
Enhancing Recommender Systems via

Data Augmentation

Lingzi Zhang

School of Computer Science and Engineering

A thesis submitted to the Nanyang Technological University

in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2023

http://www.ntu.edu.sg
https://www.ntu.edu.sg/scse




Statement of Originality

I hereby certify that the work embodied in this thesis is the result

of original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

27/12/2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Lingzi Zhang





Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and

declare it is free of plagiarism and of sufficient grammatical clarity

to be examined. To the best of my knowledge, the research and

writing are those of the candidate except as acknowledged in the

Author Attribution Statement. I confirm that the investigations were

conducted in accord with the ethics policies and integrity standards

of Nanyang Technological University and that the research data are

presented honestly and without prejudice.

27/12/2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Prof. Chunyan Miao





Authorship Attribution Statement

This thesis contains materials from 3 papers published in the fol-

lowing peer-reviewed conference as well as 1 paper submitted to a

peer-reviewed journal where I am the first author.

Chapter 3 is published as Lingzi Zhang, Yong Liu, Xin Zhou, Chunyan Miao,
Guoxin Wang, and Haihong Tang. “Diffusion-based graph contrastive learning for
recommendation with implicit feedback,” in International Conference on Database
Systems for Advanced Applications, pp. 232-247. Cham: Springer International
Publishing, 2022.

The contributions of the co-authors are as follows:

• I proposed the key idea and problem setting.

• I co-designed the framework and experiments with Dr. Liu.

• I carried out experiments and analyzed the results.

• I wrote the manuscript. The manuscript was revised by Dr. Liu.

• Dr. Zhou, Prof. Miao, Mr. Wang, and Ms. Tang provided insightful com-
ments and reviewed the manuscript.

Chapter 4 is published as Lingzi Zhang, Xin Zhou, Zhiwei Zeng, Zhiqi Shen. “Dual-
viewWhitening on Pre-trained Text Embeddings for Sequential Recommendation,”
in Proceedings of the AAAI Conference on Artificial Intelligence, 2024. and Lingzi
Zhang, Xin Zhou, Zhiwei Zeng, Zhiqi Shen. “Are ID Embeddings Necessary?
Whitening Pre-trained Text Embeddings for Effective Sequential Recommenda-
tion,” in IEEE International Conference on Data Engineering (ICDE), 2024.

The contributions of the co-authors are as follows:

• I formulated the idea, developed the proposed frameworks, implemented the
algorithms, carried out experiments, and analyzed the results.

• Dr. Zhou and I verified the theoretical proofs.

• I wrote the manuscript. The manuscript was revised by Dr. Zeng and Dr.
Zhou.

• Dr. Shen reviewed the manuscript.

Chapter 5 is published as Lingzi Zhang, Xin Zhou, Zhiwei Zeng, Zhiqi Shen. “Mul-
timodal Pre-training for Sequential Recommendation via Contrastive Learning.”.
in ACM Transactions on Recommender Systems, 2024.

The contributions of the co-authors are as follows:



viii

• I formulated the idea, developed the proposed frameworks, implemented the
algorithms, carried out experiments, and analyzed the results.

• I wrote the manuscript. The manuscript was revised by Dr. Zeng and Dr.
Zhou.

• Dr. Shen reviewed the manuscript.

27/12/2023
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Lingzi Zhang



Acknowledgements

I wish to express my greatest gratitude to my advisor, Professor Chunyan Miao,

for her steadfast support throughout my PhD journey. I would also like to extend

my profound gratitude to Dr. Yong Liu, who has initiated my foray into academic

research and mentored me every step of the way. His insightful discussions, gener-

ous provision of research resources, and consistent guidance have been invaluable.

My sincere thanks go to my Thesis Advisory Committee (TAC) members, Prof.

Chen Change Loy and Prof. Meng Hiot Lim, for their invaluable advice.

I would like to express my deep gratitude to Dr. Xin Zhou for his invaluable sugges-

tions and expert guidance. Additionally, I am immensely thankful to Dr. Zhiwei

Zeng for her enduring patience and exceptional skill in mentoring me through the

intricacies of research paper writing.

I want to thank all of my friends, Nan Song, Yingchen Yu, Hongyu Zhou, Yinan

Zhang, and Xin Lan, whom I have learned so much and shared many memories

with during the past few years.

I am very grateful to my parents, Mr. Jijun Zhang and Ms. Xuan Wei, who have

always supported me in pursuing what I want.

Lastly, to my husband, Mr. Qijia Wang, your unconditional love and unwavering

support have been the pillars that carried me to this point. Thank you for being

by my side every step of the way.

ix





Contents

Acknowledgements ix

Summary xv

List of Figures xvii

List of Tables xxi

1 Introduction 1

1.1 Background and Challenges . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objectives and Methodologies . . . . . . . . . . . . . . . . 5

1.2.1 Diffusion-based Graph Contrastive Learning for Recommen-
dation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.2 Dual-view Whitening on Pre-trained Text Embeddings for
Sequential Recommendation . . . . . . . . . . . . . . . . . . 7

1.2.3 Multimodal Contrastive Learning for Sequential Recommen-
dation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3 Major Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.4 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2 Literature Review 15

2.1 Interaction-based Recommender Systems . . . . . . . . . . . . . . . 15

2.1.1 General Recommender Systems . . . . . . . . . . . . . . . . 16

2.1.2 Sequential Recommender Systems . . . . . . . . . . . . . . . 24

2.2 Modality-enhanced Recommender Systems . . . . . . . . . . . . . . 29

2.2.1 Text-enhanced Recommender Systems . . . . . . . . . . . . 30

2.2.2 Visual-enhanced Recommender Systems . . . . . . . . . . . 31

2.2.3 Multimodal Recommender Systems . . . . . . . . . . . . . . 33

2.3 Enhancing Model Generalization . . . . . . . . . . . . . . . . . . . 34

2.3.1 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . 35

2.3.2 Contrastive Learning . . . . . . . . . . . . . . . . . . . . . . 40

3 Preliminaries 45

3.1 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

xi



xii CONTENTS

3.1.1 Graph-based Augmentation . . . . . . . . . . . . . . . . . . 45

3.1.2 Sequence-based Augmentation . . . . . . . . . . . . . . . . . 46

3.1.3 Feature-based Augmentation . . . . . . . . . . . . . . . . . . 46

3.2 Contrastive Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4 Diffusion-based Graph Contrastive Learning for Recommendation 49

4.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 The Proposed Recommendation Model . . . . . . . . . . . . . . . . 51

4.2.1 Diffusion-based Graph Augmentation . . . . . . . . . . . . . 52

4.2.2 Graph Encoders . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2.3 Self-supervised Contrastive Leaning . . . . . . . . . . . . . . 57

4.2.4 Multi-Task Training . . . . . . . . . . . . . . . . . . . . . . 58

4.2.5 Complexity Analysis . . . . . . . . . . . . . . . . . . . . . . 59

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.3.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . . 59

4.3.2 Performance Comparison . . . . . . . . . . . . . . . . . . . . 61

4.3.3 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.3.4 Hyper-parameter Study . . . . . . . . . . . . . . . . . . . . 65

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5 Dual-view Whitening on Pre-trained Text Embeddings for Se-
quential Recommendation 69

5.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.2 Related Work of Whitening . . . . . . . . . . . . . . . . . . . . . . 73

5.3 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.3.1 Task Formulation . . . . . . . . . . . . . . . . . . . . . . . . 74

5.3.2 SASRecID & SASRecT & SASRecW . . . . . . . . . . . . . . 74

5.4 Methods and Main Results . . . . . . . . . . . . . . . . . . . . . . . 75

5.4.1 Anisotropic Embedding Space Induces Poor Recommenda-
tion Performance . . . . . . . . . . . . . . . . . . . . . . . . 75

5.4.2 Whitening Transformation to Resolve Anisotropy Problem . 78

5.4.3 Relaxed Whitening for Retaining Text Semantics . . . . . . 80

5.4.4 WhitenRec+: Ensemble of Relaxed Whitening for Further
Gains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.4.5 DWSRec: Dual-view Whitening for Sequential Recommen-
dation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.4.6 Discussion and Analysis . . . . . . . . . . . . . . . . . . . . 86

5.4.7 Complexity Analysis . . . . . . . . . . . . . . . . . . . . . . 90

5.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.5.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . . 91

5.5.2 Performance Comparison . . . . . . . . . . . . . . . . . . . . 94

5.5.3 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.5.4 Effect of Group Size . . . . . . . . . . . . . . . . . . . . . . 98

5.5.5 Effect of Projection Head . . . . . . . . . . . . . . . . . . . 99



CONTENTS xiii

5.5.6 Whitening Transformations . . . . . . . . . . . . . . . . . . 101

5.5.7 Efficiency Analysis . . . . . . . . . . . . . . . . . . . . . . . 102

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6 Multimodal Contrastive Learning for Sequential Recommenda-
tion 105

6.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

6.2.1 Notations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

6.2.2 Multimodal Feature Extraction . . . . . . . . . . . . . . . . 108

6.2.3 Multimodal Mixup Sequence Encoder . . . . . . . . . . . . . 111

6.2.4 Pre-training Objectives . . . . . . . . . . . . . . . . . . . . . 113

6.2.5 Fine-tuning for Sequential Recommendation . . . . . . . . . 116

6.2.6 Complexity Analysis . . . . . . . . . . . . . . . . . . . . . . 117

6.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

6.3.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . . 118

6.3.2 Performance Comparison . . . . . . . . . . . . . . . . . . . . 121

6.3.3 Cold-start Performance . . . . . . . . . . . . . . . . . . . . . 123

6.3.4 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . 124

6.3.5 Parameter Sensitivity Study . . . . . . . . . . . . . . . . . . 126

6.3.6 Performance on Different User Groups . . . . . . . . . . . . 128

6.3.7 Unimodal vs. Multimodal Performance . . . . . . . . . . . . 129

6.3.8 Cross-domain Recommendation Performance . . . . . . . . . 129

6.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7 Conclusions and Future Work 133

7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

7.2.1 Advanced Data Augmentation . . . . . . . . . . . . . . . . . 135

7.2.2 Advanced Contrastive Objective . . . . . . . . . . . . . . . . 136

7.2.3 Recommendation Debiasing . . . . . . . . . . . . . . . . . . 136

7.2.4 Negative Sampling . . . . . . . . . . . . . . . . . . . . . . . 137

List of Publications 139

Bibliography 141





Summary

Recommender systems play an essential role in enhancing user experiences by pro-

viding personalized content and suggestions, thereby improving user engagement

and satisfaction. However, a major challenge faced by recommender systems is

data sparsity, where real-world datasets often lack comprehensive user-item inter-

action data, resulting in suboptimal performance. Additionally, their dependence

on limited user-item interaction data makes them susceptible to over-fitting and

poor generalization, further compromising their effectiveness.

A promising solution to mitigate data sparsity and improve the generalization

capabilities of recommender systems involves the integration of data augmentation

techniques. Data augmentation artificially expands datasets by creating new or

modified copies of existing data. In model training, augmented data can be utilized

in two primary ways: it can either be directly fed into the neural network or used

in conjunction with contrastive learning. Both approaches are aimed at refining

the model parameters in response to new variations introduced by the augmented

data. This process is crucial for enabling the model to learn rich and discriminative

representations, particularly under the constraint of sparse data.

However, generating effective data augmentations in recommender systems is chal-

lenging. Firstly, the inherent issue of data sparsity in recommender systems makes

generating meaningful augmented data without introducing noise or bias a complex

task. Second, the complexity of user-item interactions, influenced by user/item fea-

tures, temporal dynamics of preferences, and specific contextual scenarios, further

complicates this task.

This dissertation aims to develop effective data augmentation methods with con-

trastive learning to enhance model generalization and mitigate the data sparsity

issue in recommender systems. Firstly, we analyze the original user-item interaction

graph and propose a data augmentation method that minimizes the introduction of

noise or bias, ensuring the integrity of the underlying data structure. Secondly, we

xv
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explore the incorporation of side information by designing a systematic data aug-

mentation method based on item features, thus leveraging additional contextual

information to improve recommendations. Lastly, we integrate multimodal features

and the sequential order of user interactions into our data augmentation strategy,

providing a robust solution that captures the complexity and richness of real-world

user behavior. By addressing these aspects collectively, this dissertation demon-

strates how a multifaceted data augmentation strategy can significantly enhance

the performance of recommender systems. Specifically, the research is divided into

three chapters, each addressing a specific research problem:

Research problem 1 Existing data augmentation methods predominantly focus

on randomly removing edges from the user-item interaction graph, which overlooks

the importance of differentiating between informative and irrelevant or noisy edges

in the augmented graph. We present an advanced method utilizing graph diffusion,

which smooths neighborhood interactions across the graph and transforms the

original unweighted graph into a weighted one. The weights, based on the structural

importance of each edge, facilitate the maintenance of an efficient neighborhood

for each node in the diffusion graph. Particularly, we propose a Graph Diffusion

Contrastive Learning (GDCL) framework for recommendation, where the diffusion

graph is encoded to preserve heterogeneity, and a symmetric contrastive learning

objective contrasts local node representations of the diffusion graph with the user-

item interaction graph.

Research problem 2 Current feature-based data augmentation methods in rec-

ommender systems generally involve random alterations of features, such as dropout,

shuffling, or perturbing embeddings with random noise. However, these methods

mostly rely on arbitrary data augmentations, chosen through a process of trial-

and-error. This reliance on non-systematic methods may constrain their gener-

alizability and adversely affect their overall performance. This study first exam-

ines a sequential recommendation framework based on item text features, finding

that anisotropy in pre-trained text embeddings can impair performance. To ad-

dress this, a whitening transformation is applied to reconfigure the pre-trained

text embedding distribution into an isotropic form, significantly enhancing model

performance. However, an empirical analysis indicates that the whitening may

adversely affect the manifold of items with similar textual semantics. To mitigate

this, we first introduce an ensemble framework WhitenRec+, which combines fully
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and partially whitened representations via a simple summation. Then, we refine

its architecture by proposing a Dual-view Whitening method for Sequential Rec-

ommendation (DWSRec). DWSRec utilizes diverse views of whitened embeddings

to alternately update the attention heads within the transformer model, effectively

acting as data augmentation and improving overall performance.

Research problem 3 Most existing methods focus on augmenting a single type of

feature and are often unable to explore augmentations with user behavior sequences

across different types of features. In this work, we propose a novel Multimodal

Pre-training for Sequential Recommendation (MP4SR) framework, which utilizes

contrastive losses to capture the correlation among different modality sequences

of users and different modality sequences of users and items. MP4SR employs

a sequence mixup strategy for fusing different modality sequences and leverages

contrastive learning at the sequence-to-sequence and sequence-to-item levels. This

multimodal pre-training approach serves as an effective regularizer, optimizing the

parameter space for recommendation tasks.

In conclusion, this dissertation proposes methods that develop different data aug-

mentations across various data structures to enhance the performance of recom-

mender systems. Extensive experiments on real-world datasets validate the effec-

tiveness of these methods.
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Chapter 1

Introduction

1.1 Background and Challenges

Recommender systems have emerged as a critical solution to the prevalent prob-

lem of information overload in modern society, primarily driven by the widespread

use of the internet. Recommender systems, leveraging advanced artificial intelli-

gence and data-driven algorithms, effectively curate personalized content, guiding

users through an overwhelming array of choices across various domains such as e-

commerce, social media, news portals, and digital libraries. By selectively present-

ing items that align with individual preferences, recommender systems significantly

streamline the decision-making process for time saving [1–4].

Initially, general recommender systems predominantly rely on static modeling of

user-item interactions to discern users’ general preferences. Traditional meth-

ods [5, 6] calculate the similarity between users or items based on these interactions

to predict user preferences for unrated items. Subsequently, more complex predic-

tion models have emerged, ranging from shallow [7–13] to deep learning [4, 14–22]

models. These models learn latent representations of users and items from observed

interactions, with the prediction for an unobserved user-item pair being based

on the similarity of these representations. More recently, graph neural networks

(GNNs) have gained considerable traction in this field. Numerous graph-based

recommendation models [23–35] have been developed, treating observed user-item

interactions as a bipartite graph. GNNs are particularly effective in capturing

high-order connection information within these graphs. However, these studies do

1



2 1.1. Background and Challenges

not consider the sequential nature of user behavior, restricting their ability to fully

capture the dynamics and evolution of user preferences over time.

As an extension of general recommender systems, sequential recommender systems

focus on predicting the next item a user might be interested in, based on their

previous actions in a sequence [36]. This approach acknowledges that user pref-

erences are dynamic and can evolve over time. Traditional methods for modeling

sequential data leverage sequential pattern mining to find frequent patterns [37],

and Markov Chain [38–40] to model transitions in user-item interaction sequences.

With the rapid advancement of deep learning techniques, deep neural networks

have become increasingly prevalent in sequential recommendations. Deep learning-

based methods often employ neural network architecture, including Recurrent Neu-

ral Networks (RNNs) [41–43], Convolutional Neural Networks (CNNs) [44, 45],

GNNs [32, 35, 46–48], and Transformer [49–53].

The proliferation of data in today’s digital landscape offers a wealth of multimodal

information. This abundance of diverse data types presents an invaluable opportu-

nity for recommender systems to leverage varied data sources, thereby significantly

improving the quality of recommendations. Modality-enhanced recommender sys-

tems, distinct from the above approaches, utilize a variety of data types includ-

ing text, images, audio, and video to further enhance the recommendation per-

formance [1]. Text-enhanced recommender systems enhance item representations

through textual data, such as item descriptions, attributes, and brands. Exist-

ing text-enhanced methods propose building an auxiliary task by classifying text

tokens [51, 54], employing pre-trained language models for feature extraction [55–

61], or fine-tuning pre-trained language models specifically for recommendation

tasks [58, 62–64]. Visual-enhanced recommender systems, alternatively, refine item

representations through visual data, either by constructing item-specific visual rep-

resentations [65–67] or incorporating visual modeling as auxiliary information [68–

72]. Additionally, some studies combine different modalities of items together to

build multimodal recommender systems [55, 59, 66, 73–84]. The integration of

multimodal data enables modality-enhanced recommender systems to provide a

more comprehensive understanding of user preferences, leading to more precise

and accurate recommendations.

User-item interactions often exhibit significant sparsity relative to the entire in-

teraction space, leading to the prevalent issue of data sparsity in recommender
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Figure 1.1: The illustration of different data structures in recommender sys-
tems.

systems. While the use of multimodal features can help mitigate data sparsity,

these methods often face risks of overfitting and poor generalization on unseen

data [85, 86]. Integrating data augmentation techniques presents a promising so-

lution to address these issues.

Data augmentation, which artificially expands datasets by generating new or mod-

ified versions of existing data, enriches the dataset for more effective model train-

ing [86, 87]. Typical data types in the context of recommender systems, as shown

in Figure 1.1, include user-item interactions represented in a bipartite graph, se-

quences of interactions with temporal ordering, and associated item features. Data

augmentation methods typically revolve around these three data types. For graph-

based augmentation, existing methods initially form graphs to delineate relation-

ships among users and items, and exclusively between users or items. Subsequently,

these graphs are augmented through techniques like edge perturbation [88–95],

node dropping [88, 92, 96], subgraph sampling [88, 90, 92, 97–100], or employ-

ing global graph structures via graph diffusion and SVD algorithms [101–103].

Sequence-based augmentation modifies the original interaction sequence through

various techniques, including item masking [51, 53, 104–106], cropping [51, 53,

104, 105], reordering [38, 107, 108], substitution [108, 109], and insertion [109,
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110]. Lastly, feature-based augmentation targets augmentations on feature vec-

tors. These vectors may consist of categorical features from categorical attributes

or learned continuous feature embeddings. Techniques in this category encompass

feature dropout [111, 112], shuffling [93, 100, 113], mixing[91, 114, 115], introducing

feature noise [116–118].

In model training, the utilization of augmented data is bifurcated into two main

approaches. The first involves directly feeding the augmented data into the neural

network. This process plays a crucial role in the continuous evolution and adapta-

tion of the model, as it adjusts and refines its parameters in response to the new

patterns and variations introduced by the augmented data. The second approach

incorporates augmented data within the framework of contrastive learning, which

focuses on learning effective data representations by generating different views of

the same data through augmentations and then seeks to maximize the agreement

between positive pairs within these views [119]. This method enhances the perfor-

mance of recommender systems by learning rich and discriminative representations

from sparse user-item interactions in real-world scenarios.

However, the effective creation of data augmentations for recommender systems

poses two significant challenges:

• Recommender systems often deal with extremely sparse data, where the ma-

jority of user-item interactions are unobserved. This sparsity makes it difficult

to generate meaningful augmented data without introducing noise or bias.

• Users and items interact in complex ways and this interaction is influenced by

a variety of factors, including user/item features and changes in preferences

over time.

In this dissertation, the research objective is to develop effective data augmenta-

tion methods and contrastive learning strategies tailored to different data structures

in recommender systems, to enhance model generalization and mitigate the data

sparsity issue.
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1.2 Research Objectives and Methodologies

In this section, we provide an overview of the research objectives and corresponding

methodologies explored in this dissertation.

The objective of this research is to develop effective data augmentation methods

and contrastive learning strategies tailored to different data structures in recom-

mender systems. These methods aim to enhance model generalization and address

the data sparsity issue. The research is divided into three chapters, each addressing

a specific objective:

• How can we design a data augmentation method that minimizes the introduc-

tion of noise or bias when based on the interaction graph? Current methods

largely rely on random edge/node dropout or subgraph sampling, which does

not differentiate the importance of edges or nodes.

• How can we design a systematic data augmentation method based on item

features? Existing methods in recommender systems often involve arbitrary

feature alterations such as dropout, shuffling, mixing, or adding random noise

to embeddings. These non-systematic, trial-and-error methods may limit

generalizability and negatively impact performance.

• How can we design a data augmentation method that considers multimodal

features of items and the sequential order of user interactions? Existing

methods typically focus on augmenting a single type of feature and fail to

integrate user behavior sequences across different feature types.

To achieve these research objectives, firstly, we introduce a graph-based augmenta-

tion method designed to generate augmented data while minimizing the introduc-

tion of noise or bias. Secondly, we propose a feature-based augmentation method

aimed at developing systematic and effective approaches for feature augmentation.

Thirdly, we present a method for feature augmentation on sequence data, focusing

on the integration and utilization of data from various modalities. The overarching

structure of these proposed methods is depicted in Figure 1.2.



6 1.2. Research Objectives and Methodologies

User-Item 
Bipartite 

Graph

User Behavior 
Sequence

User Behavior 
Sequence

Text Feature

Multimodal 
Feature

Graph 
Augmentation

Feature 
Augmentation

Feature 
Augmentation

Sequence 
Augmentation

Local-Local 
Contrast

Global-Global 
Contrast

Local-Global 
Contrast

Data Structure Data 
Augmentation

Contrastive 
Learning

GDCL

MP4SR

Proposed 
Approaches

DWSRec

Figure 1.2: The overall structure of proposed methods in this dissertation.

1.2.1 Diffusion-based Graph Contrastive Learning for Rec-

ommendation

1.2.1.1 Motivation

The advent of deep learning has catalyzed the development of various neural

network-based recommendation models [120, 121], with a notable subset utiliz-

ing GNNs [23] due to their ability to exploit high-order connectivity between users

and items through iterative message propagation, enhancing recommendation per-

formance. However, challenges persist, including limited supervision signals from

sparse user-item interactions, unbalanced user/item node degrees, and noise in user

feedback [88].

Data augmentation with contrastive learning has emerged as a promising approach

to overcome these challenges and enhance robustness and generalization in GNNs-

based representation learning [88, 99, 122, 123]. Crucial to this approach is the de-

sign of graph augmentation strategies, which are often confined to random edge/n-

ode dropout or subgraph sampling [88, 99, 122]. However, these methods cannot

discern the importance of edges, leading to the desire for an augmented graph that

maintains informative edges while discarding irrelevant or noisy ones.
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1.2.1.2 Methodology

We propose using graph diffusion instead of random dropout to create an effective

augmentation view. This process transforms the original unweighted graph into

a weighted one, where weights indicate edge importance based on graph struc-

ture [124]. This allows for the design of sparsification methods that retain effective

neighborhoods in the diffusion graph. Additionally, unlike traditional GNNs that

incorporate high-order information through multiple convolutional layers, graph

diffusion extends connections from one-hop to multi-hops without the noise typi-

cally introduced by iterative layer expansion.

Our study introduces the Graph Diffusion Contrastive Learning (GDCL) frame-

work for recommendation. Unlike existing diffusion algorithms that focus on homo-

geneous graphs, GDCL performs graph diffusion considering different node types in

the heterogeneous graph, i.e., the user-item interaction graph. This heterogeneity

is inadequately addressed by standard Graph Convolutional Network (GCN)-based

encoders, which treat relations uniformly. GDCL extends GCN to model diffusion

graph heterogeneity, maintaining distinct relation types and fusing them via a

mean aggregator. The framework employs a multi-task training paradigm, opti-

mizing both the recommendation and self-supervised learning tasks. For recom-

mendation, we diverge from previous models by using representations from both the

diffusion graph and the user-item graph, enhancing user and item representation

learning. The self-supervised task contrasts node representations from both views

using a symmetric mutual information maximization objective function, thereby

enhancing the overall model performance.

1.2.2 Dual-view Whitening on Pre-trained Text Embed-

dings for Sequential Recommendation

1.2.2.1 Motivation

The field of sequential recommendation [51, 56, 57] has seen a growing interest

in incorporating textual information about items, such as product attributes [54],

descriptions [57], and reviews [98]. Existing sequential recommendation models of-

ten use text embeddings from pre-trained language models like BERT [57, 58, 125].
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Recent research [58] suggests that superior performance in text-based models for se-

quential recommendation is achievable mainly with advanced pre-trained language

models. However, we argue that these models do not optimally utilize pre-trained

text embeddings for sequential recommendation. This suboptimal usage partly

arises from the representation degeneration issue in BERT embeddings, leading

to anisotropy in the vector space and limiting their effectiveness in downstream

tasks [126, 127]. Furthermore, feature-based augmentation is vital for improv-

ing user representation learning in this context, as these representations rely on

sequences of item text embeddings without distinct ID embeddings for users. Cur-

rent methods in recommender systems typically involve arbitrary feature alter-

ations, such as dropout [111, 112], shuffling [93, 100, 113], mixing [91, 114, 115],

or adding random noise to embeddings [116–118]. However, the reliance on these

non-systematic, trial-and-error methods may limit their generalizability and nega-

tively impact performance, highlighting the need for more systematic approaches

in the realm of text-based sequential recommendation methods.

1.2.2.2 Methodology

To address the anisotropy in pre-trained text embeddings and leverage systematic

approaches for feature augmentation, our methodology focuses on using both full

and partial whitening as data augmentation techniques. The whitening transfor-

mation reshapes the distribution of pre-trained text embeddings into an isotropic

Gaussian distribution. This process effectively removes correlations among axes

and has been shown to enhance the performance of sequential models when com-

pared to those using ID embeddings or original text embeddings.

While over-whitening can be advantageous, it may adversely affect the manifold

of items with similar textual semantics. To mitigate this, partial whitening can

be implemented, where dimensions are only partially decorrelated, allowing for the

retention of more original textual semantics. However, relying solely on partial

whitening leads to inferior performance compared to full whitening. Thus, our

proposed method employs both full and partial whitening for data augmentation:

full whitening for improved performance through complete dimension decorrelation,

and partial whitening to maintain more original textual semantics.
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Incorporating these insights, we propose two sequential recommendation models to

leverage both full and partial whitening for data augmentation. The first model,

WhitenRec+, is an ensemble framework that combines fully whitened and par-

tially whitened representations via summation. This simple method significantly

enhances representation learning in sequential recommender systems. Our experi-

mental results confirm WhitenRec+’s superiority over other baselines.

Further advancing this approach, we introduce the Dual-view Whitening method

for Sequential Recommendation (DWSRec). DWSRec uses a dual-view item en-

coder with a shared projection head to generate both fully and partially whitened

representations from pre-trained text features. Then, we employ a decoupled

attention-based dual-view transformer for encoding sequences of both fully and

partially whitened representations, treating them as separate data augmentation

instances. This is followed by a decoupled attention-based dual-view transformer,

which encodes sequences of both types of augmented representations. DWSRec’s

use of diverse whitened embeddings as data augmentation techniques enriches

the training process, leading to improved performance. DWSRec also features a

dual-view fusion module that adaptively combines these augmented, view-specific

sequence embeddings and item embeddings for recommendation, using distinct

weighted attention layers. Our comprehensive evaluations demonstrate DWSRec’s

effectiveness in improving user and item representation uniformity and alignment.

Additionally, DWSRec improves the conditioning of the transformed item embed-

ding matrix, which contributes to greater training stability. Notably, DWSRec is

shown to be superior in preserving information, requiring less data for reconstruct-

ing training input.

1.2.3 Multimodal Contrastive Learning for Sequential Rec-

ommendation

1.2.3.1 Motivation

Currently, multimodal data is widely available, and as a result, a large amount of

research has been conducted on multimodal recommender systems that leverage

multimodal content (such as images and text descriptions) associated with items.
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For instance, some works [66, 68] have used item multimodal content as a regular-

ization factor in collaborative filtering frameworks. More recent studies [55, 80, 81]

have employed GNNs to uncover connections between different modalities, thereby

deepening the understanding of user preferences.

While recommender systems leveraging multimodal features are effective, they

encounter risks of overfitting and poor generalization when applied to unseen

data [85, 86]. The integration of data augmentation techniques emerges as a promis-

ing solution to address these issues. However, existing methods [93, 100, 111–113]

generally focus on augmenting a single type of feature and are often unable to ex-

plore augmentations with user behavior sequences across different types of features.

1.2.3.2 Methodology

Our methodology aims to improve the fusion of multimodal information and its

utilization in sequential recommender systems through data augmentation and con-

trastive learning. We introduce a multimodal sequence-based data augmentation

method, incorporating a complementary sequence mixup approach. This method

effectively fuses sequences of text and image representations in a manner that re-

duces the representation discrepancy between sequences of different modalities.

Subsequently, we construct two contrastive loss functions. These functions utilize

self-supervised signals to efficiently aggregate and align visual and textual infor-

mation. By capturing the intrinsic correlations within the data, this approach

significantly enhances the performance of downstream recommendation tasks.

In particular, we introduce a Multimodal Pre-training for Sequential Recommenda-

tion (MP4SR) framework, which employs contrastive losses to identify correlations

among user and item behavior sequences across different modalities. MP4SR con-

sists of three main components: multimodal feature extraction, the Multimodal

Mixup Sequence Encoder (M2SE) backbone network, and pre-training tasks. We

first tokenize item images into text keywords using a language-image pre-trained

model [128] and extract initial text and image features using Sentence-BERT [129].

