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About This Book

In the fast-paced world of fashion e-commerce, the fusion of artificial intelligence
and online shopping presents both a wealth of opportunities and exciting challenges.
In this manuscript, we present the proceedings of the Fifth Workshop at the Recom-
mender Systems Conference (FashionxRecsys 2023). The proceedings set the stage
for a deep dive into the opportunities and challenges in online fashion, drawing
insights from a series of innovative studies at the forefront of AI-driven solutions,
from both academic and industrial applied science research.

The chapters ahead offer a diverse array of approaches to tackling the complexities
encountered in the digital fashion landscape, from automated material analysis to
personalized ad creation, each study contributes a unique perspective to addressing
the multifaceted hurdles faced by retailers and consumers alike, from beauty product
discovery to garment sizing and beyond.

Aswenavigate through thefindings of these pioneering studies, it becomes evident
that AI holds a major key to unlocking new possibilities in the world of fashion
e-commerce. By leveraging advanced technologies and innovative methodologies,
researchers strive to mitigate challenges such as bias in recommendations, fit issues,
and consumer segmentation.

Through collaborative efforts and interdisciplinary approaches, we are poised
to shape a future where AI not only enhances the online shopping experience but
also fosters a more inclusive, personalized, and environmentally conscious fashion
ecosystem.
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Tailor: Size Recommendations
for High-End Fashion Marketplaces

Alexandre Candeias , Ivo Silva , Vitor Sousa , and José Marcelino

Abstract In the ever-changing and dynamic realm of high-end fashion market-
places, providing accurate and personalized size recommendations has become a
critical aspect. Meeting customer expectations in this regard is not only crucial for
ensuring their satisfaction but also plays a pivotal role in driving customer reten-
tion, which is a key metric for the success of any fashion retailer. We propose a
novel sequence classification approach to address this problem, integrating implicit
(Add2Bag) and explicit (ReturnReason) user signals. Our approach comprises two
distinct models: one employs LSTMs to encode the user signals, while the other
leverages an Attention mechanism. Our best model outperforms SFNet, improving
accuracy by 45.7%. By using Add2Bag interactions we increase the user coverage
by 24.5% when compared with only using Orders. Moreover, we evaluate the mod-
els’ usability in real-time recommendation scenarios by conducting experiments to
measure their latency performance.

1 Introduction

With the increase in online shopping for fashion over the last years [7], customers are
more comfortable purchasing garments without any physical contact. In the fashion
industry, this leads to an increase in returns related to Size&Fit reasons which bring
both financial and environmental losses.
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Different strategies are available to mitigate this problem from an online perspec-
tive. Product size-related information available like fitting advice, size tables, and
product measurements helps customers when deciding which size to order. However,
it lacks customer-specific personalization and size choice is not only dependent on
the product but also on the customer preferences. Questionnaires, where the customer
inserts data about height, weight, and body shape, can be used to gather customer
information and preferences. But it can also be seen as intrusive by customers, and
more importantly, this kind of information varies over time and would need to be
updated.

Lately, the usage of virtual try-on technologies is also getting some adoption in
fashion marketplaces. Even though in clothing articles it still lacks the necessary
precision and real feeling to be used more broadly. The customer might also feel
intrusive to share image data of his body.

An alternative that requires less customer adoption and can be used in all market-
places is to use historical interactions between customers and products, for example,
past purchases. This data can be used to make specific size recommendations for
each pair (customer, product). In this work, we explore how this approach can be
used in a luxury fashion marketplace. In the rest of this paper, when we refer to size
recommendation we mean the problem of predicting a size for a specific (customer,
product) pair.

Luxury fashion marketplaces face some particular challenges when compared to
regular fashion marketplaces. The products are premium and have a limited size
availability. This makes that a wrong size ordered from one client might represent
the end of stock for that specific size of the product. The return process also has some
particular issues, due to the high value of the product, returns are more complicated
which leads to client satisfaction impacts.

To add complexity, in luxury fashion, the number of products available and brands
is usually higher than in normal fashion. This translates into a bigger sparsity of
interactions between the user and the products and a bigger number of available
sizes.

In this work, we propose “Tailor” a solution to the size recommendation problem
in a luxury fashion marketplace that uses only historical transactional data. Our
contributions are the following:

1. Findings regarding size recommendations within a high-end fashionmarketplace,
accompanied by an evaluation of how existing baselines performwhen faced with
complex data sets.

2. Introduce two models that make use of additional customer signals such as
Add2Bag interactions and feedback from returned orders.

3. Analysis of the models’ latency, to validate the usability in real-time recommen-
dations scenarios.
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2 Related Work

In recent times, there has been a significant surge of academic interest, particularly
from the industry, in the Size&Fit domain.

In [6, 13] product-level advising using visual and transactional data is proposed.
These approaches can be very efficient in terms of the coverage of users since they
don’t require a user to have interactions with the marketplace, solving the cold
start problem. However, this type of recommendation lacks personalization to the
customer-specific needs, and they are often generic such as: “This product usually
fits larger than usual” or “This product usually fits smaller than usual”.

Virtual try-on targeting Size&Fit customer experience is proposed in [11, 14].
These works focus more on the fitting and visual apparel of the garment in the
customer and don’t provide any specific size recommendation.

In the size recommendation area, many works have been proposed: [1–5, 9, 12,
16–18]. Bayesian approaches [4, 16],while simple and scalable to large datasetswere
surpassed by embedding-basedmodels [17]. Embedding-based approaches [1, 2, 17]
are usually focused on learning embedding representations for the customer and the
product. At inference time, these representations can be used to make predictions
however, we are often limited to the customers or products that were used at training
time. To overcome the dependency on training time, many sequence-based models
have been proposed [3, 5, 12]. These models typically see the user as a sequence of
text and use sequence encoder blocks such as transformers to transform that sequence
into a fixed-sized representation.

We take a similar approach inspired by [5, 13]which leverages previous purchases
as inputs. In our work, we explore how to use other types of user interactions such as
Add2Bag to increase user coverage. Besides that, we also introduce feedback from
returned purchases.

Including other types of customer data such as weight or height to deal with
the problem of cold-start recommendation is studied in [10]. Instead, we focus on
increasing the number of information available on the customer’s sequence as a way
to increase customer coverage.

3 Methodology

We approach the problem of size recommendation as a classification task, where
given some user and product information x = (xuser , xproduct ) we want to predict
a probability distribution across the feasible sizes p(y|x). A model f (x) whose
output is the distribution p(y|x) can be trained using a classification loss such as
Cross-Entropy.

The cardinality of the sizes available in a marketplace can be large, making the
sparsity of interactions between users and product variants very high. A product
variant is the combination of the pair (product, size). Even though we have a large
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number of sizes, they are typically grouped inside a scale in an ordered manner. If we
look at the position of a size inside the scale (size position), instead of thousands of
sizes we can have dozens of positions. For example, two different sizes “Gucci EU
S” and “Gucci IT 46” share the same relative position (i.e. 1) in their respective scales
“Gucci EU” and “Gucci IT”. This means, that instead of predicting a possible size
across all the available sizes in the marketplace, we can predict the relative position
of the size in the corresponding scale.

To overcome the issue of having recommendations for users that didn’t appear
at training time, we create a new family of models named Sequence Size Predic-
tor (SSP), these models are inspired by sequence-based recommendation systems
[15]. Instead of seeing each user (xuser ) as a simple user_id, we use a sequence of
events. You can think of it as xuser = (e1, e2, ..., eT ), where en is a structured tex-
tual representation of each event field. This representation is easily transformed into
a categorical multivariate time series by encoding each field as integers: en ∈ Rd ,
where d is the number of fields of each event. The events are user interactions within
the marketplace, such as Order, Add2Bag, Add2Wishlist, etc..

Using such a framework is simple to use negative feedback from the users such
as returned purchases. We do this by adding a field in the Order events named
return_reason. This field indicates the reasonwhy the ordermight have been returned,
for example: too large, not returned, or too small.

By using such a representation of the user, we are no longer depending on seeing
the user in training to make a prediction. Our only requirement is that the user has
at least 1 event in the Event History. In the next sections, we will explain how to
transform the sequence of user events xuser in a fixed-size vector representation that
can be used in a classification model.

3.1 SSP-LSTM

In the first model, we use a Bi-directional LSTM (Bi-LSTM) to encode the sequence
of events, the whole architecture can be seen in Fig. 1.

Fig. 1 SSP-LSTM architecture
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We start by using an Embedding Layer to transform each of the event fields into a
vector representation called “EventEmbedding”. Ifwe assume that each embedding’s
field is of dimension v, each event on the sequence is transformed into a vector
of size # f ields × v. The sequence of event embeddings is passed through a Bi-
LSTM and the last hidden state is kept as the “History Embedding”, which is a
condensed fixed-size representation of the user. The same Embedding Layer used in
the events is also used to transform the common fields present in the product input
xproduct . The resulting embedding is passed through a multilayer perceptron (MLP)
named “Product Encoder” and its output is used as “Product Embedding”. Finally,
the “History Embedding” and the “Product Embedding” are concatenated and passed
through another MLP “Mix Encoder”. Its output is then used as input of a softmax
layer to get a valid probability distribution p(y|x).

Architectures of this nature offer several engineering advantages. It becomes fea-
sible to cache the intermediate representation of the “History Embedding” or the
“Product embedding”, resulting in potential time savings during prediction.

3.2 SSP-Attention

This model is based on a transformer block [19] to encode the event history, it takes
inspiration from the attention-based model proposed on [5]. The whole architecture
can be found in Fig. 2.

Firstly, we embed the sequence of the events in a similar way towhat we described
before for the SSP-LSTM model. The only difference is that these embeddings are
added a positional encoding based on the number of days that passed since the
event occurred. The sequence of “Event Embedding” is then passed through a first
transformer block. We use the input sequence as query, key, and value which means
that the output will be a sequence of embeddingswith the same length as the input, we
call this sequence the “Transformed Event History”. The same strategy as in the SSP-
LSTM is applied to the product input fields which we name “Product Embedding”.
Notice that in this model we don’t apply an extra MLP to the resulting embedding.

To get a fixed-sized vector, we combine the “Transformed Event History”
sequence with the “Product Embedding” by using another transformer block. In

Fig. 2 SSP-attention architecture
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this transformer block the key and the value is the “Transformed Event History”
sequence and the query is a sequence only with the “Product Embedding”, resulting
in an output sequence always with length 1. Finally, the output of the last trans-
former block is passed through an MLP and a softmax layer giving the final output
distribution.

4 Experiments

4.1 Baselines

4.1.1 Personalized Most Common Value (PMCV)

The PMCV model is a simple rule-based model, it can be seen as a personalized
popularity baseline. This baseline is inspired by the baselines proposed on [3]. The
model outputs the most common size for a predefined set of keys seen in the training
data. These predefined keys are defined in a hierarchical manner, from more specific
(i.e. user_id, category_id, brand_id) to less specific (i.e. brand_id).

At training time, we save a dictionary containing the most common sizes seen
across each key. At inference time, we get the value for the more specific key that is
available.

4.1.2 SFNet

SFNet is an embedding-based model proposed in [17]. It learns a representation for
each user and another for each product. These representations are jointly encoded
using an MLP with many hidden layers, and a final output distribution across the
different sizes is computed by using softmax.

To compute the user representation (xuser ), we use the user_id which means
we have an embedding vector for each user. To compute the product representa-
tion (xproduct ), we use the product_id, brand_id, category_id, and the scale_id. An
embedding is computed for each of the inputs and they are then combined into a
single embedding that represents the product by using a MLP.

4.2 Experimental Setting

To train the models, we used historical data of Clothing purchases from our market-
place, excluding returns. We use the size ordered by the user as the label. Notice that
even though the training instances don’t have return information the event history
for the SSP models has events with returned orders, as shown in Figs. 1 and 2.
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Our data ranges from 2022-01-01 to 2023-01-01 and contains ≈3.2M purchases
from ≈400k different products, and ≈750k different users. We split the data into
train/val/test (80%, 10%, 10%) according to a back-testing strategy to maintain
causality and prevent data leakage.

SFNet was trained using a batch size of 8128 andAdamoptimizer [8] (lr = 1e−3,
wd = 1e−5, β1 = 0.9, β2 = 0.999) for 35 epochs with early stopping based on the
validation set top1 accuracy.

SSP models were trained using a batch size of 1024 and Adam optimizer (lr =
1e−3, wd = 1e−4, β1 = 0.9, β2 = 0.999) for 25 epochs with early stopping. All
SSP models use an event history with a maximum of 20 events, the events present
in the history are Order and Add2Bag.

4.3 Model Performance Comparison

4.3.1 Model Evaluation

We evaluate the models in 4 different scenarios:

• General: no filtering is applied to the test set
• Multiple Gender: test set is filtered to only contain a subset of users that have
bought products from multiple genders.

• VIP: test set is filtered to only contain power users, a subset of users that have
bought more than the average user in the past.

• Training Users: test set is filtered to only contain a subset of users that were present
in the training set.

The results of the different models on these scenarios can be seen in Table 1.
All the models show a better performance than the PMCV baseline, which shows

the importance of ML models vs heuristics in the size recommendation problem in
a luxury marketplace. The SSP-Attention model performs better than all the other
models across all the different scenarios.

The SSP models show better results than SFNet in all the scenarios. However, it’s
interesting to see that on VIP users the SSP models don’t show the same trend as
SFNet, behaving worse than in the general scenario. This might be due to the fact that
since VIP are power users, they interact more with the marketplace and that might
make the need to use a bigger event history.

In all the models, we see a decrease in performance on the MultipleGender vs
General scenario. This is due to the fact that these users are more challenging since
they have purchased for different genders under the same account, making it more
difficult to predict the underlying size of the customer.

Finally, in the Training Users scenario, we see that SSP models still beat SFnet
and PMCV. It is also important to note that by filtering the users we are reducing the
coverage of users to 49.27% of the users present in the General scenario. Remember
that in this scenario we are guaranteed to have an embedding that was specifically
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tuned to the user at training time, this explains the better performance of SFnet vs
the General scenario.

4.3.2 Influence of Add2Bag Events

In this section, we see the effect of using Add2Bag events in the SSP models. To do
this ablation we use a subset of the data that only has users that had both Add2Bag
and Order events in the range of the test set.

We split the usage of the Add2Bag events in two different ways: (1) present in
the event history at inference time; (2) present in the event history at training time.
These two ways can even be mixed, i.e., we can have a model that was trained with
Add2Bag events in the event history and at inference time also has Add2Bag events
in the event history of the instances for which is predicting. In Table2, you can see
the results for the SSP models for all 4 different combinations:

1. Add2Bag in event history and trained only with Order in event history.
2. Add2Bag in event history and trained with Order and Add2Bag in event history.
3. no Add2Bag in event history and trained only with Order in event history.
4. noAdd2Bag in event history and trainedwithOrder andAdd2Bag in event history.

For both models, we see that the best results are when we use Add2Bag andOrder
events in the event history at training time and at inference time.

We can also see that for the SSP-LSTM model if we don’t have Add2Bag events
at training time and only use them at inference we have worse results. In the SSP-
Attention model, we see that we can have good accuracy by only adding Add2Bag
events at inference time.

Besides this accuracy improvement, by using Add2Bag events we see an increase
of 24.5% in the users that can receive a size recommendation. Remember that tomake
a recommendation our requirement is that the user has at least 1 event in history.

Table 2 Effect of Add2Bag events in SSP models
Model Add2Bag in

event history
Trained only with order events
in history

Trained with Add2Bag and
orders events in history

top1_acc top2_acc top3_acc top1_acc top2_acc top3_acc

SSP-LSTM Yes 0.451 0.738 0.887 0.528 0.797 0.913

SSP-
Attention

Yes 0.550 0.809 0.919 0.554 0.810 0.919

SSP-LSTM No 0.496 0.771 0.901 0.498 0.772 0.901

SSP-
Attention

No 0.515 0.780 0.904 0.513 0.779 0.904
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Table 3 Effect of using return_reason

Model return_reason top1_acc top2_acc top3_acc

SSP-LSTM Yes 0.497 0.771 0.901

SSP-Attention Yes 0.515 0.781 0.905

SSP-LSTM No 0.494 0.767 0.898

SSP-Attention No 0.503 0.769 0.898

4.3.3 Influence of return_reason Field

We present in Table 3 an ablation regarding the effect of using or not using the
return_reason field in the SSP models. This ablation was done using a dataset only
with Order events in the event history.

We see that for the SSP-Attention model, we have an increase of 2.33% in accu-
racy, while in the SSP-LSTM model the increase is negligible.

4.4 Model Latency Comparison

In a real production use case, an essential performance metric to consider is model
latency, which measures the time the model takes to make a prediction (or a batch
of predictions) in milliseconds.

Figure3 illustrates how the average model latency changes with the batch size
and the length of the event history using synthetic data and models with consistent
hyperparameters as described in the Experimental Setting section. The inference is
performed on a CPU (11th Gen IntelR© CoreTM i7-11800 H @ 2.30 GHz × 16),
which better reflects production machine types.

Figure3a shows that SFNet consistently exhibits lower latency than the SSPmod-
els across all batch sizes, primarily because SFNet processes smaller inputs (without
sequences of events) and has fewer computations. For the SSP models, only results
with 20 events in the history are presented.

Fig. 3 Model latency benchmark
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The comparison between SSP-LSTM and SSP-Attention reveals that SSP-LSTM
consistently has lower latency due to the extra computation involved in the 2 attention
layers of SSP-Attention. Bothmodels achieve a latency of under 50ms for batch sizes
smaller than 128. In production, a batch size of 1 is commonly used, and all models
have a latency well below 20ms, respectively 2.99 ms for SFNet, 7.81 ms for SSP-
LSTM, and 13.51 ms for SSP-Attention.

Figure3b examines how model latency changes with the size of the event history
for various batch sizes. For larger batch sizes (128), latency increaseswith an increase
in event history size. Interestingly, latency appears to stabilize for smaller batch sizes
after 30 events in history. The insight here is that this behavior is possibly linked to
torch optimization, mainly when batching a limited number of events when making
fewer predictions (batch size = 1 or 8).

5 Conclusion

In this work, we showed how size recommendations can be solved in a luxury fashion
marketplace using only historical purchase data.

By using SSP models with an attention mechanism (SSP-Attention), we achieve
an improvement of 72.2% in top1 accuracy compared to a rule-based heuristic,
45.7% compared to SFNet [17] and 4.8% compared to SSP-LSTM. We also show
the importance of using Add2Bag interactions to increase both the accuracy and
coverage of the customers. Finally, we show that SSP models besides increasing the
accuracy are still capable of having a latency below 15ms which is still usable in
production.

For future work, we would like to explore ways of improving the SSP models by
including more information regarding the product, such as product measurements.
Including more information regarding the customer such as measurements, body
shape, and other implicit signals besides Add2Bag is also an open topic.

6 Appendix

6.1 PMCV Hyper-Parameters

input_hierarchy :
− [ ‘ ‘user_id ’ ’ , ‘ ‘category_id ’ ’ , ‘ ‘brand_id ’ ’]
− [ ‘ ‘user_id ’ ’ , ‘ ‘cateogry_id ’ ’]
− [ ‘ ‘user_id ’ ’ , ‘ ‘brand_id ’ ’]
− [ ‘ ‘user_id ’ ’]
− [ ‘ ‘category_id ’ ’ , ‘ ‘brand_id ’ ’]
− [ ‘ ‘category_id ’ ’]
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6.2 SFNet Hyper-Parameters

user_inputs :
− ‘ ‘user_id ’ ’ ,

product_inputs :
− ‘ ‘brand_id’ ’
− ‘ ‘category_id ’ ’
− ‘ ‘scale_id ’ ’
− ‘ ‘product_id ’ ’

embedding_dim: 20
user_pathway_dims: [50, 30, 20]
item_pathway_dims: [50, 30, 20]
combined_pathway_dims: [100, 200, 400, 1000]
activation : ‘ ‘tanh’ ’
dropout : 0.05

6.3 SSP-LSTM Hyper-Parameters

embeddings_parameters:
brand_id :
dim: 8

category_id :
dim: 4

return_reason :
dim: 2

size_position :
dim: 3

scale_id :
dim: 6

event_type :
dim: 2

BiLSTM:
dropout : 0.01
hidden_layer_size : 25
number_layers : 2

ProductEncoder :
activation : relu
dropout : 0.01
hidden_state_dimensions :

− 50
− 25

MixerEncoder:
activation : relu
dropout : 0.01
hidden_state_dimensions :

− 150
− 100
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6.4 SSP-Attention Hyper-Parameters

embeddings_parameters:
brand_id :
dim: 64

category_id :
dim: 48

return_reason :
dim: 2

size_position :
dim: 16

scale_id :
dim: 48

event_type :
dim: 2

TransformerBlock1:
num_heads: 12

TransformerBlock2:
num_heads: 16

MLP:
activation : relu
dropout : 0.01
hidden_state_dimensions :

− 150
− 100
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Exploring Fit and Shape for Predicting
Garment Size Issues in Fashion
with Multi-task Learning

Sahar Mbarek, Leonidas Lefakis, Peter Gehler, Sonia Aurelio,
Rodrigo Weffer, and Reza Shirvany

Abstract Online shoppers face many difficulties finding the right garment size that
fits them. There has been a large body of work that try to tackle this problem from
a customer perspective. Most often the approaches rely solely on purchases and
returns to offer a personalized size-recommendation. In this work we investigate the
potential effect of additional fashion characteristics such as shape and fit attributes of
an article to better predict a potential size issue even before a purchase has beenmade.
We frame the problem as a Multi-Task-Learning (MTL) problem and extend prior
work to predict size issues from garments visual information. In the experiments,
we explore different MTL architectures and a variety of datasets to further harness
the power of these models. To the best of our knowledge, the proposed approach is
the first to combine size, fit and shape attributes of fashion articles to address the
challenge of size issue prediction in online shopping. Our findings indicate that there
is a positive effect of additional attributes and that we can improve the size-issue
prediction in comparison to the state-of-the-art models.
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1 Introduction

When buying clothes online, after a customer has identified a garment of their liking,
they need to select a size they want to purchase the garment in. To support this
decision, size information is usually part of the garment information, for example
in the common Alpha size range (XS, S, M, L, etc.) or Numerical sizes (36, 38, 40,
etc.). It is only after the garment arrives in customers’ hands that they can finally try
it on and discover whether their expectation of the nominal size they have selected
days ago matches the real fit of the garment for them. In this work, when the nominal
size does not match the actual real world size and fit of the garment we consider there
is a size issue instance. In other words, if the garment does not fit in its size as it is
supposed to, we consider this a size issue and we aim to build a model that predicts
this early on even before the customers purchase the garments. Non-fitting garments
are usually returned and lead to customer dissatisfaction, negative environmental
impact, and additional costs. Furthermore, the delayed verification of the garment
fit typically discourages customers to engage with new brands and items they are
not familiar with. Size prediction is intrinsically challenging. The main contributing
factors are (a) a coarse definition of size systems (b) brand specific size specifications
(e.g. Small in brandA could beMedium in brandB) and (c) the inability to convey the
overall garment fit in a single number or letter. In addition, sizes are hard to convert to
each other, so in order to tackle this challenge fully, a model capable of delivering a
per-garment size advice should be the goal. One source of information for size-advice
is a purchase history or return-rates of garments. Predicting size issues before any
purchases has been addressed before, e.g. [1] with the use of return-rates of historical
purchase data as a training signal andwith product images as the sole input. To the best
of our knowledge we are the first to investigate whether additional characteristics of
the garments such as expert annotations of their fit (loose, tight) and shape (straight,
tapered) attributes can yield improved size issue prediction performance. Of course,
predicting size from images is only one piece of a broader solution, a production
system would combine multiple sources, such as physical measurements, customer
purchase history and information about the sizing system used by the brand, e.g. [2].
Once we have identified a potential size issue, that is, an item “runs small” or “runs
large”, this finding can be shown to the customer as a recommendation to buy a size
larger or smaller compared to the one they would normally choose. A successful
system leads to better size advice, and thus to significantly lower return rates and
higher customer satisfaction [2]. The system we propose in this paper extends the
work of SizeNet [1]. SizeNet is a Multi-Layer-Perceptron (MLP) that predicts from
the FashionDNA [3] image representation of a product image whether an article has
a size issue or not. A binary size-issue is defined as a deviation of the item return
rate from the expected category return rate. Our work is the first to mix fit and shape
characteristics to predict a potential size issue. We explore different architectural
solutions capable of leveraging amulti-task learning setting to not only predict a “size
issue” (as has been proposed in the past) but in addition the very heart of the challenge,
that of the human judgements of fit and shape. To enable training we collect a novel
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dataset with varying degree of supervision so we can study the effect of data set size
in addition to model choices. Our experimental results with real world data and the
follow up rigorous analysis shows that multi-task learning performs comparably to
size-issue prediction, however the effect is more pronounced in smaller data regimes.
Through our experiments we also confirm that dataset size and network size have a
strong effect on model performance and our final model drastically outperforms the
state-of-the-art SizeNet [1] performance due to the compounded effect of all three
factors: (a) dataset size, (b) model size, and (c) multi-task learning.

