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ABSTRACT

R
ecommender systems alleviate information overload by delivering personalised con-
tent, yet their effectiveness in real platforms is frequently constrained by imperfect
signals, including sparse user–item interactions, item cold-start, and non-stationary

user behaviour. Moreover, as modern recommender systems increasingly rely on item-side
content, missing or degraded modalities further distort representation learning and fusion.
This thesis studies robust recommendations under these practical imperfections through
three interconnected contributions that progress from temporal modelling to structural
representation enhancement, and finally to missing-modality robustness.

Non-stationary user behaviour is examined through the lens of sequential recommenda-
tion with long interaction histories. It introduces a state-space-based sequential architecture
augmented with a wavelet frequency rescaling mechanism, enabling frequency-aware adap-
tation to dynamic user behaviours while maintaining efficient modelling of long-range
dependencies.

Interaction sparsity is investigated from an item representation perspective in graph-
based recommendation. It proposes a graph learning framework that injects global relational
priors via fuzzy clustering and strengthens item representations beyond local neighbour-
hood aggregation, improving robustness when collaborative signals are limited or unevenly
distributed.

Item cold-start is further studied in multimodal recommendation, where item con-
tent modalities may be incomplete, inducing a completeness shift between complete and
incomplete items and entangling modality-invariant and modality-specific information.
It proposes a modality-adversarial generative enhancement framework that reconstructs
missing modalities from observed ones, aligns complete–incomplete distributions through
domain-adversarial learning, and disentangles invariant versus specific signals via mutual-
information regularisation to support more reliable multimodal fusion.

Taken together, these three studies demonstrate that robust recommendations in realistic
settings benefit from jointly addressing non-stationary temporal dynamics in user behaviour,
globally informed structural modelling under interaction sparsity, and distribution-aware
generation and fusion under missing modalities. By connecting frequency-aware sequential
modelling, fuzzy-structured graph representation learning, and completeness-shift-aware
multimodal enhancement, this thesis provides a coherent framework for building recom-
mender systems that remain dependable when data are sparse, behaviours evolve, and
content is incomplete.

xv





C
H

A
P

T
E

R

1
INTRODUCTION

1.1 Background

In the modern era, characterised by an unprecedented surge in digital information and a

vast increase in Internet users, individuals face the overwhelming challenge of information

overload (Bawden & Robinson, 2020). While search engines such as Google and Bing provide

a foundational means of accessing relevant content, they often lack the capacity to prioritise

and personalise information based on individual user preferences(Chiravirakul & Payne,

2014). This limitation underscores the critical demand for advanced recommender systems

that can efficiently tailor content to user needs and enhance the relevance of information

delivery.

Recommender systems are advanced software tools designed to suggest the most rele-

vant items—such as products or services—to users, whether individuals or businesses, by

predicting a user’s potential interest in each item. This prediction leverages information

about the items themselves, user profiles, and the interactions between them (Lu et al.,

2015). These systems effectively mitigate information overload by filtering vast, dynamic

datasets to align with user preferences and past interactions. Through personalised rec-

ommendations, they enhance online experiences and drive engagement, proving essential

in domains such as e-commerce (C. Gao et al., 2023) and e-learning (Wan & Niu, 2020),

where they support user decision-making and foster deeper interaction in both personal

and professional contexts. Nowadays, recommender systems have become integral to major

internet platforms, including Amazon, YouTube, Netflix, Yahoo, and Facebook, where they

1



CHAPTER 1. INTRODUCTION

drive user engagement and satisfaction by estimating the utility of items and predicting

their relevance for individual users.

Over the years, recommender systems have evolved from simple content-based filtering

and collaborative filtering approaches, which recommend items based on user or item

similarities, to more sophisticated techniques. Matrix factorisation methods, for example,

became popular as a foundational approach in collaborative filtering by capturing latent

factors in user-item interactions, which enhanced recommendation accuracy (Koren et al.,

2009). As recommendation needs grew more complex, various models emerged, combining

multiple approaches to address limitations such as cold-start, data sparsity and personalisa-

tion. With the advent of deep learning, recommender systems were further transformed,

allowing for complex, non-linear modelling of user and item interactions and enabling the

creation of highly personalised recommendations. Deep learning-based systems, such as

neural collaborative filtering(X. Wang et al., 2019) and graph neural networks(X. He et al.,

2020), are now standard baselines in recommendation tasks due to their ability to capture

intricate patterns in user behaviour.

Recently, the emergence of large language model (LLM)–based recommender systems

has further expanded the capabilities of these systems. By leveraging vast linguistic knowl-

edge and context understanding, LLM-based recommender systems can interpret nuanced

user queries and generate contextual recommendations, opening new possibilities in natural

language interactions and content discovery (Y. Gao et al., 2023). Additionally, cross-domain

recommendation has become an area of focus, addressing the need to transfer knowledge

from one domain to another to improve recommendation accuracy and mitigate data spar-

sity issues, especially in scenarios where user data in the target domain is limited (S. Zhao

& Sahebi, 2024). Cross-domain and LLM-based approaches thus represent the latest ad-

vancements in the field, enhancing both the flexibility and scope of modern recommender

systems. Together, these foundational and advanced algorithms form the basis of modern

recommender systems and will be discussed in detail in Section 2.2.

1.2 Problem Statement

Recommender systems are a critical component of modern online platforms, yet their

real-world reliability is increasingly challenged by imperfect and heterogeneous signals

(Q. Guo et al., 2022; Shambour & Lu, 2012). In practice, user preferences evolve over time,

interaction logs are often sparse and long-tailed, and item-side content can be incomplete

or degraded (Q. Zhang et al., 2023). However, many existing recommendation frameworks

2



1.3. RESEARCH QUESTIONS

are developed under simplifying assumptions—such as relatively stationary behaviours,

sufficiently dense feedback, or complete auxiliary information—which creates a gap between

model design and deployment reality (R. Wu et al., 2024). This gap can lead to unstable

ranking quality, biased representations, and poor generalisation to new users, new items, or

shifting environments. Therefore, the central problem motivating this research is to develop

principled recommendation learning paradigms that remain effective and robust under

three practical imperfections: non-stationary long-range behavioural dynamics, sparsity-

driven representation fragility, and incomplete multimodal information.

To frame the scope of this study, we highlight three key challenges aligned with the

research questions and objectives:

• Non-stationary long-range behaviour modelling: User interests are not static; they

drift with time, context, and external factors, while historical interactions may span

long horizons. Existing sequential recommenders may struggle to simultaneously

capture long-range dependencies and adapt to evolving behavioural patterns, often

leading to either short-term myopia or inefficient modelling when histories grow long.

• Representation learning under sparsity: Real-world interaction data are typically

sparse and imbalanced, where most users and items have limited feedback. Un-

der such conditions, learned representations can become fragile and biased, and

neighbourhood-based inference may be unreliable due to weak or noisy relational evi-

dence. This challenge is further amplified for new or long-tail items, where insufficient

interactions hinder effective personalisation.

• Robust multimodal learning with incomplete information: Multimodal recommen-

dation promises richer item understanding, yet in realistic platforms, item content can

be missing, partial, or low-quality. Incomplete observations can induce mismatches

between items with complete versus incomplete content and make multimodal fusion

unreliable, resulting in performance degradation and reduced robustness at inference

time.

1.3 Research Questions

Our goal is to develop advanced recommender systems that effectively address key limita-

tions in existing models. Specifically, we formulate the following research questions that our

study aims to answer:

3



CHAPTER 1. INTRODUCTION

• RQ1: How to learn non-stationary user behaviour and long-range dependencies in

sequential recommendation?

• RQ2: How to enrich item representations in graph-based recommendation under

sparsity?

• RQ3: How to improve the robustness of multimodal recommendation when modalities

are incomplete?

1.4 Research Objectives

To answer the research questions raised above, we set the following research objectives:

• RO1: Develop an approach that improves sequential recommendation by modelling

non-stationary user behaviours and long-range dependencies (aims to answer RQ1).

User preferences often evolve over time, and long interaction histories contain both

short-term intents and long-term patterns. Robust sequential models are therefore re-

quired to capture long-range dependencies while remaining sensitive to time-varying

behavioural changes.

• RO2: Develop an approach that enhances item representations in graph-based recom-

mendation under sparse user-item interactions (aims to answer RQ2).

Data sparsity limits the reliability of locally aggregated collaborative signals, which

can result in weak or biased item representations. Strengthening item embeddings

with more informative relational structure is essential for stable recommendation

performance when feedback is limited or unevenly distributed.

• RO3: Develop an approach that ensures the robustness of multimodal recommenda-

tion when item content is incomplete (aims to answer RQ3).

