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Abstract

With the rapid growth of online platforms and the large number of products and

services they provide, users are increasingly overwhelmed by information and face dif-

ficulties in identifying items that match their preferences. Recommender systems (RSs)

have been developed to address this problem by modeling user-item interactions, such

as views, clicks, and purchases, and generating personalized recommendations. By pre-

dicting user preferences from historical behaviors, RSs improve user experience and

provide substantial commercial value to service providers. As a result, RSs have be-

come a fundamental component of modern online ecosystems, including e-commerce

platforms, streaming services, and social networks.

Recent advances in deep learning have significantly enhanced the ability of RSs

to capture complex and nonlinear relationships between users and items. Deep mod-

els can automatically learn high-dimensional representations that reflect both explicit

and implicit factors of user preferences, leading to improved recommendation accu-

racy. However, their effectiveness is often limited by the sparsity of interaction data: in

real-world systems, users typically interact with only a small subset of items, and many

items receive limited feedback. This sparsity poses a major challenge for learning robust

representations and reduces the practical performance of deep learning-based RSs.

To alleviate data sparsity, multi-modal recommender systems have been proposed

to incorporate additional side information, such as images, textual descriptions, and

categorical attributes. These heterogeneous modalities provide complementary per-

spectives on user preferences and item characteristics, enabling richer representations.

Despite their potential, existing multi-modal approaches still face several fundamental

challenges that limit their effectiveness, robustness, and explainability.

First, many methods integrate different modalities in a shallow manner, often pro-

cessing each modality independently and combining them through simple fusion strate-

gies. Such designs fail to capture the underlying relationships between modalities and

overlook modality-specific relations, such as visual similarity or textual correlation

among items, leading to incomplete item representations. Second, there is often a mis-

alignment between user behaviors and side information: interaction-based embeddings

and content-based features are learned separately, which may result in representations
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that are semantically inconsistent with actual user preferences. Third, existing RSs gen-

erally lack explainability. While achieving high accuracy, they operate as black boxes

and provide limited insight into why particular items are recommended, which reduces

user trust and restricts their applicability in sensitive domains.

In this thesis, we investigate multi-modal graph-based learning approaches to ad-

dress these challenges and improve both the accuracy and explainability of recom-

mender systems. Specifically, we develop three models that target different aspects

of the recommendation process.

In Chapter 2, we propose a framework that deeply integrates multi-modal infor-

mation by constructing modality-specific relational graphs that jointly model user-item

interactions and item-item relations derived from side information. By enabling infor-

mation propagation across modalities, the model captures richer dependencies between

users and items and improves robustness under sparse interaction settings.

In Chapter 3, we address the misalignment between behavioral and semantic repre-

sentations by introducing a joint learning strategy that explicitly aligns interaction-based

embeddings with similarity structures derived from side information. Through multi-

task optimization, the model learns representations that are consistent with both user

behaviors and item semantics, leading to improved generalization when interaction data

are limited.

In Chapter 4, we focus on enhancing explainability by enriching item semantics with

large language model (LLM)-generated entities and introducing a personalized reason-

ing mechanism. By augmenting side information and estimating the causal influence of

semantic entities on user preferences, the proposed approach improves both recommen-

dation accuracy and transparency.

Experimental results on multiple real-world datasets demonstrate that the proposed

methods consistently outperform state-of-the-art baselines, confirming their effective-

ness in modeling sparse interactions, heterogeneous modalities, and explainable rea-

soning.

Finally, Chapter 5 summarizes the overall contributions of this thesis, discusses the

limitations of the three proposed models, and outlines several promising future research

directions.
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Chapter 1

Introduction

1.1 Background

With the explosive growth of online information and services, efficiently exploring use-

ful content from the overwhelming amount of available options has become a tough

and important task in our daily lives [1, 2]. Personalized recommendations provided

by online platforms can handle the overload of information and effectively reduce the

time costs of users’ exploration process by automatically identifying items that fit their

preferences and needs.

Consequently, recommender systems (RSs) have become a central part of user ex-

perience in a wide range of online services. Many modern platforms, including e-

commerce sites (e.g., Amazon, Rakuten), streaming platforms (e.g., Netflix, YouTube),

social networking services (e.g., X, Instagram), and app stores (e.g., Google Play, Ap-

ple App Store), rely heavily on RSs to provide tailored experiences. These systems not

only improve user satisfaction by helping users efficiently locate relevant items but also

contribute significantly to business success by increasing engagement and conversion

rates. Because of their crucial role in both user experience and business revenue, RSs

have attracted continuous research interest in both academia and industry over the past

two decades [3, 4, 5].

Figure 1.1 illustrates a general paradigm of a RS. In practice, service providers col-

lect the historical interactions between users and items within their platforms, such as

1
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Figure 1.1: A general paradigm of a RS. Service providers collect historical user-item

interactions and train a learning model to predict users’ preferences toward items. The

trained model outputs a ranked list of items for each user based on predicted preference

scores.

the records of items that users have clicked, purchased, viewed, or rated. These inter-

action records are then used to train a learning model that predicts users’ preferences

toward items that they have not yet interacted with. The model outputs a numerical

preference score for each user-item pair, based on which all items are ranked, and the

top-ranked ones are presented as recommendations to the user. When users’ preferences

are accurately captured, the recommendations are expected to satisfy user interests, thus

improving the user experience [6, 7].

In industrial applications, the performance of RSs is usually assessed through online

A/B tests, which compare key metrics such as click-through rate (CTR), conversion rate,

or sales revenue under different recommendation strategies. Empirical results consis-

tently confirm that well-designed RSs can have a major impact on business outcomes.

For example, [8] reported that replacing a non-personalized recommendation module

with a purchase-based recommendation system increased sales by 35 percentage for

an online DVD retailer. Similarly, studies conducted at YouTube showed that the dif-
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ference in CTR between two RS variants could reach as high as 200 percentage [9],

while experiments at Google News demonstrated a 38 percentage improvement in CTR

when replacing popularity-based recommendations with personalized ones [10]. Such

examples highlight the significant commercial potential of accurate RSs. Accordingly,

service providers consistently demand high-performance RSs to further enhance both

user satisfaction and commercial profit [11, 12, 13, 14].

In contrast, academic research on RSs typically evaluates models through offline

experiments on benchmark datasets, where the goal is to measure how accurately the

model can predict or rank items that users actually interacted with in held-out test data.

The underlying assumption is that when a RS ranks the items a user interacted with

higher, it better captures the user’s true interests. Although offline evaluation cannot

perfectly replicate real-world user behavior, existing studies have shown that offline

ranking metrics such as Recall@K and NDCG@K are strongly correlated with online

indicators such as CTR [1]. Thus, improving offline recommendation accuracy is widely

recognized as an important step toward improving the real-world performance of RSs.

Both in industry and academia, improving the performance of RSs serves two pur-

poses: (i) it enhances user experience by reducing the effort and time required to dis-

cover relevant items, and (ii) it increases business profitability by driving engagement

and purchases. As such, continual improvement of RSs has become one of the most

active and enduring research topics in the field of information retrieval and machine

learning [15, 16].

1.2 Motivation and Scope

In recent years, with the success of deep learning, RSs have undergone a rapid trans-

formation. Deep neural architectures, such as graph neural networks (GNNs), have

demonstrated remarkable ability in modeling complex and nonlinear relationships be-

tween users and items [17, 18], which users and items can be represented as nodes and

interactions can be represented as edges. Figure 1.2 shows an example of graph based

RS.

Since these approaches are known to be data hungry, they require a large amount

of interaction data to learn millions of parameters effectively [19, 20, 21]. In practice,
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Figure 1.2: An example of graph structure based on the user-item interactions, where

users and items can be represented as nodes and interactions can be represented as

edges.

most real-world online services face data sparsity, where only a small subset of users

actively interact with a limited number of items. This issue is existed not only in newly

launched services or small-scale companies but also in big and well-known platforms

with massive user bases [22, 23]. Under such sparse scenarios, the performance of deep

learning-based RSs declines sharply, making it difficult to achieve accurate and reliable

recommendations from interaction data alone.

To handle the limitations caused by sparse user-item interactions, researchers have

increasingly turned to the use of side information, such as product images, textual

descriptions, categories, and other attributes, which provide valuable complementary

knowledge about items and users [24, 25, 26, 27]. This trend has led to the emergence

of MMRSs (MMRSs), which integrate multiple types of information or modalities to

gather richer and more robust representations of users and items [28, 29, 30, 31, 32].

Different modalities can capture different aspects of user preference: for example, vi-

sual data (e.g., product or movie posters) capture appearance and style, textual data

(e.g., titles, descriptions, or reviews) capture semantics and opinions, and categorical

metadata (e.g., genre, brand, or price range) capture contextual structure. By jointly

leveraging these modalities, RSs can not only enhance accuracy but also improve ro-

bustness against missing or sparse interaction data [33, 34].

The incorporation of multi-modal information has achieved promising results in a

variety of domains [35, 36, 37, 38]. In e-commerce, visual features extracted from prod-

uct images help model user preferences for color, shape, or fashion style [39, 40, 41].

In movie and music recommendations, textual descriptions and genre metadata provide
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important semantic characters about thematic content. Similarly, in social media and

news recommendations, combining text, image, and temporal data enables the system

to better understand user interests and adapt to fast-changing contexts [42, 43]. These

applications demonstrate the effectiveness of multi-modal information in improving per-

sonalization quality and recommendation reliability.

However, despite these advancements, existing MMRSs still face several critical

challenges that limit their effectiveness in real-world applications [44, 45, 46]. First,

many approaches [47, 48, 49, 50] integrate different modalities only at the feature level,

simply concatenating or averaging modality-specific embeddings. Such shallow fu-

sion overlooks the rich relational structure among modalities and cannot fully capture

how different types of information interact with each other. Second, the representations

learned from user interactions and those learned from side information are often not

well aligned, leading to inconsistencies between behavioral and semantic spaces. This

misalignment can result in poor performance, especially when side information con-

tains noise or incomplete data. Third, while deep learning-based MMRSs can achieve

high accuracy, they often operate as black boxes, offering little explainability about why

certain items are recommended. The lack of transparency decrease user trust and limits

the practical deployment of RSs in domains where explanations are essential. Also, the

types of side information contained in the existing dataset are still limited, which can

not fully represent the users’ preferences.

In summary, while deep learning and multi-modal fusion have greatly advanced RSs,

current approaches still struggle to integrate modalities deeply, align user behavior with

item semantics, and provide explainable reasoning behind their recommendations. Ad-

dressing these issues is critical for building the next generation of RSs that are accurate,

robust, and explainable—which is the main motivation of this thesis.

1.3 Fundamental Challenges in RSs

Although MMRSs have achieved remarkable progress in recent years, several funda-

mental challenges remain unsolved when deploying them in real-world scenarios. The

goal of this thesis is to develop RSs that can effectively utilize multi-modal side infor-

mation, align heterogeneous data with user behavior, enrich the item side information,
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and provide explainable reasoning. Considering the practical demand for accurate and

explainable recommendations, this thesis investigates the essential challenges that limit

current systems and aims to propose feasible solutions to address them.

In real-world recommendation environments, users interact with only a small frac-

tion of items, and side information often comes from multiple modalities, such as text,

images, and structured attributes. These modalities differ in feature space, noise level,

and semantic meaning, which makes their integration challenging. In addition, user be-

haviors (clicks, views, purchases) and item content (textual or visual information) are

often modeled independently, resulting in inconsistent representations that fail to accu-

rately reflect user interests. Moreover, as models become more complex, explainability

becomes a crucial and underexplored issue: deep learning models can achieve high ac-

curacy but offer little insight into why a particular recommendation is made. Also, the

lack of side information will affect the recommendation accuracy and explainability due

to poor understanding of users’ preferences. To build systems that are both reliable and

trustworthy, it is essential to address these limitations comprehensively.

From a broader perspective, making RSs practical in real-world applications in-

volves multiple fundamental dimensions, including data sparsity, representation learn-

ing, system scalability, robustness, and user trust. Among these, representation-related

challenges play a central role in modern MMRSs, as they directly determine how het-

erogeneous information is perceived, integrated, and utilized by the model.

In particular, recent advances in MMRSs have shown that simply incorporating addi-

tional modalities is insufficient. The effectiveness of such systems critically depends on

how multi-modal information is structured, how semantic content is aligned with user

behavior, and how the learned representations can be interpreted and trusted. There-

fore, this thesis focuses on representation-centric challenges that consist of multi-modal

learning, graph modeling, and explainable recommendation.

Under this representation-centric perspective, this thesis focuses on three key chal-

lenges that are frequently encountered in the design of MMRSs:

• The shallow integration of multi-modal information that leads to incomplete item

understanding.

• The misalignment between user behaviors and side information that reduces the
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consistency of learned representations.

• The lack of information richness and explainability that affect user trust and

model transparency.

These challenges are interconnected—improving one often affects the others—and col-

lectively determine how well a RS can perform in sparse and complex environments.

We briefly describe each challenge below and explain why it remains an open prob-

lem in current research. The first challenge concerns the limited ability of existing

systems to deeply integrate heterogeneous information sources in a unified framework.

The second challenge arises from the difficulty of aligning behavioral and semantic

information when modalities differ in scale, representation, and context. The third chal-

lenge involves the lack of data richness and explainability, and the need for explanation

mechanisms that can provide human-understandable reasoning for each recommenda-

tion. Addressing these issues is the main motivation of this thesis.

In the following subsections, we elaborate on these three challenges individually

and discuss their corresponding motivations in detail.

1.3.1 Limited Use of Complementary Information Across Modali-
ties

In modern online services, each item is often associated with diverse side information

such as product images, textual descriptions, and categorical attributes. These different

types of data, or modalities, contain complementary signals that can provide a more

comprehensive understanding of items and user preferences. For example, an image

can represent the visual appearance and style of a product, while the related text may

describe its functions or specifications. By jointly using these heterogeneous sources,

RSs are expected to generate more accurate and reliable recommendations, especially

when direct user-item interactions are limited.

However, effectively combining multiple modalities into a single framework re-

mains a fundamental challenge. Existing studies often process each modality inde-

pendently and simply merge their representations at a later stage. Such shallow fusion

overlooks the deeper relationships between modalities. For example, how textual mean-
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ings align with visual features, this issue prevents the model from fully exploiting the

complementary nature of multi-modal data. As a result, the learned representations of

users and items are often incomplete and may not accurately reflect users’ true interests.

The challenge becomes even greater in real-world environments, where side informa-

tion can be noisy, missing, or unbalanced across modalities. Some items may have

rich textual descriptions but poor image quality, while others may contain detailed vi-

suals but lack metadata or attributes. When the system cannot properly adapt to these

differences, its performance becomes unstable and biased toward dominant modalities.

Essential difficulty lies not only in fusing information from different modalities but also

in learning how to integrate them adaptively according to their reliability and relevance

in each context.

Therefore, the first challenge of this thesis is to design a unified framework that can

deeply and flexibly integrate multi-modal information, allowing meaningful interactions

between modalities and enabling the system to make accurate recommendations even

under sparse and noisy data conditions.

1.3.2 Inconsistent Representations Across Different Modalities

In RSs, user behaviors—such as clicks, views, and purchases—reflect what users are

interested in, while side information such as images, textual descriptions, and attributes

describes what the items actually are. In an ideal scenario, these two sources of infor-

mation should be closely aligned: the semantic content of an item should explain why a

user interacts with it, and the behavioral patterns of users should reinforce the semantic

meaning of the items they prefer. Achieving this alignment allows the system to un-

derstand why certain interactions occur and to make more meaningful predictions for

future recommendations.

However, most existing RSs learn user-item interactions and side information sep-

arately. Behavioral features are often captured through collaborative filtering or graph-

based models, while side information is processed independently using visual or tex-

tual encoders. Without an explicit connection between these two representations, the

learned embedding spaces may not correspond to each other. This misalignment causes

the system to rely on features that are semantically irrelevant to user preferences or to
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overlook the true factors driving interactions. For example, two products might share

similar textual keywords but appeal to entirely different user groups, or visually simi-

lar items may have distinct functional purposes that are not reflected in the interaction

data. Furthermore, side information in multi-modal settings is heterogeneous and un-

balanced: different modalities may contribute unequally to user decisions depending

on the context. When behavioral and semantic spaces are not aligned, the system may

overfit to abundant modalities or noise while ignoring subtle behavioral factors. This

weak correlation between user actions and item semantics often leads to unstable per-

formance, especially when interaction data are sparse or when items have incomplete

side information.

Therefore, the second challenge of this thesis is to bridge the gap between user

behaviors and item semantics by establishing a consistent relationship between what

users do and what items represent. Aligning these two spaces allows the RS to learn user

preferences that are both behaviorally guided and semantically meaningful, improving

generalization and reliability across different domains and data conditions.

1.3.3 Lack of Rich Side Information and Inaccurate Attention Weight-
ing

As RSs become increasingly complex with the adoption of deep neural networks and

multi-modal learning frameworks, understanding how these systems generate their rec-

ommendations has become a critical challenge. Modern models can predict users’ pref-

erences with high accuracy, but they often operate as black boxes, providing little insight

into the reasoning behind their outputs. In practical applications, users, developers, and

service providers all require explainable recommendations—users need to know why

certain items are suggested to them, while developers need transparency to ensure fair-

ness, detect bias, and maintain trust in the system.

