxel 
responses were correlated with actual responses to calculate Pearson correlation as model 
performance. 

3.3 Property Representations in CNN 

Because AlexNet was used in many related studies, here we used it as example model 
[10]. AlexNet included 8 layers, with 5 convolutional layers and 3 fully-connected layers. 
We extracted THINGS images features across all layers of a pretrained AlexNet sourced 
from the Torchvision (PyTorch) model zoo, from layer 1 to layer 7. The image feature of 
each layer was defined as the output vector of this layer, such as the output of maxpooling 
operation of layer1, the output of ReLu opreation of layer 6 and 7. Before extract the 
model feature, images in THINGS dataset was normalized just as the ImageNet dose. 

Images features and their properties were divided as did in 3.1. Then a voxel-wise 
encoding model was trained to map from property space to each model layer separately, 
just as did to the human brain fMRI. Through the model, we could obtain the significantly 
predicted units and the prediction accuracy (Pearson correlation) of these units in each 
layer. 

Brain-score is a paradigm which identify the similarity of model and the brain region 
[1]. It trained partial least square regression (PLSR) model to predict one feature with 
another feature. Here, we calculated brain-score of each CNN layer and brain responses 
to identify the relations of them. During the calculation, the brain voxels and layer units 
only include property significantly predicted ones. 

4 Results 

In this section, we used human object property ratings to predict human fMRI and 
CNN layer responses and got representations of each property. Then we tried to answer 
whether these property representations follow the same patterns in the brain and CNN. 
The following parts would show these results in details.
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4.1 Object Property Space 

Because object properties correlated with each other, the property relations were first 
analyzed. THINGS dataset provided the human cognitive ratings of 12 important proper-
ties for 1854 object concepts, including animacy, natural, manmade and so on. Manmade 
objects and animals were gathered at both ends of the animacy dimension, while small 
particles, such as sand, and huge man-made objects are gathered at both endings of the 
size axis, such as trains, etc. 

Fig. 2. Object property space. Figure A. Representational dissimilarity matrix across 12 object 
properties. Three blocks of property were strengthened by red box. Figure B. The first three PCs 
correlated with each property. Figure C. Distribution of objects in the 3 PCs space. The colors 
represented different object categories. Figure D. Object images preferred by different properties. 
+ and – was two endings of each PC. Combing the relations with property and preferred images, 
3 PCs were referred to grasp, animacy and feeling. (Color figure online) 

These object properties are not independent. Obviously, manmade and natural are 
two mutually exclusive properties. Heavy objects usually have big size. Thereafter, we 
calculated the representational dissimilarity matrix (RDM) across 12 properties and 3 
blocks were observed clearly, with properties within each block are highly related, as
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shown in Fig. 2A. The properties were roughly divided into three categories, among 
which heavy, grasp, hold, be_moved and size were one block, natural, manmade and 
animacy were the second block, pleasant, arousal are the third block. Then, principal 
component analysis (PCA) was performed on the properties across all objects, and keep 
the first three principal components (PCs) with more than 80% explained variance. 
Three PCs and all 12 properties were correlated to show that these PCs were matched 
to three blocks separately (see Fig. 2B). In Fig. 2C, objects were plotted into this three-
dimensional PC space and showed that objects distributed along property dimensions 
but not category. In Fig. 2D, we showed the objects preferred by positive and negative 
PC ends across three PCs. And found that PC1 was related to the object utility, PC2 was 
related to object animacy and PC3 was related to human’s feeling to objects. In the end, 
we referred to three PCs as grasp to can’t grasp, inanimate to animate and pleasant to 
arousal. 

To conclude, dimension reduction of human object property ratings identified three 
key dimensions: grasp, animacy, and feeling. These three properties constructed a low 
dimensional manifold of object property space. 

4.2 Property Representation Maps 

After constructing the object property space, we studied how properties were represented 
in the human brain. The fMRI data was preprocessed using fMRIPrep [20] and GLM 
was analyzed to get betas value to each image for all voxels of the brain. In order to 
establish the mappings between object properties and brain functional signals, a voxel-
wise linear encoding model was trained. Figure 3A showed the prediction performance 
of the encoding model. The highlighted areas were the Pearson correlation r value (q < 
0.05, FDR corrected) between the predicted brain responses pattern and the actual brain 
responses for the given object property in the testing set. Following analysis were all 
based on the property significantly predicted brain areas. Brain areas which object prop-
erties could significantly predict were mainly distributed in the lateral occipital lobe and 
VTC, both of which were related to the higher level visual cortex. This result indicated 
that the higher visual cortex played an important role in object property representation. 

The model weights corresponding to the object properties were mapped to the cere-
bral cortex to obtain the representations of each property. Figure 3B showed the repre-
sentational maps of grasp, animacy and feeling. For the grasp map, the areas that prefer 
‘can’t grasp’ (red) coincides with the scene, face, and body-selective areas, which can be 
explained as animate and scene-related objects can’t be grasped. Areas that prefer ‘grasp’ 
are distributed mainly on manmade object-selective areas. This was because manmade 
objects usually have certain kind of utility and are used by hand. For the animacy map, 
the areas that prefer ‘animate’ (red) are consistent with the face and body-selective areas. 
This result was basically consistent with previous research findings [7]. For the feeling 
map, the areas that prefer ‘pleasant’ only are located on the scene-selective areas. While 
areas that prefer ‘arousal’ includes face, body and manmade object-selective areas, which 
can be interpreted as human needs more attention to interact with animals and manmade 
tools. 

In general, these results provided more refined property maps. These property maps 
could unite the organization of category-selective regions properly.
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Fig. 3. Property representational map. Figure A. Pearson correlation r between property-predicted 
brain activation and real brain activation, FDR q < 0.05. Figure B. Representation map of each 
property in brain cortex according to the weight matrix. Color bar shows the betas range in each 
property map. (Color figure online) 

4.3 Property-Driven Functional Parcellations 

In order to study the functional organization of visual cortex under the property views, 
clustering analysis was used to three property maps. Voxels that could be significantly 
predicted by object property were clustered using K-Means algorithm. According to 
metric, the best clustering number was three (see Fig. 4A). Each voxel was assigned a 
cluster label and mapped into three-dimensional property space, in which 3 clusters could 
be observed clearly (see Fig. 4B). Next, property patterns, representations in visual cortex 
and preferred images of each cluster were analyzed. Each cluster has specific property 
pattern, with cluster 1 characterized by ‘inanimate’ (PC2 -), cluster 2 characterized 
by ‘can’t grasp’ (PC1 +), and cluster 3 characterized by ‘grasp’ (PC1 -), as seen in 
Fig. 4C. Voxels in each cluster was shown in the brain cortex. And we observed that 
cluster 1 (red) was mainly located on scene-selective areas, cluster 2 (green) face and 
body-selective areas and cluster 3 (blue) manmade object-selective areas (see Fig. 4D). 
Most interestingly, we found that each cluster had specific represented objects. Cluster 
1 preferred scene objects, such as indoor objects, cluster 2 preferred animals and human 
body parts, and cluster 3 preferred manmade objects and foods (see Fig. 4E).
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In general, we found that each cluster driven by property maps had specific func-
tions, with each functional parcellation associated with specific category-selective areas, 
preferred objects and properties. 

Fig. 4. Functional clusters of the visual cortex driven by object property. Figure A. Clustering 
metric across different number of clusters. Figure B. Distribution of significantly predicted voxels 
in the three-dimensional property space, and colors indicate clusters. Figure C. Average properties 
of the voxels in each cluster. Figure D. Distribution of each cluster in the cortex. Figure E. Object 
images preferred by each cluster. (Color figure online) 

4.4 Property Representations in CNN 

Previous studies showed that similarity of the responses between the brain and CNN 
captured the shared variance. The relations of the brain and CNN under the property-
related variance are unclear. Therefore, property representations in CNN were analyzed 
and compared with result of the brain. Encoding model was trained to map from object 
property space to each CNN layers separately, just the same procedures as the brain 
analysis. And results showed that all layers could be predicted by object property and
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more than 60% of units could be significantly predicted by property (see Fig. 5A). Then, 
representations of property-driven functional clusters in CNN were analyzed using brain-
score. First, we calculated brain-score between responses of each model layer and three 
functional parcellations separately, shown in Fig. 5C top. Next, the differences of the 
original responses and property predicted responses in each model layer were calculated 
firstly. Then, the brain-scores between the difference and the functional clusters were 
calculated separately. And property deprived brain score of difference activation between

Fig. 5. Representation of properties and functional clusters in CNN. Figure A. All model layers 
can be significantly predicted by object property (FDR q < 0.05). Figure B. Prediction performance 
of AlexNet layer 2 and 7. Figure C. Top, brain-score between responses of each functional cluster 
and model layer. Middle, calculate the difference between actual responses and property predicted 
responses for each brain cluster and CNN layer separately. Then calculate property-deprived brain-
scores between the difference responses between each brain cluster and CNN layer. Bottom, 
difference of the original brain-score and property-deprived brain-score.
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brain and model was calculated, shown in Fig. 5C middle. Finally, we calculated the 
difference between the original brain-score and property deprived brain-score, and the 
results indicated that functional clusters were represented across all CNN layers (see 
in Fig. 5C bottom). In general, object property and related functional clusters were 
represented across all model layers.

5 Discussion 

In this study, we firstly built a three-dimensional property space and these dimensions 
were grasp, animacy and feeling. Then encoding model showed property maps in the 
visual cortex and 3 functional clusters with each cluster corresponding to specific func-
tions. Finally, property representation in CNN was analyzed and found that all model 
layers represented property and related functional clusters. 

5.1 Object Property Space 

Object have different level of properties, ranging from orientation, color, texture, shape 
to category [21], more abstract semantic property, such as animacy, arousal [22]. And 
these properties were represented mainly on hierarchical regions of the visual cortex, 
and some regions in the temporal, parietal and frontal cortex [23]. 

Many studies have proved that properties played important part in object represen-
tation and object recognition [6, 7]. The THINGS dataset provided 12 object properties, 
which were related to object visual appearance, such as animacy, heaviness and size, 
related to object functional utility, such as grasp and hold, and related to emotion triggered 
by objects such as precious, pleasant and arousal. These object properties reflected how 
we interacted with objects and object relations which could be used to organize objects 
by our brain. Although these properties were important, our results in Sect. 4.4 showed 
that these properties were not enough for a complete object space obviously, which 
should contain more properties than provided here. Data-driven methods would play a 
critical role in constructing a more complete object space [24]. But our low-dimensional 
object property space here proceeded for this endeavor. 

5.2 Property Representation Maps 

How property represented in the brain was usually based on a small number of images 
and the contrast methods [25], which were less precise than large number of images and 
property based encoding methods [26]. In this study, we used later approach to build 
property representation maps of object property space. According to Fig. 3B, animacy 
map mainly represents ‘animate’ on face and body-selective regions and leave rest areas 
‘inanimate’, which is very similar to previous result [7], especially on the VTC. As 
for the grasp map, it mainly represents ‘can’t grasp’ on face, body and scene-selective 
regions, because animals who have face and body usually can’t grasp or don’t have 
functional utility, and scene is usually the background of environment. Interestingly, 
grasp map is very similar to size map [27], which has proved to be important in visual 
object representation. But our grasp map shows more detailed patterns than size map



Comparison of the Brain Visual Cortex and CNN 15

in VTC and dorsal occipital lobe. Finally, feeling map represents ‘pleasant’ only on 
the scene-selective regions and ‘arousal’ on face, body and object-selective regions, 
including LOC. This is perhaps because animals who have face and body are alive and 
unpredictable, and manmade objects are of utility, which decide human needs attentions 
and be careful when interacting with them. On the contrary, scene is low risk for surviving 
so make it feel pleasant. 

After we got property maps, functional parcellation of visual cortex under property 
maps was analyzed using clustering algorithm, as was shown in Fig. 4D. And a tripartite 
functional parcellation was obtained. Compared with previous study [7, 28], our result 
was more refined. For example, it showed new functional regions which is related to 
manmade object representation between FFA and PPA in VTC. Similar findings also 
existed in Dorsal Occipital cortex. Most importantly, this tripartite functional parcellation 
driven by object property unite the distribution of face, body and scene-selective regions 
and LOC in the higher visual cortex. Besides that, cluster 3 also represent on lateral 
parietal lobe, whose functions is probably related to tool use [29]. This study mainly 
showed a single subject result, but other subjects also showed similar patterns. Lastly, 
our result indicates that the higher visual cortex plays an important role in property 
representations. 

5.3 Property Representations in CNN 

Previous studies have shown that CNN is a good simulation of the visual cortex [2, 
3]. First two PCs of layer 7 in AlexNet were high correlated with shape (aspect ratio) 
and animacy, which proved a good model of macaque Inferior temporal (IT) cortex 
[11]. But patterns of other properties in CNN, such as those used in this study, are not 
clear. And our results showed that activations of all layers could be predicted by object 
property well (see Fig. 5A). Differently, property was mainly represented on the higher 
visual cortex in the human brain. This result was conflicted with previous findings, that 
shallow model layers were similar to early visual cortex and deeper model layers were 
similar to higher visual cortex when it comes to response patterns [3, 30]. Therefore, we 
calculated brain-score of property related responses between the brain functional clusters 
and model layers (see in Fig. 5E). And results supported that property contributed to 
the shared variance between brain visual clusters and all model layers. But no obvious 
difference across all CNN layers was observed for every functional clusters in our results. 
It suggested that how patterns of property representations changed from shallow and 
deep layers was unclear, which needed further studies. The above analysis was based 
only on the AlexNet, more CNN models would be included in the future. Besides that, 
the contrastive-loss based CNN model proved a better task-general representation than 
supervised models and these models should also be involved in the future studies to get 
more evidences. But our results finally showed that property representations in CNN is 
not similar with those in the visual cortex. 

These results also enlighten a new direction for the alignment of CNN and brain 
visual cortex. For example, CNN could be trained by adding additional loss function to 
make sure that CNN layer features could achieve better performance on object property 
decoding. This operation constraints CNN a better large-scale organization and perhaps 
could lower the effective dimensions of CNN representation space.
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6 Conclusion 

Overall, representations of object continuous properties in CNN and the human brain 
are different. The higher visual cortex plays an important part in property representa-
tions, while all CNN layers contribute to the property representations. And these results 
enlighten further deep learning models and brain alignment study. 
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Abstract. Humans interpret complex visual stimuli using abstract con-
cepts that facilitate decision-making tasks such as food selection and 
risk avoidance. Similarity judgment tasks are effective for exploring these 
concepts. However, methods for controllable image generation in concept 
space are underdeveloped. In this study, we present a novel framework 
called CoCoG-2, which integrates generated visual stimuli into similarity 
judgment tasks. CoCoG-2 utilizes a training-free guidance algorithm to 
enhance generation flexibility. CoCoG-2 framework is versatile for creat-
ing experimental stimuli based on human concepts, supporting various 
strategies for guiding visual stimuli generation, and demonstrating how 
these stimuli can validate various experimental hypotheses. CoCoG-2 will 
advance our understanding of the causal relationship between concept 
representations and behaviors by generating visual stimuli. The code is 
available at https://github.com/ncclab-sustech/CoCoG-2. 

Keywords: Concept representation · Conditional generative model · 
Experimental design 

1 Introduction 

Humans receive abundant visual stimuli in their daily lives. By understanding 
visual input’s abstract concepts such as function, edibility, and biological proper-
ties, humans can perform high-level cognitive decision-making tasks such as food 
selection and risk avoidance. A large number of human studies have shown that 
the similarity judgment task is an effective experimental paradigm for reveal-
ing human concept representation [ 7, 13, 15, 21]. In the similarity judgment task, 
participants are required to evaluate various visual stimuli and make judgments 
based on the similarity of these images. Such similarity is measured in the con-
cept space, rather than the original image space. So their distance in the concept 
space reflects the psychological space in the human mind [ 13, 21]. The distance 
in main dimensions of concept representation can predict and explain human 
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decision-making behaviors; in turn, similarity judgments are expected to reflect 
key dimensions of concept representation. Previous studies have demonstrated 
that by controlling specific experimental inputs, we can directly observe the core 
factors that influence decision-making, a process referred to as counterfactual 
reasoning [ 4, 18]. Similarly, by manipulating the concept representation within 
experimental stimuli, we can better uncover and understand the causal relation-
ship between concept representations and behaviors. However, The concepts of 
complex natural visual stimuli often remain obscured and are quite challenging 
to manipulate. How to reveal the underlying concept space and generate the 
image by manipulating specific concepts remains largely unexplored. 

Fig. 1. Guided by the CoCoG-2, we can validate a specific hypothesis by generat-
ing visual stimuli in the controllable concept space using our framework. For instance, 
researchers propose an experimental hypothesis (Does “clothing” influence human judg-
ment? ), and then construct a loss function using a guidance set (aimed at preserving 
pixel and semantic features while modifying the concept of “clothing”), and finally gen-
erate alternative visual stimuli through training-free guidance (visual stimuli where the 
concept of “clothing” exceeds 0.9 lead to changes in human judgment). These synthetic 
images can be used to test the hypothesis with behavioral experiments. 

Progress in controllable generation models has significantly shaped the AI 
field, especially through conditional generation models utilizing GANs and 
diffusion techniques [ 5, 8, 9, 27, 29]. Applications of these models span vari-
ous domains such as text-to-image/video synthesis, image restoration, and 
biomedical imaging [ 2, 11, 14, 17, 20, 22, 26]. The generation conditions derive from 
diverse sources including text, sketches, and maps of edges, segmentation, or 
depth [ 1, 14, 20, 22, 34, 35]. Despite these advances, the current models lack inte-
gration of human subjective inputs such as feelings or feedback, often resulting 
in outputs that do not align with human preferences. To better meet human 
expectations, recent studies have incorporated human feedback into these mod-
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els, including visual preference scores and decisions from human-in-the-loop com-
parisons [ 3, 12, 23, 28, 31]. Furthermore, it is important to integrate human cog-
nitive mechanisms, such as decision-making based on concepts, into generative 
models. This integration can make the models more human-like and uncover 
human concept representations by manipulating concepts in generated images. 

To generate images by controlling the concept space, a pioneer study, Wei et 
al. [ 30], has proposed a concept-based controllable generation (CoCoG) frame-
work. CoCoG utilizes concept embeddings as conditions for the image genera-
tion model, thereby indirectly manipulating behaviors through concept repre-
sentations. CoCoG comprises two parts: a concept encoder that learns concept 
embeddings by predicting human behaviors, and a concept decoder that maps 
concept embeddings to visual stimuli using a conditional diffusion model with 
a two-stage generation strategy. The concept encoder in CoCoG can accurately 
predict human visual similarity decision-making behaviors, revealing a reliable 
and interpretable space of human concept representations. The concept decoder 
can generate visual stimuli controlled by concept embeddings. The generated 
visual stimuli are highly consistent with the target concept embeddings and can 
regulate human similarity decision-making behaviors by manipulating concept 
dimensions. Notably, CoCoG preliminarily proposes efficiently exploring concept 
representations through generated visual stimuli, thus providing counterfactual 
explanations for human behavior. However, CoCoG has its limitations. CoCoG 
can only input complete concept embeddings as guiding conditions, leading to a 
lack of flexibility in guided generation. Firstly, CoCoG cannot edit the concepts 
of an image while keeping other image features unchanged, and conflicts may 
arise between concepts. Secondly, CoCoG cannot directly generate images based 
on expected similarity judgments and requires manually selecting “key concept” 
to guide image generation. These limitations restrict the method’s further appli-
cation in cognitive research based on concept representations. 

In this study, we upgrade the CoCoG framework to CoCoG-2. CoCoG-2 
allows us to design experimental stimuli based on concepts and effectively vali-
date hypotheses about concept representation. Moreover, we employ a training-
free guidance algorithm for the controllable generation of diffusion models with 
high flexibility. Our work has three main contributions. 

– We present a general framework for designing experimental stimuli based 
on human concept representations and integrating experimental conditions 
through training-free guidance. 

– We have verified a variety of potential guidance strategies for guiding the 
generation of visual stimuli, controlling concepts, behaviors, and other image 
features. 

– Our experimental results demonstrate that visual stimuli generated by com-
bining different guidance strategies can validate a variety of experimental 
hypotheses and enrich our tools for exploring concept representation.
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2 Preliminaries 

2.1 Training-Free Guidance Diffusion Models 
Diffusion Models. Diffusion models [ 10, 27] operate through two distinct 
phases: the forward and the reverse processes. During the forward phase, which 
spans from time . 0 to . T , the model progressively converts an image into Gaussian 
noise. Conversely, during the reverse phase, it reconstructs the image starting 
from noise, reversing the timeline from . T back to . 0. Denote .xt as the state of 
the data at time . t. In the forward phase, noise is methodically added according 
to a specific noise schedule: 

.xt = atx0 + btεt, (1) 

where, .at =
√

αt, bt =
√
1 − αt, .αt varies monotonically from 0 to 1 as . t increases, 

and . εt is sampled from a standard normal distribution .N (0, I). The neural net-
work in diffusion models is trained to approximate the noise at each timestep: 

.min
θ

Ext,εt

[‖εθ(xt, t) − εt‖22
]
= min

θ
Ext,εt

[‖εθ(xt, t) + bt∇x log pt(xt)‖22
]
, (2) 

where .pt(xt) represents the probability distribution of . xt. The dynamics of the 
reverse phase are governed by the following ordinary differential equation (ODE): 

.
dxt

dt
= f(t)xt − g2(t)

2
∇x log pt(xt) (3) 

with .f(t) = −d log at

dt and .g2(t) = db2t
dt −2d log

√
αt

dt b2t . Through these equations, the 
reverse process manages to transform Gaussian noise back into coherent images. 

In practical applications, the update rules for both the forward and reverse 
processes depend on the choice of the sampling algorithm. In this work, we 
employ the DDPM algorithm [ 8] and we represent the forward and reverse steps 
using the following notations respectively: 

. xt = DDPM+(xt−1) and xt−1 = DDPM−(xt).

Training-Free Guidance. In diffusion models, conditional generation intro-
duces a specific condition . y into the generative process [ 9, 27]. By applying Bayes’ 
rule .p(x|y) = p(y|x)p(x)

p(y) , it incorporates the condition through an additional like-
lihood term .p(xt|y): 

.∇xt
log pt(xt|y) = ∇xt

log pt(xt) + ∇xt
log pt(y|xt). (4) 

Recent approaches, known as training-free methods [ 1, 2, 25, 32, 34], utilize 
pre-trained diffusion models for conditional generation without the need for 
retraining or finetuning. These methods employ a pre-trained diffusion model 
and a differentiable loss function .�(fφ(x0), y), defined using a neural network . fφ. 
Tweedie’s formula is used to compute .∇xt

log pt(y|xt) by estimating .x̂0 from . xt:
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.x̂0(xt) ≈ E[x0|xt] =
xt − btεt(xt, t)

at
. (5) 

.∇xt
log pt(y|xt) = ∇xt

�(fφ(x̂0(xt)), y), (6) 

Then, we can add an additional correction step in the reverse sampling pro-
cess: 

. xt−1 = DDPM−(xt) − η∇xt
�(fφ(x̂0(xt)), y)

This approximation allows the use of an existing network, which is initially 
trained for processing clean data (. x0). The gradient of the final term in the loss 
function is determined through backpropagation across the guidance network 
and the diffusion framework. In our example, where the condition is concept 
dimension, .fφ is modeled using a concept encoder, and . � is the loss designed for 
the experiment. 

2.2 Concept Based Controllable Generation 

The CoCoG framework, introduced by Wei et al. [ 30], utilizes concept embed-
dings as conditional inputs for image generation, bridging cognitive science with 
artificial intelligence. CoCoG aims to enhance the production of natural visual 
stimuli in a controllable manner, closely aligning with human cognitive pro-
cesses. It comprises two key components: a concept encoder for learning con-
cept embeddings through human behavior prediction, and a concept decoder 
for transforming these embeddings into visual stimuli via a conditional diffusion 
model. 

Concept Encoder. The concept encoder extracts concept embeddings from 
visual objects. Each image . x from a dataset is processed by the CLIP image 
encoder . f to produce a CLIP embedding . h. This embedding is then transformed 
by a learnable projector . g into a concept embedding . c: 

.
CLIP embedding: h = f(x),
concept embedding: c = g(h),

(7) 

Each dimension of . c corresponds to an interpretable concept, with its acti-
vation value reflecting the concept’s prominence in the visual object. Training 
is conducted using the triplet odd-one-out task from the THINGS dataset [ 6], 
employing dot product similarity and cross-entropy for decision prediction: 

.p(y) = Softmax(Sjk, Sik, Sij), (8) 

Here .Sij = <ci, cj>, and predicted behavior . y are matched against human 
judgments to train the projector . g, with  .L1 regularization ensuring sparsity in 
the concept embedding . c.
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Concept Decoder. Following encoder training, triplets .(xi, hi, ci) are used by 
the concept decoder to control the generation of visual objects based on human 
concept representation. The process is formalized as: 

.p(x, h, c, y) = p(y)p(c|y)p(h|c)p(x|h). (9) 
The decoder operates in two phases. In stage I (prior diffusion), conditioned 

on . c, a diffusion model learns the distribution of CLIP embeddings .p(h|c) using 
a lightweight U-Net .εprior(ht, t, c). The model trains on ImageNet pairs . (hi, ci)
using classifier-free guidance. In Stage II (CLIP-guided generation), with the 
CLIP embedding . h from Stage I, a generator models .p(x|h) using pre-trained 
SDXL and IP-Adapter models [ 19, 24, 33], which facilitate the integration of . h, 
to guide the U-Net’s denoising process. 

CLIP Embedding as an Intermediate Variable. They use CLIP embed-
dings as an intermediate variable for two reasons: 1) CLIP embeddings are low-
level and retain key image information, effectively predicting human similarity 
judgments with linear probing [ 16]. 2) They enable the use of pre-trained genera-
tive models, adopting a two-stage generation strategy that requires only training 
a Prior Diffusion model, significantly reducing computational costs. 

Despite its efficacy in generating controllable visual stimuli, CoCoG’s reliance 
on full concept embeddings for input restricts flexibility. It cannot modify specific 
concepts without altering other image attributes, leading to potential conflicts. 
Furthermore, it cannot generate images directly from predicted similarity judg-
ments (i.e., .p(x|y)), requiring manual selection of key concepts for image gener-
ation (i.e., .p(x|c = c(y))), which limits its utility in detailed cognitive research. 
To address these limitations, further work should explore methods that allow for 
more flexible manipulation of specific concepts while maintaining control over 
other image attributes. For instance, generating multiple trials with consistent 
visual stimuli or varying only specific concepts without altering other features 
could be beneficial for more complex experimental designs. This improvement, 
which will be discussed below, would enhance CoCoG’s applicability in diverse 
research contexts. 

3 Method 

Compared to CoCoG, CoCoG-2 introduces improvements in the controllable 
generation strategy of the concept decoder. We simplify the distribution model 
from Eq. 9 to .p(x, h, e) = p(e)p(h|e)p(x|h). Here, . e represents the conditions 
that the visual stimuli need to be controlled, including concepts . c, similarity 
judgments . y, and others. 

3.1 Training-Free Guidance for Controlling Visual Stimuli 

In the concept decoder of CoCoG-2, we continue to employ a two-stage strat-
egy, first modeling .p(h|e) and then .p(x|h). In this work, we attempt to enhance
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the flexibility and applicability of CoCoG by introducing training-free guidance 
in the modeling of .p(h|e). As discussed in the Sect. 2.2, learning distribution 
.p(h|c) directly lacks flexibility. For training-free guidance, we only learn the prior 
distribution .p(h) and decompose .p(h|e) into the prior .p(h) and the likelihood 
.p(e|h) using Eq. 4. As shown in Eq. 6, for the likelihood term .p(e|h), we have  
.∇ht

log pt(e|ht) = ∇ht
�(fφ(ĥ0(ht)), e). By simply choosing the appropriate con-

dition . e and a differentiable loss function .�(fφ(·), ·) based on the experimental 
hypothesis, we can effectively guide the generation of visual stimuli as demon-
strated in Fig. 1. 

3.2 Guidance Set and Corresponding Loss Functions 

To construct the loss function, we often wish for the visual stimuli to satisfy 
multiple conditions via guiding the generative process. We can combine our 
various requirements to construct an overall loss function .� =

∑
λk�k, where  . λk

controls the weight of each type of loss. Specifically, in our experiments, we will 
define the guidance set and their corresponding loss functions as follows: 

Concept Guidance: If we aim for the generated images to achieve predeter-
mined concept values, we can define the loss function as: 

.� =
∑

‖g(h)i − ci‖ (10) 

where . i indexes the concepts we wish to control, and . ci are their target values. 
We can control individual concepts or all concepts simultaneously (Like CoCoG). 

Smoothness Guidance: If we desire a batch of images to maintain semantic 
smoothness, we can define the loss function as: 

.� =
∑

i,j∈S

‖hi − hj‖ (11) 

Here, .S = {i, j} includes the indices of images in the batch that we want to 
remain smooth. For example, we can generate a batch of pairwise similar images 
(as shown in Fig. 4). 

Semantics Guidance: To make the generated images similar to a given image 
semantically, we can define the loss function as: 

.� = ‖h − h̄‖ (12) 

where . h̄ is the CLIP embedding of the given image.
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Judgment Guidance: If we want human similarity judgments to follow a 
target judgment distribution, we can define the loss function as: 

.� = −
∑

p(y = i) log(p̄(y = i)) (13) 

where .p̄(y) is the target distribution. This loss function calculates the cross-
entropy loss between the expected and target distributions. Given by Eq. 8, 
.Ep(y)[y] = Softmax · S · g(h), so  . � is still a derivable function with respect 
to . h. 

Uncertainty Guidance: When we need to control the uncertainty in similarity 
judgments, we can define the loss function using the entropy of the expected 
judgment distribution: 

.� = H(p(y)) = −
∑

p(y = i) log(p(y = i)) (14) 

Pixel Guidance: Since CLIP embedding . h primarily controls the high-level 
features or semantic features of the generated images, we also try to introduce 
img2img [ 14] to control the low-level features of the images. 

3.3 Improving Training-Free Guidance 

Previous research has indicated that the generation process of training-free guid-
ance is unstable and prone to guidance failures. To ensure the stability and effec-
tiveness of guidance, we analyzed recent major advancements in this area and 
employed two techniques to enhance training-free guidance. 

Adaptive Gradient Scheduling. Inspired by [ 25, 32], the training guidance 
process can be viewed as optimizing the loss function of the guidance network. It 
stands to reason that adopting a more sophisticated optimizer could accelerate 
the convergence of the guidance. Following [ 32], we use a closed-form solution 
based on the spherical Gaussian constraint: 

.h∗
t−1 = ht − η

√
nσt

∇ht
�(fφ(ĥ0(ht)), e)

‖∇ht
�(fφ(ĥ0(ht)), e)‖2

, (15) 

where .σt =
√
(1 − αt−1/(1 − αt))

√
1 − αt/αt−1, . n is the dimension of the . h, 

and . η is the guidance scale. 

Resampling Trick. Following [ 25, 34], we use resampling, or “time travel”, to 
address sampling errors. This involves reintroducing random noise to reset the 
sampling state, reducing distributional divergence and aligning samples with the 
target distribution.
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Algorithm 1. Improved training-free guidance for prior diffusion 
1: for .t = T, . . . , 0 do 
2: for .i = 1, . . . , s do 
3: . hi

t−1 = DDPM−(hi
t)

4: . ĥi
0 =

hi
t−σtεθ(h

i
t,t)√

αt

5: . gt = ∇ht�(fφ(ĥ
i
0(h

i
t)), e)

6: . hi
t−1 = ht−1 − η

√
nσt

gt
‖gt‖2

7: if .i < s then 
8: . hi

t = DDPM+(hi
t−1)

9: end if 
10: . h0

t−1 ← hs
t−1

11: end for 
12: end for 

Fig. 2. Generate diverse visual stimuli for given target concepts. (a) Concept guidance 
used in this experiment. (b) Visual stimuli generated under the guidance of one or 
more target concepts. 

4 CoCoG-2 for Versatile Experiment Design 

4.1 Diverse Generation Based on Concept 

In the first experiment, we tested the effectiveness of using CoCoG-2 to generate 
visual stimuli based on given target concepts. The objective of the experiment 
was to generate diverse samples specific activation values of single or multiple 
concept dimensions. Therefore we only used Concept guidance to guide the Prior 
Diffusion. As shown in Fig. 2b, whether guided by a single concept or multiple 
concepts, CoCoG-2 was able to generate images that were well-aligned with the 
target concepts, and these images exhibited good diversity in features unrelated 
to given concept. 

4.2 Smooth Changes Based on Concepts 

After confirming that target concepts can effectively guide the generation of 
visual stimuli, we modified the activation values of target concepts in the second 
experiment to generate a group of stimuli while maintaining smooth semantic fea-
tures. We used Concept guidance to allow gradual changes in concept activation 
values and employed Smoothness guidance to maintain the similarity of seman-
tic features between neighboring stimuli. We randomly generated 50 groups of
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Fig. 3. The smooth change of visual stimuli generated based on concept. (a) Concept 
guidance and Smoothness guidance used in this experiment. (b) The average CLIP 
similarity matrix of 100 groups of stimuli. (c) Two trials of images generated under the 
guidance of one or more target Concepts. 

visual stimuli and calculated the similarity matrix of CLIP embeddings for each 
group’s stimuli, which was then averaged to obtain a mean similarity matrix. 
The similarity matrix shown in Fig. 3b indicates that the CLIP similarity of 
images within a trial ranged between 0.75 and 1.0, with similarity increasing as 
the distance of image position decreased, consistent with the expected effect of 
Smoothness guidance. Figure 3c displays visual stimuligenerated under the guid-
ance of one or more varying target concepts, showing clear and stable changes 
at the concept level, while other features were well maintained. 

4.3 Image Editing in Concept 

Next, we tested whether it was possible to start with an “original image” and edit 
target concepts to generate a group of stimuli that are similar to the original 
image and vary the concepts according to given values. For concept editing, 
we used Concept guidance; to maintain other features of images within a trial, 
we applied Smoothness guidance. Additionally, we utilized Semantics guidance 
in CLIP Space and Pixel guidance in Pixel Space to maximize the similarity 
between the generated images and the original image. 

As  shown in Fig.  4b, Visual stimuli generated by CoCoG-2 not only resem-
bled the original image but also achieved clear and stable concept edits, with 
well-preserved low-level features. This experiment also highlighted a significant
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Fig. 4. Visual stimuli generated by image editing in concept. (a) Concept, Smoothness, 
Semantics, and  Pixel guidance used in this experiment. (b) A trial of images generated 
under the guidance of a single concept (row 1); Visual stimuli generated by CoCoG-2 
and CoCoG under the guidance of multiple concepts (row 2–4). When guided only by 
“ground animals” and “cotton clothing”, the images generated by CoCoG-2 align well 
with the target concepts. However, the images generated by CoCoG cannot produce 
real animals due to conflicts between target concepts and the concept “baby toys” in 
the original image, necessitating manual adjustment of the “baby toys” value. 

advantage of CoCoG-2 over CoCoG: it can automatically avoid conflicts between 
target concepts and the concepts in the original image, without the need for 
manually modifying conflicting concepts. As shown in rows 2–3 of Fig. 4b, both 
guided by “ground animals” and “cotton clothing”, CoCoG-2 was able to gen-
erate real animals, whereas CoCoG could only generate fabric toy bears. This 
is because the concept “baby toys” in the original image conflicted with target 
concepts. Even if the activation value of “cotton clothing” was set to zero, the 
generated images still contained this concept. Therefore, as shown in row 4 of 
Fig. 4b, it was necessary to manually modify the activation value of “baby toys” 
to generate real animals.
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CoCoG’s manual modification process increased the complexity of visual 
stimuli generation, as conflicting concepts had to be identified and modified 
through multiple rounds of generation, and it is possible that contradictions 
could not be resolved by altering just a few key concepts. However, CoCoG-2’s 
Training-Free Guidance method could automatically adjust conflicting concepts, 
greatly speeding up the generation process. 

Fig. 5. Behavioral manipulation of similarity judgments with/without Pixel guidance. 
(a) Smoothness, Pixel, and  Judgment guidance used in this experiment. (b) Images 
generated under the guidance of probability interpolation of two pairs of references. 
The top row of images for each set is generated without using the Pixel guidance, while 
the bottom row of images is generated with the Pixel guidance. 

4.4 Behavioral Manipulation of Similarity Judgment 

After verifying CoCoG-2’s capability of concept editing based on the original 
image, we further tested whether CoCoG-2 could directly generate visual stim-
uli guided by experimental results. We used the Two alternative forced choice 
experiment as an example, where participants need to choose between reference
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1 & 2, judging which is more similar to a query. In this scenario, the experimen-
tal results can be represented as the probability of choosing reference 1 or 2 as 
the more similar image. We used the probabilities of each reference image being 
chosen as the guidance, termed the Judgment guidance. Additionally, to study 
the causal relationship between visual cognitive behavior and concept represen-
tation, we needed to ensure that changes of behavioral results were solely caused 
by changes in concepts, which means maintaining other features of the images. 
Therefore, we used the Smoothness guidance to maintain other features within a 
group, and guided the query image’s low-level features using an image unrelated 
to the reference images, termed the Pixel guidance. 

In Fig. 5b, we show the generated query images for two references. The upper 
group of each set is without the Pixel guidance, and significant variations in low-
level features can be observed among the generated images. The lower group is 
with the Pixel guidance, where the images in Fig. 5a labeled “ice” and “dog” were 
used to guide the low-level features respectively. Both groups of image align with 
the given results of similarity judgment. However, the lower group of images also 
maintains consistency with the guiding images in shape, color, and other low-
level features. This greatly reduces the impact of low-level features on behavioral 
results, more reliably interpreting the causal relationship between behavior and 
concepts. 

Fig. 6. Generated trials of similarity judgment leading to rich individual preference 
information. (a) Uncertainty guidance used in this experiment. (b) Probability distri-
butions of three sets of generated images in c, with each side of the triangle representing 
the probability of choosing a particular image as the odd one out. (c) Images generated 
under the guidance of Uncertainty guidance for three pairs of references.
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4.5 Optimal Design for Individual Preference 

We demonstrated that CoCoG-2 can directly generate images guided by behav-
ioral results, significantly facilitating the rapid production of desirable experi-
mental outcomes. Beyond this, CoCoG-2 can also be used to design and generate 
visual stimuli that maximize information gain, thereby substantially reducing the 
number of experimental trails required in cognitive research. Taking individual 
preferences in the Two alternative forced choice experiment as an example, for 
the same set of inference images and query image, each participant may choose 
a different inference image as the more similar one. The greater the variance 
in participants’ choices, and the more information each experiment can provide 
about individual preferences. Therefore, when the entropy of the probability dis-
tribution for choosing between the two reference images is maximized, each Two 
alternative forced choice experiment provides the maximum information gain. 

Furthermore, we consider each experiment’s three images from the perspec-
tive of the Odd One Out experiment. The Odd One Out experiment is a triplet 
choice task where participants select the image that is least similar to the oth-
ers as the odd one out. This experiment can reveal the similarity relationships 
between the three images, and its results can be represented by the probability of 
each image being selected as the odd one out. Therefore, when the entropy of the 
probability distribution for the three images being chosen as the odd one out is 
maximized, each Odd One Out experiment provides the maximum information 
gain. 

Consequently, our optimization goal is to maximize the entropy of the prob-
ability distribution for the three images being chosen as the odd one out, guided 
by Uncertainty guidance. The choice probability is determined by the similar-
ity between the images, which in turn is dictated by their relative distances in 
Concept Space. Maximizing the entropy of the probability distribution implies 
that the three images form an equilateral triangle in Concept Space, as shown in 
Fig. 6a. Since Concept Space has 42 dimensions, there can be at most 43 possi-
ble query images that meet the equilateral triangle condition. Figure 6c displays  
generated images corresponding to three pairs of reference images. These gen-
erated images are positioned at the vertices of multiple equilateral triangles in 
the 42-dimensional space, exhibiting good diversity. Additionally, Fig. 6b shows  
the probability distribution for these three sets of images, with the distribution 
centers very close to the center of the equilateral triangle, indicating that the gen-
erated images well satisfy the target probability distribution. These images are 
diverse and informative, making them optimal experimental images for studying 
individual preferences. 

5 Discussion 

In conclusion, our proposed CoCoG-2 framework advances the field of control-
lable visual object generation by integrating concept representations with behav-
ioral outcomes to guide the image generation process. By employing a versatile 
experiment designer and utilizing meticulously designed guidance, CoCoG-2 not



32 C. Wei et al.

only addresses the limitations of its predecessor, CoCoG, but also significantly 
enhances the flexibility and efficiency of generating visual stimuli for cognitive 
research. The experimental trials generated using CoCoG-2 are instrumental in 
probing the causal relationships between concept representations and human 
decision-making behaviors. This approach marks a substantial step towards 
understanding and manipulating concept-based representations in a controllable 
and meaningful way, offering a robust methodology for cognitive science research 
and practical applications in AI-driven visual content generation. 

Ethical Statement. The human behavioral data in this study is from THINGS public 
dataset. No animal or human experiments are involved. 
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Abstract. Data reconstruction is a widely used pre-training task to 
learn the generalized features for many downstream tasks. Although 
reconstruction tasks have been applied to neural signal completion and 
denoising, neural signal reconstruction is less studied. Here, we employ 
the masked autoencoder (MAE) model to reconstruct functional mag-
netic resonance imaging (fMRI) data, and utilize a transfer learning 
framework to obtain the cognitive taskonomy, a matrix to quantify the 
similarity between cognitive tasks. Our experimental results demonstrate 
that the MAE model effectively captures the temporal dynamics patterns 
and interactions within the brain regions, enabling robust cross-subject 
fMRI signal reconstruction. The cognitive taskonomy derived from the 
transfer learning framework reveals the relationships among cognitive 
tasks, highlighting subtask correlations within motor tasks and similar-
ities between emotion, social, and gambling tasks. Our study suggests 
that the fMRI reconstruction with MAE model can uncover the latent 
representation and the obtained taskonomy offers guidance for selecting 
source tasks in neural decoding tasks for improving the decoding perfor-
mance on target tasks. 

Keywords: FMRI reconstruction · Transfer learning · Masked 
autoencoder · Cognitive tasks · Taskonomy 

1 Introduction 

In computer vision and natural language processing, reconstruction tasks serve 
as effective pre-training methods, guiding models to learn generalized features 
and achieving favorable performance on downstream tasks [ 7, 16]. In computer 
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vision, reconstruction tasks are widely applied in image inpainting, denoising, 
and super-resolution [ 26, 28, 29]. In natural language processing, reconstruction 
tasks can improve the accuracy and fluency of translation, and enhance the com-
pleteness and creativity of content generation [ 3, 4]. As pre-training tasks, recon-
struction tasks enhance the models’ ability to represent data by training them to 
reconstruct missing information. This capability not only enhances model per-
formance on reconstruction tasks but also boosts performance on downstream 
tasks such as image classification, semantic understanding, and sentiment anal-
ysis. Classification tasks within neural decoding have demonstrated outstanding 
performance in neuroscience [ 18, 33, 35]. Nonetheless, the exploration of neural 
signal reconstruction remains nascent. 

In the field of neuroscience, the reconstruction of neural signals is critically 
important, especially in signal completion and denoising [ 32]. Electroencephalo-
gram (EEG) and functional magnetic resonance imaging (fMRI) studies are fre-
quently disrupted by signal loss or noise, originating from equipment defects, 
poor electrode contact, and physiological activities [ 5, 39]. Masked reconstruc-
tion pre-training methods have achieved remarkable achievements in computer 
vision and natural language processing, demonstrating potential in neural signal 
reconstruction [ 7, 16]. In natural language processing, bidirectional encoder rep-
resentations from transformers (BERT) employ a masking strategy during pre-
training tasks such as language modeling and next sentence prediction, enabling 
the model to acquire more profound and comprehensive language features [ 7]. 
The masking strategy involves randomly masking words in the input sequence, 
forcing the model to focus on all potential word combinations within the context. 
The masked autoencoder (MAE) model masks random patches of input images 
and reconstructs them to learn the latent representation of the image [ 16, 30], 
after the vision transformer (ViT) model addressed issues related to mask tokens 
and positional embeddings [ 9]. The MAE has not only achieved outstanding 
results in image reconstruction but has also been extended to multimedia appli-
cations such as audio and video [ 10, 17]. This study proposes applying the MAE 
model to reconstruct resting-state and task-based fMRI, which is trained by 
randomly masking temporal and spatial dimensions within the fMRI data. 

The brain demonstrates exceptional capabilities, notably the ability to gen-
eralize learned knowledge to new tasks and to handle multiple tasks effi-
ciently [ 11, 12]. Understanding the relationships among cognitive tasks is essen-
tial for comprehending how the brain processes and coordinates cognitive func-
tions. Relationships exist not only among cognitive tasks but also among various 
tasks processed by deep learning models. The effectiveness of transfer learning 
is influenced by the relationships between tasks. Transfer learning can enhance 
performance on target tasks by transferring knowledge from source tasks. The 
closer the relationship between the tasks, the better the results of transfer learn-
ing tend to be [ 22, 36]. Researchers quantify the relationships among computer 
vision tasks by analyzing the changes in performance of transfer learning [ 37]. 
The cognitive taskonomy not only deepens our understanding of the relation-
ships among tasks but also guides the selection of more relevant source tasks
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Fig. 1. Framework for fMRI reconstruction and transfer learning: (A) fMRI prepro-
cessing, which involves preprocessing fMRI data and parcellating the brain using the 
MMP atlas. (B) The MAE model for fMRI reconstruction. Masked fMRI data are 
first processed through patch embedding, then passed through the transformer-based 
encoder and decoder, and finally linearly projected to reconstruct the fMRI signals. 
(C) Transfer learning is utilized to estimate the relationships among the source and 
target tasks. Initially, the MAE model is trained on the source task using masked fMRI 
data from the source task. In the second step, the MAE model, trained on the source 
task, is transferred to the target task. During this specific training phase, which utilizes 
masked fMRI data from the target task, the encoder is frozen to prevent updates, while 
only the decoder is tuned. 

to improve the performance on target tasks [ 37]. Compared to neural decoding 
classification models [ 24], the MAE model provides a more profound approach 
to investigating the relationships among cognitive tasks. The MAE model effec-
tively captures the temporal dynamic patterns and the interactions between 
brain regions, thereby enriching the study of cognitive task relationships. Inves-
tigating the performance changes in transfer learning via the MAE model helps 
to illuminate the relationships among cognitive tasks. 

In this study, we employ the MAE model to reconstruct fMRI signals in both 
resting and task states, and utilize a transfer learning framework to quantify the 
relationships among cognitive tasks. The contributions of this research are as fol-
lows: (1) The MAE model demonstrates robust fMRI reconstruction capabilities



38 Y. Qu et al.

across individuals in resting and task states, effectively learning the temporal 
dynamic patterns and interactions within the brain in fMRI data. (2) Mask 
testing reveals the difficulty of fMRI reconstruction of different brain networks, 
highlighting the diversity of these networks. Furthermore, the reconstruction 
difficulty varies among cognitive tasks, with working memory tasks being more 
challenging, while language and motor tasks are comparatively easier. (3) The 
application of the transfer learning framework further quantifies the relationships 
between cognitive tasks, revealing subtask correlations within motor tasks and 
similarities among emotion, social, and gambling tasks. The robust cross-subject 
fMRI reconstruction enabled by the MAE model holds the potential for address-
ing common issues of signal loss in neuroimaging data collection [ 32]. Moreover, 
the task relationship analysis derived from the transfer learning framework offers 
guidance for selecting source tasks in neural decoding research. 

2 Method 

2.1 HCP Dataset 

In this study, the fMRI data utilized were obtained from the public large-scale 
Human Connectome Project (HCP) S1200 dataset [ 27]. The fMRI data uti-
lized in this study comprises resting-state and task-based fMRI data from 1,000 
healthy participants. These fMRI data were preprocessed using the standard 
HCP pipeline [ 14], and then parcellated into 360 brain regions based on the 
multi-modal parcellation (MMP) atlas [ 13]. The brain regions were divided into 
7 networks according to the Yeo-7 network, including the visual network (VIS), 
somatomotor network (SOM), dorsal attention network (DAN), ventral atten-
tion network (VAN), limbic network (LIM), frontoparietal network (FPN), and 
default mode network (DMN) [ 34]. 

The task-based fMRI data from the HCP comprises seven categories of cog-
nitive tasks: working memory, motor, emotion processing, gambling, language 
processing, relational processing, and social cognition. These categories are sub-
divided into 23 subtasks, utilized by the MAE model for task-based fMRI recon-
struction. The working memory task requires participants to memorize and rec-
ognize a series of images, divided into eight subtasks based on target categories 
(body, faces, places, tools) and recall steps (0-back, 2-back): 0bk body, 0bk faces, 
0bk places, 0bk tools, 2bk body, 2bk faces, 2bk places, and 2bk tools. The motor 
task elicits simple bodily responses through visual cues, divided into five sub-
tasks based on the body parts involved: left foot, right foot, left hand, right 
hand, and tongue. The emotion processing task, which assesses the ability to 
recognize emotions, is divided into two subtasks: fear and neutral. The gam-
bling task examines decision-making and risk assessment through a simulated 
card game and includes two subtasks: win and loss. The language processing 
task involves auditory comprehension and language reasoning, and is divided 
into two subtasks: math and story. The relational processing task tests logical 
reasoning by comparing the shapes and textures of objects and comprises two 
subtasks: relation and match. The social cognition task evaluates understanding
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of social interactions by judging the intentions of geometric shapes’ actions and 
includes two subtasks: mental and random. 

2.2 A Masked fMRI Modeling Framework 

Inspired by the MAE and SIMM models [ 16, 30], we propose a masked fMRI 
reconstruction model that incorporates masking strategies, patch embedding 
with position encoding, an encoder, and a decoder. The encoder of this model 
initially maps the masked fMRI signals to a latent representation space, followed 
by the decoder, which reconstructs fMRI signals based on latent representations. 
In this study, we utilized three masking strategies: brain masking, time mask-
ing, and a brain and time masking, as illustrated in Fig. 1. In brain masking, 
signals from brain regions are masked throughout the entire fMRI time series. 
In time masking, the signal at the masked time points across all brain regions is 
masked. The brain and time masking randomly mask both dimensions to learn 
the temporal dynamic patterns of brain activity and the interactions within the 
brain regions for the MAE model. 

The preprocessed fMRI data were initially divided into patches and masked 
accordingly. Unlike MAE, which encodes only the unmasked patches, our app-
roach, similar to simMIM [ 30], encodes all patches using 1D convolutional neural 
network. After the patch embedding process, the encoded patches were given 
sinusoidal positional encoding. The encoder is an 8-layer transformer encoder 
structure that processes the input data. The decoder, which is a 6-layer trans-
former decoder structure, applies layer normalization and performs a linear pro-
jection to reconstruct the fMRI data. The model utilizes mean squared error 
(MSE) as the loss function to evaluate the difference between the reconstructed 
data and the original data, with optimization of model parameters occurring 
through backpropagation. 

2.3 Transfer Learning 

The fMRI reconstruction model trained on each cognitive subtask serves as the 
gold standard for the source tasks. When transferring the source task to the 
target task, the encoder parameters of the gold standard model were fixed, and 
the decoder was fine-tuned using 1% of the target task data. To construct the 
cognitive task relationship matrix (cognitive taskonomy), we conducted transfer 
experiments among the 23 cognitive tasks. Each cognitive subtask was used as 
a source task and transferred to the other 22 tasks, forming a .23 × 23 matrix. 
The elements .(i, j) represented the transfer from source task . i to target task . j. 
The value for each matrix element was defined as the MSE of the transferred 
model minus the MSE of the gold standard model (trained with 80% of the 
data). Finally, we applied z-score normalization to each column of the matrix, 
resulting in the cognitive taskonomy, as shown in Fig. 6.
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Fig. 2. Results of resting-state fMRI reconstruction using the MAE model. (A) Dif-
ferent masking strategies. Original data, brain-masked data, time-masked data, both 
brain and time masked data are shown from left to right. (B), (C), and (D) show the 
reconstruction results of the MAE model with varying mask ratios using the brain mask 
strategy, the time mask strategy, and the brain and time mask strategy, respectively. 
(E) Illustration of fMRI reconstruction by the MAE model of the brain and time mask 
strategy. The original signal, the masked BOLD signal, and the MAE reconstruction 
results are shown from top to bottom. 

2.4 Experimental Setup 

In this study, we comprehensively tested the performance of fMRI reconstruction 
under different configurations of MAE models. The preprocessed fMRI data were 
divided into a 2D matrix consisting of 360 brain regions and 20 time frames, 
ensuring consistent time lengths for both resting-state and task-based fMRI. 
Specifically, we explored masking ratios of 25%, 50%, and 75%, and evaluated 
the impact of patch sizes of 2, 5, and 10 on the fMRI reconstruction performance.
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Fig. 3. Results of brain mask testing. (A) The MAE reconstruction results for 360 brain 
regions (sorted according to brain networks). (B) The MAE reconstruction results for 
each brain network. 

Additionally, we evaluated the effect of varying the encoder and decoder with 
different hidden size of 512, 768, and 1024 on the reconstruction results. Based on 
the ablation study results (Table 1), we selected a random masking ratio of 50%, 
set the patch size in the temporal dimension to 2, and chose hidden size of 1024 
for both the encoder and decoder. The fMRI data were divided into training and 
test sets at a 4:1 ratio based on different subjects. During training, the learning 
rate for the MAE model was set to 3e-5, using the AdamW optimizer, and a 
cosine annealing strategy was employed to adjust the learning rate. 

3 Results 

3.1 Reconstruction of Resting-State and Task-Based fMRI 

To assess the impact of different masking strategies on fMRI reconstruction, we 
used the Pearson correlation coefficient to evaluate the reconstruction results, 
as shown in Fig. 2. The reconstruction results of the MAE model with varying 
mask ratios indicate that the model can effectively learn latent features in both 
spatial and temporal dimensions, achieving high quality fMRI reconstruction. 
Although increasing the masking ratio usually leads to worse reconstruction per-
formance, the Pearson correlation coefficient of the model reconstruction results 
still exceeds 0.5 at high mask ratios (e.g., 0.6), demonstrating the model’s excel-
lent reconstruction ability. To comprehensively evaluate the impact of different 
parameter settings on performance, we conducted ablation experiments involv-
ing various masking ratios, patch sizes, and hidden sizes, as shown in Table 1. A  
comparison of different patch sizes showed that smaller patch sizes resulted in 
lower reconstruction loss. Table 1 shows that encoders and decoders with larger 
hidden size achieve better reconstruction performance.
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Fig. 4. Results of time mask testing. (A) The MAE reconstruction results for masked 
fMRI data, with each time frame individually masked. (B) The MAE prediction results 
for fMRI signals at various future time scales. (C) The MAE reconstruction results of 
different brain networks for masked fMRI data, with each time frame individually 
masked. (D) The MAE prediction results of different brain networks for fMRI signals 
at various future time scales. 

To explore the task-based fMRI reconstruction performance, MAE models 
were trained using fMRI data from various cognitive tasks. Figure 5 depicts the 
reconstruction results for each task. The experimental results indicate that the 
Pearson correlation coefficient of fMRI reconstruction for most cognitive tasks 
are above 0.5, and relatively similar among subtasks within the same cognitive 
category. Among 23 cognitive subtasks, the reconstruction results for language 
tasks were the best, whereas those for working memory tasks were relatively 
lower. Figure 5 illustrates the differing difficulties encountered in reconstruct-
ing fMRI data under various cognitive tasks, with language and motor tasks 
being easier to reconstruct and working memory and gambling tasks being more 
challenging. 

3.2 Brain Mask and Time Mask Testing 

To comprehensively analyze the differences in reconstruction difficulty among 
brain regions, we masked each brain region individually and calculated the 
Pearson correlation coefficients for the reconstruction results. Figure 3 shows
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Table 1. Model ablation experiment for resting-state fMRI reconstruction. We report 
masking ratio (mr), correlation (corr), encoder hidden size (ehs) and decoder hidden 
size (dhs). If not specified, the default settings are a 50% masking ratio, a patch size of 
2, and encoder and decoder hidden sizes of 1024. Default settings are marked in gray . 

(a) Masking ratio 
mr corr mae mse 
0.25 0.576 0.228 0.092 
0.5 0.614 0.220 0.082 
0.75 0.593 0.221 0.082 

(b) Patch size 
ps corr mae mse 
2 0.614 0.220 0.082 
5 0.527 0.241 0.098 
10 0.438 0.256 0.112 

(c) Encoder hidden size 
ehs corr mae mse 
512 0.586 0.228 0.087 
768 0.589 0.227 0.088 
1024 0.614 0.220 0.082 

(d) Decoder hidden size 
dhs corr mae mse 
512 0.589 0.227 0.087 
768 0.601 0.224 0.085 
1024 0.614 0.220 0.082 

the results of the reconstruction of each brain region and brain networks. The 
reconstruction correlations for brain regions within the LIM network have a 
high probability of falling below 0.4, indicating suboptimal reconstruction per-
formance. Conversely, the median reconstruction correlations for the VIS, DAN, 
and FPN networks exceed 0.5, suggesting these regions more effectively utilize 
information from other regions for fMRI reconstruction. 

In addition to analyzing the differences in reconstruction among various 
brain regions, the properties of MAE in fMRI reconstruction along the temporal 
dimension were further investigated. Figure 4A displays the Pearson correlation 
coefficients for the reconstructed results of fMRI data, with each time frame 
individually masked. The results indicate that signals in the middle of the time 
series are relatively easier to reconstruct, while those at the beginning and end of 
the series pose greater challenges. Figure 4B illustrates the correlation between 
the length of the prediction interval and the reconstruction performance. In this 
analysis, we use a fixed set of 20 frames of data to predict future signals of dif-
ferent lengths. The results demonstrate that as the prediction interval increases, 
the reconstruction performance gradually declines. Figure 4C and Fig. 4D show  
that brain networks with strong signal reconstruction capabilities at various time 
points also perform well in predicting signals of varying lengths. For example, 
LIM and SOM networks do not have a strong ability to reconstruct signals at 
different points in time, nor can they effectively predict future signals. 
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Fig. 5. Results of fMRI reconstruction across cognitive tasks using the MAE model. 
The tasks are sorted by the correlation coefficient of the reconstruction results, from 
highest to lowest. The colors correspond to the cognitive categories to which each 
subtask belongs. 

Fig. 6. Cognitive taskonomy derived from transfer learning, demonstrates the similarity 
among 23 cognitive tasks. These values represent changes in the reconstruction result 
when transferring from source tasks to target tasks. Positive values indicate that the 
source task improves the reconstruction results of the target task, and negative values 
indicate the opposite. 
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3.3 Relationships Among Cognitive Tasks 

This study employs a masked fMRI modeling framework with transfer learning 
to quantify the relationships between cognitive tasks. As illustrated in Fig. 1C, 
the transfer learning process comprises two steps. Initially, the MAE model is 
trained on masked fMRI data from the source task. After training, the MAE 
model is transferred to the target task to evaluate the transfer performance. 
During fine-tuning on the target task, the parameters of the encoder are fixed, 
while only the parameters of the decoder are updated using 1% of the target 
task data. Finally, the relationship between tasks is determined by the transfer 
performance. Better transfer performance indicates a closer relationship between 
the source and target tasks, whereas poorer performance suggests a more distant 
relationship. 

Figure 6 depicts the transfer results among the 23 cognitive tasks, reflecting 
the relationships between these tasks. Tasks within the same cognitive category 
exhibit closer relationships. For instance, the five subtasks within the motor cat-
egory demonstrate strong transferability among each other, particularly between 
the left foot and right foot, and between the left hand and right hand. Further-
more, transferability varies across different cognitive tasks. For example, tasks 
such as math and neutral tasks exhibit effective transferability to other tasks, 
whereas working memory tasks face challenges in transferring to other tasks. 

Figure 7 presents the hierarchical clustering results of cognitive tasks based 
on the Euclidean distance matrix calculated from reconstruction results between 
tasks. The results demonstrate that tasks within the same cognitive category 
are more closely clustered. For instance, the five subtasks in the motor cate-
gory are closely clustered, and the random and mental tasks within the social 
category are in close proximity. Notably, within the working memory category, 
0-back places are closer to 0-back tools, and 2-back faces are closer to 2-back 
bodies. This indicates a stronger relationship between places and tools, as well 
as between faces and bodies. Figure 7B, Fig. 7C, and Fig. 7D employ various 
hierarchical clustering strategies, which generally group tasks within the same 
cognitive category together, further illustrating the close relationships among 
similar cognitive tasks. 

4 Discussion 

In the brain masking experiments, it was observed that the reconstruction results 
for the VIS, DAN, and FPN networks were better. The redundancy and con-
sistency of information within brain networks may account for these differ-
ences [ 19, 20]. Information from other related regions that are more consistent 
with the masked brain region will assist in its reconstruction. Furthermore, some 
regions within these networks may demonstrate functional specialization in pro-
cessing specific tasks, indicating a functional similarity among these regions [ 38]. 
This enables related regions to more effectively reconstruct missing information 
during reconstruction. Conversely, it was found that the LIM network presents 
more challenges in reconstruction compared to other brain networks. This is
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Fig. 7. Hierarchical clustering results of cognitive tasks. (A) The distance matrix 
among 23 cognitive tasks, calculated using Euclidean distances between pairs based 
on the reconstruction results of brain regions for each task. (B), (C), and (D) show the 
results of hierarchical clustering performed with single linkage, complete linkage, and 
average linkage methods, respectively. The colors on the right indicate the cognitive 
categories to which each subtask belongs. 

potentially due to the regions within the limbic system performing multiple 
functions [ 25]. This multifunctionality amplifies the complexity of neural activ-
ity patterns, making it more difficult for the MAE model to capture the dynamic 
patterns of these brain regions compared to other brain networks. In the time 
masking experiments, we observed that reconstruction performance was rela-
tively poor at the beginning and end of the sequence. In tests predicting fMRI 
signals across various time lengths, it was found that the longer the prediction 
time, the poorer the performance. This can be attributed to the inherent com-
plexity and spontaneous activation of resting-state fMRI signals [ 23, 31]. Brain 
activity is characterized by highly complex and dynamic features, influenced by 
a variety of internal and external factors. As the prediction length increases, this 
complexity and dynamism render accurate predictions increasingly challenging. 

In this study, reconstruction experiments on task-based fMRI signals reveal 
that language and motor tasks were easier to reconstruct, while working mem-
ory tasks were more difficult. This difference is probably related to the inherent 
complexity of these tasks. Firstly, the brain regions activated by motor and lan-
guage tasks tend to be localized [ 2]. In contrast, working memory tasks involve 
multiple cognitive processes that require coordination of the brain [ 6, 8], which 
increases the complexity of reconstruction. Furthermore, individual variability 
across different cognitive tasks may also contribute to the observed differences in 
reconstruction difficulty [ 1, 31]. Working memory tasks often exhibit greater vari-
ability between individuals, making it more difficult for the model to reconstruct 
fMRI signals across different subjects [ 8]. 
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To explore the relationships between cognitive tasks, transfer learning exper-
iments were conducted across cognitive tasks. Better transfer performance 
between cognitive tasks indicates a closer relationship among them. Figure 6 
reveals that subtasks within the same category tend to have better transfer 
results. For instance, effective transfer performance is observed among the five 
motor subtasks. These subtasks primarily engage the primary motor cortex and 
premotor cortex, where the activation patterns and representations are more 
similar, thereby facilitating generalization between these tasks during transfer 
learning [ 15]. The distance matrix in Fig. 7 illustrates that the five motor sub-
tasks cluster closely, reflecting the similarity among these subtasks. Additionally, 
differences exist in transfer ability between different cognitive tasks, with not 
all tasks within the same category demonstrating good transfer performance. 
The transfer performance of working memory tasks is poor, potentially due to 
the inconsistent brain regions and dynamic patterns, such as the different task 
difficulties with varying n-back [ 8]. Similar to findings in neural decoding clas-
sification models [ 24], fMRI reconstruction results also reveal a high similarity 
between emotion, social, and gambling tasks. This similarity may arise from the 
involvement of complex decision-making processes, which activate similar brain 
regions such as the prefrontal cortex [ 2, 21]. Overall, the transfer performance 
between cognitive tasks can elucidate the relationships among them. 

This study demonstrates that the MAE model can robustly reconstruct fMRI 
signals across subjects. This highlights the potential of using MAE models to 
address the common issue of signal loss in applications [ 32]. The analysis of 
reconstruction difficulty across brain regions provides a reliability assessment, 
enabling a more cautious interpretation of the results in brain regions that 
are challenging to reconstruct. Future research could extend to exploring the 
application of MAE models to other modalities of neural signals, such as EEG 
reconstruction. Furthermore, the cognitive taskonomy provides a more reliable 
guidance for selecting source tasks in neural decoding studies. This relation-
ship matrix can assist researchers in more effectively utilizing source task data, 
thereby improving decoding performance in target tasks. 

5 Conclusion 

In this study, we employ the MAE model to reconstruct both resting-state and 
task-based fMRI signals and utilize a transfer learning framework to quantify 
the relationships between cognitive tasks. The MAE model effectively captures 
the temporal dynamics and interactions among brain regions, thereby enabling 
robust reconstruction of fMRI signals. By utilizing the transfer learning frame-
work, we further quantify the relationships between cognitive tasks, revealing 
subtask correlations within motor tasks and identifying similarities among emo-
tion, social, and gambling tasks. This study not only demonstrates the potential 
of the MAE model to reconstruct lost signals but also provides guidance for 
selecting source tasks in neural decoding studies. 
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Abstract. Interpersonal relationship quality is pivotal in social and 
occupational contexts. Existing analysis of interpersonal relationships 
mostly rely on subjective self-reports, whereas objective quantification 
remains challenging. In this paper, we propose a novel social relationship 
analysis framework using spatio-temporal patterns derived from dyadic 
EEG signals, which can be applied to quantitatively measure team coop-
eration in corporate team building, and evaluate interpersonal dynamics 
between therapists and patients in psychiatric therapy. First, we con-
structed a dyadic-EEG dataset from 72 pairs of participants with two 
relationships (stranger or friend) when watching emotional videos simul-
taneously. Then we proposed a deep neural network on dyadic-subject 
EEG signals, in which we combine the dynamic graph convolutional neu-
ral network for characterizing the interpersonal relationships among the 
EEG channels and 1-dimension convolution for extracting the informa-
tion from the time sequence. To obtain the feature vectors from two 
EEG recordings that well represent the relationship of two subjects, we 
integrate deep canonical correlation analysis and triplet loss for training 
the network. Experimental results show that the social relationship type 
(stranger or friend) between two individuals can be effectively identified 
through their EEG data. 

c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
Q. Liu (Ed.): HBAI 2024, CCIS 2438, pp. 51–66, 2025. 
https://doi.org/10.1007/978-981-96-4001-0_4

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-96-4001-0_4&domain=pdf
https://doi.org/10.1007/978-981-96-4001-0_4


52 W. Ji et al.

Keywords: Interpersonal relationship quality · Dyadic EEG signals · 
Spatio-temporal patterns · Deep canonical correlation analysis 

1 Introduction 

With the development of artificial intelligence technologies, EEG data has been 
extensively explored across various research areas and application scenarios, 
including emotion recognition [ 2], depression or epilepsy detection [ 24], and var-
ious implementations of brain-computer interface [ 21]. In deep-learning-based 
EEG analysis, the majority of existing studies focus on tasks for a single person 
[ 6, 33]. However, we note that psychological investigations [ 1] have found that 
there exists mutual influence in EEG data amongst individuals in a group, and 
their EEG data shows synchrony under certain tasks and stimuli. 

Inspired by this, in this paper we propose to study interpersonal relation-
ships, which are categorized basically to communal sharing relationships (e.g., 
friends, family members or couples) or equality matching relationships (e.g., 
strangers) [ 13], by dyadic EEG data from two individuals. The findings of our 
study can be used to objectively measure the quality of interpersonal relation-
ships, for example, to guide the selection of team members and to circumvent 
the problem of cognitive bias that can arise when employees assess the level of 
rapport between them on their own. Our work aims to expand and enlighten 
EEG-based research, shifting the focus from the neural variations of individuals 
to the interconnections in EEG patterns across individuals. 

Unlike the analysis of single-subject EEG data, the exploration of dyadic-
subject EEG data presents significant disparities. Primarily, from a psycholog-
ical perspective, the EEG data of paired participants reflect distinct mental 
phenomenon when faced with specific tasks compared to data from individual 
participants. Technologically, the analysis of dyadic-subject EEG data differs 
from the widely-researched individual EEG tasks like emotion recognition [ 3], 
requiring a unique experimental design and procedure. Moreover, for the con-
struction and subsequent processing of datasets, studies of interpersonal interac-
tion require additional mechanisms to analyze the relationship between the two 
participants. This multifaceted analysis extends beyond the scope of traditional 
single-subject EEG research and presents the unique challenges and complexities 
inherent to dyadic-subject EEG investigation. 

To address the aforementioned challenges, our paper takes a pioneering step 
in the exploration of interpersonal relationships using dyadic-subject EEG data 
and AI methodologies. We have established a comprehensive process for analyz-
ing dyadic-subject EEG data, covering problem definition, experimental design, 
dataset creation for dyadic-subject EEG, and the final algorithmic approach. As 
illustrated in Fig. 1, we use hyperscanning, designed for simultaneously recording 
the brain activity of two or more individuals participating in the same cogni-
tive activity [ 5], to construct our proposed dataset from the hyperscanned EEG 
recordings. Furthermore, we design a social relationship classification network 
tailored for dyadic-subject EEG data, which extracts spatial-temporal features
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from EEG sequence, inspired by [ 27], combine the classification with canonical 
correlation analysis (CCA). To enhance the classification process, we have also 
integrated a triplet framework for enhancing the representations of the social 
relationship between the two subjects. 

Our contributions are summarized as follows: 

– We propose a novel EEG data analysis task to explore the social relationship 
between two individuals, and establish a pipeline for collecting and analyzing 
dyadic EEG data. 

– We propose a network to model the temporal and spatial information of EEG 
data, where the EEG channels are modeled as nodes in a graph and processed 
with graph convolution operations while the time sequence is analyzed with 
1-D convolution. For determining the relationships, we integrate the attention 
mechanism to fuse two types of features from dyadic EEG data and propose 
a training scheme with triplet loss and CCA loss. 

– We construct a dyadic-subject EEG dataset for the analysis of social rela-
tionship between two individuals. 

Fig. 1. The procedure of exploring the relationships between two individuals. In our 
proposed framework, the relationship between the two participants (stranger or friend) 
can be determined based on their EEG recordings while watching emotional video clips. 

2 Related Works 

In this section, we first briefly delve into methods for EEG analysis based on deep 
learning. As mentioned previously, the majority of these techniques primarily 
concentrate on analyzing individual EEG data. Contrastively, in this paper we 
shift our focus to studies that specifically center on interpersonal relations. It 
is noteworthy that some of these works on multi-subjects do not employ EEG 
data, while others refrain from leveraging AI-related technologies. 

2.1 Deep-Learning-Based EEG Processing 

The exploration of emotion types or psychological states using EEG can be 
traced back to the 1980s [ 22]. Machine-learning-based methodologies for EEG
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analysis, including signal prediction and classification, were introduced in the 
early 2000s [ 8, 14]. 

In order to explore the relationship between two individuals, discriminative 
features are required. Although most focused on a single subject, existing stud-
ies on EEG-based emotion measurement have spawned effective methods for 
extracting effective EEG features and have performed well on tasks like emotion 
recognition. Regarding EEG-derived features, [ 3, 9] indicated that features such 
as power spectral density (PSD) or differential entropy (DE) can be extracted. 
Further, many machine-learning-based algorithms have been proposed to tackle 
tasks related to emotions or brain activities using features from EEG. Among 
these studies, a subset based on traditional machine learning techniques, e.g., 
the support vector machine (SVM) and random forest (RF), being the most 
prevalently utilized [ 3]. Within deep learning approaches, convolutional neural 
network (CNN) stands out given its capability to automatically learn spatial and 
temporal patterns from data. In the context of EEG-based CNN algorithms, for 
instance, EEG-Net [ 17] effectively learns information both temporally and inter-
electrodes in EEG data. As a representative of recursive network architectures, 
[ 4] applied the LSTM to EEG and achieved good results in emotion recogni-
tion. Furthermore, based on graph that can effectively model the electrodes in 
EEG, [ 26] introduced a dynamic graph convolutional neural network (DGCNN) 
to simultaneously optimize network parameters and a weighted graph charac-
terizing the strength of functional relation between each pair of two electrodes. 
SparseDGCNN [ 30] modified DGCNN by imposing a sparseness constraint on the 
graph. Besides, other mainstream EEG analysis studies integrate various CNN 
and LSTM architectures to process EEG data, including deep belief network 
(DBN) [ 32], variational pathway reasoning (VPR) [ 31], etc. Moreover, there is a 
knowledge distillation framework [ 20] and the SSLAPP method [ 19] that employs  
attention modules for encoding the EEG signal and GANs for limited labeled 
data. 

2.2 Multi-subjects Studies 

Hyperscanning [ 12] is a technique that involves the simultaneous recording of 
brain activity from two or more individuals engaged in the same task or social 
interaction. It is a widely used experimental paradigm for multi-subject studies. 

To analyze synchronization and mutual psychological influence on individu-
als within a group, existing studies often involve physiological signals other than 
EEG or do not employ AI-based methods. [ 10] investigated paired subjects per-
forming tasks together using functional near-infrared spectroscopy (fNIRS), and 
their study revealed that certain brain regions, specifically the inferior frontal 
gyrus (IFG), played a pivotal role during the task. Similarly, [ 23] also cope up  
with fNIRS to investigate dyads consisting of lovers, friends, and strangers. With 
EEG data, [ 7] conducted a comparative analysis to identify EEG features suit-
able for inter-brain exploration. These studies validated the existence of brain 
synchronization during multi-subject activities, thereby enabling the exploration 
of relationships between two subjects through their neural signal data. In this
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paper, we investigate a novel task to determine the relationship type of the two 
participants using dyadic-subject EEG data. 

3 Methods 

Fig. 2. The framework of our proposed Dyadic-Subject EEG Network (DSEN). DSEN 
takes dyadic-subject EEG data as input to extract temporal and spatial features with 
the feature extractor . f . The features are fused by an attention-based module to form a 
cohesive representation for classification. The feature extractor . f is trained individually 
via a triplet loss. The fused features are utilized by a classifier, which is trained using 
a combined CCA loss and classification loss. 

3.1 Dyadic-Subject EEG Dataset 
EEG Data Collection. In our experiment, EEG signals were recorded using 
the NuAmps.TM 40-channel unipolar system (Compumedics Neuroscan, USA) 
with a sampling frequency of 1000 Hz. Two reference electrodes were attached to 
the mastoid areas on both sides of the subjects. The impedance of all electrodes 
was maintained below 5 k. Ω. A low-pass filter was set to 60 Hz. 

Seventy-two pairs of healthy participants, aged between 19 and 30, were 
recruited from universities and participated in the experiment. Among all these 
pairs of participants, 18 pairs were strangers to each other, while the remaining 
54 pairs were friends or couples. During the collection of EEG data, the subjects 
were seated half a meter apart and were not allowed to communicate with each 
other. 

For main experimental tasks, the two subjects who participated in the hyper-
scanning experiments were asked to watch nine video clips. Given that positive
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emotion exhibits more synchronization than negative emotions in interpersonal 
relationships [ 15], video clips labeled with positive emotions were selected from 
the Chinese emotional film database proposed by [ 11] for the experiments. More-
over, to provide a richer emotional perspective, nine video clips representing the 
positive emotions of friendship, awe, kinship, respect, gratitude, humor, longing, 
pride, and love were chosen. The duration of the video clips ranged from 160 s 
to 296 s, with an average length of 216 s. After watching each emotional video 
clip, subjects were required to perform a distractive task to neutralize the emo-
tional effect of the previously watched video clip, and were given a mandatory 
half-minute break before the next video clip was presented. The above process 
is repeated until all 9 video materials have been played. 

All procedures of the study were reviewed and approved by the Ethics Com-
mittee of Tsinghua University. Before the experiment, all the participants were 
explained well about the details of the experiment and signed the informed con-
sent. 

Preprocessing. Through the aforementioned experiment, we collected our 
dyadic-subject EEG data that includes hyperscanned EEG signal recordings of 
144 participants as 72 pairs 1, who were co-watching nine emotional video clips. 
For subsequent processing and analysis, we downsampled the data to 200 Hz, 
applied a digital filter from 1–45 Hz, and then re-referenced using the average 
of the left and right mastoids. Additionally, on this basis, ocular artifacts were 
removed using independent component analysis (ICA). In order to evaluate our 
proposed DSEN framework (Sect. 3.4), we segmented the EEG signal recordings 
of subjects watching each video clip into 2-s windows. Then, we concatenated the 
2-s segments from all nine video clips without overlaps to form a data sample, 
thereby establishing our dyadic-subject EEG dataset. 

3.2 Preliminary Study 

Currently widely-used EEG datasets, such as DEAP [ 16], SEED [ 32], and MPED 
[ 25], only contain data of individual subjects and are not suitable for analyzing 
the relationship between two subjects. We set up an experiment to collect dyadic-
subject EEG data for exploring the social relationship between two individuals. 
Section 3.1 provides the detailed construction process of our dyadic-subject EEG 
dataset. Then we conduct a specific statistical test on the dyadic-subject EEG 
data to validate the correlation between the participants relationships and the 
EEG signals. 

Notations. In our dataset, each data sample represents EEG data of a pair 
of two subjects, denoted by .(X,Y ). As input for the subsequent classification 
and analyses tasks, we derive the amplitude sequences denoted by .(AX , AY ) from

1 All EEG data comprise a total of 5,688 data samples after window-based segmenta-
tion and concatenation. 
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.(X,Y ). Let . n represent the number of emotional video clips that the two subjects 
co-watched, each input sample . (ax, ay) = {(ax, ay)1, (ax, ay)2, · · · , (ax, ay)n} ∈
(AX , AY ) contains . n EEG segments from the two subjects co-watching all videos 
clips with different labels of emotions. 

Statistic Analysis. In our proposed innovative analysis process, we first ver-
ify the data distribution, and then conduct preliminary feature selection and 
processing. 

We employ a Shapiro-Wilk (S-W) test to verify that the EEG data we col-
lected conforms to a normal distribution. Consequently, we can use the t-test 
method on the band-pass filtered EEG data to verify the influence of the rela-
tionship and gender pairing of the dyadic subjects. This initial analysis serves to 
explore the correlation between the EEG data of the two subjects with respect 
to their relationships. Additionally, these procedures also effectively alleviate the 
potential influence of gender on synchrony differences. For S-W test and t-tests, 
the instantaneous amplitude and phase samples are generated from the analytic 
signals .X(t) + iXH(t) and .Y (t) + iYH(t), obtained from Hilbert transform [ 18]. 
The amplitude and phase samples are derived as: 

AX(t) =
√

X(t)2 + XH(t)2, AY (t) =
√

Y (t)2 + YH(t)2 

φX(t) =  tan−1 XH(t) 
X(t) 

, φY (t) =  tan−1 YH(t) 
Y (t) 

(1) 

Subsequently, the inter-subject correlation .ICSXY and the phase locking value 
.PLVXY are derived by: 

ISCXY = cov(AX(t), AY (t)) 
σAX(t)σAY (t) 

PLVXY = | 1 
N 

N∑

n=1 

ei(φX (tn)−φY (tn)| 
(2) 

With the .ISCXY and .PLVXY , we applied a t-test for both the relationship 
status of the pair (whether they know each other or not). We also compared the 
significance of dyadic relationship differences across various frequency bands, 
namely . θ (4–7 Hz), . α (8–12 Hz), . β (13–29 Hz), and . γ (30–45 Hz). This analyses 
enabled us to pre-select the optimal frequency band combination, which are . β
and . γ bands, for subsequent processing. 

T-Test Results. We used the ISC and PLV features in different frequency 
bands as dependent variables. The type of relationship between them was used 
as an independent variable for the t-test. Specifically, the types of relationships 
were divided into freinds and strangers. These categorizations facilitated the 
exploration of potential influences on the dependent variables. 

The significance level was set to 0.05. Table 1 demonstrates that the EEG 
synchrony features .ISC for dyadic subjects show significant differences across
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Table 1. t-test results with .ISC and .PLV from dyadic-subject EEG data as dependent 
variables and relationships of them as independent variables. 

IV feature statistic p-value 
relation.PLVθ . −0.400 0.691 

.PLVα 0.587 0.559 

.PLVβ 0.282 0.779 

.PLVγ . −1.080 0.284 

.ISCθ 0.735 0.465 

.ISCα . −0.250 0.803 

.ISCβ 1.787 0.078 

.ISCγ 2.287 0.025 

different relationship types in . β frequency band and marginally significant in . γ
band. Our experimental results show that synchronized dyadic EEG activities 
in the . β and . γ frequency bands are effective in distinguishing the relationships 
between two individuals. This is also supported by some existing findings that the 
. β or . γ frequency bands play a more significant role in regression analysis for inter-
brain emotion prediction [ 7]. These discoveries in the preliminary study provided 
theoretical foundations for our algorithmic design of predicting relationships 
based on EEG data and our pre-selected EEG features. 

3.3 Feature Extraction 

In order to extract efficient features from the raw EEG data i.e., .(AX , AY ), we 
propose a sequential processing framework that mainly contains two modules 
(see the feature extractor block in Fig. 2):  1) a CNN  module to extract  the  
temporal information from the EEG amplitude sequences, and 2) a DGCNN 
module to identify the relationships among EEG electrodes. 

Considering that our input includes EEG data segments of dyadic sub-
jects co-watching nine different video clips (see Sect. 3.1 for details), a 
grouped 1-D convolutional layer is used to extract the local temporal features 
.{fea1

local, · · · , fea9
local} from each segment of .ax and . ay, and the outputs are 

concatenated into .F = fea1
local ⊕ · · · ⊕ fea9

local as local temporal feature out-
puts and then are used as the input of following global 1-D convolutional layer. 
The second 1-D convolutional layer is applied to obtain the overall temporal 
features .Tx, Ty from .Fx, Fy. Within the CNN module described above, we apply 
convolutions separately for each channel of EEG. 

Although the CNN-based layers ensure that our temporal information extrac-
tion module can effectively learn the time-series features in EEG data, they do 
not account for inter-electrode relationship information. Consequently, DGCNN, 
as a method that can effectively extract information between electrode channels, 
is employed for feature extraction from the EEG electrodes. We set the adjacency 
matrix . A, constructed as a fully-connected graph, to represent the connectivity
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between each pair of vertices in the graph. Taking EEG electrode channels as 
vertices (denoted by . ch), the .v = ch × fea ∈ V could be reorganized to form 
the vertex set . V , and then we set the input graph .G = {V,A}. Inspired by [ 29], 
we introduce three EdgeConv blocks. Specifically, for a vertex .vi in .V and one 
of its adjacent vertices .v′

i ∈ V ′, a transformed feature .hi of .vi is obtained from 
EdgeConv by 

hi = φe(fea′
i − feai) (3) 

where .φe denotes the shared multi-layer perceptron (sMLP) of the .eth EdgeConv 
block. Taking .H1∼3

pooled as global max pooled vertex features from three EdgeConv 
blocks, the feature .H extracted by DGCNN, which is also the output feature of 
our proposed extractor, is obtained from .ϕ(H1

pooled ⊕ H2
pooled ⊕ H3

pooled), where  
. ϕ is linear transformations. 

3.4 Dyadic-Subject EEG Network (DSEN) 

As shown in Fig. 2, our proposed dyadic-subject EEG network (DSEN) consists 
of a triplet network and a classifier, in which we first package our source data from 
a triplet set and a dyadic set as .S = {Stri, Sdual}. The triplet source data is set 
as .Stri = {X,Y,Z}, where  .X and . Y represent dyadic subjects (selected for . Stri

with ground truth of relationship types), while . Z is a subject selected randomly 
from the other participants, ensuring that . Z is a stranger to both .X and . Y . The  
.Sdual is formed as .{X,Y, L}, where  . L is the set of labels with values of 0 or 1 
indicating that the dyadic subject .X and . Y are strangers or freinds, respectively. 
To update the parameters of feature extractor .θ̂f in training, the weight of . f via 
triplet loss, the distance of cosine similarity between anchor (. X) and  positive  
(. Y ) or negative (. Z) is calculated on the output features .{HX ,HY ,HZ} from 
the extractor. Then .θ̂f is updated with back propagation of .Ltriplet. To train  
the classifier, we fuse the two features .{HX ,HY } extracted from .Sdual. For the 
feature fusion, we integrated the attention mechanism since we perceive . HX

and .HY as sequences of embeddings, and interactions and relationships between 
them could be captured. To obtain the matrices of query (. Q), key (. K) and  value  
(. V ) for both of .HX and .HY , each of the two features is transformed linearly 
using learnable matrices .WQ, .WK and .WV by: 

QX,Y ,KX,Y , VX,Y = WQ,K,V × HX,Y . (4) 

Then the attention score . S between .HX and .HY , and the attention-based fusion 
feature .Hfused are computed by: 

SX,Y = 
QX,Y × KT 

Y,X 

c 
Hfused  = (sof tmax(SX) × VY ) ⊕ (sof tmax(SY ) × VX), 

(5) 

where . c is a constant scale factor that is set to .1280.5 in our experiments. Sub-
sequently, .Hfused is used to generate the prediction for stranger and friend rela-
tionships of the dyadic subjects by passing through fully connected layers. To
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Algorithm 1. training of DSEN 
Input: data set  . Stri, Sdual

Output: parameters . θ̂f , . θ̂c

calculate the instantaneous amplitude set .{AX , AY , AZ} by .{X, Y, Z} from 
.Stri, Sdual via Eq. 1
while not converge and not reach the max number of iterations do 

. fealocal·X,Y,Z = CNN1Dlocal(AX,Y,Z)

. TX,Y,Z = CNN1Dglobal(fealocal·X,Y,Z)

. H1
X,Y,Z = EdgeConv1(TX,Y,Z)

. H2
X,Y,Z = EdgeConv2(H

1
X,Y,Z)

. H3
X,Y,Z = EdgeConv3(H

2
X,Y,Z)

. HX,Y,Z = H1
X,Y,Z ⊕ H2

X,Y,Z ⊕ H3
X,Y,Z

Use .HX,Y,Z of . X, Y, Z ∈ Stri

compute .Ltriplet by Eq. 10 and 11
update .θ̂f with . ∂Ltriplet

∂θf

use .HX,Y of . X, Y ∈ Sdual

compute covariance . RX,Y,XY

compute .LCCA by Eq. 8 and 9
get .Hfused by Eq. 4 and 5
. preds = Classifier(Hfused)
. LClassification = Classificationloss(preds, labels)
compute .LCombined by Eq. 6
update .θ̂f and .θ̂c with . ∂LCombined

∂θf
and . ∂LCombined

∂θc

end while 
return . (θ̂f , θ̂c)

update both .θ̂f and the weight of the classifier . θ̂c, we propose a combined loss 
defined as: 

LCombined = α · LClassif ication + β · LCCA (6) 

where .LClassification denotes the cross-entropy loss, and .α, β are the combined 
factors, which are both set to 1 in our experiments. Algorithm 1 illustrates the 
complete training procedure of our proposed DSEN framework. Details of the 
triplet loss and the CCA loss used in our method are presented in the following 
section. 

3.5 Loss Function 

CCA Loss. Inspired by [ 27] that integrates canonical correlation analysis 
(CCA) with deep neural networks for multimodal language analysis, we intro-
duced the CCA loss to learn the correlation between the dyadic features 
extracted by the proposed feature extractor. The features .HX ,HY are normal-
ized through mean centering, which ensures zero mean for each feature, and facil-
itates further covariance computation. With .Hadapted

X ,Hadapted
Y , we then calcu-

late the covariance matrices of the two features .RX , RY and the cross-covariance 
.RXY . Our objective with CCA loss is to maximize the correlation between the
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features extracted by the feature extractor . f , as shown in the equation: 

max 
f 

corr(f(AX), f(AY )) (7) 

the matrix . E corresponding to canonical correlation coefficients between the two 
features is derived as: 

E = R− 1 
2 

X RXY R
− 1 

2 
Y . (8) 

To update the parameters of . f, in (7), CCA loss is defined as: 

LCCA = −trace(ET E) 
1 
2 = −

∑
s, (9) 

where . s are the singular values of .E and derived from singular value decompo-
sition of . E. 

Triplet Loss. To further train the . f to discriminate the relationship type 
between two subjects, we introduce the triplet loss as an additional criterion 
that helps . f to learn more distinctions by comparing a pair of similar samples 
against a dissimilar sample. Given an .anchor sample, a .positive sample, and a 
.negative sample, we formulate the computation of two samples based on cosine 
similarity as: 

distp/n = 1.0 − anchor · positive/negative

‖anchor‖2 × ‖positive/negative‖2 (10) 

Then the triplet loss is defined as: 

Ltriplet = ReLU(distp − distn + margin). (11) 

where the .margin is  set up to 1 in our  experiment.  