2 Related Work

2.1 Size Advice

The absence of physical try-ons and the variation in sizing charts across different
brands often lead to uncertainty and dissatisfaction in finding the right size when
shopping online. There has been several work dedicated to addressing the various
aspects of this problem [1, 2, 4–15]. One category of approaches is to use customer
purchase history to provide a personalized size recommendation [7–9, 13–15]. In
this line of work, [13] proposed a deep learning based content-collaborative method
for personalized size and fit prediction, where customer and articles features are
embedded into a latent space to learn the target size&fit. Dogani et al. [16] proposed
a size recommendation through a product size based latent space. Lasserre et al.
[14] developed a meta-learning deep learning method for size recommendation, that
exploits large data scale and absorbs new data points efficiently without the need for
re-training. A recent work [15] used an attention-based model to encode customer
history to corresponding sizes. In another line of work [1, 2], the size and fit problem
is tackled based on article specific information. Customers are then provided by
article based size advice such as “article runs too small or too big”. The authors
propose a Bayesian model to predict size issue (too-big, too-small, true-to-size) by
exploitation of article size returns and prior information from experts on garment
size. However, a sufficient amount of orders and returns is required to have certain
confidence level in the predictions. This is complicated by the fact that in fashion
e-commerce returns can only be recorded with a certain delay. In order to overcome
the cold-start-problem, [2] exploited, in addition to human experts, a SizeNet model
as prior to the Bayesian model. The author of SizeNet [1] suggested using visual
cues from article images to predict size issue. This solves the cold-start-problem to
be able to raise potential size issue even before any return is observed.
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2.1.1 Multi-task Learning in DNN

Multi-task learning [17] is a machine learning paradigm that aims to simultaneously
solvemultiple tasks, e.g. classification tasks using shared representationwith the goal
of enhanced generalization and better performance because of information sharing
across tasks. In the field of computer vision, MTL has showed promising results
in learning multiple tasks using a shared convolutional network based model [18–
21], while minimizing negative transfer between tasks. The existing MTL architec-
tures have often been partitioned in two main categories, those with hard parameter
sharing (HPS) and those with soft parameter sharing [22] (SPS). Traditionally, a
hard-parameter sharing MTL architecture is composed of a global feature extractor,
usually made of convolutional layers, followed by task specific output branches [23].
[24] proposed Multi-task network cascades to learn semantic segmentation, where
the output of each task specific branch is appended to the input of the next learned
task, forming the cascade of information flow. Liu et al. [25] suggested a Multi-task
attention network that uses a single shared network with a soft-attention module for
each task. Recently, [26] introduced Multi-gate Mixture-of-Experts, which consists
of multiple shared models (experts) and task-specific output heads. For soft parame-
ter sharing MTL architectures, each task has a separate network and the information
flows between parallel layers modeled using a learned linear combination of the out-
puts of each task, e.g., Cross-Stitch unit [27]. Later, [28] generalized Cross-Stitch
further by proposing to exploit a 1 × 1 convolutional layer to combine output fea-
tures from different task layers.

3 Datasets

To investigate the main research question of our work, whether size, fit and shape
information offer complementary information, we collected a new dataset of women
textile garments, detailed in this section and summarized in Table 1. We also make
use of dataset augmentation techniques with extra annotations to enable exploration
of a MTL setup as follows.

Table 1 Dataset statistics of MTLD and its subsets. For all items we have size-issue labels

Dataset #Articles % Fit annotations
(%)

% Shape
annotations (%)

%Fit+Shape
annotations (%)

MTLD 340,015 83 42 24

MTLD-fit 280,849 100 30 30

MTLD-shape 141,678 59 100 59

MTLD-small 82,512 100 100 100
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3.1 MTLD: A Size Issue Dataset

The garments come from 12 categories (dresses, jeans, jersey, etc.) and about 1000
different brands. When it comes to articles that only differ in color, we treat those as
distinct samples for the size issue. This choice has been motivated by expert advice
and is further justified by the fact that the fabric of the garment is different depending
on dying technique, which leads to different size and fit characteristics of the garment
and thus different return reasons. We create the dataset in a way that it is balanced
across size issues, i.e. it has about the same number of size-issue and no-size-issue
items. Every sample in the dataset is a tuple (x, ysize, w, y f it , yshape) with x ∈ R

128

being the FashionDNA [3] image representation, ysize ∈ {0, 1} the size issue label,
w ∈ R+ (ysize andw come from the teachermodel of SizeNetwhichwill be described
in Sect. 4.1), y f it ∈ {0, . . . , 5}, the fit label, and the shape label yshape ∈ {0, . . . , 6}.
We refer to this dataset as MTLD. It contains a total of 340,015 items, of which
183,967 (54%) have size issues and 156,048 (46%) do not.

3.2 MTLD-{Fit,Shape,Small}: Adding Fit and Shape
Annotations

Both fit and shape are important factors to determine the size and style of
a garment. Fit describes the width of a garment in relation to the wearer’s
body. We consulted with fashion experts who have composed the following
five different classes of fit ordered from closest to the body to furthest y f it ∈
{skinny, slim, regular, loose/relaxed, oversi zed}. The dataset includes more
than 280k items with fit information. The shape then describes the intended silhou-
ette of a garment in relation to the wearer’s body and it is classified in six categories
yshape ∈ { f i t ted, straight, f lared, tapered, cocoon, body}—hugging. Shape
annotation is available for about 140k items. Representative examples are shown
in Fig. 1. In fashion industry, in practice the annotation of the fit and shape attributes
comes from different sources with varying accuracy, including fashion-experts,
brands, garment fitting experts, Brands, Data sheets, etc., which leads of to have
have “full” annotations for more than 82k items albeit with different levels of accu-
racy in the annotations based on their sources. In Fig. 2 we show the available fit and
shape data statistics along with the percentage of items having a size issue.

We define subsets of MTLD depending on the annotations available, MTLD-fit is
the MTLD subset for which we have also fit attributes, and MTLD-shape the subset
with shape annotations. The smallest dataset isMTLD-small that contains only items
for which we have all label information available.
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Fig. 1 Representative examples of the five fit (left) and six shape (right) categories

Fig. 2 Distribution of fit/shape labels in MTLD

4 Methods

We first review the SizeNet model of [1] that serves as a baseline starting point for
our work and then describe multiple MTL variants that we tested to mix size, fit and
shape information. We acknowledge that the list of considered MTL methods is not
exhaustive and that other network designs are conceivable. However, we believe the
list is sufficient to empirically validate ourmain question on the added effect of fit and
shape information to predicting size issues. All models leverage the 128-dimensional
FashionDNA embedding [3] vector of the extended FashionDNA network whose
parameters are fixed and not updated. It has been thoroughly shown that one can
also use any other available pre-trained backbone model instead of the FashionDNA,
albeit with some potential degradation of the final results [1].

4.1 SizeNet

The work of [1] proposes a weakly-supervised teacher-student framework with the
goal to predict a size issue given the images of the fashion garments. The teacher is
a statistical model that turns historical data of sold articles and returns into a binary
size issue flag and a confidence score about this decision. The SizeNet student is then
a four layer MLP that predicts size issue from an image of the garment alone. Both
our work and [1] use the convolutional neural network embedding FashionDNA [3]
as an image backbone. When training the MLP parameters we use a 0.5 dropout
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and ReLU activation function. The size issue prediction task is defined as a binary
classification task. We consider an article to either have a size issue (class +1, i.e.,
the article runs too small or too big) or being true-to-size, (class 0, no size issue).
This is determined when comparing the size related returns to the average of what
we would expect in the fashion category ycategory the item is a part of, over the same
sales period. For every article we have further information: (1) its fashion category
ycategory , e.g., t-shirts, dresses, trousers, etc., and (2) its sales period: depending on
the period of time, the size return rate and customer behavior in a fashion category
might differ. The teacher also computes a confidence score s, that depends on the
number n of sold items for the given article, the observed returns k and the expected
return rate probability of the category ycategory it belongs to. The binomial likelihood
of observing k size-related returns out of n orders with a size-related return rate
probability p is

L(n, k, p) =
(
n

k

)
pk(1 − p)n−k, (1)

from which we compute the per-item (n, k are item specific) confidence score as the
negative log-likelihood s = − ln(L).

The confidence score s is high when the observed return rate k/n deviates from
the category mean p, e.g. if the size related return is very high (size issue, class 1), or
very low (no size issue, class 0). The former is used to weight each training sample.
In order to teach the student-SizeNet about the low confidence of some labels, each
training sample is assigned a weight w = ln(1 + s). The logarithmic transformation
is applied to the score s to reduce the skewness in the confidence score distribution
and for numerical stability, see [1] for more details on this setup.

4.2 Multi-task Learning

We now turn to multi-task formulations, to explore the joint prediction of size, fit
and shape. The main idea of multi-task learning is that predicting multiple tasks
together is easier than predicting in isolation. Herewe consider the different available
annotations ysize, yshape, and y f it as the different tasks where the first is a binary
classification task and the latter two a categorical prediction. In the remainder of the
section we explain MTL architectures that have different ways of parameter sharing.

4.2.1 Hard Parameter Sharing

Hard Parameter Sharing (HPS) stands out as a prominent paradigm in MTL, char-
acterized by a global features extractor, typically a Convolutional Neural Net-
work, coupled with distinct task-specific layers, termed branches, to capture indi-
vidual task characteristics. In Fig. 3 we depict the network layout, every task has
the same layout as SizeNet. A common two base layers are shared for all three
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Fig. 3 The two main MTL architectures, hard parameter sharing (left) and cross-stitch (right)

tasks as is the FashionDNA image embedding. Then separate branches predict
the binary and categorical variables respectively. The HPS model is trained on a
joint loss function that is the weighted linear combination of task-specific losses,
Losstotal = α f i t Loss f i t + αshapeLossshape + αsi zeissueLosssizeissue. For items with
missing annotations we cannot compute the loss and propagate the gradients. We
train the models using stochastic gradient descent, the learning rate is found via
careful cross validation. We test the following hard parameter sharing MTL models.
MTL-Fit: Two-task model to predict size and fit; MTL-Shape: Two-task model
to predict size and shape; MTL-{Fit,Shape}: Three-task model to predict size, fit
and shape. Since above models introduce more model parameters and we want to
disentangle the model capacity effect, we test the following SizeNet variants where
we scale every layer to achieve similar parameter numbers as for the HPS models.

• SizeNet-medium: SizeNet with layer sizes (256-144-96-64-2) to match the two-
task models.

• SizeNet-large: SizeNet with layer sizes (512-256-128-64-2) to match the three-
task models.

4.2.2 Cross-Stitch Architecture

Cross-stitch [27] is a common technique in MTL that falls into the category of
soft-parameter sharing. It includes cross-stitch units into a network architecture, and
enables information flow between shared layers across multiple tasks. Formally,
a cross-stitch unit C is a linear combination of the outputs of given hidden lay-
ers from every task. For example, if we consider the output of three hidden lay-
ers h1, h2, and h3 from tasks si ze, f i t , and shape, respectively the outputs of the
cross units for the three tasks is the following (where h are vectors and ci j scalars):⎡
⎣h̃1
h̃2
h̃3

⎤
⎦ =

⎡
⎣c11 c12 c13
c21 c22 c23
c31 c32 c33

⎤
⎦

⎡
⎣h1
h2
h3

⎤
⎦ . The network can learn to make certain layers task specific

by setting shared values inside C to zero or linearly blend them. The cross-stitch
are applied to the output of different fully connected layers. In this work, we use a
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Cross Stitch model to simultaneously learn all three tasks and do not design two-task
versions. Themodel layout is shown on the right in Fig. 3, we use a SizeNet-MLP per
task with additional cross-stitch layers. The original work [27] suggested a two-step
training, first each task separately, then fine-tuning with cross-stitch units introduced.
This strategy lead to overfitting in our experiments, therefore we opted to learn all
parameters including the cross-stitch layer jointly from scratch. We further experi-
mented with the layout and where to put the cross-stitch units, the model shown on
the right in Fig. 3 worked best.

5 Experiments

Our new dataset allows us to investigate our initial question on whether additional
label information does aid the performance when presented in a MTL framework.
Further we investigate other contributing factors of performance such as dataset and
model size. The performance metric is Average Precision (AP) of the size issue
binary prediction, which summarizes a precision-recall curve as the weighted mean
of precisions achieved at each threshold. We also report the Area under the ROC
(AUC) as an additional metric.

For all models we evaluate the hyper-parameters using a Monte Carlo cross-
validation scheme. Initially we split into 80% train and 10% validation to select the
best hyper-parameters such as learning rate, batch size, number of training epochs
and loss factors. We use the AP of size issue as a metric to select the best model.
With these found and fixed hyperparameters we then train models on 100 splits of
the data leaving 20k items for testing every time. The reported results are the average
scores along with the confidence intervals. We distinguish three different model
regimes depending on their parameter count and compare results only across similar
sized model. SizeNet is the smallest model, followed by MTL-Shape, MTLD-fit,
MTL-{Fit,Shape}, and SizeNet-medium with a comparable number of parameters.
The largest models are SizeNet-large and Cross-stitch. The experimental results are
shown in Fig. 4 for all datasets and for MTLD also listed in Table 2.

5.1 The Effect of More Model Parameters

Larger models perform better, we find a strict ordering of model performance from
SizeNet, SizeNet-medium, to SizeNet-large models consistent for all dataset sizes
(diamond vs. triangle makers in Fig. 4). Cross-stitch and SizeNet-large are the best
performingmodels on the largest datasetMTLD(diamondmarkers in top-right corner
of Fig. 4). This indicates that the models can be further increased, as an avenue to
increase absolute performance in future work.
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Fig. 4 AP for different training splits (increasing from left to right) and different architectures.
Models with the about the same number of parameters share the same marker

Table 2 Parameter count and performance with confidence intervals [29] of different variants
trained on MTLD. From top to bottom the models are ordered by parameter count from small to
large

Variant #Params AP AUC

SizeNet 76,322 0.7751[0.7679, 0.7805] 0.74920[0.7443, 0.7548]

SizeNet-medium 90,290 0.7762[0.7688, 0.7814] 0.7504[0.7455, 0.7548]

MTL-Fit 82,727 0.7755[0.7681, 0.7813] 0.7496[0.7451, 0.7549]

MTL-Shape 86,856 0.7765[0.7685, 0.7817] 0.7504[0.7449, 0.7563]

MTL-{Fit,Shape} 97,357 0.7757[0.7687, 0.7818] 0.7499[0.7453, 0.7549]

SizeNet-large 238,658 0.7790[0.7718, 0.7840] 0.7532[0.7485, 0.7581]

Cross-stitch 229,215 0.7793[0.7720, 0.7856] 0.7531[0.7475, 0.7589]

5.2 The Effect of More Data

The second finding in line with prior expectation is that model performance increases
with more data. In Fig. 4 the dataset size is ordered from small (left) to large (right)
and we see corresponding models increase in performance rather consistently. Both
MTL-Shape and SizeNet-medium appear to be levelling off (no increase from 2nd
column MTLD-shape to 4th column MTLD), while the largest model SizeNet-large
(brown diamond marker) still benefits from a larger training set and achieves best
performance on MTLD. The higher increase for SizeNet-medium and SizeNet-large
indicates that the networks are not saturated yet and would benefit from more data
and model parameters.
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5.3 The Effect of Fit and Shape on Size Prediction

We now turn our attention to the main hypothesis, that is, modeling fit and shape
tasks jointly with predicting size issues benefits performance. For the two-taskmodel
MTL-Shape we find a better performance than the same-size SizeNet-medium (red
triangle is higher than blue triangle for all datasets). This is not true for MTL-Fit,
while on MTLD-small the performance is on par with SizeNet-medium it falls a bit
behind on larger datasets (green triangle slightly lower than blue triangle). Adding the
shape task does improve performance over a baseline, however the effect shrinks as
dataset grows (red triangle from left to right column). Fit information appears to have
no additional effect on size performance. This may also explain the next finding: the
three task model MTL-{Fit,Shape} does not improve over its two-task counterparts,
it is of slightly lower performance that than the comparable SizeNet-medium on
MTLD. The low MTL-{Fit,Shape} performance on the small MTLD-small (purple
diamond, left column) is likely an optimization problem and a more exhaustive
hyper-parameter search may increase the performance to a similar level as the other
methods. The overall best performingMTLmodel is Cross-stitch it is slightly higher
than the single task SizeNet-large but with the added benefit of also being able to
predict fit and shape.

5.4 Size Issue Performance Across Fit/Shape

In order to explore in-depth the effect of including fit and shape, we compare the
performance of predicting the size issue of Cross-stitch and SizeNet across fit and
shape (Figs. 5 and 6). We train and test the model on the same data MTLD. The cross
stitch model outperforms the SizeNet in all shape categories, except the cocoon
one (−0.0096pp). This can be explained by the fact that we have the least data
for this category of shape. We also have looked to the common failures of SizeNet
and Cross-stitch across the shape attribute. We observe that some of the common
failures might have poor data annotation for the shape attribute. For the fit attribute,
Cross-stitch is outperforming baseline SizeNet except in category fit oversized. The
improvement across the fit categories is rather minimal 0.005pp. Similarly to the
shape, we observed that the common failing cases of SizeNet and Cross-stitch might
originate from poor annotation of the fit attribute.

6 Conclusion

Early experimentations and insights were presented in exploring the use of garment
attributes such as fit and shape to predict potential size problems. The challenge was
tackled from the angle of MTL frameworks, and a novel dataset preparation and
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Fig. 5 Precision-recall curve of size issue prediction across shape. Left plot: baseline SizeNet,
Right plot Cross-stitch

Fig. 6 Precision-recall curve of size issue prediction across fit. Left plot: baseline SizeNet, Right
plot Cross-stitch

attribute consideration was proposed to allow critical early experimentations in this
domain. Our experimental results indicate that there is a positive effect of additional
expert shape but not fit annotation. The effect is more pronounced in smaller data
regimes but consistent across different subsets of MTLD. We further confirm that
model size has a strong effect of network performance and with SizeNet-large we
have identified a model that outperforms previous state-of-the-art which indicates
further potential for performance improvements are possible. The reported results
suggest that a more in-depth study of the interplay between size on the on hand and
shape and fit on the other hand is advised. Possible avenues of future work are to
identify subsets of predictive fit and shape categories and to search for segments in
the item set where a stronger effect can be found. Further we want to note that while
size information is only available after items are sold, shape and fit annotations are
possible to obtain before selling so we could design a model that makes use of all
available annotation at prediction time. We started with the question on whether fit
and shape information contributes to predicting size issues, our findings are nuanced



Exploring Fit and Shape for Predicting Garment Size Issues … 29

but we understand them as evidence that this research question is worthwhile to
investigate in the future.
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Automated Material Properties
Extraction For Enhanced Beauty Product
Discovery and Makeup Virtual Try-on
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Amin Banitalebi-Dehkordi, and Marjan Celikik

Abstract The multitude of makeup products available can make it challenging to
find the ideal match for desired attributes. An intelligent approach for product dis-
covery is required to enhance the makeup shopping experience to make it more
convenient and satisfying. However, enabling accurate and efficient product dis-
covery requires extracting detailed attributes like color and finish type. Our work
introduces an automated pipeline that utilizes multiple customized machine learn-
ing models to extract essential material attributes from makeup product images. Our
pipeline is versatile and capable of handling various makeup products. To showcase
the efficacy of our pipeline, we conduct extensive experiments on eyeshadow prod-
ucts (both single and multi-shade ones), a challenging makeup product known for
its diverse range of shapes, colors, and finish types. Furthermore, we demonstrate
the applicability of our approach by successfully extending it to other makeup cat-
egories like lipstick and foundation, showcasing its adaptability and effectiveness
across different beauty products. Additionally, we conduct ablation experiments to
demonstrate the superiority of our machine learning pipeline over human labeling
methods in terms of reliability. Our proposed method showcases its effectiveness in
cross-category product discovery, specifically in recommending makeup products
that perfectly match a specified outfit. Lastly, we also demonstrate the application of
these material attributes in enabling virtual-try-on experiences which makes makeup
shopping experience significantly more engaging.
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1 Introduction

The makeup industry has grown exponentially, with an abundance of products cater-
ing to various preferences and skin types. However, this extensive selection poses
a challenge for consumers as they navigate through countless options to find the
right products that align with their specific requirements. Furthermore, customers
often face the frustration of not accurately perceiving the visual attributes of makeup
products solely through online catalog images. This lack of certainty necessitates
waiting for the product to arrive, leading to a less-than-ideal experience.

Traditionally, e-commercewebsites have relied on various sources of information,
such as brands, titles, product descriptions, reviews, and recommendations, to guide
the purchasing decisions of customers. While these sources can enable ranking of
products in a relevant manner but they often fall short in providing a comprehensive
understanding of the underlying material properties of the makeup products. Mate-
rial properties, such as color, finish type and glitter attributes, play a vital role for the
customers while making purchasing decisions of makeup products. Customers often
have a color in mind and tend to look for similar products within the same category or
across categories. Many times they also are looking particular finish types or glitter
shades which aren’t available with typical catalog data. Moreover, customers with a
dress seeking matching makeup face the challenge of finding cosmetics that comple-
ment their attire. Coordinating the makeup with the dress’s color, style, and overall
aesthetic is their priority to achieve a cohesive and polished look. Alongside that,
Virtual-try on capability [1, 2] for makeup products helps makes customers shop-
ping experience more captivating and accurate. Enabling virtual try on also requires
extracting material properties from catalog images or textual information available.

To tackle these challenges, we propose an innovative approach that centers around
extracting material properties frommakeup products and leveraging this information
to enhance product discovery and recommendations.We propose systematic pipeline
to extract key material properties such as color, finish type and glitter color with the
help of available product images. Our approach serves a dual purpose: augmenting
product discovery capabilities and enabling a virtual try-on experience for makeup
products. Using our approach, we can particularly improve recommendations using
similar material attribute properties as well as match them to clothing attributes.
By employing our approach, we can significantly improve recommendations by
considering similar material attribute properties and matching them with clothing
attributes. For instance, we can address the problem faced by customers who have
a finalized dress for a specific occasion and require matching makeup suggestions
based on color and glitter attributes. Our extraction pipeline enables precise and
tailored product recommendations for such scenarios (can be seen in Fig. 1). It is
important to note that these extracted material properties work in conjunction with
the currently used attributes in makeup recommendation. This customization allows
for a personalized and tailored recommendation experience based on individual
preferences and requirements.

In our work, we propose a novel pipeline specifically designed for extracting
makeup attributes. In makeup industry, eyeshadow products exhibit a huge diversity
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Fig. 1 Customer story and proposed solution: a customer has chosen a dress for a specific occasion
and seeks matching makeup recommendations based on color and texture attributes

in terms of shade counts, base colors, and finish types, making them a challenging
category to analyze. Therefore we consider the variety seen in eyeshadow products
in the design of our pipeline, and then showcase the versatility and applicability of
our approach to other makeup categories such as lipstick, foundations and etc. Our
pipeline has been developed to effectively handle the broad range of shade counts
typically found in eyeshadow products, spanning from as low as one to as high
as 200. Moreover we design a pipeline for extraction of clothes material proper-
ties. Our integrated attribute extraction pipelines for makeup (eyeshadow, lipstick)
and clothing enable cross-category product recommendations, enhancing the shop-
ping experience. Our methodology delivers personalized suggestions across diverse
makeup and fashion segments, catering to individual preferences and requirements.
Our work is closely related to the topic of predicting object attributes and extract-
ing attribute values from images. Prior research has primarily focused on attribute
prediction in the fashion domain [3–5], such as extracting color, texture, and pattern
from images of clothing items. In summary, our main contributions are:

• We design the material property extraction pipeline with the two-fold aim of
enhancing product discovery experience and to facilitate creation of 3D assets
required for virtual try-on applications.

• We propose an end-to-end learning pipeline for extracting all required material
properties for makeup products.

• We demonstrate how our extracted attributes can improve relevancy of recom-
mendations for makeup products both from makeup to makeup and outfit to
makeup.

• We perform extensive experiments to show effectiveness and superiority of our
learning pipeline and it’s applicability for single and multi-shade eyeshadow
products.
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2 Method

In this section, we present an overview of our proposed pipeline (refer to Fig. 2). The
pipeline comprises three main components: makeup material property extraction,
clothes material property extraction, and makeup product match maker.

• MakeupMaterial PropertyExtraction: This component focuses on extractingmate-
rial properties related to makeup products. It analyzes various characteristics such
as format, finish type, color, and reflectivity. Firstly, we introduce the problem
at hand for this main task and subsequently present our proposed solution in the
form of an automated material property extraction pipeline. This pipeline aims
to address the challenges faced in extracting key material attributes from makeup
product images.