In real-world platforms, item modalities such as text or images may be missing or

degraded, causing incomplete items to differ systematically from complete ones and

making multimodal fusion unreliable. A robust multimodal recommender should

remain dependable under such incompleteness and avoid performance degradation.

1.5 Expected Outcomes

This thesis is expected to deliver the following outcomes:

4



1.5. EXPECTED OUTCOMES

• A sequential recommendation framework that models time-varying user behaviours

and captures long-range dependencies, enabling more reliable preference modelling

for users with long and evolving interaction histories.

• A graph-based recommendation framework that enhances item representations un-

der sparse user-item interactions by exploiting richer relational structure, improving

recommendation robustness when collaborative signals are limited or unevenly dis-

tributed.

• A multimodal recommendation framework that remains robust when item content

modalities are incomplete or degraded, supporting dependable representation learn-

ing and fusion for incomplete items in real-world settings.

Figure 1.1: Overview of the thesis framework.

Figure 1.1 illustrates the overall thesis framework, which links the identified practical

challenges to the corresponding research questions and objectives. Specifically, the thesis is

organised around three aligned research streams: sequential recommendation, graph-based

5



CHAPTER 1. INTRODUCTION

recommendation, and multimodal recommendation, each targeting a distinct real-world

imperfection and collectively contributing to the thesis outcomes.

1.6 Research Significance

• Theoretical Significance: In a theoretical view, the research significance can be articu-

lated in the following three aspects: (i) This thesis enriches the theoretical analysis of

sequential recommendation by characterising how user preferences evolve over long

horizons under non-stationary behaviours, and by clarifying the role of multi-scale

temporal structure in modelling dynamic preference signals. (ii) It advances represen-

tation learning theory for sparse recommendation by formalising the value of global

relational priors in complementing local neighbourhood evidence, thereby explaining

when and why sparsity induces biased or unstable item representations and how such

fragility can be mitigated in a principled manner. (iii) This thesis broadens the theo-

retical foundations of multimodal recommendation with incomplete information by

framing missing-modality scenarios as a joint problem of partial observability and dis-

tribution mismatch, which elucidates the principles required for reliable multimodal

integration and generalisation in realistic settings and motivates further research on

robustness in recommender systems.

• Practical Significance: From a practical perspective, the findings of this thesis can

contribute to real-world recommender systems in the following three aspects: (i) The

findings of this thesis benefit real-world recommender systems where user interaction

histories are long and continuously evolving. By improving the capability to model

dynamic preferences over extended periods, the proposed line of research supports

more stable and timely personalisation in applications such as e-commerce, stream-

ing media, and online platforms that operate under rapidly changing user interests.

(ii) This thesis contributes to practical recommendation scenarios where user–item

interactions are sparse. By strengthening item representations when feedback signals

are limited, the outcomes of this research can improve recommendation quality for

new or infrequently interacted items, helping platforms maintain reliable service

quality even with constrained behavioural data. (iii) The research has practical value

for multimodal recommendation in realistic environments where item-side content

can be missing, incomplete, or degraded. By enhancing robustness under partial

information, the results improve system reliability and user experience, and reduce

6



1.7. THESIS STRUCTURE

the risk of performance deterioration caused by imperfect or unavailable modalities

across diverse deployment settings.

1.7 Thesis Structure

To present our work in a clear and coherent manner, the chapters of this thesis are organised

as follows:

• Chapter 2: This chapter provides a comprehensive literature review of recommender

systems, covering the category of recommendation tasks. It further reviews represen-

tative paradigms in sequential recommendation, graph-based collaborative filtering,

and multimodal recommendation. Thereby establishing the theoretical and practical

foundation for the subsequent chapters.

• Chapter 3: A sequential recommendation framework is developed in this chapter.

It investigates how to capture long-range dependencies while adapting to evolving

behavioural patterns, and reports empirical studies to demonstrate the effectiveness

and efficiency of the proposed solution on benchmark sequential recommendation

datasets.

• Chapter 4: A graph-based recommendation framework is presented in this chap-

ter. It focuses on graph-based recommendation under sparse user-item interactions

and item cold-start. It studies how to strengthen item representations when neigh-

bourhood signals are weak or biased, and validates the proposed approach through

systematic experiments and analyses, highlighting improvements in recommendation

quality in sparse settings.

• Chapter 5: Modality missingness in multimodal recommendation is explored in this

chapter. It investigates multimodal recommendation in realistic scenarios where item-

side content is incomplete, missing, or degraded. It formulates the robustness issues

induced by partial observability and distribution mismatch, and presents experimen-

tal results and diagnostic analyses to show how reliable multimodal integration can

be achieved under missing-modality conditions.

• Chapter 6: This chapter concludes the thesis and discusses future research directions.
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2
LITERATURE REVIEW

I
n this chapter, we review the foundations and recent advances of recommender sys-

tems to establish the context for the research questions addressed in this thesis. We

first introduce major categories of recommendation tasks, clarifying the differences

between general recommendation, sequential recommendation, and click-through rate

prediction. We then summarise representative algorithmic paradigms for general recom-

mendation, including content-based filtering, knowledge-based filtering, and collaborative

filtering, with an emphasis on matrix factorisation and graph-based learning that underpin

modern recommender systems. Building on this foundation, we further review emerging

directions that are closely related to the thesis objectives, including knowledge graph-based

recommendation, LLM-based recommendation, and multimodal recommendation. Finally,

we focus on multimodal recommendation under modality missingness, categorising exist-

ing solutions into preprocessing-based completion and model-level strategy design, and

highlighting the remaining gaps that motivate the methods developed in the subsequent

chapters.

2.1 Category of Recommendation Tasks

As these foundational and advanced methods evolved, recommender systems have branched

into specialised tasks, each addressing distinct aspects of user engagement. The following

sections will explore key types of recommendation tasks, beginning with general recom-

mendations, and then examining sequential recommendations and click-through rate

9
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predictions.

General Recommendation Unlike specialised recommendation tasks, which may focus on

specific user actions or domain-specific behaviours, general recommendation aims to pro-

vide users with relevant items based on a broad analysis of historical user-item interactions.

The main function of the user-item interactions is:

f : U × I → D, (2.1)

where a single item i ∈ I and a specific user u ∈U . D is the final recommendation list. For

a given user u ∈U and an item i ∈ I , the function f (u, i ) computes the utility or relevance

of item i for user u. The output D is a ranked list of items, ordered by their predicted utility,

providing the user with a tailored set of recommendations based on items they have not yet

interacted with(Q. Zhang et al., 2021).

In general recommendation, the utility f (u, i ) often relies on factors such as past user

interactions, explicit user ratings, or inferred preferences. Recommendation algorithms find

an item for the user by maximising f (u, i ):

∀u ∈U , argmax
i∈I

f (u, i ), (2.2)

argmax identifies the item with the highest utility that has not yet been consumed by the

user. By ranking items based on this utility score, the recommender system generates D that

aims to maximise user satisfaction and engagement(Lu et al., 2020).

General recommendation, therefore, serves a wide range of applications, from e-commerce

product suggestions to personalised content delivery on streaming platforms, offering broad

solutions aimed at enhancing user satisfaction and engagement across diverse domains.

Sequential Recommendation Sequential recommendation aims to predict a user’s next

interaction based on their past interaction history, capturing both short-term and long-term

behavioural patterns. Unlike general recommendation tasks, which provide a broad analysis

of user-item preferences, sequential recommendation leverages the temporal order of user

interactions to deliver contextually relevant predictions. In this setting, each user has a

chronologically ordered interaction sequence: Su = [i u
1 , i u

2 , . . . , i u
n ], where i u

t denotes the t-th

item that user u interacted with, and n is the sequence length.

The primary objective of sequential recommendation is to predict the next item in the

user’s interaction sequence, specifically targeting the (n + 1)-th item, denoted i u
n+1. The
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system generates a Top-k recommendation list, Lu = [i u,1
n+1, i u,2

n+1, . . . , i u,k
n+1], by selecting items

with the highest predicted probabilities:

Lu = Top-k
(
P (i | Su)

) ∀i ∈ I , (2.3)

where P (i | Su) represents the probability of user u interacting with item i given their

interaction history Su (C. Liu et al., 2024; Shin et al., 2024).

Traditional approaches in sequential recommendation include methods like Markov

chains and sequential pattern mining, which model item-to-item transitions to predict

future interactions (R. He & McAuley, 2016a; Rendle et al., 2010; Yap et al., 2012). With

advances in machine learning, latent representation models were introduced, capturing

user preferences through learned embeddings. A notable example is the Gated Feedback

Frequency model (GFF) (Hidasi & Tikk, 2016). Subsequently, the rise of deep learning brought

models based on convolutional and recurrent neural networks, such as Caser (Tang & Wang,

2018) (CNN-based) and GRU4Rec (Hidasi, Karatzoglou, et al., 2016) (RNN-based), which

significantly enhanced the modelling of sequential patterns.