4 Experiments 

4.1 Implementation 

To validate the efficiency of our proposed DSEN on discriminating the social rela-
tionship type between two subjects, we compared five state-of-the-art methods 
for processing EEG data on our proposed dyadic-subject EEG dataset. Consid-
ering our dyadic data and the task of classifying the relationship, rather than 
emotion recognition as many of these methods were originally designed for, we 
implemented these models to extract features from EEG data of each individual 
separately. We then simply concatenated the features extracted from the EEG 
of both subjects as feature fusion and fed them through two linear layers for 
classification. All methods were trained and tested on our dyadic-subject EEG 
dataset. Noting that our dataset is imbalanced, with 18 pairs of subjects who 
are strangers and 54 pairs who are freinds to each other, and in order to verify 
the subject-independence of our model, we partitioned our training and test sets
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as follows: we selected 15 pairs of subjects from both the strangers and freinds 
relationships. The data samples from these 30 pairs, segmented using a 2-second 
window and then concatenated across all 9 video segments, were used to form 
the training set. The data samples from all remaining subject pairs constituted 
the test set. 

Table 2. Results of different methods applied on our proposed dyadic-subject EEG 
dataset. 

method accuracy F1 score 
SVM 0.65 0.78 
DBN 0.72 0.83 
DGCNN 0.61 0.75 
LSTM 0.58 0.72 
EEGNet 0.67 0.79 
SSLAPP 0.77 0.86 
DSEN (ours) 0.86 0.92 

4.2 Classification Results 

The methods we used for comparison are SVM [ 28], DGCNN [ 26], LSTM [ 4], 
EEGNet [ 17], DBN [ 32], and SSLAPP [ 19]. Considering that there are currently 
no deep learning methods designed to handle dyadic EEG data, in our experi-
ments, we selected some representative methods for EEG-based emotion recogni-
tion or sleeping stage classification. These methods were utilized as encoders for 
EEG data. Subsequently, the EEG features extracted from two individuals were 
concatenated, and an MLP classifier was employed to classify their relationship. 
In particular, as the traditional SVM model requires the input features to be a 
one-dimensional vector. Therefore, for the SVM classifier, preprocessing of the 
data is done that we first flatten each data sample from the dyadic EEG dataset 
and then compute the Pearson correlation between the dyadic samples over the 
entire time step range to serve as the artificial .ISC features for the SVM. The 
accuracy and F1 score results are reported in Table 2. Compared to the base-
line methods, including CNN-based, GCN-based, RNN-based, and traditional 
machine learning approach SVM, our method achieved a significant improve-
ment of at least 14% in classification accuracy for determining the relationship 
type between the two subjects, reaching over 85%. meanwhile, in terms of the F1 
score, our proposed DSEN also outperforms other methods by at least 0.09. The 
results indicate that the mechanism introduced in our model is more suitable 
for analyzing dyadic-subject EEG data. Compared to those algorithms designed 
for tasks like emotion recognition for individuals, our method can predict the 
relationship between two participants more effectively.
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Fig. 3. (a) is the distribution plot of the unprocessed dyadic EEG data in a two-
dimensional plane after dimension reduction by t-SNE. (b) is the distribution plot of 
extracted and fused features from the dyadic EEG data in the plane after dimension 
reduction by t-SNE. 

4.3 Feature Discrimination Comparison 

To validate the feature extraction capability of our proposed model for dyadic-
subject EEG data, we conducted an experiment to visually compare the fea-
tures extracted by our feature extractor and fused using our methods, with the 
unprocessed EEG amplitude data. These features were assessed based on their 
ability to discriminate different classes of data samples in our dyadic-subject 
EEG dataset. In the experiment, we employed t-distributed stochastic neighbor 
embedding (t-SNE) to reduce the dimension of the high-dimensional features. 
The features were then visualized in a 2D coordinate space. As illustrated in 
Fig. 3, it is obvious that the feature vectors extracted by our model from the 
dyadic-subject EEG can effectively distinguish between different social relation-
ship types. 

4.4 Ablation Study 

In order to validate the efficiency of the specific methods introduced in our frame-
work, we conducted a series of ablation studies. We compared the performance 
of our full model against various ablated versions, including those without the 
combined CCA loss, without the triplet loss, and versions where the features 
extracted from the feature extractor were directly concatenated instead of using 
an attention mechanism for fusion. The removal of CCA loss showed a notable 
decrease in performance, indicating its vital role in enhancing the correlation 
learning between the data of participants. Similarly, excluding the triplet loss 
led to reduced accuracy, showing its importance in optimizing the feature space 
for better discrimination and classification. The absence of an attention mecha-
nism resulted in a lower F1 score, illustrating its efficacy in weighting and fusing 
features from the dyadic participants. Additionally, we also evaluated a version 
that employs raw EEG data without transforming it to compute the instanta-
neous amplitude of the EEG waveform. This approach significantly underper-
formed, demonstrating the necessity of data transformation for effective feature
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extraction and prediction. The outcomes of these ablation studies, presented in 
Table 3, indicate that the proposed enhancements in our framework significantly 
improve the prediction of the relationship between the two participants. 

Table 3. Results of ablation studies. 

modifications accuracy F1 score 
without CCA loss 0.81 0.89 
without triplet 0.78 0.87 
without attention 0.81 0.89 
raw EEG data 0.52 0.66 
full model 0.86 0.92 

5 Conclusion 

In this paper, we introduce a novel research task that aims to explore the rela-
tionship between two individuals based on their EEG data. To accomplish this 
task, we delineated a comprehensive strategy encompassing experiment design, 
dataset construction, the preliminary statistical analyses that indicate the con-
nection between the social relationship types and the dyadic EEG signals, an 
initial feature selection, and a DSEN framework designed for processing dyadic-
subject EEG data. Our proposed classification algorithm, tailored for dyadic 
EEG data, incorporates advanced mechanisms such as CCA loss, triplet train-
ing, and attention-based feature fusion. By comparing our method with base-
line algorithms designed for individual EEG emotion recognition, our results 
on the proposed dyadic-subject EEG dataset show its effectiveness in predict-
ing interpersonal relationship types. Our ablation studies further emphasize the 
importance of each component we introduced. 

In conclusion, our results demonstrate the potential of our framework in effec-
tively utilizing dyadic EEG data to predict relationships. The introduced mech-
anisms and strategy have set a benchmark in this novel research area, drawing 
more attention to the exploration of interpersonal relationship types based on 
the synchrony of inter-brain within a group using EEG. 
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Abstract. Speech prosody conveys crucial information during social 
communication. However, the neural mechanisms underlying speech pro-
sody in the human brain remain unclear. The primary aim of this study 
was to explore the impact of long-term musical training on the recogni-
tion of emotional speech prosody. Employing a task that isolated prosody 
recognition without semantic content interference, we recorded behav-
ioral and electrophysiological data. Participants were categorized into 
two groups: individuals with systematic musical training and those with-
out any formal musical training. Our findings indicate that the musician 
group exhibited enhanced neural activity in the frontal region, charac-
terized by significant differences in the P50, P200, P3a, P3b, and P600 
components. Additionally, a larger Power Spectral Density (PSD) was 
observed in the frontal, occipital, and parietal regions of musicians, par-
ticularly in the theta and alpha frequency bands. Graph theoretical anal-
ysis also indicated that musically trained individuals demonstrated an 
increased local coefficient and more concentrated degree. This study pro-
vides a comprehensive analysis of the neural alteration during speech 
prosody recognition attributable to long-term musical training, incor-
porating both static and dynamic analyses, with a focus on temporal 
and spatial dimensions. Our study provides new insights into the neural 
mechanisms induced by speech prosody. 
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1 Introduction 

Speech prosody plays a crucial role in social communication, conveying non-
semantic information such as emotions, which is essential for successful interac-
tions. Given the similarities and shared properties between music and language, 
numerous studies have explored the effects of musical training on the processing 
of emotional prosody [ 17, 24]. Musicians are known to have an advantage in recog-
nizing speech information, demonstrated through greater accuracy and efficiency 
in task performance [ 27]. In previous studies, investigating musician versus non-
musician emotional processing in behavioral tasks, consistent findings have been 
reported regarding the superior performance of musicians in recognizing audi-
tory information and emotional content [ 24]. These studies have employed elec-
troencephalography (EEG) to explore the neural mechanisms underlying emo-
tional prosody processing in musicians compared to non-musicians, using stimuli 
from natural language with manipulated semantic and prosodic emotions. This 
research illuminates the electrophysiological correlates of processing emotional 
speech. Specifically, these studies have highlighted the modulation of the N200 
and P300 components by emotional prosody, suggesting that emotional informa-
tion can be processed at an early stage. The processing of vocal emotions appears 
to be rapid and non-attentional, occurring even when there is no requirement 
to integrate additional emotional information. Neurological studies indicate that 
emotional prosody processing is predominantly right-lateralized and is associated 
with positive ERP components [ 31]. In musicians, there is evidence of enhanced 
sensitivity to emotions in speech, potentially due to structural and functional 
reorganizations induced by music training [ 17]. 

In addition to the electrophysiological investigation, the processing of linguis-
tic and emotional prosody in the cortical surfaces and subcortical areas has been 
studied using fMRI, revealing specific neural regions involved in supra-segmental 
acoustic information extraction, meaningful acoustic sequence representation, as 
well as the explicit evaluation of emotional prosody. Implicit processing of emo-
tional prosody seems to engage subcortical regions responsible for automatic emo-
tional reactions, such as the amygdala and the middle temporal gyrus, which inte-
grates information from various sources, allowing complex divisions and interpre-
tations of speech [ 32]. The general hypothesis is that within the right hemisphere, 
emotional prosody primarily activates the middle temporal gyrus. 

Inspired by the literature, we further investigated the precise neural mecha-
nisms that are related to the musicians’ advantage in emotional prosody recogni-
tion. There is some evidence that auditory-perceptual enhancements might play 
a role, which is consistent with the idea of overlapping sensory pathways for 
processing music and vocal emotion information. Whether this overlap extends 
to higher-order stages of socioemotional processing remains unclear. EEG and 
fMRI studies, combined with behavioral tasks, will be valuable in investigating 
these mechanisms. 

In the current study, we utilized EEG analysis to capture both the tempo-
ral dynamics and the long-term static features during speech prosody processing. 
ERP analysis was employed to delineate the neural activity across specific time 
courses, highlighting the temporal precision in brain responses. Conversely, static
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brain networks provided insights into the consistent connectivity patterns among 
different brain regions over extended periods. These networks represent the aver-
age connection strength during these intervals and are characterized by their sta-
bility over time. The use of static networks is instrumental in enhancing our under-
standing of the interactions between various brain regions under specific condi-
tions, thus facilitating the exploration of the relationships between brain network 
structures, cognitive functions, and behavioral performances. Furthermore, the 
application of Power Spectral Density (PSD) analysis played a pivotal role in inter-
preting the complex oscillatory activity within the brain. This methodology allows 
for the decomposition of EEG signals into their constituent frequencies, which 
is crucial for diagnosing neurological conditions, monitoring brain activity, and 
exploring cognitive states. Consequently, PSD has become an indispensable tool 
in neuroscientific research, providing deeper insights into the dynamics of brain 
function. Finally, we used the graph theoretical analysis to quantify and compare 
the functional connectivity differences between musician and non-musician groups 
during speech prosody processing. This approach enabled a structured analysis 
of the network properties, offering a comprehensive view of how musical training 
might influence neural connectivity during auditory tasks. 

2 Method 

2.1 Experiment Design 

Thirty subjects were recruited from the university (Age: .M = 22.9;SD = 2.9). 
15 were assigned to the music group with a minimum of three years of profes-
sional training on musical instruments, and the remaining 15 who had not under-
gone any formal music training were assigned to the non-music group. Following 
previous research on gender differences and handedness in emotion perception 
and language lateralization [ 2, 14, 27], only male and right-handed subjects were 
included to eliminate the confounding factor. 

The stimuli were meaningless words that were created by splitting commonly 
used two-character words from the Lexicon of Common Words in Contemporary 
Chinese [ 12] and reorganizing the characters into new two-character combina-
tions. The purpose of using these meaningless words was to have a control con-
dition that lacked semantic content. To ensure high-quality auditory stimuli, the 
recordings were performed by a professional voice actress. By using meaningful 
and meaningless words recorded by the same professional, the study aimed to 
maintain a controlled and standardized auditory experience for the participants. 

For each of the words, they were with either happy or angry prosody, by a 
professional voice actress in a recording studio. For the senseless words performed 
in happy prosody, we label them as SH; for the senseless words performed in 
angry prosody, we label them as SA. The audio stimuli were later edited and 
analyzed by Praat [ 3]. The acoustic features of the audio are summarized in the 
following table. 

Figure 1 shows the experiment design for one trial. At the beginning of each 
trial, a fixation cross was presented in the center of the screen, while partici-
pants were required to fix the cross. After 1000 ms of presentation, the auditory
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Table 1. Acoustic feature of auditory stimulus. 

Mean SA SH 
Duration (ms) 640.303 642.792 
.f0 (Herz) 431.554 425.755 
Intensity (dB) 75.863 73.432 

stimulus was presented with the cross remaining on the screen. The participants 
were allowed to make key responses as soon as the audio was presented, and the 
screen would turn blank when the response was made. If the participants fail to 
make any response within 5 s after the stimuli onset, the screen will turn blank 
automatically and continue to the next trail. After the key response, a blank 
screen appeared for a duration of 3000–3200 ms. The varied inter trial intervals 
were adopted to reduce artifacts, as per [ 27] (Table  1). 

Fig. 1. Illustration of a single trial. 

The task was counterbalanced designed in terms of the response key to elimi-
nate the possible effects of the participants’ tendency to automatically associate 
positive or negative emotional information with a particular direction (in the 
current study: keys on the left or right side) Some previous studies suggest that 
the mental spatial metaphor of emotional valence and intensity may be related 
to the people’s biological determinants (i.e., hemisphere lateralization, handed-
ness) and cultural determinants (i.e., language) [ 4, 5, 15, 29]. In this context, to 
eliminate the confounding factor of directional bias in the groups, for all three 
tasks, we designed two subversions. In one version, the key ‘G’ represents posi-
tive emotion, and the key ‘H’ represents negative emotion; in the other version
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of the task, the associations were reversed. Half of the participants participated 
in the tasks that required them to respond to positive emotions with the index 
finger putting on the key ‘G’, and the other half of the participants took part 
in the tasks that instructed them to respond to the positive emotion with their 
index finger placed on the key ‘H’. The association for each participant was kept 
consistent throughout the whole task. 

2.2 Data Acquisition 

The EEG data recorded using the Biosemi A/D box with the ActiView sys-
tem (BioSemi BV, Amsterdam, Netherlands) with 64 active Ag/AgCl scalp pin-
type electrodes. The electrodes are arranged based on the international standard 
10–20 system, ensuring standardized and reproducible positioning of scalp elec-
trodes. This system is based on the relationship between the location of an 
electrode and the underlying area of the cerebral cortex. Each electrode site 
was labeled according to the 10–20 system nomenclature, where ‘F’ stands for 
frontal, ‘T’ for temporal, ‘C’ for central, ‘P’ for parietal, and ‘O’ for occipital 
lobes. The letter ‘Z’ refers to an electrode placed on the midline. Additional 
electrodes (e.g., Fpz, Oz) were placed according to the extended 10-10 system 
to provide higher resolution data of the scalp potential field. 

The electrode offset was kept below 40 mV. Different from most of the other 
EEG recording systems, the Biosemi adopts two additional electrodes as ground 
electrodes: the Common Mode Sense active electrode (CMS) and the Driven 
Right Leg passive electrode (DRL), which are placed on the left and right side 
of ‘POz’ channel. The EEG signal was sampled at the rate of 2048 Hz. 

The behavioral data was recorded and stored locally by the E-Prime 3.0 
(Psychology Software Tools, Pittsburgh, PA) and the trigger signals were sent 
from the E-Prime computer to the ActiView trigger input port via a standard 
USB to parallel port converter cable. 

2.3 Data Preprocessing 

The raw signal was band-pass (0.1–40 Hz) filtered, and a notch finite impulse 
response (FIR) filter was also applied (49–51 Hz) to remove power interference 
of 50 Hz in brainwave data [ 26, 30]. The data was referenced by average refer-
ence. Additionally, the independent component analysis (ICA) was employed to 
remove the artifacts such as eye blink and other muscular-induced activities to 
improve the signal-to-noise ratio (SNR) [ 7, 9, 13]. 

2.4 ERP Analysis 

Data analyses for the ERP analysis were conducted by the EEGLAB tool-
box v2022.0 [ 6]. According to the previous ERP studies, EEG signals will be 
segmented into temporal windows that correspond to event-related potentials 
(ERPs) and the segmentation will be based on event marks that were recorded
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during experiments, the epochs were chosen as a 200 ms pre-stimulus baseline 
and an 800 ms post-onset windows [ 19– 24]. 

Only the EEG recordings of trials that were correctly responded to were 
included in the analysis. The single subject ERP waveforms and the grand aver-
age waveforms from all 64 electrodes were plotted for eye inspection of the cen-
tering of peaks and their relevant electrodes. The scalp topographies of the ERP 
were also plotted for assistance in locating the spatial activation. For the statis-
tical analysis, twenty-two electrodes were grouped into four regions of interest 
based on their spatial distribution on the scalp: left anterior (AF7, Fp1, F3, FC1, 
FC3, FC5, C1), left posterior (P5, P7, PO3, PO7, O1), right anterior (F2, F8, 
FC2, FC4, C2), right posterior (TP8, P8, P10, PO8, O2) [ 28]. 

In light of preceding research and insightful observations gleaned from the 
figures, ten components have been identified for subsequent analysis. The time 
windows selected for these components are as follows: P50 (25–85 ms), P100 (50– 
150 ms), N100 (50–150 ms), P200 (150–250 ms), N200 (150–250 ms), P3a (275– 
375 ms), P3b (300–600 ms), and P600 (500–750 ms). These temporal intervals 
are strategically chosen and centered on the peak activity of the respective ERP 
components and will be rigorously analyzed in the forthcoming stages of this 
research. 

The single-trial EEG signal of each condition was averaged to single-subject 
ERP waveforms and was measured by computing the mean amplitude and peak 
latency in windows that were suggested by the previous study and the eye inspec-
tion of the waveforms and topographies. Data from channels that were selected 
for the same region of interest were averaged. 

2.5 PSD Calculation 

For the PSD calculation, all EEG data were filtered and separated into the 
frequency bands alpha (8–13 Hz), beta (13–30 Hz), theta (3.5–6.75 Hz), and low 
gamma (31–39.75 Hz). 

To analyze EEG data effectively, the initial step involves filtering the data to 
isolate the desired frequency bands. This preprocessing aims to enhance the sig-
nal quality by reducing noise and excluding irrelevant frequencies. Subsequently, 
the continuous signal is segmented into shorter sections. In the context of Welch’s 
method, these segments often overlap significantly, typically by 50%, to improve 
the reliability of the spectral estimates. Each segment is then treated with a win-
dow function, such as a Hamming or Hann window, to mitigate spectral leakage 
caused by the discontinuities at the edges of each segment. This step is crucial for 
obtaining a more accurate frequency domain representation of the EEG signal. 

Following the application of the window function, each segment undergoes a 
Fourier transform, typically implemented using a fast Fourier transform (FFT) 
algorithm. This transformation converts the time-domain data into its frequency-
domain counterpart, facilitating the subsequent analysis. The mathematical rep-
resentation of FFT in each single segment is as follows:
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.Pk(f) =
1

N |ω|2 |FFT{xk(n) · w(n)}|2 (1) 

Following In this equation, .xk(n) is the .k-th signal segment, .w(n) is the 
window function, .N is the segment length, and .|ω|2 is the window function 
energy that provides the necessary normalization. 

The power spectral density (PSD) of each segment is derived by calculating 
the modulus squared of the FFT results, which quantifies the power present 
at each frequency component within the segment. This procedure, known as 
computing the periodogram, is repeated for each segment. 

.PSD(f) =
1
K

K∑

k=1

Pk(f) (2) 

To enhance the stability and reduce the variance of the power spectral esti-
mates, the periodograms of all segments are averaged arithmetically. This aver-
aging process is a definitive aspect of Welch’s method, providing a more robust 
estimation of the signal’s power spectral density by averaging the spectral esti-
mates across overlapping segments. 

By employing this methodical approach, Welch’s method significantly 
improves the accuracy and reliability of power spectral density estimates from 
EEG data, making it a preferred choice for analyzing physiological signals where 
precision is paramount. 

2.6 Functional Network and Graph Theory 

The Pearson’s correlation is used here to calculate statistical dependency. The 
static connectivity was calculated with the discrete non-stationary times series 
of pairs of the anatomically divided brain regions. 

The methodology for analyzing EEG-based static networks involves several 
stages. Initially, data collection is completed. Following this, data preprocessing 
and segmentation are conducted to ensure data quality and consistency. In the 
network construction phase, each EEG electrode is treated as a node. Statis-
tical methods, such as Pearson correlation coefficients, are employed to com-
pute the strength of connectivity between channels, thereby defining the edges 
between nodes. As illustrated in the following equation, calculates the static 
connectivity between region X and Y, each has discrete non-stationary time 
series .X = {xi}i=1,2,...,n and .Y = {yi}i=1,2,...,n. The detail of the calculation is 
presented as the following: 

.r =
∑n

i=1 xiyi − nxy√∑W
i=1 x2

i − nx2
√∑W

i=1 y2
i − wy2

(3) 

In this equation, n represents the number of total data time points, and the 
means of X and Y are represented as . x and . y. Before the calculation, the time 
series were z-score normalized with 0 as means and 1 as standard deviation.
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Subsequently, the constructed network is usually analyzed using graph theory 
methods. This analysis typically involves a range of graph theory parameters that 
provide insights into the network’s structure and function. These mathematical 
definitions of complex network measures are shown as follows: 

Local Efficiency: Assesses the network’s resilience, indicating how well infor-
mation is exchanged by the neighbors of each node when that node is removed. 
The equation below shows the calculation of the node . i. 

.Eloc =
1
n

∑

i∈N

Eloc,i =
1
n

∑

i∈N

∑
j,h∈N,j �=i aijaih[djh(Ni)]−1

ki(ki − 1)
(4) 

Degree: One of the most direct and fundamental metrics of the networks, 
it denotes the number of direct connections linked to each node, which reflects 
the node’s centrality and influence within the network. The following equation 
shows the calculation of the degree of node i, by calculating the number of non-
zero elements in the corresponding row or column of the connectivity adjacency 
matrix. 

.ki =
∑

j∈N

aij (5) 

The application of these graph theory metrics allows us to uncover significant 
aspects of the network’s topology and functionality, enhancing the understanding 
of how brain networks correlate with psychological and behavioral processes. 

An adjacency matrix was constructed for each frequency band by using coher-
ence values as edge weights. We applied a proportional threshold to the weighted 
adjacency matrix to retain the top 10% strongest connections, thereby ensuring 
network sparsity and comparability across subjects. 

We further calculated the graph theoretical measures to characterize the 
topological properties of the networks. The analysis was conducted using the 
Brain Connectivity Toolbox in MATLAB [ 25] The following measures of complex 
networks were conducted: local coefficient and the degree. 

2.7 Statistical Analysis 

In the analysis of behavioral data, a two-tailed independent t-test was employed 
to compare reaction times (RT) across two emotional prosody conditions in two 
distinct groups. 

For the ERP analysis, separate Analyses of Variance (ANOVAs) were con-
ducted across different regions of interest (ROIs), focusing on various ERP 
components and measures. Specifically, ERP data corresponding to one feature 
from a selected component within an ROI underwent a 2. × 2 repeated measures 
ANOVA. This analysis included two within-subject factors, namely emotional 
valence (Happy and Angry), and two between-subject factors (Group: Music 
and Non-Music). This procedure was replicated for each combination of feature, 
component, and ROI.
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For the PSD (Power Spectral Density) and local coefficient data, which did 
not satisfy the assumptions of normal distribution, the Mann-Whitney U test 
was applied. In contrast, the comparison of local efficiency between groups was 
performed using a t-test. Additionally, the distribution of network degrees was 
analyzed using the Kolmogorov-Smirnov (K-S) statistic. 

3 Results 

3.1 Behavioral Results 

As Figure 2(a) shows, the two groups completed the tasks with accuracy rates 
exceeding 90%, and no significant dif-
ferences were observed(Music: .M = 0.93, SD = 0.24; Non-music:  . M = 0.95,
SD = 0.22). The response time data failed to reveal any interaction between 
group and prosody emotions, however, the independent .t − test detected a sig-
nificant group difference in reaction time as shown in Figure 2(b). Specifically, 
the music group showed a longer reaction time compared with the non-music 
group .(F (1, 3328) = 65.64, p < 0.001). 

Fig. 2. Response accuracy and response time in music and non-music groups. ** Indi-
cate . p < 0.001

3.2 ERP Results 

Separated two-way repeated ANOVA was conducted for each component to 
investigate the effects of prosodic emotions and musical experience. The P50, 
P200, N200, P3a, P3b, and P600 components were focused on the analysis and 
were quantified as mean amplitude and peak latency. 

For the P50 component, in the left anterior region, a significant main effect of 
musical experience was detected .(F (1, 18) = 4.85, p = 0.034). Individuals with 
musical training .(M = 0.292, SD = 0.641) exhibited greater P50 mean ampli-
tudes compared to their non-musical counterparts .(M = −0.462, SD = 1.311). 
The left posterior region also revealed a significant main effect, .F (1, 18) =
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7.75, p  = 0.009, with the  musicians  .(M = −0.124, SD = 0.529) presenting 
lower mean amplitudes relative to non-musicians .(M = 0.784, SD = 1.262). In  
the right posterior region, a significant main effect was observed, . F (1, 18) =
10.41, p = 0.003. Participants with a background in music exhibited signifi-
cantly lower mean amplitudes .(M = −0.037, SD = 0.214) compared to those 
without musical experience .(M = −0.009, SD = 0.251). Analysis of P50 peak 
latency revealed a significant main effect of musical experience was observed 
in the left anterior region, .F (1, 18) = 5.652, p = 0.023. This finding indicates 
a difference in neural timing between the two groups, with the non-musician 
group displaying a delayed P50 peak .(M = 53.169ms, SD = 10.351ms) com-
pared to the musician group .(M = 46.032ms, SD = 8.593ms). Furthermore,  
the main effect of prosodic emotions on P50 peak latency reached marginal 
significance, indicating that the emotional modulation of the auditory stim-
uli has a tendency to exhibit a differential effect on the latency of the P50 
response across the sample. Specifically, for the main effect of prosodic emotion, 
.F (1, 18) = 3.242, P = 0.08, with a delayed display of peak during the Angry 
prosody condition .(M = 47.324, SD = 9.872) than the Happy prosody con-
dition .(M = 52.578, SD = 6.192). Although these results are only marginally 
significant, it is consistent with the neuroimaging and behavioral data in pre-
vious studies which suggest that the angry stimulus captures attention faster 
[ 16]. 

The results of the P200 component also revealed no significant interaction 
effects between prosody emotions and musical experience. Similarly, no signifi-
cant main effect of prosody emotions was observed. However, the analysis did 
indicate a marginally significant main effect of musical experience on the P200 
mean amplitude in the left anterior region .(F (1, 18) = 2.895, p = 0.097). Specif-
ically, the group with musical experience exhibited a mean amplitude of 1.048 
with a standard deviation of 1.217, while the non-musical group had a mean 
amplitude of 0.198 with a standard deviation of 1.763. A similar result was 
found in the right anterior region .(F (1, 18) = 3.845, p = 0.058). Specifically, the 
group with musical experience exhibited a mean amplitude of 0.67 with a stan-
dard deviation of 0.856, while the non-musical group had a mean amplitude of 
0.083 with a standard deviation of 0.969. A significant main effect of the group 
was found in the left posterior region .(F (1, 18) = 7.079, p = 0.011). Specifically, 
the group with musical experience exhibited a mean amplitude of -1.48 with a 
standard deviation of 1.258 while the non-musical group had a mean amplitude 
of -0.172 with a standard deviation of 1.691. 

For the N200 component, contrarily, musical experience exerted a signifi-
cant main effect in the left posterior region .(F (1, 18) = 7.079, p = 0.011), with  
musicians exhibiting a reduced N200 area amplitude . (M = −1.48, SD = 1.258)
compared to non-musicians .(M = −0.172, SD = 1.691). This suggests that 
musical training may lead to a more pronounced neural response as reflected by 
the larger N200 amplitude in musicians. These findings could implicate adaptive 
neural plasticity in auditory regions as a result of musical expertise.
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The 2. × 2 ANOVA analysis conducted on the P3a mean amplitude revealed 
no significant interaction effects between prosody emotions and musical 
experience. However, the analysis did indicate significant main effects of musical 
experience in specific brain regions. In the left anterior region, a significant main 
effect of musical experience was found .(F (1, 18) = 8.521, p = 0.006), suggesting 
that the music group exhibited a smaller mean amplitude . (M = 0.598, SD =
1.814) compared to the non-music group .(M = −0.966, SD = 1.498). The  
left posterior region also showed a significant main effect of musical experience 
.(F (1, 18) = 6.212, p = 0.017), with the music group again having a smaller 
mean amplitude than the non-music group (Music: .M = −0.028, SD = 1.456; 
Non-music: .M = 1.332, SD = 1.832). Consistent with the findings from other 
regions, right posterior regions displayed a similar pattern . (F (1, 18) = 7.85, p =
0.008), where the music group exhibited a smaller P3a mean amplitude . (M =
−0.52, SD = 1.692) compared to the non-music group .(M = 1.193, SD = 2.008). 

For the P3b component, the ANOVA analysis revealed no significant inter-
action effects between prosody emotions and musical experience. However, the 
analysis did indicate significant main effects of musical experience in specific 
brain regions. In the left anterior region, a significant main effect of musical 
experience was found .(F (1, 18) = 12.812, p = 0.001), suggesting that the music 
group exhibited a smaller mean amplitude .(M = −0.289, SD = 2.048) com-
pared to the non-music group (.M = −2.221, SD = 1.288). The left posterior 
region also showed a significant main effect of musical experience . (F (1, 18) =
15.756, p < 0.001), with the music group again having a smaller mean amplitude 
than the non-music group (Music: .M = 1.203, SD = 1.429; Non-music:  . M =
3.353, SD = 1.833). Consistent with the findings from other regions, right poste-
rior regions displayed a similar pattern .(F (1, 18) = 11.014, p = 0.002), where  the  
music group exhibited a smaller P3b mean amplitude . (M = 0.581, SD = 1.856)
compared to the non-music group .(M = 2.768, SD = 2.16). 

For the P600 mean amplitude, similarly, it indicated no significant inter-
actions between prosodic emotions and musical experience. Additionally, the 
results showed no main effect of prosodic emotions on P600 mean amplitude. 
However, there was a significant main effect of musical experience in several 
brain regions. In the left anterior regions, a substantial main effect of musical 
experience was observed .(F (1, 18) = 11.084, p = 0.002). The music group had 
a mean amplitude significantly lower than the non-music group (Music: . M =
−1.428, SD = 2.153; Non-music: .M = −3.583, SD = 1.865). A similar effect was 
found in the left posterior regions .(F (1, 18) = 10.948, p = 0.002), where the music 
group exhibited a smaller mean amplitude .(M = 2.775, SD = 1.89) compared 
to the non-music group .(M = 5.191, SD = 2.540). In the right posterior regions, 
the main effect of musical experience was also significant . (F (1, 18) = 8.164, p =
0.007). The music group had a lower mean amplitude . (M = 1.804, SD = 2.169)
relative to the non-music group .(M = 4.456, SD = 3.342). Statistical analysis 
on P600 peak latency revealed a significant main effect of music experience in 
the right anterior region .(F (1, 18) = 7.223, p = 0.011), indicating an earlier P600 
peak for the musically trained participants .(M = 572.889ms, SD = 40.348ms)
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compared to the participants without music training . (M = 616.327ms, SD =
60.805ms) (Fig. 3). 

Fig. 3. Grand averaged ERP waveform in four regions of interest: Left Anterior, Right 
Anterior, Left Posterior, Right Posterior. The red lines indicate the grand averaged 
ERP waveform of all subjects from the music group, and the blue lines indicate the 
grand averaged ERP waveform of all subjects from the non-music group. (Color figure 
online) 

3.3 PSD Results 

A series of Mann-Whitney U tests were conducted to compare the Power Spec-
tral Density (PSD) between groups of musicians and non-musicians across differ-
ent brain regions during exposure to emotional prosody conditions, specifically 
“happy” and “angry”. The PSD was analyzed within several frequency bands: 
theta, alpha, beta, and low gamma. The results revealed statistically signifi-
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cant differences between musicians and non-musicians that varied by both brain 
region and emotional prosody condition (Fig. 4). 

Fig. 4. PSD of between music and non-music groups across four frequency bands. 

In the frontal region, significant differences were observed in the Theta, Beta, 
and Low Gamma frequency bands under both happy and angry prosody condi-
tions. Specifically, for the Angry Prosody condition, the correlations were signif-
icant with .r = 0.688(p < .001) for theta band, .r = −0.806(p < .001) for beta 
band, and .r = −0.848(p < .001) for low gamma band. Similarly, for the Happy 
Prosody condition, significant correlations were also found . r = 0.806(p < .001)
for theta band, .r = −0.812(p < .001) for beta band, and . r = −0.854(p < .001)
for low gamma band. 

In the central region, notable distinctions were observed in the Theta band 
under both emotional conditions. Specifically, in the Angry Condition, the corre-
lation was moderate with .r = 0.452 (p = 0.033), while in the Happy Condition, 
it was stronger with .r = 0.66 (p = 0.001). However, significant differences in 
the Beta band were only detected in the angry prosody condition, with a cor-
relation of .r = −0.434 (p = 0.04). This suggests that the central region’s neural 
activity in the Beta band is particularly sensitive to anger-related prosodic cues 
(Table 2).
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Fig. 5. Topology maps of PSD across four frequency bands. First panel: Music Group; 
Second panel: Non-music Group. 

Table 2. Frontal region PSD analysis with the Mann-Whitney U test. 

Frequency Band Condition.U -statistic.r-value.p-value 
Theta Angry 261 0.688 . p < .001∗

Happy 281 0.806 . p < .001∗
Alpha Angry 198 0.316 0.1 

Happy 183 0.227 0.231 
Beta Angry 8 . −0.806. p < .001∗

Happy 7 . −0.812. p < .001∗
Low Gamma Angry 1 . −0.848. p < .001∗

Happy 0 . −0.854. p < .001∗

In the parietal regions, significant differences were detected across several 
frequency bands under both happy and angry conditions. For the Angry Con-
dition, there was a strong correlation in the Theta band . (r = 0.8, p < .001)
and a moderate correlation in the Alpha band .(r = 0.511, p = 0.007). For  
the Happy Condition, the correlations were similarly strong in the Theta band 
.(r = 0.854, p < .001) and moderate in the Alpha band .(r = 0.505, p = 0.008). 
Additionally, significant differences were observed in the Low Gamma band, but 
only under the Happy Condition .(r = −0.487, p = 0.01) (Tables 3 and 4).
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Table 3. Central region PSD analysis with the Mann-Whitney U test. 

Frequency Band Condition.U -statistic.r-value.p-value 
Theta Angry 150 0.452 0.033* 

Happy 174 0.66 0.001* 
Alpha Angry 119 0.182 0.385 

Happy 121 0.2 0.344 
Beta Angry 48 . −0.434 0.04* 

Happy 55 . −0.373 0.085 
Low Gamma Angry 75 . −0.2 0.344 

Happy 57 . −0.356 0.1 

Table 4. Parietal region PSD analysis with the Mann-Whitney U test. 

Frequency Band Condition.U -statistic.r-value.p-value 
Theta Angry 280 0.8 . p < .001∗

Happy 289 0.854 . p < .001∗
Alpha Angry 231 0.511 0.007* 

Happy 230 0.505 0.008* 
Beta Angry 193 0.287 0.131 

Happy 195 0.298 0.121 
Low Gamma Angry 95 . −0.292 0.126 

Happy 62 . −0.487 0.01* 

In the temporal regions, significant differences were observed in the Theta 
band for both happy and angry conditions. Specifically, the correlation was 
strong in the Angry Condition .(r = 0.832, p = 0.005) and also robust in 
the Happy Condition .(r = 0.786, p = 0.009). Furthermore, significant differ-
ences in the Low Gamma band were found exclusively in the Happy Condition 
.(r = −0.693, p = 0.029). These results underscore the temporal regions’ respon-
siveness to emotional prosody, with distinct patterns emerging across different 
frequency bands and emotional states (Table 5).
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Table 5. Temporal region PSD analysis with the Mann-Whitney U test. 

Frequency Band Condition.U -statistic.r-value.p-value 
Theta Angry 36 0.832 0.005* 

Happy 35 0.786 0.009* 
Alpha Angry 17 . −0.046 0.937 

Happy 15 . −0.139 0.756 
Beta Angry 9 . −0.416 0.225 

Happy 6 . −0.555 0.1 
Low Gamma Angry 8 . −0.462 0.17 

Happy 3 . −0.693 0.029* 

Lastly, the occipital region, although typically linked with visual process-
ing, shows a pronounced neural response to emotional prosody across multiple 
frequency bands. Significant differences were observed across the Theta, Alpha, 
and Beta bands for both emotional conditions. Noteworthy correlations were 
recorded with .r = 0.84(p < .001) for Theta, .r = 0.814(p < .001) for Alpha, and 
.r = 0.84(p < .001) for Beta in both the Angry and Happy Conditions (Table 6). 

Table 6. Occipital region PSD analysis with the Mann-Whitney U test. 

Frequency Band Condition.U -statistic.r-value.p-value 
Theta Angry 64 0.84 . p < .001∗

Happy 64 0.84 . p < .001∗
Alpha Angry 63 0.814 . p < .001∗

Happy 63 0.814 . p < .001∗
Beta Angry 64 0.84 . p < .001∗

Happy 64 0.84 . p < .001∗
Low Gamma Angry 30 . −0.053 0.901 

Happy 28 . −0.105 0.759 

Significant group differences were mainly discovered in the frontal, occipital, 
and parietal areas, specifically for the alpha and theta frequency bands as Fig. 5 
shows. 

3.4 Brain Network and Graph Theoretical Analysis Results 

For the brain network analysis, we divided the 64 EEG channels into five brain 
regions based on anatomical structures and analyzed the connectivity based on 
the five ROIs accordingly - frontal, central, parietal, temporal, and occipital 
regions. As Fig. 6 shows, there are significant differences in connection strength
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between the two groups, especially in the connections between Frontal - Central 
.(r = −0.10, p = 0.004) and Parietal - Occipital regions .(r = −0.26, p < 0.001). 

Fig. 6. Brain map of the group averaged ROIs connections. The color bar indicates 
the connection strength and ranges from . −0.2 to 0.2. (a) Music group, (b) Non-music 
group. (Color figure online) 

The results from t-tests revealed a consistently higher local efficiency in the 
music group compared to the non-music group across all emotional prosody cate-
gories. Specifically, under the anger prosody condition, the music group exhibited 
a mean local efficiency of 0.626 .(SD = 0.016), which was notably higher than 
the 0.606 .(SD = 0.017) observed in the non-music group. The t-test for this 
condition yielded a .t-value of 2.82 with a significant .p-value of 0.01. Similarly, 
in the happy prosody condition, the music group demonstrated a mean local 
efficiency of 0.62558 .(SD = 0.018), compared to the non-music group’s mean of 
0.607 .(SD = 0.015). The  .t-value for this condition was 2.71, with a .p-value of 
0.013. 

Kolmogorov-Smirnov (K-S) statistical results indicate that there is a signif-
icant difference in the degree distributions between the two groups under both 
emotional prosody conditions. Specifically, in the anger prosody condition, the 
K-S statistic is 0.093 with a .p-value of 0.002, indicating a significant difference 
between the groups, and in the happy prosody condition, the K-S statistic is 
0.091 with a .p-value of 0.003, also indicating a significant difference. 

4 Discussion 

In this study, we compared the speech prosody recognition processing in the 
group with music training and the group without formal music training. The 
ERP analysis first revealed the time course and regional activation differences 
between the groups. With the ERP analysis results, the music groups show a
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stronger response than the non-musically trained group in the anterior regions, 
while the non-music group shows a stronger response than the music group in the 
posterior regions. Such patterns were found in P50, P200, P3a, P3b, P600. This 
regional difference could be because of the differential neural engagement of the 
two groups. The anterior regions are more related to the higher-order cognitive 
functions such as executive functions, attention, and decision making while the 
posterior regions are shown to be related to the primary sensory processing. The 
relatively stronger ERP response of the music group in the anterior region may 
indicate more employment of higher order cognitive resources [ 18], while the non-
music group may rely on more basic auditory processing strategies due to the lack 
of specialized training; it is also possible that long-term music training allows the 
participants from music group assign less resource for auditory processing. As for 
the non-music group, it requires more effort and neural resources to process the 
speech emotion conveyed by prosody. Results of P50 peak latency suggest that 
musical experience is associated with faster auditory processing, as reflected in 
the earlier P50 peak latency, but only in the left anterior region. This specificity 
may reflect the influence of musical training on the neural mechanisms underlying 
auditory perception and temporal processing, which may suggest a prompter 
reaction of the musicians to auditory cues [ 11]. 

The static functional network analysis was employed to uncover the interac-
tion between brain regions over an extended period. This was done to demon-
strate how brain networks organize and deploy cognitive resources differently 
during speech prosody recognition between music and non-music groups. 

We calculated the PSD in the whole brain across conditions in two groups 
respectively, it was found that the musically trained individuals have generally 
higher PSD than the non-musically trained individuals. We further calculated 
the PSD in different anatomical brain regions and frequency bands. In theta 
band, we found a significantly higher PSD in the music group in both angry and 
happy prosody conditions across five brain regions compared to the non-music 
group. The alpha and theta frequency bands exhibit the most notable differences 
between groups across all types of emotional prosody, regardless of semantic con-
tent. The alpha frequency band, which is associated with a relaxed mental state 
and the activation of the default mode network, shows enhanced Power Spec-
tral Density (PSD) in the frontal and occipital regions. This may suggest that 
musical training may be associated with enhanced neural efficiency in process-
ing emotional prosody, as evidenced by the higher local efficiency values in the 
music group across different emotional conditions, as well as more efficient infor-
mation processing and improved attention management. Additionally, increased 
theta activity in the frontal region may indicate enhanced attentional focus and 
emotional processing [ 8, 10] (Fig. 7). 

We further analyzed the interactions between regions with the functional 
connectivity results and quantified the connectivity into graph theory parame-
ters. The results of the graph theoretical analysis showed a significant difference 
in local efficiency between the two groups regardless of the stimuli type. Local 
efficiency represents the capacity of information transfer in local connections, it
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Fig. 7. K-S statistics for the Degree in music and non-music group under different 
emotional prosody conditions. 

quantifies how well information is exchanged among the immediate neighbor of 
a given node when this node is removed. The high local efficiency observed in 
the musician group indicates that their network is capable of sustaining robust 
regional communication when responding to speech prosody. This enhanced con-
nectivity could lead to improvements in several auditory tasks, including the



86 C.-J. Gao et al.

recognition of pitch, timbre, rhythm, and emotional content in both music and 
speech. 

The Kolmogorov-Smirnov (K-S) statistical results indicate that there is a 
significant difference in the degree distributions between the two groups under 
both emotional prosody conditions. Specifically, a ‘more concentrated’ degree 
distribution in the music group suggests that some regions of the music group-
representing specific brain regions-have a highly consistent response of the brain 
communication for the speech prosody stimuli. The results can be found that in 
both emotional conditions, the music group shows a more concentrated degree, 
which may suggest that musically trained individuals may have a denser or more 
richly interconnected network in the areas of the brain that process emotional 
prosody [ 1]. 

These findings indicate that musical training is associated with distinct 
neural processing of emotional prosody. The influence of musical expertise on 
brain activity was evident in conditions of both positive and negative emotional 
valence, with some effects being consistent across emotions and others being 
condition-specific. 

5 Conclusion 

In this study, advanced neural imaging techniques, such as EEG and brain net-
work analysis, were utilized to investigate both dynamic and static processing 
of emotional prosody. Importantly, we compared the neural processing mecha-
nisms between individuals with long-term musical training and those without any 
musical background. A thorough analysis of the EEG recordings was conducted, 
revealing that musical training has a transferable effect on speech prosody pro-
cessing. This is reflected in neural adaptations characterized by less reliance on 
primary auditory resources, a more optimized neural network, and more focused 
information processing. This study provides a comprehensive examination of the 
neural mechanisms by which music training influences speech prosody process-
ing, offering unique insights for music education and neuroscience. Additionally, 
it suggests potential applications in rehabilitating language functions in clinical 
settings. 
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Abstract. The need for automatic and high-quality emotion annota-
tion is paramount in applications such as continuous emotion recognition 
and video highlight detection, yet achieving this through manual human 
annotations is challenging. Inspired by inter-subject correlation (ISC) uti-
lized in neuroscience, this study introduces a novel Electroencephalog-
raphy (EEG) based ISC methodology that leverages a single-electrode 
and feature-based dynamic approach. Our contributions are three folds: 
Firstly, we reidentify two potent emotion features suitable for classify-
ing emotions-first-order difference (FD) an differential entropy (DE). Sec-
ondly, through the use of overall correlation analysis, we demonstrate the 
heterogeneous synchronized performance of electrodes. This performance 
aligns with neural emotion patterns established in prior studies, thus val-
idating the effectiveness of our approach. Thirdly, by employing a sliding 
window correlation technique, we showcase the significant consistency of 
dynamic ISCs across various features or key electrodes in each analyzed 
film clip. Our findings indicate the method’s reliability in capturing con-
sistent, dynamic shared neural synchrony among individuals, triggered by 
evocative film stimuli. This underscores the potential of our approach to 
serve as an indicator of continuous human emotion arousal. The implica-
tions of this research are significant for advancements in affective comput-
ing and the broader neuroscience field, suggesting a streamlined and effec-
tive tool for emotion analysis in real-world applications. 
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1 Introduction 

Capturing the ground truth of dynamic human emotions is pivotal for advance-
ments in continuous emotion recognition and video highlight detection [ 3, 6, 8]. 
Traditionally, the collection of two-dimensional emotional responses, namely 
arousal and valence, has relied on subjective human annotations [ 8, 38]. However, 
the dual demands of video observation and annotation tasks impose a cognitive 
burden on annotators, which can compromise the quality of the data collected. 
Additionally, the requirement for conscious rating in such tasks may affect long-
term efficiency. These limitations pose a significant scientific challenge: Is there 
an alternative method to annotate human emotions both unconsciously and effi-
ciently? 

The technique of inter-subject correlation (ISC), derived from neuroscience, 
offers a promising approach to capturing group-level shared neural responses 
without conscious effort from participants [ 16– 18, 29]. This neural synchrony, 
reflecting the processing of emotional information in response to evocative video 
content [ 36], serves as an indicator of variations in human emotional arousal. Tra-
ditional ISC research, primarily utilizing functional Magnetic Resonance Imaging 
(fMRI), has established the reliability of this method across different cinematic 
experiences [ 16]. In contrast, electroencephalography (EEG) offers advantages 
over fMRI in terms of affordability, portability, and high temporal resolution, 
making it more applicable to real-world tasks [ 40]. Recent studies have applied 
EEG to extract ISC, but have predominantly focused on multichannel analyses 
[ 9– 11], which do not meet the practical needs of applications requiring fewer 
channels. To address this limitation, we propose a novel feature-based dynamic 
EEG-based ISC method computed on each individual channel. This approach can 
autonomously capture the continuous synchronization of brain regions among a 
population, thereby providing a potential neural-based indicators for represent-
ing the ground truth of human dynamic emotion arousal. 

In brief, the contributions of our work are as follows: 

– We reidentify two robust emotion features that are pivotal in distinguishing 
emotional states. The first feature, derived from the time domain, is the 
first-order difference (FD), and the second, from the frequency domain, is 
differential entropy (DE). 

– Utilizing an overall correlation analysis, this study demonstrates the hetero-
geneous synchronized performance across electrodes. This finding is in align-
ment with established neural emotion patterns from previous research, thus 
serving as a validation of our methodology’s effectiveness. 

– By employing a sliding window correlation technique, we illustrate the con-
sistency of dynamic ISCs across various features or key electrodes within 
each analyzed film clip. This consistency underscores the reliability of our 
method in capturing dynamic shared neural synchrony among individuals,
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triggered by emotionally evocative film stimuli. Our approach suggests signif-
icant potential to serve as an indicator of continuous human emotion arousal. 

2 Related Works 

2.1 Inter-Subject Correlation 

Inter-subject correlation (ISC) quantifies the similarity in brain responses among 
individuals exposed to the same naturalistic stimuli, such as films or sto-
ries. In the seminal work [ 17], Hasson et al. pioneered the exploration of ISC 
by demonstrating synchronous neural activity across participants during film 
viewing, not only in primary sensory areas but also in higher associative cor-
tices involved in complex cognitive functions such as face recognition. Over the 
past decades, the intuitive underlying principles of ISC have facilitated its adop-
tion across a wide range of fields, yielding significant insights into mechanisms 
of attention [ 23, 33, 35], friendship prediction [ 31], emotion [ 8, 20, 30], marketing 
[ 2, 9], memory processes [ 5, 15], video highlight detection [ 6], healthcare applica-
tions [ 14], and even interspecies comparisons [ 27]. 

Historically, the majority of ISC research utilized functional Magnetic Reso-
nance Imaging (fMRI). However, there has been a gradual shift towards incor-
porating alternative modalities such as Electroencephalography (EEG) [ 8, 9, 25], 
Electrocorticography (ECoG) [ 19], Magnetoencephalography (MEG) [ 24], func-
tional Near-Infrared Spectroscopy (fNIRS) [ 26], Electrocardiography (ECG) [ 34], 
analysis of eye movements [ 18], and other physiological signals [ 6]. Notably, Haufe 
et al. [ 19] confirmed that fMRI, ECoG, and EEG exhibit comparable repeat-
reliability across viewings, highlighting EEG’s potential for capturing shared 
neural responses with its high temporal resolution and suitability for naturalis-
tic settings due to portable equipment. 

Nevertheless, a significant gap in the literature exists regarding the practical 
implementation of ISC using EEG in real-world environments, where the use of 
a minimal number of electrodes is preferable. While past studies often employed 
multiple electrodes to enhance analysis performance [ 9, 11, 23, 35], this approach 
is less feasible in the real world, potentially limiting the broader application of 
EEG-based ISC techniques. Addressing this gap by developing methodologies 
for ISC analysis with fewer electrodes could significantly expand the utility and 
accessibility of EEG for real-world applications. By isolating the ISC analysis 
to each individual electrode, we leverage both overall and sliding window corre-
lation techniques to meticulously assess the potential of single-channel data to 
capture neural synchrony. Results demonstrate the reliability of our methodology 
in capturing dynamic shared neural synchrony, suggesting the potential to serve 
as a reliable indicator of continuous emotional arousal. This approach not only 
simplifies the hardware requirements for real-world applications but also main-
tains analytical precision, thus significantly advancing the practical deployment 
of EEG-based ISC techniques.
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2.2 EEG Feature Extraction 

Traditionally, inter-subject correlation (ISC) techniques have been applied 
directly to raw brain signals. However, in the realm of EEG-based emotion 
recognition, a variety of robust feature extraction methods have been devel-
oped. These methods have proven effective in distinguishing emotional valences 
through model training and testing. This presents a compelling case for imple-
menting feature-related ISC analysis. 

In 2013, the Differential Entropy (DE) feature was introduced [ 12], with sub-
sequent studies affirming its efficacy in representing emotional states [ 40, 41, 45]. 
A comprehensive review in 2019 [ 42] evaluated EEG features across four 
domains-time, frequency, time-frequency, and spatial-using the sparse linear 
discriminant analysis (SLDA) method across three distinct datasets (SEED, 
DREAMER, CAS-THU). This review highlighted that time-domain features, 
particularly the first-order difference (FD), exhibited superior performance in 
discriminating emotional valence. 

Motivated by these findings, our study begins with a user-dependent com-
parative analysis of features to ascertain their efficacy in extracting emotional 
information. Following this preliminary evaluation, DE and FD features are iden-
tified as particularly potent and are subsequently selected for further analysis 
in extracting neural synchrony. This approach aims to enhance the applicability 
of EEG-based single-channel ISC techniques by leveraging sophisticated feature-
based analyses. 

3 Materials and Methodology 

3.1 Dataset and Preprocessing 

The SEED EEG dataset, a publicly available affective dataset, was introduced 
by Zheng et al. [ 40]. It comprises EEG recordings from fifteen Chinese partic-
ipants (seven males and eight females; mean age: 23.27, SD: 2.37) who viewed 
various Chinese film clips designed to evoke distinct emotional valences: posi-
tive, negative, and neutral. Each participant was exposed to the same 15 clips, 
approximately four minutes each, across three separate sessions on different days. 
EEG data were captured using a 62-channel setup conforming to the Interna-
tional 10–20 system via the ESI Neuroscan system. For our study, 45 sessions 
(15 participants, three sessions each) of EEG records are analyzed to extract 
statistical shared neural responses at the population level for each film clip. 

Our analysis utilize the “Preprocessed Data” set, sampled at 200 Hz and band-
pass filtered from 0 to 75 Hz. Using MATLAB’s EEGLAB toolbox [ 7], we apply a 
notch filter between 48 and 52 Hz to eliminate electrical noise. Visual inspections 
of channel data for each session are used for the interpolation of faulty channels. 
Additionally, artifacts from eye movements and muscle contractions are isolated 
and removed through independent component analysis (ICA) implemented in 
EEGLAB.
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3.2 EEG-Based ISC 
Feature Extraction. Original features in EEG analysis are derived from the 
absolute raw values of EEG signals following preprocessing, whereas first-order 
difference features represent the differences between consecutive sample values. 
First-order difference features are particularly valuable as they capture the non-
linear dynamics of EEG signals, namely the rate of change in voltage, which is 
closely linked to emotional states [ 42]. In our ISC methodology, we introduce 
a variable, .scale, which aggregates . s sample points into a single feature point. 
This scaling allows for the analysis of shared cognitive information across vary-
ing temporal resolutions and reduces the length of the feature vectors, thereby 
decreasing storage requirements and enhancing computational efficiency. 

The equations for the original and first-order difference feature vectors for a 
single EEG record are defined as [ 32]: 

.VO(i) =
1
s

(i+1)·s−1∑

j=i·s
|x(j)| , 0 ≤ i < �N

s
�, (1) 

.VFD(i) =
1
s

(i+1)·s−1∑

j=i·s
|x(j + 1) − x(j)| , 0 ≤ i < �N

s
�, (2) 

where . i represents the index of the feature vector, .x(j) deontes the .j-th sample 
point in the EEG record, .N is the total number of samples, and . s is the scale 
factor converting . s sample points into one feature point. 

Additionally, we incorporate the Differential Entropy (DE) feature [ 12], which 
provides a quantification of the complexity or uncertainty associated with EEG 
signal frequency distributions. It has been found that the subbands of EEG 
signals are nearly subject to Gaussian distribution [ 12]. The DE feature is calcu-
lated over a fixed scale of 200 sample points, corresponding to a 1-second time 
scale at a 200 Hz sampling rate. We compute DE features using Fast Fourier 
Transform with a 1-s-long window and no overlapping window. Given that a 
series of a certain band .X follows a Gaussian distribution .N(μ, σ2), where  . μ is 
the mean and .σ2 is the variance of the distribution, the DE is defined by the 
formula: 

.VDE(i) = −
K−1∑

k=0

p(Xk) log p(Xk) =
1
2
log(2πeσ2), 0 ≤ i < �N

s
� (3) 

where . i represents the index of the feature vector, .p(x) represents the probability 
distribution of the EEG frequency amplitude values within the defined window, 
namely Gaussian distribution. This fixed-scale analysis provides a consistent 
measure of entropy across all EEG channels, offering insights into the informa-
tional content of the signals related to emotions. In our work, we compute DE 
features for four frequency bands respectively, i.e., . δ and . θ band (1–7 Hz), . α
band (8–13 Hz), . β band (14–29 Hz), . γ band (30–47 Hz).
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Similarity Measurement. Pearson correlation coefficient (PCC) is used in ISC 
similarity measurement that was proposed by Karl Pearson. PCC can measure 
a linear association or dependence, between two continuous variables [ 29]. Given 
two random variables .X,Y and their paired N samples .x(i), y(i), i = 1, 2, 3, ...N , 
the formula of PCC is as follows: 

.PCC(X,Y ) =
Cov(X,Y )

σX · σY
=

n∑

i=1

(xi − x̄)(yi − ȳ)√
(xi − x̄)2

√
(yi − ȳ)2

(4) 

where .Cov(X,Y ) means the covariance between .X,Y , . x̄ and .σx are the mean 
and standard deviation of .x(i), . ȳ and .σy are the mean and standard deviation 
of .y(i) and .N means the number of samples. 

Overall and Sliding Window Correlation. Inter-subject correlation (ISC) 
can be computed using two distinct methodologies: overall correlation and sliding 
window correlation. The overall correlation method computes a single correla-
tion coefficient, reflecting the global similarity across the entire lengths of two 
feature vectors. In contrast, the sliding window correlation method segments the 
feature vectors into smaller, overlapping windows. For each window, a separate 
correlation is computed, resulting in a sequence that illustrates temporal fluctu-
ations in correlation, providing insights into dynamic synchronization patterns. 
The length of this sequence is influenced by both the width of the window and 
the overlap between successive windows, which is set to 1 s in this study. 

The choice of window width is crucial and remains a subject of ongoing 
research [ 28]. In our analysis, window widths of 10 s and 70 s are utilized to ade-
quately capture brief scenes and longer narrative arcs within the films, respec-
tively. These correlation calculations are performed for each pairwise combina-
tion of subjects, across all channels and all films, resulting in a substantial dataset 
comprising 990 pairs, 62 channels, and 15 films within the SEED dataset. For 
each film and channel, sliding window correlations are averaged across all pairs 
of subjects to determine population-level synchronous responses. These correla-
tions are denoted as SW-O-ISC, SW-FD-ISC, and SW-DE-ISC for the original, 
first-order difference (FD), and differential entropy (DE) feature vectors, respec-
tively. To enhance computational efficiency, the Python library ‘taichi’ [ 21] is  
employed for parallel computation of sliding window ISC. 

The mathematical representations for the overall (. ζ) and sliding window (. ξ) 
correlations are given by: 

.ζf,ci,j = PCC(V f,c
i , V f,c

j ), (5) 

.ξf,c(k) =
1

M∗
∑

i,j

PCC(vf,c
i (k), vf,c

j (k)), (6) 

where .i, j represent participant indices (.1 ≤ i ≤ M, i < j ≤ M , with .M being the 
total number of participants), .f, c denote film and channel indices respectively,.



Potential Indicator for Continuous Emotion Arousal 95

.vf,c
i (k) represents the segmented feature vector in the . kth window. .M∗ signifies 

the total number of pairwise comparisons. 

4 Experiments and Results 

4.1 EEG Feature Classification and Selection for Effective Emotion 
Representation 

Table 1. User-dependent recognition accuracy(%) of different feature extraction meth-
ods on SEED. 

Feature Original FD Hjorth NSI PSD DE 
Acc 66.18 87.96 83.27 47.09 77.67 82.46 

In the field of EEG-based emotion recognition, features in the frequency domain 
have been widely used, such as power spectral density (PSD) and differential 
entropy (DE) [ 1, 22, 40, 45],. However, a recent study [ 42] have showed that fea-
tures in the time domain, such as the first difference, exhibit superior discrim-
inative power in differentiating emotional valence compared to their frequency 
domain counterparts. 

To further explore the discriminative capabilities of these features, we con-
ducted an experiment using the SEED dataset, employing the linear kernel Sup-
port Vector Machine (SVM) classifier. We select four time-domain features for 
evaluation: the original feature, the first-order difference (FD) feature, the Hjorth 
parameter, and the non-stable index (NSI). Additionally, we include PSD and 
DE from the frequency domain for comparative analysis. A detailed description 
of these feature extraction methods is available in [ 42]. 

The study employs a user-dependent training strategy, configuring one clas-
sifier per subject. Each EEG record, approximately four minutes in duration, is 
segmented into 1-s samples from which features are extracted. A five-fold cross-
validation approach is utilized for training and testing the classifiers, with data 
shuffling prior to model fitting to enhance performance. Hyperparameter opti-
mization is conducted through nested grid search, with the SVM’s gamma and 
C parameters ranging logarithmically from .2−4 to . 24, each fold independently 
selecting optimal parameters. 

Results, summarized in Table 1, reveal that the FD feature achieved the 
highest classification accuracy at 87.96%, surpassing other features significantly, 
with a notable 5% improvement over the frequency domain feature, DE. It is 
important to note, however, that certain features may exhibit enhanced perfor-
mance with alternative classifiers instead of the linear kernel SVM, such as those 
employing non-linear kernels. In brief, these results underscore the potential of 
FD and DE features in effectively capturing nuanced emotional information from 
EEG data.
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Fig. 1. Heterogeneous synchronized performance of electrodes. A and B illus-
trate the synchronized percentage of each electrode with overall correlation on different 
scales of FD feature or different bands of DE feature. After Family-Wise Error Rate 
(FWER) Bonferroni correction for multiple comparison across films, pairwise subjects, 
and channels three dimensions, we calculate the percentage of significant correlations 
across films and pairwise subjects using the adjusted . p values of correlation (.p < 0.05). 
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Fig. 2. Additional views of synchronized percentage for overall correlation. 
A and B show the montage views of three emotion valences on FD, scale = 20 and 
DE 30–47 Hz, scale = 200 respectively. C and D depict the synchronized percentage on 
each pairwise subject. E and F plot the synchronized percentage for each film. 

4.2 Heterogeneous Synchronized Percentage of Electrodes 
on Overall ISC 

We apply the overall correlation to EEG features from identical electrodes, 
assessing their synchrony to preliminarily evaluate the viability of single-
electrode EEG-based Inter-Subject Correlation (ISC). First-order Difference
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(FD) and Differential Entropy (DE) features are employed to compute ISC. 
Our findings reveal that electrodes near the temporal lobe exhibit the stronger 
ability to capture global synchrony, with consistent performance across various 
scales of the FD feature and different frequency bands of the DE feature. 

For each film clip and each pair of subjects, we correlate two complete fea-
ture vectors from the same channel to obtain a . p value. This process results in 
a multi-dimensional .p-value tensor (.F × P × C), where . F denotes films, . P indi-
cates pairwise subjects, and .C represents channels. Each scale of FD features 
and each band of DE features correspond to a specific .p-value tensor. We apply 
a Family-Wise Error Rate (FWER) Bonferroni correction to the .p-value tensor 
to address multiple comparisons. Following Hasson et al. [ 17], we use the ‘syn-
chronized percentage’ as a metric for synchronization performance, calculated 
as the proportion of significant correlations (.p < 0.05) across channels, pairwise 
subjects, or films. This metric reflects the intensity of shared cognitive activity. 

Our analysis across all scales of FD features and the .β, γ bands of DE fea-
tures shows a heterogeneous yet consistent spatial pattern among the electrodes 
(Fig. 1-A B). Electrodes near the bilateral temporal lobes are notably effective in 
capturing shared information processing related to emotions, a finding corrob-
orated by other studies in EEG-based emotion recognition [ 39, 43, 45]. Similar 
patterns are observed for films with different emotional valences (Fig. 2-A B), 
underscoring the consistency of these spatial patterns. 

Moreover, films with a ‘happy’ emotional valence tend to evoke stronger 
shared neural synchrony, suggesting a greater potential of such films to engage 
audiences similarly (Fig. 2-A B). Additionally, both FD and DE features show 
synchronization across many pairwise subjects, confirming that the observed 
overall synchronization is not limited to a few pairs but is rather widespread 
(Fig. 2-C D). The consistent induction of neural synchrony by each film, albeit 
with varying potentials linked to different valences, further supports our find-
ings (Fig. 2-E F). Besides, the montage view plots are improved based on 
mne.channels.DigMontage.plot [ 13]. 

4.3 Validating the Reliability of Dynamic ISC 

In this section, we employ the sliding window correlation technique (Fig. 3-A) 
to analyze the dynamic shared neural responses across participants at criti-
cal electrodes (FT7, FT8, TP7, TP8, T7, T8). We calculate the mean corre-
lation coefficients derived from the dynamic inter-subject correlation (ISC) of 
emotion-related features or key electrodes to assess the reliability of our meth-
ods. Our findings reveal that the similarity of different dynamic ISCs exhibits 
significant performance across all film categories and both window sizes, par-
ticularly for ‘happy’ films. This suggests that consistent dynamic synchronous 
neural responses to stimuli can be effectively captured through single-electrode 
sliding window correlations, underscoring the potential of this method to repre-
sent group-level emotional arousal triggered by the films.

https://mne.tools/0.21/generated/mne.channels.DigMontage.html?highlight=montage
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Fig. 3. Case comparison of the dynamic ISCs at electrodes T7 and T8. A. 
The illustration of computing one dynamic ISC between one pairwise subject. B and 
D The example dynamic ISCs of SW-O-ISC and SW-FD-ISC on the electrodes T7, T8 
for the first film clip in SEED. C. A scene from the first film clip corresponding to the 
window at the first peak. 

We begin with a comparative analysis of the dynamic ISC at electrodes T7 
and T8 using sliding window correlations with original inter-subject correla-
tion (SW-O-ISC) and first-difference inter-subject correlation (SW-FD-ISC) at 
a scale of 20, focusing on the first film from the SEED dataset (Fig. 3-B D). The 
grey dotted lines in the plots indicate the highest correlation coefficient for SW-
O-ISC. Notably, many instances in SW-FD-ISC exceed this benchmark. This 
comparison demonstrates that SW-FD-ISC provides smoother, stronger, and 
more consistent responses than SW-O-ISC, highlighting its efficacy in capturing 
emotion-related dynamic ISC at pivotal electrodes. Additionally, we illustrate a 
10-second scene corresponding to the first peak in SW-FD-ISC, which coincides 
with a humorous moment eliciting significant emotional arousal in the audience 
(Fig. 3-C). 

Further comprehensive comparisons of dynamic ISCs across different 
emotion-related features or several key electrodes are conducted. In each film 
clip, various scales of first-difference (FD) features and the . β or . γ bands of dif-
ferential entropy (DE) features are employed to extract population-level dynamic 
synchronous responses at each key electrode. The significance of coefficients in 
each dynamic ISC is assessed using the Wilcoxon signed-rank test with adjust-
ments for multiple comparisons via the Benjamini-Hochberg False Discovery 
Rate (FDR) [ 4]. Only significant coefficients are color-coded, and Z-score nor-
malization is employed prior to comparing the performance of dynamic ISCs. 
In the first film, significant peaks are consistently observed in dynamic ISCs at 
window 10, indicating the reliable capture of fine-grained and emotion-related 
information (Fig. 4-A B). Moreover, dynamic ISCs at window 70 consistently
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Fig. 4. The consistent dynamic ISCs on both 10 and 70 window sizes. A and 
C show the dynamic ISCs across features on the electrode T7, window size 10 s or 70 s 
respectively. B and D illustrate the dynamic ISCs across key electrodes, window size 
10 s or 70 s respectively. The significance of coefficients in each dynamic ISC is assessed 
using the Wilcoxon signed-rank test with adjustments for multiple comparisons via 
the Benjamini-Hochberg False Discovery Rate (FDR). Only significant coefficients are 
color-coded. E and F depict the mean correlation coefficients of dynamic ISCs across 
features (with the electrode T7) or channels (with FD, scale = 20) under category 
view. Results with other configurations have similar performance and are not shown 
for brevity. The significance of each category is tested using one-sample t-tests against 
a threshold of 0.2. 

capture all significant variations in shared responses, suggesting the presence of 
similar cognitive activities among the audience on a larger scale (Fig. 4-C D). 

To assess the performance across all film clips, we calculate the mean correla-
tion coefficients for each individual film clip, categorizing them by movie emotion 
labels, each category containing five clips. These coefficients are derived by aver-
aging the pairwise correlations of dynamic ISCs across various features or key 
channels. We evaluate the significance of these means using one-sample t-tests 
against a threshold of 0.2. The resulting box plots for each category demonstrate 
significant performance, affirming that the similarity among dynamic ISCs for 
film clips within each category is substantial (Fig. 4-E F). Particularly notewor-
thy are films in the ‘happy’ category, which display mean coefficients approach-
ing 0.8. This suggests that these films are exceptionally effective at engaging
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the audience and eliciting synchronized neural responses, indicative of strong 
emotional engagement. 

5 Discussion and Conclusion 

In this study, we explore the viability of using EEG-based inter-subject correla-
tion (ISC) for automatic and unconscious emotion annotation. With a particular 
focus on reducing the number of electrodes required, we have developed a novel 
single-electrode and feature-based dynamic ISC method. The contributions of 
our work are threefold: (1) We reidentify two effective emotion features, one 
from the time domain and one from the frequency domain: first-order differ-
ence (FD) and differential entropy (DE). (2) We utilize the overall correlation 
to demonstrate the heterogeneous synchronized performance of electrodes. This 
performance is consistent with neural emotion patterns identified in previous 
research, providing a validation of our method’s effectiveness. (3) Applying a 
sliding window correlation, we illustrate the similarity of dynamic ISCs across 
various features or key electrodes for each film clip. This indicates the relia-
bility of our method in capturing consistent dynamic shared neural synchrony 
among individuals induced by evocative film clips, highlighting its potential as 
an indicator of human continuous emotion arousal. 

Our findings on the temporal lobe’s dominance in neural synchrony are 
consistent with a breadth of multidisciplinary literature, encompassing neuro-
science and affective computing. Neuroscientists, such as Vytal and Hamann 
[ 39], using functional Magnetic Resonance Imaging (fMRI), identified distinct 
activation patterns associated with basic emotions in specific brain regions: hap-
piness primarily activates the right superior temporal gyrus (STG) and left ante-
rior cingulate cortex (ACC), while sadness is primarily associated with the left 
medial frontal gyrus (medFG). Furthermore, several studies have employed EEG 
and computational models to delineate spatial distribution patterns of emo-
tional responses. Critical emotion patterns located at the temporal lobe have 
been observed through various methods, including DE feature frequency bands, 
weight distributions of deep belief networks [ 40], average energy distributions 
[ 44, 45], spatio-temporal feature characteristics by contrastive learning intracra-
nial seizure analysis (CLISA) [ 37], and gradient visualization of a teacher-student 
model [ 43]. These findings collectively underscore the integral role of the tempo-
ral lobes in brain emotion functions. The heterogeneous electrode performance 
observed in our results aligns with these established spatial patterns of emotions. 
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Abstract. Precise measurement of emotion is a key challenge in understanding 
human emotion and developing emotional artificial intelligence. Most existing 
studies have regarded participants’ emotional annotations in interval form as the 
ground truth of their emotional experience. However, recent studies suggest that 
the ordinal forms of emotional annotation better represent the emotional exter-
nalization process, offering a promising approach for precise emotion measure-
ment. In this study, we explored the neural basis of multivariate ordinal emo-
tion representations using a video-elicited EEG dataset (n = 123). We conducted 
inter-situation representational similarity analysis (RSA) and inter-subject RSA 
to reveal the EEG substrates of emotion variations and individual differences, 
respectively. Our findings indicate that both inter-situation and inter-subject vari-
ations in EEG features are better explained by ordinal emotion representations 
than by interval ones, supporting the ordinal nature of emotion from a neural per-
spective. Besides, multivariate ordinal representations showed better inter-subject 
reliability and higher representational similarity with EEG features compared to 
univariate counterparts, highlighting the co-occurrence nature of human emotions. 
Taken together, these findings demonstrate that multivariate ordinal emotion rat-
ings provide a more accurate measure of emotional ground truth, which is crucial 
for enabling machines to precisely understand and express human emotions. 

Keywords: Multivariate Ordinal Emotion Representations · EEG · 
Representational Similarity Analysis · Emotional Artificial Intelligence 

1 Introduction 

Understanding human emotions and accurately measuring them is a fundamental chal-
lenge in both psychological research and the development of emotional artificial intel-
ligence (AI). Emotional AI, which aims to enable machines to recognize, interpret, and
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respond to human emotions, holds significant promise for enhancing human-computer 
interaction, improving mental health diagnostics, and fostering empathetic technologies. 
The pursuit of precise emotion measurement is crucial for advancing these applications 
and ensuring that emotional AI can effectively understand and interact with human 
emotional states. 

Current methods for measuring emotions still have notable limitations, primarily due 
to the prevalent use of interval measurement approaches [1]. Interval data is problematic 
for subjective constructs like emotions because it can misrepresent the true emotional 
state. This misrepresentation occurs because emotions are inherently relative rather than 
absolute, making absolute interval traces inaccurate [2, 3]. Treating interval data as 
nominal data introduces biases, taking researchers further away from the underlying 
ground truth. For instance, dichotomized labels from interval data can cause issues 
where similar samples around the boundary are placed in different classes, leading to 
inaccuracies. Additionally, interval measurements often show low reliability, especially 
in dynamic scenarios where emotions change over time [3]. The absolute differences in 
interval scores lack value and stability [2, 4], as participants’ scores largely depend on 
the relative comparison between current and past experiences, rather than an absolute 
scale. These shortcomings highlight the need for more accurate methods of emotion 
annotation. 

Recent studies have suggested that ordinal measurement methods may provide a more 
accurate reflection of emotional experiences [3]. Unlike interval ratings, ordinal ratings 
align more closely with how humans naturally perceive and express emotions, which 
are inherently comparative. Empirical studies have demonstrated several advantages of 
ordinal annotations: 1) Higher inter-rater reliability: Ordinal ratings reduce subjective 
biases and inconsistencies associated with interval scales, leading to more consistent 
ratings across different raters. 2) Stability and robustness: Ordinal measures capture the 
order of emotional intensity without assuming exact differences, making them less sus-
ceptible to distortions from extreme rating strategies [5, 6]. 3) Closer alignment with 
human perception: Ordinal data better reflects the relative nature of emotional expe-
riences, avoiding the pitfalls of misrepresenting emotional states with fixed intervals. 
These advantages suggest that ordinal emotion representations may better capture the 
underlying structure of emotional experiences and offer a promising alternative to tradi-
tional interval measurement approaches. However, the neural basis of ordinal emotion 
measurements remains not fully understood. 

Understanding the neural correlates of ordinal emotion representations is crucial for 
validating their use and integrating them into emotional AI systems. Electroencephalog-
raphy (EEG) provides a valuable tool for investigating these neural bases due to its high 
temporal resolution and non-invasive nature. By examining the EEG substrates asso-
ciated with ordinal emotion representations, we can better understand how the brain 
encodes and differentiates between various emotional states on an ordinal scale. 

Besides, while recent research has emphasized the importance of multivariate emo-
tion representation [7, 8], current ordinal measurements are often limited to single or 
bivariate representations (e.g. [9, 10]). Multivariate emotion representations can capture 
the complexity and co-occurrence of emotional experiences, allowing for a more nuanced 
and comprehensive characterization of emotional experiences [11]. For instance, studies
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have shown that emotional experiences often involve simultaneous activation of multiple 
emotions, such as feeling both happy and surprised at the same time [12, 15]. How-
ever, current ordinal measurement methods typically concentrate on single or bivariate 
dimensions, which overlooks the rich interplay between different emotional dimensions. 

In this study, we investigate the neural basis of multivariate ordinal emotion rep-
resentations using an EEG dataset with 123 participants. We conducted a comprehen-
sive examination of the reliability and validity of these ordinal representations across 
eight emotional dimensions using representational similarity analysis (RSA). Our study 
explores the EEG substrates that correspond to variations in emotional experiences across 
situation and across subjects. The findings indicate that both inter-situation and inter-
subject variations in EEG features are better explained by ordinal emotion representa-
tions, supporting the notion that emotions are inherently ordinal from a neural perspec-
tive. Additionally, multivariate ordinal representations demonstrated higher inter-subject 
reliability and greater representational similarity with EEG features than their univariate 
counterparts. 

2 Methods 

2.1 Data Acquisition and Processing 

The FACED Dataset. To validate the proposed algorithm, we used data from the 
Finer-grained Affective Computing EEG Dataset (FACED) released by Chen et al. [14]. 
The FACED dataset aims to provide fine-grained emotional computing data, offering a 
balanced classification of positive and negative aspects of emotions. 

The dataset recorded 32-channel EEG signals from 123 participants, each of whom 
watched 28 emotion-inducing video materials covering nine emotion categories: amuse-
ment, inspiration, joy, tenderness, anger, fear, disgust, sadness, and neutral emotion. 
Each category of negative and positive emotions had three video clips, while the neu-
tral emotion category had four clips. On average, these video clips were about 66 s 
long, with durations ranging from 34 to 129 s. After each video clip, subjects were 
required to report their subjective ex-periences during the video-watching session on 12 
items, which included ratings on eight emotion categories: anger, fear, disgust, sadness, 
amusement, inspiration, joy, tenderness, as well as on four emotion dimensions: valence, 
arousal, liking, and familiarity. Subjects provided ratings on a continuous scale from 0 
to 7 for each item. For the valence item, a rating of 0 indicated “very negative” and a 
rating of 7 indicated “very positive.” For the other items, 0 indicated “not at all” and 7 
indicated “very much.” The following analysis focused on the multivariate ratings on 
eight emotion categories. 

EEG Data Preprocessing. The EEG data were downsampled to 125 Hz and under-went 
bandpass filtering from 0.5 to 40 Hz using a fourth-order zero-phase-shift Butterworth 
filter. Noisy channels were identified manually by examining data variance and abnormal 
values. On average, 0.06 ± 0.26 noisy channels per trial were found in the dataset. 
These noisy channels were interpolated using the average of three adjacent channels. 
Independent component analysis (ICA) was then employed to remove ocular and muscle 
artifacts, with 2–4 components removed per subject. Finally, the data were re-referenced
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to the average of two mastoid channels. The preprocessing steps utilized Noisetools and 
Fieldtrip toolboxes. 

2.2 The Computation of Distance and Ordinal Representations 

The core hypothesis of ordinal representation is that each subject evaluates emotions in 
a relative manner. Therefore, we transform all annotations for one subject at a time. To 
extract ordinal information from the original interval annotations, we first consider the 
relative differences in each dimension of annotations to obtain the distance representation 
(Fig. 1b). Then, we remove the magnitude of differences, which is meaningless in ordinal 
representation, and retain only the sign (corresponding to the greater/lesser relationship 
in ordinal representation, Fig. 1c). The computation details are as follows. 

Fig. 1. General idea of extracting ordinal representation from interval annotations. (a). The orig-
inal annotation in interval scale. (b). Considering the relative rank on each emotion dimension. 
(c). Only preserving the rank information yields the ordinal representation. 

Distance Representation. For a participant’s annotations on E emotions across all N 
situations, Ŷ1, Ŷ2, …,  ŶN , where Ŷi ∈ RE , all annotations forms a network with N 
nodes and N × (N − 1)/2 edges. Instead of representing the emotion of each trial in 
the original emotion space, we represent the emotions by its relative position in this 
network. The position of each node in the network depends only on its relative position 
with other nodes and is independent of absolute coordinates. These relative positions 
are represented by a set of distance vectors, so we call this representation as distance 
representation. Specifically, for Ŷi, its distance representation consists of a set of distance 

vectors
{
Distij|j = 1, 2, . . . ,  i, . . . ,  N

}
, where: 

Distij = Ŷi − Ŷj (1) 

The vector Distij ∈ RE represents the distance between nodes Ŷi and Ŷj. By con-
catenating N one-dimensional distance vectors, we obtain the distance representation 
matrix Di ∈ RE×N .
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Ordinal Representation. In ordinal measurement, the specific numerical differences 
between two annotations are not meaningful. Therefore, we transform the distances into 
ordinal categories—greater than, less than, or equal to. This transformation removes 
the emphasis on the actual magnitude of differences and focuses instead on the relative 
ordering of nodes. This transformation is represented as: 

Oi,e,n = 

⎧⎪⎨ 

⎪⎩ 

−1, if Di,e,n < −tol 
1, if Di,e,n > tol 
0, else 

e = 1, 2, . . . ,  E; n = 1, 2, . . . ,  N. 

(2) 

Here, 1, 0, and  −1 are used to represent greater than, equal to, and less than in ordi-
nal measurement. The transformed matrix Oi ∈ RE×N only records the size rela-
tionship information from the distance representation, discarding the numerical val-
ues. This representation is equivalent to ordinal measurement, so we call it an ordinal 
representation. 

The parameter tol represents the error tolerance threshold [13]. In the emotion anno-
tation interface, participants often evaluate the intensity of various emotions by dragging 
sliders. Even if participants aim to provide the same annotation level, it is unlikely that 
they will drag the slider to exactly the same value. Therefore, small interval differ-
ences are considered equal during transformation. A tolerance of 0.6 was determined 
by pre-experiment to yield best inter-rater reliability, and was adopted throughout the 
study. 

To further confirm the role of tol, we also employed another ordinal representation, 
denoted as Õ, as a control without using tol. Õ is identical to O in all aspects except for 
setting tol to 0. 

2.3 Inter-rater Reliability 

Inter-rater reliability measures the degree of agreement among a group of raters [16]. It 
is widely used as a reliability test for emotion annotations. Here, we test if the inter-rater 
reliability of ordinal representations are higher than interval representations. 

Krippendorff’s Alpha. Krippendorff’s alpha is a statistical measure used to assess 
the reliability of agreement among raters. It is particularly useful in situations where 
multiple raters evaluate a set of items and provides a versatile measure that can handle 
different types of data (nominal, ordinal, interval, or ratio). It is calculated as 

α = 1 − 
DO 

De 

where DO is the observed disagreement and De is the expected agreement. Please refer 
to [18, 19] for details of the calculation. It produces a value between −1 and 1, where 
−1 indicates systematical disagreement, 0 indicates no agreement beyond chance and 1 
indicates perfect agreement.
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The Agreement of Inter-situation Similarity Matrix Across Subjects. Another app-
roach is to measure the consistency of the inter-situation dissimilarity matrix across 
subjects. A higher consistency indicates that the way a participant rates emotions across 
different situations is similar to the way other participants rate them. 

Here, we compared the inter-rater reliability between univariate and multivariate 
emotion ratings. For univariate emotion ratings, only a single dimension of emotion 
ratings or its derived ordinal representations was used to calculate inter-rater reliability. 
In contrast, for multivariate emotion ratings, all E emotional dimensions were utilized. 

2.4 Representational Similarity Analysis 

Representational Similarity Analysis (RSA) is a widely used multivariate analysis tech-
nique in cognitive neuroscience, aimed at quantifying and comparing information rep-
resentations in the brain or computational models. RSA characterizes representations 
in a brain region or computational model by constructing a distance matrix of response 
patterns, revealing which differences between stimuli are emphasized and which are 
attenuated [20]. 

Here, we conduct two types of RSA (Fig. 2). One is based on inter-situation simi-
larity, in which we compare the inter-situation similarity patterns of neural signals with 
different emotion ratings. This analysis aims to test if the inter-situation differences of 
emotion ratings have underlying neural substrates. The other is based on inter-subject 
similarity, where we compare the inter-subject similarity patterns of neural signals with 
the inter-subject similarity of emotion ratings. This analysis aims to test if the inter-
subject discrepancy of the ratings can be reflected in the inter-subject difference of 
neural activities. 

Fig. 2. The overall illustration of inter-subject representational similarity analysis (RSA) and 
inter-situation RSA.
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Inter-situation Representation Similarity Analysis. In the Inter-situation represen-
tation similarity analysis, for a specific participant, a set of Inter-situation similarity 
matrices is generated based on their emotion annotations across all situations. Similarly, 
another set of inter-situation similarity matrices is generated based on their neural signals 
across all situations [8]. 

Inter-situation Similarity Matrix of Emotion Ratings. Here, we denote Ssit i ∈ Rv×v 

standing for the Inter-situation similarity matrix of emotion annotations for participant i. 
It is computed from the annotations across all situations for that participant, Ri ∈ Rv×E , 
where v corresponds to the total number of situations (i.e., videos) in the experiment. 

Specifically, Ri ∈ Rv×E is L2-normalized along the situation dimension to obtain 
normalized annotations R(1) 

i ∈ Rv×E . Next, the annotations are multiplied by their own 
transpose to obtain the Inter-situation similarity matrix of emotion annotations: 

Ssit i = R(1) 
i R(1)T 

i 
i = 1, 2, . . . ,  u 

, (3) 

where u is the total number of subjects. Each element of the similarity matrix represents 
the cosine similarity value between the annotations of two situations (Fig. 3). 

Fig. 3. Pipeline of Inter-situation RSA (above) and inter-subject RSA (below). Blue cubes stands 
for similarity matrices of EEG, while green squares stands for similarity matrices of annotation. 

Inter-situation Similarity Matrix of Neural Signals. The computation process for neural 
signals is in general similar to the previous part. The Inter-situation similarity matrix of 
neural signals for participant i, S̃sit i ∈ Rv×v×M×B is computed from the EEG features of 
that participant, Xi ∈ Rv×M×B, where M is the number of channels and B is the number 
of frequency bands. 

Specifically, the signals are filtered into five frequency bands: Delta: 0.5–3 Hz, Theta: 
4–7 Hz, Alpha: 8–13 Hz, Beta: 14–29 Hz, Gamma: 30–47 Hz. Next, frequency domain 
features widely used in emotion analysis are extracted, including Differential Entropy 
(DE) and Power Spectral Density (PSD). The feature matrix is denoted as Xi ∈ Rv×M×B.
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Difference between each feature dimension is computed to obtain the inter-situation 
similarity matrix of neural signals: 

S̃sit i,v1,v2,m,b =
∣∣Xi,v1,m,b − Xi,v2,m,b

∣∣
i = 1, 2, . . . ,  u; m = 1, 2, . . . ,  M ; b = 1, 2, . . . ,  B 

(4) 

where S̃sit i ∈ Rv×v×M×B reflects the multi-situation neural response pattern of participant 
i. Each element of S̃sit i corresponds to the difference of an EEG feature between two 
situations. 

Here we compute the average inter-situation similarity matrix of ratings across all 
participants, obtaining ssit_rating ∈ Rv×v, and the average inter-situation similarity matrix 
of EEG features for all participants, obtaining ssit_neural ∈ Rv×v×M ×B. For each channel 
m and frequency band b, we compute the correlation coefficient between its neural 
similarity matrix and rating similarity matrix: 

rsit m,b = pearson_corr
(
ssit_rating, ssit_neural :,:,m,b

)
, 

m = 1, 2, . . . ,  M ; b = 1, 2, . . . ,  B 
(5) 

rsit ∈ RM×B encompasses the inter-situation neural-rating consistency across all chan-
nels and frequency bands, representing the neural substrates of different emotion 
experiences. 

Inter-subject Representational Similarity Analysis. The work of inter-subject RSA 
is generally symmetrical to inter-situation RSA, except that the calculation dimension of 
similarity matrices is changed from situation dimension to subject dimension. In inter-
subject RSA, for a specific situation, a set of inter-subject similarity matrices is generated 
based on the emotional annotations of all subjects. Another set of inter-subject similarity 
matrices is generated based on the neural signals of all subjects [21]. The correlation 
between the two is used to charaterize the correspondence between the inter-subject 
variance of ratings and inter-subject difference of neural signals. 

Inter-subject Similarity Matrix of Emotional Annotations. The inter-subject similarity 
matrix of situation j is denoted as Ssub j ∈ Ru×u, where u is the number of subjects. This is 

calculated based on the rantings of all subjects in this situation Rj ∈ Ru×E . Similarly, Rj is 

L2-normalized along the E dimension to obtain the normalized annotation R(1) 
j ∈ Ru×E . 

Next, the annotation is multiplied by its transpose to obtain the inter-subject similarity 
matrix of emotional annotations: 

Ssub j = R(1) 
j R(1)T 

j , j = 1, 2, . . . ,  v (6) 

Ssub j ∈ Ru×u reflects the multi-subject emotional annotation patterns for situation j. 

Each element of Ssub j represents the cosine similarity of the annotation vectors given by 

two subjects for situation j. Ssub ∈ Rv×u×u was averaged over the situation dimension 
to obtain the rating similarity matrix ssub_rating ∈ Ru×u.
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Inter-subject Similarity Matrix of Neural Signals. The inter-subject similarity matrix of 
neural signals across all situations, ssub_neural ∈ Ru×u×M×B, is obtained from the EEG 
features of all subjects in all situations, denoted as X total ∈ Ru×v×M×B. For situation j 
and subjects i1, i2, the computation is as follows: 

S̃sub i1,i2,j,:,: =
∣∣∣X total i1,j,:,: − X total i2,j,:,:

∣∣∣
i1, i2 = 1, 2, . . . ,  u; j = 1, 2, . . . ,  v 

. (7) 

Here, S̃sub i1,i2 
∈ Rv×M×B represents the neural dissimilarity between subject i1, i2 cal-

culated regarding v situations, M channels and B bands. Then average along situation 
dimension, yielding the average neural similarity matrix ssub_neural ∈ Ru×u×M×B. 