In most existing approaches, the internal representations learned by deep models are

abstract and difficult to interpret. Although they successfully encode user-item relation-

ships, these embeddings do not directly correspond to human-understandable concepts

such as product features, styles, or attributes. As a result, when a system recommends

a particular item, it is often impossible to determine which specific factors—visual ap-
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pearance, textual description, or brand—contributed most to the decision. This lack of

explainability not only reduces user trust but also makes it challenging to analyze or im-

prove system behavior in industrial deployments. The problem is further complicated

by the fact that side information in real-world services is usually incomplete or inconsis-

tent. When data about items are limited, traditional attention or visualization methods

fail to provide clear and reliable explanations. Moreover, even when side information

exists, most systems lack mechanisms to link their learned representations to explicit,

human-readable entities. Without this connection, explanations remain abstract, limit-

ing their usefulness in real decision-making scenarios.

Therefore, the third challenge of this thesis is to enhance the explainability and trans-

parency of RSs by enriching side information with meaningful semantic knowledge and

enabling the model to identify which factors drive individual recommendations. Ad-

dressing this challenge is essential for building trustworthy, user-centered RSs that not

only provide accurate predictions but also deliver clear and understandable reasoning

behind their recommendations.

1.4 Overview of Research Contents

We address each of the challenges and develop new RSs to overcome them. Our pro-

posed methods utilize multi-modal and graph-based learning frameworks to solve the

research issues discussed in Section 1.3. The outlines of the research conducted in this

thesis are summarized below.

• Utilizing Multi-modal Side Information for Better Recommendation.

In Chapter 2, we address the challenge of effectively integrating information from

multiple modalities in a unified framework. To overcome the limitations of shal-

low fusion, we construct a relational structure that connects user-item interactions

with modality-specific relations such as visual similarity, textual correlation, and

attribute similarity. This structure allows information to flow between different

modalities, enabling the system to utilize complementary signals and better un-

derstand the relationships among users and items. By learning the importance of
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each modality, the system achieves more accurate and stable recommendations,

particularly under sparse interaction conditions.

• Multi-task Learning for Multi-modal Representation Enhancement.

In Chapter 3, we address the challenge of aligning user behaviors with item se-

mantics to ensure that learned representations are both meaningful and consis-

tent. We introduce a joint learning approach that simultaneously captures interac-

tion patterns from behavioral data and semantic relations from side information.

Through this process, the system minimizes discrepancies between the behav-

ioral and semantic spaces, ensuring that the features learned from content truly

reflect the factors influencing user preferences. This alignment not only improves

generalization and stability but also enhances the explainability of the learned

representations.

• LLM-augmented Counterfactual Attention for Reliable Recommendations.

In Chapter 4, we address the challenge of improving explainability and trans-

parency in RSs. We develop a large-language-model (LLM) based data augmenta-

tion pipeline that automatically enriches items with fine-grained, human-readable

semantic entities derived from textual descriptions or metadata [51]. These enti-

ties provide the foundation for an explainable reasoning mechanism that estimates

the influence of each factor on the user’s predicted preference. By simulating

counterfactual conditions—such as removing or modifying specific entities—the

system can identify which features most strongly drive recommendations. This

approach enhances both the accuracy and explainability of the recommendations,

contributing to more trustworthy and user-centered systems.

1.5 Organization

This thesis consists of five chapters. The remainder of the thesis is organized as follows.

In Chapter 2, we study the challenge of limited use of complementary informa-

tion across modalities. In Section 2.1, we introduce motivation of leveraging relational

structures across modalities and discuss why existing MMRSs fail to fully utilize com-
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plementary side information. Section 2.2 reviews prior works related to the topic of this

chapter. Section 2.3 introduces some preliminaries of this chapter. Our proposed frame-

work is presented in Section 2.4. We first give an overview of the framework, and then

elaborate on our proposed graph attention-based model that captures both user-item in-

teractions and relationships among item side information. Then, we elaborate on our

model that predicts user preferences and our novel framework. The experiment setup

and the results, including the comparison with state-of-the-art methods and the ablation

study, are described in Section 2.5. Finally, a conclusion of this chapter is given in

Section 2.6. The study in this chapter is based on our works published in [52].

In Chapter 3, we introduce and discuss the problem of inconsistent representations

across different modalities. In Section 3.1, we describe the motivation of aligning be-

havioral and semantic spaces in multi-modal learning and explain why existing fusion

methods fail to ensure consistency between user-item interactions and side information.

Next, we review some related works on this topic in Section 3.2. In Section 3.3, we

give some preliminaries of this chapter. Our proposed framework in this chapter is pre-

sented in Section 3.4. We first exhibit an overview of the framework and then describe

each component of the proposed multi-task learning architecture in detail, including the

modality-specific graph construction and the similarity-based semantic alignment task.

We compare our proposed method with existing methods and conduct an ablation study

to evaluate the effectiveness of each component in our proposal in Section 3.5. Finally,

this chapter is summarized in Section 3.6. The study in this chapter is based on our

work published in [53].

In Chapter 4, we focus on lack of rich side information and inaccurate attention

weighting. We describe the issue of prior works in Section 4.1, highlighting the re-

stricted semantic coverage of traditional knowledge graphs and the need for personal-

ized reasoning. In Section 4.2, we review some related works on this topic. In Section

4.3, we give some preliminaries of this chapter. Section 4.4 presents our proposed

framework. We first give an overview of our LLM-augmented counterfactual attention

model and then elaborate on its two main components: entity enrichment through large

language models and personalized causal reasoning via counterfactual attention. We

conduct experiments to examine the performance of our proposed method, and the set-

ting and results of experiments are described in Section 4.5. Finally, this chapter is
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concluded in Section 4.6. The study in this chapter is based on our work published in

WI-IAT 2025.

Finally, in Chapter 5, we summarize the overall contributions of this thesis in Sec-

tion 5.1 and provide a unified discussion of the remaining limitations identified across

the three proposed models in Section 5.2. We further highlight several open challenges

that arise from our findings such as the need for richer semantics, more scalable graph

learning, and deeper integration across modalities, and outline multiple promising re-

search directions for advancing multi-modal, graph-based, and LLM-augmented RSs in

Section 5.3.
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Chapter 2

Utilizing Multi-modal Side Information
for Better Recommendation

2.1 Introduction

As discussed in Section 1.3.1, integrating multi-modal side information is one of the

fundamental challenges in developing RSs. Items in modern online services are often

accompanied by various types of side information, such as textual descriptions, images,

and categorical attributes. These heterogeneous data sources contain complementary

signals that can enhance item understanding and alleviate the sparsity of user-item in-

teractions. As a result, multi-modal information has become an essential component of

many practical RSs, especially in scenarios where interaction data alone is insufficient

to represent item semantics or user preferences.

To leverage such information, multi-modal RSs (MMRSs) employ deep learning

models to extract features from different modalities and generate user and item repre-

sentations [26, 54]. For example, convolutional neural networks (CNNs) are commonly

used for visual signals such as product images, while recurrent or transformer-based

models are applied to textual data including titles, descriptions, and reviews. Existing

MMRSs [29, 55] typically follow a two-stage pipeline: each modality is processed in-

dependently to obtain modality-specific embeddings, and the outputs are subsequently

fused through concatenation, weighted averaging, or shallow attention mechanisms.

15
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While these methods enrich the representational space, they often treat modalities as in-

dependent sources of information and overlook the relational structure that exists among

users, items, and side information.

Recent advances in GNNs have shown strong potential to capture complex relation-

ships in RSs[48, 56]. User–item interactions can be described as bipartite graphs, where

graph convolutions propagate collaborative signals across multi-hop neighbors. This

graph formulation enables the model to better exploit the underlying structure of user

behaviors and item co-occurrences. Motivated by this progress, some studies have at-

tempted to incorporate multi-modal information into graph-based frameworks. A com-

mon approach is to build a separate user–item bipartite graph for each modality and

aggregate the representations across graphs.

This chapter focuses on addressing this limitation by developing a relational frame-

work that models the interactions among users, items, and their multi-modal side infor-

mation. By analyzing item–item similarity patterns within each modality and explic-

itly incorporating these relationships into graph structures, our approach aims to move

beyond shallow feature fusion toward a more expressive and explainable multi-modal

recommendation model.

2.1.1 Challenge

Despite the increasing interest in multi-modal recommendation, existing MMRSs still

face several key limitations. Most of them process each modality separately and fuse

the representations only at a late stage through simple concatenation or averaging. Such

shallow fusion fails to capture the complex semantic relationships between modalities,

limiting the model’s ability to represent users’ diverse and fine-grained preferences.

Moreover, most graph-based RSs only focus on user-item interactions and overlook

implicit relationships between items derived from side information, such as textual or

visual similarity. In particular, side information is not only auxiliary content but often

encodes meaningful relational patterns. For example, items with similar visual appear-

ance may appeal to similar user groups, and items sharing textual attributes may appear

together in user behavior sequences. Existing MMRSs rarely incorporate such relational

dependencies. They overlook the fact that side information and user–item interactions
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are related: similarities among items can shape user preferences, and user interactions

implicitly reflect how side information influences decision making. As a result, informa-

tion from side modalities cannot be fully utilized, especially when user-item interactions

are sparse.

In addition, side information across modalities is often noisy or incomplete: images

may lack meaningful visual information, while textual descriptions may be short or

inconsistent. Using the same structure and equal weights for all modalities makes the

models less robust and easy to bias from unreliable information. Therefore, this chapter

focuses on the following challenges:

• Designing a unified relational framework that can jointly model user-item inter-

actions and item-item relationships derived from multiple modalities.

• Developing an adaptive mechanism that can assign appropriate importance to dif-

ferent modalities according to their informativeness and reliability.

2.1.2 Contribution

To address the above challenges, we develop a Multi-modal Relational Side Information

Graph Attention Network (MRSI-GAT). The proposed framework constructs a unified

graph where users and items are represented as nodes, and multiple types of edges are

defined to capture both user-item interactions and modality-specific item-item relations.

An attention mechanism is applied to dynamically assign weights to different edges,

allowing the model to focus on the most informative relations in each modality. Through

message propagation across modalities, the model can learn richer and more coherent

user and item representations that better reflect users’ true preferences.

The main contributions of this chapter are summarized as follows:

• We propose a unified multi-modal relational framework that jointly models user-

item interactions and item-item connections derived from textual, visual, and cat-

egorical information.

• We introduce an attention-based message passing mechanism to adaptively inte-

grate information from different modalities, improving the robustness of recom-

mendations under sparse and noisy conditions.
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• Experimental results on two public datasets (Amazon Musical Instruments and

MovieLens) demonstrate that our method significantly outperforms several state-

of-the-art baselines in Recall@K and NDCG@K.

The organization of this chapter is as follows. We introduce related works in Section

2.2. Next, we describe some preliminaries of this chapter in Section 2.3. Then, we

present the detail of our model framework in Section 2.4. The experimental setup and

results are presented in Section 2.5. Finally, a conclusion of this chapter is given in

Section 2.6.

2.2 Related Work

In this section, we introduce some related works, including multi-modal recommenda-

tions and GNN-based recommendations.

2.2.1 Multi-modal Recommendation

Methods of the multi-modal RS are mainly based on the idea of the combination of

multi-media models and CF. Matrix factorization (MF) is an effective CF-based method,

which makes predictions by the representations of users and items. Due to the success

of deep learning models for multi-media data, analyzing the side information can en-

rich the representations and improve performance. In most e-commerce platforms, side

information generally includes visual, textual, and auxiliary data (e.g., brand, category,

and manufacturer). For each type of side information, there are specific models to an-

alyze the features of data, the methods mainly include convolutional neural network

(CNN), recurrent neural network (RNN), and auto-encoder (AE). Zhang et al. [57] con-

structed a joint representation learning framework. In this method, each type of side

information was adopted to learn the corresponding user and item representations and

then integrated various information together to make predictions. Guan et al. [58] con-

structed specific models for different types of side information. In this method, visual

features were processed by a stacked convolutional auto-encoder, and textual features

were processed by a stacked auto-encoder. After generating the representations for var-

ious side information, they designed an attention layer called the individualized cogni-
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tion layer to assign different weights of various side information for each user and then

integrated the latent representations from multiple models. This method enriched the

representations of users and items and made predictions. Although this method used

multi-models for each type of side information, the stack auto-encoder just extracted

the features from original side information vectors, so these features only contained the

features of side information and trained separately with the prediction model, and not

analyze the relationships between side information features and interactions. Hong et

al. [59] constructed multi-models for user reviews and item’s various side information.

In this method, visual features were processed by CNN and textual features were pro-

cessed by RNN. Instead of randomly initializing the user’s representations, this method

also analyzed the user’s review records to enrich the representations, which contained

more information to improve the recommendation.

Although these methods analyzed multiple types of side information based on multi-

models, they failed to explore the deeper relationships between side information and

interactions because they did not analyze the high-order connectivity.

2.2.2 GNN-based Recommendation

Recently, the GNN techniques have been widely used in RSs because GNN techniques

have been explored to be powerful in representation learning for graph data [60]. In

most of the cases of recommendation, data can be represented as graph structure [61].

The common graph structures in RSs are user-item bipartite, sequence, social relation-

ship, and knowledge graphs. Based on the different types of data, it is a challenge to

design suitable models for RSs. For our specific task of recommendation, most of the

existing methods directly applied GNNs on original user-item bipartite graph [62, 63].

Wang et al. [64] constructed a graph structure to integrate the user-item interactions

into the embedding process. This method exploited the user-item bipartite graph by

propagating the embeddings from higher-order connectivity to encode the collaborative

filtering signal into the representation. Inspired by the ideas of multi-modal, Wei et

al. [48] constructed a multi-modal graph convolution network framework to learn the

specific representations of users and items in various modalities. This method analyzed

different types of side information by multiple graphs, and the graph structures of each
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side information were the same user-item bipartite graph. For each specific modality,

user and item nodes can aggregate specific features to enrich the representations.

Although these methods took advantage of the GNN techniques and ideas of multi-

modal, they just generated user and item representations by the user-item bipartite

graph. Existing methods did not focus on the relationships between interactions and

various side information. They just aggregated the embeddings by the edges of inter-

actions such as purchase and click. Graph structures ignoring edges of relationships

between different types of item’s side information are relatively shallow and can not

contain deeper connectivity between users and items. Especially in the case of sparse

data, users may interact with a small number of items. Even though existing methods

tried to enrich the representations by analyzing side information in multiple models,

they are still analyzing the shallow relationships between users and items.

2.3 Preliminaries

We consider a standard recommendation scenario consisting of a set of users U and

items I. The observed user-item interactions (e.g., clicks or purchases) are represented

as binary pairs (u, i), which indicate user preferences. For each user u and item i, let

P = {pui | u ∈ U , i ∈ I} be the observed interactions, where pui = 1 denotes the user

u interacted with item i. The recommendation task aims to predict missing interactions

by learning representations that capture user interests and item characteristics.

In addition to interaction data, each item may contain several types of side informa-

tion that describe its properties from different perspectives. In this chapter, we focus

on three representative modalities: visual features (e.g., product images), textual de-

scriptions (e.g., titles or reviews), and categorical metadata (e.g., brand or category).

These heterogeneous signals complement user-item interactions and help alleviate data

sparsity by providing additional semantic context. We use M = {v, t, a} to denote the

modalities where v, t and a refer to visual, textual and auxiliary information.

Graph-based recommendation further enables the model to capture high-order re-

lationships between users and items through neighborhood propagation. When side

information is introduced, items can be connected not only via user interactions but also

through semantic similarities derived from different modalities. This motivates the con-
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struction of multiple modality-specific graphs that jointly encode user-item interactions

and item-item relationships.

2.4 Proposed Framework

2.4.1 Overview

In this section, we elaborate on our framework. Our framework consists of four compo-

nents: graph structures, aggregation layers, combination layers, and prediction layers.

For each type of side information, we construct specific graphs and stack multiple aggre-

gation layers to gather the representations from various modalities. Lastly, we combine

the representations from each modality and make the predictions of interaction. The

overall framework is illustrated in Figure 2.1.

2.4.2 Graph Structures

Since we have multiple types of side information, we design a specific graph consisting

of user-item interactions and relationships between item’s side information. Beyond the

interactions, items also contain multiple types of side information. The representations

of the input user u in modality m are random initialized as u0
m ∈ Rd where d is the

unified embedding dimension used for users and items, and the representations of the

original item i in modality m are extracted by the pre-trained models as ipm ∈ Rdm and

dm is the original feature dimension of modality m.