Recently, transformer-based models like SASRec (Kang & McAuley, 2018) and BERT4Rec

(Sun et al., 2019) have further advanced sequential recommendation by applying self-

attention mechanisms to capture both local and global dependencies within user sequences.

However, deep learning models often face challenges with stability during training, known

as the "overshooting problem." To address this, models like FMLPRec (K. Zhou et al., 2022)

introduced Fourier frequency filters to control noise, while BsaRec (Shin et al., 2024) im-

proved on this by better integrating low- and high-frequency information. More recently,

Mamba4Rec (C. Liu et al., 2024) has utilised state space models to enhance computational

efficiency, combining rapid inference with accuracy improvements for long user sequences.

While sequential recommender systems are designed to capture temporal dynamics

in user behaviour, they differ from general recommendation in both task formulation and

modelling assumptions. General recommendation usually focuses on estimating user-item

relevance from historical interactions, whereas sequential recommendation explicitly con-

siders the chronological order of user actions to predict future preferences. Therefore, this

section provides a concise overview of representative sequential recommendation mod-

els, while the task-specific motivation and technical development are further discussed in

Chapter 3.

Click-Through Rate Prediction Click-Through Rate Prediction, or CTR Prediction, is a

recommendation task focused on estimating the likelihood that a user u will click on a
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specific item i . Unlike general and sequential recommendation tasks, which primarily rank

items based on utility or sequential patterns, CTR Prediction models the probability of a user

interacting with an item as a binary classification problem. The objective of CTR prediction

is to determine P (y = 1 | u, i ), where y = 1 denotes a positive interaction, such as a click. The

CTR Prediction function can be defined as:

fCTR : U × I → [0,1], (2.4)

where fCTR outputs the predicted probability that user u will click on item i , given their

attributes and past interactions. Items are then ranked based on these probabilities, and the

system presents a list of items with the highest predicted CTR values.

CTR prediction is commonly applied in online advertising, where accurately predict-

ing click behaviour directly impacts revenue. For example, platforms like Facebook and

Google use CTR Prediction models to select and display ads most likely to attract user clicks,

optimising ad relevance and user engagement(Pan et al., 2023; X. Wang, 2020).

Models used for CTR prediction often include Support Vector Machines (SVM) (Hearst

et al., 1998), logistic regression (Hosmer et al., 2013), and deep learning-based approaches

(Feng et al., 2019; Pi et al., 2019; Qin et al., 2021), which differ from typical recommendation

algorithms. Therefore, the algorithm discussions in the following sections will primarily

focus on methods for general recommendation tasks.

2.2 Categories of General Recommendation Algorithms

2.2.1 Content-based Filtering

Content-based filtering is one of the earliest and most classical approaches to recommen-

dation. As the name suggests, content-based filtering relies on the attributes or content

of items to make recommendations. Each item is characterised by a set of features that

define its properties—such as genre, author, or keywords for a book or movie. The system

recommends items to a user by analysing the features of items the user has previously

interacted with and identifying similar items based on these features(Q. Zhang et al., 2021).

Item representation plays a critical role in determining the relevance of recommenda-

tions. Typically, each item is represented as a vector of features that describe its content,

allowing the system to compute the similarity between items. A classic approach to item

representation is the vector space model, where items are represented in a high-dimensional

space based on attributes or keywords. One of the most widely used techniques within this
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model is Term Frequency-Inverse Document Frequency (TF-IDF), which assigns weights to

terms in an item’s description to reflect their importance relative to other items(Jones, 1972).

By using TF-IDF, the system can identify significant keywords associated with each item,

enabling effective comparison between items based on shared or related terms.

Recently, methods like Word2Vec have been introduced to improve item representation

in content-based filtering. Unlike traditional TF-IDF, Word2Vec captures semantic relation-

ships between words by mapping them into dense, low-dimensional vectors. This approach

enables the system to detect deeper connections between items based on contextual similar-

ity rather than just keyword overlap. For example, Word2Vec can help identify that "thriller"

and "mystery" movies may be similar in user preference, even if these specific terms don’t

overlap directly (Mikolov et al., 2013).

User profiling is another essential component in content-based filtering, as it captures

the preferences and interests of each individual user to generate personalised recommenda-

tions. In a content-based system, a user profile is typically created by analysing the features

of items the user has previously interacted with, such as items they have viewed, rated, or

purchased. This profile represents the user’s preferences as a vector, often using the same

feature space as the items themselves. For example, if the system is recommending movies,

the user profile may include a weighted vector of preferred genres, directors, or keywords

based on past interactions.

To construct a user profile, the system aggregates information from the features of the

items associated with that user. A common technique is to average the feature vectors of all

items a user has interacted with, weighted by the level of interaction or explicit feedback,

such as ratings. This approach results in a user preference vector that reflects the user’s most

significant interests.

The similarity between a user’s profile and an item’s feature vector is then calculated—often

using cosine similarity or other distance metrics—to determine the relevance of the item

to the user. Cosine similarity measures the cosine of the angle between the user and item

vectors, with values closer to 1 indicating higher similarity. The cosine similarity between

two vectors A and B is defined as:

sim(A,B) = A ·B

∥A∥∥B∥ =
∑n

i=1 Ai Bi√∑n
i=1 A2

i ·
√∑n

i=1 B 2
i

, (2.5)

where A ·B is the dot product of vectors A and B, and ∥A∥ and ∥B∥ denote the magnitudes of

A and B, respectively. Cosine similarity provides a normalised measure of similarity, which

is particularly effective in high-dimensional spaces where vector magnitudes may vary
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significantly (Steck et al., 2024).

Common methods for calculating similarity-based recommendations include K-Nearest

Neighbours (KNN), which identifies the k most similar items to a user profile by comparing

vectors (G. Guo et al., 2003), and matrix factorisation techniques that reduce the dimen-

sionality of feature vectors for more efficient similarity computation (Koren et al., 2009).

Other distance metrics, such as Euclidean distance and Pearson correlation, can also be

used depending on the data characteristics and recommendation goals.

Content-based filtering offers several benefits, particularly its ability to provide person-

alised recommendations to new users with limited interaction history, helping to address

the "cold start" problem (Shambour & Lu, 2012). Because recommendations are based on

the content and features of items, the system does not rely on other users’ data, ensuring

privacy and independence in the recommendation process. Additionally, content-based

filtering systems are straightforward to implement and interpret, as recommendations are

directly tied to user preferences and item attributes. This transparency enables users and

developers to understand why specific items are recommended.

However, content-based filtering also has limitations. One of the primary drawbacks is

the lack of diversity in recommendations, as the system is content-dependent and tends

to recommend items similar to those a user has already interacted with, potentially lead-

ing to a narrow range of suggestions and limiting exploration (Balabanović & Shoham,

1997). Furthermore, content-based methods require comprehensive and well-structured

item metadata, which may not always be available, especially in domains with complex

or ambiguous item characteristics. Another limitation is the challenge of capturing user

preferences in more abstract or non-content-based aspects, such as novelty or popularity,

as content-based filtering focuses solely on item attributes rather than broader user-item

interactions across the system.

Overall, while content-based filtering remains a foundational technique for recom-

mender systems, its limitations have led to the development of more advanced methods,

such as knowledge-based filtering and collaborative filtering, to provide a more comprehen-

sive and diverse recommendation experience.

2.2.2 Knowledge-based Filtering

Knowledge-based filtering is a recommendation approach that uses explicit knowledge

about items, users, and their interactions to generate recommendations (Burke, 2002).

Knowledge-based filtering systems are built on predefined rules and domain knowledge

that map user requirements to item features. This approach is particularly useful in do-

14



2.2. CATEGORIES OF GENERAL RECOMMENDATION ALGORITHMS

mains where user preferences are complex or need to be highly customised, such as in

recommending financial products, real estate, or specialised services.

One common technique within knowledge-based filtering is case-based reasoning (CBR),

which makes recommendations by finding items that are similar to cases that have satisfied

previous users with similar requirements (Aamodt & Plaza, 1994). In a case-based reasoning

system, user queries are matched to a database of past cases or scenarios, each representing

a unique combination of user needs and item attributes. For instance, in a travel recom-

mender system, a user looking for a “beach vacation with family-friendly activities” might

be recommended destinations based on similar cases of past users with comparable prefer-

ences. Case-based reasoning provides an intuitive way to handle complex, preference-based

queries without requiring large amounts of historical user interaction data.

