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Preface

With the explosive growth of online platforms, users are now faced with an over-
whelming array of choices, making it increasingly difficult to quickly and accurately
find the items they are looking for. To address this challenge and enhance the effi-
ciency of information retrieval, recommender systems have become a cornerstone of
modern web services and have been the subject of extensive research. The majority
of existing recommender systems, particularly those based on collaborative filtering,
predict users’ preferences for unseen items by analyzing their historical interactions,
achieving considerable success. However, in real-world scenarios, the user-item in-
teractions are often sparse, which can complicate the prediction process and limit the
effectiveness of traditional approaches. To overcome the sparsity issue, an increasing
number of methods have been developed to leverage multimodal information related
to users and items, such as images and reviews, to supplement user-item interac-
tions and improve recommendation performance. These various modalities contain
rich information about user preferences and item characteristics, which are highly
beneficial for more accurate and fine-grained modeling of user preferences.

While multimodal information has the potential to significantly enhance rec-
ommender systems, effectively extracting and leveraging this information is not
straightforward. The different modalities are often correlated rather than indepen-
dent, with each providing a unique perspective on user preferences for items. As a
result, multimodal learning is essential to fully harness the rich, recommendation-
relevant information, rather than simply combining multiple unimodal data sources.
While effective multimodal learning has been deeply explored in other multimodal
tasks, its application in the recommendation domain is still in its early stages. Con-
sequently, multimodal learning toward recommendation still faces the following
critical challenges:

(a) Noise and Redundant Features. While multimodal information offers rich and
valuable insights into users and items, it also contains a substantial amount of
noise and redundant features. Extracting irrelevant multimodal data can hin-
der rather than enhance recommendation performance. Therefore, efficiently
extracting recommendation-oriented features from multimodal data is essen-
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tial for multimodal learning towards recommendation and poses a significant
challenge.

User Diverse Preference. Multimodal data often contains diverse characteristics
of various items. Most existing methods rely on these multimodal features to
jointly learn fixed user and item representations for recommendations, often
overlooking the fact that users may focus on different aspects of items depending
on their preferences. Since users exhibit diverse preferences across various
items, accurately capturing these diverse preferences is crucial for accurate
recommendations. As a result, a major challenge in multimodal learning is how
to effectively explore and leverage the diverse characteristics of items embedded
in multimodal features.

User Modality Preference. For a given item, multiple modalities may provide
relevant information, but users often have different preferences regarding which
modalities they rely on. For instance, when purchasing clothing, some users
may prefer to assess the style of clothing by viewing images, while others might
rely more on the opinions expressed in reviews. As a result, the importance of
different modalities in modeling user preferences can vary. Capturing these fine-
grained preferences is essential for ensuring the robustness of recommendations.
However, existing research often overlooks the user modality preference, signif-
icantly limiting the effectiveness of multimodal learning in recommendations.
Dynamic Multimodal Fusion. Despite significant advances in multimodal fusion
techniques, many existing approaches in recommendation systems still rely on
static fusion strategies. These methods assume that the relationship between
modalities remains constant, which may not hold true in real-world settings. In
practice, the relevance and importance of different modalities can fluctuate over
time due to factors such as changing user preferences, evolving contexts, and
varying item characteristics. As a result, moving beyond static fusion models
and exploring dynamic multimodal fusion approaches in recommendation is a
significant challenge.

Interpretability and Controllability. Recommender systems have long grappled
with the challenge of interpretability, which is crucial for providing detailed
explanations that enhance the trustworthiness of their recommendations. How-
ever, as is well known, most existing models—particularly those based on deep
learning—are black-box models, which hampers efforts to improve interpretabil-
ity. Moreover, the lack of interpretability significantly affects the controllability
of recommender systems, making it difficult to generate targeted and desir-
able outcomes. Multimodal features inherently include attributes that represent
specific, meaningful properties or characteristics of items. Therefore, leveraging
multimodal information to improve the interpretability and controllability of rec-
ommendation systems is a critical challenge that multimodal learning urgently
needs to address.

In this book, to tackle the aforementioned research challenges, we present some

state-of-the-art multimodal learning theories towards recommendation. In particu-
lar, we first present a semantic-guided feature distillation method which employs
a teacher-student framework to robustly extract effective recommendation-oriented
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features from generic multimodal features. Next we introduce a novel multimodal
attentive metric learning method to modal user diverse preferences for various items.
This is achieved by a proposed attention neural network, which exploits the multi-
modal features of the target item to estimate a user’s specific attention on each aspect
of this item. After achieving efficient multimodal feature extraction and modeling of
diverse user preferences, we then propose a disentangled multimodal representation
learning recommendation model, which can capture users’ fine-grained attention to
different modalities on each factor in user preference modeling. Furthermore, we
develop a meta-learning-based multimodal fusion framework to model the various
relationships among multimodal information. Building on the success of disentan-
gled representation learning, we further propose an attribute-driven disentangled
representation learning method, which uses attributes to guide the disentanglement
process to improve the interpretability and controllability of conventional recom-
mendation methods. Finally, we conclude the book and figure out the future research
directions in multimodal learning toward recommendation.

This book represents a preliminary research on multimodal learning towards
recommendation, and we anticipate that the lectures in this series will dramatically
influence future thought on these subjects. If in this book we have been able to dream
further than others have, it is because we are standing on the shoulders of giants.

Singapore, Fan Liu
November 2024 Zhenyang Li
Ligiang Nie
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Chapter 1 pdaies’
Introduction

1.1 Background

The rapid advancement of Internet technology has fundamentally reshaped peo-
ple’s lifestyles, transforming how individuals access information, consume goods,
and interact with others. The expansion of e-commerce platforms (e.g., Amazon !,
Taobao 2), social networking platforms (e.g., Facebook 3 WeChat ), and streaming
platforms (e.g., YouTube °, TikTok ©) has introduced a vast array of items (e.g., prod-
ucts, news), positioning these platforms as primary channels for consumption and
information acquisition. This digital transformation has significantly contributed to
the growth of the Internet economy, enabling users to seamlessly purchase clothing,
read news, listen to music, watch movies, and book restaurants, hotels, or flights
using mobile devices at any time.

The exponential growth in the number of items available on Internet platforms
has provided users with extensive options, but it has also introduced challenges in
allowing users to efficiently and accurately select desired items. These platforms
often host tens of millions to billions of items. For instance, Amazon features over
353 million products, Taobao lists 800 million items daily, and Kuaishou processes
15 million new video uploads each day. Helping users discover their preferred items
from these extensive catalogs is crucial for enhancing service quality, increasing
user engagement, and maximizing platform revenue. To tackle these challenges,
recommender systems have become core technologies on Internet platforms, provid-
ing personalized recommendations for products on e-commerce sites, content (e.g.,
news, movies, music) on streaming platforms, and friend/user suggestions on social
networking platforms. The performance of these recommender systems is directly

! https://www.amazon.com/.
2 https://www.taobao.com/.

3 https://www.facebook.com/.
4 https://www.wechat.com/.

3 https://www.youtube.com/.
6 https://www.tiktok.com/.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025 1
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Fig. 1.1: Data Sparsity Problem: The recommendation results of CF-based models
across user groups with varying levels of interactions.

tied to platform revenue, drawing significant research interest from both academia
and industry.

The primary goal of a recommender system is to effectively capture user pref-
erences and predict items of interest from the vast array of available options,
thereby delivering personalized recommendations to users. The most widely re-
searched and applied approach in recommender systems is collaborative filtering
(CF) [83,9, 122, 54, 57, 21, 173, 56, 103, 102, 170, 108, 28, 105], which leverages
historical interaction data between users and items to learn user preferences and
item characteristics. CF-based algorithms identify and rank items that align with
user preferences based on past interactions, which are generally categorized into
explicit feedback (e.g., likes, purchases, ratings, and reviews) and implicit feedback
(e.g., browsing, viewing, and clicking behaviors). Various CF-based recommenda-
tion algorithms have been proposed, including Probabilistic Matrix Factorization
(PMF) and graph convolutional neural network approaches, which have significantly
enhanced recommendation performance, improved user experience, and generated
substantial economic benefits for Internet platforms.
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Fig. 1.2: Multimodal Data in Recommender Systems. Interactions, User Reviews,
and Images for Movie Recommendations.

Despite their success, CF-based recommendation algorithms are heavily reliant
on historical interaction data, making them effective only in scenarios with abundant
user-item interactions. When faced with sparse data, commonly referred to as the
data sparsity problem, the performance of these algorithms deteriorates significantly.
As shown in Fig. 1.1, historical transaction data between users and items is often
insufficient, with most items having only a limited number of interactions, resulting
in a long-tail distribution problem. Based on two Amazon datasets, we compared
the recommendation results of several CF-based recommendation models across
user groups with varying levels of interactions. From the results, users interact
with only a small fraction of available items, and as the number of interactions
decreases, the system’s performance declines sharply. Additionally, recommender
systems encounter cold-start challenges when dealing with new users or items,
making it difficult to accurately capture preferences and item characteristics based
solely on historical data.

To address the data sparsity issue, researchers have increasingly focused on in-
corporating multimodal information related to users and items, supplementing the
limited user-item interaction records [122, 54, 21, 211, 186, 185, 218]. As illustrated
in Fig. 1.2, multimodal information, such as user-item interactions, user reviews and
item images, contains rich contextual data that enhances the understanding of user
preferences and item characteristics. User reviews provide textual insights into users’
emotional attitudes toward items and describe specific item features, while item im-
ages visually depict attributes such as color, style, and design. Effectively extracting
and utilizing the valuable information embedded in multimodal data can alleviate the
data sparsity problem and enable recommender systems to more accurately capture
user preferences. By integrating multimodal data, recommender systems are better
equipped to mitigate the limitations posed by sparse interaction data, offering more
accurate and robust recommendations.

In summary, multimodal learning has emerged as a pivotal research direction
in the advancement of recommender systems. Enhancing the effectiveness of mul-
timodal learning not only addresses the data sparsity issue inherent in traditional
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recommendation algorithms but also leverages the vast amount of multimodal data
available on Internet platforms. This approach holds significant potential for enhanc-
ing user experience and driving substantial economic growth.

1.2 Motivation

Multimodal information offers substantial potential for enhancing recommender sys-
tems by providing richer insights into both user preferences and item characteristics.
However, simply combining multimodal data with traditional user-item interaction
history is often inadequate for improving the performance of recommendation mod-
els. The various modalities are interrelated, rather than independent, each capturing
distinct and complementary aspects of user preferences. Therefore, a robust mul-
timodal learning approach is essential to fully exploit the rich, recommendation-
oriented information contained within these modalities, rather than merely aggre-
gating separate unimodal data sources.

Multimodal learning involves the integration and analysis of different types of
modality data to derive more comprehensive and in-depth insights compared to those
obtained from a single modality. It has been extensively explored in various tasks,
such as Visual Question Answering and Image Captioning, leading to significant ad-
vancements. However, applying these multimodal learning methods to recommender
systems is not straightforward. Effective multimodal learning in recommendations
requires tailoring approaches to the unique characteristics of recommendation tasks,
where user preferences are often implicit and highly dynamic. Currently, multi-
modal learning in recommender systems remains in its early stages, with significant
challenges remaining in fully leveraging the diverse types of multimodal data for
improved recommendation performance.

Given this context, this book aims to explore the specific requirements of multi-
modal learning for recommendation tasks from multiple perspectives. Furthermore,
it seeks to propose novel methods that optimize the use of multimodal information
in recommender systems, with the ultimate goal of improving the accuracy and
personalization of recommendations.

1.3 Challenges

Multimodal learning in recommender systems demands careful design across several
key dimensions, including feature extraction, modality feature fusion, and a thorough
analysis of modality characteristics to meet the specific requirements of recommen-
dation tasks. However, this process is fraught with challenges and is not easily
achieved. Despite the significant progress made by existing multimodal learning
methods in various domains, substantial difficulties remain in addressing the unique
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needs of recommendation systems. These challenges can be broadly categorized into
five main areas:

1.3.1 Noise and Redundant Features

One of the primary challenges in extracting multimodal features for recommendation
systems lies in dealing with noise and redundant information inherent in multimodal
data. While multimodal data provides rich insights into user preferences and item
attributes, it also contains a considerable amount of noise and irrelevant content
unrelated to the recommendation task. For example, user reviews may include off-
topic discussions, and images may feature background elements unrelated to the
item. If this irrelevant information is overly extracted, it may not only fail to enhance
recommendation performance but could also impede the model’s ability to effec-
tively capture user preferences, ultimately leading to suboptimal recommendation
outcomes.

Traditional feature extractors for different modalities struggle to effectively filter
out noise and redundant information. Mainstream feature extractors for text, vision,
and other modalities are typically based on pre-trained models from fields such as
natural language processing and computer vision, which are not specifically designed
or optimized for recommendation tasks. Consequently, the extracted features may not
align well with the requirements of recommendation systems, limiting the model’s
capacity to deeply utilize these features and enhance performance.

Effectively filtering noise and redundant information, while ensuring efficient
feature extraction, is therefore a crucial challenge for applying multimodal learning
in recommendation systems. Removing noise and redundancy forms the foundation
for fully leveraging multimodal information. By retaining only the information that
is highly relevant to the recommendation task, models can more accurately capture
user preferences, thereby utilizing multimodal data to enhance recommendation
performance and user experience.

1.3.2 User Diverse Preference

The diversity of user preferences presents another significant challenge when utiliz-
ing multimodal information in recommendation systems. Traditional collaborative
filtering algorithms often assume that user preferences are static and fixed, whereas in
reality, user preferences are dynamic and vary across different types of items. There-
fore, accurately capturing users’ diverse preferences for various items is essential for
achieving personalized recommendations.

Multimodal data offers a valuable opportunity to address this challenge by pro-
viding rich representations of user preferences. Users often express varied attitudes
toward different attributes of an item in reviews, which provide important clues and
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data for understanding their preferences. However, these diverse preferences are of-
ten embedded in different modalities (e.g., text, images, videos) and are not directly
accessible or easy to utilize. This poses a challenge in multimodal learning—namely,
how to effectively extract user preferences from each modality and integrate them
into the recommendation model to leverage these preferences for more accurate
recommendations.

1.3.3 User Modality Preference

In the process of multimodal learning, accurately capturing users’ fine-grained pref-
erences across different modalities is essential for effectively integrating information
from each modality. This helps the recommendation system fully leverage multi-
modal data and enhances the robustness and accuracy of recommendation results,
ultimately increasing user satisfaction.

However, modeling these fine-grained multimodal preferences is unique to recom-
mendation contexts, and existing multimodal learning approaches have yet to provide
effective solutions to address this issue. This limitation significantly restricts the ef-
ficacy of multimodal learning in recommendation systems. Future research should
focus on developing models and algorithms capable of capturing users’ detailed
preferences across different modalities. By deeply analyzing user behavior within
each modality, recommendation systems can better meet user needs and advance
multimodal learning in the recommendation domain.

1.3.4 Dynamic Multimodal Fusion

It is well recognized that information from a single modality is often insufficient
to comprehensively describe the characteristics of an item. For example, relying
solely on textual descriptions may not fully capture the visual attributes of an item.
Therefore, to achieve a more comprehensive understanding of item characteristics,
multimodal recommender systems generally employ multimodal fusion techniques,
leveraging the complementary nature of information across different modalities
through integration.

Although multimodal fusion is crucial and numerous multimodal fusion methods
have been proposed, existing approaches often employ a static multimodal fusion
strategy to integrate different modality features. Specifically, for different items,
the information from the same modality is assumed to play a similar role, and
the relationships among different modality features are also considered invariant.
However, this assumption is fragile. For instance, in case of clothing, images are often
more reflective of the item’s characteristics, whereas for books, textual modality are
more effective in conveying the core content. As a result, existing static multimodal
fusion methods often fail to account for the unique characteristics of different items
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by applying the same fusion approach universally, making it difficult to achieve a
more comprehensive item representation. Given these considerations, a promising
direction for future research is to develop multimodal fusion strategies that account
for the specific characteristics of different items, though this remains a significant
challenge.

1.3.5 Interpretability and Controllability

Interpretability and controllability have long been essential objectives for building
comprehensive recommendation systems. Interpretability refers to the ability of the
recommendation model to provide clear and intuitive explanations for why specific
content is suggested to the user. Such explanations enhance the transparency, persua-
siveness, and effectiveness of recommender systems, fostering greater user trust and
satisfaction. Controllability, meanwhile, refers to the system’s flexibility in adjusting
recommendations based on specific needs, constraints, or goals, allowing users or
business stakeholders to influence recommendation strategies to achieve particular
objectives or accommodate user preferences.

The incorporation of multimodal information presents new opportunities and
challenges for enhancing the explainability and controllability of recommendations.
On one hand, multimodal data contains rich information about user preferences
and item attributes, such as text descriptions, images, audio, and videos, which
provide valuable materials for explainability. For example, the system can visually
justify recommendations by displaying product images or showing content that
users have previously interacted with. On the other hand, multimodal data also
provides more directly controllable attributes, allowing developers and users to
adjust recommendation strategies for more refined control.

However, the complexity and high dimensionality of multimodal data pose chal-
lenges in achieving explainability and controllability. Multimodal data is inherently
heterogeneous, with complex relationships and interactions between modalities,
making it difficult to extract interpretable features. Furthermore, handling multi-
modal information requires more complex models, which may reduce model trans-
parency and complicate understanding and control of recommendations.

To overcome these challenges, future research should focus on extracting in-
terpretable features from multimodal data and designing models that can present
recommendations in a clear and understandable manner, ultimately enhancing the
controllability of the system. This would facilitate the development of multimodal
recommendation systems capable of generating recommendations that users can
understand, trust, and interact with meaningfully.
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1.4 Our Solutions

In this book, to tackle the aforementioned research challenges, we present some
state-of-the-art multimodal learning theories tailored to recommender systems. Our
approach systematically enhances the capacity of recommendation systems to effec-
tively leverage multimodal input information. To validate our proposed methods, we
conducted comprehensive experiments on publicly available datasets, demonstrating
significant improvements and robust performance across various scenarios. The re-
sults indicate that our techniques are well-suited to tackle the inherent complexities
of multimodal data, thereby advancing the field of recommender systems.

1.4.1 Semantic-guided Feature Distillation

To address the challenges of noise and redundant information in multimodal data
for recommend systems, we propose a semantic-guided feature distillation method
aimed at efficiently extracting features pertinent to recommendation tasks. This
method mitigates noise and redundancy by integrating knowledge distillation with
semantic guidance, leading to more effective feature extraction.

Specifically, 1) to enhance the efficiency of feature extraction and minimize re-
dundant information, we developed a teacher-student framework. Initially, a deep
neural network with strong representation learning capabilities serves as the teacher
network, effectively capturing essential features from each modality. Through knowl-
edge distillation at both the feature-level and logits-level, the learned knowledge is
then transferred to a student network composed of shallow neural networks, thereby
improving the student’s feature extraction capabilities for recommendation tasks. 2)
Furthermore, to mitigate the effects of noise arising from insufficient consideration
of semantic information in multimodal inputs, we incorporate item-specific seman-
tic information into the feature extractor design. By introducing semantic guidance
during the training process, the feature extractor is better equipped to focus on
recommendation-relevant semantic information, effectively reducing the influence
of irrelevant noise.

The synergy between these two modules enables efficient and targeted extrac-
tion of recommendation-relevant features from multimodal data. This approach can
be seamlessly integrated into the feature extraction phase of any recommendation
method, significantly enhancing the overall performance of recommendation sys-
tems.

1.4.2 Multimodal Attentive Metric Learning

To effectively capture users’ fine-grained preferences for different items, we propose
a multimodal attentive metric learning framework that dynamically leverages multi-
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modal item information to determine user feature preferences during real-time inter-
actions. This method employs attention mechanisms and metric learning to enhance
the modelling ability and the geometric flexibility of user and item representations,
respectively.

In particular, we design an attention neural network that utilizes both textual
and visual information of items to estimate user preference weights for different
item features. Each item is assigned a unique weight vector, enabling the modeling
of diverse user preferences. Furthermore, to overcome the limitations of existing
methods that do not satisfy the triangle inequality, we integrate attention weight
vectors with metric learning to map user and item representations into a novel
feature space. By utilizing Euclidean distance for nearest neighbor computation, we
significantly improve the geometric flexibility.

The integration of these two components allows for a comprehensive and fine-
grained capture of user preference diversity, ultimately enhancing the accuracy and
effectiveness of recommendation systems.

1.4.3 Disentangled Multimodal Representation Learning

To effectively capture users’ fine-grained preferences across different modalities, we
propose a disentangled multimodal representation learning framework that quantifies
the degree of user attention to various modalities of a factor. Specifically, this method
first employs disentangled representation learning techniques to decompose the in-
put from each modality into multiple independent and robust factor representations,
establishing a solid foundation for capturing fine-grained multimodal preferences.
Subsequently, based on these disentangled factor representations, we design a mul-
timodal attention mechanism to accurately capture users’ preferences for specific
factors across different modalities. The resulting fine-grained multimodal prefer-
ences are integrated into recommendation systems, facilitating the efficient use of
multimodal information and enhancing both the recommendations’ robustness and
effectiveness.

1.4.4 Dynamic Multimodal Fusion via Meta-Learning

To address the limitations of existing static multimodal fusion methods, which fail
to adequately adapt to the unique characteristics of items, we propose a dynamic
multimodal fusion approach that dynamically integrates multimodal information
based on item-specific characteristics. In our approach, the multimodal fusion of
each item is treated as an independent task, and we leverage meta-learning techniques
along with items’ meta information to customize the multimodal fusion module.
Specifically, our approach consists of two main components: a meta information
extractor and a meta fusion learner. The meta information extractor, primarily im-
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plemented using an multi-layer perceptron, extracts informative and concise meta
information from multimodal features of the target item. The meta fusion learner
then utilizes the extracted meta information to customize the parameters of the mul-
timodal fusion neural network, thereby enabling dynamic multimodal fusion for
different items.

1.4.5 Attribute-driven Disentangled Representation Learning

To improve the interpretability and controllability of recommendation results, we
propose an attribute-driven disentangled representation learning framework designed
to fully leverage the attribute information present in multimodal inputs. The decou-
pled representation learning process is divided into two main components: attribute-
level decoupling and attribute-value-level structured representation learning. Based
on the attributes of items, we divide the disentangled representation learning process
into attribute-level disentangling and attribute value-level disentangling representa-
tion learning.

Specifically, attribute-level disentangled representation learning focuses on dis-
entangling the representation of each modality according to the distinct attributes
of items, resulting in independent factor representations with clear attribute-specific
meanings. Following this, attribute value-level disentangled representation learning
further refines these factor representations by considering the specific attribute val-
ues associated with each item, thereby enhancing the robustness and precision of the
resulting representations.

By decoupling multimodal representations in this manner, we achieve repre-
sentations that possess explicit attribute meanings, which can provide intuitive ex-
planations for recommendation outcomes. Additionally, the independence among
attribute-specific factors enhances the controllability of the recommender system,
enabling more flexible adjustments of recommendation strategies to cater to specific
user needs and preferences. This combination ultimately leads to a more transparent
and adaptable recommendation process, improving both user satisfaction and system
effectiveness.

1.5 Book Structure

In this book, we present an in-depth exploration of multimodal learning toward rec-
ommendation, along with a comprehensive survey of the most important research
topics and state-of-the-art methods in this area. It is suitable for students, researchers,
and practitioners who are interested in multimodal learning and recommender sys-
tems. It is worth emphasizing that the multimodal learning methods presented in this
book are applicable to other retrieval or sorting related fields, like image retrieval,
moment localization, and visual question answering.



1.5 Book Structure 11

The remainder of this book consists of five chapters. Chapter 2 presents the
semantic-guided feature distillation method, which aims to address the challenges
posed by noise and redundancy in multimodal data within recommender systems.
This is a model-agnostic approach which offers improvements across a range of clas-
sical multimodal recommendation methods. Chapter 3 introduces the multimodal
attentive metric learning framework designed to capture users’ diverse preferences
for different items at a fine-grained level. This method also resolves the prevalent
issue in existing approaches related to the violation of the triangle inequality, thereby
enhancing model robustness. In Chapter 4, we detail the disentangled multimodal
representation learning approach, which aims to capture user preferences across
different modalities with greater granularity. Chapter 5 presents a dynamic multi-
modal fusion approach that dynamically integrates multimodal information based on
item-specific characteristics. Chapter 6 introduces an attribute-driven disentangled
representation learning method, utilizing item attribute information to disentangle
modality representations and assign explicit attribute semantics to each factor. This
enhances both the interpretability and controllability of the recommendation results.
Finally, Chapter 7 provides a comprehensive summary of the key contributions of
the book and outlines promising future research directions for advancing multimodal
learning in recommender systems.
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Chapter 2 pdaies’
Semantic-Guided Feature Distillation for
Multimodal Recommendation

2.1 Introduction

As introduced in Chapter 1, CF-based recommendation methods struggle to ac-
curately capture user preferences accurately when the interaction data are sparse.
This limitation arises because insufficient user-item interactions hinder the effec-
tive identification of similar users or items, thereby impacting recommendation
performance. To address this issue, many recent approaches have begun extracting
rich features related to user preferences and item characteristics from multimodal
data[211, 63, 101, 182, 185,99, 218, 171, 183]. Therefore, effectively extracting and
integrating features from multimodal data serves as a foundation for a multimodal
recommendation model.

Fig. 2.2 uses the visual feature extraction process to illustrate the general pipeline
for feature extraction in the multimodal recommendation methods. Typically, pre-
trained models (such as VGG [145] for visual features and Bert [35] for textual
features) are firstly adopted to extract generic features, which are then tailored for
recommendation via a designed feature extractor (e.g., shallow/deep neural network).
The multimodal features distilled from the feature extractor are subsequently used
as input in the recommendation model to learn user and item representations. For
example, to prune potential false-positive edges in the user-item interaction graph,
Wei etal. [185] designed a method that scores the affinity between user preference and
multimodal features of an item to measure the confidence of edge being true-positive
interaction. It is worth mentioning that, in those methods, the feature extractor is
often jointly learned with the user and item representations in the recommendation
model in an end-to-end manner.

Despite the progress, many existing methods overlooked the importance of fea-
ture extraction in multimodal recommendation, resulting in interference from noise
and redundant information during the extraction process. Specifically, these meth-
ods face two major challenges: first, regardless of whether shallow or deep neural
networks are employed for feature extraction, it remains challenging to meet the
specific requirements of recommendation scenarios. Due to the complexity and high
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dimensionality of multi-modal features, a compact feature extractor adopting shallow
neural networks (SNNs) can hardly extract effective information from the generic
features of each modality. Therefore, most recent multimodal recommendation mod-
els employ deep neural networks as the extractor [211, 63, 101, 182, 185], leveraging
the powerful representation learning capability of DNNs. However, the problem is
that deep models need sufficient training data for good performance. Unfortunately,
recommendation models often face serious data sparsity problem. As a result, feature
extractors with deep models cannot be well trained, which not only renders them
unhelpful but can also negatively impact the final recommendation performance.
The second challenge is that semantic information is often ignored during the fea-
ture extraction process. In fact, existing recommendation models extract modality
features only using collaborative information [101, 185, 218]. Yet, semantic informa-
tion contains rich semantic and concise knowledge, which can well guide the feature
extraction process, helping the feature extractor focus on relevant information while
avoiding interference from noise and redundant data. As illustrated in Fig. 2.1, cate-
gory information is a more abstract and general form of semantic information, and
it can help recommendation models identify relationships or similarities between
items.

Inspired by the above considerations, in this chapter, we introduce a novel model-
agnostic approach, termed Semantic-Guided Feature Distillation (SGFD for short),
which can robustly extract effective recommendation-oriented features from generic
multimodal features using the teacher-student framework. Specifically, we propose a
teacher model composed of feature extractors with deep neural networks for different
modalities. These feature extractors are designed to extract features considering both
the semantic information of items and the complementary information of multiple
modalities. As the teacher model is separately trained with recommendation model,
it will not suffer the data sparsity problem in recommendation. Meanwhile, we
use the feature extractors with shallow neural networks as the student model to
replace the original feature extractors in recommendation methods. In addition, we
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Fig. 2.2: An illustration of the feature extraction pipeline in multimodal recom-
mendation models. (a) is the conventional feature extraction method and (b) is our
proposed SGFD.

introduce a feature-based distillation loss and a response-based distillation loss to
transfer knowledge from the teacher model to the student model. To evaluate the
efficacy of our approach, we conducted comprehensive experiments on three real-
world datasets. The results demonstrate that our method can significantly outperform
existing multimodal recommendation models. We have released the code and relevant
parameter settings to facilitate repeatability as well as further research !

In summary, the main contributions of this work are as follows:

* We emphasize the constraints of existing recommendation methods in effectively
extracting multimodal features from data that contain noise and redundant infor-
mation. To overcome these limitations, we propose a model-agnostic approach
SGFD that can extract effective recommendation-oriented features from generic
modality features using the teacher-student framework.

* To leverage the semantic information during the feature extraction processes, we
design feature extractors that consider both the semantic information of items
and the complementary information of multiple modalities.

* We employ the response-based and feature-based distillation loss to facilitate
knowledge transfer from the teacher to the student model.

* We have conducted extensive experiments on three real-world datasets, demon-
strating the superiority of our method.

The rest of this chapter is structured as follows: Section 2.2 provides a thorough
review of the related work. Section 2.3 introduces the preliminaries relevant to our
proposed approach. Next, we introduce our proposed approach and then provide de-
tails on its two main components: multimodal feature extraction and semantic-guided
feature distillation in Section 2.4. We then present the results of our experiment in
Section 2.5. Finally, we conclude this chapter in Section 2.6.

! https://github.com/HuilinChenJN/SGFD.
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2.2 Related Work

In this section, we briefly introduce the recent advances of model-based CF models,
multimedia recommendation and knowledge distillation, which are closely relevant
to our work.

2.2.1 Model-based Collaborative Filtering

In model-based CF models, users and items are represented as dense vectors (i.e.,
embeddings) in the same latent space. Based on the learned vectors, an interaction
function is used to predict the preference of a user to an item. Take the Matrix Factor-
ization (MF) for example, the user and item embeddings are learned by minimizing
the error of re-constructing the user-item interaction matrix, and the dot product is
used as the interaction function for prediction. This simple idea has achieved great
success, and many variants of MF has been developed [136, 134, 57, 169, 172, 213].
Inspired by this simple idea, many variants of MF has been developed, such as
BPR [134], PMF [136], WRMF [66], etc. The advent of deep learning has acceler-
ated the development of model-based CF techniques. Due to the powerful capability
of deep learning, it has been widely applied in recommendation to learn better
user and item embeddings [193, 29, 100] or model more complicate interactions
between users and items [57, 90]. For example, NeuMF [57] models the complex
interactions between users and items using nonlinear neural networks as the in-
teraction function. More recently, Graph Convolution Network (GCN) techniques
have also been applied in recommendation and set a new standard for recommen-
dation [10, 173, 103, 102, 194, 195, 105]. The advantage of GCN-based recom-
mendation models is attributed to its capability of explicitly modeling high-order
proximity between users and items. For example, GC-MC [10] employs one convo-
lution layer to exploit the direct connections between users and items. As a typical
method, NGCF [173] exploits high-order proximity by propagating embeddings on
the user-item interaction graph to directly facilitate the user and item embedding
learning. To alleviate the over-smoothing problem in GCN-based recommendation
models, IMP-GCN [102] performs high-order graph convolution inside sub-graphs
of users with similar interests.