The matrices ssub_rating ∈ Ru×u and ssub_neural ∈ Ru×u×M×B reflect the inter-subject 
variability patterns across all situations in neural activity or ratings, i.e., inter-subject 
differences. Here, for each channel m and frequency band b, we calculate the correlation 
coefficient between its neural similarity matrix and the rating similarity matrix: 

rsub m.b = pearson_corr(ssub_rating, ssub_neural :,:,m,b ) 

m = 1, 2, . . . ,  M ; b = 1, 2, . . . ,  B 
(9) 

rsub ∈ RM ×B represents the correlation of inter-subject ratings’ difference and EEG 
features’ difference. 

3 Results 

3.1 Inter-rater Reliability 

For inter-rater reliability test, ordinal representation O(0.425 ± 0.159) has a higher Krip-
pendorff’s alpha than the original interval ratings Ŷ (0.409 ± 0.154) (Fig. 4a). Besides, 
the inter-situation similarity matrix of the ordinal representation O showed significantly 
higher inter-subject consistency than interval ratings Ŷ (Fig. 4b). The ordinal representa-
tion without tolerance Õ yields inconsistent performance on these two criteria, indicating 
the importance of introducing tolerance into ordinal representations. 

Multivariate emotion representations exhibit higher inter-subject reliability com-
pared to single-variate representations, regardless of the specific single-variate emotion 
used and the similarity algorithm applied (Fig. 5). 

3.2 Neural Substrates of Ordinal Emotion Representations 

In the inter-situation RSA, regardless of which frequency domain features are used, both 
O and Õ representations significantly outperform Ŷ representations (Fig. 7a, left bars). 
There’s a same situation for the inter-subject RSA (Fig. 7b, left bars).
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Fig. 4. The reliability result. (a). The reliability according to Krippendorff’s alpha under different 
representations. (b). The pairwise similarity of inter-situation similarity matrices under cosine 
similarity. 

Fig. 5. Inter-subject reliability based on inter-situation RSA of single-variate and multivariate 
emotion annotation, under 3 different representations. Shown in figure is the case where ‘joy’ 
dimension is chosen as the single-variate, and similarity is based on cosine similarity. Under any 
chosen single-variate and any similarity metric, the results are consistently similar to the shown 
case. 

Multivariate emotion representations consistently exhibit higher correlation with 
neural signals (Fig. 6). Overall, in the two reliability indicators and two validity indica-
tors used in this study, the ordinal representation consistently outperformed the origi-
nal annotations. On the other hand, the multivariate representation consistently outper-
formed the single-variate annotations. This further confirms that significant emotional 
characteristics of individuals may be hidden within multivariate emotional structures, 
and multivariate ordinal representation is a promising approach to measure the emotion 
states. 

In both inter-situation RSA and inter-subject RSA, we performed RSA between 
each EEG component across channels and frequency bands with the emotion anno-
tations. The resulting correlation coefficients represent the consistency between each
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Fig. 6. The maximum correlation coefficient between EEG signals and ratings of single-variate 
and multivariate emotion annotation, under 3 different representations. (a). validity based on inter-
situation RSA. In the upper plot, DE is selected as the EEG feature, while in the lower plot, PSD 
is used. (b). validity based on inter-subject RSA. In the upper plot, DE is selected as the EEG 
feature, while in the lower plot, PSD is used. 

EEG component and the emotion annotations. Here, we present the spatial distribution 
of the correlation coefficients for each frequency band using brain topographic maps. 
These patterns correspond to the neural basis of the emotion annotations under different 
representations. 

Figure 7 shows the spatial patterns of correlation analysis in inter-situation RSA and 
inter-subject RSA. Regardless of the feature (DE or PSD) or representation used, the 
brain activities most correlated with emotional representations are concentrated in the 
temporal area at high frequency bands (beta, gamma bands). Furthermore, under the 
ordinal representation, the correlation in this region and frequency band is higher than 
under the interval representation.
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Fig. 7. The neural representation and the maximum correlation coefficients in (a). Inter-situation 
RSA. (b). Inter-subject RSA. The bars at left indicates the levels of maximum r, and the corre-
sponding frequency bands and channels are shown in the bars. Shown right are the correlation 
coefficients plotted on the scalp topoplot. 

4 Discussion 

In this research, we investigated the neural basis of multivariate ordinal emotion repre-
sentations through the analysis of EEG data from 123 participants who viewed a series of 
emotion-inducing videos. Our study utilized inter-situation and inter-subject representa-
tional similarity analysis (RSA) to uncover the neural correlates of emotional variations 
and individual differences. The results revealed that ordinal representations of emotions 
better capture the neural patterns associated with emotional experiences than interval 
representations. Specifically, both inter-situation and inter-subject variations in EEG 
features were more accurately reflected by ordinal measures. Additionally, multivariate 
ordinal representations outperformed univariate ones in terms of inter-subject reliabil-
ity and alignment with EEG features. These findings highlight the importance of using
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ordinal scales for emotion measurement, providing a more nuanced understanding of 
the neural substrates underlying human emotions. 

One of the most intriguing findings of this study is the strong neural basis for multi-
variate ordinal emotion representations compared to their univariate counter-parts. This 
indicates that considering the complexity and co-occurrence of multiple emotional states 
provides a more robust measure of emotional experiences, as multivariate representa-
tions capture the simultaneous activation of different emotions, reflecting the real-world 
emotional dynamics more accurately. This aligns with the notion that human emotions 
are rarely experienced in isolation but rather as complex, intertwined states [12, 15]. 

The analysis showed that the neural substrates corresponding to ordinal emotion rep-
resentations are concentrated in specific brain regions, particularly the temporal areas, 
and are most prominent in the higher frequency bands (beta and gamma). These findings 
are consistent with previous research indicating that these brain regions and frequency 
bands are crucial for processing complex emotional stimuli [23, 24]. The higher correla-
tion between ordinal representations and neural activity in these areas suggests that the 
brain’s encoding of emotional information is more closely aligned with ordinal, rather 
than interval, scales. 

This study replicated the findings of previous research that highlighted the higher 
inter-subject reliability of ordinal emotion representations over interval ones [3, 22]. 
By extending this analysis to multivariate contexts, we discovered that multivariate 
ordinal representations exhibit even greater inter-subject reliability than their univari-
ate counterparts. This finding underscores the robustness and consistency of multivari-
ate ordinal scales in capturing emotional experiences across different individuals. The 
higher inter-subject reliability suggests that multivariate approaches can better account 
for individual differences in emotional processing, providing a more reliable measure that 
reflects the true variance in human emotional responses. Moreover, the inter-subject RSA 
results confirmed that multivariate representations better capture inter-subject variations 
in neural activities, demonstrating their effectiveness in reflecting nuanced differences 
in human emotional responses. 

These findings collectively demonstrate that multivariate ordinal emotion represen-
tations offer a superior approach to capturing the complexity of human emotions. They 
not only improve the alignment with neural data but also provide a more consistent 
framework for inter-rater reliability. This has profound implications for the develop-
ment of emotional AI, suggesting that incorporating ordinal scales and multivariate 
representations could significantly enhance the accuracy and empathy of AI systems in 
understanding and responding to human emotions. 
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1 Introduction 

Schizophrenia (SZ) is a severe psychiatry characterized by complex psychopathology [1– 
4], including positive, negative, and cognitive symptoms [5]. It affects around 0.5–1.0% 
of the population [6], but 20%–40% SZ exhibit inadequate or poor response to first-line 
antipsychotics, a condition called treatment-resistant schizophrenia (TR-SZ) [7]. TR-SZ 
can be defined as a situation in which significant improvement of psychopathology and/or 
other target symptoms has not been demonstrated despite treatment with 2 different 
antipsychotics from at least 2 different chemical classes (at least 1 should be an atypical 
antipsychotic) in the previous 5 years at the recommended antipsychotic dosages for 
a treatment period of at least 2–8 weeks [8]. Patients with TR-SZ are often highly 
symptomatic and may require extensive periods of hospital care [9] and tend to have 
a longer duration of untreated psychosis, younger age of onset, and poor pre-morbid 
functioning [10–12]. This suggests that TR-SZ may be a unique subtype of SZ. To 
guide therapeutic scheme for SZ earlier and more accurately, it is important to clarify 
the different mechanisms between TR-SZ and NTR-SZ by combining neuroimaging 
technology such as magnetic resonance imaging (MRI). 

Exploring the brain differences between TR-SZ and NTR-SZ is a challenging and 
important problem. Researchers have identified abnormal brain regions between TR-SZ 
and NTR-SZ based on single-modality analysis. Reduced connectivity between ventral 
striatum and substantia nigra, between dorso caudal putamen and thalamus, and elevated 
connectivity between dorsal caudate and medial prefrontal cortex were reported in TR-
SZ compared to NTR-SZ [13]. Compared to NTR-SZ, TR-SZ showed increased regional 
homogeneity (ReHo) in the left postcentral gyrus and decreased ReHo in the right angular 
gyrus [14], the left dorsolateral prefrontal cortex, and right superior parietal cortex [15]. 
For structural imaging, TR-SZ showed reduced gray matter volume (GMV) in the frontal 
regions, precentral, postcentral gyrus [16, 17] and hippocampus [18] compared to NTR-
SZ. TR-SZ showed less cortical volume [19] and lower cortical thickness [20, 21] in the  
frontal region compared to NTR-SZ. These previous evidences suggest that TR-SZ and 
NTR-SZ exhibit fundamental differences in both brain structure and function. 

However, most studies used either single-modality analyses or performed a multi-
modal comparison after separate analyses within each modality. In this case, the cross-
information among multiple modalities is either missing or not being fully leveraged 
to improve neuromarker identification, despite the evidence that such information is 
highly informative [22–24]. Although a recent study attempted to address this limitation 
by fusing GMV, fractional amplitude of low-frequency fluctuation (fALFF) and ReHo to 
identify modality-shared abnormal brain regions in TR-SZ, the sample size was relatively 
small (15 TR-SZ and 40 NTR-SZs were included) [25]. Other studies focused solely on 
region of interest (ROI) analysis, which may need additional prior information compared 
to data-driven fusion analysis. Multimodal fusion can jointly analyze multimodality data 
to leverage the cross-information, thereby revealing important relationships that cannot 
be detected by using a single neuroimaging modality [26–29]. 

In this study, we aimed to identify the co-varying multimodal brain network in TR-
SZ and NTR-SZ by fusing fMRI, sMRI and DTI (63 TR-SZs, 221 NTR-SZs, and 86 
HCs were included). We focused on the following two goals: (1) to identify the co-
varying multimodal brain network that distinguishing among TR-SZ, NTR-SZ and HC
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groups. (2) to evaluate the relationships between the identified multimodal pattern and 
symptoms/cognition. 

2 Methods and Materials 

2.1 Participants and Data Preprocessing 

63 TR-SZs (mean ± standard deviation age: 35.6 ± 11.5; gender: 27 male/36 female), 
221 NTR-SZs (age: 32.3 ± 9.9; gender: 58 male/163 female) and 86 HCs (age: 29.6 
± 7.1; gender: 40 male/46 female) were collected from the Affiliated Brain Hospital of 
Nanjing Medical University (NBH). The symptom severity was assessed by the Positive 
and Negative Syndrome Scale (PANSS). All subjects with TR-SZ met the criteria of 
World Federation of Societies of Biological Psychiatry (WFSBP) [8]. Participants were 
informed about the study procedures. Written informed consent was obtained from 
all participants and their legal guardians. The study was approved by the local Ethics 
Committee of the Affiliated Nanjing Brain Hospital of Nanjing Medical University (No. 
KY44, 2011). The fMRI and sMRI data were preprocessed using the SPM12 in an 
automated analysis pipeline developed at TReNDS (https://trendscenter.org/) and the 
diffusion tensor imaging (DTI) data was preprocessed by FMRIB Software Library. 
fALFF from fMRI, fraction anisotropic (FA) from DTI, GMV from sMRI were used as 
fusion input. 

Group differences were observed in age between HC and TR-SZ (p = 4.63e−04*), 
and gender among the three groups (p = 7.76e−04*). Thus, age and gender were 
regressed out prior to fusion analysis. Independent cohorts from Center for Biomedical 
Research Excellence (COBRE), Function Biomedical Informatics Research Network 
(FBIRN) and Bipolar and Schizophrenia Network of Intermediate Phenotypes (BSNIP) 
studies were used for validation. 

2.2 Multimodal Fusion 

Based on the analytic plan pointed out in the introduction, we conducted the following 
procedures: (1) multi-set canonical correlation analysis + joint independent component 
analysis (MCCA+JICA)[30] was performed to identify the co-varying multimodal brain 
networks that discriminating among TR-SZ, NTR-SZ and HC (Fig. 1a-b); (2) the corre-
lations between the identified brain networks and symptoms/cognition were calculated 
across three independent SZ cohorts (Fig. 1c). 

In unsupervised fusion, we assume that there are n multimodal datasets Xk (subject-
by-voxel, N ×L), each is a linear mixture of spatial maps Ck (component-by-voxel, M × 
L) and a corresponding mixing coefficient matrix Dk (subject-by-component, N × M ), 
where k represents the kth modality, as shown in Eq. (1). The number of components M 
was estimated based on the minimum description length (MDL) criterion [31]. 

Xk = DkCk , k = 1,2, · · ·  , n (1)

https://trendscenter.org/
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Fig. 1. Analysis framework of this study. (a): The flowchart of the MCCA + JICA fusion 
approach. (b): Group comparisons of the components’ loadings. (c): Correlations between 
cognition/symptom and the components’ loadings in independent cohorts. 

MCCA maximize the covariations among mixing matrices of each modality, as 
shown in Eq. (2). 

max
∑n 

k,j=1
‖corr(Dk , Dj)‖2 2 (2) 

Dimension reduction is first performed on Xk with principal component analysis 
(PCA), thus the signal subspace given by Yk = XkEk (subject-by-component, N × M ) 
is determined to avoid overfitting because of the high dimensionality of data (L � M ). 
Where Ek contains eigenvectors corresponding to significant (the top M highest) singular 
values. MCCA is performed on Yk by maximizing the sum of squared correlations 
(SSQCOR) among canonical variants (CVs) Dk and then we obtain the spatial maps 
Ck = pinv(Dk )Xk . 

Then joint ICA is further performed on the concatenated maps of [C1, · · ·  , CM ], to  
keep the modality linkage of the potential target components and maximize the spatial 
independence with the demixing matrix W shared by data from all modalities. Finally, 
the ICs Sk and their mixing matrices Ak are obtained in Eq. (3–4). 

W[C1, · · ·  , CM ] = [S1, · · ·  , SM ] (3) 

Xk = DkCk = (DkW
−1)Sk = AkSk , k = 1,2, · · ·  , n (4) 

2.3 Across Cohorts Validation 

To assess the generalization, the back-reconstruction [32] of the identified brain networks 
in NBH to independent cohorts was performed based on the linear projection model. 
Here, take COBRE as an example, the spatial map derived from NBH (SNBH ,k ) was used
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as the brain map of COBRE to estimate the corresponding mixing matrix for COBRE 
(ACOBRE,k ) based on Eq. (5). Where SNBH ,k and ACOBRE,k denote the spatial maps 
and the corresponding mixing matrix derived by “MCCA + JICA” for COBRE, while 
XCOBRE,k is the input feature matrix. k denotes modality. 

ACOBRE,k = XCOBRE,kpinv
(
SNBH ,k

)
(5) 

3 Results 

3.1 Multimodal Components 

MCCA + JICA was performed on TR-SZ, NTR-SZ and HC to identify the co-varying 
multimodal brain network that show significant differences among TR-SZ, NTR-SZ and 
HC (Fig. 2a, M = 32, including fALFF_IC3, FA_IC12 and GMV_IC9). The components 
identified by MCCA + JICA shown significantly group differences between TR-SZ and 
NTR-SZ (Fig. 2b, p = 3.8e−04*, p = 6.8e−04*, p = 7.1e−04* for fALFF, FA and GMV 
separately), between SZ and HC (Fig. 2c, p = 9.4e−06*, p = 3.6e−04*, p = 3.0e−06* 
for fALFF, FA and GMV separately), among TR-SZ, NTR-SZ and HC (Fig. 2d, p 
= 1.5e−08*, p = 3.0e−06*, p = 2.1e−09* for fALFF, FA and GMV separately). For 
fMRI, in the prefrontal cortex (PFC), left precuneus and anterior cingulate cortex (ACC), 
NTR-SZ showed decreased fALFF compared to HC and increased fALFF compared to 
TR-SZ. For DTI, in corpus callosum (CC), major forceps and cingulate gyrus, NTR-SZ 
showed decreased FA compared to HC and increased FA compared to TR-SZ, while in 
posterior corona radiate, NTR-SZ showed increased FA compared to HC and decreased 
FA compared to TR-SZ. For sMRI, in ACC, supramarginal gyrus, rolandic operculum, 
insula and inferior frontal gyrus (IFG), NTR-SZ showed decreased GMV compared to 
HC and increased GMV compared to TR-SZ, while in right lingual gyrus, NTR-SZ 
showed increased GMV compared to HC and decreased GMV compared to TR-SZ. 

3.2 Associations with Cognition and Symptoms 

As is shown in Fig. 3, fALFF_IC3 were positively correlated with cognitive composite 
scores (including FBIRN: r = 0.30, p = 8.3e−07* and BSNIP: r = 0.23, p = 2.2e−04*) 
across two cohorts. Besides, GMV_IC9 were positively correlated with the processing 
speed (including COBRE: r = 0.38, p = 3.0e−04*; FBIRN: r = 0.38, p = 1.6e−10* and 
BSNIP: r = 0.26, p = 2.4e−05*) and cognitive composite scores (including COBRE: 
r = 0.28, p = 0.012; FBIRN: r = 0.37, p = 6.0e−10* and BSNIP: r = 0.28, p = 
7.1e−06*) across three cohorts.
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Fig. 2. The identified ICs. (a): The spatial maps of the identified components visualized at |Z| > 

2, where the positive Z-values (red regions) means TR-SZ < NTR-SZ < HC while the negative 
Z-values (blue regions) means TR-SZ > NTR-SZ > HC. Group differences in the components’ 
loadings between TR-SZ and NTR-SZ (b), HC and SZ (c), among HC, TR-SZ and NTR-SZ (d). 
The black solid/dashed lines in (b-d) represent the median/quartile. *Significance passed false 
discovery rate (FDR) correction for multiple comparisons. (Color figure online)
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Fig. 3. Correlation analysis between the identified components’ loadings in three external cohorts 
and symptom/cognition. (*) is used to indicate results which pass FDR correction for multiple 
comparisons. 

4 Discussion and Conclusion 

This study represents the first attempt to identify a multimodal co-varying network to 
investigate differences in brain function and structure among TR-SZ, NTR-SZ and HC 
by fusing three MRI features (fALFF, FA, GMV). Two key points are worth noting. (1) 
We identified the multimodal co-varying network which show significant differences 
among TR-SZ, NTR-SZ and HC. The aberrant brain regions in the identified network 
were mainly in the central executive network (CEN) and the salience network (SAN). 
(2) The identified joint ICs were positively correlated with cognitive composite score 
and processing speed, which are replicable across several cohorts. 

One major finding was the identification of the multimodal co-varying CEN and 
SAN showing group differences among TR-SZ, NTR-SZ and HC. Dysfunction in these 
two brain networks have been widely reported in SZ [33, 34]. The current results further 
extend the previous findings that CEN and SAN also exists in explaining differential 
therapeutic resistance in SZ. Specifically, the ACC, an important node of the two net-
works, is one of the most widely investigated brain regions in SZ, showing differences in 
function [35], structure [36], and neurometabolites [37] compared to HC. In our study, 
ACC showed significant differences in both fALFF and GMV components among TR-
SZ, NTR-SZ and HC. In addition, decreased fALFF was found in PFC (an integral part of 
CEN), and decreased GMV in insula (a key node of SAN), in both TR-SZ and NTR-SZ 
compared to HC. Moreover, CC showed decreased FA in TR-SZ compared to NTR-SZ, 
in line with a previous study [38]. Overall, the identified multimodal co-varying network 
can reveal the fundamental differences in both brain function and structure among TR-
SZ, NTR-SZ and HC and TR-SZ suffer more severe impairment compared to NTR-SZ 
in the identified CEN and SAN (TR-SZ < NTR-SZ < HC).
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Another finding was the replicable positive correlations between the identified ICs 
and the cognitive scores, i.e., the lower identified components’ loadings, the worse cog-
nitive function. Notably, the abnormal CEN and SAN in the multimodal co-varying 
network has been demonstrated in previous studies that associated with cognitive func-
tion in SZ. The CEN, which has been proved to be active in task-positive tasks due to 
their effects on attention, working memory and response selection [39]. The SAN, plays 
a key role in detecting and processing of cognitive, emotional and homeostatic salience 
events [40]. Moreover, CC plays a fundamental role in integrating information and medi-
ating complex behaviors [41]. These collectively suggest that CEN, SAN and CC may 
be highly relative with the general cognitive function in SZ and further reveal the brain 
functional and structural mechanism of cognitive variation in TR-SZ and NTR-SZ. 

In summary, this study utilized an unsupervised data-driven fusion method, MCCA+ 
JICA, to identify a co-varying multimodal brain network that differentiating among TR-
SZ, NTR-SZ and HC. By fusing three modalities (fALFF, FA and GMV), this approach 
provides a novel insight into the differential therapeutic resistance between TR-SZ and 
NTR-SZ. Additionally, the multimodal network deepens the understanding of functional 
and structural mechanisms underlying the treatment resistance in SZ. To the best of our 
knowledge, this is the first attempt to identify a co-varying multimodal CEN and SAN 
to distinguish among TR-SZ, NTR-SZ and HC using a relatively larger sample size. 
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Abstract. Epilepsy impacts 65 million globally, necessitating advanced 
research for effective treatment strategies. This study evaluates the 
HMM-MVAR model’s utility in epilepsy, particularly in seizure predic-
tion and brain network analysis. Initial simulations revealed its superi-
ority over traditional HMM and HMM-TDE approaches. Utilizing the 
Helsinki EEG database, the model achieved a notable average error of 
2.759 in seizure timing prediction. Further application on sEEG data 
from TLE patients in the HUP database identified six distinct state-time 
transition sequences, providing critical insights into epileptic network 
dynamics. These results underscore the potential of the HMM-MVAR 
model in enhancing clinical epilepsy management and understanding its 
underlying mechanisms. 

Keywords: Temporal Lobe Epilepsy · Hidden Markov Model · Brain 
Network Analysis 

1 Introduction 

Epilepsy, affecting 65 million people worldwide, presents a spectrum of seizure 
types and cognitive impacts [ 11]. Understanding its neurological mechanisms is 
crucial, as recent studies link seizure events to complex interactions of ion chan-
nel mutations causing network hyperexcitability [ 17]. This knowledge is essential 
for developing effective therapeutic interventions. However, challenges persist, 
including precise localization of epileptogenic zones and managing drug-resistant 
epilepsy (DRE), which affects about one-third of patients [ 15]. Hurdles such as 
seizure type heterogeneity, varied treatment responses, and the need for per-
sonalized therapeutic approaches must be addressed. Additionally, considering 
the risk of comorbidities and long-term medication side effects is essential in 
treatment planning. 

In epilepsy research, various techniques like functional Magnetic Resonance 
Imaging (fMRI) and positron emission tomography(PET) have provided detailed 
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Q. Liu (Ed.): HBAI 2024, CCIS 2438, pp. 130–143, 2025. 
https://doi.org/10.1007/978-981-96-4001-0_9

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-96-4001-0_9&domain=pdf
http://orcid.org/0009-0007-1210-8800
https://doi.org/10.1007/978-981-96-4001-0_9


Seizure Neural Dynamics with HMM 131

images of brain activity but lack the necessary temporal resolution to fully 
capture seizures [ 18]. Magnetoencephalography(MEG) offers improved timing 
but at higher costs [ 1]. Electroencephalogram (EEG) remains a primary, non-
invasive tool for real-time monitoring despite its spatial resolution limitations 
[ 23]. Stereoelectroencephalography (sEEG), though invasive, gives accurate spa-
tial details for seizure origins [ 8]. Combined with computational methods, these 
tools enhance our understanding of seizure dynamics and aid in treatment devel-
opment [ 13]. Thalamic sEEG is being investigated for its potential in guiding 
neurostimulation therapies [ 3]. 

In clinical reality, EEG and sEEG are the key measurements in understand-
ing seizures. Signal processing methods such as wavelet decomposition reveal 
the spectral intricacies of seizures [ 19]. Machine learning methods, such as CNN, 
enable the automated detection of seizure patterns [ 2]. Data from EEG and 
MEG are used to map brain networks, aiding in surgical planning [ 4]. Deep 
learning extracts feature without traditional engineering, offering personalized 
insights [ 4]. However, challenges remain in feature extraction variability, non-
stationarity of signals, and the opacity of deep learning models, which compli-
cates clinical application [ 12]. The Hidden Markov Model (HMM) is pivotal in 
epilepsy research, adeptly mapping the brain’s electrical activity sequences noted 
in EEG and sEEG. It unravels the non-visible states and transitions in brain 
activity, addressing the challenges of signal variability and non-stationarity [ 2]. 
HMMs flexibly track the duration of these states, surpassing traditional meth-
ods limited by the assumption of signal stationarity [ 15]. For seizure prediction, 
HMMs identify crucial preictal changes, providing key temporal insights for early 
intervention [ 15]. However, the HMM model is challenged by its geometric state 
duration assumption, which may not suit the fast-switching episodic nature of 
seizures. Moreover, converting HMM’s abstract states into concrete physiological 
interpretations remains complex, affecting the practicality of the results. These 
issues highlight the demand for more refined models or supplementary methods 
to enhance accuracy in seizure detection and forecasting. 

To tackle this problem, the HMM-MAVR model advances epilepsy research 
by enhancing the traditional HMM with autoregressive features, allowing for a 
finer grasp of EEG and sEEG data. This sophisticated model captures temporal 
patterns and dynamic brain states more precisely, aiding in the nuanced inter-
pretation of neural activity and improving seizure management prospects [ 21]. 
Through variational Bayesian inference, it refines data analysis, addressing pre-
vious HMM limitations and paving the way for more precise clinical applications 
[ 20]. 

In this work, we initially used a set of simulated signals to compare the 
performance of three models: HMM, (Hidden Markov Model with Time-Delay 
Embedding) HMM-TDE, and HMM-MVAR. Preliminary conclusions indicated 
that the HMM-MVAR model better fits the target signal by comparing the min-
imum free energy of the model outputs. To further verify if the HMM-MVAR 
model can accurately describe the neurophysiological activity during an epilep-
tic seizure, we used the Helsinki scalp EEG database and designed a subtask
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to predict the timing of seizures. The HMM-MVAR model showed an average 
relative error of 2.759 in predicting seizure timing, suggesting it can accurately 
depict the neurophysiological process of seizures. We then applied the model 
for sEEG signal analysis in temporal lobe epilepsy (TLE) seizures, constructing 
the HMM-MVAR model for multiple seizures of a single patient using the HUP 
intracranial EEG database. We observed six representative state-time transition 
sequences and conducted a brain network analysis on these states, identifying 
key nodes and connections within the brain network for each state. This guides 
exploring biological markers of epilepsy and the pathways of neural electrical 
activity. 

The contribution of this work is threefold: 

1. Introduced the application of the HMM-MVAR model for brain state pattern 
analysis in epileptic seizures, confirming its capability to characterize brain 
activity in epilepsy through a subtask of seizure timing prediction on a clinical 
scalp EEG dataset. 

2. Employed the model in the stereoelectroencephalographic analysis of tem-
poral lobe epilepsy (TLE) seizures, achieving a state-time course (STC) that 
delineates six distinctive brain states from the sEEG signals of a single patient 
across multiple seizures. 

3. Clinically, the model facilitated the inference of crucial brain nodes, networks, 
and neural electrical conduction pathways across multiple seizures in the same 
patient, offering valuable insights into the neurodynamics of epileptic events, 
with implications for clinical science. 

2 Methodology 

2.1 Datasets 

Simulation Dataset. To compare the different performances of the Hidden 
Markov Model (HMM), the HMM-MVAR model, and the HMM-TDE model 
(Hidden Markov Model with Time-Delay Embedding) on simulated data, we 
utilize a data simulation platform to generate a 3-channel, 4-state time series 
with 10 trials. Each trial contains 10,000 data points to mimic actual EEG 
signals. 

Helsinki Dataset. The Helsinki scalp EEG database, compiled by Stevenson et 
al. in 2018, is a unique public resource featuring multichannel EEG data from 79 
full-term newborns, including expert-annotated epileptic seizures, from Helsinki 
University Hospital’s neonatal ICU [ 16]. 

HUP Dataset. The HUP intracranial EEG dataset features 58 patients with 
drug-resistant epilepsy, including subdural and depth electrode recordings and 
surgical outcomes [ 7, 10]. It provides interictal EEG data in ICBM152 MNI space, 
detailing epileptogenic zones, patient demographics, and treatment specifics.
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2.2 Modelling 

Helsinki EEG Data Pre-processing. The Helsinki database uses clinician 
assessments to filter EEG data, removing segments marked as seizures or with 
noise. After 1–60 Hz filtering, re-referencing, and artifact removal, data is seg-
mented into 60-s pieces with 0–10 s gaps, aiding in seizure onset prediction. 

HUP Data Pre-processing. In preprocessing HUP’s EEG, we used a 1–80 Hz 
filter and a 60 Hz notch filter to minimize interference. Seizure segmentation 
covered from onset to full signal spread, maxing at 45 s. Thus, we used 45-s 
segments for both seizure and non-seizure data for consistency. 

HMM-MVAR. The Hidden Markov Model (HMM) posits that each obser-
vation is associated with a specific state. Fox et al. [ 7] expanded on HMM by 
developing the Beta-Process Auto-Regressive Hidden Markov Model (BP-AR-
HMM), which integrates autoregressive models with HMM, using Beta Process 
for initialization. This model was further refined by [ 21] into the HMM-MVAR, 
incorporating a probabilistic framework and variational Bayesian inference for 
more effective parameter estimation. This method, particularly useful for large 
datasets due to its efficiency, updates hypotheses based on new evidence. It 
seeks to approximate the posterior distribution .q(z; θ) with .p(z | x), aiming to 
minimize the Kullback-Leibler divergence to determine the optimal parameters. 

.θ∗ = arg min
θ

KL(q(z; θ)‖p(z | x)) (1) 

The Kullback-Leibler divergence, .KL(q(z; θ)‖p(z | x)), measures the divergence 
between the two distributions .q(z; θ) and .p(z | x). This approach transforms 
the problem of solving for the posterior distribution into one of parameter opti-
mization. For the HMM-MVAR model specifically, the multi-channel EEG and 
sEEG signal is denoted as .Ot ∈ R

N , with the hidden states denoted as .Ht, 
where .t = 1, . . . , T . Assuming Gaussian noise, the observation model can be 
represented as: 

.Ot | Ht = k ∼ N
⎛
⎝∑

l∈ρ

yt−lW
(k)
l ,Σ(k)

⎞
⎠ (2) 

In the Eq. (2), . ρrepresents the lag order of the MVAR model, .W (k)
l is the AR 

coefficients matrix for state . k, and  .
∑(k) is the diagonal noise covariance matrix. 

The inverse of .
∑(k) can be modeled with a Wishart distribution, and if it is 

diagonal, a Gamma distribution is used. 

.Σ(k)−1 ∼ Wishart (l0,B0) (3) 

.�
(k)
ii ∼ Gamma (l0,B0) (4)
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The Markov dynamic probability could be represented as: 

.P (Ht = k1 | Ht−1 = k2) = Θk1k2 (5) 

.P (Ht = k1) = ηk (6) 

Among them .Θk1k2 and .ηk are the HMM-MVAR model parameters to be 
inferred, modeled using the Dirichlet distribution: 

.Θk = Dir (v0) (7) 

.ηk = Dir (ξ0) (8) 

Among these .v0 and .ξ0 are parameters inferred through the HMM-MVAR 
training process. The given text establishes a Bayesian hierarchy for controlling 
model parameters from (1) to (8). The variational Bayesian method assumes 
additional factorization within the parameter space and requires conjugate prior 
distributions for parameter inference. This approach utilizes an iterative algo-
rithm that operates on one set of parameters at a time to minimize free energy. 
The algorithm seeks to minimize a cost function known as free energy, which is 
the sum of the model’s average log-likelihood, the Kullback-Leibler divergence 
between the actual and factorized distributions, and the negative entropy of the 
factorized distribution. The overall workflow has been shown in Fig. 1. 

Fig. 1. Overall Workflow of the Proposed Method. 

3 Experiments and Results 

3.1 Model Selection: with Simulated Signals 

We utilized a data simulation platform to generate a three-channel, four-state 
time series with 10 trials, each containing 10,000 data points, to emulate real 
brain electrical signals. These signals were then analyzed using three different 
models. We compared the difference between the estimated parameters of each 
model and the true parameters of the simulated data. Additionally, we compared 
the final free energy values of each model to assess their fit and complexity.
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Table 1 displays the minimum free energy values estimated by three different 
models. From the table, it is evident that the HMM-MVAR model yields the 
lowest final free energy, indicating superior training performance, particularly 
with sparse data. Consequently, this study selects the HMM-MVAR model as 
the training model of choice. 

Table 1. Predictive Seizure Statistics 

Model Minimum Free Energy 
HMM . 1.385× 106

HMM-MVAR. 1.291× 106

HMM-TDE . 1.947× 107

3.2 Model Evaluation: Seizure Prediction with EEG 

In the model implementation, the HMM framework utilizes three hidden states, 
and the MAR model’s order is also three. Power spectral density and coherence 
between channels are estimated using parameters from a third-order MVAR 
model. A sparsity-enforcing LASSO regression technique based on the L1 norm is 
employed. This study analyzes epileptic EEG data from Patient Number One in 
the Helsinki database, partitioning the remaining data into 60-second segments 
after excluding seizure periods and corrupted segments. Additionally, the time 
interval from the end of each data segment to the onset of the next seizure 
is recorded. The segmented data were sequentially connected to form a long 
sequence, which was then modeled for neurodynamic activity using the HMM-
MVAR model. To verify the HMM-MVAR model’s decoding ability for epileptic 
EEG data, we regressed the state time series obtained from the model against 
the intervals leading to the next seizure. The scatter plot of the regression results 
is shown in Fig. 2(a). We compared the actual seizure times with the regressed 
seizure times and documented the relative error information which has show in 
Table 2. 

The connectivity matrix, based on channel coherence, displays only the top 
10% of connections by strength. The graph reveals that the connections with 
the highest coherence are concentrated in the patient’s left temporal lobe, which 
aligns with the lesion labels provided by the database. The three hidden states 
decoded by the model correspond to brain functional connectivity circular graphs 
as shown in Fig. 3. 

The graph displays the functional connectivity between channels for each 
state. From the circular graph, we can discern substantial differences in brain 
functional connections among the three states, indicating that the HMM model 
has effectively classified brain functional connectivity as reflected by the EEG 
signals. Notably, channels with dense connections in the circular graph are con-
centrated in the patient’s left temporal lobe, suggesting that during epileptic
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Fig. 2. (a) Epileptic Seizure Prediction Regression; (b) Example Brain Functional Con-
nectivity Graph at the Electrode Level for State 1. 

seizures, normal brain activity is suppressed, and the functional connection 
strength between foci of epilepsy is greater. This experiment also conducted a 
statistical analysis of the circular graphs of brain functional connectivity between 
states, with the complex network characteristics of the three states presented in 
Table 3. 

Fig. 3. Circular Graphs of Brain Functional Connectivity for Three States. 

The experiment analyzed four complex network indicators: clustering coeffi-
cient, characteristic path length, local efficiency, and global efficiency [ 14]. It is 
apparent from the graph that all four indicators for State 2 are significantly lower 
than those for States 1 and 3, indicating that the brain functional connectivity in 
State 2 has lower efficiency of information transfer and robustness against local 
node damage compared to States 1 and 3, which are common characteristics of 
brain activity during epileptic seizures. Therefore, the frequency of occurrence 
of State 2, which has poor information transfer efficiency, can serve as a basis 
for predicting epileptic seizures.
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Table 2. Predictive Seizure Statistics 

ID Actual Time Predicted Time Relative Error 
1 7 18.345 1.621 
2 9 242.389 25.932 
3 9 76.605 7.512 
4 12 38.879 2.240 
5 17 17.142 0.008 
6 19 42.052 1.213 
7 23 39.437 0.715 
8 23 26.401 0.148 
9 25 47.788 0.912 
10 28 47.274 0.688 
11 29 83.995 1.896 
12 55 89.171 0.621 
13 74 7.887 0.893 
14 92 20.910 0.773 
15 104 138.672 0.333 
16 132 45.535 0.655 
17 228 59.887 0.737 

Table 3. Complex Network Analysis of Brain Functional Connectivity Circular Graphs 

State 1 State 2 State 3 Mean 
Clustering Coefficient 0.764 0.667 0.755 0.729 
Char. Path Length 0.789 0.706 0.771 0.755 
Local Efficiency 0.764 0.667 0.755 0.729 
Global Efficiency 0.803 0.731 0.771 0.768 

3.3 Model Application: Neural Dynamics of TLE 

We analyzed sEEG data from patients with focal epilepsy in the left temporal 
lobe, selecting those with minimal artifact channels and high-quality electrodes. 
Electrode placement was based on clinical symptoms, EEG, and neuroimaging, 
tailored to individual patient needs. Due to variability in electrode configura-
tions, we focused on individual analyses, choosing patients like HUP144 with 
multiple seizures for robustness. HUP144 had 111 good channels, data from 
five seizures, and two interictal recordings. Using MNE software, we mapped 
HUP144’s electrodes, mainly in the left hemisphere due to the left tempo-
ral focus, to ICBM152 MNI space and assigned them to brain regions using 
Freesurfer [ 6], creating a functional brain partitioning map (Fig. 4(a)). To focus 
on key epileptic areas, 31 channels from rods RA, RB, and RC in HUP144’s
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dataset were used, centered around the left hippocampus as shown in Fig. 4(b). 
This selection aimed to capture the core features of the patient’s temporal lobe 
epilepsy. The experiment employed a consistent setup with six HMM states and 
a fifth-order MVAR model for spectral and coherence analysis. 

Fig. 4. (a) Electrode Placement Map for Patient HUP144; (b) Localization Map of the 
31 Channel Electrodes Enrolled for Patient HUP144. 

Post-exclusion, 111 channels remained, with data segmented into six groups 
(resected, normal, and full 31-channel set for ictal and interictal phases) for indi-
vidual HMM-MVAR modeling. Resected channels were those surgically removed, 
and normal channels were the non-resected ones on the same rods, expected to 
have stronger connections due to their proximity, as illustrated in Fig. 4(b). Anal-
ysis across these groups revealed distinct connectivity patterns, underscoring 
HMM’s capability to differentiate functional connections, as depicted in Fig. 5. 

Figure 6 shows that during seizures, connectivity in the Ep_resect group is 
focused in the lower half, near the seizure onset zone (soz) channels RA1-RA9. 
In contrast, the Ip_resect group’s interictal connectivity is more uniform, indi-
cating stabilized EEG signals and normal brain function outside of seizures. 
This highlights the model’s ability to capture the dynamic changes in brain 
activity associated with epilepsy. Complex network analysis offers a fresh per-
spective on the brain’s structure-function nexus, treating it as an intricate web 
of neural connections. This approach, leveraging cutting-edge neurotechnologi-
cal methods, sheds light on cognition, development, and pathology by evaluating 
network characteristics such as clustering and efficiency. Our research employs 
this technique for epilepsy prediction and lesion localization, utilizing data from 
six groups. Results, presented in Table 4, focus on network clustering and global 
efficiency, key indicators of interconnectivity and information transfer.
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Fig. 5. Circular Graphs of Brain Functional Connectivity for Six Experimental Groups. 

Our study shows distinct brain activity patterns through fluctuations in key 
network metrics, with interictal states displaying higher clustering coefficients 
and efficiencies than ictal states, indicating seizures’ disruptive effects on brain 
function. Particularly, the Ep_resect group exhibits more pronounced seizure 
characteristics, with minimal signal differences between normal and surgically 
altered channels due to their proximity. Interictal lesion areas show notably 
tighter connectivity, especially in the Ip_resect group. Seizures lead to reduced 
information transfer efficiency, with EEG data revealing a rapid spread of epilep-
tic activity, suppressing normal brain functions and leading to significant patient 
impacts. 

4 Discussion 

Through the application of the HMM-MVAR model to the analysis of sEEG 
signals during TLE seizures, we can draw the following conclusions: Firstly, in 
the analysis of the temporal state sequences of brain functional connectivity, the
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Fig. 6. Ep-resect Brain Functional Connectivity Map. 

state time series obtained by this method can differentiate the brain functional 
connections under different states, with each state showing significant differ-
ences in areas of dense connectivity. This indicates that the model can effectively 
identify different states of brain functional connectivity within the EEG signals, 
reflecting the model’s effective classification capabilities [ 9]. Secondly, regarding 
the specificity of brain networks during and between epileptic seizures, during 
seizure episodes, enhanced functional connectivity is observed in specific areas, 
particularly in channels corresponding to the epileptogenic zone. In contrast, a 
more uniform distribution of connectivity is observed during the interictal peri-
ods. These differences reveal significant changes in brain activity during seizures 
and a relatively stable state of brain networks between seizures [ 5]. Thirdly, in 
the transition of brain connectivity state sequences in the epileptogenic zone, 
network characteristics exhibit considerable fluctuations across different states, 
particularly during seizures, where there is a decline in all measured network 
characteristics. Notably, electrodes corresponding to the epileptogenic zone show 
an increase in brain network metrics during the interictal period, underscoring 
the distinctive role of the epileptogenic zone in brain function outside of seizure 
episodes [ 22].
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Table 4. Complex Network Metrics for Brain Functional Networks 

Measurements Conditions State 1 State 2 State 3 State 4 State 5 State 6 Mean 
Clustering Coefficient Ep_resect 0.481 0.334 0.373 0.435 0.466 0.811 0.484 

Ep_normal 0.506 0.457 0.333 0.392 0.885 0.478 0.509 
Ep_all 0.422 0.396 0.375 0.413 0.601 0.797 0.501 
IP_resect 0.897 0.846 0.880 0.303 0.885 0.661 0.745 
IP_normal 0.352 0.832 0.727 0.774 0.357 0.514 0.593 
Ip_all 0.734 0.301 0.660 0.877 0.364 0.202 0.523 

Characteristic Path Length Ep_resect 0.500 0.371 0.402 0.458 0.495 0.813 0.507 
Ep_normal 0.526 0.477 0.358 0.418 0.886 0.496 0.527 
Ep_all 0.439 0.419 0.399 0.432 0.610 0.799 0.516 
IP_resect 0.898 0.847 0.882 0.326 0.886 0.666 0.751 
IP_normal 0.371 0.836 0.733 0.779 0.376 0.525 0.603 
Ip_all 0.737 0.322 0.665 0.879 0.381 0.223 0.534 

Global Efficiency Ep_resect 0.509 0.395 0.416 0.464 0.510 0.813 0.518 
Ep_normal 0.535 0.485 0.379 0.436 0.886 0.500 0.537 
Ep_all 0.447 0.436 0.417 0.442 0.611 0.799 0.525 
IP_resect 0.898 0.847 0.882 0.342 0.886 0.666 0.754 
IP_normal 0.381 0.836 0.733 0.779 0.387 0.526 0.607 
Ip_all 0.737 0.341 0.665 0.879 0.391 0.246 0.543 

Local Efficiency Ep_resect 0.481 0.334 0.373 0.435 0.466 0.811 0.484 
Ep_normal 0.506 0.457 0.333 0.392 0.885 0.478 0.509 
Ep_all 0.422 0.396 0.375 0.413 0.601 0.797 0.501 
IP_resect 0.897 0.846 0.880 0.303 0.885 0.661 0.745 
IP_normal 0.352 0.832 0.727 0.774 0.357 0.514 0.593 
Ip_all 0.734 0.301 0.660 0.877 0.364 0.202 0.523 

Compared to past studies, this work presents the following advancements: 
Firstly, it analyzes epileptic EEG signals from the perspective of state time 
series, taking into account the transitions between different brain states dur-
ing epileptic seizures. Secondly, the model aggregates three fundamental states 
of infantile epileptic seizures and six fundamental states of intractable TLE. 
Thirdly, it analyzes the patterns of each brain state from the perspective of brain 
networks, with the ability to trace back to the epileptogenic zone through key 
network nodes. Nonetheless, this work still has the following limitations: Firstly, 
the HMM-MVAR model has only been analyzed for two types of epilepsy, infan-
tile epilepsy and intractable TLE, and the generalizability of the model needs 
to be verified. Secondly, the output of the HMM model relies on high-quality 
sEEG signal sampling, with signal quality having a significant impact on the 
results. Future research can focus on the generalizability of the model and its 
compatibility with other brain signals. In summary, this method has shown good 
fit for the characteristics of epileptic brain signals and has led to new discoveries 
in the sEEG dataset, demonstrating the potential for clinical practice.
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5 Conclusion 

In conclusion, the HMM-MVAR model applied to sEEG signals during TLE 
seizures offers valuable insights into brain connectivity dynamics. This work 
advances the field by analyzing state time series of epileptic EEG signals, consid-
ering transitions between brain states during seizures. Additionally, it identifies 
fundamental states of epileptic seizures and traces brain network patterns, link-
ing back to the epileptogenic zone. These findings have implications for under-
standing epileptic brain dynamics and may inform clinical practice. 
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Abstract. The electrical stimulation to the seizure onset zone (SOZ) 
serves as an efficient approach to seizure suppression. Recently, seizure 
dynamics have gained widespread attendance in its network propagation 
mechanisms. Compared with the direct stimulation to SOZ, other brain 
network-level approaches that can effectively suppress epileptic seizures 
remain under-explored. In this study, we introduce a platform equipped 
with a system identification module and a control strategy module, to 
validate the effectiveness of the hub of the epileptic brain network in 
suppressing seizure. The identified surrogate dynamics show high pre-
dictive performance in reconstructing neural dynamics which enables the 
model predictive framework to achieve accurate neural stimulation. The 
electrical stimulation on the hub of the epileptic brain network shows 
remarkable performance as the direct stimulation of SOZ in suppressing 
seizure dynamics. Underpinned by network control theory, our platform 
offers a general tool for the validation of neural stimulation. 

Keywords: Epilepsy · Network-Coupled Dynamics · System 
Identification · Seizure Control · Control Node Selection 

1 Introduction 

Episodes of focal epilepsy engage networks that operate at various spatiotempo-
ral scales [ 1– 3]. The epileptogenic network (EN), formed by the brain regions that 
are actively involved in the initiation of epileptic seizures, has gained widespread 
attention [ 4, 5]. The abnormal activities within specific nodes of epileptogenic 
networks typically show cascade reactions. Evidence has been reported that EN 
directly impacts the success of epilepsy surgical interventions [ 6]. Therefore, it 
is hypothesized that appropriate electrical stimulation to EN may help suppress 
seizures. 
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Nearly one-third of epilepsy patients are drug-resistant, which means med-
ication cannot effectively control their seizures [ 7]. Although epilepsy surgery 
is considered as primary treatment for drug-resistant epilepsy, it has significant 
risks, such as irreversible structural damage to the brain. Alternatively, electrical 
stimulation, as an advanced technique for neurodiagnostic and therapeutic pur-
poses, has the merits of safety and flexibility. Some pioneer studies have reported 
that neural stimulation effectively suppressed epileptic seizures by desynchro-
nizing the epileptogenic networks [ 8– 10]. In clinical practice, stimulation targets 
are typically selected within the EN or some other connected brain areas [ 11]. 
However, the regulatory strategies and effects of these regions lack theoretical 
and experimental quantitative validation [ 12]. More importantly, these stimu-
lation strategies are highly dependent on the clinician’s experience rather than 
systematic quantitative design [ 13]. There is an urgent need to model optimal 
stimulation strategies to provide personalized treatment plans for patients [ 14]. 

The human brain is a complex network-coupled dynamical system that the 
information transits within the network [ 15]. Due to the physical constraints of 
directly stimulating the target area, we aim to develop a feasible and optimal 
control strategy at the network level. In the past few years, the network con-
trol theory has provided a theoretical framework for the understanding of the 
controllability of specific nodes [ 16, 17]. Therefore, from a network perspective, 
especially in EN, it is worth studying how to select control nodes and whether 
the optimal control strategy applied to the selected control nodes can effectively 
suppress the capture dynamics. 

In this study, we aim to design effective control strategies based on net-
work control theory to suppress epileptic seizures in neural activity. To this end, 
we use a linear dynamical model to reconstruct the neural dynamics of seizure 
propagation, enabling it to serve as a virtual platform for accurately predicting 
epileptic activities. Based on this surrogate model, combined with Model Pre-
dictive Control (MPC) theory, we calculate the optimal control strategies for 
different control nodes. The main contributions of this study are summarized as 
follows. 

– We present an optimal control framework for seizure suppression, which con-
tains a data-driven system identification module and a control strategy design 
module (Fig. 1). 

– We demonstrate that the control strategy on the hub of the epileptic brain 
network, as well as on the SOZ, can effectively suppress seizures with evidence 
from simulation (Fig. 3) and from the real iEEG data (Fig. 4). 

2 Related Work 

Some electrical stimulation techniques have been used for seizure suppres-
sion, including deep brain stimulation (DBS) [ 18], responsive neurostimulation 
(RNS) [ 19], vagus nerve stimulation (VNS) [ 19] and some non-invasive tran-
scranial stimulations [ 20, 21]. Past research has employed empirical stimulation
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parameters for long-term stimulation in epilepsy patients [ 22, 23]. A major chal-
lenge to applying electrical stimulation for seizure suppression lies in choosing the 
stimulation sites and designing the optimal stimulation parameters. Recent stud-
ies have proposed the Koopman-MPC framework [ 24] and unscented Kalman fil-
ter [ 25] to optimize the stimulation parameters, such as frequency, intensity, and 
timing of stimulation. However, theoretical and computational work on choosing 
stimulation sites is still missing. 

Clinically, common targets for epilepsy electrical stimulation include the cere-
bellum, centromedian thalamus, hippocampus, anterior nucleus of the thalamus, 
motor cortex, caudate, subthalamic nucleus, and the epileptogenic foci [ 26]. Cur-
rently, the selection of stimulation targets is predominantly based on the typical 
regions of epileptic lesions, a method that lacks objective quantitative metrics 
and heavily relies on the physician’s experiential judgment, making it challeng-
ing to tailor personalized treatment strategies for different patients. Therefore, 
there is a critical need for the development of objective quantitative indices to 
assess different stimulation nodes quantitatively, thereby optimizing stimulation 
strategies further. 

The consumption of energy during state transition with brain network con-
trol theory characterizes the feasibility or difficulty of reaching the target state. 
Especially in the feasibility of state transition of cognitive function [ 16, 17, 27]. 
Gu et al. proposed a brain network control strategy, modeling the brain using 
a linear dynamical model to calculate the energy cost of transitions between 
different brain states from a network perspective [ 17]. By quantitatively calcu-
lating the optimal energy input required for specific nodes, the nodes that have 
stronger driving forces on brain states can be identified [ 27]. Some other studies 
have applied network control theory to understand the worm movement [ 28], as 
well as to guide electrical stimulation [ 29]. 

3 Method 

In this section, we introduce our framework for suppressing seizures via elec-
trical stimulation to the hub of the epileptic brain network (see Fig. 1). The 
framework is composed of two parts: (1) Learning the surrogate neural dynam-
ics of seizure-like activity (System Identification). (2) Selecting the control 
node and calculating the optimal stimulation policy to suppress seizure (Control 
Strategy). 

3.1 Problem Definition 

To address the control problem in suppressing seizure dynamics, we need to 
design an accurate prediction model and a valid control strategy. We treat the 
neural dynamics of seizure propagation as a dynamical system, which can be 
approximated with a linear dynamical system or more advanced surrogate mod-
els in a data-driven fashion (Fig. 1b). The reconstructed dynamics require the 
capability of fast online learning and accurate prediction. The control strategy is
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designed under the guidelines of the surrogate dynamics with the consideration 
of control node selection and the corresponding optimal stimulation (Fig. 1c). 
Meanwhile, we need to consider the safety of electrical stimulation. We introduce 
the range of minimum or maximum stimulation parameters in the optimization 
problem of obtaining the optimal control strategy. 

SOZ 

non-SOZ 

Identify Surrogate Dynamics 

Rolling Prediction 

System Regression 

Data-driven 

Design Control Strategy 

Control Node Selection Optimal Control Policy 

ExperimentStimulate 
&

 Record 

a b  

c 

Fig. 1. The optimal control framework for seizure suppression, including a sys-
tem identification module and an optimal control strategy module. a, Brain nodes in 
SOZ (red lines) and non-SOZ (black lines) of a subject are pre-determined by clinicians 
and the real iEEG data is from the Epilepsy-iEEG-Multicenter-Dataset. b, Identify-
ing the system dynamics via reconstructing the neural dynamics. c, Designning the 
optimal control strategy, considering two factors: control node selection (left) and the 
optimal control policy (right). The dark nodes indicate potential control nodes. The 
optimal inputs . u to the control nodes are designed by minimizing the error between 
the surrogate dynamics and the reference dynamics and control energy. 

3.2 Dynamic Mode Decomposition in Identifying Seizure Dynamics 

Dynamic mode decomposition (DMD) has been widely applied in extracting the 
spatio-temporal dynamic modes of resting state and task-related fMRI BOLD 
signals [ 30] or predicting behaviour [ 31]. In our study, to investigate the local 
neural dynamics from data, we applied DMD to reconstruct seizure dynamics, 
as shown in Fig. 1b. 

From the observed seizure data, we can obtain a sequence of vector data 
.{x1, x2, . . . , xn, xn+1}, where  .xi ∈ Rm representing the activity of .m recording 
electrodes at time step . i. We can construct the following two matrices .X and 
.X ′ with: 

. X =

⎡
⎣

| | |
x1 x2 · · · xn

| | |

⎤
⎦ and X ′ =

⎡
⎣

| | |
x2 x3 · · · xn+1

| | |

⎤
⎦ (1)
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where .X and .X ′ ∈ Rm×n, . n is the length of time window (Fig. 1b). 
We can identify the seizure dynamics by using the DMD algorithm, which 

aims to identify the linear operator . A by approximating the linear dynamics of 

. xt+1 = Axt, (2) 

written in terms of these data matrices as 

. X ′ ≈ AX. (3) 

The best fit of linear operator .A can be solved by minimizing the Frobenius 
norm of .‖X ′ − AX‖F : 

. A = X ′X† (4) 

where .X† is the pseudo-inverse of . X. 
In DMD theory, to address potential high-dimensional problems and perform 

dimension reduction, .X is subjected to Singular Value Decomposition with . X =
UΣV ∗, where  . ∗ denotes complex-conjugate transpose. Then the pseudo-inverse 
of .X is .X† = V Σ−1U∗, and  .X ′ = AUΣV ∗, where  .U ∈ Rm×m and . V ∈ Rn×n

are unitary. 

3.3 Control Policy 

Model predictive control is an optimization-based control framework. It mini-
mizes the objective function in a finite prediction horizon with the control inputs 
and states transition constraints. In this study, we design the control strategy by 
considering the control node selection and its optimal control policy under the 
model predictive control framework. The standard objective function of MPC is 
defined as follows, 

.

min
u

Tp∑
t=1

(xt − xref )T Qx(xt − xref ) +
Tc∑

t=1
uT

t Quut

s.t. xt+1 = f(xt, ut)
ut ∈ [umin, umax]

(5) 

where .xt represents the system state and .xref is the reference signal, .ut is the 
input of the system, .Qx is the positive definite weighted matrix for penalizing 
the deviance and  .Qu is a non-negative matrix for regularizing the amplitudes of 
control inputs. .Tp and .Tc are the length of the predictive horizon and control 
horizon, respectively. 

In control engineering, the method to solve the optimization problem in 
Eq. (5) is chosen based on the system dynamics .f(·). If  .f(·) is a nonlinear func-
tion of .xt and . ut, it becomes a nonlinear model predictive control problem and 
can be solved by a nonlinear programming solver with the primal-dual interior 
method. If .f(·) is a linear function of .xt and .ut (i.e., .xt+1 = Axt + But), the 
optimization problem can be solved by a linear quadratic programming solver 
directly. In both cases, the optimization problem in Eq. (5) can also be solved 
by other gradient descent methods (i.e., Adam, SGD).
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3.4 Simulation Platform for Seizure Propagation 

We initially applied the network-coupled Jansen-Rit model to simulate the 
dynamics of seizure propagation. The standard Jansen-Rit model delineates a 
cortical column that is composed of the complex functional interaction among 
excitatory, inhibitory interneurons, and pyramidal neurons (Fig. 2a) [ 32]. As 
shown in Fig.  2a, the functional dynamics of these three populations contain 
two modules: 

(1) The conversion of average pulse density into average postsynaptic membrane 
potential (PSP), which is described as the impulse response function for both 
excitatory and inhibitory interneurons: 

. hE(t) =

⎧
⎨
⎩

Aate−at, t ≥ 0

0, t < 0,
(6) 

and 

. hI(t) =

⎧
⎨
⎩

Bbte−bt, t ≥ 0

0, t < 0,
(7) 

where the constants . A and . B determine the maximum amplitude of the PSPs 
for excitatory (EPSPs) and inhibitory (IPSPs) responses respectively; . a and . b
are the inverse time constants for the excitatory and inhibitory postsynaptic 
potentials respectively. 

(2) Then it translates the postsynaptic membrane potentials back into average 
pulse density, characterized by a sigmoid function: 

. S(v, r) =
ζmax

1 + er(θ−v)
, (8) 

where .ζmax denotes the maximum firing rate, . r the slope of the function, and . θ
the half maximal response of the neuron population. Additionally, pyramidal 
neurons are stimulated externally by .p(t). 

Considering the information conversion with other interconnection cortical 
columns, we can model the neural dynamics of each cortical column as 

. 

ẋ0,i(t) = y0,i(t)

ẏ0,i(t) = Aa [S(x1,i(t) − x2,i(t))] − 2ay0,i(t) − a2x0,i(t)
ẋ1,i(t) = y1,i(t) + ui(t))

ẏ1,i(t) = Aa

⎡
⎣p(t) + C2S(C1x0,i(t) + g

N∑
j=1

Mi,jx3,j

⎤
⎦ − 2ay1,i(t) − a2x1,i(t)

ẋ2,i(t) = y2,i(t)

ẏ2,i(t) = Bb [C4S(C3x0,i(t), r2)] − 2by2,i(t) − b2x2,i(t)
ẋ3,i(t) = y3,i(t)

ẏ3,i(t) = Aā [S(x1,i(t) − x2,i(t))] − 2āy3,i(t) − ā2
i x3,i(t)

(9)
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where . x0, . x1, and  .x2 represent the outputs of the PSP blocks for pyramidal, 
excitatory, and inhibitory neurons, respectively. .x3 is the output for long-range 
interactions of pyramidal neurons. The constants .C1, .C2, .C3, and  .C4 scale the 
connectivity among the neural populations. .Mi,j is the structural connections 
between cortical column . i and . j (Fig. 2b). . g is the strength of global connections. 
.ui(t) is the input of node . i. The detailed information about the Jansen-Rit neural 
dynamics is summarized in study [ 32, 33]. 

Considering that the hippocampus is a common SOZ in focal epilepsy, in 
our simulation we set the hippocampus as SOZ (Fig. 2a, bottom). We set the 
amplitude of PSPs for excitatory interneurons with .A = 7.8 for a seizure onset 
zone and .A = 6.8 for others. The seizure dynamics propagate to the whole 
brain through the structural connection (Fig. 2d). The high-frequency abnormal 
discharges are shown in the SOZ, and the low-frequency dynamics occur in the 
propagation regions with strong SC (Fig. 2d). 

3.5 Real iEEG Data from an Epileptic Patient 

To study whether the control strategy performs well on the real data, we conduct 
experiments on the real neural dynamical data from an epileptic patient. The real 
iEEG data is from an open dataset (Epilepsy-iEEG-Multicenter-Dataset,https:// 
openneuro.org/datasets/ds004100/versions/1.1.3). Each subject recorded iEEG 
signals for multiple complete seizure events (from 120 s before seizure onset to 
60 s after seizure termination) at a sampling rate exceeding 512 Hz. To keep con-
sistent with the JR simulation, we selected the patient (i.e., Subject HUP-146) 
with SOZ located in the hippocampus and with successful surgical outcomes, 
implying that the SOZ was correctly labeled by medical experts. In total 122-
channel iEEG signals were recorded from this patient (Fig. 1 a). 

To be noted, we did not directly apply electrical stimulation to the patient. 
Instead, we first learn the parameters of the dynamical model in a data-driven 
fashion, by fitting the model with the real iEEG data. Then we conduct the 
virtual stimulation experiment on the identified dynamical model, identical to 
the experiments run on the simulation platform. 

3.6 Experiment Protocol 

The selection of control nodes determines the control matrix . B. For the control 
experiments on the simulation platform, we consider 4 types of control nodes to 
apply virtual stimulation, including (1) SOZ hub, i.e., hippocampus, (2) SC hub, 
the hub node with the strongest structural connection to SOZ, (3) FC hub, the  
hub node with the strongest functional connectivity with SOZ, (4) Top weighted 
degree, the node that connects to SOZ with the highest degree. Specifically, in 
the simulation platform, the hippocampus in the left hemisphere (LH) is the 
defined SOZ, the thalamus in LH is the hub node with the strongest structural 
connection and functional connection to the hippocampus, and the precuneus 
in RH has the highest degree of the whole brain and connects to SOZ. Towards 
these 4 types of control nodes in simulation, we solved the corresponding control

https://openneuro.org/datasets/ds004100/versions/1.1.3
https://openneuro.org/datasets/ds004100/versions/1.1.3
https://openneuro.org/datasets/ds004100/versions/1.1.3
https://openneuro.org/datasets/ds004100/versions/1.1.3
https://openneuro.org/datasets/ds004100/versions/1.1.3
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problem formulated in Eq. (5) separately. The optimized control strategy .u∗ of 
Eq. (5) was then applied to the network-coupled Jansen-Rit dynamics. 

Hippocampus 

LH RH 

Precentral 
Frontal_Sup 

Frontal_Sup_Orb 
Frontal_Mid 

Frontal_Mid_Orb 
Frontal_Inf_Oper 

Frontal_Inf_Tri 
Frontal_Inf_Orb 

Rolandic_Oper 
Supp_Motor_Area 

Olfactory 
Frontal_Sup_Medial

 Frontal_Med_Orb 
Rectus 
Insula 

Cingulum_Ant 
Cingulum_Mid 
Cingulum_Post 

Hippocampus 
ParaHippocampal 

Amygdala 
Calcarine 

Cuneus 
Lingual 

Occipital_Sup 
Occipital_Mid 

Occipital_Inf 
Fusiform 

Postcentral 
Parietal_Sup 
Parietal_Inf 

SupraMarginal 
Angular 

Precuneus 
Paracentral_Lobule 

Heschl 
Temporal_Sup 

Temporal_Pole_Sup 
Temporal_Mid 

Temporal_Pole_Mid 
Temporal_Inf 

Caudate 
Putamen 
Pallidum 

Thalamus 

RH 

Precentral 
Frontal_Sup 
Frontal_Sup_Orb 
Frontal_Mid 
Frontal_Mid_Orb 
Frontal_Inf_Oper 
Frontal_Inf_Tri 
Frontal_Inf_Orb 
Rolandic_Oper 
Supp_Motor_Area 
Olfactory 
Frontal_Sup_Medial
 Frontal_Med_Orb 
Rectus 
Insula 
Cingulum_Ant 
Cingulum_Mid 
Cingulum_Post 
Hippocampus 
ParaHippocampal 
Amygdala 
Calcarine 
Cuneus 
Lingual 
Occipital_Sup 
Occipital_Mid 
Occipital_Inf 
Fusiform 
Postcentral 
Parietal_Sup 
Parietal_Inf 
SupraMarginal 
Angular 
Precuneus 
Paracentral_Lobule 
Heschl 
Temporal_Sup 
Temporal_Pole_Sup 
Temporal_Mid 
Temporal_Pole_Mid 
Temporal_Inf 
Caudate 
Putamen 
Pallidum 
Thalamus 

Synthetic dynamics 

LH 

a b c 

d 

p(t) 

S r1 

he(t) 

S r0 he(t) 

hi(t) 

S r1 

+ 

+ 

+ 
_ 

y0 

y1 

y2 

C2 C1 

C3C4 

Excitatory 
interneurons 

Inhibitory 
interneurons 

Pyramidal 
neurons 

Structural connectivity 

LH             RH 

Hippocampal-cortex connectionJansen-Rit  model 

1s 

Fig. 2. A simulation of the propagation process of seizure dynamics on the 
whole brain. a, The neural dynamics of each node in the whole brain can be simpli-
fied as Jansen-Rit dynamics. The neural dynamics between interconnected regions are 
propagated through the white matter fiber connections. b, An example of the whole 
brain structural connectivity. c, The connection that links to the hippocampus. d, The  
simulated neural dynamics of the whole brain. The hippocampus is predefined as an 
SOZ with high-frequency abnormal discharge, while other regions with abnormal dis-
charge are considered as propagation regions. The regions with normal discharge are 
non-seizure regions. 

For the control experiment on the dynamical model from the real iEEG data, 
we consider 3 types of control nodes, including (1) SOZ, in total 11 nodes which 
are predefined by medical experts, (2) FC hub, the node with the highest FC with 
SOZ, (3) Top weighted degree, the top-11 highest degrees of FC. The covariance-
based functional connectivity is estimated on the first 2 s of iEEG during the 
ictal period. In our experiment, it is not a direct electrical stimulation to the 
patient. The dimensionless variable .u(t) in the surrogate dynamics . x(t + 1) =
Ax(t) + Bu(t) has no physical meaning. We can obtain the optimized .u∗ of 
Eq. (5) iteratively. The optimized control strategy was applied to the surrogate 
system learned from iEEG data, rather than the real brain.



152 Z. Liang et al.

4 Results 

4.1 Suppressing Seizure on Simulation Platform 

In the simulation platform, we validate the sufficiency of seizure suppression with 
the hub control node on a network-coupled Jansen-Rit dynamics. We select one 
of the cortical columns (Hippocampus, with .A = 7.8 in Eq. (2)) as a SOZ to 
simulate the seizure propagation process. The neural dynamics are propagated 
through the white matter fiber tracts (the structural connections are projected 
in the AAL atlas). We also define the reference dynamics with .A = 6.8 in Eq. (2) 
of the whole brain (Fig. 3 a). 

We simulate the neural dynamics for 2.5 s with a 100 Hz sampling rate (Fig. 3 
a). We inserted inputs on the 4 types of pre-selected control nodes respectively 
(Fig. 3 b). The results show that the optimal control strategy on SOZ, SC and FC 
hub have better control effects in suppressing seizure propagation than the node 
with the highest degree. When inserting optimal strategy on the hippocampus, 
both seizure-like activity on SOZ and PZ are suppressed. The optimal strategy 
on the thalamus suppressed the seizure-like activity on PZ and weakened the 
activity on SOZ. 

To quantify the control effect, we further calculate the average absolute error 
between neural dynamics and reference after applying optimal stimulation. As 
well as the decrease in firing rate, i.e., the ratio of the time points where the 
amplitude is suppressed to the total number of time points with high amplitude 
during epileptic discharge. It can be observed that when stimulating the hip-
pocampus, the tracking error is the smallest and the inhibition rate of discharge 
reaches 100. %. 

The control effects on stimulating the thalamus showed a smaller tracking 
error with a global decrease rate of 57. %. The last type of control nodes have 
almost no control effect on suppressing epilepsy (see Fig. 3 c). Considering the 
safety of electrical stimulation, to achieve the effect of reducing epileptic seizures 
while requiring lower power stimulation, we analyzed the control energy in Fig. 3 
d. The result shows that the energy of electrical stimulation applied to the hip-
pocampus and the thalamus is much lower than the Precuneus. Interestingly, 
we found that the optimal input for the thalamus appears as a periodic pulse 
sequence. Further spectral analysis revealed that the primary frequency is con-
centrated around 5 Hz (see Fig. 3 e). This low-frequency, low-energy stimulation 
pattern may be valuable for designing electrical stimulation in real-world appli-
cations.
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Fig. 3. Control effects on the JR simulation platform. We input the optimized 
electrical stimulation to the pre-selected control node and illustrate the control effects. 
a, The original seizure dynamics (left) and reference neural dynamics (right). b, Control 
effects (top) and the optimal inputs (bottom). From left to right, the control node is set 
to the hippocampus (SOZ), thalamus (SC and FC hub), and precuneus (Top weighted 
degree), respectively. The results show that stimulating the hippocampus or thalamus 
can successfully suppress seizure propagation. c, The mean absolute error of system 
dynamics and reference dynamics. d, The average energy consumed to control the 
system. e, The spectrum of optimal inputs on each pre-selected node. 

4.2 Suppressing Real Seizure Dynamics 

We further validate the efficiency of seizure suppression on real data. We first 
validate the prediction performance of the DMD framework .x(t+ 1) = Ax(t) in
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predicting seizure dynamics. During the experiment, the hyperparameter of the 
length of the time window is .time_length = 512, and the length of prediction 
is .n_horizon = 5. In Fig. 4 a, the result shows sufficiency prediction accuracy 
on real data with explained variance .EV = 0.771. Then we conduct the virtual 
stimulation experiment on the identified system with the consideration of control 
node selection and designing optimal control strategy. Control node selection 
determines the control matrix . B, which is a binary diagonal matrix with the 
index controlled or not. 
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Fig. 4. Control effects on real data. We input the optimized virtual electrical 
stimulation to the pre-selected control node and illustrate the control effects on the 
identified model .xk+1 = Axk + Buk. a, The original seizure dynamics (gray line) and 
the reconstructed neural dynamics (blue dot line). b, Control effects with optimal 
inputs to three types of control nodes (left: SOZ, middle: FC hub, right: top degree 
of FC). c, Distribution of control energy (left) and magnitude (right). d, Magnitude 
distribution of soz (blue-paired) and non-soz (green-paired) with 3 types of control 
nodes. (. ∗ for .p-value.< 0.05 and .∗ ∗ ∗ for .p-value.< 1e−4) 

Then we conduct experiments equipped with the system identification mod-
ule on real data. The control effects of stimulating 3 types of control nodes (i.e.,
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SOZ, FC hub, FC top weight) are shown in Fig. 4 b respectively. The results 
show that both SOZ and FC hubs can suppress seizures. To quantify the control 
effects, we calculated the energy of the input sequences and the amplitude of the 
neural signals influenced by the inputs, respectively. The quantitative results are 
shown in Fig.  4c. We show that the control to SOZ requires the highest input 
energy, while it has the maximal neural magnitude reduction, indicating effec-
tive suppression of seizures. On the contrary, the inputs to FC top weight are 
inefficient in suppressing neural activity. These two control nodes showed sig-
nificant statistical differences in both control energy and amplitude distribution 
(.p-value.< 1e−4 of two-sided t-test). There are no significant differences between 
controlling SOZ and controlling the FC hub in amplitude reduction of neural 
activity. 

Furthermore, we compared the control effects on SOZ and non-SOZ given the 
optimal inputs with 3 types of control node selection, as shown in Fig. 4 d. The 
results show that both the SOZ and non-SOZ decrease the amplitude of neural 
activity compared with the original neural activity with significant statistical 
differences (.p-value.< 10−4 of two-sided t-test). However, the control effects with 
optimal inputs on control nodes that are related to SOZ are sufficient to suppress 
seizure dynamics. 

5 Discussion and Conclusion 

From Methodology Perspective. Our study presented a general platform 
based on system identification and brain network control theory for suppressing 
seizure dynamics. We applied the dynamic mode decomposition to iteratively 
update the neural dynamics online, which guarantees high predictive perfor-
mance in reconstructing neural dynamics. The platform was validated with both 
synthetic data and real iEEG data from the Epilepsy-iEEG-Multicenter-Dataset. 
With the high predictive performance, we further conduct model predictive con-
trol with the identified surrogate model in inferring the optimal control strategy 
under the consideration of different types of control nodes. However, the spar-
sity of sEEG affects the system identification of the whole brain. Lou et al. 
proposed the framework of fusion multi-modal neural dynamics to reconstruct 
the whole brain neural dynamics using sEEG-EEG data, which can improve the 
performance of system identification [ 34]. 

From Clinical Perspective. Validating the effectiveness of different stimula-
tion strategies on neural treatment is the core question in clinical neuroscience. 
Our work delves into the optimal electrical stimulation to the hub of the epileptic 
brain network, focusing on two key aspects: control node selection and inferring 
optimal inputs. Selecting the control node enables the validation of the feasibil-
ity of conducting the electrical stimulation to reach target states. Moreover, the 
optimal inputs are key to realizing the objective with less consumed energy. 

In summary, we proposed a platform from the control theory perspective for 
validating the efficiency of different control strategies (control node selection)
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in suppressing seizures. The hub of the epileptic brain network serves as the 
alternative control node for realizing seizure suppression. 
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Abstract. Video action recognition (VAR) plays crucial roles in various domains 
such as surveillance, healthcare, and industrial automation, making it highly sig-
nificant for the society. Consequently, it has long been a research spot in the com-
puter vision field. As artificial neural networks (ANNs) are flourishing, convolu-
tion neural networks (CNNs), including 2D-CNNs and 3D-CNNs, as well as vari-
ants of the vision transformer (ViT), have shown impressive performance on VAR. 
However, they usually demand huge computational cost due to the large data vol-
ume and heavy information redundancy introduced by the temporal dimension. 
To address this challenge, some researchers have turned to brain-inspired spik-
ing neural networks (SNNs), such as recurrent SNNs and ANN-converted SNNs, 
leveraging their inherent temporal dynamics and energy efficiency. Yet, current 
SNNs for VAR also encounter limitations, such as nontrivial input preprocessing, 
intricate network construction/training, and the need for repetitive processing of 
the same video clip, hindering their practical deployment. In this study, we inno-
vatively propose the directly trained SVFormer (Spiking Video transFormer) for 
VAR. SVFormer integrates local feature extraction, global self-attention, and the 
intrinsic dynamics, sparsity, and spike-driven nature of SNNs, to efficiently and 
effectively extract spatio-temporal features. We evaluate SVFormer on two RGB 
datasets (UCF101, NTU-RGBD60) and one neuromorphic dataset (DVS128-
Gesture), demonstrating comparable performance to the mainstream models in a 
more efficient way. Notably, SVFormer achieves a top-1 accuracy of 84.03% with 
ultra-low power consumption (21 mJ/video) on UCF101, which is state-of-the-art 
among directly trained deep SNNs, showcasing significant advantages over prior 
models. 
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1 Introduction 

Video is becoming a prevalent and indispensable medium to convey information in daily 
life, which captures movements, actions, and events over time. Video action recognition 
(VAR) is an important aspect of video understanding, focusing on automatically iden-
tifying actions or activities from videos. This capability is invaluable for various appli-
cations, including surveillance, healthcare, entertainment, sports, education, industrial 
automation, and beyond. Nevertheless, video processing presents greater challenges 
compared to images, given the necessity to model temporal dynamics within large data 
volume and heavy information redundancy introduced by the temporal dimension. 

As artificial neural networks (ANNs) have shown great success in various computer 
vision tasks, a lot of studies based on convolutional neural networks (CNNs) [ 9] or  
vision transformers (ViTs) [ 46] have emerged for VAR in recent years. In the early 
stages, CNNs are the mainstream approaches to VAR, including 2D-CNNs [ 13,56,68] 
and 3D-CNNs [ 7,22,52]. The decomposition of 3D-CNNs [ 42,53,60], as well as the 
combination of 2D-CNNs and 3D-CNNs [ 17], are adopted to reduce the computation 
cost. However, CNNs struggle to learn long-range dependency between patches, due to 
the inductive bias of convolution. To overcome this challenge, network models based 
on ViTs are becoming popular and showing good performance for VAR in recent years 
[ 46], including TimeSformer [ 3], ViViT [ 2], MViT [ 12], video swin transformer [ 35], 
and so on. To further improve the performance, methods combining convolution and 
self-attention [ 33,34,36], or using self-supervised pretraining [ 51,55,59] are proposed. 
Nevertheless, the huge computation cost of current ANNs for VAR still limits their 
practical deployment, especially in power-constrained situations. 

The brain-inspired spiking neural networks (SNNs) have garnered significant atten-
tion for their potential in temporal information processing and energy efficiency [ 44], 
thus are ideal candidates for processing videos. Previous studies show that SNNs exhibit 
good performance on various tasks, such as object recognition/detection/tracking, 
robotics control and so on [ 20,61,70]. In recent years, recurrent SNNs (RSNNs) [ 8,41] 
and ANN-converted SNNs [ 65,67] have been applied to VAR. However, they also 
encounter limitations in practical application: RSNNs usually need nontrivial input pre-
processing and network construction/training, as well as long simulation steps [ 8,41]; 
ANN-converted SNNs are based on well-trained ANNs, and need to process the same 
video clip several times to accomplish the task [ 65,67]. 

In this study, we innovatively propose the directly trained SVFormer (Spiking Video 
transFormer) for VAR, aiming to address the challenges outlined above. SVFormer pro-
cesses a video clip frame-by-frame without the need for complex input processing, and 
can be trained end-to-end through the surrogate gradient method, enabling straightfor-
ward incremental learning and facilitating practical deployment. SVFormer integrates 
local feature extraction, global self-attention, and the intrinsic dynamics, sparsity, and 
spike-driven nature of SNNs, to efficiently and effectively extract spatio-temporal fea-
tures. Besides, we incorporate parametric LIF neuron [ 16], a local-global-fusion opera-
tion and a novel time-independent batch normalization into SVFormer, contributing to 
its good performance. We first evaluate SVFormer on the classical UCF101 dataset, and 
achieve a top-1 accuracy of 84.03% with ultra-low power consumption (21 mJ/video), 
which is state-of-the-art among directly trained deep SNNs, showing significant advan-
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tages over previous models. To validate its generalizability, SVFormer is then evalu-
ated on a larger RGB datasets (NTU-RGBD60) and a neuromorphic dataset (DVS128-
Gesture), both demonstrating comparable performance to the mainstream models in a 
more efficient way. These results showcase that the directly trained SVFormer is an 
effective and efficient model for VAR. 

2 Related Work 

2.1 ANNs for VAR 

In the early stages, CNNs including 2D-CNNs and 3D-CNNs, are the mainstream 
approaches to VAR [ 9]. Some studies applied two-stream models to process RGB 
frames and optical flows in two separate CNNs, with a late fusion operation in deeper 
layers [ 10,18,19,27]. Another line of approach adopts 2D-CNNs to extract frame-level 
features, and then models temporal information of the input sequence in various ways, 
such as the consensus module in TSN [ 56], the bag of features in TRN [ 68], the point-
wise convolutions across frames in TAM [ 13], and so on. Moreover, to better model 
the spatio-temporal features, many variants of 3D-CNNs have been introduced, such 
as C3D [ 52], I3D [ 7] and ResNet3D [ 22]. To mitigate the high computational burden 
brought by 3D convolutions, some studies tried to decompose the 3D convolution into 
2D spatial convolution and 1D temporal convolution, such as P3D [ 42], S3D [ 60] and 
R(2+1)D [ 53]; or to use a combination of 2D-CNNs and 3D-CNNs, such as SlowFast 
[ 17]. However, CNNs mainly extract local features due to limited receptive fields, ignor-
ing long-range dependency across patches. 

Recently, ViTs outperform CNNs in many visual tasks due to their enhanced ability 
to capture long-range dependencies [ 11,21]. Some researchers proposed different vari-
ants based on ViTs for VAR [ 46]. The classical TimeSformer enables spatio-temporal 
feature extraction directly from a sequence of frame-level patches, and explores dif-
ferent space-time self-attention schemes [ 3]. ViViT is a pure-transformer based model, 
which factorizes the spatial- and temporal-dimensions of the input to handle the long 
sequences of tokens [ 2]. To reduce the computation cost, Fan et al. introduced a multi-
scale pyramid of features and a pooling self-attention mechanism in MViT [ 12]; and Liu 
et al. proposed an inductive bias of locality with shifted window-based self-attention in a 
video swin transformer [ 35]. Besides, the combination of convolution and self-attention 
is also adopted for efficiently learning video representations [ 33,34,36]. Furthermore, 
assisted with large-scale self-supervised pretraining, great improvements have been 
achieved for VAR, such as in VideoMAE [ 51,55] and MaskFeat [ 59]. Although current 
models have realized high classification accuracy for VAR, the excessive data volume 
and heavy information redundancy introduced by the temporal dimension limit their 
practical deployment in power-constrained situations. 

2.2 SNNs for VAR 

Considering the intrinsic dynamics and energy efficiency of SNNs, they are ideal 
candidates for VAR and have been attempted in some recent work [ 8,41,57,65,67]. 
Panda and Srinivasa [ 41] developed a Driven-Autonomous based reservoir recurrent
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SNN to recognize video actions from limited training examples, which is not trivial 
to train, demonstrating a top-1 accuracy of 81.3% on the UCF101 dataset with pre-
extracted multi-scan spike sequences of 300 time steps as input to the model. Fur-
ther, Chakraborty and Mukhopadhyay [ 8] presented a heterogeneous recurrent SNN 
(HRSNN) with unsupervised learning for VAR on several RGB datasets (KTH, 94.32%; 
UCF101, 77.53%) and one neuromorphic dataset (DVS128-Gesture, 96.54%), using a 
similar input preprocessing method as [ 41] and a nontrivial initialization method. Wang 
et al. [ 57] progressively trained a two-stream hybrid network (TSRNN) consisting of 
CNN, RNN, and a novel spiking module, where spiking signals correct the memory of 
RNN, achieving competitive performance on UCF101 (94.4%) and HMDB51 (69.9%) 
with both RGB frames and optical flows as input. Zhang et al. [ 67] constructed a two-
stream deep recurrent SNN model through a hybrid ANN-to-SNN conversion method 
combining channel-wise normalization and tandem learning, obtaining an accuracy of 
88.46% on the UCF101 dataset with 200 time steps. Recently, You et al. [ 65] proposed 
an improved ANN-to-SNN conversion framework (scalable dual threshold mapping) to 
mitigate three types of conversion errors (unevenness error, clipping error and quanti-
zation error), and obtained ultra-low-latency SNNs based on the SlowFast model back-
bone, achieving high accuracy on UCF101 (92.94%) and HMDB51 (67.71%) with care-
fully selected hyperparameters. We observe that current SNNs for VAR have limitations 
for incremental training and practical application, such as complicated model construc-
tion/conversion, nontrivial input preprocessing, and long simulation time steps. There-
fore, we directly train a novel spiking transformer for efficient and effective VAR in this 
paper, which is more suitable for practical deployment. 

3 Preliminary and Methodology 

In this section, we introduce the proposed SVFormer in detail. Firstly, we briefly intro-
duce the basics of SNNs. Then, we describe the overview of SVFormer and explain the 
key components such as patch embedding (PE) module, local feature extractor (LFE), 
global self-attention (GSA) module, local pathway (LP), classification head (CH) and 
so on. Moreover, we introduce the method to calculate theoretical energy consumption 
for model inference. 

3.1 Spiking Neural Networks 

The brain-inspired SNNs are regarded as the third generation of neural networks 
[ 37], which innately exhibit temporal dynamics and communicate through binary 
spikes/events, attracting considerable attention and achieving significant advancements 
in recent years. SNNs offer powerful computation capability in virtue of their biologi-
cal plausibility, temporal processing property with intrinsic dynamics, and energy effi-
ciency with event-driven nature, thus considered as promising alternatives to conven-
tional ANNs [ 44]. Specifically, the communication through sparse binary spikes allow 
SNNs to adopt low-power accumulate (AC) operations in convolution or linear layers, in 
place of power-hungry multiply-and-accumulate (MAC) operations when implemented 
on neuromorphic hardware, leading to high energy efficiency [ 29,30,40,64].
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Fig. 1. (a) The scheme of a spiking neuron, of which the input and output are both binary spikes. 
(b) Sigmoid function approximates the Heaviside activation function of a spiking neuron, and the 
derivative of it can be utilized to calculate gradients during backpropagation. 

The basic units of SNNs are spiking neurons, like ReLUs in ANNs. Leaky Integrate-
and-Fire (LIF) neuron model (Fig. 1a) is one of the most commonly adopted neuron 
models in SNNs [ 15,63,66,69,71]. The dynamics of a LIF neuron are described as: 

.H[t] = V [t − 1] +
1
τ
(X[t] − (V [t − 1] − Vreset)) , (1) 

.S[t] = Θ (H[t] − Vth) , (2) 

.V [t] = H[t] (1 − S[t]) + VresetS[t], (3) 

where . τ is the membrane time constant, .X[t] is the input current at time step . t, . Vreset

is the reset potential, .Vth is the firing threshold. Equation (1) describes the update of 
membrane potential. Equation (2) describes the spike generation process, where.Θ(v) is 
the Heaviside step function: if.H[t] ≥ Vth then.Θ(v) = 1, meaning a spike is generated; 
otherwise .Θ(v) = 0. .S[t] represents whether a neuron fires a spike at time step . t. 
Equation (3) describes the resetting process of membrane potential, where.H[t] and. V [t]
represent the membrane potential before and after the evaluation of spike generation 
at time step . t, respectively. To improve the temporal representation ability of spiking 
neurons, trainable parameters are incorporated. For example, inspired by heterogeneous 
neurons in the brain, Fang et al. proposed Parametric LIF (PLIF) neuron [ 16] by using  
trainable membrane time constant as follows: 

.H[t] = V [t − 1] + k (a) (X[t] − (V [t − 1] − Vreset)) , (4) 

where .k (a) = 1
1+exp(−a) ∈ (0, 1), .τ = 1

k(a) , and . a is the trainable parameter. 
There are mainly two methods to obtain well-performing deep SNNs: ANN-to-SNN 

conversion and direct training through surrogate gradients. In ANN-to-SNN conver-
sion, a pretrained ANN is converted to an SNN by replacing the ReLU activation lay-
ers with spiking neurons and using scaling operations like weight normalization and 
threshold balancing [ 5, 6,25,38,45,58]. To mitigate conversion error, the converted 
SNNs usually suffer from long simulation time steps, which causes high computa-
tional cost in practice. In direct training, SNNs are unfolded over the temporal dimen-
sion like RNNs and trained with backpropagation through time [ 32,39,48]. Due to the
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non-differentiability of the spike generation process, the surrogate gradient method is 
employed for backpropagation [ 15,16,31,39]. Specifically, the forward propagation uti-
lizes Heaviside step function to generate spikes (Eq. (2)), which can be approximated 
by differentiable functions like sigmoid and arctan functions, and the derivative of them 
are adopted for gradient calculation during backpropagation. Figure 1b illustrates the 
application of sigmoid function to calculate back-propagated gradients. Direct training 
with surrogate gradients achieves good performance with few time steps, especially 
on image classification tasks, thus greatly promotes the development of deep SNNs 
[ 15,16,20,62,63,70,71]. 

3.2 The Proposed SVFormer 

Overview. The overall framework of our proposed SVFormer is shown in Fig. 2a. 
Inspired from the biological brains, efficient and effective multiscale hierarchical mod-
ular structures have been widely adopted in DNNs, showing great potential for vari-
ous tasks [ 26,28,33,62]. Thus, the backbone of SVFormer is strategically structured 
in a hierarchical manner, comprising four stages and one local pathway, if not speci-
fied. Each of the first two stages consists of one patch embedding (PE) module and 
several local feature extractors (LFEs), while each of the last two stages consists of 
one PE module and several global self-attention (GSA) modules. The number of LFEs 
or GSAs in each stage is indicated as . Si, and the number of channels (or embedding 
dimension) for each stage is represented as .Ci. If not specified, .S = [1, 1, 3, 1], mean-
ing that there are one LFE in the first two stages, three GSAs in the third stage, and 
one GSA in the last stage; and .C = [128, 256, 384, 512], meaning that the embedding 
dimensions for four stages are 128, 256, 384, and 512, respectively. Given a batch of 
video sequences .I ∈ R

B×T×3×Hin×Win , T is the length of one video sequence (usu-
ally a temporal downsampling of the original video sample), B is the batch size, and 
.Hin/Win is the height/width of the video frame. Firstly, we reshape the input into 
.I ∈ R

T×B×3×Hin×Win , and feed one video frame into SVFormer in each time step, 
where T is also the total simulation time steps of SVFormer. After the backbone extracts 
spatio-temporal information from the video input, the classification head (CH) makes a 
decision about the action category of the input. 