Fig. 2 Overview of the proposed pipeline: Three main components include makeup material
property extraction, clothes material property extraction, and makeup product match maker
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• Clothes Material Property Extraction: The second part of our pipeline is dedicated
to extracting material properties specifically related to clothing items. By utiliz-
ing machine learning algorithms, we can effectively extract and categorize these
properties from product images.

• Makeup Match Maker: The final component of our pipeline is responsible for
finding the best matching makeup products based on the previous two components
that align with the user’s desired material properties. It leverages a comprehensive
database of makeup products and their corresponding properties.

2.1 Makeup Material Property Extraction

An overview of our proposed eyeshadow MPE pipeline can be seen in Fig. 4. In this
section,we first introduce the problem at hand and subsequently present our proposed
solution in the form of an automated pipeline. This pipeline aims to address the
challenges faced in extracting key material attributes from makeup product images,
thereby improving the efficiency and accuracy of the process.

2.1.1 Problem Formulation

Online beauty retailers offer a wide range of eyeshadow products, and several factors
contribute to the variety of these products available, including:

• Brands: Online beauty retailers offer a wide range of eyeshadow products from
different brands, including popular drugstore brands like Maybelline and L’Oreal,
as well as high-end brands like Chanel.

• Colors and finishes: Cosmetics come in a variety of colors/finishes, like matte,
shimmer, metallic and glitter. Online beauty retailers offer a range of color options,
from natural tones to bold and bright colors.

• Formulations: Eyeshadows are available in different formulations, such as pow-
der, cream, stick and liquid. Each formulation offers a unique finish and texture,
allowing customers to choose the one that best suits their needs.

• Packaging: Eyeshadow palettes are available in different packaging, such as indi-
vidual pans, duos, quads, and larger palettes with multiple shades. This allows
customers to choose the packaging that best suits their preferences and needs.

The key elements affecting the look of a beauty product applied on user’s face
includes application style, finish type, color, pigmentation/coverage, etc. From a
user study, we identified the common application styles and concluded to have the
material properties required for eyeshadow rendering as:

• Format: powder, cream, stick and liquid. Please see Fig. 3a for more illustration.
• Base color (RGB hex code). Please see Fig. 3b for more illustration.
• Finish type (one of): matte, shimmer, matallic, glitter. Please see Fig. 3c for more
illustration.
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Fig. 3 Eyeshadow material properties

• Reflective color (if any)(rgb hex code). Please see Fig. 3d for more illustration.

In order to extract material properties of eyeshadow products from a detail page in
an efficient and scalable manner, we propose a machine learning pipeline including
several trained models specialized for each task in the MPE process.

2.1.2 Overall Proposed Model Architecture

Our MPE pipeline consists of six models each responsible for extracting a specific
property of a given eyeshadow product. A visual description of the entire pipeline of
eyeshadow MPE is shown in Fig. 4 and a detailed explanation of each component is
provided in the following subsections. Given any eyeshadow product we should be
able to extract the material properties required for eyeshadow rendering. The input to
this pipeline is the product images and text descriptions of that eyeshadow product.
At first, we have a simple filtering mechanism to check if the given product can be
fed to the pipeline, for example some products are eyeshadow organizers/cases (they
hold eyeshadow, but are not eyeshadow products) or the product shows makeup kits
or bundles (there are more than just eyeshadow in the product) or they are multi-
chrome eye or florescent/neon type eyeshadow which are not supported with the
current rendering approach. For such filter we parse the product title and look for



Automated Material Properties Extraction For Enhanced Beauty … 39

Fig. 4 Overall pipeline architecture

specific key words (and their variation), like multichrome, iridescence, makeup kit,
makeup organizer, .... After this step, images are the only input for inferring the
material properties of eyeshadow products.

To do so, as a next task we need to select the best representative image among,
I pbest , the varied images present for the product on the online beauty retailers’ web
pages, which is representative enough for MPE. The selected image is used as the
input for the rest of the pipeline. First, it passes through a classification model to
identify the format of the eyeshadow product, followed by a shade region detection
model that detects the number of shades in the given product p and their locations in
the picture. To ensure accuracy, we trained a binary classification model to predict
whether the product p includes a single shade or more than one, which helps filter
out incorrectly predicted regions from the previous model. For each detected shade,
the base color and finish type are predicted using the region detected in the previous
step. Finally, if the detected finish type is glitter, the reflective color is identified for
rendering the sparkles using the last model in the pipeline.

2.1.3 Best Image Selection

In the online beauty retailers webpages, the catalog images have some orders to be
displayed, but most often the orders don’t imply any semantic information and also
most sellers don’t follow the prescribed order of image types. To fulfill our task,
we require an image that displays all shades clearly, without being obstructed by
any text or packaging. We perform this task by training a model which learns to
choose the preferred image in a binary manner i.e. selects the ‘preferred’ image in a
pair. We individually input two images into ResNet50 [6] based shared encoder, and
then merge their features together to make a prediction about the preferred image.
In the inference process, the trained model compares other images to the MAIN
i.e. first image in the online beauty retailers’ webpages image as a reference. If the
model predicts any image as being preferred over the MAIN image, we select it for
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downstream tasks. In the case where multiple images are predicted as preferred over
the MAIN image, we choose the one with the highest confidence score to be used
for the downstream tasks.

2.1.4 Shade Region Detection

Given the best image selected, I pbest , we would like to locate all the existing
shades with a bounding box: center point coordinates, width and height, (xi , y −
i, wi , hi ), i ∈ {1, ..., s}. To do so, a popular object detection model, YOLOV5 [7],
was trained on in-house dataset. In Fig. 5 some sample eyeshadow products with the
corresponding bounding boxes to show each shade location is shown. YOLOV5 uti-
lizes a single-stage object detection approach, meaning it processes the entire image
only once, which allows it to perform real-time object detection on high-resolution
images. YOLOV5 is based on a deep convolutional neural network that consists of a
backbone, neck, and head. The backbone is responsible for extracting features from
the input image, while the neck and head perform object detection and classification
tasks. The backbone of YOLOV5 uses a variant of the CSPNet (Cross-Stage Partial
Network) architecture [8], which is designed to improve the learning capability of
convolutional neural networks by facilitating cross-stage feature aggregation. This
architecture allows YOLOV5 to process input images efficiently while preserving
spatial resolution. The neck of YOLOV5 is composed of a series of convolutional
layers that are responsible for fusing features from different levels of the network.
This process is called feature pyramid fusion, and it allowsYOLOV5 to detect objects
of different sizes and scales. The head of YOLOV5 consists of a set of convolutional
layers that predict bounding boxes and class probabilities for detected objects. The
output of the head is a set of bounding boxes with confidence scores and class prob-
abilities, which are then used to identify and localize objects in the input image. To
ensure the accuracy of our model, we trained a binary classification algorithm for
eyeshadowproductswith a single shade. This allows us to predictwhether the product
p contains one or more shades, which in turn helps to filter out incorrectly predicted
regions from the YOLOV5 model. A Resnet50 model was fine-tuned for this binary
classification task. For instance, if the image is classified as a single-shade product,

Fig. 5 Bounding boxes overlayed on different eyeshadow products with blue color
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but the YOLOv5 model detects multiple regions, we can select the region with the
highest confidence score and pass it on to the subsequent stages of the pipeline.

2.1.5 Format-Finishtype Classification

The pipeline includes two classification models: one for detecting the format of the
eyeshadow product based on the best image, Ibest , and another for detecting the finish
type of each eyeshadow shade, s, based on cropped regions of the same image, I sbest .
Various model architectures were experimented with for each of the classification
tasks, and the best architecture was selected based on factors such as data size and
final accuracy.

Out of all the models that were tested for format classification, EfficientNet-
B3 [9] exhibited the best performance. It is part of the EfficientNet family of models,
which are designed to achieve state-of-the-art performance on a range of computer
vision tasks while minimizing the number of parameters and computations required.
EfficientNet-B3 has a relatively large number of layers, with a total of 76 convolu-
tional layers, and it uses a combination of depthwise separable convolutions, squeeze-
and-excitation blocks, and a compound scaling method to achieve high accuracy and
efficiency. One of the key innovations of the EfficientNet architecture is the use of
a compound scaling method, which scales the width, depth, and resolution of the
model simultaneously. This allows the model to achieve high accuracy while using
fewer parameters and computations than other models of comparable size.

Among the different models we experimented with, Resnet50 [6] with 4 classes
performed the best in the finish type classification task. The input to this model is the
cropped region detected in the previous step. As the finish type classification task is
highly imbalanced with respect to the 4 classes, with a greater number of Matte and
Shimmer finishes compared to Metallic and Glitter finishes, we employed various
techniques to balance the classes, including data augmentation and oversampling of
the classes with lower populations.

2.1.6 Basecolor-Reflective Color Regression

To detect the base and reflective colors (if any) of the shade region detected in
the previous Sect. 2.1.4, three values for normalized RGB channels are predicted.
Resnet50 was demonstrated to be a suitable choice as the backbone for these models.
The base color of available eyeshadow products on in our dataset exhibits a high
degree of variability, ranging from the darkest to the brightest values in each of the
RGB channels. On the other hand, reflective colors mostly tend to have brighter
values. Based on this observation, we utilized the raw RGB values for detecting the
base color, whereas the reflective color is scaled after being predicted. For instance,
if we take into account the predicted values for the R channel, we apply an additional
scaling using the equation aR + b, where a = 0.4 and b = 0.6, to prevent the model
from producing trivial outputs regardless of the input it receives.
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Fig. 6 Clothes color extraction from identified region using U2NET segmentation

2.2 Clothes Material Property Extraction

The clothes material property extraction process is comprised of two key compo-
nents (refer to Fig. 6): a segmentation model and an attribute prediction model.
For the clothes segmentation model, we employed U2NET [10], a deep learning
model renowned for its effectiveness. Unlike the conventional salient object detec-
tion task where a single-channel output is obtained, our modified U2NET produces
four channels. Each channel represents a specific clothing region, namely upper body
cloth, lower body cloth, fully body cloth, and background. This model demonstrates
excellent performance across various backgrounds and poses.

By leveraging U2NET’s multi-channel output and employing appropriate loss
functions, we could precisely identify and classify different clothing regions in an
image. This allows for more precise analysis and prediction of clothing attributes in
subsequent stages of the pipeline.

Once the desired region is identified, we proceed to extract the top three to five
colors present in the clothes. To accomplish this, we employ the k-means clustering
algorithm, which enables us to identify the dominant colors within the clothing
region. These extracted colors play a crucial role in determining the best makeup
product that complements the chosen clothing.

2.3 Makeup Match Maker

We leverage the extracted color and finish types to search for relevant products in our
catalog, utilizing the extracted material attributes. We seek input from makeup pro-
fessionals who suggest suitable makeup i.e.lipstick and eyeshadow options that com-
plement the dresses. By incorporating material property extraction (MPE) attributes
for makeup products, we strive to deliver recommendations that align with human
preferences. Although we currently employ a manual matching strategy due to the
subjective nature of preferences, automated rules can be established to scale the
recommendation system.
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3 Experiments

3.1 Datasets

Experiments were conducted on a collection of makeup/clothing product images
crawled from online shopping webpages. The eyeshadow data utilized in the exper-
iments comprised of 3700 products that appear to be top sold products on shopping
websites. The eyeshadow products have varying numbers of images to display, with
an average of 5 images per product. The number of images can range from a mini-
mum of one to a maximum of twenty. The data was divided into two separate sets,
a training set and a validation set, using a mutually exclusive split with a ratio of
70–30% respectively.

Figure7 provides a comprehensive view of the eyeshadow dataset. The data shows
that “Powder” is the most common format followed by stick, liquid, and cream,
respectively. In addition, Fig. 7b reveals that most eyeshadow products have a single
shade, although some have as many as 250 shades in one product. Matte is the most
prevalent finish type, followed by Shimmer, with Glitter and Metallic being less
common. Iridescent shades, which feature multiple colors in one shade, were filtered
based on the text in detail page.

Furthermore, the 3D map of base color and reflective color in RGB space high-
lights the color distribution in Fig. 7d, e. While there are many variations in the base
color of eyeshadow products, the reflective color is mostly concentrated in one corner
of RGB space, with large values in all three channels of R, G, and B.

Fig. 7 Data visualization
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3.2 Results

To evaluate the performance of each ML model in our pipeline we used different
evaluation metrics and report them in Table1. These metrics include

• deltaE [11] is a metric to quantify distance between two colors. It is computed as
euclidean distance between two points in CIELAB colorspace.

• mAP [12] ismean average precision use to quantify howmanyobjects are correctly
localized in the prediction. We show mAP for objects with IoU between 0.5 to
0.95.

• F1-Score is computed by calculating harmonic mean of precision and recall of
classification model.

• Selection Accuracy is the count of times ML model selection matches human
selection.

Table1 displays the performance of our models under multiple scenarios. In the
first row, we use all the models’ predictions to evaluate end-to-end impact. We also
show separate analysis of single shade and multi shade for both finish type predic-
tion(M5) and base color(M4) as they are the key end points. In the second row, we
do not use Best Image Selection Model (M1) predictions and instead the GT data
for image selection has been used. We observe that there’s a slight difference which
is propagated due to error in M1. For example M3 goes from 0.93 mAP to 0.94.
Similarly, in following row we substitute both M1 and M3 (Shade Detection) with
ground truth to observe error getting carry forward. In the last row, we use ground-
truth for finish type prediction so we can observe the performance of M6. M6 delta
E increases because more shades are Glitter in Ground Truth as compared to using
M5 prediction model. We show that the deltaE for base color identification is 6 for
single shade and 5 in multi-shade which is pretty good for color accuracy and falls
within the range where it becomes difficult for an human to differentiate.

We demonstrate various types of eyeshadow products in Fig. 8 and compare the
ground truth annotations with the predictions generated by our individual pipeline
models. In the last column, we additionally compare the appearance of the rendered
eyeshadowproduct on static images of a humanmodel. As it can be seen our proposed

Table 1 End-to-end models performance for all individual tasks in the pipeline
Single shade Multi shade

M1
(Acc↑)

M2(f1-
score↑)

M3(mAP↑) M4(deltaE ↓) M5(F1-Score↑) M4(deltaE ↓) M5(F1-
Score↑)

M6(deltaE
↓)

Best
image
selection

Format
classifi-
cation

Shade
region
detection

Base color
Identification

Finish type
classification

Base color
identification

Finish
type
classifi-
cation

Reflective
color
Identifi-
cation

NO GT 92.22 0.90 0.93 6.35 0.84 4.86 0.89 6.18

GT M1 NA 0.91 0.94 6.35 0.84 4.76 0.89 6.18

GT M1 + M3 NA 0.91 NA 5.89 0.87 4.83 0.9 5.85

GTM1 +M3 +
M5

NA 0.91 NA 5.89 NA 4.83 NA 6.28
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Fig. 8 End to end pipeline predictions and VTO on static model images

pipeline outputs are comparable to or even superior to that of human annotations. It
can be further observed that despite minor differences with respect to Ground Truth
in intermediate models, the final virtual try-on experiences are very close to as with
ground-truth data. This demonstrates the robustness of our pipeline. Additional visu-
alizations with higher resolution can be found in the supplementary material section.

In Fig. 9a, b, we present histograms of deltaE scores between the ground truth
and our color models’ predictions. The data shows that the majority of the deltaE

Fig. 9 Performance visualization of DeltaE distance histograms of the base color and reflective
color, and confusion matrices for format and finish type classification models
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Fig. 10 Annotators agreement for finish type classification in our dataset

scores for both the base color and reflection color models fall below 10, which is
an acceptable range. More specifically, our analysis shows that 30% of the base
color model predictions have a deltaE score of less than or equal to 3, which is
imperceptible to most human eyes, while 65% have a deltaE score within 3–12,
which is distinguishable but still acceptable to human eyes.

Figure9c, d shows the confusion matrix for our finish type and format classi-
fications. While the finish type model performs well for most classes, it struggles
with differentiating between glitter and shimmer finishes. We confirmed that this
confusion is difficult for human annotators as well by studying their confusion for
finish type classification labels in Fig. 10. Despite this confusion, our qualitative
results demonstrate that these two classes are perceptually similar, and the final
VTO rendering is nearly identical if the base color is predicted accurately.

In one of our experiments we evaluated the performance of base color and finish
type ML models with respect to product images from different makeup brands. The
experiment showed that both models performed better than average for key brands
with top eyeshadow products. This is due to more uniform image quality from these
larger brands. The experiment also helped identify brands with unsuitable images for
MPE tasks, such as Revlon, showing a lower finish type F1-score than the average.
More detailed results of this experiment can be seen in Supplementary Material
section.

3.3 Ablation Studies

To assess the inter-human consistency, we gathered a group of individuals to perform
the same task of annotating eyeshadow material properties. We then calculated the
level of agreement between the three annotators for two main eyeshadow properties:
base color and finish type. By comparing the performance of the ML model with
the inter-annotator agreement among the three annotators, we can gauge the level of
agreement between the annotators and determine if the model is performing better
or worse than humans on average.

As for assessing base color model predictions and measuring the consistency of
our model and that of human annotators, we compute the discrepancy among human
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Table 2 Human consistency analysis

Single-shade Multi-shade All-shades

Mean Variance Mean Variance Mean Variance

dHC 6.31 62.48 11.82 112.84 6.42 64.10

dML 6.36 34.43 10.2 59.95 6.44 35.24

Table 3 Fleiss kappa coeffi-
cient and F1-score for finish
type and format classification

Fleiss-Kappa f1-score

Format prediction 0.91 0.902

Finish type prediction 0.66 0.870

annotators for any shade s as:

dHC = dist (A1s, A2s) + dist (A1s, A3s) + dist (A2s, A3s)

where dist (x, y) refers to the deltaE distance between two colors and A1s, A2s, A3s
refers to color annotated by each of three annotators for shade s. Similarly, we
compute the discrepancy for each shade our ML model using

dML = dist (A1s,MLs) + dist (A2s,MLs) + dist (A3s,MLs)

whereMLs refers to predicted base color byMLmodel for shade s.We show themean
and variance in the Table 2. Assuming the mean of human annotations as ground-
truth, we observed that theMLmodel’s distance to the ground-truth is comparable to
the sum of differences among human annotations. However, the variance in the ML
model’s predictions is significantly lower, indicating that the model is less likely to
deviate from the ground-truth. This suggests that the ML model provides consistent
and less subjective ratings compared to human annotators.

As for analyzing performance of our classification tasks, we also compare the
F1-score of ML model predictions with the Fleiss Kappa coefficient computed on
human annotations. Fleiss Kappa coefficient is a commonly used measure of inter-
rater agreement for categorical items [13, 14]. As can be seen in Table3, we observe
that our f1-score is similar to the Fleiss Kappa coefficient for the format classification
task, and significantly better for finish type prediction. This indicates that our ML
model is equally ormore reliable than human annotations for both classification tasks.

3.4 Extension to Other Makeup Categories

The versatility of our proposed method extends beyond eyeshadow alone, as it
can be effectively applied to other makeup categories such as lipstick, foundation,
and more. To demonstrate its adaptability, we evaluated the performance of our
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pre-trained model by testing it on datasets from these additional categories, which
further validates its broad applicability.

For this experiment, a total of 1,240 “foundation” product pages were crawled
from online shopping websites. Each of these products was meticulously anno-
tated for color information, ensuring a comprehensive dataset for our analysis.
The model demonstrated promising performance, with an average deltaE score
of 5.86. In Fig. 11a, we present histograms illustrating the distribution of deltaE
scores between the ground truth and our color models’ predictions. The data anal-
ysis reveals that the majority of the deltaE scores for the base color models are
below 10. Figure11b showcases two representative samples of foundation products
alongside their corresponding model predictions and ground truth.

In another experiment, we gathered a dataset of 2,165 “lipstick” products. This
dataset was carefully annotated, and the experiment was conducted following the
same procedure as mentioned earlier. The average deltaE score obtained for this
experiment was 7.91. The distribution of deltaE scores is visualized in Fig. 12a, and

Fig. 11 Performance visualization of DeltaE distance histograms for the base color predictions in
foundation makeup products along with two sample results

Fig. 12 Performance visualization of DeltaE distance histograms for the base color predictions in
lipstick makeup products along with two sample results



Automated Material Properties Extraction For Enhanced Beauty … 49

Fig. 13 Recommendation makeup products for various clothing dresses. The text on each item is
the makeup recommendation for each of the dresses by our in-house makeup professional

sample results are presented in Fig. 12b. Notably, a deltaE score below 5 indicates
that two colors are perceived as highly similar by human observers.

3.5 Impact in Product Recommendations

Figure13 showcases the effectiveness of our proposed Makeup Match Maker in pro-
viding complementary makeup recommendations for clothing items. The Makeup
Match Maker demonstrates its versatility by successfully accommodating various
clothing varieties and different types of eyeshadow and lipstick products, all based
on the extracted material properties. In Fig. 14, we demonstrate the application of
similar material properties for eyeshadow products, enabling intra-product recom-
mendations. For our experiments, we set a deltaE color distance limit of 10 and rank
the closest color products to demonstrate the effectiveness of our approach.

Additionally, Fig. 15 provides a qualitative demonstration of how the incorpora-
tion of our material attributes influences the recommendations. The baseline method
primarily relies on brand and product form for recommendations. However, our
approach significantly enhances the relevance of the recommendations, as observed
in the displayed results.

In real-world applications, our approach can be combined with other structured
attributes and ranked based on user shopping history. Figure16 demonstrates how
we incorporate extracted properties with available attributes like brand or product
type to enhance recommendations. For instance, if a user’s initial search query men-
tions a stick eyeshadow and a specific color preference, our recommendation system
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Fig. 14 Recommended eyeshadow products on basis of color similarity

Fig. 15 Recommendations for makeup products. a shows the baseline recommendations which
don’t include our material attributes and b shows recommendations which have material attributes
incorporated

intelligently combines these attributes to suggest products that encompass both cri-
teria. This exemplifies our ultimate objective of leveraging these crucial properties
to impact recommendations and align them more closely with users’ intent when
searching for makeup products. To evaluate the effectiveness of our recommen-
dation algorithm, we conducted an internal user study with 60 participants from
diverse backgrounds. Each participant was presented with a combination of recom-
mended products generated using both the baseline and our updated strategy. The task
assigned to the participants was to select the item they were most likely to click on,
based on the current item.During the study,we evaluated 20 products for both lipstick
and eyeshadow with each participant. The results demonstrated that 78% of the par-
ticipants chose to click on products recommended by our strategy. This outcome from
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Fig. 16 Recommendations for eyeshadow products depending on search query by customer. On
the left we have the product and on the right we show the recommended products given the initial
search query

the user study provides robust evidence for the significance of material attributes in
makeup recommendations. It reinforces the notion that incorporating these attributes
substantially improves the relevance and appeal of our recommendations to users.

4 Conclusion

We proposed a novel learning-based pipeline that utilizes multiple neural network
models to extract material properties from makeup products. Our comprehensive
pipeline encompasses various models dedicated to image selection, format clas-
sification, shade region detection, base/reflective color estimation, and finish type
classification. This approach allows for accurate material property extraction from
eyeshadow products. Furthermore, we demonstrated the scalability of our model to
other makeup categories, such as lipstick and foundation products. Additionally, we
showcased the efficacy of utilizing these extracted material properties for successful
cross-category product matching.
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UNICON: A Unified Framework
for Behavior-Based Consumer
Segmentation in E-Commerce
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Abstract Data-driven personalization is a key practice in fashion e-commerce,
improving the way businesses serve their consumers’ needs with more relevant con-
tent. While hyper-personalization offers highly targeted experiences to each con-
sumer, it requires a significant amount of private data to create an individualized
journey. To alleviate this, group-based personalization provides a moderate level of
personalization built on broader common preferences of a consumer segment, while
still being able to personalize the results.We introduceUNICON, aunifieddeep learn-
ing consumer segmentation framework that leverages rich consumer behavior data to
learn long-term latent representations and utilizes them to extract two pivotal types
of segmentation catering various personalization use-cases: lookalike, expanding a
predefined target seed segment with consumers of similar behavior, and data-driven,
revealing non-obvious consumer segments with similar affinities. We demonstrate
through extensive experimentation our framework’s effectiveness in fashion to iden-
tify lookalike Designer audience and data-driven style segments. Furthermore, we
present experiments that showcase how segment information can be incorporated in
a hybrid recommender system combining hyper and group-based personalization to
exploit the advantages of both alternatives and provide improvements on consumer
experience.
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1 Introduction

Personalizing experiences such as search, ranking and recommendation in e-
commerce is a fundamental capability to provide consumers with relevant content
that is tailored to their specific preferences. Group-based personalization [1–7], in
comparison to hyper-personalization [8–11], allows serving consumers with a cus-
tomized experience based on broader patterns observed in the grouped segments.
This can be particularly beneficial in addressing the cold start problem [2] appearing
in new consumers with limited amounts of signals as well as low-engaged consumers
whose historical signals can be outdated. Profiting from collective preferences within
a segment, group-based personalization improves the quality of recommendations
when individual recommendations are not relevant [12] as well as the diversity of
the recommended content encouraging consumers to explore new and more diverse
items [13]. The quality of group-based personalization heavily depends on the qual-
ity of the segments and their representation of the user base. The majority of the
reviewed work on group-based personalization assumes consumer segments already
exist, based on external social interactions like viewing the same TV program or
touristic packages [14, 15], going to the same venue [6, 7] or having the same
friends networks [16]. Another common segmentation criterion are ratings of the
same movie [4, 5, 17].