This step harmonizes textual and visual modalities while retaining essential im-

age information. M2SE then integrates user modality sequences using a comple-

mentary sequence mixup strategy, processed by a Transformer to obtain mixed-

modality sequence representations. Finally, contrastive learning is applied at the
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sequence-to-sequence and sequence-to-item levels. We employ a modality-specific

next item prediction loss and a cross-modality contrastive learning loss, minimizing

self-supervised pre-training criteria to act as a regularizer on the parameter space,

thereby enhancing recommendation performance.

1.3 Major Contributions

In this dissertation, novel data augmentation methods across different data struc-

tures for recommender systems are proposed to mitigate the data sparsity problem

and enhance the model generalization capabilities. The main research contributions

of this dissertation are three-fold and can be summarized as follows:

• We propose a Graph Diffusion Contrastive Learning (GDCL) framework for

recommendation, which leverages the diffusion graph as a key augmentation

view for contrastive learning. The framework can effectively identify im-

portant edges, thereby retaining effective neighborhoods in the graph and

enhancing graph representation learning. Specifically, we perform graph dif-

fusion on the user-item interaction graph. Then, the diffusion graph is en-

coded to preserve its heterogeneity by learning a dedicated representation for

every type of relation. A symmetric contrastive learning objective is used to

contrast local node representations of the diffusion graph with those of the

user-item interaction graph for learning better user and item representations.

Extensive experiments on real datasets demonstrate that GDCL consistently

outperforms state-of-the-art recommendation methods.

• We show that anisotropy in pre-trained text embeddings restricts the per-

formance of text-based sequential recommendation models. To resolve this

issue, we employ whitening transformation to transform pre-trained text em-

bedding distribution into an isotropic form, which can significantly improve

the performance of text-based sequential recommendation models. Our em-

pirical analysis of the whitening process reveals that it may hurt the manifold

of items exhibiting similar textual semantics. To this end, we propose two

models, WhitenRec+ and DWSRec (i.e., Dual-view Whitening method for

Sequential Recommendation), which leverage different degrees of whitening



12 1.4. Thesis Organization

transformations as data augmentation to reap the benefits of full whiten-

ing while preserving some of the inherent semantics in the original text fea-

tures. Extensive experiments are conducted on three benchmark datasets to

evaluate the performance of the proposed methods for the sequential recom-

mendation. Notably, WhitenRec+ and DWSRec outperform state-of-the-art

models across all metrics for all three datasets.

• We propose a novel Multimodal Pre-training for Sequential Recommendation

(MP4SR) framework, which effectively fuses text and image sequences and

utilizes contrastive losses to capture the correlation among different modality

sequences of users and items. MP4SR consists of three key components: 1)

multimodal feature extraction, 2) a backbone network, Multimodal Mixup Se-

quence Encoder (M2SE), and 3) pre-training tasks. After utilizing pre-trained

encoders to generate initial multimodal features of items, M2SE adopts a com-

plementary sequence mixup strategy to fuse different modality sequences,

and leverages contrastive learning to capture modality interactions at the

sequence-to-sequence and sequence-to-item levels. Extensive experiments on

three real-world datasets demonstrate that MP4SR outperforms state-of-the-

art approaches in both normal and cold-start settings. We further highlight

the efficacy of incorporating multimodal pre-training in sequential recom-

mendation representation learning, serving as an effective regularizer and

optimizing the parameter space for the recommendation task.

1.4 Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 1 provides background information and an overview of the thesis.

• Chapter 2 offers a comprehensive review of recommender systems, including

topics such as general recommendation, sequential recommendation, multi-

modal recommendation, and data augmentation techniques enhancing model

generalization.
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• Chapter 4 presents our research on graph diffusion and symmetric contrastive

learning, which improves user and item representations in general recom-

mender systems.

• Chapter 5 demonstrates a multi-view whitening-based model, applying vary-

ing degrees of whitening transformations on pre-trained text features for se-

quential recommendation.

• Chapter 6 introduces a multimodal pre-training framework for sequential

recommendation, employing contrastive losses to capture correlations among

different modalities of sequences and items.

• Chapter 7 concludes this thesis and discusses future research directions.





Chapter 2

Literature Review

In this chapter, we present a comprehensive overview of research related to rec-

ommender systems and strategies to enhance model generalization. Initially, we

examine interaction-based recommender systems, which primarily focus on depict-

ing user-item interactions. Then, we shift our attention to recommender systems

that utilize content information of items across various modalities. Finally, we delve

into strategies designed to enhance model generalization, specifically through the

application of data augmentation and contrastive learning techniques. The overall

structure of the literature review is presented in Figure 2.1.

2.1 Interaction-based Recommender Systems

Recommender systems infer users’ preferences and items’ properties from their at-

tributes or user-item interactions and further recommend items that users might

be interested in [130]. A considerable amount of literature has been published on

the recommendation-related topic, as it can be applied to many business applica-

tions for solving the information overload problem and enhancing user experiences.

In this section, our focus is specifically on recommendation methods that model

the interactions between users and items. Interaction-based recommender systems

can be categorized based on whether they consider the order of items. Specifically,

they can be classified into two primary tasks: general recommender systems and

sequential recommender systems [130, 131].

15
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Figure 2.1: The overall structure of the literature review [1, 2, 4, 86, 87, 131].

2.1.1 General Recommender Systems

The general recommender systems model the user-item interactions in a static way

and can only capture the users’ general preferences. In general, general recom-

mender systems can be further categorized into three categories: memory-based

methods, model-based methods, and graph-based methods [4, 130, 131].

2.1.1.1 Memory-based Methods.

Memory-based methods typically make predictions about a user’s interests based

on the preferences of similar users. This approach does not involve building a

model but relies on the historical data of user-item interactions. There are two

primary categories of memory-based methods: user-based and item-based.

User-based methods. In a standard user-based method, a user’s rating for

a particular item is predicted by measuring the ratings that similar users have

designated to that item [5, 6]. Typically, the top K users exhibiting the greatest

similarities to the reference user are chosen. Their ratings for the specified item

are then consolidated to produce a predicted rating for that user. The predicted

rating of user i to item j is as follows:

R̂ij =
1

C

∑
k∈Zi

sim(i, k)Rkj, (2.1)
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where Zi is the set of K neighboring users of user i, C is a normalizing constant,

and sim(i, k) denotes the similarity between user i and user k. The Rkj indicates

user k’s preference for item j, with Rkj > 0 signifying a positive preference.

Item-based methods. In contrast to the user-based method, item-based methods

recommend items on the basis of information about other items that a user has

previously rated [132, 133]. The recommended items for the given user are ranked

by aggregating the similarities between each candidate item and the items that the

user has rated. The predicted rating of user i to item j according to the item-based

method is as follows:

R̂ij =
1

C

∑
k∈Zj

sim(j, k)Rik, (2.2)

where Zj is the set of K neighboring items of item j, C is a normalizing constant,

and sim(j, k) denotes the similarity between item j and item k.

To ascertain similar users or items, similarity metrics, such as the Pearson correla-

tion, cosine similarity, or Jaccard similarity, are employed on rating vectors of users

or items. Rating vectors of users consist of item ratings allocated by an individual

user, whereas rating vectors of items represent each item by the scores assigned by

users.

Despite the simplicity and widespread use of memory-based approaches, they ex-

hibit three primary limitations [3, 130]. Firstly, calculating similarities between all

user or item pairs incurs a significant computational cost due to its quadratic time

complexity. Secondly, the accuracy of recommendations is contingent upon the

chosen similarity measure, which often relies on a suboptimal relationship either

between users or items. Lastly, these approaches frequently grapple with the chal-

lenge posed by the sparsity of the interaction matrix. A sparse interaction matrix,

characterized by a limited number of non-zero values, renders the prediction of

recommendations more prone to errors.

2.1.1.2 Model-based Methods.

The model-based methods aim to build a prediction model based on interactions

between users and items. In this way, the trained prediction model can be used

to predict the unknown ratings of users for new items. Model-based methods

can better adapt and scale up to large-scale datasets with significant performance
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improvements when compared with memory-based ones. Based on the type of

models used, model-based methods can be classified into latent factor models and

deep learning models.

Latent factor models. Latent factor models decompose the high-dimensional

user-item rating matrix into low-dimensional user and item latent vectors. The

basic idea of latent factor models is that both users and items can be character-

ized by a few latent features, and thus the prediction can be computed as the

inner product of user-feature and item-feature vectors. One representative group

of methods leverages matrix factorization (MF) techniques, which have attracted

considerable attention due to their advantages with respect to scalability and ac-

curacy, as witnessed by the algorithms developed within the Netflix contest [7].

We briefly introduce the most common formulation of the MF model. Firstly, each

user and item are modeled as a vector of latent factors and the predicted rating of

user i given to item j is calculated as follows:

R̂ij =
d∑

k=1

UikVjk = U iV
⊤
j , (2.3)

where U i ∈ Rd and V j ∈ Rd denote the latent vector of user i and item j. d is the

number of dimensions. Next, the latent vectors of all users U and items V can be

obtained by solving

U ∗,V ∗ = argmin
U ,V

1

2

M∑
i=1

N∑
j=1

Iij(Rij −U iV
⊤
j )

2 +
λU

2
∥U∥2F +

λV

2
∥V ∥2F , (2.4)

where U ∈ RM×d and V ∈ RN×d are two matrices of latent vectors representing all

users and items, and U ∗ and V ∗ stand for their optimal values obtained from the

minimization. Iij is an indicator function that is equal to 1 if Rij > 0, otherwise 0.

∥U∥F denotes the Frobenius norm of the matrix, and λU and λV are regularization

parameters that are usually set to alleviate model overfitting.

MF is also formulated from a probabilistic perspective—that is, as a probabilis-

tic matrix factorization (PMF) problem [8]. The PMF framework models the

conditional probability of latent factors given the observed ratings and includes

priors that handle complexity regularization. Hu et al. [9] introduce a weighted

regularized matrix factorization (WRMF) model, treating all missing data as neg-

ative samples and heuristically assigning confidence weights to positive samples.
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Building on this, He et al. [11] suggest weighting the missing data based on item

popularity, an approach that exhibited enhanced performance relative to WRMF.

Alternatively, Rendle et al. [10] propose a pairwise ranking objective, known as

Bayesian Personalized Ranking, which models the relationships between positive

and negative items for each user, with negative samples being randomly drawn from

unobserved feedback. The recent work by Van Balen and Goethals [12] introduces

a model that employs a full-rank factorization of the inverse Gram matrix. This

approach allows the generation of high-dimensional embeddings that can achieve

sparsity without compromising the factorization of a dense affinity matrix. Their

findings demonstrate that these embeddings amalgamate the benefits of latent

representations with the efficacy of high-dimensional linear models. To this end,

MF-based methods only consider the linear interaction between a user and an item,

by assuming that their latent factors are independent of each other. In contrast,

Rendle [13] proposes the factorization machine, which can model all interactions

in any kind of real-valued feature vector.

Deep learning models. Over the past few decades, deep learning has achieved

remarkable success in fields like computer vision and natural language processing.

Recent developments in deep learning-based recommender systems have surpassed

traditional models, delivering superior recommendation quality [4]. Deep learning

can effectively identify nonlinear and intricate user/item interactions, facilitating

the encoding of complex abstractions in the higher layers of data representation.

Furthermore, it can learn underlying explanatory factors and derive useful repre-

sentations from input data, obviating the need for manual feature design and seam-

lessly integrating diverse content information, including text, images, and video.

Depending on what types of deep learning models are used, we classify them into

Multilayer Perceptron (MLP), Autoencoder, CNNs, and Neural Attention-based

methods.

MLP can be used to add nonlinear transformation and enhance the representation

learning of features for users and items. DeepFM [14] is an integrated end-to-

end model that effectively combines factorization machines with MLP layers. This

model is able to capture high-order feature interactions using deep neural networks,

while simultaneously addressing low-order interactions through factorization ma-

chines. The Wide & Deep model [15] can handle both regression and classification

tasks. The “wide” component, a single-layer perceptron, functions as a generalized
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linear model and excels at memorizing explicit historical data features. In contrast,

the “deep” component, an MLP layer, facilitates generalization by generating ab-

stract representations.

Autoencoder-based models, leveraging the concept of input reconstruction for en-

hanced representation learning, accept the incomplete user-item matrix as input.

They subsequently learn a hidden representation for each instance using an en-

coder. This is then followed by a decoder segment that reconstructs the input

derived from the derived hidden representation [1]. Initially, AutoRec [16] employs

the traditional autoencoder, which directly processes user or item rating vectors

as input and reconstructs these rating vectors at the output layer. In contrast, the

collaborative filtering neural network [17] leverages stacked denoising autoencoders

(DAE) to enhance its robustness. The collaborative denoising autoencoder [134]

integrates DAE with latent user vectors. MultVAE [135], a variant of the varia-

tional autoencoder, utilizes the multinomial likelihood for recommendations with

implicit data and proposes a principled Bayesian inference method for parameter

estimation. RecVAE [136] advances MultVAE by adopting a composite prior dis-

tribution for latent codes within the β-VAE framework. Most recently, VAE++

has been introduced by Ma et al. [18], adeptly leveraging heterogeneous feedback,

namely purchase feedback, examination feedback, and a combination of both, to

enhance recommendation performance.

CNNs have demonstrated efficacy in capturing user-item interaction patterns [19,

20] and in extracting features from diverse multimedia data [65, 137]. Firstly, for

modeling user-item interactions, He et al. [19] introduce the ConvNCF, which em-

ploys the outer product to represent user/item interactions. By applying CNNs to

the outcome of the outer product, the model effectively discerns high-order cor-

relations among embedding dimensions. Tang and Wang [20] showcase the use of

CNNs in sequential recommendation, incorporating both hierarchical and vertical

CNNs to address union-level sequential patterns and skip behaviors, thus enabling

sequence-aware recommendations. Secondly, CNNs have also been employed in

feature representation learning from diverse sources, including images, text, audio,

and video. For instance, DeepCoNN [137] employs two parallel CNNs to interpret

user behaviors and item attributes from review texts. This architecture not only

mitigates the data sparsity challenge but also enhances model interpretability by

harnessing the rich semantic representations of review texts. Moreover, Lei et al.
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Figure 2.2: An illustration of the user-item bipartite graph.

[65] introduce a comparative deep learning model for image recommendation, in-

tegrating two CNNs for image representation alongside an MLP for modeling user

preferences.

Different historical items contribute variably to the modeling of a user’s prefer-

ence. Consequently, the neural attention mechanism, adept at filtering irrelevant

features from raw inputs and mitigating the adverse effects of noisy data, has

gained significant attention in recent years [1, 4]. A notable example is the At-

tentive Collaborative Filtering model [138], which attributes each interacted item

with a user-aware attentive weight, signifying its relevance to user representation.

DeepICF [21] emphasizes item-level attention. It begins with a pairwise interaction

layer that models the relationship between each historical item and the target item.

This is followed by an attention-based pooling layer that assigns varied weights to

the outputs of the pairwise interaction layer from different historical layers. Subse-

quently, the combined output from these layers is processed through MLP layers,

to model the high-order interactions between items. Cheng et al. [22] introduce a

general feature-level attention method tailored for item-based collaborative filtering

models. They craft a light attention neural network that seamlessly integrates both

item-level and feature-level attention for neural item-based collaborative filtering

models. This approach is model-agnostic and easy to implement.

2.1.1.3 Graph-based Methods.

As the data for recommendation tasks naturally forms a user-item bipartite graph,

graph-based models have been widely applied for learning user preferences to solve

the recommendation problem. An example of the user-item bipartite graph is
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shown in Figure 2.2. Approaches to graph-based recommender systems can be cat-

egorized into random walk-based methods, graph embedding methods, and GNNs-

based methods [23].

Random walk methods. Random walk methods rely on the random walk al-

gorithm, which visits nodes in a graph at random or based on a pre-defined prob-

ability distribution. The probability that the walker lands on each node at an

equilibrium state is used for ranking items for recommendation. For example,

Bagci and Karagoz [139] applies random walk with restart to rank users for friend

recommendations. Jiang et al. [24] utilizes a generalized random walk with restart

model to learn user preferences and uses a Bayesian Personalized Ranking loss [10]

to learn weights of links in the network.

Graph embedding methods. Graph embedding methods encode graph struc-

ture information by mapping graph nodes into low-dimensional latent embeddings.

Some works [25, 26] generate distributed representations by first using a random

walk to obtain a sequence of nodes based on one meta-path and then employing the

skip-gram for learning node representations. For instance, Shi et al. [140] proposes

a heterogeneous information network-based recommendation model, which adapts

node embeddings learned from the heterogeneous information network for recom-

mendation tasks. Some works [25, 26, 141] utilize neural networks, like MLP,

autoencoder, which are then integrated with neural recommendation models to

learn users or items embedding. For example, Han et al. [25] proposes a Neural

network-based Aspect-level Collaborative Filtering model, which uses a hetero-

geneous information network to model objects and relations in the recommender

system and extracts aspect-level latent factors for users and items.

GNNs methods. GNNs apply neural network techniques to graph data. Some

works [27–30] leverage Graph Attention Networks [142], which differentiate the

importance of neighbors with an attention mechanism. For example, KGAT [30]

employs an attention mechanism to discriminate the importance of neighbors and

recursively propagates embeddings of neighbors to the center node to refine its

embedding. Some works [31, 143–146] leverage GCN [147], which iteratively ag-

gregate information from local graph neighbor nodes by leveraging graph struc-

ture and/or node feature information. For example, Ying et al. [143] integrates

an efficient random walk algorithm with GCN to learn embeddings for nodes in
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web-scale interaction graphs. Wang et al. [148] proposes a neural graph collabo-

rative filtering (NGCF) model, which explicitly models higher-order connectivity

in a user-item graph and effectively injects collaborative signals into the embed-

ding learning process. Moreover, He et al. [31] proposes to simplify NGCF by

removing unnecessary components of GCN, e.g., non-linear activation and feature

transformation. The model performance is further improved. Some works [32–35]

leverage Gated GNNs, which introduce Gated Recurrent Unit (GRU) into GNNs

to model complex transitions in a sequence of items. For example, [35] proposes

a graph contextualized self-attention model, which models the local graph struc-

ture of a session using GNNs and non-local contextualized representations using a

multi-layer self-attention network.

The common paradigm of GNNs-based recommendation models is formulated as

follows. Specifically, for a node t in a graph G, its representation in a GNNs-based

model is generally derived as,

e
(ℓ+1)
t = fcombine

(
e
(ℓ)
t , faggregate

(
{e(ℓ)i : i ∈ Nt}

))
,

et = fpooling
(
e
(0)
t , e

(1)
t , · · · , e(L)t

)
, (2.5)

where e
(ℓ)
t denote the representation of t at ℓ-th GNN layer, and et is the final

representation of t after L layers. Here, fcombine( · ), faggregate( · ), and fpooling( · )
denote combination, aggregation, and pooling functions, respectively.

In the literature, different aggregation strategies have been proposed to propagate

neighborhood information to the center node to refine its embedding. For exam-

ple, GC-MC [149] first applies a linear transformation to features of direct neigh-

bors and then uses mean pooling for neighborhood aggregation. PinSage [143]

shows that assigning different weights to neighbors during aggregation gains better

performance. NGCF [150] additionally encodes the user-item interaction via the

element-wise product of the user embedding and the item embedding into messages

being passed. The combination seeks to integrate representations of the center node

and its neighbors. The common operation includes concatenation [143] and sum-

mation [145, 148]. The pooling operation aims to combine outputs from multiple

layers of GNNs and generate the final representation for each node. For example,

PinSage [143] uses the representation from the last layer, whereas NGCF [148] and

IGMC [151] concatenates representations from all layers.
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2.1.2 Sequential Recommender Systems

Sequential recommendation is a subfield of recommender systems that aims to

provide personalized item recommendations to users over time. It considers the

order in which items are consumed by users to predict the next item the user is likely

to interact with. Sequential recommender systems can be classified into traditional

methods, latent representation methods, and deep learning methods [4, 36].

2.1.2.1 Traditional Methods

Traditional methods for modeling sequential data, such as sequential pattern min-

ing [36, 37] and Markov chain models [38–40], serve as intuitive solutions for se-

quential recommender systems, leveraging their inherent proficiency in capturing

sequential dependencies within user-item interaction sequences.

Sequential pattern mining. Sequential pattern-based recommender systems

mine frequent patterns from sequence data and then leverage these patterns to in-

form subsequent recommendations. For example, Yap et al. [37] present a personal-

ized recommendation framework based on sequential pattern mining. By introduc-

ing a novel Competence Score measure, this framework effectively discerns user-

specific sequence significance and harnesses this insight to enhance the accuracy of

personalized recommendations. While this approach is straightforward, sequential

pattern mining frequently yields a plethora of redundant patterns, thereby incur-

ring unnecessary computational costs in terms of time and space. Another notable

limitation is its tendency to overlook infrequent patterns and items due to frequency

constraints, thereby biasing recommendations towards popular items [36].

Markov chain. Markov chain-based methods employ Markov chain (MC) models

to model transitions in user-item interaction sequences, aiming to predict the next

interaction. For instance, FPMC [38] integrates both an MF term and an item-

item transition term to capture long-term preferences and short-term transitions,

respectively. While the transitions captured by such models typically employ a

first-order MC, higher-order MCs contend that the next action depends on multiple

preceding actions. Some methods leverage high-order MCs to account for more

previous items [39, 40]. As an example, He and McAuley [40] introduce a fusion

of similarity-based methods and Higher-order MC methods to address sparsity
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in real-world datasets exhibiting sequential dynamics. Yet, MC-based methods

present discernible limitations. Specifically, they are constrained by their ability

to only recognize short-term dependencies due to the inherent Markov property,

which posits that the current interaction is influenced solely by the most recent

interactions. Additionally, they only discern point-wise dependencies, overlooking

the collective interdependencies present in user-item interactions [36].

2.1.2.2 Latent Representation Methods

Latent representation methods initially derive a latent representation for each user

or item. Subsequently, these representations are employed to predict potential user-

item interactions. Through this approach, intricate and implicit dependencies are

discerned within a latent space, substantially enhancing recommendation outcomes.

These methods predominantly bifurcate into factorization-based and embedding-

based methods.

Factorization-based methods. Factorization-based methods typically employ

matrix factorization or tensor factorization to decompose observed user-item in-

teractions into latent factors, pertaining to both users and items, for enhanced

recommendations [38, 152]. However, these models are susceptible to the sparsity

inherent in observed data, often resulting in suboptimal recommendations.

Embedding-based methods. Embedding-based methods obtain latent repre-

sentations for each user and item to inform subsequent recommendations, effectu-

ating this by encoding all user-item interactions in a sequence into a latent space.

Specifically, certain studies [153, 154] utilize the learned latent representations as

the input to a network, with the aim of further computing an interaction score

between users and items. For example, Wang et al. [154] propose a shallow wide-

in-wide-out network, which is an attention-based model that learns an attentive

context embedding that intensifies relevant items but downplays those irrelevant to

the next choice. Other work [155] directly employs the learned latent representa-

tions to calculate a metric, such as the Euclidean distance, as the interaction score.

Specifically, He et al. [155] propose to embed items into a ‘transition space’ where

users are modeled as translation vectors operating on item sequences. The model is

optimized to consider the three-order relationships between users, candidate items,

and previous behaviors.
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2.1.2.3 Deep Learning Methods

With the rapid advancement of deep learning techniques, deep neural networks have

become increasingly prevalent in sequential recommendations. These networks

possess the ability to discern intricate, non-linear patterns in data—an essential

trait for capturing nuanced user-item interactions in sequences. Moreover, they

are adept at modeling sequential data, effectively capturing temporal dynamics.

Methods based on deep learning can be categorized into four groups, depending on

the specific deep learning technique employed: Recurrent Neural Networks (RNNs),

CNNs, GNNs, and Transformer.

RNNs. RNNs-based recommendation methods have shown exceptional capabili-

ties in harnessing sequential information for recommendations [41, 43]. Beyond the

basic RNNs, additional variants, such as Long-Short-Term-Memory (LSTM) [42]

and Gated Recurrent Unit (GRU) [43], have been developed to adeptly capture

long-term dependencies within a sequence. For instance, Wu et al. [42] intro-

duce a recurrent recommender network, a non-parametric recommendation model

grounded in LSTM technology. Utilizing two LSTM networks, the model con-

structs dynamic user and item states. Concurrently, it incorporates stationary la-

tent attributes of both users and items, taking into account stable properties such

as users’ long-term interests and static item features. Donkers et al. [43] present

GRU4Rec, a session-based recommendation model employing the GRU. This model

interprets user behavioral sequences as time-series data and uses a multi-layered

GRU structure to encapsulate sequential nuances. To optimize the training of this

architecture, the authors introduce modifications to the conventional GRU. These

adjustments include the deployment of session-parallel mini-batches, mini-batch-

based output sampling, and a ranking loss function to enhance its adaptability to

the recommendation task. However, methods based on RNNs have two notable

limitations: Firstly, they can inadvertently introduce spurious dependencies owing

to the strong assumption that any adjacent interactions in a sequence are inherently

dependent. This assumption does not always hold in real-world scenarios, as se-

quences often contain irrelevant or noisy interactions. Secondly, such methods tend

to capture only point-wise dependencies and overlook collective dependencies where

multiple interactions collaboratively influence the subsequent interaction [36].

CNNs. CNNs-based recommendation methods interpret sequences in a way that

is analogous to image processing. Specifically, a CNN begins by organizing the
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embeddings of these interactions into a matrix, which is then interpreted as an

”image” across both time and latent spaces. Subsequently, CNNs identify sequen-

tial patterns as local features of this ”image” using convolutional filters, which are

integral for subsequent recommendations. While RNNs face challenges in process-

ing long sequences due to their inherent structure and substantial computational

expenses, CNNs can partially mitigate these limitations. For example, Caser con-

ceptualizes the embedding matrix of prior items as an ”image.” It employs both

horizontal and vertical convolutional layers to detect point-level and union-level

sequential patterns, respectively. Through convolution, it becomes feasible to per-

ceive relevant skip behaviors and encapsulate long-term user preferences via user

embedding. NextItNet [44] represents a generative CNNs model that incorpo-

rates masked filters with 1D dilated convolutions, expanding the receptive fields

for sequential recommendations. This facilitates the capture of both long-term and

short-term item dependencies. GRec [45] builds on NextItNet by implementing a

gap-filling encoder-decoder framework combined with masked-convolution opera-

tions. This allows for a comprehensive evaluation of both past and future contexts

without the challenge of data leakage. However, CNNs-based models encounter

challenges in capturing long-term dependencies. This limitation primarily stems

from the constrained sizes of the filters. As a result, their applicability in scenarios

requiring the understanding of long-term sequential patterns is restricted.

GNNs. GNNs-based recommendation methods typically construct diverse graph

forms to encapsulate the item transition patterns within user sequences. A no-

table body of work [32, 35, 46–48] constructs a directed graph derived from data

sequences, leveraging GNNs to ascertain item transition patterns. For instance, SR-

GNN [32] conceptualizes each sequence as an unweighted, directed graph, with the

resulting sequence representation achieved through a gated GNN. GC-SAN [35], an

offshoot of SR-GNN, integrates a self-attention mechanism, enhancing the capture

of contextual information between historical items. SURGE [48] first represents

each user’s interaction history as a graph. It then harnesses the robust capabilities

of GNNs to fuse and distill users’ core interests from noisy behavior sequences,

restructuring these loose item sequences into cohesive item-item interest graphs

via metric learning. Nonetheless, sequence graphs derived from isolated, short se-

quences often comprise minimal nodes and connections, presenting an insufficient

knowledge base to mirror users’ dynamic preferences and failing to harness GNNs

to their fullest in graph learning.
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To augment the inherent sequence graph structure, another set of works introduces

additional sequences, capturing further details from analogous user sequences or all

user sequences. This inclusion aids in understanding the transition patterns of the

current sequence. These supplementary sequences might represent different behav-

ioral patterns. For instance, HetGNN [156] incorporates all behavior sequences,

constructing edges between consecutive items within the same sequence, and la-

beling these with their respective behavioral types. Alternatively, the sequences

might represent a subset or the entirety of sequences within a dataset. For instance,

RetaGNN [157] initially forms a global tripartite graph encapsulating relationships

among users, items, and item attributes from all sequences. It then derives a local

subgraph from this global structure for each user-item pair in a sequence, employing

self-attention to encode both long-term and short-term temporal patterns. TAS-

Rec [158] designs a dynamic graph prioritizing recent transitions and formulates

a specialized graph neural network to discern temporal augmented item represen-

tations. These are then integrated into standard sequential neural networks to

optimize recommendations. GCL4SR [159] constructs a weighted item transition

graph grounded in interaction sequences across all users, providing a holistic con-

text for each interaction and minimizing sequence data noise. Augmented sequence

representations are then derived from this transition graph, serving a contrastive

learning objective.

Additionally, certain studies [113, 160] strive to amplify recommendations by for-

mulating intricate graphs that adeptly model high-order relations in sequential

data. Taking cues from hypergraphs’ capacity to model relations beyond the pair-

wise realm, these structures have been exploited to comprehend the high-order

relations amongst items and cross-session data. For example, SHARE [160] em-

ploys sliding windows to grasp contextual information, connecting items within the

same window through a hyperedge. Conversely, DHCN [113] views each session as a

hyperedge where all items interlink, and varying hyperedges, linked through shared

items, form a hypergraph encapsulating item-level high-order correlations.

In a departure from directly translating temporal sequences into graph’s directed

edges, some research [161, 162] contemplates timestamps within sequences dur-

ing graph construction. Within these graphs, each edge symbolizes a user-item
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interaction, complemented by the pertinent time attribute. Convolution opera-

tions are then conducted on these temporal graphs to glean user and item rep-

resentations. Specifically, Fan et al. [162] introduce a Continuous Time Bipartite

Graph (CTBG), encompassing user/item nodes and interaction edges annotated

with timestamps. This approach facilitates the dissemination of temporal collabo-

rative insights around each node to adjacent nodes within the CTBG, harmoniously

melding sequential patterns with temporal collaborative signals.

Transformer. Recently, transformer-based recommendation methods have exhib-

ited notable efficacy in identifying long-range dependencies within sequences [49–

53, 163]. For instance, SASRec [49] employs a self-attention mechanism coupled

with a positional encoding embedding to encode a sequence of items. BERT4Rec [50]

builds upon SASRec by introducing a bi-directional self-attention module. More-

over, CL4SRec [53] innovates with three data augmentation strategies—item crop-

ping, masking, and reordering—to bolster contrastive tasks and facilitate self-

supervised signal extraction. HPM [164] introduces a dual-transformer module

coupled with a dual contrastive learning framework. This design is tailored to dis-

cerningly capture both low- and high-level user preferences to augment the learning

of these preferences at both granularity levels.