Besides the edges of interactions between users and items, we also add edges be-

tween items based on their side information in each modality. First, for visual informa-

tion, we use the pre-trained ResNet50 model [65] to extract the features, and for textual

information, we use the pre-trained GloVe model [66] to extract the features. To analyze

the relationships between the item’s visual and textual side information, we use a met-

ric to calculate the similarities between the items in each specific modality m. In our

framework, we use the cosine similarity [67] metric to measure the similarity between

two items. Mathematically, cosine similarity measures the similarity between two vec-

tors of an inner product space. It is measured by the cosine of the angle between vectors
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Figure 2.1: The overall framework of our proposed model MRSI-GAT. It consists the

specific graphs based on the similarities between items of each modality, GAT aggrega-

tion layers, and linear combination layers to generate the user and item representations

and make the predictions.

and determines the directions of the vectors. Cosine similarity commonly belongs to the

interval [−1, 1], where a higher value means that two vectors are more similar to each

other. Given two vectors a and b, cosine similarity can be formulated as:

Similarity(a, b) = cos(θ) =
ab

∥a∥ ∥b∥
. (2.1)

In the modalities of visual and textual, we calculate the cosine similarities between

items, and we set the thresholds sm for modality m. If the similarity value between two

items is higher than the threshold sm, we add an edge between them which indicates they

are similar items in that specific modality. In the modalities of auxiliary information

such as brand, category, and genres, these types of side information can be directly
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compared and add edges between items. Given a set of items I, for each pair of item i

and i′, let Rm = {rm
ii′

| i ∈ I, i′ ∈ I} be the relationships between side information,

where rm
ii′

= 1 denotes the item i is similar with item i′ in modality m. For each modality

m, we have a specific graph Gm consists of user-item interaction edges P and item-item

relationship edges Rm, which is Gm = {V , Em}. Where V = U ∪ I denotes the nodes

of users and items, and Em = P ∪Rm denotes two types of edges. In each modality, we

have the same edges of interactions and different edges of relationships between items

to construct specific graph structures for different types of side information. Figure 2.2

shows an example of the graph structure of adding edges between items.

Figure 2.2: The sample graph structure of containing the edges of interactions between

users and items and edges between items based on the similarities.

As mentioned before, we extract the features of visual and textual information from

the pre-trained models. Based on the different architectures of the pre-trained model,

the dimensions of the outputs are different from the user’s dimension Rd. To unify the

dimensions of users and items, we apply the multi-layer perception (MLP) to map the

item’s input dimensions Rdm in modalities of visual and textual to the same dimensions

as user’s input Rd as:

i0m = W2(σ(W1ipm + b)), (2.2)

where W1 and W2 are the trainable transformation matrix and σ is the activation func-

tion. Based on the different dimensions of input vectors, the MLP layer will output the

vectors of the same dimension as the user’s input vector Rd, and the outputs of MLP

will be the input vectors i0m ∈ Rd of the GNN in modality m. For the auxiliary infor-

mation that does not process by the pre-trained models, we random initialized the input
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representations as i0m ∈ Rd in that modality.

2.4.3 Aggregation Layers

Based on the graph structure, we can utilize the various edges to enrich the represen-

tations of users and items. Since we both have edges of interactions and relationships

between side information, each edge may aggregate different information into nodes.

To be more specific, historical interactions of a user can capture the interest, and edges

between items can capture information from deep relationships of other items. These

two types of edges can explore deeper connections between side information and inter-

actions.

Basically, other frameworks use the message-passing mechanism of GCN to propa-

gate the information within the bipartite graph. Since bipartite graphs only contain the

edges of interactions between users and items, it is reasonable to use GCN in which the

nodes are influenced equally by their neighbors. In our framework, we have two types

of edges, and they contain different information between nodes, so the message-passing

mechanisms of existing GNN efforts (e.g., GCN [68], GraphSAGE [69], LightGCN

[70]) are relatively shallow and can not pass the deeper information from the edges. In-

spired by the message-passing with attention mechanism of GAT [71], we can calculate

different attention values for the neighbors of each node. Given a node of user/item p

and its neighbors q ∈ Np, we can calculate the importance of node q’s features to node

p:

epq = att(Whp,Whq), (2.3)

where W is a shared linear transformation, parametrized by a weight matrix, and att is

a shared attentional mechanism to compute attention coefficients. Based on the graph

structure, we can calculate the attention weight of node p’s neighbors Np:

αpq = Softmax(epq) =
exp(epq)∑

k∈Np
exp(epk)

. (2.4)

And then, we can calculate the updated representation of node p by aggregating from

its neighbors Np with attention:

h′
p = σ(

∑
q∈Np

αpqWhq). (2.5)
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Based on our unique graph structure, we have two types of edges, so different types

of edges may influence the representations in different aspects. Specifically, for user

nodes, they can aggregate neighbor item nodes that they interacted with before with

attention, and for item nodes, they can aggregate information from neighbor users and

items. Figure 2.3 shows an example of the effect of adding edges between items when

aggregating neighbors from 2 hop neighbors.

Figure 2.3: An example of effect of adding edges between items. For different modality,

the neighbors aggregated to nodes will also be different.

Concretely, item representations will be influenced not only by users but also by

similar items in each specific modality. By stacking GAT layers, item nodes will aggre-

gate information from other items and analyze the influence by the attention mechanism,

user nodes will aggregate information not only from their directly interacted nodes but

also from other related item nodes, which can enrich the user’s preferences and item’s

features. Due to the complex relationships between interactions and side information,

one single aggregation with attention is relatively shallow. For example, we should not

assume that one particular feature will remain the same importance in all cases of mes-

sage passing. Even though two users purchase the same items, they may not be attracted

by the same features, so the features passing to each user should be different. Also, even
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though two items have similar features, the importance of features may be different in

different cases. Concretely, we need to aggregate the representations with multiple at-

tention mechanisms for various cases. Compared with other GNNs, GAT employed a

multi-head attention structure which is suitable for our framework because we need to

analyze the representations in multiple aspects. Specifically, we have K attention heads,

the output of node p will be:

h′
p =

∥∥K

k=1
σ(

∑
q∈Np

αk
pqW

khq), (2.6)

where ∥ represents concatenation, αk
pq is the attention of k-th attention head, and Wk is

the linear transformation. Finally, we can gather the representations of users and items

from GAT layers. Since we have different graph structures for various modalities, the

output of node p in modality m will be:

hm
p =

∥∥K

k=1
σ(

∑
q∈Nm

p

αk
pqW

k
mh

m
q ). (2.7)

2.4.4 Combination Layers

Assume we have l GAT layers. After generating the representations from multiple GAT

layers, we have output vectors of users and items ul
m and ilm for each modality m. And

then, we combine these vectors to get the representations. First, we combine the output

vectors for users and items from each modality m:

ul =
∥∥M

m
(ul

m), (2.8)

il =
∥∥M

m
(ilm). (2.9)

As we mentioned before, representations for each modality were generated sepa-

rately from their specific GNNs. So the vectors ul and il mainly contain the representa-

tions based on the side information. To enrich the representations, we also combine the

latent factors of users and items as follows:

uc = ul∥ue, (2.10)

ic = ul∥ie, (2.11)
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where ∥ represents concatenation and uc and ic are the representations.

To find the relationships between modalities and latent factors, we apply the MLP

layers to uc and ic to get the final representations u∗ and i∗:

u∗ = W2
u(σ(W

1
uu

c + bu)), (2.12)

i∗ = W2
i (σ(W

1
i i

c + bi)). (2.13)

2.4.5 Prediction Layer

After gathering the final representations of users and items, we can make the final pre-

dictions of interactions by multiplying the user and item’s vectors:

y′ = σ(u∗ · i∗⊤), (2.14)

where σ is a sigmoid activation function to map the predictions to range [0, 1].

2.4.6 Optimization

We apply Bayesian Personalized Ranking (BPR) [72], which is a commonly used pair-

wise ranking optimization framework, as our learning method. In particular, we model

a triplet of one user and two items, one of the items is a positive item which the user

interacted, and the other one is a negative item which the user did not interact before:

S = {(u, i, i′)|(u, i) ∈ P , (u, i′) /∈ P}. (2.15)

We assume that the user’s preference for the positive item is higher than the negative

item. Hence, the BPR Loss can be formulated as:

L = −
∑

(u,i,i′)∈S

ln σ(u∗i∗⊤ − u∗i′∗⊤), (2.16)

where σ is the sigmoid activation function. We can then train our model based on this

loss function.
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2.5 Experiments

In this section, we conduct experiments on our model and state-of-the-art methods. We

also conduct studies on our proposed model and answer the following questions:

• RQ1: How does our model perform compared with the state-of-the-art methods

on the real-world datasets?

• RQ2: How do different components (e.g., edges between items, latent factors) of

our model affect the performance?

• RQ3: How do different designs (e.g., thresholds, number of GAT layers) of our

model affect the performance?

2.5.1 Datasets

To evaluate our model, we experimented with two public datasets: Amazon Musical

Instruments and MovieLens. The characteristics of these datasets are summarized in

Table 2.1.

Amazon Musical Instruments. This dataset is publicly available and commonly

used in RSs. This dataset contains reviews of the product that is sold on the Amazon

Musical Instruments e-commerce platform. Besides interaction records between users

and items, this dataset also contains image URLs, descriptions, brand information, and

categories as the side information of items. We use ResNet50 model [65] and GloVe

model [66] to extract the visual and textual features from images (extracted from image

URLs) and descriptions.

MovieLens. This public dataset is also commonly used in RSs. This dataset con-

tains ratings of the movies from the MovieLens website. Besides interaction records

between users and movies, this dataset also contains the titles and genres of movies. We

use GloVe model [66] to extract the textual features from titles.

For each dataset, we randomly split the training set, validation set, and testing set

with the ratio 8:1:1. For each user in the training set, we randomly sampled an item that

the user has not interacted with as the negative item. The validation set is used to tune

the hyper-parameters, and the testing set is used to evaluate the performance.
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Table 2.1: Characteristics of datasets.

Datasets Interactions Users Items V T A
Amazon Musical Instruments 15673 3520 4729 2048 100 32

MovieLens 11269 3006 5017 - 100 32

2.5.2 Baselines

To demonstrate the performances, we compared our proposed method with the follow-

ing method:

VBPR [73]. This is a benchmark framework in the multi-media recommendation.

It combines the side information into the collaborative filtering framework. For a fair

comparison, we concentrate the multi-modal features into the item’s representations to

make the predictions.

Deep-MINE [58]. This is a multi-modal framework for the multi-media recommen-

dation. It uses Auto Encoder to generate the item’s representations for each modality.

It also applies a cognition layer for each user to represent the attention for various side

information.

LightGCN [70]. This is an effective model for recommendation by including the

most essential ingredients of GCN, which is neighborhood aggregation for collaborative

filtering. It learns user and item embeddings by linearly propagating them on the user-

item bipartite graph and uses the weighted sum of the embeddings generated from all

layers as the final representations. For a fair comparison, we construct a multi-modal

Light-GCN, which applies Light-GCN for each specific side information to generate the

representations.

GAT [71]. This is a novel neural network architecture that operates on graph-

structured data with an attention mechanism. It assigns different attention weights to

neighbors when aggregating, which can calculate the importance of each neighbor. It

also can be extended to the multi-head attention to gathering deeper relationships be-

tween the node and its neighbors. For a fair comparison, we construct a multi-modal

GAT, which applies GAT for each specific side information to generate the representa-

tions.
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MMGCN [48]. This is a GCN-based multi-modal framework. It refines user and

item representations by user-item bipartite graph for each type of side information and

specific combination layers. The graph structure for each modality remains the same to

learn the representations by performing the GCN propagation.

2.5.3 Evaluation Metrics

We use the commonly used evaluation methods in recommendation works: Recall@K

and Normalized Discounted Cumulative Gain (NDCG@K) to evaluate the performance

of our proposed model, where @K denotes the top-K candidate items of each user.

Specially, we set K = 5, 10 and calculated the average scores of the above metrics for

all users during the testing phase.

2.5.4 Parameter Settings

To train our proposed model, we randomly initialize the parameters and optimize the

model with Adam [74], based on the mini-batch size of 64. We searched the learning

rate in {0.01, 0.001, 0.0001} and the regularization weight in {0.001, 0.0001, 0.00001}.

We searched the number of attention heads in {3, 4, 5}, note that the number of attention

heads is fixed to 1 in the last GAT layer. We show the results of the learning rate 0.001,

regularization weight 0.0001, 4 attention heads, and we unified the dimension to 32 as

the input and latent vectors of all models.

2.5.5 Performances Comparison (RQ1)

The comparative results are summarized in Table 2.2. Note that “Improv.” denotes

the improvement of MRSI-GAT’s result compared with the best results of the baseline

models. From the table, we have the following observations:

All GNN-based models outperformed the CF-based models: VBPR and DEEP-

MINE in almost all metrics. It demonstrates that graph convolutional networks can

better learn the representations from the interactions because most of the data in RSs

can be structured into graphs. In our datasets, the interactions can be structured as

user-item bipartite graphs.
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Table 2.2: Performance comparison between our model and baselines on the Amazon

Musical Instruments and MovieLens datasets.

Amazon Musical Instruments
Model Recall@5 Recall@10 NDCG@5 NDCG@10

VBPR 0.093 0.147 0.065 0.085

DEEP-MINE 0.094 0.151 0.068 0.094

Light-GCN 0.101 0.201 0.071 0.104

GAT 0.109 0.163 0.079 0.097

MMGCN 0.092 0.244 0.077 0.131

MRSI-GAT 0.134 0.268 0.107 0.165

Improv. 22.93% 9.84% 35.44% 25.95%

MovieLens
Model Recall@5 Recall@10 NDCG@5 NDCG@10

VBPR 0.056 0.088 0.037 0.044

DEEP-MINE 0.050 0.091 0.038 0.051

Light-GCN 0.066 0.156 0.059 0.086

GAT 0.074 0.138 0.055 0.059

MMGCN 0.060 0.135 0.049 0.066

MRSI-GAT 0.097 0.189 0.074 0.099

Improv. 31.08% 21.15% 25.42% 15.12%

MRSI-GAT obviously outperforms the other GNN-based baseline models in all met-

rics, which can verify the effectiveness of our model. The reasons are: first, our model

contains the relationships between items in each modality. Compared with baseline

models, our model design specific graph for different modalities instead of using the

same graph structure, which can analyze the relationships between interactions and side

information. Second, our model contains unique combination layers for the user and

item concatenation vectors. Instead of simply concatenating the outputs of each modal-

ity, our model applies the MLP layers to analyze the relationships between modalities
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and the latent factors. Thus the MRSI-GAT framework can improve the performance of

the recommendations.

2.5.6 Ablation Study (RQ2)

Effects of Edges Between Items

To demonstrate the effectiveness of the edges between items in each modality, we com-

pared the results of the model without side information edges with our model. The

results are summarized in Table 2.3. Note we name the model without side informa-

tion edge “MMGAT.” From the table, we can find that the side information edges can

improve the performance in both datasets.

Effects of Latent Factors

To demonstrate the effectiveness of the latent factors in the combination layer, we com-

pared the results of the model without combining the latent factors with our model. The

results are summarized in Table 2.4. Note we name the model without latent factors

“GNN vectors only.” From the table, we can find that combining the latent factors can

improve the performance in both datasets.

Table 2.3: Performance comparison between our model and the model without side

information edges on the Amazon Musical Instruments and MovieLens datasets.

Amazon Musical Instruments
Model Recall@5 Recall@10 NDCG@5 NDCG@10

MMGAT 0.123 0.257 0.094 0.144

MRSI-GAT 0.134 0.268 0.107 0.165

MovieLens
Model Recall@5 Recall@10 NDCG@5 NDCG@10

MMGAT 0.086 0.170 0.061 0.090

MRSI-GAT 0.097 0.189 0.074 0.099
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Table 2.4: Performance comparison between our model and the model without latent

factors on the Amazon Musical Instruments and MovieLens datasets.

Amazon Musical Instruments
Model Recall@5 Recall@10 NDCG@5 NDCG@10

GNN vectors only 0.126 0.259 0.095 0.146

MRSI-GAT 0.134 0.268 0.107 0.165

MovieLens
Model Recall@5 Recall@10 NDCG@5 NDCG@10

GNN vectors only 0.088 0.172 0.063 0.091

MRSI-GAT 0.097 0.189 0.074 0.099

2.5.7 Further Model Analysis (RQ3)

Effects of Thresholds

The thresholds for different modalities will affect the number of edges between items

and lead to different performances of the framework. It is important to set the ap-

propriate relationships between items because too many edges may cause information

redundancy, and too few edges may cause information scarcity. For different datasets,

we need to set different thresholds for various modalities. We searched the threshold

of visual modality in {0.75, 0.80, 0.85}, and textual modality in {0.85, 0.90, 0.95} for

Amazon Musical Instruments Dataset, the results are summarized in Figure 2.4. From

the figure, we can find that the threshold of visual modality in 0.80, and textual modality

in 0.95 can have the best performance. We searched the threshold of textual modality

in {0.75, 0.80, 0.85} for MovieLens Dataset, the results are summarized in Table 2.5.

From the table, we can find that the threshold of textual modality in 0.75 can have the

best performance. The best thresholds for the two datasets are different because of the

specific characters of each dataset.
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Effects of Number of GAT Layers

The number of GAT layers will affect the information aggregate to the nodes. It is

important to set the appropriate number of GAT layers because too many layers may

aggregate redundant nodes, and too few layers may not aggregate enough nodes from the

graph. We searched the number of GAT layers in {2, 3, 4}, the results are summarized in

Table 2.6. From the table, we can find that 3 GAT layers can have the best performance.

Figure 2.4: Performances comparison on Recall@10 between different thresholds of

visual and textual modality for Amazon Musical Instruments dataset.