In this work, we develop a method to identify high quality consumer groups
that can be used to improve personalized experiences and propose UNICON—a
UNIfied framework for behavior-based CONsumer segmentation in e-commerce. We
distinguish between two important types of consumer segmentation: (1) Lookalike
segmentation, where given a predefined seed audience segment (often defined by a
business rule), the goal is to expand this segment using ML-based models that use
consumer behavior data and predict those that don’t (yet) match the business rule but
are behaving highly similar to the seed segment [18, 19] (e.g., consumers that have
never purchased a certain brand but may have affinity towards it), and (2) Data-driven
segments, where the groups emerge from the consumer data and allows us to find
non-obvious segments of similar consumers that are too complex to be captured with
a set of rules [16, 20, 21].

Our work’s main contributions can be summarized as follows: (1) a consumer
unified long-term representation using rich consumer behavior data in amulti-headed
self attention transformer-based [22, 23] model, (2) two methods that utilize the
latent embeddings to extract two types of consumer segments, namely, lookalike
and data-driven segments and apply on real-world data at scale to define lookalike
Designer segment and data-driven style-based segments, and (3) experiments and
results for real life use cases with both data segments, one incorporating it in a
hybrid recommender system in a product carousel and the other to improve the
experience for Designer consumers in the catalog ranking. Figure1 illustrates the
proposed framework.
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Fig. 1 Schematic figure of UNICON: A sequence of consumer interactions is embedded into
tokens. A multi-head self attention transformer network generates embeddings for these tokens
which are then used for lookalike and data-driven consumer segmentation

The remainder of this paper is structured as follows: in Sect. 2 we discuss the
related literature; in Sect. 3we detail the proposedUNICONframework andmethods;
in Sect. 4 we share offline and online experimental results; finally, in Sect. 5 we
conclude the work and briefly discuss future work.

2 Related Work

2.1 Consumer Segmentation

The exploration of lookalike modeling and data-driven segmentation approaches
for recommender systems remains an ongoing area of investigation in the scientific
literature. In [20] authors perform consumer segmentation based on the properties
of ordered shirts. In [16] authors propose a model that highlights similar users based
on their behavior and friend network using neural networks. The users who appear
in friend circles are used to build the group profile. Personalized search results are
created by combining individual and group profiles with respect to the current query.
[21] introduces a real-time attention based lookalikemodel that dynamically captures
user preferences and behavior in real-time to identify similar users. By incorporating
attention mechanisms, the model can effectively weigh the importance of different
user attributes and adapt to changing user preferences. The model is trained using
true similarity scores known for the training dataset. In a related line, [19] presents
an innovative method for cross service lookalike modeling to improve user-targeting
in campaigns. Authors propose a rule-based associative classification model that
identifies meaningful associations between user attributes and conversion likelihood.
By leveraging these associations, the model is able to identify users with similar
characteristics, leading to enhanced conversion rates.More specifically in the context
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of fashion, segmentation based on style has been explored with the help of computer
vision methods. In [24] authors detect local periodically recurring fashion trends
from images taken at the same city. In [25] images from photo-sharing services and
social media platforms were analyzed using computer vision models to find global
and per-city fashion choices and spatio-temporal trends. In [26] authors designed a
“game” to get training data by letting a user compare two images related to their
style, e.g. “Who’s more hipster?” and use the collected data to build an inter style
classifier (“Is this image goth or hipster?”) and intra style ranker (“How hipster is
this image?”).

2.2 Clustering Approaches

In the data-driven segmentation case, no additional information about consumers
such as lookalike labels, friend network or true similarity scores is known. There-
fore, we leverage unsupervised clustering approaches. Our consumers are repre-
sented as a sequence of interactions with clothing articles. The problem of group-
ing sequences of tokens is reminiscent of the topic modeling problem in NLP. In
[27, 28] authors propose to use document encoders [29] or sentence sequential
encoders [30] as embeddings then use clustering algorithms. The main idea of these
methods is to use Large Language Models (LLMs) to learn dense representation of
documents or sentences in an embedding space. Since similar sentences and doc-
uments have similar dense representations, the embedding space can be clustered
using unsupervised clustering such as k-means [31] or HDBSCAN [32]. The clus-
ters can be labeled by collecting the most common words from the documents or
sentences in the cluster. Other works [33, 34] propose to learn embeddings and
groups jointly using deep clustering methods. The evaluation of such topic models
is performed by sampling the documents or sentences from a cluster and asking a
human or another LLM if these documents belong to the same topic. In this work,
we use separate embedding and clustering approaches. To this end, we leverage an
already existing recommendation model [22], which we adapt to generate consumer
embeddings, and utilize clustering approaches to identify coherent groups. We ask
fashion experts to evaluate if consumers in the same clusters have similar fashion
styles.

2.3 Group Recommendations

Group recommendation systems [2, 3, 5] are mostly related with the problem of
generating recommendations to predefined groups of individuals. They distinguish
between persistent and ephemeral groups. While the first one can be considered
static groups [1, 4], like families, the latter are considered groups that spontaneously
form for a specific activity [6, 7], e.g., a group of friends coming together to go to a
restaurant. In these works attention mechanisms are used to capture user preferences
and model group interactions.
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Unlike the previous methods, in this work we provide a unified framework for
identifying consumer segments in either supervised or unsupervised manner and
leveraging these segments in a hybrid recommender system.

3 Methodology

We represent consumers as a sequence of interaction (article-click, add-to-cart,
add-to-wishlist and checkout) on articles identified by their stock keeping unit
(SKU). Using a transformer-based model, we can learn the consumer behavior and
subsequently find segments of consumers that interact similarly.

We identify two separate ways of defining segments, Data-driven segmentation
and Lookalike segmentation. Both methods can be summarized in the UNICON
framework, which involves the steps below. Figure1 illustrates an overview how
both types of segmentation arise from the consumer histories.

1. Data preparation: This involves selecting the right time frame of interactions and
the right attributes of the interacted items to naturally form segments of certain
properties. For lookalike segmentation this also involves identifying consumers
that fulfill the business logic and can be used as training examples.

2. Next item prediction training (data-driven only): This trains the transformer to
predict the next item (token) the consumer will interact with by using a softmax
classifier with cross entropy loss andmasking out future interactions. This ensures
the model finds an internal representation of the consumer and naturally groups
sequences together that would likely interact with the same items and therefore
are similar in behavior.

3. Classification training (lookalike only): This step trains themodel to predictmem-
bership of the consumer segment based on the business logic. The classification
uses the CLS token as input and produces scores for each of the classes through
a softmax layer.

4. Embedding extraction (data-driven only): This aggregates the embeddings of all
the interactions of the consumer into a single point in a high-dimensional space
in which proximity corresponds to similarity in terms of behavior, meaning that
consumers close together will likely interact with the same type of items.

5. Clustering (data-driven only): In a final step, the groups are found using clustering
to identify segments in the embedding space, which correspond to segments of
consumers.

3.1 Data-Driven Segmentation

Data-driven segmentation aims at learning to partition consumers into segments
solely based on their interactions. This approach uses unsupervised learning to group
consumers together that exhibit similar behavior patterns. For data driven segmen-
tation, we deploy a two-step approach: (1) we learn consumer embeddings in which
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consumers exhibiting similar behavior are close to each other by a distance, or simi-
larity metric. Subsequently, (2) we divide this space into groups such that a consumer
can belong to only one group.

Consumer Embeddings. We employ a transformer-based model to compute con-
sumer embeddings from a sequence of interactions with items. Each item in the
input sequence is represented by various attributes such as brand, color, silhouette,
etc. The model is trained to predict the SKU of the next item interaction using a
causal self-attention mechanism and a categorical cross-entropy loss [22]. The con-
sumer embeddings are extracted from the encoder’s output, by averaging over the
embedded token sequence. All interactions are treated equally in the averaging.

Segmentation. Once the embedding has been created, the segmentation is
performed by applying a clustering algorithm on the consumer embeddings.

3.2 Lookalike Segmentation

Lookalike segmentation on the other hand use a set of consumers defined by business
logic and aims at finding consumers that behave similarly to them, i.e., aims at
extending groups of consumers defined by business rules. This approach learns the
typical behavior of such segments based on their interaction sequences in order to
find consumers that behave similarly and would likely fulfill the business rules in the
future. Formally, let C be the set of consumers fulfilling the business logic. We call
this set of consumers the core segment. Further, let C E be the set of consumers that
in the future will become part of the core segment. We are interested in identifying
the set of lookalike consumers L , which will likely be part of the core segment in the
future:

L = {
l | l /∈ C ∧ p

(
l ∈ C E

)
> τ

}
, (1)

meaning that their probability of becoming a core consumer in the future is higher
than some pre-defined threshold τ .

This definition of lookalike consumers allows for a formulation of the identifica-
tion of the lookalike segment as a supervised learning problem, where we use the set
of core consumers as positive examples, and random non-core consumers as negative
examples for a binary classifier based on the user history.

4 Experiments and Results

We identified two use cases to apply data-driven and lookalike segmentation. For
data-driven segmentation, we aim at identifying segments of consumers that show
affinity to a similar fashion style. This is a challenging task, as there is no straight-
forward way of quantifying a style similarity. As a part of this project, we propose
a method to address this problem and to automate the evaluation of the consumer
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segments. As an application of lookalike segmentation, we identify consumers that
are likely to be interested in designer items. Designer items are those produced by
prestigious and luxurious brands. To this end, we define designer consumers based
on rules applied to consumers’ histories and apply themethod to find a set of designer
lookalikes.

4.1 Data-Driven Style Segmentation

As we want to find segments of consumers that are similar in style, we need to only
present themodelwith information that is relevant for style identification.We achieve
this by filtering the consumer histories to only contain information about interaction
that might indicate a certain style affinity of the consumer.

Data variants
We explore several data variants: Baseline) consumer sequences with interactions
(article-click, add-to-wishlist, add-to-cart, and checkout) on any SKUs over the pre-
vious twomonths. These sequences can have mixed SKUs in terms of fashion prefer-
ence (female,male) (39.1Msequences). (V1)filtering consumer sequences to contain
only style relevant silhouettes defined by a fashion expert (37M sequences). (V2)V1
+ splitting consumer sequences by fashion gender preference (26.4Mmale sequences
and 33M female sequences). (V3) V1 + removing sequences that contain only a sin-
gle silhouette type (28.7M sequences). (V4) Combine the filters of variants V1 and
V3 (16.5M male sequences and 24.1M female sequences).

Consumer embedding and segmentation offline experiments
The goal is to validate that proximity in the embedding space reflects similarity
in style. Additionally, this allows us to identify the optimal distance metric in the
embedding space as the one that correlates most with style similarity.

As a first step, we define a style similarity score S between two users u1 and u2 as

S(u1, u2) =
∑

a∈A

wa [1 − JSd (P(a, u1)||P(a, u2))] , (2)

where A is the set of item attributes (e.g. brand, commodity group, color, etc.). wa

is the weight assigned to the attribute a, which is selected to match the behavior on
samples of user histories annotated by a fashion expert. P(a, u) is the distribution
of item attribute a values in the consumer interaction history u. JSd(P||Q) is the
Jensen-Shannon divergence. We use this score to evaluate the embedding space
variants and to determine which distance metric to use for clustering. To this end,
we compute the Pearson correlation between style similarity and distance metrics
in the embedding space based on randomly sampled consumer pairs. Table1 reports
Pearson correlation of style similarity score, with three distance metrics Dot product,
Cosine Similarity and Euclidean distance. We can see that all distance metrics show
moderate correlation with the style similarity and representation of style increases
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Table 1 Evaluation of the embedding space: Pearson correlation between style similarity defined
by Eq.2 and different distance/similarity metrics in the consumer embedding space

Distance/similarity metric Baseline V1 V2 V3 V4

Dot product ↑ 0.435 0.471 0.481 0.476 0.535

Cosine similarity ↑ 0.451 0.482 0.496 0.494 0.545

Euclidean distance ↓ −0.398 −0.409 −0.351 −0.456 −0.433

Table 2 Evaluation of the number of segments using k-means clustering

Number of segments 20 250 1000

Silhouette score (cosine) ↑ 0.096 0.097 0.087

ROC-AUC style similarity ↑ 0.77 0.88 0.91

when more restrictions are applied to data. We choose Cosine similarity and V4 as
they exhibit the highest correlation with style similarity score.

To measure if the segments are well separated in the embedding space we use
Silhouette Score [35] which measures how similar data points are to their own seg-
ment as compared to other segments. The score ranges between −1 and 1, with a
higher score indicating a better cluster separation. Furthermore, to analyze whether
the segmentation is reasonable in terms of style similarity, we use the area under the
receiver operating characteristics curve (ROC-AUC) as a consistencymetric between
style similarity and the consumer segmentation. We compute ROC-AUC for pairs
of consumers where style similarity is used as a score and the label is whether they
belong to the same style segment.

Table2 shows a comparison betweenmethodswith different numbers of segments.
It can be seen that ROC-AUC is better for a large number of segments while the
silhouette score is marginally better for a lower number. To find the right number of
segments, we further investigate the distribution of distances to the segment center
for points inside the segments. To this end, we compute pairwise distances between
random pairs of consumer embeddings in the embeddings space. We then bin the
consumer pairs based on this distance. Additionally, we compute the style-similarity
between these pairs. We then average the style similarity in each of the bins. The
resulting averaged style similarity as a function of the pairwise embedding distance
is shown in Fig. 2 (top). We observe an approximate exponential decay of the form∝
exp (−d/λ). This allows for a definition of a correlation length λ, which determines
the length in the embedding space at which the style similarity decays. We extract
this length from an exponential fit to find a length-scale of λ=0.98. This serves as
an approximate upper bound to the cluster diameter, as clusters larger than λ would
contain consumer pairs, which are no longer similar in style.

Figure2 (bottom) shows the average and standard deviation of center distances
per segment. The red line indicates the style similarity length scale λ as defined
above, which approximates the distance in the embedding space at which the style
similarity considerably decays.We chose 250 segments because it is a good trade-off
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Fig. 2 Top: Averaged style similarity over bucketized pairwise distances. An exponential fit is
used to determine the decay length of the style-similarity in the embeddings space, which indicates
the distance in embedding space at which the style-similarity decays by a factor of 1/e Bottom:
The average and standard deviation of center distances per cluster. The red line indicates the style
similarity length scale as determined from a exponential fit on the curve displayed in the top figure

between number and size of segments, as we see clusters clusters being sufficiently
smaller than the style-similarity decay length.

Dimensionality reduction

We further conduct experiments to determine whether we can improve the coherence
of groups by using a more advanced clustering approach. Due to the scaling behav-
ior of distances in high-dimensional spaces, we apply an additional dimensionality
reduction step before applying the k-means algorithm. Additionally, we experiment
with the HDBSCAN [32] clustering algorithm, as it has shown good results in com-
bination with UMAP in the topic modeling task [27]. We apply this algorithm in
combination with parametric UMAP in the lower-dimensional space. For dimen-
sionality reduction, we experiment with autoencoder networks [36] and UMAP [37].
Due to the size of our datasets, we use the parametric UMAP method [38], which
trains a neural network with the UMAP objective as a loss function in order to find a
projection onto the low-dimensional representation of the embeddings. This allows
for training on a subset and further enables batching of the data, which alleviates
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Table 3 Comparison between dimensionality reduction and clustering methods on variant 4
clustered with k-means in different embedding spaces

Embedding
dimension

Silhouette score ↑ ROC AUC ↑

k-means (baseline) 128 0.09 (cosine) 0.71

autoencoder + k-means 5 0.16 (euclidean) 0.65

parametric UMAP + k-means 5 0.43 (euclidean) 0.73

parametric UMAP + HDBSCAN 5 0.14(euclidean) 0.66

hardware limitations. We experiment with three different variants: autoencoder and
k-means, parametric UMAP and k-means, and parametric UMAP and HDSCAN,
which we compare to the baseline of clustering using k-means directly in the origi-
nal embedding space. As we are specifically interested if this approach would enable
us to find a lower number of highly coherent clusters, we use k-means with k=20.
For HDSBAN, the number of clusters cannot be set specifically. Therefore, we tweak
the parameters to find an approximately similar number of clusters, resulting in 24
clusters. We follow the evaluation protocol mentioned above and report the style
similarity ROC AUC, and the silhouette scores, measured in the low-dimensional
embedding space (Table 3). We observe a significant uplift in the silhouette scored
as compared to clustering in the embedding space. Specifically, parametric UMAP
+ k-means shows a nearly five fold increase in this metric. The other two methods
also show improvements in this metric, albeit much smaller. Considering the ROC
AUCmetric, we observe a significant decrease for autoencoder + k-means and para-
metric UMAP + HDBSCAN. Parametric UMAP + k-means demonstrates a slight
improvement over clustering directly in the original embedding space, showing that
in this case, the increase in silhouette score also translates to an improvement in the
coherence in the clusters.

While we observe an improvement in the clustering metrics with this approach, it
also significantly increases the complexity, pipeline runtime, and resource costs. At
the current stage, we do not consider the additional costs to be offset by the increase
in performance.

Representative segment items
We utilize segmentation of consumers to drive a better experience in recommenda-
tions. To this end, we make use of representative segment items. These are items
that represent the consumers in the given segment. To identify representative seg-
ment items, we select the top 100 most popular items by significant actions for
each segment and each gender preference. Additionally, we match the distribution of
attributes to the distribution of consumer interactions in the segments. This ensures
that the representative items are not only popular but also align with the preferences
of the consumers in the segment. To boost the significance of the items to the cluster,
we only consider events from consumers within a certain radius to the cluster cen-
ters when computing the popularity. We also apply business rules to further refine
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Fig. 3 The interaction history of example consumers that were identified to belong to one segment
(left), the representative segment items identified in their segment (middle), and the fashion expert
interpretation of the style (right)

our selection. For example, we account for same items with different colors. This
helps to ensure that our recommendations are diverse and cater to the varied tastes of
our consumers. Fig. 3 shows the interaction history of example consumers that were
identified to belong to one segment (left), the representative segment items identified
in their segment (middle), and the fashion expert interpretation of the style (right).

Fashion Expert interpretation
Our fashion expert assessed styles and assignments by evaluating consumer histories
and representative segment items. We conducted this evaluation for segmentation
using 20, 250, and 1000 clusters. As for the latter two, we sample around 20 segments
based on size and average inter-cluster style similarity tomake the evaluation feasible.
We sampled 15 consumers from each of the selected clusters to be evaluated by a
fashion expert. The evaluation concluded that using 20 segments, there was some
shared behavior for the consumers closest to the centroid. However, the more distant
consumers in the same clusters exhibited weak similarity to consumers close to the
centroid, indicating that the segments might be too large. Using 1000 segments,
we observe that the segments are over-focused on a single item that is repeated
many times throughout histories (e.g., a certain Nike sneaker or a leather belt). The
segments in this case seemed to be too specific to carry a notion of style. Of the
chose variants, the 250 segments showed the overall best alignment with a notion of
style and consistency of consumers. This aligns with our previous investigation on
the center-distance distribution.

Recommendations with data-driven segmentation
We aim to utilize the broad group preferences to reduce the cold-start problem occur-
ring in item recommendations for new and low-engaged consumers. To achieve this,
we propose and compare three approaches that vary in theway representative segment
items are integrated into the recommendations. Approach 1 replaces individual rec-
ommendations entirely with the representative segment items; Approach 2 backfills
a percentage of the consumer’s interaction history with representative segment items
and uses the resulting sequences as input to the existing algorithms that generates
recommendation candidates; Approach 3 interleaves the resulting output candidates
of the existing recommendation algorithms with the representative segment items.
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While Approach 1 directly recommends the representative segment items, Approach
2 and 3 aim tomaintain a good balance between individual signals from the consumer
and the representative items of the segment they belong to. To determine the most
suitable approach for style-based item recommendations, we conducted offline eval-
uations to measure how effectively style-based recommendations can improve the
attributes diversity and relevance. To measure the diversity we had a look at the
longest sequence of recommendations in the top-k recommendations from the same
brand, color, fit, etc. To measure the relevance we used nDCG and the overlap coef-
ficient with historical consumers’ interactions. The coefficient also shows how novel
the recommendations are compared to the previous consumer history interactions.
For nDCG, we use historical consumer click data on the items recommended by
existing recommendation algorithms. Additionally, for Approach 2, we measured
how much new recommendations differ from the representative segment items in fit,
brand, color, etc. This reflects the compatibility between the item recommendation
algorithm output and the representative segment items used in the input. Finally, we
conducted qualitative visual inspection of example recommendations.

The results indicate that Approach 2 with 20% backfilling of representative seg-
ment items had the best performance—increasing brand and commodity group diver-
sity for less engaged consumers, a relatively smaller loss in nDCG, and superior
adaptability to consumer context compared to alternative approaches. Visual evalu-
ations of the product recommendation conducted by fashion experts also confirmed
that Approach 2 seamlessly combines consumer preferences with representative
segment items, resulting in a more diverse product range while still maintaining
individual consumer preferences.

We also conducted a detailed analysis of evaluation results for various consumer
cohorts. These cohorts were defined based on factors such as the length of a con-
sumer’s interaction history, the recency of their expressed interests, and the consis-
tency of their engagement over a 12-week period. The results indicated a decrease
in nDCG across approaches and segments, which was anticipated since nDCG is
sensitive to item order and does not reward diversity and exploration. Interestingly,
we observed an increase in diversity among most approaches and certain consumer
cohorts. This led to higher diversity scores for less engaged customers. This find-
ing aligns with our hypothesis that using representative segment items should be
more prominent in the recommendations for consumers who have low amounts or
no recent signals.

Online testing of recommendations with style groups
We perform an online test of the recommendations with style items reaching 1.2M
customers in a period of 2weeks. To this end, we split the population of each of the
segments into a treatment and baseline group. While the treatment is showing hybrid
recommendations as described above, the control recommendations are generated by
the default hyperpersonalisation model based on a variational autoencoder [39]. This
model takes into account both interactions with an item by consumers and content
of an item itself.

We report the recommendation performance in terms of consumer engage-
ment with the recommended items which is measured by clicks, wish listing, and
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purchasing. Since we are interested analyzing the data-driven grouping impact rec-
ommendations and specifically in the case of cold-start problem,we analyze different
cohorts of consumers separately. To this end, we split consumers into cohorts by (1)
their history length and recency and (2) their distance to the style group centroid.

Overall, we observe that recommendations with data driven segmentation don’t
surpass the hyper-personalization baseline and decrease the consumer engagement
by 0.19%. Looking deeper into the consumer cohorts, we observe a positive impact
between 0.1–0.65% across the different groups for consumers with moderate amount
of recent interactions (30–120 actions in the past week). Consumers with low or high
recent interactions (less than 30 or more than 120 interactions in the past week) show
a negative outcome between -0.7–0.95%). In addition, consumers who are grouped
closer to the centroids of their respective style group are reacting more positively to
the Style Group driven recommendations, as expressed by a 0.6% increase in con-
sumer engagement. On the other hand, the consumers furthest from the centroid of
their respective style group respond considerably worse to the treatment as they show
a drop of 1.1% in consumer engagement. This is explained by the fact that such con-
sumers are more likely to transition between the different style groups in comparison
to the consumers closer to the centriods. This indicates that further improvements on
the approach can be made by improving the stability of the embedding and clustering
approaches.

4.2 Lookalike Segmentation of Designer Consumers

We explore lookalike segmentation in the context of designer consumers. In this use
case, we define core designer consumers as consumers with a specified minimum
amount of interactions with designer brands over the last year, indicating a high
affinity towards those brands. Our goal is to find consumer that would likely show
a high affinity towards designer brands in the future, in order to present them more
relevant recommendations.

Using this core segment definition, we aim to differentiate the historical behavior
of core designer consumers from that of non-designers consumers and subsequently
identify lookalike designer consumers. Negative consumers were randomly selected
from the pool of non-designer consumers, excluding new consumers for whom the
first activity on the platform was less than 7d ago.

Data
We create a dataset composed of timestamped events (article-click and add-to-
wishlist) sequences per consumer labeled with the designer status (core or negative).
To create training input sequences for the model, we randomly sample 100 con-
secutive events from the last 4months of the consumers’ histories. We augment the
dataset to increase the ratio of positive examples by sampling up to 5 non-overlapping
sequences from the core consumers’ histories. To create input sequences for inference
we take the last 100 events of all consumers not in the core designer set. Additionally,
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we utilize consumer specific features, such as sales-channel, age segment and gender
preference.