2.2 Modality-enhanced Recommender Systems

Modality-enhanced recommender systems, apart from utilizing user interaction

data, integrate various data types like text, images, audio, and video. This incor-

poration of diverse data modalities aids in forming a more comprehensive and accu-

rate understanding of user preferences. Based on the types of content modalities,

modality-enhanced recommender systems can be classified into three categories:

text-enhanced recommender systems, visual-enhanced recommender systems, and

multimodal recommender systems [1, 2].
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2.2.1 Text-enhanced Recommender Systems

Recent works [51, 54, 56–59, 80] have attempted to leverage textual data of items,

such as descriptions, attributes, or brands of products, to improve item represen-

tations for recommendations. Text-enhanced recommender systems have gained

increasing attention due to the explosion of text data and the need for more per-

sonalized and informative recommendations. Existing text-enhanced methods pro-

pose building an auxiliary task by classifying text tokens, employing pre-trained

language models for feature extraction, or fine-tuning pre-trained language models

specifically for recommendation tasks.

Text tokens classification. Some works [51, 54] focus on modeling item texts as

tokens (i.e., attributes or brands) and optimizing the model with the token classifi-

cation task. For example, S3-Rec [51] adopts a pre-training strategy that leverages

intrinsic data correlations among attributes, items, subsequences, and sequences.

This approach generates self-supervision signals, thereby improving the quality of

data representations. In DIF-SR [54], the modeling of item attributes is moved

from the input to the attention layer. The attention calculation of auxiliary infor-

mation and item representation is decoupled to improve the modeling capability of

item representations.

Feature extraction using pre-trained language models. Other works [55–

61] leverage the pre-trained language model as a feature extractor. Texts of items

are fed into the language model and the corresponding item feature embeddings

are output. A recommender model can utilize these knowledge-aware embeddings

for various recommendation tasks. For instance, FDSA is proposed by [56], where

different item features are first aggregated using a vanilla attention layer, followed

by a feature-based self-attention block to learn how features transit among items

in a sequence. Wu et al. [165] explore to model news with pre-trained language

models and finetune them with the news recommendation task. Hou et al. [57]

propose a framework UniSRec, utilizing item texts with an MoE-based adaptor and

employing contrastive learning tasks to derive more transferable representations

for sequential recommendations. It further involves a linear transformation of

the original text representations to mitigate their anisotropy problem. Hou et al.

[60] propose to transform text encodings into discrete codes, followed by utilizing

the embedding lookup for refining item textual representation from pre-trained

language models. Li et al. [61] explore the limits of text-based collaborative filtering
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(TCF), finding that it hasn’t reached its full potential and could improve with

advancements in NLP models. However, they highlight a significant challenge:

even highly complex item encoders require re-tuning for new data, and current

TCF models lack the expected transferability, indicating that building foundational

recommender models is more complex than in NLP and CV fields.

Fine-tuning pre-trained language models. Another line of work [58, 62–64]

aims to directly finetune the pre-trained language models with the recommen-

dation task to combine the learning from texts and sequential patterns of users.

NRMS [62] is a neural news recommendation method utilizing multi-head self-

attention. It comprises a news encoder, which learns from news titles by analyz-

ing word interactions, and a user encoder, which derives user profiles from their

news browsing patterns, emphasizing the relationships between news items. The

model also employs additive attention to enhance the selection of keywords and

news, thereby refining news and user representations. Geng et al. [63] introduce

the “Pretrain, Personalized Prompt, and Predict Paradig” (P5), a unified text-

to-text framework for recommendations. P5 converts all relevant data, including

user-item interactions, user descriptions, item metadata, and user reviews, into

natural language sequences, enabling deeper semantic understanding for personal-

ization. It uses a consistent language modeling objective in pretraining, making

it a foundational model for various recommendation tasks. P5’s structure also al-

lows easy integration with other data modalities and supports instruction-based

recommendations through personalized prompts. Li et al. [64] present Recformer,

a framework for learning language representations in sequential recommendation.

It represents items as key-value attribute pairs and employs a novel bi-directional

Transformer model to understand natural language and sequential patterns. The

framework also includes a pretraining and finetuning learning structure, enhanc-

ing its ability to make language-based recommendations and adapt to different

recommendation contexts.

2.2.2 Visual-enhanced Recommender Systems

Visual-enhanced recommender systems, depending on the type of visual informa-

tion used, are classified into two categories: image and video recommender systems.
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Image recommender systems. Current image recommendation approaches fall

into two primary categories [1]: content-based [65–67] and hybrid models [68–70].

Content-based [68] models utilize visual signals to construct visual representations

of items, representing user preferences within this visual space. Lei et al. [65]

propose a dual-net deep network model for learning hybrid representations that

capture both visual information and user preferences regarding images. This model,

aimed at personalized image recommendations, is trained using a comparative deep

learning method. This method employs triplets of users and positive/negative

images, focusing on learning the relative distances between these elements. Yang

et al. [67] employ a two-way architecture, extracting decision rules from a boosted

tree model and learning rule embeddings with attention to attribute interactions.

Additionally, it integrates visual and rule-based information in a shared embedding

space, facilitating mutual enhancement between visual and rule spaces.

Conversely, hybrid recommendation models address the data sparsity issue com-

mon in collaborative filtering by incorporating item visual modeling. VBPR [68]

integrates visual features from product images into the matrix factorization recom-

mendation framework by introducing visual embeddings for users and items. Item

embeddings are extracted using a pre-trained convolutional neural network. The

recommendation score is computed by summing the inner products of both collab-

orative and visual embeddings. He and McAuley [69] develop a scalable model that

uses product images and user feedback to track the changing trends in fashion and

personal preferences over time. In this model, the visual content of items is utilized

as a regularization term in matrix factorization models, aligning each item’s latent

vector closely with its visual image representation derived from CNNs. Li et al.

[70] suggest the creation of a heterogeneous graph comprising users, outfits, and

items, utilizing hierarchical GNNs for personalized outfit recommendations.

Video recommender systems. In the domain of video recommender systems,

several studies [71, 72] develop content-based systems enriched with visual and au-

dio information. These models first extract features from video and audio content,

subsequently utilizing neural networks for the integration of these features through

either early or late fusion techniques. A key characteristic of these content-based

models is their independence from user-video interactions, which enables their ap-

plication to recommend new videos without the need for historical user behavior

data. In contrast, studies such as [138] have introduced an attentive collaborative
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filtering model which integrates user-video interactions for multimedia recommen-

dations. This model effectively combines an attention mechanism with visual in-

puts to accurately calculate weights, capturing users’ historical preferences and the

specific characteristics of the items.

2.2.3 Multimodal Recommender Systems

Multimodal recommender systems [166] utilize various data types like text, images,

audio, and video to create more accurate and personalized user suggestions. These

systems can be categorized based on their neural network architecture: traditional

MF, attention networks, and GNNs.

MF-based methods. Early works [66, 68, 73, 74] incorporate multimodal in-

formation into MF-based recommendation frameworks. An example is DeepStyle,

proposed by Liu et al. [73], which integrates style feature modeling into visual rec-

ommender systems using the Bayesian Personalized Ranking (BPR) framework,

focusing on learning item style features to better align with user preferences.

AMR [74] underscores the vulnerability of multimedia recommender systems and

aims to enhance the robustness of multimodal recommender systems. It intro-

duces adversarial learning to train the model to defend an adversary, creating a

more robust system.

Attention-based methods. Attention networks [75–79] have also been employed

to merge multimodal features for improved user and item representation learning.

For instance, Liu et al. [75] learns the multimodal representation for both users

and micro-videos to provide personalized micro-video recommendations. Rather

than focusing solely on video attention, UVCAN employs a co-attention mecha-

nism between items and micro-videos for better joint attention performance. A

stacked attention network is utilized to process user profiles and micro-video mul-

timodal features, taking the multimodal features as input queries and obtaining

video attention through multi-step reasoning. The learned video representation is

then used as the input query to capture user attention via multi-step reasoning.

Chen et al. [77] propose a visually explainable collaborative filtering model that

combines image region-level features with user review data, using a multimodal

attention network for effective integration of these features. Additionally, Tran

and Lauw [79] propose a method to transform uninterpreted dimensions in user
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representations into words. This is achieved by regularizing factors derived from

user-item interactions with those learned from textual content. They introduce an

attention-based alignment technique to enhance and align hidden factor represen-

tations.

GNNs-based methods. Recent advancements leverage GNNs to utilize mul-

timodal item information [55, 59, 80–84, 167–170]. MMGCN [55], for example,

uses a modality-specific user-item bipartite graph with GCNs’ message passing

mechanism, capturing multi-hop neighbor information to enhance user and item

representations. DualGNN [82] further expands this approach by adding a user

co-occurrence graph and a model preference learning module. MVGAE [83] intro-

duces a multi-modal variational graph auto-encoder, fusing node embeddings per

the product-of-experts principle. LATTICE [81] presents a modality-aware graph

structure learning layer for incorporating high-order item affinities into item repre-

sentations. In addition, BM3 [59] eliminates the need for randomly sampled neg-

ative examples in user-item interaction modeling, using latent embedding dropout

for self-supervised learning and a novel multi-modal contrastive loss. Yu et al. [84]

present a multi-view graph convolutional network, MGCN, for multimedia recom-

mendations, which purifies modality features using item behavior information to

reduce noise. These features are then enriched in separate user-item and item-item

views, enhancing feature distinguishability. A behavior-aware fusion module is also

developed to model user preferences by adaptively prioritizing different modality

features.

2.3 Enhancing Model Generalization

In recommender systems, employing data augmentation and contrastive learning

methods is crucial for enhancing model generalization, particularly given the preva-

lent issue of data sparsity. Data augmentation in this realm involves artificially

expanding the training dataset by generating modified versions of existing data

points, thereby enabling the model to learn more robust and generalizable represen-

tations. Contrastive learning, on the other hand, involves differentiating between

similar (positive) and dissimilar (negative) example pairs, often created through

data augmentation. By forcing the model to focus on the subtle differences and

similarities in user interactions, contrastive learning encourages the development of
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Figure 2.3: Graph-based augmentation [86, 87].

a more nuanced and generalizable feature space. Collectively, these approaches mit-

igate overfitting and improve the capability of the recommender systems to make

accurate recommendations of unseen data, ultimately leading to better perfor-

mance in real-world applications where user preferences are continuously evolving

and highly diverse.

2.3.1 Data Augmentation

The commonly used data augmentation methods [86, 87] in recommender systems

can be divided into three categories, including graph-based, sequence-based, and

feature-based.

2.3.1.1 Graph-based Augmentation

Many existing studies construct graphs to capture relationships between users and

items, as well as exclusively among users or items, resulting in user-item, user-

user, and item-item graphs respectively. Based on these graph structures, there

are primarily three types of augmentation methods: edge/node dropout, graph

diffusion, and subgraph sampling.
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Edge perturbation. This strategy involves generating augmented graphs by per-

turbing the connectivities within a graph, typically through randomly adding or

dropping a certain ratio of edges. Various studies [88–92] propose to randomly

remove a proportion of edges. In this scenario, only a selected subset of con-

nections influences node representations, thereby enhancing their robustness by

eliminating redundant or noisy interactions. In addition, Yang et al. [93] propose

an enhancement to the original graph by adding edges based on a learned user-item

similarity matrix. This addition aims to strengthen the graph structure by inte-

grating possible meaningful connections that reflect user-item relationships more

accurately. Furthermore, some researchers [94, 95] suggest adaptively calculating

edges to maintain important connections while potentially altering less significant

ones. This approach aims to refine the graph structure by prioritizing the edges

that are most relevant, ensuring that the augmented graph remains representative

of significant relationships and patterns.

Node dropout. With a predefined probability, nodes can be selectively removed

from the graph. Dropping a proportion of nodes [88, 92, 96] aids in identifying in-

fluential nodes, thereby refining the overall graph structure and its representational

efficacy [87].

Subgraph sampling. Subgraph sampling is a technique that involves extracting

a subset of nodes and edges from a larger graph for analysis. This method focuses

on capturing the local connectivity within the graph. Subgraphs are typically

generated using various methods, including random walks, uniform sampling, ego-

network sampling, and knowledge-based sampling. Random walks [88, 92, 97]

involve traversing the graph randomly and selecting nodes from these paths to

create subgraphs. Uniform sampling [88, 90, 98] involves randomly choosing a set

of nodes and their corresponding edges to form subgraphs, with Wu et al. [88]

exemplifying this by randomly dropping a portion of nodes or edges. Ego-network

sampling [99] focuses on sampling a specific number of hops of neighbors for each

node in the graph, thus capturing the local neighborhood structure around each

node. On the other hand, Knowledge-based sampling [92, 100] incorporates domain

knowledge in the sampling process of subgraphs. For instance, Yu et al. [100] design

triangular motifs based on underlying semantics, which specify high-order relations

like “having a mutual friend”, thereby infusing more contextual relevance into the

subgraph structure.
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Figure 2.4: Sequence-based augmentation [86, 87].

Global structure-enhanced. This strategy, including graph diffusion and SVD-

based augmentations, emphasizes the creation of graph augmentations by harness-

ing global information or patterns present in the graph. Some works [101, 102]

utilize graph diffusion techniques to integrate global information and refine the

original graph through the creation of new edges. For instance, Zhang et al. [102]

develop a sparsified diffusion graph derived from the user-item interaction graph,

employing the Personalized PageRank algorithm for its construction. Additionally,

another approach [103] involves applying a Singular Value Decomposition (SVD)-

based method for graph augmentation to effectively capture global collaborative

signals. Specifically, this process begins with performing SVD on the adjacency

matrix, followed by truncating the list of singular values to retain only the top

largest values.

2.3.1.2 Sequence-based Augmentation

Taking into account the temporal factor of user interactions with items, a user’s

behavior can be represented as a sequence of items. Common sequence-based

augmentation methods, which modify the original sequence, generally encompass

five types: item masking, item cropping, item reordering, item substitution, and

item insertion.

Item masking. The item masking strategy [51, 53, 104–106] involves randomly

masking a portion of items in a sequence and substituting the masked items with
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a special token, [mask], similar to the masking technique used in BERT [171].

This approach is viable because a user’s intention tends to remain stable over a

period [87]. Additionally, sequences may contain noisy items that do not accurately

reflect the user’s true preferences. By masking some items, the primary intent

information extracted from the partial sequence is still preserved.

Item cropping. Inspired by the random crop technique commonly used in com-

puter vision to augment image data, the item crop augmentation method in rec-

ommender systems involves randomly selecting a continuous sub-sequence from a

user’s historical sequence [51, 53, 104, 105]. This approach offers a localized view

of the user’s interaction history. The effectiveness of the item crop method lies in

its ability to enhance the user representation model by learning to generalize user

preferences without needing comprehensive user information [53]. This technique

aids in increasing the model’s robustness and adaptability by focusing on partial,

yet significant, user interaction patterns.

Item reordering. Many existing methods [38, 107, 108] assume a strict sequential

dependence between adjacent items in a user’s historical sequences. However, in

real-world scenarios, the order of user interactions is often flexible, influenced by

various unobserved external factors. Consequently, different item orders may actu-

ally reflect identical user intents [36, 172]. Recognizing this, some research [53, 104]

proposes the item reordering strategy for data augmentation. This technique in-

volves randomly shuffling a continuous subsequence within the user’s interaction

history, which helps the model reduce its reliance on the exact order of interac-

tion sequences, thereby enhancing its robustness, especially when encountering new

interactions.

Item substitution. Random item cropping and masking can potentially exacer-

bate the data sparsity issue, particularly in short sequences. To address this, some

studies suggest item substitution in short sequences with either random items [108]

or highly correlated items [109]. When random items are injected into sequences,

these modified sequences are treated as negative samples. A classifier is then em-

ployed to predict the likelihood of user interaction with these altered sequences.

This approach helps in enhancing the robustness of the model by training it to dis-

tinguish between genuine and artificially altered user behaviors. In contrast, the

injection of highly correlated items into sequences introduces less disruption to the

original sequential information. The selection of these correlated items is based on
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Figure 2.5: Feature-based augmentation [86, 87].

a correlation score, which is typically derived from item co-occurrence frequencies

or the similarity of their respective representations. This method maintains the

integrity of the original sequence to a greater extent, ensuring that the augmented

data still closely reflects realistic user behaviors and preferences.

Item insertion. In practice, the interactions in the dataset usually represent

only a fraction of users’ complete behaviors, with transactions from other sources

frequently missing, as noted by Liu et al. [110]. This limitation is particularly pro-

nounced in short sequences, where the recorded interactions may not adequately

capture the full spectrum of user dynamics and item correlations. As a result,

training sequences derived from such limited data may fail to comprehensively rep-

resent user behaviors and preferences. To address this issue, Liu et al. [109] propose

the insertion of correlated items into short sequences as a method to enhance and

complete these sequences.

2.3.1.3 Feature-based Augmentation

Feature-based augmentation focuses on performing augmentations on feature vec-

tors, which can be categorical features derived from categorical attributes or learned

continuous feature embeddings.
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Feature dropout. Feature dropout [111, 112] involves randomly masking or drop-

ping a portion of features. Specifically, Wang et al. [111] suggest masking a pro-

portion of initial features, wherein any masked feature’s representation is replaced

with [mask], represented as a zero vector.

Feature shuffling. Feature shuffling [93, 100, 113] involves randomly interchang-

ing rows or columns within the feature matrix, where each row represents the

feature of a graph node. As a result, the model learns representations based on

changing contextual information.

Feature mixing. This augmentation strategy involves mixing various modality

features from the same user or item [114], or combining features from different

users or items [91, 115], for feature interpolation. For example, Zhou et al. [91]

introduce embedding perturbation by leveraging historical embeddings from prior

training iterations.

Feature noise. This strategy [116–118] involves generating varied views by intro-

ducing different types of noise to the original embeddings. This approach stands

apart from feature-based augmentations, which typically perturb only the input

embeddings or the final representations. Instead, it introduces noise at different

layers of the encoder. A notable example is presented by Yu et al. [116]. They focus

on regulating the uniformity of the representation distribution by adding directed

random noises to the representations.

2.3.2 Contrastive Learning

The key idea of contrastive learning is to build multiple views of the input through

proper transformations and maximize the agreement between different views of

the same instance while minimizing the agreement between different instances in

order to learn a more generalized and robust representation. The previous section

outlines flexible data augmentation techniques that are instrumental in creating

these varied views. Following this, the subsequent section delves into various con-

trastive methods, exploring how instances are contrasted and the techniques used

to measure their mutual information.
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Based on the type of instances used for constructing contrastive loss, contrastive

methods can be categorized into local-local contrast, global-global contrast, local-

global contrast, and local-context contrast. For graph structures, local refers to

nodes and global refers to graphs. For sequence structures, local refers to items

and global refers to sequences. The context scale is between the local and global

scales and represents the subgraph or subsequence [86, 87].

2.3.2.1 Local-Local Contrast

Local-local contrast is a technique employed to distinguish between local repre-

sentations. In graph-based methods, a notable example is the SGL [88], which

utilizes stochastic graph augmentations such as node dropout, edge dropout, and

random walk on user-item bipartite graphs. SGL begins by generating two aug-

mented graphs using identical augmentation operators. Subsequently, it employs

a shared LightGCN encoder to derive node embeddings from these augmented

graphs. The model performs node-level contrast by optimizing the InfoNCE loss,

utilizing in-batch negative sampling. In its final stage, SGL concurrently opti-

mizes the InfoNCE loss and the BPR loss to enhance recommendation accuracy.

Also, DCL [122] adopts stochastic edge dropout and specifically perturbs the L-hop

ego-network of a node. This process yields two augmented subgraphs. DCL then

focuses on maximizing the consistency between node representations learned from

these two subgraphs.

Regarding sequence-based methods, particularly in sequential recommendation

contexts, COTREC [113] constructs dual graph views: the item view (item-item

graph) and the session view (session-session graph). It aims to align the repre-

sentation of a session’s final item with those of predicted positive samples, while

simultaneously minimizing the agreement with negative sample representations.

2.3.2.2 Global-Global Contrast

The global-global contrast technique focuses on differentiating global representa-

tions and is frequently employed in sequential recommender systems. An example

is CL4SRec [53], which employs three distinct random augmentation operators:

item masking, item cropping, and item reordering, to modify input sequences.
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These augmented sequences are then processed through a Transformer-based en-

coder [173]. The encoder facilitates the learning of representations from these mod-

ified sequences, which are subsequently employed for global-level contrast. Simi-

larly, DuoRec [174] generates different sequence representations by applying mes-

sage dropout. In this method, the same sequence is encoded twice using different

dropout masks in a Transformer-based encoder. Subsequently, DuoRec conducts

sequence self-discrimination, contrasting the representations derived from these

differently masked sequences.

2.3.2.3 Local-Global Contrast

The local-global contrastive approach involves contrasting local and global rep-

resentations. This method aims to infuse high-level global information into lo-

cal structure representations, particularly in graph-based scenarios. For instance,

EGLN [93] introduces a method to achieve local-global consistency. It contrasts

between the edge representation and the global graph representations. Specifically,

the edge representation is defined as the concatenation of the representations of

its connected nodes. Meanwhile, the global graph representation is determined as

the average of all edge representations. For HGCL [175], user and item node-type

specific homogeneous graphs are constructed. Within each homogeneous graph,

the method focuses on maximizing the mutual information between local segments

of the graph and the global representation of the entire graph. Moreover, HGCL

introduces a cross-type contrast, which measures both local and global information

across different types of homogeneous graphs.

2.3.2.4 Local-Context Contrast

Local-context contrast methods are employed in both graph and sequence-based

scenarios to create a contrast between the contextual and global representations.

In these methods, the context is typically formed by sampling ego-networks or

through clustering techniques.

In graph-based methods, MHCN [100] categorizes three types of triangular social

relationships, which are then modeled using a multi-channel hypergraph encoder.

Within each channel, MHCN optimizes mutual information among three levels
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of representation: the individual user representation, the user’s ego hypergraph

representation, and the global hypergraph representation. This hierarchical ap-

proach ensures a comprehensive understanding of user relationships at various lev-

els. Meanwhile, NCL [176] introduces a prototype-contrastive objective, where the

positive sample for each item or user is the prototype of its cluster, and the negative

sample is from other clusters’ prototypes. This objective is optimized using the

Expectation-Maximization algorithm. NCL also employs cross-layer contrasting,

using representations from even-numbered GNN layers as positive samples for each

user or item.

In sequence-based methods, ICL [177] is developed for sequential recommendation.

It learns user intent distributions from behavior sequences via clustering and incor-

porates these intents into the sequential recommendation model using a contrastive

learning loss to contrast sequence views with their respective intents.





Chapter 3

Preliminaries

In this section, we present the preliminaries of data augmentation and contrastive

learning within the context of recommender systems, while introducing the relevant

notations used throughout the discussion.

3.1 Data Augmentation

Data augmentation in recommender systems involves expanding the training dataset

by creating modified versions of existing datasets. This process helps the model

learn more robust and generalizable representations. In this thesis, we explore

three primary data augmentation techniques tailored to different data structures

and recommendation tasks. We denote the augmentation operator as T .

3.1.1 Graph-based Augmentation

Consider a user-item interaction graph G = {U ,V , E} with U and V representing

the sets of users and items, respectively, and E denoting the edges indicating in-

teractions between them. The adjacency matrix of this graph is represented by A.

We apply various graph augmentation techniques, such as edge perturbation, node

dropout, subgraph sampling, and enhancements based on global structure. These

augmentations can be formalized as:

G̃, Ã = TGraph(G) = (Ũ , Ṽ , Ẽ), (3.1)

45
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where (Ũ , Ṽ , Ẽ) represent the new set of users, items, and edges in the augmented

graph.

3.1.2 Sequence-based Augmentation

Given a sequence of item interactions S = {i1, i2, . . . , in} ordered chronologically

by interaction timestamps, sequence-based augmentation methods such as item

masking, cropping, reordering, substitution, and insertion can be applied. These

methods redefine the original sequence into a new sequence:

S̃ = TSeq(S) = {ir1 , ir2 , · · · }, (3.2)

where each ir represents an item in the newly generated sequence.

3.1.3 Feature-based Augmentation

Feature-based augmentation focuses on applying augmentations to feature vec-

tors, which can consist of categorical features derived from categorical attributes

or learned continuous feature embeddings. Denoting feature embeddings by X,

common methods include feature dropout, shuffling, mixing, and the addition of

noise. This transformation can be represented as:

Z = TFeature(X) = Φ(X), (3.3)

where Φ denotes the function to transform the original feature embeddings. For

example, Φ can represent the whitening transformation (details can be found in

Chapter 5) or a masking matrix to exclude certain elements in X.

3.2 Contrastive Learning

After elucidating the various data augmentation techniques that enhance the train-

ing dataset, we utilize the augmented datasets to formulate the contrastive learning

task. Contrastive learning is intended to train models that adeptly differentiate
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between similar and dissimilar instances, thereby capturing deeper nuances in the

data and learning a more generalizable embedding space.

Considering the representations of the same instance (which may vary across differ-

ent scales such as local, global, or contextual) learned from two augmented views, ei

and ej, the objective of the contrastive loss is to maximize the mutual information

between these representations. Directly maximizing mutual information presents

challenges, and a practical approach involves maximizing its lower bound. In this

thesis, we employ the widely used lower bound InfoNCE [178], which is formulated

as follows:

LNCE = −E
[
log

ef(ei,ej)∑
n∈N−

i ∪{j} e
f(ei,en)

]
(3.4)

where N−
i is the negative sample set of i. The negative set is often sampled within

a batch. f(ei, ej) =
e⊤i ej

∥ei∥∥ej∥/τ where τ is the temperature.

The subsequent chapters will further detail the development of effective data aug-

mentation techniques and contrastive learning strategies for recommender systems,

aimed at enhancing model generalization and alleviating data sparsity.





Chapter 4

Diffusion-based Graph

Contrastive Learning for

Recommendation1

As we have explored existing recommendation systems and established founda-

tional concepts in Chapters 2 and 3, we now move forward to address one of the

primary challenges in recommendation systems: handling large and sparse interac-

tion graphs for data augmentation. In Chapter 4, we analyze the original user-item

interaction graph and propose a data augmentation method that minimizes the in-

troduction of noise or bias, ensuring the integrity of the underlying data structure.

4.1 Overview

The recent development of deep learning motivates the emergence of various neu-

ral network-based recommendation models [120, 121]. One representative group

of studies leverages graph neural networks (GNNs). With the advantage of ex-

ploiting the high-order connectivity of users and items through iterative message

propagation, GNNs-based models have shown prominent performance in recom-

mendation tasks. However, these methods still suffer from insufficient supervision

signals from observed sparse user-item interactions, unbalanced distributions of the

1The work in this chapter has been published in DASFAA 2022 [102].

49
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user (or item) node degree, and unavoidable noises (e.g., accidentally clicking) from

users’ implicit feedback for most datasets [88].

Self-supervised learning (SSL) has recently become a promising technique to ad-

dress these limitations for a more robust and generalized representation learning of

GNNs [179]. Researchers have begun to actively explore SSL in GNNs-based rec-

ommendation models [88, 99, 122, 123]. Most of them concentrate on contrastive

learning, which maximizes the agreement between representations of augmented

views and the original graph. The key part of contrastive learning is how to de-

sign the graph augmentation strategy. The most commonly endorsed approach is

randomly removing edges, either on the whole graph [88] or on an h-hop enclosed

subgraph [99, 122]. However, this method cannot differentiate the importance of

edges. Ideally, we want to obtain an augmented graph by keeping informative edges

while removing irrelevant or noisy edges.

To build a more effective augmentation view of the user-item interaction graph for

contrastive learning, we propose to replace the random dropout with graph dif-

fusion, which reconciles the spatial message passing by smoothing out the neigh-

borhood over the graph [124]. The diffusion process defines a weighted graph

exchanged from the original unweighted graph. The weights measure the relative

importance of edges based on the graph structure. Hence, we can utilize these im-

portance scores to design different sparsification methods so as to preserve a more

effective neighborhood for each node in the diffusion graph. Meanwhile, most

GNNs incorporate high-order information by increasing the number of convolu-

tional layers. The iterative expansion not only includes more nodes for learning

better representations but also introduces more noisy edges, which can deteriorate

the recommendation performance. Graph diffusion does not have this constraint

as it can extend connections in the graph from one-hop to multi-hops. We retrieve

the information of a larger neighborhood by one layer of aggregation rather than

stacking multiple layers of GNNs. Hence, the problem of having noises in real

graphs can be further mitigated.

In this paper, we propose a simple yet effective Graph Diffusion Contrastive Learn-

ing (GDCL) framework for item recommendation with users’ implicit feedback.

Existing graph diffusion algorithms focus on homogeneous graphs, which include a

single node type. In GDCL, we first devise the diffusion algorithm to consider dif-

ferent types of nodes in a heterogeneous graph (i.e., user-item interaction graph).
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The derived diffusion graph consists of multiple types of relations between nodes.

Specifically, besides the user-item relation, user-user, and item-item relations are

also introduced. These heterogeneous relations [180] are not fully captured if we

simply apply graph convolutional network (GCN) based encoders to treat them

uniformly as previous works [31, 88]. Hence, we extend GCN to model the hetero-

geneity of the diffusion graph by maintaining a dedicated representation for every

type of relation, and then fuse them using a mean aggregator. To train the overall

model end-to-end, we leverage a multi-task training paradigm to jointly optimize

the recommendation task and self-supervised learning task. For the recommenda-

tion task, previous SSL-based recommendation models [88, 99, 122, 123] only rely

on the user-item graph for user preference prediction. Differing from these works,

we utilize representations learned from the auxiliary view (i.e., diffusion graph)

together with the user-item graph to improve the representation learning for users

and items. For the self-supervised task, we contrast node representations encoded

from two views by a symmetric mutual information maximization objective func-

tion. Experimental results on four publicly available datasets demonstrate that the

proposed GDCL model consistently outperforms state-of-the-art recommendation

methods.