Knowledge-based filtering, including case-based reasoning, is particularly advantageous

in situations where user needs are specific and interaction data is limited. However, this

approach requires a comprehensive, well-structured knowledge base and detailed infor-

mation about user needs, making it labour-intensive to maintain and less adaptable to

dynamic environments. Consequently, research on knowledge-based filtering has become

less common in modern recommender systems, as newer methods have evolved to address

a wider range of recommendation challenges in the dynamic world nowadays.

2.2.3 Collaborative Filtering

Traditional Models Memory-based collaborative filtering is one of the earliest and most

widely used techniques in recommender systems. This approach relies directly on the user-

item interaction matrix to make recommendations based on observed similarities between

users or items. Memory-based collaborative filtering can be categorised into two main types:

user-based and item-based collaborative filtering.

In user-based collaborative filtering, the system identifies users with similar preferences

by analysing their interaction histories. For example, if user u has rated or interacted with

a set of items similarly to another user v , then items that v has enjoyed are likely to be

recommended to u. The similarity between users can be calculated using metrics like cosine

similarity(Steck et al., 2024), and Pearson correlation(Pearson & Galton, 1895), with cosine

similarity being one of the most common methods. The user-based approach is intuitive

and performs well in environments with sufficient user overlap.

In item-based collaborative filtering, the system recommends items that are similar to

those the user has already interacted with. Rather than focusing on user similarities, item-

based collaborative filtering looks at similarities between items based on user interactions.
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For instance, if two items have been frequently rated or viewed by the same group of users,

they are considered similar, and one can be recommended to users who liked the other. This

approach is often more scalable than user-based filtering, especially in systems with large

user bases, as the number of items tends to be smaller and more stable than the number of

users over time.

Memory-based collaborative filtering is straightforward to implement and does not

require complex model training, making it highly interpretable and effective for smaller

datasets. However, it suffers from several limitations, including cold-start problems, data

sparsity and scalability issues. The approach’s reliance on direct similarity calculations can

lead to poor performance when user-item interaction data is sparse. Additionally, memory-

based models may struggle to capture complex relationships, such as non-linear user-item

interactions, limiting their effectiveness in highly dynamic environments.

Matrix Factorization-based Models Matrix factorisation (MF) has become one of the most

influential and widely adopted techniques in collaborative filtering for recommender sys-

tems, primarily due to its ability to handle large, sparse datasets. The basic idea behind ma-

trix factorisation is to decompose the user-item interaction matrix into lower-dimensional

representations of users and items (Koren et al., 2009). In this approach, each user and item

is represented by latent vectors in a shared feature space, capturing hidden relationships

between users and items that are not explicitly observable in the original interaction data.

A prominent matrix factorisation method is Singular Value Decomposition (SVD), which

factorises the user-item interaction matrix R into three matrices:

R ≈UΣV T , (2.6)

where U and V are matrices of latent factors for users and items, respectively, and Σ is a

diagonal matrix containing singular values that scale the latent factors. SVD was popularised

by the Netflix Prize competition, where it demonstrated significant performance improve-

ments over traditional memory-based collaborative filtering methods (Takács et al., 2008).

The factorised matrices capture latent features that implicitly define user preferences and

item characteristics, allowing for more accurate predictions even in cases of sparse data.

Another influential method in this category is Non-negative Matrix Factorisation (NMF),

which imposes non-negativity constraints on the latent factors. NMF is particularly useful

in scenarios where interpretability of the latent factors is essential, as the non-negative

constraints ensure that the latent features have a clearer, additive representation (Belyadi &
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Haghighat, 2021). This technique has been effective in applications where understanding

user preferences in positive-only terms (e.g., likes or positive ratings) is crucial.

A widely adopted extension of matrix factorisation is Probabilistic Matrix Factorisation

(PMF), which treats user-item interactions as probabilistic events. PMF introduces a proba-

bilistic framework to MF, allowing for regularisation that reduces the risk of overfitting and

enhances the robustness of the model, particularly for sparse datasets (Salakhutdinov &

Mnih, 2007). Building on this, Bayesian Personalised Ranking (BPR) is a pairwise ranking

approach developed to improve recommendation ranking rather than just predict ratings.

BPR optimises for the relative order of item preferences rather than absolute ratings, which

is often more effective in real-world recommendation scenarios (Rendle et al., 2009).

Matrix factorisation techniques, despite their advantages, have limitations. They assume

linear relationships between users and items, which can oversimplify complex interactions.

Moreover, traditional MF approaches do not consider temporal dynamics or sequential

patterns in user behaviour. To address these limitations, hybrid models and deep learning

extensions have been developed, which incorporate additional contextual information or

non-linear interactions. Nevertheless, matrix factorisation remains a foundational approach

in collaborative filtering, providing interpretable and computationally efficient solutions for

recommender systems.

Graph-based Models In recent years, graph-based models have become an increasingly

popular approach in collaborative filtering, especially for recommendation tasks that require

capturing complex user-item relationships beyond simple interactions. By representing

users and items as nodes in a graph and their interactions as edges, graph-based models can

better capture higher-order connectivity and exploit user-item structural information. Graph

Neural Networks (GNNs) have been particularly successful in this domain, with models such

as NGCF (Neural Graph Collaborative Filtering), LightGCN, and SimGCL demonstrating

state-of-the-art performance in recommendation.

Neural Graph Collaborative Filtering (NGCF) was one of the pioneering models to in-

troduce GNNs in collaborative filtering. NGCF extends traditional collaborative filtering by

leveraging GNN layers to propagate embeddings across multiple layers in the user-item inter-

action graph, thereby capturing high-order connectivity between users and items (X. Wang

et al., 2019). This model generates enriched user and item representations by iteratively

aggregating information from neighbours, allowing it to learn more expressive embeddings

that capture latent relationships between users and items.

The core of NGCF’s propagation mechanism is represented by the following equation:
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e(k+1)
u = e(k)

u + ∑
i∈N (u)

1p|N (u)| · |N (i )| σ
(
W (k)e(k)

i +b(k)
)

, (2.7)

where e(k+1)
u is the embedding of user u at the (k + 1)-th layer, N (u) denotes the set of

items interacted with by user u, W (k) and b(k) are the learnable weight matrix and bias for

layer k, and σ is the activation function (typically ReLU). This formula shows that each

user’s embedding is updated by aggregating information from its neighbours in the graph,

normalised by node degrees to balance contributions from different nodes.

By stacking multiple layers, NGCF captures high-order connectivity in the graph, enrich-

ing the user and item representations with information from multiple hops. This iterative

aggregation process enables NGCF to learn latent relationships between users and items,

enhancing recommendation accuracy through deeper interaction modelling across the

user-item graph.

Building on the success of NGCF, LightGCN (Light Graph Convolutional Network) was

introduced to simplify the model architecture while retaining the benefits of GNN-based

embedding propagation. LightGCN removes non-linear activation functions and feature

transformation layers, resulting in a more lightweight and efficient model. This simplification

not only reduces computational complexity but also enhances performance by focusing

solely on the message-passing mechanism, which aggregates information from multi-hop

neighbours. The core of LightGCN’s approach lies in its propagation rule, which updates the

embeddings of users and items through each layer as follows:

e(k+1)
u = ∑

i∈N (u)

1p|N (u)| · |N (i )| e(k)
i , (2.8)

where e(k+1)
u denotes the embedding of user u at the (k +1)-th layer, and N (u) represents

the neighbours of user u (i.e., the items interacted with by u). This equation shows that

LightGCN aggregates embeddings from neighbouring nodes, normalised by the degree of

each node, to ensure balanced information propagation. By iteratively applying this aggre-

gation, LightGCN captures multi-hop neighbour information, enhancing the embedding

representations of users and items.

LightGCN has become a widely adopted baseline due to its efficiency and strong per-

formance across various recommendation benchmarks (X. He et al., 2020). The model’s

streamlined design—focused exclusively on message-passing—makes it computationally

less intensive and easier to scale, particularly in large datasets where traditional GNNs may

struggle.
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More recently, SimGCL (Simple Graph Contrastive Learning) has introduced contrastive

learning techniques into the graph-based recommendation domain. Unlike traditional

graph-based models that focus solely on collaborative signals, SimGCL applies contrastive

learning to maximise agreement between different augmentations of the user-item graph

(J. Yu et al., 2022). This approach helps to regularise the embeddings, improving robustness

to noise and sparsity in the interaction data. By learning more distinct and well-separated

embeddings, SimGCL addresses challenges related to data sparsity and provides more

diverse recommendations.

The main objective of SimGCL is to enhance representation learning by pulling together

embeddings of similar items and pushing apart embeddings of dissimilar items. The con-

trastive learning objective in SimGCL can be defined as follows:

LSimGCL =− ∑
(u,v)∈P

log
exp(sim(eu ,ev )/τ)∑

(u,v ′)∈N exp(sim(eu ,ev ′)/τ)
, (2.9)

where LSimGCL is the contrastive loss, P denotes the set of positive pairs (i.e., similar items

or items connected by a user interaction), and N represents the set of negative samples.