All of the aforementioned methods learn the representations of users and items
merely relying on the interaction data. And their performance suffers when the
interactions are sparse. Besides the interaction data, the rich side information, such
as reviews and images, provide valuable information of user preference and item
characteristics, which has been widely used to alleviate the data sparsity problem in
recommendation [121, 24, 155, 21].
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2.2.2 Feature Extraction in Multimodal Recommendation

Although multimodal data contains rich information about user preferences and
item characteristics, only by effectively extracting these meaningful features can
recommendation systems make full use of this information. Typically, in multi-
modal recommendation, the initial step for processing the raw modality inputs (e.g.,
images and text) it to obtain dense feature representations using various modal-
ity encoders. For visual inputs, early approaches primarily employed CNN-based
pre-trained models as visual encoders. These visual encoders extract and compress
visual features from raw pixel data through convolution and pooling operations. For
example, MMGCN [186] adopts ResNet [53], whereas VECF [23] uses VGG [145]
as the visual encoder. Recently, Transformer-based visual pre-trained models have
demonstrated superior performance [81, 203, 50], leading to their adoption as visual
encoders in multimodal recommender systems. For instance, ODMT [70] employs
ViT [81] as its visual encoder. For textual modality, such as user reviews and item de-
scription, multimodal recommendation methods typically utilize feature extraction
techniques such as Word2Vec [123], RNN [62] and BERT [35]. More recently, with
the significant success of LLMs in natural language processing [12], researchers
have begun to explore the use of LLMs for extracting textual features of items [216].

After extracting generic visual and textual features from raw images and text,
these features are further processed by well-designed feature extractors to derive
recommendation-specific feature vectors. Generally, multimodal recommender sys-
tems employ either SNNs or DNNSs as feature extractors [101, 211, 63]. However,
SNNss lack sufficient capacity for effective feature extraction, while DNNs, despite
their powerful representation learning capability, face the challenge of data sparsity
in recommendations. Both struggle to meet the requirements of recommendation,
especially in the presence of noise and redundant data. To overcome this limitation,
this study leverages knowledge distillation to simultaneously exploit the advantages
of both SNNs and DNNgs, thereby enhancing the quality of feature extraction.

2.2.3 Knowledge Distillation

Knowledge Distillation (KD) is composed of a “compact” model (i.e., student model)
and a previously trained “large” model (i.e., teacher model) [61, 82, 2, 127]. It is
widely applied in various fields, especially in image classification tasks [220, 127].
The core of KD is that a previously trained large teacher model transfers knowledge
to a small student model, so that the student model performs comparably to the
teacher model. Moreover, the student model also has lower inference latency due
to its small size and compact network architecture. Feature Distillation (FD) is a
primary method in KD, which distill features in the teacher network through a
transformation [135, 2, 158]. For example, TOFD [208] is proposed to compress and
accelerate the neural networks by transferring information in convolutional layers
from the teacher model to the student one.
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Recently, inspired by the success of KD in various fields, it has been introduced
into the Recommendation System (RS) to enhance the capability of modeling users’
preferences or reduce inference latency while maintaining performance [87, 156,
74], such as Ranking Distillation (RD), Collaborative Distillation (CD). Ranking
Distillation (RD) learns to rank documents/items from both the training data and
the supervision of a larger teacher model [156, 74]. For example, Kang et al. [74]
proposed a method that enables the student model to learn from the latent knowledge
encoded in the teacher model and from the teacher’s predictions results. Collaborative
Distillation (CD) first samples unobserved items from the teacher’s recommendation
list according to their ranking, then trains the student to mimic the teacher’s prediction
score (e.g., relevance probability) on the sampled items [87].

In this chapter, we propose a teacher model which extracts multimodal features
from the generic feature, guided by semantic information. Meanwhile, we employ a
student model with shallow neural networks to serve as feature extractors for various
modalities in recommendation model.

2.3 Preliminaries
2.3.1 Task Formulation

In this chapter, we focus on feature extraction in multimodal recommendation. To
alleviate the data sparsity problem in recommendation, multimodal features (e.g.,
user review and item image ) are leveraged to learn better representations of users
and items. In multimodal recommendation, the generic review and image features
are extracted from multimodal data using pre-trained models. The main objective of
our work is to derive effective recommendation-oriented features from these generic
multimodal features to improve recommendation accuracy. In other words, our task
is to effectively utilize the information contained in the reviews and images of items
to better capture users’ preferences and make more accurate recommendations.

2.3.2 Generic Feature Extraction

In our implementation, we use the VGG16 model [145] to extract generic visual fea-
tures from item images. This model consists of 13 convolutional layers and three fully
connected layers. It is trained by using 1.2 million ImageNet (ILSVRC2010) images.
We utilize the output from the second fully connected layer, a 4096-dimensional
feature vector, as the generic visual feature F,,;:

2 Note that only the multimodal data of items is used in this work. Besides, each item is associated
with one image.
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F,, = VGG16(I), 2.1

where I represents the input item image.

Additionally, we employ BERT [35] to extract generic textual features. This
model is a groundbreaking pre-trained language model developed by Google that
uses bidirectional attention to understand the context of words in a sentence. By
processing text in both directions, it captures richer contextual information, making
it highly effective for various NLP tasks such as question answering, sentiment
analysis, and named entity recognition. BERT’s pre-training on large text corpora
and fine-tuning for specific tasks has set new performance benchmarks in the field,
significantly advancing natural language understanding. In our work, we input all
the users’ reviews for an item to BERT to obtain the generic textual feature F, for
this item:

F. = BERT(R), 2.2)

where R represents the aggregated reviews.

2.3.3 Recommendation-oriented Feature Extraction

After obtaining the generic visual and textual features F,,, and F,, the feature extrac-
tors in the multimodal recommendation model are then used to tailor these features for
recommendation. Take visual feature as an example, previous studies [185, 101, 218]
feed the generic visual feature F,, into a Multi-Layer Perceptrons (MLP) to extract
the recommendation-oriented visual feature f,,,. Specifically, it is defined as:

f,, = MLP(F,,), 2.3)

It should be noted that the adopted MLP(+) are jointly optimized with the recommen-
dation model. Thus, the training of feature extractors will also suffer from the data
sparsity problem in recommendation. The recommendation-oriented textual feature
f. can be obtained similarly:

f. = MLP(F,), 24

In multimodal recommendation models, the textual feature F. and visual feature F,,
will be fed into two separate MLPs to extract the effective recommendation-oriented
features f, and f,,,, respectively. These extracted features f, and f,, are subsequently
used to improve recommendation accuracy.
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Fig. 2.3: An overview of the proposed Semantic-Guided Feature Distillation (SGFD)
method. Taking visual feature extraction as an example, the visual feature extractor in
the teacher model extracts features from generic visual features considering both the
semantic and complementary information. The Logits-based Distillation (LD) loss
and the Feature-based Distillation (FD) loss are employed to transfer the knowledge
to the student model.

2.4 Semantic-guided Feature Distillation
2.4.1 Overview

We propose a model-agnostic approach, termed semantic-guided feature distillation,
to extract effective recommendation-oriented features from generic multimodal fea-
tures for recommendation. As shown in Fig. 2.3, the proposed method consists of
a teacher model and a student model. In the teacher model, the DNN-based feature
extractors (T, and T,,) for textual and visual features are designed to extract effective
features considering the semantic and complementary information. In our cases, the
feature extractor in the student model replaces the original extractor in multimodal
recommendation models. In other words, the SNN-based feature extractors (S, and

m) in the student model are part of multimodal recommendation models. There-
fore, it can obtain the semantic information from teacher extractors by the adopted
knowledge distillation technique and benefit from the user behaviors. Next, we detail
these two models and the knowledge distillation technique.
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2.4.2 Teacher Model

Since semantic information is often overlooked while extracting features from mul-
timodal data for recommendation, we propose a teacher model that extracts effective
features considering the semantic information of items. Specifically, we leverage
semantic labels (e.g., category labels) as supervised information to classify the
extracted features using classifiers. Our proposed method employs three distinct
classifiers C,(-), C,,(-) and C(-) for textual, visual, and fused features. Moreover,
considering that the generic modality feature is highly complex and high dimen-
sional, we utilize deep neural networks as feature extractors for visual and textual
features, denoted as T, (-) and T, (-), respectively.

Extracting Semantic-aware Features

Take the generic visual feature F,, € RP» as an example, we first feed F,, into
the feature extractor to obtain valuable features £, € R%m:

£ = T (Fpn), 2.5

where T,, is the feature extractor that consists of a deep neural network with k
layers 3. Similarly, we obtain the textual feature f/ from the generic textual feature
using the textual feature extractor T.. The extracted visual and textual features are
then separately fed into the classifier C,,(+) and C,(+). Take the visual feature f?, as
an example, it is formulated as follows:

P, = C,(fl; 1) = softmax((W,,f), +b,,)/7), (2.6)

where P!, represents the probability distribution output for the visual feature. W,,
and b, are the trainable weight matrices and bias vectors, respectively. It should
be noted that the classifier parameters for each modality are trained independently.
Here, 7 refers to a temperature hyperparameter that controls the smoothness of the
distribution. Similarly, the probability distribution output for the textual feature P,
can be obtained.

The feature extractors are optimized using cross-entropy (CE) loss. The combined
CE loss for textual and visual features is formulated as follows:

Lrce = (CE(P},,y) + CE(PL,y))/2, 2.7

where CE(Y,y) = — Zic;l v; -log(J;) denotes the cross-entropy loss. C is the number
of classes, y is the ground-truth label, and ¥ is the predicted probability distribution.

Exploiting Complementary Information

To enhance the ability of teacher extractors to extract effective features of each

3 k is calculated by k = log 5 where ¢ is a hyperparameter that controls the number of layers
based on the input dimension of each modality.
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modality, we first leverage complementary information between multiple modalities
by fusing textual and visual features. As shown in Fig. 2.3, taking the output of each
modality extractor as input, we fuse the vectors as follows:

£ = o (Wulf,: 1) +bu), (2.8)
where W,, and b,, denote the trainable weight matrix and bias vector. o-(-) is the
activation function and ReLU is adopted because of its biologically plausible and

non-saturated property [190]. Then, the fused feature f,, is fed into the classifier
C/(-), and the CE loss function of the fused feature is defined as follows:

P,=Cr(fy;7), 2.9)

Lrce = CE(Py,y). (2.10)

The weight matrix and the bias vector of C¢(-) are trainable and specifically trained
with fused features to capture the complementary information between multiple
modalities. The temperature hyperparameter 7 is adopted similarly as they are in
Eq. 2.7.

2.4.3 Student Model

To reduce the negative effect of the data sparsity problem on feature extraction in
recommendation, we utilize shallow neural networks (SNNs) as feature extractors
for generic multimodal features. The feature extractors for visual and textual features
in the student model are denoted as S,,(-) and S.(-), respectively. For the generic
visual feature F,,,, the recommendation-oriented visual feature £}, is obtained by:

5 =S, (F,). @2.11)

The textual feature f can be obtained in the same manner. Then, the visual and

textual features £, f5 are fed into the classifier C,, () and C,(-) respectively. Taking

the visual feature as an example, it is formulated as:
P, =C,(f,;7). (2.12)

By following this way, we can obtain P for the textual feature. Note that the classifiers
adopted are the same as Eq.2.6.

2.4.4 Knowledge Distillation

The proposed teacher model, which utilizes deep neural networks, is capable of
extracting semantic-aware features from the generic features of each modality. On
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the other hand, the student model, employing SNNs, can alleviate the negative effect
of the data sparsity problem on feature extraction in recommendation. To leverage
the strengths of both the teacher and student models, we employ the knowledge
distillation technique to transfer the response- and feature-based knowledge encoded
in the teacher model to the student model. Next, we detail the two distillation losses
used for transferring this knowledge.

Response-Based Knowledge

Response-based knowledge refers to the neural response (logits) generated by the
final output layer of the teacher model. In our method, we consider the output of
the classifiers as response-based knowledge. Hence, we employ the Logits-based
Distillation (LD) loss to enable the feature extractors in the student model to mimic
the predicted label distribution of the feature extractors in the teacher model. The
distillation loss between the feature extractors of visual and textual features for both
the teacher and student models can be described as follows:

Lip =[P, —P5 |13+ [P, — PS|[3. (2.13)

Note that we do not force the student model to match the prediction distribution of
the teacher model; instead, we expect the student model to gain semantic information
via knowledge transfer. Thus, following the previous work [61], we use soft targets
to embody the informative knowledge derived from the teacher model.

Feature-Based Knowledge

Given the capacity of deep neural networks for feature extraction, the output from
intermediate layers can serve as knowledge to guide the training of the student model.
In our method, we employ the Feature-based Distillation (FD) loss to transfer the
visual and textual feature-based knowledge from the teacher model to the student
model. The distillation loss can be formulated as follows:

Lrp = |Ifl, — £5,113 + 12 - £21]3. (2.14)

2.4.5 Optimization

In this work, we target the top-n recommendation and equip our proposed SGFD
with three multimodal recommendation models (MAML [101], GRCN [185],
BM3 [218]). However, these three recommendation models have different objec-
tive functions. Therefore, we refer to the loss of objective functions of these three
recommendation models as Lgrec.

For our proposed SGFD, the objective function consists of the Cross-Entropy
Loss in the teacher model and the Knowledge Distillation Loss. Specifically, the
total Cross-Entropy Loss is formulated as:
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Lce = Lrce+ Lrck, (2.15)

The Knowledge Distillation Loss utilized for knowledge transfer is formulated as:
Lxkp=ZLip+Lrp, (2.16)

The student model of the proposed SGFD is jointly trained with the multimodal
recommendation model in an end-to-end manner. Overall, the final loss function of
the recommendation model equipped with SGFD is,

Lsgrp = Lrec + 11 Lkp + 12.LCE, (2.17)

where 41 and A, are used to adjust the weight of the knowledge distillation loss and
cross-entropy loss.

2.5 Experiments

To validate the effectiveness of our method, we conducted extensive experiments on
four public datasets to answer the following research questions:

RQ1: How does feature distillation affect the performance of multimodal recom-
mendation models?

RQ2: Does our proposed SGFD improve the performance of state-of-the-art
multimodal recommendation models on the top-n recommendation task?

RQ3: How do various components in SGFD affect the effectiveness of feature
distillation?

RQ4: Can our method effectively transfer semantic knowledge for multi-modal
features?

Next, we first introduce the experimental setup and then report and analyze the
experimental results.

2.5.1 Experimental Setup

Datasets

In experiments, we utilize the Amazon review dataset * for experimental evalu-
ation as in previous studies [121]. The Amazon Review Dataset is a large collection
of product reviews from Amazon, which includes user-generated feedback on vari-
ous products across different categories. It is widely used in data science, machine
learning, and natural language processing (NLP) tasks, particularly for sentiment
analysis, recommendation systems, and text mining. This public dataset contains

4 http://jmcauley.ucsd.edu/data/amazon.
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Table 2.1: Basic statistics of the experimental datasets.

Dataset ~ #user #item #label #interactions sparsity

Office 4,874 7279 54 52,957  99.85%
Clothing 18,209 17,318 26 150,889  99.98%
Toys Games 18,748 11,672 19 161,653  99.97%
Sports 21,400 36,224 18 982,618  99.97%

user interactions (review, rating, helpfulness votes, etc.) on items and the item meta-
data (descriptions, attributes, images, etc.) on 24 product categories. To verify the
effectiveness of our proposed method, we choose the three per-category datasets
(Office, Clothing, Toys&Games and Sports) for performance evaluation under dif-
ferent sizes and sparsity levels. In these datasets, we treat each rating as a positive
user interaction. In contrast, we treat all the items the user did not interact with as
negative. And then, we pre-processed the dataset with a 5-core setting on both items
and users in our settings. All user reviews and item images are used as item-side
information. Table 2.1 shows the basic statistics of the four datasets.

In this chapter, we focus on recommending a set of top-/N ranked items that will
appeal to the user. Specifically, we randomly sampled 80% of the interactions of each
user to create the training set and retained 20% of the user interactions for testing.

Baselines

To demonstrate the effectiveness of our proposed SGFD, we first equipped it on three
existing multimodal recommendation models: GRCN [185] and BM3 [218]. Then,
we compared the performance of newly built models (SGFDGgrcn, SGFDgas3)
with the following baselines, including general CF recommendation models (e.g.,
NeuMF [57], CML [63], NGCF [173] and DGCF [174]) and multimodal recom-
mendation models (e.g., GRCN, BM3).

* NeuMF [57]: This neural collaborative filtering method employs multiple hidden
layers above the element-wise and concatenation of user and item embeddings
to capture their non-linear feature interactions. Especially, it uses two-layered
plain architecture, where the dimension of each hidden layer keeps the same.

* CML [63]: This model learns a joint metric space to encode users’ preferences
and the user-user and item-item similarity for top-n recommendation.

* NGCF[173]: This GCN-based recommendation model explicitly encodes the
collaborative signal of high-order neighbors by performing embedding propa-
gation in the user-item bipartite graph.

* DGCF [174]: This GCN-based method refines the interaction graphs consider-
ing the users’ diverse intents. Meanwhile, it encourages independence of different
intents by adopting disentangled representation technique.
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* GRCN [185]: This GCN-based multimedia recommendation model adjusts the
structure of interaction graph adaptively based on the status of model training
for discovering and pruning potential false-positive edges.

* BM3 [218]: This self-supervised framework uses a latent representation dropout
mechanism to generate the target view of a user or an item. BM3 is trained
without negative samples by jointly optimizing three multi-modal objectives.

During the evaluation, we put great effort into tuning the hyperparameters on the
released code of all baselines and the best performance are reported.

Evaluation Metrics

Two widely-used evaluation metrics are adopted for top-n recommendation: Re-
call and Normalized Discounted Cumulative Gain (NDCG) [55]. Recall measures
the proportion of relevant items successfully retrieved by the recommendation algo-
rithm. It is defined as:

|Rel(u) N Rec(u, n)|
|Rel(u)] ’

Recall = (2.18)

where Rel(u) is the set of relevant items for user u, and Rec(u, n) is the set of top-n
recommended items for user u. The Ideal Discounted Cumulative Gain IDCQG) is

defined as:
[Rel(u)] el _ |

IDCG@n = _— 2.19
" Z:: log, (i +1) ( )
Finally, the Normalized Discounted Cumulative Gain (NDCG) is given by:

DCG@n
NDCG@n = ———. 2.20
"~ IDCG@n (220)
Recommendation accuracy is calculated for each metric based on the top 20 results.

Note that the reported results are the average values across all testing users.
Parameter Settings

The PyTorch framework 3 is adopted to implement the proposed model. In our
experiments, all hyperparameters are carefully tuned. For all datasets, the embed-
ding size of the users and items is set to 128. The mini-batch size is fixed to 1024.
The learning rate for the optimizer is searched from {107>,1074,--- , 10*'}, and the
model weight decay is searched in the range {107, 1074, --- , 10~!}. For knowledge
transfer, the temperature 7 is tuned from{5, 10, 20, 50, 100}, while for classification,
it is set to 1. The layer number of the neural networks in the teacher model ¢ is
tuned from {2, 4, 6, 8}. Moreover, the weights A; and A, are searched in the range
{1073,1072, - .-, 10*'}. Besides, the early stopping strategy is adopted as previous

> https://pytorch.org.
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Fig. 2.4: Performance comparison of GRCN equipped with different feature extrac-
tion methods. Notice that the values are reported by percentage with *%’ omitted.

studies [173, 102]. Specifically, the training process will stop if recall@20 does not
increase for 20 successive epochs.

2.5.2 Study of Multimodal Feature Extraction in Recommendation

(RQD)

In this section, we primarily investigate the influence of different feature extractors for
multimodal features on recommendation performance. We compare the performance
of four feature extraction methods with our proposed SGFD based on GRCN, and the
results are reported in Fig. 2.4. Our analyses are based on performance comparisons
to the following methods:

¢ GRCN; [185]: It is the vanilla GRCN method that adopts the shallow neural
network as the feature extractor.

¢ GRCN,,: The vanilla GRCN method adopts the deep neural network as the
feature extractor.

*  GRCNq;: Given the vanilla GRCN method, we employ the teacher model of
SGFD with shallow neural networks as the feature extractor in GRCN.

*  GRCN,,/;: Given the vanilla GRCN method, we employ the teacher model of
SGFD with the deep neural networks as the feature extractor in GRCN.
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From the results, we can see that GRCN| yields better performance than GRCN,,
on Office and Clothing. Furthermore, the performance degradation of GRCN,, in
the Office is less compared to Clothing. This can be attributed to the fact that the
feature extractor in most multimodal recommendation models is jointly optimized
with recommendation models. Consequently, the feature extractor will suffer the data
sparsity problem when the user-item interactions are sparsity. As Office is denser,
the data sparsity problem less impacts the feature extraction model. The variant
GRCN; outperforms GRCN; and GRCN,, across all the datasets, which indicates
that the semantic information has positive advancement in extracting valuable fea-
tures for recommendation. More importantly, by adopting multiple neural networks
and introducing the complementary information of multimodal features, the variant
GRCN,,,/; has an explainable improvement on Clothing. This demonstrates that the
complementary information is facilitated to reduce redundant information derived
from the feature extractor in each modality. But, it still underperforms GRCNj/;
on Office in terms of Recall. The reason might be that it also suffers from the data
sparsity problem when jointly training the extractor with recommendation models.
The SGFDgRrcn outperforms all variants over all datasets, which demonstrates the
effectiveness of our proposed SGFD.

2.5.3 Performance Comparison (RQ2)

We report the performance of three multimodal recommendation models equipped
with our proposed SGFD and all the competitors over the three datasets in table 2.2.
Our proposed approach achieves significant performance improvements over all the
competitors across all the datasets in terms of different metrics. From the experiment
results, we achieve some compelling observations.

Among all the competitors, NeuMF, CML, NGCF, and DGCF only use user-item
interactions for recommendation. NeuMF could achieve promising performance
compared with the classical linear interactions method [57]; this is attributed to the
use of deep neural networks to model the non-linear interactions between users and
items. Benefiting from the high-order information, NGCF and DGCF accomplish
the state-of-the-art result. Both NGCF and DGCF exploit high-order connectivity
between users and items through embedding propagation over the graph structure.
DGCEF outperforms NGCF by leveraging disentangled representation techniques to
capture users’ diverse intents, resulting in robust and independent user and item
embeddings. However, its reliance on the dot product, which does not adhere to the
triangle inequality, limits its ability to effectively model fine-grained user prefer-
ences [63]. In contrast, CML utilizes a metric-based learning approach °, enabling
it to surpass both NeuMF and NGCF by a significant margin.

6 Metric-based learning approaches, such as those using distance functions (e.g., Euclidean dis-
tance), satisfy the triangle inequality. This property enables the model to more effectively capture
relationships between embeddings while maintaining consistency within the representation space.
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Table 2.2: Performance of our SGFD model and the competitors over three datasets.
We categorize the methods into two categories (i.e., blocks): 1) methods in the 1st
block are the ones relying only on the user-item interaction information without any
side information, and 2) methods in the 2nd and 3rd block are the ones that consider
both text and image features. Notice that the values are reported by percentage with
"%’ omitted.

Datasets Office Clothing Toys&Games Sports

Metrics Recall NDCG|Recall NDCG | Recall NDCG| Recall NDCG
NeuMF 6.05 337|189 0.80 | 253 128 | 330 1.57
CML 1229 13.95| 4.09 224 |[12.27 11.60| 9.82 6.40
NGCF 8.14 479 | 466 2.16 | 9.70 587 | 7.07 3.37
DGCF 12.06 11.05| 745 4.05 |12.62 10.85|10.26 6.29
GRCN 13.20 1533 | 7.63 4.12 | 11.85 11.23|10.19 6.65
SGFDGRrcen |13.88* 16.26% | 8.16* 4.35* |12.59* 11.93*|10.91* 6.89*
Improv. 5.15% 6.07% [6.95% 5.58% |6.24% 6.23% |7.07% 3.61%
BM3 13.67 1536 | 743 4.21 |12.22 11.92|10.95 5.20
SGFDgp3  [14.07* 15.86% | 7.84% 4.57* [12.54* 12.94*(11.17* 5.51*
Improv. 2.93% 3.25% |5.52% 8.56% |2.62% 8.56% |2.01% 5.96%

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

GRCN, and BM3 explore multimodal features, including textual and visual fea-
tures, to learn better user and item representations for improving recommendation
performance. Overall, the methods that consider multimodal features yield better
performance than those that rely only on user-item interactions in most cases. Specif-
ically, by discovering and pruning potential false-positive edges, GRCN outperforms
all above-mentioned recommendation models in general. However, it underperforms
DGCEF on Toys&Games, due to the limitation of entangled representations. The
competitive performance of DGCF further demonstrates the benefits of using disen-
tangled learning in recommendation. BM3 consistently achieves better performance
than all the other baselines over all the datasets. It should be credited to the joint
optimization of three multi-modal objectives to learn the representations of users
and items.

To demonstrate the effectiveness of our proposed method, we equip GRCN and
BM3 with SGFD, which are denoted as SGFDgrcn and SGFDpjy3, by employing
the feature extractor in student model to replace the original feature extractor in the
recommendation models. Note that our approach focuses on distilling knowledge
from the teacher to the student model. Hence, the users and items representation
learning approaches of the base models (GRCN and BM3) are not modified. The
performance of SGFDgrcny and SGFDpgyy3 are reported in Table 2.2. From the
results, we can see that both SGFDgrcn and SGFDpys3 obtain a significant im-
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Table 2.3: Performance of our proposed SGFD method equipping on GRCN and
their variants over three datasets. The best results are highlighted in bold. Notice that
the values are reported by percentage with *%’ omitted.

Datasets Office Clothing ToysGames Sports
Metrics |Recall NDCG [Recall NDCG|Recall NDCG|Recall NDCG
SGFD; |13.30 15.80 | 7.69 4.06 |[12.01 11.31|10.64 6.72
SGFDy (13.53 15.71 | 7.86 4.18 |11.55 10.92 |10.74 6.87
SGFD, |13.71 1573 | 797 428 |[12.08 11.36 |10.80 6.75
SGFD; |13.76 16.07 | 8.02 4.30 |[12.22 11.50 |10.83 6.80
SGFD |13.88 16.26 | 8.16 4.35 |[12.59 11.93 |1091 6.89

provement over all datasets. We credit this to the combined effects of the following
three aspects. Firstly, the teacher model can extract semantic-aware features from
generic multimodal features. Secondly, the knowledge encoded in the teacher model
is transferred to the student model by the response- and feature-based knowledge
distillation losses. Thirdly, the feature extractors with shallow neural networks in the
student model replace the original feature extractors in the base models. Based on
this, existing multimodal models can ease the negative impact of the data sparsity
problem on representation learning.

2.5.4 Ablation Study (RQ3)

In this section, we examine the contribution of different components to the perfor-
mance of our method, which is equipped with the recommendation method (GRCN).
Our analyses are based on performance comparisons with the following variants of
our method.

* SGFD;: It is a variant of SGFD that uses only logits-based distillation loss for
knowledge distillation.

* SGFDy: Itis a variant of SGFD that uses only feature-based distillation loss for
knowledge distillation.

* SGFD,: This variant removes the complementary information exploited from
multimodal features in the teacher model.

* SGFDjy: This variant adopts the shallow neural network as the feature extractor
in the teacher model.

The variants SGFD; and SGFD y employ the logits-based distillation method and
feature-based distillation method to transfer the knowledge encoded in the teacher
extractor to the student extractor, respectively. Notice that, the SGFD; and SGFD ¢
gain different improvements over three datasets, which indicates the benefits from
the response-based knowledge and the feature-based knowledge are different. For
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example, as the label information is messy and the visual feature contains more
information about the characteristics of items, SGFD yields better performance
than SGFD; over Clothing. In other words, semantic information is more important
onToysGames.

SGFD, adopted both the logits- and the feature-based distillation loss to trans-
fer the knowledge from the teacher extractor to the student extractor. Compared
with SGFD; and SGFD ¢, SGFD, achieves a remarkable performance across all the
datasets in terms of Recall. However, the SGFD, underperforms SGFD; and SGFD ¢
over ToysGames and Sports in terms of NDCG. The reason might be that the se-
mantic information from labels and features is inconsistent. SGFD; outperforms
SGFD, across all datasets in terms of NDCG. This is because the complementarity
between different modality features is taken into account during the feature extraction
process.

Our proposed SGFD method achieves superior performance across all datasets.
It demonstrates the effectiveness of using the feature extractor with deep neural
networks to extract the semantic-aware feature. Besides, the use of complementary
information can also alleviate the inconsistent problem referred to above.

2.5.5 Visualization of Knowledge Transfer (RQ4)

To confirm the transfer of knowledge from the teacher model to the student model,
we visualized the review feature and image feature vectors extracted by the original
feature extractor in GRCN as well as the feature extractors in the teacher and student
model of SGFDgRrc N, respectively.

In Fig. 2.5, the first three figures on the left depict the feature vectors derived from
the generic review features of items, while the three figures on the right illustrate
the vectors obtained from the generic image features of items. These items are
randomly sampled from three categories of Clothing (accessories, body jewelry and
socks). Each dot in the figures denotes the extracted vector from the feature of an
item. Besides, the dots with the same color in all figures denote the same category
of items. The obtained vectors are clustered and visualized via the t-Distributed
Stochastic Neighbor Embedding (t-SNE).

As shown in Fig. 2.5, for the feature vectors extracted from different extractors,
those items of the same category from the teacher extractor are closer than the orig-
inal extractor, and the boundaries between categories are also more straightforward
in Fig. 2.5(c). This is attributed to using semantic information to guide the feature
extraction process in the teacher model. Besides, the clustering results shown in
Fig. 2.5(e) demonstrate that the knowledge encoded in the teacher model is trans-
ferred to the student model. A similar trend can be observed from the clustering
result of feature vectors extracted from generic image features based on the three
extractors.
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Fig. 2.5: Visualization of the vectors extracted from generic review and textual
features. The vectors are derived from the original feature extractor in GRCN, feature
extractors in teacher and student models of SGFDgrcn . In addition, the items are
sampled from three categories of Clothing: Socks (Orange), Dress (Blue) and Jewelry

(Green).

2.6 Conclusion

In this chapter, we propose a novel model-agnostic approach, named Semantic-
Guided Feature Distillation (SGFD), which can robustly extract effective and robust
recommendation-oriented features from generic modality features for recommenda-
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tion. In our approach, feature extractors in the teacher model are proposed to extract
effective features considering both the semantic information of items from labels
and the complementary information of multiple modalities. Moreover, to reduce the
negative effect of the data sparsity problem on feature extraction in recommendation,
we employ the student model consisting of feature extractors with shallow neural
networks. By transferring the knowledge encoded in the teacher model to the student
model and replacing the original feature extractor in recommendation methods with
the feature extractors in the student model of our SGFD, effective recommendation-
oriented features can be obtained. The experimental results on three real-world
datasets demonstrate our approach can significantly improve the recommendation
accuracy of multimodal recommendation methods.
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Chapter 3 S’
User Diverse Preference Modeling by
Multimodal Attentive Metric Learning

3.1 Introduction

In Chapter 2, we explored the method for extracting effective multimodal features
suitable for recommendation, which encompass rich item characteristics and reflect
user preferences. Building on this, this chapter aims to demonstrate how to leverage
these multimodal features to effectively capture users’ diverse preferences, thereby
addressing the limitations of existing methods.

Existing approaches primarily utilize user-item interactions to capture user pref-
erences. For instance, in the widely used matrix factorization (MF) method [83, 9],
given the user-item interaction matrix, all users and items are first mapped into a
latent feature space, in which each user and item is presented as a feature vector.
The preference of a user () for an item (7) is predicted based on the dot product of
the feature vectors, i.e., p!q;. Many recommendation methods have been proposed
based on this idea, like WRMF [66], BPR [134], and PMF [136]. In recent years,
the matrix factorization for recommendation has been greatly advanced with the
development of deep neural network (DNN) techniques. A set of DNN based matrix
factorization methods has been proposed, such as the neural collaborative filtering
(NCF) [57] and Deep MF [193].