4.2 The Proposed Recommendation Model

This work focuses on top-K item recommendations based on users’ implicit feed-

back. Let U = {u1, u2, · · · , um} and V = {v1, v2, · · · , vn} be the set of users and

items, wherem and n denote the number of users and items, respectively. Observed

users’ interactions with items can be described by a bipartite graph G = {U ,V , E},
where E denotes the set of edges that represents all interactions between users and

items. If a user u has interacted with an item v, we build an edge euv between

the corresponding user node and the item node. For each node t in G, we denote

the set of its first-hop neighbors in G by Nt. We denote the adjacency matrix

of G by A ∈ R(m+n)×(m+n). In this work, we consider the user-item interaction

graph as an undirected graph. Then, we set Aij = Aji = 1, if there exists an

edge connecting two nodes ti and tj in G; Otherwise, we set Aij = Aji = 0. The

degree matrix D ∈ R(m+n)×(m+n) of G is a diagonal matrix, where the diagonal

element Dii =
∑m+n

j=1 Aij. Given the interaction graph G between users and items,
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Figure 4.1: The overall framework of the proposed GDCL recommendation
model.

our objective is to predict the probability that a user u would like to interact

with a candidate item v, and then recommend K top-ranked candidate items to u.

Figure 4.1 shows the overall framework of the proposed GDCL recommendation

model. It consists of three main components: 1) diffusion-based graph augmen-

tation, 2) graph encoders, and 3) self-supervised contrastive learning. Next, we

introduce details of each component.

4.2.1 Diffusion-based Graph Augmentation

4.2.1.1 Graph Diffusion Approximation

For a homogeneous graph, its diffusion matrix can be formulated as [124, 181],

Π =
∞∑
k=0

θkT
k, (4.1)

where T is the generalized transition matrix that can be defined by the sym-

metrically normalized adjacency matrix as T = D−1/2AD1/2, and θk is weighting

coefficients of Tk. In Eqn. (4.1), Π has closed-form solutions when considering two
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special cases, i.e., Personalized PageRank (PPR) [182] and heat kernel [183]. How-

ever, these two solutions involve matrix inverse and matrix exponential operations,

which are computationally infeasible for processing large-scale graphs.

Inspired by [184], we resort to an efficient algorithm to approximate the diffusion

matrix Π. Specifically, we choose the following adaption of personalized PageR-

ank [185] to instantiate Π,

ΠPPR = α(In − (1− α)D−1A)−1, (4.2)

where In is the identity matrix, and α is the teleport probability in a random walk.

A larger teleport probability means higher chances to return to the root node, and

hence we can preserve more locality information. A smaller teleport probability

allows us to reach out to a larger neighborhood. We can tune α to adjust the size of

the neighborhood for different datasets. In [184], the push-flow algorithm [186] is

used to obtain a sparse approximation for each row ofΠPPR. Note that every row of

this approximated matrix can be pre-computed in parallel using a distributed batch

data processing pipeline. However, this algorithm is designed for homogeneous

graphs, where all nodes are of the same type. We adapt it for the user-item

interaction graph G which contains two different types of nodes. Precisely, we

define teleport probabilities αu and αv for user nodes and item nodes, respectively.

For the i-th row πi in the approximated graph diffusion matrix ΠPPR, we first

determine the node type and then use its corresponding teleport probability for

computation. As a result, we can control the amount of information being diffused

to the neighborhood for different types of nodes. It has practical benefits for a

recommender system. For example, real-world datasets usually have more long-

tail items than long-tail users. In such cases, decreasing the teleport probability

of items can help find more possibly relevant users and items, and hence learn

better representations. Details of the diffusion matrix approximation algorithm

are summarized in Algorithm 1.

4.2.1.2 Diffusion Matrix Sparsification

The diffusion matrix ΠPPR is a dense matrix, where each element reflects the rel-

evance between two nodes based on the graph structure. As suggested by [186],

weights of personalized PageRank vectors are usually concentrated in a small subset
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Algorithm 1 Approximate graph diffusion for the user-item interaction
graph

1: Inputs: Graph G, teleport probability αu and αv, target node z ∈ U ∪ V ,
max.residual ϵ, node degree vector d

2: Initialize the estimate-vector π = 0 and the residual-vector r. r is a zero vector
with only position z equal to αu if z is a user node or αv if z is an item node.

3: while ∃ t s.t. (rt > αuϵdt if t ∈ U) or (rt > αvϵdt if t ∈ V) do
4: if t ∈ U then
5: α = αu

6: else if t ∈ V then
7: α = αv

8: end if
9: # approximate personalized PageRank [184]
10: πt += rt
11: m = (1− α) · rt/dt
12: for u ∈ N⊔ do
13: ru +=m
14: end for
15: rt = 0
16: end while
17: Return π

of nodes. Thus, we can truncate small weights but still obtain a good approxima-

tion. In this work, we propose the following three methods to sparsify the diffusion

matrix,

• Topk: For each row πi in ΠPPR, we retain k entries with highest weights

from user nodes and item nodes respectively, and set other entries to zero.

Namely, we will keep 2k “neighbors” for each node in the diffusion graph.

• Topk-rand: We firstly select k user nodes and k item nodes with highest

weights in each row πi, following the Topk method. Then, we randomly drop

selected nodes with a dropout ratio ρ (an adjustable hyper-parameter).

• Topk-prob: This method is similar to the Topk-rand method. The only

difference is that, in this method, the probability for dropping a selected

node is proportional to its weight in the weight vector πi.

As the Topk sparsification method is deterministic, we train the GDCL model with

the fixed sparsified diffusion matrix. The other two sparsification methods Topk-

rand and Topk-prob are stochastic. When using the Topk-rand and Topk-prob
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methods to train the proposed model, we perform diffusion matrix sparsification

at each training epoch. We denote the sparsified diffusion graph by G̃.

4.2.2 Graph Encoders

The original user-item interaction graph G and the diffusion graph G̃ are treated

as two congruent views for contrastive learning. Two different graph encoders are

designed to capture the information in G and G̃. To begin with, we randomly

initialize embeddings of a user u and an item v by e
(0)
u and e

(0)
v respectively, which

are shared by both graph encoders.

4.2.2.1 User-Item Interaction Graph Encoder

In this work, we use LightGCN [31] to encode the user-item interaction graph G. As
shown in [31], LightGCN only keeps the neighborhood aggregation of GCN when

propagating node embeddings. At the ℓ-th layer, the graph convolution operation

on a user node u is defined as,

ẽ(ℓ)u =
∑
v∈Nu

1√
|Nu|

√
|Nv|

ẽ(ℓ−1)
v , (4.3)

where ẽ
(ℓ)
u denotes the representation of the user u at the ℓ-th layer, and | · | denotes

the cardinality of a set. Then, we sum multiple representations from different layers

to obtain the final user embedding derived from the user-item interaction graph as

follows,

ẽu = e(0)u + ẽ(1)u + · · ·+ ẽ(L)u , (4.4)

where L denotes the number of GCN layers. Similarly, we can obtain the final

representation ẽv of an item v based on the interaction graph G.

4.2.2.2 Diffusion Graph Encoder

The diffusion graph G̃ built in Section 4.2.1 is derived from the user-item inter-

action graph, which includes two types of nodes. Thus, three types of relations

are established in G̃, including user-item relation, user-user relation, and item-item

relation. To effectively capture the heterogeneous structure of G̃, we propose a
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Figure 4.2: The illustration of diffusion graph encoder. Blue and yellow colors
denote user and item nodes. Edges in black, blue, and yellow denote user-item,
user-user, and item-item relations.

graph diffusion encoder to model these three relations separately and maintain a

dedicated representation for every type of relation. As shown in Figure 4.2, each

node’s adjacent nodes can either be users or items in G̃. We segregate them into

two groups based on the node type and perform feature aggregation within each

group. Hence, two representations are generated for every user (or item). One is

derived from the user-item relation and the other one is derived from the user-user

(or item-item) relation.

Traditional message-passing neural networks, e.g., GCN, aggregate their first-hop

neighbors at each layer. Higher-order neighbors are only accessible through layer-

to-layer propagation. The graph diffusion process breaks this constraint by creating

connections to multi-hop nodes, and hence aggregation can be performed on a

larger neighborhood without stacking multiple GNN layers [124]. Specifically, the

derivation of user embeddings is as follows,

êu1 =
∑

u′∈N⊓(1)

πu(u
′)e

(0)
u′ , êu2 =

∑
v∈N⊓(2)

πu(v)e
(0)
v , (4.5)

where êu1 and êu2 are embeddings of u obtained from the user-user diffusion graph

and user-item diffusion graph, respectively. N (1)
u and N (2)

u denote sets of first-hop

nodes of the user u on the user-user diffusion graph and user-item diffusion graph,

respectively. πu represents the diffusion vector of u, and πu(v) is the weight of the

node v in the diffusion vector πu. Then, we combine these two embeddings by the
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MEAN operation,

êu = MEAN
(
êu1, êu2

)
, (4.6)

which takes the average of user embeddings from the user-user diffusion graph and

the user-item diffusion graph to be the final user representation êu learned from

the diffusion graph. Similarly, we can obtain the representation êv of an item v

learned from the diffusion graph.

4.2.3 Self-supervised Contrastive Leaning

After obtaining user and item representations from two graph views, we maximize

the consistency between positive pairs and the inconsistency between negative pairs

via contrastive learning. A positive pair is formed by representations of the same

node from different views, whereas representations of different nodes form negative

pairs. The GNNs model is enforced to distinguish positive pairs from negative

pairs.

Following [187], we use the InfoNCE Sym mutual information estimator to define

contrastive learning losses in this work. Specifically, negative pairs are categorized

into inter-view negative pairs and intra-view negative pairs. An inter-view negative

pair consists of two nodes, which are generated from different views. If both nodes

of a negative pair are from the same view, they are called an intra-view negative

pair. Let B denote the current mini-batch of observed user-item interaction pairs,

UB and VB denote the list of users and items in B, respectively. For a user u ∈ UB,

its contrastive loss is defined as,

ℓ(ẽu, êu) = log(
ecos(ẽu,êu)/τ

ecos(ẽu,êu)/τ +
∑
u′ ̸=u

ecos(ẽu,êu′ )/τ +
∑
u′ ̸=u

ecos(ẽu,ẽu′ )/τ
), (4.7)

where cos( · ) is the cosine similarity function and τ is the temperature hyper-

parameter. Three terms in the denominator are the score of the positive pair, the

total scores of all inter-view negative pairs, and the total scores of all intra-view

negative pairs. Note that we only consider negative instances from the current

mini-batch. As two graph views are interchangeable, we can define the contrastive
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learning loss from the user perspective in a symmetric way as follows,

Luser
ssl = − 1

2|UB|
∑
u∈UB

[
ℓ(ẽu, êu) + ℓ(êu, ẽu)]. (4.8)

In this case, intra-view negative pairs derived from two graph views will be taken

into account.

Similarly, we can define the contrastive learning loss from the item perspective as,

Litem
ssl = − 1

2|VB|
∑
v∈VB

[
ℓ(ẽv, êv) + ℓ(êv, ẽv)]. (4.9)

4.2.4 Multi-Task Training

To learn model parameters, we leverage a multi-task training paradigm to jointly

optimize the recommendation task and self-supervised task. For the recommenda-

tion task, we first aggregate representations from the user-item graph encoder and

the diffusion graph encoder by element-wise summation,

eu = ẽu + êu, ev = ẽv + êv, (4.10)

where eu and ev are final representations of user u and item v. Then, the prediction

of u’s preference on the item v can be defined as,

ŷuv = e⊤u ev. (4.11)

The Bayesian Pairwise Ranking (BPR) loss [10] is employed as the loss function

for the recommendation task. Specifically, for each user-item pair (u, v) ∈ B,
we randomly sample an item w that has no interaction with u to form a triplet

(u, v, w). Then, the loss function is defined as follows,

Lrec =
∑

(u,v,w)∈DB

− log σ (ŷuv − ŷuw), (4.12)

where DB denotes the set of triplets for all observed user-item pairs in B. The total
loss for learning the proposed recommendation model is as follows,

L = Lrec + λ1(L
user
ssl + Litem

ssl ) + λ2∥Θ∥22, (4.13)
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where λ1 balances the primary recommendation loss and auxiliary self-supervised

loss, λ2 controls the L2 regularization, and Θ denotes model parameters.

4.2.5 Complexity Analysis

In this section, we delve into the analysis of the time complexity associated with

GDCL training. GDCL comprises three principal components: 1) diffusion-based

graph augmentation, 2) graph encoders, and 3) self-supervised contrastive learn-

ing. The diffusion graph can be precomputed and is thus excluded from our time

complexity analysis. The graph encoders utilize neighborhood aggregation and

introduce no new trainable parameters. The primary source of complexity arises

from the third component, the self-supervised contrastive learning objective, cou-

pled with the BPR loss employed for the recommendation task. The BPR loss

exhibits a complexity of O(2Ed) for each epoch. To evaluate the self-supervised

loss, our analysis considers only the inner product, as specified in Equation 4.7.

During the calculation of InfoNCE loss on the user side, all other user nodes within

a batch are treated as negative samples. The complexities for the numerator and

denominator are O(Ed) and O(2BEd), respectively. Given that the contrastive loss

is symmetric, the total complexity for the user side per epoch is O(Ed(1 + 3B)).

Since this loss is computed for both the user and item sides, the overall complexity

doubles, though the factor of 2 is generally omitted for simplification. Conse-

quently, the cumulative time complexity, incorporating both BPR and contrastive

loss, is O(Ed(3 + 3B)).

4.3 Experiments

4.3.1 Experimental Settings

4.3.1.1 Experimental Datasets

To examine the capability of the proposed model, we conduct experiments on three

datasets: Amazon review [188], MovieLens-1M2, and Yelp20183. For the Amazon

2https://grouplens.org/datasets/movielens/1m/
3https://www.yelp.com/dataset
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Table 4.1: Statistics of the experimental datasets.

Dataset # Users # Items # Interactions Sparsity

Amazon-Games 45,950 16,171 363,590 99.95%
Amazon-Arts 42,137 20,942 317,109 99.96%
MovieLens-1M 5,400 3,662 904,616 95.43%

Yelp2018 34,518 22,918 380,632 99.95%

review, we choose the subsets “Video Games” and “Arts” for evaluation. On

each dataset, we only keep users and items that have at least 5 interactions. The

statistics of datasets are shown in Table 4.1.

4.3.1.2 Baseline Methods

We compare the GDCL model with the following baselines:

• BPR [10]: This is a classical collaborative filtering method based on matrix

factorization;

• LightGCN [31]: This is the state-of-the-art GNNs-based recommendation

model. It simplifies the design of GCNs for collaborative filtering by discard-

ing feature transformation and non-linear activation;

• BUIR [189]: This work proposes a recommendation framework that does

not require negative sampling. It utilizes two distinct encoder networks to

learn from each other;

• BiGI [99]: This work generates the graph-level representation and contrasts

it with sampled edges’ representations via a global-local infoMax objective.

It incorporates global properties of a bipartite graph into the representation

learning of graph nodes;

• SGL [88]: This work exploits self-supervised learning on the user-item graph.

They devise three types of data augmentation operations on graph structure

from different aspects to construct auxiliary contrastive tasks.
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4.3.1.3 Evaluation Protocols

For each dataset, we sort observed user-item interactions in chronological order

based on interaction timestamps. Then, the first 80% of interactions are chosen for

training. The next 10% and the last 10% of interactions are used for validation and

testing. The performance of a recommendation model is measured by three widely

used ranking-based metrics: Recall@K, NDCG@K, and Hit Ratio@K (denoted by

R@K, N@K, and HR@K), where K is set to 5, 10, and 20. For each metric, we

compute the performance of each user in the testing data and report the average

performance of all users.

4.3.1.4 Implementation Details

We implement GDCL by PyTorch [190]. Model parameters are initialized by the

Xavier method [191] and learned by the Adam optimizer [192]. We continue to train

the model until the performance is not increased for 50 consecutive epochs. All

baselines are trained from scratch for fair comparison. The embedding dimension

is fixed to 64, the batch size is set to 2048, and the learning rate is set to 0.001.

The number of GCN layers is chosen from {1, 2, 3}. Empirically, we set teleport

probability αu = αv = 0.2 and max.residual ϵ = 0.001 for all datasets except the

MovieLens-1M dataset. On MovieLens-1M dataset, αu and αv are set to 0.1 and ϵ

is set to 0.0001. We tune the temperature τ in contrastive learning in {0.1, 0.2}.
The SSL regularization λ1 is chosen from {0.1, 0.01, 0.001, 0.0001}, and the weight

decay λ2 is chosen from {1e-2, 1e-3, 1e-4, 1e-5}. The dropout ratio ρ in diffusion

matrix sparsification is set to 0.1. For each method, we use grid-search to choose

optimal hyper-parameters based on its performance on validation data.

4.3.2 Performance Comparison

Table 4.2 summarizes the performance of different models. We have the following

observations:

Firstly, on MovieLens-1M, graph-based baseline models are inferior to BPR for

most evaluation metrics. Compared with other datasets, MovieLens-1M has a

higher density. The training data has enough supervision signals from interactions;
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thus simple BPR is adequate. On such datasets, GDCL can still achieve the best

performance. It can be attributed to the sparsifed diffusion graph which helps to

learn informative representations.

Secondly, BiGI performs worst on most datasets, which implies that contrasting

the local sampled subgraph representations with global graph representations does

not benefit much on the recommendation performance.

Thirdly, in most cases, the non-negative sampling method BUIR achieves better

results than LightGCN. However, it cannot compete with models (e.g., SGL and

GDCL) that use a joint learning framework with self-supervised contrastive loss.

Fourthly, GDCL and SGL outperform purely graph-based models by leveraging self-

supervised learning that contrasts node-level representations from different graph

views. This result demonstrates the effectiveness of incorporating self-supervised

learning into the recommendation task.

Lastly, the proposed GDCL model consistently achieves the best performance on

all datasets. Compared with the best baseline method SGL, GDCL contrasts rep-

resentations learned from the user-item graph with those learned from the diffusion

graph. Thus, more useful graph structure information can be preserved, and nega-

tive impacts of noisy edges can be reduced. Moreover, GDCL employs representa-

tions learned from both graph encoders to enhance user and item representations

for better recommendation performance.

4.3.3 Ablation Study

To study the impact of each component in GDCL, we consider the following variants

of GDCL:

• GDCLAdj: we replace the diffusion matrix with the adjacency matrix to

evaluate the effectiveness of graph diffusion;

• GDCLGCN: we replace the diffusion graph encoder with one layer of Light-

GCN to evaluate the effectiveness of modeling heterogeneous relations in

graph diffusion. It performs neighborhood aggregation without differentiat-

ing various relations between nodes;
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Table 4.2: Overall performance comparison. Best results are in boldface and
the second best is underlined. “%Improv” refers to the relative improvement
of GDCL over the best baseline. ∗ indicates the improvements are statistically
significant with p < 0.05.

Dataset Model R@5 N@5 HR@5 R@10 N@10 HR@10 R@20 N@20 HR@20

Amazon
Games

BPR 0.0111 0.0096 0.0256 0.0208 0.0127 0.0440 0.0336 0.0165 0.0672
LightGCN 0.0157 0.0134 0.0335 0.0269 0.0173 0.0545 0.0429 0.0220 0.0823
BUIR 0.0148 0.0125 0.0320 0.0265 0.0166 0.0538 0.0456 0.0224 0.0888
BiGI 0.0134 0.0106 0.027 0.0228 0.0139 0.0462 0.0383 0.0185 0.0728
SGL 0.0157 0.0130 0.0331 0.0269 0.0170 0.0552 0.0451 0.0225 0.0860
GDCL 0.0174∗ 0.0137∗ 0.0367∗ 0.0307∗ 0.0184∗ 0.0604 0.0469∗ 0.0234∗ 0.0907∗

%Improv 10.82% 2.23% 9.55% 14.12% 6.35% 9.42% 2.85% 4.00% 2.13%

Amazon
Arts

BPR 0.0111 0.0092 0.0237 0.0175 0.0115 0.0363 0.0292 0.0151 0.0575
LightGCN 0.0139 0.0114 0.0288 0.0234 0.0149 0.0463 0.0374 0.0193 0.0733
BUIR 0.0129 0.0113 0.0268 0.0233 0.0150 0.046 0.0375 0.0195 0.0726
BiGI 0.0098 0.0083 0.0204 0.0177 0.0113 0.0360 0.0287 0.0148 0.0570
SGL 0.0141 0.0116 0.0281 0.0241 0.0153 0.0473 0.0381 0.0197 0.0730
GDCL 0.0144∗ 0.0117∗ 0.0291∗ 0.0251∗ 0.0157∗ 0.0499∗ 0.0391∗ 0.0201∗ 0.0765∗

%Improv 2.12% 0.86% 1.04% 4.14% 2.61% 5.49% 2.62% 2.03% 4.36%

MovieLens
1M

BPR 0.0299 0.2900 0.6012 0.0512 0.2691 0.6974 0.0859 0.2505 0.7837
LightGCN 0.0294 0.2820 0.6012 0.0480 0.2621 0.6815 0.0836 0.2442 0.7619
BUIR 0.0237 0.2673 0.5665 0.0387 0.2483 0.6587 0.0696 0.2322 0.7391
BiGI 0.0274 0.2532 0.5774 0.0473 0.2441 0.6885 0.0797 0.2310 0.7837
SGL 0.0286 0.2814 0.5972 0.0512 0.2628 0.6984 0.0848 0.2482 0.7728
GDCL 0.0320∗ 0.2877 0.6121∗ 0.0533∗ 0.2696 0.7202∗ 0.0872∗ 0.2540 0.7917∗

%Improv 7.02% - 1.81% 4.10% 0.18% 3.12% 1.51% 1.39% 1.02%

Yelp2018

BPR 0.0161 0.0136 0.0393 0.0290 0.0182 0.0689 0.0499 0.0248 0.1121
LightGCN 0.0193 0.0159 0.0465 0.0328 0.0208 0.0771 0.0543 0.0275 0.1202
BUIR 0.0196 0.0167 0.0473 0.0338 0.0217 0.0783 0.0572 0.0291 0.1271
BiGI 0.0143 0.0113 0.0335 0.0237 0.0147 0.0556 0.0415 0.0204 0.0960
SGL 0.0191 0.0164 0.0465 0.0346 0.0220 0.0801 0.0608 0.0301 0.1323
GDCL 0.0213∗ 0.0184∗ 0.0510∗ 0.0356∗ 0.0235∗ 0.0840∗ 0.0606 0.0313∗ 0.1340

%Improv 8.67% 10.17% 7.82% 2.89% 6.81% 4.86% - 3.98% 1.28%

• GDCLw/o Diff: we predict the user preferences only using the adjacency ma-

trix to evaluate the effectiveness of incorporating graph diffusion embeddings

during inference.

The performance achieved by different GDCL variants is summarized in Table 4.3.

We find that the combination of all components consistently improves the model

performance on all datasets. Three GDCL variants perform differently on different

datasets. Graph diffusion benefits more on Amazon-Arts and MovieLens-1M, as

GDCLGCN and GDCLw/o Diff perform better than GDCLAdj. On Amazon-Games,

simply adopting graph diffusion for contrastive learning (GDCLGCN) is worse than

using the adjacency matrix (GDCLAdj). With the designed diffusion graph encoder

and its generated embeddings for recommendation prediction, the performance is

improved significantly.
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Table 4.3: Performance achieved by different variants of GDCL.

Method
Amazon-Games Amazon-Arts MovieLens-1M
R@10 N@10 R@10 N@10 R@10 N@10

GDCLAdj 0.0293 0.0188 0.0237 0.0151 0.0514 0.2669
GDCLGCN 0.0284 0.0176 0.0242 0.0154 0.0513 0.2653

GDCLw/o Diff 0.0285 0.0181 0.0245 0.0154 0.0519 0.2708

GDCL 0.0307 0.0184 0.0251 0.0157 0.0533 0.2696

Table 4.4: Impacts of different sparsification methods.

Method
Amazon-Games Amazon-Arts MovieLens-1M
R@10 N@10 R@10 N@10 R@10 N@10

Topk 0.0293 0.0181 0.0242 0.0153 0.0480 0.2652
Topk-rand 0.0307 0.0184 0.0241 0.0151 0.0533 0.2696
Topk-prob 0.0294 0.0178 0.0251 0.0157 0.0485 0.2656

We also conduct experiments to investigate the impacts of different matrix sparsi-

fication methods. From Table 4.4, Topk-rand and Topk-prob settings outperform

Topk. We conjecture that introducing randomness during training enhances the

generalization capability of the model. Topk-rand works better on Amazon-Games

and MovieLens-1M, while Topk-prob is better on Amazon-Arts.

To study the model performance on different users’ popularity groups, we split test-

ing users into two groups. Group 1 has 25% of users who have the least number

of interactions, while Group 2 has the remaining 75% of users with more interac-

tions. We compare three models, including LightGCN, SGL, and GDCL. As shown

in Figure 4.3, GDCL achieves more significant improvement for users with more

interaction data. We speculate that utilizing graph diffusion with sparsification

can help alleviate the problem of noisy edges. For the MovieLens 1M dataset,

the performance for users who engage more frequently is inferior to that of users

who engage less frequently. Given the high density of this dataset, it is probable

that users with many interactions have utilized the service for an extended dura-

tion. Over such periods, their preferences may shift or evolve, and the model may

struggle to accurately capture these changing user preferences.
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Figure 4.3: Performance comparison over different user groups.

Table 4.5: Performance of SGL and GDCL with different numbers of GCN
layers

Method
Amazon-Games Amazon-Arts Yelp2018
R@10 N@10 R@10 N@10 R@10 N@10

SGL (L=1) 0.0262 0.0170 0.0228 0.0146 0.0327 0.0207
GDCL (L=1) 0.0285 0.0180 0.0232 0.0148 0.0343 0.0224

SGL (L=2) 0.0269 0.0170 0.0242 0.0150 0.0338 0.0216
GDCL (L=2) 0.0290 0.0180 0.0241 0.0153 0.0356 0.0235

SGL (L=3) 0.0252 0.0162 0.0241 0.0153 0.0346 0.0220
GDCL (L=3) 0.0307 0.0184 0.0251 0.0157 0.0345 0.0225

4.3.4 Hyper-parameter Study

To study the impacts of the GCN depth of the user-item interaction graph encoder,

we vary the number of layers L in {1, 2, 3}. As shown in Table 4.5, GDCL

outperforms SGL on a majority of metrics. Furthermore, GDCL with one GCN

layer achieves comparable performance with SGL with three GCN layers.



66 4.3. Experiments

0.2 0.4 0.6
u

0.022

0.024

0.026

0.028

0.030

Re
ca

ll@
10

Amazon-Games Amazon-Arts

(a) αu for Amazon Games & Arts

0.2 0.4 0.6
u

0.030

0.035

0.040

0.045

0.050

0.055

Re
ca

ll@
10

MovieLens-1M Yelp2018

(b) αu for MovieLens & Yelp2018

0.2 0.4 0.6
v

0.022

0.024

0.026

0.028

0.030

Re
ca

ll@
10

Amazon-Games Amazon-Arts

(c) αv for Amazon Games & Arts

0.2 0.4 0.6
v

0.030

0.035

0.040

0.045

0.050

0.055
Re

ca
ll@

10
MovieLens-1M Yelp2018

(d) αv for MovieLens & Yelp2018

Figure 4.4: Performance trends of GDCL w.r.t αu and αv.

The teleport probability α is introduced to decide how much nearest neighborhood

information is kept. If α is closer to 1, it is more likely to return to the starting

node thus more information on the first hop nodes is retained. Otherwise, if α is

closer to 0, more weights will be diffused to multi-hop nodes. We define teleport

probabilities αu and αv for user and item nodes. Figure 4.4 shows the model

performance versus different settings of αu and αv in {0.1, 0.2, ..., 0.6}. The

plots reveal that recommendation performance is sensitive to α. For Amazon-

Games and MovieLens 1M, taking smaller α = 0.1/0.2 for both users and items

can achieve higher accuracy. The performance drops with larger α. For Amazon-

Arts, the performance is the best with αu = 0.6. As for αv, the performance

remains relatively steady when it is smaller than 0.6. When αv is increased to

0.6, the performance declines. For Yelp2018, optimal performance is achieved at

αu = 0.4 and αv = 0.2. Performance diminishes with an increase in α.



Chapter 4. Diffusion-based Graph Contrastive Learning 67

8 16 32 64
Topk users

0.022

0.024

0.026

0.028

0.030
Re

ca
ll@

10
Amazon-Games Amazon-Arts

(a) Topk users for Amazon Games
& Arts

8 16 32 64
Topk users

0.030

0.035

0.040

0.045

0.050

0.055

Re
ca

ll@
10

MovieLens-1M Yelp2018

(b) Topk users for MovieLens &
Yelp2018

8 16 32 64
Topk items

0.022

0.024

0.026

0.028

0.030

Re
ca

ll@
10

Amazon-Games Amazon-Arts

(c) Topk items for Amazon Games
& Arts

8 16 32 64
Topk items

0.030

0.035

0.040

0.045

0.050

0.055
Re

ca
ll@

10

MovieLens-1M Yelp2018

(d) Topk items for MovieLens &
Yelp2018

Figure 4.5: Performance trends of GDCL w.r.t topk users/items.

We also study how the number of selected top user and item nodes in diffusion

graph sparsification affects the model performance. We fix Topk of items to 32

and vary Topk of users in {8, 16, 32, 64}, and vice versa. The results are shown in

Figure 4.5. For Amazon-Games, the most effective neighborhood size is 32. The

performance will decline when the size is too large or too small. For Amazon-Arts,

including a larger number of users and items will gain better performance.
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4.4 Summary

In this chapter, we introduce a self-supervised auxiliary task for learning user and

item embeddings by contrasting two representations generated from graph struc-

tural views, including the user-item interaction graph and the sparsified diffusion

graph. We propose a simple and effective model architecture to learn node embed-

dings from the diffusion graph by identifying its various heterogeneous relations.

Extensive experiments on four datasets demonstrate that our model has achieved

competitive performance compared with state-of-the-art baselines.



Chapter 5

Dual-view Whitening on

Pre-trained Text Embeddings for

Sequential Recommendation1

In Chapter 4, we propose a graph diffusion-based data augmentation method based

on the interactions between users and items to minimize the introduction of bias or

noises. In Chapter 5, we incorporate the side information by designing a system-

atic data augmentation method based on item features, thus leveraging additional

contextual information to refine recommendations.