The function sim(eu ,ev ) calculates the similarity between embeddings eu and ev , typically

using cosine similarity. The temperature parameter τ controls the concentration level of the

distribution.

In SimGCL, augmentations of the graph are generated by randomly masking or perturb-

ing edges in the user-item interaction graph. By training the model to maximise agreement

between the representations of these augmented views, SimGCL learns embeddings that are

more robust to noise and able to capture diverse recommendation patterns, thus mitigating

data sparsity issues and enhancing recommendation diversity.

Graph-based models, particularly those based on GNNs, offer several advantages in

recommendation tasks, such as their ability to capture high-order interactions and learn

more robust user-item representations. However, these models can be computationally

expensive, especially on large graphs, and may require careful tuning of hyperparameters

and graph augmentations. Despite these challenges, graph-based models have proven to

be effective in various recommendation scenarios and continue to be a significant area of

research and development in collaborative filtering.

2.2.4 Knowledge Graph-Based Recommendation

Knowledge graph-based recommender systems leverage structured information about enti-

ties and their relationships to enhance recommendation accuracy and provide meaningful
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explanations. A knowledge graph represents items, users, and associated attributes as nodes,

with edges denoting relationships. This structure allows KG-RS to capture semantic con-

nections between entities that may not be apparent in traditional recommender systems.

For instance, in a movie recommendation setting, a KG can incorporate relations such as

"directed by," "acted in," or "similar genre," enabling the recommender system to make

suggestions closely aligned with user preferences (Q. Guo et al., 2022).

Methods in KG-RS can be broadly divided into embedding-based, connection-based, and

propagation-based approaches. Embedding-based methods learn vector representations

of entities and relationships within the KG, effectively projecting them into a continuous

vector space. Models like TransE and TransR are often used in this category, transforming

entities and relations into low-dimensional vectors to facilitate similarity computations

between users and items (Bordes et al., 2013; Y. Lin et al., 2015). Some embedding-based

models follow a two-stage learning approach, where embeddings are first pre-trained using

KG embedding algorithms and then fine-tuned with user-item interaction data, leading to

improved recommendation performance.

Connection-based methods focus on the structural paths within the KG to model the con-

nections between entities. Techniques such as meta-paths and meta-graphs define compos-

ite relations between items, users, and attributes, providing clear relational pathways in the

KG that can be intuitively understood. For example, a meta-path like "user–watched–actor–acted

in–movie" can highlight shared actors between movies a user has previously watched and

potential recommendations, improving both the interpretability and relevance of recom-

mendations.

Propagation-based methods use graph neural networks (GNNs) to aggregate information

iteratively from neighbouring nodes in the KG, enabling the model to capture high-order

connections between entities. This approach allows for a more comprehensive understand-

ing of user preferences by propagating features across the graph. However, these models

can be computationally demanding due to the need for neighbour sampling and attention

mechanisms to handle the extensive relationships and nodes in large KGs (C. Zhao et al.,

2019). Some propagation-based models incorporate attention layers to dynamically weigh

the relevance of neighbours, refining the focus on significant relationships within the graph.

Knowledge graph-based recommendation offers distinct advantages. By integrating

rich, structured information from the KG, these methods often achieve enhanced recom-

mendation accuracy, better handling of cold-start and data sparsity issues, and improved

explainability of recommendations. However, they also present challenges, including in-

creased computational complexity and reliance on high-quality KG data, as propagation
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across large graphs can be resource-intensive, and accurate, up-to-date KG data is critical

for effective performance (Q. Guo et al., 2022).

Overall, KG-based methods have significantly advanced the field of recommender sys-

tems by enabling the incorporation of structured knowledge. These approaches open new

possibilities for delivering highly relevant, contextually enriched, and interpretable recom-

mendations across diverse domains, from e-commerce to social media.

2.2.5 LLM-based Recommendation

Large Language Models (LLMs) have recently gained significant attention in the field of rec-

ommender systems due to their advanced natural language understanding and generation

capabilities. Traditional recommendation models, while effective at user-item interaction,

often struggle to incorporate complex textual data and understand diverse user intents

across different scenarios. LLMs, with their ability to process vast amounts of text and model

intricate patterns in language, offer promising enhancements to recommender systems.

One primary approach for integrating LLMs in recommender systems is through prompt-

ing, where LLMs generate recommendations based on carefully designed prompts. For exam-

ple, systems like Chat-Rec(Y. Gao et al., 2023) leverage ChatGPT to refine recommendation

lists provided by traditional models, thereby enhancing both accuracy and explainability. An-

other approach involves using task-specific prompts that allow users to specify preferences

in natural language, improving recommendation personalisation by catering to explicit user

intents. This is evident in systems like P5(Geng et al., 2022), which use personalised prompt

frameworks to handle various recommendation formats, enabling the model to generalise

across multiple recommendation tasks with minimal retraining.

Fine-tuning is another powerful method for aligning LLMs with recommendation tasks.

Fine-tuning allows the model to learn from task-specific data, enhancing its ability to predict

relevant items by adjusting model parameters based on user-item interactions. Methods like

TALLRec(Bao et al., 2023) and PALR(Yang et al., 2023) adopt fine-tuning strategies to improve

performance on sequential recommendations, while LoRA(Hu et al., 2021) fine-tuning

reduces computational overhead, making it feasible to deploy LLMs on resource-constrained

devices.

Beyond direct recommendations, LLMs also contribute significantly to explanation

generation and conversational recommendations. LLMs like ChatGPT can generate human-

like explanations for their suggestions, as demonstrated in Chat-Rec, where LLMs provide

clear reasoning for their recommendations, helping to increase user trust and satisfaction.

Furthermore, conversational recommender systems, such as UniCRS, employ LLMs to
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maintain dynamic user interactions, allowing users to refine their preferences through

dialogue and receive updated recommendations accordingly.

Pre-training and prompt tuning are additional strategies explored in LLM-based recom-

mender systems. Pre-training on extensive datasets with diverse content allows LLMs to

generalise across different recommendation domains, from movies to e-commerce prod-

ucts. In particular, prompt tuning methods that adjust task-specific prompts enable LLMs

to handle a variety of recommendation subtasks, such as top-k recommendation and rat-

ing prediction, without extensive retraining. This flexibility makes LLMs highly adaptable,

allowing them to serve as powerful engines for next-generation recommender systems.

Overall, LLMs present a robust framework for addressing the evolving needs of rec-

ommendation tasks. By enabling deep contextual understanding, LLMs enhance recom-

mendation accuracy, improve personalisation, and facilitate more engaging, interactive

user experiences. The rapid advances in LLM capabilities suggest a promising future for

LLM-based recommender systems, particularly as methods for integrating, fine-tuning, and

prompting these models continue to mature.

2.2.6 Multimodal Recommendation

Multimodal recommendation mitigates data sparsity and cold start in collaborative filtering

(CF) by leveraging rich item-side content to strengthen item representations. Early work

such as VBPR (R. He & McAuley, 2016b) adopts a straightforward strategy, augmenting

user & item ID embeddings with visual and textual features to model preferences. With the

advent of graph neural networks, GCNs have become central in CF-based recommenders.

LightGCN (X. He et al., 2020), in particular, offers a clean and effective propagation design,

removing feature transformations and nonlinear activations to focus on pure neighbourhood

aggregation over the user-item graph. Building on this backbone, MMGCN (Wei et al., 2019)

performs modality-aware message passing on the user-item graph, while DualGNN (Q. Wang

et al., 2023) maintains two modality-specific GNNs and fuses them with adaptive weights to

learn multimedia-aware representations. From BM3 (X. Zhou, Zhou, et al., 2023) onward,

contrastive learning objectives have been used to inject self-supervision. Representative

methods such as LATTICE (J. Zhang et al., 2021), FREEDOM (X. Zhou & Shen, 2023), PGL (P.

Yu et al., 2025), GUME (G. Lin et al., 2024), and SMORE (Ong & Khong, 2025), etc (X. Guo et al.,

2025), further strengthen multimodal modelling by exploiting richer item-side structure in

conjunction with collaborative signals. Despite these advances, most approaches assume

complete modality availability; coping with partially complete or modality missingness

remains underexplored and is the focus of this work.