Lookalike model
Using this dataset we train a sequential model based on the transformer architec-
ture [40]. We use the following SKU features: brand, season-code, silhouette-code,
tag, material, designer-status, price and whether the brand is followed by the con-
sumer. The features specific to the consumer (age-segment, gender preference, and
sales-channel) are provided by the CLS token. For categorical features, we use a
trainable embedding layer with dimension 64. Numerical features, i.e. price and
event timestamp, are normalized to the unit interval and multiplied by an embedding
layer, effectively scaling a trainable embedding vector. For each token, we sum the
embedding of each of the features contributing to it. We use a softmax layer for
classification, which uses the encoded CLS token as input and outputs scores for
both classes—designer and non-designer. The model is trained using a binary-cross
entropy loss predicting the designer status of the consumer sequence.

Besides the model described above Variant 1, we consider four other variants
to further investigate the proposed model; Variant 2 uses additional data balancing
based on class weights, in order equalize the weight of both designers, and non-
designers; Variant 3 uses piece wise linear encoding [41] to represent the numerical
features of events (price and timestamp); Variant 4 combines Variant 3 with data
balancing as described in Variant 2; Variant 5 omits the timestamp feature of the
events, which essentially removes the order of the events.

Classification threshold optimization
To identify lookalike consumers, we need to set the threshold parameter τ , as defined
in Eq.1. This parameter is a trade-off between the similarity of the lookalikes to the
core consumers and the number of lookalikes obtained from the model. We identify
the F2-score as a suitable metric to determine the quality of a set threshold. To find
the optimal τ , we compute the F2-score for a range of threshold and determine their
optimum.

Offline experiments
We evaluate five model variants using precision, recall, average precision and F2-
score, the latter of which is our primary evaluation metric. Table4 shows offline

Table 4 Offline evaluation results for random baseline and the transformer-based classifier on four
dataset variants

Variant F2-score Precision Recall Average precision

Random 0.087 0.02 0.5 0.02

1 0.414 0.195 0.576 0.263

2 0.412 0.202 0.558 0.265

3 0.417 0.204 0.565 0.27

4 0.415 0.216 0.540 0.269

5 0.439 0.208 0.608 0.293
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evaluation results for random baseline and the five transformer variants based on a
single training and evaluation run. Our model outperforms the random classifier on
all the metrics which serves as a basic sanity check. Model Variant 5 shows best
performance on the majority of the metrics, achieving F2-score of 0.439 (+5.3%
compared to Variant 3, +6% compared to Variant 1) with the optimized threshold.
Precision with optimized threshold is better in Variant 4, but increase in the recall
makes up for it when computing the F2-score.

Figure4 (left) shows the distribution of scores for ground truth core and non-core
consumers on the validation set. Non-core consumers are further divided into ones
with zero designer interactions and with one or more designer interactions. These
distributions indicate that the model is capable of solving the classification task
separating core designer consumers from the rest. Furthermore, there is a large tail of
non-core consumers whose score is in the core consumers distribution and all of these
consumers have one or more designer interactions, indicating that these consumers
already show some level of affinity to designer brands. These consumers are the
designer lookalike consumers we are trying to extract. By varying the classification
threshold we can extract a different number of lookalike consumers depending on
the application. We cannot directly access the quality of these consumers, but we can
calculate classification metrics on the validation set using the threshold and treating
core consumers as ground truth positive examples. Conversely, we can first optimize
the threshold on the validation set and then use it to extract the lookalike consumers.

Figure4 (right) shows the dependency of the F2-score and the number of looka-
like consumers on the classification threshold. Increasing the threshold reduces the
number of consumers classified as lookalikes. Relation with the F2-score is more

Fig. 4 Left:Model predictions for core and non-core consumers on the validation set. Predictions
on non-core consumers are further resolved by consumers with zero designer events and consumers
that have at least one designer events. The lookalike classification threshold (black dashed line)
is determined by maximizing the F2-score. Right: F2-score and expected number of lookalike
consumers depending on the threshold: By varying the classification threshold, we can vary the
number of lookalikes. This curve allows for setting a threshold that might fulfill business needs,
such as a minimum number of lookalikes, while still monitoring the quality of the lookalikes as
indicated by the F2-score
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complex, peaking at the threshold value of 0.808. This threshold value gives us
2.31M of designer lookalike consumers.

Online experiments
We ran an online experiment to test the lookalike Designer consumers on the prod-
uct catalog page. To this end, we equally split the set of lookalike consumers into a
treatment and control group. The two-phased ranking model first fetches the avail-
able items along with their attributes and popularity scores and then ranks them
based on the consumer preferences by considering their interaction history. For the
control group, we use the default ranking model, whereas for the treatment group
we use a variant fine-tuned on the core designer consumers set which ranks items
from designer brands higher in the catalog. The expectation was that by offering
a ranking experience tailored for designer, the lookalike consumers would be able
to discover more items that resonate with their preferences and their aspiration to
become Designer consumers compared to the default general ranker approach. The
A/B test ran for around 5weeks and reached 1.64M lookalike designer consumers.
Online KPIs primarily relied on the performance of the ranking system and did
not directly measure the performance of the lookalike model itself. As a result, we
detected a significant positive increase click through rate (0.45%).

5 Conclusion and Next Steps

In this work, we presented UNICON—a unified consumer segmentation framework
capable of driving personalization in fashion e-commerce. Our approach consists of
learning dense long-term consumer representations that are then utilized to derive two
essential classes of consumer groups: lookalike and data-driven. We demonstrated
the capability of this framework using real-world large-scale consumer data to iden-
tify lookalike designer segment—consumers with high affinity towards premium
fashion brands—and data-driven style groups—segments of consumers exhibiting
long-term similar fashion style. Through offline and online tests, we showed that
the identified lookalike consumers display high engagement with designer items and
that we have improved their experience. Additionally, our comprehensive experi-
mentation with style segments showed the gains of employing consumer groups in a
hybrid personalized recommender system that complements strong individual pref-
erences with wider group interests. Future work consists of investigating methods
to improve the consumer embeddings to reflect more robust and longer-term behav-
ior representation by expanding the sequence length in the model, extending the
considered interactions time frame, and exploring alternative approaches to better
summarize the consumer embedding.

We hope our framework motivates new work that improves e-commerce person-
alization based on identifying and understanding collective consumer behavior.
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AdBooster: Personalized Ad Creative
Generation Using Stable Diffusion
Outpainting

Veronika Shilova, Ludovic Dos Santos, Flavian Vasile, Gaëtan Racic,
and Ugo Tanielian

Abstract In digital advertising, the selection of the optimal item (recommendation)
and its best creative presentation (creative optimization) have traditionally been con-
sidered separate disciplines. However, both contribute significantly to user satisfac-
tion, underpinning our assumption that it relies on both an item’s relevance and its
presentation, particularly in the case of visual creatives. In response, we introduce the
task ofGenerative Creative Optimization (GCO), which proposes the use of genera-
tive models for creative generation that incorporate user interests, and AdBooster, a
model for personalized ad creatives based on the Stable Diffusion outpainting archi-
tecture. This model uniquely incorporates user interests both during fine-tuning and
at generation time. To further improve AdBooster’s performance, we also introduce
an automated data augmentation pipeline. Through our experiments on simulated
data, we validate AdBooster’s effectiveness in generating more relevant creatives
than default product images, showing its potential of enhancing user engagement.

1 Introduction

Creative optimization seeks to identify the most suitable message for its audience,
focusing on the aesthetics and the efficient presentation of the information rather
than on the content itself. As such, it complements recommendation systems by
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addressing not the question of what to display to the user, but the question of how to
display it.

Traditional recommendation literature assumes that the reward received by the
recommender system from the user (e.g. click, conversion) is solely due to the quality
of the recommendation. This marginalizes out the impact of the creative optimization
step, that selects the best image together with its text description to describe the
recommended item.Webelieve this is amissed opportunity since the two steps should
be in sync. As an illustrative example, imagine that the user intent is sport shoes for
work, and that the recommender system returns a very relevant pair of sneakers,
but the creative optimization step selects the best non-personalized creative for the
product, which is the pair of shoes worn on a basketball terrain. It is easy to imagine
that the choice of such a creative will affect the final probability of conversion on the
said pair of sneakers.

However, such a limitation seems almost insurmontable given the current creative
optimization approaches: currently, many of the performance advertising companies
employ Contextual Multiarmed Bandits as a solution for creative optimization. This
approach is particularly fitting in the cases where the range of alternatives for a
specific item is limited, usually ranging between 3–10 ad versions and when the
number of personalisation contexts is also small.

Very recently, the field of image and text generation witnessed a surge of advances
(such as the open release of the Stable Diffusion model [1]), that lead to photore-
alistic Text-to-Image Generation capabilities. In our view, this presents the field of
ad creative optimization with a tremendous opportunity to reinvent itself and get
itself perfectly aligned with the recommendation step, leading to possibly significant
performance improvements.

1.1 Our Proposal

In the domain of digital advertising, one major challenge is to create ads that can
resonate with diverse user interests. The creative element of an ad has a profound
impact on the user’s propensity to engage, making personalized creative content an
essential factor in ad success. Existing approaches to ad creation, while effective to
some extent, fall short in tailoring the creatives to individual user’s interests.Ourwork
attempts to bridge this gap by introducing and formalizing the task of Generative
Creative Optimization (GCO), a novel concept that leverages user interest signals to
personalize creative generation.

We present AdBooster, a new model for generating personalized ad creatives
based on the Stable Diffusion outpainting model architecture. AdBooster offers a
distinctive way to incorporate individual user interest distribution during the fine-
tuning process and at creative generation time, thereby ensuring that the creatives
generated are specifically tailored to each user’s preferences. To the best of our
knowledge, this is the first study that integrates a generative model with ad creative
personalization based on user interests.
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In addition, we propose an innovative automated data augmentation pipeline to
enhance the robustness and performance of our model. This pipeline feeds into the
fine-tuning process ofAdBooster, adding another layer of optimization to the creative
generation process.

We carry out a series of experiments to demonstrate the efficacy of our approach.
The results showcase an increased relevance of the ad creatives generated by
AdBooster compared to the default product images, thereby leading to improved
user engagement. The AdBooster model, with its novel Generative Creative Opti-
mization approach, automated data augmentation pipeline, and Stable Diffusion
outpainting architecture, holds significant potential in revolutionizing the ad creative
generation process.

Contributions:

• Introduce and formulate the task of Generative Creative Optimization that per-
sonalizes the creative generation using the same user interest signal with the
recommendation step, therefore perfectly aligning the two;

• Propose AdBooster, a generative ad creative model based on the Stable Diffu-
sion outpainting model architecture that can be fine-tuned on the user interests
distribution and be conditioned on the user interests at creative generation time;

• Propose an automated data augmentation pipeline that can be used for fine-tuning
the AdBooster model;

• Run extensive experiments that show the increased relevance of generative ad
creatives compared to default product images.

2 Related Work

2.1 Creative Optimization

Creative optimization, a vital component in digital advertising, has remained rela-
tively unexplored inmachine learning literature, often overshadowed by the extensive
research focused on recommendation systems [2, 3]. Creative optimization targets
the essential question of ‘how’ to present the recommended item, which significantly
contributes to user engagement and satisfaction [4, 5].

The Contextual Multiarmed Bandits method has been widely employed for cre-
ative optimization, especially when the creative alternatives for a specific item
are limited [6, 7]. This technique adeptly balances exploration and exploitation,
optimizing user engagement.

2.2 Text-to-Image Approaches

Recently, with the advent of advanced image and text generation models, such as the
Stable Diffusion model [1], new avenues have been opened in creative optimization.
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These models, capable of generating photorealistic images from text descriptions,
offer opportunities for personalized and dynamic creative generation.

The concept of diffusion probabilistic model (DM), a class of latent variable
models inspired by nonequilibrium thermodynamics, was introduced in [8]. This
architecturewas later improvedbyDenoisingDiffusionProbabilisticModel (DDPM)
[9] which offered a different training procedure based on a novel connection between
DMs and denoising scorematchingwithLangevin dynamics.Despite the high quality
results on image generation, these models had extremely low inference speed. The
issuewas partiallymitigated by using such advanced training and sampling strategies
as Denoising Diffusion Implicit Model (DDIM) [10], score-based diffusion [11], and
progressive distillation [12]. These architectures primarily use U-net [13] as their
backbone neural network.

However, since all these methods operate directly in image pixel space, they still
have a significant disadvantage of high training costs. Tominimize the computational
resources needed for training a diffusion model, inspired by the concept of latent
image [14], the Latent Diffusion Model (LDM) approach was introduced in [1].
Over time, this approach was expanded and refined into what is now known as
Stable Diffusion.

Furthermore, it is worth noting that the mathematical concepts behind diffusion
models, such as Langevin dynamics, scorematching, SDEs, etc., make it hard to enter
the subject. Therefore, some efforts have been taken in order to reformulate DMs in
a simpler way. In [15], the authors derive a minimalist yet powerful deterministic
diffusion model that is simple to implement, numerically stable and achieves high
quality results in a number of experiments.

Diffusion models have proven themselves effective in text-to-image generation
tasks, producing state-of-the-art image generation results. This is typically accom-
plished by encoding text inputs into latent vectors using pre-trained language models
such as CLIP [16]. There is a number of recent successful methods for text-to-image
translation: Glide [17] is a text-guided diffusion model that supports both image
generation and editing; Stable Diffusion represents a large-scale implementation of
latent diffusion aimed at achieving text-to-image generation; Imagen [18] is a text-
to-image framework that forgoes latent images and instead directly diffuses pixels
using a pyramid structure. Another approach called Dreambooth [19] was built on
top of Imagen to “personalization” of text-to-image diffusion models. Given as input
a few images of a subject, it is able to generate new photorealistic images of it
contextualized in different scenes.

Lately, two novel architectures were introduced in the field of large diffusion
models: ControlNet [20] and Composer [21]. They both tackle the problem of limited
controllability of large diffusion models, allowing DMs to support additional input
conditions, such as edge maps, segmentation maps, keypoints, color histogram and
more. By enhancing the control of large diffusion models, these advancements pave
the way for broader applications and possibilities.

In this paper, we attempt to show how the recent breakthroughs in generative
AI can be leveraged in the field of personalized advertisements generation, tak-
ing as an example fashion and retail domain specifically. This area has a lot of
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potential challenges and limitations. Ad creative algorithm would need to model
complex fashion scenes and diverse background styles, while handling fine details,
texture, complex object interactions and semantic consistency in the synthesized
backgrounds.

3 Our Approach

In this section, we introduce the formal definitions of recommendation and classical
creative optimization and propose a Generative Creative Optimization objective,
that uses generative text-to-image models to align recommendation and creative
optimization by fully sharing the user context.

3.1 Formal Problem Statement

Recommendation
The training objective for recommendation can be written as:

θ∗ = argmax
θ

∑

(u,i)

R(u, i)πθ (i |u) (1)

where R(u, i) is the reward that the user u returns when shown a recommendation
for item i and πθ is the recommendation policy that is represented for generality
purposes as a distribution over all possible recommendable items. In most cases the
policy will be a Dirac on the best item i∗.

At inference time, for each user u, we select the best item i using the learnt policy:

i∗ = argmax
i

πθ∗(i |u) (2)

Classical Creative Optimization
Creative testing is the way marketers compare the performance of different creatives
in a campaign in order to evaluate which creatives yield better results. In practice
marketers use two setups for matching creatives with user groups: A/B testing, which
is a commonly used method and widely known method, and the multi-armed bandit,
which is less commonly known and used, usually due to its relative complexity.

Formally, this can be seen as finding the policy that best matches product image
creatives with the users. As a result, the training objective for creative optimization
can be written as:

γ ∗ = argmax
γ

∑

(u,i)

R(u, ĉ(i))πγ (ĉ(i)|u, i) (3)
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where πγ is the creative optimization policy and ĉ(i) ∈ Ci is one of the ad creatives
available for product i.

At inference time, for each user u and the best item i∗, we select the best creative
using the creative optimization policy:

c∗(i∗) = argmax
c(i∗)

πγ ∗(c(i∗)|u′, i∗) (4)

Note: In practice, this is not conditioned on the full user context u, but on a low-
granularity representation of it, u′. In our proposal, we will be able to condition the
creative on the full user representation, allowing us to align the recommendation and
creative optimization models.

Generative Creative Optimization
With the advent of photorealistic image generation models, we are not constrained
anymore to the task of matching users with a discrete set of pre-existing creative
choices and instead are able to generate an unbounded number of potential choices,
making it a continuous optimization problem. As a result, the training objective for
generative creative optimization task becomes:

γ ∗ = argmax
γ

∑

(u,i)

R(u,Gγ (c(i), u)) (5)

where Gγ is the creative generation network and c(i) is the default product image
(e.g. the product on a simple white background).

At inference time, for each user u and the best item i∗, we generate the best creative
using the creative generation network that takes the same user representation u as
recommendation:

c∗(i∗) = Gγ ∗(c(i∗), u) (6)

If we explicitly separate the text and image descriptions of the initial asset, we
have that:

γ ∗ = argmax
γ

∑

(u,i)

R(u,Gγ (c(i), t (i), u)) (7)

3.2 Generative Creative Optimization Using Stable Diffusion
Outpainting

In our paper we concentrate on the concrete problem of generating ad creatives
using Stable Diffusion outpainting models. Given an outpainting model conditioned
on image, text and product mask we have that:

γ ∗ = argmax
γ

∑

(u,i)

R(u,Gγ (c(i), Tφ(i, u),m(i))) (8)
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where:

• c(i) is the initial product image
• Tφ(i, u) (resp. Tφ(i)) is a text generativemodel that takes as inputs both the product
anduser interest descriptions (resp. the product descriptions) and returns the textual
prompt for the image out-painting model

• m(i) is the product image mask

Studying the impact of personalized generation using pretrained text and image
generators.

For the rest of the paper we concentrate on studying the impact of contextualizing
the generation of the images based on the user interests/type. More explicitly, we are
interested in showing that the quality of the generations gets better if contextualized
with the full user context versus their un-contextualized counterparts:

∑

(u,i)

R(u,Gγ (c(i), Tφ(i, u),m(i)) >
∑

(u,i)

R(u,Gγ (c(i), Tφ(i),m(i)) (9)

3.3 Fine-Tuning the Outpainting Model for Fashion-Specific
Ad Creative Generation

We need to fine-tune Stable Diffusion (SD) [1] model to be able to use it efficiently
for ad creative generation. It is essential, since SD was trained for inpainting task
(masks of small size were used), whereas, in our case, we want to outpaint rather
large regions. Furthermore, it is crucial in our task that the outpaintingmodel does not
modify the product itself. We noticed that without the fine-tuning, SD often extends
the frontiers of a product.

A Stable Diffusion [1] model can be decomposed into several key models:

• A text encoder that projects the input prompt to a latent space.
• A variational autoencoder (VAE) that projects an input image to a latent space.
• A diffusion model that refines a latent vector and produces another latent vector,
conditioned on the encoded text prompt.

• A decoder that generates images given a latent vector from the diffusion model.

Only the diffusion model parameters are updated during fine-tuning, while the
(pretrained) text and the image encoders are kept frozen. Therefore, the fine-tuning
loss is calculated between the predicted noise by the diffusion model and the original
noise.

To fine-tune SD for background outpainting and then to test our hypothesises on ad
creatives generation, we need a large dataset of imageswith correspondingmasks and
captions. However, usually such datasets are not available. That is why we propose a
data augmentation pipeline which automatically generates product masks and textual
prompts from a given dataset of images which can be later used for fine-tuning.
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Fig. 1 Example from data augmentation pipeline

The data augmentation pipeline consists of the following steps: (1) data cleaning
(see Appendix 7); (2) product mask extraction; (3) prompt generation. To get masks,
we use background removal model based on U2-Net introduced in [22]. To generate
prompts, we apply BLIP model to every image in the dataset which was introduced
in [23]. Figure1 gives an example from data augmentation pipeline. The further
details are provided in Appendix 7.

It is worth pointing out that it is also possible to add task specific regularization
term to the loss function to prevent product extension. For example, after outpainting
we can segment the product again and compare its mask with the one used for
generation. However, in our experience, this step is not necessary and fine-tuning the
modelwith data augmented pipeline is sufficient to overcome this potential drawback.

The importance of fine-tuning is also confirmed by the decrease of Fréchet Incep-
tion Distance (FID) metric [24]. On the dataset which are used in our experiments
and which is introduced in Sect. 4.2, we obtained FID of 30.46 for pretrained SD
model [1] and FID of 25.73 for the fine-tuned model.

3.4 User Representation and Prompting Strategies

Since one of the key ideas of this paper is to investigate the influence of ad person-
alization on users, we need to set a user representation first. A user u is defined by
a vector z(u) which contains information about user’s query Q(u) (description of a
product that a user is looking for) and a product context C(u). For example, a user
query can be “women red shoes” and its context may be “wedding”. Here, we define
zQC(u) as the concatenation of Q(u) and C(u) of a given user u, thus in the previous
example, zQC(u) = “women red shoes for wedding”.

In our approachwe generate the new image creative which is contextualized either
directly on the user representation zQC(u), either on the textual prompt given by a
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text generative model zP(u) = Tφ(i, u) which takes as input recommended product
i , Q(u) and C(u). We use GPT-3.5 model (gpt-3.5-turbo) [25] from OpenAI API as
Tφ(i, u).

4 Experiments

In our experiments section, we highlight the impact of personalization on the
perceived relevance of the items on the user feedback due to the shared user
representation.

4.1 Experimental Setup

In order to test our hypothesis we design the following experimental setup:

1. We decide on an open product data set containing both product images and textual
descriptions

2. We generate synthetic user representations zQC(u) defined as the concatenation
of shopping queries and product context

3. We generate a synthetic data set of (user, item) pairs by returning for every user a
randomproduct from the top kmost similar productswith zQC (u) in the text-based
CLIP similarity space. This step aims at simulating a search/recommendation
engine logic.

The baselines
The baseline creative for a product is the default catalog image (usually the product on
a simple white background). Additionally, since our test product images are actually
not a white background we can calculate the uplift in performance versus a second
baseline, which is the image of the product in its original background.

Performance metric
In order to compare our proposed approach and the baseline we propose to compute
the reward obtained by the user seeing a product image creative as R(u, i) =<

CL I P(z(u)),CL I P(c(i)) >, which can be seen as the probability of the user buying
the item modeled as a function of the affinity between its stated interest and the
product image.

In this experimental setup, we investigate two prompting strategies for outpaint-
ing: we generate an ad creative image using either (1) zQC(u) or (2) zP(u). In both
cases, the performance metric is calculated with respect to initial user representation
zQC(u), since we want to measure the influence of ad contextualization on a given
user.
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4.2 Data

For our experiments, we chose Pinterest’s Shop the Look (STL) Dataset collected
by [27]. The dataset contains around 60k scenes of people wearing fashion on dif-
ferent backgrounds ranging from various indoor settings (home, work, gym, shops
etc.) to diverse outdoor ones (nature, city setups, etc.). We run STL dataset through
the data augmentation described in Sect. 3.3.

Furthermore, for evaluation we generated 30 different user profiles with GPT-
3.5 (gpt-3.5-turbo) model [25] from OpenAI API, each containing user’s query and
context – zQC and corresponding zP . For the scope of this paper, we chose 4 different
categories for backgrounds to experiment with. We mainly focus on seasons (winter,
spring, summer, fall); settings (nature vs city setups); various life events (marriage,
vacation, parties); and sports (tennis, basketball, hiking).

4.3 Experimental Results

In Tables1 and 2 we compare two baselines: BestNeutralImage which simulates
the response rate we obtain by deploying a combination of content-based recom-
mendation and no creative optimization, BestContextualSetting which simulates the
response rate we obtain by deploying a combination of content-based recommenda-
tion and full user-based creative optimization (which is an upper bound of the perf.

Table 1 Performance comparison (CLIP similarity score) between BestNeutralImage, BestCon-
textualSetting, and Generative Creative Optimization (GCO) across different contexts: Seasons,
Settings, Events, and Sports

BestNeutralImage baseline

BestNeutralImage BestContextualSetting GCO (zQC ) GCO (zP )

Seasons 22.903 21.925 12.41% ↑ 10.54% ↑
Settings 20.11 18.879 14.68% ↑ 12.55% ↑
Events 24.039 22.264 14.65% ↑ 10.45% ↑
Sports 23.816 20.503 21.5% ↑ 20.37% ↑

Table 2 Performance comparison (CLIP similarity score) between BestNeutralImage, BestCon-
textualSetting, and Generative Creative Optimization (GCO) across different contexts: Seasons,
Settings, Events, and Sports

BestContextualSetting baseline

BestNeutralImage BestContextualSetting GCO (zQC ) GCO (zP )

Seasons 22.903 21.925 15.56% ↑ 13.67% ↑
Settings 20.11 18.879 15.16% ↑ 12.96% ↑
Events 24.039 22.264 15.34% ↑ 11.92% ↑
Sports 23.816 20.503 27.87% ↑ 26.94% ↑



AdBooster: Personalized Ad Creative Generation Using Stable … 83

of systems deployed in practice), and GCO, which blends content-based recommen-
dation with a fully personalized creative, powered by our AdBooster model. In our
setting, BestNeutralImage is an image of a product on a white background (no user
context at all), BestContextualSetting is an image of the best product recommenda-
tion from the catalog (predefined context), and for GCO, it is an image generated via
our AdBooster model (user context incorporated).