Although great progress has been achieved thus far, most existing recommender
systems have not well considered to characterize user varying preferences for dif-
ferent items. It is common that the user preference on the various aspects of items
is different. For example, a user will value the “plot” more for a suspense movie,
while pays more attention to the “special effects” for a super-hero movie. As shown
in Fig. 3.1, we can see that users do not treat aspects equally for different items, even
when the items are of the same category. Most existing recommendation methods
use the same vector to represent a user’s preferences for all items, which cannot ac-
curately predict the diverse preferences on various items. Recently, some researchers
have noticed this problem and proposed several models to tackle it. One type of
methods leverages reviews to analyze user attention on different aspects of items
and then integrates the results into the matrix factorization methods for recommen-
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(Director: Mark Osborne,
John Stevenson
Stars: Jack Black, Ian McShane
8 | Genres: Animation, Action, Adventure,
Comedy, Family

Director: James Cameron

Stars: Leonardo, Kate
Genres: Drama, Romance

@ (Dircctor: Shane Black
¥ | Stars: Robert Downey Jr., Guy Pearce,
Gwyneth Paltrow
Genres: Action, Adventure,
Sci-Fi

Director: Ang Lee

Stars: Suraj, Irrfan, Adil
Genres: Adventure, Drama,
Fantasy

Fig. 3.1: An Example of User Diverse Preferences. Users often focus on different
aspects when considering various items. The highlighted directors, stars, or genres
represent the movie elements that attract more attention from the users.

dation, such as ALFM [27], A®NCF [26], and ANR [30]. Another type of methods
varies the target item or user vector based on the vectors of those most influential
items or users with respect to the target items. These recently proposed methods are
based on deep neural networks, such as deep interest networks (DIN) [217], mem-
ory attention-aware recommender system (MARS) [1], and collaborative memory
network (CMN) [39].

With the consideration of users’ varying preferences towards different items, the
above methods have achieved better results over their baselines. However, these
methods still rely on the MF method, and the dot product used in MF for similarity
prediction does not satisfy the triangle inequality' [63, 200], meaning it is not a
metric-based distance learning. This problem significantly limits the expressiveness
of MF and hence causes MF-based methods incapable of capturing the fine-grained
user preferences, resulting in sub-optimal performance [63, 209]. To tackle this
problem, Hsieh et al. [63] proposed a metric collaborative filtering (CML) method
which learns the preferences by minimizing the distance between user and item
vectors (i.e., ||pu, — q:||) of positive interactions. However, directly applying of
this distance metric is problematic [165]. Intuitively, this method tries to map each
user and item pair with positive interaction to the same point in a low dimensional
space. The problem is that each user and item has many interacted items and users,
respectively. As a result, it is geometric inflexible for a large dataset since it tries
to fit a user and all the interacted items into the same point. Tay et al. [157] has
mathematically proved this is geometrically restrictive and will lead to an ill-posed
algebraic system. They proposed to learn an adaptive relation vector r,; between
the interactions of a user-item pair by minimizing || p, + r.; — ¢;||. Although those
proposed metric-based learning approaches tackled the problem of dot product, they
have not well modeled user diverse preferences for various items.

Most existing recommender systems represent a user’s preference with a feature
vector, which is assumed to be fixed when predicting this user’s preferences for

! Tt is defined as: “the distance between two points cannot be larger than the sum of their distances
from a third point” [160].
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Fig. 3.2: Limitations of Traditional Methods in Representing a User’s Preference
with a Fixed Vector.

different items. However, the same vector cannot accurately capture a user’s varying
preferences on all items, especially when considering the diverse characteristics of
various items. As shown in Fig. 3.2, the fixed user vector is used to predict the
user’s preferences for four movies of different genres. Based upon the aforemen-
tioned insights, in this chapter, we propose leveraging multimodal features to model
user diverse preferences. Multimodal features contains rich item characteristics, and
effectively utilizing this can help us use different vectors to represent a user’s diverse
preferences for different items. Specifically, we present a novel multimodal atten-
tive metric learning (MAML) method for capturing users’ diverse preferences. Our
MAML model enhances the CML method by introducing a weight vector to each
user-item pair. This weight vector represents the user’s attention on different aspects
of the target items, and thus it is unique for each user-item pair. This is achieved
by a designed attention neural network which analyzes user attention on the target
item by exploiting the textual and visual features of this item. The learned attention
vector is then integrated with the user and item vectors to compute the user and
item distance. In this way, our model can capture a user’s varying preferences for
different items in recommendation. It is also worth mentioning that our proposed
MAML enjoys the following merits: 1) It satisfies the inequality property because of
the adopted metric-based learning approach, and thus avoids the problem of the dot
product similarity prediction method; And 2) it tackles the geometrically restrictive
problem in CML. This is because the weight vector works as a transformation vector
which projects the user and item into a distinct space (because the weight vector
is unique for each user-item pair) to perform the proximate calculation via the Eu-
clidean distance. Therefore, MAML allows a greater extent of geometric flexibility
and modelling capability. Besides, we find that the standard attention mechanism is
inferior to MAML because it leads to very small Euclidean distance between each
dimension of the user and item vectors, which significantly diminish the prediction
power of our model (see Sec. 3.4.2 for detail). To address this, we adjust the attention
design by enlarging the summation value of the attention weights. We conduct com-
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prehensive experiments on three benchmark datasets to evaluate the performance of
our model on the top-n recommendation task. Experimental results demonstrate that
our MAML outperforms the state-of-the-art MF-based and metric-based learning
approaches. Beyond the improvement in accuracy, an exciting property of MAML
is that it can uncover users’ varying preferences on items.

The main contributions of MAML can be summarized as:

* We presented a novel Multimodal Attentive Metric Learning model for top-n
recommendation. The proposed model can model users’ diverse preferences on
different aspects of items.

* We designed an attention network, which exploits the multimodal features of
the target item to estimate a user’s specific attention on each aspect of this item.

* Our model is developed based on a metric-based learning approach, which
avoids the inherent limitation of matrix factorization-based methods and thus
can capture fine-grained user preference.

* We validated the effectiveness of our model through extensive experiments
conducted on four real-world datasets.

The rest of this chapter is organized as follows: Section 3.2 provides a compre-
hensive review of related work. Section 3.3 introduces the notions and background
relevant to our proposed model. Section 3.4 details the components of the pro-
posed model. Experimental results are presented in Section 3.5. Finally, Section 3.6
concludes the chapter.

3.2 Related Work

As a comprehensive review on recommendation techniques is far beyond the scope
of this chapter, we mainly focus on the most related studies falling into the following
three categories.

3.2.1 Diverse Preference Modeling

In recent two years, researchers have paid more attention to model the varying prefer-
ences towards different items and proposed several methods. We roughly categorize
those methods into two groups. 1) Methods in the first group exploit reviews to ana-
lyze each user’s attention on different aspects of the target item, and then integrate the
attention weights into the matrix factorization for recommendation [27, 26, 30, 21].
In particular, ALFM [27] applies a topic model on reviews to detect the user atten-
tion, and A>NCF [26] uses a neural attention network to learn the user attention from
reviews. Following the same idea, Chin et al. [30] developed an end-to-end attentive
neural network based recommendation model, which leverages reviews and ratings
to learn user diverse preferences on different aspects of items. The AFM method [21]
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adopts a similar strategy and exploits other types of side information (e.g., item cat-
egory) instead of reviews. And 2) as to the methods in the second group, they adapt
the user or item vector according to the most influential users or items, which are
selected based on the target item. For example, in CMN [39], the target user vector
is computed based on the neighbour user vectors, where the neighbour users and
their contributions to the target user vector depend on the target item. MARS [1]
adapts the target user vector based on the neighbour item vectors of the target item.
Both CMN and MARS fix the vector of the target item while adapt the user vector.
In contrast, DIN [217] fixes the user preference vector while adapts the target item
representation based on the user’s previously purchased items.

All the aforementioned methods are based on the matrix factorization framework
by using dot product to estimate the similarity between the target user and item. With
a different strategy in this work, we developed a novel user diverse modeling method
based on the metric learning method, which automatically avoids the limitation of
dot product. To the best of our knowledge, this is the first work to adopt metric
learning method to capture user diverse preferences on different items.

3.2.2 Metric-based Learning

Several efforts have been dedicated to incorporating metric-based learning methods
into collaborative filtering. Typically, the Euclidean embedding is the most popular
one. For instance, Khoshneshin et al. [75] used the Euclidean embedding to model
explicit feedback. Bachrach et al. [5] developed a method to transform the pre-trained
dot-product space into a Euclidean space by preserving the item similarity. The most
related studies are the recently proposed collaborative metric filtering (CML) [63]
and latent relational metric learning (LRML) methods [157]. CML learns the user
vector and item vector by minimizing the Euclidean distance of each user-item pair.
Despite its simplicity, it can effectively encode user preference, as well as user-
user and item-item similarity, achieving very competitive performance on several
datasets. In [157], authors pointed out that CML is geometrically restrictive and
leads to an ill-posed algebraic system. This is because it tries to map each pair of
user-item into the same point in the Euclidean space, and there are many neighbours
for each user and item. To tackle this problem, they introduced a relational vector to
connect the user and item in the embedding space.

In this chapter, we introduce an adaptive weight vector to transform each user-
item pair into a unique space (i.e., the user-item specific attentive-aspect space) for
minimization. Therefore, our method could also deal with the problem of CML.
Besides, the weight vector is tailored for each pair of user-item, and thus our method
can capture users’ varying preferences upon items.
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3.2.3 Multimodal User Preference Modeling

Although many recommender systems have been designed to exploit side informa-
tion to enhance the recommendation performance, most of them only exploit a single
modality feature, such as textual reviews [15, 121, 155, 26, 16, 27, 30], item im-
ages [73, 168, 54, 122], and other metadata [21, 24, 45, 130]. More recently, several
deep models have been proposed to model user preference by using multimodal
information. Zhang et al. [204] proposed a knowledge base method, which extracts
the multimodal knowledge as well as unstructured textual and visual knowledge
to jointly learn the latent representations of items within a collaborative filtering
framework. Similarly, Zhang et al. [211] first extracted user and item features from
ratings, reviews, and images via deep representation learning and then concatenated
the multimodal features to form the joint representations of users and items for
recommendation.

Our proposed method is different from the above methods from two perspectives.
Firstly, the above methods leverage the multimodal features to jointly learn fixed
user and item representations for recommendation, while our method exploits the
multimodal features to learn user’s varying attention to the aspects of different items.
Secondly, our method is based on a metric learning strategy and adopts the Euclidean
distance to predict the user preference on an item, which is greatly different from
the methods relying on the matrix factorization framework and the dot product for
similarity estimation.

3.3 Notations and Background
3.3.1 Notations

Before describing of our model, we would like to first define some basic notations.
Let U be the user set, 7 be the item set, and R be the user-item interaction matrix.
ru,i € R indicates the interaction between the user u € U and the item i € 1.
The interaction could be implicit or explicit. For implicit feedback, r, ; = 1 if the
interaction between u and i exists; otherwise, r,; = 0. For explicit feedback, r, ;
usually is the rating that u assigns to i. Let R be the set of user-item (u, i) pairs
whose values are non-zero and R,, be the set of items that have been interacted by u.
p. € R/ and ¢; € R/ denote the latent feature vector for u and i, respectively.” The
core of recommender systems is to learn the latent feature vectors of users and items
(i.e., p, and q;). When recommending items to a user u, for each item j ¢ R,,, its
recommendation score 7, ; is computed based on p,, and ¢ .

2 In this chapter, unless otherwise specified, notations in bold style denote matrices or vectors, and
the ones in normal style denote scalars.
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Fig. 3.3: Comparison of Dot Product and Distance Metric.

3.3.2 Background
3.3.3 Overview

Matrix factorization (MF) [83] maps users and items into a shared latent feature space
and estimates an unseen interaction by the dot product between the user and item
vector, i.e., 7, ; = p,fqi. And p, and ¢g; for all u € U and i € I are learnt by mini-
mizing the predicted errors between the 7,,; and r,, ;, namely, >, ;e [1Fu,i —7u,i) I3
Due to its simplicity and superior performance, matrix factorization has become the
most popular collaborative filtering method over the past decade. The original MF
models were designed for rating prediction [83, 57] and was extended to weighted
regularized matrix factorization (WRMF) for implicit feedback prediction [66]. As
the goal of recommender system is to provide the target user with a ranking list of
top few items, which are most likely to be preferred by the user, recommendation
is rather a ranking problem instead of rating. In light of this, MF moves to model
the relative preferences between different items and the pairwise learning approach
has been widely adopted to achieve the goal [134, 211]. In pairwise learning, the
user and item vectors are learnt by setting 7, ; > 7, x for any two pairs that satisfy
(u,i) € R and (u, k) ¢ R. A typical example is the bayesian personalized ranking
(BPR) [134]. It is a MF based method, in which #,; = plg; and 7, x = pLq; and
thus pXg; > plq) (s.t. (u,i) € R and (u, k) ¢ R) is used for optimization.

Despite the success of MF, as illustrated in Fig. 3.3, it is not a metric-based
learning approach as the adopted dot product similarity does not satisfy the triangle
inequality property, which is critical for modeling fine-grained user preference as
demonstrated in [63, 209]. From the metric learning perspective, since users and
items are represented as latent vectors in a shared space, the similarity between a
user and an item can be estimated based on the Euclidean distance between their
vectors as:

3 Notice that here we ignore the regularization term for the simplicity of presentation.
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Fig. 3.4: Overview of our MAML model. For each user-item pair, we propose an
attention neural network, which exploits the item’s multimodal features to estimate
the user’s special attention to different aspects of this item. The obtained attention
is then integrated into a metric-based learning method to predict the user preference
on this item.

d(u,i) = |pu - qill- (3.1

Considering the pairwise learning, it is natural to derive that d(u,i) < d(u, k) for
(u,i) € Rand (u, k) ¢ R, where i denotes an item that u likes and k denotes an item
that u does not like. The collaborative metric learning (CML) [63] is designed based
on this simple idea. As this method is a metric-based learning approach, it naturally
avoids the limitation of dot product and achieves better performance than the MF
models [63]. Therefore, in this work, we also derive our user diverse preference
modeling method based on this approach instead of MF.

3.4 Multimodal Attentive Metric Learning
3.4.1 Overview

In the aforementioned methods, they all utilize a fixed vector p,, to represent a user
u’s preference in the feature space. In those models which map users and items into a
joint latent space for similarity estimation, they all assume that each dimension in the
space stands for a type of feature or an aspect of the items. Those dimensions/aspects
are expected to well describe and distinguish the preferences of different users.
Based on this understanding, we argue that using the same vector p,, to predict u’s
preferences for all items may be not optimal, because in the real scenarios, it is
common that the preference of a user on the aspects of different items is varying. For
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example, a user who prefers the faste and price of a restaurant may pay more attention
to the ambience and service of another restaurant, because the two restaurants serve
for different purposes. When predicting the preference of a user u towards an item i,
those aspects of the item i to which u pays the most attention should dominate u’s
preference on the item i.

In light of this, we propose a multimodal attentive metric learning (MAML)
model. For each user-item (u, i) pair, our model computes a weight vector a,,; € R/
to indicate the importance of i’s aspects for u. In addition, the side information
of items is exploited to estimate the weight vector, as side information conveys rich
features of items, especially text reviews and item images, which are well-recognized
to provide notable and complementary features of items in different aspects [211, 25].
We adopt the recent advancement of attention mechanism [20, 26] to estimate the
attention vector. With the attention (weight) vector, the Euclidean distance between
a user # and an item i in our model becomes:

d(u,l) = ”au,i © Pu—Qu;i © qi”9 (32)

where © denotes the element-wise product between vectors.

It is worth mentioning that, with the attention vector, our model can not only
accurately capture the user’s varying preferences for different items, but also tackle
the geometrically restrictive problem [157] in CML. From Eq. 3.1, it can be found
that CML tries to fit a user and all the interacted items into the same point in the
latent space, however, each item in turn has many interacted users. Therefore, it is
geometrically impossible to achieve the goal. In our model, as a,, ; is unique for each
user-item pair, it works as a transformation vector which transforms the target user
and item into a new space for distance computation. Thus, our method can naturally
avoid the geometrically restrictive problem in CML. An overview of our proposed
modal MAML is illustrated in Fig. 3.4.

We adopt the pairwise learning for optimization and the loss function is defined
as:

Lu(d)= ), >, owlm+d(i®-dk]l., (3.3)

(u,i)€R (u,k)¢R

where i is an item that u likes and & is an item that u does not like; [z]+ = max(z, 0)
denotes the standard hinge loss. w,,; is aranking loss weight (described in Sect. 3.4.3)
and m > 0 is the safety margin size. d(u, ) and d(u, k) are computed according to
Eqg. 3.2. In the next, we introduce how to compute the attention vector a,, ; for each
user-item pair.

3.4.2 Attention Mechanism

In this section, we introduce the attention mechanism in MAML for capturing a user
u’s specific attention a,; of an item i. Since text reviews and images contain rich
information about user preference and item characteristic, they are used to capture
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u’s attention on the various aspects of i. A two-layer neural network is used to
compute the attention vector:

€y = Tanh(Wl [pu;qi;Ftv,i] + bl)s (34)

dyi =V ReLU(Wse, ; + b)), (3.5)

where Wi, W, and b, b, are respectively the weight matrices and bias vectors of
the two layers. v is a vector that projects the hidden layer into an output attention
weight vector. F;, ; is the item feature vector which is a fusion of i’s textual feature
and image feature (described later). [p.; qi; Fry.i] denotes the concatenation of py,,
qi, and Fy, ;. Tanh and ReLU [147, 109, 110] are used as the activation functions
for the first and second layer, respectively.*

Following the standard procedures of neural attention networks, there is a subse-
quent step to normalize 4, ; with the softmax function, which converts the attention
weights to a probabilistic distribution. Unfortunately, this standard solution does not
work well in practice. This is because in our model, the attention weights are directly
used to element-wise product with the Euclidean distance between p,, and g; (see
Eq. 3.2). For each dimension /, the weighted distance is d, ;. = ay.i.1 - (Pug — qi.1)-
After softmax normalization, the weights will be very small. For example, when the
dimension f is 100, the mean value of weights is only 0.01. Notice that the distance
between each dimension of p, and g; is already quite small °. With such a small
weight a, ; ;, the distance d,,;; becomes even smaller. When the distances of all
dimensions are quite small, the differences between different dimensions (aspects)
become negligible. This will weaken the distinguishing power of our model, result-
ing in performance deterioration. To alleviate this problem, we propose to enlarge
the normalized weight by a factor «. In our model, the final attention weight vector
is computed as:

dois = S i), 3.6)

Z{:l aAu,i W
In experiments, we set « to be the dimension of the weight vector, i.e., @ = f, which
turns out to work well (see Section ??). This setting is motivated by the consideration
that when the weight vector is binary, only the aspects with the weight 1 take effect
on the final decision, and the extreme case is that all the aspects are of the same
importance. In the next, we introduce how to obtain the fused item feature vector Fy, ;.

Item Features
For each item, its textual and visual features are extracted from its associated reviews

and images.6 The text feature F; ; is extracted by the PV-DM [85] model, which
learns continuous distributed vector representations for textual documents in an un-

4 We have empirically studied different combinations of the activation functions in the attention
neural network, and find out that Tanh and Relu can achieve relatively better performance.

3 Due to the regularization ||p.||> < 1 and ||g.||> < 1, see Sect. 3.4.4
6 In this work, each item is associated with one image.
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supervised way. It considers the word sequence information and tries to preserve the
semantic features. PV-DM takes text documents as inputs and outputs their vector
representations in a latent semantic space. The visual feature F, ; is extracted by the
Caffe reference model [71], which consists of 5 convolutional layers and 3 fully con-
nected layers. This model was pre-trained on 1.2 million ImageNet ILSVRC2010)
images. In this work, we take the output of the second fully connected layer, resulting
in a 4096-D feature vector as the visual features for each item.

After extracting the textual and visual features of items, we fuse them to better
represent the characteristics of items [166]. Many multimodal feature fusion methods
have been proposed and we adopt a widely used strategy[205, 148] by first concate-
nating the textual and visual features and then feeding them into a multiple-layer
neural networks. Specifically, the feature fusion network is,

21 =0 (WilF i Foil +b1),

22 = 0(Wazy + b)), 37

2. =0(Wrzp_1+by1),

where W; and b; denote the weight matrix and bias vector for the /-th layer, respec-
tively. o (+) is the activation function and ReLU is adopted because its biologically
plausible and non-saturated property [47]. The output of last layer is the fused fea-
ture, namely, Fy,; = zr. Noticed that our focus in this chapter is to exploit items’
multimodal features for capturing users’ varying attentions on different aspects of
various items. The above extraction and fusion method is adopted for simplicity, and
other advanced feature extraction and fusion methods could also be adopted in this
case.

3.4.3 Ranking loss weight

We adopt the Weighted Approximate-Rank Pairwise (WARP) loss [187] to compute
wy,;. This scheme penalizes a positive item at a lower rank much more heavily than
the one at the top, and produces the state-of-the-art results in previous work [63, 214].
Given a metric d, let rank 4 (u, i) denote the position of i in u’s recommended ranking
list, w,,,; is computed as,

wyi =log(rankg(u,i) +1). (3.8)

In WARP, rank;(u,i) is estimated through a sequential sampling procedure which
repeatedly samples negative items to find impostors [187]. For each user-item pair
(u, i), let J denote the total number of items and M denote the number of impostors
in N samples. The rank(u, i) is approximated as | (J X M) /N |. For more details
on WARP, please refer to [187]. In our implementation, we follow the procedure
described in [63] to estimate rankq(u, i).
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3.4.4 Regularization

As text reviews and item images represent items’ characteristics, we would like that
items with similar textual and visual features to be closer in the latent feature vector.
To achieve the goal, we define the following L, loss function,

Li(g) = ) IFuwi - gill. (3.9)

This function penalizes an item i’s feature vector ¢; when ¢; deviates away from the
extracted feature Fy, ;.

To prevent the redundant of each dimension in the feature space,we then employ
another regularization technique, covariance regularization [31] to reduce the corre-
lation between the activation in a deep neural network. This technique can be also
used in our model to de-correlate the dimensions in the feature space and thus to
maximize the utilization of the given space. Let y" denote the latent vector of an
object, which could be a user or an item; and » indexes the object in a batch of size
N. The covariances between all pairs of dimensions i and j from a matrix C are
defined as:

1
Cij= NZ (v = mi) (y?—uj), (3.10)
n

where u; = % 2. Yi. We define the loss L. to regularize the covariances:

1
Lo = (IlCly = diag (€)13) (31D

where ||| ; is the Frobenius norm.

Finally, similar to the previous metric-based collaborative filtering methods [63,
157], we also bound all the user and item vector within a Euclidean unit sphere, i.e.,
lp.lI> < 1and ||q.]|* < I, for regularization and preventing overfitting.

3.4.5 Optimization

With the consideration of all the regularization terms, the final object function of
our MAML is,

min Lm+/lfo+/lCLC
9’1’*’2‘1* , (3.12)
st |Ip«ll” £ 1and |lq«I” < 1,

where A7 and A, are hyperparameters that control the weight of each loss term. The
optimization is quite standard and the stochastic gradient descent (SGD) algorithm is
adopted. In implementation, the Adam optimizer [77] is adopted to tune the learning
rate.
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Table 3.1: Basic statistics of the experimental datasets.

Dataset #user #item #interactions sparsity

Office 4,874 2,406 53,137 99.55%
Men Clothing 4,955 5,028 32,363 99.87%
Women Clothing 19,244 14,596 135,326  99.95%
Toys Games 18,748 11,673 161,653  99.93%

3.5 Experiments

To validate the effectiveness of our method, we conducted extensive experiments on
four public datasets to answer the following research questions:

RQ1: Does our proposed MAML improve the performance of state-of-the-art
recommendation models on the top-n recommendation task?

RQ2: How does the multimodal attention mechanism impact the performance of
multimodal recommendation models?

RQ3: Can our method effectively capture users’ diverse preferences to improve
recommendation quality?

Next, we first introduce the experimental setup and then report and analyze the
experimental results.

3.5.1 Experimental Setup

Datasets

The public Amazon review dataset [121], which has been widely used for recom-
mendation evaluation in previous studies [211, 21, 25], is adopted for experiments
in this chapter. We adopted four product categories as shown in Table 3.1. Since we
need to exploit reviews and item images to extract the item features, items without
any textual reviews or images were removed. After this step, we further pre-processed
the dataset to keep only the items and users which have at least 5 interactions. The
basic statistics of the four datasets are shown in Table 3.1. As we can see, the datasets
are of different sizes and sparsity. For example, the office dataset is relatively denser
than other datasets. The diversity of datasets is useful for analyzing the performance
of our method and the competitors in different situations.

In this chapter, we focus on the top-n recommendation task, which aims to rec-
ommend a set of n top-ranked items that will be appealing to the target user. For each
dataset, we randomly selected 70% of the interactions from each user to construct the
training set, and the remaining 30% for testing. Each user has at least 5 interactions,
thus we had at least 3 interactions per user for training, and at least 2 interactions per
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user for testing.
Baselines

We compare our MAML method with the following baselines, including both shal-
low (BPR [134], VBPR [54]) and deep (DeepCoNN [215], NeuCF [57], JRL [211])
MF based models, as well as the metric learning based method CML [63]. Be-
sides, they cover different information sources, i.e., ratings (BPR, CML), reviews
(DeepCoNN, CMLFr [63], JRL), images (CMLf, JRL). Notice that CMLFp is an
extension of CML. It extends the CML model by considering item features for top-n
recommendation. We use CML;¢y;, CML;nag¢, and CMLg;; to denote the model
considering the text feature, image feature, and both features, respectively.

* BPR [134]: Bayesian Personalized Ranking [134] is a collaborative filtering
method, which combines the matrix factorization method with a pair-wise learn-
ing to rank loss function. It has been proven to be a competitive baseline for this
task [57, 25].

* VBPR [54]: This is a visual BPR method for top-n recommendation, which is
the state-of-the-art method for recommendation based on visual images of the
products.

* NeuCF [57]: The neural collaborative filtering method generalizes the matrix
factorization to neural networks. It explores the non-linear interaction between
user vectors and item vectors for top-n recommendation and achieves the state-
of-the-art performance over the methods which only rely on user-item interaction
information.

* DeepCoNN [215]: The Deep Cooperative Neural Networks model exploits the
reviews of users and items in CNN to learn the user and item representations,
which are then concatenated and passed into a regression layer for rating pre-
diction.

¢ JRL [211]: The Joint Representation Learning model integrates reviews, product
images and ratings to obtain the joint representations of users and items by using
deep representations learning frameworks. It is a state-of-the-art deep model for
the top-n recommendation.

* CML [63]: The Collaborative Metric Learning model learns a joint metric space
to encode users’ preferences and the user-user and item-item similarity for top-n
recommendation.

* CMLF [63]: It extends the CML model by considering item features for top-n
recommendation. We use CML;¢x;, CML;,46¢, and CML,; to denote the model
considering the text feature, image feature, and both features, respectively.

Evaluation Metrics

Four widely used evaluation metrics for top-n recommendation are used in our
evaluation, including precision, recall, NDCG [69], and Hit Ratio (HR). Below, we
provide detailed explanations of Precision and Hit Ratio, as Recall and NDCG have
already been introduced in Chapter 2.
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Precision measures the proportion of recommended items that are relevant to the
user. For a given user u, Precision is defined as:

|Rel(u) N Rec(u, n)|

Precision =
|Rec(u,n)|

, (3.13)

where:

* Rel(u) represents the set of relevant items for user u in the test set.
* Rec(u, n) is the set of top-n recommended items for user u.

This metric evaluates the accuracy of the recommendation list by considering how
many of the recommended items are actually relevant.
Hit Ratio measures whether at least one of the recommended items is relevant to
the user. For a given user u, HR is defined as:
1 ifRel(u#) N Rec(u,n) # 0,
HR = { () (,m) (3.14)

0 otherwise.

This metric is often aggregated across all users as the proportion of users for whom
at least one relevant item appears in the top-n recommendations.

Note that all the metrics are computed based on the top 10 results. The reported
results are the average values across all the testing users.

Experimental Settings

To ensure the consistency of baseline implementation, we adopted the publicly
available implementations of BPR 7, VBPR #, NeuCF °, DeepCoNN ', JRL !,
and CML 2. We implemented our model with TensorFlow '* and carefully
tuned the key parameters. Specifically, we tuned the initial learning rate £y €
{0.1,0.01,0.001, 0.0001}; the margin m in the hinge loss m € {0.1,0.2,...,2.0};
the number of negative samples (s) and the regularization parameters {s,d¢,A.} €
{1,2,...,10}. In our experiments, the following setting works well: £y = 0.001,
m =1.6 (1.5 for ToysGames), s = 8 (4 for Office and MenClothing). 4, = 5, and
Ar =7 (2 for ToysGames). The optimal batch size varies across different datasets.
Besides, model parameters are saved in every 10 epochs and the models are trained
in maximum 1,000 epochs. In experiments, the dimension of latent vectors (i.e., p,,
and ¢g;) of all methods is set to 64. Notice that all the competitors have also been
carefully tuned for fair comparisons. For example, for CML, we found that 4. = 1

7 https://github.com/sh0416/bpr.

8 https://github.com/arogers1/VBPR.

9 https://github.com/hexiangnan/neural_collaborative_filtering.
10 https://github.com/chenchongthu/DeepCoNN.

1 https://github.com/evison/JRL.

12 hitps://github.com/changun/CollMetric.

13 https://www.tensorflow.org.
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(all the other hyperparameters are the same as our MAML model) works better. We
released the codes and involved parameter settings to facilitate others to repeat this
work 4.

Table 3.2: Performance of our MAML model and the competitors over Office and
Men Clothing datasets. Noticed that the values are reported by percentage with *%’
omitted.

Datasets | Office | Men Clothing

Metrics |NCDG RECALL HR PR |NCDG RECALL HR PR
BPR 4557 7780 21410 2562|1229 2375 4611 0478
NeuCF 4145  6.609 19504 2516|1416 2599 6.017 0.625
CML 6.680 8.986 24.025 3.141|2.520 4.040 7.815 0811

DeepCoNN | 2.418 3.842 11.273 2.160 | 0.813 1510 3.643 0.491
CML;¢x¢ 6.889 9.171 247778 3.223 | 3.212 4952  9.659 1.005
MAML;ex | 7.094 9346 25.165 3.222|3.282 4961 9.843 1.019

VBPR 3.072 4942 15381 1.817|1.061 1914 3.873 0.392
CML;nage | 6987 9.232 24560 3.214 |3.542 5259 10419 1.086
MAML; nage | 7.077 9286  25.155 3.261 | 3.585 5.401 10.927 1.148

JRL 3391 3421 12345 1525|2574 3920 7.247 0.657
CML.;; 7.032 9349 24911 3.236 | 3.718 5408 10.627 1.127
MAML,.j; 7.139% 9.386* 25.177* 3.265%|3.733* 5.574* 10.719* 1.152%

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

3.5.2 Performance Comparison (RQ1)

The results of our model and all the competitors over the four datasets are reported
in Table 3.2 and Table 3.3. It can be found that our method outperforms all the
competitors consistently across all the test datasets in terms of different metrics.
Besides, by grouping all the methods into four categories, we gained some interesting
observations.

Firstly, we focused the performance of the methods in the first block, which
only use the user-item interaction information. Specifically, NeuCF adopts neural

14 https://github.com/liufancs/MAML.
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Table 3.3: Performance of our MAML model and the competitors over Women
Clothing and Toys Games datasets. Noticed that the values are reported by percentage
with "%’ omitted.

Datasets | Women Clothing | Toys Games

Metrics |NCDG RECALL HR PR |NCDG RECALL HR PR
BPR 0572 1.086  2.062 0.244 | 0.807 1.733  3.235 0.385
NeuCF 1.136 2115 4377 0491|2374 4558 9.801 1374
CML 3.026 4.542  9.157 1.034|6.207 8.638 17.454 2.204

DeepCoNN | 0.648 1.214 2474 0394 | 1.496 2.581 5.665 1.145
CML;exs 3507 5.139 9972 1.144|6.345 8.787 17.957 2.260
MAML;ex; |3.590 5.246 10329 1.175 | 6.410 8954 18.093 2.289

VBPR 0921 1.644 3357 03770846 1.595 3.738 0418
CML;nage |3.704 5499 10.804 1.237|6.362 8923 17.951 2.301
MAML;nage| 3733 5.554 10956 1.246 | 6.486  9.087 18.312 2.314

JRL 1.729 2906  4.965 0.457 (2302 4599 8232 1.382
CML,; 3798 5562 10985 1.241|6.409 8928 18.135 2.308
MAML,.;; 3.809* 5.636* 11.144* 1.260%|6.547* 9.111* 18.341%* 2.327*

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

networks which can better model user-item interactions and achieve better results
than BPR in general. The Office dataset has a smaller size but is relatively denser,
which might be the reason that BPR can obtain good performance on this dataset.'?
CML outperforms both BPR and NeuMF by a large margin, because CML can
capture fine-grained user preferences by using the metric-based learning approach.
It can encode not only user preference but also the user-user and item-item similarity.