22



2.2. CATEGORIES OF GENERAL RECOMMENDATION ALGORITHMS

2.2.6.1 Modality Missingness in Multimodal Recommendation

Multimodal learning with missing modalities has attracted increasing attention, as modality

absence is common in real-world multimodal systems (Ma et al., 2021). Given the im-

portance of rich modality signals, simply discarding items with missing modalities wastes

valuable supervision and may further exacerbate data sparsity, ultimately harming rec-

ommendation performance. Consequently, existing studies on missing modality-aware

multimodal recommender systems (MMARec) generally fall into two complementary direc-

tions: data preprocessing and missing-modality strategy design (R. Wu et al., 2024).

Preprocessing-Based Completion Preprocessing-based completion attempts to construct

complete inputs before training by imputing missing modalities, such as mean, zero filling

or neighbourhood-based k-nn over observed item features. Although these approaches are

simple and efficient, the resulting surrogate features can be biased when missingness is

severe or structured. To better exploit collaborative signals, several graph-aware methods

further propagate information on the user-item graph or content-derived item-item graphs

to refine the filled features (Malitesta et al., 2024). However, because such imputation is often

performed outside the recommender and then held fixed, the filled representations may not

adapt to the evolving embedding space during training, leading to distribution mismatch.

Moreover, repeatedly reusing imputed features can amplify hubness and over-smoothing

effects, which may limit robustness under high missing ratios.

Strategy Design Strategy design develops model-level mechanisms to enhance robustness

under incomplete modalities. This line of work can be broadly categorised into represen-

tation learning and generation-based approaches. Representation learning methods aim

to learn modality-robust, modality-invariant, or modality-adaptive representations that

remain effective even when one or more modalities are absent. MILK (Bai et al., 2024)

pursues invariant preference modelling via cross-modality alignment and cyclic mixup.

SiBraR (Ganhör et al., 2024) adopts a single-branch, weight-sharing encoder to project

different available modalities into a shared embedding space. I3-MRec (H. Chen et al.,

2025) further combines invariant risk minimisation across modality environments with an

information-bottleneck-based fusion to learn compact and missing-aware representations.

HIRE (Z. Lin et al., 2025) leverages unified heterogeneous hypergraph representation learn-

ing to capture higher-order cross-modal relations. MMAM (J. Chen et al., 2025) employs

an adversarial generator-discriminator architecture to learn transferable, modality-robust

features under uncertain missing-modality patterns.
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In contrast, generation-based methods explicitly reconstruct missing modalities from

observed ones, allowing the model to recover informative cross-modal cues and preserve

item discriminability under incomplete inputs. CI2MG (Z. Lin et al., 2023) proposes a con-

trastive intra- and inter-modality generation framework that completes missing modalities

by leveraging hypergraph-based cross-modal structure learning. DGMRec (Kim et al., 2025)

disentangles modality-general and modality-specific representations and then synthesises

missing views through cross-modal generators guided by collaborative signals. MoDiCF (J.

Li et al., 2025) models modality-specific distributions with a diffusion-based generation

module to produce high-quality substitutes for missing modalities.

In summary, preprocessing-based methods rely on static imputation that may introduce

biased or hubness-amplified features, while strategy-design methods either pursue modality-

robust representation learning or reconstruct missing views with dedicated generators.

However, the distribution gap between complete and incomplete items is still insufficiently

addressed in ranking-oriented MMRec settings. Motivated by this limitation, this work

formulates missing-modality recommendation as a domain-gap problem and introduces

an adversarial learning based alignment-and-completion framework under the modality

missingness setting.

2.3 Chapter Summary

This chapter reviewed the key concepts and representative approaches in recommender

systems. We first distinguished major recommendation tasks and clarified their objectives

and evaluation targets. We then surveyed core families of general recommendation algo-

rithms, ranging from content- and knowledge-driven methods to collaborative filtering, and

further discussed matrix factorisation and graph-based models that constitute mainstream

backbones in modern recommenders. In addition, we reviewed knowledge graph-based and

LLM-based recommendation as complementary directions for incorporating structured

knowledge and richer user intent. Finally, we summarised multimodal recommendation

and conducted a focused review on modality missingness, organising existing methods

into preprocessing-based completion and strategy-design approaches (including repre-

sentation learning and generation-based solutions). The review highlights that real-world

recommendation increasingly require robustness to non-ideal conditions—such as evolving

behaviours, sparse interactions, and incomplete item content—which motivates the prob-

lem formulation and methodological developments presented in the following chapters.

24



C
H

A
P

T
E

R

3
WAVELET-ENHANCED STATE-SPACE MODELS FOR SEQUENTIAL

RECOMMENDATION

3.1 Introduction

As discussed in Chapter 2, sequential recommendation has become a central paradigm for

modelling users’ evolving preferences from interaction histories. Many existing sequential

models rely on recurrent or attention-based architectures to capture temporal dependencies,

yet they often become computationally expensive for long sequences or less effective when

user behaviour exhibits time-varying and non-stationary patterns. In realistic platforms,

interaction streams frequently contain multiple behavioural rhythms and shifts, where

short-term intents and long-term preferences coexist and change over time. This motivates

the need for a sequential framework that remains efficient for long histories while better

characterising non-stationary dynamics. Accordingly, this chapter investigates frequency-

aware sequential modelling and introduces a state-space-based architecture augmented

with a wavelet frequency rescaling mechanism, aiming to capture long-range dependencies

under evolving behavioural patterns.

Recommender systems tackle information overload by navigating large amounts of data

and aligning them with user interactions(Lu et al., 2015; M. Mao et al., 2017; Q. Zhang, Lu,

et al., 2019). Widely used in many applications and online services(Lu, 2003; Lu et al., 2010,

2013; M. Mao et al., 2019; Schafer et al., 1999), these systems aim to deliver personalised

suggestions. However, as user preferences evolve, static models often fall short of capturing
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the temporal dynamics of user behaviour. Sequential recommendation addresses this chal-

lenge by analysing the order and timing of user interactions, allowing future preferences to

be predicted based on historical sequences(Tang & Wang, 2018).

The main goal of sequential recommendation is to predict the next item a user is likely

to interact with, by considering both recent interactions and long-term behaviour(S. Wang

et al., 2019). Sequential recommendation systems deliver more accurate, context-aware

predictions by modelling the temporal dependencies in a user’s interaction history. This

makes them particularly effective in real-world environments, where user interests change

over time due to trends, personal shifts, and external factors.

Traditional approaches, such as Markov chain models and sequential pattern mining,

primarily focus on modelling item-to-item transitions (R. He & McAuley, 2016a; Rendle

et al., 2010; Yap et al., 2012). Following these, latent representation models emerged(Lu et al.,

2018a), learning latent representations of users and items to predict the next interaction, with

models like GFF (Hidasi & Tikk, 2016) as notable examples. With the rise of deep neural net-

works, convolutional neural networks (CNNs) and recurrent neural networks (RNNs) gained

popularity. For instance, Tang et al. (Tang & Wang, 2018) introduced Caser, a CNN-based

model, while many RNN-based models (Hidasi & Karatzoglou, 2018; Hidasi, Karatzoglou,

et al., 2016) have been developed following the introduction of the gated recurrent unit

(GRU). Transformer-based models, such as SASRec (Kang & McAuley, 2018) and BERT4Rec

(Sun et al., 2019), have demonstrated the effectiveness of the self-attention mechanism in

sequential recommendation tasks. However, deep learning-based recommendation models

often suffer from the overshooting problem, where models become unstable during training.

To address this, FMLPRec (K. Zhou et al., 2022) introduced a filter-enhanced MLP model

that utilises a Fourier frequency filter to attenuate noise in the frequency domain. Building

on this, BSARec(Shin et al., 2024) further improved FMLPRec by introducing an inductive

bias that more effectively integrates both low- and high-frequency information. Recently,

with advances in state space models, Mamba4Rec(C. Liu et al., 2024) leveraged the power of

the Mamba architecture to tackle inference inefficiency, enhancing both speed and accuracy

in sequential recommendation systems.

Despite the significant progress made in sequential recommendation, challenges remain

in effectively handling long user-item interaction sequences, which often result in model

inefficiencies and reduced accuracy when capturing long-term dependencies (S. Wang

et al., 2019). Additionally, many models struggle to manage non-stationary data, where user

preferences may change dynamically over time, further complicating the prediction task.

While attention-based models with frequency filters offer one potential solution, to the best

26



3.2. PRELIMINARIES

of our knowledge, few works have explored the potential of using wavelet transforms, to

address these challenges. Existing approaches, such as the Fourier transform-based methods

in (Shin et al., 2024; K. Zhou et al., 2022), only focus on the frequency domain, but overlook

time-domain localisation, which is critical for handling transient or non-stationary signals.

In contrast, the wavelet transform provides a multi-resolution analysis, enabling both time

and frequency domain insights. This motivates our exploration of integrating a wavelet

frequency rescaler to better capture non-stationary user behaviour patterns in sequential

recommendation tasks.