In our experiments, for each GCO (zQC) and GCO (zP), we generated 4 different
images and kept the one with the maximum CLIP score for display and metrics
calculation. Empirically, the images with the largest CLIP scores gave us the best
perceptual quality in the most cases. However, it was not always true, and you can
find some examples in the Appendix 8.

From the Tables 1 and 2, we observe that scores for BestContextualSetting are
lower than for BestNeutralImage on average. It can be explained by the fact that
predefined ad images from a catalog do not always have the background that is
aligned with user context. For example, potential user may look for “a yellow dress
for the beach vacation”, however, there may be no picture of a yellow dress in the
catalog that is shot on background with a beach. This issue can be tackled with
AdBooster model, since it can tailor background content to users’ needs.

Quantitatively speaking, both GCO conditioned on zQC user representation and
GCO conditioned on zP user representation give an uplift of CLIP score over the two
baselines. GCO (zQC) gives, on average, a 15% increase in terms of CLIP similarity
score across all categories. Moreover, GCO (zP) also shows an increase in the CLIP
similarity score, approximately by 13%.

In terms of qualitative analysis, we can conclude as well that generated back-
grounds are closer to users’ needs than the predefined ones, so the user is more likely
to pay attention to the generated ads. Thus, the use ofGCO gives us a lot of flexibility
regarding to ad creations.

In our experiments, we achieved the best visual results for seasons category. The
outpainting model seems to capture almost perfectly “the idea” of natural settings
and is able to reproduce them with a high degree of photo-realism. The city setups
(buildings, streets) look very realistic as well. You can see some examples in Fig. 2.

However, we still face a number of difficulties that need to be resolved in the
future. One of them is that we may occasionally get deduplicated generations (see
Appendix 7 for more information). Another minor model’s struggle is that it cannot
always generate reliably the light on the image or gets confused with ratio of object
and subjects presented in the image. Moreover, generating people remains the most
difficult task that even fine-tuning cannot resolve with sufficient realism. In the future
work, we hope to resolve these problems by using and fine-tuning more powerful
version of SD—Stable Diffusion XL [26].

Furthermore, we can compare the generation quality of GCO (zQC ) against GCO
(zP ). Even though GCO (zQC ) gives a slightly greater uplift in terms of CLIP score
than GCO (zP ), the latter show more variability in the generated background distri-
bution. These generations are often more imaginative and detailed compared to the
ones obtained with zQC . All in all, simple concatenation is cheaper to use in practice,
as you do not need to use an additional text generative model, and it already gives a
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Fig. 2 Examples of AdBooster model generations compared to predefined product images in the
seasons and sports categories. Corresponding zQC and zP are given in Appendix 8

sufficiently great uplift over two baselines. However, using generated prompts gives
more flexibility for outpainting, for this reason, it might be interesting to further
investigate different ways to do it.

You can find more examples of successful generations as well as some fails in
Appendix 8.

5 Conclusions

The present study has made significant strides in the realm of personalized ad cre-
ative generation. By introducing the concept of Generative Creative Optimization
(GCO), we have opened new avenues for ad personalization that specifically target
the creative aspect of ads based on user interest signals.

Our proposed model, AdBooster, utilizing the Stable Diffusion outpainting archi-
tecture, successfully demonstrates the effective integration of GCO, exhibiting its
capacity to generate personalized ad creatives. The unique fine-tuning process
of AdBooster, which incorporates user interest distribution, is a groundbreaking
approach to ad creative personalization.

The innovation of an automated data augmentation pipeline furthers the robustness
and efficacy of our model, providing an additional dimension of optimization.

Furthermore, by using a shared user representation for both recommendation
and creative optimization, we truly intertwine these tasks, aligning the goals of
choosing the optimal item and crafting the ideal creative presentation. This joint
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approach creates synergy, enhancing the overall performance and effectiveness of
digital advertising.

Through extensive experimental results, we have established the increased rele-
vance of ad creatives generated by AdBooster compared to default product images,
subsequently leading to improved user engagement.

In conclusion, ourwork presents a promising step towards revolutionizing the field
of digital advertising. AdBooster, with its focus on personalization through GCO,
automated data augmentation, and Stable Diffusion outpainting, offers a compelling
new method for ad creative generation that is both user-focused and efficient. We
anticipate our findings to inspire further research and developments in this direction.
As for the future steps, we plan to test Stable Diffusion XL [26] in our experiments
to potentially further improve the visual quality of generated ads. We would also
like to gather real user feedback for generated ad creatives to get more insight about
the visual quality which might possibly be used to enhance GCO performance. We
also want to try to adopt such architectures as ControlNet [20] and Composer [21]
for our GCO task to add more control over the ad creatives generation. Moreover,
it is possible to investigate different prompting strategies to further boost generation
flexibility.

6 Appendix

7 Data Augmentation Pipeline

To further enhance our data augmentation pipeline, we performed data cleaning
step after masks’ extraction. The idea was that to fully benefit from fine-tuning
of SD, the following images should be removed from the dataset: (i) images with
simple, monochromatic backgrounds; (ii) images with deduplicated product (several
different photos in one—photo collage).

To remove images with monochromatic background, we thresholded on pixels
intensities in the followingway: (i) convert image to grayscale; (ii) calculate standard
deviation of background pixel intensities; (iii) if the standard deviation is below a
certain threshold, consider this image to have a monochromatic background.

The standard deviation is ameasure of howmuch the pixel intensities vary from the
mean. If the standard deviation is low, it means that the pixel intensities are clustered
around a single value, indicating a monochromatic background. The threshold is
chosen empirically, in our experiments it equals to 20.

To remove deduplicated product images, we used the mask area in the following
way: (i) calculate the ratio of masked area to the whole image area; (ii) if this ratio
is above certain threshold, remove the image from the dataset. This approach can
also help to filter out too large, non-meaningful, masks which may be occasionally
returned by the background removal algorithm. The threshold is chosen empirically,
in our experiments it equals to 0.6.
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8 Additional Results

8.1 Successful Generations

Figures2, 3, 4, 5 and 6 give more examples of successful GCO generations. You can
find the corresponding zQC (Query, Context) and zP (Prompt) below.

For Fig. 2a:

• Query: yellow summer dress for beach vacation;
• Context: planning a trip to Cancun in two weeks and needs a new dress for the
beach;

• Prompt: A woman with her hair blowing in the wind stands on a sandy beach in
a gorgeous yellow summer dress, with turquoise waves crashing behind her and
the bright sun shining down, conveying the perfect beach vacation vibe.

For Figs. 2b, 6a:

• Query: waterproof hiking boots;
• Context: for a weekend hiking trip in the mountains;
• Prompt: A rugged pair of waterproof hiking boots sit atop a rocky outcropping
overlooking the misty valley below, evoking a sense of adventure and the promise
of breathtaking vistas on a weekend trek through the mountains.

For Fig. 3a:

• Query: women’s long winter coat for snowy weather;
• Context: winter business trip to New York City;
• Prompt:A stylishwomanwearing a long, blackwinter coat stands inTimesSquare
as snow falls around her, holding a briefcase and looking confidently towards the
camera.

For Figs. 3b, 5b:

• Query: elegant formal dress;
• Context: spring outdoor wedding guest;
• Prompt: A woman wearing a beautiful spring formal dress stands in a garden with
blooming flowers, as she smiles at the camera as a guest of an outdoor wedding.

For Fig. 3c:

• Query: trendy sunglasses;
• Context: needed for a beach vacation this summer;
• Prompt: A vibrant photo featuring a stylish pair of sunglasses against the backdrop
of a picturesque sandy beach with crystal clear turquoise waters and palm trees
swaying in the gentle sea breeze.

For Fig. 3d:

• Query: black leather jacket;



AdBooster: Personalized Ad Creative Generation Using Stable … 87

Fig. 3 Examples of AdBooster model generations compared to predefined product images in the
seasons category

• Context: for everyday use in the fall season;
• Prompt: A chic black leather jacket paired with distressed denim jeans stands out
against the breathtaking backdrop of a colorful autumn forest.

For Fig. 4a:

• Query: women’s jeans;
• Context: fashionable jeans for summer photoshoot in New York city streets;
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Fig. 4 Examples of AdBooster model generations compared to predefined product images in the
settings category

• Prompt: A woman wearing stylish summer jeans posing confidently on a busy
New York city street with towering skyscrapers and bustling crowds forming a
dynamic and stunning background.
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Fig. 5 Examples of AdBooster model generations compared to predefined product images in the
events category

Fig. 6 Examples of AdBooster model generations compared to predefined product images in the
sports category

For Fig. 4b:

• Query: comfortable knee-length skirts for summer;
• Context: for an office with a business-casual dress code and need breathable skirts
for the hot summer weather;
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• Prompt: Woman in an office setting wearing stylish and comfortable knee-length
skirts in various pastel colors, against the backdrop of a bright and airy conference
room with large windows and potted plants.

For Fig. 4c:

• Query: yellow sunglasses for beach vacation;
• Context: upcoming beach vacation, preferably polarized and scratch-resistant to
protect eyes from the sun and the saltwater;

• Prompt: A vibrant and lively photo featuring a pair of yellow, polarized, scratch-
resistant sunglasses well-suited for a beach vacation, set against a breathtaking
background of clear blue skies, glisteningwaves, and soft sandy beaches stretching
into the horizon.

For Fig. 4d:

• Query: summer shorts for curvy women;
• Context: planning a beach vacation and wants comfortable shorts that flatter her
curves;

• Prompt: A vibrant beach background with crystal blue ocean waves crashing on
shore.

For Fig. 5a:

• Query: red dress for a cocktail party;
• Context: attending a party at a fancy;
• Prompt: The photo depicts a stunning woman wearing a bright red dress, standing
confidently in front of a luxurious modern lounge with a dazzling city skyline as
the backdrop, exuding an air of elegance and sophistication.

For Fig. 6b:

• Query: sunglasses for outdoor sports;
• Context: wear while playing tennis in the summer;
• Prompt: A vibrant and energetic photo captured a player enjoying a game of tennis
in the bright summer sun, wearing trendy sunglasses perfectly complementing the
colorful backdrop.

8.2 Failed Generations

Figure7 depicts some occasional failures in GCO images: poor quality of people
generation, deduplicated images, problemswith light casting and object/subject ratio.
The corresponding zQC (Query, Context) and zP (Prompt) can be found below.

For Fig. 7a:

• Query: winter coats for women;
• Context: wear during the snowy winter season in the city;
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Fig. 7 Examples of failed AdBooster model generations compared to predefined product images
in different categories

• Prompt: Amidst a snowy cityscape, woman in a winter coat with a glowing
streetlamp casting a warm and welcoming light over the scene.

For Fig. 7b:

• Query: comfortable hiking pants;
• Context: for a weekend hiking trip with friends;
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• Prompt: A group of friends walk confidently through a picturesque forest trail,
clad in comfortable and versatile hiking pants, enjoying the beauty of nature on a
perfect weekend getaway.

For Fig. 7c, d:

• Query: casual women’s pants;
• Context: wear to work at the office in the big city;
• Prompt: A group of professional women with diverse body shapes and skin tones
are posing confidently in a modern, sleek office building lobby, wearing stylish
and comfortable work pants that perfectly complement their professional attire.

References

1. RombachR,BlattmannA,LorenzD,Esser P,OmmerB (2022)High-resolution image synthesis
with latent diffusion models. In: Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp 10684–10695

2. Bobadilla J, Ortega F, Hernando A, Gutiérrez A (2013) Recommender systems survey. Knowl-
Based Syst 46:109–132

3. Zhang S, Yao L, Sun A, Tay Y (2019) Deep learning based recommender system: a survey and
new perspectives. ACM Comput Surv (CSUR) 52:1–38

4. Krajbich I, Armel C, Rangel A (2010) Visual fixations and the computation and comparison
of value in simple choice. Nat Neurosci 13:1292–1298

5. Teixeira R, Yamasaki T, AizawaK (2012) Determination of emotional content of video clips by
low-level audiovisual features: a dimensional and categorial experimental approach. Multimed
Tools Appl 61:21–49

6. Li L, Chu W, Langford J, Schapire R (2010) A contextual-bandit approach to personalized
news article recommendation. In: Proceedings Of The 19th international conference on world
wide web, pp 661–670

7. Lu T, Pál D, Pál M (2010) Contextual multi-armed bandits. In: Proceedings Of the thirteenth
international conference on artificial intelligence and statistics, pp 485–492

8. Sohl-Dickstein J, Weiss E, Maheswaranathan N, Ganguli S (2015) Deep unsupervised learning
using nonequilibrium thermodynamics. In: International conference on machine learning, pp
2256-2265

9. Ho J, JainA,Abbeel P (2020)Denoising diffusion probabilisticmodels. AdvNeural Inf Process
Syst 33:6840–6851

10. Song J, Meng C, Ermon S (2020) Denoising diffusion implicit models. ArXiv:2010.02502
11. Song Y, Sohl-Dickstein J, Kingma D, Kumar A, Ermon S, Poole B (2020) Score-based

generative modeling through stochastic differential equations. ArXiv:2011.13456
12. Salimans T, Ho J (2022) Progressive distillation for fast sampling of diffusion models.

ArXiv:2202.00512
13. Ronneberger O, Fischer P, Brox T (2015) U-net: convolutional networks for biomedical image

segmentation. In: Medical image computing and computer-assisted intervention-MICCAI
2015: 18th international conference, Munich, Germany, October 5–9, 2015, proceedings, Part
III 18, pp 234–241

14. Esser P, Rombach R, Ommer B (2021) Taming transformers for high-resolution image synthe-
sis. In: Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp 12873–12883

15. Heitz E, Belcour L, Chambon T (2023) Iterative α-(de)Blending: a minimalist deterministic
diffusion model. arXiv:2305.03486

http://arxiv.org/abs/2010.02502
http://arxiv.org/abs/2011.13456
http://arxiv.org/abs/2202.00512
http://arxiv.org/abs/2305.03486


AdBooster: Personalized Ad Creative Generation Using Stable … 93

16. Radford A, Kim J, Hallacy C, Ramesh A, Goh G, Agarwal S, Sastry G, Askell A, Mishkin P,
Clark J et al (2021) Learning transferable visual models from natural language supervision. In:
International conference on machine learning, pp 8748–8763

17. Nichol A, Dhariwal P, Ramesh A, Shyam P,Mishkin P,McGrewB, Sutskever I, ChenM (2021)
Glide: towards photorealistic image generation and editing with text-guided diffusion models.
arXiv:2112.10741

18. Saharia C, Chan W, Saxena S, Li L, Whang J, Denton E, Ghasemipour K, Gontijo Lopes R,
Karagol Ayan B, Salimans T et al (2022) Others photorealistic text-to-image diffusion models
with deep language understanding. Adv Neural Inf Process Syst 35:36479–36494

19. Ruiz N, Li Y, Jampani V, Pritch Y, Rubinstein M, Aberman K (2023) Dreambooth: fine tuning
text-to-image diffusionmodels for subject-driven generation. In: Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp 22500–22510

20. Zhang L, Agrawala M (2023) Adding conditional control to text-to-image diffusion models.
arXiv:2302.05543

21. Huang L, Chen D, Liu Y, Shen Y, Zhao D, Zhou J (2023) Composer: creative and controllable
image synthesis with composable conditions. arXiv:2302.09778

22. Qin X, Zhang Z, Huang C, Dehghan M, Zaiane O, Jagersand M (2020) U2-Net: going deeper
with nested U-structure for salient object detection. Pattern Recognit 106:107404

23. Li J, Li D, Xiong C, Hoi S (2022) Blip: bootstrapping language-image pre-training for uni-
fied vision-language understanding and generation. In: International conference on machine
learning, pp 12888–12900

24. Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S (2017) Gans trained by a two
time-scale update rule converge to a local nash equilibrium. Adv Neural Inf Process Syst 30

25. Brown T,Mann B, Ryder N, SubbiahM, Kaplan J, Dhariwal P, Neelakantan A, Shyam P, Sastry
G, Askell A et al (2020) Language models are few-shot learners. Adv Neural Inf Process Syst
33:1877–1901

26. Podell D, English Z, Lacey K, Blattmann A, Dockhorn T, Müller J, Penna J, Rombach
R (2023) SDXL: improving latent diffusion models for high-resolution image synthesis.
arXiv:2307.01952

27. KangW, Kim E, Leskovec J, Rosenberg C, McAuley J (2019) Complete the look: scene-based
complementary product recommendation. In: Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp 10532–10541

http://arxiv.org/abs/2112.10741
http://arxiv.org/abs/2302.05543
http://arxiv.org/abs/2302.09778
http://arxiv.org/abs/2307.01952


Advanced Algorithms for Visual Learning
and User Experience in E-Commerce



Efficient Large-Scale Visual
Representation Learning and Evaluation

Eden Dolev, Alaa Awad, Denisa Olteanu Roberts , Zahra Ebrahimzadeh,
Marcin Mejran, Vaibhav Malpani, and Mahir Yavuz

Abstract Efficiently learning visual representations of items is vital for large-scale
fashion recommendations in e-commerce. In this article we compare several pre-
trained efficient backbone architectures, both in the convolutional neural network
(CNN) and in the vision transformer (ViT) family. We describe challenges in e-
commerce vision applications at scale and highlight methods to efficiently train,
evaluate, and serve visual representations. We present ablation studies that evaluate
visual representations in several downstream tasks. To this end, we present a novel
multilingual text-to-image generative offline evaluation method for visually similar
fashion recommendation systems. Finally, we include online results from machine
learning systems deployed in production on a large-scale e-commerce platform.

1 Introduction

Large-scale visual representation learning has emerged as a powerful technique for
addressing a wide range of computer vision tasks. For e-commerce in particular,
techniques have been applied across item recognition, visual search, content moder-
ation, and recommendations [11, 18, 50, 54]. Computer vision plays a critical role in
online fashion [12], especially on e-commerce platforms which curate unique, hand-
made, and vintage items of high visual diversity. It remains a challenge to efficiently
retrieve visually similar items from large-scale, diverse collections of images. User
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queries of images tend to include photos from real-life or uploaded images taken
from another source. However, seller uploaded images tend to have higher qual-
ity, better lighting, clear backgrounds, and face-forward angles. The heterogeneous
sources create a semantic and visual gap when comparing visual similarity, and high
quality visual representations are necessary. Expressive visual representations are
learned through complex and costly deep learning architectures, memory-hungry
high-dimensional vectors, and carefully crafted training regimens. Furthermore, in
search-by-text retrieval, there can be a gap between a text query and the visual
imagination for the sought item, especially in visually intensive applications such as
fashion or interior design. Advances in text-to-image generative AI can help bridge
the gap and the impact of large scale visual models stands to expand across recom-
mender and information retrieval domains. Offline evaluation is of vital importance
for effectively learning visual representations and remains a challenge. Qualitatively
and quantitatively evaluating visual representations can be subjective and often a
ground-truth dataset is not readily available. Visual representations in e-commerce
are also evaluated through the benefit they bring to end users, measured by ad clicks
or item purchases. We evaluate this benefit offline and use it to guide the repre-
sentation learning process. Visual representation learning also presents challenges
to infrastructure. Applications on mobile devices are latency sensitive and efficient
inference is paramount. Furthermore, learning and deploying high quality visual
representations at scale can rapidly exceed departmental budgets on cloud costs and
energy consumption. Efficiency enables increased adoption.

This article presents methods to tackle these challenges effectively by efficiently
designing, learning, and evaluating visual representations. To mitigate for hetero-
geneity of images and for text-query-to-user-stylistic-intent gap in fashion recom-
mendations, we introduce a novel multilingual text-to-image generative method for
visually similar items retrieval and recommendation evaluation.

2 Related Work

Visual representations are used for image-based fashion recommendations [12],
visual search [11, 18, 52], and stylistically complementary fashion recommenda-
tions [20, 23]. However, learning expressive representations [4] and leveraging them
at scale is a costly technical challenge.We can think about efficiency in deep learning
along three axes [33]: efficiency in architecture design, efficiency in training, and
efficiency in inference and serving. Architecture design efficiency. Convolutional
Neural Networks (CNN) first employed for visual representations [14, 44, 46] cap-
tured local spatial patterns in the image, such as edges and corners. Although vision
transformers (ViT) [10] lack the spatial inductive biases of CNN, they outperform
CNN when trained with a large enough amount of data and may be more robust to
domain shifts [5]. However, large vanilla ViT can be expensive to train and serve and
more efficient ViT have emerged [9, 27, 48, 51]. Architectural efficiency is typically
tackled through data efficiency [47], clever pooling [51], layer dropping, efficient
normalization [24, 26], efficient attention [6, 42, 45], or hybrid CNN-transformer
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designs [32, 48]. Training efficiency. Learning efficiency can be achieved through
label efficiency, transfer learning [16, 22, 31], pretraining through self-supervision
[13], or efficient finetuning with compression [17, 40]. Multitask learning [8] is
an efficiency inducer as demonstrated across machine learning problems [2, 3, 37,
39, 53]. Inference and serving efficiency. Visual representations are included in
downstream tasks such as retrieval, ranking and recommendations. Efficient top-k
retrieval is typically achieved through approximate nearest neighbors [19]. In down-
stream rankers, pretrained visual representations can be served as weights within
the saved model checkpoint or as features from key-value stores [1, 2]. In tasks
such as visual search efficient online inference must be achieved through efficient
architectures as well as efficient serving infrastructure [1, 25, 26].

3 Methodology

We compare several readily available pretrained backbones which we finetune under
a few different settings and evaluate comprehensively offline and online. We focus
on finetuning since pretrained weights are publicly available-an efficiency inducer.

3.1 Efficient Architectures in Visual Representation Learning

The EfficientNet uniformly scales the width, depth, and resolution of the network
using a set of fixed scaling coefficients. To upscale we can increase the image size
by γ N , network depth by αN , and width by βN , where γ, α, β are determined by
grid search. We employ EfficientNetB0, the smallest size model in the Efficient-
Net family. We choose Base ViT16 as a standard vanilla transformer baseline.
Figure1 in [26] compares the accuracy versus latency tradeoffs for a few vision
transformer architectures. We experiment with the EfficientFormer l1 and l3, the
data-efficient but high-latency DeiT large [47], and MobileVit [32]. The Efficient-
Formerl3 scores 2.7 ms for iPhone12 inference with 30M parameters, versus Effi-
cientNetB0 at 1.7 ms with 5M parameters (average in 1000 runs) [26]. The Effi-
cientFormer achieves efficiency through multiple blocks downsampling and only
employing attention at the last stage. We visualize attention maps of the Efficient-
Former l3 pretrained backbone in Fig. 2. Similarly to other vision transformer archi-
tectures [38] we see how different heads learn to focus on different salient parts
of the image. To extract the image embedding in CNN models, we replace the
final convolutional layer in the backbone and attach a smaller 256-dimensional
CNN layer for memory efficiency, followed by a batch normalization layer, a
swish activation, and a global average pooling layer which aggregates the convo-
lutional output into the final representation. Then we attach m classification heads,
where m is the number of tasks. If X is the output of the penultimate layer of the
pretrained backbone, then Xembed = Global Avg Pool(Swish(B N (Convd(X)))).
Finally ym = Linearm(Xembed), where y is the prediction from each of the m tasks



100 E. Dolev et al.

Fig. 1 Visual representations power visual search and visually similar recommendations. A query
image (left image) is inferred and the top-k nearest neighbor recommendations are retrieved (right
image)

Fig. 2 Probing the EfficientFormer l3 pretrained representations through attention heatmaps. Image
of a woman wearing a boho chic dress walking on a narrow street between tall buildings

and d = 256. We extract ViT’s last hidden state projected down by a dense layer
with a tanh activation and layer normalization. Then classification heads are added
as for the CNN with batch normalization being swapped for layer normalization.
When extracting a 512d representation from the EfficientFormer, we average pool
the last hidden state and skip the down projection layers.

3.2 Efficient Training

3.2.1 Deep Metric Learning

The predominant approach for learning visual representations that capture similarity
is deep metric learning. We employ a three-instance feed-forward network with
shared parameters. A positive, negative, and anchor image are fed to the network and
triplet loss [15] minimizes the distance between intra-class image representations
and maximize the distance between inter-class image representations. The training
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dataset includes 10 images for each item.Two images for the same itemare considered
positive, while an image for any other item is considered negative. Amajor challenge
with deep metric learning is sampling informative triplets. Sampling negatives that
are too easy results in slow convergence due to near-zero loss while negatives that
are too hard can destabilize training. While larger batch sizes help mining useful
negatives, in practice we are limited by hardware memory constraints. Multitask
classification can mitigate these challenges.