The second and third blocks are the methods exploiting one type of side infor-
mation, i.e., text and image, respectively. MAML;.; and MAML,;,4¢. are variants
of our model MAML, which exploits only text and image, respectively. As we can
see, the recommendation performance can be greatly improved with the exploitation
of additional item features, which has been demonstrated in many previous studies.
DeepCoNN utilizes text information but performs unsatisfactorily. This is because
the DeepCoNN uses text reviews not only in training but also in the test stage.
In real scenario, the user review for an item is unavailable before the purchasing
behavior happened. Therefore, in our experiments, we did not use review informa-

15 Remind that MF based method suffers from the cold-start problem (i.e., very limited interactions
for users or items) and NeuMF needs relatively more data for better learning.
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tion in the testing stage, resulting in the performance degradation of DeepCoNN
(which has also been demonstrated in [15]). It is interesting that the performance
based on images outperforms that based on texts (by comparing CML;;;4g. and
MAML;4ge t0 CML;ex; and MAML;,,,). This might because the image features
are more important for the selected four types of products (e.g., Clothing). VBPR
achieves satisfactory performance in Women Clothing but it is inferior to NeuCF and
BPR on other datasets.

Finally, in the last block, the methods exploit both text and image features. The
best performance of CML,;; and MAML,;; demonstrates the effectiveness of fusing
multimodal features, which can indeed enhance the recommendation accuracy by
considering multi-source item information. JRL achieves the best results over all the
other baselines except the CML based ones (and BRP on the Office dataset). The
CML based methods outperform all the other baselines, verifying the potential of
metric-based learning approach. The only difference between MAML and CML is
that the former models user diverse preferences by using the attention mechanism.
The consistent and significant improvement of MAML over CML validates the
importance of considering user diverse preferences on different aspects of items,
and also demonstrates the effectiveness of our proposed model.

3.5.3 Effects of Our Attention Mechanism (RQ2)

Remind that in our MAML model, we adapt the standard attention mechanism by
enlarging the sum of all the attention weights by a factor @. In our implementation,
the value of « is set to be equal to the dimension of the user/item feature vectors, i.e.,
a = f (see Sect. 3.4.2 for details). In this section, we examine the effectiveness of
this tailored attention mechanism in our model. In particular, we compare the perfor-
mance of our model with the adapted attention mechanism (with ) and the standard
one (without @). We tuned MAML with the standard attention mechanism carefully
(e.g., m € {0.001,0.005,0.01,...,2.0}, and {Ar,4.} € {0.0001,0.001,...,10}).
The best results are used for comparisons. As shown in Fig. 3.5, with the adapted at-
tention mechanism, our model can achieve consistent improvement by a large margin
across all the test datasets, indicating the effectiveness of our attention mechanism
in MAML.

3.5.4 Visualization (RQ3)

In the proposed method, we model user diverse preferences by capturing user at-
tention to different aspects of items. Our intuition is that the preference of a user
on different aspects is varying when facing different items. Therefore, for each user-
item pair, our model computes a unique attention weight for each aspect of the item
(i.e., different dimensions of the feature vector). In this section, we would like to:
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Fig. 3.5: Our adapted attention mechanism (with @) vs. the standard attention mech-
anism (whiteout «).

1) visualize the learned attention weights to illustrate user varying preferences on
different aspects of various items; and 2) visualize user diverse preferences based on
the purchased items.

Attention Visualization

We use heatmap to visualize the attention weights as shown in Fig. 3.6. The color
scale represents the intensities of attention weights, where a deeper color indicates
a higher value and a lighter color indicates a lower value. Fig. 3.6a visualizes the
attention weights of a user for 64 items that were purchased by the user (in the Of-
fice dataset). The x-axis represents the dimensions of attention vector (i.e., 64), and
y-axis represents the 64 items. At the beginning, the user attention on all aspects (or
dimensions) is set to be the same (i.e., the all the values in the attention vector is 1).
During the training process, the attention weight of each dimension will gradually
adjust within the range of [0, 64], and finally converge to a constant value. Fig. 3.6a
visualizes the converged values, which demonstrates that the user preference on
different aspects is varying across different items. Fig. 3.6b illustrates the attention
weights of 64 users on the aspects of a randomly selected item (also from the Office
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Fig. 3.6: Visualization of Attention Vector.

10
represents different users. We can see that, different users pay attention to different

dataset). The x-axis also represents the dimensions of attention vector, and y-axis
aspects of the same item.
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Fig. 3.7: User preference visualization based on item embedding and attention vectors
in the Office dataset.
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Fig.3.8: User preference visualization based on item embedding and attention vectors
in the WomenClothing dataset.

User diverse preference visualization

We argued that a user preference is diverse, because a user 1) likes items with
diverse features; and 2) has different preferences on the aspects of various items. In
Fig. 3.7 and Fig. 3.8, we visualize the user preference by clustering the purchased
items using 1) item embedding and 2) user attention vectors with respect to items.
Fig. 3.7 and Fig. 3.8 show the clustering results of all the items that a user purchased
from Office and WomenClothing, respectively. The left figures visualize the clus-
tering results based on item embedding (i.e., ¢;); and the right ones illustrate the
clustering results based on user attention vectors. Every dot in the figures denotes an
item. Besides, in both Fig. 3.7 and Fig. 3.8, the dots with the same color (e.g., blue)
in the two figures denote the same set of items. We use t-SNE [120] for clustering
and visualization. Notice that the item vector (i.e., g;) is learned based on its interac-
tions with all the users. Therefore, this vector should well characterize all the aspects
of the item. In contrast, an attention vector a,; characterizes a user’s attention to
the different aspects of an item. Therefore, the clustering results based on the item
embedding (left figures) can demonstrate the user diverse preferences on items with
different features; the clustering results based on the attention vector (right figures)
validate user varying attention on different aspects of items. Besides, we can see
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that the distribution of the same items (e.g., red dots in Fig. 3.7) is different in the
two types of figures. It also demonstrates that a user pays different attention to the
various aspects of different items.

3.6 Conclusion

In this chapter, we presented a novel Multimodal Attentive Metric Learning (MAML)
model for top-n recommendation. In particular, this model is designed to model user
diverse preferences on different aspects of items. This is achieved by a proposed
attention neural network, which exploits the multimodal features of the target item to
estimate a user’s specific attention on each aspect of this item. Moreover, our model
is developed based on a metric-based learning approach, which avoids the inherent
limitation of matrix factorization-based methods and thus can capture fine-grained
user preferences. Extensive experiments have been conducted on four real-world
datasets from Amazon. The results show that our method significantly outperforms
a variety of competitors, demonstrating the effectiveness of our method and the
potential of modeling user diverse preferences for recommendation. Besides, we
also studied the effectiveness of the designed attention mechanism and visualized
the user’s diverse preferences based on both the learned item vectors and the attention
vectors.



)]
Chapter 4 e
Disentangled Multimodal Representation
Learning for Recommendation

4.1 Introduction

As introduced in Chapter 3, it is well-known that users preferences on items are
diverse. That is, the intents of a user for liking items are varied across different
items. For example, a user may favor a product due to its quality and brand, and
prefer another one just because of its good-looking appearance. Because multimodal
information provides rich features that directly describe different aspects and even
evidences of users’ opinion on those aspects (e.g., comments), it has also been
exploited to model the diverse preferences of users towards various items. To achieve
the goal, existing methods either learn an attention vector for different aspects with
respect to the target user-item pair [211] or update the target item/user vector based
on the multimodal features of the target items [101, 27, 30]. The success of the
aforementioned methods is largely attributed to their effectiveness of exploiting
multimodal information to learn better user and item representations. However, we
argue that, in addition to modeling users’ diverse preferences for different items, it is
also important to model users’ modality preferences, that is, to mine the contributions
of different modality features to users’ preference for each factor of an item. The
reasons for modeling users’ modality preferences are as follows:

Firstly, the prominent factors exhibited by different modalities are different. For
example, user reviews contain more user’s opinions on the factors of such as quality
and comfort for items [27, 30]. In contrast, item images can help capture more
user preferences on the visual appearance (like color and type) [122, 54]. Existing
multimodal-based CF models usually exploit the features of multimodal information
without distinguishing the feature differences between different modalities [204,
211]. Apparently, those studies have not considered the different contributions of
multimodal information on the factor level for users’ preference modeling.

In addition, users have individual differences in perceiving different modalities
for organizing information as pointed out in psychology studies [34]. Accordingly,
the features of different modalities are of different importance to a user’s preference
on a certain factor of a target item. In other words, users have different preferences

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025 57
F. Liu et al., Multimodal Learning toward Recommendation,
https://doi.org/10.1007/978-3-031-83188-1_4
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Fig. 4.1: An Example Illustrating Modality Preference. This example demonstrates
how different modalities contribute to user preferences. The red line signifies a
stronger influence. For the “Style” of an item, visual features play a dominant role
in modeling user preferences, whereas for the “Comfort” of an item, textual features
are more impactful.

Implicit Feature

AR A

Fig. 4.2: Users have different modality preferences on different items of different
factors. For the “Style” of an item, User A prefers visual features (receiving more
information from visuals compared to other modalities), while User B prefers textual
features. The red line highlights the feature that users pay more attention to.

for different modalities (or modality preference) in each factor of an item. For
example, the style information can be directly viewed from the images or obtained
from the descriptions in reviews when purchasing clothes. For this factor, some
users directly view the images to check whether they like them, while others might
be more willing to refer to the opinions in reviews. However, existing multimodal
recommendation methods have not considered the modality preferences of users
in the utilization of information when exploiting different modalities, resulting in
sub-optimal performance.

Finally, the entangled representations of different factors in each modality will
also hurt the performance [59, 117, 174]. For example, a user purchases a dress
because of its style while caring less about comfort; otherwise, the user purchases the
other dress considering both style and comfort. When the representations of different
factors in each modality are entangled, this will cause information redundancy
and performance degradation in preference modeling. We would like to model user
preference from different factors and each factor can be represented by the features of
different modalities. Disentangled representation has been demonstrated to be more
resilient to complex features [59, 117]. Recently, researchers have also applied the
disentangled representation learning techniques to model users’ diverse intents [174].
Although some progress has been achieved, they only use the user-item interaction
data and leave the rich information contained in multimodal data unexploited. In
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fact, the multimodal data provides a lot of useful information to help us discover
users’ intents on items. The problem is how to effectively disentangle and fuse the
multimodal features to better serve our recommendation model.

Motivated by the above considerations, in this chapter, we propose a Disentan-
gled Multimodal Representation Learning (DMRL for short) model, which models
user’s preference by considering the different contributions of features from different
modalities for each disentangled factor. In our model, a user’s preference for an item
is predicted by weightedly aggregating her preferences on all modality features of
different factors. To yield robust and independent representations for each factor, we
adopt a disentangled representation technique to ensure that the features of different
factors in each modality are independent of each other. Based on the disentangled
representations of different factors, we design a multimodal attention mechanism to
capture users’ modality preferences on different modalities for each factor. Finally,
for the preference prediction, given a user and a target item, we first estimate the
user’s preference score for each factor in each modality, and then linearly combine
the scores of all the factors across different modalities using the estimated weights
obtained by the attention mechanism. To this end, our modal can profile users’ per-
sonal preferences based on disentangled factors represented by multimodalities with
the consideration of their personal modality preference. Extensive experiments on
five real-world datasets have been carried out to demonstrate the effectiveness of
our method with comparison to several strong baselines, including the ones using
multimodal information and disentangled learning techniques.

In summary, the main contributions of this work are as follows:

* We highlight the differing importance of multimodal features to various factors
of items and claim that users have different modality preferences on different
modalities for each factor. Inspired by this, we propose a novel DMRL recom-
mendation method, which models users’ preferences by considering the different
contributions of multimodal features to each disentangled factor.

* In the model design, we adopt the disentangled representation learning tech-
nique to disentangle the factor representations in each modality and design a
multimodal attention mechanism to estimate users’ attention to the features of
different modalities for each factor.

* We have conducted extensive experiments on five real-world datasets to evaluate
the effectiveness of our model and perform comprehensive ablation studies
to verify the key assumptions of our model. Experimental results show the
superiority of our method. In addition, our codes are released to facilitate the
replication of our experiments'.

The rest of this chapter is organized as follows: Section 4.2 provides a compre-
hensive review of related work. Section 4.3 introduces the preliminaries relevant
to our proposed model. Section 4.4 details the components of the proposed model.
Experimental results are presented in Section 4.5. Finally, Section 4.6 concludes the
chapter.

! https://github.com/liufancs/DMRL


https://github.com/liufancs/DMRL

60 4 Disentangled Multimodal Representation Learning for Recommendation

4.2 Related Work

In this section, we briefly review the recent advances in multimodal representation in
recommendation and disentangled representation learning, which are closely relevant
to our work.

4.2.1 Multimodal Representation Learning in Recommendation

Model-based CF models [83, 57, 173, 56, 102] learn the representations of users
and items merely relying on the interaction data. To enhance the user and item rep-
resentations, various types of side information have been utilized in recommender
systems, such as attributes [24, 21], reviews [121, 155,27, 30] and images [122, 168].
Most existing models exploit different types of information individually, because
of the challenges of fusing multimodal information. However, it has been well-
recognized that features from different modalities are complementary to each other,
and the use of multi-modal features can further improve the performance in gen-
eral [204, 211, 101, 185, 124, 13].

In recent years, researchers have also exploited the multimodal information for
learning more comprehensive user and item representation in recommendation sys-
tems [204, 211, 63, 101, 182, 185, 36]. Based on how multimodal information is
utilised in user and item embedding learning, we broadly classify the existing meth-
ods into two types. The first one is to integrate the features learned from different
modalities via a linear [204, 182, 185] or non-linear method [211, 101] to obtain
a joint representation for each user or item. For instance, JRL [211] concatenates
the representations learned from ratings, reviews and images to form the final rep-
resentation. The other type often adopts a regularization scheme to constrain the
relations between representations of different modalities in a latent space [63, 101].
For example, CML [63] uses the multimodal features as a regularization term with
a designed loss to facilitate the embedding learning of items and users. For captur-
ing fine-grained user preference, Liu et al. [101] proposed a metric learning-based
method, which models diverse user preferences by exploiting the item’s multimodal
feature. In recent years, Graph Convolution Networks (GCNs) have attracted in-
creasing attention in multimodal recommendation due to the powerful capability
on representation learning from non-Euclidean structure [182, 185, 206]. Based on
the GCN structure, MMGCN [186] constructs a user-item bipartite graph to learn
representations of each modality and then fuse the modality representation together
as the final representation. GRCN [185] utilizes the rich multimodal content of items
to refine the structure of the interaction graph in order to mitigate the effect of
false-positive edges on recommendation performance.

Despite the progress, the factors behind multimodal features are entangled in
representations, resulting in sub-optimal performance. In this chapter, in order to
yield robust multimodal representations, we employ the disentangled representation
technique to encourage the independence of different features.
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4.2.2 Disentangled Representation Learning

Disentangled representation learning has gained considerable attention, in particular
in the field of image representation learning [59]. It aims to identify and disentan-
gle the underlying explanatory factors behind the data. Such representations have
demonstrated to be more resilient to the complex variants [117]. For instance, the
beta-VAE method [59] employs a constrained variational framework to learn disen-
tangled representations of fundamental visual concepts. Meanwhile, IPGDN [115]
automatically uncovers independent latent factors present in graph data.

In recent years, modeling users’ diverse preferences for items has attracted in-
creasing attention in the recommendation field. Cheng et al. [27] applied the topic
model on reviews to analyze user preferences on different aspects of items, which
are used to model a user’s diverse intents to different items. Liu et al. [101] pre-
sented a metric-learning based recommendation model, which employs an attentive
neural network to estimate user attention on different aspects of the target item by
exploiting the item’s multimodal features (e.g., review and image). In fact, the factors
behind features in the aforementioned methods are highly entangled, which results in
sub-optimal performance of recommendation. For learning robust and independent
representations from user-item interaction data, disentangled representation begins
to be valued in recommendation [118, 176, 174, 89]. Following the previous work
in computer vision, the initial attempts take Variational Auto-encoder (VAE) [78]
to learn disentangled representations. For example, MacridVAE [118] captured user
preferences regarding the different concepts associated with user intentions sepa-
rately. Beyond the disentangled representations derived from user-item interaction
modeling, ADDVAE [159] acquires an additional set of disentangled user represen-
tations from textual content and subsequently aligns both sets of representations. For
studying the diversity of user intents on adopting the items, DGCF [174] employs
a graph disentangled module to iteratively refine the intent-aware interaction graph
and factorial representations for recommendations. As the learned disentangled rep-
resentations lack clear meanings, KDR [126] uses knowledge graphs (KGs) to guide
the learning process, ensuring that the resulting disentangled representations are
associated with semantically meaningful information extracted from the KGs.

The above methods apply the disentangled learning techniques on interaction
data to model users’ diverse intents on adopting items without exploiting any side
information. We claim that side information, especially the combination of multi-
modal information (e.g., reviews and images), contain rich evidence about users’
preferences on items. In addition, we claim that for a specific factor, the features
of different modalities convey different information. Inspired by this consideration,
in this paper, we apply the disentangled learning technique on multimodal informa-
tion to learn a users’ preference on each factor of an item. Moreover, we design a
multimodal attention network to capture a user’s modality preferences on different
modalities for each factor.
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Visual Feature (v)
Disentangled Representation
Learning Modality Preference Modeling Distance Correlation

Fig. 4.3: Overview of our DMRL model. Specifically, the disentangled representation
technique is adopted to ensure the features of different factors in each modality are
independent to each other. A multimodal attention mechanism is then designed to
capture the user’s modality preference for each factor. Based on the estimated weights
obtained by the attention mechanism, DMRL makes recommendations by combining
the preference scores of a user’s preferences to each factor of the target item over
different modalities. Best viewed in color.

4.3 Preliminaries

Before describing our model, we would like to introduce the problem setting first.
Given a user set U and an item set 7, we use RN«*Ni to denote the user-item
interaction matrix, in which a nonzero entry r,,; € R indicates that user u € U
has interacted with item i € I before; otherwise, the entry is zero. Notice that the
interactions can be implicit (e.g., click) or explicit (e.g., rating). N, and N; are the
numbers of users and items, respectively. In our setting, each user and each item
is assigned a unique ID, and it is represented by a trait vector. Besides, each item
is associated with multi-modal information, e.g., reviews and images. And for each
item, its associated review and image are represented as a textual feature vector and a
visual feature vector, respectively. It should be noted that item ID, image and review
are regarded as three types of modality in our setting. Our goal is to recommend a
user u € U with suitable items which the user did not purchase before and will find
appealing.

Existing multimodal-based methods often represent each modality (i.e., ID, re-
view, and image) of each item as a holistic vector. As aforementioned, we would
like to model users’ diverse preference on different factors, and more specifically,
their attention to different modalities of the same factor. To achieve the goal, in our
model, the vector of each modality is composed of K chunks, with the assumption
that each chunk represents a factor (such as appearance or quality). Without loss of
generality, we use the user ID embedding as an example, it is initialized as:

pu = (pL, p2,-+ pK), (4.1)
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where p, € R is ID embedding to capture intrinsic characteristics of user u;
pr e R is u’s chunked representation of the k-th factor. Analogously, ¢; =
(qila Qf,' ° q,K)7 qc = (qtl’qtzs °t % th) and ¢, = (Q.%,qg,' ° 115() are defined as the
embeddings of item i’s ID, textual feature and visual feature, respectively.

The embeddings of user ID and item ID are randomly initialized in our model,
and the initial embeddings of textual and visual features of items are extracted from
reviews and images, which are described in the following.

Feature Extraction

In our implementation, the BERT [35] model is adopted to extract the text feature.
Specifically, BERT learns continuous distributed vector representations for textual
documents in an unsupervised way. BERT tries to preserve the semantic information
and also considers the sequential information in the word sequence. It takes text doc-
uments as inputs and outputs their vector representations in a latent semantic space.
The visual feature F, is extracted by the ViT [81] model that adopts transformer
encoder with 32 layers. In this work, we take the output of the transformer encoder,
resulting in a 1024-D feature vector as the visual features for each item?.

The extracted textual and visual features are then fed into two separate two-layer
neural networks, which are used as refinement networks to learn valuable features
oriented for recommendation 3. Specifically, the two-layer neural network is:

g =c(Woo(WLF, +b)+8%), 4.2)

where F is the input feature vector of the x-modality (i.e., visual or textual). WS,
W! and 8%, b! are the corresponding weight matrices and bias vectors for two layers,
respectively. o (-) is the activation function and LeakyReLU is adopted because its
biologically plausible and non-saturated property [173]. The textual feature F, and
visual feature F, are processed by two separate networks to obtain the embeddings
of ¢, and g, respectively for subsequent learning. Noted that our focus in this chapter
is to study whether the disentangled representation of factors can help us enhance
the recommendation performance. The above textual and visual extraction methods
can be replaced by any other more advanced methods. In the next, we give the details
of our disentangled multimodal representation learning recommendation model.

4.4 Our Model

As shown in Figure 4.3, our Disentangled Multimodal Representation Learning
(DMRL) consists of three key components: 1) disentangled representation learn-
ing, which employs distance correlation [152, 151] as a regularizer to encourage
the independence of the features of different factors in each modality; 2) modality

2 In this chapter, each item is associated with one image.
3 Experiments show that the neural network with two layers could achieve better performance.
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preference modeling, which captures user modality preference on different modal-
ities for each factor; 3) preference prediction, which predicts the preference of a
user to the target item by aggregating the learned disentangled features from dif-
ferent modalities with assigned attention weights. In the next, we introduce each
component in sequence.

4.4.1 Disentangled Representation Learning

We would like to divide the feature representations of each modality into k chunks.
And each chunk represents a latent factor which impacts user’s preference on the
item *. For simplicity, the features from each modality are evenly divided into k
continuous chunks. As aresult, the features of different factors will be entangled. This
will cause information redundancy and reduce the efficacy of preference modeling
based on those factors. To avoid the problem, we need to first disentangle the
features of different factors in each modality. To achieve the goal, we apply distance
correlation [151, 152] to characterize independence of any two-paired embeddings
of different factors. Its coefficient is zero if and only if these vectors are independent.
For a feature vector y, we formulate it as:

K K
S dCor( S k), 4.3)

k=1 1 kel

where dCor(-) is the function of distance correlation and it is defined as:
dCov (yk,yk')
\/dVar (vk) dvar (yk')

where y* and yk, are respectively the k and k'-th chunks of the vector y; dCou(-)
represents the distance covariance between two matrices; dVar (-) is the distance vari-
ance of each matrix. In this way, we can define the regularizationlosses L, Ly, L;, L,
to encourage the feature independence of the factors in user ID, item ID, textual fea-
ture and visual feature, respectively.

Finally, the regularization loss for disentangled learning is formulated as:

, 4.4)

dCor (yk,yk,) =

Ly=Lp+Lsy+L,+L;. “.5)

Note that in this equation, the weights of different regularization losses (L, Ly, Ly, L;)
can be empirically tuned. Here, we set them to be equal in the learning process for
simplicity.

4 Note that we use the semantic factors, such as appearance and quality, as examples for ease
understanding of our model. Latent factors are implicit and unexplainable.
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4.4.2 Modality Preference Modeling

Typically, for a certain factor, users often value its features exhibited by different
modalities differently. For example, for the appearance of a product, a user will
take the visual features (from images) more seriously than the textual features (from
reviews); and value the textual features more than the visual features for the quality
of the product. To capture the complicated user modality preferences on various
modalities for each factor, we design a weight-shared multimodal attention mech-

anism in DMRL. Specifically, for an item 7, a user u’s specific attention a{j ; to
different modalities for the k-th factor is computed as:
hy, =Tanh(W(p;; 4} 475 q5] +b), (4.6)
k
=W,h, ;. 4.7

where W and b are respectively the Weight matrix and bias vector of the neural
network. In order to enhance efficiency of learning, we use shared weight under
all factors. h’; ; is an output of of the hidden layer; W, is a transformation matrix

that projects the hidden layer into an output attention weight vector. | pﬁ; qf.‘; q f; ql’f]
denotes the concatenation of p¥, q{.‘, q{‘ and gX. Tanh is used as the activation
function.

Following the standard procedure of attention mechanism, there is a subsequent
step to normalize @ a ; with the softmax function, which converts the attention weights
to a probability dlstrlbutlon In our model, the final attention weight for the textual
feature of the k-th factor is computed as:

ak = exP( “”) . (4.8)

u,i,t
exp (éﬁ’i’q) +exp (& ) +exp ( i U)

k

Similarly, the weight for item i’s ID and visual feature a, , 4

computed in the same way.

k
and a,,, can be

4.4.3 Preference Prediction

User’s preference for an item should be estimated based on her preferences on
different modalities of all factors for this item. Hence, with the representations of
different modalities for different factors, given a user u and a target item i with their
representations, the user preference on the k-th factor according to the features of
the x-modality is estimated as:

Thix=lni0(Ph©qh). (4.9)
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where © denotes dot product. Notice that the attention weight a’;’i’x represents the
importance of the x-modality to the k-th factor for the user’s preference to the item;
and the dot product between p’,j and q’; estimates how the features of the x-modality
fits this user’s tastes on the k-th factor. The integration of both terms can evaluate
the user’s preference to the item on the k-th factor according to the features of
x-modality more comprehensively. o(-) is the activation function and softplus is
adopted to ensure that the yielded score is positive. Similarly, we can compute rb’j‘ iq
”1];, ;. and rl’j’ ;.o In the same way, which represent the user preferences on the k-th
factor from different modalities, i.e., item ID, reviews, and images, respectively. And
the final score of user preference on the k-th factor of the target item is predicted by
aggregating the scores from different modalities:
Fai=Thig FThis F e (4.10)
Finally, the predicted scores of all the factors are integrated together to predict
user preference to the target item, which is:

K
ru,izzrllj’i- 4.11)

k=1

4.4.4 Model Learning

Objective function

We target at the top-n recommendation, namely, to recommend a set of n top-
ranked items which match the target user’s preferences. Similar to other rank-oriented
recommendation studies [211, 173], we use the pairwise-based learning method for
optimization. The loss function is defined as:

Lppr = Z —Ing(rui —rui-), (4.12)

(u,it,i")e0

where O = {(u,i*,i7)|(u,i*) € R, (u,i”) € R~} denotes the training set; R*
indicates the observed interactions between user u and i* in the training dataset,
and R~ is the sampled unobserved interaction set. For each positive pair (u,i*), we
first randomly sample n negative ones from the items that a user hasn’t purchased
before as candidate items.® From the candidate items, we select the one which is
most similar to the user u based on the dot product of their embeddings, as a hard
negative sample to construct the negative pair (u,i”).

3 In our implementation, we empirically set n = 4 to balance efficiency and effectiveness.
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Optimization

With the consideration of all the regularization terms, the final object function of
our DMRL is,

loss = Lgpr + AgLg + AgLy, 4.13)

where Ly = ||©|3 represents the L, regularization for the parameters © of the
model; 1y and A4 are hyperparameters that control the weights of L, regularizer
and independence regularizer, respectively. The optimization is quite standard and
the stochastic gradient descent (SGD) algorithm is adopted. In implementation, the
Adam optimizer [77] is adopted to tune the learning rate.

4.5 Experiments

To validate the effectiveness of our model, we conducted extensive experiments on
five public datasets to answer the following research questions:

RQ1: Does the proposed MAML enhance the performance of state-of-the-art
recommendation models for top-n recommendation tasks?

RQ2: How does modality preference influence the performance of multimodal
recommendation models?

RQ3: Can our method effectively disentangle multimodal representations for the
recommendation?

RQ4: What is the contribution of each component in DMRL?

RQS5: How does the number of factors affect the performance of DMRL?

In the next, we first introduce the experimental setup, and then report and analyze
the experimental results.

4.5.1 Experimental Setup

Datasets

The public Amazon review dataset® [121], which has been widely used for recom-
mendation evaluation in previous studies, is used for evaluation in our experiments.
This dataset contains user interactions (review, rating, helpfulness votes, etc.) on
items as well as the item metadata (descriptions, price, brand, image features, etc.)
on 24 product categories. Five product categories in this dataset are selected and all
the reviews and item images are kept as side information for items. We pre-processed

6 http://jmcauley.ucsd.edu/data/amazon.
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Table 4.1: Basic statistics of the experimental datasets.

Dataset  #user #item #interactions sparsity

Office 4,874 7,279 52,957  99.85%
Baby 12,637 18,646 121,651  99.95%
Clothing 18,209 35,526 150,889  99.98%
Toys Games 18,748 30,420 161,653  99.97%
Sports 21,400 36,224 982,618  99.97%

the dataset to only keep the items and users with at least 5 interactions. The basic
statistics of the five datasets are shown in Table 4.1. For each observed user-item
interaction, we treated it as a positive instance, and then paired it with negative items
which are randomly sampled from items that the user has not purchased before.

In this work, we focus on the top-n recommendation task, which aims to recom-
mend a set of top-n ranked items that will be appealing to the target user. For each
dataset, we randomly selected 80% of the interactions from each user to construct the
training set, and the remaining 20% for testing. From the training set, we randomly
selected 10% of interactions as a validation set to tune hyper-parameters.

Baselines

We compare our DMRL model with the following baselines, including both deep
(NeuMF [57], JRL [211]) MF and metric learning (CML [63], MAML [101])
based models, as well as the graph-based methods (NGCF [173], DGCF [174],
MMGCN [182], GRCN [185]). In experiments, for all the baselines, we use the
codes they released for evaluation. And, we put great effort to tune hyperparameters
of these methods and reported their best performance.

Evaluation Metrics

For each user in the test set, we treat all the items that the user did not interact with as
negative items. Two widely used metrics for top-n recommendation are adopted in
our evaluation: Recall and Normalized Discounted Cumulative Gain (NDCG) [55].
For each metric, the performance is computed based on the top 20 results. Notice
that the reported results are the average values across all the testing users.

Parameter Settings
We implemented our model with Tensorflow 7 and carefully tuned the key pa-

rameters. The embedding size is fixed to 128 for all methods and the embedding
parameters are initialized with the Xavier method [190]. We optimized our method

7 https://www.tensorflow.org.
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Table 4.2: Performance of our DMRL model and the competitors over Office, Baby
and Clothing. The best results are highlighted in bold. We categorize the methods
into two categories (i.e., blocks): 1) methods in the 1st block are the ones relying
only on the user-item interaction information without any side information, and 2)
methods in the 2nd block are the ones that consider both text and image features.

Datasets Office Baby Clothing
Metrics | Recall NDCG | Recall NDCG | Recall NDCG

NeuMF | 0.0605 0.0337 | 0.0502 0.0224 | 0.0189 0.0080
CML 0.1229 0.1395 | 0.0674 0.0444 | 0.0409 0.0224
NGCF 0.0814 0.0479 | 0.0694 0.0313 | 0.0466 0.0216
DGCF 0.1206 0.1105 | 0.0788 0.0465 | 0.0745 0.0405
JRL 0.0656 0.0365 | 0.0579 0.0266 | 0.0233 0.0124
MMGCN| 0.1173 0.1231 | 0.0814 0.0496 | 0.0573 0.0312
MAML | 0.1333 0.1412 | 0.0867 0.0521 | 0.0782 0.0387
GRCN | 0.1351 0.1524 | 0.0883 0.0541 | 0.0861 0.0452
DMRL [0.1563* 0.1842%|0.0906* 0.0561*|0.0917* 0.0511°*

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

with Adam [77] and used the default learning rate of 0.0001 and default mini-batch
size of 1024. The L, regularization coefficient 14 and the distance correlation 14 are
searched in the range of {1e ™3, 1e™*,--- , le*'}. We search the number of the factors
being disentangled in {1, 2,4, 8}. Besides, model parameters are saved in every 10
epochs. The early stopping strategy [173] is performed, i.e., premature stopping if
recall@20 does not increase for 50 successive epochs. For fair comparisons, for the
methods using the negative sample strategy, we paired each positive instance in the
training set with four randomly sampled negative instances to train them.