Patch Embedding Module. The PE modules play roles for feature extraction, channel 
dimension expansion, and patch embedding, raising channel dimension of the feature 
map, while downsampling the feature map in spatial dimension. The first PE module 
consists of a convolution (Conv) layer and a batch-normalization (BN) layer, to extract 
features and spatially downsample the input frame before encoding them into spikes. 
Other PE modules consist of a spiking neuron (SN) layer, a Conv layer, and a BN layer. 
For the sake of brevity, the combination of a Conv layer and a BN layer is termed as 
ConvBN. The computation in the last three PE modules can be expressed as . XPEout =
ConvBN(SN(XPEin)), and the SN operation is omitted in the first PE module as 
previously described.



SVFormer for Efficient Video Action Recognition 167

Fig. 2. (a) The overall structure of the hierarchical SVFormer, which includes four stages and one 
local pathway in default. (b) Structure of one local feature extractor (LFE). (c) Strcuture of one 
global self-attention (GSA) module. 

Local Feature Extractor. As shown in Fig. 2b, one LFE is composed of three cas-
caded Conv layers and a multi-layer perception (MLP) module, designed for extract-
ing local spatial features. Both parts adopt residual learning with membrane shortcut 
[ 62] to avoid gradient vanishing and to improve the model performance. To reduce 
the number of parameters, we adopt the style of PWConv-DWConv-PWConv like the 
MobileNet block [ 24], where PWConv (DWConv) represents pointwise (depthwise) 
convolution. PWConv is responsible for fusing information across the channel dimen-
sion, while DWConv with a relatively large kernel size (.5 × 5 if not specified) for 
extracting spatial information in each channel. Besides, there is an SN layer ahead of 
the three Conv layers to transform the feature map into spikes. The MLP module con-
sists of two SN-Linear-BN motifs as usual, which first expands the channel dimension 
by a ratio (.r = 2 if not specified) and then reduces it back to the original size, improv-
ing the model’s representation capability. The combination of a Linear layer and a BN 
layer is termed as LinearBN. The computation in a LFE can be expressed as: . X =
XLFEin+BN(PWConv(DWConv(PWConv(SN(XLFEin))))), and. XLFEout =
X + MLP (X), where .MLP (X) = LinearBN(SN(LinearBN(SN(X)))). 

Global Self-Attention Module. As shown in Fig. 2c, a GSA module is composed of 
one spiking self-attention (SSA) module and one MLP module. Here, we adopt the SSA 
module which has been proven effective and efficient in [ 71], and use the same MLP 
module as that in a LFE. The computation in an SSA module is formulated as follows: 

. A = SNA(LinearBNA(SN(XSSAin)), A ∈ {Q, K, V }, XSSAin ∈ R
T×B×N×C ,

(5) 
.XSSAout = XSSAin + LinearBN(SN(QKTV ∗ s)), XSSAout ∈ R

T×B×N×C . (6) 

In an SSA module, an SN layer first transforms the input into spikes, then three paral-
lel Linear-BN-SN motifs generate the spike-form Q, K, and V tensor, based on which 
the self-attention score .QKTV ∗ s is calculated through energy-efficient AC opera-
tions, where .s = 1/

√
64 = 0.125 is a predefined scaling factor. The self-attention 

score is then transformed by a Linear-BN-SN motif before being added to .XSSAin.
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In the above two equations, .N is the number of tokens, which is the multiplication 
between the height .H and width .W of the current feature map, i.e. .N = H ∗ W . 
Taken together, the computation in a GSA module can be expressed as: . XGSAout =
XSSAout + MLP (XSSAout), where .XSSAout is calculated through Eq. (5) and (6). 

Local Pathway. To better utilize the features of different scales, we add a local pathway 
(LP) after the third PE module, and the output of the local pathway will be fused with 
the output of the last GSA module, as shown in Fig. 2a. The local pathway consists 
of cascaded SN-DWConv-PWConv-BN layers to further extract local spatial feature in 
an economical way regarding parameters, and outputs a tensor with the same shape as 
the output of the last GSA module, which will then be concatenated along the channel 
dimension before sent into the classification head. The computation of the local pathway 
can be expressed as.LP (X) = BN(PWConv(DWConv(SN(X))), where.X means 
the input of the local pathway. 

Classification Head. To make the most of the extracted spatio-temporal features 
from the backbone, we adopt a classification head (CH) similar to that in [ 66], which 
makes a learnable weighted sum of the feature map across temporal and spatial 
dimension, rather than simply averaging across them. Specifically, for the fused input 
.XCHin ∈ R

T×B×2C4×Hout×Wout , we first use an SN layer to convert the feature map 
into spikes, and reshape it into .XCHinS ∈ R

B×2C4×T×Hout×Wout . Then, we oper-
ate .XCHinS with a depthwise 3D convolution layer and a BN layer, i.e. . XSTF =
3DConvBN(XCHinS), which only slightly increases the number of parameters. Fur-
ther, .XSTF ∈ R

B×2C4×1×1×1 will be squeezed and operated with a linear layer to gen-
erate the classification results. Taken together, the computation in the classification head 
can be formulated as .Y = CH(XCHin) = Linear(3DConvBN(SN(XCHin))), 
where the reshape and squeeze operations are omitted for brevity. 

Time-Independent Batch Normalization. For the sake of efficiency, a BN layer in 
an SNN is usually executed in a parallel way, because the calculation is not time-
dependent. The common approach is to reshape the input .X ∈ R

T×B×C×H×W into 
.X ∈ R

TB×C×H×W , and adopt .nn.BatchNorm2d to implement batch normaliza-
tion (TDBN) [ 66,69,71]. Obviously, this approach utilizes the feature maps of all time 
steps equally and simultaneously, which is unreasonable because one cannot use future 
information for calculation in the current time step. Therefore, we proposed the novel 
time-independent batch normalization (TIBN) method here. Specifically, we reshape 
the input into .X ∈ R

T×BC×H×W , and adopt .nn.BatchNorm2d to implement batch 
normalization, which treats each time step as a channel and thus independently utilizes 
information from different time steps. 

Overall Computation Process. Based on the above contents, the computation of 
SVFormer can be summarized as follows. 

.XPEiout = PEi(XPEiin), i ∈ {1, 2, 3, 4} (7)
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.XLFEi,jout = LFEi,j(XLFEi,jin), i ∈ {1, 2}, j ∈ {1, .., Si} (8) 

.XGSAi,jout = GSAi,j(XGSAi,jin), i ∈ {3, 4}, j ∈ {1, .., Si} (9) 

.XCHin = Concate(XGSA4,S4out, LP (XPE3out)) (10) 

.Y = CH(XCHin), Y ∈ R
B×#cls (11) 

In the above equations, . i indicates the stage index, .H and .W are the height and 
width of the intermediate feature maps, and .#cls is the number of categories. PE, 
LFE, GSA, LP and CH represent the computation of patch embedding module, 
local feature extractor, global self-attention module, local pathway and classification 
head, respectively. The input shapes of PE, LFE, GSA, LP and CH are . XPEiin ∈
R

T×B×Ci−1×H×W , .XLFEi,jin ∈ R
T×B×Ci×H×W , .XGSAi,jin ∈ R

T×B×Ci×H×W , 
.XPE3out ∈ R

T×B×C3×H×W , and .XCHin ∈ R
T×B×2C4×Hout×Wout , respectively. 

The input to the first PE module is the reshaped video frames, i.e. . XPE1in = I ∈
R

T×B×3×Hin×Win . Besides, it should be noted that both the LFE and GSA module do 
not change the shape of the feature map. 

3.3 Theoretical Calculation of Energy Consumption 

The theoretical energy consumption of an SNN is usually calculated through multiplica-
tion between the number of MAC/AC operations and the energy consumption of each 
operation on predefined hardware [ 40,63,66,71]. The number of synaptic operations 
(SOPs) are calculated as follows: 

.SOP l = frl−1 × FLOP l (12) 

where .frl−1 is the firing rate of spiking neuron layer .l − 1. .FLOP l refers to the num-
ber of floating-point MAC operations (FLOPs) of layer . l, and .SOP l is the number 
of spike-based AC operations (SOPs). Assuming the MAC and AC operations are per-
formed on the 45 nm hardware [ 23], i.e..EMAC = 4.6pJ and.EAC = 0.9pJ , the energy 
consumption of SVFormer can be calculated as follows: 

. ESV Former = EAC ×
(

N∑
i=2

SOP i
Conv/LN +

M∑
j=1

SOP j
SSA

)
+ EMAC × (

FLOP 1
Conv

)
.

(13) 
.FLOP 1

Conv represents the FLOPs of the first layer before encoding input frames 
into spikes, .SOPConv/LN represents the SOPs of a convolution or linear layer, and 
.SOPSSA represents the SOPs of an SSA module. .N is the total number of convolution 
layers and linear layers, and.M is the number of SSA modules. During model inference, 
several cascaded linear operation layers such as convolution, linear and BN layers, can 
be fused into one single linear operation layer [ 54,66], still enjoying the AC-type oper-
ations with a spike-form input tensor.
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4 Experimental Results 

In this section, we evaluate the performance of SVFormer on two RGB video datasets 
(UCF101 [ 50] and NTU-RGBD60 [ 47]), as well as a neuromorphic dataset (DVS128-
Gesture [ 1]). We directly train the proposed SVFormer from scratch based on the surro-
gate gradient method using SpikingJelly [ 14], which is a popular deep learning frame-
work for building and training SNNs. We compare the performance and energy con-
sumption of SVFormer with existing SNNs or conventional ANNs to demonstrate its 
effectiveness and efficiency. Besides, we conduct ablation studies to show the effects of 
some network modules or simulation setups. 

4.1 Datasets and Experimental Setup 

UCF101 includes 101 action classes with a total of 13,320 videos, which were collected 
from YouTube [ 50]. These YouTube videos are recorded in unconstrained environments 
with cluttered background, camera motion, various illumination conditions, and beyond. 
These videos have a frame rate of 25 fps and a spatial resolution of.320×240. The length 
of each video sample ranges from 1.06 s to 71.04 s, of which the average is 7.21 s. In 
this study, we adopt the first official training-testing split. 

NTU-RGBD60 contains 60 kinds of actions with a total of 56,880 samples collected 
with three different camera angles, which include depth, 3D skeleton, RGB and infrared 
sequences [ 47]. This study only adopts RGB videos for action recognition. Both cross-
subject (C-Subject) and cross-view (C-View) splits are evaluated in this study. The C-
Subject split divides the training set and testing set according to the person ID, while 
the C-View split divides the samples by the camera ID, as in [ 47]. 

DVS128-Gesture contains 11 different classes of gestures collected from 29 indi-
viduals under 3 different illumination conditions, which is a neuromorphic dataset col-
lected by dynamic vision sensors [ 1]. The spatial resolution of DVS128-Gesture is 
.128 × 128. We first integrate the stream of events into a sequence of frames as the 
model input, as usually done [ 16,63,71]. 

For both RGB video datasets, the input size of the network is .224 × 224 in both 
training and testing phase. Without specification, the batch size is 64, distributed across 
4 Nvidia V100 GPUs. The number of training epochs is 600, with a warming-up-then-
cosine-decay schedule of learning rate, of which the base value is set empirically to 
0.006. For the DVS128-Gesture dataset, the input size of the network is .128× 128. We  
applied a 3-stage model for this small dataset. The batch size is set to 16, and the number 
of training epochs is 600. The learning rate is set empirically to 0.005 and decayed with 
a cosine schedule. For all three datasets, AdamW is applied as the optimizer. Moreover, 
the implementation is based on the SlowFast repository [ 17] and Uniformer repository 
[ 33], and common data augmentation methods like crop, flip, and random erase are 
applied in the training phase. 

4.2 Comparison Results 

UCF101 is a popular dataset in the VAR field, which is also commonly applied 
when using SNNs for VAR. Hence, we evaluate the proposed SVFormer on UCF101
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and compare the performance to previous SNNs. The results are listed in Table 1. 
The SVFormer-base (.S = [1, 1, 3, 1], .C = [128, 256, 384, 512]) is the default 
network introduced in Sect. 3.2, achieving a top-1 accuracy of 84.03% on the 
UCF101 dataset, which is state-of-the-art among directly trained deep SNNs for VAR. 
And we evaluate four modifications of the base model: the shallower SVFormer-
ss (.S = [1, 1, 2, 1], .C = [128, 256, 384, 512]), the thinner SVFormer-st (. S =
[1, 1, 3, 1], .C = [64, 128, 256, 512]), the deeper SVFormer-dp (.S = [1, 2, 4, 2], 
.C = [128, 256, 384, 512]) and the wider SVFormer-wd (.S = [1, 1, 3, 1], . C =
[128, 256, 512, 768]). All these modifications demonstrate lower accuracy compared to 
the base model. Three listed recurrent SNNs need nontrivial input preprocessing and 
300 simulation time steps to perform the task [ 8,41], which is unsuitable for practical 
deployment. The recent ANN-converted SNN, SlowFast-SDM-cv [ 65], only needs four 
simulation time steps to achieve a comparable accuracy (92.94%) to its ANN compart-
ment, which is critically dependent on the cautious choice of hyperparameters in the 
conversion process. Besides, it requires a well-trained ANN as basis and need to repeat-
edly process the same video clip for four times, thus not friendly for incremental train-
ing and not economic for deployment in practice. Further, we directly train two recently 
published well-performing deep SNNs, SGLFormer [ 66] and Meta-SpikeFormer [ 62], 
on the UCF101 dataset, and the results are inferior to the SVFormer-base model. 

To validate the generalizability of the proposed SVFormer, we evaluate SVFormer 
on a large RGB dataset (NTU-RGBD60) and a neuromorphic dataset (DVS128-
Gesture). To the best of our knowledge, SVFormer is the first SNN model that has 
ever been assessed on the NTU-RGBD60 dataset. Hence, we compare it to two recently 
published well-performing ANNs tested on RGB frames [ 43,49]. The results in Table 1 
show that SVFormer’s accuracy is slightly lower, which is acceptable for the substan-
tial savings of energy consumption. For DVS128-Gesture, We applied the SVFormer-
3stg model with one local stage and two global stages, where .S = [1, 2, 1] and 
.C = [64, 128, 256]. At the same time, we exclude the local pathway for it. The accuracy 
of the SVFormer-3stg model is 97.92%, which is comparable to mainstream SNNs but 
with significantly fewer parameters (Table 1). 

As described in Sect. 3.1, a main strength of SNNs is energy efficiency, which can 
be attributed to the sparsity of spikes and the spike-driven communication in SNNs. In 
this section, we calculate the average theoretical energy consumption of the SVFormer-
base model in inference for one video clip from UCF101, with the method described in 
Sect. 3.3. Firstly, we calculate the number of MAC operations (FLOPs) of convolution 
and linear layers; then, we count the average firing rate of each spiking neuron layer, 
and convert corresponding MAC operations (FLOPs) to AC operations (SOPs) by Eq. 
(12); finally, we calculate the theoretical energy consumption by Eq. (13). The average 
firing rate of each spiking neuron layer is shown in Fig. 3 (a, b), which indicates the 
sparsity of spikes during model inference. The FLOPs of the SVFormer-base model’s 
ANN counterpart is 229.163G if executed for 16 repetitions (as 16 time steps in the 
SNN version), of which the energy consumption is 1054.148 mJ, where all the spiking 
neurons are replaced by ReLUs. According to the above method, the remaining FLOPs 
of the SVFormer-base model is 0.700G, and the SOPs is 20.760G, thus the energy 
consumption is 21.904 mJ. Obviously, the energy cost of SVFormer-base is much lower
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Table 1. Comparison results of top-1 accuracy on UCF101, DVS128-Gesture and NTU-RGBD60. 
. † indicates our implementations. The best-performing results are highlighted in bold. SVFormer-
base is SOTA of directly trained deep SNNs on UCF101. 

Dataset Model Param (M) Time Steps Top-1 Acc (%) 

UCF101 RSNN-reservoir-DA [ 41] 40.40 300 81.30 

RSNN-HeNHeS-STDP [ 8] – 300 77.53 

RSNN-HeNB-BP [ 8] – 300 84.32 

RSNN2s-tandem-cvt [ 67] – 200 88.46 

SlowFast-SDM-cvt [ 65] – 4 92.94 

SGLFormer-8-384 [ 66] .† 11.76 16 74.70 

Meta-SpikeFormer [ 62] .† 13.81 16 83.66 

SVFormer-base 13.80 16 84.03 

SVFormer-ss 12.53 16 83.61 

SVFormer-st 8.77 16 80.15 

SVFormer-dp 17.72 16 80.25 

SVFormer-wd 24.07 16 81.23 

DVS128-Gesture ConvNet-PLIF [ 16] – 20 97.57 

RSNN-HeNHeS-STDP [ 8] – 100 96.54 

RSNN-HeNB-BP [ 8] – 100 98.12 

Spikformer-2-256 [ 71] 2.57 16 98.30 

Spikingformer-2-256 [ 69] 2.57 16 98.30 

SD-Transformer-2-256 [ 63] 2.57 16 99.30 

SGLFormer-3-256 [ 66] 2.17 16 98.60 

SVFormer-3stg 1.88 16 97.92 

NTU-RGBD60 DVANet (ANN) [ 49] – – 93.40(CS)/98.20(CV) 

.π-ViT (ANN) [ 43] – – 94.00(CS)/97.90(CV) 

SVFormer-base 13.76 16 88.12(CS)/94.68(CV) 

Table 2. Performance of SVFormer-base on the UCF101 dateset under different noise conditions. 

Noise condition Null Gaussian noise (a) Salt-and-pepper noise (P) 

– 0.1 0.5 1 0.1 0.2 0.3 

Top1-acc (%) 84.03 82.26 77.13 64.76 75.36 66.32 55.17 

than its ANN counterpart, validating the energy efficiency of SNNs. Further, the ratio 
of the energy cost of SVFormer-base to that of its ANN counterpart is 1.99% (21:1054), 
which is much lower than that of SlowFast-SDM-cv (98:128 = 76.56%) [ 65], showing 
advantages of directly trained SNNs compared to ANN-converted ones. 

Moreover, to test the robustness of the model, we evaluate the trained SVFormer-
base model with noisy frames from the UCF101 dataset. Here, we applied two com-
monly adopted noise types for images, i.e. Gaussian noise and salt-and-pepper noise. 
For the Gaussian type, we add noise with zero mean and different level of standard 
deviation.σ = a ∗ σori to the original frame, where .σori indicates the std of the original 
frame. For the salt-and-pepper noise, we randomly transform a pixel into the highest 
or lowest value of the current frame with a predefined probability . P . Figure 4 demon-
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strates the effects of different level of noise with an exemplar frame. The results in 
Table 2 demonstrate that SVFormer exhibits resilience to a moderate level of noise, sus-
taining commendable performance. However, when confronted with excessive noise 
that markedly degrades frame quality, there is a substantial decline in the model’s per-
formance. 

a c 

b d  

Fig. 3. Average firing rates (a, b) during model inference on the UCF101 dataset, and learned 
membrane time constants (c, d), for all PLIF layers, showing the trend of both variables as the 
network goes deeper (a, c), and the corresponding histograms (b, d). 

aa 

b 

Fig. 4. (a) An exemplar frame with different level of Gaussian noise (.N(0, σ)). (b) An exemplar 
frame with different level of salt-and-pepper noise, where.P means the sprinkling probability.
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4.3 Ablation Studies 

In this subsection, we conduct some ablation studies based on the UCF101 dataset to 
show the effects of some network modules or simulation setups. The results are listed in 
Table 3, where batch size are adjusted according to the model size. First, classification 
accuracy of a SVFormer without the local pathway is 83.29%, which is slightly lower 
than the original 84.03%, showing that the local pathway improves the model’s represen-
tational power for VAR. Second, classification accuracy of a SVFormer with LIF neu-
rons is only 80.89%, demonstrating that learnable membrane time constants of spiking 
neurons (PLIF) enhance the model’s temporal processing capability. As shown in Fig. 3 
(c, d), the learned membrane time constants are variable, helping to better represent tem-
poral information, which is also consistent with heterogeneous neurons observed in bio-
logical brains. Besides, the membrane time constants of the deeper layers are on average 
larger than those of the shallower layers, implying that deeper layers integrate spatio-
temporal information for longer duration. Third, without using time-independent batch 
normalization to utilize information from different time steps independently, the model’ 
classification accuracy decrease from 84.03% to 80.65%, indicating the effectiveness 
of the proposed time-dependent BN. Fourth, we apply different number of frames (i.e. 
T = 8 or T = 24) as network input to test the effects of input video length, where T is the 
number of frames sampled from the original video sample. And the simulation duration 
of the SNN model is adjusted to 8 or 24 steps accordingly. Both 8-frame and 24-frame 
inputs exhibit lower accuracies compared to the original 16-frame input, indicating the 
necessity of finding a suitable input length to balance accuracy and computational cost. 

Additionally, when utilizing SNNs to process time sequences such as videos, 
addressing the alignment of temporal resolution becomes a critical concern that war-
rants attention. In this work, we mainly adopt the frame-by-frame approach, i.e. the 
input length (number of frames) is equal to the simulation duration (number of time 
steps) of the SNN model, which processes one frame per time step. Here, we also test 
the clip-by-clip approach, where the SNN model processes a clip of frames in each 
time step. Firstly, we need to modify the 2D-Conv and 2D-BN layers in the model into 
3D ones accordingly, to process a 3D video clip. Then, we separate a sampled video 
sequence with 16 or 20 frames into 4 parts uniformly, meaning that the model runs 4 

Table 3. Ablation studies on the UCF101 dateset. 

Architecture Param (M) Batch size Top-1 Acc (%) 

SVFormer Base (T = 16) 13.80 64 84.03 

Base - Local pathway 12.32 64 83.29 

Base + (PLIF.→ LIF) 13.80 64 80.89 

Base + (TIBN.→ TDBN) 13.35 64 80.65 

Base + (T = 8) 12.76 64 81.26 

Base + (T = 24) 14.84 40 81.81 

Base + 3D clip input (16/4) 12.69 56 74.20 

Base + 3D clip input (20/4) 12.89 40 74.09
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time steps and processes one clip with 4 or 5 frames in each time step. Finally, we train 
the model from scratch and test its performance. The results in Table 3 demonstrate that 
the frame-by-frame approach is superior to the clip-by-clip approach for the UCF101 
dataset. 

5 Conclusion 

In this paper, we propose the directly trained SVFormer, which integrates local feature 
extraction, global self-attention, and the intrinsic dynamics, sparsity, and spike-driven 
nature of SNNs, effectively and efficiently learning spatio-temporal representation for 
VAR. We evaluate SVFormer on two RGB datasets (UCF101, NTU-RGBD60) and a 
neuromorphic dataset (DVS128-Gesture). The experimental results demonstrate that 
SVFormer achieves comparable performance to mainstream models for VAR tasks in 
a more efficient way. Specifically, SVFormer achieves state-of-the-art (top-1 accuracy 
of 84.03%) among directly trained deep SNNs on UCF101, with ultra-low power con-
sumption (21 mJ/video). These results verify SVFormer’s strong representation capabil-
ity, showing that the multiscale spatio-temporal feature-extraction characteristic endows 
it with great potential as a backbone for diverse video tasks when equipped with prop-
erly designed task heads. However, there are certain limitations associated with this 
pioneering endeavor. On the one hand, the recognition accuracy lags behind the state-
of-the-art of traditional ANNs. One possible solution is to try large-scale self-supervised 
pretraining for SNNs, which has already shown great success for ANNs [ 51,55,59]. On 
the other hand, although a video clip is processed frame-by-frame in SVFormer, the 
length of the clip is predefined for the ease of network implementation, meaning that 
the model needs to process all frames before making a decision. One can try to achieve 
speed-accuracy tradeoff in the model as a biological brain [ 4], i.e. the model may stop 
at any step if a decision is made based on predefined criteria, which is more flexible and 
efficient. 
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Abstract. Artificial intelligence-driven techniques for pose estimation and behav-
ior analysis represent a significant advancement in the elucidation of precise move-
ment trajectories and behavioral components in freely moving animals. However, 
comprehending the underlying temporal dynamics of these trajectories remains 
challenging due to the dearth of effective analytical instruments. In order to deci-
pher the nuanced body language inherent in behavioral dynamics at a sequential 
level, we introduce BL-BERT, a computational framework rooted in Bidirectional 
Encoder Representation from Transformers (BERT). This framework discerns 
stereotypical behavior sequences exhibited by freely moving mice, elucidating 
behavioral dynamics in a linguistically comprehensible manner. BL-BERT dis-
cerns salient behavior sequences from input behavior modules, as evidenced by 
its performance on a custom dataset of interactions among free-moving mice. 
Diverging from conventional Markov models, BL-BERT unfolds the recurrent 
structure of behavior sequences, rendering it more interpretable. BL-BERT offers a 
novel way to apprehend the hierarchical organization of intricate animal behaviors, 
with promising prospects for widespread applicability across various behavioral 
paradigms. 
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1 Introduction 

Animal behavior exhibits a hierarchical organization encompassing poses, movements, 
ethograms, sub-ethomes, and ethomes [1]. Recent strides in artificial intelligence (AI)-
driven methodologies for animal behavior quantification have significantly enhanced 
accessibility to the diverse layers of this organizational structure. Notable approaches 
such as DeepLabCut [2], SLEAP [3], and ADPT [4] leverage deep neural networks to 
track animal poses without physical markers. Meanwhile, methodologies like MoSeq [5], 
Behavior Atlas [6], and VAME [7] employ unsupervised techniques to decompose con-
tinuous poses into discrete movements or behavioral modules. However, methodologies 
explicitly targeting quantification at the upper echelon of ethograms are infrequent. The 
semantic richness of animal behavior stretches from ethograms to ethomes [1], under-
scoring the importance of comprehending the significance of animal behavior sequences 
beyond mere poses and movements. 

The primary constituent of an ethogram resides in behavior sequences, which serve 
as informative manifestations of animal communication [8–11]. These well-organized 
behavior sequences are represented in the sequential coding of the neural circuits [12]. 
Traditionally, the Markov model has been employed to extract temporal relationships 
among behavioral modules, such as feeding behavior [13], circadian behavior [6], 
and avoidance behavior [5]. Nevertheless, emerging evidence suggests that behaviors 
may exhibit strongly non-Markovian characteristics [14]. Consequently, reliance on 
the Markov model could lead to diminished accuracy in behavior sequence identifica-
tion. Moreover, disentangling the recurrent structure of transitions between behavioral 
states into distinct sequences proves challenging. These factors collectively contribute 
to inaccuracies in mapping behavior sequences to neural activities. 

Recent advancements in Transformer-based large language models have yielded 
notable strides in language comprehension [15, 16]. The Transformer, an artificial intel-
ligence model incorporating a self-attention mechanism, has proven adept at discerning 
semantic nuances within token sequences [15]. Given that behavior sequences can be 
construed as akin to animal body language, there exists potential to leverage Transformer-
based large language models for uncovering the inherent semantic structures within these 
sequences. The self-attention mechanism inherent in the Transformer architecture offers 
a solution to the challenge of modeling non-Markovian dynamics [17]. Additionally, 
unlike the Markov model, the Transformer learns semantics directly from sequences, 
thus obviating the need to disentangle recurrent structures within behavior sequences. 

Inspired by these large language models, we developed a Bidirectional Encoder 
Representation from Transformers (BERT [18])-based Body Language (BL) extraction 
computational framework termed BL-BERT. BL-BERT offers a more intuitive depiction 
of behavior sequence fingerprints compared to the Markov model. Through validation 
of our customized dataset, BL-BERT demonstrates resilience in handling noise within 
animal behavior sequences, prioritizing the extraction of meaningful sequential patterns. 
Our discoveries highlight the potential of AI-driven BL-BERT in fostering a deeper 
understanding of animal behavior sequences and the underlying neural mechanisms 
orchestrating them.
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2 Results 

2.1 Markov Model Fails to Decouple the Recurrent Structure in Temporal 
Behavior Dynamics 

We create a customized dataset to investigate the behavior sequences in free-moving 
mice (Fig. 1). Now that the behavior sequences can be regarded as body language [9], 
our dataset is constructed based on the free-social interaction behavior paradigm [19]. 
This involves placing two mice within an open field setting (Fig. 1A), with one of 
them equipped with a neural recording device to enable identity differentiation. 15 trials 
of mice social interaction are collected for subsequent analysis. The time length of 
each trial is 5 min. Behavioral capture is facilitated by the MouseVenue3D system 
[20, 21], which employs four multi-view cameras to comprehensively record mouse 
behavior. Subsequently, raw video footage from the four cameras undergoes behavior 
analysis utilizing the methodology outlined in Behavior Atlas [6, 22]. Two-dimensional 
(2D) poses are tracked from each camera angle using DeepLabCut [2]. The subsequent 
stages encompass 3D pose reconstruction, 3D behavior decomposition, behavior module 
clustering, and behavior phenotype identification, following the procedures delineated 
in Behavior Atlas (Fig. 1B). The examples of identified 3D behavior phenotypes are 
illustrated in Fig. 1C. 

Fig. 1. 3D behavior data acquisition and dataset preparation. A, MouseVenue3D for the behavior 
data acquisition. B, The dataset preparation steps for later analysis. C, The illustration of 3D poses 
with identification. 

The behavior modules can be regarded as the states in the framework of the Markov 
model [6]. Optimization of the behavior state transition matrix is feasible through the 
free-social interaction dataset above (Fig. 2A). The undirected graph visually depicts 
inherent patterns within behavior state transitions (Fig. 2B). To enhance the clarity of 
these patterns, a directed graph employing force-directed placement is utilized [23] 
(Fig. 2C). Furthermore, a control group comprising mice confined within cages is incor-
porated to underscore intrinsic behavior state transition patterns during free-social inter-
actions. The directed graph reveals that only the node labeled “right_wiggle_groom” 
exhibits a linear sequence structure, while other behavior states display consistently 
recurrent patterns. Nonetheless, effective communication within social interactions 
necessitates clear initiation points, suggesting that recurrent structures may stem from 
inherent limitations of the Markov model. Consequently, the utilization of the Markov 
model for representing behavior sequences proves imprecise due to these recurrent 
structures.
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Fig. 2. The behavior state transition representation of the Markov model. A, The transition matrix 
of behavior modules. B, The undirected graph of behavior state transition of 41 behavior modules. 
C, The directed graph of behavior state transitions with significant differences in the free group. 
(t-test or Wilcoxon rank sum test, n = 15). 

2.2 BL-BERT Bridges the Gap Between Behavior Modules and Behavior 
Sequences 

The method for extracting behavior sequences ought to emphasize the interconnections 
spanning a series of behavior modules, rather than solely concentrating on transitions 
between adjacent modules. That is the reason why the development of BL-BERT is 
undertaken (Fig. 3). 

Initially, the behavior modules delineated by BeA (Fig. 3A) are transformed into 
sequences specific to each mouse. These individual behavior sequences are subsequently 
resampled into segments (Fig. 3B), facilitating their organization into a dataset for train-
ing AI models. Concurrently, the behavior modules are tokenized into discrete behavior 
tokens analogous to words in natural language. Following the blueprint of BERT’s archi-
tecture, the tokenized behavior sequences undergo random masking. The Transformer 
model within BERT is then tasked with processing the masked behavior sequences, 
with its output representing the unaltered behavior sequences (Fig. 3C). Upon comple-
tion of Transformer training, the Monte Carlo method is applied to predict the behav-
ior sequences of each mouse. This involves the repeated random masking of behavior 
sequences one hundred times, followed by input into the Transformer. Subsequently, the 
congruent outputs between prediction and unaltered sequences are retained, signifying 
the presence of meaningful body language cues. 

2.3 BL-BERT is Robust in Focusing on Meaningful Behavior Sequences 

To ensure the best mask percentage and verify the performance of BL-BERT, we first set 
the gradient for mask percentage ranges from 0% to 90% (Fig. 4A). Although the 15% 
mask of BERT has been validated to be important for the performance of tasks [18], the 
more appropriate percentages of masks could further improve the performance of BERT
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Fig. 3. The framework of BL-BERT. A, The behavior atlas of behavior modules. B, The sequences 
of behavior modules transformed from the behavior atlas. C, The BERT part of BL-BERT. 

[24]. Because the structure of animal body language could be different from human 
language, the percentages of masks should be chosen correctly. Initial findings indicate 
a direct correlation between mask percentage augmentation and heightened loss, coupled 
with a reduction in precision. Notably, precision metrics exhibit a discernible inflection 
point at approximately 30% mask coverage. To uphold the efficacy of body language 
extraction, a mask percentage of 20% is determined as the most optimal threshold. 

Furthermore, two specific scenarios, namely shuffled sequences and erroneous mask 
assignments, are employed to validate the robustness of BL-BERT against noise inher-
ent in behavior sequences (Fig. 4B). BL-BERT demonstrates an ability to converge to 
shuffled sequences but precision levels notably diminish compared to unshuffled coun-
terparts. This observation suggests that certain behavior sequences may not inherently 
rely on sequential semantics for conveying information. Despite this, BL-BERT exhibits 
insensitivity towards such non-semantic sequences, as inferred from the predicted preci-
sion metrics. Additionally, results of incorrect mask assignments highlight BL-BERT’s 
incapacity to conform to noise, with approximately 80% precision affirming its fidelity 
solely to accurate representations. 

2.4 BL-BERT Quantifies the Behavior Sequence Fingerprints of Free-Moving 
Mice 

Using BL-BERT, the behavior sequences of the free-moving mice are extracted (Fig. 5). 
Similar to the Markov model analysis, the control group is also used to highlight the 
intrinsic behavior sequence patterns of the free-social interaction. The behavior sequence 
fractions with significant differences between the two groups are illustrated and sorted 
using hierarchical clustering (Fig. 5A). To depict the intricate behavioral sequences, we 
extend the analysis from the static behavioral module fingerprint, as outlined in [24], to 
encompass a dynamic behavioral sequence fingerprint (Fig. 5B). Although the temporal



186 Y. Han et al.

Fig. 4. The parameter optimization and performance evaluation of BL-BERT. A, The performance 
comparison of BL-BERT using different percentages of masks. The top row, the loss, precision, and 
hard precision in training. The bottom row, the loss, precision, and hard precision in validation. 
B, The performance comparison of BL-BERT using shuffled sequences and wrong answers of 
masks. The top row, the loss, precision, and hard precision in training. The bottom row, the loss, 
precision, and hard precision in validation. 

dynamics of the behavior sequences are flexible, the fingerprint is more intuitional than 
the visualization of the directed graph of the Markov model. It is much easier to locate 
the starting points of each behavior sequence. Additionally, the different font sizes of 
the behavior modules illustrate their importance in the behavior sequences. 

3 Discussion 

We devised BL-BERT intending to autonomously identify significant behavior 
sequences. BL-BERT effectively quantifies the sequential behavior structures of free-
moving mice. Furthermore, BL-BERT translates behavior sequences into visually intu-
itive fingerprints, facilitating the understanding from a human language view angle. 
Notably, BL-BERT addresses the shortcomings of traditional Markov-based models, 
particularly concerning the identification of starting points and handling non-Markovian 
sequences. Collectively, these findings underscore the utility of BL-BERT as a robust 
tool for behavior sequence extraction. 

The extracted behavior sequences show large variabilities across individuals. It will 
be more comprehensible in analogy with the human language. The sentences with the 
same meaning could have different structures because of the various habits of the linguis-
tic organization. This view angle suggests that even though mice are reared in the exper-
imental environment, individual differences in behavior can not be ignored. When the 
observation scale of behavior increases, the variances behind the behavior are revealed. 
Tracing back to the brain, there should be more individualized neural coding patterns in 
the top-down control of behavior organizations from modules to sequences. 

Recent machine learning-based behavior analysis methods focus on understanding 
poses from the behavior module level. For example, BeA dynamically decomposes 
the behavior modules using a dynamic time alignment kernel as the metric [6]. The 
behavior modules are further clustered into a behavior atlas using the uniform manifold 
approximation and projection [25] and identified by manual annotations. Although these 
methods like BeA give a name to each segment of poses, the meaning of behavior is 
still hard to understand such as the exploratory versus social behaviors. At the behavior 
module level, the components of exploratory and social behaviors are similar to each
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Fig. 5. The behavior sequence fingerprints from BL-BERT. A, The cluster gram of behavior 
sequences of free-moving mice. B, The behavior sequence fingerprint of free-moving mice. Blue 
words represent that the behavior sequences are significantly higher in the free group (t-test or 
Wilcoxon rank sum test, n = 15). The size of the words represents the probability of the behavior 
modules in a behavior sequence. 

other like walking, running, turning, and rearing. Even if the module proportion of 
exploratory and social behaviors can be different, the sequential structures are impossible 
to reflect in these proportions. Hence, BL-BERT should be regarded as the next step after 
the behavior decomposition to quantify the sequential features of behavior. 

BL-BERT’s applicability extends beyond the detection of social interaction behav-
ior sequences. Other natural behaviors, such as hunting and defensive behaviors, also 
exhibit stereotypical sequence patterns [26–28]. For example, defensive escape behav-
ior includes threat detection, escape initiation, escape execution, and escape termination
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stages [28]. These stages are modulated by the superior colliculus, amygdala, periaque-
ductal gray, and other brain networks [28]. Sequential behavior needs the coordination 
of these brain circuits. Identifying more meaningful sequential behavior can promote the 
understanding of the high-order information integration of the brain. The neural repre-
sentation of sequential behavior should be more abstract than the behavior modules. Ana-
lyzing neural codings across hierarchical behaviors can contribute to the interpretation 
of the organizing structure of latent variables behind neural activities [29, 30]. 

Consequently, BL-BERT holds promise for widespread utilization. While certain 
studies have explored the neural underpinnings of behavior sequences, their efficacy 
has been constrained by the limitations of the Markov model [12, 31]. In contrast, 
BL-BERT offers a superior alternative, enabling the elucidation of behavior sequences 
with enhanced performance and strong correlations with neural recordings. Moreover, 
automated behavior sequence identification mitigates human bias in mapping behaviors 
to neural activities. 

Due to its reliance on deep learning techniques, BL-BERT necessitates considerable 
computational resources, potentially limiting its implementation within traditional wet 
lab settings. Another limitation of BL-BERT lies in its interpretability, which hinges 
upon the annotations assigned to behavior modules. The definition and categorization of 
these modules significantly influence the interpretation of behavior sequences derived 
from BL-BERT. Establishing a standardized dataset could serve as a viable solution to 
obtain consistent and interpretable behavior sequences when employing BL-BERT. AI 
tools have been applied to decipher the behavior modules from poses in the most recent 
years [7, 32], which drives the building of a standardized dataset of behavior modules in 
the near future. The dataset would be essential to fill the gap between behavior modules 
and body language. 

4 Methods 

4.1 Animals 

Ten male C57BL/6J mice (8–10 weeks old) were used in the experiment. The mice 
were housed at 5 mice per cage under a 12 h light-dark cycle at 22–25 °C with 40–70% 
humidity, and were allowed to access water and food ad libitum (Shenzhen Institutes 
of Advanced Technology, Shenzhen, China). Five of them accepted the surgery for the 
neural recording of two-photon microscopy. The procedure and experiences of imaging 
have been described in previous studies [20, 33, 34]. All husbandry and experimental 
procedures were approved by the Animal Care and Use Committee at the Shenzhen 
Institute of Advanced Technology, Chinese Academy of Sciences. 

4.2 The Process of Behavior Modules 

The 3D behavior modules of the mice with neural recording are reconstructed, decom-
posed, and annotated following the procedure of Behavior Atlas [6]. 41 behavior modules 
in total are identified. They are “walking rising”, “right stepping”, “body grooming type 
1”, “body grooming type 2”, “body grooming type 3”, “nose grooming”, “face grooming
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type 1”, “left movement”, “right movement”, “poking”, “grooming type 1”, “looking 
up”, “creeping”, “transition movement type 1”, “stepping”, “darting”, “standing groom-
ing”, “left wiggling type 1”, “transition movement type 2”, “transition movement type 
3”, “rising front paw”, “right wiggling grooming”, “rearing”, “grooming type 2”, “left 
wiggling type 2”, “walking sniffing type 1”, “right darting”, “wiggling”, “rising”, “left 
turning”, “left wiggling grooming”, “pausing type 1”, “pausing type 2”, “right turning”, 
“approaching”, “walking sniffing type 2”, “pausing type 3”, “face grooming type 2”, 
“wiggling grooming”, “left grooming”, “face grooming type 3”. The behavior modules 
are shorted in the visualization of the behavior sequence fingerprints for concision. 

4.3 Training, Validation, and Prediction of BL-BERT 

BL-BERT is trained on one NVIDIA GeForce RTX 3090 GPU. The layers of the Trans-
former encoder and decoder are set to 6. The batch size is set to 200. The changes in 
batch size from 16 to 200 influence the training time but not the precision. The number 
of epochs is set to 20. The number of accumulation steps is set to 10. The initial learning 
rate is set to 1.0. The learning rate is changed during training using the warm-up strategy 
[35]. The learning rate is decreased by the inverse square root of the step number. The 
turning point of step number is 4000. Other configurations and model structures of BL-
BERT are the same as the Annotated Transformer [35]. 200,000 behavior sequences are 
randomly resampled from the raw behavior data. Each behavior sequence includes 60 
behavior modules. 80% and 20% of the 200,000 behavior sequences are split separately 
into training and validation datasets. The prediction of BL-BERT is based on greedy 
decoding [35]. The token with the highest probability as its next token is selected as the 
output. The output length is set to 60. 

4.4 Statistics 

Before hypothesis testing, data were first tested for normality by the Shapiro–Wilk 
normality test and for homoscedasticity by the F test. For normally distributed data 
with homogeneous variances, parametric tests were used; otherwise, non-parametric 
tests were used. All the analyses of variance (ANOVA) have been corrected by the 
recommended options of Prism v.8.0. 

Acknowledgments. This work was supported in part by the National Natural Science Foundation 
of China (grant no. T2394530 to P.W), the Research Fund for International Senior Scientists (grant 
no. T2250710685 to P.W.), National Natural Science Foundation of China (grant no. 32222036 
to P.W.), STI2030-Major Projects (grant no. 2021ZD0203900 to P.W.), the National Key R&D 
Program of China (grant no. 2018YFA0701403 to P.W.), Shenzhen Key Basic Research Project 
(grant no. JCYJ20220818100805013 to P.W), SIAT Distinguished Young Scholars (E4G024 to 
P.W.), and the Key Area R&D Program of Guangdong Province (grant no. 2018B030338001 to 
P.W.). 

Disclosure of Interests. The authors have no competing interests to declare that are relevant to 
the content of this article.



190 Y. Han et al.

References 

1. Gris, K.V., Coutu, J.P., Gris, D.: Supervised and unsupervised learning technology in the 
study of rodent behavior. Front. Behav. Neurosci. 11(July), 1–6 (2017). https://doi.org/10. 
3389/fnbeh.2017.00141 

2. Mathis, A., et al.: DeepLabCut: markerless pose estimation of user-defined body parts with 
deep learning. Nat. Neurosci. 21, 1281–1289 (2018). https://doi.org/10.1038/s41593-018-
0209-y 

3. Pereira, T.D., et al.: SLEAP: a deep learning system for multi-animal pose tracking. Nat. 
Methods 19(4), 486–495 (2022). https://doi.org/10.1038/s41592-022-01426-1 

4. Tang, G., Han, Y., Liu, Q., Wei, P.: Anti-drift pose tracker (ADPT): a transformer-based net-
work for robust animal pose estimation cross-species. bioRxiv, p. 2024.02.06.579164 (2024). 
https://doi.org/10.1101/2024.02.06.579164 

5. Wiltschko, A.B., et al.: Mapping sub-second structure in mouse behavior. Neuron 88(6), 
1121–1135 (2015). https://doi.org/10.1016/j.neuron.2015.11.031 

6. Huang, K., et al.: A hierarchical 3D-motion learning framework for animal spontaneous 
behavior mapping. Nat. Commun. 12(1) (2021). https://doi.org/10.1038/s41467-021-22970-y 

7. Luxem, K., et al.: Identifying behavioral structure from deep variational embeddings of animal 
motion. Commun. Biol. 5(1) (2022). https://doi.org/10.1038/s42003-022-04080-7 

8. Hasegawa, M., Ohtani, N., Ohta, M.: Dogs’ body language relevant to learning achievement. 
Animals 4(1) (2013). https://doi.org/10.3390/ani4010045 

9. Ebbesen, C.L., Froemke, R.C.: Body language signals for rodent social communication. Curr. 
Opin. Neurobiol. 68, 91–106 (2021). https://doi.org/10.1016/J.CONB.2021.01.008 

10. Wemelsfelder, F., Hunter, A.E., Paul, E.S., Lawrence, A.B.: Assessing pig body language: 
agreement and consistency between pig farmers, veterinarians, and animal activists. J. Anim. 
Sci. 90(10) (2012). https://doi.org/10.2527/jas.2011-4691 

11. Taubert, J., et al.: A broadly tuned network for affective body language in the macaque brain. 
Sci. Adv. 8(47) (2022). https://doi.org/10.1126/sciadv.add6865 

12. Markowitz, J.E., et al.: The striatum organizes 3D behavior via moment-to-moment action 
selection. Cell 174(1), 44-58.e17 (2018). https://doi.org/10.1016/j.cell.2018.04.019 

13. Liu, Q., et al.: An iterative neural processing sequence orchestrates feeding. Neuron 111(10) 
(2023). https://doi.org/10.1016/j.neuron.2023.02.025 

14. Alba, V., Berman, G.J., Bialek, W., Shaevitz, J.W.: Exploring a strongly non-Markovian 
animal behavior (2020). https://arxiv.org/abs/2012.15681v1. Accessed 29 Mar 2024 

15. Vaswani, A., et al.: Attention is all you need (2017) 
16. Floridi, L., Chiriatti, M.: GPT-3: its nature, scope, limits, and consequences. Minds Mach. 

30(4) (2020). https://doi.org/10.1007/s11023-020-09548-1 
17. Tang, B., Matteson, D.S.: Probabilistic transformer for time series analysis. In: Advances in 

Neural Information Processing Systems (2021) 
18. Devlin, J., Chang, M.W., Lee, K., Toutanova, K.: BERT: pre-training of deep bidirectional 

transformers for language understanding. In: NAACL HLT 2019 - 2019 Conference of the 
North American Chapter of the Association for Computational Linguistics: Human Language 
Technologies - Proceedings of the Conference, vol. 1, pp. 4171–4186 (2018). https://arxiv. 
org/abs/1810.04805v2. Accessed 23 Apr 2023 

19. Han, Y., et al.: Multi-animal 3D social pose estimation, identification and behaviour embed-
ding with a few-shot learning framework. Nat. Mach. Intell. 6, 48–61 (2024). https://doi.org/ 
10.1038/s42256-023-00776-5 

20. Han, Y., et al.: MouseVenue3D: a markerless three-dimension behavioral tracking system for 
matching two-photon brain imaging in free-moving mice. Neurosci. Bull. 38(3), 303–317 
(2022). https://doi.org/10.1007/S12264-021-00778-6/TABLES/2

https://doi.org/10.3389/fnbeh.2017.00141
https://doi.org/10.3389/fnbeh.2017.00141
https://doi.org/10.1038/s41593-018-0209-y
https://doi.org/10.1038/s41593-018-0209-y
https://doi.org/10.1038/s41592-022-01426-1
https://doi.org/10.1101/2024.02.06.579164
https://doi.org/10.1016/j.neuron.2015.11.031
https://doi.org/10.1038/s41467-021-22970-y
https://doi.org/10.1038/s42003-022-04080-7
https://doi.org/10.3390/ani4010045
https://doi.org/10.1016/J.CONB.2021.01.008
https://doi.org/10.2527/jas.2011-4691
https://doi.org/10.1126/sciadv.add6865
https://doi.org/10.1016/j.cell.2018.04.019
https://doi.org/10.1016/j.neuron.2023.02.025
https://arxiv.org/abs/2012.15681v1
https://doi.org/10.1007/s11023-020-09548-1
https://arxiv.org/abs/1810.04805v2
https://arxiv.org/abs/1810.04805v2
https://doi.org/10.1038/s42256-023-00776-5
https://doi.org/10.1038/s42256-023-00776-5
https://doi.org/10.1007/S12264-021-00778-6/TABLES/2


BL-BERT: Extracting Body Language from Behavior Sequences 191

21. Han, Y., Huang, K., Chen, K., Wang, L., Wei, P.: An automatic three dimensional markerless 
behavioral tracking system of free-moving mice. In: 2021 IEEE 11th Annual International 
Conference on CYBER Technology in Automation, Control, and Intelligent Systems, CYBER 
2021, pp. 306–310 (2021). https://doi.org/10.1109/CYBER53097.2021.9588299 

22. Liu, N., Han, Y., Ding, H., Huang, K., Wei, P., Wang, L.: Objective and comprehensive re-
evaluation of anxiety-like behaviors in mice using the Behavior Atlas. Biochem. Biophys. 
Res. Commun. 559, 1–7 (2021). https://doi.org/10.1016/j.bbrc.2021.03.125 

23. Fruchterman, T.M.J., Reingold, E.M.: Graph drawing by force-directed placement. Softw. 
Pract. Exp. 21(11) (1991). https://doi.org/10.1002/spe.4380211102 

24. Wettig, A., Gao, T., Zhong, Z., Chen, D.: Should you mask 15% in masked language mod-
eling? In: EACL 2023 - 17th Conference of the European Chapter of the Association for 
Computational Linguistics, Proceedings of the Conference (2023). https://doi.org/10.18653/ 
v1/2023.eacl-main.217 

25. McInnes, L., Healy, J., Melville, J.: UMAP: uniform manifold approximation and projection 
for dimension reduction (2018). http://arxiv.org/abs/1802.03426 

26. Shang, C., et al.: A subcortical excitatory circuit for sensory-triggered predatory hunting in 
mice. Nat. Neurosci. 22(6) (2019). https://doi.org/10.1038/s41593-019-0405-4 

27. Tseng, Y.T., Schaefke, B., Wei, P., Wang, L.: Defensive responses: behaviour, the brain and 
the body. Nat. Rev. Neurosci. 24(11) (2023). https://doi.org/10.1038/s41583-023-00736-3 

28. Evans, D.A., Stempel, A.V., Vale, R., Branco, T.: Cognitive control of escape behavior. Trends 
Cogn. Sci. 23(4), 334–348 (2019). https://doi.org/10.1016/j.tics.2019.01.012 

29. Schneider, S., Lee, J.H., Mathis, M.W., Lee, J.H.: Learnable latent embeddings for joint 
behavioural and neural analysis. Nature 617(7960), 360–368 (2023). https://doi.org/10.1038/ 
s41586-023-06031-6 

30. Han, Y., Hou, X., Han, C.: Latent embeddings: an essential representation of brain–environ-
ment interactions. Brain-X 1(3) (2023). https://doi.org/10.1002/brx2.40 

31. Klaus, A., Martins, G.J., Paixao, V.B., Zhou, P., Paninski, L., Costa, R.M.: The spatiotemporal 
organization of the striatum encodes action space. Neuron 95(5), 1171-1180.e7 (2017). https:// 
doi.org/10.1016/j.neuron.2017.08.015 

32. Goodwin, N.L., et al.: Simple behavioral analysis (SimBA) as a platform for explainable 
machine learning In behavioral neuroscience. Nat. Neurosci. 27, 1411–1424 (2024). https:// 
doi.org/10.1038/s41593-024-01649-9 

33. Zong, W., et al.: Fast high-resolution miniature two-photon microscopy for brain imaging in 
freely behaving mice. Nat. Methods 14(7), 713–719 (2017). https://doi.org/10.1038/nmeth. 
4305 

34. Zong, W., et al.: Miniature two-photon microscopy for enlarged field-of-view, multi-plane 
and long-term brain imaging. Nat. Methods (2021). https://doi.org/10.1038/s41592-020-010 
24-z 

35. Rush, A.: The annotated transformer (2019). https://doi.org/10.18653/v1/w18-2509

https://doi.org/10.1109/CYBER53097.2021.9588299
https://doi.org/10.1016/j.bbrc.2021.03.125
https://doi.org/10.1002/spe.4380211102
https://doi.org/10.18653/v1/2023.eacl-main.217
https://doi.org/10.18653/v1/2023.eacl-main.217
http://arxiv.org/abs/1802.03426
https://doi.org/10.1038/s41593-019-0405-4
https://doi.org/10.1038/s41583-023-00736-3
https://doi.org/10.1016/j.tics.2019.01.012
https://doi.org/10.1038/s41586-023-06031-6
https://doi.org/10.1038/s41586-023-06031-6
https://doi.org/10.1002/brx2.40
https://doi.org/10.1016/j.neuron.2017.08.015
https://doi.org/10.1016/j.neuron.2017.08.015
https://doi.org/10.1038/s41593-024-01649-9
https://doi.org/10.1038/s41593-024-01649-9
https://doi.org/10.1038/nmeth.4305
https://doi.org/10.1038/nmeth.4305
https://doi.org/10.1038/s41592-020-01024-z
https://doi.org/10.1038/s41592-020-01024-z
https://doi.org/10.18653/v1/w18-2509


Benchmarking Neural Decoding 
Backbones Towards Enhanced On-Edge 

iBCI Applications 

Zhou Zhou1, Guohang He1, Zheng Zhang1,2(B), Luziwei Leng2, Qinghai Guo2, 
Jianxing Liao2, Xuan Song1, and Ran Cheng1(B) 

1 Southern University of Science and Technology, Shenzhen 518055, China 
ranchengcn@gmail.com 

2 Advanced Computing and Storage Lab, Huawei Technologies Co., Ltd., Shenzhen 
518055, China 

zhangzheng147@huawei.com 

Abstract. Traditional invasive Brain-Computer Interfaces (iBCIs) typ-
ically depend on neural decoding processes conducted on workstations 
within laboratory settings, which prevents their everyday usage. Imple-
menting these decoding processes on edge devices, such as the wearables, 
introduces considerable challenges related to computational demands, 
processing speed, and maintaining accuracy. This study seeks to iden-
tify an optimal neural decoding backbone that boasts robust perfor-
mance and swift inference capabilities suitable for edge deployment. 
We executed a series of neural decoding experiments involving non-
human primates engaged in random reaching tasks, evaluating four 
prospective models, Gated Recurrent Unit (GRU), Transformer, Recep-
tance Weighted Key Value (RWKV), and Selective State Space model 
(Mamba), across several metrics: single-session decoding, multi-session 
decoding, new session fine-tuning, inference speed, calibration speed, and 
scalability. The findings indicate that although the GRU model delivers 
sufficient accuracy, the RWKV and Mamba models are preferable due 
to their superior inference and calibration speeds. Additionally, RWKV 
and Mamba comply with the scaling law, demonstrating improved per-
formance with larger data sets and increased model sizes, whereas GRU 
shows less pronounced scalability, and the Transformer model requires 
computational resources that scale prohibitively. This paper presents a 
thorough comparative analysis of the four models in various scenarios. 
The results are pivotal in pinpointing an optimal backbone that can han-
dle increasing data volumes and is viable for edge implementation. This 
analysis provides essential insights for ongoing research and practical 
applications in the field. 
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1 Introduction 

Advancements in invasive Brain Computer Interfaces (iBCIs) have demonstrated 
promising results across various applications, including speech decoding [ 10, 27, 
28], prosthesis control [ 7, 31], neurological disorders rehabilitation [ 5, 15, 21, 22] 
and more. Accurate decoding the brain activities is crucial for the success of 
these applications. Previous efforts have focused on employing adaptive filters 
such as Kalman Filters [ 7, 29, 30] or traditional machine learning models such 
as Recurrent Neural Networks (RNNs) [ 23, 27]. However, with the expansion of 
the available neural data, significant progress has been made using Transformer-
based architectures. Models such as Neural Data Transformer (NDT1) [ 32] lever-
age multi-session, multi-task and multi-subject neural data, yielding improved 
decoding performance and enhanced generalization capabilities with unseen 
data. 

Limitations still exist among these methods. Despite the advantages of RNNs 
for handling long-term dependency, their inherent serial dependency significantly 
affect the model’s inference speed [ 32]. Meanwhile, it remains unclear whether 
scaling up GRU model size with data volume improves neural decoding accuracy. 
Transformers facilitate parallel computation and adhere to the scaling laws [ 12], 
but the increase in model size and sequence length leads to quadratic growth 
in model complexity (O(. n2)), requiring a dramatic escalation in computational 
resources in order to fit in edge-device for portable BCI applications in daily use. 

Models such as Receptance Weighted Key Value model (RWKV) [ 18] and  
Selective State Space model (Mamba) [ 8] have been designed utilizing linear 
attention mechanisms that offer reduced temporal and spatial complexity com-
pared to traditional transformers. These models have demonstrated competitive 
performance in natural language processing and computer vision tasks [ 8, 16, 18], 
but it remains unclear which model is most suitable as the backbone for neural 
decoding. 

This paper investigates whether recent advancements in model architectures 
can enhance neural decoding. Instead of benchmarking against state-of-the-
art (SoTA) architectures, we compare the RWKV and Mamba models with the 
GRU and Transformer models in terms of computational efficiency and decoding 
accuracy. We have designed a series of experiments to assess various parameters: 
decoding accuracy, adaptiveness to new sessions, inference time, and scalability 
trends on model size, to identify an optimal neural decoding backbone. To the 
best of our knowledge, this work might be the first effort to investigate linear 
attention mechanisms in neural decoding, targeting fast and low-power inference 
on edge devices. 

2 Related Work 

2.1 Neural Decoding 

Neural decoding primarily relied on adaptive filters or traditional machine learn-
ing methods such as Kalman Filters [ 7, 29, 30], Wiener Filters [ 11] or SVM  [  24].
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However, with the advent of deep learning, particularly the emergence of large-
scale models, there has been a significant shift in neural decoding approaches. 
Deep learning models facilitate automated feature learning, reducing the impact 
of subjective factors and greatly improving decoding accuracy and efficiency. 
Recurrent neural networks and Transformers have now found more applications 
in neural decoding tasks [ 20]. Contemporary applications of brain decoding tech-
nologies extend to medical rehabilitation, assistive communication, and human-
computer interaction [ 19]. 

2.2 RWKV 

Transformer has precipitated as disruptive revolution, particularly due to its 
widespread application of attention mechanisms across multiple domains. How-
ever, a significant issue arises as the memory and computational complexity 
of the Transformer grows quadratically with increasing sequence length. Con-
currently, RNNs exhibit linear growth in memory and computational demands 
but are significantly outperformed by Transformer due to limitations in paral-
lelization and scalability [ 18]. To address this challenge, Bo Peng et at. have 
proposed the RWKV, which integrates the efficient parallel training advantages 
of Transformer with the effective inference comparable to that of similarly scaled 
Transformer, underscoring its potential and effectiveness in handling large-scale 
sequence data [ 2]. 

2.3 Mamba 

The state space model is a mathematical framework used to describe the evo-
lution of systems over time. It employs state vectors to represent the current 
state of the system and uses state transition equations and observation equa-
tions to correlate the changes between system states and the relationship with 
observed data [ 9]. Mamba is an enhanced approach based on the structured state 
space model S4, integrating the recurrent structure of recurrent neural networks 
and the parallel characteristics of convolution neural networks. This approach 
excels in capturing long-term dependencies in sequential data and facilitates 
efficient parallel computation. By combining structured state space models with 
deep learning techniques, Mamba can handle sequential data more effectively, 
exhibiting higher modeling capability and predictive performance. Mamba has 
demonstrated superior performance in various domains, including language mod-
eling, DNA sequence modeling, audio modeling and generation [ 8]. 

3 Methods 

The system architecture is shown in Fig. 1. The raw neural recording from the 
Utah array is processed into spike count bins and decoded using GRU, Trans-
former, RWKV and Mamba as four different backbones. The decoded output 
is compared with the ground truth motion activities. The detailed workflow is 
given below.
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Fig. 1. Raw neural signals were recorded from the primary motor cortex (M1) area of 
a monkey using a 96-channel Utah microelectrode array during random reach tasks. 
Spike activity detected from these neural signals was binned temporally across the 96 
channels. The resulting matrix of spike counts served as inputs for various methods 
after normalization and smoothing, and the outputs were the predicted finger velocities 
along the x and y axes. Experiments conducted under different scenarios facilitated 
comparisons of predictive accuracy, inference speed, and scalability among the four 
types of backbone models.  

3.1 Data Processing 

Datasets. The dataset from [ 17] is used in this study, which includes a rich col-
lection of neural and behavioral data recorded from nonhuman primates engaged 
in a random target reaching task. This task requires the subject controlling a 
ticker to move the computer cursor and reach a series of randomly distributed 
targets displayed on screen in succession. During the execution of the task, 
the neural activities from primary motor cortex (M1) and primary sensory cor-
tex (S1) are collected using Utah array, and the position of the subject’s hand 
kinematic trajectories are recorded using motion tracking systems. 

The neural recordings in this dataset consists of extracellular spike record-
ings, with the event times of threshold crossings sorted into discrete units. The 
recordings collected from subject Indy are used in this studies in total 30 sessions. 
The kinematic measurements contain the x and y coordinates of the subject’s 
fingertip and cursor position as it reaches out, as well as the x and y coordinates 
of the set targets, both sampled at a frequency of 250 Hz. 

Data Processing. In this studies, we only used recordings collected from the 
M1 cortex. We partitioned each session of the recorded task into multiple tempo-
ral bins with duration of 10 ms. Due to the sampling rate of 250 Hz, the sampling 
frequency is increased to 1000 Hz using linear interpolation. Within these bins, 
we quantified the number of spike events (threshold crossings) for each neural 
recording channel, thereby capturing the discrete neural firing patterns over 
time. It is worth noting that we use the unsorted spike events known as multi-
unit activities. In practice, spike sorting can be require too much computation
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for on-chip processing while using the sorted single-unit activities only bring 
limited decoding accuracy improvement as shown in [ 25]. 

The cursor’s velocity is used to characterize the kinematics of the reaching 
movement. The binned spike event and cursor velocity were temporally aligned, 
normalized and smoothed with a Gaussian smoothing operation, which attenuates 
high-frequency noise and elucidate the underlying signal trends following [ 14]. 

In the experiments, the input to the model is denoted as .Spk ∈ R
S×C , where  

. S represents the timesteps used for each prediction and . C denotes the number of 
channels. The ground truth denoted as .V el ∈ R

S×2, which represents the finger 
speed in x and y axis at each timestep. 

3.2 Backbone Models 
GRU. Proposed by Cho et at. [ 4], GRU is a variant of the Recurrent Neural 
Network (RNN), specifically designed to address the challenges of gradient explo-
sion and gradient vanishing in training. GRU achieves this by employing update 
gates and reset gates, which selectively update useful information and capture 
of long-term dependencies within time series data. GRU can be characterized by 
the following formulations [ 6]: 

.hj
t = (1 − zjt ) � hj

t−1 + zjt � h̃j
t (1) 

.zjt = σ(Wzxt + Uzh
j
t−1) (2) 

.h̃j
t = tanh(Wxt + U(rt � hj

t−1)) (3) 
.rjt = σ(Wrxt + Urh

j
t−1) (4) 

The reset gate (. r) is a gating mechanism that modulates the flow of informa-
tion from the previous activation, allowing the model to discard irrelevant past 
state information, thus mitigating the vanishing gradient problem. The update 
gate (. z) determines the extent to which the unit updates its activation, or hidden 
state (. h). It controls the degree of information transfer from the previous state 
to the current state, enabling the model to capture long-term dependencies. The 
activation (. h), commonly referred to as the hidden state, captures the learned 
information at the current time step and is recursively influenced by past activa-
tion. In our work, we employ hidden size .dh = 256. The candidate activation (. h̃) 
is a proposed update to the hidden state, which incorporates new input while 
being modulated by the reset gate to potentially discard the irrelevant previous 
state. 

Transformer. The foundational mechanism of the Transformer is its self-
attention mechanism, which enables the model to dynamically adjust the weight-
ing of input data, such as tokens or sequence elements, based on their contex-
tual relevance [ 26]. Unlike GRUs, which process data sequentially, Transformers 
handle input in parallel during the training phase, significantly expediting the 
training process.
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We employ the classic Multihead Scaled Dot-Product Attention mechanism 
along with an encoder-decoder architecture. Unlike traditional approaches that 
transform input vectors of vocabulary tokens through an embedding layer to 
embed feature dimensions, we directly take the spike matrix .x ∈ R

S×C as the 
input for both encoder and decoder and treat the channel dimension .C of the 
input spike matrix as the feature dimension and project the feature dimension 
to the model hidden dimension following Eq. 5 and this projection is also used 
in RWKV and Mamba model. 

.A = f(x) = Wx + b (5) 

.B = E[positions] (6) 

.input = Dropout(A + B) (7) 

.output = Decoder(Encoder(input), input) (8) 

The function . f represents a linear mapping layer, where .W and . b denote 
the weights and biases of the input layer, respectively. .E corresponds to the 
positional embedding matrix, from which an embedding vector is selected for 
each positional index. Where .input ∈ R

S×dmodel is the input to the encoder and 
decoder and .output ∈ R

S×2 is the predicted x and y axis velocity. In the encoder 
and decoder, the attention is implemented as below: 

.Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (9) 

.
MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)WO

where headi = Attention(Q′,K ′, V ′)
(10) 

Where the .Q,K, V are calculated following Eq. 5 with independent weights 
and zero bias, the parameter matrix .WO ∈ R

hC×dmodel and .Q′ ∈ R
S×h×dq , . K ′ ∈

R
S×h×dk , .V ′ ∈ R

S×h×dv . Here, we employ . h = 2 heads,  . dq = dk = dv = dmodel
h

and .dmodel = 128. 
Given the limited variance in input data patterns, the data is processed 

through two separate attention heads. The system comprises three layers each 
of encoders and decoders, culminating in the prediction of velocities in the x and 
y axes.  

RWKV. Unlike most RNNs, RWKV is a recurrent model combines the efficient 
parallelizable training of transformers with the fast inference time. RWKV refor-
mulates the attention mechanism with a variant of linear attention, replacing 
traditional dot-product token interaction with more effective channel-directed 
attention [ 18]. It mitigates the memory bottleneck and quadratic scaling issues 
inherent in Transformers through efficient linear scaling. It also preserves the 
ability for parallelized training and ensures robust scalability.
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.rt = Wr(μr � xt + (1 − μr) � xt−1) (11) 
.kt = Wk(μk � xt + (1 − μk) � xt−1) (12) 
.vt = Wv(μv � xt + (1 − μv) � xt−1) (13) 

R encodes historical information, activated via a Sigmoid function and incor-
porating a forgetting mechanism. W signifies the positional weight decay vector, 
a trainable parameter within the model. The terms K and V function analogously 
to the key and value in Transformer architectures. Distinct from traditional mod-
els where . x is simply the embedding of the current token, in the RWKV, . x is 
calculated as the weighted sum of the embeddings of the current token and the 
previous token. 

.wkvt =
∑t−1

i=1 e−(t−1−i)w+ki � vi + eu+kt � vt
∑t−1

i=1 e−(t−1−i)w+ki + eu+kt

(14) 

Equation 14 functions similarly to an attention mechanism, representing position 
. t as a learnable weighted sum of past content. In RWKV, .w is treated as a 
channel-wise vector that adjusts according to the relative position, requiring 
the training of only a single parameter vector . w. . u is designated for individual 
processing of the current token’s position, serving to circumvent any potential 
degradation of . w. 

Mamba. In contrast to the quadratic scaling observed with traditional models, 
Mamba demonstrates a throughput up to five times faster than the Transformer 
and exhibits linear scaling with sequence length [ 8]. Unlike RNNs, which com-
press all information into a hidden space and struggle with long-term memory 
issues, Mamba introduces a selective state-space model. This model offers the 
benefits of a linear recurrent network, enhanced by mechanisms for rapid train-
ing and effective context retention. Improvements in Mamba’s Structured State 
Spaces (SSM) include a selection mechanism that filters out irrelevant informa-
tion while enabling indefinite memory retention, and a hardware-aware algorithm 
optimized for GPU memory layouts to facilitate hardware acceleration. This 
ensures efficient computation cycling without extending the state unnecessarily, 
thus enhancing performance. 

The SSM Mamba consists of the following two equations: 

.xt = f(xt−1, ut, wt) (15) 

.yt = h(xt, vt) (16) 
Equation 15 represents the state transition equation, describing how the system 
state evolves over time. Here, .xt denotes the system state at time step . t, . ut

represents the control input, .wt is the process noise, and f is the state transition 
function. Equation 16 is the observation equation, .yt represents the observation 
data at time step . t, .vt denotes the observation noise, and . h is the observation 
function. The concept of selectivity in Mamba allows the model to selectively 
remember or forget information at each time step.
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4 Experiments and Key Results 

4.1 Experiment Settings 

To evaluate the capabilities of different backbone models across various dimen-
sions, four distinct experiments were established: single-session, multi-session, 
new session finetuning, and scaling experiments (set timestpes as 128, 1024, 128 
and 1024 respectively). A total of 30 sessions, collected over different days from 
the same subject, were used. All neural recordings from these 30 days were 
divided into training and testing datasets with an 8:2 ratio, consistently applied 
across all experiments. 

Single-Session Experiment: This experiment assessed the ability of the back-
bone models to perform effectively on small datasets. Each of the four models was 
trained independently on data from individual sessions, with recording lengths 
varying from 360 s to 3363 s. 

Multi-Session Experiment: This experiment focused on the models’ capacity 
to extract deep latent representations from neural recordings with input fea-
ture shifting overtime. A unified model was trained using training sets from 
all sessions. Over time, the quality of the recordings degraded due to scar tis-
sue encapsulation around the implants, leading to increased noise levels and a 
decrease in detected neural firing rates from over 20 Hz to below 10 Hz. Addi-
tionally, the neurons observed on different channels changed over time. Various 
training strategies were explored to help models adapt to these shifting input 
features. 

New Session Finetuning Experiment: This experiment tested the models’ 
ability to generalize and adapt to unseen data. Models were initially trained 
with datasets from the first 25 days, and then incrementally finetuned using 
datasets from the last five days (10 s per iteration). This setup mirrors practical 
scenarios for BCI calibration on new days, where a shorter calibration time is 
often critical. The aim was to identify the model that could quickly return to 
acceptable performance levels, making it more suitable for real-world use outside 
the laboratory. 

Scaling Experiment: This experiment investigated whether increased model 
size could enhance performance. The scaling law has been a key principle in 
designing large language models [ 13], but its applicability in neural decoding 
remains unexplored. 

Table 1. Parameter counts and hyperparameters of models 

Model Parameters Epochs Single(Multi) Layers Embedding Size 
GRU 272k 30(50) 1 256 
Transformer 316k 50(50) 3 128 
RWKV 294k 30(50) 2 88 
Mamba 306k 30(50) 2 144
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The same hyperparamter settings are used for all experiments except the 
scaling experiment, with details on their parameter counts and hyperparameters 
presented in Table 1. The requirement for the Transformer model to undergo 
50 epochs may be attributed to its attention mechanism, which necessitates 
numerous iterations to effectively optimize attention weights. Additionally, the 
design of the Transformer, which processes entire sequences simultaneously, may 
contribute to slower convergence rates during training [ 26]. 

The R. 
2 is used to evaluate the neural decoding performance following [ 1, 33]. 

R. 
2 typically ranging from 0 to 1, an R-square value of 0 indicates that the 

model fails to explain any variance in the dependent variable, while a value of 1 
indicates a perfect fit if the model to the data. The formula for calculating R. 

2

is as follows: 

.RSS =
n∑

i=1

(yi − ŷi)2 (17) 

.TSS =
n∑

i=1

(yi − ȳ)2 (18) 

.R2 = 1 − RSS

TSS
(19) 

where .RSS is the residual sum of squares (the sum of the squares of the differ-
ences between actual (. yi) and predicted values (. ŷi)), and .TSS is the total sum 
of squares (the sum of the squares of the differences between actual values and 
the mean of the observed values (. ȳ)). Table 2 summarizes the evaluation results 
of four models in different experiments. 

4.2 Single-Session Experiment 

As  shown in Table  2, the RWKV model excels in the single-session experiment, 
surpassing the GRU model by 0.02 in R. 

2. However, both the Mamba and Trans-
former models score below 0.7, indicating that these models are less effective 
when dataset sizes are limited. 

In terms of inference time processing 1280 ms of neural data (1 batch), as 
detailed in Table 2, shows varying performance among the models. The GRU 
model requires the longest processing time due to its sequential processing 
nature. The Transformer model also exhibits relatively long inference times due 
to its computationally intensive operations. In contrast, the RWKV and Mamba 
models demonstrate significant advantages in inference speed over both the GRU 
and Transformer models. 

Specifically, RWKV, which is a recurrent neural network devoid of an atten-
tion mechanism, avoids the computational overhead associated with computing 
attention matrices. This model incorporates Token Shift and Channel Mix mech-
anisms to optimize position encoding and channel blending, thereby enhancing 
both efficiency and performance. On the other hand, Mamba achieves rapid infer-
ence and maintains linear scalability with sequence length through dynamic and
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selective retention or dismissal of information based on input. Its streamlined 
and homogeneous architecture, coupled with a selective state space, markedly 
boosts inference speed. 

4.3 Multi-session Experiment 

In the multi-session experiment, we explored three different data partitioning 
strategies during training to identify the most effective approach for aiding mod-
els to learn as input features shifted. These strategies are as follows: 

• Random partitioning: Batches are randomly selected from random sessions 
to be fed into the model. 

• Sequential partitioning: Data batches are fed into the model in a sequential 
order, day by day. 

• Random session partitioning: Sessions are selected randomly, but within each 
selected session, data batches are fed sequentially. 

The random training strategy results in significantly higher stability and 
decoding accuracy of the model compared to the other two strategies. Although 
the data are strongly time-correlated, this approach of random input enhances 
gradient diversity, reduces cyclic biases in data appearance, and helps prevent 
overfitting. 

Sequential training resulted in limited improvement over the single-session 
experiment for both the GRU and RWKV models. Although these models can 
memorize historical information, sequential training may still lead to catas-
trophic forgetting, thereby only marginally enhancing performance compared to 
the single-session results. In contrast, the Mamba model demonstrated a signifi-
cant improvement, nearly 0.1 increase in R. 

2, over the single-session experiment. 
This suggests that Mamba’s selective state space mechanism is more effective at 
preserving useful information and handling long-term dependencies compared to 
the gating mechanisms of GRU or the RWKV model in neural decoding. 

However, the random session training strategy failed to provide a diverse 
training gradient and the data order could not convey long-term dependencies, 
resulting in underfitting of the model. 

Another observation during the multi-session training is the difficulty in 
achieving convergence with the Transformer model, which required careful tuning 
of its hyper-parameters. In contrast, the other models exhibited less sensitivity 
to training hyper-parameter settings. 

4.4 Fine-Tuning the Model on New Sessions 

As shown in Table 2, among the four models, GRU achieved the highest average 
R. 

2 score over 5 days of fine-tuning on new sessions, reaching 0.773. The RWKV 
and Mamba models scored 1–2% lower, while the Transformer model recorded 
the lowest score at 0.748. Regarding zero-shot performance, we only saw RWKV 
achieved an R. 

2 of 0.7 in one session out of five. On average, none of the models 
achieved adequate zero-shot performance.
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Table 2. Experiments results on all models 

Experiment Indicator GRU Transformer RWKV Mamba 
Single-session Average R.

2 0.715 0.633 0.717 0.660 
Inference time/s 0.941 0.822 0.303 0.434 

Multi-session Random train 0.838 0.720 0.812 0.810 
Sequence train 0.749 0.523 0.726 0.752 
Random session 0.560 0.314 0.600 0.556 

Fine-tuning Average R.
2 0.773 0.748 0.763 0.756 

Recovery time/s 214 - 202 178 
Zero shot 0.4811 0.383 0.452 0.370 

Scaling Max R.
2 0.846 - 0.843 0.851 

Increment 0.010 - 0.031 0.041 

The results from the finetuning experiment indicate that all models are capa-
ble of surpassing their performance when trained solely on single-session data. 
This demonstrates that despite variations in firing rates and neuron-channel 
mappings over time, the models can distill useful information to enhance neural 
decoding. The quality of the base model significantly influences the effectiveness 
of the finetuned model. However, the backbone model alone does not provide 
zero-shot capability, suggesting that additional architectural designs or training 
strategies are necessary to enhance the models’ adaptability to input feature 
shifts and improve zero-shot performance. 

In terms of the data length required to achieve an acceptable R. 
2 score of 0.7 

through fine-tuning, Mamba outperformed both RWKV and GRU. This superior 
performance likely stems from Mamba’s enhanced ability to resolve long-term 
dependencies, which facilitates its calibration to unseen data more effectively. 
Consequently, Mamba emerges as a more viable option for real-world deployment 
in practical BCI applications due to its robust adaptability. 

4.5 Scaling Analysis 
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0.81 

0.82 

0.83 

0.84 

0.85 

R
-S

q
u

a
re

 S
c
o

re
 

Number of Parameter 

GRU

 Mamba 

RWKV 

Fig. 2. Scaling parameter counts for the models 
range from 300k to 3.8M with error 

In multi-session training, the 
parameter count for the models 
we used is approximately 300k. 
To explore whether increasing 
the model size could enhance its 
decoding performance, we exam-
ined the improvements achieved 
by increase the number of lay-
ers in GRU, RWKV and Mamba 
models (Transformer can fail to 
converge in many cases and is 
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therefore ignored.). The variation in the model’s decoding R. 
2 scores as a function 

of the parameter count of these models, ranging from 300K to 3M, is illustrated 
in the Fig. 2. 

With an increase in model parameters, the R. 
2 scores for Mamba and RWKV 

show significant improvement, reaching 0.843 and 0.851 respectively. This repre-
sents increases of 0.031 and 0.041 over their 300k parameter models. In contrast, 
the GRU model demonstrates only a mild improvement of 0.01 when parame-
ters are increased, and further scaling leads to a declining trend in performance. 
Despite its gate mechanisms to mitigate the vanishing gradient problem, GRU’s 
inherent sequential processing nature restricts its scalability and limits its effi-
ciency in handling large-scale sequence tasks. 

Conversely, RWKV and Mamba exhibit superior scalability and computa-
tional efficiency, outperforming GRU. This advantage is largely due to their 
innovative structural designs and optimization strategies that effectively address 
the limitations typically associated with recurrent neural networks and tradi-
tional Transformers. 

While performance gains for RWKV and Mamba level off as model size 
increases, this plateau is mainly attributable to the limited size of the current 
dataset. However, with the rapid advancement of BCI technology and the antici-
pated increase in available data, it is reasonable to predict that RWKV or Mamba 
could serve as robust backbones for neural decoding in future applications. 

5 Discussion 

5.1 Suggestions on Model Selection 

Each of the four models evaluated demonstrates distinct strengths and weak-
nesses. The GRU model achieves the secondary prediction accuracy in single 
session experiment and best predictive accuracy on multi-session experiment on 
the dataset used in this work. However, its inference time and calibration recov-
ery time is constrained by its inherent serial structure. In contrast, the RWKV 
and Mamba model have significantly faster inference and calibration recovery 
time. Additionally, both RWKV and Mamba adhere to the scaling law, demon-
strating a gradual improvement in predictive accuracy as model sizes increase. 
Mamba eventually achieves an R. 

2 of 0.851 when scale up to 3M, hitting the 
highest score among all models in different experiment settings. It also becomes 
compatible with the SoTA neural decoding model POYO [ 3], trained on a much 
larger dataset tested on the same task. The Transformer model, however, lags in 
nearly all performance metrics and is difficult to converge in our experiments. 

Consequently, Mamba or RWKV could be suitable backbones for future neu-
ral decoding tasks, especially with an increasing amount of available neural 
recordings. Their scalability and linear computational complexity can signifi-
cantly enhance decoding performance without the need for excessive computa-
tional resources, making them preferable for wearable devices used daily. For BCI 
applications, this choice can also lead to reduced training times, faster response 
times, and quicker calibration speeds. However, for studies involving a limited
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amount of data and those not sensitive to response times, RNN models like GRU 
or LSTM may suffice to provide high decoding performance in most use cases. 

5.2 Limitation and Future Works 

One significant challenge within the BCI field is achieving long-term stable neu-
ral decoding. Unfortunately, none of the four models can provide long-term sta-
ble decoding capabilities without finetuning, based on our experiments. While 
this work utilizes only one dataset, introducing a more diverse dataset could 
enable the model to learn a broader array of data features, thereby enhancing 
its robustness in practical applications. 

The degradation in long-term decoding performance is primarily due to input 
feature shifting [ 33]. To manage potential data drift over prolonged periods, con-
tinuous or online learning strategies could be implemented, allowing the model 
to continually adapt to new data. From a computational-saving perspective, 
instead of full parameter updating, tuning only the input and output layers or 
employing some transfer learning strategies might better accommodate input 
variations with less computational overhead. 

New training strategies can also be explored to guide the model in learn-
ing useful latent representations. By implementing a weighted loss scheme that 
prioritizes recent sessions chronologically, our preliminary results have already 
shown notably improved zero-shot outcomes. 

Additionally, the backbone models in this study were only trained on a ran-
dom track task with one subject. The adaptation across different tasks and 
subjects also needs to be carefully evaluated in future studies. 

6 Conclusion 

This study has conducted a comprehensive comparison of GRU, Transformer, 
RWKV, and Mamba models in the context of neural decoding for random reach 
tasks. RWKV and Mamba, which demonstrate faster inference speeds, lower 
computational complexity, better scalability compared to GRU and Transformer, 
emerge as preferred choices for deployment on wearable devices. This detailed 
evaluation of the various strengths and weaknesses of each model not only high-
lights their individual capabilities but also establishes a robust foundation for 
future advancement on model architecture. The insights gained from this work 
guide the development of more efficient and effective neural decoding architec-
ture, paving the way for enhanced performance in practical applications. 
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Abstract. Channel-wise attention mechanisms have significantly 
improved deep learning-based decoding in brain-computer interfaces 
(BCIs). However, these methods often fail to fully utilize spatial and tem-
poral dynamics, focusing instead on individual channel enhancements 
to the detriment of broader EEG signal dynamics. To address these 
limitations, we introduce the Enhanced Local Attention (ELA) mod-
ule, seamlessly integrated into deep neural networks that enhances EEG 
decoding performance. It captures long-range dependencies from deep 
features across two dimensions through a streamlined architecture. The 
ELA module employs adaptive 1D convolution for precise localization 
of spatial and temporal information without reducing dimensions. Addi-
tionally, it utilizes group normalization to enhance feature representation 
by normalizing features across groups. Its lightweight design enables easy 
integration into existing deep learning frameworks. Comprehensive eval-
uations on the BCI-IV2b dataset highlight the ELA module’s superior 
performance. Specifically, it increases the decoding accuracy of EEG-
Net in the motor imagery task from 81.89% to 85.97%. Furthermore, 
when integrated with ADFCNN, the ELA module achieves an accuracy 
of 88.13%, consistently outperforming other state-of-the-art methods. 

Keywords: Attention Mechanism · Deep Learning · Brain-Computer 
Interfaces 

1 Introduction 

Electroencephalography (EEG) has emerged as a pivotal technology in the field 
of neuroscience due to its non-invasive nature, cost-effectiveness, and high tem-
poral resolution [ 4]. Widely used in both research and clinical settings, EEG’s 
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ability to monitor real-time brain activity enables a broad spectrum of applica-
tions, from enhancing cognitive performance and predicting epileptic seizures 
to enabling control over computer interfaces through imagined movements 
[ 16, 19, 20]. This versatility makes EEG indispensable in advancing our under-
standing of neural dynamics and developing practical solutions that enhance 
the quality of life for individuals with neurological disorders and for the general 
population [ 8]. EEG-based brain-computer interfaces (BCIs) are a transforma-
tive area that promises new modes of interaction between the human brain and 
external devices [ 2, 23, 28]. 

In recent years, deep learning (DL) has significantly enhanced the field of 
EEG decoding, primarily due to its robust automatic feature learning capa-
bilities, as highlighted by Craik et al. [ 5]. Among various models, Convolu-
tional Neural Networks (CNNs) excel at decoding and analyzing EEG signals 
[ 11, 12, 17]. They utilize weight-sharing techniques to effectively manage the com-
putational demands associated with high-dimensional input data. Schirrmeister 
et al. introduced two CNN variants, ShallowConvNet and DeepConvNet, demon-
strating that network depth significantly affects performance [ 17]. Building on 
this foundation, Kim et al. refined the motor imagery classification capabilities 
of M-ShallowConvNet by adjusting the kernel size of temporal convolutions and 
convolutional strides based on the original framework [ 11]. Additionally, EEG-
Net, developed by Lawhern et al., employs depthwise and separable convolutions, 
enabling it to generalize across various BCI paradigms and maintain robust per-
formance, even with limited training data [ 12]. However, the inherent limitations 
of EEG data, such as limited availability and a low signal-to-noise ratio (SNR), 
require more sophisticated network architectures to fully exploit the informa-
tion within EEG signals. To address this, Mane et al. introduced FBCNet, which 
incorporates Filter Bank Common Spatial Patterns (FBCSP) to capture distinct 
features across various frequency bands, thus enhancing feature extraction [ 15]. 
Moreover, Dai et al. developed HS-CNN, utilizing multiple convolutional scales 
to capture a comprehensive range of EEG signal features, significantly boosting 
classification accuracy [ 6]. Despite these innovations, CNN-based methods often 
struggle to capture the long-range dependencies inherent in the complex spatial 
and temporal patterns of EEG signals, highlighting a crucial area for further 
research and development in EEG-based BCIs. 

To dynamically prioritize the most informative features of EEG data, atten-
tion mechanisms have significantly improved the capabilities of deep neural net-
work models for EEG decoding. Among the various types of attention mecha-
nisms, multi-head attention, introduced by Vaswani et al. in the Transformer 
architecture [ 25], allows models to attend to different representational subspaces 
at different positions, facilitating a comprehensive analysis of the entire EEG 
dataset [ 30]. Self-attention has been shown to be effective in capturing intri-
cate temporal dependencies within EEG signals, as demonstrated by Tao et 
al. in their work on emotion-based BCI systems [ 23]. Channel-wise attention 
specifically targets the relevance of different EEG channels, which is crucial due 
to the spatial diversity of brain activity captured across various electrodes [ 3].
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This method enables models to identify and prioritize information from the most 
significant channels, thus enhancing their ability to interpret complex neural sig-
nals. For instance, Tao et al. utilized channel-wise attention to capture depen-
dencies among different electrodes [ 23], while Su et al. dynamically assigned 
different weights to EEG channels through a similar mechanism [ 21]. However, 
existing methods employing channel-wise attention often utilize the Squeeze-
and-Excitation (SE) block, which uses two-dimensional global pooling to com-
press spatial dimensions into channel dimensions. Although the SE block adeptly 
encodes inter-channel relationships, it overlooks the spatial positional informa-
tion within the feature maps, a crucial aspect for fully leveraging the spatial 
characteristics of EEG data. This limitation highlights the necessity for devel-
oping more sophisticated attention frameworks that integrate both channel-wise 
and spatial attention to enhance the decoding accuracy and interpretability of 
EEG-based models [ 7]. 

To address these issues, this paper introduces an Enhanced Local Attention 
(ELA) mechanism, which is integrated into deep neural networks to improve 
EEG decoding performance. Our main contributions are: 

• We introduce the ELA module, which uniquely combines adaptive 1D convo-
lution with group normalization. This module not only refines feature repre-
sentation but also effectively localizes spatial and temporal dynamics without 
the need for dimension reduction. The ELA module efficiently captures long-
range dependencies across channels and time points, essential for decoding 
intricate EEG patterns. 

• The ELA module is both lightweight and efficient, significantly reducing com-
putational demands while delivering high performance. Designed for easy inte-
gration into existing deep neural network frameworks, it offers a seamless, 
plug-and-play enhancement for deep learning models in BCI applications. 

• Extensive validation on the BCI-IV2b dataset has demonstrated the ELA 
module’s superior performance. The module significantly improved the decod-
ing accuracy of EEGNet in the motor imagery task from 81.89% to 85.97%. 
When implemented with ADFCNN, it achieved an exceptional accuracy of 
88.13%, surpassing the current state-of-the-art methods and setting a new 
benchmark in the field. 