3.2.2 Multitask Learning

Representations learned using common attributes as multiple supervision signals
perform well in diverse downstream tasks, while single-task classification with label
the item’s taxonomy does not capture visual attributes-colors, shapes, materials.
We employ four classification tasks: a top-level taxonomy task with 15 top level
categories of the taxonomy tree as labels; a fine-grained taxonomy task, with 1000
fine-grained leaf node item categories as labels; a primary color task; a fine-grained
taxonomy task (review photos), where each example is a buyer-uploaded review
photo of a purchased item with 100 labels sampled from fine-grained leaf node item
categories (datasets details in Table3). Labels are input by sellers and can be sparse.
For this reason we draw samples from an arbitrary set of disjoint datasets as seen in
Fig. 3. A data sampler interleaves a uniform number of examples from each dataset
into each training minibatch. Each minibatch example has one real label. We set all
other labels to the sentinel value −1 and exclude it from loss calculation. A layer
rescales, resizes, crops, rotates, and jitters the images at train time. For CNNs, we
train new layers from scratch for one epoch with the backbone layers frozen, to avoid
excessive computation and overfitting. We then unfreeze 75 layers from the top of
the backbone and finetune for nine additional epochs. For efficiency we finetune with
a 224 × 224 resolution since longer sequences from the recommended 384 × 384
[10] lead to larger training budgets. Most of the ViT output a down-projected 256d
representation, finetuned togetherwith the backbone for a constant number of epochs.

Fig. 3 Multitask visual representations training architecture. The data sampler combines examples
from an arbitrary number of datasets corresponding to respective classification heads. The visual
representation layer is shared before the heads
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3.3 Evaluating Visual Representations for Efficient Learning

Next we present offline evaluation methods and heterogeneous proprietary datasets
which can be employed to guide thefinetuning of visual representationmodels toward
accuracy on specific downstream tasks, such as visually similar recommendations.

3.4 Offline Retrieval Evaluation Methods

We design an evaluation method to track model performance during and after train-
ing on four nearest neighbor retrieval tasks. Each evaluation task has two associ-
ated datasets: “queries” and “candidates”. The “candidates” dataset feeds a brute
force nearest neighbor index, and the “queries” dataset is used to look up K near-
est neighbors in the index. The index is constructed on the fly after each epoch to
accommodate for embeddings changing. A Keras callback is invoked to compute
a Recall@K metric for K ∈ {5, 10} for each task. The “example-wise recall” over
N examples is R@K = T PK

N , where the number of true positives, T P is defined

as T PK = ∑N
i=1

(

1[yi, j∈K = yi,query]
)

. Each example that yields at least one true

positive in its K candidates is considered a positive example. We can use these
Recall@K metrics to efficiently early stop the neural network training. The “Intra-
Item” dataset contains groups of seller-uploaded images (several for each item). The
query and candidate examples consist of randomly selected images of an item (all
seller-uploaded). In the “Intra-Item with Reviews” dataset the query image is a ran-
domly selected buyer-uploaded review image of an item and seller-uploaded images
are candidate examples. For both datasets, a candidate image is considered a positive
example if it is associated with the same item as the query image. “Visually Similar
Ad Clicks” associates seller-uploaded images of items seen on the visually simi-
lar surface on mobile with those that have been subsequently clicked. A candidate
image is considered a positive example if its associated item has been clicked by a
user when viewing the query image. Each evaluation dataset contains 15,000 records
for building the index and 5,000 query images to look up the index.

3.5 Offline Evaluation Method Using Efficient Text-to-Image
Diffusion Models

Language guided counterfactual test images are used in [36] to stress test image
classification models. Building on this concept we propose a novel method for visual
representations evaluation using text-to-image diffusion models. From ample histor-
ical multilingual text query logs we build a retrieval dataset that bridges the semantic
gap between text-based queries and clicked image candidates. A diffusion model
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[41, 43] generates high-quality images which become image queries. The “candi-
dates” are images from clicked items corresponding to the source text query in the
logs. The source-candidate image pairs form the new evaluation dataset which is then
used within the retrieval callbacks. Any given user typing a text query has a different
imagination of what that garment might look like, so we generate several images for
each query. To mathematically formalize, let us consider a prior p(σ ), where σ is
the intrinsic (unknown) user’s fashion style parameter, σ ∈ S, and S is the fashion
style space. We generate a random sample of length n from the conditional distribu-
tion p(x, σ |q) over all possible images x ∈ X that can be generated from the seed
text query q, for all fashion styles σ ∈ S. Then, by Bayes’ Rule, the selected image
queries are generated by the conditional process p(x|q, σ ) ∝ p(x,σ |q)

p(σ |q)
. For simplicity,

we employ the uniform distribution, but other probability distributions can be used.
We randomly select one of the n generated images to replace the text query with an
image query. Large memory requirements and high inference latency are challenges
in employing text-to-image generative models at scale. Efficient text-to-image gen-
eration is an area of active research [7, 25, 28]. We employ an open source [35]
fast stable diffusion model through token merging [7]. The method provides a 50%
speedup of inference, with five times memory consumption reduction, though results
depend on the underlying patched model. The query dataset starts with 5,000 text
queries and the index dataset has 41,000 examples, with several clicked candidates
for each query. A qualitative assessment in Figs. 4 and 5 shows a generated sample
for the English text query “Black bohemian maxi dress with orange floral pattern”.
The generated images include pleasant variations. Interestingly, the fashion models’
facial details can suffer some loss while garment patterns remain clear. The diffu-
sion model is multilingual like other transformers in IR [21, 34]. By generating via
the French translation of the text query, “Robe longue noire boheme a motif fleur
orange”, the images display a somewhat French style.

Fig. 4 Text-to-image generation. Random sample of n generated image queries for the English
text query “Black bohemian maxi dress with orange floral pattern”

Fig. 5 Text-to-image generation. Random sample of n generated image queries for the French text
query “Robe longue noire boheme a motif fleur orange”
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4 Experiments

4.1 Ablation Studies

The experiments aim to answer the research questions: “Which architectures per-
form best?” “Which training paradigm perform best?”. Only the EfficientNetB0 is
finetuned in the triplet learning paradigm. All the ViT pretrained weights, publicly
available from [49], are finetuned in single-task (ST) classification or multitask with
three (MT1) or four tasks (MT2). Additionally, we compare the performance of a
linear probe, where we only train the added classification head and keep pretrained
weights frozen for the CNN. Projecting down the ViT representation to 256d poses
a challenge for evaluation of a vision transformer in the zero-shot paradigm. Thus
we employ a pseudo zero-shot method which finetunes all layers on eight examples
to lightly update the down-projection layer. Classification accuracy metrics are in
Table1 and retrieval callback metrics are in Table2. All results are for the 256d rep-
resentation in all tables, unless otherwise noted. The multitask finetuned ViT Base16
outperforms the other architectures in classification accuracy, but it comes at the cost
of high latency, which makes it unusable in latency sensitive applications where the
query image is inferred online. The triplet embeddings with EfficientNetB0 win in
the evaluation task closest to the metric learning task they were trained on. Even
when strong pretrained backbones are available, there is no substitute for a carefully
crafted model and finetuning. To evaluate uncertainty, we ran three iterations with
different random seeds and we include the upper bound for metrics‘ standard devi-
ations in Table2. The numbers for Table1 are on the same scale. Table3 gives the
hyperparameters for finetuning allmodels.We evaluated theEfficientNetB0256d and
the EfficientFormerl3 512d representations (finetuned in MT2) using the generated
text-to-image queries dataset. On this task, the CNN achieves the best Recall@10
at epoch six (0.0438) and the efficient ViT gets a +2% lift in 12 epochs. This is a
challenging evaluation tasks for a few reasons. The clicks are biased toward the pro-
duction search-by-text system that produced them so absolute values are less relevant.
The generative diffusion model displays higher errors than in controlled experiments
when employed with actual user queries, which are short and lacking garment detail.
Prompt engineering for text queries may improve the process. This is early research
which hopefully opens a path for other generative AI-fueled approaches.

4.2 Offline Experiment Results in Additional Downstream
Tasks

In Table4 we compare how several representations perform offline as inputs in two
additional downstream tasks beyond visually similar recommendations: an ad click
prediction task and a candidate generator for recommendation ads. The baselines are
the models without the visual input. The inclusion of EfficientNetB0-based triplet-
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Table 1 Classification accuracy metrics. MT1 stands for multitask learning with three tasks, while
MT2 has four tasks (MT1+review photos label); ST is single-task classification
Training
architec-
ture

Model architecture Top-level taxonomy Fine-grained
taxonomy

Primary color Fine-grained
taxonomy (reviews)

Top1-
Acc

Top5-
Acc

Top1-
Acc

Top5-
Acc

Top1-
Acc

Top5-
Acc

Top1-
Acc

Top5-
Acc

ST
Linear
Probe

EfficientNetB0
Backbone

– – 0.2035 0.4065 – – – –

MT2
Linear
Probe

EfficientNetB0
Backbone

0.5084 0.8583 0.2000 0.4171 0.3681 0.7990 0.1581 0.3501

Single-
task

EfficientNetB0
Backbone

– – 0.2883 0.5230 – – – –

MT1 EfficientNetB0
Backbone

0.5980 0.8947 0.2824 0.5174 0.4890 0.8576 – –

MT2 EfficientNetB0
Backbone

0.6206 0.8992 0.2905 0.5292 0.5040 0.8618 0.2137 0.4305

Pseudo
Zero-
Shot

ViT Base16 Backbone – – 0.0007 0.0052 – – – –

ST ViT Base16 Backbone – – 0.3606 0.6239 – – – –

MT1 ViT Base16 Backbone 0.6760 0.9250 0.3560 0.6120 0.5800 0.8900 – –

MT2 ViT Base16 Backbone 0.6800 0.9300 0.3700 0.6300 0.5700 0.8900 0.2700 0.5300

ST DeiT Backbone – – 0.2590 0.5187 – – – –

MT2 DeiT Backbone 0.6693 0.9215 0.3441 0.6006 0.5657 0.8866 0.2603 0.5048

ST MobileVit xSmall
Backbone

– – 0.2303 0.4594 – – – –

MT2 MobileVit xSmall
Backbone

0.6023 0.8955 0.2577 0.4912 0.5242 0.8752 0.1876 0.3942

MT2 EfficientFormerl1
Backbone 256

0.6203 0.9006 0.2981 0.5305 0.523 0.8682 0.2175 0.4398

MT2 EfficientFormerl1
Backbone 448

0.6203 0.9000 0.2981 0.5301 0.5230 0.8882 0.2175 0.4398

ST EfficientFormerl3
Backbone 256

– – 0.3018 0.5298 – –

ST EfficientFormerl3
Backbone 512

– – 0.3076 0.5561 – – – –

MT2 EfficientFormerl3
Backbone 256

0.6345 0.9037 0.3128 0.5458 0.5169 0.8600 0.2332 0.4583

MT2 EfficientFormerl3
Backbone 512

0.6425 0.9080 0.3079 0.5457 0.5509 0.8804 0.2269 0.4477

learned embedding leads to the largest AUC metrics lift in the CTR prediction. In
the retrieval task, all finetuned variants perform similarly, with EfficientNetB0 M2
outperforming others slightly in Recall@1000. However, we have not evaluated the
EfficientFormer-learned representations in these downstream tasks yet.
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Table 2 Recall@5 and Recall@10 metrics and standard deviations for three different similarity
tasks. MT1 stands for multitask classification with three tasks, while MT2 has four tasks; ST is
single-task classification
Training
architecture

Model architecture Item-item retrieval Review-item retrieval Visually-similar clicks

R@5 R@10 R@5 R@10 R@5 R@10

Triplet Pretrained
EfficientNetB0
Backbone

0.6963
(0.002)

0.7195
(0.002)

0.2204
(0.001)

0.2566
(0.001)

0.6565 (0.002) 0.7248
(0.002)

Triplet Finetuned
EfficientNetB0
Backbone

0.8421
(0.005)

0.8592
(0.005)

0.3539
(0.001)

0.4069
(0.002)

0.6875 (0.002) 0.7562
(0.004)

Zero-Shot EfficientNetB0
Backbone

0.7226
(0.004)

0.7527
(0.004)

0.2781
(0.001)

0.3174
(0.001)

0.7150 (0.004) 0.7839
(0.004)

ST Linear
Probe

EfficientNetB0
Backbone

0.7258
(0.004)

0.7565
(0.004)

0.2870
(0.001)

0.3335
(0.001)

0.7375 (0.004) 0.8104
(0.005)

MT2 Linear
Probe

EfficientNetB0
Backbone

0.7335
(0.004)

0.7661
(0.004)

0.3039
(0.001)

0.3550
(0.001)

0.7526 (0.004) 0.8260
(0.005)

ST EfficientNetB0
Backbone

0.7272
(0.004)

0.7619
(0.005)

0.2781
(0.001)

0.3321
(0.001)

0.7210 (0.004) 0.7956
(0.005)

MT1 EfficientNetB0
Backbone

0.7573
(0.004)

0.7890
(0.004)

0.3021
(0.001)

0.3545
(0.001)

0.7439 (0.004) 0.8182
(0.005)

MT2 EfficientNetB0
Backbone

0.7674
(0.004)

0.7994
(0.005)

0.3455
(0.001)

0.3990
(0.002)

0.7691 (0.004) 0.8456
(0.005)

Pseudo
Zero-Shot

ViT Base16
Backbone

0.6903
(0.003)

0.7208
(0.004)

0.2506
(0.001)

0.2989
(0.001)

0.5883 (0.002) 0.6577
(0.002)

ST ViT Base16
Backbone

0.7035
(0.003)

0.7378
(0.003)

0.2925
(0.001)

0.3493
(0.001)

0.6467 (0.003) 0.7223
(0.002)

MT1 ViT Base16
Backbone

0.7435
(0.004)

0.7758
(0.004)

0.3140
(0.001)

0.3745
(0.001)

0.6311 (0.002) 0.7056
(0.002)

MT2 ViT Base16
Backbone

0.7634
(0.004)

0.7938
(0.004)

0.3598
(0.002)

0.4240
(0.002)

0.6860 (0.003) 0.7670
(0.003)

ST DeiT Backbone 0.7332
(0.003)

0.7659
(0.003)

0.3291
(0.001)

0.3870
(0.001)

0.6922 (0.003) 0.7717
(0.004)

MT2 DeiT Backbone 0.7697
(0.004)

0.7956
(0.005)

0.3635
(0.001)

0.4250
(0.002)

0.6900 (0.004) 0.7641
(0.004)

ST MobileVit xSmall
Backbone

0.6376
(0.003)

0.6786
(0.003)

0.2239
(0.001)

0.2739
(0.001)

0.5886 (0.004) 0.6708
(0.004)

MT2 MobileVit xSmall
Backbone

0.7241
(0.004)

0.7597
(0.004)

0.2984
(0.001)

0.3604
(0.001)

0.6770 (0.003) 0.7501
(0.004)

MT2 EfficientFormerl1
Backbone 256

0.7568
(0.004)

0.7866
(0.005)

0.3515(0.001) 0.409(0.001) 0.736(0.003) 0.8075(0.005)

MT2 EfficientFormerl1
Backbone 448

0.7929
(0.005)

0.8139
(0.005)

0.3840
(0.001)

0.4391
(0.002)

0.76631(0.004) 0.8345(0.005)

ST EfficientFormerl3
Backbone 256

0.7086
(0.004)

0.7398
(0.004)

0.2977(0.001) 0.3889(0.001) 0.6831(0.002) 0.7582(0.004)

ST EfficientFormerl3
Backbone 512

0.7642
(0.003)

0.7904
(0.004)

0.3364
(0.001)

0.3892
(0.001)

0.7232(0.004) 0.7938(0.004)

MT2 EfficientFormerl3
Backbone 256

0.7694(0.005) 0.8007(0.005) 0.3651(0.001) 0.4242(0.002) 0.7212(0.002) 0.7987(0.005)

MT2 EfficientFormerl3
Backbone 512

0.8053
(0.005)

0.8291
(0.005)

0.4116
(0.002)

0.4659
(0.002)

0.78(0.005) 0.84 (0.005)
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Table 3 Finetuning hyperparameters. MT stands for “multitask”

Config Triplet Effi-
cientNetB0

MT Efficient-
NetB0

MT ViT B16 MT Efficient-
Formerl3

MT Efficient-
Formerl1

Optimizer Adam Adam Adam AdamW [30] AdamW

Adam β1 0.9 0.9 0.9 0.9 0.9

Adam β2 0.999 0.999 0.999 0.999 0.999

Adam ε 1e-08 1e-08 1e-07 1e-07 1e-07

Weight decay 0.00 0.00 0.01 0.05 0.01

Average step
Time

21 ms 200 ms 76 ms 37 ms 18 ms

Batch size
(train)

512 256 64 128 64

Batch size
(validation)

256 256 128 128 128

Input size 224× 224× 3 224× 224× 3 224× 224× 3 224× 224× 3 224× 224× 3

Machine type
(training)

2 P100 2 P100 2 P100 2 P100 2 P100

Machine type
(validation)

2 P100 2 P100 2 P100 2 P100 2 P100

Learning rate 0.0001 0.0001 0.0001 0.0008 0.0002

Loss Triplet CE CE CE CE

Learning rate
Scheduler

Cosine [29] Cosine Polynomial Cosine Polynomial

Num epochs 10 10 5 12 10

Num
parameters
New Layers
(trainable)

737,792 1,260,014 719,598 653,038 637,100

Num
parameters
(trainable)

2,977,472 3,888,234 87,109,870 31,033,550 12,029,094

Num
parameters
(total)

4,373,155 4,895,889 87,111,918 31,101,586 12,063,415

Triplet margin 0.2 – – – –

Num train
examples

802,822 715,440 715,440 715,440 715,440

Num
validation
examples

91,576 78,000 78,000 78,000 78,000
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Table 4 Ablation studies showing offline % lift for various pretrained visual representations used
in the downstream click prediction task in ad ranking (CTR), and candidate generation for recom-
mendation ads (AIR)

Training
architecture

Model architecture CTR IR

ROC-AUC PR-AUC R@100 R@1000

No visual
inputs

No visual inputs – – – –

Triplet EfficientNetB0 backbone +0.64% +2.04% +7.58% +6.91%

Multitask EfficientNetB0 backbone +0.56% 0.0% +5.93% +6.98%

Multitask ViT Base16 backbone +0.62% +1.9% +4.38% +6.05%

Pseudo
zero-shot

ViT Base16 backbone +0.32% +0.47% +0.09% +0.75%

Table 5 Statistically significant online A/B experiment results (p-value ≤ 0.001) using visual
representations in e-commerce applications
Online metric Ad

information
retrieval

Ad similar
items recom-
mendations

Visually similar
recommendations

Sponsored-search
ranking

Ad recom-
mendations
matching

Ad recom-
mendations
ranker

iOS Android CTR PCCVR

Ad-
recommendation
clicked

+3.97% +6.25% +0.73% +0.11% – –

Ad-Sitewide-
CTR

+0.97% +0.77% −0.65% +0.38% +2.55% −0.02%

Ad-Sitewide-
Clicks

+1.05% +0.70% +0.73% +1.61% +2.07% −0.48%

Ad-return-on-
spend

-0.40% +0.31% +1.92% – +1.02% +3.51%

Ads-post-click
purchase rate

– – – +1.18% +0.29% +1.26%

4.3 Online Experiments

To further evaluate the quality of the representations, we A/B test EfficientNetB0
MT2 across visual applications at Etsy with results in Table5. The details of the
online experimentation platform are out of scope but in line with standard A/B
testing. EfficientFormerl3 MT2 led to a further +0.65% lift in CTR and purchase
rate in a first visually similar ads experiment. In Table5 we can see lift in metrics
when including visual representations in sponsored search post-click conversion
rate prediction [1] and ranking functions, as well as in learning other embeddings for
candidate generation. TheEfficientNetB0MT2 representations first powered visually
similar ad recommendations in Fig. 1, as well as the first search-by-image shopping
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experience on the same e-commerce platform. Users search using photos taken with
their mobile phone’s camera and the query image embedding is inferred efficiently
online.

5 Conclusion

In this article we present a holistic approach to learning and evaluating image rep-
resentations in an efficient manner and the benefits derived by employing these
representations in downstream tasks, such as visually similar recommendations. We
contrast backbones and transfer learning methods. We present four offline evalu-
ation tasks, including a novel text-to-image generative method. We show ablation
studies and offline and online results in multiple downstream tasks. Learning visual
representations is of paramount importance in visually rich e-commerce and online
fashion applications. Doing so efficiently is a challenging goal made possible by
advances in the field of efficient deep learning in computer vision.

References

1. Awad A, Roberts D, Dolev E, Heyman A, Ebrahimzadeh Z, Weil Z, Mejran M, Malpani
V, Yavuz M (2023) Adsformers: personalization from short-term sequences and diversity of
representations in etsy ads

2. Beal J, Wu, HY, Park, DH, Zhai A, Kislyuk D (2022) Billion-scale pretraining with vision
transformers for multi-task visual representations. In: Proceedings of the IEEE/CVF winter
conference on applications of computer vision, pp 564–573

3. Bell S, Liu Y, Alsheikh S, Tang Y, Pizzi E, Henning M, Singh K, Parkhi O, Borisyuk F (2020)
Groknet: unified computer vision model trunk and embeddings for commerce. In: Proceedings
of the 26th ACM SIGKDD international conference on knowledge discovery & data mining,
pp 2608–2616. https://dl.acm.org/doi/abs/10.1145/3394486.3403311

4. Bengio Y, Courville A, Vincent P (2013) Representation learning: a review and new perspec-
tives. IEEE Trans Pattern Anal Mach Intell 35(8):1798–1828

5. Bhojanapalli S, Chakrabarti A, Glasner D, Li D, Unterthiner T, Veit A (2021) Understanding
robustness of transformers for image classification. In: Proceedings of the IEEE/CVF interna-
tional conference on computer vision, pp 10231–10241

6. Bolya D, Fu CY, Dai X, Zhang P, Hoffman J (2022) Hydra attention: efficient attention with
many heads. In: European conference on computer vision, pp 35–49. Springer

7. Bolya D, Hoffman J (2023) Token merging for fast stable diffusion. In: Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp 4598–4602

8. Caruana R (1997) Multitask learning. Mach Learn 28:41–75
9. Dong X, Bao J, Chen D, Zhang W, Yu N, Yuan L, Chen D, Guo B (2022) CSWin transformer:

a general vision transformer backbone with cross-shaped windows. In: Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp 12124–12134

10. Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner T, Dehghani M,
Minderer M, Heigold G, Gelly S, et al (2020) An image is worth 16× 16 words: transformers
for image recognition at scale. In: International conference on learning representations

11. DuM, Ramisa A, KCAK, Chanda S,WangM, RajeshN, Li S, HuY, Zhou T, Lakshminarayana
N, et al (2022) Amazon shop the look: a visual search system for fashion and home. In:

https://dl.acm.org/doi/abs/10.1145/3394486.3403311


110 E. Dolev et al.

Proceedings of the 28th ACM SIGKDD conference on knowledge discovery and data mining,
pp 2822–2830. https://dl.acm.org/doi/abs/10.1145/3534678.3539071

12. Elsayed S, Brinkmeyer L, Schmidt-Thieme L (2022) End-to-end image-based fashion recom-
mendation. In: Workshop on recommender systems in fashion and retail. Springer, pp 109–119

13. He K, Chen X, Xie S, Li Y, Dollár, P, Girshick R (2022) Masked autoencoders are scalable
vision learners. In: Proceedings of the IEEE/CVF conference on computer cision and pattern
recognition, pp 16000–16009

14. He K, Zhang X, Ren S, Sun J (2016) Deep residual learning for image recognition. In: Pro-
ceedings of the IEEE conference on computer vision and pattern recognition, pp 770–778

15. Hoffer E, Ailon N (2015) Deep metric learning using triplet network. In: Similarity-based
pattern recognition: third international workshop, SIMBAD 2015, Copenhagen, Denmark,
October 12–14, 2015. Proceedings, vol 3. Springer, pp 84–92

16. Hoffman J, Rodner E, Donahue J, Darrell T, Saenko K (2013) Efficient learning of domain-
invariant image representations

17. Hu EJ, Wallis P, Allen-Zhu, Z, Li Y, Wang S, Wang L, Chen W, et al (2021) Lora: low-rank
adaptation of large language models. In: International conference on learning representations

18. Jing Y, Liu D, Kislyuk D, Zhai A, Xu J, Donahue J, Tavel S (2015) Visual search at pinterest.
In: Proceedings of the 21th ACM SIGKDD international conference on knowledge discovery
and data mining, pp 1889–1898. https://dl.acm.org/doi/abs/10.1145/2783258.2788621