Table 2.5: Performances comparison on Recall@10 between different thresholds of

textual modality for MovieLens dataset.

Threshold 0.75 0.80 0.85
Recall@10 0.189 0.178 0.181
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Table 2.6: Performances comparison on Recall@10 between different numbers of GAT

layers over two datasets.

Number of Layers 2 3 4
Amazon Musical Instruments 0.259 0.268 0.255

MovieLens 0.177 0.189 0.176

2.6 Conclusion and Future Work

In this chapter, we developed a multi-modal relational side information graph atten-

tion network (MRSI-GAT) to improve recommendation performance by modeling the

deeper relationships between user-item interactions and multi-modal side information.

Different from the multi-modal RSs that process each modality independently and apply

shallow feature fusion, MRSI-GAT explicitly constructs modality-specific graph struc-

tures based on user-item interactions and item-item relationships derived from side in-

formation. By leveraging an attention-based message passing mechanism, the proposed

framework adaptively assigns different importance to various relations and modalities,

thereby capturing users’ fine-grained preferences and latent correlations among items

in a unified framework. This relational design enables the system to utilize complemen-

tary semantic characters from textual, visual, and auxiliary modalities, enhancing both

the accuracy and explainability of recommendations.

To verify the effectiveness of the proposed model, we conducted experiments on

Amazon Musical Instruments and MovieLens. The experimental results show that

MRSI-GAT consistently outperforms several state-of-the-art methods. The results con-

firm that incorporating modality-specific relational structures can effectively enrich user

and item representations. Furthermore, experiment results show that the attention mech-

anism improves explainability by analyzing which modalities and neighboring items

contribute most to each recommendation. These findings highlight the importance of

integrating relational structures among side information into multi-modal RSs.

Although MRSI-GAT effectively enhances recommendation performance by mod-

eling intra-modality relationships, it still faces several limitations. First, in the cur-

rent framework, item-item relationships are derived using fixed similarity metrics with
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manually defined thresholds, which may not fully capture the relationships between

items. Second, each modality is modeled independently, and cross-modal interactions

are not explicitly learned, which may limit the system’s ability to represent complemen-

tary information between modalities. In the future, we plan to explore adaptive graph

construction strategies that can automatically infer item relationships through learnable

similarity metrics and dynamic thresholding. We will also investigate cross-modal fu-

sion mechanisms to jointly model dependencies between modalities, thus enhancing

representation consistency and robustness.



Chapter 3

Multi-task Learning for Multi-modal
Representation Enhancement

3.1 Introduction

RSs have become important tools in modern e-commerce and digital content platforms,

helping users efficiently find items that match their interests among an large number of

available options. Traditional RSs, such as collaborative filtering (CF) and hybrid mod-

els, learn from historical user-item interactions to predict future preferences [75, 76].

However, in practical applications, interaction data are often extremely sparse, as most

users interact with only a limited number of items. This sparsity issue limits the model’s

ability to learn meaningful user and item representations. To overcome this limitation,

recent studies have explored the integration of various types of side information, such

as item images, textual descriptions, brands, and categories, to enrich the feature space

and improve recommendation accuracy [17, 77].

The emergence of multi-modal RSs (MMRSs) has provided an effective way to

leverage such heterogeneous data. These systems extract modality-specific features us-

ing deep learning models. Such as convolutional neural networks (CNNs) for visual

data and recurrent or transformer-based networks for textual data, and then combine

them through fusion layers to form unified user and item representations [55]. Early

MMRSs primarily employed late fusion strategies, in which features from each modal-

37
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ity are processed independently and aggregated by concatenation or weighted averaging

at the final stage. Although this approach enhances representation richness, it fails to

capture the deeper relationships between different modalities. To address this limitation,

some research has introduced co-attention and cross-modal mechanisms that allow dif-

ferent modalities to influence each other during the feature learning process [78, 79, 80].

While these methods partially improve feature alignment, they still struggle to model

the relationship between multi-modal side information and user behaviors. In other

words, they learn how to fuse modalities, but not how user preferences are shaped by

each modality.

Meanwhile, GNNs have shown remarkable performance in recommendation tasks

due to their ability to capture higher-order connectivity between users and items [49].

By representing users and items as nodes and their interactions as edges, GNN-based

RSs can effectively propagate information over multi-hop neighbors, improving col-

laborative signal utilization. Some studies have combined GNNs with multi-modal

learning by constructing multiple user-item bipartite graphs one per modality to cap-

ture modality-specific interaction patterns [48, 81]. For example, in a visual modality

graph, user-item edges represent visual preferences (e.g., color or style), while in a tex-

tual modality graph, they represent content preferences (e.g., descriptions or reviews).

After aggregating these graphs, the system fuses modality-specific embeddings to make

the final recommendation. However, these methods still rely on shallow fusion and often

ignore the implicit correlations between side information and interactions, leading to in-

sufficient alignment between users’ behavioral patterns and the semantic characteristics

of items.

3.1.1 Challenge

Despite the progress achieved by MMRSs and GNN-based RSs, two critical challenges

remain unresolved in effectively integrating side information with user-item interac-

tions. First, most existing methods depend on predefined or manually tuned similarity

thresholds to determine whether two items are related based on the side information.

Such manually defined metrics can be unstable and fail to generalize across domains

or modalities, leading to inefficient and inconsistent graph structures. Second, while
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GNN-based MMRSs are effective in propagating user-item interaction signals, they

rarely ensure that the learned representations are semantically aligned with the origi-

nal side information. This misalignment between the behavior space (interactions) and

the semantic space (features) prevents the model from accurately understanding how

user decisions are influenced by different types of side information.

The challenges addressed in this chapter are summarized as follows:

• The first challenge is to automatically learn meaningful relationships between

item side information and interactions without relying on manually defined simi-

larity thresholds.

• The second challenge is to align the behavioral representations learned from user-

item interactions with the semantic relationships derived from multi-modal side

information, enabling the model to better capture modality-specific user prefer-

ences.

3.1.2 Contribution

To overcome these challenges, we propose a novel model named Multi-task Multi-

modal GNN (MTMM-GNN). MTMM-GNN integrates multi-modal representation learn-

ing, GNNs, and multi-task optimization to explore the deeper relationships between

user-item interactions and side information. The framework consists of two main tasks:

the first task constructs a modality-specific graph for each type of side information,

using the edges of user-item interactions to generate modality-aware representations.

The second task compares the similarity distributions between item features derived

from side information and the corresponding embeddings learned from GNNs, thereby

measuring and aligning the consistency between the semantic and behavioral spaces.

Through joint optimization, MTMM-GNN can automatically identify which types of

side information are most influential for each user’s decision-making process, achiev-

ing more accurate and explainable recommendations. From a graph learning perspec-

tive, MTMM-GNN is designed to jointly model interaction-driven representations and

modality-specific semantic representations through multi-task optimization. Unlike tra-

ditional GNN-based RSs that focus solely on propagating collaborative signals, MTMM-
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GNN introduces an auxiliary graph-based alignment task to explicitly regularize the

consistency between behavioral embeddings and semantic features.

We evaluate MTMM-GNN on three publicly available datasets-Amazon Clothing,

ModCloth, and MovieLens. The results show that our model significantly outperforms

several state-of-the-art baselines in terms of Recall@K, NDCG@K, and Precision@K.

These results confirm the effectiveness of our approach in modeling the complex rela-

tionships between user behaviors and multi-modal side information.

To summarize, our contributions are as follows:

• We study the problem of representation inconsistency between interaction-driven

embeddings and semantic features from multiple modalities, and formulate it as

a multi-task graph learning problem.

• We propose MTMM-GNN, a novel multi-task GNN framework that jointly opti-

mizes interaction-based representation learning and semantic alignment on modality-

specific graphs. The auxiliary alignment task acts as a regularization mechanism

to guide GNN representation learning toward semantic consistency.

• We conduct experiments on three public datasets, and the results of our proposed

model outperform several state-of-the-art models in Recall@K, NDCG@K and

Precision@K.

In Section 3.2, we review related works. Then, we introduce some preliminaries in

Section 3.3. Section 3.4 elaborates on the details of our proposed method. The experi-

mental results are summarized in Section 3.5. Section 3.6 presents our conclusion.

3.2 Related Work

In this section, we introduce some related works, including multi-modal recommenda-

tions, multi-task recommendations, and GNN-based recommendations.

3.2.1 Multi-modal Recommendation

Methods of the multi-modal RS are mainly based on the idea of the combination of

multi-media models and CF [55]. Matrix factorization (MF) is an effective CF-based
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method, that makes predictions by the representations of users and items. Also, MF can

be replaced by the inner product with a neural architecture that can learn the arbitrary

function from interactions [82]. Kumar et al. [83] analyzed the recent trends in RSs

and the characteristics of various deep learning-based recommendation models. Due

to the success of deep learning models for multi-media data, analyzing the side infor-

mation can enrich the representations and improve performance. In most e-commerce

platforms, side information generally includes visual, textual, and auxiliary data (e.g.,

brand, category, and manufacturer). For each type of side information, there are specific

models to analyze the features of data, the methods mainly include convolutional neural

network (CNN) [84], recurrent neural network (RNN) [85], and auto-encoder (AE) [86].

Zhang et al. [57] constructed a joint representation learning framework. In this method,

each type of side information was adopted to learn the corresponding user and item

representations and then integrated various information to make predictions. Truong

et al. [87] constructed the framework of combining the visual information and textual

information to make the predictions. This method extracted the features to generate the

reviews of the user to item based on the user’s representations and image features. Then

combined the modalities of visual and textual to make predictions. Conceicao et al. [88]

constructed a multi-modal framework based on deep learning, pre-trained models, and

AE. This method extracted textual and visual features from pre-trained models and used

AE to generate low-dimensional sparse representations. Then it produced a ranking of

the top-N most relevant items to the user. Guan et al. [58] constructed specific mod-

els for different types of side information. In this method, visual features and textual

features were processed by stacked auto-encoder. After generating the representations

for various side information, they designed an attention layer to assign different weights

of various side information for each user and then integrated the latent representations

from multiple models. This method used multi-models and stack auto-encoders to ex-

tract the features from original side information vectors and trained separately with the

prediction model.

Although these methods analyzed multiple types of side information based on multi-

models, they failed to explore the deeper relationships between side information and

interactions because they did not analyze the high-order connectivity. Concretely, they

just extracted the features from various modalities and analyzed separately with deep
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learning models to generate the representations, and did not analyze the connections of

interactions and the effect of side information.

3.2.2 Multi-task Recommendation

Methods of the multi-task RS are mainly based on the user’s behaviors. Also, various

types of side information can enrich the representations and improve the performance.

Hong et al. [59] constructed multi-models for user reviews and item’s various side in-

formation. In this method, visual features were processed by CNN and textual features

were processed by RNN. Instead of randomly initializing the user’s representations, this

method also analyzed the user’s review records to enrich the representations. Long et

al. [89] constructed a multi-task model to analyze the user’s historical behavior data.

This method divided the behavior data into explicit feedback and implicit feedback,

instead of separately analyzing these two types of data, it combined these data as the

multi-task model to make to final prediction. This framework had three tasks: two

auxiliary tasks, and one main task. Each auxiliary task contained the collaborative fil-

tering framework with neural networks to generate the representations. Lu et al. [90]

constructed a multi-task framework that combines probabilistic matrix factorization and

adversarial Seq2Seq model. It used the matrix factorization to generate the rate predic-

tions and used the Seq2Seq model to generate user comments on items based on the

user’s reviews and item comments, which is the explainable recommendation. Gao et

al. [91] constructed a multi-task framework based on various types of user behaviors

such as views and clicks. This method accounted for the cascading relationship among

different types of behaviors such as users needing to click and then make the purchase,

and each type of behavior can be treated as a task. Hadash et al. [92] constructed a

multi-task framework for ranking and rating. Instead of learning user and item repre-

sentations to optimize both tasks simultaneously in a multi-task framework, this method

generated the predictions based on the facts of the decision process, which first predicts

the ranking score and then predicts the rating score.

Although these methods analyzed the user’s behaviors and preferences, the side in-

formation of items was just aggregated to enrich the item’s representations and ignored

the relationships between various types of side information and interactions. More con-
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cretely, they only analyzed the relationships between various types of interactions be-

tween users and items and ignored the relationships between items.

3.2.3 GNN-based Recommendation

Recently, GNN techniques have been widely studied in representation learning for

graph-structured data in many computer science tasks beyond RSs, such as node clas-

sification, link prediction, and graph-level prediction [61]. In particular, there is an

increasing trend of extending GNNs to handle multi-task learning and multi-modal in-

puts, where different tasks or heterogeneous signals are jointly modeled to improve

generalization and robustness. These studies suggest that designing task objectives and

representations that properly connect heterogeneous signals is critical for achieving ef-

fective graph learning in realistic settings.

Motivated by the strong representation capability of GNNs, GNN-based models

have also become popular in RSs, since user behavior data can naturally be represented

as graphs [60]. Kumar et al. [93] analyzed the efficacy of graph representation learning

by GCNs compared with traditional rule-based methods. In recommendation scenarios,

common graph structures include user-item bipartite graphs, sequential graphs, social

graphs, and knowledge graphs. For the user-item interaction setting, many existing

methods directly apply GNNs on the original user-item bipartite graph [94]. Wang et

al. [64] integrated user-item interactions into the embedding learning process by prop-

agating embeddings through higher-order connectivity, thereby encoding collaborative

filtering signals into representations.

With the increasing availability of multi-modal side information, recent studies fur-

ther extend GNN-based recommenders to incorporate heterogeneous item content. Wei

et al. [48] constructed a multi-modal GCN framework to learn modality-specific rep-

resentations, where each modality shares the same user-item bipartite structure while

using modality features to enrich representations. Wang et al. [81] additionally intro-

duced a user-user graph to connect users with similar behaviors and strengthen message

passing. Jiao et al. [52] constructed modality-specific graph structures by combining

user-item interaction edges with item-item relational edges derived from side informa-

tion similarities using manually set thresholds.
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Although these methods demonstrate the effectiveness of combining GNNs with

multi-modal information, most of them still focus on propagating signals mainly through

interaction edges, and the connection between behavioral representations learned from

interactions and the semantic structures implied by side information is not explicitly

modeled. Moreover, item-item relations built from side information are often con-

structed by simple rules (e.g., thresholding similarities), which may not generalize well

across datasets and may not provide a principled way to ensure that the learned embed-

dings remain consistent with the semantic space. These limitations motivate the need

for a framework that not only performs modality-aware graph learning, but also explic-

itly aligns behavioral and semantic spaces under a unified objective, which is the focus

of this chapter.

3.3 Preliminaries

In contrast to Chapter 2, which focuses on modeling relational structures across mul-

tiple modalities, this chapter emphasizes learning consistent representations between

user behaviors and semantic item features. We first introduce the basic recommenda-

tion setting and then describe how multi-modal information is incorporated from the

perspective of representation alignment.

Let U and I denote the sets of users and items, respectively. The historical inter-

actions between users and items are represented by P = {pui | u ∈ U , i ∈ I}, where

pui = 1 indicates that user u has interacted with item i. The goal of an RS is to learn a

prediction function f(u, i) that estimates the likelihood of future interactions based on

these observed behaviors.

Each item i ∈ I is associated with multiple types of side information derived from

different modalities, such as visual, textual, and auxiliary attributes (e.g., brand or cate-

gory). We denote the modality set as M = {v, t, a}. These modalities provide comple-

mentary semantic descriptions of items and reflect different aspects that may influence

user preferences. In this chapter, multi-modal learning aims not only to incorporate

heterogeneous information but also to ensure that the learned representations remain

semantically consistent with the original side features.

To model interactions between users, items, and multi-modal information, we adopt
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a graph-based formulation where users and items are represented as nodes and interac-

tions form edges. Unlike Chapter 2, where graphs are primarily used to capture rela-

tional structures within each modality, the graph formulation here serves as a foundation

for learning modality-specific interaction patterns whose representations can be explic-

itly aligned with semantic similarities.

Finally, the objective of this chapter is to learn low-dimensional embeddings for

users and items that jointly encode collaborative signals from interaction data and se-

mantic information from multiple modalities. By enforcing consistency between be-

havioral embeddings and modality-derived semantic similarities, the learned represen-

tations can better reflect user preferences and improve recommendation accuracy.

3.4 Proposed Method

3.4.1 Overview

In this section, we elaborate on our framework. The overall framework is illustrated

in Figure 3.1. Unlike existing multi-modal GNN-based RSs that primarily focus on

representation aggregation, our framework is designed to explicitly address the incon-

sistency between behavioral signals derived from user-item interactions and semantic

information extracted from item side information.

The key motivation is: although multi-modal features and interaction-based embed-

dings are often learned jointly, they are typically optimized under different objectives

and may encode incompatible similarity structures. As a result, representations learned

from graph propagation may not faithfully reflect the semantic relationships implied by

side information, even when both are derived from the same items. Our framework

not only generates modality-aware representations but also explicitly regularizes their

alignment across behavioral and semantic spaces.

To this end, MTMM-GNN adopts a multi-task architecture with two complemen-

tary objectives. The first task focuses on learning modality-specific user and item repre-

sentations through GNNs constructed from user-item interactions, capturing collabora-

tive signals under each modality. The second task evaluates the consistency between

these interaction-derived representations and the original modality features by com-
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paring their similarity distributions, thereby providing a direct supervisory signal for

semantic alignment.