2 Related Work 

Attention mechanisms originated in the field of computer vision, primarily 
focused on the extraction of spatial features. This focus significantly shifted with 
the introduction of SCA-CNN [ 3], which incorporated channel-wise attention 
along with spatial attention, substantially enhancing image recognition capa-
bilities. Subsequently, the SE block [ 7] refined the extraction of channel infor-
mation through efficient squeeze and excitation operations, gaining widespread 
recognition for its computational efficiency. Expanding on this foundation, the 
Convolutional Block Attention Module (CBAM) [ 29] effectively merged channel
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and spatial features using a combination of average and maximum pooling tech-
niques. The Efficient Channel Attention (ECA) module [ 27] further advanced 
this integration by implementing 1-D convolution to enable local cross-channel 
interactions, thus reducing computational complexity compared to the SE block. 
Inspired by these developments, researchers have investigated the application of 
channel and spatial attention mechanisms in EEG decoding. 

In EEG applications, MBEEGSE utilized three SE blocks in a tri-branched 
CNN architecture for MI-EEG decoding, enhancing the adaptability of channel-
wise feature responses [ 1]. Similarly, Tao et al. merged spatial and channel fea-
tures using a CBAM block within a CNN framework for 2D EEG image decod-
ing in error-related potential BCI systems [ 22]. Furthermore, MSDAN altered 
the CBAM structure by integrating a convolution block and a soft-thresholding 
module to eliminate non-essential features for sleep staging [ 26]. Additionally, 
MBSTCNN-ECA-LightGBM employed the ECA module in a four-dimensional 
MI-EEG signal context, customizing kernel sizes to optimize cross-channel inter-
actions [ 9]. 

However, the global pooling operations of the SE and ECA blocks might not 
effectively capture local spatial and temporal dependencies. To address these 
challenges, our work introduces the Enhanced Local Attention (ELA) module, 
designed to establish robust long-term dependencies across spatial and temporal 
dimensions through adaptive 1-D convolutions and to enhance feature general-
ization through group normalization. Paired with advanced CNN architectures, 
this module has undergone rigorous testing through a series of experiments on 
EEG decoding, demonstrating its efficacy in enhancing the precision of EEG 
interpretation. 

3 Method 
3.1 Enhanced Local Attention 

Fig. 1. Architectural comparison of three attention mechanisms: Squeeze-and-
Excitation (SE) Block (a), Efficient Channel Attention (ECA) (b), and Enhanced Local 
Attention (ELA) (c). The diagram illustrates the key components and data flow within 
each module. “C Avg Pooling” and “T Avg Pooling” refer to 1D-average pooling per-
formed across the channel and temporal dimensions, respectively.
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Given EEG signals .X ∈ R
C×T , where . C represents the number of EEG electrode 

nodes and . T denotes the number of sampling points, deep neural networks apply 
convolution operations to extract features, resulting in an output with the shape 
.F × C × T . Here, .F represents the number of feature maps. As depicted in 
Fig. 1, various channel-wise attention mechanisms are employed to capture long-
range dependencies among the features. The Squeeze-and-Excitation (SE) block 
leverages global average pooling (GAP) to compress global spatial information 
into a channel descriptor, aggregating features across all spatial dimensions and 
recalibrating the model’s responses based on this global information. Conversely, 
the Efficient Channel Attention (ECA) refines this approach by introducing a 
fast 1D convolution after global pooling, facilitating the capture of local channel-
wise dependencies without significantly increasing computational costs. 

However, GAP may not effectively capture local spatial and temporal depen-
dencies in EEG features. Therefore, we propose an Enhanced Local Attention 
(ELA) mechanism that processes the features from spatial and temporal dimen-
sions, respectively. Additionally, we employ the adaptive 1D convolution to man-
age long-range dependencies across these two dimensions effectively. Besides, 
group normalization, which boosts the feature learning capability by normalizing 
multiple feature channels in groups, is employed to accommodate the intricate 
features extracted. 

Mathematically, instead of employing GAP, our method performs separate 
average pooling for channel and temporal dimensions, enabling effective dual-
branch convolution processing to fuse the resultant feature maps, thereby pre-
serving channel dimensions and enhancing feature representation. The pooling 
operations can be defined as: 

.zc =
1
C

C−1∑

i=0

f(c, i), (1) 

.zt =
1
T

T−1∑

j=0

f(t, j), (2) 

where . f represents the features extracted from deep neural networks with a 
shape .F ×C ×T , . F is the number of feature maps, .zc and . zt denote the average 
feature maps along channel and temporal dimensions, respectively. 

Following this, adaptive 1D convolution assesses dependencies among channel 
and temporal information by dynamically selecting the kernel size based on the 
number of feature channels: 

.k = ψ(Dz) =
∣∣∣∣
log2(Dz)

γ
+

b

γ

∣∣∣∣ odd, (3) 

where .|t| odd indicates the nearest odd number of . t, .Dz represents the dimension 
of the average feature maps . zc and . zt, and . γ and . b are set to 2 and 1, respectively. 

The processed feature maps then undergo group normalization (GN), which 
contrasts with the more common batch normalization (BN) and is especially
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advantageous in scenarios with small batch sizes or in cases where discrepancies 
in batch sizes between training and testing sets could impact model perfor-
mance. GN’s ability to normalize groups of channels aids in effectively handling 
the enhanced features. Following GN, a sigmoid activation function scales the 
attention weights between 0 and 1, with the final step being the multiplication of 
the enhanced features by the original inputs to produce the outputs. This sophis-
ticated approach ensures the preservation of information integrity and improves 
the model’s overall stability and performance. 

3.2 ELA Module for Deep Models 

We have developed two network frameworks, incorporating EEGNet and 
ADFCNN, respectively, integrating the proposed ELA block. The architectures 
of these neural networks are presented in Tables 1 and 2. To effectively harness 
temporal and spatial features from raw electroencephalogram signals, we strate-
gically position the ELA module after the temporal convolution layer, which 
typically outputs the richest feature information. 

Table 1. EEGNet with Enhanced Local Attention (ELA) 

Module Layer Output Shape 
Temporal Convolution Standard Conv2D . F × C × T

ELA Avg Pool (.T,C) .F × C × 1, . F × 1× T

Conv1D (.C, T ) .F × C, . F × T

Group Norm (.C, T ) .F × C, . F × T

Sigmoid (.C, T ) .F × C, . F × T

Dot Product . F × C × T

Spatial Convolution Depthwise Conv2D . F × 1× T

Point-wise Convolution Separable Conv2D . F × 1× T/4

Average Pooling . F × 1× T/32

Classifier Flatten . F × T/32

Dense . N × 1

.F = Number of convolution kernel, .N = Number of classes 

In the EEGNet-ELA configuration, EEGNet first performs temporal con-
volution on the input features. The resultant feature maps are then processed 
by the ELA module, enhancing both channel and temporal features through 
one-dimensional convolution and group normalization. These enhanced features 
are integrated with the outputs of the temporal convolution, and then proceed 
through spatial and temporal convolution layers before reaching the classification 
module for prediction. 

Similarly, in the ADFCNN-ELA architecture, the ELA module assigns atten-
tion weights to the temporal convolution outputs. The output from the ELA 
module is then fed into the spatial convolution layer. ADFCNN comprises two 
branches: Branch I employs separable spatial convolution followed by point-
wise convolution and then a pooling layer, while Branch II utilizes standard
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Table 2. The ADFCNN-ELA Architecture 

Module Layer Output Shape 
Branch-I Temporal Convolution . F × C × T

ELA . F × C × T

Separable Spatial Convolution . F × 1× T

Point-wise Convolution . F × 1× T

Average Pooling . F × 1× T1

Branch-II Temporal Convolution . F × C × T

ELA . F × C × T

Standard Spatial Convolution . F × 1× T

Average Pooling . F × 1× T2

Fusion Concatenation . F × 1× (T1 + T2)

Attention-based . F × 1× (T1 + T2)

Classifier Dense . N × 1

.T1 = Dimension of features learned by Branch I, 

.T2 = Dimension of features learned by Branch II 

spatial convolution prior to pooling. Subsequently, features from both branches 
are merged by a fusion module that incorporates ADFCNN’s attention mecha-
nism and are then processed by the classification module for final output. This 
methodical approach ensures that both frameworks leverage the advantages of 
ELA to enhance feature representation and improve classification accuracy. 

4 Experiments and Results 
4.1 Dataset and Preprocessing 

In this study, we evaluated the effectiveness of the proposed model using the 
widely recognized public dataset BCI-IV2b. Details of the dataset are provided 
below: 

BCI competition IV 2b dataset (BCI-IV2b) [ 13]: This dataset comprises EEG 
recordings from nine subjects at a sampling rate of 250 Hz, using three electrodes 
positioned at C3, Cz, and C4 according to the international 10–20 system. Two 
MI tasks (left-hand vs. right-hand) were performed, with each trial lasting 4 s. 
The first two sessions consisted of 400 trials each, while the remaining three ses-
sions contained 320 trials each. The initial two sessions were conducted without 
feedback, while the subsequent three sessions included feedback. 

During preprocessing, each EEG trial was represented as a matrix .X ∈ R
C×T , 

where . C denotes the number of EEG electrode nodes and . T denotes the number 
of sampling points. To standardize the dataset, the sampling rate was adjusted 
by down-sampling the raw EEG data from 1000 Hz to 250 Hz. 

4.2 Simulation Setup 

In our comparative experiments, we meticulously tuned hyperparameters such 
as training epochs, batch size, learning rate, and weight decay to ensure opti-
mal performance across various deep learning models. The learning rate was set
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to 0.001 and weight decay to 0.075 for each model. We standardized the num-
ber of training epochs and batch size at 1000 and 16, respectively. All models 
employed the Adam optimizer and the cross-entropy loss function. The models 
were implemented in Python using the PyTorch framework and trained on an 
NVIDIA Tesla V100 GPU. 

For performance evaluation, we adopted a cross-session evaluation method-
ology. Specifically, we applied uniform five-fold cross-validation on data from the 
first session, and the reported results reflect the average performance across the 
five models when tested on the second session’s data. Furthermore, we utilized 
the Kappa coefficient as an evaluation metric to assess classification accuracy. 
This metric effectively eliminates result randomness, providing a robust measure 
of a model’s classification performance, as higher Kappa values indicate better 
performance. The Kappa coefficient is mathematically defined as: 

.kappa =
1

Nv

Nv∑

i=1

Pi − Pc

1 − Pc
(4) 

where .Nv is the number of cross-validations, which equals 5 in this study; .Pi is 
the average classification accuracy of the .i-th cross-validation; and .Pc indicates 
the random classification accuracy for binary classification tasks, set at 0.5 here. 

4.3 Effect of Group Normalization on ELA Module 

To examine the impact of group normalization on the efficacy of the ELA mod-
ule in EEG decoding, a comparative analysis was conducted using EEGNet as 
a baseline. This investigation assessed the ELA module across various GN con-
figurations (GN = 1, GN = 2, GN = 4, and GN = 8), as well as a variant without 
GN, with each model evaluated using the same EEG dataset and focusing on 
mean accuracy and kappa scores to measure performance improvements. 

Table 3. Comparative Performance of EEGNet and EEG-ELA with Different Group 
Normalization Settings on Mean Accuracy and Kappa Scores 

Model Mean Accuracy (%) Mean Kappa (%) 
EEGNet .81.89± 10.95 . 63.79± 21.90

ELA (w/o GN).82.14± 9.66 . 64.29± 19.32

ELA (GN = 1) .85.67± 9.75 . 71.34± 19.51

ELA (GN = 2) 85.97 . ± 9.58 71.95 . ± 19.17 
ELA (GN = 4) .85.91± 10.04 . 71.82± 20.09

ELA (GN = 8) .85.41± 10.04 . 70.83± 20.09

As  shown in Table  3, the baseline EEGNet achieved a mean accuracy of 
81.89% and a kappa score of 63.79%. The ELA module without GN exhibited
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modest improvements in both metrics, confirming the inherent advantages of the 
ELA architecture. Notably, integrating group normalization into the ELA mod-
ule substantially enhanced its performance. With a single group (GN = 1), the 
mean accuracy rose to 85.67% and the kappa score to 71.34%, indicating that 
even minimal group normalization significantly improved performance. However, 
further increases in group number (GN = 2, GN = 4, and GN = 8) showed a per-
formance peak at GN = 2, where the mean accuracy reached 85.97% and the 
kappa score was 71.95%. Beyond this point, performance slightly decreased with 
larger group divisions (GN = 4 and GN = 8), suggesting that excessive partition-
ing may introduce inefficiencies or overfitting. 

These results underscore the necessity of optimizing the GN setting to max-
imize the decoding performance of the ELA module. The optimal performance 
observed at GN = 2 demonstrates that moderate group normalization can sig-
nificantly enhance the network’s generalization capabilities without adversely 
affecting computational efficiency. This balance is crucial for leveraging the full 
potential of the ELA module in practical EEG decoding applications. 

4.4 Comparisons with Different Attention Mechanisms 

Fig. 2. (a) Accuracy comparison of EEGNet variants with various attention mecha-
nisms, (b) Kappa coefficient comparison of EEGNet variants with various attention 
mechanisms. 

To elucidate the effectiveness of various attention mechanisms within EEG 
decoding architectures, we conducted a comparative analysis of several EEG-
Net variants, each incorporating a different attention mechanism: Squeeze-and-
Excitation (SE), Efficient Channel Attention (ECA), and Enhanced Local Atten-
tion (ELA). The primary aim was to assess the impact of these attention mech-
anisms on the accuracy and reliability of EEG decoding, as measured by the 
kappa coefficient. 

Figure 2 displays the results of this experimental comparison. Panel (a) shows 
the accuracy achieved by each EEGNet variant, while panel (b) delineates their 
kappa coefficients. The conventional EEGNet, used as the baseline, demonstrated
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that incorporating attention mechanisms generally improves both accuracy and 
kappa scores. Notably, the EEGNet-ELA variant exhibited the most significant 
enhancements in both metrics, indicating the ELA mechanism’s superior capac-
ity for feature refinement in EEG decoding tasks. 

This study highlights the substantial potential of attention mechanisms to 
enhance the performance of neural network architectures used in EEG decoding, 
particularly the ELA mechanism, which excels in boosting both accuracy and 
interpretability of EEG decoding. These results strongly support the integration 
of sophisticated attention mechanisms into the development of more precise and 
robust EEG-based BCIs. 

4.5 Attention Visualization 

Fig. 3. Attention Visualization of Features Refined by ELA on Spatial and Temporal 
Dimensions for Subject 5. 

To study the efficacy of the ELA module in the context of motor imagery tasks, 
we conducted a detailed attention visualization analysis, shown in Fig. 3. This  
analysis aimed to illustrate how the ELA mechanism refines attention weights 
across both spatial and temporal dimensions for Subject 5 during motor imagery 
tasks. 

Figure 3(a) displays the average attention weights assigned to the three EEG 
channels (Channel 1, Channel 2, and Channel 3), demonstrating the differen-
tial prioritization of channel-specific information by the ELA module, which 
is crucial for accurate decoding of motor imagery signals. Figure 3(b) extends 
this analysis to the temporal domain, illustrating the distribution of attention 
weights across various time points. The color gradients indicate the intensity of 
attention weights, with warmer colors representing higher values. 

This comprehensive visualization underscores the ELA module’s ability to 
dynamically focus on pertinent spatial and temporal features within the EEG 
data, which is essential for effectively capturing the neural patterns associated
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with imagined movements. The refined attention weights highlight the ELA mod-
ule’s capability to enhance the discriminative power of the EEGNet by empha-
sizing critical dependencies, thereby significantly improving the precision and 
reliability of motor imagery decoding. These insights affirm the module’s utility 
in capturing long-range dependencies and enhancing the overall performance of 
EEG-based models in motor imagery tasks. 

4.6 Feature Visualization 

Fig. 4. t-SNE Visualization of EEG Features for Two Different Subjects Extracting 
from EEGNet and EEGNet-ELA 

To explore the impact of the ELA module on feature representation in EEG 
decoding, we utilized t-distributed Stochastic Neighbor Embedding (t-SNE), a 
technique for visualizing the distribution and separation of features. This study 
examined EEG features extracted by two variants of EEGNet—the standard ver-
sion and the EEGNet-ELA—focusing on features related to two motor imagery 
tasks: left-hand and right-hand movements across various subjects. 

Figure 4 presents the t-SNE visualizations for two subjects, labeled as Sub-
ject 5 and Subject 9. Panels (a) and (c) illustrate features from the standard 
EEGNet, while panels (b) and (d) show those from EEGNet-ELA. Notably, 
EEGNet-ELA achieves a clearer distinction between the two classes of move-
ments than the baseline EEGNet. Specifically, in panels (b) and (d), the clusters 
corresponding to different hand movements are more cohesive and distinctly
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separated, indicating that the ELA mechanism significantly enhances feature 
discrimination. 

This visualization study confirms the qualitative enhancements in feature 
extraction provided by the ELA mechanism and highlights its potential to 
improve the accuracy and robustness of EEG-based classification systems. The 
distinct separation of features relevant to different motor tasks underscores the 
ELA-enhanced network’s improved capability to differentiate between closely 
related EEG signals, a crucial advancement for the development of more effec-
tive BCIs. 

4.7 Comparisons Using Different CNNs 
In a comprehensive evaluation aimed at assessing the performance of CNNs 
in EEG decoding, our study integrated the ELA mechanism with another 
CNN architecture, ADFCNN, and compared the outcomes with several notable 
related works. Table 4 presents the results of this comparison. It includes bench-
marks against traditional and state-of-the-art CNN models such as Deep Con-
vNet, EEGNet, and various custom configurations like ShallowConvNet and 
M-ShallowConvNet. Notably, the integration of ELA with EEGNet (EEG-
Net+ELA) and with Adaptive Feature CNN (ADFCNN+ELA) demonstrated 
a significant improvement in average accuracy, achieving 85.97% and 88.13%, 
respectively. These results surpass the performance of conventional models and 
other recent innovations, highlighting the effectiveness of the ELA mechanism 
in enhancing the discriminative power of neural networks for EEG signal classi-
fication. 

Table 4. Comparison of Classification Accuracy Across Different Methods on BCI-
IV2b Dataset 

Related Work Method Average Accuracy (%) 
Schirrmeister et al. 2017 [ 17] Deep ConvNet 80.00 
Lawhern et al . 2018 [ 12] EEGNet 81.89 
Liu et al. 2022 [ 14] SHCNN 83.49 
Song et al. 2022 [ 18] Conformer 84.63 
Schirrmeister et al. 2017 [ 17] Shallow ConvNet 84.83 
Tang et al. 2023 [ 10] MSHCNN 85.25 
Our work EEGNet+ELA 85.97 
Tao et al. 2023 [ 24] ADFCNN 87.81 
Our work ADFCNN+ECA 88.03 
Our work ADFCNN+SE 88.06 
Our work ADFCNN+ELA 88.13 

Our study underscores the significant role of the ELA module in boosting 
classification accuracy through advanced feature extraction and representation.
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This demonstrates its potential for seamless integration with various deep learn-
ing models. The comparative analysis not only confirms the superior performance 
achieved by incorporating the ELA module but also supports further investiga-
tion into adaptive and attention-based enhancements. Such modifications aim to 
augment the capabilities of neural network models for BCI applications, poten-
tially leading to more effective and robust BCI systems. 

5 Conclusion 

The Enhanced Local Attention (ELA) module introduced in this study signif-
icantly advances EEG decoding capabilities within deep learning frameworks. 
Detailed evaluations conducted on the BCI-IV2b dataset confirm that integrat-
ing adaptive 1D convolution and group normalization within the ELA architec-
ture markedly enhances spatial and temporal feature localization and captures 
long-range dependencies. These enhancements facilitate superior feature discrim-
ination and enable straightforward integration with prevalent CNN architectures 
such as EEGNet and ADFCNN, achieving notable improvements in classifica-
tion accuracy. The ELA module demonstrates superior performance in EEG 
decoding and underscores the utility of sophisticated, attention-based enhance-
ments in neural network models for brain-computer interface applications. This 
research paves the way for future innovations aimed at enhancing the accuracy, 
robustness, and accessibility of BCI technologies. 

Acknowledgements. This work was supported in part by The Science and Tech-
nology Development Fund, Macau SAR (File no. 0045/2019/AFJ and 0022/2021 
/APD), The University of Macau Research Committee (MYRG projects 2017-00207-
FST and 2022-00197-FST) and Guangdong Basic and Applied Basic Research Foun-
dation (Grant No. 2023A1515010844). 

Funding Information. This work is funded in part by University of Macau (File 
no. MYRG2022-00197-FST, MYRG-GRG2024-00285-FST, MYRG-CRG2024-00048-
FST-ICI), by The Science and Technology Development Fund, Macau SAR (File no. 
0085/2023/AMJ), and by Guangdong Basic and Applied Basic Research Foundation 
(Grant No. 2023A1515010844). 

References 

1. Altuwaijri, G.A., Muhammad, G., Altaheri, H., Alsulaiman, M.: A multi-branch 
convolutional neural network with squeeze-and-excitation attention blocks for 
EEG-based motor imagery signals classification. Diagnostics 12(4), 995 (2022) 

2. Chaudhary, U., Birbaumer, N., Ramos-Murguialday, A.: Brain-computer interfaces 
for communication and rehabilitation. Nat. Rev. Neurol. 12(9), 513–525 (2016) 

3. Chen, L., et al.: SCA-CNN: spatial and channel-wise attention in convolutional net-
works for image captioning. In: Proceedings of the IEEE Conference on Computer 
Vision and Pattern Recognition, pp. 5659–5667 (2017)



220 W. Tao et al.

4. Cohen, M.X.: Where does EEG come from and what does it mean? Trends Neu-
rosci. 40(4), 208–218 (2017) 

5. Craik, A., He, Y., Contreras-Vidal, J.L.: Deep learning for electroencephalogram 
(EEG) classification tasks: a review. J. Neural Eng. 16(3), 031001 (2019) 

6. Dai, G., Zhou, J., Huang, J., Wang, N.: HS-CNN: a CNN with hybrid convolution 
scale for EEG motor imagery classification. J. Neural Eng. 17(1), 016025 (2020) 

7. Hu, J., Shen, L., Sun, G.: Squeeze-and-excitation networks. In: Proceedings of the 
IEEE Conference on Computer Vision and Pattern Recognition, pp. 7132–7141 
(2018) 

8. Jeunet, C., N’Kaoua, B., Lotte, F.: Advances in user-training for mental-imagery-
based BCI control: psychological and cognitive factors and their neural correlates. 
Prog. Brain Res. 228, 3–35 (2016) 

9. Jia, H., et al.: A model combining multi branch spectral-temporal CNN, efficient 
channel attention, and LightGBM for MI-BCI classification. IEEE Trans. Neural 
Syst. Rehabil. Eng. 31, 1311–1320 (2023) 

10. Jia, Z., Lin, Y., Wang, J., Yang, K., Liu, T., Zhang, X.: MMCNN: a multi-branch 
multi-scale convolutional neural network for motor imagery classification. In: Hut-
ter, F., Kersting, K., Lijffijt, J., Valera, I. (eds.) ECML PKDD 2020. LNCS (LNAI), 
vol. 12459, pp. 736–751. Springer, Cham (2021). https://doi.org/10.1007/978-3-
030-67664-3_44 

11. Kim, S.J., Lee, D.H., Lee, S.W.: Rethinking CNN architecture for enhancing decod-
ing performance of motor imagery-based EEG signals. IEEE Access 10, 96984– 
96996 (2022) 

12. Lawhern, V.J., Solon, A.J., Waytowich, N.R., Gordon, S.M., Hung, C.P., Lance, 
B.J.: EEGNet: a compact convolutional neural network for EEG-based brain-
computer interfaces. J. Neural Eng. 15(5), 056013 (2018) 

13. Leeb, R., Brunner, C., Müller-Putz, G., Schlögl, A., Pfurtscheller, G.: BCI com-
petition 2008-Graz data set B. Graz University of Technology, Austria, pp. 1–6 
(2008) 

14. Liu, C., et al.: SincNet-based hybrid neural network for motor imagery EEG decod-
ing. IEEE Trans. Neural Syst. Rehabil. Eng. 30, 540–549 (2022) 

15. Mane, R., Robinson, N., Vinod, A.P., Lee, S.W., Guan, C.: A multi-view CNN 
with novel variance layer for motor imagery brain computer interface. In: 2020 
42nd Annual International Conference of the IEEE Engineering in Medicine & 
Biology Society (EMBC), pp. 2950–2953. IEEE (2020) 

16. Pfurtscheller, G., Neuper, C.: Motor imagery and direct brain-computer commu-
nication. Proc. IEEE 89(7), 1123–1134 (2001) 

17. Schirrmeister, R.T., et al.: Deep learning with convolutional neural networks for 
EEG decoding and visualization. Hum. Brain Mapp. 38(11), 5391–5420 (2017) 

18. Song, Y., Zheng, Q., Liu, B., Gao, X.: EEG conformer: convolutional transformer 
for EEG decoding and visualization. IEEE Trans. Neural Syst. Rehabil. Eng. 31, 
710–719 (2023) 

19. Stacey, W.C., Litt, B.: Technology insight: neuroengineering and epilepsy— 
designing devices for seizure control. Nat. Clin. Pract. Neurol. 4(4), 190–201 (2008) 

20. Stern, Y., et al.: Brain networks associated with cognitive reserve in healthy young 
and old adults. Cereb. Cortex 15(4), 394–402 (2005) 

21. Su, E., Cai, S., Xie, L., Li, H., Schultz, T.: STAnet: a spatiotemporal attention 
network for decoding auditory spatial attention from EEG. IEEE Trans. Biomed. 
Eng. 69(7), 2233–2242 (2022)

https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44
https://doi.org/10.1007/978-3-030-67664-3_44


Enhanced Local Attention with Deep Neural Networks for EEG Decoding 221

22. Tao, T., Gao, Y., Jia, Y., Chen, R., Li, P., Xu, G.: A multi-channel ensemble 
method for error-related potential classification using 2D EEG images. Sensors 
23(5), 2863 (2023) 

23. Tao, W., et al.: EEG-based emotion recognition via channel-wise attention and self 
attention. IEEE Trans. Affect. Comput. 14(1), 382–393 (2020) 

24. Tao, W., et al.: ADFCNN: attention-based dual-scale fusion convolutional neural 
network for motor imagery brain-computer interface. IEEE Trans. Neural Syst. 
Rehabil. Eng. 32, 154–165 (2024) 

25. Vaswani, A., et al.: Attention is all you need. In: Advances in Neural Information 
Processing Systems, vol. 30 (2017) 

26. Wang, H., et al.: A novel sleep staging network based on multi-scale dual attention. 
Biomed. Signal Process. Control 74, 103486 (2022) 

27. Wang, Q., Wu, B., Zhu, P., Li, P., Zuo, W., Hu, Q.: ECA-net: efficient channel 
attention for deep convolutional neural networks. In: Proceedings of the IEEE/CVF 
Conference on Computer Vision and Pattern Recognition, pp. 11534–11542 (2020) 

28. Wong, C.M., et al.: Online adaptation boosts SSVEP-based BCI performance. 
IEEE Trans. Biomed. Eng. 69(6), 2018–2028 (2021) 

29. Woo, S., Park, J., Lee, J.Y., Kweon, I.S.: CBAM: convolutional block attention 
module. In: Proceedings of the European Conference on Computer Vision (ECCV) 
(2018) 

30. Xie, J., et al.: A transformer-based approach combining deep learning network and 
spatial-temporal information for raw EEG classification. IEEE Trans. Neural Syst. 
Rehabil. Eng. 30, 2126–2136 (2022)



Mirror Contrastive Loss Based Sliding Window 
Transformer for Subject-Independent Motor 

Imagery Based EEG Signal Recognition 

Jing Luo(B) , Qi Mao, Weiwei Shi, Zhenghao Shi, Xiaofan Wang, Xiaofeng Lu, 
and Xinhong Hei(B) 

Shaanxi Key Laboratory for Network Computing and Security Technology and Human–Machine 
Integration Intelligent Robot Shaanxi University Engineering Research Center, School of 

Computer Science and Engineering, Xi’an University of Technology, Xi’an, Shaanxi, China 
{luojing,heixinhong}@xaut.edu.cn 

Abstract. While deep learning models have been extensively utilized in motor 
imagery based EEG signal recognition, they often operate as black boxes. Moti-
vated by neurological findings indicating that the mental imagery of left or right-
hand movement induces event-related desynchronization (ERD) in the contralat-
eral sensorimotor area of the brain, we propose a Mirror Contrastive Loss based 
Sliding Window Transformer (MCL-SWT) to enhance subject-independent motor 
imagery-based EEG signal recognition. Specifically, our proposed mirror con-
trastive loss enhances sensitivity to the spatial location of ERD by contrasting 
the original EEG signals with their mirror counterparts—mirror EEG signals gen-
erated by interchanging the channels of the left and right hemispheres of the 
EEG signals. Moreover, we introduce a temporal sliding window transformer that 
computes self-attention scores from high temporal resolution features, thereby 
improving model performance with manageable computational complexity. We 
evaluate the performance of MCL-SWT on subject-independent motor imagery 
EEG signal recognition tasks, and our experimental results demonstrate that MCL-
SWT achieved accuracies of 66.48% and 75.62%, surpassing the state-of-the-art 
(SOTA) model by 2.82% and 2.17%, respectively. Furthermore, ablation experi-
ments confirm the effectiveness of the proposed mirror contrastive loss. A code 
demo of MCL-SWT is available at https://github.com/roniusLuo/MCL_SWT. 

Keywords: Motor imagery · EEG · Brain-computer interface · Event-related 
Desynchronization · Mirror Contrastive Loss · Sliding Window Transformer 

1 Introduction 

Brain-Computer Interface (BCI) establishes a direct communication channel between 
the brain and a computer, facilitating interaction and communication between cognitive 
processes and external devices, thus fostering the integration of biological and artificial 
intelligence [1–3]. Among various paradigms, Motor Imagery Brain-Computer Interface 
(MI-BCI) stands as a cornerstone, allowing users to manipulate external devices or
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perform specific tasks by mentally simulating movements. MI-BCI holds promising 
prospects in motor function rehabilitation [4]. Motor Imagery Electroencephalography 
(MI-EEG) captures EEG signals during motor imagery tasks, representing non-invasive, 
endogenous brain activity characterized by user-friendly operation, simplicity, flexibility, 
non-invasiveness, and minimal environmental requirements [5]. Accurate recognition 
of EEG signals is paramount for the development of robust subject-independent Motor 
Imagery (MI) Brain-Computer Interface (BCI) systems. 

Presently, the primary focus of researchers in the realm of motor imagery EEG signal 
recognition algorithms lies in single-subject BCI systems, necessitating individual mod-
eling of the target subject and yielding fruitful research outcomes [6]. However, these 
algorithms typically entail individualized calibration procedures, involving the collection 
of sufficient individual EEG signals and model adjustments [7]. This augments system 
complexity and calibration duration, thereby diminishing system usability and conve-
nience. In contrast, subject-independent BCI systems endeavor to tackle the issue of 
inter-subject generalization, enabling BCI systems to better accommodate multiple sub-
jects and expand the horizons of BCI technology applications [8]. Nonetheless, the spatial 
variance in event-related desynchronization/event-related synchronization (ERD/ERS) 
phenomena across different subjects presents significant research challenges [9]. Con-
sequently, enhancing the model’s ERD/ERS localization capability is imperative for 
bolstering subject-independent motor imagery EEG recognition performance. 

Although deep learning models have been widely applied in recent years for MI based 
EEG signal recognition, they often function as black boxes and struggle to precisely 
localize ERD/ERS, a crucial factor in motor imagery recognition. Furthermore, while 
transformer-based approaches have demonstrated promising capabilities in extracting 
discriminative features from EEG signals [10], the computational complexity of the 
global multi-head self-attention mechanism in transformer models increases quadrati-
cally with the length of the input sequence. Currently, the majority of transformer models 
used in MI-EEG recognition employ short input sequences, thus limiting the temporal 
resolution of the extracted features. 

To address the issues mentioned above, we propose a mirror contrastive loss-
based sliding window transformer (MCL-SWT) to enhance subject-independent motor 
imagery-based EEG signal recognition. 

The main contributions of this paper are as follows: 

(1) Motivated by neurological findings indicating that the mental imagery of left or right-
hand movement induces event-related desynchronization (ERD) in the contralateral 
sensorimotor area of the brain, the MCL is proposed to enhance sensitivity to the 
spatial location of ERD by contrasting the original EEG signals with their mirror 
counterparts—mirror EEG signals generated by interchanging the channels of the 
left and right hemispheres of the EEG signals. 

(2) A temporal SWT based subject-independent MI-EEG signal recognition model is 
proposed to achieve high time resolution of feature with affordable computational 
complexity. Specifically, the self-attention scores are calculated in temporal win-
dows, and with the windows sliding along the temporal dimension of the EEG signal, 
the information from different temporal windows can interact with each other.
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(3) The experimental results on subject-independent MI based EEG signal recognition 
demonstrate the effectiveness of MCL-SWT method in subject-independent MI-
EEG classification tasks. Parameter sensitivity experiments have shown robustness 
of the MCL-SWT model, and the ablation study has validated the effectiveness of 
MCL. 

2 Related Work 

2.1 CNN-Based MI-EEG Signal Recognition Method 

In recent years, compared to traditional manually designed feature extraction meth-
ods, end-to-end feature extraction and classification approaches based on deep neural 
networks have demonstrated exceptional performance in the domain of motor imagery 
brain-computer interface (MI-BCI) [6]. Dai et al. introduced a hybrid-scale convolu-
tional network architecture aimed at extracting temporal features of EEG signals across 
various convolutional scales for EEG-based motor imagery classification [11]. Yang 
et al. proposed a dual-branch 3D convolutional neural network for the three-dimensional 
representation of EEG data related to motor imagery, leveraging separate branches for 
temporal and spatial feature learning to circumvent mutual interference between these 
features. Furthermore, their framework introduced central loss to further enhance the 
decoding accuracy of motor imagery EEG [12]. Schirrmeister et al. delved into the 
impact of different CNN architecture designs on decoding MI-EEG signals, demon-
strating superior performance of their proposed Deep ConvNet and Shallow ConvNet 
compared to alternative methods [13]. Lawhern et al. introduced a compact convolutional 
neural network dubbed EEGNet, showcasing its versatility across four BCI paradigms 
and its superior performance over other methods [14]. Mane et al. proposed a filter-bank 
convolutional network (FBCNet) for MI classification, leveraging multiple bandpass 
filters, deep convolutional layers for spatial information extraction, and innovative tem-
poral aggregation techniques, outperforming existing methods on EEG signals from both 
healthy subjects and stroke patients [15]. Zhang et al. devised a weighted convolutional 
siamese network (WCSN) based on metric learning for feature representation of EEG 
signals, enhancing decoding accuracy by learning low-dimensional embeddings and 
implementing an adaptive training strategy to tackle non-stationarity between sessions 
[16]. Their method achieved significantly better decoding results on both limb neurore-
habilitation and healthy subject datasets compared to state-of-the-art approaches. Hou 
et al. introduced a novel deep learning framework based on graph convolutional neural 
networks (GCNs) to enhance the recognition performance of raw EEG signals across 
various motor imagery tasks by capturing functional topological relationships of EEG 
channels [17]. Their approach involved constructing the Laplacian graph of EEG chan-
nels and employing GCNs-Net for feature extraction, followed by dimension reduction 
and final prediction through fully connected softmax layers. 

2.2 Multi-subject MI-EEG Signal Recognition Method 

When implementing a single-subject brain-computer interface (BCI) system on a new 
subject, conducting experiments to collect EEG data for calibration becomes necessary.
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This process is time-consuming and labor-intensive, significantly raising the practical 
application challenges of BCI systems. Consequently, researchers have begun exploring 
multi-subject motor imagery brain-computer interfaces. 

Kwon et al. devised a pioneering framework based on deep convolutional neural 
networks for spectrum-space feature representation, tailored for multi-subject zero-
calibration motor imagery brain-computer interface (MI-BCI). Leveraging a filter bank 
with multiple frequency bands in conjunction with mutual information and convolu-
tional neural networks, this method constructs generalized features from diverse sub-
jects and frequency bands, exhibiting remarkable performance on the Open BMI dataset 
[8]. Luo et al. introduced a twin-cascade softmax convolutional neural network for 
a multi-subject motor imagery BCI. To mitigate subject variability, they employed a 
cascaded softmax structure comprising subject identification and motor imagery recog-
nition layers. Through joint optimization of subject identification and motor imagery 
recognition costs during model training, they achieved simultaneous subject identifica-
tion and motor imagery recognition [18]. Hermosilla et al. developed a novel shallow 
convolutional neural network model for motor imagery classification, incorporating two 
convolutional layers for temporal and spatial feature extraction. Through single-subject 
and multi-subject experiments on three benchmark datasets, their approach surpassed 
state-of-the-art techniques [19]. Luo et al. proposed a shallow Transformer model for 
EEG signal decoding in motor imagery tasks. Utilizing multi-head self-attention layers 
with a global receptive field, they detected and utilized discriminative segments across 
multiple subjects EEG signals, enhancing classification accuracy. Furthermore, they 
improved performance through ensemble learning-based network structure and mirror 
EEG signal construction [5]. 

2.3 Attention Mechanism-Based MI-EEG Signal Recognition Method 

The attention mechanism allocates varying attention weights to different data or feature 
subsets, enabling the model to prioritize key areas, thereby acquiring detailed infor-
mation about the target of interest while suppressing irrelevant information [20]. The 
self-attention mechanism calculates attention weights between each position and other 
positions to determine their significance in processing. It dynamically learns relation-
ships across different positions in a sequence and addresses long-range dependencies 
[21]. Consequently, numerous researchers have integrated the attention mechanism with 
convolutional neural networks (CNNs) to construct models. Zhang et al. designed a 
convolutional recurrent attention model (CRAM), which uses CNN to encode the spa-
tiotemporal information of EEG signal and establishes a recurrent attention mechanism 
to explore temporal dynamics between different time periods [22]. Altaheri et al. devel-
oped an attention-based temporal convolutional network (ATCNet) model for MI-EEG 
signal classification. ATCNet, a domain-specific and interpretable deep learning model, 
highlights valuable features in motor imagery EEG data using a multi-head self-attention 
mechanism and extracts advanced temporal features with a time convolutional network 
[23]. Wen et al. designed a CNN-based model architecture for end-to-end training and 
classification, incorporating a spatial-spectrum-temporal (SST) attention mechanism to
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adaptively extract the most expressive features from EEG data. Additionally, they pro-
posed a 3D Densely Connected Cross-Stage-Partial Network to segment extracted fea-
ture maps, reducing gradient loss and enhancing the model’s representational capacity 
and robustness [24]. Amin et al. proposed a hybrid deep learning model architecture. 
Firstly, they employed the attention-inception convolutional neural network to extract 
spatial contextual features, which is crucial for learning the dynamic characteristics 
of EEG signal. Then, they utilized bidirectional long-short-term memory (Bi-LSTM) 
to learn temporal features [25]. Li et al. devised a temporal-spectral-based squeeze-
and-excitation feature fusion network (TS-SEFFNet) for decoding motor imagery EEG 
signals. Their model incorporates a deep-temporal convolution block to extract high-
dimensional information from EEG data, a multi-spectral convolution block for powerful 
spectral feature extraction, and a squeeze-and-excitation feature fusion block based on 
attention mechanism to enhance decoding performance [26]. Dong-Hee Ko proposed an 
attention-based deep learning approach to extract spatio-spectral features based on sig-
nificant frequency bands for each subject. The method comprises three parts: extracting 
spatio-temporal features based on multiple frequency bands, utilizing sub-band attention 
to identify important frequency bands, and implementing an attention-based bidirec-
tional long short-term memory network to extract time dynamic features [27]. Fan et al. 
proposed a new network structure for motor imagery EEG classification, called QNet. It 
includes a newly designed attention module (3D-Attention Module, 3D-AM) for learn-
ing attention weights of EEG channels, time points and feature maps. QNet uses a two-
branch structure to learn more characteristics. After merging the dual branches, bilinear 
vectors are obtained. Finally, a fully connected layer is used as classifier [28]. Tao et al. 
proposed a novel solution called attention-based dual-scale fusion convolutional neural 
network (ADFCNN), which jointly extracts spectral and spatial information of EEG sig-
nal at different scales and provides new insights into integrating effective information 
from different scales through self-attention [29]. Li et al. introduced the depth-shallow 
attention multi-frame fusion network (DSA-MFNet) specifically designed for classify-
ing motor imagery EEG signals. DSA-MFNet comprises the depth-shallow attention 
module for advanced feature extraction and the multi-frame fusion module for explor-
ing inherent temporal variations in EEG data through multi-frame segmentation and 
recombination techniques [30]. 

In addition to embedding attention mechanism into convolutional neural network, 
transformer based models were proposed and applied in EEG decoding [31]. Besides 
the natural language processing field, successful vision model like Vision Transformer 
and Swin Transformer were proposed [32, 33]. Google introduced a novel and stream-
lined network architecture known as the transformer model, specifically designed for 
sequence modeling and prominently featuring a self-attention mechanism. Departing 
from traditional convolutional and recurrent layers, the transformer model relies on a 
multi-head self-attention mechanism. This architecture has garnered significant success 
in natural language processing and machine translation tasks, demonstrating superi-
ority in handling long-range dependencies and capturing global contextual information 
[31]. Subsequently, the computer vision community began adopting transformer models. 
Notably, the vision transformer model was proposed, which segments images into fixed-
size patches and feeds them into an enhanced transformer model, outperforming CNN
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models. Leveraging multi-head self-attention mechanism and positional encoding, this 
model adeptly captures both global and local image information, enabling effective rep-
resentation and processing of images with remarkable results [32]. Another innovative 
visual transformer model, the swin transformer, was introduced. This model strategi-
cally processes global information at lower resolutions using a local-partitioned atten-
tion mechanism and gradually integrates higher-resolution local information, thereby 
reducing computational and memory costs while maintaining accuracy. Additionally, it 
introduces a cross-window communication mechanism, focusing attention within offset 
windows to enhance computational efficiency and perception, facilitating information 
flow and feature representation within the network [33]. 

In summary, attention-related models have rapidly developed and demonstrated 
excellent representational capabilities, being widely applied in the field of brain com-
puter interface, providing new insights for recognizing motor imagery EEG signal across 
multi-subject. 

2.4 Loss Function Applied in MI-EEG Signal Recognition Method 

The loss function, serving as the optimization objective for training neural network 
models, has garnered significant attention and research focus within the realm of motor 
imagery recognition. Zhang et al. augmented the loss function by integrating regulariza-
tion terms for acquired weights, employing squeeze-and-excitation modules to derive 
weights of EEG channels based on their contributions to EEG classification. They also 
devised an automated channel selection strategy. To fully exploit spatiotemporal char-
acteristics, they proposed a convolutional neural network that notably outperformed 
traditional classification methods [34]. Autthasan et al. introduced a multi-task learning 
model termed MIN2Net, adept at extracting meaningful features from EEG data sans 
high-complexity preprocessing. Excelling in multi-subject motor imagery EEG classifi-
cation, MIN2Net achieves end-to-end training through amalgamation of an autoencoder, 
deep metric learning, and supervised classifier. The autoencoder module aids in feature 
extraction from EEG data and furnishes discriminative patterns for diverse classes. The 
deep metric learning module aims to enhance feature discriminative power by refining 
distance measurement learning, while the supervised classifier module utilizes a stan-
dard softmax classifier to categorize latent vectors of input EEG signals. To derive a 
compact and distinctive latent representation from EEG signals, the model simultane-
ously minimizes reconstruction loss function, cross-entropy loss function, and triple loss 
function during optimization [35]. 

3 Method  

This section provides a detailed description of the MCL and SWT model. 

3.1 Notations and Definitions 

The original EEG signal is defined as X ∈ RT×C , where T is the number of sampling 
points and C is the number of EEG channels. The raw EEG signal X serves as the input 
of the MCL-SWT model, with a batch size of B, resulting in an input data dimension of 
B × 1 × T × C.
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Fig. 1. SWT Model training framework based on MCL 

3.2 Mirror Contrastive Loss 

In EEG signals, imagining movements of the left or right hand can elicit the ERD 
phenomenon in the sensory-motor area on the contralateral hemisphere of the brain, 
and the ERS phenomenon on the same side of the brain. The accurate identification and 
localization of ERD/ERS are crucial criteria for MI classification. However, existing 
deep learning models only operate as black boxes and struggle to precisely locate the 
ERD/ERS phenomenon, leading to suboptimal results. To address this challenge and 
improve ERD/ERS localization ability of MI recognition model, we propose the MCL 
in this section. The framework of MCL based SWT model is illustrated in Fig. 1. 

Fig. 2. Swapping left and right EEG channels to construct negative samples 

Mirror EEG Signal. To begin, the mirror EEG signal is generated by interchanging 
the channels of the left hemisphere and the right hemisphere of the EEG signals, as 
illustrated in Fig. 2. For instance, data from the original C3 channel is transposed to the 
C4 channel, and data from the C4 channel is transferred to the C3 channel. The electrode 
positions of the mirror EEG signals mirror those of the original EEG signals, hence the 
term ‘mirror EEG signals’. As the ERD/ERS phenomenon in the mirror EEG signal 
manifests on the opposite side compared to the original EEG, and the corresponding 
left and right hand motor imagery label of the mirror EEG signal is designated as the 
opposite label of the original EEG signal. For instance, if the original EEG is labeled as 
left hand, then the label for the mirror EEG is right hand.



MCL-SWT 229

During the training phase, both mirror and original EEG signals are utilized in model 
training. By employing this sensible data augmentation technique, the number of training 
samples is doubled, thereby facilitating the model training process. 

MCL. Consequently, the amalgamation of original and mirror EEG signals forms a 
negative sample pair, which can be leveraged in contrastive loss to bolster the capacity 
to pinpoint ERD/ERS phenomena through the contrast of deep features from negative 
sample pairs. Contrastive loss, as described in [40], optimizes the feature distributions 
during model training by encouraging the model to bring the features from positive 
sample pairs closer together while pushing features from negative sample pairs apart. 
The successful construction of positive and negative sample pairs is an essential factor in 
contrastive loss. While contrastive loss has been successfully applied in deep learning, 
it typically requires a large number of negative samples to effectively train the model 
and discern differences between samples. 

In this paper, we propose a mirror contrastive loss to enhance the model’s sensitivity to 
the location of ERD/ERS by contrasting the original EEG signals with their mirror EEG 
signal counterparts. This modification aims to improve the model’s spatial awareness 
of ERD/ERS occurrences. Simultaneously, features less pertinent to the differences in 
EEG signals between the left and right sides of the brain are subdued. Furthermore, this 
approach effectively increases the number of negative sample pairs, thereby enhancing 
the effectiveness of contrastive learning loss. 

In the MCL, the samples belonging to the same motor imagery task category are 
utilized as positive pairs, while the samples belonging to the different motor imagery 
task category are utilized as negative pairs. Specifically, Mirror Contrastive Learning 
(MCL) is applied to sample pairs from the original EEG signal and sample pairs from 
the original EEG signal and its mirror counterpart as: 

Ld = wo

∑
i,j∈OE gijDij + wm

∑
i∈ME,j∈OE gijDij (1) 

where Dij represents the Euclidean distance between sample pairs, consisting of sample 
i and sample j. The variable gij takes the value of 1 for positive sample pairs and -1 for 
negative sample pairs. Additionally, wo and wm denote the weights of each loss, while 
OE and ME refer to the original EEG signal set and mirror EEG set, respectively. 

Classification Loss. This paper uses cross-entropy classification loss to train the 
temporal SWT EEG signal recognition model: 

Lc = −  
1 

N 

N∑

i=1 

yi ln(pi) (2) 

Therefore, the final loss function of the model training is the sum of the MCL and 
the classification loss: 

L = Lc + Ld (3)
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Fig. 3. Illustration of the overall architecture of the SWT model 

3.3 SWT Model 

The overall architecture of the SWT model consists of three parts: the CNN-based feature 
extraction module, the sliding temporal window based multi-head self-attention module 
and the classification module, as shown in Fig. 3. 

CNN-Based Feature Extraction Block. Initially, drawing inspiration from the band-
pass filter utilized in the FBCSP algorithm [36], a temporal convolution Ct with a kernel 
size of T × 1 is used processing temporal information. Second, a spatial convolution 
Cs with a kernel size of 1 × C is applied to fuse information from each EEG channel. 
Finally, a batch normalization layer aiming to normalize the distribution of data in a 
batch is added [37]. The CNN-based feature extraction module can learn features with 
spatiotemporal information which can be described as 

F = BN (Cs(Ct(X ))) (3) 

Temporal Sliding Window based Multi-head Self-attention Module. The temporal 
sliding window-based multi-head self-attention module is devised to establish a multi-
head self-attention layer along the temporal dimension, aimed at capturing discriminative 
features of EEG signals with manageable computational load. This module comprises 
two stages, as depicted in Fig. 1. In the first stage, multiple self-attention layers are 
employed based on a temporal window, while the second stage facilitates information 
exchange between sequences in adjacent windows. Each stage is composed of two layer 
normalization (LN) layers, a temporal window multi-head self-attention layer, and a 
multi-layer perceptron (MLP) layer, integrated within a residual network structure. The 
sole discrepancy between these two stages lies in the division of temporal windows. A 
detailed description of each layer in this module is provided below:
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(1) LN layer performs a layer normalization on the output feature F of the CNN-based 
feature extraction module, normalizing the values along the feature dimensions of 
each sample [38]. 

(2) Temporal window multi-head self-attention layer (TW-MSA) is used to extract local 
temporal dependencies of input vectors in the time dimension, computing attention 
scores within a single window. It takes the layer-normalized feature as input, then 
segments it into a set of non-overlapping windows of size M. Self-attention scores 
computation is performed within each local window to enhance the model’s percep-
tion of local information, and improve computational efficiency, as shown in Fig. 3. 
The window size in TW-MSA is empirically set to 8. The specific calculation steps 
of TW-MSA are as follows: 

Qi = W Q i · LN (F) 
Ki = W K i · LN (F) 
Vi = W V i · LN (F) 

(5) 

hi = Attention(Qi, Ki, Vi) = Softmax

(
QiKT 

i √
dk

)
Vi (6) 

O = concat(h1, · · ·  , hH )W o + F (7) 

where hi represents the i-th attention head, H denotes the number of attention 
heads, Wo ∈ RHdv×d mod el represents the linear transformation matrix, d mod el is 
the dimension of the input embedding. W Q i ∈ Rd mod el×dq , W K i ∈ Rd mod el×dk , 
W V i ∈ Rd mod el×dv are the corresponding weight matrices. dq, dk , dv represent the 
dimensions of the query, key, and value respectively. 

(3) MLP layer consists of a fully connected layer, a GELU [39] activation function layer, 
and another fully connected layer. Finally, the results of the input and output features 
are summed to produce the final output of the residual network structure. 

A = O + FC(GELU (FC(LN (O)))) (8) 

(4) Sliding temporal window multi-head self-attention layer (STW-MSA) calculates the 
attention scores in a cyclically shifted local windows for information interaction. As 
illustrated in Fig. 4, STW-MSA shifts temporal windows to the right with a step size 
of M/2, and calculates self-attention scores within the new temporal window. 

Fig. 4. Illustration of TW-MSA and STW-MSA 

The sliding temporal window significantly reduces the computational complexity of 
the transformer model. While the computational complexity of the global multi-head
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self-attention mechanism is quadratic in relation to the length of the input sequence, as 
depicted in Eq. (8), the computational complexity of TW-MSA is linearly related to the 
length of the input vector, as illustrated in Eq. (9). Here, L represents the length of the 
input vector, and D denotes the input dimension. Consequently, TW-MSA exhibits a 
distinct advantage in terms of computational complexity.

�(MSA) = 4LD2 + 2L2D (9)

�(TW − MSA) = 4LD2 + 2M 2LD (10) 

Classification Module. In the classification module, a square non-linear function is first 
applied. An average pooling layer is used to reduce the temporal dimension of features, 
followed by a logarithmic activation function. The EEG features are then inputted into 
a fully connected layer for classification. Finally, the softmax function is applied to 
compute the prediction probabilities. Assuming the output of the temporal multi-head 
self-attention module is A, the output of the classification module is: 

Y = Softmax(FC(Log(AvgPool(Square(A))))) (11) 

Finally, the predicted probabilities for the mirror EEG signal corresponding to left 
MI and right MI are interchanged and then added to the predicted probabilities of the 
original EEG trial to obtain the final predicted probabilities [5]: 

[Yl, Yr] = [Y o l + Y o r ] + [Y m r + Y m l ] (12) 

4 Experimental Data and Setup 

4.1 Experimental Data 

The effectiveness of our proposed method was evaluated on BCI Competition IV dataset 
2a and BCI Competition IV dataset 2b [42]. 

4.2 Experimental Setup 

In the experiment, the window size M was set to 8. To divide the input feature vector 
of length L into a whole number of non-overlapping windows, a 4.48-s EEG signal 
segment with 1120 sampling point from 0.5 s before MI cue onset to 3.98 s after MI 
cue onset was used. The bandpass filtering with a range of 4–38 Hz or 0–38 Hz was 
applied to the EEG signal, followed by channel-wise logarithmic sliding normalization. 
The preprocessed EEG signal was then input into the MCL-SWT model. During model 
training, Adam optimizer [43] was used as the optimization method with a weight decay 
parameter set to 0.05. As the new subject experiment setup is applied, the two category 
and three channels consisting of C3, Cz, and C4 MI classification task as in dataset 2b 
is employed in this paper. Since the batch size is set to 100, the input data dimension 
would be 100 × 1 × 1120 × 3, and the output shapes and parameter quantities for each 
layer are shown in Table 1. The temporal convolution kernel T is set to 25, and the spatial 
convolution kernel C is set to 3. The weight coefficients wo and wm are empirically in 
(11) are set to 0.2 and 0.3, respectively.
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Table 1. The output shape and parameters number of each layer 

Block Layer Output Shape Param 

Input Input [100, 1, 1120, 3] 0 

Feature 
Extraction 
Block 

Temporal Conv 
Spatial Filter 
Feature Normalization 
Rearrange 

[100, 40, 1096, 3] 
[100, 40, 1096, 1] 
[100, 40, 1096, 1] 
[100, 1096, 40] 

1040 
4840 
80 
0 

(S)TW-MSA Layer Norm 
Query Projection 
Key Projection 
Value Projection 
Attention Score 
Projection 
Concatenate 
Residual Add 

[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 8, 137, 8, 8] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 

80 
1640 
1640 
1640 
0 
1640 
0 
0 

Layer Norm 
Linear 
GELU 
Linear 
Residual Add 

[100, 1096, 40] 
[100, 1096, 160] 
[100, 1096, 160] 
[100, 1096, 40] 
[100, 1096, 40] 

80 
6560 
0 
6440 
0 

Layer Norm 
Query Projection 
Key Projection 
Value Projection 
Attention Score 
Projection 
Concatenate 
Residual Add 

[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 8, 137, 8, 8] 
[100, 1096, 40] 
[100, 1096, 40] 
[100, 1096, 40] 

80 
1640 
1640 
1640 
0 
1640 
0 
0 

Layer Norm 
Linear 
GELU 
Linear 
Residual Add 

[100, 1096, 40] 
[100, 1096, 160] 
[100, 1096, 160] 
[100, 1096, 40] 
[100, 1096, 40] 

80 
6560 
0 
6440 
0 

Classification 
Block 

Average Pool 
Log 
Linear1 
Gelu 
Linear2 

[100, 40, 69] 
[100, 40, 69] 
[100, 40] 
[100, 40] 
[100, 2] 

0 
0 
109640 
0 
82 

4.3 Dataset Division 

This paper aims to investigate the classification performance of subject-independent 
motor imagery EEG signals, so the dataset is partitioned in a new subject setup as 
follows: when utilizing the training sessions of all 9 subjects in dataset 2a as the training 
set, the testing sessions (session 4 and session 5) of all 9 subjects in dataset 2b are



234 J. Luo et al.

employed as the testing set; conversely, when using the training sessions (session 3) of 
all 9 subjects in dataset 2b as the training set, the testing sessions of all 9 subjects in 
dataset 2a are utilized as the testing set. 5. Consequently, the trial data used for testing 
and training originate from entirely different subjects. 

5 Results 

5.1 Performance Comparison of Subject-Independent MI Recogination 

This section evaluates motor imagery recognition performance of the MCL-SWT model 
on new subjects setup. Since the subjects in dataset 2a are entirely different from those 
in dataset 2b, the subjects in the testing set are new. As training typically converges 
within 500 epochs, the maximum number of epochs for training was set to 500 to 
ensure model convergence. Due to significant randomness affecting the test accuracy at 
a specific epoch, the evaluation metrics used in the experiment include: (1) Maximum 
test accuracy over 500 epochs (Max Accuracy); (2) Average test accuracy from epochs 
401 to 500 (Average Accuracy); (3) Test accuracy at the epoch with the lowest training 
loss (Accuracy). Table 2 presents the results in terms of “Accuracy/Kappa coefficient,” 
with the maximum result highlighted in bold. The first row indicates the encoding format 
as “dataset - bandpass filter.” For example, “2a-0 Hz” means the model was trained on 
dataset 2b and tested on dataset 2a using a 0–38 Hz bandpass filter for preprocessing. Five 
state-of-the-art models were compared in the experiment, including Shallow ConvNet, 
Deep ConvNet, EEGNet, FBCNet, and ATCNet. In additional, the ablation experiments 
are also conducted. The SWT and MCL-SWT indicate the SWT model without and with 
MCL, separately. 

The experimental results in Table 2 lead to the following conclusions: (1) MCL-
SWT achieved accuracies of 66.48% and 75.62%, surpassing the best state-of-the-art 
model by 2.82% and 2.17%, respectively. (2) The proposed temporal MCL-SWT model 
demonstrates superior performance across different datasets and bandpass filters. (3) 
MCL contributes to a further increase in the recognition accuracy and kappa value of 
SWT. (4) The proposed SWT model exhibits resistance to overfitting, as evidenced by 
the small gap between the maximum accuracy/Kappa and the average accuracy/Kappa of 
SWT. (5) The experimental results suggest that MCL-SWT possesses better inter-subject 
generalization ability. 

5.2 Sensitivity Analysis of Parameters 

The number of temporal multi-head self-attention blocks and the number of heads in 
each self-attention block are two primary hyperparameters of the SWT model. This 
section investigates the impact of these hyperparameters on the model’s performance, 
with the experimental results presented in Table 3. Increasing the number of heads or 
blocks leads to larger attention scores, resulting in a more complex model. 

The following conclusions can be drawn from the experimental results in Table 3: (1)  
In this experimental setup, the performance of the model deteriorates as the number of 
temporal multi-head self-attention blocks increases. This may be due to the limited num-
ber of training samples in motor imagery EEG, which is insufficient to fully train a model
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Table 2. Classification performance (Accuracy and Kappa value) on the new subject 

2a-0 Hz 2a-4 Hz 2b-0 Hz 2b-4 Hz 

Average 
Accuracy 
/Kappa 

Shallow 63.72/0.29 60.76/0.25 72.7/0.46 67.06/0.34 

Deep 60.55/0.25 60.8/0.25 71.55/0.44 65.93/0.32 

EEGNet 60.58/0.25 59.52/0.23 71.21/0.44 65.91/0.32 

FBCNet 60.56/0.25 59.73/0.23 70.55/0.43 65.29/0.31 

ATCNet 58.87/0.22 57.45/0.20 68.47/0.36 64.69/0.30 

SWT 66.00/0.33 63.68/0.28 74.50/0.49 69.71/0.40 

MCL-SWT 66.56/0.33 64.74/0.3 75.85/0.52 72.54/0.45 

Accuracy 
/Kappa 

Shallow 63.66/0.28 61.18/0.26 73.45/0.47 68.7/0.36 

Deep 61.27/0.26 61.34/0.26 72.89/0.46 66.51/0.34 

EEGNet 61.19/0.26 58.72/0.22 72.24/0.45 66.2/0.33 

FBCNet 60.86/0.25 58.36/0.22 71.18/0.44 65.53/0.31 

ATCNet 59.34/0.23 57.78/0.20 69.13/0.39 63.78/0.27 

SWT 66.13/0.33 63.58/0.28 74.58/0.49 69.79/0.40 

MCL-SWT 66.48/0.33 64.52/0.3 75.62/0.51 73.27/0.47 

Max 
Accuracy 
/Kappa 

Shallow 67.28/0.34 65.36/0.32 75.18/0.51 71.69/0.45 

Deep 66.05/0.33 65.35/0.32 73.73/0.48 71.68/0.45 

EEGNet 65.51/0.32 64.51/0.3 73.31/0.47 71.16/0.44 

FBCNet 66.46/0.33 63.89/0.29 72.93/0.46 70.98/0.43 

ATCNet 64.11/0.29 62.18/0.28 70.84/0.43 68.22/0.36 

SWT 66.82/0.34 64.81/0.3 75.49/0.51 74.12/0.48 

MCL-SWT 67.37/0.35 65.49/0.31 76.37/0.53 75.49/0.51 

Table 3. The performance evaluation (2b-0 Hz) on different hyperparameter: (1) the head number 
of self-attention; (2) the number of temporal multi-head self-attention block 

4 heads 8 heads 10 heads 

1 block 74.71/0.49 74.5/0.49 74.73/0.49 

2 block 74.3/0.48 74.2/0.48 74.45/0.49 

3 block 73.16/0.46 73.67/0.47 73.26/0.46

with multiple blocks; (2) The number of self-attention heads has a minimal impact on 
the model’s performance; (3) The model exhibits robustness to various hyperparameters. 
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5.3 Model Complexity Analysis 

The number of parameters and the inference time of the model are important indicators 
for assessing complexity. Therefore, this section compares these two aspects. Inference 
time is measured as the average time taken for 1000 runs. The experiments were con-
ducted on Intel i7 10700K and NVIDIA GeForce RTX 3090. The specific experimental 
results are shown in Table 4. 

Table 4. Model complexity analysis 

Shallow Deep EEGNet FBCNet ATCNet MCL-SWT 

Parameter number/M 10 268 3 3 37 155 

Inference time/ms 0.56 1.42 2.48 37.64 15.37 8.36 

6 Conclusion 

In this paper, we propose a Mirror Contrastive Loss (MCL) based on Sliding Win-
dow Transformation (SWT) model for subject-independent EEG signal recognition. By 
leveraging mirror EEG signals and MCL, the model aims to enhance sensitivity to the 
spatial location of ERD/ERS by contrasting the original EEG signals with their mirror 
counterparts. This modification is intended to improve the model’s spatial awareness of 
ERD/ERS occurrences. Additionally, we introduce a temporal SWT that calculates self-
attention scores in sliding windows, enhancing model performance with manageable 
computational complexity. The performance of MCL-SWT was evaluated on subject-
independent motor imagery EEG signal recognition tasks. Experimental comparisons 
with state-of-the-art methods and ablation experiments demonstrate the superior perfor-
mance of MCL-SWT. The proposed MCL serves as a general loss for MI-EEG recog-
nition and can be integrated into various backbone networks. In future work, we aim to 
explore combining the proposed MCL with transfer learning in MI-EEG recognition. 
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Abstract. Purpose: In the field of medical care, urination detection 
for bedridden patients is particularly challenging, and existing research 
has focused on monitoring bladder pressure, which does not reflect the 
patient’s true intentions. Therefore, this study proposes a deep learning-
based method for active urination detection using EEG to explore brain 
activities related to urination. 

Methods: This study introduced the FBCNet deep learning model, 
combined with Integrated Gradients (IG) for interpretability analysis, 
to explore the activity patterns of the brain in states with and without 
sense of urination. FBCNet was used to decode the intention to urinate 
from EEG, while IG was used to assess the contribution of different fre-
quency bands and channels to the classification. 

Results: FBCNet achieved an accuracy of 65.83. ± 0.14% in the task of 
urination detection, with the highest accuracy for a single subject reach-
ing 88.60. ± 0.06%. The analysis showed that in the state of urination, 
brain activity was mainly concentrated in the sensorimotor cortex under 
the Delta band. 

Conclusion: This study reveals that brain activities related to urina-
tion mainly occur in the sensorimotor cortex, a process that involves first 
perceiving the presence of the urination and then generating the control 
intention for urination motor. Additionally, it is proven that the degree 
of urination is determined by the feedback strength of motor intention 
for urination. 

Significance: As the first study to use EEG to detect urination, this 
study provides a new perspective for clinical monitoring of urination and 
opens up new possibilities for future clinical application. 

Keywords: Active Urination Detection · Sensorimotor Cortex · 
EEG · Integrated Gradients · FBCNet 

1 Introduction 

In the field of medical care, monitoring the urge to urinate for bedridden patients 
has always been a challenging issue. Many bedridden patients, due to various 
c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
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reasons such as postoperative recovery, neurological diseases, or geriatric dis-
eases, may temporarily or permanently lose the ability to autonomously express 
the urge to urinate. This not only increases the physical discomfort of the patient 
but may also lead to complications such as urinary tract infections, which are 
detrimental to the patient’s recovery. Therefore, the development of a technology 
that can actively monitor the urge to urinate is of great significance for improv-
ing the quality of life and the effectiveness of medical care for bedridden patients. 
Urination monitoring technology based on electroencephalogram (EEG) signals, 
which identifies the urge to urinate by analyzing brain activity patterns, provides 
a potential solution for patients who cannot express themselves autonomously. 
This method can actively monitor and alert caregivers for appropriate treatment 
before the patient feels significant discomfort, thereby reducing the patient’s pain 
and the risk of complications. 

Research on urination monitoring mainly focuses on bladder pressure detec-
tion [ 1]. The first type of ultrasonic technology: using ultrasonic imaging technol-
ogy to provide information on urinary dysfunction. By placing ultrasonic wave 
transmitters and receivers on the skin, the bladder is scanned and its shape 
is determined [ 2– 5]. The second type of optical technology: using near-infrared 
spectroscopy (NIRS) to measure light absorption, which is proportional to the 
bladder’s fullness. The system is usually placed above the skin at the midline 
of the lower abdomen, consisting of an LED light source and a photoelectric 
detector that measures the absorption of emitted light [ 6, 7]. The third type of 
electrical bioimpedance technology: by measuring the impedance changes of the 
bladder during activity to estimate the bladder urine volume. This technology 
is used to measure the electrical properties of biological tissues by applying a 
small high-frequency current to a specific body part and measuring the voltage 
generated by this section using traditional or dry electrodes [ 8– 13]. However, 
these methods can intuitively reflect bladder pressure but cannot express an 
individual’s subjective urination intention. 

In response to the shortcomings of existing research, this study proposes 
a deep learning-based method for active urination detection. By collecting the 
electrical activity of the cerebral cortex and using advanced deep learning models 
and interpretability methods, we explore brain wave patterns related to the urge 
to urinate. 

2 Methods 
Experiment Data. Considering that subjects need to go to the bathroom to 
urinate during the experimental break, this study used the Neusen wireless EEG 
acquisition system at a sampling rate of 1000 Hz. To fully capture brain activity, 
a 64-channel EEG cap equipped with the international 10–20 system standard 
was used. 

As  shown in Fig.  1, the experimental paradigm design includes two main 
stages: before and after urination, each containing three sessions, each lasting 
about three minutes. The subjects were five healthy adult males, aged 22 to 
27, with no past medical history and no bad habits. Before the experiment
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began, we assessed the degree of urge to urinate for each participant through a 
questionnaire to ensure that the EEG cap was worn when they felt significant 
pressure in the bladder. In addition, we informed the subjects to stay relaxed 
during the experiment and to avoid unnecessary body movements. 

Fig. 1. Experimental Paradigm Schematic Diagram. 

Preprocessing. The preprocessing of experimental data was implemented using 
the python-MNE programming [ 14]. First, the Cz channel was set as the reference 
electrode for signal re-referencing. Then, five external channels (ECG, HEOL, 
HEOR, VEOU, VEOL) were removed. Next, a band-pass filter was used to 
extract signals within the 1–100 Hz frequency band, which is considered to con-
tain the main activities. Subsequently, Independent Component Analysis (ICA) 
was applied to identify and remove ocular and cardiac artifacts from the EEG 
channels based on the five external channels. Finally, continuous signal were 
divided into 4-s trails and labeled according to the presence or absence of the 
urge to urinate before and after urination (presence as 1, absence as 0). 

FBCNet. The FBCNet used in this study is an architecture specifically 
designed to extract spatio-temporal-frequency features from EEG, fully captur-
ing the complex characteristics of EEG in the state of urination [ 15]. As shown 
in Fig. 2, The core of the FBCNet architecture consists of the following four 
stages: (1) Multi-view data representation. (2) Spatial transformation learning. 
(3) Temporal feature extraction. (4) Classification. Multi-view data representa-
tion involves using multiple narrow-band filters to spectrally filter the raw EEG 
data, enabling the model to learn rich feature from different frequency bands. 
Spatial transformation learning utilizes deep convolutional layers to learn spa-
tial discriminative patterns for each view. Temporal feature extraction employs a 
novel variance layer to extract temporal information after effective spatial trans-
formation, which helps to capture dynamic temporal patterns associated with 
the urge to urinate. Finally, a fully connected (FC) layer integrates the features 
from the variance layer and classifies them into the given categories, i.e., the 
presence or absence of urination.
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Fig. 2. FBCNet Architecture. 

Integrated Gradients. Integrated Gradients (IG) has higher compatibility 
and performance than common interpolation methods and is plug-and-play, 
requiring no modification to the model structure [ 16], as shown in Fig. 3. There-
fore, we introduced IG to enhance the interpretability of FBCNet and to examine 
the classification contribution of different bands and channels. Specifically, IG 
calculates the contribution of the baseline and samples to the model by linearly 
interpolating and summing the gradients between them. For input features, they 
can be either a single band feature or a single channel feature. The equation for 
calculating the classification contribution is as follows: 

.F = x′ +
m

M
(x − x′) (1) 

.φIG
i (θ, x, x′) = (xi − x′

i)
1
M

M∑

m=1

∂Θ(F )
∂xi

(2) 

.m = 1, 2, . . . ,M , .M denotes the steps in Riemann path integration. .x′ is 
the baseline of . x, .F is the integration path between .x′ and . x, . θ is the model 
mapping(FBCNet). 

Band and Channel Division. The IG method generates a classification con-
tribution matrix the same size as the original input data, quantifying the impact 
of each input feature on the model output. Analyzing the performance of the 
trained model on the test set allows for the summation and averaging of catego-
rized contributions from both the frequency band and channel dimensions. This 
process can help identify specific frequency bands and channels associated with 
brain activity.
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Fig. 3. Integrated Gradients Schematic Diagram. 

Traditional EEG band division is used in this study to define seven different 
bands: Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha (8–13 Hz), Beta1 (14–19 Hz), 
Beta2 (19–24 Hz), Beta3 (24–30 Hz), and Gamma (30–50 Hz). Given that the 
experimental data is in a resting state, most of the relevant information will be 
concentrated in the frequency bands below 30 Hz. In particular, the Beta band, 
due to its wide frequency range, is further divided into three sub-bands: Beta1, 
Beta2, and Beta3, to more finely explore brain activities within this band. 

The cap used in this study adopted the international 10–20 system standard, 
with 59 EEG channels fully covering 12 major brain regions. These brain regions 
include the Frontal pole (Fp), Anterior frontal (AF), Frontal (F), Frontal central 
(FC), Frontal temporal (FT), Central/sensorimotor cortex (C), Temporal (T), 
Central parietal (CP), Temporal parietal (TP), Parietal (P), and Occipital pole 
(PO). This comprehensive channel layout provides a high-resolution view of brain 
activity. 

3 Results 

Urination Detection. The data of the five subjects were classified at the 
individual level, with the training set consisting of the first two sessions of data 
before and after the urge to urinate, totaling four sessions. The test set consisted 
of the third session of data before and after the urge to urinate, totaling two 
sessions. This division was made because the continuity of resting-state data 
results in a certain degree of time correlation between the sliced data, which 
can easily lead to data leakage affecting the validity of the results. A five-fold 
cross-validation was used to divide the training set for training. 

In terms of model training parameter selection, the Adam optimizer was used 
with a learning rate of 1e. −3, for 1500 epochs, with m set to 16, and the loss func-
tion was cross-entropy. The classification accuracy is shown in Table 1. Before 
using FBCNet for classification, Support Vector Machine (SVM) and Random 
Forest (RF) were also selected for classification. The classification results show 
that FBCNet performed the best, followed by RF, with SVM showing the lowest 
results. The classification accuracies for the three models were 65.83. ± 0.14%,
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Table 1. Classification Accuracies of Three Models. 

Model sub1 sub2 sub3 sub4 sub5 ACC 
SVM 46.96. ± 0.05% 44.06. ± 0.02% 47.24. ± 0.09% 54.23. ± 0.04% 43.82. ± 0.04% 47.26. ± 0.04% 
RF 53.80. ± 0.10% 47.68. ± 0.06% 51.38. ± 0.02% 62.05. ± 0.04% 73.56. ± 0.04% 57.69. ± 0.10% 
FBCNet 61.94. ± 0.10% 66.15. ± 0.09% 50.89. ± 0.01% 61.57. ± 0/18% 88.60. ± 0.06% 65.83. ± 0.14% 

57.69. ± 0.10%, and 47.26. ± 0.04%, respectively. On an individual subject basis, 
Subject 5 achieved the highest result of 88.60%, while the lowest was Subject 
2 with only 47.68% (below the chance level of 50%). A box plot can reflect 
more information about the model’s performance on the test set after five-fold 
cross-validation. The box plots of the classification accuracy for the three models 
across the five subjects are shown in Fig. 4. 

Fig. 4. Box Plots of Classification Accuracies for Three Models. 

The raw EEG in the states of having or not having the urination are high-
dimensional and not directly distinguishable. Principal Component Analysis 
(PCA) was used to reduce the dimensions to two dimensions for visualization 
(Fig. 5A)). There is an overlap between the data with and without the urination
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in the two principal component directions. FBCNet extracts features from the 
frequency domain to the spatial domain and then to the time domain to detect 
urination, and PCA is used to reduce the dimensions to two dimensions, where 
each point represents a trial. Figure 5(B) shows that the presence and absence 
of the urge to urinate are distinguishable in the two principal component direc-
tions. To more clearly display the differences, linear regression lines are used, as 
shown in Figs. 5(C) and 5(D). 

Fig. 5. Feature Distribution of Test Data Before and After Classification. 

Urination-Related Band and Channel Analysis. Figure 6(A) shows the 
average time-frequency plot for all trials (trails) in a single session for Subject 
5. Upon comprehensive analysis of the time-frequency plots of all trials, it was 
found that EEG activity tends to be significantly concentrated in the Delta band 
(0.5-4 Hz). Activity in this frequency band is typically associated with resting 
or sleep states, suggesting that similar neural mechanisms may be involved in 
the perception of the urination. Figure 6(B) shows the average classification con-
tribution of all subjects calculated by IG for different frequency bands, further
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confirming the importance of the Delta band in the classification of urination 
detection. Figure 6(C) shows the classification contribution of these three brain 
regions in all subjects’ trails, also indicating that they have a significant impact 
on the task of urination detection. 

Fig. 6. (A) Time-Frequency Plot of Subject 4; (B) Brain Topography of Subject 4; 
(C) Average Classification Contribution of Different Bands; (D) Average Classification 
Contribution of Different Channels. 

4 Discussion 

This study fills the research gap in urination detection based on EEG. Given the 
lack of prior theoretical guidance, this study employed a deep learning model, 
combined with an interpretability method, to reveal the characteristics of EEG 
in the state of urination. The methods used not only enhance our understanding 
of the data but also provide a new analytical framework for future research. 

In the experimental design, special attention was given to the issue of cor-
relation in continuous resting-state data, and a time-independent training-test 
data division strategy was adopted to avoid potential data leakage problems. 

From the perspective of spatio-temporal-frequency features, due to the lack 
of guiding cues and evoked paradigms, the temporal features of resting-state 
data are not prominent. However, through classification contribution analysis, it 
is possible to identify brain regions related to the control signals of the urination 
in terms of spatial features. In particular, the Filter Bank characteristics of the 
FBCNet model can effectively reveal EEG activities in specific frequency bands, 
which are mainly concentrated in the Delta band of the SMC, frontal pole and 
occipital region. From Fig. 6(D), it can be seen that the contribution of the 
frontal pole has a larger standard deviation, with outliers. Compared to SMC, 
it is more referenceable and shows a trend of spreading from the center to both 
ends, further proving that the activity involves a dynamic process in the SMC, 
that is, perceiving the existence of the urination and then feeding back the motor 
intention for urination. At the same time, the classification results show a large 
individual difference at the individual level, which depends on the strength of the 
motor intention of urination. Although this study has achieved innovative results, 
there are some limitations. The current study’s sample is limited to males, with



248 A. Gan et al.

no female participants included, therefore, it has not been possible to explore the 
potential impact of gender differences on urination detection. Future research 
will expand the sample to include participants of different genders to achieve 
a more comprehensive understanding. Additionally, based on the conclusions 
of this study, further design and optimization of decoding algorithms will be 
undertaken to improve the accuracy and reliability of urination detection. 

Acknowledgements. This study was supported by National Key Research and Devel-
opment Program of China (No. 2023YFF1203500, No. 2023YFF1203503). 
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Abstract. Feature engineering and deep learning methods have allowed 
to decoding cognitive workload with neural data. However, the low effi-
ciency and low cross-subject performance remain challenges. In this 
study, we propose a domain-guided cross-subject contrastive adversar-
ial learning framework for cognitive workload decoding based on elec-
troencephalogram (EEG). This framework employs contrastive adversar-
ial learning to train an EEG encoder that projects individual EEG data 
from diverse sources into a low-dimensional invariant subspace, where 
subjects from both source and target domains share a common repre-
sentation. The robustness of the model is enhanced by confusing the 
domain-specific representations of new subjects in the target domain 
and effectively interfering with the domain discriminator. These shared 
representations are subsequently used to classify cognitive workload. We 
conduct extensive experiments to investigate the influence of noise inten-
sity from different sources and the contribution of different brain regions 
to decoding. Our method achieves state-of-the-art (SOTA) performance 
in EEG-based workload decoding, addressing the challenges of cross-
subject variability and accuracy, and paving the way for more reliable 
cognitive workload assessment in diverse populations. 

Keywords: EEG · Contrastive learning · Adversarial learning · 
Cognitive workload · Neural decoding 

1 Introduction 

Cognitive workload status describes the ratio of cognitive resource demands 
required to perform a task [ 22]. In real-world scenarios, both overworkload and 
underworkload conditions can affect the operator’s state, subsequently affecting 
task execution efficiency. Maintaining an appropriate cognitive workload level is 
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crucial for ensuring safe and efficient task execution [ 26]. The recorded physiolog-
ical data provide a foundation for the objective and continuous assessment of cog-
nitive workload [ 28]. EEG is considered the most sensitive physiological indicator 
of cognitive workload due to its high temporal resolution and non-invasiveness. 
However, EEG signals are characterized by randomness, non-stationarity, and 
noise, leading to individual differences in EEG data. This variability poses chal-
lenges to the reusability and generalization of EEG-based cognitive workload 
assessment models in practical scenarios [ 21, 25]. 

To address these challenges, we propose an EEG-based cognitive workload 
classification framework utilizing a Domain-guided Cross-subject Contrastive 
Adversarial Network (D2CAN). Our contributions have three points: 

– We propose a cross-subject learning framework D2CAN, allowing quick adap-
tation to new subjects. This framework effectively learns the temporal and 
spatial characteristics of EEG and achieves SOTA performance in downstream 
cognitive workload decoding tasks. 

– We employ an adversarial learning strategy to enhance domain generalization 
across different subjects, which is crucial for practical applications of EEG-
based cognitive workload decoding in diverse real-world scenarios. 

– We conduct extensive experiments to investigate the biological interpretabil-
ity of EEG-based cognitive workload decoding, including contributions of 
temporal information, spatial information, and frequency bands, as well as 
the robustness to noise. 

2 Related Work 

Feature engineering, deep learning, and transfer learning are extensively 
employed in the cross-subject decoding of cognitive workload. In traditional 
feature engineering methods, EEG is used to extract features for classifying cog-
nitive workload from time domain [ 1], frequency domain [ 2, 8], time-frequency 
domain [ 24], and functional connectivity network [ 5]. For instance, the extracted 
spectral features enabled the classification of cross-subject cognitive overwork-
load and underworkload in arithmetic tasks [ 15, 20]. 

However, these methods not only exhibit limited classification performance 
but are also unsuitable for practical applications. 

Learning robust feature representations from cognitive overworkload and 
underworkload classification data is an advantage of deep learning methods. Jiao 
et al. [ 7] designed a multi-layer CNN model for cross-subject cognitive workload 
classification. Ni et al. [ 13] proposed a hierarchical recurrent network that com-
bines temporal modeling and adversarial training for cognitive workload clas-
sification. Although deep learning outperforms traditional feature engineering 
methods in cross-subject tasks, these models still face the challenge of insuf-
ficient generalization due to individual differences. Furthermore, deep learning 
models typically require large amounts of annotated data, which are difficult to 
obtain in cognitive workload classification experiments.
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To address the issue of inter-subject variability in cognitive workload recog-
nition, transfer learning methods such as domain adaptation (DA) and domain 
generalization (DG) are proposed [ 18]. DA methods strive to minimize the dis-
crepancy between data distributions of the source domain (i.e., the training 
subjects) and the target domain (i.e., the testing subjects). One typical method 
is the Domain Adversarial Neural Network (DANN) [ 3], which aligns feature 
representations of the source and target domains through adversarial train-
ing. Building on this, researchers have developed advanced models for cross-
subject cognitive workload recognition [ 29]. DG methods, on the other hand, 
learn domain-invariant feature representations from source domains, primarily 
using contrastive learning techniques to align features across subjects. These con-
trastive learning methods have achieved excellent classification results in cross-
subject emotion recognition [ 10, 17, 18]. 

Fig. 1. Framework of D2CAN. During the training process, labeled data from the 
source subject domain and unlabeled data from the target subject domain are pro-
jected into a low-dimensional invariant subspace within the same high-dimensional 
space using the same EEG Encoder to obtain a shared representation. The data from 
the source domain imposes a gradient reversal perturbation to confuse the learning of 
the discriminator, while the classifier outputs a classification after contrastive learning. 
During the inference process, data from the target domain is directly classified using 
the trained EEG encoder and classifier.
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3 Method 

We propose a framework D2CAN, as illustrated in Fig. 1. The framework com-
prises five modules: feature extractor, feature alignment, source domain con-
trastive learning, classifier, and domain discriminator. D2CAN model input is 
raw EEG data collected under overworkload and underworkload tasks, and the 
output is the predicted cognitive workload labels. 

3.1 Contrastive Adversarial Network (CAN) 

D2CAN is trained in a supervised manner. Specifically, In the training stage, the 
train set is utilized as the source domain, and the test set is used as the target 
domain. The source domain comprises both classification labels and domain 
labels, and the target domain includes only domain labels. Both domains are 
jointly input into D2CAN for training. 

In domain adversarial training, the objective is to minimize prediction loss 
by simultaneously training feature extractor and classifier while a domain classi-
fier discriminates between features from domains. Through adversarial training 
and gradient reversal, the feature extractor learns to generate domain-invariant 
features, thereby confusing the domain classifier and reducing domain discrep-
ancies. By optimizing the feature extractor to decrease the domain classifier’s 
discriminative capability, feature consistency across domains is achieved [ 3, 4, 29]. 
In the testing stage, the trained feature extractor and classifier subsequently be 
used to predict cognitive workload label. 

3.2 EEG Encoder 

To extract the shared feature space representation from data across different 
subject domains, we employed the EEGNetV4 architecture by Lawhern et al. [ 9]. 
This architecture learns the projection from the EEG window .Xi ∈ R

C×T to the 
latent representation .zi ∈ R

F . Compared to other types of projection layers and 
time series models, EEGNetV4 was selected as our encoder for its small size of 
parameters and robustness. 

3.3 Feature Alignment 

To minimize the distribution discrepancy between the source domain and the 
target domain, Maximum Mean Discrepancy (MMD) is employed as the distance 
discrepancy measure. We employed MMD to reduce the statistical distribution 
differences between domains in the feature space, thereby improving D2CAN’s 
effectiveness in transferring knowledge from the source domain to the target 
domain [ 10, 29].
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3.4 Classifier 

We designed a classifier comprising two fully connected layers to decode and clas-
sify feature representations extracted by the feature extractor. Specifically, the 
first fully connected layer employs the Rectified Linear Unit (ReLU) activation 
function to introduce nonlinearity, while the second layer utilizes the sigmoid 
activation function to produce outputs interpretable as probabilities. 

3.5 Contrastive Learning 

To enhance the classifier’s ability to distinguish between different cognitive loads, 
we employ a contrastive learning approach using positive and negative represen-
tation samples before the final classification step. During training, each repre-
sentation from the source domain subjects is compared with other positive and 
negative samples within the same batch. Samples of the same class are consid-
ered positive, while those of different classes are considered negative. This app-
roach aims to refine the model’s ability to discern inter-class differences while 
minimizing intra-class variability, ultimately improving overall classification per-
formance. 

3.6 Domain Discriminator 

To enhance D2CAN ability to distinguish feature projections from different 
sources, a domain discriminator utilizing fully connected layers is employed. 
The domain discriminator identifies whether the feature comes from the source 
domain or the target domain. It employs gradient reversal to modulate the gra-
dients propagated to the EEG encoder in training stage. By introducing features 
from the source domain and applying gradient reversal operations, the discrim-
inator is deliberately confused. Consequently, the adversarial training strategy 
enhances EEG encoder capacity to accurately project shared representations 
across domains, thereby improving the network’s robustness and generalization 
across different subjects. 

3.7 Loss Function 

In the training stage, we calculate the MMD of the source domain features and 
the target domain features [ 10, 29], the formula is as follows: 

.Lmmd =

∥
∥
∥
∥
∥
∥

1
Ns

Ns∑

i=1

φ (Xi) − 1
Nt

Nt∑

j=1

φ (Xj)

∥
∥
∥
∥
∥
∥

2

, (1) 

where .φ(X) is the kernel function. Here we use Radial Basis Function (RBF) as 
the kernel. 

.Lcontrast(θ) = − 1
B

B∑

i=1

log
exp (s (ẑi,zi))

∑B
j=1 exp(s (ẑi,zj))

, (2)
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where . s is the cosine similarity; . ẑi and .ẑi = fθ(Xi) are the latent representation 
and the corresponding EEG-based prediction, respectively. .B is the batch size, 
and .zj are other samples in the same batch for comparison. 

.Lcls = −
C∑

c=1

yc log ypredict
c , (3) 

where .yc is the ground-truth label of class c, .yc predict is the model prediction 
label, and . C is the number of cognitive levels to recognize. 

.Ldis = −
J∑

j=0

dj logd
predict
j , (4) 

where .J = {0, 1} is the domain labels; .dj is the predicted label output. The total 
loss function of the proposed model is as follows. 

.Ltotal(θ) = αLcls + θLmmd + λLcontrastive + γLdis, (5) 

where . α, . θ, . λ and . γ are the hyperparameters for controlling classification loss, the 
weights of feature alignment loss, contrastive loss, and domain loss, respectively. 

4 Experiments 

4.1 EEG Datasets and Preprocessing 

The EEG data under different cognitive workload is from a public competition 
dataset [ 14], which was collected under NASA’s Multi-Attribute Task Battery 
(MATB) task. This dataset comprises EEG signals from 15 subjects (average 
age 25 years). Three independent repeated experiments were conducted, with 
a one-week interval between each sesson. Each subject completed the MATB-
II task, which consisted of three 5-minute blocks. These blocks presented dif-
ferent difficulty levels in a pseudo-random manner, resulting in three levels of 
cognitive workload. The MATB-II task, developed by NASA, evaluates men-
tal capacity through multiple concurrent subtasks, including tracking, system 
monitoring, communication, and resource management. Cognitive workload is 
quantified based on the subject’s performance across these subtasks. Statistical 
analysis of the dataset was conducted to derive and validate three distinct levels 
of cognitive workload, specifically low, medium, and high. 

Data preprocessing involved seven steps to ensure the quality and consis-
tency of the EEG data. First, the data was segmented into 2-s non-overlapping 
epochs and referenced to the right mastoid electrode. A high-pass FIR filter at 
1 Hz was applied to remove low-frequency noise. Channels with average ampli-
tude exceeding 2 standard deviations were rejected, and spherical interpolation 
was used to estimate the removed channels. Second-order blind identification 
(SOBI) was performed for source separation, followed by automated indepen-
dent component labeling to remove muscle, heart, and eye artifacts with a 95%
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threshold. A low-pass FIR filter at 40 Hz was then applied. Finally, the data was 
re-referenced using the common average reference (CAR) and down-sampled to 
250 Hz. 

In this study, we utilized the low and high cognitive workload data from 
Session 1 to conduct binary classification for cross-subject cognitive workload 
classification. Each subject provided 149 samples for both low and high cogni-
tive workloads, resulting in a total of 4,470 samples. For feature extraction, we 
employed Power Spectral Density (PSD). Specifically, the PSD was extracted 
for five frequency bands using the Short-Time Fourier Transform (STFT) [ 30]. 
Consequently, this process yielded a total of 1,220 dimensions of PSD features. 