To address these challenges, we propose a Mamba-based model enhanced by a wavelet

frequency rescaler. Specifically, our model is the first to integrate a discrete wavelet transform

(DWT) to capture both low- and high-frequency patterns in user interactions, allowing it to

better handle non-stationary behaviour. The combination of state-space models and wavelet

frequency rescaling improves the model’s ability to efficiently process long interaction

histories and deliver more accurate sequential recommendations. The contributions of this

chapter are as follows:

• We propose the first integration of wavelet frequency rescaling with Mamba to better

capture both high- and low-frequency patterns in non-stationary user interactions,

enabling more accurate sequential recommendations.

• We demonstrate the effectiveness of the state-space model in overcoming computa-

tional inefficiencies common in self-attention-based approaches.

• Experiments on two public datasets demonstrate that our proposed model surpasses

seven baseline methods, validating the effectiveness of the model for sequential rec-

ommendation.

The code for our model will be made available upon acceptance at GitHub repository.

3.2 Preliminaries

3.2.1 Problem Statement

Under the setting of sequential recommendation with implicit feedback, given a user’s

previous interaction history, the goal is to predict the user’s next interaction with an item. Let

U and V denote the sets of users and items, respectively, where u ∈U is a user and v ∈V is
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an item. Each user has an interaction sequence in chronological order: Su = [vu
1 , vu

2 , . . . , vu
n ],

where vu
t represents the t-th item that user u interacted with, and n is the sequence length.

The task is to recommend a top-k list of items the user is likely to interact with next,

specifically predicting the item at the (n +1)-th step, denoted vu
n+1 for user u. The recom-

mendation list Lu = [vu,1
n+1, vu,2

n+1, . . . , vu,k
n+1] is formed by selecting the top-k items with the

highest predicted probabilities:

Lu = Top-k
(
P (v | Su)

) ∀v ∈V , (3.1)

where P (v | Su) represents the probability of user u interacting with item v , given their

interaction history Su . The objective is to maximise the accuracy of these recommendations,

ensuring that the predicted top-k list closely matches the user’s actual future interactions.

3.2.2 Fourier Transform vs Wavelet Transform

The Fourier transform effectively analyses stationary signals by decomposing them into

sinusoidal components to reveal frequency characteristics. However, it suffers from critical

limitations: operating solely in the frequency domain makes it difficult to determine when

specific frequencies occur. Furthermore, the Fourier transform struggles with signals con-

taining abrupt changes or transients, such as sharp edges or spikes. This limitation leads to

issues like the Gibbs effect, where representing discontinuities requires numerous sinusoidal

components, resulting in slow convergence. Its efficiency also decreases for non-stationary

signals, where patterns evolve over time. While the short-time Fourier transform attempts to

address this with fixed windowing, selecting an optimal window size remains challenging.

In contrast, the wavelet transform provides multi-resolution analysis in both time and fre-

quency domains, making it ideal for sequential recommendation tasks with non-stationary

user interactions, thanks to its dual nature. The DWT used in our model dynamically adjusts

resolution based on data needs, effectively capturing evolving user behaviour driven by

trends and preferences.

3.3 Methodology

In this section, we outline the framework of our proposed sequential recommendation

model. As shown in Figure 3.1, the methodology is structured around several core com-

ponents that enhance the model’s capability to capture complex temporal dynamics and

user-item interactions.
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Figure 3.1: Overall Framework of Wavelet Mamba.

3.3.1 Embedding Layer

Given the interaction sequence Su and a maximum sequence length N , we construct an

item embedding matrix MI ∈R|V |×D , where |V | is the size of the item set and D is the latent

dimension. The embedding representation of the sequence is defined as E u ∈Rt×D , where

t denotes the current time step. As indicated by (C. Liu et al., 2024), state space models

process inputs through recurrent modules, which differentiates them from Transformer-

based models by not requiring positional embeddings in the embedding layer. Since MI

is initialised randomly, we apply embedding dropout and layer normalisation to stabilise

training while reducing the risk of overfitting:

E u = LayerNorm
(
Dropout

(
MI [Su]

))
. (3.2)

During the training phase, the sequence is padded to a fixed length L, ensuring consis-

tency across samples. We then combine multiple samples into mini-batches. The resulting
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input data for the model is represented as Xℓ ∈RB×L×D , where B is the batch size, ℓ is the

number of layers. The first layer’s input X0 is initialised with E u , ensuring the model starts

with the correct representation of the sequence.

3.3.2 Wavelet Mamba Encoder

After extracting the embedding features, we propose a wavelet Mamba encoder to further

process the input sequence embeddings Eu . The encoder consists of four main compo-

nents: a wavelet frequency rescaler, a Mamba block, an aggregation layer, and a point-wise

feed-forward network. Specifically, the wavelet frequency rescaler captures time-frequency

characteristics, the Mamba block models long-term dependencies, the aggregation layer

fuses their outputs, and the point-wise feed-forward network enhances the resulting se-

quence representation.

3.3.2.1 Aggregation Layer

The aggregation layer integrates the outputs of the wavelet frequency rescaler and the

Mamba block, enabling the model to capture both time-frequency information and long-

term dependencies within sequential user interaction data.

The combination of the outputs from the wavelet frequency rescaler and the Mamba

block follows the structure proposed in BSARec, where a linear combination of the two is

used:

X̂ℓ =α ·Xℓ
w + (1−α) ·Xℓ

o , (3.3)

where α is a hyperparameter that controls the balance between the wavelet frequency

rescaler and the Mamba block. This weighted combination allows the model to dynami-

cally balance the capturing of transient, high-frequency patterns and long-term temporal

dependencies, thereby improving the model’s ability to make accurate sequential recom-

mendations.

Wavelet Frequency Rescaler: As shown in Algorithm 1, inspired by BSARec, we incorpo-

rate a wavelet frequency rescaler into our model to introduce an attentive inductive bias

specifically designed for the sequential recommendation task. Rather than using a Discrete

Fourier Transform, we employ the DWT, which is more effective for handling both low-

frequency and high-frequency components in user interaction sequences. This approach

allows our model to operate efficiently in both the time and frequency domains, making it

particularly suitable for non-stationary signals often observed in user behaviours. In this

study, a one-level DWT is used to separate the sequence representation into low-frequency
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and high-frequency components, corresponding to stable preference trends and short-term

behavioural variations, respectively.

Algorithm 1 Wavelet Frequency Rescaler

1: Input: Xℓ ∈RB×L×D

2: Fper m ← Xℓ according to (3.4)
▷ Permutes dimensions to apply DWT on L

3: X̄lf , X̄Hf ← DWT(Fper m)
4: X̄lf ← X̄lf according to (3.4)

▷ Permutes back after DWT
5: X̄hfk ← X̄Hf [−1]
6: X̄hf ← X̄hfk according to (3.4)
7: Xℓ

r ← X̄lf , X̄hf according to (3.5)
8: Xℓ

r ← Padding(Xℓ
r )

9: Xℓ
w ← Xℓ

r ,Xℓ according to (3.7)
10: Output: Xℓ

w ∈RB×L×D

The input, Xℓ ∈ RB×L×D , is permuted along the sequence length dimension to obtain

Fperm:

Fper m = Permute(Xℓ, (0,2,1)), (3.4)

where the permutation (0,2,1) swaps the second and third dimensions of the tensor, resulting

in a shape of Xℓ ∈RB×D×L . This reordering is essential because DWT operates along the last

dimension, which represents the sequence length L.

Once the DWT is applied, the sequence is decomposed into a low-pass component X̄lf

that captures the smooth, long-term behaviour of the interaction sequence, and multiple

high-pass components X̄Hf that capture the finer, transient changes.

Following the decomposition, the low-pass component X̄lf is retained, and the roughest

high-pass component X̄hfk is selected from X̄Hf to match the shape of the low-pass compo-

nent. We permute these two components back into X̄lf , X̄hfk ∈RB×L×D before the frequency

rescaler. This high-pass component is scaled by a trainable parameter β, enabling the model

to control the influence of high-frequency, short-term patterns in the sequence:

Xℓ
r = X̄lf + (β2) · X̄hfk. (3.5)

The resulting combination of these components yields the rescaled sequence representation

Xℓ
r at ℓ layer.

To maintain consistent L after applying the DWT, padding is applied where necessary,

ensuring that the input and output shapes align for subsequent operations. This step is
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crucial in preserving the overall temporal structure of the sequence, allowing the model to

process sequences of uniform length across all layers.

Since the wavelet transform directly transforms the sequence from the time domain to

the time-frequency domain, there is no need for an inverse wavelet transform. The model

can leverage the extracted time-frequency features without reconstructing the original

sequence.