By jointly optimizing these two tasks, the proposed framework enables interaction-

driven representation learning while constraining the learned embeddings to preserve

modality-specific semantic structures. This design distinguishes MTMM-GNN from

prior multi-modal GNN approaches, which typically rely solely on graph propagation

or feature fusion without explicitly modeling the consistency between behavioral and

semantic representations.

3.4.2 Representations from GNNs

In this module, we introduce the GNN structure, including graph structures based on

interactions and aggregation layers; combination layers of representations from GNNs

and latent factors, prediction layers, and BPR loss.

Graph Structures

Since we have multiple types of side information, we design a graph consisting of user-

item interactions for each modality. For each modality m, we have a graph Gm consists

of user-item interaction edges P , which is Gm = {V , E}. Where V = U ∪I denotes the

nodes of users and items, and E = P+ denotes the interactions. The representations of

the input user u and item i in modality m are random initialized on Rd as u0
m ∈ Rd and

i0m ∈ Rd. Figure 3.2 shows an example of the graph structure based on the interaction

records between users and items.

Aggregation Layers

Based on the graph structure of each modality Gm, we can utilize the interaction edges to

enrich the representations of users and items. To be more specific, historical interactions

can capture the interest of users, and also generate the representations of items of each

modality.

Basically, other frameworks use the message-passing mechanism of GCN to propa-

gate the information within the bipartite graph. Since bipartite graphs contain the edges

of interactions between users and items, it is reasonable to use GCN in which the nodes
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Figure 3.1: The overall framework of our proposed model MTMM-GNN. It consists of

2 tasks: we first generate the representations of each modality from interaction records

by GNNs, then we compare the cosine similarities between the representations and the

features of the side information and calculate the loss of 2 vectors of similarities. We

train our model based on the BPR Loss and MSE loss, which can both analyze the

interactions and the effects of different types of side information.

are influenced by their neighbors. In our framework, we have multiple modalities, and

they may contain different information between nodes, so the message-passing mecha-

nisms of existing GNN efforts (e.g., GCN [68], GraphSAGE [69], LightGCN [70]) are

relatively shallow and cannot pass the deeper information from the edges, especially for

different modalities. Hence, we proposed a novel GNN architecture, which integrates
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Figure 3.2: The sample graph structure based on the interaction records between users

and items.

attention mechanisms into the traditional GCN to enhance the model’s ability to cap-

ture and focus on important node features during message passing. Given a node of

user/item p and its neighbors q ∈ Np, we first apply a linear transformation to the input

node features hp, hq using the weight matrix and then performs message passing:

xpq = Wg · hq, (3.1)

where Wg is a shared linear transformation, parameterized by a weight matrix, and xpq

is the updated features of node p and its neighbor q. After calculating the message xpq,

we introduce an attention mechanism to compute the attention weights. We apply an

attention weight to xp and its neighbors xq:

attpq = Wa(xp,xq), (3.2)

where Wa is the learnable attention weights, and then we calculate the attention score

αpq of xp and its neighbors xq:

αpq = Softmax(LeakyReLU(attpq)). (3.3)

The attention-weighted message x′
pq is then computed as:

x′
pq = xpq · αpq. (3.4)

Finally, the aggregated message h′
p for node p is obtained through the following aggre-

gation methods:
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1. Sum Aggregation:

h′
p =

∑
q∈Np

x′
pq. (3.5)

The sum aggregation computes the aggregated message by summing the attention-

weighted messages from all neighboring nodes. This is a straightforward aggre-

gation method that preserves the total information from the neighbors.

2. Mean Aggregation:

h′
p =

1

|Np|
∑
q∈Np

x′
pq, (3.6)

where |Np| is the degree of node p, representing the number of its neighbors. The

mean aggregation computes the aggregated message by taking the average of the

attention-weighted messages from all neighboring nodes. This method provides a

normalized representation of the neighbors and can be beneficial when the number

of neighbors varies across nodes.

This proposed message-passing method integrates attention mechanisms into the

GCN, allowing the model to focus on relevant node features during message passing.

The attention mechanism enhances the model’s ability to capture complex relationships

and dependencies between nodes in the graph, which can enrich node representations

and enhance performance in the specific modality. Figure 3.3 shows the visualization

of the attention mechanism of the aggregation layers.

Figure 3.3: The visualization of the attention scores.
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Combination Layers

Assume we have l GNN layers. After generating the representations from multiple

GNN layers, we have output vectors of users and items ul
m and ilm for each modality m.

And then, we combine these vectors to get the representations. First, we combine the

output vectors for users and items from each modality m:

ul = ∥Mm (ul
m), (3.7)

il = ∥Mm (ilm). (3.8)

As we mentioned before, representations for each modality were generated separately

from their specific GNNs. So the vectors ul and il mainly contain the representations

based on the side information. To enrich the representations, we also combine the latent

factors of users and items ue and ie as follows:

uc = ul ∥ ue, (3.9)

ic = il ∥ ie, (3.10)

where ∥ represents concatenation and uc and ic are the representations of all modalities

and latent factors.

To find the relationships between modalities and latent factors, we apply the multi-

layer perception (MLP) to uc and ic to get the final representations u∗ and i∗:

u∗ = W2
u(ReLU(W

1
uu

c + bu)), (3.11)

i∗ = W2
i (ReLU(W

1
i i

c + bi)), (3.12)

where Wu and Wi are the learnable weight matrix for the fusion MLP layers of users

and items.

Prediction Layers

After gathering the final representations of users and items, we can make the final pre-

dictions of interactions by multiplying the user and item’s vectors with the trainable

bias:

y′ = σ(u∗ · i∗⊤) + bu∗
+ bi∗ , (3.13)

where σ is a sigmoid activation function to map the predictions to range [0, 1], bu∗ and

bi∗ are trainable bias weights for users and items.
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BPR Loss

We apply Bayesian Personalized Ranking (BPR) [72], which is a commonly used pair-

wise ranking optimization framework, as one of our learning methods. In particular,

we model a triplet of one user and two items, one of the items is a positive item with

which the user interacted, and the other one is a negative item with which the user did

not interact before:

S = {(u, i, i′)|(u, i) ∈ P , (u, i′) /∈ P} . (3.14)

We assume that the user’s preference for the positive item is higher than the negative

item. Hence, the BPRLoss can be formulated as:

LBPR = −
∑

(u,i,i′ )∈S

ln σ((u∗i∗⊤ + bu∗
+ bi∗)− (u∗i′∗⊤ + bu∗

+ bi′∗), (3.15)

where σ is the sigmoid activation function. This LBPR function contains the characters

from the interaction records and it is one of the loss functions of our framework.

3.4.3 Incorporating Side Information

In this module, we introduce the relationships between interactions and various types

of side information. We first process the features of side information and then compare

the cosine similarities of representations generated from GNNs based on interactions

and processed features of side information. Lastly, we calculate the MSE loss of these

similarities.

Side Information Pre-processing

Since we have various types of side information, we use the pre-trained models to ex-

tract the features from visual and textual information. For visual information, we use

the pre-trained ResNet50 model [65] to extract the features, and for textual information,

we use the pre-trained GloVe model [66] to extract the features. For the auxiliary infor-

mation (e.g., brand and category) that are not extracted from pre-trained models, we use

a trainable embedding vector ea to represent the features.
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As mentioned before, we extract the features of visual and textual information from

the pre-trained models. Because of the different architectures of the pre-trained model,

the dimensions of the outputs are different. Also, the features directly extracted from

pre-trained models may contain raw and abstract features that are not suitable for our

specific task. To address this issue, we propose to further process the raw features

generated from pre-trained models using the MLP layer. For modality m, if we have

features generated from pre-trained models ipm, we can process the features as:

ip
′

m = Wmipm + bp
m, (3.16)

where Wm is the trainable transformation matrix for modality m, and ip
′

m represents

the updated features; otherwise, ip′m = ea. The MLP layer is designed to transform the

high-dimensional raw features into a more compact and informative representation that

is more suitable for our specific task.

Loss between Similarities

In reality, user’s purchase activities are influenced by the similarities of different types

of side information between items. For example, some users may be interested in some

specific categories and not interested in visual features, and some users may interested

in some specific visual features and not interested in categories. For example, when pur-

chasing clothes, some users are more interested in some specific visual information such

as color, and less interested in other side information such as descriptions or categories.

Also, some users are more interested in some specific categories such as suits and uni-

forms, and less interested in colors. For different items, the effects of various types of

side information are different, as the example shown in figure 3.4, given 3 items, item1,

and item2 have a similar category, and item1 and item3 have similar visual information.

Based on the interaction records, item1 and item2 are always been purchased together

because of the similar category, but item1 and item3 are not likely to be purchased to-

gether even they have similar visual information. So in different modalities, the effects

of similarities can also be different depending on various items.

Hence, we first analyze the similarities between the representations generated from

GNNs and the side information of each modality. Concretely, we use the cosine simi-

larity [67] metric to measure the similarity between two items. Mathematically, cosine



3.4. PROPOSED METHOD 53

Figure 3.4: Relationships between interaction and different types of side information.

similarity measures the similarity between two vectors of an inner product space. It is

measured by the cosine of the angle between vectors and determines the directions of

the vectors. Cosine similarity commonly belongs to the interval [−1, 1], where a higher

value means that two vectors are more similar to each other. Given two vectors a and

b, cosine similarity can be formulated as:

Similarity(a, b) = cos(θ) =
ab

∥a∥ ∥b∥
. (3.17)

In our framework, we analyze the relationships between the representations and side

information features based on the loss between cosine similarities. Concretely, given an

item i, we have the representation ilm in modality m, we calculate the cosine similarities

with other items in I:

Sm
r = [cos(ilm[i], i

l
m[0]), cos(i

l
m[i], i

l
m[1]), ..., cos(i

l
m[i], i

l
m[I])]. (3.18)

Also, given an item i, we have the side information features ip′m in modality m, we can

calculate the cosine similarities with other items in I:

Sm
f = [cos(ip

′

m[i], i
p′

m[0]), cos(i
p′

m[i], i
p′

m[1]), ..., cos(i
p′

m[i], i
p′

m[I])], (3.19)

where I is the total number of items in I. Then we can analyze the relationships between

these 2 vectors of similarities by the mean squared error (MSE) [95], which is defined as

the average of the squared differences between the predicted and actual values. As we
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mentioned before, even though items with similar side information are more likely to

be purchased, the effect of multiple types of side information for various items can also

be different. For example, for items such as books or movies, the textual information

(e.g., descriptions) may have a larger effect than the auxiliary information (e.g., brands).

Hence, for each item, we apply a trainable bias weight to the MSE loss of similarities

between representations and side information features in each modality:

Lm
MSE = MSE(Sm

r ,S
m
f ) · bm, (3.20)

where bm is a trainable bias weight for item i in modality m. We then sum the Lm
MSE

of all modalities:

LMSE =
∑
m∈M

Lm
MSE. (3.21)

This LMSE contains the relationships between item representations generated from in-

teractions and features of side information, and it is another loss function of our frame-

work.

3.4.4 Combined Model Training and Inference

Since we have the loss from interaction records and relationships between side informa-

tion, we can sum the LBPR and LMSE as:

L = LBPR + LMSE. (3.22)

Then we can train our model with L as Algorithm 1. Concretely, we first construct the

graph for each type of side information based on the interaction records and initialize the

inputs of user and item nodes (line 1-4). We then extract the features from the pre-train

models, if no pre-train features exist, we randomly initialize the embeddings (line 5-6).

For the training loop, we first generate the representations from each modality by GNNs

(line 10-11), and then we combine the representations with the latent factors to generate

the final representations by MLP layers (line 12-14). We then make the predictions and

calculate the LBPR based on the final representations (line 15-16). Then we process

the item’s pre-trained features by MLP (line 17-18) and compare the cosine similarities

between items on representations generated from GNNs and processed side information



3.4. PROPOSED METHOD 55

features (line 19-21). Then we calculate and sum the LMSE of the similarity vectors of

each modality with bias (line 22-24). Lastly, we sum the LBPR and LMSE to L to train

the model (line 25-27).
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Algorithm 1 MTMM-GNN parameter learning
Input: Set of users and items U and I, modalities M and Interaction matrix P
Output: Final user representations u∗ and item representations i∗

Graph Construction:
Construct Gm = {V , E} for each modality m, where V = U ∪ I, E = P+

Initialization:
Initialize the representations u0

m and i0m for each modality m

Feature Extraction:
Extract features using pre-trained models to get ipm, or ipm = ea if no pre-trained

features exist

Training Loop:
epoch = 0 while epoch < train epochs do
GNN Execution:
Generate representations ul

m and ilm using GNN for each modality m and combine

them to generate ul and il

Combination and MLP:
Combine latent factors ue and ie to get uc and ic

Apply MLP to uc and ic to get final representations u∗ and i∗

Prediction and BPRLoss:
Compute prediction and LBPR

Feature Processing:
For modality m, process the features as with MLP layers to get ip′m
Similarity Calculation:
Calculate cosine similarities of representations generated from GNNs with other

items in I to get Sm
r

Calculate cosine similarities of side information features with other items in I to get

Sm
f

MSELoss Calculation:
Calculate the LMSE of Sm

r and Sm
f with trainable bias weight bm to get the Lm

MSE

Calculate the LMSE by summing all of Lm
MSE

Combined Model Training and Inference:
Sum LBPR and LMSE to get L
Train the model with L
epoch = epoch + 1
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3.5 Experiments

In this section, we conduct experiments on our model and state-of-the-art methods. We

also conduct studies on our proposed model and answer the following questions:

• RQ1: How does our model perform compared with the state-of-the-art methods

on the real-world datasets?

• RQ2: How do multiple modalities (v, t, a) of our model effect the interactions?

• RQ3: How do relationships between interactions and side information of our

model affect the performance?

• RQ4: How do the item bias weights of each modality affect the task of analyzing

the relationships between interactions and side information?

3.5.1 Datasets

To evaluate our model, we experimented with three public datasets: Amazon Clothing,

ModCloth and MovieLens. The characteristics of these datasets are summarized in

Table 3.1.

Amazon Clothing. This dataset is publicly available and commonly used in RSs.

This dataset contains reviews of the products that were sold on the Amazon Clothing

e-commerce platform. Besides interaction records between users and items, this dataset

also contains image URLs, descriptions, brands, and categories as the side information

of items. We use the ResNet50 model [65] and the GloVe model [66] to extract the

visual and textual features from images (extracted from image URLs) and descriptions.

Modcloth. This public dataset is commonly used in RSs. This dataset contains

reviews of the products that were sold on the Modcloth website. Besides interaction

records between users and movies, this dataset contains various types of information

on items and review text of users. We use the GloVe model [66] to extract the textual

features from the basic information and reviews of the items.

MovieLens. This public dataset is also commonly used in RSs. This dataset con-

tains ratings of the movies from the MovieLens website. Besides interaction records
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between users and movies, this dataset also contains the titles and genres of movies. We

use the GloVe model [66] to extract the textual features from the titles of the movies.

For each dataset, we randomly split the training set, validation set, and testing set

with the ratio 8:1:1. For each user in the training set, we randomly sampled an item that

the user has not interacted with as the negative item. The validation set is used to tune

the hyper-parameters, and the testing set is used to evaluate the performance.

Table 3.1: Characteristics of datasets.

Datasets Interactions Users Items V T A
Amazon Clothing 16839 3950 5059 2048 100 32

Modcloth 12570 2720 965 - 100 32

MovieLens 13191 3367 5496 - 100 32

3.5.2 Baselines

To demonstrate the performances, we compared our proposed method with the follow-

ing method:

VBPR [73]. This is a classical baseline for incorporating side information into

collaborative filtering. It extends matrix factorization by integrating item-level content

features to enhance user and item representations. In our experiments, multi-modal

features are aggregated into unified item representations to ensure a fair comparison

with MTMM-GNN.

Deep-MINE [58]. This is a deep multi-modal recommendation framework that

learns modality-specific item representations using auto-encoders. It further introduces

a cognition layer to model user-specific attention over different modalities. This model

serves as a representative approach that focuses on feature-level fusion and user-aware

modality weighting without explicit graph modeling.

LightGCN [70]. This is an efficient graph-based collaborative filtering model that

captures high-order connectivity by linear neighborhood aggregation on the user-item

interaction graph. To adapt it to the multi-modal setting, we construct a multi-modal



3.5. EXPERIMENTS 59

variant by applying LightGCN separately to interaction graphs associated with different

types of side information, and then combining the resulting embeddings.

GAT [71]. This introduces an attention mechanism into GNNs, enabling nodes to

assign different importance weights to their neighbors during aggregation. This allows

the model to capture heterogeneous influences in graph-structured data. For compari-

son, we extend GAT to a multi-modal setting by learning modality-specific representa-

tions through independent GAT models for each type of side information.

MMGCN [48]. This is a graph-based multi-modal RS that refines user and item

representations by performing GCN propagation over user-item bipartite graphs for

each modality. Item node features are initialized using modality-specific side informa-

tion, and the learned representations are fused through dedicated combination layers.

MMGCN represents a typical approach that jointly exploits interaction structures and

raw modality features.