4.2 D2CAN Performance 

Table 1 presents the performance of D2CAN compared to other methods on the 
dataset. We implemented methods combining PSD features with widely used 
traditional classifiers, including SVM, LDA, and KNN. We replicated results 
with existing deep learning models as baselines using raw EEG data as input, 
including EEGNetV4 [ 9], ShallowCNN [ 16], EEGConformer [ 19] and DANN [ 3], 
as well as DDA model [ 29]. Compared to these baseline models, D2CAN achieved 
the superior performance in terms of accuracy, sensitivity, F1 score, specificity 
and Matthews Correlation Coefficient (MCC), with an average accuracy increase 
of 9.71%. 

To optimize D2CAN performance and identify the most effective settings, 
the hyperparameter configurations presented in Fig. 2 systematically explore the 
impact of various parameters on D2CAN accuracy. Figure 2A shows the impact 
of different loss function coefficients on model accuracy with a batch size set 
to 32. We set the coefficients for classification loss and domain classification 
loss to 0.5 and 1, respectively, followed by coefficients for the MMD loss and 
contrastive loss. The results indicate that optimal classification performance is 
achieved when the loss function coefficients are set to (1, 1, 1, 0.5). 

Figure 2B demonstrated the impact of learning rate variations with different 
batch sizes on model accuracy. The findings suggest that setting the learning rate 
to 3e. −4 and the batch size to either 32 or 64 yields the best model performance. 

Table 1. The comparison of different baselines. 

Model Accuracy (%) Sensitivity (%) F1 Score (%) Specificity (%) MCC (%) 
SVM 67.90 .± 7.34 81.83 .± 12.17 71.72 .± 6.07 53.96 .± 17.89 38.58 .± 13.18 
LDA 70.07 .± 7.78 76.33 .± 14.22 71.73 .± 6.27 63.80 .± 23.04 42.76 .± 14.82 
KNN 65.75 .± 4.70 80.13 .± 9.15 69.97 .± 4.03 51.36 .± 12.76 33.58 .± 8.69 
EEGNetV4 72.21 .± 12.13 74.41 .± 26.80 69.91 .± 21.01 69.75 .± 25.08 47.82 .± 20.55 
ShllowCNN 71.99 .± 11.84 78.70 .± 23.26 72.42 .± 16.23 65.28 .± 31.36 48.14 .± 21.88 
EEGConformer 71.57 .± 12.76 78.43 .± 24.23 72.18 .± 15.93 64.70 .± 34.82 48.00 .± 23.41 
DANN 62.77 .± 9.71 62.37 .± 28.38 58.35 .± 22.87 63.18 .± 22.34 27.67 .± 19.39 
DDA .73.47 ± 6.91 .73.47 ± 7.15 .73.11 ± 7.34 82.51 .± 7.88 . 48.02 ± 14.11

D2CAN (Ours) 81.79 .± 5.89 87.02 .± 8.11 82.75 .± 5.34.76.55 ± 11.63 64.68 .± 12.15
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Fig. 2. Impact of Hyperparameters and Training Data on Accuracy. (A) Accuracy 
across different loss function coefficient settings, with .α, θ, λ, γ set to 0.5 or 1. (B) 
Influence of batch size and learning rate on model classification accuracy, with batch 
sizes of 32, 64, 128, and 256, and learning rates of 1e. −3, 1e. −4, 3e. −4, and 3e. −5. 
(C) Model classification accuracy at different epoch lengths, set to 1 s, 1.5 s, 2 s, 2.5 s, 
and 3 s. (D) Impact of varying training data volumes on classification accuracy, with 
training data set to 25%, 50%, and 75% of the original data volume. 

4.3 Temporal Analysis 

To evaluate D2CAN capability in classifying cognitive workload across various 
time scales, we resegmented the original EEG data into multiple epoch lengths 
(Fig. 2C). Specifically, we segmented the EEG data into epochs of 1 s, 1.5 s, 2 s, 
2.5 s, and 3 s to examine the model’s reliability in cognitive workload classifica-
tion under different task durations. 

Figure 2C showed the distribution of D2CAN accuracy across different epoch 
lengths. The accuracy generally remained stable, indicating robustness over vari-
ous time scales. Notably, epoch lengths of 2 and 2.5 s yielded higher accuracy and 
reduced variability. These findings emphasized the model’s adaptability and con-
sistent performance across varying input data lengths. This suggests its potential 
applicability in practical tasks that involve different cognitive workloads.
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4.4 Spatial Analysis 

To explore the impacts of different brain regions on the cognitive workload decod-
ing task. Inspired by [ 11, 27], we divided the scalp EEG into five brain lobes (i.e., 
frontal, temporal, central, parietal and occiptial lobe). The experiment elimi-
nated data from some brain region electrodes to simulate electrode failure or 
data loss. In this way, we can assess the model’s ability to deal with missing 
information from specific lobe [ 12]. The experimental results are shown in Fig. 3. 

Fig. 3. Accuracy after the removal of electrodes from different brain regions. (A) The 
classification accuracy of D2CAN and EEGNetV4 in different brain regions. (B) The 
basis of electrode distribution removal for the brain area, color-coded as red for Frontal, 
blue for Temporal, green for Central, purple for Parietal, and yellow for Occipital lobe. 
(Color figure online) 

As depicted in Fig. 3, this study precisely delineated and excluded data from 
specific brain regions. Despite these exclusions, the D2CAN model consistently 
exhibited higher accuracy and reduced variability relative to EEGNetV4, illus-
trating its capacity to adeptly leverage signals from adjacent regions to offset 
information deficits, thereby markedly augmenting its robustness and depend-
ability. These results not only confirm the model’s superior adaptability and 
performance in handling complex EEG signals but also underscore its viability 
for future research applications. 

It is imperative to recognize that while theoretically each EEG electrode is 
capable of capturing signals from the entire brain, electrodes distal to active 
regions are likely to register only attenuated signals that are susceptible to noise 
interference. Consequently, for the purposes of this experiment, it is posited that 
electrodes situated within specific brain regions are predominantly associated 
with activity localized to those areas. 

4.5 Frequency Band Analysis 

To investigate the impact of EEG frequency bands on decoding performance 
and to uncover the most relevant neural oscillations to cognitive workload, we
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filter EEG signals into four main frequency bands: . δ (0.1–4 Hz), . θ (4–8 Hz), . α
(8–12 Hz), and . β (12–30 Hz). By evaluating the classification accuracy using 
EEG data in these difference frequency bands, we aim to identify the frequency 
band associated with high cognitive workload. 

Fig. 4. Impact of Different EEG Frequency Bands on Model Classification Accuracy. 
(A) The PSD distribution in low and high cognitive workload. The color bar represents 
the mean PSD for each frequency band. (B) The model’s classification accuracy in each 
of the four frequency bands. (Color figure online) 

In Fig. 4A, we extracted and visualized EEG features from different frequency 
bands for low and high difficulty cognitive load tasks. The visualization results 
align with previous studies [ 30], indicating that for higher . β frequencies, the 
strongest activity is concentrated in the occipital lobe, while the temporal lobe 
shows relatively low activation or inhibition compared to the occipital lobe. 

As shown in Fig. 4B, our model achieved the highest accuracy (82.03%) in the 
. β band, which is consistent with the overall performance of the model. This find-
ing corroborates previous research suggesting that high cognitive load tasks are 
primarily associated with high-frequency bands, demonstrating that our model 
effectively captures the EEG characteristics of these task. Conversely, the lowest 
accuracy was observed in the . δ band (58.57%), likely due to noise interference 
from eye movements, heartbeats, and other artifacts within this frequency range. 

4.6 Noise Analysis 

To evaluate the robustness of the model under various signal-to-noise ratio (SNR) 
conditions for EEG signal noise, this study introduced Gaussian noise ranging 
from .−10 dB to +10 dB across all channels, simulating noisy environments 
commonly encountered in EEG data. The objective was to assess the model’s 
sensitivity to noise and its reliability in practical applications. Additionally, by 
incorporating varying degrees of label noise into the training data, the study 
further explored the model’s performance under conditions of label interference, 
aiming to understand its controllability and effectiveness when faced with such 
disturbances. 

As illustrated in Fig. 5A, the model exhibits high performance in low noise 
environments (5, 10 dB), confirming its robustness. Despite a decline in accuracy
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Fig. 5. Model Robustness in SNR or Label Noise. (A) The resilience of the model to 
varying SNR from -10 dB to 10 dB. (B) The resilience of the model to varying Label 
noise levels. The label noise level represents the proportion of classification labels that 
are flipped in the training dataset. 

in high noise conditions (0, -5 dB), the model continues to demonstrate effective 
noise suppression capabilities. At extremely high noise levels (-10 dB), accuracy 
reaches 50%, indicating that the model’s performance is primarily determined 
by the inherent characteristics of EEG data. Figure 5B showed that the model 
maintains high accuracy and low variance under low label noise, with a linear 
decrease in accuracy to 50% under moderate to high label noise, further sub-
stantiating that the model’s performance relies on the intrinsic features of EEG 
data. 

4.7 Features Distribution 

To assess the effectiveness of our method in extracting invariant features across 
subjects, we employed the t-SNE algorithm to visualize the features of subject 
15. Figure 6A illustrated the distribution of data points from both the source and 
target domains after dimensionality reduction via t-SNE. Figure 6B showed the 
distribution of data points within the target domain, highlighting the samples 
under different cognitive workload conditions. 

4.8 Ablation Study 

To validate the roles and effectiveness of various components within our model, 
we conducted a series of ablation experiments. We systematically removed each 
module one at a time, while keeping other variables constant, and assessed 
D2CAN performance on the test set by comparing accuracy and standard devia-
tion. In our experiments, ‘-DD’ denotes the removal of the domain discriminator 
module, ‘-CON’ indicates the removal of the contrastive learning module, and 
‘-MMD’ represents the removal of the feature alignment module. These configura-
tions were tested to determine their impact on model performance.
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Fig. 6. Features visualization. Blue and pink dots represent the high and low cognitive 
workload levels, respectively. (A) The comparison of features between the source and 
target domains under different cognitive workload levels. (B) The feature distribution 
within the target domain at these levels. (Color figure online) 

The results of the ablation experiments, as presented in Table 2, demonstrate 
that the removal of any training module from the original model adversely affects 
performance. Specifically, the exclusion of the MMD module resulted in the most 
substantial decline in model performance. This finding indicates that the MMD 
module is essential for aligning feature distributions and improving model gener-
alization in EEG data analysis. Furthermore, these ablation study results under-
score that incorporating the MMD module markedly enhances the accuracy and 
robustness of the model when processing EEG data with complex distributions. 

Table 2. Results summary for different configurations. 

Model Accuracies (%) Sensitivity (%) F1 Score (%) Specificity (%) MCC (%) 
D2CAN (Ours) 81.79 .± 5.89 87.02 .± 8.11 82.75 .± 5.34 76.55 .± 11.63 64.68 .± 12.15
-MMD 76.35 .± 12.16 84.74 .± 14.42 78.32 .± 10.86 67.96 .± 19.85 54.91 .± 25.82
-DD 75.21 .± 12.15 73.19 .± 15.35 62.01 .± 27.41 53.42 .± 22.81 75.21 .± 11.73
-CON 75.15 .± 11.36 75.15 .± 11.76 74.43 .± 13.03 74.09 .± 15.42 51.38 .± 24.56
-DD,CON 76.82 .± 8.99 76.82 .± 9.30 76.59 .± 9.46 76.02 .± 15.41 54.56 .± 18.51
-DD,MMD 73.22 .± 12.07 73.22 .± 12.50 71.71 .± 14.41 65.15 .± 24.00 48.89 .± 24.18
-CON,MMD 73.38 .± 9.99 73.38 .± 10.34 72.62 .± 10.92 70.78 .± 21.88 48.87 .± 20.46 
EEGNetV4 72.08 .± 10.90 74.41 .± 26.80 69.91 .± 21.01 69.75 .± 25.08 47.82 .± 20.55 

5 Discussion 

We developed the D2CAN framework, which achieved SOTA performance in 
cross-subject cognitive workload decoding. The primary innovation of D2CAN is 
its domain-guided contrastive adversarial learning strategies, which have proven 
effective in various neural signal processing tasks [ 17, 18, 29, 30]. For instance, in 
applications such as emotion recognition and attention monitoring, these strate-
gies have effectively addressed the generalization challenges posed by individual
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differences [ 10, 18]. By leveraging domain-guided contrastive adversarial learn-
ing, D2CAN not only improved cross-subject performance but also demonstrated 
advantages in limited data and model generalization. 

Our research explores the intricate relationship between brain activity and 
cognitive workload, describing the temporal and spatial dimensions of how work-
load information is processed. By examining EEG data across multiple time win-
dows, we identified that cognitive information predominantly manifests within 
the . β frequency band, corroborating previous research findings [ 30]. Further-
more, our spatial experiments revealed that cognitive workload information is 
primarily encoded in the occipital and central regions of the brain. These findings 
not only confirm the involvement of posterior regions in visual and spatial pro-
cessing but also underscore the critical role of central regions in the integration 
of complex cognitive functions. Additionally, we observed performance variations 
between interdisciplinary and intradisciplinary settings, which can be attributed 
to factors such as individual variability in EEG signals, heterogeneity in brain 
structure and function, and differential noise distribution during recording. 

There are several limitations associated with D2CAN. First, we utilized some 
target data without classification labels during the training stage, which may 
not facilitate real-time decoding in practical applications. Second, D2CAN was 
evaluated on a single dataset, thereby its robustness and generalizability have 
not been verified on other datasets. Third, D2CAN is only evaluated on a single 
dataset, its robustness and generalizability have not been validated on other 
datasets. Future research should focus on zero-shot EEG decoding tasks, which 
may involve more adaptable neural network architectures or training on larger 
EEG datasets. Meta-learning also present promising avenues for exploration [ 6, 
23]. 

6 Conclusion 

In this study, we developed an EEG-based cognitive workload decoding frame-
work (D2CAN). By employing a contrastive adversarial network, our method 
enables the model to achieve SOTA compared to other methods and better gen-
eralization performance in different subjects. 
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ing brain function and structure. Nevertheless, most existing multimodal fusion 
methods are unsupervised and thus ignore the diagnostic information. Previous 
supervised fusion models stack subjects from different diagnostic groups into a sin-
gle feature matrix, resulting in potential interference between diagnostic groups. In 
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specific Multiset Canonical Correlation Analysis with Logistic Regression (GMC-
CALR) that can effectively leverage group specific information by incorporating 
a logistic regression term into mCCA and utilizing a group-specific fusion strat-
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show the identified disorder-specific multimodal patterns are replicable across 
multiple cohorts. Overall, results demonstrate the reliability and generalizability 
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co-varying diagnostic patterns for psychiatric disorders. 
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1 Introduction 

Existing neuroimaging techniques, such as functional magnetic resonance imaging 
(fMRI) and structural MRI, have provided remarkable new insights into human brain 
function and structure. However, any neuroimaging modality alone provides only a lim-
ited view into brain function or structure, which may neglect the hidden relationships 
between different modalities. Multimodal fusion can utilize the complementary infor-
mation captured from multiple modalities to reveal the potential functional-structural 
covariations [1–5], especially supervised fusion that can reflect the relationship between 
the brain and the interested clinical measures [6]. 

Existing multimodal fusion models can be classified into two categories: unsuper-
vised fusion methods and supervised fusion methods. Multiset Canonical Correlation 
Analysis + Joint Independent Component Analysis (mCCA + jICA) combined the 
advantages of mCCA [7] and jICA [8] by maximizing inter-modality correlation with 
mCCA and then ensuring independence among components with jICA [9]. MUlti-modal 
Structured Embedding (MUSE) encourages the maintenance of each modality’s struc-
ture in the fusion model by structured self-supervision and then uses a common self-
reconstruction loss and a structured self-supervision loss to optimize the obtained joint 
representation [10]. Multi-view Factorization AutoEncoder (MAE) incorporated bio-
logical interaction networks as an “external” domain knowledge source into the models 
through network regularization [11]. However, these methods are unsupervised and thus 
do not leverage existing diagnostic information. Discriminative Sparse Canonical Cor-
relation Analysis (DSCCA) incorporates diagnostic information by maximizing intra-
group correlation and minimizing inter-group correlation [12]. Outcome-relevant Sparse 
Canonical Correlation Analysis (OSCCA) regularizes the similarity matrices between 
subjects to leverage diagnostic information [13]. Multi-Task Sparse Canonical Correla-
tion Analysis with Logistic Regression (MTSCCALR) assigns one-vs-all (OVA) tasks 
and introduces a logistic regression terms into SCCA to utilize diagnostic information 
[14]. However, the aforementioned SCCA-based method identifies a single component 
rather than multiple components as identified in mCCA, hindering the identification of 
multiple multimodal co-varying components [15]. Furthermore, these multimodal fusion 
methods typically stack subjects from different diagnostic groups into a single feature 
matrix during fusion, resulting in information mutual interference between diagnostic 
groups, which may diminish diagnostic accuracy [14]. 

To address the limitations of these methods, in this study, we proposed a method 
called Group-specific Multiset Canonical Correlation Analysis with Logistic Regres-
sion (GMCCALR). We incorporated a logistic regression term into mCCA to effectively 
leverage diagnostic information and ensure the variability of the number of components. 
Additionally, we utilize a group-specific fusion strategy to optimize the model for diag-
nostic specificity. To evaluate the effectiveness, GMCCALR was compared with six 
alternative methods in terms of classification accuracy for several psychiatric disorders. 
Results demonstrate that GMCCALR outperforms other fusion methods in identifying 
multimodal co-varying diagnostic patterns for psychiatric disorders.
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2 Methods and Materials 

The main ideas of the proposed group-specific multimodal fusion method include: 
leveraging diagnostic information by incorporating a logistic regression term zT d A

(m) 
id 

− 

ln(1+e
A(m) 
id ) into the objective function of mCCA; performing fusion separately on each 

diagnostic group to remove information mutual interference between diagnostic groups. 

Fig. 1. Flowchart of the proposed GMCCALR. (a) Input feature matrices and GMCCALR. (b) 
Output of GMCCALR, including loadings (mixing matrices) and spatial maps. (c) Classification 
based on loadings. (d) Diagnostic group difference spatial maps. 

2.1 GMCCALR 

We assume that Xid =
[
x(1) 
id 

, x(2) 
id 

, · · ·  , x(P) 
id

]
is the feature matrix of d -th diagnos-

tic group of modality i (subjects-by-voxels, Nd × P), where i denotes the modality 
index. First, principal component analysis (PCA) was employed on Xid to reduce 

the dimensionality into a feature subspace matrix Y id =
[
y(1) 
id 

, y(2) 
id 

, · · ·  , y(M ) 
id

]

(subjects-by-components, Nd by M ). Additionally, assume a set of weights W id =[
w(1) 
id 

, w(2) 
id 

, · · ·  , w(M ) 
id

]
, which are orthogonal in the Euclidean space, and each of them 

is an M by one vector. Linear combinations (loadings) Aid is obtained using the following 
formula: 

Aid = Y id · W id (1) 

To effectively leverage diagnostic information while removing information mutual 
interference between diagnostic groups, as shown in Fig. 1(a), we incorporate a logistic 
regression term into mCCA objective function and utilize group-specific fusion strategy, 
resulting in the objective function of GMCCALR: 

m = 1
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{
w(1) 
1d 

, w(1) 
2d 

, · · ·  , w(1) 
Kd

}
= argmax 

w(1) 
id 
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id 
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jd

)∣∣∣
2 
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i=1
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(
zT d A

(1) 
id 

− ln(1 + eA
(1) 
id )

)
⎫⎪⎬ 

⎪⎭ 
(2) 

∀m = 2 : M

{
w(m) 
1d 

, w(m) 
2d 

, · · ·  , w(m) 
Kd

}
= argmax 

w(m) 
id 

⎧ 
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(
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id 

, A(m) 
jd

)∣∣∣
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+∑K 
i=1

∑D 
d=1

(
zT d A

(m) 
id 

− ln(1 + eA
(m) 
id )

)
⎫ 
⎪⎬ 

⎪⎭ 
(3) 

s.t. 

⎧⎨ 

⎩ 
w(m) 
id 

⊥
{
w(1) 
id 

, w(2) 
id 

, · · ·  , w(m−1) 
id

}

cov
(
A(m) 
id 

, A(m) 
id

)
= 1, ∀i = 1,2, · · ·  , K, ∀d = 1,2, · · ·  D 

Here, i, j denotes modality index, d denotes diagnostic group index, zd is the label 
vector of the d -th diagnostic group, K represents the number of modalities, D represents 
the number of diagnostic groups, and w(m) 

id 
represents the m-th column vector of W id . 

The number of components M was estimated based on the minimum description length 
(MDL) criterion [16]. 

2.2 The Optimization and Convergence 

Firstly, we construct the Lagrangian function in Stage 1 as follows: 

L1 = ∑K 
i,j=1

∑D 
d=1

∣∣∣corr
(
A(1) 
id 

, A(1) 
jd

)∣∣∣
2 + ∑K 

i=1
∑D 

d=1

(
zT d A

(1) 
id 

− ln
(
1 + e A

(1) 
id

))
+ (1+ 

αid )
(
cov

(
A(1) 
id 

, A(1) 
id

)
− 1

)

(4) 

Utilizing the gradient of the penalty term, we obtain the partial derivative of w(1) 
id 

as 
follows: 

∂L1 
∂w(1) 

id 

= −2
∑K 

j=1 cov
(
Yid , Yjd

)
w(1) 
jd

∣∣∣corr
(
A(1) 
id 

, A(1) 
jd
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Y T id

(
P
(
zd = 1|Yid
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)

+2(1 + αid )cov(Yid , Yid )w
(1) 
id 

(5) 

where P
(
zd = 1|Y id

) = 1 

1+e
−A(1) 

id 

is the class posterior probability [17]. 

For convenience, assume g1 = ∂L1 
∂w(1) 

id 

. Since g1 is nontrivial, it is challenging to find a 

closed-form solution for w(1) 
id 
. Therefore, we take the partial derivative of g1 with respect 

to w(1) 
id 

to obtain the Hessian matrix H1. 
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)))
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(
Y id , Y id

) (6)
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We then employ the Newton’s method to obtain an approximate closed-form solution 
for w(1) 

id 
. The solution process of Newton’s method can be formalized as follows: 

w(1) 
id 

= w(1) 
id 

− H −1 
1 g1 (7) 

Secondly, we construct the Lagrangian function from Stage 2 to Stage M as follows: 

Lm =
∑K 

i,j=1

∑D 
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− 1
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l=1 
w(m)T 
id w(l) 

id (8) 

Similarly, we obtain the partial derivative of Lm with respect to w
(m) 
id 

as gm and 

calculate the partial derivative of gm with respect to w
(m) 
id 

to obtain the Hessian matrix 

Hm. We then employ the Newton’s method to solve w(m) 
id 

. The process can be expressed 
as follows: 
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(
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(
Yid , Yjd

)
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(
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id , A(m) 
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(10) 

w(m) 
id 

= w(m) 
id 

− H −1 
m gm (11) 

Note that the parameters αid and βid will be fine-tuned to their optimal values during 
the five-fold cross-validation process. 

Ultimately, we obtain the weight matrix W id , as shown in Fig. 1(b), which allows us 
to derive the loadings Aid based on Eq. (1) and the derivation of corresponding spatial 
map Sid can be formulated as follows: 

Sid = A−1 
id 

· Xid (12) 

For classification and visualization of differences between diagnostic groups, we obtain 
the multi-diagnostic group loadings Ai and diagnostic group difference spatial maps 
Sid1,d2 

of the corresponding components between d1-th diagnostic group and d2-th 
diagnostic group as shown in Fig. 1(d), based on Eq. (13–14). 

Ai =
[
Ai1; Ai2; · · ·  ;  AiD

]
(13) 

Sid1,d2 
= Sid1 − Sid2 (14)
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2.3 Human Neuroimaging Data 

42 schizophrenia (SZ) (39.6 ± 13.1, 35M) and 47 age-gender matched healthy controls 
(HCs, 37.0 ± 11.8, 32M) from Center for Biomedical Research Excellence (COBRE); 
147 SZs (37.4 ± 11.1, 102 M) and 147 age-gender matched HCs (39.5 ± 11.8, 112 M) 
from Function Biomedical Informatics Research Network (FBIRN); 178 SZs (34.5 ± 
13.2, 124M), 134 schizoaffective disorder (SAD) (36.3 ± 12.3, 58M), 143 bipolar disor-
der (BP) (36.2± 13.2, 47M) and 219 age-gender matched HCs (38.8± 12.6, 129M) from 
the Bipolar and Schizophrenia Network of Intermediate Phenotypes (BSNIP) study; 421 
autism spectrum disorder (ASD) (13.5 ± 5.5, 421M) and 389 matched HCs (13.7 ± 6.2, 
389M) from the Autism Brain Imaging Data Exchange (ABIDE) study were used as 
the discovery and the validation cohorts in our study. Fractional low-frequency fluctu-
ation amplitude (fALFF) from fMRI and gray matter volume (GMV) from sMRI were 
calculated as features for the fusion input. 

2.4 Classification Between SZ and HC 

As is shown in Fig. 1(c), with loadings as features, we perform five-fold cross-validation 
within COBRE, FBIRN, and BSNIP, individually, to compare GMCCALR with OSCCA, 
MTSCCALR, DSCCA, jICA, mCCA + jICA and mCCA in terms of classification 
accuracy between SZ and HC. Furthermore, to validate the robustness of our method, 
we also compare loadings-based classification accuracy between SZ and HC across the 
COBRE, FBIRN, and BSNIP cohorts. 

2.5 Classification on Other Psychiatric Disorders 

To evaluate the generalizability of the proposed GMCCALR, we also compared the 
classification accuracy between ASD/BP/SAD and HC, using the loadings identified 
from GMCCALR, OSCCA, MTSCCALR, DSCCA, jICA, mCCA + jICA and mCCA. 

3 Results 

Figure 2(a–c) and Fig. 3(a–f) shows classification accuracy comparison in diagnosing SZ 
and HC within and across three cohorts. Compared to OSCCA, MTSCCALR, DSCCA, 
jICA, mCCA + jICA and mCCA, when multimodal loadings were used as features, 
GMCCALR achieved the highest classification accuracy, whether considering all IC 
or single IC with the highest contribution to classification. Furthermore, we visualized 
the diagnostic spatial maps of the components obtained by GMCCALR that contribute 
the most to classification. Overlap was observed in spatial maps across different testing 
sets, such as decreased fALFF in calcarine and bilateral lingual gyrus, increased fALFF 
in dorsolateral prefrontal cortex, and decreased GMV in anterior cingulate gyrus and 
bilateral hippocampus in SZ. Additionally, partial overlaps were identified in spatial 
maps across different training sets, such as decreased fALFF in bilateral lingual gyrus 
and decreased GMV in bilateral hippocampus in SZ. These results demonstrate the 
interpretability and robustness of the proposed GMCCALR in identifying multimodal 
co-varying diagnostic patterns for SZ.
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Fig. 2. Classification accuracy comparison for seven fusion methods in differentiating SZ and 
HC within (a) COBRE, (b) FBIRN, and (c) BSNIP. The black dashed line in (a-c) represents a 
threshold of 0.85. 

Fig. 3. Classification accuracy comparison for seven fusion methods in differentiating SZ and HC 
across COBRE, FBIRN, and BSNIP cohorts and the identified diagnostic spatial maps of the most 
contributed IC obtained by GMCCALR. (a–b) Comparisons of classification accuracy trained on 
COBRE and tested on FBIRN and BSNIP. (c–d) Comparisons of classification accuracy trained 
on FBIRN and tested on COBRE and BSNIP. (e–f) Comparisons of classification accuracy trained 
on BSNIP and tested on COBRE and FBIRN. The black dashed line in (a-f) represents a threshold 
of 0.85 and the Z-scored spatial maps are visualized at |Z|>2.

One of the strengths of the proposed GMCCALR lies in its ability to maintain high 
accuracy for the diagnosis across several psychiatric disorders. Results shown in Fig. 4(a– 
c) indicate that GMCCALR outperforms OSCCA, MTSCCALR, DSCCA, jICA, mCCA 
+ jICA and mCCA in terms of classifying ASD/BP/SAD and HC. Similarly, multimodal 
features yield the best classification accuracy compared to single modality. 
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Fig. 4. Comparison of seven fusion methods in differentiating (a) ASD/(b) BP/(c) SAD and HC. 

4 Discussion and Conclusion 

In this study, we proposed a novel group-specific multimodal fusion method, called 
GMCCALR, to effectively identify multimodal co-varying diagnostic patterns for psy-
chiatric disorders. The advantages of the proposed method include: 1) a logistic regres-
sion term was incorporated into mCCA to fully utilize the diagnostic information; 2) a 
group-specific fusion strategy was utilized to avoid mutual interference between diagnos-
tic groups which may diminish diagnostic accuracy; 3) generalizability across different 
cohorts; 4) improved performance in classifying across several psychiatric disorders and 
HC. Overall, results demonstrate the superior capability of GMCCALR in identifying 
multimodal co-varying diagnostic patterns for psychiatric disorders. 

Results of classification within COBRE, FBIRN and BSNIP indicated the superiority 
of GMCCALR in diagnosis of SZ and the highest diagnostic accuracy of GMCCALR can 
be maintained across different cohorts. Compared with OSCCA, MTSCCALR, DSCCA, 
jICA, mCCA + jICA and mCCA, GMCCALR consistently achieved the highest diag-
nostic accuracy for SZ and did not exhibit significant fluctuations for different training 
or testing sets across three cohorts. Among spatial maps of the most contributed com-
ponents in classification obtained by GMCCALR, replicable abnormal brain regions in 
SZ were identified across different training sets and testing sets. Specifically, the func-
tional abnormalities in the bilateral lingual gyrus [18] and the structural abnormalities 
in the bilateral hippocampus [19] in SZ, have been confirmed in previous studies. These 
results demonstrate the robustness and stability of GMCCALR to identify multimodal 
co-varying diagnostic patterns for SZ. Notably, comparing with single modality, the 
superior classification performance of multimodal features implies that even after fusion, 
the joint analysis of multiple modalities still shows stronger robustness in diagnosing 
psychiatric disorders. 

In the application of GMCCALR and its comparative methods to other psychiatric 
disorders, such as ASD, BP, and SAD, the multimodal loadings obtained by GMCCALR 
still achieved the highest diagnostic accuracy. This provides evidence of the feasibility of 
GMCCALR in identifying multimodal neuroimaging co-varying diagnostic patterns for
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different psychiatric disorders. All the above results demonstrate the reliability and gen-
eralizability of the proposed GMCCALR to identify multimodal co-varying diagnostic 
patterns for psychiatric disorders. 

In summary, this study proposed a novel group-specific multimodal fusion method, 
called GMCCALR, and validated its effectiveness in distinguishing between several 
psychiatric disorders and HC. To the best of our knowledge, this is the first proposed 
group-specific multimodal fusion method that utilizes a group-specific fusion strategy 
and incorporates a logistic regression term into mCCA to fully leverage the diagnos-
tic information, aiming at identifying multimodal neuroimaging co-varying diagnostic 
patterns. Based on GMCCALR, the highest diagnostic accuracy was achieved for sev-
eral different psychiatric disorders across multiple cohorts. The identified replicable 
disorder specific multimodal patterns highlight the reliability and generalizability of 
the proposed GMCCALR in identifying multimodal co-varying diagnostic patterns for 
psychiatric disorders. 
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Abstract. Accurate multi-category brain tumor image segmentation is 
crucial for early diagnosis. In recent years, deep learning-based methods 
have boosted the performance of brain tumor segmentation. However, 
existing standard models struggle to capture sufficient global context 
information, which may lead to the neglect of important background 
knowledge of brain tumors or local features during the segmentation pro-
cess. Moreover, due to the presence of various sub-regions with significant 
morphological heterogeneity, size, and positional variations across multi-
ple tumor categories, traditional feature extraction methods fail to ade-
quately capture the complex spatial semantic relations in multi-category 
tumors. This results in insufficient accuracy and robustness of segmenta-
tion results. In this paper, we propose a Multi-scale and Cross-category 
Relation Modeling method to capture enough global context and handle 
morphological heterogeneity relations across tumor categories. The net-
work consists of two primary modules: the Adaptive Context Attention 
Multi-scale Feature Learning Module (ACML) and the Multi-category 
Feature Enhancement Module (MFEM). ACML dynamically focuses on 
the relation between local features and global dependencies by incor-
porating attention mechanisms, effectively extracting multi-scale infor-
mation. MFEM models the structural relations among multi-categories 
of brain tumors at various levels, highlighting the most crucial fea-
tures within each category and integrating them into the overall network 
structure. Comprehensive experiments conducted on the BraTS2019 and 
BraTS2020 benchmark datasets demonstrate that our method achieves 
significant improvements over existing state-of-the-art methods. 

Keywords: Brain Tumor Segmentation · Attention Mechanism · 
Cross-Category Relation 

1 Introduction 

The delineation of brain tumor regions is typically manually performed by clin-
ical doctors based on their experience. However, this process is not only time-
consuming but also prone to subjectivity. Thus, the development of automatic 
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and accurate brain tumor segmentation methods is crucial. This can signifi-
cantly enhance the efficiency of clinical workflows while reducing the workload 
of radiologists and other medical professionals. Recently, models such as U-
Net [ 1], Attention U-Net [ 2], SegResNet [ 3], Cascaded U-Net [ 4], and nnUNet [ 5] 
have become dominant in the field of brain tumor segmentation. Above men-
tioned methods typically use element-wise addition or concatenation to directly 
integrate features from different levels of the encoder. Such operations fail to 
adequately consider differential information between different levels, potentially 
introducing redundant information. This weakens the network’s ability to pre-
cisely locate and refine subtle boundaries. Moreover, there are typically four 
categories of sub-regions in brain tumor images: Background, Enhancing Tumor 
(ET), Edema (ED), and the Necrotic Tumor Core (NCR). According to clinical 
experience from some experts [ 28], these sub-regions are closely interconnected 
spatially. For example, ET is typically surrounded by ED and ED cannot be 
surrounded by NCR only. But due to the limitation of receptive fields, it is chal-
lenging to distinguish multiple categories of sub-regions, often resulting in the 
mixing of different tissue areas and consequently leading to a loss of detail and 
segmentation ambiguity. 

To delve into information at different levels, many methods try to aggregate 
detailed information from different scales. Zhao [ 6] et al. proposed a pyramid 
network, which aggregates feature maps obtained from multiple extended convo-
lutional blocks. The integration of contextual information on multiple scales can 
also be realized by means of pooling operations [ 7]. While these techniques may 
assist in capturing objects across various scales, they assume that the contextual 
dependencies across all image regions are homogeneous and lack adaptive capa-
bilities, thereby neglecting the relationships between local representations of dif-
ferent classes and their structural interconnections. Generally, features extracted 
from different levels possess different characteristics. Deep features carry richer 
semantic information, while shallow features contain more low-level visual infor-
mation. Therefore, exploring contextual dependencies and category relationships 
can comprehensively learn the distinct characteristics of each layer and enhance 
the perception of organs or lesion areas. 

In this paper, we propose we propose a Multi-scale and Cross-category Rela-
tion Modeling Network. Our network incorporates Adaptive Context Atten-
tion(ACML) and Multi-Category Feature Enhancement Modules(MFEM) to 
aggregate multi-scale information and enhance features for multiple categories 
of brain tumors. Specifically, ACML dynamically combines local features with 
global dependencies, while introducing spatial attention to capture positional 
information and category relations for localization and classification. And 
MFEM captures spatial relations between categories through spatial attention, 
and then extracts specific feature maps to enhance feature representations for 
each tumor sub-region. This enables the model to better capture subtle fea-
tures of each region, leading to enhanced segmentation precision across multiple 
categories. Moreover, we integrate Adaptive Context Attention with Graph Con-
volutional Network (GCN) to focus precisely on the relations between adjacent 
pixels of lesions, thus facilitating the extraction of more tumor details.
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This paper makes the following key contributions: 

1. This paper proposes a Multi-category Brain Tumor Segmentation Network via 
Multi-scale and Cross-category Relation Modeling, which effectively aggre-
gates multi-scale information across different levels while preserving multi-
category feature information at each scale. 

2. Two fundamental modules ACML and MFEM are introduced in our network. 
ACML is designed to acquire richer contextual and local feature representa-
tions, which allows the model better to understand the relations between 
different scales of the image. MFEM focuses on learning the spatial relations 
of different categories and enhancing their feature representations. 

3. A comprehensive experiments was conducted on BraTS2019, BraTS2020 
datasets, which demonstrated that the proposed method exhibits competi-
tive performance. 

2 Related Work 

2.1 Medical Image Segmentation 

Most medical image segmentation methods are inspired by Fully Convolutional 
Networks (FCNs) [ 16] or UNet [  1]. FCN achieves pixel-wise dense prediction 
by replacing fully connected layers with convolutional layers and restores the 
resolution of input images through single-step upsampling. UNet adopts a sym-
metric encoder-decoder structure and skips connections, effectively improving 
the classification accuracy of small-sized objects. For volumetric medical image 
segmentation, researchers have proposed various extensions and variants, such as 
applying 3D operations to UNet to avoid spatial information loss and enhancing 
feature representation capability through integrated attention mechanisms. In 
terms of medical image segmentation methods, they can be categorized into two 
types: medical general-purpose and medical-specific, based on organ or lesion fea-
tures. For medical general-purpose methods, U-Net and its variants, despite their 
widespread use in medical image segmentation, struggle to capture crucial global 
information due to the localized nature of convolutional operations. Accurate 
segmentation often relies on understanding relations between distant parts of 
the image, which these models might miss. While some emerging methods intro-
duce the Transformer architecture to achieve better global contextual dependen-
cies. Models like UTNet [ 18] and  TransUNet [  17] successfully capture long-range 
dependencies at different scales by applying self-attention modules and hybrid 
transformer architectures, demonstrating robust segmentation capabilities. How-
ever, the computational cost associated with these techniques becomes a major 
limitation when dealing with large medical images, which can be computation-
ally expensive to process. 

2.2 Multi-scale Feature Aggregation 

Scale cues play a crucial role in capturing contextual information of the tar-
get. Multi-scale features demonstrate advantages over single-scale features when
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dealing with natural scale variations. Various methods for encoding multi-scale 
contextual information have been extensively studied. In addition to encoder-
decoder architectures [ 22], constructing image pyramids is also a commonly used 
method to capture multi-scale contextual information. For example, DeepLabV3 
[ 23] integrates multi-scale contextual information by using parallel atrous spa-
tial pyramid pooling (ASPP) blocks with different dilation rates. Dense-ASPP 
[ 24] adopts a more compact way to stack ASPP modules. CPFNet [ 25] com-
bines multi-scale and global contextual information to enhance feature repre-
sentation. FCP-Net combines channel attention and spatial attention blocks, as 
well as multiple receptive fields, for multi-scale contextual modeling. Addition-
ally, some studies design two auxiliary branches in each module to generate and 
merge context information from coarse to fine, thereby improving overall perfor-
mance. Recently, CMD-Net [ 26] utilizes NAS technology to explore the efficiency 
of multi-scale connections and constructs a restricted multi-scale dense connec-
tion network. While this approach achieves high performance while reducing 
computational costs, NAS technology itself faces challenges such as large search 
space and high computational costs. CMM-Net [ 27] has developed an end-to-
end neural network that integrates global contextual features and multi-scale 
features at each level of U-Net. However, effectively integrating these features 
remains a challenge. 

2.3 Deep Attention Mechanism 

In recent years, attention mechanisms have been widely applied in the field of 
computer vision, especially playing a significant role in tasks such as object 
detection [ 19] and image segmentation [ 20]. By introducing attention mecha-
nisms, models can automatically learn and focus on the most relevant regions 
or features in the image, thereby improving the performance and generalization 
ability of the model. This design intends to highlight important local features 
while suppressing noise and irrelevant information in global features, thus better 
capturing key information and structures in the image. In image segmentation 
tasks, this mechanism can help the model better understand the correlation 
between different regions in the image, thereby improving the modeling of long-
range dependencies and enhancing the accuracy and robustness of segmentation. 
Therefore, attention mechanisms have become an indispensable and important 
component in models that need to capture global dependencies [ 21]. 

3 Method  

3.1 Overview 

The proposed network is demonstrated in Fig. 1(a). The model is based on the 
U-Net architecture [ 1], which initially concatenates the four modalities of MRI 
images and then obtains feature maps .X ∈ R

C×H×W at different scales through 
successive downsampling operations, where C, W, H represent the channel, width 
and height dimensions. At the bottleneck layer, the feature maps of each scale
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Fig. 1. Overview of Multi-category Brain Tumor Segmentation Network via Multi-scale 
and Cross-category Relation Modeling. 

are fed into the ACML to adaptively capture multi-scale global dependencies 
and local details of the images. In each layer’s skip connection, we incorporate 
the MFEM to learn spatial relations between brain tumor regions and highlight 
features of each class. This aids in restoring positional information and spatial 
details of tumors at various scales during the upsampling process. 

3.2 Adaptive Context Attention for Multi-scale Feature Learning 

The features at different levels in the encoder have distinct characteristics. Specif-
ically, high-level features contain richer semantic information, aiding in object 
localization, while low-level features contain more information in detail, sup-
porting the identification of intricate object boundaries. Combining deep-level 
features with shallow-level features can achieve a more comprehensive and rich 
feature representation, which helps to improve the accuracy of segmentation. 
Figure 1(b) illustrates the structure of the Adaptive Context Attention for Multi-
scale Learning Module. Firstly, we integrate feature maps from all scales, the fea-
ture maps at each layer are adjusted to align with the size of the bottom-layer 
feature map and then concatenated to obtain .Xconcat ∈ R

C×H×W . To adaptively 
capture the relations between different scales and gain global context, weights 
are assigned to each layer through generating scale attention .α ∈ R

1×1×W . 
The updated feature map can be formulated as: .X ′

concat ∈ R
C×H×W . To fur-

ther explore the dependencies between different scales, we projected [ 13] features 
from .X ′

concat into the interaction coordinate space. .X ′
concat is transformed into 

query, key, value vectors .X ′
q,X

′
v ∈ R

C×(H×W ), .X ′
k ∈ R

(H×W )×C . And the
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representation of interaction coordinate spaces can be formulated as: 

.f ′
q,v,k = (X ′

q,v,k)project (1) 

where .f ′
q,v ∈ R

C×K , f ′
k ∈ R

K×C , K is the number of feature vectors. 
To infer relations between different nodes, we construct an adaptive adja-

cency matrix .A ∈ R
K×K to obtain a graph .V ∈ R

C×K , which can selectively 
focus on information from different positions. . ⊗ acts as a matrix product in the 
following equation: 

.V = (f ′
q ⊗ f ′

k) ⊗ f ′
v = A ⊗ f ′

v (2) 
Finally, to capture local relations between different pixels, we utilize Graph 
Convolutional Networks (GCN) [ 14] to model long-range dependencies in image 
regions. 

.V̂ = g(ATVW ) (3) 
where the updated graph .V̂ ∈ R

C×K , .g(·) is a non-linear activation function, W 
is the weight matrix.∈ R

K×K . By constructing graphs and adaptively building 
long-range dependency relations between regions through node interactions, we 
simultaneously overcome the inefficiency of convolutional operations and reduce 
computational complexity when reasoning about relations. 

3.3 Multi-category Feature Enhancement Module 

In brain tumor images, multiple categories of information are contained, and the 
relations between these categories are crucial for segmentation, localization, and 
classification. Therefore, we propose the Multi-category Feature Enhancement 
Module to capture the spatial relations between brain tumor sub-regions, as 
shown in Fig.  1(c). To understand the relations between different regions and 
better perceive the spatial distribution of targets in the image, for the fea-
ture maps X at each layer, we first concentrate attention on specific regions 
of multi-category brain tumor images through spatial attention, enabling the 
model to focus on more tumor-related features. Then, to accurately distinguish 
sub-regions of multi-categories, we generate probability distributions for differ-
ent categories, resulting in specific probability map .PED, PET , PNCR for each 
category: 

.PNCR,ED,ET = split(softmax(conv(X̃))) (4) 
With probability maps, we generate feature maps .XNCR,XED,XET for each 
category to highlight the features of sub-regions. Finally, these feature maps are 
concatenated and convolved to obtain the final feature map .X̃r. 

.X̃r = conv(concat[X̃ � PNCR, X̃ � PED, X̃ � PET ]) (5) 
It is worth noting that we connect the upsampled feature maps and .X̃r through 
attention gates [ 15] to eliminate ambiguities in irrelevant noise features, high-
lighting significant feature information. This mechanism addresses the U-Net 
model’s accuracy issues in tumor segmentation while aiding in restoring tumor 
positional information during the upsampling process.
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Table 1. Comparison on the BraTS2019 Dataset 

Model Dice (%) .↑ HD95 (mm). ↓
ET TC WT Ave ET TC WT Ave 

TransBTS [ 8] 80.86 81.19 89.35 83.80 5.642 6.048 4.332 5.460 
Nestedformer [ 9] 82.11 86.42 .91.18 86.57 5.534 5.906 5.317 5.585 
SF-Net [10] 80.08 82.33 88.61 83.67 4.787 7.440 7.288 6.505 
ACM-Net [11] 80.63 87.15 88.08 85.28 4.564 7.774 .3.862 5.400 
Eoformer [12] .82.94 86.83 90.39 86.72 .4.053 5.843 5.822 5.239 
.Ours 82.74 .87.67 90.59 .87.00 5.296 .5.694 4.472 . 5.154

4 Experiment 

4.1 Dataset 

For evaluation, public brain tumor segmentation datasets BraTS 2019 and 
BraTS 2020 [ 8] were selected as benchmark datasets. These datasets consist 
of 335 and 369 annotated brain tumor samples, respectively. Each case contains 
four preprocessed modalities (T1, T1Gd, T2, T2-FLAIR) that have completed 
standardized preprocessing procedures. The segmentation labels have the follow-
ing numerical values: label 1 represents non-enhancing tumor core (NCR&NET), 
label 2 represents peritumoral edema (ED), label 4 represents enhancing tumor 
(ET), and label 0 represents the background region. The three sub-regions 
defined for online evaluation are as follows: 1) Enhancing tumor (ET) region, 
including the ET label; 2) Tumor core (TC) region, including ET and NCR & 
NET labels; 3) Whole tumor (WT) region, including ET, NCR & NET, and ED 
labels. 

4.2 Implementation Details and Evaluation Metrics 

The MRI volumes of each subject are sized .155× 240× 240. Each modality scan 
is sliced, and the size of each cropped slice is 160 .× 160. The datasets are split 
into 80% for training our model and 20% for testing. The model was trained 
for a total of 400 epochs and the batch size is set to 18. All the programs were 
implemented under the PyTorch framework. The training process is conducted 
on V100-SXM2-32 GB GPUs. For optimization, we utilize the Adam optimizer 
with a learning rate set to 1e. −3. 

The performance of the model is evaluated using two widely accepted metrics: 
Dice score and 95% Hausdorff Distance (HD). The Hausdorff95 metric quantifies 
the distance between the model’s predictions and the ground-truth segmentation. 
For each metric, three distinct regions are assessed separately: the enhancing 
tumor (ET, label 1), whole tumor (WT, labels 1, 2, and 4), and the tumor core 
(TC, labels 1 and 4). The Loss function .Lloss is formulated as a combination of 
soft Dice loss and cross-entropy loss, as referenced in [ 7].
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Table 2. Comparison on the BraTS2020 Dataset 

Model Dice (%) .↑ HD95 (mm). ↓
ET TC WT Ave ET TC WT Ave 

TransBTS [ 8] 80.89 83.25 90.10 84.08 5.873 6.875 4.876 5.824 
Nestedformer [ 9] 82.85 86.48 .91.20 86.84 5.721 6.115 4.598 5.528 
SF-Net [10] 81.10 83.84 89.01 84.65 .4.305 7.661 7.720 6.562 
ACM-Net [11] 82.42 87.75 90.08 86.75 4.492 7.624 3.956 5.375 
Eoformer [12] .83.54 87.12 90.87 87.17 5.911 6.041 .3.852 5.268 
.Ours 83.20 .87.89 90.93 .87.34 5.134 .5.863 4.529 . 5.175

4.3 Comparison with SOTA Methods 

Our network is evaluated in comparison to five advanced segmentation methods. 
This comparison includes two techniques focused on multi-modal feature fusion 
(SF-Net [ 10] and  ACM-Net [  11]) and three contemporary Transformer-based 
methods (Nestedformer [ 9], TransBTS [ 8], and EoFormer [ 12]), the last of which 
specifically focuses on edge-oriented segmentation. As shown in Table 1, proposed  
network achieves Dice scores of 82.74%, 87.67%, and 90.59% for the enhancing 
tumor (ET), tumor core (TC), and whole tumor (WT) regions, respectively, 
on the BraTS2019 dataset. By integrating multi-category interaction alongside 
Region-guided Graph Reasoning Modules, our network achieves the top Dice 
scores for the TC region, highlighting its ability to model the relationships of 
tumor sub-regions =effectively. Likewise, as demonstrated in Table 2, our net-
work maintains its superior performance on the BraTS2020 dataset, obtaining 
the top Dice scores in the TC region. While the Dice score for the WT region is 
slightly lower than that of Nestedformer and the ET region is marginally behind 
EoFormer, our method significantly outperforms the remaining approaches by a 
considerable margin. 

Notably, our method attains the highest mean score compared to all the 
methods evaluated. Figures 2 and 3 illustrate the detailed results of our app-
roach on the BraTS2019 and BraTS2020 datasets visually, respectively. It is evi-
dent that our method accurately captures the shapes and edges of brain tumors. 
Additionally, it successfully identifies scattered edema regions (ED) surround-
ing the tumors. Within the tumor areas, even small necrotic (NCR) regions 
and overlapping enhanced tumor regions (ET) are precisely distinguished. These 
results demonstrate the model’s exceptional capability in modeling dependen-
cies of multi-category and accurately delineating brain tumor boundaries. This 
success can be attributed to the effective integration of region-based and contour-
based constraints, underscoring the method’s robustness and accuracy in tumor 
segmentation tasks.
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Fig. 2. The visual results on BraTS2019. (Green: ED, Yellow: ET, Red: NCR) (Color 
figure online) 

4.4 Ablation Study 

We conduct ablation study on the BraTS2019 dataset. Tge standard Unet [ 1] 
is used as the baseline model. Specifically, we compare the performance of four 
models: (1) the baseline Unet, (2) Unet augmented with MFEM, (3) Unet aug-
mented with ACML, and (4) Unet augmented with both ACML and MFEM. 
Through the analysis of the comparison results of each component, we can 
see that each component has contributed to the improvement of the segmen-
tation results. Comparing the results of the Unet+MFEM model with (1), we 
found that the Unet+MFEM model improved the segmentation accuracy for all 
categories, especially showing significant enhancement in the segmentation of 
WT and TC. This validates that the multi-category spatial information learned 
through MFEM can effectively enhance the discrimination between categories 
and the accuracy of tumor localization. Comparing the Unet+ACML model 
with (1), we found that the Unet+ACML model is slightly superior to the Unet 
model overall. There is a significant improvement in the segmentation of all 
categories, confirming that the global contextual information learned through 
multi-scale aggregation can enhance segmentation effectiveness. It is noteworthy 
that compared to (2), ET has shown a greater improvement in (3) over (1), 
which strongly indicates that MFEM can simultaneously focus on local features. 
By combining Unet+MFEM and Unet+ACML, the segmentation performance 
of brain tumors can be further improved, with an average Dice score reaching 
the highest at 87.00%.
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Fig. 3. The visual results on BraTS2020. (Green: ED, Yellow: ET, Red: NCR) (Color 
figure online) 

Table 3. Ablation Study 

Model Dice(%) 
ET TC WT Ave 

(1) Unet 79.10 81.00 87.93 82.67 
(2) Unet+MFEM 80.80 85.34 90.17 85.43 
(3) Unet+ACML 82.55 86.28 90.06 86.69 
(4) Unet+ACML+MFEM.82.74.87.67.90.59. 87.00

5 Conclusion 

In this work, we present a novel approach for adaptively capturing multi-scale as 
well as multi-category semantic relations in brain glioma images. We introduce 
a ACML module, which integrates semantic information from different levels 
through attention mechanisms, gradually aggregating relevant contextual fea-
tures. Additionally, we devise an MFEM module to assist the network in focus-
ing on class-specific regions relevant to brain tumor images at each scale. We 
conducted experiments on the public datasets BraTS 2019 and BraTS 2020, and 
the results indicate that our proposed method outperforms other state-of-the-art 
methods in terms of overall performance (Table 3).
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Abstract. Autism spectrum disorder (ASD) is a neurodevelopmental condi-
tion characterized by impairments in social interaction and behavior as well as 
structural abnormalities regarding brain development. The difference between 
neuroimaging-predicted brain age and the chronological age (predicted age dif-
ference; PAD) is a potential biomarker reflecting individual differences in brain 
developmental trajectories. However, current findings of PAD in ASD are inconsis-
tent due to the biases introduced by different prediction models. Here, 6 classic 3-
dimensional convolutional neural network (3D-CNN) models were used to assess 
brain age to identify consistent and reliable PAD and its interpretable features for 
ASD. No significant PAD differences between ASD and typically developing con-
trols (TDC) were observed, but PAD differences in younger age and subtypes were 
found. Occlusion sensitivity analysis showed that default mode network (DMN) 
and salience network (SAN) drove the atypical brain developmental trajectories 
in ASD. Our findings were replicable across 6 CNN models, showing the promise 
of neuroimaging targets for exploring atypical developmental patterns in ASD. 
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1 Introduction 

Autism spectrum disorder (ASD) is a neurodevelopmental condition characterized by 
deficits in social communication and interaction, and restricted, repetitive patterns of 
behavior, interests, or activities [1–3]. Existing neuroimaging studies have reported struc-
tural brain abnormalities in ASD, such as increased total brain volume [4], disrupted 
organization of cortical topology [5], and enlargement of gray/white matter (GM/WM) 
in the frontal, temporal, and parietal lobes [6, 7]. Moreover, ASD specific brain devia-
tions have been found across different development stages [8] and subtypes [9]. Some of 
these alterations have been linked to atypical brain development trajectories in ASD [10]. 
Accumulating neuroimaging studies have been conducted to assess atypical brain devel-
opment patterns [11], which reflect the neurodevelopmental mechanisms underlying 
ASD. The underlying hypothesis is that the brain age of healthy individuals should match 
their chronological age. Brain age can be estimated using information extracted from 
neuroimaging features, especially the structural magnetic resonance imaging (sMRI) 
[12]. The gap between the predicted brain age and the chronological age (predicted age 
difference or PAD) can provide an important early indicator of deviation from the nor-
mal developmental trajectory, which may promote understanding of neurodevelopmental 
disorders, such as ASD. 

Deep learning techniques, which are capable of integrating the feature extraction, 
feature reduction and prediction phases of complex data into a unified computational 
framework, have been widely applied in brain age prediction community. Convolutional 
neural networks (CNN) have attracted researchers for brain age estimation and pretrained 
networks become increasingly popular because of their automatic feature extraction 
capability and high performance. A 3-dimensional visual geometry group (3D-VGG) 
model was constructed using the T1-weighted UK Biobank dataset [13], uncovering a 
mild correlation between the age differences and the image-derived phenotype of multi-
modalities. 3D residual neural network (ResNet) was employed for multimodal brain 
age estimation model, which takes T1-weighted, WM, GM and Jacobian map as the 
input to each CNN network [14]. 3D dense convolutional network (DenseNet) was also 
modified for brain age prediction in normal aging and dementia [15]. 

Previous work has reported positive PAD in ASD, but case-control differences were 
not observed [16]. Neuroimaging studies found that brain maturation patterns were 
similar between typically developing controls (TDC) and ASD [17]. However, PAD in 
ASD was significantly lower than TDC in both the Autism Brain Imaging Data Exchange 
(ABIDE) dataset and the Healthy Brain Network (HBN) dataset [18], suggesting that 
ASD exhibited the characteristics of delayed development. While another study found 
that ASD showed accelerated brain development in youth followed by a delay after 
preadolescence [19]. Thus, the findings from brain age prediction of ASD are often 
inconsistent, possibly due to the differences in sample size, preprocessing strategies, 
and experimental setup including feature selection methods and prediction models. 

In this paper, we aim to: 1) identify the consistent and reliable PAD for ASD by 
comparing 6 classic CNN models, including VGG, ResNet, ResNeXt, DenseNet, Shuf-
fleNet, MobileNet, that worked directly on the raw MRI data without feature extraction 
(Fig. 1a); 2) calculate the PAD differences between ASD and TDC in different age
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ranges; 3) estimate the PAD differences between ASD subtypes (Fig. 1b) and 4) identify 
the interpretable regions for ASD brain age prediction (Fig. 1c). 

Fig. 1. Flowchart of the study design. a. (Training & Testing) training CNN models separately 
under the same settings and applying it on the validation and the testing sets. b. (Statistical Anal-
ysis) PAD differences between ASD and TDC in different age ranges and ASD subtypes. c. 
(Interpretability) using occlusion sensitivity analysis to identify the interpretable regions for ASD 
brain age prediction. 

2 Materials and Methods 

2.1 Participants 

563 TDCs (mean ± standard deviation age: 16.9 ± 7.6; gender: 465M/98F) from ABIDE 
I, 358 ASDs (age: 14.8 ± 10.2; gender: 303M/55F) and 429 demographically-matched 
TDCs (age: 12.7±6.6; gender: 284M/145F) from ABIDE II (https://fcon_1000.projects. 
nitrc.org/indi/abide/) were used as the training and testing dataset, respectively. Ethical 
approval was granted by each relevant Ethics Committees, and informed consent was 
obtained from each subject prior to scanning according to each site’s Institutional Review 
Boards.
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2.2 Brain Age Prediction Models 

Brain age prediction models were based on 6 classic CNN architectures, including 
VGG-11, ResNet-18, ResNeXt-101, DenseNet-169, ShuffleNet-v2 and MobileNet-v2, 
in which we replaced the 2D convolutional and pooling layer to 3D and added a batch 
normalization layer before the pooling layer to build the model directly with the raw 
imaging data and reduce the reliance on data pre-processing. 

The VGG network was proposed with a smaller convolution kernel (3x3) with a 
deeper architecture that showed better performance [20]. ResNet is regarded as a break-
through in deep learning which is accomplished by shortcut connections in the feedfor-
ward process of residual learning to address the degradation problem in model training 
[21]. ResNeXt is modified from the ResNet with a strategy of splitting and merging the 
building block [22]. While preserving similar computational complexity, the ResNeXt 
divides the residual block into multiple substructures with the same topology and then 
aggregates them, serving as a more effective way of gaining accuracy than going deeper or 
wider. To improve information flow between the layers, DenseNet is designed to connect 
the output of the previous layer not just to the next layer but to all subsequent layers by 
forming a so-called dense block that has several advantages over ResNet, such as strong 
feature propagation, feature reuse, and a smaller number of network parameters [23]. 
ShuffleNet is built by applying the shuffled channels and pointwise group convolutions to 
reduce the computational cost for implementation in portable devices [24]. ShuffleNet-
V2 is an improved version with equalizing the channel width, selecting a reasonable 
group number, avoiding network fragmentation and reducing element-wise operations. 
MobileNet is another lightweight CNN that uses the depth-wise separable convolu-
tion for portable and mobile applications [25]. The upgraded version of MobileNet-v2 
applies two additional modifications, including the linearization of the bottlenecks and 
the use of inverted residuals to improve performance and allow to separate the network 
expressiveness from its capacity. 

2.3 Occlusion Sensitivity Analysis 

Occlusion sensitivity analysis [26] was performed to identify the interpretability of 
ASD brain age predictive features. Occlusion sensitivity analysis involves ‘masking 
out’ a (e.g., cubic) region in an image and transferring the ‘occluded’ image to a trained 
model. The model’s response is expected to vary when applied to an image with masked 
regions, especially if the masked portion encompasses crucial features influencing the 
prediction of brain age. To visualize the significant areas within the image that strongly 
impact the model’s predictions, a heatmap can be generated by repeatedly masking 
different regions of the image and observing the resulting changes in prediction. This 
technique provides insights into the specific regions that contribute to the model’s output 
in the context of brain age estimation.
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3 Experiments and Results 

3.1 Experimental Setup 

During training, we set the batch size to 4, the learning rate to 0.0001 with a constant 
decay of 0.1 after 20 epochs, and the number of epochs to 100. The optimal number of 
model training iterations was determined by assessing the prediction error and imple-
menting early stopping [27] if the validation error did not improve in 25 epochs. Five-fold 
cross validation was used to ensure an objective evaluation by avoiding biased results. 
We optimized the parameters of the prediction model using stochastic gradient descent 
(SGD) optimization and backpropagation with the mean squared error (MSE) function 
as the loss function during the training process. After training, the mean absolute error 
(MAE) and Pearson correlation coefficients between the model-predicted and chrono-
logical age were calculated in the testing set to evaluate the prediction performance. 
PAD (predicted brain age - chronological age) was calculated for each individual. 

3.2 The Performance of 6 Brain Age Prediction Models 

Table 1. Performance in the training & testing set. 

Model ABIDE I (TDC-Training) ABIDE II (TDC + 
ASD—Testing) 

TDC vs. ASD 

MAE (years) MAE (years) Correlation (r) p-value 

VGG 2.30 ± 0.24 3.12 ± 0.02 0.85 ± 0.01 0.8575 

ResNet 2.57 ± 0.27 3.32 ± 0.17 0.85 ± 0.02 0.5932 

ResNeXt 2.79 ± 0.50 3.78 ± 0.88 0.71 ± 0.23 0.4405 

DenseNet 2.55 ± 0.34 3.13 ± 0.10 0.86 ± 0.01 0.8272 

ShuffleNet 2.60 ± 0.21 3.44 ± 0.12 0.82 ± 0.02 0.9403 

MobileNet 2.44 ± 0.31 3.29 ± 0.13 0.85 ± 0.01 0.9145

As shown in Table. 1, most prediction models achieved high predictive accuracy, 
with the MAE being around 2 years in the training set, and around 3 years in the testing 
set. The group differences of PAD between ASD and TDC were not significant for all 6 
prediction models (p > 0.05). 

3.3 Age Specific PAD Differences Between ASD and TDC 

The testing set was divided into childhood (<10 years old), adolescence (10–20 years 
old) and adulthood (> 20 years old) groups. The PAD differences between ASD and TDC 
in different age groups under 6 prediction models was calculated. Results showed that 
the PAD in ASD was significantly higher than TDC only in childhood, and marginally 
higher in adolescence, but not significant in adulthood (p > 0.05, Fig. 2).
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Fig. 2. The PAD differences between ASD and TDC in childhood (<10 years), adolescence 
(10–20 years) and adulthood (> 20 years) under 6 prediction models. 

3.4 PAD Differences Among ASD Subtypes 

The PAD differences among ASD subtypes (Asperger’s, PDD-NOS and Autistic) were 
also calculated. As shown in Fig. 3, The PAD in Asperger’s was significantly lower than 
PDD-NOS and Autistic for all 6 models. Furthermore, all the models showed the negative 
PAD for Asperger’s and the positive PAD for the other two subtypes. The Autistic group 
achieved the highest correlation between the predicted age and the chronological age 
across the 6 models. 

3.5 Consistent Features in ASD Brain Age Prediction 

Saliency maps were estimated through occlusion sensitivity analysis to identify the inter-
pretable features in ASD brain age estimation. Results showed insula, anterior cingulate 
cortex (ACC), posterior cingulate cortex (PCC), middle temporal cortex (MTC), inferior 
temporal cortex (ITC) and fusiform gyrus (FG) were consistently identified across the 
6 prediction models (Fig. 4), which are key brain regions in the default mode network 
(DMN) and salience network (SAN).
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Fig. 3. The PAD differences and the correlation between the predicted brain age and the chrono-
logical age among ASD subtypes (Asperger’s: blue; PDD-NOS subjects: green; Autistic: red) 
based on 6 prediction models. 

4 Discussion 

This study contributed to identifying the consistent and reliable brain patterns in ASD 
brain age estimation by comparing 6 3D-CNN models. Results showed that (1) most pre-
diction models achieved a good prediction accuracy (around 2 years MAE in the training 
set and 3 years MAE in the testing set); (2) ASD showed no PAD differences in compari-
son to TDC; (3) Significant PAD differences were observed in childhood (<10 years old) 
and among ASD subtypes. (4) DMN and SAN were consistently identified as having 
high predictive power for brain age across 6 models. 

A major finding was that there were no PAD differences between ASD and TDC 
under 6 3D-CNN prediction models. Consistent with our study, previous research showed 
that the brain maturation patterns were similar between ASD and TDC on average [17]. 
The lack of PAD differences between ASD and TDC suggested preserved brain develop-
ment in ASD. Another interesting finding was that the PAD differences in brain develop-
ment for ASD were only observed in childhood, but not in the following adolescence and 
adulthood. This is consistent with previously reported age-related differences in ASD 
[19]. Brain development in ASD seemed to be accelerated in younger individuals but
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Fig. 4. The saliency maps of prediction models. Higher saliency represents the regional 
importance in brain age estimation. 

delayed in older ones. Moreover, the Asperger’s PAD was lower than the other acceler-
ated growth subtypes due to the incidence of developmental delays. Although previous 
studies have revealed a connection between brain age and disease severity in ASD [17], 
differences in PAD among subtypes have not been clearly reported. Our result suggested 
that there was significant heterogeneity of PAD within ASD that presented with a wide 
range of symptoms and varying levels of impairments. 

With respect to the features, DMN and SAN were consistently identified as inter-
pretable brain networks in ASD brain age estimation over 6 models. The MTC and 
cingulate played important roles during brain development and showed obvious gender 
differences in brain age estimation of ASD [18]. The insula was a core area of SAN, 
which is reported to be involved in emotional regulation and decision-making and asso-
ciated with brain developmental trajectories in ASD [28]. Moreover, a study using only 
temporal, cingulate or insula as features to predict ASD brain age also achieved high 
model performance [16]. Our results suggest that the atypical brain developmental tra-
jectories in ASD may be driven by DMN and SAN. It is worth noting that the above 
results were reproducible across multiple predictive models, which overcame the limita-
tion of bias due to model selection and further enhanced our confidence in the reliability 
and generalizability of the findings. 

In conclusion, this study identified the consistent and reliable atypical brain devel-
opment patterns and interpretable regions within ASD by comparing 6 classic 3D-CNN 
models. There were no PAD differences between ASD and TDC, and further analyses 
revealed distinct brain development patterns in younger ASD and its subgroups, high-
lighting the heterogeneity of brain development patterns among different development 
statuses and subtypes of ASD. The contributed regions across the predictions from our
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6 models indicate that DMN and SAN drove deviations in brain growth trajectories 
in ASD, which may underlie the neurodevelopmental differences in ASD. The identi-
fied predictive signatures may serve as potential neuroimaging targets for the clinical 
exploration of atypical neurodevelopmental patterns in ASD. 
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Abstract. Alzheimer’s disease (AD) is a neurodegenerative disorder 
characterized by progressive memory and cognitive decline, affecting 
millions worldwide. Diagnosing AD is challenging due to its heteroge-
neous nature and variable progression. This study introduces a novel 
brain-aware readout layer (BA readout layer) for Graph Neural Networks 
(GNNs), designed to improve interpretability and predictive accuracy in 
neuroimaging for early AD diagnosis. By clustering brain regions based 
on functional connectivity and node embedding, this layer improves the 
GNN’s capability to capture complex brain network characteristics. We 
analyzed neuroimaging data from 383 participants, including both cog-
nitively normal and preclinical AD individuals, using T1-weighted MRI, 
resting-state fMRI, and FBB-PET to construct brain graphs. Our results 
show that GNNs with the BA readout layer significantly outperform 
traditional models in predicting the Preclinical Alzheimer’s Cognitive 
Composite (PACC) score, demonstrating higher robustness and stabil-
ity. The adaptive BA readout layer also offers enhanced interpretability 
by highlighting task-specific brain regions critical to cognitive functions 
impacted by AD. These findings suggest that our approach provides a 
valuable tool for the early diagnosis and analysis of Alzheimer’s disease. 

Keywords: Graph Neural Network · Alzheimer’s disease · brain-aware 
readout layer · early diagnosis 

1 Introduction 

Alzheimer’s disease (AD) is characterized by progressive impairment of memory 
and cognitive functions, affecting approximately 47 million people worldwide. A 
major challenge in diagnosing AD is its heterogeneity among individuals, as it 
typically manifests as a decline in cognitive abilities. Although the onset of AD 
c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
Q. Liu (Ed.): HBAI 2024, CCIS 2438, pp. 297–311, 2025. 
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correlates with the accumulation of amyloid proteins beyond a certain threshold, 
these proteins are not the direct cause of AD, and the future progression patterns 
also vary among individuals [ 1– 3]. 

Early diagnosis of AD is critical due to no effective treatments for demen-
tia associated with AD [ 4]. Recently, it has been reported that a preclinical 
stage of AD is asymptomatic and characterized by extremely minor cognitive 
declines, which can be captured by the Preclinical Alzheimer’s Cognitive Com-
posite (PACC) score [ 5]. The PACC score provides a measure of cognitive abil-
ities that may decline even before noticeable symptoms appear by capturing 
subtle changes in episodic memory, executive function, and attention [ 6]. 

For decades, the ATN framework, .β-amyloid deposition (A), tau pathology 
(T), and neurodegeneration (N) play important roles in understanding AD, has 
been focused on understanding AD pathology and identifying related biomarkers 
[ 7]. Recent studies have successfully demonstrated to separate AD and cognitive 
normal(CN) based on T1-weighted magnetic resonance imaging (MRI), while 
having a limited performance on early diagnosis separating CN with mild cogni-
tive impairment (MCI) [ 8]. Another study based on positron emission tomogra-
phy (PET) reported that reported significant reductions in metabolic activity in 
key brain regions associated with Alzheimer’s disease, while encountering chal-
lenges related to resolution issues [ 9,10]. Recent studies have highlighted disrup-
tions in the default mode network through functional MRI, showing connectivity 
reductions that correlate with cognitive declines and predict progression from 
mild cognitive impairment to Alzheimer’s disease [ 11]. 

Recent Graph Neural Networks (GNNs) studies have demonstrated high 
effectiveness across various tasks, including recommendation systems, computer 
vision, and neuroimaging [ 12]. Specifically, recent bioinformatics studies have 
demonstrated that GNNs achieve higher performance than traditional machine 
learning techniques in tasks such as disease prediction, drug discovery, and 
patient classification [ 13– 16]. Moreover, neuroimaging studies have demonstrated 
that GNNs are highly effective at capturing the intricate connectivity and pat-
terns within brain networks outperforming traditional analysis techniques [ 17]. 
These studies suggest that GNN might have the potential to understate complex 
brain networks due to its ability to capture complex relationships within data. 

In this paper, we propose a novel brain-aware readout layer (BA readout 
layer) for GNNs to improve their interpretability. By applying the proposed 
readout layer, the GNN model can not only capture the complex patterns inher-
ent in brain data but also identify groups of regions whose functionalities are 
closely related to each other. Our major contribution is as follows: 1) The pro-
posed BA readout layer is more interpretable than the conventional readout layer 
by leveraging brain functional network. 2) We demonstrated the flexibility of the 
proposed BA readout layer by implementing it across different GNN frameworks. 
3) The empirical experiment on real data has been performed to demonstrate 
the effectiveness of the proposed model compared with competing methods.
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2 Related Works 

GNNs are a powerful framework for learning from graph-structured data. Unlike 
traditional neural networks that excel at processing grid-like data such as images 
or sequences, GNNs are designed to handle data represented in the form of 
graphs. In a graph .G = (V,E), the set . V represents nodes (or vertices) and . E
represents edges (or relationships) between the nodes. 

The fundamental concept of GNN is the iterative updating of node represen-
tations by aggregating information from neighboring nodes in the graph using 
an aggregation layer. This process enables GNN to capture complex relational 
dependencies and structural properties inherent in the data. Finally, the read-
out layer has been used to aggregate node representations to produce a single 
representation for the entire graph. 

2.1 Aggregation Layer 

Graph Convolutional Networks (GCN). GCN is an aggregation layer based 
on convolution operation for graphs by using a localized first-order approxima-
tion of spectral graph convolutions [ 18]. The fundamental concept of the GCN 
is a layer-wise propagation rule, defined as: 

. H(l+1) = σ
(
D̃− 1

2 ÃD̃− 1
2 H(l)W (l)

)

where .Ã = A+IN is the adjacency matrix with added self-loops, .D̃ is the degree 
matrix of . Ã, .H(l) is the matrix of activation in the .l-th layer, .W (l) is a layer-
specific weight matrix, and . σ is an activation function like ReLU. The final layer 
uses a softmax activation for classification: 

. Z = softmax
(
ÃReLU

(
ÃXW (0)

)
W (1)

)

This method efficiently integrates both node features and graph structure, 
and the adjacency matrix is normalized to prevent numerical instabilities and 
ensure effective gradient flow during training. 

GraphSAGE. GraphSAGE is also an aggregation layer based on an inductive 
framework for generating node embeddings in large graphs [ 19]. GraphSAGE 
learns embeddings by sampling and aggregating features from a node’s local 
neighborhood, allowing it to generalize to previously unseen nodes. The three 
steps of GraphSAGE are described as follows: 1) sampling a fixed-size set of 
neighbors, 2) aggregating feature information using various functions (mean, 
LSTM, pooling), and 3) updating the node’s representation. Here are the typical 
aggregation functions used in GraphSAGE: 
1. Mean Aggregator: This function computes the mean of the feature vectors 

of the sampled neighbors. 

.hk
N (v) =

1
|N (v)|

∑
u∈N (v)

hk−1
u
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2. LSTM Aggregator: An LSTM is employed to aggregate the features from 
the neighborhood. This approach is order-sensitive. 

. hk
N (v) = LSTM({hk−1

u : u ∈ N (v)})

Note: The LSTM aggregator processes the embeddings of the neighbors 
sequentially, and the output is the final hidden state of the LSTM. 

3. Pooling Aggregator: Applies a neural network followed by a max-pooling 
operation to the features of each neighbor. 

. hk
N (v) = max({ReLU(W · hk−1

u + b) : u ∈ N (v)})

Graph Attention Networks (GAT). Graph Attention Networks (GATs) 
is an aggregation layer with masked self-attention [ 20]. These self-attentional 
layers enable the GNN model to selectively focus on specific parts of a node’s 
neighborhood, assigning different weights to neighboring nodes. This approach 
eliminates the need for computationally expensive matrix operations and does 
not require prior knowledge of the entire graph structure. The key components 
and equations of GATs are as follows: 

1. Attention Coefficients: This equation computes the attention coefficients 
that indicate the importance of each node’s features to the central node. The 
attention coefficients are normalized using the softmax function to ensure 
they sum to one and can be interpreted as probabilities. 

αij = 
exp

(
LeakyReLU

(
aT [Whi‖Whj ]

))
∑

k∈N (i) exp (LeakyReLU (aT [Whi‖Whk])) 

2. Aggregation: The node features are aggregated using the weighted sum of 
the features of its neighbors, with weights given by the attention coefficients. 

. h′
i = σ

⎛
⎝ ∑

j∈N (i)

αijWhj

⎞
⎠

2.2 Readout Layer 

The readout layer, also known as the graph-level pooling layer, plays a crucial 
role in the GNN model by transforming node-level embeddings into a graph-level 
representation. This representation is essential for tasks such as graph classifi-
cation, graph regression, and entire graph embeddings. Conventionally, GNNs 
utilize simple pooling operations, such as averaging or summing, as described as 
follows:
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Mean Pooling Readout Layer. Mean pooling aggregates node features by 
computing the average. This process effectively captures the central tendency 
of feature distributions across the graph, which can be beneficial for represent-
ing the overall structure. The mean pooling operation can be mathematically 
described by: 

. hG =
1

|V |
∑
v∈V

hv

where .hv represents the node features, .V is the set of all nodes in the graph, 
and .hG is the resulting graph-level representation. 

Add Readout Layer. Add pooling, or sum pooling, aggregates node features 
by computing the sum of all node embeddings. This method preserves the scale 
of node features, making it suitable for tasks where the magnitude of features 
impacts the output. The add pooling operation is expressed as: 

. hG =
∑
v∈V

hv

where .hv and .V are defined as above, and .hG is the graph-level representation. 
While computationally efficient, these methods often limit capturing the 

intricate topology and heterogeneous relationships within the graph data. 

3 Methods 

3.1 Data Description 

We collected a total of 383 Alzheimer’s Disease patients, including 243 CN 
and 140 preclinical AD participants, from the Catholic Aging Brain Imag-
ing(CABI) database. All participants, matched for age, gender, and educa-
tion level, underwent T1-weighted MRI, resting-state functional MRI(rs-fMRI), 
and 18F-Florbetaben PET(FBB-PET). This database contains brain scans of 
patients who visited the outpatient clinic at the Catholic Brain Health Center, 
Yeouido St. Mary’s Hospital, The Catholic University of Korea, between 2017 
and 2022. The study was conducted under ethical and safety guidelines set forth 
by the Institutional Review Board of Yeouido St. Mary’s Hospital, College of 
Medicine, The Catholic University of Korea (IRB number: SC22RIDI0153). The 
informed consent was waived by the IRB because we only used retrospective 
data. The detailed demographic information is described in Table 1. 

3.2 Data Preprocessing 

T1w MRI preprocessing was performed based on Micapipe to align normal-
ized T1w MRI and parcellated brain into 374 regions, consisting of 360 corti-
cal regions from Glasser atlas and 14 subcortical regions from aseg subcortical 
atlas [ 21]. The rs-fMRI had been pre-processed using Micapipe [ 22], including
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Table 1. Demographic Information 

Mean .± standard deviation 
Age (years) 70.96 .± 8.09 
Education (years) 11.56 .± 4.92 
Gender (Male/female) 114/270 
CDR (0/0.5/1.0) 294/89/1 
PACC5 0.24 .± 0.59 

the following steps: slice timing and head motion correction, skull stripping, 
intensity normalization, and band-pass filtering. The pre-processed data were 
registered onto the MNI152 standard space. The FBB-PET preprocessing was 
performed based on several steps: registration of the PET image to the subject’s 
T1-weighted MRI, partial volume correction using the PETPVC toolbox [ 23], 
inter-subject spatial normalization into MNI space. Finally, the standardized 
uptake value ratio (SUVR) was calculated for all parcellation by dividing the 
update of reference regions (i.e., cerebellumPons). 

3.3 Brain-Aware Graph Neural Network 
Motivation. Unlike social networks or chemical molecular networks, brain net-
works have the unique characteristic that nodes (i.e., brain regions) are organized 
into networks based on similar roles or functions. Therefore, simple readout lay-
ers that average or sum node features are insufficient for capturing the complex 
and heterogeneous characteristics of brain networks. To overcome limitations, we 
propose a novel readout layer clustering brain regions regarding similar tasks and 
allowing the GNN model to represent details brain characteristics. By leveraging 
these clusters, we aim the proposed GNN model to learn the intricate and het-
erogeneous features of brain networks, leading to more accurate and meaningful 
graph-level representations. 

Brain-Aware Readout Layer (BA Readout Layer). The BA readout layer 
is designed to effectively capture the complex and heterogeneous characteristics 
of brain networks by clustering brain regions based on functional connectivity 
and node embedding. As shown in Fig. 1(D), the BA readout layer is expressed 
as: 

. hBA = [f(hc1), f(hc2), ..., f(hci)]
T ,where hci =

1
|Vci |

∑
v∈Vci

hv

where .hBA represents group-level representation, .f(.) denotes a linear transfor-
mation function used to aggregate embeddings, .Vci represents a set of nodes in 
.ci cluster, and .hci denotes a cluster-level embedding in the .ci cluster.
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Fig. 1. Overview of data processing and analysis pipeline for neuroimaging and graph 
neural network application. (A-1) fMRI data processing involves acquiring fMRI time-
series, followed by brain parcellation and extraction of time courses. (A-2) For FBB-
PET data, The T1-weighted images are processed by partial volume correction to pro-
duce PET SUVR maps. (B-1) Functional connectivity is calculated from fMRI data, 
resulting in connectivity matrices that are further refined through thresholding. (B-2) 
PET SUVR maps are obtained from processed FBB-PET images. (C) The processed 
data are then represented as graphs, which are input into a GNN. (D) The GNN struc-
ture processes these graphs to yield graph-level representations and predicts clinical 
scores such as PACC. 

Briefly, the brain-aware clusters and their members have been selected by 
using a simple auxiliary neural network. An auxiliary network consisted of a 
single-layer artificial neural network with softmax function feed position embed-
ding of each node, .C = softmax(f(P)), and compute its probability of belonging 
to each cluster. The position embedding, .P = [p1, p2, ..., pi] ∈ R

N×N , is a one-
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hot vector, where the .i-th entry of .pi is 1 and all other entries are 0, which make 
embedding invariant to the order of node. 

. C = [c1, c2, ..., ci] ∈ R
N×p

where .N denotes number of nodes in the graph, . p denotes number of brain-
aware cluster, and .ci denotes selection probability vector of the .i-th cluster for 
all nodes. 

The cluster-level embedding, .f(hci), is computed by aggregating node embed-
ding, .hci , based on . ci, selected members of the . ci cluster. Finally, the group-level 
representation is obtained by concatenating all cluster-level embeddings. This 
representation is then used in further analysis. 

Architecture. The pre-processed fMRI and FBB-PET are utilized to construct 
the input graph, as described in Fig. 1(A)–(C). The proposed network model 
encodes node-level representation based on the existing GNN encoder and then 
graph-level representation based on the proposed BA readout layer. Using the 
BA readout layer, nodes are clustered into groups based on their similarities, 
indicated by different node colors in Fig. 1(D), and are aggregated to generate 
a comprehensive graph-level representation that captures the intricate structure 
of the brain network. The final representation is subsequently concatenated with 
covariate variables (e.g., age, gender, and education) and passed through a linear 
layer to predict the PACC score. 

Step 1: Graph Construction. For given neuroimage, the input graph . g is repre-
sented as a set of triplet .{(V,E,P)}. .V represents the set of nodes, expressed 
as .V = {v1, v2, . . . , vN} ∈ R

N×din , where each .vi can be neuroimaging measures 
with .din features, such as brain region volume, SUVR of PET image, or thick-
ness. .E is the set of edges, consisting of pairs .(ei, ej). Each  .(ei, ej) denotes the 
connectivity information between nodes (i.e., brain regions), and represents a 
non-negative undirected connection (either functional or structural connectiv-
ity). .P represents the positional information of the nodes, where the .i-th entry 
of .pi is 1 and all other entries are 0. The node position is assigned based on 
the brain atlas so that the nodes of all graph instances are ordered in a consis-
tent sequence. Additionally, .y = {y1, y2, . . . , yN} represents the label for graph 
classification or the value for regression tasks. 

Step 2: Node Embedding. In this step, we perform node embedding using the 
GNN models mentioned in Sect. 2.1. The GNN model, such as GCN, Graph-
SAGE, or GAT, aggregates node attributes to generate node-wise embedding, 
. hv. 

.h(k)
v = COMBINE(k)

(
AGGREGATE(k)

(
{h(k−1)

u : u ∈ N (v)}
)

, h(k)
v

)
(1) 

Here, .h(k)
v ∈ R

N×d represents the embedding of node . v at layer . k, where . d is the 
hidden dimension. .AGGREGATE(k) denotes the aggregation function at layer . k,
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and .COMBINE(k) represents the combination function at layer . k. The function 
AGGREGATE processes local feature information from the node’s neighbors to 
capture the local structural context within the graph. The .COMBINE function 
integrates the aggregated neighbor information with the node’s existing features 
to update and refine its embedding. 

Step 3: Graph-Level Representation. Finally, we applied the BA readout layer to 
generate the graph-level representation for each input graph. Briefly, the brain-
aware clusters and their members have been selected by using a simple auxiliary 
neural network, and the graph-level representation is obtained by concatenating 
cluster-level embeddings. 

4 Experiments and Results 

4.1 Experimental Setups 

We have applied the proposed BA readout layer on various GNN models and 
assessed their predictive performance compared with the model with conven-
tional readout layers. Many researchers have successfully adopted the GNN 
model for brain connectivity analysis. We have carefully chosen three GNN 
models: 1) GCN, 2) GraphSAGE, and 3) GAT, and two readout layers: 1) mean-
pooling layer, and 2) add pooling layer. For all benchmark algorithms, we have 
constructed a graph where a cortico-cortical functional connectivity is based on 
Pearson’s correlation with a predefined atlas as the edges of the graph and the 
pre-calculated SUVR for each brain region as node attributes of the graph. 

In this study, we focus on the early detection of AD at the preclinical stage, 
which predicting the PACC score. We have applied a five-fold cross-validation 
strategy to examine the performance of the model, in terms of .R2 score. The 
model hyperparameters, such as hidden dimensions and learning rates, optimiz-
ing the number of clusters for each model, are tuned by Bayesian search on 
the training set implemented in Sweep methodology from Weights and Biases 
(WandB) [ 24]. Bayesian search strategy efficiently searches the most effective 
combination of hyperparameters using Bayesian optimization. Once optimal 
hyper-parameters are determined, the trained model is applied to the test set to 
generate the final performance. 

4.2 Performance Comparison Across Readout Layer on Various 
GNN Model 

To assess the effectiveness of the proposed method(i.e., BA readout layer), we 
have compared the predictive power of various GNN models with conventional 
readout layer, such as mean readout and add readout layer, against those using 
BA readout layer. The predictive power of the model is evaluated by predicting 
the PACC score of CN and preclinical AD subjects.
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Table 2. Comparison of Readout Methods Across Different GNN Architectures with 
Performance Measured by .R2 Score 

Mean Add Yeo BA readout adaptive BA readout 
GCN .0.1539 ± 0.04.0.0877 ± 0.07.0.1734± 0.05 . 0.1517 ± 0.02

GraphSAGE.0.1917 ± 0.02.0.0441 ± 0.05.0.1921 ± 0.03 . 0.1969± 0.02

GAT .0.2019 ± 0.03.0.0758 ± 0.03.0.2141± 0.08 . 0.2044 ± 0.03

Fig. 2. Visualization of brain function clusters derived from GAT 

Table 2 indicated that our model outperforms to predict PACC for all GNN 
models compared with those with mean and add readout layer. Specifically, 
the GCN and GAT with BA readout layer using Yeo network yield the best 
performance, .0.1734 ± 0.05, and  .0.2141 ± 0.08, of  .R2 scores, respectively, and 
the GraphSAGE with adaptive BA readout layer yield the best performance, 
.0.1969 ± 0.02, of  .R2 scores. 

4.3 Effectiveness of Prior Knowledge in BA Readout Layer 

Additionally, we examine the effectiveness of incorporating prior knowledge into 
the BA readout layer. In detail, we apply the well-known Yeo 7 functional net-
work as a predefined cluster of BA readout layer, called as Yeo BA readout layer, 
and compared with the proposed BA readout layer, called adaptive BA readout 
layer [ 25]. Overall, the integration of prior knowledge with the proposed layer 
(i.e., Yeo BA readout layer) demonstrates enhanced performance compared to
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layers without such knowledge (i.e., adaptive BA readout layer). However, we 
noted that the adaptive BA readout layer exhibited a lower standard deviation 
than the Yeo BA readout layer. This suggests that the adaptive BA readout 
layer offers greater robustness and stability in its performance. 

Fig. 3. Visualization of brain function clusters derived from GraphSAGE 

4.4 Interpretability of the GNN Model with BA Readout Layer 

The advantage of the adaptive BA readout layer is that be able to select a set of 
task-specific brain regions of the clusters, regardless of the GNN model. Partic-
ularly, the members of clusters are AD-specific brain regions, which play roles in 
memory, cognitive, or sensory function, that improve the model’s interpretabil-
ity. We utilized Neurosynth [ 26], a platform that synthesizes large amounts of 
human brain imaging data to decode patterns of neural activity associated with 
psychological terms and cognitive states to interpret selected brain regions of 
our model. Top 5 Neurosynth topics were investigated and the topics related to 
anatomical terminology were excluded. 

Figure 2 illustrates five distinct clusters and their top five Neurosynth topics 
identified by the GAT with the BA readout layer. The brain regions within Clus-
ter 1 are associated with language-related tasks, those within Cluster 2 are linked 
to memory functions, those within Clusters 3 and 4 are associated with dementia 
and social interactions, and those within Cluster 5 are related to sensory-motor 
functions. We found that the model identified the anterior cingulate, temporal 
pole, anterior insula, orbitofrontal cortex, and prefrontal cortex as members of 
clusters 3 and 4. These regions play important roles in cognitive functions and 
emotional responses or memory decline which is associated with AD [ 27– 29]. 