4.5.2 Performance comparison (RQ1)

The results of our model and all the competitors over the five datasets are reported
in Table 4.2 and 4.3. Overall, it can be seen that our method outperforms all the
competitors consistently across all the datasets in terms of different metrics. By
grouping all the methods into two categories based on whether using multimodal
information, we gain some interesting observations.

The methods in the first block only use the user-item interactions. NeuMF models
the non-linear interactions between users and items by using deep neural networks
and achieves better performance than the traditional MF methods using linear in-
teractions [57]. NGCF exploits high-order connectivities between users and items
through embedding propagation over the graph structure. Hence it obtains better
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Table 4.3: Performance of our DMRL model and the competitors over Toys Games
and Sports. The best results are highlighted in bold. We categorize the methods into
two categories (i.e., blocks): 1) methods in the 1st block are the ones relying only on
the user-item interaction information without any side information, and 2) methods
in the 2nd block are the ones that consider both text and image features.

Datasets Toys Games Sports
Metrics | Recall NDCG | Recall NDCG

NeuMF | 0.0253 0.0128 | 0.0330 0.0157
CML 0.1227 0.1160 | 0.0982 0.0640
NGCF 0.0970 0.0587 | 0.0707 0.0337
DGCF 0.1262 0.1085 | 0.1026 0.0629
JRL 0.0472  0.0413 | 0.0368 0.0214
MMGCN| 0.1171 0.1056 | 0.0913 0.0572
MAML |0.1183 0.1117 | 0.1029 0.0676
GRCN | 0.1336 0.1236 | 0.1065 0.0693
DMRL |0.1434* 0.1331*(0.1111* 0.0711*

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

user and item representations than NeuMF. DGCF outperforms NGCF across all the
datasets. This is attributed to the utilization of disentangled representation to learn
robust and independent user and item embeddings by considering users’ diverse in-
tents. However, the aforementioned methods all use the dot product as the interaction
function. As pointed out in [63], dot product does not obey the triangle inequality
and thus cannot well model fine-grained user preferences. By using a metric-based
learning approach, CML outperforms both NeuMF and NGCF by a large margin.
This observation is also consistent with the results reported in [101].

All the methods in the second block exploit both textual and visual features be-
sides the interaction information. In general, these methods yield better performance
than those without using multimodal features, demonstrating the effectiveness of
leveraging side information on modeling user preference. Owing to the valuable in-
formation in multimodal features, JRL outperforms NeuMF accross all the datasets.
By exploiting user-item interactions to guide the representation learning in differ-
ent modalities, MMGCN yields better performance over NGCF on all the datasets.
However, MMGCN underperforms DGCF on four datasets, which is because the
entangled multimodal representations limit the capability of representation learn-
ing. MAML outperforms MMGCN across all the datasets, owing to the adoption
of metric-based learning approach and attention mechanism to capture user diverse
preferences. By discovering and pruning potential false-positive edges, GRCN ob-
tains better performance across all datasets.

DMRL outperforms all the baselines consistently over all the datasets. We credit
this to the joint effects of the following four aspects. Firstly, the utilization of mul-
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Table 4.4: Performance of our DMRL model and its variants over five datasets. The

best results are highlighted in bold.

Datasets Office Baby Clothing ToysGames Sports

Metrics Recall NDCG|Recall NDCG| Recall NDCG|Recall NDCG| Recall NDCG
DGCF 0.1206 0.1105|0.0788 0.0465|0.0745 0.0405(0.1262 0.1085|0.1026 0.0629
DMRL, 0.1517 0.1578(0.0783 0.0497{0.0766 0.0419(0.1258 0.1257|0.1071 0.0657
DMRL, 0.1532 0.1612|0.0852 0.0534|0.0897 0.0464(0.1395 0.1287{0.1122 0.0682
DMRL,/, |0.1513 0.1454|0.0759 0.0479(0.0781 0.0392(0.1363 0.1262{0.0998 0.0597
DMRL,/,, ., |0.1541 0.1559(0.0835 0.0513|0.0841 0.0427(0.1211 0.1186(0.1112 0.0691
DMRL 0.1563 0.18420.0906 0.0561|0.0917 0.0511(0.1434 0.1331|0.1111 0.0711

timodal information on modeling user preference, which can be observed from the
performance comparisons of methods between two blocks in Table 4.4. Secondly,
DMRL models user preference by considering the different contributions of different
modalities to each factor. Thirdly, an attention network is designed in our model to
capture user’s modality preference on different modalities for each factor. Finally,
the use of the disentangled representation learning technique is adopted to learn
independent representations for different factors. As demonstrated in DGCF, dis-
entangled representation can better model users’ multiple intents and thus achieve
better performance.

4.5.3 Effects of Modality Preference (RQ2)

One of our assumptions in the model is that for each factor of an item, different
users may value its features of one modality more than those of another modality. To
capture this, we design an attention mechanism to compute the attention weights for
each factor of different modalities. The other assumption is that different modalities
contribute differently for a user’s preference to an item. With this consideration, for
each user-item pair, our model computes the rating given to each factor of an item
across different modalities (see Eq. 4.9). In this section, we would like to validate the
above two assumptions via visualization: 1) visualizing the learned attention weights
to illustrate user’s modality preferences on different modalities for each factor; and
2) visualizing the user preferences (ratings) to illustrate two users’ preferences on
different factors represented by different modalities.

Modality Preferences (Attention Weights)

In order to study the user’s modality preferences on different modalities for each
factor, we compute the attention weights for different modalities of each factor (in
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Fig. 4.4: Attention weights of different modalities. I, T and V represent item ID,
textual feature and visual feature, respectively.

100 %
80%
60%
40%
20%

0%

Rating

2 3
Factor

nl =sT mV

(a) User A

100 %
80%
60%
40%
20%

0%

Rating

2 3 4
Factor

nl aT mV
(b) User B

Fig. 4.5: Ratings from two users. I, T and V represent item ID, textual feature and
visual feature, respectively.

the Office dataset)®,which are visualized in Fig. 4.4. Specifically, I, T and V repre-
sent item ID, textual feature and visual feature, respectively. The x-axis represents
different factors. Comparing the results in Fig. 4.4(a) and Fig. 4.4(b), we can see that
the weights of different modalities for the same factor are different between the two
users. This verifies that for an item, the preferences of users to different modalities
are different for each factor. In addition, it should be noted that the attention weight

8 We selected two users (0 and 197) who purchased the same item (1294) as an example.
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Fig. 4.6: Visualization of entangled and disentangled vectors extracted from textual
features. Best viewed in color.

cannot represent the contribution of a modality to a user’s preference to a factor
of the target item. Specifically, take the results in the 4-¢h factor in Fig. 4.5(b) and
Fig. 4.4(b) for example, we can find that although the user pays more attention to
the textual feature according to the attention weight, the item ID actually contributes
more to the user preference.

User Preferences (Ratings)

In order to further study the contributions of different modalities to a user’s prefer-
ence on the factors of the target item, we compute the ratings of the two different
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users given to different factors of the same item represented by different modalities.
The ratings are then normalized across different modalities and visualized in Fig. 4.5.
Overall, both Fig. 4.5(a) and Fig. 4.5(b) show that for the same factor, the features
of different modalities have different contributions to user preference. For example,
item ID yields a higher score for the second factor than the scores of both visual
feature and textual feature. In other words, the textual and visual features contribute
relatively less to the user’s preference on this factor. What’s more, take the results
in the 4-th factor in Fig. 4.5(b) and Fig. 4.4(b) for example, we can find that al-
though the user pays more attention to the textual feature according to the attention
weight, the item ID actually contributes more to the user preference. Besides, the
variations between Fig. 4.5(a) and Fig. 4.5(b) also demonstrate the different modality
preferences of users to different modalities.

4.5.4 Effect of Disentanglement (RQ3)

In Fig. 4.6, we visualized the entangled and disentangled vectors extracted from
textual features. The textual features is associated with the items from Office °. In
both Fig. 4.6a and Fig. 4.6b, the dots with the same color (e.g., red) denote the
vectors of the same factor. We use t-SNE [120] for clustering and visualization. The
clustering results based on the vectors of different factors (right figure) can illustrate
the effectiveness of using disentangled representation technique. In other words, it
demonstrates that our proposed method could encourage independence of the vectors
of different factors for modality features.

4.5.5 Ablation Study (RQ4)

In this section, we examine the contribution of different components to the perfor-
mance of our model. Our analyses are based on the performance comparisons to the
following methods.

* DGCEF [174]: 1t is a disentangled representation based method which only uses
item IDs.

* DMRL,;: It is a variant of our method which only uses item IDs and textual
features.

* DMRL,: It is a variant of our method which only uses item IDs and visual
features.

* DMRL,,/, 4: This variant removes the designed multimodal attention mecha-
nism. It exploits the multimodal features of different factors indiscriminately.

* DMRL,,/, ,,: This variant removes user information in Eq. 4.6, namely, for the
same item, the attention weights are all the same for different users. It is designed

° We randomly sampled the items and their associated textual features.
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to investigate the effectiveness of modeling user modality preference on different
modalities by comparing to our DMRL model.

The results of those variants and our method are reported in Table 4.4. We group
all the methods and variants into two groups based on whether the methods use all
the modalities. The methods in the first block only use a part of three modalities.
Both DMRL,; and DMRL, outperform DGCF, demonstrating the effectiveness of
leveraging side information to learn user preference. DMRL, outperforms DMRL,
in terms of Recall @20 over all the datasets, which indicates the importance of visual
features on user preference modeling. DMRL,; performs better than DMRL,, in terms
of NDCG@20 on ToysGames and Sports. This is because textual features have a
higher contribution for the two cases.

The variants in the second block use features of all three modalities. DMRL,,, ,,
outperforms DMRL,,/, , in almost all the cases, which indicates the importance
of distinguishing different contributions of different modalities. More importantly,
without the attention mechanism, DMRL,,, , even underperforms DMRL, and
DMRL,, which use our attention method. This further demonstrates the importance
of modeling users’ modality preferences. The further improvement of DMRL over
DMRL,,, ., validate the effectiveness of distinguishing different users’ attentions to
various modalities for each factor.

It is surprising that the methods in the second block underperform the methods
in the first block on Sports in terms of Recall@20. This warns us that it is possible
that the features of different modalities are inconsistent, which may exert a negative
influence on preference modeling. More advanced multimodal feature fusion meth-
ods are needed to tackle this problem. Besides this special case, DMRL can achieve
superior performance over DMRL, and DMRL, consistently, which indicates the
benefits of considering multimodal information in recommendation. The compre-
hensive ablation studies also demonstrate the positive utility of different components
of our DMRL model.

01 iecrwowRn| 7' [[DGCFEDWRL
o o
I
8) 0.15 & 0.17
= o
: 8
S 0.13 S 0.13
0.11 0.09
1 2 4 8 1 2 4 8
Number of Factors Number of Factors
(a) Recall on Office (b) NDCG on Office

Fig. 4.7: Impact of the Factor Number (K) on Office dataset.
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Fig. 4.9: Impact of the Factor Number (K) on Clothing dataset.

4.5.6 Effects of the Factor Number (RQ5)

In this section, we study the influence of the factor number on the performance of
our method. To compare the performance of our model and the baseline model with
different factor numbers, we carry out experiments by tuning the number of factors
in {1, 2,4, 8} on different datasets.

We compare our model to DGCF which also uses disentangled representations
but did not use multimodal features. Fig. 4.7, 4.8, 4.9, 4.10, 4.11 show the results
in terms of Recall@20 and NDCG@20 on all five datasets. As we can see, with
the increasing of the number of factors, both DMRL and DGCEF achieve better per-
formance and the best performance is obtained when the number is 2 or 4. This
indicates that recommendation methods can benefit from robust and independent
representation learning technique. Specifically, DGCF performs worse over Office,
Baby and Clothing when K = 1 and K = 2, indicating that an insufficient number
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Fig. 4.11: Impact of the Factor Number (K) on Sports dataset.

of factors limits the capability of disentangled representation. However, the recom-
mendation performance drops when when K = 8. The reason might be that the
chunked representations with small embedding size have limited expressiveness in
representation learning for each factor [174]. The large improvement over DGCF
shows the effectiveness of our model on exploiting multimodal features.

4.6 Conclusion

In this chapter, we present a novel recommendation model called Disentangled Mul-
timodal Representation Learning (DMRL), which models user’s modality preference
with respect to multimodal information on different factors of items. In DMRL, we
adopt a disentangled representation learning technique to disentangle the represen-
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tations of different factors in each modality. In addition, we design a multimodal
attention mechanism to capture user’s modality preferences to different modalities
for each factor, so as to learn better representations for recommendation. Finally,
we estimate a user’s preference score to each factor of the target item based on its
representation in each modality, and then combining the scores together across all
modalities and factors with the computed attention weights. Extensive experiments
on five publicly available datasets show that our model outperforms the state-of-the-
art methods, demonstrating the superiority of our method on exploiting multimodal
information. The ablation studies further validate the importance of modeling per-
sonal modality preference to different modalities.



®
Chapter 5 Spdates
Dynamic Multimodal Fusion via Meta-Learning
Towards Multimodal Recommendation

5.1 Introduction

After extracting effective multimodal features of a user or an item in Chapter 2 and
subsequently modeling modality preferences in Chapter 3, a crucial next step is to
integrate these multimodal features into a joint multimodal representation, known
as multimodal fusion, to comprehensively represent the user or item. Existing mul-
timodal fusion methods can be roughly classified into two categories: linear [185]
and nonlinear [37] methods. For example, MMGCN [186] performs the graph con-
volutional operations on user-item graphs in different modalities, and implements
multimodal fusion via the linear combination of multimodal representations. Due
to the limitations of linear methods, deep neural networks are employed to fuse
multimodal information nonlinearly. For instance, VBPR [54] adopts a neural layer
to project the multi-modality features into the latent space. ACF [20] introduces a
hierarchical attention mechanism to select informative content by assigning weights
to different modalities.

Despite the remarkable performance, the previous methods are only able to per-
form static multimodal fusion as shown in Figure 5.1(a), following the assumptions
that: 1) for different items, the information from the same modality plays a similar
role and the multimodal information obeys the same relationship; and 2) a fusion
function can be learned from the vast amount of items, and that the function learned
is capable of modeling the relationships among the multimodal information. How-
ever, we argue that the above-mentioned assumptions are fragile in recommendation.
Taking the recently popular micro-videos as an example, unlike the well-designed
video (e.g., movies or documentaries), the modality-specific information of different
micro-videos may have very different effects on the expression of the theme, and the
relationships among modalities might also be distinct [6]. For instance, the infor-
mation in visual and acoustic modalities is complementary in music micro-videos;
while in education micro-videos, acoustic and textual modalities convey the themes
in a consistent relationship. With this consideration, we argue that static fusion is
under-fitting the varying multimodal fusion for learning representations of items,
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Fig. 5.1: Illustration of the static and the dynamic multimodal fusion, exemplified
using micro-videos. X;’, Xl.“, and Xf denote the features derived from visual, acoustic,
and textual modalities of micro-video i, respectively. €;" denotes the multimodal
representation of micro-video i through the fusion function. ®; denotes the item-
specific parameters dynamically generated for the fusion function by a meta-learning
algorithm. Similar notations are used for denoting the attributes of micro-video j.

leading to suboptimal recommendation performance. Furthermore, we consider that
each item should combine its visual, acoustic, and textual modality information in a
unique way.

In this chapter, using micro-videos as an example, we study the issues involved
in multimodal fusion mentioned above. We propose a dynamic multimodal fusion
method that treats the multimodal fusion of each item as an independent task. As
shown in Figure 5.1(b), the item-specific fusion functions are learned for different
items independently. For implementation, we resort to the meta-learning techniques
to establish the dynamic multimodal fusion as shown in Figure 5.1(c), due to their
following advantages:

* Meta-learning algorithm is capable of generating adaptive parameters according
to the context of a single task [221, 41], which is consistent with the target of
dynamic multimodal fusion strategy.

* Meta-learning algorithm offers an effective way to perform transfer learning
across tasks by means of shared parameters [161], thus enabling us to effectively
learn the item-specific fusion functions with the limited training samples.

More specifically, we develop a novel meta-learning-based multimodal fusion
model, named Meta Multimodal Fusion (MetaMMF), to dynamically integrate mul-
timodal information for micro-video recommendation. In particular, MetaMMF con-
sists of two main components: a meta information extractor and a meta fusion learner.
The former is implemented by a multi-layer perceptron (MLP). It projects the multi-
modal features of the input task (for an item) into the meta information that represents
the task features in the form of higher-order abstraction [128]. Based on the meta
information, the meta fusion learner parameterizes a neural network as the fusion
function for the input task. Namely, the meta fusion learner establishes a mapping
from meta information to fusion parameters, while generalizing the learning-to-learn
(meta-learning) mechanism to tasks. To parameterize a layer in the neural network,
the meta fusion learner exploits a task-shared 3-D tensor to transform the meta in-
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formation vector into the layer’s weight matrix by multiplication. Mathematically,
by regarding the 3-D tensor as a set of 2-D matrices, the transformation is actually
a linear combination of these 2-D matrices weighted by the elements in meta in-
formation, thus satisfying the dynamic nature of the results. Moreover, considering
the model complexity problem caused by excessive parameters, we adopt Canonical
Polyadic (CP) Decomposition to lighten our model by decomposing the 3-D tensors
into fewer parameters. In this way, MetaMMF can dynamically learn an item-specific
fusion function for each item to integrate its multimodal features into the multimodal
representation. After combining with the collaborative representation, the joint rep-
resentation can then be directly used to predict the interactions between the users and
micro-videos like MF or passed through an advanced model like GCN. We conduct
extensive experiments on three publicly accessible datasets to verify the rationality
and effectiveness of our MetaMMF method.
Opverall, the three main contributions of our work are summarized as follows.

* We highlight the importance of dynamic multimodal fusion for effective repre-
sentation learning in micro-video recommendation. Towards this end, we present
a meta-learning-based method to fuse multimodal information of each item
dynamically. This work represents one of the pioneering efforts in utilizing
meta-learning for dynamic multimodal fusion.

* We devise a model MetaMMF for dynamic multimodal fusion. By analyzing
the to-be-fused multimodal features of an item, MetaMMF dynamically param-
eterizes a neural network utilized as the item-specific fusion function. As a
technical contribution, we innovatively employ tensor decomposition to down-
size the model parameters, resulting in a lighter model with improved training
efficiency.

» To validate the effectiveness of our proposed method, we conducted extensive
experiments on three real-world datasets. The experimental results demonstrate
that MetaMMF achieves state-of-the-art performance in enhancing multimodal
representation learning.

5.2 Related Work

In this section, we review existing work on micro-video recommendation, multimodal
fusion, and meta-learning, which are the most relevant to this work.

5.2.1 Micro-Video Recommendation

Consistent with the general personalized recommendation, the studies in this field
parameterize users and micro-videos with embeddings, and reconstruct their in-
teractions to learn parameters. Recently, multiple modalities of micro-videos are
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widely exploited to enhance their representations in related literature because they
can provide rich auxiliary information [101].

One of the early studies, Visual Bayesian Personalized Ranking (VBPR) [54]
model, projects the modal features of each micro-video into a modal representation,
then concatenated with the collaborative representation to form the final item repre-
sentation. Such a fusion can only capture a linear relationship. With the rise of deep
learning, many studies have successfully employed the non-linear fusion of mul-
timodal features. For example, User-Video Co-Attention Network (UVCAN) [113]
utilizes attention mechanisms at the user and micro-video levels to selectively in-
corporate modality information for representation learning. Nevertheless, its fusion
method, a weighted sum of multimodal features, results in coarse-grained multi-
modal relationships. More recently, Graph Convolution Network (GCN) [49] has
gained popularity for recommendation representation learning due to its outstanding
performance. MMGCN [186] builds modality-aware GCNs based on a user-item
bipartite graph to learn unimodal representations for users and micro-videos. How-
ever, its final multimodal fusion relies on a linear combination, neglecting the varying
impact of different modalities. Heterogeneous Hierarchical Feature Aggregation Net-
work (HHFAN) [14] leverages a modality-aware heterogeneous information graph
to explore complex relationships among users, micro-videos, and multimodal in-
formation, generating high-quality representations. Nevertheless, the fusion of the
neighbor’s multimodal features in HHFAN is performed using a static aggregation
network. Invariant Representation Learning (InvRL) [38] learns invariant repre-
sentations that account for user attention and mitigate the influence of spurious
correlations in micro-video recommendations. The learned invariant representations
can consistently predict user-item interactions across different environments. Despite
this innovation, its fusion module simply concatenates multimodal features.

Although these previous studies have shown performance improvements, their
static fusion approach limits the capture of diverse multimodal relationships in micro-
videos, resulting in suboptimal representations and negatively affecting recommen-
dation performance. To address this limitation, we propose a novel dynamic multi-
modal fusion-based recommendation model, enhancing the representation learning
of micro-video by dynamically fusing multimodal information. Our model utilizes
the multimodal features of micro-videos and leverages meta-learning to dynamically
parameterize a fusion neural network for each micro-video. This adaptive approach
enables the capture of specific multimodal relationships pertaining to each micro-
video. Furthermore, our model is designed to be model-agnostic and lightweight,
providing distinct advantages in flexibility and efficiency compared to previous
methods.

5.2.2 Multimodal Fusion

Multimodal fusion is one of the traditional topics in multimodal machine learning. In
technical terms, multimodal fusion refers to integrating information from multiple
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modalities to predict a class through classification or a continuous value through
regression [6]. Most studies on multimodal fusion are model-agnostic, which can be
divided into early (i.e., feature-based), late (i.e., decision-based), and hybrid fusion.

Early fusion integrates features extracted from different modalities. For example,
ACNet [65] utilizes the attention mechanism to integrate valuable features from
RGB and depth branches adaptively. However, the fusion process only considers a
complementary relationship and utilizes a static layer with element-wise addition.
In contrast, late fusion combines the output results of multiple models for multiple
modalities. The related studies focus on fusing unimodal decision values, such as the
neural multimodal cooperative learning (NMCL) [184] model, which enhances indi-
vidual features in each modality using cooperative nets and performs late fusion on
the prediction results from different modalities. However, these approaches overlook
the feature-level interactions between modalities. Hybrid fusion, on the other hand,
combines outputs from early fusion and individual unimodal predictors, aiming to
leverage the advantages of both above-described methods in a common framework,
such as Combine Early and Late Fusion Together (CELFT) [177]. This universal
hybrid framework considers the fusion of different levels regardless of the fusion
dynamics.

These fusion approaches adhere to an immutable formulation, i.e., the fusion pro-
cess remains constant regardless of the input. Such fusion strategies are unaware of
the multimodal content of items. Considering that the relationships among modalities
vary with the multimodal features of each item, we introduce a meta-learning-based
multimodal fusion method. Our method dynamically generates item-specific fusion
parameters by analyzing the input multimodal features, enabling us to achieve a
superior fusion capability.

5.2.3 Meta-Learning in Recommendation

Meta-learning, also known as learning-to-learn, is inspired by the human learning
process, which can quickly learn new tasks based on a small number of examples.
Meta-learning tends to train a model that can adapt to a new task that is not used
during the training with a few examples [86, 33]. The related studies can be classified
into three types: metric-based [146], memory-based [137], and optimization-based
meta-learning [40].

Metric-based methods learn a metric or distance function over tasks, while model-
based methods aim to design an architecture or training process for rapid general-
ization across tasks. Lastly, optimization-based methods directly adjust the opti-
mization algorithm to enable quick adaptation with just a few examples. Previous
studies [146, 137] on metric-based and memory-based meta-learning convert the
recommendation task to the classification problem. The work in [161] implements
a meta-learning strategy by learning a neural network classifier whose biases are
determined by the item history. The classifier performs recommendations by pre-
dicting whether a user consumes an item. A series of recent studies [221] have
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adopted the optimization-based meta-learning approach and chose model-agnostic
meta-learning (MAML) [40] for model training. For example, MeLU [86] applies
the MAML framework to score the affinities, which rapidly adapts to new users or
items based on sparse interaction history.

From the perspective of meta-learning theory, learning the multimodal fusion
process of each micro-video can be regarded as an individual task with limited
training samples. Inspired by this, we propose a meta-learning strategy to implement
dynamic multimodal fusion for learning robust representation of each micro-video
in the recommendation scenario.

5.3 Preliminaries

In this section, we first introduce the task of micro-video recommendation. We
then shortly recapitulate the widely used multimodal representation learning based
on neural networks, highlighting the limitation caused by using static multimodal
fusion. Finally, we formalize the problem of dynamic multimodal fusion. For ease of
reading, we use a bold uppercase letter to denote a matrix, a bold lowercase letter to
denote a vector, an italic letter to denote a scalar, and a calligraphic uppercase letter
to denote a set.

5.3.1 Micro-Video Recommendation

Micro-video recommendation focuses on inferring the preference degree of user
u on micro-video item i. Basically, all the models can be composed of two parts:
representation learning and interaction prediction [106]. The former is responsible
for yielding vector representations e, and e; for user « and item i, respectively. Then
the preference score of user u on item i can be estimated with the function,

Yui = p(€y,€;), (5.1)

where p(-) denotes the prediction function (e.g., inner product). Since each item
is associated with multimodal (e.g., visual, acoustic, and textual) features, many
efforts have been made to exploit them to enhance the item representation. In recent
studies, a typical operation is to represent item i by concatenating its collaborative
representation and multimodal representation,

ei=|"1, (5.2)
1 ef

where e; € R indicates the collaborative representation bound up with ID, and

el € R indicates the multimodal representation learned by integrating features
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from multiple modalities. d. and d,, denote the dimensions of the two kinds of
representation, respectively.

5.3.2 Multimodal Fusion for Multimodal Representation Learning

In order to obtain multimodal representation, a procedure is required to integrate
multimodal features into the same embedding space [99]. Multimodal fusion emerges
to resolve how to combine the information from heterogeneous sources and repre-
sent information in a format that a computation model can work with. Therefore, it
is widely applied to learning joint multimodal representations in micro-video rec-
ommendation. For item i, its multimodal representation €}" can be mathematically
expressed as,

e = f(x!,x¢,x0), (5.3)

where Xi.) € R%, Xl.“ € R%  and XE € R% denote the features deriving from visual,
acoustic, and textual modalities of item i, respectively. d,, d,, and d; denote the
dimensions of these modality features, respectively. f(-) denotes the multimodal
fusion function. Considering the ability to learn complex decision boundaries, recent
studies have widely adopted neural networks as the multimodal fusion function [125,
129]. For example, VBPR uses one neural layer to implement multimodal fusion by
projecting the concatenation of the visual, acoustic, and textual modality features,

e =W |x4|, (5.4)

where W € R (dvtda+ds) denotes the weight matrix parameter. However, such
multimodal fusion functions with static parameters cannot model the various rela-
tionships among multiple modalities in different micro-videos.

5.3.3 Problem Set-Up of Dynamic Multimodal Fusion

We focus on the dynamic multimodal fusion problem in micro-video recommenda-
tion. In this chapter, static fusion regards the multimodal fusion of all items as the
same task. In contrast, we treat multimodal fusion for each item as an individual
task in dynamic fusion. We aim to generate the item-specific parameters in a neural
network format for each fusion task to achieve dynamic multimodal fusion. As dis-
cussed in Section 1, meta-learning is a potential solution due to its ability to learn
parameters for multiple tasks and address the few-sample training problem for each
task. In particular, we aim to develop a meta-learning model capable of processing
an item’s multimodal features as input, and generating neural network parameters
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that can be utilized to fuse the different modalities of the item. Let X; = {X;’ s Xf’, X;}
be the set of multimodal features belonging to item i. The learning task of item 7 is to
obtain its multimodal representation as the output of a neural network fusion func-
tion f(X;|®;) where the parameters ®; are produced from the multimodal features
to be fused:

' = f(Xi|G(X))). (5.5)

The meta-learning refers to learning the function G(X;) that takes multimodal fea-
tures X; as input and produces the parameters of the neural network f(X;|®;). In the
following section, we describe the framework for learning G(X;) in detail.

5.4 Method

We first present the general MetaMMF framework as illustrated in Figure 5.2, elab-
orating on how to learn to parameterize a neural layer for fusing the multimodal
features of a micro-video. Based on this, we then extend the single-layer structure
into a multi-layer one. To lighten the space complexity of MetaMMF, we present a
parameter simplification method based on tensor decomposition. Furthermore, we
show that MetaMMF is model-agnostic and can be used as the early step prior to
other representation learning functions, such as MF and GCN. Lastly, we provide
the optimization of MetaMMF.

5.4.1 General One-Layer Fusion Framework

As discussed in Section 1, we view dynamic multimodal fusion from a meta-learning
perspective, and regard the multimodal fusion of each micro-video as an individ-
ual learning task. Formulated as Eqn.(5.5), we propose a meta-learning model
MetaMMF to learn a neural network for each task in terms of the micro-video’s
multimodal information, and thus yield an item-specific multimodal fusion function
for representation learning. We first illustrate how MetaMMF dynamically learns the
parameter of a neural layer, and then generalizes it to a multi-layer network.

Specifically, a meta-learning function G is responsible for generating the adaptive
parameters of each fusion task in a neural network format by processing the meta in-
formation. Considering that multimodal features can reflect the relationships among
modalities in micro-videos, we employ them as the source of meta information to
decide their fusion parameters. In this way, the dynamic parameter generation of a
one-layer fusion framework is defined as:

W;: =G(X), (5.6)

where W; € Rém*(dvtda*di) jg the weight matrix of a neural layer specific to item i,
produced by the meta-learning function G from the multimodal features of item i. In
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Fig. 5.2: Schematic illustration of our proposed model.

particular, the design of function G is twofold, including meta information extractor
and meta fusion learner.

5.4.1.1 Meta Information Extractor

In practice, the multimodal features of micro-videos are highly dimensional, redun-
dant, and noisy, which cannot be fed directly to the meta-learning function. Towards
this end, meta information extractor is employed to extract informative and concise
meta information from multimodal features of the target item. In this work, we adopt
a multi-layer perceptron (MLP) for the extraction,

Gin(Xi) = Xla
¢ , 5.7

X;

Si = our (¢mid(¢in(xi)))

X

where ¢;n, dmia, and ¢, respectively denote the input, hidden, and output layers
of MLP, and each layer consists of its own weight matrix, bias vector, and activation
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function. To be more specific, we uniformly select ReLU as the activation function.
After successive multi-layer processing, s; € R% indicates the vector of meta infor-
mation, wherein the size dj is far less than the length of input feature (d, + d, + d;).
The possibility of other extraction approaches that cannot be ruled out, such as the
attention mechanism, will be further explored in future work.

5.4.1.2 Meta Fusion Learner

Meta fusion learner is responsible for rapidly parameterizing the multimodal function
based on the task-dependent meta information. More specifically, meta fusion learner
learns the mapping from the meta information s;, derived from the multimodal
features X;, to the weight matrix parameter W;. Mathematically, the most direct and
practicable way of mapping a 1-D vector into a 2-D weight matrix is to multiply by
a 3-D tensor. Hence, in this work, we partially implement meta fusion learner as:

Wi =T X3, (5.8)

where 7~ € Rém>(dvtdatdi)xds i the 3-D tensor parameter for meta fusion learner;
dm, (d, + dg + dy), and d, indicate the argument values of height, width, and depth
of 7. The operator X3 denotes that the multiplication is being performed along the
tensor’s third dimension (ds). The tensor depth is exactly set equal to the size of
meta information vector s;, in order to make the tensor-vector multiplication along the
direction of depth. Thus, the product W} € Rém*(dvtda+ds) g dynamically adaptive
to fusing the multimodal features of the target item i.