MRSI-GAT [52]. This is a GAT-based multi-modal framework. It constructs dif-

ferent graph structures based on the characters of various modalities to enrich the repre-

sentations. It also analyzes the relationships between interactions and side information

by adding edges based on the thresholds of the similarities between the item’s side in-

formation. Each modality contains specific graph structures that combine the edges of

interactions and similarities between items.

3.5.3 Evaluation Metrics

We use the commonly used evaluation methods in recommendation works: Recall@K,

Normalized Discounted Cumulative Gain (NDCG@K) and Precision@K to evaluate

the performance of our proposed model, where @K denotes the top-K candidate items

of each user. Specifically, we set K = 5, 10 and calculated the average scores of the

above metrics for all users during the testing phase.

3.5.4 Parameter Settings

To train our proposed model, we randomly initialize the parameters and optimize the

model with Adam [74], based on the mini-batch size of 64. We searched the learning

rate in {0.01, 0.001, 0.0001} and the regularization weight in {0.001, 0.0001, 0.00001}.
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We show the results of the learning rate 0.001, and regularization weight 0.0001, and

we unified the dimension to 32 as the input and latent vectors of all models.

3.5.5 Performances Comparison (RQ1)

The comparative results are summarized in Table 3.2. Note that “Improv.” denotes the

improvement of MTMM-GNN’s result compared with the best results of the baseline

models. From the table, we have the following observations:

All GNN-based models outperformed the CF-based models: VBPR and DEEP-

MINE in almost all metrics. It demonstrates that graph convolutional networks can

better learn the representations from the interactions because most of the data in RSs

can be structured into graphs. In our datasets, the interactions can be structured as user-

item bipartite graphs for each modality. The graph structures contain the nodes of users

and items and edges of interaction records (users purchase items).

MTMM-GNN obviously outperforms the other GNN-based baseline models in all

metrics, which can verify the effectiveness of our model. The reasons are: first, our

model analyzes not only the interaction records but also the relationships between in-

teractions and various types of side information. We use the similarities between items

to analyze the relationships between interactions and side information, which can also

avoid manually setting up the thresholds. Also, our model contains the latent factors

of users and items and combined with the vectors generated from GNNs, which lever-

ages the strengths of both latent factor models and GNNs, enabling the model to better

generalize from observed data to make accurate predictions.

3.5.6 Ablation Study (RQ2-4)

We analyze the effect of multi-modalities, multi-task learning, and bias weight on the

performance of our model.

Effect of Multi-modalities (RQ2)

To demonstrate the effectiveness of multiple modalities, we compared the results of the

model with the single modality model. In the Amazon Clothing dataset, the side infor-
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Table 3.2: Performances comparison between our model and baseline models over three

datasets.

Amazon Clothing

Model Recall@5 Recall@10 NDCG@5 NDCG@10 Precision@5 Precision@10

VBPR 0.1020 0.1997 0.0932 0.1012 0.0610 0.0592

DEEP-MINE 0.1052 0.2035 0.0989 0.1116 0.0617 0.0601

LightGCN 0.2002 0.3045 0.1524 0.1928 0.1203 0.1133

GAT 0.1978 0.2994 0.1491 0.1849 0.1118 0.1062

MMGCN 0.2104 0.3221 0.1823 0.2003 0.1245 0.1195

MRSI-GAT 0.2206 0.3551 0.2001 0.2108 0.1374 0.1328

MTMM-GNN 0.2505 0.4082 0.2303 0.2429 0.1503 0.1459

Improv. 13.55% 14.95% 15.09% 15.23% 9.39% 9.86%

Modcloth

Model Recall@5 Recall@10 NDCG@5 NDCG@10 Precision@5 Precision@10

VBPR 0.0912 0.1771 0.0782 0.0823 0.0550 0.0530

DEEP-MINE 0.0984 0.1820 0.0852 0.0912 0.0561 0.0539

LightGCN 0.1292 0.2021 0.1232 0.1461 0.0799 0.0606

GAT 0.1303 0.2059 0.1249 0.1490 0.0811 0.0627

MMGCN 0.1554 0.2290 0.1402 0.1648 0.0944 0.0722

MRSI-GAT 0.1701 0.2507 0.1607 0.1809 0.1022 0.0861

MTMM-GNN 0.1944 0.2859 0.1828 0.2070 0.1150 0.0950

Improv. 14.29% 14.04% 13.75% 14.42% 12.52% 10.34%

MovieLens

Model Recall@5 Recall@10 NDCG@5 NDCG@10 Precision@5 Precision@10

VBPR 0.0732 0.1261 0.0591 0.0702 0.0426 0.0377

DEEP-MINE 0.0801 0.1340 0.0629 0.0829 0.0433 0.0386

LightGCN 0.1273 0.2249 0.1121 0.1309 0.0751 0.0675

GAT 0.1280 0.2250 0.1197 0.1401 0.0755 0.0681

MMGCN 0.1402 0.2403 0.1305 0.1523 0.0837 0.0702

MRSI-GAT 0.1567 0.2521 0.1498 0.1689 0.0939 0.0797

MTMM-GNN 0.1753 0.2828 0.1675 0.1877 0.1049 0.0879

Improv. 11.87% 12.18% 11.82% 11.13% 11.71% 10.29%

mation includes image, description, brand, and category. In the Modcloth dataset, the

side information includes size, category and review. In the MovieLens dataset, the side
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information includes title and genre. The results of models only contain one modal-

ity and the multi-modalities are shown in Figure 3.5. Note that we named the single

modality of image, description, brand, and category of Amazon Clothing as “model-i,

model-d, model-b, model-c.” We named the single modality of size, category and review

of Modcloth as “model-s, model-c, model-r.” We named the single modality of title and

genre of MovieLens as “model-t, model-g.”

From the results in Figure 3.5, we can find that the model with multiple modalities

outperforms the model with a single modality, which means that the purchase activities

are based on multiple aspects of items. Also, models with different types of side infor-

mation have different performances, which shows the importance of side information

in different datasets. Specifically, in the Amazon Clothing dataset, the image modality

got the best performance and the category modality got the worst performance; in the

Modcloth dataset, the review modality got the best performance and the size modality

got the worst performance; in the MovieLens dataset, the title modality got the best

performance and the genre modality got the worst performance. Even though different

modalities have various distributions, fusing representations from different modalities

can improve performance.

Figure 3.5: Effect of multi-modalities.

Effect of Multi-task Learning (RQ3)

As we mentioned before, user’s purchase activities are influenced by the similarities of

different types of side information between items. Concretely, in some specific modal-

ity, items with similar side information may affect the interaction which means they are

more likely to be purchased together. Also, in some modalities, similarities between
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side information may not affect the interaction. To demonstrate the effectiveness of

similarities of various types of side information, we compared the results of our model

with the single task model. The results of models only containing task1 and multi-task

model are shown in Figure 3.6. Note that we named the single task model of task1 as

“model-task1.”

From the results in Figure 3.6, we can find that the model with multi-task learning

outperforms the model with single-task learning, which can verify the effectiveness of

the similarities between side information. Concretely, in the first task of our model, we

generate the representations only from interactions, which means that the inputs of the

GNNs of each modality are randomly initialized embeddings and are updated based on

the interaction records. Hence, the representations of task1 only contain the characters

of interactions of each modality. In the second task, we compare the similarities be-

tween the representations from task1 and the features of side information to analyze the

relationships between interactions and side information, which can improve the perfor-

mance.

Figure 3.6: Effect of multi-task learning.

Effect of Bias Weight of Each Modality (RQ4)

Even though in some modalities, similar items are more likely to be purchased together,

the effects of similarities between features of side information on interactions for differ-

ent items are also different. To demonstrate the effectiveness of bias weight of different

items in task2, we compared the results of our model with the model without item bias.

The results of models without item bias and models with item bias are shown in Figure

3.7. Note that we named the model without item bias as “model-no-bias.”
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From the results in Figure 3.7, we can find that the model with item bias outper-

forms the model without item bias, which can verify the effectiveness of the item bias.

Concretely, the effects of different types of side information for different items on inter-

actions are not the same. For example, even though two items may have similar features

in the specific modality, they are not likely to be purchased together. Figure 3.8 shows

an example of the effect of bias. We visualize the embeddings of 3 items in modalities

of brand and category (Modality-b and Modality-c), and these items contain similar side

information. We can find that in the modality of brand, item1 and item2 have similar

representations, and in the modality of category, item1 and item3 have similar represen-

tations. Even though these items have similar side information, their representations are

not similar because the bias weights of each item in different modalities are different.

Figure 3.7: Effect of item bias weight.

Figure 3.8: Examples of effect of bias.
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3.5.7 Further Model Analysis

Here we further analyze the effect of the number of GNN layers and the aggregation

methods.

Effect of GNN Layers

The number of GNN layers will affect the information aggregated to the nodes. It is

important to set the appropriate number of GNN layers because too many layers may

aggregate redundant nodes, and too few layers may not aggregate enough nodes from

the graph. We searched the number of GNN layers in {2, 3, 4}, and the results are

summarized in Figure 3.9. From the table, we can find that 3 GNN layers can have the

best performance.

Theoretically, shallow GNNs struggle to capture high-order collaborative signals,

while deeper architectures suffer from over-smoothing, where node embeddings become

indistinguishable due to excessive neighborhood aggregation. Several research[49] also

demonstrates that 3-layer GNNs achieve optimal performance because they can balance

the trade-off between capturing multi-hop user-item interactions and avoiding perfor-

mance degradation from over-smoothing.

Comparison of Aggregation Methods

To further investigate the impact of aggregation methods in GNN layers, we compare

the performance using both sum and mean aggregation methods. The results are sum-

marized in Table 3.3.

Table 3.3: Performances comparison on Recall@10 using different aggregation meth-

ods over three datasets.

Aggregation Method Amazon Clothing Modcloth MovieLens
Sum 0.3926 0.2785 0.2746

Mean 0.4082 0.2859 0.2828

From the table, we can find that the mean aggregation method outperforms the sum

aggregation method on all datasets. The mean aggregation method calculates the av-
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Figure 3.9: Performances comparison on Recall@10 between different numbers of

GNN layers over three datasets.

erage of the neighbor node features, which can preserve more information and is less

likely to be dominated by nodes with extremely high or low values. Theoretically, mean

aggregation can better normalize node degrees and reduce bias toward high-degree enti-

ties, which is critical for representation learning in graphs. This leads to a more balanced

and effective aggregation of node

3.6 Conclusion

In this chapter, we explored the deeper relationships between user-item interactions and

side information in multi-modal RSs. To achieve this, we proposed a Multi-task Multi-

modal GNN (MTMM-GNN), which jointly learns user and item representations from
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multiple modalities such as visual, textual, and auxiliary information. Each modality is

modeled through a user-item bipartite graph, and the modality-specific embeddings are

fused through MLP layers together with latent factors to form unified representations.

Furthermore, MTMM-GNN introduces an auxiliary learning objective that compares

the similarities between learned representations and side information features, thereby

aligning semantic and behavioral signals across modalities. This joint modeling en-

ables the system to utilize both interaction data and side information more effectively,

resulting in improved recommendation accuracy and explainability.

Experiments conducted on three public datasets, including Amazon Clothing, Mod-

Cloth, and MovieLens, demonstrated that MTMM-GNN consistently outperforms state-

of-the-art baselines in Recall@K, NDCG@K, and Precision@K. The results verify the

effectiveness of modeling the relationships between interactions and multi-modal side

information, as well as the benefit of explicitly aligning the similarities between user-

item representations and item attributes.

However, MTMM-GNN still faces several limitations. The current similarity-based

objective assumes that user-item relationships can be well captured by correlations be-

tween side information features, while real-world purchase decisions may depend on

more complex factors. Even though we apply bias weights for each item to analyze

the influence of similarities in each modality, it only can adjust the loss of similari-

ties and not include other types of information that can affect interactions. Moreover,

most existing datasets provide only limited types of modalities, typically include visual,

textual, and categorical information. In real-world applications, user preferences may

also be influenced by other factors that are not included in the single domain. As a

result, the model cannot fully capture the richness of user behavior patterns in realistic

environments.

In the future, we plan to extend this work by exploring more adaptive and flexible

mechanisms for modeling the relationships between interactions and side information.

This includes incorporating additional contextual and semantic signals, and develop-

ing methods that can deeper capture the user interests. We also aim to enhance the

explainability of multi-modal RSs by investigating how different modalities influence

user decisions in a more transparent and explainable way.
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Chapter 4

LLM-augmented Counterfactual
Attention for Reliable
Recommendations

4.1 Introduction

In the previous chapter, we investigated how multi-modal side information, such as vi-

sual, textual, and auxiliary features, can be leveraged to improve the quality of user and

item representations in RSs. The proposed MTMM-GNN framework demonstrated that

aligning behavioral representations learned from interactions with semantic features ex-

tracted from side information can enhance both accuracy and explainability. However,

in practice, the types of side information available in public datasets still remain lim-

ited, and the information they capture often fail to reflect the full complexity of users’

real-world decision processes. For example, product descriptions or images may rep-

resent surface-level attributes, but user preferences are also influenced by contextual,

emotional, and cognitive factors that are not included in the original dataset. There-

fore, developing methods that can expand the semantic space of items and reason about

how enriched information influences user choices has become an important research

direction in the next generation of RSs.

Recently, GNNs have emerged as powerful tools for learning from user-item in-

69
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teractions due to their ability to capture high-order connectivity and collaborative sig-

nals across users and items [49]. Through neighborhood aggregation, GNN models

can propagate information among connected nodes [96]. Meanwhile, knowledge graph

(KG)-enhanced recommenders [56, 80] extend this framework by connecting items to

rich, typed entities-such as image, brand, category, thereby enabling information prop-

agation through item-entity relations. These models inject explicit semantic knowledge

into item representations and have been shown to improve both accuracy and explain-

ability. However, public datasets typically contain only a few pre-defined entity types,

making the constructed KGs relatively shallow. Consequently, current KG-based ap-

proaches struggle to represent the diverse and fine-grained attributes that drive user

preferences in realistic settings.

In parallel, large language models (LLMs) have demonstrated strong capabilities in

understanding and generating structured semantic information from unstructured text.

Recent studies have explored using LLMs to enrich item attributes, such as extracting

latent characteristics, summarizing customer reviews, or generating explainable features

that better describe product qualities [97, 98]. By integrating these enriched representa-

tions into recommendation pipelines, LLMs can help fill the semantic gap between user

behavior and available side information.

4.1.1 Challenge

Despite the success of GNN-based and KG-enhanced RSs, two core challenges re-

main when incorporating LLM-augmented semantics into graph-based recommendation

frameworks. First, existing KGs are still limited by the predefined entities and relations

within available datasets. This restriction prevents models from capturing fine-grained

and context-dependent semantics that influence user decisions in reality. For example,

emotional tone, cultural background, or thematic factors often implicit in item descrip-

tions, cannot be directly modeled within existing KG structures. Expanding the entity

space through LLMs introduces new opportunities but also requires careful integration

to preserve semantic coherence and avoid noise. Second, most current attention-based

GNNs learn global importance weights over entities based solely on graph topology,

less effort on user-specific differences in how entities contribute to preference forma-
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tion. Such non-personalized attention fails to model the diversity of user motivations

and limits the explainability of recommendation results.

The challenges addressed in this chapter are summarized as follows:

• To enhance the representational power of KGs, it is necessary to incorporate addi-

tional entities and relations beyond those available in existing datasets. The main

challenge lies in how to utilize LLMs to generate new, reliable, and semantically

consistent entities that can be integrated with user-item interaction graphs.

• Traditional attention mechanisms capture only correlation-based relationships and

are shared across users. A new approach is needed to model the causal influence

of each entity on individual users’ decisions, enabling personalized and explain-

able recommendations.

4.1.2 Contribution

To overcome these challenges, we propose a novel framework named LLM Augmenta-

tion Enhanced Counterfactual Attention for Graph-based RSs (LACAT). LACAT com-

bines the semantic generative capability of large language models with the structural

learning power of GNNs to achieve both performance improvement and explainability

enhancement. Specifically, we first employ a survey-guided LLM augmentation strategy

to expand the item-entity KG. The LLM generates new semantic attributes and relations

for each item, enriching the side information space and providing a more comprehensive

understanding of items from multiple perspectives. Next, we introduce a counterfactual

attention mechanism that quantifies the causal influence of each entity on a user’s pref-

erence. Unlike traditional attention, this mechanism explicitly compares factual and

counterfactual conditions-measuring how removing or altering an entity changes the

recommendation outcome. In this way, LACAT can learn personalized entity impor-

tance for each user, leading to more explainable and accurate predictions.

By integrating LLM-based augmentation and counterfactual attention into a uni-

fied GNN architecture, LACAT provides an effective way to bridge the gap between

semantic richness and behavioral reasoning in RSs. We evaluate our model on two

public datasets-Amazon Movies and TV and MovieLens, and demonstrate that LACAT
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significantly outperforms several state-of-the-art baselines in terms of Recall@K and

NDCG@K. Also, qualitative analysis shows that our counterfactual attention module

can provide intuitive explanations at the entity level, showing which augmented entities

most strongly influenced a given recommendation.