Figure 3 illustrates three distinct clusters and their top five Neurosynth top-
ics identified by the GraphSAGE with the BA readout layer. The brain regions 
within cluster 1 are associated with language and memory processing, which is 
crucial for detecting early signs of cognitive decline related to linguistic abilities 
and memory retention [ 30,31]. The brain regions within cluster 2 are linked to
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social cognition, essential for understanding and interacting with others, which 
can be impaired in Alzheimer’s disease [ 32,33]. Those within Cluster 3 are asso-
ciated with sensory processing and pain. 

Figure 4 illustrates five distinct clusters and their top five Neurosynth topics 
identified by the GCN with the BA readout layer. The brain regions within each 
cluster are associated with specific brain functions relevant to cognitive disorders, 
particularly Alzheimer’s disease. For example, the brain regions within clusters 
1 and 2 are associated with memory [ 34], those within clusters 4 and 5 are linked 
to language tasks, essential for communication, and which deteriorate over the 
course of Alzheimer’s disease [ 35,36]. 

Fig. 4. Visualization of brain function clusters derived from GCN 

5 Conclusion 

AD presents significant challenges in both diagnosis and treatment, particularly 
due to its heterogeneous manifestation and the varying progression among indi-
viduals. This study introduces a novel approach to improve the interpretability 
and predictive power of GNNs in analyzing brain networks for early diagnosis of 
AD. We propose a brain-aware readout layer (BA readout layer) that clusters 
brain regions based on functional connectivity and node embedding, allowing 
the GNN model to capture intricate and heterogeneous characteristics of brain 
networks more effectively. 

Our experiments demonstrate that GNN models incorporating the BA read-
out layer outperform those using conventional readout layers in predicting the
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PACC score. Specifically, the GCN and GAT models with the Yeo BA readout 
layer, as well as the GraphSAGE model with the adaptive BA readout layer, 
achieve the highest .R2 scores, indicating superior predictive performance. 

Moreover, the adaptive BA readout layer provides robustness and stabil-
ity, exhibiting lower standard deviation compared to the Yeo BA readout layer. 
Furthermore, unlike the Yeo BA readout, which focuses solely on functional con-
nectivity, the adaptive BA readout considers functional connectivity as well as 
node embedding, allowing for a richer and more meaningful graph-level represen-
tation. This suggests that the adaptive approach is more reliable across different 
datasets and scenarios. The interpretability of our model is further enhanced by 
the ability to identify task-specific brain regions within the clusters, which are 
associated with key cognitive functions and areas known to be affected by AD. 

In summary, our proposed brain-aware readout layer for GNNs offers a 
promising tool for improving the diagnosis of Alzheimer’s disease by leverag-
ing the complex patterns inherent in brain data. By effectively clustering brain 
regions based on functional connectivity and node embedding, our approach 
enhances both the interpretability and performance of GNN models in neu-
roimaging analysis. Future research can further explore the potential of this 
method in other neurological disorders and refine the clustering techniques to 
capture even more nuanced brain network characteristics. 
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L.: Speech analysis by natural language processing techniques: a possible tool for 
very early detection of cognitive decline? Front. Aging Neurosci. 10, 369 (2018) 

32. Demichelis, O.P., Coundouris, S.P., Grainger, S.A., Henry, J.D.: Empathy and 
theory of mind in Alzheimer’s disease: a meta-analysis. J. Int. Neuropsychol. Soc. 
26(10), 963–977 (2020) 

33. Wilson, N.A., Ahmed, R., Piguet, O., Irish, M.: Disrupted social perception in 
frontotemporal dementia and Alzheimer’s disease-associated cognitive processes 
and clinical implications. J. Neurol. Sci. 458, 122902 (2024) 

34. Verma, M., Howard, R.J.: Semantic memory and language dysfunction in early 
Alzheimer’s disease: a review. Int. J. Geriatr. Psychiatry 27(12), 1209–1217 (2012) 

35. Swords, G.M., Nguyen, L.T., Mudar, R.A., Llano, D.A.: Auditory system dysfunc-
tion in Alzheimer disease and its prodromal states: a review. Ageing Res. Rev. 44, 
49–59 (2018) 

36. Massoud, F., Chertkow, H., Whitehead, V., Overbury, O., Bergman, H.: Word-
reading thresholds in Alzheimer disease and mild memory loss: a pilot study. 
Alzheimer Dis. Assoc. Disord. 16(1), 31–39 (2002)



TSICNet: Importance of Connectome 
Information for Epilepsy Classification 

Zonghan Du1(B) and Zhongyuan Lai2 

1 School of Computer Science, Sun Yat-sen University, Guangzhou 510275, China 
duzh9@mail2.sysu.edu.cn 

2 DeepVerse Inc., Shanghai 200135, China 

Abstract. Epilepsy is a chronic brain disease characterized by recur-
rent seizures. These episodes are usually triggered by abnormal firing of 
neurons in the brain and appear as brief, recurring episodes. From the 
point of view of mitigation and treatment, a major problem is timely and 
accurate classification of epileptic seizure episodes, which is important for 
rapid intervention and possible prevention of future episodes. In recent 
years, with the rapid development of artificial intelligence technology, its 
application in the field of epilepsy diagnosis is increasingly extensive. In 
particular, electroencephalography (EEG), as a non-invasive neurophysi-
ological examination method, plays an important role in the diagnosis of 
epilepsy. In particular, it allows the learning of connectomic information 
from the relative positions of EEG electrodes on the scalp. In this paper, a 
deep learning model, Temporal-Spatio-Importance Correlation Network 
(TSICNet), is proposed to classify the onset of epileptic seizures. Our 
model design combines a variety of neural network components and train-
ing methods, such as graph, spatio-temporal and separable convolutional 
networks, as well as sliding windows data extraction techniques and 
ATCNet’s time-sensitive attention mechanism, to realize effective recog-
nition and extraction of epilepsy data features. In particular, TSICNet 
makes heavy use of learned connectomic information to enhance classi-
fication accuracy. Experimental results show excellent performance on 
the CHB-MIT Scalp EEG dataset and HUH neonatal epilpsy dataset, 
and has good results in accuracy and True (TPR) and False Positive 
Rates (FPR). Moreover, ablation analysis shows that each part of the 
model contributes significantly, thus confirming the validity our design 
principles. 

Keywords: Electroencephalogram · Connectome · Epilepsy 
Classification · Graph Neural Networks 

1 Introduction 

Epilepsy is one of the most common neurological diseases [ 32]. The most recog-
nizable symptom of epilepsy are frequent and often severe seizures. The effects of 
an episode can range from minor lapses in attention [ 27] to abnormal movements 
c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
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(convulsions) of patients’ body, in the sense that they lost partial or complete 
control. Such episodes could also entail loss of consciousness, bowel control, cog-
nitive functions and sensations [ 4]. Patients’ actions while within these abnormal 
periods will potentially endanger their physical well-being, and a particularly 
severe episode could lead to injury or even death. In the twentieth century, 
epilepsy has become one of the most prevalent neurological ailments; its socio-
logical and economic costs are substantial, since it affects 50 million people glob-
ally, and out of the three million afflicted in the United States, around . 450, 000
are under the age of . 17. In this sense, epilepsy incurs a substantial social cost 
as well [ 7]. In addition, there is also social stigma associated to people suffering 
from epilepsy, in the sense that they are often perceived to be “uncontrollable” or 
uninhibited [ 4], a phenomena which is directly related to the strong link between 
epilepsy and the frequency of seizures. If untreated, it is also often fatal: patients 
are usually unaware of their predicament until too late. However, if discovered 
early, epileptic fits can be addressed sufficiently via medications [ 19]; however, 
the efficacy of such interventions depends critically on early diagnosis of epilepsy. 
Conventional diagnostic techniques are mainly based on after-the-event curative 
techniques, which focusses on medical intervention after an epileptic episode. 
However, such measures have been widely acknowledged to be inadequate for 
cases where the first episode might be the most severe, and which severity will 
gravely influence the frequency and intensity of all subsequent epileptic episodes. 
Hence, the diagnosis of epileptic seizures has become a crucial but still unsolved 
problem in the treatment of epileptic seizures. 

From a neurobiological point of view, epilepsy (and, by association, epileptic 
seizures), can be traced to well-defined neurological sources [ 12]. It is known that 
seizures are strongly associated with abnormally excessive electrical discharges 
in well-defined regions of the brain [ 23], and, hence, can be essentially divided 
into three distinct types: generalized, focal and epileptic spasms [ 27, 32]. The 
first type originate in networks spanning part of one brain hemisphere, while 
generalized ones begin in bilateral distributed neuronal networks. These point 
to the overt fact that the origins of epilepsy are strongly spatially-dependent on 
brain region; in other words, the point of origin of epileptic seizures influences 
their later dynamics. We take this into account in the design of our model, where 
we enable the learning of the connectome, in the form of a connectivity graph 
extracted from the EEG signals. Having connectomic information as prior greatly 
increases the accuracy of our model, as we demonstrate via ablation studies. 

An EEG is a trace of electrical activity of the brain, which manifests as a time 
series of voltage values [ 18]. The detection and measurement of this signal can be 
easily done via electrodes affixed to the scalp in a regular pattern, which has been 
chosen to ensure comprehensive coverage of all important regions of the brain. 
The voltage difference between electrodes are then measured. EEG signals have 
excellent temporal resolution, and hence is very suitable for diagnostic tasks, 
where the requirement for timeliness is of great importance. An EEG trace 
containing an epileptic episode (ictus) can generally be divided into four distinct 
states, namely interictal, preictal, ictal and postictal. Pre- and postictal are the
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periods prior and subsequent to an epileptic episode, respectively, while the ictal 
and interictal periods refer to the interval during which an episode occurs and 
in-between episodes, respectively. In summary, analysis of signals collected from 
this set of electrodes form the clinical gold standard for diagnosis of neurological 
episodes. 

In recent years, along with the increasing prevalence of machine and deep 
learning algorithms, the use these techniques to analyze EEG signals towards 
the aim of accurate epilepsy diagnosis has become a concrete trend. Due to 
the inherent complexity of the task (involving the analysis of time series data 
containing multiple time scales and data sources), the design of deep models 
which are robust and accurate, on the one hand, and interpretable, on the other, 
remains a challenging task. There already exist a large selection of deep models 
which have been optimized for the task of classifying and/or predicting epileptic 
seizures; some of the more recent advances in deep learning architecture (such 
as transformers [ 3]) have been deployed for this purpose as well. 

Despite this wide selection of models, it is widely acknowledged that a sig-
nificant barrier to the more widespread adoption of deep learning models for 
accurate epilepsy prediction is the lack of medical interpretability and transpar-
ent way for input of neuroscientific prior knowledge to the prediction model. 
In most works on the use of deep learning for epilepsy diagnosis and prediction, 
models are inevitably designed to be end-to-end, with no way of providing human 
oversight in the computational process. Apart from lack of interpretability, this 
black-box state of such models also make them susceptible to inaccuracies in data 
preprocessing and handling [ 16]. Such setbacks not only hamper the widespread 
use of deep models for fast and robust epilepsy diagnosis, it also prevents the 
building-up of trust in such approaches in medicine. By incorporating medical 
prior information in the form of a learnable connectomic graph, as well mod-
ular design of components, we aim to alleviate some of these problems in our 
proposed model. Our main contributions are the following: 

– We present a model which is accurate and robust for epilepsy classification. 
We base our design principles on the importance of connectomic information 
in ensuring accuracy and performance. 

– We performed extensive numerical experimentation which demonstrates the 
superiority of our method as compared to state-of-the-art models performing 
a similar task. To ensure a wide scope of data source and quality (reflecting 
the generalizability of our model), we evaluated our model on two different 
datasets covering a wide range of patient demographics; 

– We show, via ablation studies, that the integration of connectomic informa-
tion is crucial to achieving the SOTA performances which we display in this 
work. This insight can be utilized in the design of future EEG analysis frame-
works, by emphasizing the importance of such information.
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2 Related Work 

Due to the long history and understanding of epilepsy as the most common 
neurological disease, there is a multitude of works relating to the traditional 
diagnosis and treatment, as well as more modern diagnostic approaches based 
on deep and machine learning, which is then directly relevant to our work. In 
this section we review some of these. 

2.1 The Role of EEG in Epilepsy Diagnostics and Treatment 

As a neurological disease, epilepsy has had a long history of diagnosis and treat-
ment development. Medically, it is defined as a disease characterized by one 
or more seizures with a relatively high recurrence risk [ 7]. Diagnosis is based 
on a description of seizure behavior and EEG manifestations, further aided by 
neuroimaging and other genetic investigations [ 14]. In general, the most com-
monly method for diagnosis remains the recording and analysis of EEG sig-
nals [ 18, 30]. In this respect, clinical applications of EEG include diagnosis, selec-
tion of antiepileptic drugs (AED) therapy, evaluation of response to treatment, 
determination of candidacy for drug withdrawal, and surgical localization [ 4]. 
In a clinical setting, EEGs are valuable tools for epilepsy diagnosis, since they 
are relatively inexpensive and easy to obtain [ 22, 36], and contains the clearest 
signature of seizure onset. However, EEG signals alone are also inadequate to 
produce a robust and accurate diagnosis; their efficacy is affected by various 
clinical factors: age, seizure type, presence of AED therapy, and proximity of 
the EEG recording to seizure activity [ 12]. Hence the accelerating shift to deep 
learning methods to substantially increase accuracy and robustness of diagnosis. 

2.2 Deep Learning in Epilepsy Diagnosis 

Since the EEG waveform consists of a time series of voltage fluctuations, it 
is natural to consider whether deep learning methods for time series analysis 
are useful for EEG analysis. In this context deep learning offers several advan-
tages: automated detection of epileptic seizures (removing the need for manual 
feature engineering, which is complex for a signal as heterogeneous as a scalp 
EEG) [ 18]; the availability of large datasets with which to train such models to 
high levels of accuracy [ 14] and robustness; as well as the flexibility of design-
ing deep learning models to take biases and priors particular to the disease 
into account [ 29], which enables clinicians to personalize models towards specific 
patients. In the past, a multitude of different deep models have been deployed 
to the task of epilepsy seizure detection. One of the earliest work by [ 34] used an  
artificial neural network for .5-class classifications of EEG segments, while [ 21] 
performs places emphasis on feature engineering by first doing clustering of 
the wavelet-decomposed coefficients of EEG signals before classification using 
a multilayer perceptron. [ 35] takes advantage of the expressive power of pyra-
midal one-dimensional convolutional neural networks for classification of the 
Bonn University dataset; additional architectures based on the convolutional
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layer are [ 1, 13, 24]. There are also models based on the analysis of time series, 
e.g., the models of [ 6, 11] which are based on the LSTM and stacked and Bi-
LSTMs, respectively. 

2.3 Relevance of the Connectome to Disease Diagnostics 

The connectome is an important topological input information which is increas-
ingly receiving attention from neuroscientists as well as computer scientists. The 
connection between spatial information and dynamics of epileptic seizure out-
break has been studied previously and has increasingly received attention from 
physicians and neuoscientists [ 5, 20, 23]. In recent years, along with the advance 
in deep learning, in particular the increasing expressiveness of graph neural net-
works, connectomic information has also been taken into account in several early 
works [ 17, 23]. However, to our knowledge, there has not been a previous design 
which is able to comprehensively integrate connectomic information with pure 
EEG-based signals. 

3 Methods 
3.1 Datasets 

The datasets used in this work consists of: 

– the CHB-MIT Scalp EEG database [ 9]: The dataset consists of EEG record-
ings from .22 pediatric subjects with intractable epilepsy collected by the 
Boston Children’s Hospital and detailed in [ 8]. The recordings were obtained 
by monitoring the subjects for up to several days after discontinuation of 
anti-epileptic drugs to characterize their seizures and assess their suitability 
for surgical intervention. A total of .22 subjects (. 5 males, ages 3–22 years; . 17
females, ages 1.5–19). In this experiment, five subjects were randomly selected 
for numerical experimentation and model validation; distribution of the dif-
ferent genders and ages to test the generalization of the model is shown in 
Table 1. For each data set in the table, we used 80% for training and the 
remaining 20% for testing. 

Table 1. Information on five subjects 

Subject Age Gender EEG seconds Number of seizures Seizure seconds Proportion 
chb01 11 female 23925 7 442 1.85% 
chb02 11 male 8159 3 172 2.11% 
chb03 14 female 25200 7 402 1.60% 
chb05 7 female 18000 5 558 3.1% 
chb08 3.5 male 18000 5 919 5.11% 
chb_5_mix - - 93284 27 2493 2.67%
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– the Helsinki University Hospital (HUH) neonatal epilepsy dataset [ 33]: this 
dataset consists of EEG recordings from .79 infants admitted to the NICU at 
the HUH between .2010 and .2014. These recordings were separately annotated 
by three experts and hence contains discrepancies between the labeled EEG 
traces. On average, a total of 460 seizures were annotated per expert; out of 
this, .39 neonates had seizures and .22 were seizure free, by consensus. This 
situation with the dataset labels enables us to compare the labels from differ-
ent experts with our model classification results; for this work, we randomly 
sampled .10 datapoints, from both male and female neonates, respectively, so 
as to ensure fullest possible coverage of the dataset. 

3.2 Model Training 

The model  was trained  and tested on a single  GPU (RTX  .4090 .24 GB) using 
the Pytorch and braindecode [ 28] frameworks. For all experiments, we used the 
following training configuration: the training was done using the Adam optimizer 
and the cross-entropy loss function with a learning rate of .0.0001, a batch size 
of . 64, and training for .20 epochs. We also tried several different configurations 
of hyperparameters, the training results from which is detailed in the Results 
section. In addition, the pre-processing of all EEG data only uses a bandpass 
filter for 8–30 Hz filtering (Fig. 1). 

3.3 Model Overview 
TSICNet. Here we describe the TSICNet in detail. The primary submodule in 
TSICNet is a temporal convolutional layer with the kernel size set to .(1, 64); it  
extracts time domain features and outputs .N feature maps. Since the convolution 
kernel size is .(1, 64) and the sampling rate is .256, information above . 4Hz can 
be extracted. The extracted features are input into the spatial GCNN. In the 
GCNN, given the graph .G = (V,E), where  .V represents the set of nodes, and 
.E represents the set of edges between nodes in . E, .V data  can be used on the  
matrix .X ∈ R

n×d, where  .n = |V | and . d the input feature dimension. The 
edge set .E can be used to construct the weighted adjacency matrix .A ∈ R

n×n, 
where .Aii = 1, .i = 1, 2, . . . , n. The data in other positions of the matrix are 
Pearson correlation coefficients. On the other hand, the GCNN learns elements 
of the matrix .I ∈ R

n×n, namely the importance matrix. . I can be understood 
as a measure of the importance of different input channels for the connection 
of different nodes (or edges) in the graph. Between adjacent layers of GNN, the 
feature transformation can be written as: 

.Zl+1 = Zl(A � I) (1) 

where .l = 0, 1, . . . , l−1, l and .Z0 = X, .HL = Z, . I to learn the importance of the 
matrix. The Pearson correlation coefficient is a number between .−1 and . 1 that 
measures the strength of the linear relationship between two variables. When 
this coefficient is positive, it means that there is a positive correlation between
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Fig. 1. TSICNet structure diagram 

the two variables, and conversely. If the value is 0, there is no linear relationship 
between the two variables. The mathematical formula for Pearson’s correlation 
coefficient is: 

.r =
∑n

i=1(xi − x̄)(yi − ȳ)
√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2) 

. n is the number of samples, .xi and .yi are the first . I observations of the two 
variables under consideration, and . x̄, . ȳ the respective sample means. From this, 
we establish an correlation adjacency matrix with a size of .[23, 23] as shown in 
Fig. 2, where the value .23 represents the number of sensor channels in the CHB-
MIT Scalp EEG setup. Each value of .rij in the matrix represents the correlation 
between the first . i and . j EEG channels. Since we regard the EEG channels as an 
undirected graph, the adjacency matrix is symmetric with a unit diagonal. As 
shown in Eq. 1, . I initializes a square coefficient matrix in the network that can 
be updated as the network learns, with its initial values randomly drawn from 
the standard normal distribution. The .A is a learnable prefactor that adjusts 
the importance between different nodes so that the adjacency matrix becomes 
fully adaptive according to the input data. It is elementwise-multiplied by the 
importance matrix . I; this operation weights the adjacency matrix, with the 
weights provided by . I. This means that different input channels will have differ-
ent effects on the connections in the diagram, and this effect is learned. Finally, 
the result is multiplied by the EEG dataset matrix after convolution and batch 
normalization.
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Fig. 2. The relationship between connectomic information from EEG traces and the 
adjacency matrix in TSICNet. 

By making . I a learnable parameter, the model adaptively adjusts the struc-
ture of the graph during training. This allows the model to learn which input 
channels are more important for a particular graph connection, thereby better 
capturing the relationship between the graph structure and the input data. Mul-
tiplying the weighted adjacency matrix with the input data x actually fuses the 
structure information of the graph with the input data. This fusion allows the 
model to consider both the structure of the graph and the characteristics of the 
input data, allowing for more complex classification tasks. 

The final layer in TSICNet is a separable convolution that explicitly decouples 
relationships within and between feature maps by first learning a kernel that 
individually summarizes each feature map and then merges the results to produce 
an output.
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4 Results 

4.1 Baseline Models 

We perform extensive experiments comparing the performance of TSICNet with 
a number of SOTA baseline models. All of these baselines are models that were 
optimized for tasks on EEG data. Apart from this set of conventional deep EEG 
models, we also compared TSICNet with a group of GCNN-based deep models. 
These models are briefly described in the following: 

– ATCNet [ 2]: ATCNet is an attention-based framework for motor imagery 
classification. The framework consists of self-attention, temporal convolution 
submodules for feature extraction, and includes a convolutional-layer-based 
sliding window for data augmentation; 

– EEGNet [ 15]: the EEGNet is a classic deep model for EEG tasks. The back-
bone of this model are convolutional layers which are organized serially in 
such a way to enhance generalizability across different BCI paradigms; 

– EEGInception [ 26]: the EEG-Inception model fuses conventional convolu-
tional layers in a chain of Inception modules, and optimized for event-related 
potential (ERP) tasks. The Inception modules are chosen for their multiscale 
feature resolution; 

– EEG-ITNet [ 25]: this model is also based on the Inception framework, aug-
mented by causal convolutions with dilations. The authors of this paper have 
also developed a visualization method for more effective EEG analysis result 
interpretation; 

– EEGConformer [ 31]: the EEGConformer is a novel architecture based on con-
volutional transformer submodules, in which the convolutional layers learn the 
low-level local features, while the self-attention modules extracts the global 
correlations within the local features; 

Apart from the deep EEG models listed above, we also compared TSICNet to 
several GCNN-based models. 

– AST-GCN [ 38]: the AST-GCN is a graph-convolutional network for traffic 
forecasting. It consists of static and dynamic attribute augmentation module 
which integrates external factors for input to a conventional spatio-temporal 
GCN; 

– AS-GCN [ 37]: the AS-GCN is a text dependency-tree based model which 
learns syntactical and word-level relations in sentences, which is then applied 
to a sentiment-classification task; 

– ST-GCN [ 10]: the ST-GCN can be considered to be the original graph-
convolutional based model which takes both spatial and temporal relation-
ships between nodes into account. The original task, as reported in this pub-
lication, was for point-of-interest (POI) recommendation.
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4.2 Comparison with Baseline Models 

We compare the TSICNet with several baseline models on the CHB-MIT dataset. 
In addition to the accuracy, we also compute the True .TPR = TP

TP+FN and 
False Positive Rates .FPR = FP

FP+TN indicators. These are commonly used in 
binary classification tasks to complement ROC curves. Here .TP (True Positive) 
indicates the number of samples that are positive and returned by the model, and 
.FN (False Negative) indicates the number of samples that are actually positive 
but computed by the model to be negative. The other two classes, .FP (False 
Positive) and .TN (True Negative) can be obtained by taking the complement of 
the normalized values of these factors. Table 2 shows a comparison of our model 
to several baseline, SOTA models, evaluated on the CHB-MIT dataset. Results 
obtained in this table are averaged values over the full sampled patient cohort. 
We see that our model achieves superior accuracy compared to the baselines; this 
is true as well in terms of the TPR and FPR factors. We consider the evaluation 
of TPR and FPR in order to mitigate the problem of our model overfitting on the 
majority label, given that the labels in our dataset is significantly unbalanced. 
In Table 4 we report on results on individual members of the sampled cohort; the 
column labeled chb_5_mix is a special instance constructed by mixing sampled 
data from the individual members of the cohort; results of model evaluation on 
this constructed cohort is meant to be indicative of the generalizability of our 
model. From Table 4 it is clear that the performance of our model is transferable 
across patients, indicating a high level of model generalizability on this cohort. 
Figure 3 show the six confusion matrices corresponding to the models under 
evaluation. We see that, in terms of absolute numbers, the FPs and TNs obtained 
from our model are an order of magnitude smaller than other baseline models, 
indicating the robustness of TSICNet under real use cases. Table 3 shows model 
evaluation and baseline comparison on the HUH dataset. For this dataset, we 
randomly sampled ten individuals (ten male and ten female), in order to show 
that our model generalizability systematically transfers across gender as well as 
samples. We see that again, for this dataset we are able to achieve full SOTA 
accuracies and TPR/FPR numbers (performance of our model is shown in the 
first column). 

Table 2. Performance comparison of baseline models with TSICNet on the CHB-MIT 
dataset

- TSICNet ATCNet EEGNet EEGInception EEGITNet EEGConformer 
Accuracy 99.90% 98.10% 98.08% 97.85% 97.32% 98.51% 
TPR 99.72% 56.25% 70.31% 70.17% 32.10% 78.55% 
FPR 0.09% 0.22% 0.81% 1.04% 0.07% 0.69%
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Table 3. Performance comparison of baseline models with TSICNet on the HUH 
dataset 

Subject TSICNet ATCNet EEGNet EEGInception EEGITNet EEGConformer 
ACC TPR FPR ACC TPR FPR ACC TPR FPR ACC TPR FPR ACC TPR FPR ACC TPR FPR 

Female 1 99.60% 99.07% 0.08% 98.20% 97.88% 1.60% 95.10% 92.43% 3.29% 89.80% 72.90% 0.06% 91.40% 87.12% 6.01% 99.10% 98.80% 0.72% 
5 99.95% 99.92% 0.06% 99.95% 99.95% 0.00% 99.90% 99.89% 0.00% 99.95% 99.92% 0.06% 79.80% 78.44% 0.00% 99.95% 99.92% 0.00% 
9 99.95% 99.42% 0.00% 99.95% 99.42% 0.00% 99.80% 98.28% 0.05% 96.45% 59.20% 0.00% 97.65% 72.99% 0.00% 99.85% 98.85% 0.05% 
14 99.50% 99.09% 0.10% 99.50% 99.29% 0.30% 99.00% 98.68% 0.69% 98.80% 97.87% 0.30% 88.25% 76.21% 0.00% 99.60% 99.60% 0.40% 
17 99.70% 90.62% 0.00% 99.85% 99.90% 0.15% 99.80% 98.43% 0.21% 99.65% 89.06% 0.00% 97.35% 17.19% 0.00% 99.65% 95.31% 0.21% 
19 99.90% 95.83% 0.00% 99.95% 99.92% 0.00% 99.95% 99.92% 0.05% 99.80% 91.67% 0.00% 99.80% 91.67% 0.00% 99.95% 99.92% 0.00% 
22 99.65% 99.81% 0.41% 99.40% 99.92% 0.82% 99.60% 99.81% 0.48% 98.90% 96.10% 0.07% 90.90% 99.63% 12.31% 99.65% 99.92% 0.48% 
31 99.95% 99.92% 0.00% 99.95% 99.92% 0.00% 99.80% 98.35% 0.06% 99.00% 89.01% 0.00% 97.30% 70.33% 0.00% 99.95% 99.45% 0.00% 
41 99.80% 99.78% 0.00% 99.25% 99.78% 5.37% 99.15% 99.39% 2.99% 95.50% 99.96% 44.78% 77.55% 75.04% 0.00% 99.80% 99.89% 1.00% 
44 99.20% 86.55% 0.00% 97.55% 58.82% 0.00% 94.40% 5.88% 0.00% 85.80% 99.65% 15.10% 94.05% 0.00% 0.00% 99.75% 99.90% 0.27% 
F_Avg 99.72% 97.00% 0.06% 99.36% 95.49% 0.82% 98.65% 89.13% 0.78% 96.37% 89.58% 6.03% 91.41% 66.86% 1.83% 99.72% 99.17% 0.31% 

Male 4 99.95% 99.92% 0.07% 99.95% 99.92% 0.00% 99.90% 99.92% 0.14% 98.55% 94.56% 0.00% 92.20% 70.73% 0.00% 99.95% 99.61% 0.00% 
7 99.95% 99.78% 0.00% 99.85% 99.78% 0.13% 99.80% 99.56% 0.13% 98.60% 93.89% 0.00% 99.60% 98.25% 0.00% 99.90% 99.78% 0.06% 
15 99.75% 99.20% 0.12% 99.70% 99.47% 0.25% 99.35% 97.86% 0.31% 88.65% 100% 13.96% 95.35% 75.13% 0.00% 99.65% 98.40% 0.06% 
16 99.15% 94.76% 0.17% 98.15% 98.88% 1.96% 98.10% 92.13% 0.98% 98.80% 97.75% 1.04% 89.60% 22.10% 0.00% 98.90% 96.63% 0.75% 
20 99.35% 96.67% 0.18% 99.45% 98.67% 0.41% 98.40% 91.00% 0.29% 99.25% 95.33% 0.06% 97.00% 80.67% 0.12% 99.90% 98.00% 0.24% 
21 99.95% 99.92% 0.00% 99.95% 99.92% 0.00% 99.95% 99.92% 0.00% 99.95% 99.92% 0.05% 99.85% 93.02% 0.00% 99.95% 99.92% 0.00% 
38 99.85% 99.87% 0.21% 99.75% 99.92% 0.31% 99.35% 96.58% 0.00% 94.45% 70.79% 0.00% 85.20% 22.11% 0.00% 99.30% 96.84% 0.12% 
39 99.40% 96.75% 0.06% 99.15% 95.56% 0.12% 96.4% 78.70% 0.00% 99.10% 94.67% 0.00% 86.20% 18.34% 0.00% 98.75% 94.38% 0.36% 
40 99.85% 99.35% 0.00% 99.10% 96.56% 0.13% 93.35% 71.83% 0.13% 86.20% 40.65% 0.00% 97.80% 91.61% 0.46% 99.45% 99.57% 0.59% 
52 99.90% 98.32% 0.00% 99.95% 99.92% 0.00% 99.95% 100% 0.05% 99.40% 89.92% 0.00% 99.15% 85.71% 0.00% 99.95% 99.92% 0.00% 
M_Avg 99.71% 98.46% 0.08% 99.50% 98.87% 0.33% 98.46% 92.77% 0.20% 93.30% 87.76% 1.51% 94.20% 71.80% 0.06% 99.57% 98.30% 0.22% 
Avg 99.72% 97.73% 0.07% 99.43% 97.18% 0.58% 98.56% 90.95% 0.49% 94.84% 88.67% 3.77% 92.80% 69.33% 0.95% 99.66% 98.74% 0.27% 

Fig. 3. The confusion matrix of 6 different models, from left to right and from top 
to bottom, is TSICNet, ATCNet, EEGNet, EEGInception, EEGITNet, and EEGCon-
former. 

4.3 Comparison with Graph-Convolution-Based Models 

In addition to conventional deep models for EEG analysis, we also compared our 
model design with three existing combination GCNN models; this was done in
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Table 4. Data set results for a single subject and a mix of five subjects

- chb_5_mix chb01 chb02 chb03 chb05 chb08 
Accuracy 99.90% 99.48% 99.63% 99.69% 99.72% 99.98% 
TPR 99.72% 98.02% 97.55% 95.70% 96.37% 99.96% 
FPR 0.09% 0.45% 0.30% 0.24% 0.17% 0.05% 

order to verify the validity of our design principles (as mentioned in the model 
description section), in particular with respect to the inclusion and training of 
the GCNN. The results are reported in Table 5 and confirms the superiority of 
our proposed combined GCNN architecture. We note that some of the GCNN-
based models examined under this study have structures similar to ours; e.g., 
the ASTGCNN [ 38] is also a fusion of graph convolution with the attention 
mechanism, while the STGCNN [ 10] learns relationships between both spatial 
and temporal points, similarly to the way we integrate this information via 
spatial and temporal convolutional layers in the TSICNet. 

Table 5. Performance comparison of four models combined with GCNN

- TSICNet ASTGCNN ASGCNN STGCNN 
Accuracy 99.55% 97.89% 96.77% 98.90% 
TPR 96.73% 72.34% 68.55% 75.99% 
FPR 0.34% 0.41% 0.65% 0.18% 

4.4 Ablation Studies 

We performed ablation studies to highlight the roles of the different modules in 
achieving our reported classification results. Overall ablation results, reported in 
Table 6, show the decrease in accuracy and TPR/FPR when we remove different 
submodules from our framework; this indicates the efficacy of our model design 
principles in translation to actual results. We note that a larger decrease in 
performance was observed when the GCNN was removed as compared to the 
case when the ATCNet submodule was excised; this indicates the importance 
of the connectome learning module (implemented in the adjacency matrix of 
the GCNN) in our model’s results, and validates the hypothesis forming the 
major basis of our model design. Removal of additional submodules led to larger 
decrease in accuracy, which is to be expected. 

Decoding Methods. Data extraction for model training was conducted using 
various sliding windows in the CHB-MIT Scalp dataset, with each window rep-
resenting a time unit of 1 s. Each time unit comes with its own label (seizure
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Table 6. TSICNet Ablation Studies 

Removed Accuracy TPR FPR 
None 99.90% 99.72% 0.18% 
ATCNet 99.55% 96.73% 0.34% 
GCNN 99.06% 83.52% 0.31% 
ATCNet+GCNN 98.08% 70.31% 0.81% 
Conv+GCNN 98.10% 56.25% 0.22% 

or no seizure). We ablate with respect to three types of sliding Windows: in the 
first case, each window includes . 1 s of data, the step length is . 1 (full length of 
the window), and the label of this second is fixed by this data. In the second 
method, each window contains . 6 s of data and the step size is . 1 s, while in the 
final case we add 4 s of data on the basis of the second window, and the step 
length is 1 s, that is, a total of 10 s of data to judge the 5 to 6 s of labels in the 
window. The schematic diagram of the three sliding windows is shown in Fig. 4. 

Fig. 4. Schematic comparison between our three sliding windows information extrac-
tion schemes.



TSICNet: Importance of Connectome Information for Epilepsy Classification 325

From this set of ablation results we observe an expected increase in model 
accuracy with amount of training data, although the variance between these 
sets are not substantial. However, we do observe a sharp drop in the TPR when 
reducing the length of the learning window, which is indicative of increasing 
overfitting. The experimental results are shown in Table 7. 

Table 7. Performance comparison of different sliding windows

- 10 s 6 s 1 s  
Accuracy 99.75% 99.35% 99.17% 
TPR 99.71% 96.16% 90.63% 
FPR 0.20% 0.52% 0.48% 

Feature Extraction and Learning from ATCNet and TSICNet. As our 
TSICNet design incorporates parts of the existing ATCNet, the question of how 
to integrate both these modules is of interest. We studied four different combi-
nation methodologies, the first two being combination in series, but in various 
different orders; the latter two involves combinations in parallel and applying 
either addition or concatenation to the resulting learned feature vectors for fea-
ture fusion. The experimental comparison results of the four combination meth-
ods are  shown in Table  8. It can be seen that a series combination method with 
ATCNet at the end is the best combination method. 

Table 8. Comparison of different combinations of ATCNet

- ATCNet (back) ATCNet (front) Concatenation Addition 
Accuracy 99.90% 99.06% 99.64% 99.75% 
TPR 99.72% 78.55% 96.78% 99.71% 
FPR 0.09% 0.36% 0.24% 0.20% 

5 Conclusion 

Epilepsy is one of the most prevalent neurological diseases, affecting millions 
of people worldwide and imposing substantial social and economic burdens. In 
recent years, deep learning methods have become widely applied in numerous 
areas of scientific research, due, in part, to its ability to automatically extract 
the most relevant features and the availability of extensive, multimodal datasets 
for almost all areas. In this work, we have endeavoured to take advantage of this
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feature learning capability of deep learning and incorporate, as far as possible, 
important prior knowledge and information regarding epilepsy. Based on these 
considerations, we design TSICNet, a novel framework for epilepsy classification 
which is able to: first, capture the main indicators of an epileptic seizures, and 
second, extract the most relevant features according to these indicators. The 
main design principles involved combines key features from various elemental 
modules to maximize the accuracy of model classification; for this task, our 
model combines CSP capabilities with connectomic and multi-level attention in 
order to maximize the amount of relevant extracted information. Comparison 
with baseline models show SOTA performance in comparison with five current 
models, each based on various different learning structures. Comparison with 
GCNN-based deep models also substantiate our reasoning regarding the use 
of graph-based layers in our model. Finally, ablation studies show the efficacy 
of our design principles from various perspectives. We regard this work as a 
hint towards the possibility of robust and accurate epilepsy diagnosis models, by 
basing model design principles on knowledge and understanding of prior medical 
information and data. 
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Abstract. Online Continual Learning (CL) is a challenging scenario 
that focuses on enabling models to incrementally learn new knowledge 
from sequential, non-i.i.d. data with only a single pass through the data. 
Replay-based methods have shown great potential in this scenario, but 
they still suffer from catastrophic forgetting. In contrast, the human 
brain exhibits great advantages in online CL scenario, with memories 
swiftly encoded as short-term memories in the hippocampus and sub-
sequently consolidated into distributed long-term memories within the 
neocortex. Inspired by this neural mechanism, we introduce the Dis-
tributed Long-Term Memory Guided CL(DLTMG-CL) method, 
which guides the network to retain old knowledge while learning new 
information by consolidating and preserving distributed long-term mem-
ories. This approach facilitates efficient learning in online CL scenario. 
Our algorithm has achieved state-of-the-art (SOTA) performance among 
various CL methods. 

Keywords: Continual Learning · Catastrophic Forgetting · Online 
Continual Learning · Brain-inspired Method 

1 Introduction 

Online continual learning (CL) aims to train a model capable of acquiring new 
knowledge incrementally while retaining previously learned knowledge [ 21]. Dif-
ferent from offline CL that permits multiple accesses to the data of the same task 
during learning, online CL only allows a single access. In the context of online 
CL, tasks with distinct data distributions are presented sequentially, necessitat-
ing the model to perform well on both current and past tasks with only one shot 
for each data (i.e., one epoch). However, connectionism-based neural network 
architectures, such as CNNs and Transformers, inevitably undergo parameter 
change as the training data distribution shifts, thus impacting their performance 
on previous tasks. This phenomenon is known as catastrophic orgetting [ 15]. 
c© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
Q. Liu (Ed.): HBAI 2024, CCIS 2438, pp. 331–343, 2025. 
https://doi.org/10.1007/978-981-96-4001-0_23
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The past decade has seen the rapid development of CL in many methods, and 
most of them can be used both in offline CL and online CL scenarios. There are 
four main directions to address catastrophic forgetting in CL. Regularization-
based methods [ 8, 12, 23] aim to determine task-specific weights and maintain 
these weights as invariant as possible when learning new tasks. Parameter 
isolation methods [ 18] allocate separate networks or neurons to each task to 
prevent interference between tasks. Replay-based methods [ 3, 5, 16, 17] store 
samples from previous tasks and combine them with current data for training. 
LLM-based methods [ 13] leverage advancements in Large Language Models 
(LLMs) and MultiModal Large Language Models (MM-LLMs) to enhance model 
generalization by incorporating text information encoded by pre-trained LLMs 
as additional supervisory signals in image classification tasks. In these directions, 
replay-based approaches are currently regarded as the most effective ones, but 
they still perform poorly in online CL scenario. 

In contrast, the human brain possesses an inherent advantage in real world 
which is very similar to online CL scenario. People don’t need to repeat the 
same visual stimuli again and again to remember. Existing research in neuro-
science has explored and found that the neocortex exhibits a slow learning rate, 
employing overlapping distributed representations to extraction the inher-
ent statistical pattern in the environment as long-term memory. Meanwhile, the 
hippocampus can learn non-overlapping representation rapidly, which is called 
short-term memory [ 14]. Many researchers, inspired by this phenomenon, have 
designed a series of brain-inspired CL algorithms [ 3, 19]. However, their model-
ing approach does not fully consider the overlapping distributed storage mecha-
nism of long-term memory encoding in the neocortex, as well as the interaction 
between the hippocampus and the neocortex, leaving room for improvement. 

Inspired by the neural mechanism in human brain, we proposed a novel brain-
inspired replay-based online CL scenario method named Distributed Long-
Term Memory Guided Continual Learning(DLTMG-CL). In our study, 
we aim to develop a model that exhibits robust performance on both new and 
previous tasks. To achieve this, we designed a hippocampus network that incor-
porates replay of old samples while learning new information. To better bal-
ance the integration of new and old knowledge, we employ a series of neocortex 
networks to simulate distributed long-term memory storage. Periodically, we 
selected the neocortex network that demonstrates optimal preservation of long-
term memory to guide the learning process of the hippocampus network. Specif-
ically, this is accomplished by constraining the hippocampus network to have a 
similar predictive distribution on old samples as that of the best performing neo-
cortex network. To simulate the interaction between the hippocampus and neo-
cortex, the hippocampus network parameters are periodically utilized to update 
the neocortex networks, enabling the integration of new and old memories. By 
simulating distributed long-term memory storage and the interactive dynamics 
between hippocampus and neocortex information, our approach achieves state-
of-the-art (SOTA) performance in online CL scenarios.
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Our main contributions can be summarized as follows: 

– We proposed a novel replay-based online CL scenario method named Dis-
tributed Long-Term Memory Guided Continual Learning(DLTMG-
CL) inspired by the distributed long-term memory in neocortex and the inter-
action between neocortex and hippocampus in human brain. We designed a 
hippocampus network to learn short-term memory while maintaining a con-
straint with the neocortex network, which learns long-term memory. 

– We simulate the distributed storage of long-term memories by periodically 
generating neocortex networks, in which memories from distinct phases are 
stored across different networks. Additionally, we enable interaction between 
the hippocampus and neocortex by dynamically updating the parameters 
within the neocortex networks. Compared to existing approaches, our method 
achieves state-of-the-art (SOTA) performance. 

2 Related Work 

In this section, we first summarize some mainstream CL methods in CL scenario. 
Secondly, we focus on the approaches in online CL scenario. 

2.1 Mainstream CL Methods 

As mentioned in Sect. 1, currently mainstream CL methods can be broadly cat-
egorized into four main types. 

Firstly, replay-based methods reinforce memory consolidation by revisiting a 
subset of past data stored in a buffer. Prominent examples include LiDER [ 4], 
ER [ 17], A-GEM [ 6], iCaRL [ 16], DER [ 5] and CLSER [ 3]. While acknowledged 
as the most effective strategy currently available, replay-based methods face the 
issue of high storage resource consumption and sometimes also pose privacy 
concerns. 

Secondly, regularization-based methods try to find important parameter asso-
ciated to old tasks and penalize them change when adapting to new ones, as seen 
in techniques such as EWC [ 8] and SI [ 23]. For instance, EWC employs the diago-
nal Fisher information matrix, while SI relies on path integrals of gradient vector 
fields. While these methods operate within a smaller parameter space, their effi-
cacy is somewhat diminished in scenarios involving long sequences of tasks due 
to multiple tasks sharing the same network. 

Thirdly, parameter isolation methods allocate independent parameters to 
each task, as exemplified by approaches like HAT [ 18]. These techniques is a 
kind of modular approaches. These methods offer the advantage of not requiring 
access to previous data. However, due to the lack of appropriate selection of inde-
pendent parameters, they are often more suited to task-IL scenarios. Addition-
ally, they are frequently criticized for the excessively large number of parameters, 
which can lead to computational inefficiencies.
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Lastly, prompt-based methods leverage LLMs to generate additional supervi-
sion or replay information. These methods typically incorporate image category 
labels or more intricate textual descriptions of images like [ 13]. While these meth-
ods demonstrate significant potential for generalization and the ability to mit-
igate catastrophic forgetting, they may encounter issues related to pre-training 
leakage. 

Recent research endeavors have begun integrating elements from these four 
streams to further augment model performance. 

2.2 Online CL Methods 

Recently, a significant number of researchers have focused on online CL scenario 
due to its greater challenges and better adaptability to real-world applications. 
Most of these online CL scenario methods use sample replay as a CL strategy. 
Some previous works use gradients information to select good samples for replay 
in online CL such as GSS [ 1], others use inference information to choose samples 
like MIR [ 2] and OCS [ 22]. CBA [ 20] employs meta-learning techniques to intro-
duce a non-linear mapping, aligning the label space of new tasks with that of old 
tasks and achieve online CL in cases where labels are meaningless. In addition to 
methods specifically designed and applied to online CL scenario, mainstream CL 
methods can also be utilized within online CL scenario. However, both general 
and specialized approaches demonstrate relatively weak performance in online 
CL scenario. In conclusion, as a more challenging paradigm of CL, online CL 
scenario necessitates further in-depth exploration. 

3 Methodology 

In this section, we first introduce the problem setting in online CL scenario and 
then give a detailed description of our method DLTMG-CL. 

3.1 Problem Setting 

For a sequence of tasks .T = {T1, T2, ..., TN}, each task .Tt contains a dataset 
.Dt = {(xt, yt) | xt ∈ Xt, yt ∈ Yt}.Xt represents the data in .Tt and .Yt represents 
the labels of .Xt that belong to . Ct. In CL setting, the classes in different task . Ct

are disjoint, . as Ci ∩ Cj = ∅, i, j = 1, ..., t, i �= j.
CL algorithms aim to find a model . fθ : X → Rd, d = |Ct|, t = 1, 2, ..., N

that performs well on both current task and old tasks after learning each task 
sequentially. However, the catastrophic forgetting happens. For example, after 
learning . Tt, we get  .fθt

, and  when  .Tt+1 comes, as the data distribution shifts, 
some of the weights in .θt will be overwritten. Thus the performance in .Tt will 
decrease after learning .Tt+1. 

In online CL method, although sample storage is permitted, the model can 
only access .(xt, yt) once during task . t, which poses a greater challenge to our 
algorithm. Replay-based method solves this problem by storing some of the
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samples in each task into a data buffer .M and combine them with next task’s 
data together when training next task. The loss function can be described as: 

.�RE = α�(fθ(Xt), Yt) + β�(fθ(XM), YM) (1) 

where . α and . β are weight coefficients. The loss function . � is typically the cross-
entropy loss. However, this approach remains ineffective in online CL scenario. 

To address this, we propose a brain-inspired replay-based method for online 
CL scenario DLTMG-CL, which will be detailed in the following section. 

3.2 Distributed Long-Term Memory Guided Continual Learning: 
Framework Formulation 

Fig. 1. Distributed Long-Term Memory Guided Continual Learning(DLTMG-CL) 
Framework. DLTMG-CL has two main components, a hippocampus network and sev-
eral neocortex networks. The hippocampus network is trained using data derived from 
both current task and buffer. During training, it is crucial to select effective long-term 
memory features by the neocortex network acting as a guidance or a constraint. Once 
completion of training, the hippocampus network updates the parameters of the neo-
cortex network. To prevent memory forgetting induced by these updates, the neocortex 
network will be fixed at regular training intervals as long-term memory. This fixed ver-
sion represents the consolidation of memories acquired during that phase. Ultimately, 
this process results in distributed long-term memory in different neocortex networks. 

Initially, we design the hippocampus network .fθh
. For task . Tt, .Dt sampled from 

a non-i.i.d distribution comes combined with the samples in data buffer .M as
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.(Xt, Yt) = {(XDt
, YDt

), (XM, YM)}. The first goal of .fθh
is to predict the right 

label of those samples as: 

.� = �CE(fθh
(Xt), Yt) = �CE(fθh

(XDt
), YDt

) + �CE(fθh
(XM), YM) (2) 

where .�CE represents the cross-entropy loss function. 
To enhance the hippocampus network’s capacity to recognize old memories, 

we use constraints within the predictive space of old memories between the hip-
pocampus and neocortex networks .fθi

n
. For the neocortex networks are specifi-

cally designed to consolidate old memories as long-term memories, they possess 
superior recognition capabilities for old memories. Concurrently, the neocortex 
networks must continuously update based on the hippocampus network to adapt 
to new tasks effectively. In order to optimize old memory recognition, it is impor-
tant to select a neocortex network that yields the best performance in this regard 
as a guidance. To achieve this, the current parameters of the neocortex network 
are periodically fixed and used as a consolidation of long-term memories, with 
a saving frequency of . rd. Subsequently, a new neocortex network is initialized 
with the parameters of the previously fixed network to undertake subsequent 
tasks. This process facilitates the distributed storage of long-term memories. The 
details are shown in Fig. 2. When constraining the predictive space of old mem-
ories between the hippocampus and neocortex networks, we propose a strategy 
to choose the distributed long-term memory that demonstrates optimal efficacy 
in recognizing old memories as a guidance. This selection strategy is what we 
term as ‘Distributed Long-Term Memory Guided’. The specific mathematical 
formulation is expressed as follows: 

.best_i = argi=1,..,Nn max(σ(fθi
n
(XM)) ◦ OneHot(YM)) (3) 

.V = f
θ
best_i
n

(XM) (4) 

where .best_i represents the index of the best-performing old memory neocortex 
network and .V represents the feature extracted from this network. .σ(·) is the 
softmax function, .Nn indicates the total number of neocortex networks. 

After getting . V , the constraint between neocortex network and hippocampus 
network can be expressed as according to [ 3]: 

.� = �CE(fθh
(Xt), Yt) + β�MSE(fθh

(XM), V ) (5) 

where . β is a weight coefficient and .�MSE represents the mean squared error 
(MSE) loss function. 

To simulate the interaction between the hippocampus and the neocortex, 
facilitating the generation of distributed long-term memories for new knowledge 
within the neocortex, we design a mechanism that the hippocampus parame-
ters update the current active parameters of the neocortex network. Instead of 
updating the parameters of neocortex network every time like [ 3], the interaction 
between hippocampus and neocortex is defined as: 

.θi
n =

{
aθi

n + (1 − a)θi
h fθi

n
is learning

θi
n fθi

n
is fixed

, i = 1, ..., Nn (6)
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The overall details of our method are outlined in pseudocode 1. 

Fig. 2. This figure illustrates the process of updating the distributed long-term mem-
ory networks. Specifically, during training, the neocortex model undergoes parameter 
updates from the hippocampus model to acquire new knowledge. After each cycle, the 
neocortex model is frozen to preserve all knowledge learned during that period as long-
term memory. A new neocortex model is then created, initialized with the parameters 
of the previous model, to learn new knowledge in the subsequent phase. 

4 Experiment 
4.1 Experimental Settings 
Experimental Datasets. We choose many common CL datasets to evaluate 
our method. 
– Split-MNIST [ 11]. Split-MNIST has 5 tasks, each task contains 2 classes. 
– Split-CIFAR10 [ 9]. Split-CIFAR10 has 5 tasks, each task contains 2 classes. 
– Split-CIFAR100 [ 9]. There are 10 tasks for each task contains 10 classes. 
– Split-TinyImageNet [ 10]. There are 10 tasks for each task contains 20 classes. 

Evaluation Metrics 

– Average Accuracy(AA): .AAk = 1
k

∑k
j=1 ak,j which .ak,j ∈ [0, 1] denote the 

classification accuracy evaluated on the test set of the .j-th after learning task 
. k. 

– Forgetting Measure(FM): the average of the difference between its maxi-
mum performance obtained in the past and its current performance. . FMk =
1

k−1

∑k−1
j=1 fj,k and .fj,k = maxi∈[1,...,k−1](ai,j − ak,j),∀j < k. 

Implementation Details. We use MLP and ResNet [ 7] as our backbone for 
both neocortex network and hippocampus network. We adopted a two-layer 
fully connected MLP with 100 ReLU units per hidden layer for Split-MNIST 
and ResNet-18 for the other datasets. All backbones are optimized using SGD 
optimizer and the learning rate is 0.03. For all those datasets, we set 1 epoch for 
each task. For Split-MNIST and Split-CIFAR10, we set .rd = 50 and for others 
we set .rd = 100.
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Algorithm 1. DLTMG-CL Framework 
Input: Sequence of datasets: D = {D1, . . . , DN}. weight coefficient β, update rates r, 

distribute step rd, decay parameters α, data buffer M 
Initialization: θp = θn, global step  g = 0, M ← ∅, number of noecortex networks 

N n = 1  
1: for t = 1  . . . N  do 
2: for batch = 1, ..., Nt do 
3: g = g + 1  
4: if g//rd > N  n then 
5: fixed the fθN n 

n 
and create a new neocortex network initialized by fθN n 

n 

6: N n = N n + 1  
7: end if 
8: if M is not empty then 
9: (Xt, Yt) =  {(XDt , YDt ), (XM, YM)} 

10: Find the long-term memory V that demonstrates the highest prediction 
accuracy on the data within the buffer as follows: 

best_i = argi=1,..,N n max(σ(fθi 
n 
(XM)) ◦ OneHot(YM)) 

V = f
θ
best_i 
n 

(XM) 

11: Update the hippocampus network using :

� = �CE(fθh (Xt), Yt) +  β�MSE(fθh (XM), V  ) 
12: else 
13: (Xt, Yt) =  {(XDt , YDt )} 
14: Update the hippocampus network using :

� = �CE(fθh (XDt ), YDt ) 

15: end if 
16: update = U(0, 1) 
17: Update neocortex parameters from 0 to N n if update < r  

θi 
n =

{
aθi 

n + (1  − a)θi 
h fθi 

n 
is learning 

θi 
n fθi 

n 
is fixed 

, i  = 1, ..., N n 

18: M ←  Reservoir(M,Dt) 
19: end for 
20: end for 

4.2 Results in Online Class Incremental Learning(Class-IL) Setting 

We first compare our methods with other replay-based online CL methods. 
Table 1 provides the comparison with some replay-based online CL methods in 
class incremental learning(Class-IL) setting. Class-IL setting is a CL setting that 
task-id is not provided during inference phase. DLTMG-CL shows the highest 
performance for most of the datasets. In simple datasets such as Split-MNIST
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and Split-CIFAR10, our method has great advantages especially both in small 
buffer size and large buffer size. In particular, our performance is higher than 
CLSER in most cases for our methods is inspired by this work. For instance, 
when employing a small buffer size of 500, DLTMG-CL exhibits performance 
improvements of 19.61%, 16.53%, and 13.80% over the baseline methods ER, 
DERPP, and one of the current state-of-the-art methods CLSER in the Split-
CIFAR10 dataset. 

We further examine and analyze the performance of DLTMG-CL using the 
FM metric. The FM metric quantifies the average difference between the highest 
accuracy achieved for each task and the accuracy at the end of the learning pro-
cess for all tasks, providing an indirect measure of catastrophic forgetting. Our 
experimental results indicate that with smaller buffer size, DLTMG-CL main-
tains a high level of AA and exhibits high FM performance. This suggests that 
while our method can achieve high accuracy, it may experience catastrophic for-
getting for some tasks. However, with larger buffer size, our method consistently 
shows low FM values, indicating that it not only maintains high AA but also 
effectively mitigates catastrophic forgetting. 

Table 1. Comparison with other replay-based works in online class-IL scenario 

Buffer Method Split-MNISTSplit-CIFAR10 Split-CIFAR100Split-TinyImageNet 
AA. ↑ FM.↓ AA. ↑ FM.↓ AA. ↑ FM.↓ AA. ↑ FM. ↓

200 ER [ 17] 81.46 19.98 35.21 50.28 9.87 46.10 6.57 39.67 
DERPP [ 5] 84.37 17.75 40.17 41.84 8.94 51.01 7.15 42.81 
CLSER [ 3] 87.97 7.81 42.01 42.33 9.68 51.82 6.23 46.7 
DLTMG-CL(ours) 88.864.86 42.43 51.91 11.2452.49 6.87 46.87 

500 ER [ 17] 86.64 15.33 42.32 40.80 13.98 43.08 7.78 41.57 
DERPP [ 5] 90.67 9.36 43.44 40.63 15.07 45.66 8.66 42.54 
CLSER [ 3] 92.05 8.02 44.48 36.83 15.85 43.15 6.9 44.02 
DLTMG-CL(ours) 92.265.65 50.62 44.46 16.1346.26 8.42 42.86 

5120 ER [ 17] 92.83 7.25 54.87 34.64 22.73 33.92 17.02 31.02 
DERPP [ 5] 95.7 3.78 58.51 26.56 17.61 44.53 12.31 39.93 
CLSER [ 3] 95.73 3.28 52.34 34.4 23.18 34.35 17.28 31.79 
DLTMG-CL(ours) 96.220.99 58.55 32.82 23.9633.78 17.7330.82 

Results of other methods referenced from [ 3, 20]. 

In addition, we investigate the extent of forgetting for each task across various 
datasets. Our analysis, depicted in Table 2, reveals that our method outperforms 
the baseline method ER across most tasks in the task sequence, particularly 
demonstrating higher accuracy in earlier tasks. This suggests that our approach 
maintains good memory retention for more distant knowledge, reflecting the 
efficiency of our distributed long-term memory. Furthermore, the results demon-
strate that our method not only performs well on short task sequences but also 
maintains a high level of performance on long task sequences.
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Table 2. Accuracy for each task after learning the final task of ER and DLTMG-CL. 

Method 
a1,5 a2,5 a3,5 a4,5 a5,5 ACC 

ER 18.2 19.6 18.7 56.3 77.45 38.05 

DLTMG-CL 61.65 5.65 37.1 34.4 79.6 43.6 

Method 
a1,10 a2,10 a3,10 a4,10 a5,10 a6,10 a7,10 a8,10 a9,10 a10,10 ACC 

ER 14.2 13.2 18.3 12.6 25.1 19.6 20.6 12.9 11.7 60.9 20.91 

DLTMG-CL20.4 22.4 28.3 12.4 15.4 13.4 22.6 18.3 17.6 68.8 23.96 

Method 
a1,10 a2,10 a3,10 a4,10 a5,10 a6,10 a7,10 a8,10 a9,10 a10,10 ACC 

ER 13.3 7.3 12.8 14.5 13.4 9.1 9.0 10.6 7.0 39.9 13.69 

DLTMG-CL 12.9 13.8 15.9 14.3 14.9 13.8 7.1 8.7 5.5 52.3 15.92 

Note: Results of other methods referenced from [ 3, 20]. 

We also investigate the impact of different distributed storage intervals .rd on 
the results. The distributed storage interval determines the number of steps after 
which the current memory is updated and consolidated into distributed long-
term memory. We test intervals of 10, 50, 100, 150, and 200 on Split-CIFAR10. 
The results indicate that performance is optimal when consolidation occurs at 
approximately one-third of the total batch size for each task. Detailed results are 
presented in the Fig. 3. In Fig. 3, DLTMG-CL-.X means DLTMG-CL methods 
with the .rd = X. 

4.3 Ablation Study 

To evaluate the effectiveness of our proposed distributed long-term memory stor-
age and the interaction mechanism between the hippocampus and neocortex, we 
conduct a series of ablation experiments. We perform these experiments on the 
Split-CIFAR100 dataset, comparing our method against the baseline ER method 
with buffer sizes of 200, 500, and 5120. The results show that our method con-
sistently outperforms the baseline, especially with smaller buffer sizes. Specifi-
cally, the accuracy improvements for buffer size 200 are 0.12%, 1.12%, 1.37%, 
and for buffer size 500 are 1.78%, 0.28%, 2.15%. However, for a buffer size of 
5120, improvements are observed only when both mechanisms are applied simul-
taneously. Additionally, we find that the distributed long-term memory storage 
mechanism contributed more significantly to the performance gains compared to 
the interaction mechanism, further validating the effectiveness of our proposed 
DLTMG-CL. Detailed results are presented in Table 3. 
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Fig. 3. The impact of different distributed storage intervals .rd in Split-CIFAR10 with 
500 buffer size. 

Table 3. The results of ablation study. 

Method Details Split-CIFAR100 
.M = 200 .M = 500 . M = 5120 

AA.↑ FM.↓ AA.↑ FM.↓ AA.↑ FM. ↓ 
ER - 9.87 46.1013.98 43.0822.73 33.92 
DLTMG-CL (ours) no distributed memory 9.99 52.13 15.76 45.20 20.08 44.26 
DLTMG-CL (ours) no interaction 10.99 54.31 14.26 46.47 23.09 39.07 
DLTMG-CL (ours) full 11.24 52.49 16.13 46.26 23.9633.78 

5 Conclusion 

In this work, we propose a novel brain-inspired replay-based online CL methods 
called DLTMG-CL. Our approach simulates the distributed long-term mem-
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ory storage in the neocortex and the interaction between the neocortex and 
hippocampus by employing a hippocampus network to learn short-term memo-
ries and various neocortex networks to generate and store distributed long-term 
memories. We design a novel distributed long-term memory selection algorithm 
to choose the best long-term memory to maintain a constraint between hip-
pocampus and neocortex, and periodically update neocortex network to make 
sure memories can be consolidated. We evaluate our method in online Class-IL 
scenario and most of the results show SOTA performance compared with other 
classical online CL methods. Our work provides inspiration for developing novel 
CL algorithms based on brain mechanisms. 
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Abstract. Fast adaptation to new tasks is extremely important for 
embodied agents in the real world. Meta-reinforcement learning (meta-
RL) has emerged as an effective method to enable fast adaptation in 
unknown environments. Compared to on-policy meta-RL algorithms, off-
policy algorithms rely heavily on efficient data sampling strategies to 
extract and represent the historical trajectories. However, little is known 
about how different data sampling methods impact the ability of meta-
RL agents to represent unknown environments. Here, we investigate the 
impact of data sampling strategies on the exploration and adaptabil-
ity of meta-RL agents. Specifically, we conducted experiments with two 
types of off-policy meta-RL algorithms based on Thompson sampling 
and Bayes-optimality theories in continuous control tasks within the 
MuJoCo environment and sparse reward navigation tasks. Our anal-
ysis revealed the long-memory and short-memory sequence sampling 
strategies affect the representation and adaptive capabilities of meta-RL 
agents. We found that the algorithm based on Bayes-optimality theory 
exhibited more robust and better adaptability than the algorithm based 
on Thompson sampling, highlighting the importance of appropriate data 
sampling strategies for the agent’s representation of an unknown envi-
ronment, especially in the case of sparse rewards. 

Keywords: Meta-Reinforcement Learning · Embodied Agent · Data 
Sampling Strategy · Task Adaptation · Task Representation 

1 Introduction 

The realization of embodied intelligence relies on an agent’s ability to fast adapt 
and generalize to unfamiliar environments. The core of adaptation and general-
ization is to transfer the knowledge learned during training to new task scenarios. 
Meta-RL is considered as one of the most effective approaches to facilitate fast 
adaptation to new tasks for embodied intelligence. The goal of meta-RL is to 
learn a policy within a given task distribution, which can efficiently adapt to a 
new task distribution with minimal data acquisition [ 3, 5, 23]. This goal of meta-
RL, i.e., learning for fast adaptation, is well aligned with the learning strategy 
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Fig. 1. Motivations of our work. 

of humans and embodied AI. Therefore, understanding the mechanism of fast 
adaptation in meta-RL agents will shed light on the human and embodied AI. 

Task representation, as a critical component of meta-RL, impacts the agent’s 
generalization capabilities, particularly in complex control and navigation tasks. 
Agents are influenced by different task representations during training [ 22, 28, 30, 
31] and need to effectively learn representations to abstract the shared structures 
in the task distribution. The ability of task representation of an agent mainly 
depends on data sampling, such as utilizing data relevant to task generalization. 
Therefore, how to effectively sample task-relevant data during training is crucial, 
especially for training off-policy meta-RL agents within an off-policy framework. 
Existing meta-RL algorithms can be categorized into the policy gradient methods 
[ 5, 18, 33] and context-based methods [ 3, 20, 27, 34]. These meta-RL methods can 
be categorized into on-policy and off-policy based on the relationship between the 
policy employed during the learning process and the policy used to generate the 
data. Compared to on-policy meta-RL algorithms, the off-policy algorithms are 
more sample-efficient and also rely more on suitable data sampling strategies [ 2, 
20, 21]. However, how the data sampling strategy affects the off-policy meta-RL 
agents is still unclear. 

In this study, we aim to understand how the data sampling strategy affects 
the online off-policy meta-RL algorithms, in terms of task representation, agent 
behaviors and adaptation ability (Fig. 1). To this end, we analyze the exploration 
capabilities of two types of off-policy meta-RL algorithms based on different 
data sampling strategies, specifically those based on Thompson sampling [ 24] 
in PEARL [ 20] and Bayes-optimal policy [ 4] in VariBAD [ 34]. By conducting 
experiments with two meta-RL algorithms based on Bayes-optimal policy and 
Thompson sampling using different data sampling strategies, we examine the 
influence of two data sampling strategies, i.e., long and short memory sequence, 
on task representation, agent behavior, and adaptability of off-policy meta-RL
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agents through experiments in continuous control tasks in MuJoCo [ 25] and  
complex navigation tasks. 

Our findings are summarized as follows. 

– Meta-RL based on Bayes-optimal policy has superior robustness to data sam-
pling distributions compared to Thompson sampling-based Meta-RL method 
in sparse reward tasks. This robustness originates from the better represen-
tation of the unknown environment’s dynamics and reward models (Fig. 5, 6, 
and 7). 

– Experiments on complex robotic navigation tasks demonstrate that although 
the short memory sampling strategy enables PEARL to converge faster, 
it does not improve the agent’s adaptability; in contrast, the relatively 
robust off-policy VariBAD algorithm exhibits stronger adaptability (Fig. 8, 
9 and 10). 

– The robustness of algorithms to short memory sequence or long memory 
sequence sampling strategy is associated with their adaptability capabilities. 

2 Background and Related Work 

In this section, we primarily introduce the foundational concepts of POMDPs 
and meta-RL, and related work on task representation in reinforcement learning. 

2.1 POMDP and Meta-RL 

A partially observable Markov decision process (POMDP) [ 9] framework offers 
a robust mathematical model for decision-making where agents must act under 
conditions of uncertainty and partial information. A POMDP is defined as a 
tuple .(S,A,O, T, Z,R, γ), where  .S is the state space, containing all possible 
states of the environment; . A is the action space, containing all actions that the 
agent can perform; .T : S × A → P(S) is the state transition function; . Z :
S × A → P(O) is the observation function, defining the probability distribution 
of generating observations given the next state and action; . R : S × A × S → R

is the reward function, which computes the immediate reward based on the 
current state, chosen action, and resulting state, and . γ is the discount factor. 
The optimization objective of a POMDP is to find a policy .π : H → A, where  . H
represents all possible sequences of historical information. In off-policy meta-RL 
methods, sufficient task representation from historical trajectories influences the 
online performance. 

The adaptation process of meta-reinforcement learning agents in unknown 
environments can be seen as a generalization process within POMDPs with a 
similar distribution. In conventional reinforcement learning algorithms, policy . π
aims to maximize the expected discounted cumulative reward, expressed as: 

.J π = E

[ ∞∑
t=0

γtR (st, at, st+1) | π

]
. (1)
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Meta-RL extends the foundational concepts of reinforcement learning by 
enabling agents to learn how to learn across a variety of tasks, rather than 
optimizing for a single task. This approach leverages past experience to rapidly 
adapt to new environments or tasks with minimal additional data. The frame-
work of meta-RL is built around the idea that the skills acquired in previous 
tasks can inform the agent’s policy on unseen tasks, thus reducing the time 
and data required for learning new tasks. The objective is to train a learning 
algorithm that can quickly adapt to new tasks using only a few interactions: 

.max
θ

Eτ∼p(τ |θ,T )

[
T∑

t=0

γtrt

]
, (2) 

where . θ represents the meta-parameters of the policy, and . T represents a task 
sampled from a distribution of tasks. In meta-RL, we aim to perform well across 
a variety of such tasks. 

2.2 Task Representation in Reinforcement Learning 

Effective task representation involves capturing the essential features of differ-
ent tasks in a manner that accentuates their commonalities and differences, 
thus enabling the agent to adapt learned strategies to new, yet similar, sce-
narios. An expressive representation that captures task variations is vital for 
reducing the number of interactions needed to adapt to new tasks [ 8]. Previ-
ous work has employed reconstruction loss to train auto-encoders to generate 
low-dimensional representations of tasks, which are then used to assist in policy 
learning [ 11, 17, 29]. This method is also applicable to the extraction of com-
mon features in multi-task settings, often utilized in multi-task reinforcement 
learning [ 31, 32]. Additionally, some works have used contrastive learning in the 
latent representation space to obtain robust representations across multiple tasks 
[ 12, 28, 30]. 

In this paper, we utilize two of the most fundamental and effective meta-RL 
models. PEARL [ 20] employs an RNN encoder as either the task representation 
module or the inference module. VariBAD [ 2, 34] uses a Variational Autoencoder 
(VAE) [ 10] as both the representation and prediction module, which not only 
extracts task representations but also predicts the environmental model during 
training. 

3 Models and Data Sampling Strategy 

In this section we introduce models used and show how to use long-term memory 
replay and short-term memory reply in two context-based meta-RL methods. 

3.1 Thompson Sampling and PEARL 

Thompson sampling [ 24] is a Bayesian approach to addressing the exploration-
exploitation dilemma and has been effectively applied in the context of meta-
RL [ 16]. In sequential decision-making, meta-learning can be divided into two
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phases: the first phase involves abstracting a representation of the distribution 
of training tasks, while the second phase allows the policy to leverage the prior 
knowledge of the task distribution acquired in the first phase to predict unknown 
task distributions, achieving rapid adaptation with minimal interactions with the 
environment. These models are typically comprised of two components: a task 
inference module and a policy module [ 1, 19, 20, 34]. Thompson sampling can be 
described as the process of sampling actions from the policy based on posterior 
predictions [ 15]. According to Bayes’ theorem, given the historical trajectory . τ , 
we can update the posterior distribution of . θ: .P (θ | τ) ∝ P (τ | θ)P (θ), where  

.P (τ | θ) =
T−1∏
t=0

P (st+1 | st, at, θ)P (rt | st, at, θ) . (3) 

We employ PEARL as a meta-RL model based on Thompson sampling on his-
torical information. The inference network (task encoder) .qφ encodes the agent’s 
historical information to capture task-relevant sufficient statistics, and . z is the 
latent embedding of the encoder. During the meta-training phase, the parameters 
within .qφ are optimized by modeling the Q-value function .Qθ(s,a, z) within the 
Soft Actor-Critic (SAC) [ 7] algorithm and constrained by the variational lower 
bound to enhance the inference module’s ability to learn information pertinent 
to the current task being performed, the inference module and policy module 
use different experience. 

In the meta-testing phase, as the agent tackles unknown tasks, it updates 
the posterior of task history in a manner similar to Thompson sampling through 
the inference network, enhancing its capability to explore unknown tasks. The 
structure of PEARL is depicted in the upper part of Fig. 2. 

3.2 Bayes-Optimality and VariBAD 

Bayes-optimality is a principle within the broader Bayesian decision theory that 
dictates selecting actions based on maximizing expected utility, considering all 
possible outcomes weighted by their probabilities. In the context of meta-RL, a 
Bayes-optimal policy aims to maximize the expected reward across a distribution 
of tasks by leveraging a posterior distribution over tasks [ 4]. This approach 
inherently balances exploration and exploitation by considering the uncertainty 
in the environment’s dynamics and the reward function. By integrating prior 
knowledge with observations gathered during interactions with the environment, 
the Bayes-optimal approach adapts its strategy to better respond to unseen 
dynamics. In BAMDP, we aim to maximize the expected reward over .T time 
steps: 

.J (π) = Eb0,π

[
T−1∑
t=0

ER∼bt [R (st, at)]

]
, (4) 

where .bt = p (r, p | τ:t) represents the belief about the current environment 
dynamics and reward function based on the historical trajectory.
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Fig. 2. PEARL and off-policy VariBAD famework. 

VariBAD implements Bayesian optimal policies under the framework of 
Bayes-Adaptive MDP (BAMDP) [ 4, 6] and it is designed to learn a latent repre-
sentation of the environment’s dynamics, rewards, and task-specific parameters 
through a variational autoencoder architecture (lower part of Fig. 2). During 
training, the agent learns a universal policy that is conditioned on both the 
current state and a latent variable that encodes task-specific information. This 
latent variable is updated as new data is collected, effectively allowing the agent 
to infer the underlying task dynamics and adapt its policy accordingly. VariBAD 
thus enables an agent to perform robustly across a variety of tasks by efficiently 
learning and updating its understanding of the task environment. 

3.3 Long and Short Memory Sequence Sampling 

In this paper, we investigate the impact of data sampling strategies on the prior 
information extracted by the representation module in off-policy meta-RL, lead-
ing to varying exploration outcomes by the algorithm. In our experiments, we 
have set up long and short memory sequence sampling strategies (Fig. 3). The 
long memory strategy involves storing all historical information from interac-
tions with the environment in the replay buffer, from which the agent and infer-
ence network sample during training. In contrast, the short memory sequence 
sampling setting requires clearing the replay buffer at the start of each train-
ing iteration, ensuring that the agent and inference network can only sample the 
most recent historical data. Typically, Thompson sampling updates the posterior 
based on the most recent historical information. In our experiments described 
in Sect. 4, we observe that the long memory sequence can significantly disrupt 
the exploration effectiveness of PEARL, while the off-policy VariBAD remains
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robust under both settings. The exploration and exploitation trade-off is also 
reflected in the varying performance of the different representation modules. 

Fig. 3. Long memory sequence sampling and short memory sequence sampling. Differ-
ent context sampling strategies can lead to shifts in the distribution of task represen-
tations, thereby affecting the agent’s exploration and adaptation capabilities. 

4 Experiments 

In our study, we conduct comparisons of the performance of PEARL and off-
policy VariBAD under various data sampling strategies in the continuous control 
task Sparse Half-Cheetah-Vel within the MuJoCo environment and two challeng-
ing navigation tasks, Ant-Semi-Circle and Sparse-Point-Robot. We analyze the 
robustness of the algorithms and their task adaptation capabilities based on their 
performance. 

4.1 Task Setting 
Sparse Half-Cheetah-Vel. We have modified the original Half-Cheetah envi-
ronment in MuJoCo to adopt a sparse reward function, where the cheetah 
receives a reward of +1 only if it moves a distance greater than a specified 
threshold in each time step; otherwise, the reward is 0. 

. rsparse
t =

{
1, ‖xt − xgoal ‖2 ≤ r

0, otherwise.

Subsequently, we utilize the commonly used Half-Cheetah-Vel task in meta-
RL, where the objective for the agent is to reach a target velocity as quickly 
as possible. The target velocity is randomly sampled from a range of 0.0 to 3.0. 
Consequently, the reward in this environment is structured as follows: 

. rt = − |vt − vgoal | − 0.05 · ‖at‖22 + rsparse
t ,

We set up 100 training tasks and 20 testing tasks.
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Sparse-Point-Robot. We established the Sparse-Point-Robot environment to 
evaluate the performance of algorithms in a sparse reward navigation setting. 
Different goals are set on a semi-circle, with their locations unknown. At the 
start of each episode, the robot’s initial position is randomly placed outside of 
the semi-circle. The objective is for the robot to locate the target within a single 
episode. The reward structure is configured as follows: 

. r =

{
1, if r ≥ −goal_radius
0, otherwise.

Ant-Semi-Circle. In the Ant-Semi-Circle task [ 2], an ant robot is required 
to navigate toward a goal that is randomly positioned on a semi-circle. Unlike 
the point robot scenario, this task employs the Ant model from the MuJoCo 
simulation, which introduces increased control complexity. The reward structure 
is set as follows: 

. rt = − ‖xt − xgoal ‖1 − 0.1 · ‖at‖22 .

4.2 Convergence of Algorithms 

We conducted experiments in the aforementioned three environments, initially 
testing the convergence of the algorithms on different tasks under default param-
eters (PEARL using short sequence, off-policy VariBAD using long sequence) 
(Fig. 4). 

Fig. 4. Tasks training. Dashed lines correspond to the maximum return achieved by 
PEARL after 1e6 steps. Solid lines correspond to average return achieved by VariBAD. 
In the Ant-Semicircle and Half-Cheetah-Vel tasks, PEARL and VariBAD converge to 
similar average returns. However, in the Sparse-Point-Robot task, VariBAD signifi-
cantly outperforms PEARL. 

4.3 Robustness of Algorithms 

For algorithm robustness, the analysis mainly focuses on the task representations 
during the meta-training and meta-testing phases. During the meta-training
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phase, for tasks involving the control of simulated robots such as Ant-SemiCircle 
and Half-Cheetah-Vel, PEARL is more susceptible to the influence of memory 
sequence sampling. Here, short memory sequence sampling proves more advan-
tageous for PEARL’s adaptation to new environments, while off-policy VariBAD 
remains relatively stable in comparison (Fig. 5). 

We randomly generate 20 goals from each environment, and for each goal, 
the agent performs 40 runs, each containing 5 episodes. We utilize t-SNE [ 14] 
to visualize the latent embeddings of the task inference module at the last time 
step of the fifth episode during the meta-testing phase for PEARL (Fig. 6) and  
off-policy VariBAD (Fig. 7). For navigation tasks, especially the Sparse-Point-
Robot task, PEARL does not sufficiently learn the task-relevant information 
of the environment, whereas off-policy VariBAD exhibits better performance, 
forming clusters for similar positions on the semicircle. In the case of Ant-Semi-
Circle, off-policy VariBAD accurately represents each target’s position on the 
semicircle in the latent space, whereas the clusters formed by PEARL are more 
dispersed. In the Half-Cheetah-Vel environment, the representation of off-policy 
VariBAD is more sensitive to the memory sequence sampling strategy because, 
inherently, based on Bayes-optimality, it requires sampling of the whole history, 
and the representation in continuous control tasks is significantly influenced by 
the history. 

Fig. 5. The average return during the meta-training phase of PEARL and off-policy 
VariBAD after using short and long memory sampling strategies.
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Fig. 6. The t-SNE visualization of latent embedding during PEARL adaptation to the 
environment. 

4.4 Tasks Adaptation Performance 

To compare the adaptability of PEARL and VariBAD using different sampling 
strategies in unknown environments, we conducted rollouts of 5 episodes in each 
environment (Fig. 8). The experiments revealed that the long memory sequence 
sampling strategy prevented PEARL from adapting effectively to navigation 
tasks and from achieving satisfactory results in the Sparse-Point-Robot task, 
consistent with its performance during the meta-training phase. In contrast, off-
policy VariBAD demonstrated stable adaptability, successfully adjusting to tasks 
and achieving high average returns from the first episode across all three environ-
ments. Moreover, VariBAD showed less sensitivity to memory sequence sampling 
strategy, with agents trained using short memory sequence in the Sparse-Point-
Robot task exhibiting enhanced exploratory capabilities. 

Furthermore, to intuitively assess the impact of sampling strategies on the 
exploratory capabilities of agents during the meta-testing process, we visual-
ized the exploration trajectories of agents in the Ant-Semi-Circle environment.
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Fig. 7. The t-SNE visualization of latent embedding during off-policy VariBAD adap-
tation to the environment. 

The length of the memory sequence affects PEARL’s exploratory capabilities, 
primarily because Thompson sampling focuses on updating the encoder’s pos-
terior based on recent context, hence performing better with a short memory 
sequence length. Figure 9 shows that PEARL, when using short memory, can 
successfully reach the target in all five episodes; however, when switched to long 
memory, the agent fails to accurately locate the target for the same test task. 
Figure 10 demonstrates that off-policy VariBAD can successfully find the target 
in two episodes and is unaffected by the memory sequence length. This indicates 
that applying Bayes-optimality to off-policy meta-reinforcement learning results 
in stronger online adaptability to complex environments and more robust task 
representation compared to algorithms based on Thompson sampling.
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Fig. 8. Adaptation performance of PEARL and off-policy VariBAD using short and 
long memory sequence sampling strategy. 

Fig. 9. Behavior visualization of PEARL during adaptation in Ant-Semi-Circle. 

Fig. 10. Behavior visualization of off-policy VariBAD during adaptation in Ant-Semi-
Circle. 

5 Conclusion 

Discussion. In this work, we comprehensively compared the impact of memory 
sequence length sampling on task representation, agent behavior, and the explo-
ration and adaptation capabilities of two types of context-based off-policy meta-
RL algorithms. The off-policy VariBAD algorithm, based on Bayes-optimality, 
demonstrated stronger robustness in sparse reward environments and its adapt-
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ability to unknown environments and task representations were less influenced 
by the training-time memory sequence. Although the PEARL algorithm, based 
on Thompson sampling, achieved similar average returns during the training 
phase, different memory lengths significantly affected its exploratory capabili-
ties during the adaptation phase, fundamentally because the memory sequence 
length can cause shifts in the distribution of task representations. 

Future Work. Task representation extraction, especially in multi-task scenar-
ios, is crucial for an agent’s ability to adapt to unknown tasks [ 13, 22, 26, 31]. 
This paper explores the impact of memory sequence length on shifts in task 
feature distributions, providing insights into how to maximize the extraction of 
information relevant to the current task from limited historical data and gener-
ate a robust representation of the task distribution. This prompts us to employ 
effective representation learning methods in our subsequent work to enhance the 
performance of the task inference module. 
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Abstract. Large language models, such as ChatGPT, have shown great promise 
in various natural language processing tasks, including abstractive summarization. 
However, these models are prone to generating hallucinated content—information 
not found in the original source. To tackle this issue, we introduce a mathematical 
framework for quantifying hallucinations and assess the effectiveness of different 
fine-tuning methods for mitigating this problem. We focus on fine-tuning Chat-
GLM due to its proficiency in both English and Chinese, as well as its ability to 
run on consumer-grade graphics cards. Our experiments, conducted on the XL-
Sum datasets, utilize BLEU and ROUGE metrics to evaluate performance. The 
results reveal that P-Tuning is the most effective method for reducing hallucina-
tions while maintaining high-quality summaries. This study not only enhances the 
reliability of abstractive summarization but also suggests the potential for reducing 
hallucinations in other NLP tasks through fine-tuning methods. 

Keywords: Large Language Models · Natural Language Generation · 
Hallucination · Fine-tuning · P-tuning · ChatGLM 

1 Introduction 

Abstractive summarization models aim to extract essential information from long docu-
ments and to generate short, concise and readable text [1]. In recent years, large language 
models have revolutionized the field of Natural Language Processing (NLP), demon-
strating unparalleled performance across a wide array of tasks. However, their practical 
application is often limited by a significant drawback: the generation of hallucinated con-
tent, or information that is not present in the source material. This issue also appears in 
abstractive summarization, where accurate and reliable summaries are generally desired. 
A further drawback of large language models such as GPT is their primary training in 
English, narrowing their capacity to understand and interact in other languages. This 
poses a challenge for those who are not native English speakers. To mitigate halluci-
nations in abstractive summarization, various strategies can be employed that fall into 
two main categories [2]: Data-Related Methods and Modeling and Inference Methods. 
Data-Related Methods encompass the curation of a reliable dataset annotated by experts,
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automated techniques for data cleaning to remove inconsistencies, and information aug-
mentation to enhance the size and diversity of the training set. On the other hand, Model-
ing and Inference Methods involve architectural choices that can reduce hallucinations, 
such as the incorporation of attention mechanisms focused on factual consistency. During 
the training phase, specialized loss functions can be designed to penalize hallucinations, 
and these can be complemented by techniques like teacher-forcing or scheduled sam-
pling. Post-processing steps can also be applied after the summary generation to further 
refine the output, including fact-checking against the source document or employing 
additional classifiers to weed out hallucinated information. By integrating these meth-
ods, the model’s propensity for hallucinations can be substantially reduced, leading to 
more reliable and accurate summaries. 

This paper aims to address this challenge by leveraging efficient fine-tuning technol-
ogy to adapt Large Language Models for the specific task of mitigating hallucinations 
in abstractive summarization. 

Our primary contributions are threefold: 

• We introduce a mathematical framework for quantifying hallucinations and the 
effectiveness of fine-tuning, providing a rigorous foundation for evaluating the 
performance of our approach. 

• We employ a fine-tuning approach that incorporates four distinct methods: LoRA, Pre-
fix Tuning, Prompt Tuning, and P-tuning. Each method is reevaluated to understand 
its effectiveness in reducing hallucinatory outputs while maintaining the model’s 
performance. Furthermore, we provide an in-depth analysis of the advantages and 
disadvantages associated with each of these fine-tuning techniques. 

• We train a large language model that is not limited to English, specifically focusing on 
understanding Chinese abstractive summaries. This effort aims to bridge the language 
gap and extend the capabilities of large language models, thereby making them more 
accessible and useful to non-English speaking communities. 

2 Preliminaries and Notations 

In this section, we propose a mathematical framework to address these issues through 
fine-tuning and adaptive methods. 

We define hallucination as the generation of a token xi+1 with a low conditional prob-
ability given the preceding tokens x1, x2, . . . ,  xi. Mathematically, this can be represented 
as: 

H (xi+1|x1, x2, . . . ,  xi; θ ) =
{
1, if P(xi+1|x1, x2, . . . ,  xi; θ ) <∈ 
0, otherwise 

Here, ∈ is a threshold value below which a token is considered hallucinatory. 
As the efficacy of LLMs across various tasks hinges on the delicate equilibrium 

between hallucination and creativity [3]. We define an objective function J (θ,  α) 
that encapsulates the trade-off between hallucination and creativity. The function is 
parameterized by α, a trade-off parameter that ranges from 0 to 1, and θ , the model 
parameters. 

J (θ,  α) = (1 − α) · E(x1,...,xn)∼Ptrue
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[
DKL(Ptrue(xi+1|x1, x2, . . . ,  xi)‖P model(xi+1|x1, x2, . . . ,  xi; θ ))

]
− α · E(x1,...,xn)∼Ptrue

[
C(xi+1|x1, x2, . . . ,  xi; θ ) ] 

Here, DKL denotes the Kullback-Leibler divergence, and C represents the creativity 
measure. 

To dynamically adjust the trade-off parameter α based on task requirements and input 
data, we introduce an adaptive method. The method employs gradient-based optimization 
to iteratively update α based on the model’s performance on a validation set. 

α(t+1) = α(t) − η∇αJ (θ, α) 

Here, η is the learning rate, and t represents the iteration number. 
Hallucination mitigation aims to reduce the likelihood of generating hallucinatory 

tokens. We propose a regularization term R(θ ) that penalizes the model for generating 
low-probability tokens that lead to hallucinations. 

Jnew(θ,  α) = J (θ,  α) + λR(θ ) 

Here, λ is a hyperparameter that controls the strength of the regularization. 
The proposed mathematical framework offers a structured approach to fine-tuning 

large language models, with a focus on mitigating hallucinations while balancing 
creativity. 

3 Fine-Tuning a Pretrained Language Model 

We will use ChatGLM as the base model and fine-tune it for specific tasks to mitigate 
hallucination. ChatGLM is a large language model co-created by Tsinghua University 
and Zhipu.AI [4]. Designed with a focus on question-answering tasks, ChatGLM-6B is 
built on the General Language Model (GLM) framework and supports both English and 
Chinese languages. The model boasts 6 billion parameters and is open-source, making it 
an attractive choice for various applications. Additionally, its compatibility with model 
quantization methods allows for local deployment on standard GPUs. 

For the fine-tuning process, we will employ four commonly used techniques for 
LLMs, namely LoRA, Prefix Tuning, Prompt Tuning and P-tuning. These methods have 
been proven effective in adapting pre-trained language models to domain-specific tasks 
and improving their performance. 

LoRA: Lora, which stands for low-rank adaptation, is a technique that freezes the pre-
trained model weights and injects trainable rank decomposition matrices into each layer 
of the Transformer architecture, greatly reducing the number of trainable parameters for 
downstream tasks [5]. A fully connected layer is used to reduce the dimensionality of the 
trainable layers from ‘d’ to ‘r’, and then it’s mapped back to the original ‘d’ dimension 
through another fully connected layer. Here, ‘r’ is the rank of the matrix and is much 
smaller than ‘d’. This results in a substantial reduction in computational complexity, 
changing it from ‘d × d’ to ‘d × r + r × d’. In Lora, the parameters A and B are 
initialized using a random Gaussian distribution, as shown in Fig. 1.
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Fig. 1. LoRA (Fine-tuning is only required for the matrices B and A) [5] 

Prefix Tuning: Prefix-tuning keeps language model parameters frozen and optimizes 
a sequence of continuous task-specific vectors, known as the prefix [6]. These prefix 
vectors are prepended to the input sequence and processed through the same transformer 
architecture as the original input. The idea is that these prefix vectors can encapsulate 
task-specific information, effectively guiding the model to generate more appropriate 
outputs for the task at hand. Because only the prefix vectors are being optimized, and 
not the entire set of model parameters, prefix-tuning is often more computationally 
efficient than full-model fine-tuning (Fig. 2). 