Beyond this, we also reserve an item-shared weight matrix W € Rém*(dvtda+d)
which is equivalent to the previous static fusion method. This parameter contributes
to modeling the elementary and common fusion for all the micro-videos. In com-
parison, the item-specific weight matrix W can be regarded as learning or adaption
for the multimodal fusion task of item i. By combining W and W}, we obtain the
parameter underlying a one-layer neural network for addressing the multimodal fu-
sion task of a specific item. The multimodal representation can be learned via such
a dynamically parameterized network as:

W, =W+W:
] (5.9)
€ =Wi X? ’ .
Xl‘

From the viewpoint of meta-learning, the weight W denotes the internal parameter
that is broadly suitable to many tasks, while the generated parameter W can be re-
garded as fine-tuning the layer weight parameter for quickly adapting to an individual
task [40].
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5.4.2 Deep Multi-Layer Fusion Framework

Due to the multi-layer nature of deep neural networks, each successive layer is
hypothesized to represent the information more abstractly. It is claimed that most
functions that can be represented compactly by deep architectures cannot be rep-
resented by a compact shallow architecture [202]. Hence, proposing a multi-layer
version of the MetaMMF model is necessary. In brief, multi-layer MetaMMF jointly
learns the weight matrix parameters for a succession of neural layers, which are used
to fuse the multimodal features step by step. Please kindly note that we omit the bias
parameters in a neural layer, without which the performance is still good. Similarly,
all the parameters are dynamically generated by taking in the multimodal features of
the target item,

(WL, = G(X)), (5.10)

where N is the number of layers. Specifically, meta information s; is likewise ex-
tracted from the concatenation of multimodal features as Eqn.(5.7). Subsequently,
the weight matrices of all layers are determined as follows,

(W = (W' + T %380, (5.11)
where the 3-D tensors {T"}ﬁ:’:l and the 2-D matrices {W"}fl\’:l are all trainable
parameters for learning the weight matrices {W?}y’:’: , of N layers, respectively. All
the elements in the sequence of 3-D tensors {T"}r]:’: , have consistent depths, which
are equivalent to the length of the meta information vector s;. Obviously, multi-layer
MetaMMF is an extension and stacking of the single-layer ones. In this way, each
item can be provided with its individual multi-layer neural network for more complex
multimodal fusion. The multimodal representation of item i can be learned via its
own N-layer neural network as,

) ¢4
L
el :WII.VO'(WIN‘IO-(.._O'(W%O'(W} x4 )))), (5.12)
X,
where o denotes the activation function of the neural layer to implement the non-
linearity of fusion, and we employ LeakyReLU in this work. In terms of the network
structure design, we employ a tower pattern. The first hidden layer is the broadest,
containing fewer neurons in each subsequent layer. As we progress through the layers,
we reduce the number of neurons by half, ensuring that each layer has no less than
the output layer size d,,. The rationale behind this design is that deeper layers with
fewer hidden neurons can learn more abstract features from the data.
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Fig. 5.3: CP decomposition of a 3-D tensor.

5.4.3 Model Simplification

Although the multi-layer framework can model a more complex fusion function, the
number of parameters inevitably increases as the layers stack. Compared with a static
neural network, multi-layer MetaMMF is equipped with extra 3-D tensor parameters
for dynamic parameterization, increasing the storage cost and training time. To ad-
dress this issue, we propose a simplification method using canonical polyadic (CP)
decomposition to reduce the number of parameters in MetaMMF. Specifically, CP
decomposition factorizes a tensor into a sum of component rank-one tensors, each
of which is composed of the outer product of vectors. Through such decomposition,
the dimension of the parameters can be greatly reduced. Therefore, we utilize CP
decomposition to construct the 3-D tensor parameters used in MetaMMF. As illus-
trated in Figure 5.3, we can write the 3-D tensor 7" € RPXCXZ at the n-th layer
as:

R
T"~ ) atobl o], (5.13)
r=1

where notation o denotes the outer product of vectors, R is a positive integer and
a” e RP,b" e R, and ¢ € R forr = 1, ..., R. Elementwise, Eqn.(5.13) is written
as,

R
Mye ™ > ahblcl p=1,..Pq=1,0z=1,.,7 (5.14)
r=1

It is proven that the tensor 7" can be approximatively decomposed into three
factor matrices. The factor matrices refer to the combination of the vectors from the
rank-one components, i.e., A" = [aq’ a;‘ .- aﬁ] and likewise for B" and C". Using
these definitions, we can replace the tensor 7" with the three matrices A" € RP*R
B" € R2XR and C" € R?*R to generate dynamic fusion parameters of the n-th
layer as,

W:’ =W"+ [[An, Bn, Cn]] X3S, (5.15)

where [, -, -] indicates the computing process in Eqn.(5.13). Comparing the space
complexity before and after CP decomposition, we can find it decreasing from
OP-Q-Z)to OR-(P+Q+Z2)), since Q > P > R. When the number of
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tensors increases with fusion layers, the effect of model simplification will be more
significant.

5.4.4 Model-Agnostic Combination with MF & GCN

As described above, MetaMMEF can dynamically provide a multimodal fusion func-
tion in the form of a neural network for each item, which integrates the features
from multiple modalities into a joint multimodal representation. Benefiting from
the end-to-end training of neural networks, MetaMMF can be seamlessly com-
bined with other representation learning frameworks where the joint multimodal
representations are used for initialization. In this way, the combined model can
take advantage of both multimodal and other useful information, such as collabora-
tive filtering (CF) information and graph structure information. To demonstrate the
model-agnostic characteristic of MetaMMF, we present two combined methods to
address the micro-video recommendation task.

5.4.4.1 MetaMMF Plus MF

Matrix factorization (MF) is one of the most simple and effective recommendation
methods, only utilizing CF signals. MF learns two independent embedding matrices
to represent users and items, whose multiplication is used to reconstruct the observed
ratings and predict the undiscovered ratings. The joint multimodal representation
learned by MetaMMF can be directly injected into the MF framework, and thus
combining the multimodal information with the CF signal. Therefore, we propose
a combined method named MetaMMF_MF. Similar to VBPR [54], we extend the
item collaborative representation €{ with the joint multimodal representation € as
the complete item representation e;, like Eqn.(5.2). Following the MF framework,
we estimate the affinity score between the target user and item by the inner product
of their representations,

N e’
Jui=e e =¢, [ ’cl , (5.16)
€
wherein e, € R(4m*de) and ef € R4 are both trainable embedding parameters
corresponding to user u and item #, responsible for capturing the CF signals.

5.4.4.2 MetaMMF Plus GCN

Graph Convolution Network (GCN) is a state-of-the-art representation learning tech-
nology that injects high-order connectivity signals into representations by recursively
passing and aggregating messages based on the graph structure. In the recommen-
dation task, GCN is always applied to the user-item interaction graph where the



92 5 Dynamic Multimodal Fusion via Meta-Learning Towards Multimodal Recommendation

nodes correspond to users and items, connected by historical interactions [102, 108].
Each node is initialized with an embedding, recursively updated by the convolution
operation on its neighbor nodes. In most cases, the node initialization involves indi-
vidual features, e.g., identity and content features. Hence, nodes can finally obtain
higher-quality representations by aggregating information from multi-hop neighbors.
However, such graph convolution operation only conducts on unimodal repre-
sentation. For information of multiple modalities, some methods construct multi-
ple interaction graphs for all modalities, such as MMGCN [186]. In comparison,
MetaMMF can integrate the information from multiple modalities into a joint repre-
sentation, directly serving as the node initialization of an interaction graph. There-
fore, we employ MetaMMF in the initial layer of GCN, and propose a combined
method named MetaMMF _GCN. Specifically, user u and item 7 can be initialized
as:

m
el = e, e = |0 (5.17)

L

where e,(do) and e}o) denote the initial user and item representations at the O-th

layer of GCN. Similarly, e,SO) is an entirely trainable embedding of user u, while
ego) is obtained by concatenating the joint multimodal representation derived from
MetaMMF and the trainable collaborative representation of item i. Based upon the
representations at the 0-th layer, we recursively formulate the item i’s representation
at the /-th layer as:

Y=y, (5.18)

egl) = O'(Wlefl_l) + W, - mean,c v, €
where N; denotes the neighborhood set of item i, i.e., the users whom item i directly
interacted with. o~ denotes the LeakyReLU activation function. Note that we utilize
the most common graph convolution operation in [49], and other more complicated
choices are left to be explored. Analogously, we can obtain the representation e,(f)
for user u by propagating information from its connected items. For convenience,
we denote the final representations at depth L as e,(AL) and efL). The inner product of
the final user and item representations is used to predict their affinity score like most

GCN-based methods do.

5.4.5 Optimization

In this work, we optimize the proposed models based on implicit feedback, such
as clicks, views, and purchases. Compared to explicit ratings, implicit feedback is
easier to collect but more challenging to model user preferences, due to its scarcity
of negative feedback. To learn model parameters, we optimize the pairwise BPR
loss [134], which is often used in recommender systems. It considers the relative
order between observed and unobserved user-item interactions. Specifically, BPR
assumes that the items in observed interactions reflect a user’s preference more than
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those in unobserved ones and should be assigned with higher prediction scores. The
objective function is as follows,

L= ) oG - Juy) + OIS, (5.19)
(u,i,j)eD

where D = {(u, i, j)|(u,i) € R*, (u, j) € R~} denotes the pairwise training data,
R* indicates the observed interactions, and R~ is the unobserved interactions; o (-)
is the sigmoid function; @ denotes all trainable model parameters, and A controls the
L, regularization strength to prevent overfitting. We adopt mini-batch Adam [77] to
optimize the prediction model and update the model parameters. In particular, for a
batch of randomly sampled triples (u,i, j) € D, we establish their representations
after MetaMMF and the subsequent MF or GCN, and then update model parameters
by using the gradients of the loss function.

5.5 Experimental Setup

In this section, the evaluation datasets are presented first, followed by an explanation
of the experimental settings and an elaboration of baseline methods.

5.5.1 Datasets

As micro-videos contain rich multimodal information — frames, soundtracks, and
descriptions, the experimental datasets should include such multimodal data for
each item. Following MMGCN [186] and GRCN [185], we performed experiments
on three publicly accessible datasets designed for micro-video personalized recom-
mendation, including MovieLens!, TikTok?, and Kwai>. Table 5.1 summarizes the
statistics of the datasets.

* MovieLens: This dataset is widely adopted to evaluate personalized recommenda-
tion. To adapt it for micro-video recommendation, we collected the descriptions of
movies from the MovieLens-10M, and crawled the movies’ trailers from Youtube®.
Then, the pre-trained ResNet50 [53] extracted the visual features from these trail-
ers’ keyframes. FFmpeg® and VGGish [58] were adopted to separate audio tracks
and learn the acoustic features, respectively. Sentence2Vector [3] was utilized to

U https://movielens.org/.

2 https://www.tiktok.com/.

3 https://www.kwai.com/.

4 https://www.youtube.com/.
3 http://ffmpeg.org/.
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Table 5.1: Statistics of the evaluation datasets. (d,, d,, and d; denote the dimensions
of visual, acoustic, and textual modality feature data, respectively.)

da | d;
MovieLens|55.485] 5,986 | 1,239,508 | 0.37% [2048]128]100
TikTok [36,656|76,085] 726,065 | 0.03% | 128 |128]128

Kwai | 7,010 [86,483] 298492 [0.05% |2048| - [128

Dataset |#Users | #ltems | #Interactions | Density | d,

derive the textual features from movies’ descriptions. Our experiments treated all
ratings as the implicit feedback between the corresponding user-item pairs.

* TikTok: This dataset is released by the micro-video sharing platform Tiktok, which
allows users to create and share micro-videos. It consists of users, micro-videos,
and their interactions (e.g., clicks). The micro-video features in each modality are
extracted and published without providing the raw data. Particularly, the textual
features are extracted from the micro-video captions.

* Kwai: As a micro-video service provider, Kwai released a sizable micro-video
dataset. The dataset contains users, micro-videos, and user behavior records with
timestamps. To evaluate the proposed method from implicit feedback, we collected
some click records of the corresponding users and micro-videos in a certain period.
The acoustic features are unavailable, in contrast to the datasets mentioned above.

For each dataset, we randomly split the historical interactions of each user into
three folds: 80% for training, 10% for validation, and the rest 10% for testing. For
each observed user-item interaction in the training set, we treated it as a positive
instance. Then we adopted the negative sampling strategy to pair it with negative
items the user did not interact with in the training set. This approach contrasts with
that of [185], which used the entire dataset for negative sampling. To ensure a fair
comparison, the negative sampling setup remains consistent across our methods and
the compared baselines. The constructed triples are used for parameter optimization.
The validation and testing sets are used to tune the hyper-parameters and evaluate
the performance in the experiments, respectively.

5.5.2 Experimental Settings

Evaluation Metrics

For each user in the testing set, we regarded the items that the user did not in-
teract with as the negative ones. Then each recommendation method predicts the
user’s preference scores over all items, except the ones used in the training set.
To measure the performance of top-K recommendation and preference ranking, we
ranked the items in descending order and adopted the widely-used evaluation met-
rics: Precision@K, Recall@K, HR@K (Hit Ratio) and NDCG@K (Normalized
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Discounted Cumulative Gain). By default, we set K = 10 and 20, respectively. We
reported the average metrics of all users in the testing set.

Model Implementation

We implemented the two combined models proposed above MetaMMF_MF and
MetaMMF_GCN via the development tools Pytorch ® and Pytorch Geometric .
The user/item representation size is fixed at 64. We optimized our model using the
Adam optimizer with a batch size of 3,000, searching in batches of {500, 1,000,
2,000, 3,000}. Besides, we initialized all model parameters using the well-known
Xavier approach. To tune the hyperparameters, we applied a grid search based on
the results from the validation set. Specifically, we searched for the optimal learning
rate from {le-4, Se-4, le-3, 5e-3} and ultimately set it to 1e-3. The coefficient A of
L, normalization was searched within {1e-8, le-7, - - -, 1}, and the optimal value
was determined to be 1e-6. As another critical model hyperparameter, the length of
the meta information vector, denoted by d, was fine-tuned among the values of {2,
3, ..., 10}, and eventually fixed at 5. Moreover, if Precision@K on the validation
set does not rise for ten successive epochs, early stopping is adopted. Experimen-
tally, the optimal layer number for MetaMMF on the MovieLens dataset is 4. The
sequence of neuron sizes from the input layer to the output layer is as follows:
2276 — 1024 — 512 — 256 — 32. On the TikTok and Kwai datasets, the optimal
layer number for MetaMMEF is 1. The sequences of neuron sizes are 384 — 32 and
2176 — 32, respectively.

5.5.3 Baseline Comparison

To demonstrate the effectiveness of our method on micro-video recommendation,
we compared it with the following state-of-the-art methods. These baselines can
be briefly divided into three groups: MF-based (i.e., VBPR), GCN-based (i.e.,
GraphSAGE, NGCF, LightGCN, and GAT), and multimodal (MMGCN, GRCN,
LATTICE, and InvRL) methods.

e VBPR [54]: This is a benchmark model in the multimodal recommendation. It
incorporates content information with the MF framework to predict the interac-
tions between users and items. For adapting to micro-video recommendation, we
concatenated the multimodal features of micro-videos as content information.

* GraphSAGE [49]: With the trainable aggregation function, this model can pass
the message along the graph structure and collect them to update each node’s
representation. It considers both the structure information and the distribution of
node features in the neighborhood. For making a fair comparison, we integrated
multimodal features as node features to learn the representations.

6 https://pytorch.org/.
7 https://pytorch-geometric.readthedocs.io/en/latest/.
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* NGCF [173]: This model presents a novel recommendation framework to integrate
the interaction information into the representation learning process. By exploiting
the high-order connectivity from user-item interactions, the model encodes the
CF signals into the representations. For a fair comparison, we fed the multimodal
features of micro-videos into the framework to predict the user-item interactions.

* LightGCN [56]: This light yet effective model includes the essential ingredients of
GCN for recommendation. This model adopts the simple weighted sum aggregator
as a graph convolution operation and combines the representations obtained at each
layer to form the final representation.

* GAT [162]: This GCN-based method is able to automatically learn and specify dif-
ferent weights to the neighbors of each node. With the learned weights, it alleviates
the noisy information from the neighbors to improve the GCN performance.

* MMGCN [186]: This is a framework designed for micro-video recommendation.
It allocates an independent GCN for each modality, which learns the modality-
specific user preferences and item representations via the propagation of modality
information on the user-item graph. The outputs of these GCNs are integrated as
the final representations for recommendation.

¢ GRCN [185]: This is a state-of-the-art method for multimodal recommendation
with implicit feedback. It adaptively adjusts the structure of the interaction graph
according to the status of model training, instead of keeping the structure fixed.
Based on the refined graph, it applies a graph convolution layer to distill informative
signals on user preference.

e LATTICE [206]: This is an advanced method for multimodal recommendation,
which discovers the item relationship about multimodal features to learn a graph
structure. Along the graph structure, graph convolutions can aggregate informa-
tive high-order affinities from neighbors for each item. Finally, the model makes
recommendation by combining downstream CF methods.

» InvRL [38]: This is a state-of-the-art method for invariant representation learning
in multimodal recommendation. InvRL can eliminate spurious correlations using
heterogeneous environments to learn consistent invariant item representations
across different environments. These invariant representations are then used to
make accurate predictions of user-item interactions.

Baseline Implementation. To ensure the consistency of baseline implementation,
we adopted the publicly available implementations of GraphSAGE®, NGCF’, Light-
GCN'?, GAT'!, MMGCN'?, GRCN'3, LATTICE'#, and InvRL'>. Without speci-
fication, the default size of user/item representation is 64. For all the GCN-based

8 https://github.com/williamleif/GraphSAGE.

? https://github.com/xiangwang 1223/neural_graph_collaborative filtering.
10 https://github.com/gusye 1234/Light GCN-PyTorch.

' https://github.com/PetarV-/GAT.

12 https://github.com/weiyinwei/ MMGCN.

13 https://github.com/weiyinwei/GRCN.

14 https://github.com/CRIPAC-DIG/LATTICE.

15 https://github.com/nickwzk/InvRL.
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baselines, we uniformly set a two-layer structure with parameters initialized from
Xavier, and used the Adam optimizer with a well-chosen mini-batch size for model
optimization. The learning rate is tuned amongst {1e-4, 5e-4, le-3, 5e-3, le-2}.

5.6 Experimental Results

To validate the effectiveness of our proposed method, we conducted extensive quan-
titative and qualitative experiments to answer the following research questions:

* RQ1: Can our proposed method outperform the state-of-the-art baselines in the
micro-video recommendation task?

* RQ2: How does the depth of fusion layers affect MetaMMF?

* RQ3: How do the representations benefit from the dynamic multimodal fusion?

* RQ4: How do the CP decomposition of parameters affect the convergence and the
performance of MetaMMF?

* RQS5: How do the static weights affect MetaMMF?

5.6.1 Performance Comparison (RQ1)

Table 5.2: Overall performance comparison between our model and the baselines on
MovieLens.

Methods MovieLens

P@10 P@20 | R@10 R@20 | HR@10 HR@20 | N@10 N@20
VBPR 0.0449 0.0348 | 0.1927 0.2875 | 0.1512  0.2340 | 0.1207 0.1494
MetaMMF_MF | 0.0457 0.0353 | 0.1941 0.2912 | 0.1539 0.2375 | 0.1268 0.1562
GraphSAGE 0.0493 0.0363 | 0.1979 0.3049 | 0.1601 0.2445 | 0.1351 0.1653
NGCF 0.0539 0.0378 | 0.2132 0.3173 | 0.1658 0.2542 | 0.1366 0.1685
LightGCN 0.0557 0.0391 | 0.2318 0.3359 | 0.1753 0.2646 | 0.1525 0.1845
GAT 0.0564 0.0404 | 0.2250 0.3344 | 0.1813  0.2721 | 0.1523 0.1855
MMGCN 0.0569 0.0420 | 0.2310 0.3522 | 0.1900 0.2851 | 0.1535 0.1977
GRCN 0.0572 0.0424 | 0.2487 0.3558 | 0.1925 0.2867 | 0.1653 0.1999
LATTICE 0.0575 0.0426 | 0.2500 0.3562 | 0.1939  0.2871 | 0.1669 0.2010
InvRL 0.0575 0.0424 | 0.2518 0.3584 | 0.1934 0.2869 | 0.1666 0.2008
MetaMMF_GCN | 0.0599 0.0442 | 0.2613 0.3702 | 0.2018 0.2974 | 0.1757 0.2090
% Improv. 4.17% 3.76% | 3.77% 3.29% | 4.07%  3.59% | 5.27% 3.98%
p-value 1.12e-4 1.97e-4 | 1.85¢-2 4.26e-3 | 2.38¢-4 1.68e-3 | 3.05e-3 5.73e-3
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Table 5.3: Overall performance comparison between our model and the baselines on

TikTok.

Methods TikTok

P@10 P@20 | R@10 R@20 |HR@10 HR@20| N@10 N@20
VBPR 0.0138 0.0111 | 0.0600 0.0945 | 0.0496 0.0799 | 0.0397 0.0500
MetaMMF_MF | 0.0143 0.0119 | 0.0673 0.1062 | 0.0521 0.0854 | 0.0422 0.0531
GraphSAGE 0.0150 0.0124 | 0.0718 0.1134 | 0.0539 0.0893 | 0.0436 0.0560
NGCF 0.0172 0.0141 | 0.0845 0.1335 | 0.0617 0.1014 | 0.0513 0.0658
LightGCN 0.0184 0.0150 | 0.0921 0.1455 | 0.0705 0.1160 | 0.0565 0.0726
GAT 0.0187 0.0152 | 0.0933 0.1474 | 0.0707 0.1163 | 0.0573 0.0736
MMGCN 0.0186 0.0148 | 0.0927 0.1436 | 0.0706  0.1149 | 0.0570 0.0724
GRCN 0.0195 0.0162 | 0.0948 0.1480 | 0.0717 0.1162 | 0.0586 0.0745
LATTICE 0.0199 0.0164 | 0.0977 0.1535 | 0.0714 0.1177 | 0.0583 0.0754
InvRL 0.0203 0.0166 | 0.1002 0.1559 | 0.0726  0.1179 | 0.0612 0.0779
MetaMMF_GCN | 0.0217 0.0172 | 0.1065 0.1612 | 0.0775 0.1237 | 0.0652 0.0816
% Improv. 6.90% 3.61% | 6.29% 3.40% | 6.75%  4.92% | 6.54% 4.75%
p-value 3.71e-3 7.81e-3 | 1.65e-3 2.08e-2 | 6.64e-4 3.92e-3 | 3.17e-3 6.95e-3

Table 5.4: Overall performance comparison between our model and the baselines on

Kwai.

Methods Kwai

P@10 P@20 | R@10 R@20 |HR@10 HR@20| N@10 N@20
VBPR 0.0108 0.0088 | 0.0302 0.0441 | 0.0220 0.0359 | 0.0221 0.0283
MetaMMF_MF | 0.0139 0.0102 | 0.0388 0.0536 | 0.0285 0.0418 | 0.0336 0.0384
GraphSAGE 0.0135 0.0105 | 0.0351 0.0490 | 0.0285 0.0429 | 0.0318 0.0364
NGCF 0.0138 0.0106 | 0.0378 0.0553 | 0.0282 0.0434 | 0.0334 0.0391
LightGCN 0.0153 0.0114 | 0.0417 0.0606 | 0.0314 0.0468 | 0.0357 0.0420
GAT 0.0146 0.0111 | 0.0419 0.0609 | 0.0299 0.0455 | 0.0360 0.0417
MMGCN 0.0140 0.0114 | 0.0431 0.0614 | 0.0309 0.0466 | 0.0361 0.0419
GRCN 0.0154 0.0116 | 0.0456 0.0649 | 0.0320 0.0479 | 0.0367 0.0428
LATTICE 0.0156 0.0117 | 0.0460 0.0656 | 0.0323 0.0482 | 0.0379 0.0435
InvRL 0.0159 0.0119 | 0.0463 0.0668 | 0.0324  0.0489 | 0.0381 0.0444
MetaMMF_GCN | 0.0166 0.0122 | 0.0480 0.0680 | 0.0340 0.0500 | 0.0398 0.0453
% Improv. 4.40% 2.52% | 3.67% 1.80% | 4.94%  2.25% | 4.46% 2.03%
p-value 3.44e-3 1.03e-2 | 4.50e-3 6.64e-3 | 1.05e-2 1.19e-2 |[4.51e-3 5.66e-3
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Table 5.2, 5.3 and 5.4 presents the results of our methods and baselines over
the experimental datasets. Besides, it reports the improvements and statistical sig-
nificance test, which are calculated between our proposed method and the strongest
baseline (highlighted with underline). From the comparison results, we noted the
following findings:

* VBPR obtains poor performance on three datasets. This indicates that the static fu-
sion function is insufficient to fit the distinct multimodal fusion of different micro-
videos, and thus easily leads to suboptimal multimodal representations. Similarly
under the MF framework, MetaMMF_MF consistently outperforms VBPR across
all cases, demonstrating the rationality and effectiveness of dynamic multimodal
fusion. Despite obtaining rather competitive performance, MetaMMF_MF is still
slightly inferior to the GCN-based methods due to the limitation of MF.

» Compared with the MF-based methods, it is obvious that representation learning
can be further boosted via aggregation and propagation on the graph structure,
since GCN-based methods show better performance on micro-video recommen-
dation. More specifically, NGCF generally outperforms GraphSAGE since it in-
jects high-order connectivities among users and items into its propagation layers.
LightGCN achieves certain improvements over NGCF after removing some useless
nonlinear operations in the original model. Meanwhile, GAT obtains remarkable
performance attributed to the attention mechanism which can specify the adaptive
weights of neighbor nodes.

* As a model specifically designed for micro-video recommendation, MMGCN

slightly outperforms the general GCN-based methods in most cases. One possi-

ble reason is that MMGCN sufficiently leverages the multimodal information by
message passing of each modality and information interchange across modalities.

Furthermore, GRCN adaptively adjusts the false-positive edges of the interaction

graph to discharge the ability of GCN, thus outperforming MMGCN across all

datasets. In addition to constructing the user-item graph for representation learn-
ing, LATTICE also creates modality-aware graphs that accurately capture the
similarity of modal features between items, resulting in improved performance.

Furthermore, the recently presented InvRL is confirmed to be the strongest base-

line. InvRL is groundbreaking in that it learns invariant item representations to

mitigate the influences of spurious correlations that are not adequately addressed
by other methods.

MetaMMF_GCN consistently yields the best performance across all datasets. In

particular, the improvements of MetaMMF_GCN over the strongest competitor

w.r.t. NDCG@10 are 5.27%, 6.54%, and 4.46% in MovieLens, TikTok, and Kwai,

respectively. Additionally, we conducted one-sample t-tests, which reveal that

the improvements of MetaMMF_GCN over the strongest baseline are statistically
significant (p-value < 0.05). The primary difference between MetaMMF and
baselines lies in whether the multimodal fusion is dynamic or static. Hence, we
attribute the significant improvements to our dynamic fusion strategy. MetaMMF
can effectively model the complex relationships among the modalities in different
items during representation learning by dynamically learning the item-specific
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fusion networks. This underscores the importance of dynamic multimodal fusion
in micro-video recommendation.

* Moreover, MetaMMF_GCN significantly outperforms its MF version. It is reason-
able since MetaMMF_GCN further boosts the multimodal representations learned
from MetaMMF via the message passing function of GCN, while MetaMMF_MF
directly uses the raw representations. This demonstrates that MetaMMF can be
combined with other representation learning frameworks, and achieve better per-
formance by exploiting the advantages of both frameworks to the full.

5.6.2 Effect of Layer Number on MetaMMF (RQ2)

Table 5.5: Effect of fusion neural layer numbers (Metrics: P, R).

MovieLens TikTok Kwai
Methods

P@10 R@10|P@10 R@10|P@10 R@I10
Early MF 0.0448 0.192310.0137 0.0639 | 0.0118 0.0326
Late_MF 0.0399 0.1730(0.0131 0.0598 | 0.0108 0.0304
Hybrid_MF 0.0407 0.1766 | 0.0134 0.0651 [ 0.0117 0.0321

MetaMMF_MF-1 |0.0443 0.1844 | 0.0143 0.0673 | 0.0139 0.0388
MetaMMF_MF-2 |0.0447 0.1884 | 0.0134 0.0609 | 0.0122 0.0353
MetaMMF_MF-3 |0.0455 0.1930|0.0128 0.0580|0.0119 0.0349
MetaMMF_MF-4 |0.0457 0.1941|0.0124 0.0584 [ 0.0110 0.0337

% Improv. 2.01% 0.94% | 4.38% 3.38% [17.80% 19.02%
p-value 3.37e-4 1.02e-4|3.13e-4 2.38e-4|6.74e-3 3.54e-3
Early GCN 0.0573 0.2446|0.0186 0.0925|0.0151 0.0406
Late_.GCN 0.0568 0.2264 |0.0188 0.0890|0.0140 0.0386
Hybrid_GCN 0.0572 0.2477(0.0189 0.0884|0.0151 0.0396

MetaMMF_GCN-1|0.0584 0.2554 | 0.0217 0.1065 | 0.0166 0.0480
MetaMMF_GCN-2|0.0592 0.2587|0.0214 0.1047|0.0160 0.0452
MetaMMF_GCN-3| 0.0595 0.2590|0.0211 0.1043|0.0153 0.0439
MetaMMF_GCN-4|0.0599 0.2613 | 0.0211 0.1040 | 0.0151 0.0438
% Improv. 4.54% 5.49% |14.81% 15.14%| 9.93% 18.23%
p-value 3.03e-4 1.97e-3|2.01e-3 1.66e-3|2.62e-3 3.99¢-3

To verify the fusion advantage of MetaMMF, we compared it with neural network-
based early fusion [125], late fusion [67], and hybrid fusion [84] methods. We
connected the output of these fusion methods with MF and GCN, respectively.
Additionally, we examined the impact of layer numbers on MetaMMF’s performance,
considering the crucial role played by the meta-learned neural layer in MetaMMF.
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Table 5.6: Effect of fusion neural layer numbers (Metrics: HR, N).

MovieLens TikTok Kwai
Methods
HR@10 N@10 |HR@10 N@10 [HR@10 N@10
Early_MF 0.1508 0.1204 | 0.0495 0.0392 | 0.0242 0.0282
Late_ MF 0.1341 0.1120] 0.0471 0.0391 | 0.0219 0.0225
Hybrid MF 0.1370 0.1141] 0.0482 0.0401 | 0.0239 0.0286

MetaMMF_MF-1 | 0.1491 0.1208 | 0.0521 0.0422 | 0.0285 0.0336
MetaMMF_MF-2 | 0.1516 0.1228 | 0.0515 0.0414| 0.0249 0.0318
MetaMMF_MF-3 | 0.1534 0.1252 | 0.0482 0.0379| 0.0243 0.0283
MetaMMF_MF-4 | 0.1539 0.1268 | 0.0462 0.0307 | 0.0235 0.0272

% Improv. 2.06% 5.32% | 5.25% 5.24% | 17.77% 17.48%
p-value 4.90e-4 6.09e-4|6.76e-4 5.47e-4|1.23e-2 7.05e-3
Early_ GCN 0.1929 0.1654 | 0.0704 0.0568 | 0.0310 0.0346
Late_.GCN 0.1837 0.1595 | 0.0675 0.0539| 0.0287 0.0324
Hybrid_GCN 0.1925 0.1671| 0.0678 0.0543 | 0.0309 0.0348

MetaMMF_GCN-1| 0.1965 0.1709 | 0.0775 0.0652 | 0.0340 0.0398
MetaMMF_GCN-2| 0.1992 0.1731 | 0.0767 0.0644 | 0.0327 0.0380
MetaMMF_GCN-3| 0.2003 0.1736 | 0.0756 0.0640| 0.0314 0.0375
MetaMMF_GCN-4| 0.2018 0.1757 | 0.0757 0.0630 | 0.0308 0.0374
% Improv. 4.61% 5.15% | 10.09% 14.79%| 9.68% 14.37%
p-value 7.52e-4 2.59e-3|4.58e-3 5.64e-3|1.87e-3 5.43e-3

In particular, we varied the model depth in the {1,2, 3,4} range. The experimental
results of these methods are summarized in Table 5.5 and 5.6, where MetaMMF_MF-
3 and MetaMMF_GCN-3 denote our two methods with three meta-learned fusion
layers, and similar notations are used for the others. By analyzing the results presented
in Table 5.5 and 5.6, we have made the following findings:

* On the datasets with less sparsity (e.g., MovieLens), increasing the depth of
MetaMMF substantially improves the performance when combined with both MF
and GCN. The phenomenon validates that multi-layer MetaMMF is capable of
modeling fine-grained multimodal fusion for items and thus enhances represen-
tation learning. On the sparse datasets (e.g., TikTok and Kwai), increasing the
number of meta-learned fusion layers has no positive effect on the performance
of MetaMMF. Especially when combined with MF, one-layer fusion achieves the
best performance, which is consistent with the prior VBPR [54]. The probable
reason is that MF easily suffers from over-fitting with sparse data, and redundant
fusion layers actually make this problem worse. When followed by GCN, stacking
fusion layers also has little impact on model performance. This is because the
message passing of GCN can effectively alleviate the data sparsity problem with
just one fusion layer [173].
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* Among the three kinds of fusion methods, early fusion consistently outperforms
late fusion. Early fusion is the feature-level fusion that directly integrates multi-
modal features to learn the representation. By contrast, late fusion is at the decision
level, overlooking the feature-level fusion among the modalities. This shows that
late fusion is inapplicable to micro-video recommendation based on representation
learning. Although the hybrid fusion method exploits both fusion methods in a
common framework, it is inferior to the single early fusion in some cases. The
possible reason is that the late fusion part drags down the performance.