To summarize, the main contributions of this chapter are as follows:

• We introduce a survey-guided LLM augmentation strategy that enriches the en-

tities to the item-entity KG, thus creating richer connections between user-item

interactions and side information.

• We propose a novel method LACAT, that jointly learns user, item, and entity

representations by different GNNs and assigns personalized, counterfactual-based

attention weights to each entity, delivering both high accuracy and clear, entity-

level explanations.

• We conduct experiments on two public datasets, and the results of our proposed

model outperform several state-of-the-art models in Recall@K and NDCG@K.

Section 4.2 gives a brief overview of related works. Section 4.3 we introduce some

preliminaries in this chapter. Section 4.4 presents our proposed method, and experi-

mental results are illustrated in Section 4.5. Finally, this chapter is concluded in Section

4.6.

4.2 Related Work

In this section, we introduce some related works on multi-modal recommendations and

GNN-based recommendations.

4.2.1 Multi-modal Recommendation

The methods of the multi-modal RS are mainly based on combining multimedia mod-

els with CF [54]. Matrix factorization (MF) is an effective CF-based method whose

inner product can be replaced with a neural architecture that learns a non-linear inter-

action function from interactions [82]. With the success of deep learning models on
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multimedia data, analyzing side information can enrich the representations and improve

performance.

On most e-commerce platforms, side information usually includes visual, textual,

and auxiliary data. Analyzing multi-modal information not only improves accuracy but

also strengthens explainability. Gao et al. [99] surveyed causal inference in RSs. Since

the real world is driven by causality, not just correlation, this paper analyzes the rela-

tionships between different factors and interactions, which can enhance the explainabil-

ity of recommendations. Recently, LLMs such as ChatGPT, which encode knowledge

from diverse domains, and enriched the modalities of the RS. Ma et al. [97] proposed

a framework that combines collaborative signals and LLMs to generate comprehen-

sive and meaningful explanations based on interaction records. Their work leverages

the generative capability of LLMs to enhance the explainability of recommendations.

Zhang et al. [57] proposed a joint representation learning framework that used each type

of side information to learn user and item representations, and these representations are

integrated to make predictions. Truong et al. [87] proposed a framework that com-

bines visual information and textual information. This model extracts image features

together with user representations to generate reviews and then uses both modalities for

prediction. Conceicao et al. [88] proposed a multi-modal framework based on deep

learning, pre-trained models, and auto-encoders (AE). Textual and visual features from

pre-trained models are fed into AE to produce low-dimensional sparse representations,

which are used to rank the top-N relevant items for each user. Guan et al. [58] proposed

specific models for different types of side information. Visual and textual features are

processed by stacked AEs; an attention layer assigns different weights to various side

information for each user before integrating the latent representations. Chen et al. [100]

proposed an attribute-aware collaborative filtering model that analyzes the relationships

between interactions and side information to provide personalized and explainable rec-

ommendations.

4.2.2 GNN-based Recommendation

Recently, GNNs have been widely adopted in RSs because they provide powerful rep-

resentation learning for graph-structured data [49]. In most recommendation scenarios,
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data can be modeled as graphs.

For our task, most existing approaches [94] apply GNNs directly to the original

user-item bipartite graph. Wang et al. [64] integrated user-item interactions into the

embedding process by propagating embeddings along high-order connections, thus en-

coding collaborative filtering signals into the representations. Inspired by the ideas of

multi-modalities, Wei et al. [48] proposed a multi-modal graph convolution framework

that constructs one user-item bipartite graph for each type of side information. Within

every modality-specific graph, user and item nodes aggregate modality-specific features

to enrich their vectors. Wang et al. [81] extended this design by adding a graph of user

relationships. Node features from each modality are first encoded, and then a Top-K

method connects users with similar purchase histories, further enhancing the learned

representations. Wang et al. [80] proposed a framework that unifies users, items, and

entities into a heterogeneous KG and employs relation-aware attention to propagate sig-

nals along high-order relations, enabling the model to capture semantic relations and

refine the representations. Sun et al. [56] proposed a heterogeneous KG by combining

visual and textual features of entities. Then, cross-modal, relation-aware attention is ap-

plied to jointly propagate structural, visual, and textual signals along high-order paths,

further enhancing user-item representations with complementary multi-modal seman-

tics and explainability. Wang et al. [101] proposed an entity-enhanced light KG convo-

lutional network that captures high-order connections among users, items, and entities

in a heterogeneous KG. This framework assigns relation-aware attention when aggre-

gating neighbors and adds an entity-preference task to align user-entity signals with

interactions, which can improve the accuracy and explainability.

4.3 Preliminaries

Let U and I denote the sets of users and items, respectively. The historical interactions

between users and items are represented by P = {pui | u ∈ U , i ∈ I}, where pui = 1

indicates that user u has interacted with item i. The objective of a RS is to learn a

prediction function f(u, i) that estimates the likelihood of a future interaction between

user u and item i based on these historical records.

Each item i ∈ I is associated with additional entities that provide semantic infor-
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mation beyond direct interactions. We denote the set of entities included in the origi-

nal dataset as E ′ = {e1, e2, . . . , e|E|}, where each entity represents a semantic concept

related to the item, such as brand, category, or descriptive attribute. Recent advance-

ments in large language models (LLMs) enable the automatic generation of new entities

and relations that extend the original KG, resulting in an LLM-augmented entity set

E = E ′ ∪ ELLM . These additional entities enrich the semantic space of items by provid-

ing contextual and fine-grained knowledge that may not exist in the original dataset.

To model the relationships among users, items, and entities, we adopt a graph-based

formulation. The graph is defined as G = (V ,R), where V = U ∪ I ∪ E is the set of

nodes, and R = P ∪ Q is the set of edges, with P representing user-item interactions

and Q = {qie | i ∈ I, e ∈ E} representing item-entity relations. This heterogeneous

graph structure allows information to propagate from users to items through both direct

interactions and enriched semantic connections, thereby enabling the model to capture

complex and interpretable relationships between user preferences and item-level knowl-

edge.

Finally, the objective of the model is to learn low-dimensional embeddings for users,

items, and entities that jointly encode collaborative patterns from historical interactions

and semantic knowledge from the augmented entity space. The learned embeddings are

used to predict unobserved user-item interactions and to provide personalized, explain-

able recommendations.

4.4 Proposed Method

4.4.1 Overview

In this section, we elaborate on our framework, which consists of six components: a

survey-guided LLM data augmentation module, an item-entity KG structure, a user-

item interaction graph structure, GNNs for modeling item-entity and user-item inter-

actions, an entity-aware attention module, and a counterfactual reasoning mechanism.

The overall framework is illustrated in Figure 4.1.
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Figure 4.1: The overall framework of our proposed model. It consists of a survey-guided

LLM data augmentation module, a KG structure of items and entities, a graph structure

of user-item interactions, GNNs for each graph structure, an entity-aware attention mod-

ule, and a counterfactual reasoning mechanism to generate the representations of users,

items, and entities and provide both accurate recommendations and explanations.

4.4.2 Survey-Guided LLM Data Augmentation

Most public datasets, such as Amazon, typically attach only a few kinds of side in-

formation to each item. Although these entities are useful for understanding the user

preferences, they are still too shallow to explore the reasons behind the interactions.

To enrich the characters of items without manually selecting the features, we leverage

recent advances in LLMs. Although LLMs contain rich knowledge of the item, directly

using the item’s information to augment the related entities without limitations may also

cause data redundancy and noisy data. To address this problem, we propose a survey-

guided augmentation pipeline that automatically expands the KG with valuable, typed

entities.

Concretely, we first instruct the LLM to act as a domain expert and create a concise

survey that covers the factors that may affect the user preferences but are missing from

the raw metadata. For example, in the Amazon Movies dataset, the generated survey
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typically asks questions regarding the related entities (e.g., lead actors, supporting cast,

soundtrack composer, etc.). Then, we feed each item’s existing basic information (e.g.,

title and description), along with the generated survey, into the LLM, instructing it to

answer the survey questions. The responses provided by the LLM will become the new

and enriched entities connected to the items. Finally, we combine the new entities with

the original side information (e.g., image, brand, and category) to construct the KG.

Specifically, we connect each item node to the generated entities based on relations

defined by the survey questions. Figure 4.2 shows an example of the data augmentation

generated by LLM.

Figure 4.2: Example of the data augmentation for the item from the Amazon Movies

and TV dataset by ChatGPT.

4.4.3 Item-entity KG Structure and Training

After generating the enriched entities by the LLM, we then construct the KG between

items and entities based on the relations. This enriched graph structure provides a more

detailed semantic representation of items, enabling better user preference modeling and

more effective recommendation outcomes. Concretely, we represent the KG as a set of

triples (h, r, t), where h and t indicate the head and tail entities, respectively, and r de-
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notes the relationship. Entities include both original side information (e.g., brand, cate-

gory) and additional entities generated by our LLM-based survey augmentation method.

Relations correspond to explicit attributes derived from the survey questions. Thus, the

KG structure can significantly enrich the semantic information of items.

To effectively model the relations within this enriched KG, we adopt the TransR

[102] model, which projects entities from the entity space into relation-specific spaces.

Formally, for each triple (h, r, t), TransR [102] learns entity embeddings eh, et ∈ Rd,

relation embeddings r ∈ Rdr , and relation-specific projection matrices Mr ∈ Rdr×d.

Given pretrained embeddings epreinput from a general embedding model (e.g., GloVe [66]

and ResNet [65] pretrained models), we initialize the entity embeddings einput from

the pretrained models with trainable transformation matrix Wpretrain rather than using

random initialization:

einput = Wpretraine
pre
input. (4.1)

The entities are first projected into relation-specific spaces as follows:

eh,r = Mreh, et,r = Mret. (4.2)

The distance score of a triple is then computed as:

fr(h, t) = ∥eh,r + r− et,r∥22. (4.3)

To train the TransR [102] model, we optimize the model with a margin-based rank-

ing loss:

LKG =
∑

(h,r,t)∈T

∑
(h′,r,t′)∈T ′

max (0, γ + fr(h, t)−fr(h
′, t′)) , (4.4)

where T is the set of positive triples, T ′ is the set of negative triples, and γ denotes

the margin hyperparameter. Training TransR [102] using pretrained entity embeddings

helps accelerate the training process and improve representation quality by leveraging

prior knowledge captured by pretrained models.

4.4.4 User-Item Interaction Graph Structure

To capture user preferences, we further construct a user-item interaction graph, where

nodes represent users and items, and edges represent interactions.
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Item embeddings ei in this graph are computed by aggregating embeddings of their

associated entities from the KG, thus generating the item representations. Specifically,

the embedding of an item i is derived by aggregating the embeddings of its related

entities:

ei =
∑
e∈Ei

ee, (4.5)

where Ei denotes the set of entities associated with item i, and each ee is the entity

embeddings learned from the TransR [102] model.

User embeddings eu ∈ Rd are randomly initialized and share the same dimension as

item embeddings ei. To further learn the embeddings of users eu and items ei from the

interactions, we employ LightGCN [70], which is a simplified and efficient graph con-

volutional network for recommendation tasks. It aggregates the embeddings of neigh-

boring nodes through simple averaging, defined by the following aggregation rule:

e(k+1)
u =

∑
i∈Nu

1√
|Nu| |Ni|

e
(k)
i ,

e
(k+1)
i =

∑
u∈Ni

1√
|Ni| |Nu|

e(k)u ,
(4.6)

where Nu and Ni represent the sets of items connected to user u and users connected to

item i respectively.

After L layers of GNNs we can get the updated embeddings of eu and updated

embeddings of ei as:

eu =
1

L+ 1

L∑
k=0

e(k)u , ei =
1

L+ 1

L∑
k=0

e
(k)
i . (4.7)

From the GNN model, user embeddings can capture collaborative signals from the in-

teractions, which represent user preference patterns. Correspondingly, item embeddings

can capture both information from entities and collaborative information from user in-

teractions.

4.4.5 Counterfactual Attention Mechanism

Although the learned embeddings for users eu and items ei contain collaborative and

semantic information effectively, they still lack user preferences analysis. Specifically,
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current embeddings do not explicitly represent each user’s preference towards particular

entities associated with items. To deeper understand the reasons behind user preferences

and improve the accuracy of the model predictions and explainability, we propose a

counterfactual attention approach.

Concretely, for each user-item pair (u, i) and every entity k linked to the item, we

feed the concatenation of three vectors into a lightweight multi-layer perceptron (MLP):

the user embedding eu, the item embedding ei, and the entity embedding ek to generate

the attention score of ek as:

attuik = MLP([eu∥ei∥ek]), (4.8)

where [·∥·] represents the vector concatenation and attuik represents the entity k’s at-

tention score. Since eu contains the user’s collaborative preferences learned from in-

teractions, ei provides the item’s global collaborative information captured by GNN,

and ek contains the semantic information of entity k obtained from the KG. Analyzing

these three embeddings together enables the MLP to assess how important entity k is

for recommending item i to user u. In addition, the personalized attention scores not

only improve recommendation accuracy but also offer explainability by indicating how

each entity influences the user-item prediction.

After generating the attention scores for each entity, we then calculate the final at-

tention weight of the k’s entity over all entities αuik by the Softmax method as:

αuik =
exp(attuik)∑
j∈Ei exp(attuij)

. (4.9)

Finally, we obtain a user-specific item representation by summing all entities with

the specific attention weight as:

vraw
i (u) =

∑
k∈Ei

αuikek. (4.10)

Since the embedding vraw
i only focuses on entities, it lacks the global collaborative

information contained in ei. As a result, if an item only has a few attributes or miss-

ing key entities, vraw
i can become unstable and cannot reflect the user-item interaction

patterns. To retain the global collaborative signal learned from GNN, we inject a skip-

connection from the initial embedding of the item ei and generate the final embeddings
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as:

vi(u) = (1− β)vraw
i (u) + β ei, (4.11)

where vi(u) is the final item embedding. Embedding ei contains high-order user-item

information, and the hyperparameter β determines how much of the global signal should

be incorporated into the final embedding.

To make the learned attention weights truly reflect how much each entity contributes

to a recommendation, we propose a counterfactual reasoning method. Concretely, for

each training triple (u, i,k), we remove entity k from the item, and keep all other entities

unchanged as:

vcf
i (u) =

∑
j ̸=k

αuij∑
l ̸=k αuil

ej . (4.12)

Then we recompute the predicted score and calculate the difference between the full

score and the counterfactual score, which indicates the real influence of entity k as:

∆k = e⊤u vi(u)− e⊤u v
cf
i (u). (4.13)

A large ∆k means that entity k has a high impact on user u’s preferences; otherwise, a

small ∆k means that entity k is irrelevant for this particular recommendation.

We then calculate the counterfactual loss LCF as:

LCF =
(
αuik −

∆k∑
j∈Ei ∆j

)2
, (4.14)

where ∆k∑
j∈Ei

∆j
represents the impact caused by removing entity k. Minimizing the

squared error can let the attention weight αuik track the entity’s actual influence.

4.4.6 BPR Loss

After we generate the final embeddings of users and items, we then optimize the model

parameters using Bayesian Personalized Ranking (BPR) loss [72], which encourages

the model to rank positive interactions higher than negative ones. Formally, the BPR

loss is defined as:

LBPR = −
∑

(u,i,i′)∈S

ln σ
(
e⊤u vi(u)− e⊤u vi′(u)

)
, (4.15)
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where (u, i, i′) represents a user u, a positive item i, and a negative item i′. S represents

a set of positive and negative interactions:

S = {(u, i, i′)|(u, i) ∈ P , (u, i′) /∈ P}. (4.16)

4.4.7 Combined Model Training

Finally, we calculate the final loss L which combines ranking accuracy and explainabil-

ity to train our model as:

L = LBPR + λLCF , (4.17)

where the hyperparameter λ can balance the two goals of our framework. This joint ob-

jective allows the model to maintain high recommendation accuracy and assign weights

that can analyze and explain how each entity affects the preference of the user.

4.5 Experiment

In this section, we conduct experiments on our model and state-of-the-art methods. We

also conduct studies on our proposed model and answer the following questions:

• RQ1: How does our model perform compared with the state-of-the-art methods

on the real-world datasets?

• RQ2: How do different components (data augmentation, entity-aware attention

mechanism, skip-connection from the global collaborative signal) of our model

affect the performance?

• RQ3: How do different designs (different LLM models for data augmentation) of

our model affect the performance?

4.5.1 Datasets

Amazon Movies and TV. This dataset is publicly available and commonly used for

recommendation tasks. This dataset contains reviews of the products that were sold on

the Amazon Movies and TV category. Besides interaction records between users and



4.5. EXPERIMENT 83

items, this dataset also contains some basic types of side information such as image

URLs, descriptions, brands, and categories. We use the ResNet50 model [65] and the

GloVe model [66] to extract the visual and textual features.

MovieLens. This public dataset is also commonly used for recommendation tasks.

This dataset contains ratings of the movies from the MovieLens website. Besides inter-

action records between users and movies, this dataset also contains some basic types of

side information, such as titles and genres. We use the GloVe model [66] to extract the

textual features.

4.5.2 Baselines

To demonstrate the performance, we compared our proposed method with the following

methods:

VBPR [73]. A benchmark framework in multimedia recommendation. It combines

visual side information into a CF framework. We follow the original setting and con-

catenate all multi-modal features with the item’s latent vector when making predictions.