Fig. 2. Prefix- tuning freezes the LM parameters and only optimizes the prefix (the red prefix 
blocks) [6]
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Prompt Tuning: Prompt tuning is a simple yet effective mechanism for learning “soft 
prompts” to condition frozen language models to perform specific downstream tasks [7]. 
It learned through backpropagation and can be tuned to incorporate signals from any 
number of labelled examples. In this approach, a fixed prompt is prepended to each input 
sequence during training. The tokens in this prompt are treated as trainable parameters, 
meaning they are optimized along with the rest of the model. The idea is that the prompt 
can help guide the model’s behaviour for specific tasks (Fig. 3). 

Fig. 3. Prompt tuning only requires storing a small task-specific prompt for each task, and enables 
mixed-task inference using the original pretrained model [7] 

P-Tuning: P-tuning is a technique that autonomously generates templates to enable 
language models to handle specific tasks [8]. It employs [unused]* tokens as continuous 
prompts and fine-tunes them using annotated data. This approach often matches or even 
surpasses the performance of traditional fine-tuning methods but with fewer parameters 
to train. P-tuning v2 is an enhanced variant that extends the use of continuous prompts 
to every layer of the pre-existing model, making it more adaptable for natural language 
understanding tasks. In our research, we utilized P-tuning v2 for the fine-tuning process, 
as illustrated in Fig. 4.
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Fig. 4. P-tuning (Each layer of the transformer requires fine-tuning of the embedding) [8] 

4 Experiment 

4.1 Dataset 

To evaluate the efficacy of our fine-tuning approach in mitigating hallucinations, we 
employ the XL-Sum dataset [9], which is a large-scale professionally annotated article 
summary pairs from BBC. It comprises 16,369 texts in Chinese, each annotated with a 
multi-sentence summary by language experts, XL-Sum serves as an ideal testing ground. 

4.2 Evaluation Metrics 

To evaluate our fine-tuning methods, we employ two metrics: 

BLEU: BLEU, short for Bilingual Evaluation Understudy, serves as a metric for assess-
ing a model’s accuracy by quantifying the n-gram similarity between machine-generated 
text and a reference standard [10]. In the context of reducing hallucinations in large 
language models, a higher BLEU score indicates that the generated content closely 
aligns with the reference material, thereby suggesting fewer instances of hallucinated or 
fabricated information. 

ROUGE: The ROUGE score, standing for “Recall-Oriented Understudy for Gisting 
Evaluation,” serves as a widely-used metric for evaluating the quality of summariza-
tion models [11]. By measuring the N-gram overlap between reference and generated 
summaries, ROUGE offers a nuanced view of model performance through its vari-
ants—ROUGE-1, ROUGE-2, and ROUGE-L—which focus on unigram, bigram, and 
longest common subsequence overlaps, respectively. Importantly, this metric also pro-
vides insights into the model’s ability to reduce hallucinations. A high ROUGE score 
not only indicates effective summarization but also suggests that the model’s generated 
text closely aligns with the reference, thereby minimizing the likelihood of generating 
hallucinated information.
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4.3 Results 

Based on the data presented in Table 1, it’s evident that different fine-tuning methods 
have varying impacts on the performance metrics of the model. P-Tuning emerges as the 
most effective method, consistently outperforming all other techniques across BLEU-4, 
Rouge-1, Rouge-2, and Rouge-L. For instance, P-Tuning achieved a BLEU-4 score of 
6.4064, a significant leap from the original model’s 2.73, and also led in Rouge metrics 
with scores like 20.4967 in Rouge-1 and 16.5956 in Rouge-L. Prefix Tuning and LoRA 
also showed notable improvements in these metrics, while Prompt Tuning lagged slightly 
but still performed better than the original model. 

The results suggest that P-Tuning could be the most effective approach for enhanc-
ing summarization quality and potentially mitigating hallucinations. Prefix Tuning and 
LoRA follow closely, offering promising avenues for further research and development. 
Prompt Tuning, although generally scoring lower than the other methods, still shows an 
improvement over the original model, indicating that each of these fine-tuning methods 
has its merits. 

Table 1. Performance analysis of fine-tuning methods based on BLEU and Rouge scores 

Metrics Original LoRA Prefix Tuning Prompt Tuning P-Tuning 

BLEU-4 2.73 4.4266 4.51824 4.21824 6.4064 

Rouge-1 15.9026 19.0612 19.7743 18.7743 20.4967 

Rouge-2 2.0035 2.9178 2.9495 2.7495 3.6532 

Rouge-L 12.0588 14.1009 14.9884 13.9884 16.5956 

4.4 Discussion 

The choice of ChatGLM as the base model for our experiments was motivated by several 
factors. Primarily, ChatGLM has demonstrated effectiveness in abstractive summariza-
tion tasks. Additionally, its bilingual capabilities make it versatile for handling both 
Chinese and English languages, broadening its applicability. Importantly, the model’s 
architecture is optimized for deployment on consumer-grade graphics cards, making it 
accessible for a wider range of research and practical applications. 

Previous research has indicated that methods aimed at reducing hallucinations in 
language models generally fall into two main categories: those that are data-related and 
those that are training-related [2]. Data-related methods often involve building a more 
faithful dataset, cleaning data automatically, or augmenting information. On the other 
hand, training-related methods focus on the model’s architecture, training techniques, 
and post-processing steps to mitigate hallucinations. Fine-tuning, the method we have 
employed in this study, belongs to the training-related category. Fine-tuning was selected 
as the method of adaptation for several pragmatic reasons. In enterprise settings, it’s com-
mon to have access to data and computational resources, making fine-tuning a feasible
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approach. The method allows for customization of the model to specific tasks with-
out requiring extensive computational power, making it widely deployable in practical 
situations. 

Our experiments indicate that P-Tuning is the most effective method for improving 
summarization quality and potentially reducing hallucinations. However, it’s crucial 
to consider the intrinsic structures of the fine-tuning methods when interpreting these 
results. P-Tuning’s effectiveness could be attributed to its ability to optimize a small 
set of parameters effectively, thereby retaining the model’s generalization capabilities 
while adapting to the specific task. On the other hand, methods like Prefix Tuning and 
LoRA, while effective, may not offer the same level of task-specific adaptability due to 
their structural limitations. Prefix Tuning optimizes a sequence of task-specific vectors, 
which may not capture the nuances of the task as effectively as P-Tuning’s more flexible 
approach. LoRA focuses on low-rank adaptations, which, although computationally 
efficient, might not be as effective for complex tasks that require a richer parameter 
space. 

In summary, while P-Tuning stands out as the most effective method in our experi-
ments, the choice of fine-tuning method should be context-dependent, taking into account 
both the specific requirements of the task and the intrinsic advantages and limitations of 
each method. 

5 Conclusion 

Our research demonstrates that among the various fine-tuning methods examined, P-
Tuning stands out as the most effective in reducing hallucinations in abstractive summa-
rization tasks. This suggests that P-Tuning could be a valuable approach for enhancing 
the reliability and accuracy of large language models. However, it’s important to note 
that our study is focused on a specific set of tasks and models. As such, future research 
should extend this investigation to other fine-tuning methods and a broader range of 
NLP tasks. This will provide a more comprehensive understanding of how to mitigate 
hallucinations effectively across different applications and model architectures. 
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Abstract. Nasopharyngeal cancer (NPC) is a highly prevalent malig-
nant tumor. Effective radiation therapy planning for NPC requires pre-
cise segmentation of nasopharyngeal structures and adjacent organs that 
may be affected by radiation, based on CT imaging. However, it is chal-
lenging to segment the nasopharynx and surrounding organs because 
they are relatively small and exhibit intricate patterns in CT images. 
In this work, we introduce a novel three-stage framework, termed Tran-
sUNet with Gradually Converging Attention (TUN-GCA), to address this 
problem. Our framework utilizes a TransUNet model pretrained on 3D 
surrogate labels, allowing the model to initially focus on a small region 
that encompasses all organs of interest, similar to how human doctors 
look for anatomical landmarks. Subsequently, the model is trained with 
actual labels to precisely segment these organs. Finally, DBSCAN clus-
tering is employed to explore multiple organs and eliminate potential 
voxel outliers, enhancing overall robustness. We evaluated the proposed 
framework using a dataset of 99 subjects with CT images from nasopha-
ryngeal cancer patients, comprising both left and right parotid and sub-
mandibular glands. The extensive experimental results demonstrate that 
our proposed model substantially outperforms other competitive base-
lines in terms of accuracy and efficiency. 

Keywords: Nasopharyngeal Carcinoma · Computed Tomography · 
Medical Image Segmentation · Deep Learning · TransUNet 

1 Introduction 

Nasopharyngeal carcinoma (NPC) is a malignant tumor that occurs in the 
nasopharynx. Its treatment mainly relies on radiation therapy, which requires 
precisely targeting the tumor while protecting the surrounding organs, such as 
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the parotid glands and submandibular glands. Outlining the key organs in radi-
ation therapy is mainly performed by experienced experts, which is subjective, 
time-consuming and labor-intensive. Therefore, the development of automated 
segmentation techniques is of great importance. 

Deep learning approaches have shown extraordinary potential in medical 
image segmentation for various diseases [ 4, 16, 17, 19]. These convolution-based 
segmentation methods often struggle to handle global and long-range seman-
tic information. To overcome this limitation, some studies have explored and 
verified the effectiveness of combining convolution with Transformer blocks [ 6]. 
However, the Transformer-based models often require a substantial quantity of 
data to achieve optimal training outcomes, whereas medical image datasets tend 
to be limited in scale. 

Unlike other medical image segmentation tasks with large segmentation tar-
gets, nasopharyngeal carcinoma often requires the segmentation of relatively 
small regions. These regions are structurally complex and exhibit significant 
inter-individual variability. The intricate anatomical structure of the nasopha-
ryngeal region, coupled with the indistinct boundaries between neoplastic and 
healthy tissues, poses significant challenges for automated segmentation. Fur-
thermore, to enhance the robustness and precision of segmentation tasks, it is 
crucial to address the challenge where small regions within an image are dis-
proportionately affected by minor pixel shifts, leading to amplified noise and 
potentially compromising the accuracy of the segmentation results. 

To tackle the above challenges, we propose a three-stage framework, called 
TransUNet with Gradually Converging Attention (TUN-GCA). Specifically, in the 
initial stage, we leverage existing gland labels to autonomously generate surro-
gate labels that encompass regions larger than the original targets. These surro-
gate labels are subsequently employed to train TransUNet, facilitating the rapid 
identification of approximate locations of key organs within large-scale images. 
In the subsequent stage, we fine-tune the pretrained TransUNet using the orig-
inal segmentation labels. The Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN) clustering algorithm [ 8] is further employed to eliminate 
potential noise points, thereby enhancing the robustness of the results. We verify 
this framework using a dataset of 99 subjects with CT images from nasopharyn-
geal cancer patients, comprising both left and right parotid and submandibular 
glands. 

The main contribution of this paper can be summarized into the following 
three aspects: 

(1) We proposed a novel three-stage framework for the segmentation of critical 
organs in nasopharyngeal carcinoma (Sect. 3). In this framework, an auto-
mated surrogate label generation is introduced in the pre-training stage for 
fast localizing the organs of interest. It is noteworthy that this surrogate-
label based pre-training technique does not necessitate the acquisition of 
additional training data, thereby effectively alleviating the limited data 
problem prevalent in this field. Through further model finetuning and noise
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reduction techniques, our framework can achieve precise and robust segmen-
tation given the limited number of CT images. 

(2) We conducted experiments on a nasopharyngeal carcinoma dataset. The 
extensive comparison in Sect. 4.6 demonstrates that the introduction of sur-
rogate labels contributes to a significant improvement in convergence stabil-
ity, especially in scenarios where the number of subjects is limited. Further-
more, the incorporation of surrogate labels renders the model more resilient 
to outliers present in the training data. By reducing the model’s sensitiv-
ity to these anomalous data points, the overall robustness of the model is 
enhanced. 

(3) The quantitative and qualitative results in Sect. 4.7 illustrate our model’s 
capability in capturing fine-grained semantic information of key organs for 
nasopharyngeal carcinoma diagnosis, showing superior performance com-
pared to other competitive baselines. 

2 Related Work 

In the field of automated medical imaging segmentation, convolutional neural 
networks (CNNs) based methods [ 2, 12, 20] are effective in feature extraction. 
However, these variants are limited in processing complex structures and medical 
images [ 22, 24]. 

In contrast to the typical CNN-based approaches, UNet and its variants [ 7, 23] 
employ a unique architecture that leverages downsampling to generate images 
of varying resolutions and performs convolution operations on these multi-
resolution representations. This hierarchical processing enables the network to 
capture and integrate features at different scales, leading to a more comprehen-
sive understanding of the image content. During the upsampling phase, where 
low-resolution feature maps are reconstructed to the original resolution, UNet 
extracts and synthesizes information from multiple levels of the network. By com-
bining feature representations from different scales during the decoding stage, 
UNet is able to recover fine-grained details while maintaining a global context. 

Since the Transformer model has been widely used in different fields and 
achieved incredible results, it was subsequently introduced to the image pro-
cessing field [ 1, 14, 18, 21]. In recent years, the variations of the combination of 
UNet and Transformer block have attracted much attention due to the excellent 
performance they show in different scenarios [ 9– 11, 13]. However, the high com-
putational cost of Transformer in processing image data limits its application in 
real-time medical image processing to some extent. To alleviate the shortcomings 
of the separate Transformer and UNet models mentioned above, the TransUNet 
model combines the local detail-capturing ability of Unet and the global percep-
tion ability of the Transformer, which effectively improves the efficiency of fine 
structure segmentation in medical images [ 3].
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Fig. 1. Overview of the TUN-GCA. To capture global context and dependencies. The 
CNN backbone extracts hidden features, which are further refined through 12 Trans-
former layers. The output feature map is reshaped and downsampled to generate multi-
scale feature maps. The decoder path follows the U-Net architecture, progressively 
upsampling and concatenating feature maps from the encoder. 

3 TUN-GCA 

In this section, we introduce our proposed TransUNet with Gradually Converg-
ing Attention (TUN-GCA) framework for multi-organ segmentation. Figure 1 
illustrates the backbone of TUN-GCA. Our training framework contains three 
stages. In the first stage (detailed in Sect. 3.1), we leverage an automated sur-
rogate label generation technique for model pre-training. In the second stage 
(detailed in Sect. 3.2), the pre-trained model undergoes a fine-tuning process 
using the original label and later derives a binary segmentation mask. In the final 
stage, the segmentation results will be further refined by employing a clustering 
technique (detailed in Sect. 3.3), which results in a multi-organ segmentation 
mask. 

3.1 Surrogate Label Generation for Model Pre-training 

The parotid and submandibular glands are small in size, not obvious in the 
original image, and difficult to distinguish by the model. In order to reduce the 
number of training iterations and optimize the final performance of the model, 
we designed a pre-training module based on surrogate label generation on the 
basis of the original TransUNet model. Figure 2 visualize the surrogate label 
sample generated in this stage. 

Specifically, our model is based on the TransUNet architecture [ 3], utiliz-
ing the ResNet-50 together with ViT-16 configuration pre-trained on the Ima-
geNet21K dataset for weight initialization. To further pre-train the model for
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Fig. 2. Example of surrogate label generation and pre-training. (a) Input image; (b) 
Surrogate label generated at the pre-training stage; (c) Prediction results of surrogate 
labels. 

NPC CT imaging segmentation, the original NPC CT imaging labels are auto-
matically augmented with 3D cubes and designated as surrogate labels. These 
cube-like surrogate labels cover exactly the x, y, and z-axis range where the 
label exists, and are employed to pre-train the model, enabling it to focus its 
attention predominantly on the crucial regions encompassing the left and right 
parotid glands, as well as the left and right submandibular glands. 

3.2 Model Fine-Tuning 

In the second stage of our proposed TUN-GCA framework, we employ a fine-
tuning process to further refine the pre-trained model using the original labels. 
During this stage, the model is presented with the ground truth segmenta-
tion masks corresponding to the input images. By minimizing the discrepancy 
between the model’s predictions and the ground truth labels, the fine-tuning 
process enables the model to adapt its learned features and parameters to the 
multi-organ segmentation task. 

This fine-tuning step allows the model to capture more nuanced and task-
specific characteristics of the organs of interest, leading to improved segmenta-
tion accuracy. Once the fine-tuning process is completed, the model is utilized to 
generate binary segmentation masks for each input image. These binary masks 
provide a preliminary region of the organs, which will be further refined in the 
subsequent stage. 

3.3 Multi-organ Exploration 

In this stage, we employ the Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN) algorithm [ 8] to refine the binary segmentation masks 
obtained from the previous stage and explore the multiple related organs in 
nasopharyngeal carcinoma. DBSCAN is particularly well-suited due to its ability 
to group together spatially connected and densely packed voxels that belong
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to the same organ, while simultaneously identifying and excluding isolated or 
spurious voxels that do not conform to the organ’s spatial characteristics. 

The DBSCAN algorithm analyzes the spatial proximity and density of the 
voxels and forms clusters based on these criteria. Voxels that are densely packed 
and spatially connected are grouped together into the same cluster, representing 
a specific organ. On the other hand, voxels that are isolated or do not exhibit 
sufficient spatial proximity to other voxels are considered noise points and are 
excluded from the clusters. This refinement process effectively explores multiple 
organs and ensures a more coherent and anatomically consistent outline. 

4 Experiments 

4.1 Dataset 

We conducted experiments on a dataset comprising CT images from 99 subjects, 
each diagnosed and labeled into one of four categories: left parotid gland, right 
parotid gland, left submandibular gland, and right submandibular gland. All 
data were presented in three-dimensional NIfTI format (nii.gz). 

4.2 Data Preprocessing 

Given the variation in the dimensions of axial slices across the dataset, a pre-
processing step was implemented to standardize the size of all slices to 512. × 512 
pixels. This standardization ensures uniformity in input data, facilitating effi-
cient training and testing of the model. 

To maintain the integrity and clinical relevance of the original data, the pre-
dicted outputs were resized back to their original dimensions post-training and 
testing. This step ensures that the segmentation results are directly comparable 
to the original CT images, preserving the necessity for clinical interpretation. 

4.3 Metrics and Loss Function 

To assess the effectiveness of our model’s segmentation capabilities, we employ 
two primary metrics: the Dice Similarity Coefficient (DSC) and the Average 
Surface Distance (ASD). These technical indicators are instrumental in quanti-
tatively evaluating the accuracy and precision of the segmented outputs relative 
to the ground truth annotations. Specifically, DSC is defined as: 

.DSC =
2‖V olGT ∩ V olSEG‖
‖V olGT ‖ + ‖V olSEG‖ (1) 

where .V olGT denotes ground truth segmentation results, and .V olSEG denotes 
the segmentation prediction by our framework. 

In terms of ASD, it is defined as the average distance from the points on the 
segmented region boundary to the real labeled region boundary:
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.ASD =
1
2
(
Σz∈SEGd(z,GT )

|SEG| +
σz∈GT d(u, SEG)

|GT | ) (2) 

where .d(z,GT ) refers to the shortest distance from the voxel to the ground truth 
surface; .d(u, SEG) denotes the shortest distance from the voxel . u to the surface 
of the SEG which is the result of the automatic segmentation of the algorithm. 

We adopt the value in Eq. 3 as the loss function, which effectively quantifies 
the discrepancy between the predicted segmentation and the ground truth. 

.Loss = 1 − DSC (3) 

4.4 Experimental Settings 

We performed the 10-fold cross-validation by randomly dividing the dataset into 
the training group (.90%) and validation group (.10%). The stochastic gradient 
descent (SGD) optimizer was utilized in the training stage. The hyperparame-
ter configuration for the optimizer includes an initial learning rate of 0.005, a 
momentum value of 0.9, and a weight decay coefficient of .10−4. The training 
was conducted with a batch size of 10, and the process was designed to run for 
a maximum of 300 iterations to optimize performance without overfitting. All 
training computations were performed on four NVIDIA V100 GPUs. 

4.5 Alternative Baselines 

We applied various clustering methods in the final multi-organs exploration stage 
for comparison, including Balanced iterative reducing and clustering using hier-
archies (Birch) [ 25], Gaussian Mixture Model (GMM) with the number of steps 
for the Expectation-Maximization (EM) [ 5], and K-Means [ 15]. 

• Birch: The Birch method is a hierarchical clustering technique that incre-
mentally constructs a tree structure for clustering large datasets by grouping 
data points into small clusters and then performing global clustering on these 
clusters. 

• GMM: The GMM method is a clustering technique that models the data as 
a mixture of multiple Gaussian distributions, each representing a cluster, and 
uses the Expectation-Maximization algorithm to estimate the parameters of 
these distributions. Specifically, GM denotes a GMM with .ninit set to 1, and 
GM10 denotes a GMM with .ninit set to 10. Here, .ninit represents the number 
of initializations. When .ninit = 10, it means that 10 different initializations 
are performed, and the optimal one is selected. 

• K-means: The K-means method is a clustering technique that partitions a 
dataset into K distinct clusters by iteratively assigning data points to the 
nearest cluster centroid and then updating the centroids based on the mean 
of the assigned points.
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Fig. 3. (a) Change of Dice Loss with the number of iterations for a model trained 
with 1 epoch after pre-training process. (b) Variation of Dice Loss with the number of 
iterations when the model without pre-training is formally trained. 

4.6 Qualitative Analysis 

To verify the effectiveness of surrogate label generation, we compare the valida-
tion loss of the model with and without surrogate label pre-training. As Fig. 3 
shows, with the surrogate label pre-training, the model required only one epoch 
(approximately 250 iterations) to accurately localize the target glands. Compar-
ing the validation loss curves between the two scenarios, i.e., with pre-training 
and without pre-training, it is evident that the introduction of surrogate label 
pre-training leads to a more stable convergence of the model, particularly during 
the early stages of training (1k to 3k epochs) where the loss decreases significantly 
faster and more steadily. This observation suggests that pre-training contributes 
to enhancing the stability of model training, especially when the available train-
ing data is limited. Furthermore, compared to the model without pre-training, 
the loss curve of the pretrained model is generally smoother and exhibits notably 
fewer local fluctuations and spikes. This implies that pre-training renders the 
model more robust to outliers in the training data, preventing it from being 
biased by individual noisy data points, thereby improving the model’s general-
ization and robustness. 

Figures 4 and 5 show the comparison of segmentation results in the multi-
organ exploration stage. It is evident that the proposed TUN-GCA method 
achieves the best performance in the segmentation tasks of both left and right 
parotid glands as well as left and right submandibular glands, significantly out-
performing the other compared methods. In terms of the ASD metric, the curves 
corresponding to TUN-GCA consistently lie at the bottom for all four organs, 
indicating that its segmentation results have the smallest deviation from the 
gold standard, thus achieving the highest segmentation accuracy. In comparison, 
TUN-GCA with Birch and TUN-GCA with GMM-10 exhibit slightly inferior 
performance, while TUN-GCA with GMM and TUN-GCA with KMeans yield 
the largest errors. From the perspective of the DSC, the curves of TUN-GCA 
generally reside at the top, with the highest values approaching 0.9, demon-
strating a high degree of overlap between its segmentation results and the gold 
standard.
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Fig. 4. Average Surface Distance (ASD . ↓) and Dice Similarity Coefficient (DSC . ↑) 
between the predicted and actual segmented areas of the parotid glands using 5 different 
clustering methods. 

Fig. 5. Average Surface Distance (ASD . ↓) and Dice Similarity Coefficient (DSC . ↑) 
between the predicted and actual segmented areas of the submandibular glands using 
5 different clustering methods.
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The trends in the results under the two evaluation metrics are essentially 
consistent, indicating that the relative performance rankings of the different 
methods are stable. However, in the results for the submandibular glands, the 
advantage of TUN-GCA is more pronounced, possibly because the submandibu-
lar glands are smaller and more irregularly shaped, posing greater challenges 
for the segmentation algorithms, which DBSCAN is better equipped to han-
dle. Apart from overall performance, TUN-GCA also exhibits better stability 
across different test subjects, as its curves are relatively smooth without signifi-
cant fluctuations or sudden changes. This suggests that the method has stronger 
robustness and adaptability to individual anatomical variations. 

Fig. 6. Example of the segmentation results. (a) Original CT image. (b) Ground truth 
segmentation results that are marked by the expert. (c) Predicted results by TUN-
GCA. 

Figure 6 provides an example of the segmentation results obtained using the 
proposed TUN-GCA framework. The predicted segmentation masks exhibit a 
high degree of similarity and spatial correspondence with the ground truth anno-
tations. 

The predicted segmentations in the bottom row of Fig. 7 exhibit a high degree 
of spatial correspondence and similarity with their respective ground truth coun-
terparts. The TUN-GCA model successfully captures the intricate morphologies 
and contours of the parotid glands and submandibular glands. The close agree-
ment between the ground truth and predicted segmentations as shown in Figs. 6 
and 7 underscore the effectiveness and accuracy of the TUN-GCA framework 
in automatically segmenting multiple organs in nasopharyngeal carcinoma CT 
images.
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Fig. 7. Example of comparison between the ground truth and predicted glands using 
TUN-GCA. 

4.7 Quantitative Analysis 

Table 1. Comparison of different segmentation refinement methods using average ASD 
and DSC. 

Metrics NPC related organs Birch GM GM10 K-Means DBSCAN 

Average ASD (. ↓) Left Parotid 1.22 1.03 1.03 1.02 1.05 
Right Parotid 1.01 0.94 0.94 0.91 0.91 
Left Submandibular 1.27 3.54 3.59 2.72 1.47 
Right Submandibular 1.24 1.99 2.03 2.26 1.15 

Average DSC (. ↑) Left Parotid 0.89 0.89 0.89 0.89 0.88 
Right Parotid 0.89 0.89 0.90 0.90 0.88 
Left Submandibular 0.81 0.77 0.77 0.78 0.79 
Right Submandibular 0.84 0.83 0.83 0.83 0.83 

Table 1 presents a comparative analysis of various segmentation refinement meth-
ods, namely Birch, GM, GM10, K-Means, and DBSCAN, in terms of their per-
formance using average ASD and DSC. Across the four regions, DBSCAN con-
sistently achieves competitive ASD scores, with the lowest values for the right 
parotid (0.91) and right submandibular (1.15) regions. K-Means also demon-
strates strong performance, obtaining the best ASD for the left parotid (1.02) 
and right parotid (0.91) regions. In terms of DSC, Birch, GM, GM10, and K-
Means exhibit comparable performance across the four regions, with values rang-
ing from 0.77 to 0.90. DBSCAN, while still achieving high DSC scores, slightly
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underperforms in comparison to the other methods for the left and right parotid 
regions. 

Table 2. Comparison of different model backbones using DSC (. ↑). 

NPC related organs AUnet DDNN Unet TransUNet 
Left Parotid Gland-average 0.83 0.77 0.55 0.89 
Right Parotid Gland-average 0.88 0.82 0.58 0.90 

The results in Table 2 demonstrate that TransUNet consistently outperforms 
the other models in segmenting both the left and right parotid glands, achieving 
average DSC scores of 0.89 and 0.90, respectively. These scores surpass those of 
AUnet (0.83 and 0.88), DDNN (0.77 and 0.82), and Unet (0.55 and 0.58) for the 
corresponding organs. The superior performance of TransUNet in segmenting 
the parotid glands is particularly noteworthy, as accurate delineation of these 
organs is crucial for precise radiation therapy planning and minimizing damage 
to surrounding tissues in nasopharyngeal carcinoma treatment. 

5 Conclusion 

In this paper, we introduced TransUNet with Gradually Converging Attention 
(TUN-GCA), a novel three-stage framework designed to enhance the segmen-
tation of critical organs in nasopharyngeal carcinoma using CT images. Our 
approach addresses the challenges posed by the small and intricate anatomical 
structures of the nasopharyngeal region by employing surrogate label generation 
for model pre-training, and the DBSCAN clustering algorithm for multi-organ 
exploration. Extensive experiments on a dataset of 99 subjects demonstrated 
that TUN-GCA substantially outperforms competitive baselines in terms of 
accuracy and efficiency. 

It is noteworthy that the potential applications of our TUN-GCA framework 
extend far beyond the realm of nasopharyngeal carcinoma. It also holds promise 
as a valuable tool for other multi-organ segmentation applications [ 24]. 
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Abstract. Burrs are thorny protrusions characterized by uneven edges or excess 
debris on the metal surface. In the aluminum profile extrusion industry, while a 
few burrs do not significantly affect the product’s functionality, they can adversely 
impact the measurement of critical parameters such as inner and outer diameters. 
Traditionally, burrs on aluminum profiles have been manually removed before 
measurement. However, it is feasible and highly efficient to directly remove burrs 
from cross-sectional images of aluminum profiles with burrs and measure cer-
tain parameters using computer vision methods, considering the labor-intensive 
nature of manual removal and the sporadic occurrence of burrs. Therefore, design-
ing an automatic and robust method to deburr cross-sectional images of aluminum 
profiles with burrs is imperative. This paper investigates the efficacy of multiple 
image restoration models for deburring cross-sectional images of aluminum pro-
files with burrs. Acquiring numerous pairs of cross-sectional images of aluminum 
profile from the real world is prohibitively expensive. Therefore, we propose a 
semi-automatic method to synthesize cross-sectional burrs and non-burrs images 
for training deburring models. Additionally, we design an explainable mecha-
nism called Axial Counting Attention to enhance burr removal effectiveness. 
This mechanism is effective and capable to focus on the edge areas with burrs 
in convolution-based networks. Experimental results demonstrate that our sim-
ple deburring model effectively removes burrs comparable to manual methods or 
even surpasses human performance, while maintaining competitive computational 
costs and inference times. 

Keywords: Image deburring · Smooth edge · Attention mechanism · 
Cross-sectional images · Aluminum profiles 

1 Introduction 

Due to mechanical processing limitations, excess protruding metal, known as burrs in the 
industry, occurs occasionally at the edges of metal workpieces. According to the Oxford 
English Dictionary, a burr is defined as an uneven ridge or edge formed on a material
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during machining processes. These materials can include metal, wood, plastic, or any 
other substance undergoing machining processes such as cutting, drilling, punching, etc. 
[1]. Burrs are undesirable obstructions commonly generated during machining processes, 
adversely affecting the quality of the workpiece in various aspects [1]. However, in the 
aluminum profile extrusion industry, the existence of a few burrs is allowed, which 
does not affect the normal use of metal parts but impacts the measurement of critical 
parameters including thickness, inner diameter, outer diameter, etc. Traditionally, burrs 
are manually removed before measuring these criteria on cross-sectional images using 
computer vision methods or by manual measurement on aluminum profiles. Although 
manual deburring removes burrs, this additional process is time-consuming, costly, and 
may compromise dimensional accuracy [1]. Therefore, to reduce labor costs and meet 
the demands of efficient assembly line production, it is crucial to establish an automatic, 
robust, and reliable deburring process using cross-sectional images of aluminum profiles. 
So far, there are a few methods employ machine vision or deep learning techniques for 
burr detection. [3] used edge detection, Hough line detection, parameter calibration and 
HSV color segmentation technology to obtain metal ingot contour information to form a 
mask image, in which the burr position can be accurately located. [4] used the Single Shot 
MultiBox Detector (SSD) network which was combined with the VGG16 convolutional 
neural network (CNN) to detect sharpness and burrs along its edges. At present, no 
one utilizes deep learning algorithms to directly remove burrs through cross-sectional 
images of aluminum profiles as we do. 

We utilize image restoration models to remove burrs, considering that burrs occurring 
during aluminum profile cutting can be seen as a form of regular noise or corruption 
that these models can effectively learn to handle. However, there are no relevant datasets 
for this image deburring task. Capturing numerous cross-sectional images from the real 
world is time-consuming and expensive. Besides, interference factors like pollutants and 
obstructions may exist in those images captured from real-world. Therefore, based on 
the aforementioned reasons, it is necessary to establish a synthetic dataset. The details of 
how to create a synthetic dataset is describe in Sect. 2.1. We investigated the effectiveness 
of multiple models for this deburring task. These models are typically used in image 
restoration tasks such as denoising, deraining, and deblurring. To enhance burr removal 
effectiveness, we propose a explicable mechanism called Axial Counting Attention. This 
mechanism focuses on edge areas with burrs and facilitates edge smoothing, specifically 
tailored for convolution-based networks. We substitute simple channel attention with 
Axial Counting Attention in NAFNet [5] and CascadedGaze [6], denoting their variants 
as ACANet and CascadedGaze-ACA, respectively. Both qualitative and quantitative 
experimental results demonstrate the beneficial impact of Axial Counting Attention on 
edge smoothing. 

The contributions of this paper are summarized as follows: 

1. We propose a semi-automatic method to create a training dataset for this novel task 
of deburring cross-sectional images of aluminum profiles with burrs. 

2. We evaluate the effectiveness of various image restoration models in this image 
deburring task. 

3. We propose a mechanism called Axial Counting Attention to enhance the smoothness 
of edge areas.
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2 Cross-Sectional Image Pairs Dataset 

As mentioned above, capturing too many cross-sectional images of aluminum profile 
from the real world is time-consuming and expensive, and such interference factors as 
pollutants and obstructions may exist in those real cross-sectional images. In this section, 
we build synthetic image pairs as a training dataset for training deburring models. There 
are two types of image pairs in the training dataset. One type is constructed with pairs 
of images, one with burrs and one without, while the other type consists of pairs of the 
same non-burrs image. The code of synthesizing cross-sectional burrs and non-burrs 
image as well as the whole training dataset is available at https://github.com/Qing9/deb 
urring_task. 

2.1 Synthesize Cross-Sectional Burrs Image and Non-burrs Image 

The real aluminum profile cross-section resembles a rectangular shape (see Fig. 1). 
The burrs on the aluminum profile typically appear as fine-toothed and uneven edges 
(see Fig. 1). Therefore, it is straightforward to conceive a simple approach: generating 
an cross-sectional image of aluminum profile by creating a rectangular contour and 
using mathematical formulas to simulate the burrs. Once we have captured the entire 
aluminum profile cross-section contour in an image, the next step is to fill in the pixels. To 
appropriately simulate the complex contours of burrs, we primarily employ trigonometric 
and power functions. The entire processing, consisting of 3 steps, and an example of 
synthesizing cross-sectional burrs and non-burrs images are shown in Fig. 2. Step 1 is  
to create a rectangular contour, Step 2 is to use trigonometric and power functions to 
simulate burrs on the edge area, and Step 3 is to fill pixels in both the burrs and non-burrs 
contours. 

Fig. 1. Burrs on the aluminum profile cross-section 

2.2 Image Pair Constructed with the Two Same Non-burrs Image 

Models need to learn not only how to remove burrs but also how not to alter other parts 
without burrs in an aluminum profile cross-section. In other words, we do not want to

https://github.com/Qing9/deburring_task
https://github.com/Qing9/deburring_task
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Fig. 2. Three steps to synthesize cross-sectional burrs image and non-burrs image 

change the correctness of the original contour of the aluminum profile cross-section. 
Especially for those complex contours, we do not want a trained model to mistake these 
complex contours as burrs. For this reason, we add some image pairs constructed with 
the same non-burrs image. First, we crop some sub-images from real cross-sectional 
images of aluminum profile with complex contours and non-burrs. We use a precise 
manual intervention technique to smooth out those slightly uneven edges that are not 
burrs (see Fig. 3). After obtaining the sub-image with smooth edges, we duplicate it to 
create another identical image pair. 

Fig. 3. Smooth processing 

3 Deburring Model 

In this section, we propose a mechanism named Axial Counting Attention and establish a 
simple baseline called ACANet. We illustrate the reasons for constructing such a simple 
network.
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3.1 Model Selection 

As mentioned above, we follow the intuition of utilizing image restoration models to 
remove burrs because we adopt the perspective that burrs on aluminum profiles can be 
considered a form of degradation. Considering the need for processing cross-sectional 
images of aluminum profile promptly during assembly line product testing, we do not 
choose diffusion-based models as our reference model. Although many excellent diffu-
sion models [7–12] perform well in image restoration tasks, and techniques like DDIM 
[13] and parallel sampling [8] have been developed to address the common issue of slow 
sampling speeds in diffusion models, the time required to generate an image of normal 
size, such as 256 × 256, is still unacceptable, not to mention larger sizes. We begin with 
a simple baseline without too many complex mechanisms or components because we 
are unsure of what is important and necessary for this deburring task. We want to know 
if simply a simple network works in this task. We investigated several image restoration 
models. Significantly, we found that NAFNet [5] adheres to the principle of Occam’s 
Razor, it is a convolution-based model. Owing to its low inter-block complexity and 
intra-block complexity, it is a good reference model to explore what components are 
necessary for this deburring task. 

3.2 Network Architecture 

We adopt the network architecture of NAFNet, including encoder blocks, middle blocks, 
and decoder blocks. But we replace simple channel attention, a simplified version of 
channel attention [14], with Axial Counting Attention proposed by us in the basic net-
work block. We refer to it as ACANet in this paper. In addition, we utilize SimpleGate in 
our basic network block, proposed by [5] and adopted in NAFNet [5] and CascadedGaze 
[6]. SimpleGate directly divides the feature map into two parts in the channel dimension 
and performs multiplication. It aims to replace many nonlinear activation functions. It 
is formulated as: 

SimpleGate(X , Y ) = X � Y (1) 

Thus, ACANet is a variant of NAFNet. The ACANet containing 8 encoder blocks, 
2 middle blocks, and 8 decoder blocks is shown in Fig. 4, where ACA refers to Axial 
Counting Attention discussed in next section. 

3.3 Axial Counting Attention 

We propose a simple and explainable mechanism named Axial Counting Attention 
(shown in Fig. 5) for this deburring task. This mechanism effectively focuses on areas of 
the edge that contain burrs. Axial Counting Attention is a mechanism that re-weights the 
feature maps using two-channel descriptors, wherein the feature maps are compressed 
through axial counting operations (shown in Fig. 6) in the x-axis and y-axis directions. 
Each channel descriptor captures the long-range dependence of input feature maps along 
a spatial direction. The idea of re-weighting feature maps in the x-axis and y-axis direc-
tions is derived from coordination attention [15] and adopted in [16]. However, we
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Fig. 4. The architecture of ACANet  

simplified it to ensure the low intra-block complexity and made pertinent changes to 
adapt it for this deburring task better. 

In this deburring task, we consider burrs occur on the aluminum profile when there 
are uneven protrusions or depressions in a local area, causing the contour of that area to 
deviate significantly from the surrounding contour. Therefore, it is critical to capture the 
feature of fluctuations of surrounding contour in a cross-sectional image of aluminum 
profile. The Axial Counting Attention aims to compute weights in the axial direction, 
which relates to the presence of burrs. These weights are obtained by computing the 
difference between adjacent pixels in the axial direction, a process referred to as axial 
counting operation in this paper. Moreover, the sum of the difference between adjacent 
pixels in the axial direction correlates with the presence of burrs, especially for alu-
minum profile cross-sections with simple contours. We can imagine this scenario. In the 
cross-sectional image of aluminum profile, white pixels represent the aluminum profile 
entity, while the black pixels represent the background. If two adjacent pixels have close 
values, we consider they belong to the same continuous part. Conversely, if their values 
differ significantly, they should be the boundary points between the background and 
the aluminum profile entity. Therefore, aside from extreme cases such as the aluminum 
profile itself containing parts with a serrated shape, detecting many boundary points in 
one axial direction implies the presence of burrs. The number of boundary points in one 
axial direction is linearly correlated with the sum of the differences between all adjacent 
pixels in that direction. The examples of our proposed Axial Counting Attention are 
illustrated in Fig. 7.
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Fig. 5. Axial Counting Attention 

Fig. 6. Axial counting operation 

4 Experiments 

In this section, we verify the effectiveness of various models in the deburring task, 
including Restormer [17], NAFNet [5], SERT [18], KBNet [19], MambaIR [20], AST 
[21], MASH [22], and CascadedGaze [6]. As a result, we discovered that only Restormer,
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Fig. 7. Examples of Axial Counting Attention 

NAFNet, SERT, and CascadedGaze work effectively in this deburring task. Furthermore, 
we try to combine Axial Counting Attention with Restormer, NAFNet, SERT, and Cas-
cadedGaze. We found that Axial Counting Attention does not work in transformer-based 
models such as Restormer and SERT, but it is effective in convolution-based models like 
NAFNet and CascadedGaze. We substitute Axial Counting Attention for simple chan-
nel attention in NAFNet and CascadedGaze. We denote these variants as ACANet and 
CascadedGaze-ACA. For ACANet, we build three variants of it containing 9 blocks, 18 
blocks, and 36 blocks respectively. 

We modify only some necessary parameters, such as the image input and output 
channels. We completely follow their default parameter settings for other parameters 
such as the optimizer and specific settings of the model. We stop training when the 
difference between minimum loss and maximum loss within 10 epochs is less than 1. 
The learning rate is divided by 10 when the model cannot keep training and we only 
do it once. For ACANet and CascadedGaze-ACA, we set the initial learning rate to 
1e-3, with Adam as an optimizer, and the strategy of changing the learning rate and 
stopping training is the same as mentioned above. We do not verify the effectiveness of 
the diffusion-based model because, as mentioned above, the backward denoising process 
is too lengthy to generate an image. We train and test models on the machine with AMD 
EPYC 7302 16-Core Processor and GeForce RTX 3090. 

4.1 Training Dataset 

We employ the method described in Sect. 2.1 to create 500 pairs of cross-sectional 
images, each containing images with and without burrs. Furthermore, as outlined in 
Sect. 2.2, we extracted 20 sub-images from real cross-sectional images of aluminum 
profiles and applied data augmentations such as shifting and rotating, resulting in a total 
of 80 images. These 80 non-burr images and their duplicates constitute 80 image pairs. 
This approach ensures that the model does not alter parts without burrs, especially those
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with complex contours. In summary, our training dataset consists of 580 image pairs, 
each sized at 256 × 256 pixels. All models are trained on this dataset. 

4.2 Experiments on Images Without Burrs 

As previously discussed, it is crucial that deburring models do not alter the original 
contour of an aluminum profile when no burrs are present. By including pairs of images 
composed of the same non-burr image, we verified that all models maintain the original 
contour in the absence of burrs, as shown in Fig. 8. 

4.3 Experiments on Real Cross-Sectional Images of Aluminum Profile with Burrs 

We measured smoothness using curvature as a metric, where smaller values indicate 
smoother aluminum profile edges. Real cross-sectional images of aluminum profile with 
burrs were binarized and evaluated using a third-degree polynomial function to simulate 
aluminum profile edges. Curvature was computed for each side edge of the aluminum 
profile images, averaging the curvature values for both sides (top and bottom, or left and 
right). Three groups of images were tested: Group 1 (15 images), Group 2 (10 images), 
and Group 3 (20 images). Quantitative results are summarized in Tables 1, 2 and 3, while 
qualitative assessments are depicted in Figs. 9, 10 and 11. 

In Group 1, focusing on the third image in Fig. 9 for qualitative analysis, Restormer, 
NAFNet, and SERT show less effective burr removal. Quantitatively, ACANet and 
CascadedGaze-ACA achieve superior deburring results, as indicated in Table 1. 
Restormer, NAFNet, SERT, and CascadedGaze perform comparably to human deburring 
capabilities. ACANet and CascadedGaze-ACA even outperform human performance 
significantly, achieving curvature values lower by an order of magnitude compared to 
other models. 

In Group 2, Restormer, NAFNet, and SERT exhibit less effective burr removal in the 
first and second-to-last images in Fig. 10. CascadedGaze-ACA performs best in qual-
itative evaluation. Quantitatively, CascadedGaze-ACA and ACANet achieve deburring 
results superior to manual deburring in the majority, whereas Restormer, NAFNet, and 
SERT perform worse, as shown in Table 2. 

In Group 3, NAFNet demonstrates the least effective deburring in the first image of 
Fig. 11. Overall, all models achieve comparable smoothness effects to manual deburring, 
as indicated in Table 3. 

4.4 Model Complexity 

Table 4 compares the average inference time and GFLOPs per single 256 × 256 image 
across various models. Based on the quantitative and qualitative results in Sect. 4.3, 
ACANet achieves deburring results comparable to or even superior to manual methods. 
Thus, we conclude that ACANet with 9 blocks achieves competitive computation costs 
and inference times while effectively removing burrs, all with an acceptable parameter 
count.
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Fig. 8. Results on images without burrs 

Table 1. Group 1 average curvature results. 

top-side average curvature bottom-side average curvature 

Manual deburring 1.75 × 10–4 1.31 × 10–4 

Restormer 2.01 × 10–4 1.27 × 10–4 

NAFNet 2.19 × 10–4 1.16 × 10–4 

SERT 3.03 × 10–4 1.54 × 10–4 

CascadedGaze 2.10 × 10–4 1.28 × 10–4 

CascadedGaze-ACA 1.50 × 10–5 9.64 × 10–5 

ACANet-36blocks 4.93 × 10–5 1.35 × 10–5 

ACANet-18blocks 8.25 × 10–5 7.29 × 10–5 

ACANet-9blocks 7.36 × 10–5 3.50 × 10–5 

Table 2. Group 2 average curvature results. 

left-side average curvature right-side average curvature 

Manual deburring 3.91 × 10–5 2.94 × 10–5 

Restormer 1.03 × 10–4 6.04 × 10–5 

NAFNet 8.76 × 10–5 4.94 × 10–5 

SERT 9.54 × 10–5 5.57 × 10–5 

CascadedGaze 6.38 × 10–5 4.10 × 10–5 

CascadedGaze-ACA 4.06 × 10–5 2.22 × 10–5 

ACANet-36blocks 2.40 × 10–5 1.63 × 10–5 

ACANet-18blocks 3.91 × 10–5 2.79 × 10–5 

ACANet-9blocks 3.79 × 10–5 3.19 × 10–5
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Table 3. Group 3 average curvature results. 

top-side average curvature bottom-side average curvature 

Manual deburring 2.12 × 10–4 1.23 × 10–4 

Restormer 3.14 × 10–4 1.83 × 10–4 

NAFNet 2.72 × 10–4 1.83 × 10–4 

SERT 3.86 × 10–4 1.76 × 10–4 

CascadedGaze 2.86 × 10–4 2.37 × 10–4 

CascadedGaze-ACA 2.17 × 10–4 2.13 × 10–4 

ACANet-36blocks 2.62 × 10–4 1.88 × 10–4 

ACANet-18blocks 2.47 × 10–4 1.85 × 10–4 

ACANet-9blocks 2.35 × 10–4 1.65 × 10–4 

Fig. 9. Group 1 deburring results
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Fig. 10. Group 2 deburring results 

Fig. 11. Group 3 deburring results
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Table 4. Comparisons of inference time, GFLOPs and Params of different models 

Time(s) GFLOPs Params(M) 

Restormer 0.638 38.75 19.90 

NAFNet 1.167 63.13 115.86 

SERT 2.579 116.31 1.83 

CascadedGaze 1.305 61.68 119.13 

CascadedGaze-ACA 1.706 64.05 119.13 

ACANet-36blocks 1.379 63.89 54.75 

ACANet-18blocks 0.737 34.13 30.16 

ACANet-9blocks 0.423 19.25 17.87 

5 Conclusion 

We have demonstrated the effectiveness of several image restoration models in the task 
of deburring cross-sectional images of aluminum profiles with burrs. By simulating 
complex burrs and uneven edges with synthetic images, we circumvent the costly and 
time-intensive process of capturing image pairs form real world. Experimental findings 
indicate that our deburring models can remove burrs as effectively as traditional manual 
methods, and in some cases, outperform human capability while operating at a faster 
speed. Importantly, our results suggest that complex network architectures and compo-
nents are not necessary for effective burr removal. Simple architectures such as NAFNet 
and ACANet, leveraging basic components like convolution and Unet, perform well in 
this deburring task. We introduce Axial Counting Attention as a mechanism to enhance 
edge smoothness, effectively focusing on areas with burrs. However, it is compatible 
only with convolution-based models and not transformer-based models. Quantitative 
results presented in Sect. 4.3 demonstrate that ACANet outperforms other deep learning 
models, achieving comparable or superior performance to manual deburring processes. 
Moreover, ACANet offers practical feasibility due to its low computational cost, making 
it suitable for deployment in real-world applications. 
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Abstract. Brain imaging reports often contain complex medical jargon that is 
difficult for patients without a medical background to understand. In this study, 
we examined the ability of four popular large language models (LLMs; ChatGPT-
3.5, ChatGPT-4, Google Bard, and Microsoft Bing) to simplify brain magnetic 
resonance imaging (MRI) reports for patients and compared physicians’ and 
patients’ satisfaction with the simplified reports generated by various types of 
LLMs. Specifically, 24 physicians and 40 participants without a medical back-
ground evaluated simplified reports generated from a full MRI report by each of 
the four LLMs, respectively. The results showed that physicians were satisfied with 
the comprehensibility, factual correctness, and completeness of the four versions 
of the simplified reports, but were neutral regarding the potential harm and overall 
quality of the simplified reports. They were also less likely to send the simplified 
reports to patients. Additionally, physicians were more satisfied with the reports 
generated by Microsoft Bing and ChatGPT-4 compared to those generated by the 
other two LLMs, in terms of potential harm, overall quality, and likelihood of 
sending the report to patients. Participants, on the other hand, reported that they 
easily understood the content of the simplified reports, drew correct conclusions, 
and expressed a high willingness to receive the simplified reports. There was no 
significant difference in participants’ ratings of the four simplified reports. These 
findings suggest great potential for using AI models to improve patient-centered 
care in brain imaging and other medical fields. 

Keywords: Artificial Intelligence · Brain Imaging · Large Language Models · 
Magnetic Resonance Imaging 

1 Introduction 

Brain imaging, such as magnetic resonance imaging (MRI), plays a critical role in pro-
viding physicians with important information about patients’ brain-related conditions. It 
helps physicians identify abnormalities, make diagnoses, and monitor treatment effec-
tiveness. However, interpreting MRI reports can be complex and time-consuming. These
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reports often contain a plethora of information, filled with complex medical jargon and 
technical terms, making them challenging for patients without a medical background 
to understand [1]. Providing patients with easily understandable imaging reports can 
empower them to play a more active role in their treatment process. Ideally, this commu-
nication should occur through active dialogue between physicians and patients. However, 
due to limitations in medical resources, such conversations are often delayed [2]. In this 
study, we explored whether utilizing artificial intelligence (AI) to generate simplified 
reports of brain imaging could serve as a coping strategy for this issue. 

AI is a branch of computer science that strives to mimic human-like intelligence using 
computer software and algorithms [3]. One of the most exciting developments in the field 
of AI is the emergence of large language models (LLMs), including ChatGPT, Google 
Bard, and Microsoft Bing. These models, based on deep learning algorithms trained 
on massive datasets, possess the ability to recognize, summarize, translate, predict, and 
generate text and other forms of content. Their development has ushered in a new era 
of natural language processing, enabling machines to comprehend and generate human-
like text at an unprecedented scale and quality [4, 5]. These LLMs can comprehend user 
queries and generate appropriate responses, providing assistance to users across various 
domains. 

LLMs are widely utilized in the medical field, particularly in medical diagnosis [6–9]. 
For instance, Hirosawa et al. [10] found that Google Bard exhibited superior diagnostic 
performance in common cases. Levkovich and Elyoseph evaluated ChatGPT’s ability to 
assess suicide risk and found that ChatGPT-4’s assessment of the likelihood of suicide 
attempts was similar to that of mental health professionals [8]. LLMs can also provide 
valuable decision support for physicians [6, 11]. Ahmed et al. [12] compared Chat-
GPT’s concordance with the recommendations set forth by The North American Spine 
Society (NASS) Clinical Guideline for the Diagnosis and Treatment of Degenerative 
Spondylolisthesis and found that ChatGPT was concordant for most clinical questions 
for which NASS offered recommendations. Another study found that although the treat-
ment options suggested by LLMs in precision oncology did not reach the quality and 
credibility of those by human experts, they generated helpful ideas that might comple-
ment established procedures [13]. Elyoseph et al. [14] examined the role of LLMs in 
prognosis prediction and found that ChatGPT-4 and Google Bard were closely aligned 
with the perspectives of mental health professionals and the general public in predicting 
the prognosis of depression. Additionally, LLMs can be used to enhance medical edu-
cation [15, 16]. For instance, Kung et al. [15] found that ChatGPT-4 has the ability to 
pass the United States Medical Licensing Exam (USMLE). Cheong et al. [17] found that 
ChatGPT-4 could accurately answer common questions about obstructive sleep apnea. 
Patil et al. [18] also found that ChatGPT-4 could accurately provide information on the 
risks, benefits, and alternatives of computed tomography (CT) and MRI scenarios. 

In addition, one of the remarkable abilities showcased by LLMs is their capacity 
to simplify complex text, making it more accessible to a wider audience. This includes 
transforming intricate language used in various specialties, thus enhancing comprehen-
sion. Given the excellence of LLMs in simplifying text, researchers have also begun 
to explore the potential of LLMs in simplifying medical imaging reports. For instance,
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Chung et al. [19] examined radiologists’ perceptions of MRI reports for prostate can-
cer patients simplified by ChatGPT-3.5. Most radiologists found the simplified reports 
to be understandable, correct, and comprehensive. However, they expressed concerns 
about potential harm and the overall quality of the reports. In another study, Jeblick 
et al. [20] evaluated the ability of ChatGPT (version December 15th, 2022) to sim-
plify full-body CT scans, as well as MRI reports for the knee and head. Professional 
physicians’ assessments indicated that the simplified reports were generally accurate, 
complete, and unlikely to cause harm to patients. Nevertheless, there were occasional 
inaccuracies, omissions of relevant medical information, and potentially harmful pas-
sages. Similarly, Butler et al. [21] investigated the use of ChatGPT-3.5 in simplifying 
orthopedic radiology reports, including those for X-rays, CT scans, and MRIs of the 
foot and ankle. While the simplified reports generally contained accurate information, 
they sometimes included incorrect statements, as noted by two radiologists. Schmidt 
et al. [2] investigated physician and patient evaluations of simplified versions of knee 
MRI reports created by ChatGPT (version December 15th, 2022), varying in complexity 
from simple to moderate to complex. Physicians found that the simple version did not 
compromise the accuracy of the reports compared to the complex version. Patients also 
reported better understanding of the simple versions compared to the complex ones. 
In a recent study, Kuckelman et al. [22] explored the feasibility of using ChatGPT-4 
to simplify musculoskeletal radiology reports. Musculoskeletal radiologists gave high 
overall ratings for the accuracy and completeness of the simplified reports generated by 
ChatGPT-4. Only a small portion of the content was deemed potentially confusing or 
inaccurate. 

These studies provide insights into the feasibility of using LLMs to simplify brain 
imaging reports. However, most of these studies evaluated the quality of the simplified 
reports primarily from the perspective of professional physicians [19–21], with few 
focusing on the responses of patients without medical backgrounds [2], who are the 
primary recipients of these simplified reports. Understanding their reactions is crucial 
for optimizing the effectiveness of these simplified reports. 

Furthermore, these studies primarily focused on using ChatGPT to simplify medi-
cal imaging reports, with fewer investigations into other LLMs. Although some studies 
found ChatGPT’s performance to be superior to other LLMs [23, 24], others found 
no significant differences [25, 26] or even lower performance compared to alternative 
LLMs [27, 28]. For example, Ilgaz and Celik found no significant difference between 
ChatGPT-3.5 and Google Bard in answering anatomical questions [29]. The average 
overall scores for providing accurate responses to common myopia-related queries were 
also not significantly different between ChatGPT-4 and Google Bard, with Google Bard 
even slightly outperforming ChatGPT-4 (4.35 vs. 4.23) [25]. Makrygiannakis et al. [27] 
compared the performance differences of ChatGPT-3.5, ChatGPT-4, Google Bard, and 
Microsoft Bing in answering clinically relevant questions within the field of orthodontics 
and found that Microsoft Bing outperformed ChatGPT-3.5 and ChatGPT-4. Understand-
ing the performance differences of these LLMs in simplifying brain imaging reports is 
essential for selecting the best tool.
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To explore these issues, we conducted a study to evaluate the effectiveness of four 
popular LLMs - ChatGPT-3.5, ChatGPT-4, Google Bard, and Microsoft Bing - in sim-
plifying brain MRI reports. We aimed to compare physician and patient satisfaction with 
the simplified reports generated by these four LLMs. Our goal is to explore the potential 
of LLMs in improving patient-centered care by providing easily understandable brain 
imaging reports. 

2 Method  

2.1 Participants 

24 radiologists (10 females; 39.08 ± 4.34 years) who had been practicing for more 
than 3 years and 40 participants with no medical background (18 females; 43.05 ± 
6.65 years) were recruited. They signed an informed consent form before participating 
in this survey. The study was performed in accordance with the Declaration of Helsinki 
and was reviewed and approved by the local Ethics Committee. 

2.2 Materials and Procedures 

This study utilized materials from Jeblick et al. [20], in which a fictitious brain MRI 
report was created by a radiologist with 10 years of experience. The report, of moderate 
complexity, mimicked common clinical cases, including previous medical information, 
findings on imaging, and conclusions. 

On March 1st, 2024, researchers submitted the complete brain MRI report to each 
LLM, with the prompt to “explain this MRI report to a child using simple language.” 
The LLMs used in this study were not permitted to alter any model settings, resulting 
in uncertain outputs. To minimize uncertainty, each LLM generated three different sim-
plified reports. Additionally, to avoid response bias caused by cached information, after 
each simplification, the chat session was restarted and the cache was cleared for each 
LLM [2]. 

Table 1 shows the original report and an example of simplified reports generated by 
each LLM. Between March 2024 and April 2024, every week, a set of three simplified 
reports (generated by the same LLM) along with the original report were sent to all 
physicians and participants. 

2.3 Questionnaires 

To assess the quality of the simplified reports, we created two questionnaires: one for 
physicians and one for participants without medical backgrounds. 

The questionnaire for physicians included questions regarding comprehensibility, 
factual correctness, completeness, potential harm, overall quality, and the likelihood of 
sending the report to a patient. The questionnaire utilized a 7-point Likert scale, ranging 
from 1 (strongly disagree) to 7 (strongly agree). 

For participants without medical backgrounds, the questionnaire included questions 
such as whether they understood the content of the report, whether they could draw the
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Table 1. The original report and an example of simplified reports generated by each LLM. 

Condition Reports 

Original report [20] • Several previous examinations are available for comparison 
The contrast-enhancing mass on the right parietooccipital side shows a progression 
in size in the short-term follow-up (currently max. 22 mm, in the previous 
examination max. 12 mm), with significantly increasing perifocal edema. The 
resection area on the right frontal side remains essentially unchanged, and there is 
still no definite evidence of a new contrast-enhancing mass. Otherwise, no evidence 
of recent or intermediate ischemia. No evidence of intracranial hemorrhage. No signs 
of cerebrospinal fluid circulation disturbance 
Conclusion: In the short-term follow-up, significantly size-progressive 
contrast-enhancing space-occupying lesion right parietooccipital with significantly 
increasing perifocal edema, DD distant GBM manifestation. No evidence of a 
contrast-enhancing mass in the right frontal resection area 

ChatGPT-3.5 • This report is about one’s brain. It shows a mass on the right side of the back of the 
head that has gotten bigger. There’s also swelling around this mass. On the front 
right side, where something was removed before, there’s no new lump. There’s no 
evidence of recent stroke, bleeding in the brain, or problems with the fluid around 
the brain. The conclusion is that that the new mass on the back right side of the 
head could be a type of brain cancer called glioblastoma 

ChatGPT-4 • This is a report of an MRI of the brain that can be compared to previous 
examinations. It shows a mass in the right side of the brain, near the back, has 
gotten bigger since your last scan. There’s also swelling around this mass. The area 
of the right front side of the brain where the surgery was performed appears 
unchanged, with no signs of a new mass. The report says there is no bleeding in the 
brain or any problems with the fluid that surrounds it. The conclusion of the report 
says that the mass on the back right side of the head is likely a type of brain cancer 
called glioblastoma 

Google Bard • This MRI report is talking about a person’s brain. The report shows a enhancing 
mass on the right side of the back the brain that has grown larger and is causing 
more swelling around it. The area where a previous surgery was done on the right 
side of the brain hasn’t changed. There’s no new mass found. There is no bleeding 
in the brain. The flow of cerebrospinal fluid is normal. The report suggests that the 
mass in the right back part of the brain may be a manifestation of a type of brain 
cancer called glioblastoma 

Microsoft Bing • This report is about a person’s brain. Physicians can compare current examination 
with previous examinations. The report shows that there is a mass on the right side 
of the back of the head that has grown bigger in size from the last scan. The area 
around this mass has also shown more swelling. The area on the right side of the 
front of the head, which had been previously treated, is unchanged and shows no 
new mass. The report shows no ischemia or bleeding in the brain, as well as no 
problems with the fluid that surrounds the brain. The conclusion is that the mass on 
the right side of the back of the head may be a type of brain tumor called a 
glioblastoma

correct conclusions, whether they fully understood the injury or illness being discussed, 
and whether they would be willing to receive such a simplified report. The questionnaire 
also used a 7-point Likert scale. 
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3 Results 

3.1 Physicians’ Evaluation 

The one-sample t-test revealed that physicians rated the comprehensibility of the simpli-
fied reports generated by the four LLMs higher than the median score (median = 4; ps < 

0.001; See Fig. 1). Additionally, the results of the repeated-measures ANOVA indicated 
no significant difference in comprehensibility scores among the reports generated by the 
four different LLMs (F (1, 23) = 0.42, p = 0.74, η2 p  = 0.018). 

Physicians also rated the factual correctness of the simplified reports generated by the 
four LLMs higher than the median score (median = 4; ps ≤ 0.023). Furthermore, there 
was no significant difference in factual correctness scores among the reports generated 
by the four different LLMs (F (1, 23) = 1.31, p = 0.28, η2 p  = 0.054). 

Scores for the completeness of the four versions of the simplified reports were all 
higher than the median (median = 4; ps ≤ 0.001). Moreover, there were no significant 
differences in completeness scores among the four simplified reports (F (1, 23) = 0.37, 
p = 0.77, η2 p  = 0.016). 

The simplified reports generated by ChatGPT-3.5 and Google Bard received poten-
tial harm scores below the median (median = 4), while the scores for ChatGPT-4 and 
Microsoft Bing were above the median. However, none of these differences reached 
statistical significance (ps ≥ 0.13). Moreover, the repeated-measures ANOVA found a 
significant difference in potential harm scores among the simplified reports generated 
by the four different LLMs (F (1, 23) = 3.06, p = 0.048, η2 p  = 0.12). Post-hoc paired 
t-tests revealed that the potential harm score of Microsoft Bing was higher than those 
of ChatGPT-3.5 (t (1, 23) = 2.88, p = 0.008, Cohen’s d = 0.59) and Google Bard (t 
(1, 23) = 2.01, p = 0.057, Cohen’s d = 0.41). Additionally, the potential harm score of 
ChatGPT-4 was higher than that of ChatGPT-3.5 (t (1, 23) = 2.14, p = 0.043, Cohen’s 
d = 0.44). No other significant differences were found (ps ≥ 0.20). 

Both ChatGPT-3.5 and Google Bard generated simplified reports that scored signifi-
cantly lower than the median on the overall quality dimension (median = 4; ps ≤ 0.032). 
Although the scores for ChatGPT-4 and Microsoft Bing were above the median, they did 
not reach statistical significance (ps ≥ 0.42). There was a significant difference in the 
scores for overall quality among the simplified reports generated by the four different 
LLMs (F (1, 23) = 3.65, p = 0.026, η2 p  = 0.14). Microsoft Bing’s score was higher than 
those of ChatGPT-3.5 (t (1, 23) = 2.50, p = 0.020, Cohen’s d = 0.51) and Google Bard 
(t (1, 23) = 2.54, p = 0.018, Cohen’s d = 0.52). Additionally, the score of ChatGPT-4 
was higher than those of ChatGPT-3.5 (t (1, 23) = 2.04, p = 0.053, Cohen’s d = 0.42) 
and Google Bard (t (1, 23) = 3.19, p = 0.004, Cohen’s d = 0.65). No other significant 
differences were found (ps ≥ 0.69). 

Physicians were less likely to send the simplified reports generated by ChatGPT-3.5 
and Google Bard to patients, with scores significantly lower than the median (median = 
4; ps ≤ 0.022). Similarly, ChatGPT-4 and Microsoft Bing also scored below the median, 
but these differences did not reach statistical significance (ps ≥ 0.41). There was a 
significant difference in the scores of the four simplified reports (F (1, 23) = 3.43, p = 
0.031, η2 p  = 0.13). Microsoft Bing’s score was higher than those of ChatGPT-3.5 (t (1, 
23) = 2.22, p = 0.037, Cohen’s d = 0.45) and Google Bard (t (1, 23) = 2.41, p = 0.025,
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Fig. 1. Rating of statements in simplified reports generated by different LLMs by physicians. 

Cohen’s d = 0.49). The score of ChatGPT-4 was also higher than those of ChatGPT-3.5 
(t (1, 23) = 2.32, p = 0.030, Cohen’s d = 0.47) and Google Bard (t (1, 23) = 2.11, p = 
0.046, Cohen’s d = 0.43). No other significant differences were found (ps ≥ 0.69). 

3.2 Patient Evaluation 

Participants without medical backgrounds reported that they could understand the con-
tent, draw correct conclusions, and comprehend the injury or illness discussed in the 
simplified versions of the MRI reports generated by all four LLMs. They also expressed 
willingness to receive such simplified reports. The one-sample t-test revealed that their 
ratings for these items were significantly higher than the median (median = 4; ps < 

0.001; See Fig. 2). Additionally, the results of the repeated-measures ANOVA showed
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that the participants’ ratings for the four versions of the simplified reports did not differ 
significantly on any of the items (ps ≥ 0.21). 

Fig. 2. Rating of statements in simplified reports generated by different LLMs by participants 
without medical backgrounds. 

4 Discussion 

The development of LLMs, such as ChatGPT, has emerged as a promising solution for 
generating simplified medical imaging reports for patients without medical backgrounds. 
In our study, we aimed to assess the feasibility of using LLMs to generate simplified brain 
imaging reports for patients. Specifically, we examined the ability of four popular LLMs 
(ChatGPT-3.5, ChatGPT-4, Google Bard, and Microsoft Bing) to simplify brain MRI 
reports for patients and compared physician and patient satisfaction with the simplified 
reports generated by these different LLMs. 

Physicians’ evaluations indicated satisfaction with the comprehensibility, factual cor-
rectness, and completeness of the simplified reports. However, they expressed neutrality 
or even negativity regarding the potential harm and overall quality of the reports, and 
were unlikely to send them to their patients. These findings are consistent with previous 
research. For instance, Jeblick et al. [20] found that physicians held a neutral stance on 
the potential harm of simplified head MRI reports generated by ChatGPT. Similarly, 
Chung et al. [19] discovered that radiologists were unlikely to be satisfied with the 
potential harm and overall quality of knee MRI reports generated by ChatGPT, and were
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also unlikely to send these reports to patients. These results suggest that physicians still 
hold a relatively cautious attitude towards using LLMs to generate simplified imaging 
reports. 

In contrast, patients without medical backgrounds reported understanding the con-
tent of the simplified reports and drawing correct conclusions. They also expressed a 
strong willingness to receive these simplified reports. This could be attributed to the 
fact that patients without medical backgrounds often have a greater need for simplified 
reports to understand their own medical conditions. Previous research has also found that 
non-expert participants are more likely to use artificial intelligence models to assist in 
decision-making compared to industry experts [30]. These results underscore the neces-
sity of bridging the gap in understanding between physicians and patients before using 
LLMs to generate medical imaging reports for patients without medical backgrounds. 

Furthermore, we explored differences in physician and patient attitudes toward sim-
plified reports generated by different LLMs. The results showed that there was no sig-
nificant difference in participants’ ratings of the four simplified reports. However, physi-
cians had more positive evaluations of the simplified reports generated by ChatGPT-4 
and Microsoft Bing, and they were more inclined to send them to their patients compared 
to those generated by ChatGPT-3.5 and Google Bard. As mentioned in the Introduction, 
different LLMs operate based on different underlying logics, resulting in variations in 
their performance across different tasks [23, 27]. The findings of this study suggest 
that ChatGPT-4 and Microsoft Bing are superior tools for simplifying brain imaging 
reporting for patients compared to ChatGPT-3.5 and Google Bard. 

This study has several limitations that should be considered. The first limitation is 
that the evaluation of the simplified reports was conducted in a simulated setting, which 
may not fully reflect real-world scenarios. Future studies could involve real patients and 
clinical settings to validate the findings of this study. Secondly, this study exclusively 
focused on brain imaging reports. While this allowed us to delve deeply into the specific 
context of neuroimaging, the findings may not be applicable to other types of medical 
imaging reports. Future research should explore the use of LLMs in generating simplified 
reports for different types of medical imaging, such as musculoskeletal or abdominal 
imaging. Lastly, this study only evaluated four LLMs. There are many other LLMs 
available, and their performance in generating simplified imaging reports may vary. 
Future research could include a broader range of LLMs to provide a more comprehensive 
comparison. 

In summary, the present study revealed differences in physician and patient attitudes 
toward simplified versions of brain imaging reports generated by LLMs. While patients 
showed positive evaluations of the simplified reports, physicians maintained a relatively 
cautious attitude towards using LLMs to generate such reports. Furthermore, our findings 
indicated differences in the performance of different LLMs in generating simplified brain 
imaging reports, with ChatGPT-4 and Microsoft Bing outperforming ChatGPT-3.5 and 
Google Bard. These findings offer valuable insights into the feasibility and acceptance 
of using LLMs to generate simplified brain imaging reports for patients without medical 
backgrounds. 

Disclosure of Interests.. The authors have no competing interests to declare that are relevant to 
the content of this article.
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Abstract. Transformer models have proven to be an efficient architec-
ture for large language models, enabling them to exhibit human-like 
behaviors. However, it remains unclear how they combine the properties 
of individual words. To investigate this, we focus on the simplest com-
positional unit—two-word phrases—and employ four simple, parameter-
free composition operations: addition, multiplication, first word, and sec-
ond word. This approach serves as the first step toward understand-
ing the composition mechanisms in transformer modules. We propose 
straightforward interpretation methods based on brain-based componen-
tial semantics. Specifically, we map the distributed vector space in trans-
formers to an interpretable brain-based componential space to explore 
the intrinsic properties of representation and their semantic composition-
ality. Our findings show that, like humans, phrase types and semantic fea-
tures influence the combination process in transformers. However, unlike 
humans, most phrase types paired with semantic features require more 
complex combination operations than simple addition or multiplication. 

Keywords: Transformer · Word representations · Composition 
operations · Brain-based componential semantics 

1 Introduction 

For much of history, humans were the only beings capable of creating and 
understanding complex natural language. However, with the advent of large 
language models like ChatGPT, machines now exhibit language abilities com-
parable to those of humans. These models have even passed the Turing Test, 
making it increasingly difficult to distinguish between human and machine-
generated responses [ 1, 16]. Despite this achievement, how these models work 
remains underexplored. 
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At the heart of large language models is the transformer architecture, which 
leverages multiple self-attention mechanisms to integrate meanings [ 10], a pro-
cess central to language comprehension (Li et al., 2023). To further the devel-
opment of advanced language processing models, it is crucial to examine and 
compare the mechanisms of composition within transformer-based models. This 
paper investigates how composition functions in transformers using simple two-
word phrases. We employ an interpretable, brain-based componential semantic 
representation to demystify the inner workings of these ‘black boxes.’ 

The brain-based componential semantic representation was developed to 
study how the brain represents word meanings. This question has been a long-
standing focus of cognitive psychology. Currently, most researchers agree that 
meanings are represented across multiple brain regions and are at least partly 
embodied in perception, action, and other neural systems related to individual 
experiences [ 3, 11, 18]. Summarizing previous work, Binder et al. [ 2] proposed  
“brain-based componential semantic representations,” which are based entirely 
on functional divisions in the human brain. They represent concepts using prop-
erties like vision, somatic, audition, spatial, and emotion. This semantic space is 
interpretable and offers the most comprehensive explanation of human concept 
representation to date, making it an ideal tool for interpreting machine learning 
models. 

The two-word phrase paradigm was proposed to study combinatory process-
ing in the brain using basic composition units. Regarding conceptual combina-
tion in the brain, substantial evidence indicates that the left anterior temporal 
lobe (LATL) activates during conceptual composition within 200–250 millisec-
onds [ 9, 13]. To understand this process, Wang et al., [ 17] used both human 
annotations of semantic features and Magnetoencephalography (MEG) data for 
phrases and their component words. They found that conceptual combination is 
not a one-size-fits-all process; phrase types and semantic features influence the 
choice of composition operations. Specifically, sensory-motor features favored 
simple first and second-word models as composition operations, relying solely 
on the semantic ratings of one component word to determine the rating at the 
phrasal level. In contrast, non-sensory feature ratings largely depended on the 
combination of both words, favoring multiplication as the composition opera-
tion. Additionally, VerbNoun phrases showed a distinct pattern compared to 
other phrase types. For perceptual features, VerbNoun constructions blended 
component words through multiplication rather than relying on individual word 
models. 

This paper builds on prior research into human compositional abilities [ 17] 
to examine how meanings are integrated in transformer-based models. We 
extract representations of phrases and their component words from GPT and 
BERT architectures, project them into an interpretable semantic space, iden-
tify encoded properties across layers, and determine the composition operations 
used. Results show that, like humans, phrase types (e.g., adjective-noun, verb-
noun) and semantic features (e.g., vision, audition, motor) significantly influence 
the choice of composition function. However, unlike humans, most phrase types
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paired with most semantic features require more complex operations than sim-
ple addition or multiplication. Similar trends are observed across BERT models, 
while GPT and BERT exhibit distinct characteristics, with different layers show-
ing unique patterns. 

2 Brain-Based Componential Semantic Representations 

The brain-based componential semantic dataset, proposed by Binder et al. [ 2], 
contains 535 different types of concepts, comprising 122 abstract words and 
413 concrete words, including nouns, verbs, and adjectives 1. Each concept is 
evaluated across 65 properties including vision, somatic, audition, gustation, 
olfaction, motor and so on. Crowd-sourced rating experiments provide saliency 
scores (ranging from 0 to 6) for each attribute of all 535 concepts. Through 
extensive experiments, Binder et al. [ 2] showed that the brain-based semantic 
vectors effectively capture semantic similarities and align well with prior con-
ceptual categories, supporting the validity of the dataset. 

Wang et al. [ 17] extend this dataset to the phrase level, rating 216 phrases 
and 107 component words across the 65 semantic features defined by Binder et 
al. [ 2]. Figure 1 demonstrates an example of the brain-based semantic vectors for 
the phrase ‘green cake’ and its two component words. As expected, the abstract 
adjective ‘green’ carries more weight on abstract properties, while the concrete 
noun ‘cake’ emphasizes sensory and motor properties. For the feature “color,” 
‘green cake’ receives the same rating as ‘green,’ whereas for other features, ‘green 
cake’ follows the ratings of ‘cake.’ 

Fig. 1. An example of brain-based semantic vectors, each dimension rated and averaged 
by 30 individuals.

1 The dataset can be found at: http://www.neuro.mcw.edu/resources.html. 

http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
http://www.neuro.mcw.edu/resources.html
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3 Methodology 

3.1 From Transformer Semantic Space to Experiential Semantic 
Space 

The core algorithm of large language models uses a transformer structure with 
self-attention for composition. As illustrated in Fig. 2, its composition process 
functions by first learning word embeddings, and then generating three vectors 
per word: query, key, and value. The query vector of one word is dot-multiplied 
with the key vectors of others to produce scores, which are processed through 
division and softmax to derive an importance score. This score is multiplied with 
the value vector, and the results are averaged to create the phrase representation. 

To investigate how meanings are combined in transformer-based models, we 
project their representations from transformer semantic space into experiential 
semantic space. We also examine the composition operations employed by dif-
ferent types of phrases, referred to as linguistic relations, when associated with 
various semantic features (relation-feature pairs). 

Fig. 2. Framework of our method by projecting the semantic space of transformers 
into an experiential semantic space and exploring the compositional operations used 
by different types of phrases. 

3.2 Composition Operations 

For composition operations, we employed Addition and Multiplication to exam-
ine the composition process between the component words, denoted as w1 (the 
first word) and w2 (the second word) in a two-word phrase. Additionally, we 
utilized two simpler models for comparison: Word1 (corresponding to the first 
word) and Word2 (corresponding to the second word).
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. ◦ Addition: (w1 + w2)/2 

. ◦ Multiplication: (w1 . × w2)/6 

. ◦ Word1: w1 

. ◦ Word2: w2 

For instance, given w1 = [1, 2, 3] and w2 = [4, 5, 6], predicted ratings using 
Addition, Multiplication, Word1, and Word2 methods would be [5/2, 7/2, 9/2], 
[2/3, 5/3, 3], [1, 2, 3], and [4, 5, 6], respectively. The four operations mentioned 
above represent distinct methods of semantic composition. Addition involves 
directly adding corresponding word features, reflecting the superposition effect 
of brain activation. Multiplication, on the other hand, multiplies word features to 
form phrase meaning, representing the interactive effect of componential words. 
The predicted phrasal ratings by Addition or Multiplication are normalized to 
0–6 range by dividing 2 and 6, respectively. The Word1 and Word2 methods 
solely consider the features of the first and second words to determine phrase 
meaning. 

3.3 Composition Error 

To quantify the composition process, we developed a metric known as ‘com-
position error’. This metric quantifies the challenge of conceptual composition 
by measuring the discrepancy between predicted and observed phrase ratings. 
The difference is computed for each feature independently, achieved by employ-
ing the composition operation on the constituent words to derive the predicted 
feature ratings and then subtracting them from the observed phrase ratings. 
The resulting error score indicates how effectively the operation captures the 
relationship between observed word and phrase features, serving as an indicator 
of the suitability of employing the composition operation to combine words into 
phrases. For instance in Fig. 3, we first independently apply different composition 
operations to the word vectors for ‘green’ and ‘cake.’ This process yields pre-
dicted phrase vectors for ‘green cake.’ We then subtract these from the human-
annotated phrase vector for ‘green cake,’ resulting in the composition error. This 
value measures the discrepancy between the predicted and observed phrase rat-
ings, thus gauging the accuracy of our compositional predictions. 

3.4 Dominant Composition Operation 

To further explore the preference for composition operations, we identified dom-
inant composition operations for each relation-feature pair. If one composition 
operation outperformed the other three in more than half of the cases, we deemed 
this operation the dominant composition operation. For instance, when using 
scalar noun phrases for vision features, observing a significantly lower compo-
sition error with addition, compared to other composition functions, suggests 
that scalar-noun phrases predominantly utilize addition as their composition 
operation when addressing vision features. 

This method enhances our understanding of how phrasal meanings are com-
posed within the experiential semantic space.
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Fig. 3. Conceptual composition quantification method: composition error that assesses 
the difficulty of conceptual composition by measuring the disparity between predicted 
and actual phrase ratings. 

4 Experimental Settings 

4.1 Dataset 

We used the 36 unique phrases for each of the 6 phrasal types created in [ 17]: 
ScalarNoun (e.g., ‘small train’), IntersectiveNoun (e.g., ‘dusty train’), VerbNoun 
(e.g., ‘stop trains’), HasNounNoun (e.g., ‘power train’), ForNounNoun (e.g., 
‘tourist train’), and MadeOfNounNoun (e.g., ‘iron train’). This resulted in a total 
of 216 phrases. Each phrase type contains 13 different first words, appearing 1 to 
5 times. The second noun in these phrases belonged to one of 6 categories: food-
plant, furniture, human, place, vehicle, and tool. Each phrase and it component 
words are rated by the 65-dimensional componential semantic vectors. 

4.2 Models 

We evaluated four popular models from two distinct families: 1) The BERT 
Family, which includes BERT, BERT-large, and distillBERT, all utilizing bidi-
rectional learning techniques. 2) The GPT Family, featuring models like GPT-2 
that employ autoregressive training, ideal for sequential text generation tasks 
that require creativity. 

All models used in this study are sourced from OpenAI’s pretrained models 
in the Transformers library 2.

2 https://huggingface.co/transformers/v3.3.1/pretrained_models.html. 

https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
https://huggingface.co/transformers/v3.3.1/pretrained_models.html
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4.3 Data Preprocessing 

There is a total of 390 relation-feature pairs by combining 6 relations and 65 fea-
tures (e.g., Scalar-Vision, Scalar-Bright, Intersective-Vision), with each relation-
feature pair encompassing 36 phrases. We filtered out pairs if more than half of 
the phrases exhibited scores lower than 1 on the given feature for either word 
(W1 or W2), since overall low scores indicates irrelevance of that feature to the 
concepts in question. For instance, the relation-feature pair ScalarNoun-Color 
was excluded as more than half of the ScalarNoun phrases received ratings 
below 1 on the Color feature, reflecting the fact that color is not a relevant 
dimension to many of the scalar adjectives such as big, hot, soft, long, new, 
heavy. Instead, we focused on understanding how words combine, concentrating 
on relation-feature pairs where both words share the relevant feature above a 
certain degree. Consequently, pairs like the one mentioned are filtered out in our 
analysis. This process resulted in 132, 137, 135, and 134 relation-feature pairs 
for GPT-2, BERT, BERT-large, and distillBERT, respectively. Subsequently, 
we assessed their compositional suitability. If one composition operation outper-
formed the other three in more than half of the cases, we deemed this operation 
the dominant composition operation (as defined in Sect. 3.4), i.e., an operation 
that produces the closest match between predicted and observed feature values. 

5 Results 

5.1 Properties Encoded in Representations 

Fig. 4. Semantic properties encoded in word representations across different models. 

We first examined the average ratings of the word representations mapped in 
the experiential semantic space, analyzing 107 words from various models. As 
depicted in Fig. 4, all models scored similarly. Previous experiments revealed dis-
tinctions in the original transformer space [ 8]; however, these differences dimin-
ished once mapped to the experiential semantic space. This observation aligns 
with the findings reported in [ 4]. In this space, the vision feature scored the 
highest, while semantic features such as Low and High scored the lowest. This 
result is logical given that the majority of the words evaluated are either color 
descriptors or concrete nouns.
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We analyzed the average ratings of two-word phrase representations in the 
experiential semantic space, evaluating 216 phrase stimuli from various model 
layers. As depicted in Fig. 5, the ratings across different layers are notably similar, 
mirroring the trend observed with word representations where the vision model 
scored highest. These findings suggest that the representations generated by the 
transformer-based model encode similar information, indicating that they are 
indistinguishable from one another within the experiential semantic space. 

Fig. 5. Semantic properties encoded in two-word phrase representations in GPT2 
model across different layers. 

5.2 Significant Interaction Effects on Conceptual Composition 

To explore how semantic features and linguistic relations affect the choice of 
composition operations, we employed a two-way ANOVA. We calculated the 
composition error (as detailed in Sect. 3.3) for each of the 65 semantic features 
across six types of linguistic relation phrases, using this error as the dependent 
variable. Both semantic features and linguistic relations were treated as inde-
pendent variables. 

The results, summarized in Table 1 and derived from the GPT model (similar 
outcomes were observed with other models, hence they are not included), demon-
strated highly significant interaction effects (p . < 0.001) between these variables 
across all four composition operations. These findings highlight the substantial 
role of both linguistic relations and semantic features in how transformers pro-
cess and combine meanings (Fig. 6). 

To further investigate the interactions, we computed the composition errors 
for linguistic relations, averaging across the four composition operations. As 
shown in Fig.  4, unlike the human results where VerbNoun phrases demonstrated 
significantly larger errors compared to other phrase types-indicating a poor fit of 
the composition operations to these phrases, likely due to their increased com-



How Do Transformers Integrate Meanings? 415

Table 1. Results of the two-way ANOVA using the GPT model in which F is F statistic 
and p denotes p-value. 

plexity [ 17]-we observed no significant differences between the various linguistic 
relations in transformer-based models 3. 

Fig. 6. Average Composition Errors in Linguistic Relations using the GPT model. 

5.3 Preferred Composition Operations for Individual Features 
and Relations 

The previous analysis has demonstrated significant interactions between seman-
tic features and linguistic relationships, influencing the effectiveness of various 
composition operations on our dataset. However, it remains unclear which spe-
cific composition operations are preferred by different semantic features and lin-
guistic relationships, and what factors drive these preferences. To explore these 
questions, we identified the primary composition operations for each relation-
feature pair, as detailed in Sect. 3.4. Figure 7 illustrates that, among the 130+ 
relation-feature pairs we examined in GPT and BERT-based models, only a 
minority displayed a dominant composition operation. This indicates that most 
phrase pairs utilize multiple operations to integrate meanings effectively. Specif-
ically, for the GPT model, most pairs predominantly employ either ‘Word1’ or 
‘Word2’ as the composition method. Meanwhile, the BERT model frequently 
uses ‘Word1’, ‘Word2’, and ‘multiplication’ to merge word meanings across var-
ious BERT model types, suggesting a consistent trend. 

To assess generalizability, we used the t-SNE method to visualize relation-
feature pairs in two dimensions, focusing on composition errors. This visual-
ization helped us intuitively see the variations across different layers. Figure 8

3 Results from BERT, BERT-large, and DistilBERT were consistent and are therefore 
not included here. 
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Fig. 7. Dominant composition operation trends across layers in transformer-based 
models. 

illustrates that as the number of layers increases, the emphasis on Multipli-
cation decreases, while the presence of ‘Word1’ and ‘Word2’ becomes more 
pronounced. Initially, no clear patterns emerge in Layer 1, but by Layer 13, 
‘Word1’ is predominantly found in verb-noun and noun-noun combinations, and 
‘Word2’ is frequently seen in adjective-noun pairings. Notably, these layers show 
far fewer prevalent composition operations than those typically found in human 
data observed in [ 17]. 

In summary, the clustering results highlight the prominent divisions of lin-
guistic relation (i.e., AdjNoun/NounNoun versus VerbNoun) and composition 
operation (i.e., Word1/Word2 versus Multiplication). Like humans, phrase types 
and semantic features influence the combination process in transformers. How-
ever, unlike humans, most phrase types paired with semantic features require 
more complex combination operations than simple addition or multiplication. 

6 Related Work 

6.1 Investigation of Word Representations 

Numerous studies have focused on interpreting word representations, with most 
research examining the internal characteristics of semantic representations by 
correlating them with linguistic features [ 6, 14, 15]. Additionally, Wang et al. [ 19] 
and Chersoni et al. [ 4] have investigated the semantic properties encoded in 
word embeddings by mapping them onto interpretable vectors. These vectors 
comprise explicit and neurobiologically motivated semantic features [ 2], with 
the former study evaluating multimodal word representations and the latter 
analyzing differences between various types of word embeddings. Building on
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Fig. 8. t-SNE visualization of relation-feature pairs based on composition errors. The 
green, red, blue, and purple dots represent relation-feature pairs where Multiplication, 
Word1 Addition, Word2 Addition, and Multiplication are the dominant composition 
operations, respectively. The gray color dots represent relation-feature pairs without 
dominant composition operations. (Color figure online) 

these foundations, our work aims to explore how different properties are encoded 
in word representations and, more importantly, how compositions are processed 
in this interpretable semantic space. 

6.2 Investigation of Semantic Compositionality 

Semantic compositionality has been addressed by various composition models 
[ 5, 12, 20, 21]. However, the dimensions in many semantic vector spaces lack clear 
meanings, making it challenging to interpret how different composition mod-
els function. Fyshe et al. [ 7] addressed this issue by employing sparse vector 
spaces, using the intruder task to measure the interpretability of semantic dimen-
sions. This approach requires manual labeling, and the outcomes are often not 
intuitive. Furthermore, Wang et al. [ 19] explored the interpretable experiential 
semantic space and visualized differences between word and phrase representa-
tions. Recent work by Yu and Ettinger [ 22] analyzes phrase representations in 
advanced pre-trained transformers. They used tests based on human evaluations 
of phrase similarity and meaning shifts to distinguish between lexical and com-
positional effects, adjusting for word overlap. Their findings reveal that these 
models’ phrase representations rely primarily on individual words, with limited 
evidence of complex compositional understanding. Despite these advances, there 
remains a lack of quantitative results that illustrate the composition process in 
two-word combinations, which our study seeks to address by introducing a new 
methodological framework that combines quantitative analysis with cognitive 
linguistic theory.
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7 Conclusion and Future Work 

This paper utilizes interpretable, brain-based componential semantics in two-
word phrases to explore how transformer models integrate meaning, in compari-
son to human processes. Drawing on findings from [ 17], we observe that, for most 
phrases, machines employ complex compositional operations that vary across 
different models. Additionally, similar information encoded across different lay-
ers indicates information loss when projecting transformer representations into 
experiential semantic space. Similar to humans, the type of phrase and semantic 
features influence how transformers combine meanings. However, in contrast to 
human methods, most combinations of phrase types and semantic features in 
transformers require more intricate operations than mere addition or multipli-
cation. 
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