* We performed one-sample t-tests on various datasets and metrics to compare
the best fusion strategies (highlighted with underlines) with our methods that
employ optimal layers (highlighted in bold). The results are recorded in Table ??,
where a p-value j 0.05 indicates a statistically significant improvement. In the MF
framework, we observed that MetaMMEF significantly outperforms the early, late,
and hybrid fusion methods when utilizing the optimal number of fusion layers.
On the other hand, in the GCN framework, MetaMMF consistently outperforms
all other fusion strategies, regardless of the number of fusion layers employed.
This suggests that MetaMMF is better suited for collaborating with complex
models, such as GCN, than other static fusion strategies. Our findings confirm
the effectiveness of MetaMMF, demonstrating that dynamic multimodal fusion
can significantly enhance the micro-video recommendation task.

5.6.3 Effect of Dynamic Multimodal Fusion (RQ3)

In this section, we attempt to understand how our dynamic multimodal fusion strategy
facilitates representation learning in the embedding space. Therefore, we randomly
selected six users from TikTok associated with their relevant items. Note that the
items are from the test set, which are not paired with users in the training phase.
By employing the t-Distributed Stochastic Neighbor Embedding (t-SNE) [120] in
2-dimension, Figures 5.4(a)-(d) visualize the representations derived from VBPR,
MetaMMF_MF, InvRL, and MetaMMF_GCN, respectively. By analyzing how their
representations distribute, we have two key observations:

» The connectivities of users and items are well reflected in the embedding space, i.e.,
embedded into the nearest parts of the space, resulting in discernible clustering.
Compared to VBPR and InvRL, our MetaMMF_MF and MetaMMF_GCN models
exhibit even more noticeable clustering, with points of the same color (i.e., items
interacted with by the same users) forming clusters. To evaluate the clustering
performance of our methods and baselines, we computed their mean silhouette
coeflicients (S) for all samples shown in Figure 5.4. This coefficient measures the
effectiveness and reasonableness of the clustering, with a value ranging between
—1 and 1. A larger value indicates that samples from the same class are closer,
while samples from different classes are farther apart, implying better clustering
performance. Our methods’ representations achieve better clustering performance
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Fig. 5.4: The visualization depicts the t-SNE transformed representations obtained
from our methods and baselines. Each star corresponds to a user from the TikTok
dataset, while points with the same color signify relevant items. A link between a
star and a point represents their interaction. For optimal viewing, please refer to
the colored version. The notation S indicates the mean silhouette coefficient of the
clustering result for the sample representations.

than the competitors, as seen in the S values in Figure 5.4. This indicates that our
MetaMMF model enhances representation learning effectively. We attribute this
success to our model’s dynamic multimodal fusion, which utilizes and integrates
items’ multimodal features in an adaptive approach.

* Jointly analyzing the same users across Figure 5.4, we find that the embeddings of
their historical items tend to be closer in our methods. Meanwhile, the dynamic
multimodal fusion prompts the item embeddings to distribute more discriminately
in the visualization. It verifies that our proposed methods have an advantage in
capturing the user-item correlation.
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Fig. 5.5: Effect of hyper-parameter R in CP decomposition.

5.6.4 Effect of Parameter Decomposition (RQ4)

We investigate how the parameter decomposition (i.e., CP decomposition of 3-D
tensor parameters) affects model MetaMMF from two aspects of performance and
convergence. In particular, we first study how the hyper-parameter R (i.e., the number
of components in Eqn.(5.13)) from CP decomposition affects the performance, and
then explore the influence of CP decomposition on training epochs.

Effect of hyper-parameter R

Figure 5.5 shows the performance of our methods MetaMMF_MF and MetaMMF_GCN
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with different numbers of decomposed components, as well as their most compet-
itive baselines, against HR@ 10 and NDCG@ 10 evaluation protocols on different
datasets. The value of hyper-parameter R is varied in the range of {4, 8, 16,32},
while the number of fusion layers is optimal. From Figure 5.5, we can observe that:

* The hyper-parameter R in CP decomposition indeed affects the performance of our
methods. Generally, a small decomposition value leads to the worst performance
across all the datasets, since such large-scale decomposition cannot restore the
fitting ability of the original 3-D tensor parameters. By increasing the value of
R, the CP decomposition can offer better performance while effectively reducing
our model’s space complexity. However, blindly increasing the R value will not
further enhance the performance, but instead burdening the model. The possible
reason is that R has already been higher than the rank of the original 3-D tensor,
and CP decomposition provides excess capacity.

* Despite the influence of R, our methods are consistently superior to VBPR and
LATTICE, respectively. This demonstrates that CP decomposition can replace
the original 3-D tensor parameters, and retain the ability of dynamic multimodal
fusion within our model. With regard to the optimal value of R, we find that
MetaMMF_MF and MetaMMF_GCN always achieve the best performance on
datasets when the value of R is set to 8 or 16. In such a case, CP decomposition is
able to reduce the model to nearly one percent of its original size. Hence, although
MetaMMF uses 3-D tensor parameters to replace the 2-D matrix parameters in
neural layers, the number of model parameters does not exceed by a wide margin
attributing to CP decomposition.

5.7 Conclusion

In this work, we upgraded the multimodal fusion from static to dynamic to en-
hance the representation learning in the micro-video recommendation. We devised
a novel meta-learning model MetaMMF, which realizes the target by learning the
item-specific multimodal fusion functions for different items. The core of MetaMMF
is the meta fusion learner which can adaptively parameterize a neural network for
an item’s multimodal fusion based on the meta information derived from its mul-
timodal features. Extensive experiments on three real-world datasets demonstrate
the rationality and effectiveness of leveraging dynamic fusion to learn multimodal
representations. In the future, we will exploit MetaMMF to dynamically integrate
user preferences on multiple modalities and produce higher-quality user representa-
tions, which will be beneficial to recommendation performance. Moreover, we are
interested in introducing MetaMMF to address the cold-start problem of multimodal
recommendation [37].

This work is an initial attempt at dynamic multimodal fusion, limited to a neu-
ral network framework and the micro-video recommendation scenario. Specifically,
there are many other types of fusion functions, such as multiple kernel learning meth-
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ods [48] and graphical models. Furthermore, multimodal fusion is widely applied
in various tasks, such as emotion recognition [32], multimedia event detection [84],
and multimedia retrieval. We expect the potential of dynamic multimodal fusion can
be further explored towards other model structures and tasks.
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Chapter 6 e
Attribute-driven Disentangled Representation
Learning for Multimodal Recommendation

6.1 Introduction

In addition to aiding recommender systems in effectively capturing user preferences
and improving recommendation accuracy, as introduced in Chapter 3 and Chapter 4,
multimodal data also holds significant potential for enhancing the interpretability
and controllability of recommendation results, which is crucial for ensuring user
satisfaction. In this chapter, we investigate how disentangled representation learning
of multimodal information can be utilized to achieve interpretable and controllable
outputs in recommender systems.

It is well recognized that the entangled representations of users and items, which
are utilized by the majority of existing recommendation methods, fail to directly
capture fine-grained user preferences across diverse factors [118, 174]. This limita-
tion constrains both the effectiveness and interpretability of recommender systems.
In recent years, the study of disentangled representation learning has garnered sig-
nificant attention in diverse fields, notably in computer vision [59, 115, 64], due
to its capability to identify and disentangle the underlying factors behind data.
Empirical evidence suggests that disentangled representations exhibit enhanced ro-
bustness, particularly in complex application contexts. Hence, many recommen-
dation methods adopt disentangled representation learning techniques to learn ro-
bust and independent representations, ultimately enhancing recommendation perfor-
mance [118, 126, 174, 159, 99]. For example, Ma et al. [118] employed disentangled
representations to capture user preferences regarding different concepts associated
with user intentions. Wang et al. [174] introduced a GCN-based model that pro-
duces disentangled representations by modelling a distribution over intents for each
user-item interaction, exploring the diversity of user intentions on adopting items.
However, these methods only concentrate on disentangling the user and item rep-
resentations based on their ID embeddings. To exploit the difference between the
factors behind data of various modalities, Liu et al. [99] estimated the users’ atten-
tion weight to underlying factors of different modalities, utilizing a sophisticated
attention-driven module.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025 107
F. Liu et al., Multimodal Learning toward Recommendation,
https://doi.org/10.1007/978-3-031-83188-1_6


https://doi.org/10.1007/978-3-031-83188-1_6
https://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-83188-1_6&domain=pdf

108 6 Attribute-driven Disentangled Representation Learning for Multimodal Recommendation

Despite the considerable advancements brought about by disentangling tech-
niques in recommender systems, existing studies often disentangle both users and
items into latent factors. This methodology inherently constrains the model’s inter-
pretability and controllability. For example, consider using disentangled representa-
tions to elucidate the diverse factors, such as style, brand, popularity, and price, that
shape user preferences in dress selection. The inherent abstraction of latent factors
from current disentangling methods makes it difficult to pinpoint which factor repre-
sents each specific dress attribute. In particular, one factor might be loosely related
to a combination of brand and price, while another might represent a mixture of style
and popularity. This ambiguity in the latent factors limits the interpretability of the
recommendation system, making it difficult to understand why a particular item was
recommended to a user. Moreover, this lack of clarity also affects the controllability
of the recommendation system. Suppose a user wants to receive recommendations
specifically for dresses without considering her preferences for price and popularity.
It would be challenging to adjust the recommender system to focus on those specific
preferences, as the latent factors are not clearly tied to these attributes.

Item attributes manifested in various modalities can enrich the recommender sys-
tem by offering diverse and complementary information. For example, the textual
data might explicitly mention the brand or price, while visual data can reveal visual
attributes, such as the category of items. Additionally, the popularity of items can be
derived from the statistical information of interaction data. In fact, attributes repre-
sent specific, meaningful properties or characteristics of items. Consequently, using
attributes to guide the disentanglement process is a promising way to improve the in-
terpretability and controllability of conventional multimodal recommendation meth-
ods. In this chapter, we propose an Attribute-Driven Disentangled Representation
Learning method (AD-DRL for short), which disentangles factors in user and item
representations across various modalities at different levels of attribute granularity.
To obtain robust and independent representations for each factor associated with
a specific attribute, we first disentangle the representations of features within and
across different modalities. This process is guided by high-level attributes (e.g.,
category and popularity), which help reveal the underlying relationships between
factors. Following this, we further enhance the robustness of the representations
by fusing the multimodal features of the same factor. This step involves exploiting
the relationships among representations of the same factor by leveraging low-level
attributes (e.g., category attribute values for a clothing dataset, such as jeans, jack-
ets, and dresses), resulting in finer-grained and more comprehensive disentangled
representations. To validate the effectiveness of our method, we conduct extensive
experiments and ablation studies on three real-world datasets. Experimental results
demonstrate the superiority of our method AD-DRL compared to existing methods
and showcase its capability in terms of interpretability and controllability.

In summary, the contributions of this chapter are threefold:

* In this chapter, we highlight the limitations of traditional disentangled repre-
sentation learning in multimodal recommendation systems. To overcome these
shortcomings, we introduce AD-DRL, which improves interpretability and con-
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trollability by employing attributes to disentangle factors in user and item rep-
resentations.

* To achieve robust and independent representations, we assign a specific attribute
to each factor in multimodal features and disentangle factors at both the attribute
and attribute-value levels.

* We conduct extensive experiments on three real-world datasets to validate the
effectiveness of our method. The experimental analysis demonstrates the inter-
pretability and controllability of our model.

The rest of this chapter is organized as follows: Section 6.2 provides a compre-
hensive review of related work. Section 6.3 introduces the preliminaries relevant
to our proposed model. Section 6.4 details the components of the proposed model.
Experimental results are presented in Section 6.5. Finally, Section 6.6 concludes the
chapter.

6.2 Related Work

6.2.1 Interpretability of Recommender Systems

Explainable recommendation refers to personalized recommendation algorithms that
not only generate recommendations but also provide explanations for why certain
items are suggested. Early explainable recommendation systems primarily used col-
laborative filtering to identify patterns and similarities between users and items based
on past interactions [144, 167]. For instance, the Explicit Factor Model aligns latent
dimensions with explicit features to facilitate explainable recommendations. With
the advancement of knowledge graphs (KGs) and graph neural networks, KG-based
recommendation systems exhibit significant advantages in terms of interpretability
due to the rich information about users and items encapsulated within the graph
structures [18, 94, 68]. For example, Ma et al. [119] proposed a joint learning
framework that integrates explainable rule induction in knowledge graphs with a
rule-guided neural recommendation model. Numerous studies have also incorpo-
rated attention mechanisms into recommendation tasks to enhance recommenda-
tion performance [141, 188]. DAttn [141], for instance, introduces two word-level
attention mechanisms—namely, local attention and global attention—based on a
convolutional neural network to achieve more precise semantic representations and
improve the interpretability of the model. With the success of transformers and Large
Language Models (LLMs) in the natural language domain, several methods have be-
gun leveraging these technologies to generate more direct and coherent explanatory
text for recommendation [91, 92]. To harness the sentiment analysis capabilities of
LLMs, SAGCN [104] proposes a chain-based prompting strategy to uncover seman-
tic aspect-aware interactions which provide clearer insights into user behaviors at a
fine-grained semantic level.
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In contrast to the methods discussed above, the approach proposed in this chapter
provides explicit explanations for recommendation results from the perspective of
item attributes, clearly articulating the influence of various attributes in the recom-
mendation process.

6.2.2 Controllability of Recommender Systems

The controllability of a recommender system refers to the ability of users to par-
ticipate in the recommendation process by providing various forms of input, which
has been shown to enhance their satisfaction with and trust in the recommendation
results [79, 72,22, 153, 212, 178]. Existing controllable methods generally falls into
two categories: user controls during the preference estimation and the controls over
recommendation lists [138, 11, 139]. In the first category of controllable methods,
users can control the output of the recommender system in various ways, such as
through interactive conversation [131, 149] or preference forms [60]. For example,
Knijnenburg et al. [80] proposed an interaction method for an attribute-based recom-
mender system where users specify the weights assigned to different item attributes
to express their preferences. Hijikata et al. [60] implemented a music recommender
system that allows users to intervene in the recommendation process by selecting pre-
ferred item categories or editing their profiles. Nie et al. [131] further suggested that
users can modify the output of recommender systems to better align with their needs
through dialogue-based interactions. The second category of controllable methods
enables users to re-rank recommendation lists according to their preferences after
the recommender system has returned the initial results to align with their expecta-
tions [51]. For instance, Schafer et al. [138] proposed a meta-recommender system
that allows users to personalize the generation of a recommendation list by com-
bining data from multiple sources and using various recommendation techniques.
Hijikata et al. [150] demonstrated that user intervention itself increases user satis-
faction, with higher levels of intervention leading to greater user satisfaction with
the recommendations.

While the aforementioned methods represent initial efforts in enhancing the con-
trollability of recommender systems, they primarily adopt on a user study perspective
rather than a machine learning perspectives. Furthermore, they lack explicit explana-
tions linking user actions to recommendation outcomes, thereby undermining trust
in controllable recommender systems. In contrast to these existing approaches, our
work seeks to disentangle user and item representations based on attributes, allowing
users to control recommendation outcomes in accordance with their preferences for
different attributes, thereby enhancing the interpretability of their actions.



6.3 Preliminaries 111

6.3 Preliminaries
6.3.1 Problem Setting

Given a set of users U € {u} anditems 7 € {i}, we utilize three types of information
to learn user and item representations: (1) A user-item interaction matrix R, where
each entry r,,; € R represents the implicit feedback (e.g., clicks, likes or purchases)
of user u to item i. r,,; = 1 indicates that user i has interacted with item i and r,,; = 0
indicates that there is no interaction between user u and item i in the observed data;
(2) Multimodal features, which mainly consist of two types of features associated
with items, namely reviews and images; and (3) Attribute information, consisting
of K attributes and their associated attribute values of items, used as supervision
for disentangled representation learning. We aim to learn robust representations of
users and items, thereby predicting a user’s preference for items they have not yet
interacted with.

6.3.2 Notations

Similar to previous work [185, 99], each user u and item i are assigned with a
unique ID and respectively represented by a vector v, € R? and v; € R?, which are
randomly initialized in our model. For the review and image information, we use the
BERT [35] and the ViT [81] to extract the raw textual features e, € R% and visual
features e, € R%, respectively. To tailor the recommendation-oriented features, we
employ two non-linear transformations to cast e, and e, into the same feature space:

o(W,e; +b,),
o(Wye, +by),

Uy

6.1)

Uy

where W,, W, € R4 and b,, b, € R? denote the weight matrices and bias vectors
for textual and visual modality, respectively. o (+) is the activation function.
Following the disentangled representation learning process in previous work [174,
99], we split the feature vector into K chunks, each corresponding to a specific
item attribute (e.g., price, brand). For simplicity, we equally split each modality’s
representation into K continuous chunks. Take item ID embedding as an example:

v = (v}, 0}, ,05), (6.2)

d . . . . .
where vf € R¥ is the item ID embedding corresponding to the k-th attribute. Anal-
ogously, v; = (vtl,vtz, e ,vtK), v, = (vi,vg, e ,vl{{) and v, = (v,i,vbzt, e ,vf) are

defined as the embeddings of textual feature, visual feature and user ID embedding,
respectively.
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6.3.3 Intuition of Attribute-driven Disentanglement

Our work not only aims to recommend accurate items to users but also advocates for
attribute-driven disentanglement in multimodal recommender systems to enhance
the interpretability and controllability of recommendations. Specifically, unlike the
existing method that disentangles the latent factors in an unsupervised manner, we
leverage the semantic labels of item attributes to learn attribute-specific sub-spaces
for each attribute to obtain disentangled representations. In this work, the vector of
each modality is composed of K chunks, with the assumption that each chunk is
associated with an attribute (such as price or brand). The achievement of attribute-
driven disentangling requires two necessary conditions. Firstly, each chunk should
have a clear attribute reference, and chunks associated with different attributes should
be distinguishable. For example, chunk j is associated with the price, while chunk
k represents the vector of the brand. Secondly, each chunk of a specific attribute
should accurately capture the specific attribute value. For example, chunk j should
reflect the price level (i.e., expensive or cheap) of the product.

6.4 Attribute-driven Disentangled Representation Learning

In this section, we elaborate on our proposed model, termed AD-DRL, an acronym
for Attribute-Driven Disentangled Representation Learning model. We aim to im-
prove the interpretability and controllability of recommendation models by assign-
ing a specific attribute to each factor in multimodal features. Specifically, AD-DRL
comprises two disentangling modules: high-level and low-level attribute-driven dis-
entangled representation learning. In the high-level attribute-driven disentangled
representation learning module, we exploit the difference between attribute factors
within the same modality feature and the consistency of the same attribute factor
across different modalities. In contrast, the low-level attribute-driven disentangled
representation learning module leverages the intrinsic relationships between items
sharing the same attribute value.

6.4.1 High-Level Attribute-driven Disentangled Representation
Learning

To obtain robust and independent representations for each attribute factor in mul-
timodal features, AD-DRL enables disentangling within each modality feature and
ensures consistency of representations across modalities. Next, we detail the intra-
modality disentanglement and inter-modality disentanglement.
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Fig. 6.1: High-level attribute-driven disentangled representation learning module
of our proposed AD-DRL. To disentangle attribute factors in multimodal features,
(a) Intra-modality disentanglement module exploits the difference between attribute
factors (e.g., price, brand, category and popularity) within the same modality feature,
and (b) Inter-modality disentanglement module utilizes the consistency of the same
attribute factor in different modality features.

Intra-Modality Disentanglement

After obtaining the feature vectors of each modality, we split these vectors into
several chunks. Nevertheless, different attribute factors are still entangled within the
chunks. In other words, a chunk may contain both price- and brand-related features.
Therefore, in order to disentangle attribute factors in each modality feature, we em-
ploy an attribute classifier to nudge each chunk to predict the corresponding attribute,
as shown in Figure 6.1a. Taking the k-th chunk v¥ of item textual embedding as an
example,

k _ k
Z = Wintra a0t bmtra t’
Ik _ ZK Zk lo exp zX (6.3)
intra,t n=1 g o €Xp 25,

where Winrq, € REX% and bm,m ; € RX are the weight matrix and bias vector
of the classifier, respectively. z* is the predlcted logits and zX € zX. 7k denotes the
ground truth (attribute label) of chunk vt . For all the chunks in textual embedding
v;, we have the following loss for all attribute factors in textual features:

lintra,i = Z Botras- (6.4)

Similarly, we can define the losses linsra.us lintra,i and lipsra,p to encourage the
features of each attribute factor to be concentrated in the corresponding chunk of
user ID, item ID and visual feature, respectively. Finally, the total loss for the intra-
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modality disentanglement is formulated as:

limra = lintra,u + lintra,i + lintra,t + lintra,v- (65)

Inter-Modality Disentanglement

In addition to separately disentangling each modality, a serious challenge in dis-
entangling representation learning for multi-modal features is handling the inter-
relationship between the factors disentangled from multiple modalities. Intuitively,
the chunks of the same attribute factor from different modality features should be
consistent. For example, for the brand attribute, an item should have the same brand
information in both the visual and textual features. In other words, chunks that share
the same attribute across different modalities should be highly similar, while chunks
that represent different attributes across modalities should be dissimilar.

To further achieve robust representation in multimodal recommendations, we
disentangle attribute factors in different modality features by ensuring consistency
of the same attribute across modalities. Inspired by this, we design a cross-modal
contrastive loss as shown in Figure 6.1b. Specifically, for any two modality repre-
sentations, such as v, and v,, we take two chunks of the same attribute factor (i.e.,
(v¥,v%)) as positive pairs, and two chunks corresponding to different attributes (i.e.,
(vk, v #k), (o #k vk)) as negative pairs. After that, the cross-modal contrastive loss
between textual and visual features is defined as follows:

exp((of v)/7)

X — _no _SXP(FoH)/T)
iy =-logse xp((oF 0§ /1)
ko Z oo _SR(@E/T) 6.6
ly, =—log >K  exp((0k-oi) /1)’ ©0
lisp = Zf:l ltk—w + Zf:l l’]){—"’

where - represents the dot product and 7 € R” is a scalar temperature parameter. By
applying this contrastive learning constraint to any two out of the three modalities,
we can achieve disentanglement and alignment across features of various modalities:

Linter = licst + licsp + lr sy 6.7)

6.4.2 Low-level Attribute-driven Disentangled Representation
Learning

Each attribute k is associated with alist of possible attribute values (7}, 5, -, 7§ ),
where Ak is the total number of possible values for that attribute. For example, the
attribute value of popularity can be stratified into five distinct levels: Super Popular,
Popular, Moderate, Emerging, and Unknown. The representation disentanglement
could benefit from the attribute values by exploiting their relationships of the same
factor. Therefore, to learn more robust representations, we encourage disentangled
representations based on attributes to predict specific attribute values of the item.
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expensive  popular Apple
price populari ves brand
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Fig. 6.2: Low-level attribute-driven disentangled representation learning module
of our proposed AD-DRL. Low-level disentangled representation learning module
leverages the intrinsic relationships between items sharing the same attribute value
(e.g., the popularity value of different levels: Super Popular, Popular, Moderate,
Emerging, and Unknown).

It is obvious that any single modality may not contain sufficient information for
a particular attribute. For example, images may more intuitively reflect attributes
such as color and brand of an item, but may not directly reflect attributes such as
price or popularity. Therefore, in order to comprehensively and accurately depict
the attribute values of the item, we first integrate the features from all modalities
together. To achieve this, we apply a multimodal attention mechanism to measure
the emphasis of different modalities on different attributes. Specifically, for the k-th
attribute, the attention weights assigned to different modalities are estimated by a
two-layer neural network:
ak =w,, tanh(Wul(vl{‘ + vf + v,f) +b,),
& ok (6.8)
a® = Softmax(a"),

where W, € R3>% and W, € R¥3 are the weight matrices corresponding to
the first and second layers of the neural network, respectively. b, denotes the bias
vector and tanh is the activation function. So ftmax is adopted to normalize * to a
probability distribution.

Thereafter, we obtain the final representation of the k-th attribute factor for the
item as follows:

k_ ok ok, k k., k ok
vy =a; U +ap v +ay vy, (6.9)
where a¥, a¥, a¥ € a* are the attention weights of item ID embedding, textual

feature and visual feature, respectively.
Similar to the disentangling at the intra-modality disentanglement in Section 6.4.1,
we aim to achieve disentangled representation learning at the low level through
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attribute value prediction via a classification layer (as shown in Figure 6.2):

y& =Wk + by, k
k _ Ak ~k exp y;
llow - Zizli Vi 10g W’ (6.10)

_vK gk
lluw _Zkzlllow

d . . .
where Wy € RAX*%X and b; € RAX are the weight matrices and bias vector of
the classifier, respectively. We supervise the training of each attribute subspace via
independent attribute classification tasks defined in the form of a cross-entropy loss.

6.4.3 Prediction and Model Training

Prediction

So far we have discussed how to obtain attribute-driven disentangled representa-
tions v, = (v}, v2,---,vX) and v, = (v;,vg, -+, vK) for the user u and item i,
respectively. By assigning each disentangled representation with an attribute as de-
scribed above, we are able to predict users’ preferences at the attribute level. This
enhances the interpretability and controllability of our model. Specifically, to esti-
mate a user u’s preference for an item i, it is crucial to consider her preference for
each attribute of the item. To achieve this, we first compute the user’s preference
score for each attribute of the item, and subsequently, integrate the scores of each
attribute to estimate the user’s overall preference for the item:

Suik = o (v -vk),

(6.11)
Su,i = Zf:l Su,i,k»

where - symbolizes the dot product and o (-) denotes the activation function. In this
work, we use a softplus function to ensure the resultant score s,, ; x is positive. s, ; k
denotes the user u’s preference score for the attribute k of the item i.

Training Protocol

Based on the predicted preference score above, we recommend a list of top-n ranked
items that match the target user’s preferences. The Bayesian Personalized Ranking
(BPR) loss function [134] is employed to optimize the model parameters O,

Lepr= ), —log¢(sui —sui) +AlOI5, (6.12)
(i i_)ED

where A is the coefficient controlling L, regularization; D denotes the training set;
i, and i_ are the observed and unobserved items in the interaction records of user u,
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respectively. Overall, the total loss of AD-DRL is formulated as,

.[,:-Z:BPR"'CY Z lintra +,8 Z linter +y Z ll{)llh (613)

(u,i)eD (u,i)eD (u,i)eD

where @, § and y are the hyperparameters to control the weight of three disentan-
glement modules.

6.5 Experiments

We conducted extensive experiments on three benchmark datasets to validate the
effectiveness of the proposed method. In particular, the experiments are mainly
performed to address the following research questions:

* RQ1: How does AD-DRL perform compared with existing state-of-the-art mod-
els for recommendation?

* RQ2: Can AD-DRL effectively learn disentangled representations by utilizing
attributes?

* RQ3: How does our proposed AD-DRL model perform in terms of controlla-
bility and interpretability?

* RQ4: How do the critical components of AD-DRL contribute to the overall
performance of AD-DRL on different datasets?

6.5.1 Experimental Setup

Table 6.1: Basic statistics of the three datasets. ”#” denotes the number of statistical
values.

Dataset #user #item #interaction sparsity #price #popularity #brand #category
Baby 12,637 18,646 121,651 99.95% 5 5 663 1
Toys Games 18,748 30,420 161,653 99.97% 5 5 1,288 19
Sports 21,400 36,224 209,944 99.97% 5 5 2,081 18

In the following, we first provide the basic information of the evaluated bench-
mark datasets. We then introduce the adopted evaluation metric, followed by the
key baselines used in this work, and we end this section with some implementation
details.
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Datasets

We use the widely adopted real-world recommendation dataset, the Amazon review
dataset! [121], for evaluation in our experiments. Apart from user-item interaction
data, this dataset also includes multimodal information (i.e., reviews and images)
and various attributes (i.e., price, brand, etc.) of the items on 24 product categories.
Three product categories from this dataset are used in the evaluation: Baby, Toys
Games and Sports. Following [99], for all datasets, unpopular items and inactive
users are filtered out to ensure that all the items and users have at least 5 interaction
records. The basic statistics of the three datasets are shown in Table 6.1.

In our setting, in addition to the user-item interaction data and multimodal in-
formation of items, multiple attributes and their associated attribute values of items
are required to guide the disentangled representation learning process. Specifically,
we utilize four typical attributes (i.e., price, popularity >, brand and category), and
the attribute values for each attribute are compiled based on the metadata provided
by the Amazon dataset: for brand and category values, we directly used the values
provided by Amazon; for price and popularity, following the methods used by Co-
HHN [210], we discretize them into five levels according to their numerical values.
Table 6.1 shows the specific statistical information for each attribute in our exper-
iments. It is worth noting that our method can include a wide range of attributes
that objectively reflect the character of an item, beyond the four attributes mentioned.

Baselines

We compared our method with the state-of-the-art methods, including both the
CF-based methods (i.e., NeuMF [57], CML [63],NGCF [173] and DGCF [174])
and Multimodal CF-based methods (JRL [211], MMGCN [186], MAML [101],
GRCN [185], DMRL [99] and BM3 [218]). Each type of method includes a disen-
tangled representation learning model (i.e., DGCF and DMRL) for comparison. In
addition to the methods mentioned above, we also created a variant of our model,
denoted as AD-DRL;p, which excludes the utilization of multimodal information,
thus facilitating a fair comparison with CF-based models.

Evaluation Metrics

For each dataset, we randomly split the interactions from each user into training
and testing sets with an 8 : 2 ratio. From the training set, 10% of interactions are
randomly chosen as a validation set for tuning hyperparameters. We evaluate per-
formance on the top-n recommendation task, aiming to recommend the top-# items,
using Recall@n and NDCG@n as metrics for accuracy, with n defaulting to 20.

! http://jmcauley.ucsd.edu/data/amazon.
2 Popularity is calculated by counting the number of times each item is purchased.
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Parameter Settings

The Pytorch toolkit [132] is utilized to implement our models. To ensure fairness,
all methods are optimized using the Adam optimizer [77], with a default learning
rate of 0.0001 and batch size of 1024. We fixed the embedding size of each factor to
32 for AD-DRL and its variants on all datasets. The Xavier initializer [190] is used
to initialize the model parameters. The «, 8, y and L, regularization coefficient are
searched in {le™3,5¢73,1e72, -, 5¢*0, 1¢*!}. The number of negative examples is
searched in {2, 4, 8}. Besides, model parameters are saved every five epochs. Early
stopping strategy [173] is performed, i.e., premature stopping if Recall @20 does not
increase for 50 successive epochs. Our codes and datasets are released to facilitate
the replication of our experiments .

6.5.2 Performance Comparison (RQ1)

We summarize the overall performance comparison results in Table 6.2. The methods
in the first block solely use the user-item interactions, while the methods in the
second block also exploit textual and visual information along with the user-item
interactions. From this table, we can have the following observations:

* NeuMF, CML, NGCF, DGCF and AD-DRL;p are methods trained exclusively
on user-item interactions. Among them, NeuMF can achieve promising perfor-
mance compared to conventional MF-based methods [57]. This is attributed to
the capacity of deep neural networks to model the non-linear interactions between
users and items. Benefiting from the high-order information, both NGCF and
DGCF accomplish state-of-the-art results. DGCF, in particular, performs bet-
ter than NGCF by characterizing diverse user intents through the disentangled
representation technique. This demonstrates the effectiveness of disentangled
representation learning, particularly in improving the robustness of user and
item representations. Furthermore, although both DGCF and AD-DRL;p em-
ploy disentangled representation learning, the performance of AD-DRL;p is
significantly better than that of DGCF. This highlights the superiority of our
attribute-driven disentangled representation learning approach.