19. Johnson J, Douze M, Jégou H (2019) Billion-scale similarity search with GPUs. IEEE Trans
Big Data 7(3):535–547

20. Kang WC, Kim E, Leskovec J, Rosenberg C, McAuley J (2019) Complete the look: scene-
based complementary product recommendation. In: Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp 10532–10541 (2019)

21. Lavi D (2021) Learning to match job candidates using multilingual bi-encoder bert. In: Pro-
ceedings of the 15th ACM conference on recommender systems, pp 565–566

22. Li C, Yang J, Zhang P, Gao M, Xiao B, Dai X, Yuan L, Gao J (2021) Efficient self-supervised
vision transformers for representation learning. In: International conference on learning repre-
sentations

23. Li E, Kim E, Zhai A, Beal J, Gu K (2020) Bootstrapping complete the look at Pinterest. In:
Proceedings of the 26th ACM SIGKDD international conference on knowledge discovery &
data mining, pp 3299–3307. https://dl.acm.org/doi/abs/10.1145/3394486.3403382

24. Li Y, Hu J, Wen Y, Evangelidis G, Salahi K, Wang Y, Tulyakov S, Ren J (2022) Rethinking
vision transformers for mobilenet size and speed

25. Li Y, Wang H, Jin Q, Hu J, Chemerys P, Fu Y, Wang Y, Tulyakov S, Ren J (2023) Snapfusion:
text-to-image diffusion model on mobile devices within two seconds

26. Li Y, Yuan G, Wen Y, Hu J, Evangelidis G, Tulyakov S, Wang Y, Ren J (2022) Efficientformer:
vision transformers at mobilenet speed. Adv Neural Inf Process Syst 35:12934–12949

27. Liu Z, Lin Y, CaoY, HuH,Wei Y, Zhang Z, Lin S, Guo B (2021) Swin transformer: hierarchical
vision transformer using shifted windows. In: Proceedings of the IEEE/CVF international
conference on computer vision, pp 10012–10022

28. Liu Z, Feng R, Zhu K, Zhang Y, Zheng K, Liu Y, Zhao D, Zhou J, Cao Y (2023) Cones: concept
neurons in diffusion models for customized generation

29. Loshchilov I, Hutter F (2016) Sgdr: stochastic gradient descent with warm restarts. In: Inter-
national conference on learning representations

30. Loshchilov I, Hutter F (2018) Decoupled weight decay regularization. In: International con-
ference on learning representations

31. Luo Z, Zou Y, Hoffman J, Fei-Fei LF (2017) Label efficient learning of transferable represen-
tations acrosss domains and tasks. Adv Neural Inf Process Syst 30

32. Mehta S, Rastegari M (2021) MobileViT: light-weight, general-purpose, and mobile-friendly
vision transformer. In: International conference on learning representations

33. Menghani G (2023) Efficient deep learning: a survey on making deep learning models
smaller, faster, and better. ACM Comput Surv 55(12):1–37. https://dl.acm.org/doi/abs/10.
1145/3578938

https://dl.acm.org/doi/abs/10.1145/3534678.3539071
https://dl.acm.org/doi/abs/10.1145/2783258.2788621
https://dl.acm.org/doi/abs/10.1145/3394486.3403382
https://dl.acm.org/doi/abs/10.1145/3578938
https://dl.acm.org/doi/abs/10.1145/3578938


Efficient Large-Scale Visual Representation Learning and Evaluation 111

34. Olteanu Roberts DA (2021) Multilingual evidence retrieval and fact verification to combat
global disinformation: the power of polyglotism. In: European conference on information
retrieval, pp 359–367

35. von Platen P, Patil S, Lozhkov A, Cuenca P, Lambert N, Rasul K, Davaadorj M, Wolf T (2022)
Diffusers: state-of-the-art diffusion models. https://github.com/huggingface/diffusers

36. Prabhu V, Yenamandra S, Chattopadhyay P, Hoffman J (2023) Lance: stress-testing visual
models by generating language-guided counterfactual images

37. Radford A, Wu J, Child R, Luan D, Amodei D, Sutskever I et al (2019) Language models are
unsupervised multitask learners. OpenAI blog 1(8):9

38. Raghu M, Unterthiner T, Kornblith S, Zhang C, Dosovitskiy A (2021) Do vision transformers
see like convolutional neural networks? Adv Neural Inf Process Syst 34:12116–12128

39. Roberts D (2019) Neural networks for lorenz map prediction: a trip through time
40. Roberts DA, Roberts LR (2020) Qr and lq decomposition matrix backpropagation algorithms

for square, wide, and deep–real or complex–matrices and their software implementation
41. RombachR,BlattmannA,LorenzD,Esser P,OmmerB (2022)High-resolution image synthesis

with latent diffusion models. In: Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp 10684–10695

42. Ryali C, Hu YT, Bolya D, Wei C, Fan H, Huang PY, Aggarwal V, Chowdhury A, Poursaeed O,
Hoffman J et al (2023) Hiera: a hierarchical vision transformer without the bells-and-whistles
(2023)

43. Saharia C, Chan W, Saxena S, Li L, Whang J, Denton EL, Ghasemipour K, Gontijo Lopes R,
Karagol Ayan B, Salimans T et al (2022) Photorealistic text-to-image diffusion models with
deep language understanding. Adv Neural Inf Process Syst 35:36479–36494

44. SandlerM,HowardA,ZhuM,ZhmoginovA,ChenLC (2018)MobileNetV2: inverted residuals
and linear bottlenecks. In: Proceedings of the IEEEConference onComputerVision and Pattern
Recognition, pp 4510–4520

45. Shaker A, Maaz M, Rasheed H, Khan S, Yang MH, Khan FS (2023) Swiftformer: efficient
additive attention for transformer-based real-time mobile vision applications

46. Tan M, Le Q (2019) EfficientNet: rethinking model scaling for convolutional neural networks.
In: International conference on machine learning, pp 6105–6114. PMLR

47. Touvron H, CordM, DouzeM,Massa F, Sablayrolles A, Jégou H (2021) Training data-efficient
image transformers & distillation through attention. In: International conference on machine
learning. PMLR, pp 10347–10357

48. Vasu PKA, Gabriel J, Zhu J, Tuzel O, Ranjan A (2023) Fastvit: a fast hybrid vision transformer
using structural reparameterization

49. Wolf T,Debut L, SanhV,Chaumond J,DelangueC,MoiA,Cistac P, Rault T, LoufR, Funtowicz
M, et al (2019) Huggingface’s transformers: state-of-the-art natural language processing

50. Yang F, Kale A, Bubnov Y, Stein L, Wang Q, Kiapour H, Piramuthu R (2017) Visual search
at eBay. In: Proceedings of the 23rd ACM SIGKDD international conference on knowledge
discovery & data mining, pp 2101–2110

51. Yu W, Luo M, Zhou P, Si C, Zhou Y, Wang X, Feng J, Yan S (2022) Metaformer is actually
what you need for vision. In: Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp 10819–10829

52. Zhai A, Kislyuk D, Jing Y, Feng M, Tzeng E, Donahue J, Du YL, Darrell T (2017) Visual
discovery at Pinterest. In: Proceedings of the 26th international conference on world wide web
companion, pp 515–524

53. Zhai A, Wu HY, Tzeng E, Park DH, Rosenberg C (2019) Learning a unified embedding for
visual search at pinterest. In: Proceedings of the 25th ACM SIGKDD international conference
on knowledge discovery & data mining, pp 2412–2420

54. Zhang Y, Pan P, Zheng Y, Zhao K, Zhang Y, Ren X, Jin R (2018) Visual search at Alibaba. In:
Proceedings of the 24th ACM SIGKDD international conference on knowledge discovery &
data mining, pp 993–1001. https://dl.acm.org/doi/abs/10.1145/3219819.3219820

https://github.com/huggingface/diffusers
https://dl.acm.org/doi/abs/10.1145/3219819.3219820


Diversify and Conquer: Bandits
and Diversity for an Enhanced
E-commerce Homepage Experience

Sangeet Jaiswal, Korah T. Malayil, Saif Jawaid, and Sreekanth Vempati

Abstract In the realm of e-commerce, popular platforms utilize widgets to rec-
ommend advertisements and products to their users. However, the prevalence of
mobile device usage on these platforms introduces a unique challenge due to the
limited screen real estate available. Consequently, the positioning of relevant wid-
gets becomes pivotal in capturing and maintaining customer engagement. Given the
restricted screen size of mobile devices, widgets placed at the top of the interface are
more prominently displayed and thus attract greater user attention. Conversely, wid-
gets positioned further down the page require users to scroll, reducing visibility and
subsequent lower impression rates. Therefore it becomes imperative to place relevant
widgets on top. However, selecting relevant widgets to display is a challenging task
as the widgets can be heterogeneous, widgets can be introduced or removed at any
given time from the platform. In this work, we model the vertical widget reordering
as a contextual multi-arm bandit problemwith delayed batch feedback. The objective
is to rank the vertical widgets in a personalized manner. We present a two-stage rank-
ing framework that combines contextual bandits with a diversity layer to improve
the overall ranking. We demonstrate its effectiveness through offline and online A/B
results, conducted on proprietary data from Myntra, a major fashion e-commerce
platform in India.
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1 Introduction

In the world of e-commerce, the website or app real estate holds significant value
and serves as a key catalyst in shaping user experience, engagement, and conversion
rates.Most homepages have distinct sections, comprising variouswidgets that feature
diverse content such as product recommendations, monetization products and ads,
promotions, and sale details. As the number of widgets increases, the demand for a
systematic and relevant display order becomes more pronounced. Our data reveals
that, on average, users scroll down the homepage up to three times and click on
widgets within the first two scrolls.

Addressing this challenge posed a few hurdles in our context, Widgets are owned
by different teams, and slotting them properly requires domain knowledge and vali-
dation through A/B tests, which is time-consuming and also not feasible sometimes.
The notion of a widget ID is not tangible since the same widget can be represented
with different widget IDs in different layouts. Widgets are also heterogeneous, for
example, they can be banners, awareness campaigns, product carousels, engage-
ments (videos), order tracking cards, etc. The contents of these widgets are powered
by different recommendation models and are personalized to the user. Hence the
representation of these widgets needs to be learned without considering the content.
Specifically, the particular brands or products within these widgets are not available
as signals to the ranker due to system constraints.

For this reason, we have engineered new features such as Core theme, Widget
intent, etc. to identify what type of content is being showcased through the widgets.
These have been instrumented as mandatory fields to be filled by business teams
while creating/deploying new widgets and layouts.

Existing approaches to tackle ranking problems like this rely on having sufficient
historical data [5, 18] to predict user preferences. However, a limitation arises when
there is minimal data about a new content item, hindering effective recommenda-
tions. This issue, known as the “item cold-start problem” arises especially when
introducing novel item types to a platform. To overcome the item cold-start problem
and provide effective recommendations, the Multi-Armed Bandit (MAB) approach
[21] is proposed. MAB balances the exploitation of known user preferences with
the exploration of new items. Contextual bandit algorithms, a type of MAB, utilize
context information, including user and item representations, to achieve improved
performance. By assuming a linear relationship between the expected reward and
context, contextual bandit algorithms can enhance recommendations in cold-start
scenarios with limited data about newly added items [1, 6].

Contributions. In this research paper, we utilize the contextual bandit framework
to tackle the challenge of optimizing the order of widgets to enhance the customer
experience on our mobile shopping app. Our contributions include:

• Implementing a contextual bandit framework with diversity for dynamic widget
reordering in real-time.

• Demonstrate superiority of bandit learning in a dynamic environment by compar-
ing the Linear UCB model against a more complex supervised XGBoost model
(Fig. 1).
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Fig. 1 Example of widgets and layout on our home page: a different set of users can be assigned
to different layouts, each with its own set of widgets that may not be mutually exclusive

2 Related Work

Ever since multi-armed bandits [21] were introduced, there has been substantial
research and industry implementation in various domains such as personalized rec-
ommendations [14], dynamic product pricing [15] and portfolio optimisation [10].
Multi-armed bandits are algorithms that make decisions over time by balancing
the exploration and exploitation of different options(arms) such that the cumula-
tive reward over time gets maximized. Contextual bandits are an extension of the
multi-armed bandit problem [13, 16, 23] where at each round the decision maker
has access to some context related to the arms before deciding which arm to chose.
These have emerged as a powerful approach in recent years, outperforming tradi-
tional recommender systems by effectively addressing the challenge of cold start
cases. One notable algorithm in this context is LinUCB, which was introduced
by [14]. It assumes a linear payoff model, where the expected payoff or reward
of an action is a linear function of the associated context features. LinUCB has also
shown good empirical performance in [12] even when the problemwas not linear. To
obtain rankings from traditional MAB, we assume that each widget is regarded as an
independent arm and use its score for ranking. However, this assumption might not
hold in practice, as widgets could have interdependencies. Another approach could
involve creating individual Multi-Armed Bandits (MABs) for each ranking position.
In this method, we would treat each widget as an arm within the MAB. The MABs’
outcomes would be influenced by the previously selected arms, as displaying the
same widget multiple times would not be allowed, similar to the principles of the



116 S. Jaiswal et al.

Ranked Bandit Algorithm (RBA) [17]. Nevertheless, this approach also falls short
of adequately exploring the interdependencies among widgets and requires manag-
ing multiple algorithms simultaneously. In our approach, we have represented each
widget with an embedding following the suggestion mentioned in [19] to capture
interdependencies among widgets. Recently, there have been notable studies explor-
ing various approaches to address ranking problems, Kangas et al. investigated the
use of Evolutionary algorithms to model combinatorial bandits to tackle such prob-
lems [11]. In another research, the integration ofDeepNeuralNetworkswithLinUCB
was explored to get a better representation of context features [20]. However, they
did not delve into the analysis of diversity in their results.

3 Methodology

Let W be the set of all possible candidate widgets, and let l be the total number of
slots to be shown on the page. Here, the cardinality ofW � l. The content inside each
widget is owned by different teams and rankingwithin these widgets is not controlled
by this algorithm. Two prominent challenges that we faced in ranking widgets are,
First, widgets are dynamic in nature. Widgets are constantly created and removed
on the platform in an ongoing manner. We also observed that customer preferences
and their interaction with widgets change over time. Conventional recommendation
systems trained continuously tend to recommendwidgets that closely resemble those
with which the user has previously engaged. This leads to no exploration and only
exploitation using users’ preferences. To mitigate these challenges, we formulate the
problem of ranking widgets as a Multi-arm Bandit (MAB) problem.

3.1 Contextual Bandit Framework

Specifically, within MAB, we use contextual bandits, where context contains both
the user’s and the widget’s features. The User context, denoted as u, comprises a d-
dimensional user vector uvεRd which captures the user preference on the platform,
including user browsing, add to card (ATC), and purchase history. Different time
ranges are used while generating embeddings to capture users’ short-term and long-
term preferences. To construct u we draw inspiration from prod2vec [22] which
employs a similar approach to generate product representation. Additionally, we
leverage a k-dimensional user representation usvdεRk learned through the Singular
Value Decomposition (SVD) decomposition of the matrix constructed using user
and widget interactions. Similarly, Widget context denoted as w, encompasses a
m-dimensional widget vector wvεRm . This vector is created using features derived
fromwidget meta-information and widget attributes. Furthermore, we leverage SVD
decomposition to learn a k-dimensional representation of each widget wsvdεRk .
Apart from user and widget features, we have also taken other contextual features
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Table 1 Notation used in this paper

Notation Explanation Notation Explanation

W Set of all possible widgets l Total number of slots

u User Context w Widget context

S item-item similarity matrix C Set of all customers

Dt Batch feedback α Exploration parameter

γ forgetting factor in LinUCB θ Kernel parameter of DPP to control the
relevance and diversity

Fig. 2 Our bandit model in detail

such as ‘hour of the day’, ‘day of the week’(dow), ‘day of the year’(doy), and so on.
User revenue-related features are also incorporated into the model for example ‘avg
no of sessions per week’, ‘avg bucket size’ etc. We combine u, w, and other features
to form a single z-dimensional context vector xεRz (Table 1 and Fig. 2).

In this paper, we have explored Linear contextual bandits particularly the Lin-
UCB and Linear Thompson Sampling (LinTS) [2]. In practice, due to resource and
run-time constraints, user-widget interactions are not processed immediately, and
model parameters are updated using batch feedback. This means that instead of
updating the model after each individual interaction, we collect interactions over a
certain period, and then update the model parameters using this aggregated feed-
back. Both LinUCB and LinTS possess similar representation capabilities. While
LinUCB deterministically selects arms until new feedback is incorporated, LinTS
adopts a stochastic approach by sampling from a posterior distribution, allowing it to
randomize over actions even in the absence of updated rewards [3]. This difference



118 S. Jaiswal et al.

Table 2 Impact of explo-
ration coefficient α on diver-
sity metrics

Model ILAD ILMD

LinUCB ( α = 0.01 ) 0.48024 0.04021

LinUCB ( α = 0.05 ) 0.48103 0.03926

LinUCB ( α = 0.25 ) 0.48079 0.03942

LinTS ( α = 0.01 ) 0.48118 0.03959

LinTS ( α = 0.05 ) 0.48733 0.04127

LinTS ( α = 0.25 ) 0.50219 0.04185

in exploration-exploitation strategies between LinUCB and LinTS forms the basis
for their comparison in this study.

Now once we have the context vector in place, CB works as follows:

• In any round t, let Kt be the number of widgets in play and we have contextual
features for each widget xt,i .

• The algorithmmakes a recommendation of the current round t, based on the param-
eters learned using contexts xi and rewards ri for actions ai iε[1, 2, ..., t − 1] in
previous rounds and the current context xt .

• The algorithm receives the rewards of action at , which are based on clicks and
impressions.

In our specific setting, where we represent each widget with embedding, wid-
gets that share similar attributes might possess highly similar representations. As
a result, the bandit algorithm could end up selecting similar widgets, leading to
reduced diversity in the chosen widgets. This issue arises due to the linear bandit’s
focus on optimizing the expected reward without explicitly considering diversity as
an optimization criterion. Consequently, the algorithm may tend to exploit a narrow
subset of widgets that have demonstrated favorable performance and widgets having
similar representations, limiting its exploration of diverse alternatives. In Table2 we
have demonstrated the impact of exploration coefficient α on diversity metrics, as
detailed in Sect. 4.2.1. The table showcases the variations in these metrics corre-
sponding to different values of α. To compute these metrics we have taken the top
10 recommendations generated by the model. Although α plays a crucial role in the
exploration-exploitation trade-off, our results indicate that diversity metrics exhibit
relative stability across different values of this coefficient.

Note that the reward estimation function is the same for all the arms. This allows
us to effectively handle the dynamic number of arms.

3.2 Incorporating Diversity Using DPP

Focusing solely on high-relevance items might result in a repetitive selection of
similar products, disregarding the diverse preferences and interests of individual
users. The lack of content diversity can hinder the exploration of potential appealing
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options, thus diminishing the overall engagement and satisfaction of customers dur-
ing their shopping journey. In this paper, we proposed a two-stage ranking model
for widgets ranking. In the first stage, we leverage a Contextual Bandit model to
generate relevance scores for the widgets. Subsequently, we employ the Determi-
nantal Point Process (DPP) to re-rank the widgets based on their relevance scores
andwidget features. DPP balances the relevance ofwidgets and their similarities. Our
approach is outlined in the Algorithm 1, which is used to rank widgets. The observed
rewards corresponding to the actions are logged and used to retrain the model using
batch feedback. To account for changes in the environment [8] and to give more
importance to recent data samples, we incorporate a forgetting factor γ ε[0, 1] dur-
ing model parameter update. Algorithm 2 is adopted from [4] which presents a fast
implementation of the greedy MAP inference algorithm for DPP where they have
defined diversity in the feature space of the entire subset unlike techniques based on
pairwise dissimilarities. We followed a similar approach as highlighted in the paper
to create the kernel matrix using pt,1:Kt and Xt,1:Kt . DPP selects a subset of items
based on stopping criteria so Yt ⊆ Kt . For the final ranking, we append the remaining
widgets based on the scores obtained from the CB algorithm.

Algorithm 1: LinUCB with diversity using DPP
Input: Number of Rounds T , Number of widgets eligible per round Kt , Dimension of

feature vectors z, exploration parameter α

Output: Recommended ordered widgets

1 Initialize: Set α > 0, A ← Iz , b ← 0z ;

2 for t = 1, 2, . . . , T do
3 φt ← A−1

t bt ;
4 Dt = ∅;
5 Given a user we observe Kt features, xt,1, xt,2, ...xt,Kt εR

z

6 for k = 1 to Kt do

7 Calculate the upper confidence bound (UCB): pt,k ← φT
t xt,k + α

√
xTt,k A

−1
t xt,k ;

8 end
9 Ranked widgets Yt ← DPP(pt,1:Kt , Xt,1:Kt ) recommend widgets Yt , observe rewards

Rt ;
10 Dt = Dt ∪ (Xt , Yt , Rt )

11 Update the model using batch feedback Dt

12 end

4 Experiments

In this section, we evaluate the performance of our framework in both offline and
online evaluation. Here we have used diversity and ranking metrics to evaluate it
quantitatively.Wehave also demonstrated the effectiveness of our framework through
the A/B test.
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Algorithm 2: DPP
Input: Positive semi-definite kernel matrix L ∈ R

Kt×Kt , stopping cri teria
Output: A subset of items Yt

1 Initialize: ci = [], d2i = Li,i , j = argmaxi∈Kt
log(d2i ), Set Yt = { j};

2 while stopping criteria not satisfied do
3 for i ∈ Kt \ Yt do
4 ei = (L j,i − (c j · ci ))/d j ;
5 ci = [ci , ei ]; d2i = d2i − e2i ;
6 end
7 j = argmaxi∈Kt \Yt log(d

2
i );

8 Yt = Yt ∪ { j};
9 end

4.1 Offline Results

In an industrial setup, off-policy evaluation is challenging. Existing approaches
require the data to be randomly logged or the current policy in production to be
similar to the test policy [7, 9]. However, such assumptions rarely hold in practical
scenarios, as the data received in an industrial setup tends to be purely exploitative
and generated by statically positioned widgets for all the customers. We evaluate
our algorithm using the traditional offline method where we combine the user and
widget contexts and feed it into our framework which generates a ranked order of
widgets. We have taken the user widget interaction data for a couple of days to train
the model.

4.1.1 Metrics

Wehave usedNormalized discounted cumulative gain (nDCG), Intra-list average dis-
tance (ILAD) [24], and Intra-list minimal distance (ILMD) as performance metrics.
They are defined as:

The nDCG formula is given by:

nDCG = DCG

IDCG
,

where DCG (Discounted Cumulative Gain) is defined as:

DCG =
n∑

i=1

2reli − 1

log2(i + 1)
,

and IDCG (Ideal Discounted Cumulative Gain) is the DCG score obtained with the
ideal ranking of the items.
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Fig. 3 Influence of θ on relevance (nDCG) and diversity metrics (ILAD, ILMD)

The Diversity metrics are defined as:

ILAD = mean
cεC

mean
i, jεRc,i �= j

(1 − Si, j )

ILMD = mean
cεC

min
i, jεRc,i �= j

(1 − Si, j )

As we can see from Fig. 3 we captured the impact of varying the trade-off param-
eter θε[0, 1] of DPP [4] w.r.t ILAD and ILMD. Both metrics demonstrate an almost
monotonic decreasing behavior with respect to θ , while nDCG exhibits an increasing
pattern. Here the higher value of θ implies more relevance. We identify a promising
range, 0.6 ≤ θ ≤ 0.8, where a desirable trade-off between relevance and diversity
can be achieved in our widget ranking case.

4.2 Online Results

We warm-started the model using the last 7 days of data before launching the A/B
test. We evaluated the XGBoost model alongside linUCB in a production environ-
ment. Our results demonstrated an improvement of 0.24% in Home page clicks per
user over the XGBoost model with a high statistical significance which is a decent
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Fig. 4 Production system architecture. Our production system consists of (1) online inference that
coordinates the frontend request and generates ranked widgets by executing Inference Service, (2)
offlinemodel retraining in batchmode after every time ‘t’, and (3)model versioning and deployment

gain given our scale. All other guardrail metrics such as RPU (Revenue per user),
user conversion, etc. also exhibited positive outcomes. Figure4 shows the overall
production system architecture.

5 Conclusion and Discussion

In this paper, we modeled the personalized widgets ranking as a contextual multi-
armed bandit problem focusing on improving the overall shopping experience of
the customers. Therein, we addressed the challenges faced in ranking widgets, we
highlighted the benefits of our system, notably modeling the widgets with features so
as to cater to different types of widgets in a single ranking purview and integrating
it with DPP to achieve diversity in ranking. We have shown offline results of our
framework where we compared LinUCB and LinTS. This framework can easily be
extended to any bandit algorithm and it can be served not just on the homepage but
to any other store pages. Future work can include a multi-objective optimization or
defining a reward in such a way that it represents an aggregate of different objectives,
we believe this can be a good research direction.
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