5.1 Overview

The sequential recommendation is a subfield of recommendation systems that aims

to provide personalized item recommendations to users over time. It considers the

order in which items are consumed by users to predict the next item the user

is likely to interact with [49–51, 53, 56, 57, 195]. Recently, there has been an

upsurge of interest in developing sequential recommendation methods that inte-

grate textual information about items, such as product attributes [51, 54, 56],

descriptions [57, 59, 80], and reviews [79, 98], with ID embeddings to generate

more accurate and relevant recommendations. These recommendation frameworks

1The works in this chapter have been published in AAAI 2024 [193] and ICDE 2024 [194].
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usually align text features with ID embeddings, highlighting the significance of

ID embeddings in recommendations. However, there is a conspicuous absence of

research exploring sequential recommendation based solely on text features. In

this paper, we refer to recommendation methods that only use item text features

as text-based recommendation models. We argue that studying text-based recom-

mendation models, which do not necessitate ID embeddings, offers three primary

advantages. Firstly, these models can greatly improve the performance in cold-

start scenarios. E-commerce platforms introduce thousands of new products daily,

and conventional sequential models typically integrate random ID embeddings with

pre-trained text embeddings to provide recommendations for these new products.

The integration of random initialized ID embeddings for these new items may in-

evitably have a detrimental effect on the performance of recommender systems.

However, such integration may result in unwanted noise in recommendations. Sec-

ondly, text-based recommendation models can be more efficient than those that

require ID embeddings. Using only text embeddings simplifies demands for both

tensor storage and computational resources, as there is no requirement to maintain

a large and frequently updated ID embedding matrix. Lastly, text embeddings are

transferrable across platforms, whereas ID embeddings are not since user IDs and

item IDs are typically not shared in practice.

However, effectively implementing sequential recommendations with only pre-trained

text embeddings is non-trivial. Most existing sequential recommendation mod-

els [57, 58, 125] directly utilize text embeddings extracted by pre-trained language

models (e.g., BERT [196]). To identify potential issues with these pre-trained

text embeddings, we first examine their cosine similarity on three recommenda-

tion datasets. Our analysis reveals that the pre-trained text embeddings exhibit a

notably high average cosine similarity of approximately 0.8, indicating that their

embedding spaces are highly anisotropic. We then conduct a quantitative analy-

sis to assess the impact of embedding anisotropy on recommendation performance

by comparing the performance of an ID-based method and a text-based method

adapted from a widely used framework SASRec [49]. Our results show that the text-

based method often yields sub-optimal results compared to the ID-based method.

Although the text-based method learns from additional content information, text

embeddings appear to be less expressive than standard item ID embeddings and

are insufficient to achieve optimal recommendation performance on their own.
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To resolve the problem of anisotropy in pre-trained text embeddings, we propose

to employ a pre-processing step known as whitening transformation [197], which

transforms the pre-trained text embedding distribution into a smooth and isotropic

Gaussian distribution and removes the correlation among axes. We name the se-

quential recommendation model with whitening transformation as SASRecW . Since

the primary learning objective for recommendation is to optimize the alignment

and uniformity between item representations and sequence representations [174,

198], the improved uniformity of sequence representations resulting from whiten-

ing transformation leads to enhanced recommendation performance. Notably,

SASRecW significantly improves the performance of the sequential recommenda-

tion models while using only text features, outperforming the models using ID

embeddings, text embeddings, or both embeddings without whitening. SASRecW

leverages fully whitened representations, where all dimensions are decorrelated and

embeddings are uniformly projected into a spherical distribution. Although whiten-

ing is effective in recommendation, excessive whitening may have a negative impact

on the manifold of items that share similar textual semantics. Therefore, we can

also relax the whitening criteria where partial dimensions are decorrleated and the

obtained representations tend to preserve more original text semantics at the ex-

pense of embedding uniformity [199]. Although the retention of text semantics

may appear advantageous for the recommendation task, our experimental results

suggest that full whitening leads to the best performance compared to different

degrees of relaxed whitening.

To reap the benefits of full whitening while preserving partial semantics in original

text features, we propose an ensemble framework WhitenRec+, which combines

both fully whitened representations and relaxed whitened representations together

to enhance item representation learning for the sequential recommendation. Specif-

ically, fully whitened representations are produced by whitening the pre-trained

text embeddings with the most stringent whitening to decorrelate across all dimen-

sions. Relaxed whitened representations are produced with less stringent whitening

to decorrelate dimensions within each group of dimensions, i.e., correlation among

groups is kept. The fully whitened item representations and relaxed whitened item

representations are subsequently combined by passing them through a shared pro-

jection head and summing their outputs. The obtained representations are then

processed by the Transformer for sequential recommendation.
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To further exploit the advantages of both fully and relaxed whitened representa-

tions, we have refined the model architecture of WhitenRec+ and introduced a

novel Dual-view Whitening method on pre-trained text embeddings for Sequential

Recommendation, named DWSRec. Initially, we employ a dual-view item encoder

with a shared projection head, deriving both fully and relaxed whitened represen-

tations from pre-trained text features. Fully whitened representations are obtained

by ensuring decorrelation across all dimensions. Conversely, relaxed whitened rep-

resentations aim for decorrelation only within specific dimensional groups. Then,

we utilize a decoupled attention-based dual-view transformer to encode sequences

composed of fully and relaxed whitening representations. Namely, we generate two

sets of key-query pairs in the attention layer. For learning the sequence embedding

based on full whitening, it serves as the value and the initial key-query pair, while

the relaxed whitening acts as the second key-query pair. Likewise, when learning

the sequence embedding with relaxed whitening, it is used as the value and the pri-

mary key-query pair, with the full whitening serving as the second pair. Different

extents of whitened representations are employed collectively and interchangeably

to enhance the attention calculation of the transformer. Lastly, we leverage a

dual-view fusion module to adaptively merge these view-specific sequence embed-

dings as well as item embeddings using two separate weighted attention layers for

recommendation.

In summary, our contributions are the following:

• We streamline the existing sequential recommendation framework by study-

ing models that only utilize item text features without the need for ID em-

beddings. Our empirical analysis reveals that anisotropy in pre-trained text

embeddings restricts the performance of text-based sequential recommenda-

tion models. To resolve this issue, we employ whitening transformation to

transform pre-trained text embedding distribution into an isotropic form,

which can significantly improve the performance of text-based sequential rec-

ommendation models.

• Our empirical analysis of the whitening process reveals that it may hurt the

manifold of items exhibiting similar textual semantics. To this end, we pro-

pose WhitenRec+ and DWSRec, which leverage different degrees of whiten-

ing transformations to reap the benefits of full whitening while preserving

some of the inherent semantics in the original text features. We conduct a



Chapter 5. Dual-view Whitening 73

thorough analysis and discussion of the merits of DWSRec in terms of rep-

resentation uniformity and alignment, matrix conditioning, and information

reconstruction.

• Extensive experiments are conducted on three benchmark datasets to evalu-

ate the performance of the proposed models for the sequential recommenda-

tion. Notably, WhitenRec+ and DWSRec outperform state-of-the-art models

across all metrics for all three datasets.

5.2 Related Work of Whitening

The whitening, or decorrelation, is a data transformation process with the theoret-

ical guarantee of avoiding collapse by decorrelating each feature dimension [197].

One of the earliest approaches to whitening is Principal Component Analysis

(PCA). [200] first introduces PCA for data analysis and dimensionality reduc-

tion, and it has been adapted for use in deep learning [201]. Compared with

PCA, Zero-phase Component Analysis (ZCA) [202] whitening introduces an addi-

tional rotation back to the original coordinate system. Cholesky Decomposition

(CD) [203] whitening proposed by [204] decomposes the covariance matrix into

a lower triangular matrix and its conjugate transpose. Recently, UniSRec [57]

adopts a parametric whitening (PW) method which incorporates a linear layer in

the whitening transformation for better generalizability.

In the field of deep learning, prior research efforts [205–207] explore the application

of whitening techniques to the activation of intermediate layers in neural networks.

Batch Normalization (BN) [205] is the first to perform normalization per mini-

batch, thereby enabling back-propagation and reducing the internal covariate shift

during training. Decorrelated Batch Normalization (DBN) [206] builds upon BN

by incorporating ZCA whitening over mini-batch data to further remove correlation

among dimensions. Lately, another research direction [199, 208, 209] has emerged,

focusing on employing whitening for self-supervised learning, which seeks to avoid

the collapse of augmented representations into a single point. Different from these

studies, our work leverages different degrees of decorrelation strength during the

whitening process of pre-trained text embeddings to enhance the representation

learning for the sequential recommendation.
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Figure 5.1: The illustration of presenting three variations of sequential rec-
ommendation methods, which are SASRecID, SASRecT , and SASRecW . Each
method is composed of three components, including an item encoder, a sequence
encoder, and the preference prediction layer.

5.3 Preliminaries

5.3.1 Task Formulation

In sequential recommendation, we denote a set of users as U with size |U| and a set

of items as I with size |I|. Each user in U is associated with a sequence of items

S = {i1, · · · , i|S|} where it ∈ I denotes the item that the user has interacted with

at the t-th timestamp. |S| is the sequence length. The objective is to consider the

past item sequences of a user and predict the next item (i|S|+1) that the user is

likely to adopt.

5.3.2 SASRecID & SASRecT & SASRecW

SASRec [49], by utilizing the self-attention mechanism, serves as a foundational

model for state-of-the-art sequential recommendation methods [57, 174]. Hence, we

examine three variants of SASRec [49] to illustrate the anisotropy issue inherent in

pre-trained text embeddings: SASRecID, SASRecT , and SASRecW . Their primary

distinction is in item embedding encoding before the transformer layers as presented
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in Figure. 5.1. SASRecID is the base SASRec. It employs a randomly initialized

ID embedding matrix, denoted as E ∈ Rd×|I|, to depict items. d indicates the

embedding size. SASRecT presumes that items possess textual information. The

item embeddings are initialized using pre-trained text features X ∈ Rdt×|I|, where

dt is the feature dimension. X is not updated throughout the training process. X

is then passed to an MLP projector with two hidden layers and ReLU activations

to reduce dimensionality. SASRecW mirrors SASRecT but pre-processes X with

the whitening transformation on all items.

5.4 Methods and Main Results

In this section, we study the impact of anisotropic text embedding spaces on the

performance of the text-based sequential recommendation model. We show that

the anisotropy problem restricts the model’s performance. To address this prob-

lem, we propose to apply the whitening transformation to eliminate the strong

correlation between axes and make text embeddings more isotropic. By doing so,

the recommendation performance can be significantly improved. Additionally, we

introduce a simple yet effective extension that combines relaxed whitened repre-

sentations with fully whitened representations, enhancing the item representation

learning for the sequential recommendation.

5.4.1 Anisotropic Embedding Space Induces Poor Recom-

mendation Performance

Recent research in the field of NLP has revealed that BERT sentence embeddings

tend to degenerate into an anisotropic shape, which is referred to as the represen-

tation degeneration problem [126, 127, 210]. The embeddings are pushed into a

similar direction that is negatively correlated with most hidden states, thus clus-

tering in a narrow cone region of the embedding space. This phenomenon can

result in high semantic similarities among embeddings and limit the effectiveness

of sentence embeddings. Moreover, it has been demonstrated that this represen-

tation degeneration problem can adversely impact the performance of downstream

language modeling tasks as well [126, 127]. Since BERT embeddings are com-

monly utilized by text-based recommendation models to extract text information
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Figure 5.2: Normalized singular values of item text embeddings for Arts, Toys,
and Tools datasets.

of items, we conduct a preliminary investigation to determine whether the represen-

tation degeneration problem also affects the performance of text-based sequential

recommendation models.

We study three datasets from Amazon [188], including Arts, Toys, and Tools.

Following [57, 59, 81], we first concatenate titles, categories, and brands of items

as their text descriptions. Next, for each item, a special learnable symbol [CLS] is

prepended to the beginning of its text descriptions, after which the concatenated

text sequence is processed by the BERT [171]. We use the output of [CLS] as the

text embedding of the item, which is a 768-dimensional vector.

To show that pre-trained text embeddings in these three datasets also suffer from

representation degeneration, we plot their singular values in Figure. 5.2 and

observe a rapid decrease in small values. This suggests an anisotropic nature in

which one dimension is dominant while the effectiveness of other dimensions is

limited. Additionally, for each item pair (i.e., different items) in a dataset, we

calculate the cosine similarity based on their pre-trained text embeddings. The

average cosine similarities of all item pairs for Arts, Toys, and Tools datasets are

0.85, 0.84, and 0.85 respectively. Indeed, item representations are presented with

high cosine similarities, which indicates that their semantic similarities are high

and their embedding distributions are highly anisotropic. Therefore, it is difficult
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Figure 5.3: Performance improvement of SASRecT compared with SASRecID.

to distinguish between items that use semantically different texts but are close

to each other in the embedding space. The above analysis demonstrates that

the pre-trained text embeddings in the recommendation domain also manifest the

representation degeneration problem.

To demystify how the degeneration of representation in pre-trained text embed-

dings affects recommendation performance, we conduct a quantitative analysis of

the independent impact of text embeddings on recommendation performance. In

particular, we implement a specific instantiation of the general framework (Fig-

ure. 5.1), which we refer to as SASRecT (Figure. 5.1b). It is worth noting that

SASRecT does not utilize ID embeddings. fθ1( · ) is a projector MLP with two hid-

den layers for feature transformation, where ReLU activation is appended to both

hidden layers of the projector. We compare the recommendation performance of

SASRecT with SASRecID, which does not incorporate text information. The re-

sults are visualized in Figure. 5.3, where the relative performance improvement of

SASRecT over SASRecID is calculated. The figure reveals that the use of text em-

beddings improves the Recall but worsens the NDCG for Arts and Tools datasets

in most cases. However, for the Toys dataset, all metrics exhibit deterioration.

Despite incorporating more informative item contents as opposed to randomly ini-

tialized ID embeddings in SASRecID, the effectiveness of SASRecT is inferior to

that of SASRecID. We suspect that anisotropic item embedding spaces may be the

underlying cause of performance limitations in text-based sequential recommenda-

tion models.
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5.4.2 Whitening Transformation to Resolve Anisotropy Prob-

lem

The anisotropy of pre-trained text embeddings is a widely recognized form of fea-

ture degeneration in representation learning. As such, prior works [199, 207] have

demonstrated that the application of a whitening transformation [197] to project

the elements of pre-trained text embeddings onto a spherical distribution can mit-

igate the anisotropy problem and reduce similarity among distinct instances. The

whitened representation removes the correlation among axes and ensures the item

set is scattered in a spherical distribution to avoid the feature collapse with theo-

retical guarantee [199].

To perform the whitening transformation, given pre-trained text embeddings of all

items X ∈ Rdt×|I|, the whitened output Z is derived as

Z = Φ(X− µ ·1⊤), (5.1)

where Φ : Rdt×|I| → Rdt×|I| denotes the function for whitening transformation,

µ = 1
|I|X ·1 is the mean of X, 1 is the column vector of all ones. There are many

possible ways to perform whitening, including BN [205], PCA [197, 206], CD [211],

and ZCA [202] whitening. Different whitening methods differ in the choice of Φ.

By default, we choose ZCA whitening, which yields the best performance for most

experimental datasets. We also compare different whitening operations and report

the details of experimental results in Section 5.5.6. For ZCA whitening, Φ is defined

as follows,

Φ = DΛ− 1
2D⊤, (5.2)

where Λ = diag(σ1, · · · , σdt) and D = [d1, · · · ,ddt ] are the eigenvalues and asso-

ciated eigenvectors of Σ = DΛD⊤. Σ = 1
|I|(X − µ ·1⊤)(X − µ ·1⊤)⊤ + ϵI is the

covariance matrix of the centered inputX. Φ ensures the transformed output Z has

the property of ZZ⊤ = Idt to make X fully whitened. Given that the ZCA assumes

a full rank covariance matrix, conducting ZCA on all items in which the cardinal-

ity of I significantly exceeds the dimensionality of dt (i.e., |I| ≫ dt) ensures that

Σ is full rank. We visualize the t-SNE of item text embeddings before and after

ZCA whitening in Figure. 5.4a and Figure. 5.4b, respectively. We observe that

the distribution of item text embeddings that have undergone whitening exhibits

spherical symmetry around the origin and is uniformly spread in all directions.
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Table 5.1: Performance comparison of SASRecID, SASRecT , SASRecT+ID,
and SASRecW in terms of R@50 and N@50.

Model
Arts Toys Tools

R@50 N@50 R@50 N@50 R@50 N@50

SASRecID 0.1967 0.0887 0.1581 0.0558 0.0941 0.0463
SASRecT 0.2129 0.0850 0.1542 0.0539 0.1055 0.0448
SASRecT+ID 0.2009 0.0879 0.1664 0.0610 0.0954 0.0490

SASRecW 0.2348 0.0939 0.1798 0.0639 0.1196 0.0519
%Improv 10.3% 5.9% 8.1% 4.8% 13.4% 5.9%
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Figure 5.4: t-SNE plots of item text embeddings under different settings for
Arts.

We incorporate the ZCA whitening of Eqn. (5.1) into SASRecT and refer to the re-

sulting model as SASRecW , which is illustrated in Figure. 5.1c. As indicated in Ta-

ble 5.1, the corresponding representation yields a significant improvement of 10.3%,

8.1%, 13.4% in Recall@50 compared to SASRecID, SASRecT , or SASRecT+ID on

Arts, Toys, and Tools respectively. It is evident that the application of the whiten-

ing transformation in SASRecW , without introducing any additional trainable pa-

rameters, results in a significant improvement in performance.
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Figure 5.5: CDF plot of item pairs in terms of the cosine similarities for Arts
dataset. “Raw” denotes the original text features without whitening.

5.4.3 Relaxed Whitening for Retaining Text Semantics

Although ZCA whitening can effectively decorrelate pre-trained text embeddings,

our observations indicate that the fully whitened representation (Figure. 5.4b) may

have an adverse impact on the manifold of items sharing similar textual semantics,

in comparison to the original text representation (Figure. 5.4a).

Inspired by [206, 207], we adapt “group whitening” to standardize covariance ma-

trices within dimensional groups to relax the extent of whitening and retain more

original textual semantics. Specifically, the relaxed whitening with the number

of groups G takes as its input a matrix X ∈ Rdt×|I| and its output is a matrix

Y ∈ Rdt×|I| computed as:

Y[h] = ZCA(X[h]), (5.3)

X[h] =

((
X

(h−1) · dt
G
+1

)⊤
, · · · ,

(
X

h · dt
G

)⊤
)⊤

∈ R
dt
G
×|I|, (5.4)

Y[h] =

((
Y

(h−1) · dt
G
+1

)⊤
, · · · ,

(
Y

h · dt
G

)⊤
)⊤

∈ R
dt
G
×|I|, (5.5)

where ZCA(X) = DΛ− 1
2D⊤(X − µ ·1⊤) follows Eqn. (5.1) and (5.2). In other

words,Y is derived by dividing all feature dimensions dt intoG groups and applying

ZCA whitening to each group independently.

We visualize the Cumulative Distribution Function (CDF) plot of item pairs con-

cerning different extents of whitening on text embeddings of Arts, i.e., different
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Figure 5.6: Performance of different groups G for Whitening for SASRecW .

G, in Figure. 5.5. The legend specifies G involved in the whitening transforma-

tion, with a decreasing extent of whitening resulting from an increase in G. Other

datasets showing similar distributions are omitted for space constraints. Namely,

a smaller value of G corresponds to a higher degree of decorrelation, indicating a

stronger suppression of redundant information. From Figure.5.5, weaker whitening

leads to a less concentrated CDF line within a broader range, indicating increas-

ingly similar item representations and more preserving of textual semantics.

Despite the apparent advantage of retaining text semantics for recommendation

tasks, our findings suggest that the exclusive use of relaxed whitened item represen-

tations for recommendation may result in cluttered item embedding distributions,

as demonstrated in Figure. 5.4b, Figure. 5.4c and Figure. 5.4d. In these figures,

we perform whitening with values of G equal to 1, 4, and 32, respectively. It is

apparent that as G increases, the distribution becomes increasingly non-uniform.

To investigate the impact of G on the recommendation performance, we conduct

experiments on SASRecW by varying G in the range of {1, 4, 8, 16, 32, 64, 128} and

report the results in Figure. 5.6. The results indicate that optimal performance

is achieved when G is set to a smaller value, suggesting that further decorrelation

enhances the representation learning of sequential recommendation.
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Figure 5.7: The illustration of WhitenRec+.

5.4.4 WhitenRec+: Ensemble of Relaxed Whitening for

Further Gains

The preceding sections present evidence that applying whitening techniques for

dimension decorrelation mitigates the feature degeneration issue, consequently en-

hancing the sequential recommendation performance. Nonetheless, a relaxation of

the whitening criteria aiming to retain more of the original text semantics results

in sub-optimal performance.

To maximize the advantages of complete whitening while retaining some semantic

content from the original text features, we propose an ensemble method Whiten-

Rec+, which leverages both fully whitened representations and relaxed whitened

representations to further improve the learning of item representations. The frame-

work is depicted in Figure. 5.7. Specifically, we apply both the most stringent and

relaxed whitening on item text features X. The resultant embeddings are denoted

as ZG=1 and ZG>1, respectively. Then, we map both ZG=1 and ZG>1 into a la-

tent representation space using the item encoder fθ1( · ), i.e., a shared projection

head consisting of two MLP layers. The outputs from fθ1( · ) are combined using
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Figure 5.8: The illustration of DWSRec: 1) Dual-view Item Encoder ex-
tracts item embeddings using both full and relaxed whitening; 2) Dual-view
Sequence Encoder optimizes attention calculations by leveraging different de-
grees of whitening; 3) Dual-view Fusion to merge view-specific embeddings via
attention layers.

element-wise summation:

V = fθ1 (ZG=1) + fθ1 (ZG>1) . (5.6)

Subsequently, V is used as the input to the sequence encoder for the generation of

recommendations.

Intuitively, the recommendation model can learn representations that are both

discriminative and robust to variations in the input data by leveraging both fully

whitened representations and relaxed whitened representations.

5.4.5 DWSRec: Dual-view Whitening for Sequential Rec-

ommendation

To build upon the advantages of both fully and relaxed whitened representations,

we have refined the model architecture of WhitenRec+ and introduced DWSRec.

DWSRec employs varying degrees of whitened representations, utilizing them as

multi-faceted views for updating the Transformer alternatively. This approach

significantly enhances the modeling of users and items, leveraging the nuanced

perspectives provided by the different levels of whitened representations. The il-

lustration of DWSRec is shown in Figure. 5.8.
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5.4.5.1 Dual-view Item Encoder

We apply both the full and relaxed whitening on item text features X. The resul-

tant embeddings are denoted as YG=1 and YG>1, respectively. Then, we map both

YG=1 and YG>1 into a latent space using a shared projection head consisting of

two MLP layers. The outputs from the projection are denoted as V1 ∈ Rd×|I| and

V2 ∈ Rd×|I| for YG=1 and YG>1 respectively.

5.4.5.2 Dual-view Sequence Encoder

The Transformer model [196] has become a preeminent method for sequence en-

coding. However, its conventional design primarily focuses on the self-correlation

within a single type of sequence. Inspired by [54], we adapt the Transformer with a

decoupled attention mechanism to encode sequences from diverse whitening views.

This refines the attention computation for a given view by leveraging an alterna-

tive view, thus enabling adaptive gradient adjustments to capture the nuances of

different whitenings.

As shown in Figure. 5.8, the dual-view sequence encoder comprises two transformer

modules with shared parameters. A transformer module contains multiple stacked

blocks, with each block consisting of a decoupled attention layer and a feed-forward

layer (FFN). These blocks utilize two input types generated from the dual-view item

encoder: full and relaxed whitening. Given a user sequence s, the embeddings for

all items in s retrieved fromV1 andV2 are denoted asVs
1 ∈ Rd×|S| andVs

2 ∈ Rd×|S|

respectively. For each decoupled attention layer, two sets of key-query projection

matrices and one value projection matrix are generated for each of h heads. They

are denoted as W1,i
K , W1,i

Q , W2,i
K , W2,i

Q , Wi
V ∈ Rdh×d, i ∈ [h], and dh = d/h. We

first learn the sequence representation using Vs
1 and correlate it with Vs

2. We use

Vs
1 as the input to the value and first key-query pair projections, whereasVs

2 is used

for the second key-query pair projections in attention computation. Specifically,

the attention matrices of a head i for Vs
1 given Vs

2 are formulated as follows:

atti1 = (W1,i
Q Vs

1)(W
1,i
K Vs

1)
⊤, atti2 = (W2,i

Q Vs
2)(W

2,i
K Vs

2)
⊤.
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These matrices are fused with a function F using addition to produce outputs for

each head:

headi = σ(
F(atti1, att

i
2)√

d
)(Wi

VV
s
1). (5.7)

The concatenated outputs of all attention heads serve as the input to the FFN. Af-

ter L decoupled transformer layers, following [51], the embedding of the sequence’s

last item represents the sequence and is denoted as s1 ∈ Rd.

Next, we derive the sequence representation using Vs
2 and correlate it with Vs

1.

Here, Vs
2 serves as input to the value and first key-query pair projections, whereas

Vs
1 is employed for the second key-query pair projections. The corresponding

attention matrices for Vs
2 in relation to Vs

1 are detailed below:

âtt
i

1 = (W1,i
Q Vs

2)(W
1,i
K Vs

2)
⊤, âtt

i

2 = (W2,i
Q Vs

1)(W
2,i
K Vs

1)
⊤,

ĥead
i
= σ(

F(âtt
i

1, âtt
i

2)√
d

)(Wi
VV

s
2). (5.8)

The output sequence embedding is denoted as s2 ∈ Rd.

Our proposed dual-view sequence encoder leverages diverse views of whitened em-

beddings to interchangeably update the attention heads within the transformer

model. This approach can be perceived as generating augmented data instances,

thereby enriching the training process and enhancing overall performance.

5.4.5.3 Dual-view Fusion

Given two views of sequence embeddings, s1 and s2, and two views of item embed-

dings V1 and V2, we aim to adaptively merge these view-specific embeddings using

learnable attentive weights. The resulting aggregated sequence representation, s,

is computed as follows:

s =
∑

ei∈{s1,s2}

f(ei)ei, f(ei) =
exp(a⊤ ·Waei)∑
i exp(a

⊤ ·Waei)
,
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where a ∈ Rd and Wa ∈ Rd×d are trainable attention parameters. Similarly, the

aggregated item representation V is computed as:

V =
∑

Ei∈{V1,V2}

f(Ei)Ei, f(Ei) =
exp(b⊤ ·WbEi)∑
i exp(b

⊤ ·WbEi)
,

where b ∈ Rd and Wb ∈ Rd×d are trainable attention parameters. With V ∈ Rd×|I|

and s ∈ Rd, the model is optimized with the cross-entropy loss:

L = − log(ŷ) onehot(y), ŷ = softmax(V⊤s), (5.9)

where y is the ground-truth next item given a user sequence.

5.4.6 Discussion and Analysis

We further investigate the merits of SASRecW and DWSRec through both empirical

and theoretical analyses. Our examination focuses on representation uniformity

and alignment, conditioning, and information reconstruction.

5.4.6.1 Uniformity and Alignment

We analyze the user embedding s (i.e., generated by the sequence encoder) and

the item embedding v retrieved from V (i.e., generated by the item encoder) with

respect to their uniformity and alignment [198]. The uniformity and alignment in

the context of recommendation are formulated as follows:

lalign = E
(u,i)∼ppos

||f(su)− f(vi)||2,

luniform−user = log E
(u,u′)∼puser

e−2||f(su)−f(su′ )||2 ,

luniform−item = log E
(i,i′)∼pitem

e−2||f(vi)−f(vi′ )||2 ,

(5.10)

where f( · ) indicates l2 normalized representations. ppos, puser, and pitem are the

distribution of positive user-item pairs, users, and items, respectively.

We present visualizations of the learned user and item representations from four

models with respect to uniformity and alignment on the Arts, Toys, and Tools
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Figure 5.9: lalign− luniform plots for representations of users and items during
training. We visualize these two metrics in each epoch, and the stars indicate
the last converged epoch. For lalign and luniform, lower numbers are better.

datasets in Figure.5.9. For comparative analysis, we include one ID-based method

(i.e., SASRecID) and three text-based methods(i.e., SASRecT , SASRecW , and

DWSRec). Both SASRecW and DWSRec achieve better alignment and user unifor-

mity compared to SASRecT , leading to enhanced performance. DWSRec further

improves all metrics compared with SASRecW and achieves the best performance.

It is important to note that despite SASRecID exhibiting the highest level of unifor-

mity, its performance is poor. This suggests that the positive correlation between
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Figure 5.10: Conditioning analysis on Arts, Toys, and Tools dataset for
SASRecT , SASRecW , and DWSRec. We plot the condition number (log-scale)
calculated for the item embedding matrix after projection and the training loss
with respect to each epoch.

uniformity and performance is limited in scope. Excessive pursuit of uniformity

may overlook the proximity of semantically similar items and ultimately impair

recommendation performance.
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5.4.6.2 Conditioning Analysis

We highlight the benefits of SASRecW and DWSRec in achieving improved con-

ditioning of item embedding matrix V. Given the covariance matrix A of V, we

measure its conditioning by the condition number [212]:

κ(A) = λmax(A)λ−1
min(A), (5.11)

where λ( · ) denotes the eigenvalue of the matrix. Well-conditioned matrices have

a low condition number, while ill-conditioned matrices have a high condition num-

ber. For neural networks, ill-conditioned covariance matrices cause detrimental ef-

fects on training stability and optimization. Figure. 5.10(A), Figure. 5.10(C), and

Figure. 5.10(E) show the evolution of the condition number throughout training

epochs for Arts, Toys, and Tools respectively. Figure. 5.10(B), Figure. 5.10(D), and

Figure. 5.10(F) show the training loss over training epochs for the same datasets.

The results demonstrate that both SASRecW and DWSRec converge more rapidly

and achieve better conditioning compared to SASRecT . This outcome highlights

the effectiveness of the whitening transformation in simplifying the optimization

problem. Also, DWSRec achieves the best conditioning and highest convergence

rate.

5.4.6.3 More Preserved Information in WhitenRec+ and DWSRec

We also conduct a mathematical proof to demonstrate that WhitenRec+ and DWS-

Rec is capable of preserving more information than SASRecW . Given a pre-trained

text embedding matrix X ∈ Rd×|I|, where n = |I| is the number of items and d is

the dimension size. We can derive the following proposition:

Proposition 5.1. WhitenRec+ and DWSRec preserve at least (1 − 1
G
)d2 more

information in its whitened representations compared to SASRecW .

Proof. Given X, we define the Gram matrix of X as K = X⊤X ∈ Rn×n. Based

on [213], the prediction for recommendation models depends on training inputs

only through K2. Denote the text features whitened by SASRecW as Z. Since

2pre-trained text embeddings are typically generated from a linear projector in conjunction
with BERT.
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SASRecW performs full data whitening on X, we have ZZ⊤ = Id. Thus, the Gram

matrix of Z is:

KZ = Z⊤Z = Z⊤ZZ+Z = Z+Z, (5.12)

where + is the Moore–Penrose inverse and Z = ZZ+Z holds true.