* In general, the multimodal recommendation methods perform better than those
only using user-item interactions, demonstrating the effectiveness of leveraging
multimodal information on learning user and item representations. Although the
simple neural network structure results in lower performance of JRL compared to
the graph-based methods (NDCG and DGCF), incorporating rich multi-modal
information enables it to outperform NeuMF. By exploiting user-item inter-
actions to guide the representation learning in different modalities, MMGCN
outperforms NGCF on all the datasets. MAML outperforms NGCF by modeling
users’ diverse preferences by using multimodal features of items. GRCN sur-

3 https://github.com/SDLZY/AD-DRL.
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Table 6.2: Performance comparison of different recommendation methods over three
datasets. The methods are categorized into two categories (i.e., blocks): 1) methods
in the 1st block are the ones relying only on the user-item interaction information
without any side information, and 2) methods in the 2nd block are the ones that
consider multimodal information. The best results are highlighted in bold.

Datasets Baby Toys Games Sports
Metrics Recall NDCG | Recall NDCG | Recall NDCG

NeuMF 0.0502 0.0224 | 0.0253 0.0128 | 0.0330 0.0157

CML 0.0674 0.0444 | 0.1227 0.1160 | 0.0982 0.0640
NGCF 0.0694 0.0313 | 0.0970 0.0587 | 0.0707 0.0337
DGCF 0.0788 0.0465 | 0.1262 0.1085 | 0.1026 0.0629
AD-DRL;p | 0.0852 0.0529 | 0.1517 0.1429 | 0.1120 0.0722
JRL 0.0579 0.0266 | 0.0472 0.0413 | 0.0368 0.0214

MMGCN | 0.0814 0.0496 | 0.1171 0.1065 | 0.0913 0.0572
MAML 0.0867 0.0521 | 0.1183 0.1117 | 0.1029 0.0676

GRCN 0.0883 0.0541 | 0.1336 0.1236 | 0.1065 0.0693
DMRL 0.0906 0.0561 | 0.1434 0.1331 | 0.1111 0.0711
BM3 0.0911 0.0424 | 0.1147 0.0683 | 0.1121 0.0536
AD-DRL  (0.0968* 0.0588*(0.1524* 0.1435%|0.1200* 0.0756*
Improv. 6.84% 4.81% | 6.28% 7.81% | 8.01% 6.33%

The symbol * denotes that the improvement is significant with p — value < 0.05 based on a
two-tailed paired t-test.

passes MAML by employing modality features to discover and prune potential
false-positive edges on the user-item interaction graph. DMRL performs better
than the other baselines over almost all the datasets. It should be credited to
its capability to capture the different contributions of features from different
modalities for each disentangled factor.

*  DGCF and DMRL, two models based on disentangled representation learning,
outperform other single-modal and multi-modal recommendation models across
all three datasets. This highlights the effectiveness of disentangled representa-
tion learning, particularly in improving the robustness of representations and
characterizing diverse user intents.

*  Furthermore, our proposed AD-DRL model consistently outperforms all base-
lines over all three datasets by a large margin. We credit this to the joint effects of
the following two aspects. Firstly, robust user and item representations can be de-
rived using attributes at different levels to guide the disentangled representation
learning process. Secondly, incorporating the additional attribute information
into representation learning can alleviate the data sparsity problem in the rec-
ommendation. Moreover, the comparison between AD-DRL and AD-DRL;p
shows that the multimodal information, which contains more sufficient informa-
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(a) Disentangled vectors (User ID) (b) Disentangled vectors (Item ID)

(c) Disentangled vectors (Review) (d) Disentangled vectors (Image)

Fig. 6.3: Visualization of disentangled vectors from ID embeddings and different
modalities, with distinct colors indicating different attributes: yellow for price, orange
for popularity, grey for brand, dark blue for category, and light blue for others.

tion for various attributes, can enhance the effect of attribute-driven disentangled
representation learning.

6.5.3 Visualization of Disentangled Representations (RQ2)

AD-DRL conducts disentangled representation learning for user and item repre-
sentations at two levels of attribute granularity: high and low. To further confirm
the effectiveness of disentangled representation learning by AD-DRL, we use t-
SNE [120] to cluster and visualize the disentangled vectors of users and items from
the Sports dataset at each granularity level. t-SNE (t-Distributed Stochastic Neighbor
Embedding) is a popular dimensionality reduction technique primarily used for vi-
sualizing high-dimensional data in a lower-dimensional space (typically 2D or 3D).
It is especially effective for exploring complex datasets, such as those in machine
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(a) Disentangled vectors (price) (b) Disentangled vectors (popularity)

(c) Disentangled vectors (brand) (d) Disentangled vectors (category)

Fig. 6.4: Visualization of the disentangled vectors corresponding to different at-
tributes, where different colors represent different attribute values.

learning or NLP, where the relationships between data points are difficult to discern
in high-dimensional spaces.

High-Level Attribute-driven Disentanglement

Figure 6.3 displays the disentangled vectors processed by the high-level attribute-
driven disentanglement module for each modality feature, where dots of the same
color denote the vectors corresponding to the same attribute. It can be observed that
our model effectively distinguishes representation vectors corresponding to differ-
ent attributes for both users and items across various modalities, demonstrating the
effectiveness of our model in disentangling at the attribute level. Such disentangled
representations can better capture user preferences and item characteristics toward
different attributes.
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Low-Level Attribute-driven Disentanglement

To verify the effectiveness of low-level (attribute value-level) disentanglement, we
visualize the representations of each attribute factor (i.e., vf, in Equation 6.9) in
Figure 6.4. The dots of different colors represent different attribute values*. As ob-
served, the representations of different attribute values learned from AD-DRL are
well separated and the representations of the same attribute value are concentrated.
These results demonstrate that AD-DRL can achieve finer-grained disentanglement
at the attribute value level, allowing AD-DRL to capture better user preferences.

6.5.4 Study of Interpretability and Controllability (RQ3)

Interpretability

To gain a deeper insight into the interpretability of our model, in this section, we
provide some qualitative examples in Figure 6.5. As an illustrative example, we ran-
domly sample two users (218629 and 1#6805) from the Sports dataset who purchased
the same items (12099 and i3460). Since we have disentangled the representation of
users and items based on the attributes, we can analyze how each attribute contributes
to recommendation results based on Equation 6.11. This greatly enhances the in-
terpretability of our model. For example, price contributes most to the interaction
(#10826, i2099). This suggests that 10826 prefer i2099 due to its price. However,
16805 is more likely to purchase the i2099 because of her preference for its brand.
Such observation indicates that different users have diverse preferences for the same
product. In addition, we can also see that user preferences exhibit consistency. For
example, u6905 values the brand of the product more than its popularity or price,
which is different from ©10826.

Controllability

We conducted experiments to evaluate the controllability of AD-DRL by manip-
ulating user preferences for certain attributes. Specifically, we change the user u’s
preference score for a specific attribute a in Equation 6.11 to assess if such change
yields the anticipated variation in recommendation results. We modify the formula
for s,,; in Equation 6.11 as follows:

Sui = €5 Suia ) Suik (6.14)

k+a

4 For brand and category, since there are too many attribute values in the dataset, making it difficult
to display all of them in Figure 6.4. Therefore, for these two attributes, we only selected the top 5
attribute values with the most corresponding items in the dataset for demonstration.
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u18629 u6805

i3460

Others T

Fig. 6.5: The preference scores of two users (#18629 and #6805) for different at-
tributes of two items (12099 and i3460).

where ¢ represents the scaling factor for s, ; 4, used to adjust the impact of attribute
a on sy, ;. For a specific attribute (in this section, we selected price and popularity for
study), we systematically vary £ through values of 2, 1, 0.5, 0, and -1. This process al-
lows us to meticulously examine the resultant shifts in our method’s recommendation
outputs, with findings illustrated in Figure 6.6.

We conduct a detailed analysis using the price attribute as an example. As shown in
Figure 6.6a, we select 100 users from Baby dataset who always purchase inexpensive
items based on their purchase records. Various colors in Figure 6.6a denote distinct
price levels, showcasing the distribution of items recommended by AD-DRL across
these levels for a given value of &. By comparing the recommendations made by
AD-DRL under different values of £, we have the following observations:

e When ¢ = 1, that is, using the original AD-DRL method, it can be seen that
AD-DRL is capable of capturing the preference of these users for inexpensive
items and recommends more affordable items to them.

*  When ¢ = 2, meaning we have increased the impact of price on the user prefer-
ence score, it can be observed that AD-DRL tends to recommend more inexpen-
sive items to these users.
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(b) Users who prefer high-price level items.
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Proportion
& N
[ (=)

[
(=]

100
80IIIII
0 05 1 2

g

(d) Users who prefer high-popular level
items.

Fig. 6.6: The proportion of items with different attribute values within the AD-DRL’s
recommendations when ¢ takes different values in Equation 6.14.

e When ¢ = 0.5 or 0, meaning we reduce or even eliminate the impact of price on
the user preference score, we find that the recommended items from AD-DRL
are more diverse in terms of price. It is worth noting that even when ¢ = 0,
the items recommended by AD-DRL still tend to be inexpensive. This could
be attributed to the retained chunk associated with the brand, and there are
correlations between brand and price. For example, some high-end brands offer
products at a premium price, while others provide more affordable options.
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Table 6.3: Ablation study of our proposed AD-DRL method over three datasets. The

best results are highlighted in bold.

Datasets

Baby

Toys Games

Sports

Metrics

Recall NDCG

Recall NDCG

Recall NDCG

AD‘DRLw/o disentangling

AD-DRLy/0 inira
AD-DRLyy /0 inter
AD-DRLy/0 high
AD-DRLyy/0 10w

0.0888 0.0550
0.0925 0.0567
0.0959 0.0585
0.0903 0.0564
0.0916 0.0553

0.1452 0.1375
0.1492 0.1397
0.1517 0.1429
0.1492 0.1391
0.1492 0.1394

0.1152 0.0741
0.1164 0.0750
0.1196 0.0754
0.1160 0.0748
0.1177 0.0755

AD-DRL

0.0968 0.0588

0.1524 0.1435

0.1200 0.0756

More interestingly, when ¢ = —1, meaning we have AD-DRL recommend items
that are opposite to the users’ price preferences, it can be observed that AD-DRL
indeed recommends some more expensive items.

The above results reveal that adjusting the value of £ enables us to align AD-DRL’s
recommendation results with our expectations, thereby illustrating the controllability
of AD-DRL. Similar results can be seen in another group of users who prefer high-
price level items.

6.5.5 Ablation Study (RQ4)

We conduct detailed experiments to validate the effectiveness of high-level and
low-level attribute-driven disentangled representation learning modules. Further, to
deepen our insight into the high-level attribute-driven disentangled representation
learning module, we also investigate the efficacy of the intra- and inter-modality
disentanglement modules. Specifically, we consider the following variants of AD-
DRL for evaluation:

AD-DRL,,/, disentangling: We do not perform disentangled representation learning
during the training process;

AD-DRL,,/, intra: We only remove the intra-modality disentanglement module;
AD-DRL,,/0 inter: We only remove the inter-modality disentanglement module;
AD-DRL,,/0 high: we remove the high-level attribute-driven disentangled repre-
sentation learning module;

AD-DRL,,/, 1ow: We remove the low-level attribute-driven disentangled repre-
sentation learning module.

Table 6.3 shows the experimental results for all variants. From the results, we

have the following observations:
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» Using either high-level or low-level disentangled representation learning inde-
pendently can significantly improve the performance. This indicates that both
disentangled representation learning within modalities and between modalities
have a positive effect.

* The AD-DRL combines high-level and low-level disentangled representation
learning modules, resulting in significantly improved performance compared
to the devised two variants. This demonstrates the necessity and rationality of
combining the attribute and attribute value levels.

* Delving deeper into the high-level disentangled representation learning mod-
ule, removing the intra-modality disentanglement module results in a greater
decrease in model performance compared to removing the inter-modality dis-
entanglement module. This indicates that intra-modality disentanglement is the
fundamental aspect of disentangled representation learning, while inter-modality
disentanglement can further enhance model performance.

6.6 Conclusion

In this chapter, we highlight the limitations of existing disentangled representation
learning techniques in recommender systems. The current methods disentangle the
underlying factors behind user-item interactions in an unsupervised manner, leading
to limited interpretability and controllability. To overcome this limitation, we propose
an attribute-driven disentangled representation learning method, termed AD-DRL,
which disentangles attribute factors in various multimodal features. More specif-
ically, the proposed AD-DRL enables disentangling within each modality feature
and ensures consistency of representations across modalities at the attribute level.
Moreover, it leverages the intrinsic relationships between items sharing the same
attribute value. Experimental results demonstrate the superiority of our proposed
AD-DRL and showcase its capability in terms of interpretability and controllability.
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This book offers a comprehensive exploration of multimodal learning techniques in
recommendation systems, focusing on five critical challenges: noise and redundant
features, user diverse preference, user modality preference, dynamic multimodal
fusion, and the interpretability and controllability of recommendations. These chal-
lenges represent significant barriers to effectively leveraging multimodal data in
recommendation systems. To overcome these obstacles, the book introduces a set of
innovative, targeted approaches designed to enhance the utility and performance of
multimodal recommendations.

Specifically, we introduce a semantic-guided feature distillation approach to tai-
lor generic multimodal features extracted from raw data by pre-trained models for
recommendation. This establishes a solid foundation for the efficient utilization of
multimodal data. Next, we propose a multimodal attention metric learning method
that combines attention mechanisms with the metric-based learning method. This
enables the modeling of users’ diverse preferences on different aspects of items
while satisfying the triangle inequality property. To capture user modality pref-
erences, we develop a disentangled multimodal representation learning approach,
which learns user attention towards item factors in different modalities. This al-
lows the recommendation system to effectively leverage multimodal information by
considering user preference toward various factors in each modality. To capture the
various relationships among multimodal information of different items, we develop
a meta-learning-based multimodal fusion framework, which dynamically assigns
parameters to the multimodal fusion function for each item during its represen-
tation learning. Finally, to enhance both the interpretability and controllability of
recommendation outcomes, we propose an attribute-driven disentangled represen-
tation learning approach, utilizing item attributes from multimodal data to facilitate
explanation and control over recommendation results, ultimately improving user sat-
isfaction. To foster further research, we have also open-sourced the relevant datasets,
codes, and parameter settings associated with this book.

The proposed solutions systematically address the five key challenges in multi-
modal recommendation, thereby significantly enhancing the effectiveness of multi-
modal data in driving more accurate and personalized recommendations. By tackling
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these challenges, the contributions of this book demonstrate substantial promise for
broad applications across a variety of internet platforms, including e-commerce,
social media, and beyond. These advancements are poised to benefit a diverse
array of stakeholders, including merchants, content creators, and end-users. For
merchants, the adoption of multimodal learning techniques can help alleviate the
over-reliance on traditional recommendation systems, which primarily depend on
user-item interaction records. This shift reduces the impact of data sparsity and
cold start problems—two common challenges that often hinder the performance of
conventional recommendation algorithms. By leveraging multimodal data, such as
images, text, and video, merchants can provide more contextually relevant and engag-
ing recommendations to users, thereby improving user experience. Ultimately, these
improvements contribute to higher conversion rates, increased customer satisfac-
tion, and better sales outcomes. Additionally, the effective integration of multimodal
information can drive significant improvements in user satisfaction, retention, and
operational efficiency. By leveraging diverse data sources, organizations can optimize
inventory management and better allocate resources, ensuring that offerings align
more closely with user demands. For content creators, multimodal recommendation
systems provide a deeper understanding of the various types of content, allowing for
greater visibility and more precise targeting in content distribution. This enables cre-
ators to reach the right audiences with more relevant content, enhancing their impact
and engagement. For end-users, multimodal recommendation systems offer a richer,
fine-grained understanding of their interests and preferences, leading to personalized
and contextually relevant suggestions. Moreover, the incorporation of multimodal
information enhances the transparency of recommendations by providing rational
explanations for why certain items are suggested. This transparency empowers users
with greater control over their content experience, fostering trust and satisfaction,
and ultimately contributing to a more engaging and rewarding interaction with the
platform.

Despite the extensive discussion and proposed solutions for the key technical
challenges in multimodal learning for recommendation systems, we recognize that
this research area is still in its early stages, with considerable opportunities for
further exploration. In this regard, the book outlines several promising directions
and challenges, aiming to inspire and guide future research in this evolving domain.

7.1 Multimodal Learning with Large Language Models

With the rapid rise of Large Language Models (LLM) like ChatGPT !, significant suc-
cess has been achieved in fields such as natural language processing [12, 180, 179]
and computer vision [107, 17, 163]. Relevant work suggests that large language
models have great potential for application in the recommendation domain, and an
increasing number of researchers are focusing on how to apply these models in rec-

! https://chatgpt.com/
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ommendation systems [98, 181, 76]. Traditional recommendation systems typically
rely on methods like collaborative filtering or content similarity, which have certain
limitations in terms of data sparsity and understanding complex contexts. In con-
trast, large language models can handle massive amounts of natural language data
and possess strong semantic understanding and generative capabilities [111, 96],
giving them significant advantages in user interest modeling, complex intent com-
prehension, and diverse recommendations. Through a deep understanding of user
behavior, large language models can provide not only personalized recommenda-
tions but also explore latent user needs, thereby enhancing the user experience and
demonstrating significant value in improving recommendation accuracy, expanding
recommendation scenarios, and mitigating the cold start problem. This combination
of natural language processing and recommendation systems offers new possibilities
for creating more intelligent and user-friendly recommendation systems.

Preliminary efforts have already begun to explore and achieve success in this
area [154, 197, 207, 7, 52]. For example, LLaRA [97] introduce a innovative hybrid
representation learning approach for items in LLM input prompts by combining
ID-based item embeddings from traditional recommendation systems with textual
item features. This integration capitalizes on the complementary strengths of tradi-
tional recommenders, which encode user behavioral data, and LLMs, which possess
extensive world knowledge about items. For instance, to mitigate the time and com-
putational overhead associated with processing lengthy texts in recommendation
scenarios, LLM-TRSR [216] employs an LLM to summarize users’ historical inter-
actions, thereby streamlining the information and enabling more efficient LLM-based
recommendations.

Despite the progress achieved by existing LLM-based methods, effectively in-
corporating multimodal information remains a significant and complex challenge.
Specifically, the integration of multimodal learning with LLMs faces several key
obstacles: 1) Modality gap. LLMs are primarily designed with text as the core in-
put modality, and their ability to process visual information is relatively limited.
While some studies have attempted to convert images into text for input into LLMs,
this approach often leads to inevitable information loss [116, 201]. 2) Integration
of multimodal and collaborative filtering information [76]. Combining collabora-
tive filtering with large models has long been a challenge in recommender systems,
and the introduction of multimodal data further complicates this issue. Effectively
integrating multimodal information with collaborative filtering remains a pressing
challenge that needs to be addressed. 3) Controllability of Recommendation Results.
Compared to traditional recommendation models, the output of LLMs is difficult
to control and even slight modifications to prompts can cause significant changes
in recommendation results. Therefore, when introducing multimodal information,
achieving controllable outputs from LLMs is a long-standing key challenge.

To address the above issues, we plan to explore the following approaches to en-
hance the performance of LLM-based recommender systems through multimodal
learning: 1) We aim to develop a new paradigm that enables lossless extraction
of multimodal features to improve the utilization efficiency of multimodal infor-
mation in recommender systems. 2) We intend to explore the synergistic mecha-
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nisms between multimodal information and collaborative filtering information to
build recommender systems that leverage the advantages of both. 3) We will utilize
Retrieval-Augmented Generation (RAG) technology [88, 44, 4] to optimize how
LLMs acquire and use of external information, thereby enhancing the controllability
of their outputs. Through these approaches, we hope to provide new insights and
technical support for the development of multimodal recommender systems based
on LLMs.

7.2 Multimodal Learning Towards Open-world Recommendation

Traditional recommendation models are typically designed for specific scenarios or
categories of items, under the assumption that the user and item sets remain known
and fixed within a defined timeframe - this is referred to as closed-world recommen-
dation. However, such a conventional paradigm falls short of meeting the dynamic
and diverse requirements of real-world users, who demand personalized recommen-
dations across various domains, categories, and changing contexts. To address these
limitations, a novel research paradigm known as open-world recommendation has
emerged [191, 189, 192]. This approach aims to deliver effective recommendations
in scenarios where new users and items continuously appear, without any restriction
to the context. Given the necessity for open-world recommendation systems to have
a comprehensive perception of the real world, multimodal learning is expected to
play a significant role in advancing this field.

Compared to traditional recommendation models, open-world recommendation
presents notable advantages and promising applications: (1) Broader recommen-
dation scope. Open-world recommendation can effectively address multiple scenar-
ios concurrently, whereas traditional models are typically designed to handle one
scenario at a time; (2) Enhanced adaptability and flexibility. Open-world recom-
mendation is capable of dynamically adapting to the introduction of new users and
items, which makes it particularly well-suited for rapidly evolving contexts, such
as e-commerce, news platforms, and social media. This dynamic nature allows the
system to respond efficiently to changing user preferences and item availability;
(3) Mitigated cold-start problem. By employing mechanisms to quickly integrate
new data, open-world recommendation systems can significantly alleviate the cold-
start issue [140], enabling more rapid and personalized recommendations for newly
introduced users or items.

Despite the evident advantages, open-world recommendation presents several
challenges that have not yet been thoroughly addressed, especially in terms of lever-
aging multimodal information. The primary challenges are as follows: (1) Data
sparsity. The long-tail distribution problem, which plagues traditional recommen-
dation scenarios, becomes even more pronounced in open-world settings. Effectively
integrating multimodal information—such as text, images, and audio—presents a
significant opportunity to mitigate data sparsity, but also poses unique challenges;
(2) Real-time model updates and efficiency. Open-world recommendation requires
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the system to quickly respond to frequent data changes, necessitating high standards
of efficiency and real-time performance. Consequently, optimizing the efficiency of
multimodal learning processes is imperative to meet these demands; (3) Acquisition
and extraction of external information. Open-world recommendation relies on
the collection of useful external multimodal data while minimizing the influence of
noise and redundancy. This requirement sets high expectations for feature extraction
techniques, as the system must effectively distinguish between valuable information
and irrelevant data.

To overcome these challenges, we plan to explore the enhancement of open-world
recommendation through multimodal learning from the following perspectives: (1)
Mitigating cold-start issues for new items. We intend to leverage large multi-
modal models to mine the textual and visual information associated with items,
utilizing the inherent knowledge embedded in these models to enable content-based
recommendation without reliance on historical user-item interactions; (2) Enabling
real-time updates with RAG. We aim to implement RAG techniques [143, 133] to
acquire and integrate relevant multimodal information in real time, thus keeping the
recommendation system up-to-date with external world knowledge. By combining
these strategies, we seek to enhance the robustness and adaptability of open-world
recommendation systems, ultimately providing more accurate and context-aware
recommendations.

7.3 Privacy-Preserving Techniques for Multimodal
Recommendation

As the recommendation methods are heavily data-driven, the more data it uses, the
better is the obtained recommendation [57]. However, such users’ data is often highly
private for numerous personal, social, and financial reasons [8]. The risks concern-
ing violating individuals’ privacy present a significant impediment to storing or
using the users’ private data in an insecure environment [42, 164]. For instance, the
user’s private data may be shared with various organizations or stored in the public
cloud. The integration of multimodal data in recommender systems further compli-
cates these privacy concerns, as such data often contains rich layers of user-specific
information, thereby introducing heightened privacy risks. To ensure user trust, mul-
timodal recommender systems must prioritize the robust protection of users’ personal
data throughout its collection, processing, and transmission, thereby preventing the
leakage or misuse of sensitive information. Additionally, strengthening user privacy
protection in multimodal learning is also crucial for helping enterprises comply with
data privacy laws in various countries and for building user trust in the platform,
thereby further encouraging users to share data. This is of great significance for the
development of recommender systems.

However, achieving privacy protection in recommender systems is not easy, espe-
cially in multimodal recommendation, where the complexity of privacy protection
is more pronounced compared to traditional recommender systems based on a single



134 7 Research Frontiers
Maximum 4

privacy

Data
Privacy

o —»
NS Data utility Maximum
utility

Fig. 7.1: The trade-off between data privacy and data utility.

modality (such as transaction data). This is mainly reflected in the following three
aspects. First, the trade-off between recommender system performance and privacy
protection is a long-standing issue. Privacy protection techniques may reduce model
performance, making the already complex multimodal learning even more chal-
lenging. Generally, as shown in Fig. 7.1, the stronger the privacy protection, the
greater the performance loss of the recommendation model [100]; therefore, it is
necessary to find an appropriate balance between privacy protection and recommen-
dation effectiveness. Second, some privacy protection methods (such as Federated
learning [196]) often require substantial computation and communication resources,
and the complexity of multimodal information may further affect the system’s real-
time performance and scalability. Lastly, multimodal data also faces issues such as
data imbalance, inconsistent quality, missing values, and noise, which increase the
difficulty of privacy protection.

To address the above challenges, we plan to conduct research from the following
aspects: (1) Design user privacy-controllable data generation models based on users’
preferences in different domains and for different items, to achieve users’ autonomous
control over the balance between recommendation effectiveness and privacy protec-
tion. (2) Develop privacy protection models capable of handling multimodal data —
for example, utilizing clients’ local multimodal data for model training within a fed-
erated learning framework, with the server only responsible for aggregating model
parameters, thereby reducing the risk of privacy leakage. (3) Design cross-modal
privacy protection methods by using one modality to protect another modality — for
instance, using text data to generate privacy protection parameters related to image
data.
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7.4 Fairness Mitigation in Multimodal Recommendations

Ensuring fairness in recommendation systems involves minimizing biases across
different user groups to guarantee equitable access to recommendation outcomes for
all users [175, 95, 46, 93]. Multimodal recommendation systems, which leverage
various types of data (e.g., text, images, and metadata) to enhance recommendation
quality, are particularly susceptible to inadvertently introducing biases due to the
inherent complexity of multimodal data [142]. Consequently, certain user groups
may receive recommendations that are systematically inferior to others, which poses
significant challenges for fairness. For instance, consider a scenario in which one
group of users (Group A) frequently provides reviews, including images and tex-
tual feedback, whereas another group (Group B) rarely provides such data. In this
case, the multimodal learning algorithm tends to rely predominantly on the richer
multimodal data provided by Group A, leading to a model biased toward Group A’s
preferences while disregarding the needs of Group B. Such bias can result in dispro-
portionately favorable recommendations for Group A, thereby disadvantaging Group
B. Addressing this issue (specifically, identifying, quantifying, and mitigating such
biases) is essential to fostering equitable recommendation practices and improving
the overall user experience.

The pursuit of fairness in multimodal recommendation systems is, however, con-
fronted by several challenges, and the current research in this area remains relatively
nascent. One primary challenge is that the training data often contain historical bi-
ases, which may inadvertently be learned and reinforced by the model, resulting in
unfair outcomes. Additionally, in multimodal data, the degree and forms of data bias
may be vary across different modalities. Understanding how to mitigate these biases
in a fine-grained manner across modalities while considering their unique char-
acteristics is a complex problem. Furthermore, the process of enhancing fairness
may result in a trade-off with recommendation accuracy, presenting the challenge of
finding an optimal balance between these two competing objectives.

To address these challenges, we plan to propose a multifaceted approach to en-
hancing fairness in multimodal recommender systems, focusing on three critical
levels: data, model, and result post-processing. At the data level, we will adopt
data debiasing and augmentation techniques. This involves identifying and either
removing or balancing biased samples before model training, alongside augmenting
data for underrepresented groups to better balance data distribution and mitigate
biases. At the model level, we plan to introduce adversarial training strategies that
render the recommendation system insensitive to users’ sensitive attributes, such as
gender and race. Additionally, we propose treating fairness as an independent opti-
mization objective, allowing for joint optimization with traditional recommendation
performance metrics. Such a multi-objective optimization approach will ensure that
fairness is adequately prioritized during the training process while maintaining rec-
ommendation accuracy. Finally, at the result level, we aim to design post-processing
techniques that adjust the generated recommendations to ensure equitable distribu-
tion across different user groups. We will also introduce fairness evaluation metrics,
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such as coverage and diversity, to assess the quality of recommendations for each
user group, providing a comprehensive understanding of fairness outcomes.

Establishing fairness in recommendation systems is not solely a technical en-
deavor; it requires a multidisciplinary perspective to formulate ethical frameworks
that underpin the design of equitable Al-driven systems. As such, beyond the tech-
nical interventions at the data, model and result levels, our future research will also
incorporate insights from sociology, ethics and related disciplines to develop fair-
ness strategies that are both comprehensive and aligned with societal norms and
legal requirements.

7.5 Bias Mitigation in Multimodal Recommendations

Multimodal recommender systems, which integrate diverse types of data, present
more intricate bias-related challenges compared to their unimodal counterparts.
These biases include data bias (resulting from data imbalance) [43], user bias (stem-
ming from variability in user behavior) [219], and modality bias (arising from the
differential importance assigned to distinct modalities) [198]. Such biases can signif-
icantly undermine the accuracy of recommendation results, ultimately diminishing
the quality of the user experience [19, 199]. Specifically, biases may cause the rec-
ommender system to favor certain types of content, thereby reducing the diversity
of recommendations. Moreover, the presence of bias may lead to feedback loops,
wherein existing biases are further reinforced. For instance, by continuously recom-
mending content that aligns with a user’s past preferences, the system perpetuates a
lack of content diversity. Accordingly, bias mitigation in recommender systems has
garnered substantial attention from the researchers in recent years.

In multimodal recommender systems, the elimination of bias presents several
significant challenges. First, a significant imbalance often exists among different
modalities. For instance, the volume of textual data typically far exceeds that of
video data. Such imbalance can lead to an overrepresentation of certain modalities
in the recommendation outcomes, resulting in unintended biases that may degrade
the system’s fairness and accuracy. Second, biases inherent within individual modal-
ities impose higher demands on the fusion process in multimodal settings [114].
Current multimodal fusion approaches may further exacerbate these biases, leading
to a model that is overly reliant on certain modalities during the fusion process,
thereby intensifying existing biases. Moreover, the sources of bias in multimodal
recommender systems are often multifaceted and deeply interwoven, making their
identification a particularly challenging task [112]. Biases may stem from diverse
aspects such as data collection, user preferences or model architecture, and these
sources can interact in complex ways that are difficult to untangle. Specifically, bi-
ases may be concealed within intricate model structures and modality interactions,
rendering them challenging to explicitly detect and mitigate. Therefore, effectively
addressing bias in multimodal recommendation systems necessitates a comprehen-
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sive approach that considers not only data-level interventions but also model-level
adaptations to ensure balanced and fair information integration across all modalities.

To address the aforementioned challenges, we plan to propose a series of potential
solutions that can serve as a foundation for future research. First, to alleviate data
imbalance, techniques such as undersampling and oversampling can be utilized to
balance the data across different modalities, thereby reducing the impact of modal-
ity bias. Furthermore, data augmentation methods can be employed to enhance the
representation of certain modalities, thereby promoting greater uniformity in data
distribution. Second, incorporating attention mechanisms into the model architec-
ture provides a means to dynamically adjust the relative contributions of different
modalities, thereby mitigating the adverse effects of over-reliance on any single
modality. Such mechanisms enable the model to automatically recalibrate modality
importance based on the specific context or task, facilitating more equitable and
precise recommendations. Finally, analyzing user behavior data can help identify
potential sources of bias, which can then be rectified through targeted interventions.
For instance, diversity-promoting recommendation strategies can be implemented
to encourage users to explore content beyond their established preferences, thereby
mitigating preference-based biases and enhancing the overall comprehensiveness
and diversity of the recommendations provided.
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