XRec [97]. An LLM-enhanced GNN framework, which combines the collaborative

signals and LLM to generate recommendations and explanations from the interaction

records.

MMGCN [48]. A GCN-based multi-modal framework. For each modality, it builds

a user-item bipartite graph, propagates features with GCN, and then fuses the modality-

specific representations through combination layers to make the predictions.

KGAT [80]. A KG-based framework, which unifies users, items, and item-related

entities into a heterogeneous KG. And then applies relation-aware attention to pass mes-

sages along high-order paths, enabling richer semantics to refine user and item repre-

sentations.

MKGAT [56]. A KG-based framework, which combines visual and textual features

of entities into the heterogeneous graph of users, items, and item-related entities. It

consists of a cross-modal, relation-aware attention mechanism that jointly propagates

structural, visual, and textual signals, further enhancing accuracy and explainability.

LKGCN [101]. A lightweight entity-enhanced KG convolutional network. It as-

signs relation-specific attention when aggregating neighbors and adds an auxiliary user-
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entity preference task, thereby capturing high-order user-item-entity connections to im-

prove both accuracy and explainability.

4.5.3 Evaluation Metrics

We use the commonly used evaluation methods in recommendation works: Recall@K

and Normalized Discounted Cumulative Gain (NDCG@K) to evaluate the performance

of our proposed model, where @K denotes the top-K candidate items of each user.

Specifically, we set K = 5, 10, and calculated the average scores of the above metrics

for all users during the testing phase.

4.5.4 Parameter Settings

To train our proposed model, we randomly initialize the parameters and optimize the

model with Adam [74]. We searched the learning rate in {0.01, 0.001, 0.0001} and the

regularization weight in {0.001, 0.0001, 0.00001}. We show the results of the learning

rate 0.001, and regularization weight 0.0001, and we unified the dimension to 64 for all

models.

4.5.5 Performances Comparison (RQ1)

The comparative results are summarized in Table 4.1. Note that “Improv.” denotes the

improvement of LACAT’s result compared with the best results of the baseline models.

From the table, we have the following observations:

All GNN-based models outperformed the CF-based model VBPR in all metrics. It

demonstrates that graph convolutional networks can better learn the characters from the

interactions because most of the interactions can be structured into graphs. KG-based

models outperformed the GCN-based model MMGCN, because KG can unify the users,

items, and entities into a heterogeneous graph, which contains edges of both interactions

and relationships between entities, thus enriching the representations.

LACAT outperforms the other GNN-based baseline models in all metrics, which can

verify the effectiveness of our model. The reasons are: firstly, we apply a survey-guided

LLM data augmentation, which can enrich the related entities under guidance. Although
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Table 4.1: Performance comparison between our model and baseline models over two

datasets.

Amazon Movies and TV
Model Recall@5 Recall@10 NDCG@5 NDCG@10

VBPR 0.1029 0.2017 0.0971 0.1123

XRec 0.2276 0.3272 0.1991 0.2101

MMGCN 0.2225 0.3220 0.1989 0.2093

KGAT 0.2352 0.3315 0.2126 0.2281

MKGAT 0.2415 0.3370 0.2192 0.2304

LKGCN 0.2508 0.3414 0.2224 0.2350

LACAT 0.2884 0.3959 0.2576 0.2711

Improv. 14.99% 15.97% 15.83% 15.37%

MovieLens
Model Recall@5 Recall@10 NDCG@5 NDCG@10

VBPR 0.0721 0.1325 0.0618 0.0802

XRec 0.1426 0.2502 0.1403 0.1611

MMGCN 0.1419 0.2488 0.1382 0.1599

KGAT 0.1620 0.2597 0.1498 0.1695

MKGAT 0.1673 0.2701 0.1522 0.1712

LKGCN 0.1704 0.2732 0.1580 0.1765

LACAT 0.1992 0.3217 0.1802 0.2019

Improv. 16.90% 17.75% 14.05% 14.39%

XRec also takes advantage of LLMs, it may also generate redundant or noisy informa-

tion without guidance. Compared with other baseline models, our model contains more

valuable entities related to user preferences on specific domains. Secondly, our model

contains a specific counterfactual-based entity-aware attention module. Instead of only

learning the attention weights of entities from the graph topology, our model provides

a more reasonable attention mechanism that can truly reflect each entity’s importance,

thus improving both accuracy and explainability. Lastly, our model contains a specific
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combination layer that leverages the entity-aware embedding and the global collabo-

rative information with the skip-connection to make the predictions. This enables our

model to take advantages from both interaction and entity aspects.

Figure 4.3: Ablation study on Recall@10 for Amazon and MovieLens.

Figure 4.4: Visualization of the initial item embedding, the user-specific item embed-

ding, and the attention weights over entities.

4.5.6 Ablation Study (RQ2)

To demonstrate the effectiveness of each components in our model, we conduct an ab-

lation study by removing individual components, including the data augmentation mod-

ule (w/o DA), the counterfactual-based entity-aware attention mechanism (w/o AT), and

skip-connection from the global collaborative signal ei (w/o CS). The results are shown
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in Figure 4.3. It is evident that each individual component adds a positive contribution

to the model performance.

Furthermore, Figure 4.4 shows a visualization of item initial embedding ei, the user-

specific item embedding vi(u), and the attention weight of each entity, clearly showing

how these weights improve accuracy and make the recommendations explainable.

4.5.7 Effect of Different LLM models (RQ3)

In our main experiments, we use GPT-4o for the LLM data augmentation. To evaluate

the effect of different LLMs, we compare the results with GPT-3.5-turbo, GPT-4, and

GPT-4-turbo. The results are shown in Figure 4.5. We find that GPT-4o achieves the

best performance, indicating that stronger LLMs can provide better entity augmentation,

which leads to better recommendation results.

Figure 4.5: Performances comparison on Recall@10 of different LLM models.

4.6 Conclusion

In this chapter, we proposed a novel framework named LLM Augmentation Enhanced

Counterfactual Attention for Graph-based RSs (LACAT). LACAT was designed to ad-

dress the challenges of semantic enrichment and personalized causal reasoning in KG-

enhanced recommendation. Unlike traditional graph-based recommenders that rely on

a limited number of predefined entities, LACAT integrates a survey-guided large lan-

guage model (LLM) to expand the entity space with richer and fine-grained semantic
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information. This augmentation enables the model to represent complex contextual

factors—such as user interests, thematic nuances, and latent attributes—that are often

missing in conventional datasets.

Based on the augmented entity set, we constructed a heterogeneous user-item-entity

graph and applied GNNs to jointly learn representations of users, items, and entities.

To further improve explainability and personalization, we introduced a counterfactual

attention mechanism that quantifies the causal influence of each entity on user prefer-

ences. Through this personalized reasoning process, the model not only captures which

entities are most relevant to individual users but also explains why specific entities con-

tribute to the recommendation results. In this way, LACAT achieves both high accuracy

and strong explainability.

We evaluated our framework on two publicly accessible datasets—Amazon and

MovieLens, and experimental results demonstrated that LACAT significantly outper-

forms several state-of-the-art baselines in Recall@K and NDCG@K. These improve-

ments verify the effectiveness of combining LLM-based semantic augmentation with

counterfactual reasoning for enhancing both the precision and explainability of recom-

mendations.

Although LACAT effectively bridges the gap between behavioral and semantic spaces,

there remain several limitations to explore in future work. First, the diversity of gener-

ated entities depends on the quality and domain coverage of the LLM, which may intro-

duce redundant or noisy attributes. Second, while the counterfactual attention module

enhances explainability, its computational cost may increase when dealing with very

large graphs. In future research, we plan to improve the efficiency of entity selection

and develop adaptive filtering strategies to balance semantic richness with model scala-

bility. Furthermore, we intend to extend the framework to multi-domain settings, where

causal reasoning over LLM-augmented knowledge could further improve the robustness

and generalization of RSs.



Chapter 5

Summary

5.1 Summary of Contributions

In this thesis, we have investigated how to enhance the accuracy and explainability

of recommender systems (RSs) in realistic scenarios where user-item interactions are

sparse and side information is heterogeneous. We focused on improving the representa-

tion quality of users and items by incorporating multi-modal data, relational structures,

and large language model (LLM)-driven knowledge augmentation. To achieve this goal,

we systematically addressed three major challenges that hinder existing recommenda-

tion frameworks: (1) modeling the relationships between interactions and side infor-

mation in multi-modal environments, (2) aligning semantic and behavioral spaces for

modality-aware learning, and (3) reasoning about personalized causal influence through

enriched semantic entities.

In Chapter 2, we addressed the first challenge by exploring the deeper relationships

between user-item interactions and item side information in multi-modal recommen-

dation. Existing models primarily relied on independent feature extraction for each

modality, followed by simple feature concatenation or averaging. These methods failed

to capture how different types of side information jointly influence user preferences.

To overcome this limitation, we proposed a Multi-modal Relational Side Information

Graph Attention Network (MRSI-GAT). MRSI-GAT constructs a specific graph for

each modality that includes both user-item interactions and item-item similarity rela-

89
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tions based on side information. Through graph attention mechanisms, our model adap-

tively captures the importance of multi-hop neighbors and integrates relational signals

across modalities. Experiments on public datasets demonstrated that MRSI-GAT ef-

fectively enhances representation learning and improves recommendation performance

under sparse data conditions.

In Chapter 3, we addressed the second challenge by aligning behavioral representa-

tions learned from interactions with semantic features extracted from multiple modal-

ities. Although existing multi-modal recommender systems can combine side infor-

mation, they often ignore the semantic consistency between learned embeddings and

raw side features, leading to shallow feature fusion. To handle this issue, we pro-

posed a Multi-task Multi-modal Graph Neural Network (MTMM-GNN). MTMM-GNN

constructs modality-specific user-item graphs to model interaction patterns within each

modality and introduces an auxiliary task that aligns the similarity of learned embed-

dings with that of original side features. Through multi-task optimization, the model

jointly learns modality-specific interaction patterns and semantic relationships. Experi-

mental results on Amazon, ModCloth, and MovieLens datasets confirmed that MTMM-

GNN achieves superior performance in terms of Recall@K, NDCG@K, and Preci-

sion@K, demonstrating its ability to bridge the gap between semantic and behavioral

spaces.

In Chapter 4, we addressed the third challenge by incorporating enriched seman-

tic knowledge generated by large language models into a graph-based recommendation

framework. Traditional knowledge graph (KG)-enhanced recommenders are limited by

the small number of predefined entities and relations, which restricts their ability to

represent complex user preferences. To overcome this limitation, we proposed a novel

framework, LLM Augmentation Enhanced Counterfactual Attention for Graph-based

Recommender Systems (LACAT). LACAT enriches the entity space by augmenting the

original KG with LLM-generated entities and relations, enabling a richer representation

of item semantics. Furthermore, a counterfactual attention mechanism is introduced to

quantify the causal influence of each entity on user preferences, achieving personalized

and interpretable recommendations. Extensive experiments on Amazon and MovieLens

datasets validated that LACAT not only improves accuracy but also enhances explain-

ability by revealing entity-level reasoning behind recommendation results.
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Through these studies, this thesis contributes a unified perspective on enhancing

recommendation systems with multi-modal, graph-based, and LLM-augmented infor-

mation. By combining representation learning, relational reasoning, and causal in-

terpretability, our work provides practical methodologies for building next-generation

recommender systems that are accurate, explainable, and adaptable to data-sparse en-

vironments. Although the three proposed methods are evaluated on similar datasets,

they are designed to address different challenges in recommender systems. As a result,

there is no single method that is universally optimal across all scenarios. Instead, each

model demonstrates its strengths under specific conditions, such as relational sparsity,

semantic-behavioral inconsistency, or the need for interpretability. Understanding these

contextual differences is essential for selecting or integrating appropriate techniques in

real-world applications.

5.2 Limitations

Although the three proposed models in this thesis effectively address key challenges in

multi-modal, graph-based, and LLM-augmented recommendation, several limitations

remain due to the inherent complexity of real-world data and the constraints of current

methodologies.

First, the model proposed in Chapter 2 (MRSI-GAT) relies on manually defined

similarity thresholds to construct item–item relations within each modality. While this

enables the model to capture modality-specific relational structures, manually selecting

thresholds may introduce bias and limit generalizability across datasets or domains. Ad-

ditionally, the number of modalities available in public datasets is typically small, and

many real-world user decision factors such as temporal context, emotional attributes, or

social cues are not explicitly encoded, restricting the richness of side information that

the model can exploit.

Second, the framework in Chapter 3 (MTMM-GNN) focuses on aligning the similar-

ity patterns between learned embeddings and raw side features. However, this alignment

is based solely on similarity distributions, which assumes that semantic relationships

can be fully captured by pairwise similarity measures. In reality, user preferences may

exhibit non-linear dependencies or contextual interactions that similarity-based losses
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cannot fully model. Furthermore, although MTMM-GNN reduces inconsistency across

modalities, it still depends on the availability and quality of the original side informa-

tion; when important modalities are missing, the alignment objective may become less

informative.

Third, the model introduced in Chapter 4 (LACAT) enriches semantic representa-

tions using LLM-generated entities, but the augmentation process may introduce noisy

or redundant information. Although counterfactual attention helps handle this issue by

assigning personalized causal importance to each entity, the accuracy of causal rea-

soning still depends on the coherence of the augmented knowledge graph. Moreover,

current evaluation settings rely on publicly available datasets with limited entity diver-

sity, which may not fully reflect the complexity of deploying LACAT in large-scale,

real-world environments.

Overall, these limitations highlight the challenges of modeling complex semantic

relationships, scaling multi-modal graphs, and ensuring the reliability of augmented

knowledge. Addressing these issues provides promising opportunities for future re-

search.

Furthermore, an important practical limitation shared across all three proposed meth-

ods is that they are developed as independent solutions targeting different aspects of the

recommendation pipeline. Although each model solves a specific challenge: multi-

modal relational learning, semantic, behavior alignment, and explainable semantic en-

richment. How these techniques can be integrated into a unified framework remains

unexplored. A deeper investigation on combining the strengths of these approaches is

essential for building an end-to-end system that simultaneously leverages multi-modal

signals, aligns semantic and behavioral spaces, and provides personalized, causally

grounded explanations. This integration challenge motivates part of the future research

agenda discussed in the next section.

5.3 Future Work

While this thesis has proposed effective methods for multi-modal and LLM-augmented

recommender systems, several research directions remain open for future exploration.
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5.3.1 Enhancing the Robustness of LLM-augmented Knowledge

Although LLM-based data augmentation expands the semantic coverage of items, the

generated entities may include noisy or redundant information that could reduce model

robustness. Future work will focus on developing automatic validation and filtering

mechanisms to evaluate the quality and reliability of LLM-generated knowledge be-

fore integration into recommendation graphs. Additionally, exploring dynamic update

strategies that adapt entity augmentation according to user feedback can further improve

consistency between semantic representations and real-world user preferences.

5.3.2 Scalable and Efficient Graph Learning

As the number of modalities and entities increases, the graph structure in multi-modal

and knowledge-augmented recommendations becomes increasingly large and complex.

Efficient training and inference on such heterogeneous graphs remain challenging. Fu-

ture work will investigate scalable graph learning techniques—such as sampling-based

aggregation, hierarchical message passing, or lightweight attention mechanisms—to re-

duce computational cost while maintaining recommendation accuracy.

5.3.3 Extending to Cross-domain Recommendations

Another promising direction is to extend our proposed methods to multi-domain scenar-

ios. In many real-world applications, user behavior and item attributes across multiple

domains (e.g., books, movies, and e-commerce) and languages. Building cross-domain

knowledge graphs with LLM-augmented entities and integrating multiple semantic rep-

resentations can help further improve generalization and adaptability of recommender

systems.

5.3.4 Integrated Framework Combining All Proposed Techniques

While each model presented in this thesis addresses a different challenge in multi-modal

and knowledge-augmented recommendation, an important future direction is to explore

how these techniques can be integrated into a unified framework. MRSI-GAT focuses
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on modeling relational structures within modalities, MTMM-GNN aligns semantic fea-

tures with user behaviors, and LACAT enhances item semantics and interpretability

through LLM-generated entities and personalized reasoning. Combining these capabil-

ities could enable a next-generation recommender system that simultaneously exploits

multi-modal relations, maintains semantic–behavioral consistency, and reasons about

personalized causal factors behind user decisions.

A possible direction is to design a shared representation space in which relational

graphs, modality-specific semantics, and enriched entities are jointly encoded. Such

a system could incorporate relational graph structures, apply semantic alignment ob-

jectives to ensure consistency across modalities, and integrate the augmented entities

and personalized attention for interpretable reasoning. Another direction is to construct

a hybrid multi-task framework in which each component contributes complementary

training signals: relational, semantic, and causal, thereby improving robustness under

sparse interactions. Exploring these integration strategies may lead to more powerful,

adaptable, and explainable recommendation models.

In summary, the contributions presented in this thesis provide a comprehensive foun-

dation for advancing personalized, interpretable, and semantically rich recommender

systems. We expect that continued research along these directions will further strengthen

the connection between human understanding and machine intelligence in the field of

recommendation.
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[71] Petar Veličković, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
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