To determine the amount of decorrelated information preserved in Z, we perform

a transformation Q on Z, resulting in Ẑ = QZ = [I · · · ]. Here, Q ∈ Rd×d is the

inverse of the submatrix formed by the first d columns of Ẑ. As the first d columns

are deterministic, hence, Ẑ can preserve (n− d)d real values. To reconstruct KZ,

KZ = Z+Z = Z+Q−1QZ = (QZ)+ QZ = Ẑ+Ẑ. (5.13)

The above equation indicates that both the whitened text feature matrix Z and Ẑ

contain an equivalent amount of information for reconstructing KZ.

Analogously, we can infer a submatrix (one group) whitened by WhitenRec+ and

DWSRec preserves (n − d
G
) d
G

real values. With G groups of submatrix, thus, our

methods have (n− d
G
)d values to reconstructK. Because the addition function used

in our methods is injective, WhitenRec+ and DWSRec preserve at least (1− 1
G
)d2

more information for training sequential models.

5.4.7 Complexity Analysis

Note that various degrees of the whitening transformation can be pre-computed;

hence, SASRecW and WhitenRec+ exhibit identical complexity levels. The time

complexity of WhitenRec+ primarily arises from the projection head with MLPs

and the attention-based transformer layers. Each contributes a time complexity of

O(|S|(dtd + d2)) and O(|S|2d + |S|d2), respectively. Consequently, the aggregate

time complexity is O(|S|dtd+ |S|d2 + |S|2d).

We also analyze the time complexity of our proposed DWSRec, which primar-

ily arises from the projection head with MLPs, decoupled attention-based trans-

formers, and attention layers for fusion. Each contributes a time complexity of

O(|S|(dtd + d2)), O(|S|2d + |S|d2), and O(d2 + |S|d2). Consequently, the total

time complexity is O(|S|dtd + |S|d2 + |S|2d), which shows no order of magnitude
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Table 5.2: Statistics of the experimental datasets. “Avg. n” and “Avg. i”
denote the average length of interaction sequences and the average actions of
items.

Datasets #Users #Items #Inter. Avg. n Avg. i Sparisity

Arts 45,486 21,019 395,150 7.69 16.63 99.96%
Toys 85,694 40,483 618,738 7.22 15.28 99.98%
Tools 90,599 36,244 623,248 6.88 17.20 99.98%

difference with SASRecW . In the experimental section, we show that our methods

have significantly reduced the number of parameters in practice.

5.5 Experiments

5.5.1 Experimental Settings

5.5.1.1 Datasets

To evaluate the performance of the proposed method, we conduct experiments on

three representative categories of widely-used Amazon review dataset [188]: Arts,

Crafts and Sewing, Toys and Games, and Tools and Instruments. We abbreviate

them as Arts, Toys, and Tools. The statistics of the pre-processed experimental

datasets are summarized in Table 5.2.

5.5.1.2 Baseline Methods

To evaluate the effectiveness of our proposed method, we compare it with several

state-of-the-art recommendation models. These baselines fall into three groups:

general recommendation models with text features (i.e., GRCN, BM3), sequential

recommendation models (i.e., SASRec, HGN, CL4SRec), and sequential recom-

mendation models with text features (i.e., SASRecT , SASRecT+ID, S3-Rec, FDSA,

UniSRec, UniSRecT , UniSRecT+ID).

• GRCN [80] is a graph-based multimodal recommendation model that refines

the user-item interaction graph by identifying false-positive feedback and

pruning noisy edges. Only item text representations are exploited;
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• BM3 [59] utilizes contrastive learning losses for multimodal recommendation.

Only item text representations are exploited;

• SASRecID [49] is a directional self-attention method for next item predic-

tion. Item representations are randomly initialized ID embeddings;

• HGN [195] represents a sequence of items at the group level using a hierar-

chical gating network, and explicitly captures the item-item relationship via

the item-item product;

• CL4SRec [53] designs three data augmentation approaches to construct con-

trastive tasks and extract self-supervised signals to improve the sequential

recommendation performance;

• SASRecT and SASRecT+ID are two extensions of SASRec [49]. SASRecT

transforms item text representations with MLPs as the input to the self-

attention blocks. SASRecT+ID combines item ID embeddings with trans-

formed text representations of items as the input to the self-attention blocks;

• FDSA [56] models the transition patterns between items as well as features

by separate self-attention blocks;

• S3-Rec [51] devises supervised learning objectives to learn the correlations

between items and features;

• DIF-SR [54] decouples side information and item ID representation from

the calculation of attention. The model is optimized with an auxiliary at-

tribute prediction loss to enhance the interaction of side information and item

representation;

• UniSRec [57] leverages item text representations with an MoE-based adap-

tor and employs contrastive learning tasks to learn transferable sequence

representations. For a fair comparison, we remove its pre-training stage and

fine-tune the model with the inductive setting and the transductive setting,

which are denoted as UniSRecT and UniSRecT+ID respectively. The in-

ductive setting takes into account only item text representations, whereas the

transductive setting takes into account both item text and ID representations.
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5.5.1.3 Evaluations

We conduct experiments in both warm-start and cold-start settings.

Warm-start settings. Following [50, 51], we keep the five-core datasets and

discard users and items with fewer than five interactions. We apply the leave-one-

out strategy to evaluate the performance of recommendation models. Specifically,

for each user, the last item of her interaction sequence is used for testing, the

second last item is used for validation, and the remaining items are used for model

training.

Cold-start settings. Following [214], a subset of items (15% of all items) is ran-

domly selected, and all user-item interactions related to this subset are removed.

We preserve sequences containing the aforementioned “cold” items as target items

in the validation and testing sets. Since these items are not encountered by the

model during training, we can assess the model’s capability to generalize to previ-

ously unseen items.

Each method is evaluated on the entire item set without sampling to avoid incon-

sistent results [215]. The recommendation performance is evaluated by two widely

used metrics, i.e., Recall@K and Normalized Discounted Cumulative Gain@K (re-

spectively denoted by R@K and N@K). In the experiments, K is empirically set

to 20 and 50.

5.5.1.4 Implementation Details

The proposed method and all baselines are implemented by Pytorch [216] and an

open-source recommendation framework RecBole [217]. The Adam optimizer [192]

is used to learn model parameters. For a fair comparison with baselines and model

variants, we set the maximum sequence length, embedding size, and batch size

to 50, 300, and 1024, respectively. We also consistently set the number of self-

attention blocks, attention heads, and MLP layers in the projection head at 2.

Other hyper-parameters of baseline methods are chosen as per their original papers,

with optimal settings derived from the model performance on validation data. For

our proposed methods, we tune the learning rate in {1e−5, 5e−5, 1e−4, 5e−4, 1e−3}
and weight decay in {0, 1e−3, 1e−4, 1e−6}. The group number G is empirically set

to 4. The number of decoupled attention-based Transformer layers L is set to 2.
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Besides, we adopt an early stopping strategy, i.e., we apply a premature stopping

if N@20 on the validation data does not increase for 10 epochs to avoid over-fitting.

5.5.2 Performance Comparison

5.5.2.1 Overall performance

Table 5.3 shows the performance comparison results for warm-start settings, from

which we can observe:

• General recommendation methods utilizing text features perform worse than

sequential methods, highlighting the effectiveness of sequence encoders in

capturing sequential data patterns.

• Sequential methods utilizing text features yield better performance overall,

suggesting that text features provide rich semantic information about items,

and can enhance recommendation accuracy.

• Our methods SASRecW , WhitenRec+, and DWSRec significantly outperform

both general recommendation methods with text features and sequential rec-

ommendation methods, demonstrating the effectiveness of the whitening for

text features extracted from pre-trained encoders.

• The performances of SASRecW , WhitenRec+, and DWSRec are comparable

or superior to that of SASRecT+ID or UniSRecT+ID.This finding suggests

that the proposed whitening transformation approach can achieve improved

results without depending on ID embeddings, while also reducing the number

of learnable parameters.

• DWSRec andWhitenRec+ can further improve recommendation performance

compared with SASRecW . This indicates leveraging both fully whitened and

relaxed whitened text representations can enhance the item representation

learning, and therefore improve the sequential recommendation performance.

• DWSRec outperforms all methods, showing that using both fully and relaxed

whitened representations with the dual-view encoders enhances user and item

representation learning.
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Table 5.3: Performance of different methods on the warm-start setting. The
best results are in boldface, and the best results for baselines are underlined. *
denotes SASRecW , WhitenRec+, or DWSRec surpasses the best baseline using
a paired t-test (p < 0.01).

Dataset Model R@20 R@50 N@20 N@50

Arts

GRCN 0.0851 0.1296 0.0411 0.0499
BM3 0.1233 0.1782 0.0642 0.075
SASRecID 0.1410 0.1967 0.0776 0.0887
HGN 0.1293 0.1880 0.0693 0.0810
CL4SRec 0.1388 0.1967 0.0653 0.0768
SASRecT 0.1476 0.2129 0.0721 0.0850
SASRecT+ID 0.1435 0.2009 0.0766 0.0879
FDSA 0.1284 0.1788 0.0785 0.0888
S3-Rec 0.1411 0.2007 0.0762 0.0880
DIF-SR 0.1510 0.2126 0.0701 0.0823
UniSRecT 0.1500 0.2165 0.0738 0.0869
UniSRecT+ID 0.1611 0.2322 0.0774 0.0915
SASRecW 0.1625 0.2348 0.0796 0.0939*
WhitenRec+ 0.1688* 0.2403* 0.0810* 0.0952*
DWSRec 0.1710* 0.2419* 0.0822* 0.0962*

Toys

GRCN 0.0651 0.0981 0.0304 0.0369
BM3 0.0965 0.1383 0.0478 0.0560
SASRecID 0.1121 0.1581 0.0467 0.0558
HGN 0.0983 0.1466 0.0435 0.0530
CL4SRec 0.1094 0.1609 0.0426 0.0528
SASRecT 0.0983 0.1542 0.0429 0.0539
SASRecT+ID 0.1163 0.1664 0.0511 0.0610
FDSA 0.0895 0.1242 0.0475 0.0543
S3-Rec 0.1068 0.1533 0.0488 0.0581
DIF-SR 0.1176 0.1663 0.0487 0.0584
UniSRecT 0.1042 0.1607 0.0451 0.0563
UniSRecT+ID 0.1257 0.1801 0.0513 0.0621
SASRecW 0.1201 0.1798 0.0521 0.0639*
WhitenRec+ 0.1257 0.1874* 0.0537* 0.0659*
DWSRec 0.1307* 0.1931* 0.0560* 0.0683*

Tools

GRCN 0.0452 0.0682 0.0234 0.0280
BM3 0.0530 0.0714 0.0299 0.0335
SASRecID 0.0712 0.0941 0.0418 0.0463
HGN 0.0647 0.0902 0.0375 0.0425
CL4SRec 0.0781 0.1027 0.0385 0.0433
SASRecT 0.0739 0.1055 0.0386 0.0448
SASRecT+ID 0.0728 0.0954 0.0445 0.0490
FDSA 0.0633 0.0812 0.0432 0.0468
S3-Rec 0.0707 0.0943 0.0424 0.0470
DIF-SR 0.0732 0.0955 0.0414 0.0458
UniSRecT 0.0772 0.1091 0.0407 0.0470
UniSRecT+ID 0.0828 0.1116 0.0420 0.0477
SASRecW 0.0861* 0.1196* 0.0453 0.0519*
WhitenRec+ 0.0888* 0.1236* 0.0462* 0.0531*
DWSRec 0.0918* 0.1254* 0.0479* 0.0546*
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5.5.2.2 Performance in cold-start settings

The cold-start problem persists in recommendation systems. Item text features

provide rich content information that can alleviate the cold-start problem. We

conduct cold-start experiments by comparing them with representative baselines,

including SASRecT and UniSRecT . Table 5.4 shows the results of the performance

comparison, from which we can observe:

• UniSRecT performs better than SASRecT , indicating the effectiveness of uti-

lizing the Mixture-of-Experts adaptor with parametric whitening to trans-

form text embeddings for the recommendation task.

• Full whitening SASRecWG=1 is either surpassed by or yields similar perfor-

mance to UniSRecT in the Arts and Toys datasets. In contrast, relaxed

whitening SASRecWG>1 outperforms SASRecWG=1 and baselines. It suggests

that the utilization of relaxed whitened representations facilitates improved

generalization for unseen data, ultimately leading to greater performance en-

hancement.

• Our proposed methods, WhitenRec+ and DWSRec, demonstrate the best

performance across the majority of baselines for all three datasets. Leveraging

both full and relaxed whitening transformation on text features is proved to

be effective under the cold-start setting.

5.5.3 Ablation Study

To assess DWSRec designs, we examine four variants outlined in Table 5.5:

• w/o s1: excludes the left segment of the dual-view sequence encoder, using

only s2 for prediction.

• w/o s2: omits the right segment, relying solely on s1 for prediction.

• w/o D-Trm: uses conventional Transformer to derive sequence embeddings

via both full and relaxed whitening separately.

• w/o Attn: replaces attention fusion layers with element-wise summation.
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Table 5.4: Performance comparison of different methods on the cold-start
setting. The best results are in boldface, and the second best results are
underlined.

Dataset Model R@20 R@50 N@20 N@50

Arts

SASRecT 0.0300 0.0504 0.0130 0.0170
UniSRecT 0.0617 0.0796 0.0281 0.0316
SASRecWG=1 0.0554 0.0655 0.0271 0.0290
SASRecWG>1 0.0656 0.0820 0.0297 0.0329
WhitenRec+ 0.0693 0.0834 0.0315 0.0343
DWSRec 0.0706 0.0864 0.0310 0.0341

Toys

SASRecT 0.0239 0.0397 0.0100 0.0131
UniSRecT 0.0519 0.0751 0.0222 0.0268
SASRecWG=1 0.0530 0.0660 0.0238 0.0264
SASRecWG>1 0.0624 0.0851 0.0265 0.0309
WhitenRec+ 0.0626 0.0873 0.0266 0.0316
DWSRec 0.0647 0.0845 0.0280 0.0319

Tools

SASRecT 0.0153 0.0261 0.0057 0.0079
UniSRecT 0.0298 0.0381 0.0158 0.0175
SASRecWG=1 0.0431 0.0487 0.0234 0.0245
SASRecWG>1 0.0501 0.0588 0.0252 0.0280
WhitenRec+ 0.0537 0.0642 0.0268 0.0288
DWSRec 0.0514 0.0594 0.0260 0.0276

Table 5.5: Ablation study on DWSRec components. w/o stands for without.

Model
Arts Toys Tools

R@20 N@20 R@20 N@20 R@20 N@20

DWSRec 0.1710 0.0822 0.1307 0.0560 0.0918 0.0479
1) w/o s1 0.1650 0.0802 0.1217 0.0525 0.0866 0.0454
2) w/o s2 0.1652 0.0808 0.1241 0.0538 0.0869 0.0456
3) w/o D-Trm 0.1647 0.0801 0.1222 0.0527 0.0884 0.0463
4) w/o Attn 0.1702 0.0818 0.1253 0.0533 0.0908 0.0468

From Table 5.5, it is observed that removing either s1 or s2 diminishes performance,

emphasizing the importance of using both embeddings to update the transformer

and enhance its generalization. Additionally, removing the decoupled attention

leads to further decline, illustrating the effectiveness of the interaction facilitated

by the decoupled attention mechanism in harnessing fully and relaxed whitened em-

beddings. Also, the attention fusion module enhances performance by adaptively

combining embeddings from various views.
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Figure 5.11: Performance by Whitening Groups for WhitenRec+ for Arts,
Toys, and Tools datasets.

5.5.4 Effect of Group Size

To examine the impact of different levels of decorrelation strength of whitening

transformation on WhitenRec+ and DWSRec, we experiment with two whitening

transformations by fixing one of them with a group number G of 1, representing
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Figure 5.12: Performance by Whitening Groups for DWSRec for Arts, Toys,
and Tools datasets.

fully whitened representations. We then vary the G of relaxed whitened repre-

sentations in {4, 8, 16, 32, 64, 128, Raw}. “Raw” denotes text features without

whitening transformation.

For WhitenRec+, the results are shown in Figure. 5.11. We also include SASRecW ’s

accuracy in the plots for comparison. Figure. 5.11 demonstrates that as the num-

ber of groups increases, the performance decreases. Furthermore, we observe that

a larger G leads to worse performance than SASRecW . This indicates that overly

relaxed whitened representations are not beneficial and could impede the model’s

performance. As such, selecting a relatively smaller value with a stronger decorre-

lation strength is recommended when choosing G for relaxed whitened representa-

tions.

For DWSRec, Figure. 5.12 reveals that the optimal G differs by dataset: the Arts

favors a larger G, the Toys favors a smaller one, while the Tools shows no distinct

preference. “raw” in general performs the worst across all datasets.

5.5.5 Effect of Projection Head

We conduct a preliminary experiment to examine the influence of the projection

head on WhitenRec+ and DWSRec’s performance. We vary the number of hidden

layers in the projection head, choosing from the set {1,2,3}. These configurations

are represented as MLP-1, MLP-2, and MLP-3, respectively. We also evaluate the

model using a linear projection without a non-linear activation function, termed

“Linear”. Furthermore, the performance is assessed using the Mixture-of-Experts
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Table 5.6: Performance comparison of projection head for WhitenRec+. The
best results are in boldface, and the second best results are underlined.

Dataset Model R@20 R@50 N@20 N@50

Arts

Linear 0.1476 0.2090 0.0724 0.0846
MLP-1 0.1627 0.2330 0.0782 0.0921
MLP-2 0.1688 0.2403 0.0810 0.0952
MLP-3 0.1655 0.2399 0.0808 0.0955
MoE 0.1690 0.2366 0.0784 0.0918

Toys

Linear 0.1029 0.1569 0.0448 0.0555
MLP-1 0.1168 0.1757 0.0494 0.0610
MLP-2 0.1257 0.1874 0.0537 0.0659
MLP-3 0.1261 0.1883 0.0547 0.0670
MoE 0.0896 0.1220 0.0446 0.0510

Tools

Linear 0.0751 0.1054 0.0396 0.0456
MLP-1 0.0836 0.1165 0.0427 0.0492
MLP-2 0.0888 0.1236 0.0462 0.0531
MLP-3 0.0894 0.1248 0.0469 0.0540
MoE 0.0852 0.1172 0.0438 0.0501

Table 5.7: Performance comparison of projection head for DWSRec. The best
results are in boldface, and the second best results are underlined.

Dataset Model R@20 R@50 N@20 N@50

Arts

Linear 0.1504 0.2130 0.0748 0.0872
MLP-1 0.1651 0.2358 0.0790 0.0930
MLP-2 0.1710 0.2419 0.0822 0.0962
MLP-3 0.1684 0.2405 0.0828 0.0971
MoE 0.1672 0.2361 0.0776 0.0912

Toys

Linear 0.1081 0.1628 0.0453 0.0562
MLP-1 0.1228 0.1827 0.0521 0.0640
MLP-2 0.1307 0.1931 0.0560 0.0683
MLP-3 0.1291 0.1913 0.0564 0.0687
MoE 0.1262 0.1848 0.0520 0.0636

Tools

Linear 0.0777 0.1083 0.0400 0.0460
MLP-1 0.0888 0.1229 0.0455 0.0522
MLP-2 0.0918 0.1254 0.0479 0.0546
MLP-3 0.0920 0.1287 0.0484 0.0557
MoE 0.0896 0.1205 0.0444 0.0505
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Table 5.8: Performance comparison of whitening methods for WhitenRec+.
The best results are in boldface, and the second best results are underlined.

Dataset Method R@20 R@50 N@20 N@50

Arts

PW 0.1243 0.1801 0.0599 0.0709
PCA 0.1283 0.1852 0.0633 0.0746
BN 0.1628 0.2339 0.0789 0.0930
CD 0.1664 0.2377 0.0798 0.0939
ZCA 0.1688 0.2403 0.0810 0.0952

Toys

PW 0.0843 0.1321 0.0363 0.0457
PCA 0.0748 0.1194 0.0333 0.0421
BN 0.1150 0.1739 0.0494 0.0610
CD 0.1230 0.1847 0.0528 0.0650
ZCA 0.1257 0.1874 0.0537 0.0659

Tools

PW 0.0626 0.0904 0.0322 0.0377
PCA 0.0625 0.0877 0.0334 0.0384
BN 0.0799 0.1130 0.0418 0.0483
CD 0.0891 0.1244 0.0465 0.0535
ZCA 0.0888 0.1236 0.0462 0.0531

adaptor (i.e., MoE) [173]. The results are presented in Table 5.6 and Table 5.7 for

WhitenRec+ and DSWRec respectively. It is observed that augmenting the num-

ber of layers—and subsequently the model’s complexity—enhances performance.

The “Linear” configuration was the least effective, emphasizing the necessity of a

non-linear activation function for refining pre-trained text embeddings in down-

stream recommendation applications. Notably, MoE is surpassed by the perfor-

mance achieved with multiple stacked MLP layers.

5.5.6 Whitening Transformations

Here, we perform experiments to investigate the impact of utilizing different whiten-

ing transformations, including both non-parametric and parametric methods. The

non-parametric methods examined are PCA, BN, CD, and ZCA, while the para-

metric method evaluated is PW [57], which employs a linear layer for whitening

transformation.

The results of using different whitening methods for WhitenRec+ and DWSRec are

presented in Table 5.8 and Table 5.9 respectively. Our results reveal that the para-

metric method PW performs interior in comparison to the non-parametric methods
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Table 5.9: Performance comparison of whitening methods for DWSRec. The
best results are in boldface, and the second best results are underlined.

Dataset Method R@20 R@50 N@20 N@50

Arts

PW 0.1532 0.2160 0.0724 0.0848
PCA 0.1256 0.1821 0.0610 0.0722
BN 0.1616 0.2308 0.0778 0.0914
CD 0.1696 0.2415 0.0823 0.0965
SVD 0.1710 0.2419 0.0822 0.0962

Toys

PW 0.1135 0.1692 0.0475 0.0585
PCA 0.0779 0.1225 0.0340 0.0428
BN 0.1207 0.1806 0.0519 0.0638
CD 0.1275 0.1895 0.0549 0.0672
SVD 0.1307 0.1931 0.0560 0.0683

Tools

PW 0.0812 0.1126 0.0414 0.0476
PCA 0.0624 0.0884 0.0330 0.0381
BN 0.0866 0.1201 0.0450 0.0516
CD 0.0891 0.1235 0.0462 0.0530
SVD 0.0919 0.1260 0.0479 0.0546

except PCA. This can be attributed to the fact that a linear layer cannot ensure

the transformed output is in fact whitened. Of all the non-parametric whitening

methods, PCA exhibits the worst performance due to the issue of stochastic axis

swapping, which can impede training progress as noted in [206]. On the other

hand, CD and ZCA outperform BN by producing more informative representa-

tions through further decorrelation between axes. CD and ZCA show comparable

performances across all three datasets.

5.5.7 Efficiency Analysis

In this section, we compare our models, SASRecW , WhitenRec+, and DWSRec,

alongside the leading baselines, UniSRecT and UniSRecT+ID, focusing on param-

eter size, training time per epoch (in seconds), and inference time per epoch (in

seconds). From the Table 5.10, our analysis yields several insights:

• UniSRecT+ID carries the highest parameter size among the four methods,

leading to a training/inference time that is approximately 10% longer than

that of UniSRecT . This increase is due to the integration of item ID embed-

dings, indicating a potential compromise in model efficiency.
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Model UniSRecT UniSRecT+ID SASRecW WhitenRec+ DWSRec

#Params 2.9M 13.8M 1.4M 1.4M 2.2M
Training Time (s/Epoch) 90 102 63 64 122
Inference Time (s/Epoch) 3.3 3.6 2.8 2.8 7.2

Table 5.10: Efficiency Comparison.

• SASRecW and WhitenRec+, leveraging pre-computable whitening, achieve

enhanced performance with the least complexity.

• DWSRec has a parameter size similar to UniSRecT but incurs a slightly longer

training/inference time in comparison to the baselines due to the implemen-

tation of a dual-view-based transformer. Yet, this can be optimized through

parallel processing. Using solely text embeddings, SASRecW , WhitenRec+,

and DWSRec run with fewer parameters, which reduces over-fitting risks and

benefits the cold-start scenarios.

5.6 Summary

In this chapter, we present the frameworks SASRecW , WhitenRec+, and DWS-

Rec to effectively exploit text features of items in sequential recommendation. We

contend that relying on text embeddings from pre-trained language models is sub-

optimal because such embeddings exist in an anisotropic semantic space, which

limits the differentiation among item representations. To address this issue, we

propose the SASRecW method, which transforms the anisotropic text embedding

distribution into an isotropic distribution through whitening. When an exces-

sive whitening transformation is applied, text embeddings can deviate from their

original semantics. Relying solely on the relaxed whitening results in a clustered

embedding distribution and sub-optimal performance. To benefit from both ends,

we introduce WhitenRec+ and DWSRec, which leverage both fully whitened and

relaxed whitened item representations to balance differentiation and similarity.

Our experimental results on three public benchmark datasets demonstrate that

our proposed methods outperform existing state-of-the-art models for sequential

recommendation on both warm and cold settings.





Chapter 6

Multimodal Contrastive Learning

for Sequential Recommendation1

In Chapter 5, we explore the integration of textual information associated with

items by developing a systematic data augmentation strategy that capitalizes on

the textual features of items. In Chapter 6, we advance our methodology by in-

corporating multimodal features alongside the sequential order of user interactions

into our data augmentation strategy. This approach offers a robust solution that

effectively captures the complexity and richness of real-world user behaviors.

6.1 Overview

Sequential recommendation systems aim to capture users’ dynamic preferences

based on their historical behaviors, with the objective of predicting the next item

of interest [36]. The primary supervision signal for learning the parameters of these

models typically derives from users’ sequential interactions with items. However,

due to the sparsity of user behavior data, sequential recommendation methods

relying solely on such data are prone to the problem of data sparsity [56, 58, 125,

218], resulting in suboptimal performance.

In practice, a wealth of multimodal content (i.e., images and text descriptions)

associated with items is available, and this has been employed to mitigate the data

1The work in this chapter has been published in ACM Transactions on Recommender Systems
2024 [114].
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sparsity issue in constructing traditional recommendation systems. For example,

studies [66, 68] utilize item multimodal content as a regularization factor and incor-

porate it into collaborative filtering frameworks. More recent research [55, 80, 81]

deploys graph neural networks to discover hidden links between different modali-

ties, thereby deepening the understanding of users’ preferences. Multimodal data

is proven to be effective in enhancing recommendation performance.

However, although considerable advancements have been made by these methods,

they are not designed for sequential recommendation and fall short in modeling

the dynamic nature of users’ preferences for multimodal information over time.

Currently, only a handful of studies exploit multimodal data for sequential recom-

mendation. For example, MV-RNN [219] merges multimodal features at its input

and employs a recurrent structure to dynamically track users’ interests. MML [218]

implements a modality-specific meta-learner to identify the sequential pattern from

different modalities and adaptively merges their predictions using a learnable fusion

layer.

Despite these efforts, current methods fail to effectively explore and capture cor-

relations among behavior sequences of users and items across different modalities.

Specifically, 1) existing works usually perform modality fusion (i.e., concatenation,

addition, or attention) at the item level, neglecting the correlation among sequence

representations in different modalities and the correlation between sequence rep-

resentations with items in different modality spaces; 2) existing works rely on a

supervised learning framework that utilizes item prediction loss (i.e., cross-entropy

loss) to learn the entire model. This approach tends to overemphasize final perfor-

mance while insufficiently capturing the association or fusion between multimodal

data and sequence data.

In this work, we explore multimodal pre-training [128, 220–223] in the context of

sequential recommendation with the aim of enhancing multimodality fusion and

utilization of multimodal information. The core idea of multimodal pre-training in-

volves leveraging self-supervised signals to aggregate and align visual and textual

information. Pre-training enables efficient exploitation of unlabeled data space,

captures intrinsic data correlations, and ultimately improves the performance of

downstream tasks. Although prevalent in computer vision, multimodal pre-training

is relatively under-explored in sequential recommendation. Our objective is to in-

tegrate the advantages of multimodal pre-training into sequential recommendation
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representation learning. This is a non-trivial work as pre-training for sequential

recommendation fundamentally differs from that for computer vision tasks. Multi-

modal pre-training for sequential recommendation predominantly focuses on mod-

eling users’ evolving preferences for multimodal information over time, rather than

aligning images and text.

To enhance multimodality fusion and more effectively harness multimodal informa-

tion in sequential recommendation, we propose a pre-training approach, Multimodal

Pre-training for Sequential Recommendation (MP4SR). MP4SR utilizes contrastive

losses to capture the correlation among behavior sequences of users and items

across different modalities. It comprises three key components: multimodal fea-

ture extraction, a backbone network Multimodal Mixup Sequence Encoder (M2SE),

and pre-training tasks. Initially, we tokenize each item image into multiple text

keywords using a language-image pre-trained model [128], and then apply the

Sentence-BERT model [129] to extract initial text and image features of items.

This step eliminates discrepancies between the textual and visual modalities while

preserving meaningful information from images and discarding redundant informa-

tion. Next, M2SE integrates different user modality sequences via a complemen-

tary sequence mixup strategy, subsequently processed by a Transformer to obtain

mix-modality sequence representations. Lastly, we employ contrastive learning to

identify modality interactions at both sequence-to-sequence and sequence-to-item

levels. Specifically, we use a modality-specific next item prediction loss to capture

the correlation between a mix-modality sequence and the subsequent item within

each modality space, and a cross-modality contrastive learning loss to calibrate the

discrepancies of mix-modality sequence representations across different modality

spaces.

We conduct extensive experiments on three real-world datasets to evaluate the ef-

fectiveness of MP4SR. Our experimental results show that MP4SR outperforms

state-of-the-art approaches for sequential recommendation under both normal and

cold-start settings. We also show that restricting the feasible starting points in pa-

rameter space to those minimizing the self-supervised pre-training criterion yields

similar effects to a good regularizer on the parameters, thereby enhancing the rec-

ommendation performance.
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Figure 6.1: a) The multimodal feature extraction module used to obtain ini-
tial multimodal features of items; b) The structure of the proposed multimodal
mixup sequence encoder that fuses items’ multimodal content with users’ behav-
ior sequence; c) The workflow of the proposed pre-training framework, where S
is the input sequence and in+1 is the target item.

6.2 Methodology

In this section, we introduce the main components of MP4SR, including multi-

modal feature extraction, backbone network M2SE, pre-training objectives, and

fine-tuning objectives.

6.2.1 Notations

Let I denote the set of items, and S = {i1, i2, · · · , in} denote a user behavior

sequence, where n items are sorted in chronological order based on the interaction

timestamp. In this work, we consider the text and image content of items to build

the model. For each item i, it is associated with a chunk of text descriptions

that is split into sentences as Ti = {ti1, ti2, · · · , ti|Ti|}, and a set of images Vi =

{vi1, vi2, · · · , vi|Vi|}, where |Ti| and |Vi| denote the number of sentences and images,

respectively.

6.2.2 Multimodal Feature Extraction

Figure 6.1(a) shows the workflow using pre-trained models to obtain the initial

text and image features of items to eliminate the modality gap between the text

and image embeddings.
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6.2.2.1 Text Feature Extraction

For each sentence in Ti, we feed it into the pre-trained Sentence-BERT [129] to

obtain its latent representation. The initial text feature xt
i of item i is obtained by

stacking representations of all the sentences in Ti as follows,

xt
i = stack

[
BERT(ti1),BERT(t

i
2), · · · ,BERT(ti|Ti|)

]
, (6.1)

where xt
i ∈ R|Ti|×d, stack[, ] denotes stacking multiple vectors into a matrix, and d

is the embedding dimension.

6.2.2.2 Image Feature Extraction

Inspired by [224], we use a pre-trained language-image model, i.e., CLIP [128], to

describe each image by text tokens in order to eliminate the modality gap between

text and image representations and remove irrelevant information from images. To

capture the key visual information of an image, N most relevant text tokens are

retained based on their similarities to the image. Then, we obtain the initial feature

vi
ℓ for an item image viℓ ∈ Vi, by concatenating these text tokens as a sentence and

feeding it into the same pre-trained Sentence-BERT model. The initial image

feature xv
i of item i can be obtained by stacking the features of all images in Vi as

follows,

f(w) = sim(CLIP(viℓ),CLIP(w)) ∀w ∈ D,

vi
ℓ = BERT(concat(TopN({f(w1), · · · , f(w|D|)}, N))),

xv
i = stack[vi

1,v
i
2, · · · ,vi

|Vi|], (6.2)

where xv
i ∈ R|Vi|×d, w is a text token in the word dictionary D, and |D| denotes the

size of the dictionary. sim( · ) is to compute the cosine similarity between the em-

bedding of an image viℓ and a word w obtained by the CLIP model. TopN( · ) func-
tion selects N words that have the highest similarities with the image. concat( · )
is the operation of concatenating N words into one sentence. Note that xt

i and xv
i

are derived during the data pre-processing stage.

To verify text tokens retrieved from images using the pre-trained language-image

model, we select two representative items from the Amazon Pantry and Arts
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(a) Amazon Pantry
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Carpet, Stardust, Starburst, Lava (Texture)

Has permanent adhesive ideal for outdoor applications, 
home decor, decals, etc… (Usage Scenarios)

(b) Amazon Arts

Figure 6.2: Two examples of converting images of an item into text tokens.
Items are retrieved from the Amazon Pantry and Arts dataset. Text tokens are
generated using CLIP [128].

dataset for analysis (Figure 6.2). The left item is an energy bar to provide car-

bohydrates and protein, with incomplete information in the seller’s summary. By

generating text tokens from images, key information, including nutritional facts

and usage modes, can be obtained. The right item is a carpet with multiple colors,

and the merchant’s product descriptions lack information on the carpet’s appear-

ance. By using text tokens from images, we can describe the characteristics of the

carpet based on its colors and designs. Compared to the image feature extracted

from pre-trained image encoders (e.g., ResNet [55, 81]), word tokens converted

from images can discard irrelevant information to achieve better recommendation

performance.



Chapter 6. Multimodal Contrastive Learning 111

6.2.3 Multimodal Mixup Sequence Encoder

To encode user sequences with multimodal features extracted from items, we ex-

plain the backbone network, i.e., M2SE. The structure of M2SE is shown in Fig-

ure 6.1(b). Observe that M2SE includes four main components: sequence random

dropout, text and image encoders, complementary sequence mixup, and trans-

former layers.

6.2.3.1 Sequence Random Dropout

To help the model achieve better generalization performance, M2SE randomly

drops a portion of items from S with a drop ratio ρ for a user behavior sequence

S [53]. The obtained sub-sequence after the random dropout operation is denoted

by S̃. ρ is fixed during the pre-training stage.

6.2.3.2 Text and Image Encoders

These two encoders are used to adapt the initial modality features of items obtained

from the pre-trained language model to learn users’ sequential behaviors. Both

encoders share the same structure, including an attention layer and a Mixture-of-

Expert (MoE) architecture [173].

In the text encoder, each item i ∈ S̃ is represented by its initial textual feature xt
i.

The attention layer is composed of two linear transformations to fuse i’s sentence-

level embeddings as follows,

αt = softmax
(
(xt

iW
t
1 + bt

1)W
t
2 + bt2

)
,

mt
i =

|Ti|∑
j=1

αt
jx

t
i[j, :], (6.3)

where Wt
1 ∈ Rd×da , Wt

2 ∈ Rda , bt
1 ∈ Rda , and bt2 ∈ R are learnable parameters. da

is the attention dimension size. αt
j is the j-th element of αt, and xt

i[j, :] denotes the

j-th row of feature matrix xt
i. Then, MoE is used to increase the model’s capacity

for adapting the fused modality representation mt
i. Each expert in MoE consists

of a linear transformation, followed by a dropout layer and a normalization layer.
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Let Ek(m
t
i) ∈ Rd0 denote the output of the k-th expert network, and gt ∈ RO is

the output of the gating network as follows,

Ek(m
t
i) = LayerNorm(Dropout(mt

iW
t
k)),

gt = softmax(mt
iW

t
3), (6.4)

where Wt
3 ∈ Rd×O and Wt

k ∈ Rd×d0 are learnable parameters, O is the number of

experts, and d0 is the dimension of the hidden embedding. Then, the output of

MoE for item i is formulated as follows,

zti =
O∑

k=1

gtkEk(m
t
i), (6.5)

where zti ∈ Rd0 , and gtk is the weight derived from k-th gating router. Here, we

omit bias terms in the equation for simplicity. The outputs of MoE network for all

items in S̃ are stacked to form the output of the text encoder, which is denoted by

Zt = stack[zt1, z
t
2, · · · , zt|S̃|].

Similarly, in the image encoder, each item in S̃ is represented by its image feature

xv
i . The output of the image encoder is denoted by Zv = stack[zv1, z

v
2, · · · , zv|S̃|],

where zvi is the output of the MoE network for the i-th item in S̃.

6.2.3.3 Complementary Sequence Mixup

To alleviate the representation discrepancy between two different modality se-

quences, we propose a complementary sequence mixup method that mixes up text

representations and image representations in a complementary manner. Specifi-

cally, we define a mixup ratio p between 0 to 0.5, which is randomly generated

during model training. For each item in S̃, we swap its embedding in Zt and Zv

with probability p and generate two mix-modality sequence embeddings Mt and

Mv. The definition of p ≤ 0.5 ensures the generated mix-modality sequence em-

bedding dominates with information from the same modality. In this case, Mt and

Mv complement each other in terms of the modality choice for each item in the

sequence.
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6.2.3.4 Transformer Layers

The Transformer [196] structure is used to further encode Mt and Mv. We first

add positional encodings to Mt and Mv, and then feed the summed embeddings

into L Transformer layers. Note that each Transformer layer consists of a multi-

head self-attention sub-layer and a point-wise feed-forward network. Let Ht
L and

Hv
L denote the output of the L-th Transformer layer based on Mt and Mv, respec-

tively. Following [51], we use the last rows in Ht
L and Hv

L as two mix-modality

representations of the input sequence, which are denoted by ht and hv.

6.2.4 Pre-training Objectives

To better capture the correlation between representations across different modali-

ties, we propose two optimization objectives, i.e., modality-specific next item pre-

diction and cross-modality contrastive learning, based on mix-modality sequence

representations for pre-training the backbone model. The workflow in the pre-

training phase is shown in Figure 6.1(c).

Let B = {(Sj, ij)}|B|j=1 denote a batch of pre-training data, where Sj denotes a user’s

behavior sequence and ij is her next interaction item after Sj. With M2SE, we can

obtain two mix-modality sequence representations ht
j and hv

j for Sj. As h
t
j and hv

j

are obtained by mixing up modalities, we first use two linear transformations to

map them into the text feature space and image feature space for calculating the

pre-training losses, respectively,

êtj = ht
jWt + bt, ẽtj = hv

jWt + bt,

êvj = hv
jWv + bv, ẽvj = ht

jWv + bv, (6.6)

where Wt,Wv ∈ Rd0×d0 and bt,bv ∈ Rd0 are learnable parameters. Motivated by

the success of contrastive learning in model pre-training, we define the pre-training

objective functions in a contrastive manner.

6.2.4.1 Modality-specific Next Item Prediction

Modality-specific Next Item Prediction (NIP) aims to predict the next item based

on the mix-modality sequence representations. For each (Sj, ij) pair, Sj is the



114 6.2. Methodology

input sequence and ij is the target item. Thus, in the text feature space, we

pair êtj and ẽtj with the ij’s text embedding ztj obtained by the text encoder as

a positive sample, and pair êtj and ẽtj with the text embeddings of other items

{ij′ |j′ ̸= j, 1 ≤ j′ ≤ |B|} from B as negative samples. The next item prediction

loss defined in the text feature space is as follows,

L(t)
NIP = −

|B|∑
j=1

log
f(êtj, z

t
j) + f(ẽtj, z

t
j)∑|B|

j′=1[f(ê
t
j, z

t
j′) + f(ẽtj, z

t
j′)]

, (6.7)

where f(s, z) = exp(sim(s, z)/τ), and τ is a temperature hyper-parameter. Simi-

larly, we can define the next item prediction loss L(v)
NIP in the image feature space

as follows,

L(v)
NIP = −

|B|∑
j=1

log
f(êvj , z

v
j ) + f(ẽvj , z

v
j )∑|B|

j′=1[f(ê
v
j , z

v
j′) + f(ẽvj , z

v
j′)]

. (6.8)

6.2.4.2 Cross-Modality Contrastive Learning

To capture the semantic relationship between different modality sequences, we de-

velop a Cross-Modality Contrastive Loss (CMCL). Specifically, the complementary

mix-modality sequence representations mapped to the same feature space, e.g., (êtj,

ẽtj) and (êvj , ẽ
v
j ), are paired as positive samples, while randomly-selected samples

in the training batch are paired as negative samples. Following [187], CMCL for

the text space is defined in a symmetric contrastive way as follows,

ℓ(êtj, ẽ
t
j) = log

f(êtj, ẽ
t
j)

|B|∑
j′=1

f(êtj, ẽ
t
j′) +

|B|∑
j′=1,j′ ̸=j

f(êtj, ê
t
j′)

,

L(t)
CMCL = −1

2

|B|∑
j=1

(ℓ(êtj, ẽ
t
j) + ℓ(ẽtj, ê

t
j)). (6.9)

Similarly, CMCL in the image space is defined as follows,

L(v)
CMCL = −1

2

B∑
j=1

(ℓ(êvj , ẽ
v
j ) + ℓ(ẽvj , ê

v
j )). (6.10)
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Figure 6.3: Evolution without pre-training (blue) and with pre-training (or-
ange) on Pantry dataset of the log of the test loss plotted against the log of the
train loss as training proceeds. Each group has 5 curves representing a different
initialization. During training, the trajectories move from right (high error) to
left (low error) due to the decrease in training error.

The overall loss function for model pre-training is formulated as follows,

Lpre-train = L(t)
NIP + L(v)

NIP + λ(L(t)
CMCL + L(v)

CMCL), (6.11)

where λ is a hyper-parameter to balance these two groups of losses.

6.2.4.3 Discussion

Inspired by [225], we plot test loss against train loss along the optimization tra-

jectory in parameter space. Figure 6.3 and Figure 6.4 show five of these curves

without pre-training (blue), originating from a random initialization point in pa-

rameter space, and five initiated from pre-trained parameters (orange), for Pantry

and Office datasets respectively. The experiments are performed for MP4SR with

1, 2, and 3 Transformer layers. We observe that, at the same level of train loss,
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Figure 6.4: Evolution without pre-training (blue) and with pre-training (or-
ange) on Office of the log of the test loss plotted against the log of the train loss
as training proceeds. Each group has 5 curves representing a different initializa-
tion.

pre-trained models consistently exhibit a lower test cost than randomly initial-

ized models when training proceeds to convergence. This finding suggests that

pre-training tasks serve as effective regularizers for parameters used for modeling

user sequences based on multimodal data. Additionally, as the number of layers

increases, the impact of generalization becomes more pronounced, which is evident

from the downward shift of the orange line.

6.2.5 Fine-tuning for Sequential Recommendation

We treat sequential recommendation as a supervised classification problem [49, 51]

and use the cross-entropy loss incorporating all modality sequences for model fine-

tuning.

Let B̃ denote a batch of fine-tuning data. For each (S, i) ∈ B̃, i is the user’s

next interaction item after her interaction sequence S. From the classification
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perspective, i can be treated as the target label of the input sequence S. In the

fine-tuning stage, we disable the sequence random dropout and complementary

sequence mixup operations in the pre-trained M2SE network, by setting the dropout

ratio ρ and sequence mixup ratio p to 0. Moreover, we also incorporate the ID

embeddings ES of items in the sequence S with its text and image representations

Mt and Mv using element-wise summation, and then feed the summed embeddings

into the Transformer layers to obtain the sequence embeddings ht and hv. Then,

for the sequence S, the predicted probability distribution ŷ(S) of its potential target

labels (i.e., items) is defined as follows,

ŷ(S) = softmax
(
ht(Ft + E)⊤ + hv(Fv + E)⊤

)
, (6.12)

where ŷ(S) ∈ R|I|, E ∈ R|I|×d0 denotes the ID embedding matrix of all items.

Ft,Fv ∈ R|I|×d0 denote the text and image modality embedding matrices of all

items, which are obtained by the text encoder and image encoder in M2SE. The

loss function for model fine-tuning is defined as follows,

Lfinetune = −
∑

(S,i)∈B̃

log
(
ŷ(S)(i)

)
, (6.13)

where ŷ(S)(i) denotes the predicted probability for the ground-truth label i of the

sequence S. By minimizing Eqn. (6.13), we fine-tune the parameters of the pre-

trained M2SE network as well as the ID embedding of items.

6.2.6 Complexity Analysis

The time complexity of MP4SR primarily arises from the text and image encoders,

attention-based transformer layers, and contrastive learning-based pre-training ob-

jectives. Considering a batch of samples B, each contributes a time complexity of

O(|B||S|Odd0), O(|B||S|2d0+ |B||S|d20), and O(|B|2d0) respectively. Consequently,
the aggregate time complexity is O(|B||S|Odd0 + |B||S|2d0 + |B||S|d20).
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Table 6.1: Statistics of the experimental datasets. “Avg. n” denotes the
average length of interaction sequences.

Datasets #Users #Items #Inter. Avg. n

Pantry 13,614 7,670 131,311 9.65
Arts 32,216 52,557 264,465 8.21
Office 68,224 59,705 527,209 7.73

6.3 Experiments

6.3.1 Experimental Settings

6.3.1.1 Datasets

The experiments are conducted on the Amazon review dataset [188], which provides

the multimodal information of items. We use three “5-core” subsets for experimen-

tal evaluation, i.e., Pantry, Arts, and Office. Following [51, 159], we convert each

rating into an implicit feedback record. On each dataset, we group interactions

by users and construct the interaction sequence for each user by sorting her in-

teractions in chronological order. The statistics of the pre-processed experimental

datasets are summarized in Table 6.1.

6.3.1.2 Evaluation Settings

Following [50, 51], we apply the leave-one-out strategy to evaluate the performance

of recommendation models in both pre-training and fine-tuning stages. Specifically,

for each user, the last item of her interaction sequence is used for testing, the

second last item is used for validation, and the remaining items are used for model

training. The performance of a recommendation model is evaluated by two widely

used metrics, i.e., Recall@K and Normalized Discounted Cumulative Gain@K

(respectively denoted by R@K and N@K). K is empirically set to 10 and 20. All

evaluation metrics are computed on the whole candidate item set without negative

sampling.
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6.3.1.3 Baseline Methods

We compare the proposed model with four groups of baseline methods:

1) General Recommendation Model:

• LightGCN [226] is one of the representative GNNs-based recommendation

methods.

2) Multimodal Recommendation Models:

• GRCN [80] is a graph-based multimodal recommendation model that refines

the user-item interaction graph by pruning noisy edges;

• DualGNN [82] explicitly models the user’s attention over different modali-

ties.

3) Sequential Recommendation Models:

• SASRec [49] is a directional self-attention method for next item prediction;

• SINE [227] uses a sparse-interest module that adaptively infers a sparse set

of concepts and outputs multiple embeddings for each user;

• CL4SRec [53] designs three data augmentation approaches to extract self-

supervised signals to improve the sequential recommendation performance;

4) Sequential Recommendation Models with Side Information:

• MV-RNN [219] is a multimodal sequential recommendation model that

combines multimodal features at its input and applies a recurrent structure

to dynamically capture users’ interests;

• FDSA [56] models the transition patterns between items as well as features

by separate self-attention blocks. We feed both text and image features into

the model for fair comparison;

• S3-Rec [51] devises four self-supervised learning objectives based on the mu-

tual information maximization principle;
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• DIF-SR [54] decouples attribute information and item representation from

the calculation of attention;

• SASRec+ integrates multimodal information of items with the SASRec.

The model encodes modality features using the same text/image encoder as

MP4SR, sums them with item ID embeddings, and feeds the output into

SASRec to generate recommendations.

6.3.1.4 Implementation Details

The proposed method is implemented by Pytorch [216] and an open-source recom-

mendation framework, RecBole [217]. The Adam optimizer [192] is used to learn

model parameters. Following [51], we set the maximum sequence length to 50. Our

training phase consists of two stages: pre-training and fine-tuning. The learned

parameters from the pre-training stage are used to initialize the M2SE network in

the fine-tuning stage. Both the pre-training and fine-tuning are performed on the

same dataset to obtain the final recommendation results. More implementation

details can be found in the supplementary material.

In the multimodal feature extraction stage of MP4SR, the pre-trained Sentence-

BERT model maps every sentence of text descriptions or a group of word tokens

extracted from an image into a 768-dimensional dense vector, i.e., d = 768. For

each item, we consider up to 10 sentences and 10 images.

For pre-training MP4SR, we set the learning rate to 0.001, the batch size to 1024,

and the number of experts O to 8 on all datasets. In addition, we set ρ, τ , and

λ to 0.2, 0.07, and 0.01, respectively. The attention dimension da and embedding

dimension d0 are fixed to 64. The proposed model is pre-trained for 300 epochs.

For fine-tuning MP4SR and training all baseline methods, we apply grid search

to identify the best hyper-parameter settings based on the validation data for all

methods. The search space is as follows: learning rate in {0.0001, 0.0005, 0.001},
batch size in {256, 512, 1024}, and weight decay in {0.0001, 0.0005, 0.001}. For

a fair comparison, the hyper-parameters of Transformer layers are kept identical

for MP4SR and transformer-based baselines (i.e., SASRec, S3-Rec, and DIF-SR).

Specifically, the number of attention heads and the number of self-attention blocks

are set to 2. The remaining hyper-parameters for baseline methods follow the
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original papers. Additionally, we adopt an early stopping strategy, i.e., we apply

premature stopping if R@20 on the validation data does not increase for 10 epochs.

6.3.2 Performance Comparison

We summarize the overall performance comparison results in Table 6.2, from which

we have the following observations.

Firstly, the multimodal recommendation methods (i.e., GRCN and DualGNN) con-

sistently outperform the general recommendation model (i.e., LightGCN). This

suggests that leveraging the multimodal information of items can effectively en-

hance recommendation performance.

Secondly, sequential recommendation models generally perform better than non-

sequential recommendation models, by capturing users’ sequential behavior pat-

terns. Notably, an exception is observed in the Pantry dataset, where the non-

sequential model GRCN, which utilizes multimodal data, achieves better perfor-

mance than sequential baseline methods. This may be attributed to the fact that

the multimodal features of items in this dataset are more informative than those

in the other two datasets. Meanwhile, S3-Rec usually surpasses other sequential

recommendation baselines, highlighting the effectiveness of using self-supervised

signals and side information for pre-training sequential recommendation models.

Thirdly, MP4SR and SASRec+ both outperform baseline methods by leveraging

the designed multimodal data encoders and capturing the sequential behavior pat-

terns of users to enhance recommendation accuracy.

Lastly, the proposed MP4SR model consistently outperforms all baseline methods

by a significant margin. This is attributed to the utilization of two pre-training ob-

jectives to capture the correlation of multimodal data with user behaviors, thereby

improving the generalization capabilities of sequential recommendation models and

resulting in the best overall performance.
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Table 6.2: The overall performance achieved by different methods. The best
results are in boldface, and the second best results are underlined. * denotes
MP4SR surpasses the best baseline using a paired t-test (p < 0.01).

Dataset Model R@10 R@20 N@10 N@20

Pantry

LightGCN 0.0460 0.0774 0.0236 0.0315
GRCN 0.0552 0.0856 0.0289 0.0366
DualGNN 0.0485 0.0739 0.0254 0.0318
SASRec 0.0457 0.0722 0.0204 0.0271
SINE 0.0534 0.0873 0.0243 0.0329
CL4SRec 0.0487 0.0796 0.0236 0.0314
MV-RNN 0.0276 0.0467 0.0134 0.0184
FDSA 0.0357 0.0588 0.0194 0.0252
S3-Rec 0.0535 0.0845 0.0257 0.0335
DIF-SR 0.0473 0.0736 0.0219 0.0284
SASRec+ 0.0600 0.0934 0.0298 0.0382
MP4SR 0.0673* 0.1040* 0.0321* 0.0414*

Arts

LightGCN 0.0726 0.0967 0.044 0.0501
GRCN 0.0741 0.0999 0.0448 0.0513
DualGNN 0.0788 0.1033 0.0495 0.0557
SASRec 0.0910 0.1125 0.0509 0.0563
SINE 0.0935 0.1237 0.0491 0.0567
CL4SRec 0.0899 0.1162 0.0484 0.0550
MV-RNN 0.0446 0.0661 0.0232 0.0283
FDSA 0.0772 0.0948 0.0545 0.0589
S3-Rec 0.0961 0.1250 0.0546 0.0619
DIF-SR 0.0899 0.1126 0.0510 0.0567
SASRec+ 0.1099 0.1430 0.0616 0.0699
MP4SR 0.1184* 0.1570* 0.0637* 0.0735*

Office

LightGCN 0.0518 0.0752 0.0281 0.0339
GRCN 0.0714 0.0911 0.046 0.0509
DualGNN 0.0661 0.0843 0.0431 0.0477
SASRec 0.1025 0.1222 0.0617 0.0667
SINE 0.1059 0.1305 0.0618 0.0680
CL4SRec 0.1016 0.1256 0.0602 0.0662
MV-RNN 0.0416 0.0641 0.0210 0.0266
FDSA 0.0832 0.0997 0.0616 0.0657
S3-Rec 0.1027 0.1254 0.0641 0.0698
DIF-SR 0.1039 0.1241 0.0620 0.0671
SASRec+ 0.1060 0.1316 0.0652 0.0716
MP4SR 0.1206* 0.1480* 0.0797* 0.0866*
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Table 6.3: The performance of cold-items achieved by CLCRec, MASR,
MP4SRw/o Pre-train, and MP4SR.

Dataset Model R@10 R@20 N@10 N@20

Pantry

MASR 0.0111 0.0119 0.0064 0.0066
CLCRec 0.0166 0.0251 0.0081 0.0103
MP4SRw/o Pre-train 0.0257 0.0337 0.0119 0.0139

MP4SR 0.0360 0.0491 0.0176 0.0208

Arts

MASR 0.0136 0.0165 0.0080 0.0090
CLCRec 0.0178 0.0239 0.0101 0.0116
MP4SRw/o Pre-train 0.0314 0.0455 0.0145 0.0181

MP4SR 0.0403 0.0552 0.0191 0.0229

Office

MASR 0.0079 0.0094 0.0050 0.0054
CLCRec 0.0094 0.0120 0.0049 0.0056
MP4SRw/o Pre-train 0.0128 0.0183 0.0061 0.0074

MP4SR 0.0235 0.0312 0.0117 0.0136

6.3.3 Cold-start Performance

To validate the effectiveness of our model for the cold-start recommendation, we

include the following methods for evaluation alongside MP4SRw/o Pre-train and

MP4SR:

• CLCRec [214]: this method explores the mutual dependency between item

multimodal features and collaborative representations to alleviate the cold-

start item problem.

• MASR [228]: authors construct two memory banks to store historical user

sequences and a retriever-copy network to search for similar sequences to

enhance the recommendation performance for cold-start items.

In our experiments, counting all items in the training set, we categorize those

that appear less than 10 times as cold items, and the rest as warm items. CLCRec,

MASR, and MP4SRw/o Pre-train are trained based on the full dataset, including both

cold and warm items, and are evaluated based on user sequences that take cold

items as the target item for prediction. MP4SR is first pre-trained on warm items,

followed by fine-tuning using the entire dataset. Its performance is evaluated in

the same manner as the other three baselines. Given that cold items lack sufficient

interaction data, item ID embeddings are excluded during fine-tuning.
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Table 6.4: The ablation study of MP4SR and its variants on Pantry and Office
datasets.

Dataset Model R@10 R@20 N@10 N@20

Pantry

MP4SR 0.0673 0.1040 0.0321 0.0414
MP4SRResNet 0.0647 0.1007 0.0317 0.0408
MP4SRw/o NIP 0.0501 0.0816 0.0245 0.0324

MP4SRw/o CMCL 0.0662 0.1030 0.0310 0.0403

MP4SRw/o C-Mixup 0.0649 0.1014 0.0307 0.0399

MP4SRw/o Pre-train 0.0595 0.0920 0.0286 0.0369

MP4SRw/o Proj 0.0630 0.1001 0.0300 0.0393

MP4SRE2E 0.0605 0.0937 0.0290 0.0373

Office

MP4SR 0.1206 0.1480 0.0797 0.0866
MP4SRResNet 0.1159 0.1435 0.0749 0.0818
MP4SRw/o NIP 0.1062 0.1302 0.0637 0.0697

MP4SRw/o CMCL 0.1095 0.1349 0.0649 0.0713

MP4SRw/o C-Mixup 0.1192 0.1480 0.0768 0.0841

MP4SRw/o Pre-train 0.1094 0.1335 0.0665 0.0726

MP4SRw/o Proj 0.1177 0.1456 0.0724 0.0794

MP4SRE2E 0.1013 0.1243 0.0589 0.0647

Table 6.3 shows the performance achieved by CLCRec, MASR, MP4SRw/o Pre-train,

and MP4SR on cold items. We can note that both MP4SRw/o Pre-train and MP4SR

outperform the two baseline methods, illustrating the effectiveness of using mul-

timodal information to alleviate the cold-start item problem. Overall, MP4SR

performs the best by a substantial margin across all evaluation metrics. This re-

sult suggests that cold items can benefit more from self-supervised multimodal

pre-training tasks that leverage items with more interactions.

6.3.4 Ablation Study

To study the contribution of each component of MP4SR, we consider the following

variants of MP4SR for evaluation:

• MP4SRResNet: we use ResNet to extract features of item images, instead of

converting an item image into keywords;

• MP4SRw/o NIP: we remove the modality-wise next item prediction losses in

the pre-training stage;
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• MP4SRw/o CMCL: we remove the cross-modality contrastive losses in the

pre-training stage;

• MP4SRw/o C-Mixup: we remove the complementary sequence mixup module

in M2SE;

• MP4SRw/o Pre-train: we remove the pre-training tasks and train the proposed

model from scratch based on the multimodal fine-tuning setting;

• MP4SRw/o Proj: we remove the two projection heads and calculate the pre-

training contrastive losses on ht and hv;

• MP4SRE2E: we optimize the proposed model in an end-to-end manner by

summing up the pre-training loss Lpre-train and the fine-tuning loss Lfinetune.

Table 6.4 presents the performance of MP4SR and its variants on Pantry and

Office datasets. It shows that each proposed component of MP4SR consistently

improves recommendation performance. The modality-wise next item prediction

losses are particularly important for pre-training MP4SR for the sequential recom-

mendation. Omitting them results in a significant decline in performance. This is

likely due to the fact that the model’s primary objective is the optimization of next

item prediction throughout both pre-training and fine-tuning stages. Furthermore,

cross-modality contrastive losses are more effective in improving recommendation

performance on the Office dataset compared to the Pantry dataset, indicating that

items in the Office dataset provide more training signals to align various modalities.

Additionally, we note that the recommendation performance decreases significantly

when pre-training tasks are eliminated, which further validates the effectiveness of

applying pre-training for the multimodal sequential recommendation. Also, projec-

tion heads facilitate the calculation of contrastive losses by mapping each sequence

representation into a common semantic space. If they are removed, the performance

is negatively affected. Lastly, if the model is trained end-to-end by combining the

Lpre-train and Lfinetune, the performance deteriorates. This is because pre-training

losses aim to learn interactions across different modalities, whereas fine-tuning

losses prioritize recommendation tasks using cross-entropy losses. If these are op-

timized together, the model struggles to converge to the optimal solution for the

recommendation task.
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Figure 6.5: The performance trends of MP4SR with respect to different set-
tings of λ, N , O, ρ on Pantry and Office datasets based on R@20.

6.3.5 Parameter Sensitivity Study

In this experiment, we study the impact of four hyper-parameters, including the

λ to balance between modality-wise next item prediction loss and cross-modality

contrastive loss, the number of tokens retrieved for each image N , the number of

experts used in the MoE architecture O, and the random dropout probability of a

sequence ρ. We conduct experiments on Pantry and Office and report R@20 for

comparison.

6.3.5.1 Impact of λ

The performance comparison using different values of λ is shown in Figure 6.5(A)

and Figure 6.6(A). We vary λ in {0.001, 0.01, 0.1, 1.0}. We can note that the best

performance is achieved when λ is set to 0.01. Recommendation performance is

compromised with either a large or a small λ.
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Figure 6.6: The performance trends of MP4SR with respect to different set-
tings of λ, N , O, ρ on Pantry and Office datasets based on N@20.

6.3.5.2 Impact of N

The number of tokens retrieved for each image N is varied in {5, 10, 15, 30, 50}.
As shown in Figure 6.5(B) and Figure 6.6(B), 15 word tokens per image appear to

be the optimal setting for both datasets. Insufficient information from images is

captured when fewer tokens are used, while excessive token usage usually introduces

noise.

6.3.5.3 Impact of O

The number of experts used in the MoE architectureO is chosen from {1, 2, 4, 8, 16}.
From Figure 6.5(C) and Figure 6.6(C), we can notice the results with respect to O

are consistent on both datasets. The best performance is achieved when O is set

to 8. However, the further increase of O does not help with the performance.
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Figure 6.7: The performance on different user groups achieved by GRCN, S3-
Rec, and MP4SR on Pantry and Office datasets.

6.3.5.4 Impact of ρ

As shown in Figure 6.5(D) and Figure 6.6(D), we examine the model performance

with different dropout probabilities of the user sequence ρ, which ranges from 0 to

0.5 with a step size of 0.1. We can observe that the model performance is relatively

stable with the change in the random dropout probability.

6.3.6 Performance on Different User Groups

The performance comparison results outlined in Table 6.2 allow us to examine the

influence of data sparsity on users. Specifically, we split all users into five groups

based on the length of their interaction sequences and assess the performance of

the models in each user group. Figure 6.7 presents a comparison of performance



Chapter 6. Multimodal Contrastive Learning 129

on two datasets, from which we have the following observations. Firstly, for the

Office dataset, the proposed MP4SR model performs better than GRCN and S3-

Rec across all user groups. When considering the Pantry dataset, both GRCN and

MP4SR exceed S3-Rec’s performance when user sequences are longer, affirming the

importance of multimodal features. Secondly, a decrease in the sequence length of

user behaviors leads to greater improvements for MP4SR compared to GRCN and

S3-Rec. This demonstrates the superiority of MP4SR in handling sparse scenarios.

6.3.7 Unimodal vs. Multimodal Performance

MP4SR can be applied when only one modality is available. To study the effec-

tiveness of MP4SR in exploiting different modality information, we consider the

following two variants of MP4SR for evaluation:

• MP4SR-V: the text modality information is not used for model fine-tuning

(i.e., removing ht(Ft + E)⊤ from Eqn. (12));

• MP4SR-T: the image modality information is not used for model fine-tuning

(i.e., removing hv(Fv + E)⊤ from Eqn. (12)).

In MP4SR-V, MP4SR-T, and MP4SR, the model is pre-trained with both text and

image modalities.

Table 6.5 presents the recommendation performance of MP4SR-V, MP4SR-T, and

MP4SR on each dataset. We can note that MP4SR-T outperforms MP4SR-V on all

datasets, indicating that text information of items contributes more to performance

gain than item images. Leveraging both text and image modality information leads

to the best recommendation performance for most datasets. This illustrates the

effectiveness of exploiting items’ multimodal information for sequential recommen-

dation.

6.3.8 Cross-domain Recommendation Performance

We study the knowledge transfer capability of the pre-trained model under the

MP4SR framework. Specifically, we evaluate the cross-domain recommendation
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Table 6.5: The performance achieved by MP4SR under unimodal and
multimodal-based settings on each dataset.

Dataset Model R@10 R@20 N@10 N@20

Pantry
MP4SR-V 0.0596 0.0928 0.0290 0.0373
MP4SR-T 0.0649 0.1001 0.0318 0.0407
MP4SR 0.0673 0.1040 0.0321 0.0414

Arts
MP4SR-V 0.1018 0.1345 0.0581 0.0663
MP4SR-T 0.1144 0.1523 0.0652 0.0748
MP4SR 0.1184 0.1570 0.0637 0.0735

Office
MP4SR-V 0.1153 0.1415 0.0764 0.0830
MP4SR-T 0.1186 0.1464 0.0772 0.0841
MP4SR 0.1206 0.1480 0.0797 0.0866

Table 6.6: The recommendation performance achieved by RecGURU, UniS-
Rec, MP4SRw/o Pre-train, and MP4SR under cross-domain setting on Pantry and
Arts datasets.

Dataset Model R@10 R@20 N@10 N@20

Pantry

RecGURU 0.0308 0.0537 0.0152 0.0210
UniSRec 0.0582 0.0932 0.0265 0.0353
MP4SRw/o Pre-train 0.0595 0.0920 0.0286 0.0369

MP4SRCross 0.0622 0.0944 0.0294 0.0375

Arts

RecGURU 0.0890 0.1174 0.0569 0.0641
UniSRec 0.0995 0.1300 0.0565 0.0642
MP4SRw/o Pre-train 0.1030 0.1374 0.0558 0.0644

MP4SRCross 0.1041 0.1367 0.0573 0.0657

performance of MP4SR, using the Office dataset as the source domain, Pantry and

Arts datasets as target domains. In the experiments, RecGURU, UniSRec, and

two variants of MP4SR are used for comparison:

• RecGURU [229]: this baseline model is a cross-domain sequential recom-

mendation framework that exploits adversarial learning to construct a gen-

eralized user representation unified across different domains.

• UniSRec [57]: authors utilize item texts to learn more transferable and uni-

versal representations from multiple domains for sequential recommendation.

• MP4SRw/o Pre-train: we use the target domain data to train the proposed

model from scratch based on the multimodal fine-tuning strategy.
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• MP4SRCross: we use the source domain data to pre-train the MP4SR frame-

work and fine-tune it based on the target domain data. For UniSRec and

MP4SR variants, we perform parameter-efficient fine-tuning for target do-

mains by fixing the parameters of the Transformer architecture and only

fine-tuning the modality encoders.

The results of cross-domain recommendation performance are shown in Table 6.6.

Compared with RecGURU, UniSRec, and MP4SRw/o Pre-train, MP4SRCross achieves

the best performance in terms of most evaluation metrics. This indicates the pro-

posed pre-training framework is effective in transferring knowledge from the source

domain to the target domain. Additionally, the proposed contrastive learning tasks

enable MP4SR to learn generalized multimodal representations for user behavior

sequences to benefit sequential recommendation. It is worth noting that RecGURU

performs comparably with MP4SR on the Arts dataset in terms of NDCG but per-

forms the worst on the Pantry dataset. This can be attributed to the fact that

Office and Arts have more common users (i.e., 4,068) than Office and Pantry (i.e.,

1,525). As a result, RecGURU, which is designed to capture generalized user repre-

sentations using adversarial learning, is more successful in knowledge transfer from

Office to Arts but fails from Office to Pantry.

6.4 Summary

In this chapter, we propose a novel pre-training framework, called MP4SR (i.e.,

Multimodal Pre-training for Sequential Recommendation), for boosting sequential

recommendation performance. In MP4SR, item images are first represented by

textual tokens to eliminate the discrepancy between text and image modalities.

Then, MP4SR employs a backbone network, M2SE (i.e., Multimodal Mixup Se-

quence Encoder), to integrate items’ multimodal content with the user behavior

sequence. Two contrastive learning losses are designed to help M2SE learn gen-

eralized multimodal sequence representations. The experiments on real datasets

demonstrate that the proposed pre-training framework can help improve sequen-

tial recommendation performance in different settings by effectively regularizing

the parameter space for sequential recommendation.





Chapter 7

Conclusions and Future Work

This thesis explores various recommendation approaches that utilize data augmen-

tation and contrastive learning methods across different data structures. These

approaches aim to mitigate the data sparsity problem and improve the generaliza-

tion capabilities of recommender systems. In this chapter, we summarize the main

contributions of the dissertation and outline promising avenues for future research

in this field.

7.1 Conclusions

Recommender systems become increasingly important in improving user experi-

ences through personalized content and suggestions. However, they encounter the

challenge of data sparsity, as real-world datasets usually lack sufficient user-item

interaction data, leading to compromised performance. Integrating data augmen-

tation with contrastive learning presents a promising approach to alleviate the data

sparsity problem and enhance the generalization capabilities of recommender sys-

tems. This dissertation introduces innovative data augmentation and contrastive

learning methods applicable to diverse data structures, aiming to yield more effec-

tive recommender systems.

In Chapter 3, we explore methods for augmenting graph data, focusing on creat-

ing augmented data that distinguish between informative and noisy edges in the

augmented graph. We leverage a novel technique that employs graph diffusion.

133
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This method effectively smooths neighborhood interactions across the graph, con-

verting the original unweighted graph into a weighted one. The weighting scheme,

anchored in the structural significance of each edge, aids in sustaining an efficient

neighborhood for each node within the diffusion graph. Specifically, We propose

the graph diffusion-based contrastive learning framework for recommendation. In

this framework, the diffusion graph is encoded to maintain heterogeneity. Addi-

tionally, a symmetric contrastive learning objective is used to compare local node

representations of the diffusion graph with those in the user-item interaction graph.

Extensive experiments on real-world datasets demonstrate that GDCL consistently

outperforms state-of-the-art recommendation methods.

In Chapter 4, we focus on using varying degrees of whitening transformation on

pre-trained text features as an alternative to the random-based feature data aug-

mentation methods prevalent in existing research. Our investigation begins with

an analysis of a sequential recommendation framework that utilizes item text fea-

tures. We observe that anisotropy in pre-trained text embeddings can negatively

impact performance. To counter this, we apply a whitening transformation that

restructures the distribution of pre-trained text embeddings into an isotropic form,

resulting in a notable enhancement in model performance. However, empirical

studies reveal that this whitening transformation may disrupt the manifold of items

sharing similar textual semantics. To overcome this challenge, we introduce two

methods for sequential recommendation to exploit the benefits of fully and partially

whitened embeddings. The first method WhitenRec+ combines fully and partially

whitened embeddings via a simple summation to enhance the representation learn-

ing of users and items. The second method DWSRec employs different degrees of

whitened embeddings to update the attention heads within the transformer model.

This strategy effectively serves as a form of data augmentation, leading to a further

improvement in the overall performance of the recommender system.

Chapter 5 delves into the exploration of user behavior sequence augmentations

across various features. This approach stands in contrast to most existing meth-

ods, which tend to focus on augmenting a single type of feature and often fall

short in exploring augmentations involving user behavior sequences across diverse

features. We introduce the innovative multimodal pre-training for sequential rec-

ommendation framework. This framework leverages contrastive losses to discern
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correlations between different modality sequences of users and between these se-

quences and items. MP4SR incorporates a sequence mixup strategy, which effec-

tively blends different modality sequences. It further applies contrastive learning

at both the sequence-to-sequence and sequence-to-item levels. This multimodal

pre-training method acts as a potent regularizer, refining the parameter space to

optimize the multimodal recommendation task.

In conclusion, this dissertation presents a series of innovative methods that focus on

developing diverse data augmentation techniques and contrastive learning across

various data structures, aimed at improving the performance of recommender sys-

tems. The effectiveness of these methods has been thoroughly validated through

extensive experiments using real-world datasets.

7.2 Future Work

This research has explored the intricacies of effective data augmentations with

contrastive learning for various types of data structures in recommender systems.

Our work opens up multiple avenues for future exploration. Looking ahead, we

aim to investigate a spectrum of methodologies, ranging from traditional data-

based augmentation to innovative model-based strategies. Additionally, we plan to

rigorously evaluate the effectiveness of contrastive objective functions in capturing

mutual information. Furthermore, venturing into the vital area of recommendation

debiasing is also a key aspect of our future research agenda. Lastly, we discuss

the current challenges in negative sample selection within contrastive learning,

highlighting the necessity for more effective and specifically tailored strategies in

the context of recommender systems.

7.2.1 Advanced Data Augmentation

In this thesis, our focus has primarily centered on data-based augmentation meth-

ods, including graph-based, sequence-based, and feature-based augmentations. While

these methods have proven to be effective, they often involve the manual selection

of augmentation strategies, which can limit their generalizability. To overcome
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this limitation, we are interested in exploring model-based augmentation meth-

ods [86, 87]. These strategies involve generating different views by perturbing the

model itself, such as the user or item encoder. A key advantage of model-based

augmentations lies in their enhanced generalizability. They modify the learned

representations without being constrained by the nature of the original data. This

approach offers a promising direction for future research, potentially leading to

more robust and versatile recommender systems.

7.2.2 Advanced Contrastive Objective

In this thesis, we have employed the InfoNCE contrastive objective function to

measure mutual information, leveraging its simplicity and effectiveness [86]. How-

ever, there are two issues that necessitate further exploration. Firstly, the mutual

information measurement in InfoNCE is based on KL divergence, which introduces

issues associated with KL divergence, such as asymmetrical estimation and unsta-

ble training. To address this, there is a need for a more robust measure of mutual

information. Few studies have delved into this, but notable is the work by Fan

et al. [230], who propose using the Wasserstein discrepancy measure, based on the

2-Wasserstein distance, for measuring mutual information. However, its applica-

tion has been limited to sequential recommendation, and its suitability for other

types of recommendation tasks remains to be thoroughly investigated. Secondly,

the use of mutual information for measuring agreement, while common, faces chal-

lenges in accurate estimation and can lead to suboptimal representations, as noted

in [231]. This indicates that exploring alternative measures for agreement could be

a promising research direction. Such exploration could lead to more accurate and

stable models in the field of recommender systems.

7.2.3 Recommendation Debiasing

In this thesis, we have investigated the application of graph diffusion processes

for the purpose of recommendation denoising, thereby enhancing the robustness

of recommendation models. Beyond the scope of denoising, our research can be

extended to the critical issue of recommendation debiasing, an effort to mitigate
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pervasive biases, such as popularity and selection biases, within recommender sys-

tems. For example, DCRec [232] explores the intersection of contrastive learning

with debiasing techniques. This model adeptly addresses popularity bias by dis-

cerning and separating user conformity from genuine interest, subsequently refining

the application of contrastive regularization. UnKD [233], presents an innovative

unbiased knowledge distillation methodology. This approach can be seamlessly in-

tegrated with contrastive learning, either by embedding contrastive learning within

the knowledge transfer process or by treating partition groups as unique contrastive

views. The exploration of data augmentation in conjunction with contrastive learn-

ing as a strategy to mitigate these biases is a promising area of research.

7.2.4 Negative Sampling

In the context of contrastive pretext tasks, the selection of negative samples is a

critical yet challenging aspect. In this thesis, we have employed the widely used uni-

form sampling strategy for obtaining negative samples through random sampling.

However, this approach has limitations, including the risk of encountering false

negatives. Moreover, the presence of easy negative samples, which provide mini-

mal informational value, can potentially diminish the effectiveness of contrastive

learning. Consequently, there is a need for more effective negative sampling strate-

gies. Although some studies [234, 235] in the field of computer vision have begun

to address this issue, their methodologies are tailored specifically for image data

and are not readily adaptable to recommendation systems. Furthermore, consid-

ering that current methods often require a large number of negative samples, the

development of efficient negative sample strategies is also a crucial area for further

research.
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dict then propagate: Graph neural networks meet personalized pagerank. In
International Conference on Learning Representations, 2019.

[186] Reid Andersen, Fan Chung, and Kevin Lang. Local graph partitioning us-
ing pagerank vectors. In 47th Annual IEEE Symposium on Foundations of
Computer Science (FOCS’06), pages 475–486. IEEE, 2006.

[187] Yanqiao Zhu, Yichen Xu, Feng Yu, Qiang Liu, Shu Wu, and Liang Wang.
Graph contrastive learning with adaptive augmentation. In Proceedings of
the Web Conference 2021, pages 2069–2080, 2021.

[188] Jianmo Ni, Jiacheng Li, and Julian McAuley. Justifying recommendations
using distantly-labeled reviews and fine-grained aspects. In Proceedings of
the 2019 Conference on Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 188–197, 2019.

[189] Dongha Lee, SeongKu Kang, Hyunjun Ju, Chanyoung Park, and Hwanjo
Yu. Bootstrapping user and item representations for one-class collaborative
filtering. In Proceedings of the 44th International ACM SIGIR Conference
on Research and Development in Information Retrieval, page 317–326, 2021.

[190] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury,
Gregory Chanan, Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, et al. Pytorch: An imperative style, high-performance deep learning
library. Advances in Neural Information Processing Systems, 32, 2019.

[191] Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training
deep feedforward neural networks. In Proceedings of the 13th International
Conference on Artificial Intelligence and Statistics, pages 249–256, 2010.



BIBLIOGRAPHY 159

[192] Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic opti-
mization. In International Conference on Learning Representations, 2015.

[193] Lingzi Zhang, Xin Zhou, Zhiwei Zeng, and Zhiqi Shen. Dual-view whitening
on pre-trained text embeddings for sequential recommendation. In Proceed-
ings of the AAAI Conference on Artificial Intelligence, 2024.

[194] Lingzi Zhang, Xin Zhou, Zhiwei Zeng, and Zhiqi Shen. Are id embeddings
necessary? whitening pre-trained text embeddings for effective sequential
recommendation. In IEEE International Conference on Data Engineering
(ICDE), 2024.

[195] Chen Ma, Peng Kang, and Xue Liu. Hierarchical gating networks for sequen-
tial recommendation. In Proceedings of the 25th ACM SIGKDD Conference
on Knowledge Discovery and Data Mining, pages 825–833, 2019.

[196] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you
need. Advances in Neural Information Processing Systems, pages 5998–6008,
2017.

[197] Agnan Kessy, Alex Lewin, and Korbinian Strimmer. Optimal whitening and
decorrelation. The American Statistician, pages 309–314, 2018.

[198] Chenyang Wang, Yuanqing Yu, Weizhi Ma, Min Zhang, Chong Chen, Yiqun
Liu, and Shaoping Ma. Towards representation alignment and uniformity in
collaborative filtering. In Proceedings of the 28th ACM SIGKDD Conference
on Knowledge Discovery and Data Mining, pages 1816–1825, 2022.

[199] Xi Weng, Lei Huang, Lei Zhao, Rao Anwer, Salman H Khan, and Fahad
Shahbaz Khan. An investigation into whitening loss for self-supervised learn-
ing. Advances in Neural Information Processing Systems, pages 29748–29760,
2022.

[200] Ian T Jolliffe. Principal component analysis for special types of data. Springer,
2002.

[201] Guillaume Desjardins, Karen Simonyan, Razvan Pascanu, et al. Natural
neural networks. Advances in Neural Information Processing Systems, 2015.

[202] Anthony J Bell and Terrence J Sejnowski. The “independent components”
of natural scenes are edge filters. Vision Research, pages 3327–3338, 1997.

[203] Dariusz Dereniowski and Marek Kubale. Cholesky factorization of matrices
in parallel and ranking of graphs. In International Conference on Parallel
Processing and Applied Mathematics, pages 985–992, 2004.

[204] Aliaksandr Siarohin, Enver Sangineto, and Nicu Sebe. Whitening and color-
ing transform for GANs. In International Conference on Learning Represen-
tations, 2019.



160 BIBLIOGRAPHY

[205] Sergey Ioffe and Christian Szegedy. Batch normalization: Accelerating deep
network training by reducing internal covariate shift. In International Con-
ference on Machine Learning, pages 448–456, 2015.

[206] Lei Huang, Dawei Yang, Bo Lang, and Jia Deng. Decorrelated batch nor-
malization. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 791–800, 2018.

[207] Tianyu Hua, Wenxiao Wang, Zihui Xue, Sucheng Ren, Yue Wang, and Hang
Zhao. On feature decorrelation in self-supervised learning. In Proceedings of
the IEEE/CVF International Conference on Computer Vision, pages 9598–
9608, 2021.

[208] Aleksandr Ermolov, Aliaksandr Siarohin, Enver Sangineto, and Nicu Sebe.
Whitening for self-supervised representation learning. In International Con-
ference on Machine Learning, pages 3015–3024, 2021.

[209] Adrien Bardes, Jean Ponce, and Yann LeCun. Vicreg: Variance-invariance-
covariance regularization for self-supervised learning. In International Con-
ference on Learning Representations, 2022.

[210] Kawin Ethayarajh. How contextual are contextualized word representations?
Comparing the geometry of BERT, ELMo, and GPT-2 embeddings. In Pro-
ceedings of the 2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 55–65, 2019.

[211] Dariusz Dereniowski and Marek Kubale. Cholesky factorization of matrices
in parallel and ranking of graphs. In International Conference on Parallel
Processing and Applied Mathematics, pages 985–992, 2003.

[212] Yue Song, Nicu Sebe, and Wei Wang. Improving covariance conditioning of
the svd meta-layer by orthogonality. In European Conference on Computer
Vision, 2022.

[213] Neha Wadia, Daniel Duckworth, Samuel S Schoenholz, Ethan Dyer, and
Jascha Sohl-Dickstein. Whitening and second order optimization both make
information in the dataset unusable during training, and can reduce or pre-
vent generalization. In International Conference on Machine Learning, pages
10617–10629, 2021.

[214] Yinwei Wei, Xiang Wang, Qi Li, Liqiang Nie, Yan Li, Xuanping Li, and
Tat-Seng Chua. Contrastive learning for cold-start recommendation. In Pro-
ceedings of the 29th ACM International Conference on Multimedia, pages
5382–5390, 2021.

[215] Walid Krichene and Steffen Rendle. On sampled metrics for item recommen-
dation. In Proceedings of the 26th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, pages 1748–1757, 2020.



BIBLIOGRAPHY 161

[216] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury,
Gregory Chanan, Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, et al. Pytorch: An imperative style, high-performance deep learning
library. Advances in Neural Information Processing Systems, pages 8026–
8037, 2019.

[217] Wayne Xin Zhao, Shanlei Mu, Yupeng Hou, Zihan Lin, Yushuo Chen, Xingyu
Pan, Kaiyuan Li, Yujie Lu, Hui Wang, Changxin Tian, et al. Recbole: To-
wards a unified, comprehensive and efficient framework for recommendation
algorithms. In Proceedings of the 30th ACM International Conference on
Information and Knowledge Management, pages 4653–4664, 2021.

[218] Xingyu Pan, Yushuo Chen, Changxin Tian, Zihan Lin, JinpengWang, He Hu,
and Wayne Xin Zhao. Multimodal meta-learning for cold-start sequential
recommendation. In Proceedings of the 31st ACM International Conference
on Information and Knowledge Management, pages 3421–3430, 2022.

[219] Qiang Cui, Shu Wu, Qiang Liu, Wen Zhong, and Liang Wang. Mv-rnn: A
multi-view recurrent neural network for sequential recommendation. IEEE
Transactions on Knowledge and Data Engineering, 32(2):317–331, 2018.

[220] Hangbo Bao, Wenhui Wang, Li Dong, Qiang Liu, Owais Khan Mohammed,
Kriti Aggarwal, Subhojit Som, Songhao Piao, and Furu Wei. Vlmo: Unified
vision-language pre-training with mixture-of-modality-experts. Advances in
Neural Information Processing Systems, pages 32897–32912, 2022.

[221] Luowei Zhou, Hamid Palangi, Lei Zhang, Houdong Hu, Jason Corso, and
Jianfeng Gao. Unified vision-language pre-training for image captioning and
vqa. In Proceedings of the AAAI Conference on Artificial Intelligence, pages
13041–13049, 2020.

[222] Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. Vilbert: Pretrain-
ing task-agnostic visiolinguistic representations for vision-and-language tasks.
Advances in Neural Information Processing Systems, 32, 2019.

[223] Wenhui Wang, Hangbo Bao, Li Dong, Johan Bjorck, Zhiliang Peng, Qiang
Liu, Kriti Aggarwal, Owais Khan Mohammed, Saksham Singhal, Subhojit
Som, et al. Image as a foreign language: Beit pretraining for all vision and
vision-language tasks. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2023.

[224] Xudong Lin, Simran Tiwari, Shiyuan Huang, Manling Li, Mike Zheng Shou,
Heng Ji, and Shih-Fu Chang. Towards fast adaptation of pretrained con-
trastive models for multi-channel video-language retrieval. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 14846–14855, 2023.

[225] Dumitru Erhan, Aaron Courville, Yoshua Bengio, and Pascal Vincent. Why
does unsupervised pre-training help deep learning? In Proceedings of the



162 BIBLIOGRAPHY

13th International Conference on Artificial Intelligence and Statistics, pages
201–208, 2010.

[226] Xiangnan He, Kuan Deng, Xiang Wang, Yan Li, Yongdong Zhang, and Meng
Wang. Lightgcn: Simplifying and powering graph convolution network for
recommendation. In Proceedings of the 43rd International ACM SIGIR Con-
ference on Research and Development in Information Retrieval, pages 639–
648, 2020.

[227] Qiaoyu Tan, Jianwei Zhang, Jiangchao Yao, Ninghao Liu, Jingren Zhou,
Hongxia Yang, and Xia Hu. Sparse-interest network for sequential recom-
mendation. In Proceedings of the 14th ACM International Conference on
Web Search and Data Mining, pages 598–606, 2021.

[228] Yidan Hu, Yong Liu, Chunyan Miao, and Yuan Miao. Memory bank aug-
mented long-tail sequential recommendation. In Proceedings of the 31st ACM
International Conference on Information and Knowledge Management, pages
791–801, 2022.

[229] Chenglin Li, Mingjun Zhao, Huanming Zhang, Chenyun Yu, Lei Cheng, Guo-
qiang Shu, Beibei Kong, and Di Niu. Recguru: Adversarial learning of gener-
alized user representations for cross-domain recommendation. In Proceedings
of the 15th ACM International Conference on Web Search and Data Mining,
pages 571–581, 2022.

[230] Ziwei Fan, Zhiwei Liu, Hao Peng, and Philip S Yu. Mutual wasserstein
discrepancy minimization for sequential recommendation. In Proceedings of
the Web Conference 2023, 2023.

[231] Michael Tschannen, Josip Djolonga, Paul K Rubenstein, Sylvain Gelly, and
Mario Lucic. On mutual information maximization for representation learn-
ing. In International Conference on Learning Representations, 2020.

[232] Yuhao Yang, Chao Huang, Lianghao Xia, Chunzhen Huang, Da Luo, and
Kangyi Lin. Debiased contrastive learning for sequential recommendation.
In Proceedings of the ACM Web Conference 2023, pages 1063–1073, 2023.

[233] Gang Chen, Jiawei Chen, Fuli Feng, Sheng Zhou, and Xiangnan He. Unbiased
knowledge distillation for recommendation. In Proceedings of the 16th ACM
International Conference on Web Search and Data Mining, pages 976–984,
2023.

[234] Ching-Yao Chuang, Joshua Robinson, Yen-Chen Lin, Antonio Torralba, and
Stefanie Jegelka. Debiased contrastive learning. Advances in neural informa-
tion processing systems, 33:8765–8775, 2020.

[235] Yannis Kalantidis, Mert Bulent Sariyildiz, Noe Pion, Philippe Weinzaepfel,
and Diane Larlus. Hard negative mixing for contrastive learning. Advances
in Neural Information Processing Systems, 33:21798–21809, 2020.


	Acknowledgements
	Summary
	List of Figures
	List of Tables
	1 Introduction
	1.1 Background and Challenges
	1.2 Research Objectives and Methodologies
	1.2.1 Diffusion-based Graph Contrastive Learning for Recommendation
	1.2.2 Dual-view Whitening on Pre-trained Text Embeddings for Sequential Recommendation
	1.2.3 Multimodal Contrastive Learning for Sequential Recommendation

	1.3 Major Contributions
	1.4 Thesis Organization

	2 Literature Review
	2.1 Interaction-based Recommender Systems
	2.1.1 General Recommender Systems
	2.1.2 Sequential Recommender Systems

	2.2 Modality-enhanced Recommender Systems
	2.2.1 Text-enhanced Recommender Systems
	2.2.2 Visual-enhanced Recommender Systems
	2.2.3 Multimodal Recommender Systems

	2.3 Enhancing Model Generalization
	2.3.1 Data Augmentation
	2.3.2 Contrastive Learning


	3 Preliminaries
	3.1 Data Augmentation
	3.1.1 Graph-based Augmentation
	3.1.2 Sequence-based Augmentation
	3.1.3 Feature-based Augmentation

	3.2 Contrastive Learning

	4 Diffusion-based Graph Contrastive Learning for Recommendation
	4.1 Overview
	4.2 The Proposed Recommendation Model
	4.2.1 Diffusion-based Graph Augmentation
	4.2.2 Graph Encoders
	4.2.3 Self-supervised Contrastive Leaning
	4.2.4 Multi-Task Training
	4.2.5 Complexity Analysis

	4.3 Experiments
	4.3.1 Experimental Settings
	4.3.2 Performance Comparison
	4.3.3 Ablation Study
	4.3.4 Hyper-parameter Study

	4.4 Summary

	5 Dual-view Whitening on Pre-trained Text Embeddings for Sequential Recommendation
	5.1 Overview
	5.2 Related Work of Whitening
	5.3 Preliminaries
	5.3.1 Task Formulation
	5.3.2 SASRecID & SASRecT & SASRecW

	5.4 Methods and Main Results
	5.4.1 Anisotropic Embedding Space Induces Poor Recommendation Performance
	5.4.2 Whitening Transformation to Resolve Anisotropy Problem
	5.4.3 Relaxed Whitening for Retaining Text Semantics
	5.4.4 WhitenRec+: Ensemble of Relaxed Whitening for Further Gains
	5.4.5 DWSRec: Dual-view Whitening for Sequential Recommendation
	5.4.6 Discussion and Analysis
	5.4.7 Complexity Analysis

	5.5 Experiments
	5.5.1 Experimental Settings
	5.5.2 Performance Comparison
	5.5.3 Ablation Study
	5.5.4 Effect of Group Size
	5.5.5 Effect of Projection Head
	5.5.6 Whitening Transformations
	5.5.7 Efficiency Analysis

	5.6 Summary

	6 Multimodal Contrastive Learning for Sequential Recommendation
	6.1 Overview
	6.2 Methodology
	6.2.1 Notations
	6.2.2 Multimodal Feature Extraction
	6.2.3 Multimodal Mixup Sequence Encoder
	6.2.4 Pre-training Objectives
	6.2.5 Fine-tuning for Sequential Recommendation
	6.2.6 Complexity Analysis

	6.3 Experiments
	6.3.1 Experimental Settings
	6.3.2 Performance Comparison
	6.3.3 Cold-start Performance
	6.3.4 Ablation Study
	6.3.5 Parameter Sensitivity Study
	6.3.6 Performance on Different User Groups
	6.3.7 Unimodal vs. Multimodal Performance
	6.3.8 Cross-domain Recommendation Performance

	6.4 Summary

	7 Conclusions and Future Work
	7.1 Conclusions
	7.2 Future Work
	7.2.1 Advanced Data Augmentation
	7.2.2 Advanced Contrastive Objective
	7.2.3 Recommendation Debiasing
	7.2.4 Negative Sampling


	List of Publications
	Bibliography