To stabilise the model and avoid overfitting, the rescaled sequence undergoes dropout,

layer normalisation and a residual connection, ensuring that both time-frequency features

and the original sequence information are preserved. To simplify the notation, we define

N (X) as a combination of layer normalisation, dropout, and a residual connection:

N (X) = LayerNorm(Dropout(X)+Xi), (3.6)

where Xi is the input to the layer. The output is then computed as:

Xℓ
w =N (Xℓ

r ,Xℓ). (3.7)

Mamba Block: We utilise the Mamba block in Mamba4Rec as a core building component

of our model to efficiently capture long-term dependencies in user interaction sequences.

Layer normalisation, dropout, and a residual connection are applied:

Xℓ
o =N (MambaBlock(Xℓ),Xℓ). (3.8)

The Mamba block leverages input-dependent selective mechanisms and the recurrent

nature of state space models to efficiently capture complex temporal dependencies in the

sequence data. It offers an effective balance between long-range sequence modelling and

computational efficiency, operating in linear time with respect to the sequence length. The

structured state matrix allows the Mamba block to outperform traditional self-attention

mechanisms, particularly in modelling long user interaction sequences.

3.3.2.2 Point-wise Feed-Forward Network

Following the design of Transformer-based models, we utilise a point-wise feed-forward

network (PFFN) to introduce nonlinearity and enhance the representation of user actions in

the hidden dimension:

X̃ℓ = PFFN
(
X̂ℓ

)
= GELU

(
X̂ℓW1 +b1

)
W2 +b2, (3.9)

where W1 ∈RD×4D ,W2 ∈R4D×D ,b1 ∈R4D ,b2 ∈RD are learnable parameters. GELU activa-

tion is employed as common practice in PFFN. The dropout layer and layer normalisation
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are employed to prevent overfitting. We also utilise the residual connection for the smooth

propagation of features through multiple layers:

Xℓ+1 =N (X̃ℓ,Xℓ). (3.10)

3.3.3 Prediction Layer and Loss Function

In the final layer of our model, the prediction score for user preference is calculated by

measuring the similarity between the sequence output and the target item embeddings:

ŷu = XL
|Su | ·e⊤v , (3.11)

where XL
|Su | ∈R1×D represents the user sequence output of the L layer blocks at step |Su |, and

ev ∈R1×D is the embedding for the item v .

To optimise the model parameters, we employ a cross-entropy loss function for sequen-

tial recommendation. This loss is used to differentiate the correct item from the rest in the

catalogue:

LC E =−
B∑

u=1
log

exp(ŷu)∑|V |
v=1 exp(ŷv )

, (3.12)

where B is the batch size, and |V | is the total number of items in the item set V . The softmax

function normalises the scores across all candidate items, ensuring the probabilities sum to

1.

3.4 Experiment

3.4.1 Experimental Setup

3.4.1.1 Datasets

We conduct our experiments on two publicly available benchmark datasets. The MovieLens-

1M (ML-1M) and MovieLens-10M (ML-10M) are based on reviews of movies provided by

MovieLens1 (Harper & Konstan, 2015). They have long average interaction lengths, but

different scales and sparsity. To focus on more informative data, we follow the common

practice (Hidasi, Quadrana, et al., 2016) of filtering unpopular users and items with less than

5 interactions. The statistics of the processed datasets are shown in Table 3.1.

1https://grouplens.org/datasets/movielens/
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Dataset #Users #Items #Interactions Avg.Length Density

ML-1M 6,041 3,417 999,611 165.47 4.84%
ML-10M 69879 10197 999,8816 143.09 1.40%

Table 3.1: Statistics of the Experimental Data after Processing.

3.4.1.2 Evaluation Metrics

Following widely used evaluation metrics in related work(W. X. Zhao et al., 2020), we adopt

the top-k Hit Ratio (HR@k), top-k Normalised Discounted Cumulative Gain (NDCG@k),

and top-k Mean Reciprocal Rank (MRR@k) to measure the recommendation’s accuracy, in

which k is set to 5, 10, and 20. A leave-one-out strategy is employed for each user’s item

sequence. For each user, all but the last interaction are used to train. The last interaction is

"left out" of the training data and used for evaluation, while the second-to-last interaction is

used as a validation set. We rank the predictions over the entire item set without negative

sampling following the advice in (Krichene & Rendle, 2020).

3.4.1.3 Baselines

To demonstrate the effectiveness of our model, we compare our proposed method with

seven baseline methods:

• Caser(Tang & Wang, 2018) is a CNN-based sequential model that captures the tempo-

ral patterns at different levels using horizontal and vertical filters.

• GRU4Rec(Hidasi, Karatzoglou, et al., 2016) is an RNN-based sequential recommender

that utilises Gated Recurrent Units (GRUs) to model user interaction sequences and

capture dependencies over time.

• SASRec(Kang & McAuley, 2018) is a unidirectional Transformer-based sequential

recommendation model that leverages self-attention mechanisms.

• BERT4Rec(Sun et al., 2019) is a bidirectional Transformer-based sequential recom-

mender. It employs masked item prediction and Cloze objective loss to learn user

preferences from both left and right contexts in the interaction sequences.

• FMLPRec(K. Zhou et al., 2022) is based on a MLP architecture. It incorporates a

frequency filter mechanism, which serves as an inductive bias by attenuating noise in

the frequency domain.
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• BSARec(Shin et al., 2024) goes beyond self-attention by leveraging a learnable fre-

quency rescaler to balance between high and low-frequency behavioural patterns.

• Mamba4Rec(C. Liu et al., 2024) leverages selective state-space models (SSMs) to effi-

ciently model long-term dependencies, instead of traditional attention mechanisms.

3.4.1.4 Implementation Details

We implement our model using the RecBole framework (L. Xu et al., 2023) in PyTorch,

running on a single NVIDIA RTX A5500 GPU with 24GB of memory. The hyperparameter α is

tuned over the values {0.1, 0.3, 0.5, 0.7, 0.9}. The number of layers is set to two. For the DWT,

we use the Daubechies 6 wavelet with a decomposition level of 1. The Daubechies 6 wavelet

is selected because it provides a practical balance between compact support, smoothness,

and local time-frequency representation. This is suitable for sequential recommendation,

where user interaction sequences may contain both stable long-term preference trends

and short-term behavioural fluctuations. The decomposition level is set to 1 to obtain a

simple separation between low-frequency and high-frequency components while avoiding

excessive fragmentation of relatively short and sparse recommendation sequences. Deeper

decomposition may introduce additional noise and computational cost, whereas a one-level

decomposition preserves the main temporal-frequency information in an efficient manner.

The Mamba block’s configuration follows the settings from Mamba4Rec, including the state

expansion factor, kernel size, and block expansion factor. We set the maximum sequence

length to 50 and the hidden dimension size to 64. The model is trained using the Adam

optimiser with a learning rate of 0.0005, a training batch size of 2048, and an evaluation

batch size of 4096. For the baseline models, we use the recommended hyperparameters

from their respective papers.

3.4.2 Experimental Results

The results of our experiments are presented in Table 3.2. Our findings can be summarised

as follows:

First, we observe that Transformer-based architectures such as SASRec and BERT4Rec

generally outperform CNN and RNN-based models, such as Caser and GRU4Rec, across

most metrics. This is likely due to the ability of Transformers to better capture long-range de-

pendencies in sequential data through self-attention mechanisms, which are more effective

than convolutional or recurrent operations.
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Table 3.2: Performance Comparison Across Datasets.
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Second, models that incorporate frequency-based mechanisms, such as FMLPRec and

BSARec, demonstrate superior performance compared to pure Transformer-based models.

This highlights the importance of incorporating inductive biases, such as frequency filtering,

which can help models focus on informative signals while attenuating noise.

Third, Mamba4Rec, which leverages selective state-space models in place of traditional

attention mechanisms, achieves the best performance among the baseline methods. The

state-space model’s ability to balance the trade-off between long-term dependencies and

computational efficiency allows it to manage long sequences effectively.

Finally, our proposed model surpasses all seven baseline methods, with clear improve-

ments over Mamba4Rec. The integration of the wavelet frequency rescaler enhances the

model’s ability to handle non-stationary data by adapting to both high- and low-frequency

patterns, thus outperforming the state-space model. This result underscores the potential

of combining state-space models with wavelet transforms for improving sequential rec-

ommendation performance, particularly for datasets with long interaction histories and

complex, dynamic user behaviours.

3.4.3 Additional Studies

3.4.3.1 Ablation Studies

Model HR@20 NDCG@20 MRR@20

Our Model 0.4318 0.2187 0.1582

Fourier Frequency Rescaler 0.4260 0.2089 0.1474
Self-attention Layer 0.3649 0.1759 0.1226

w/o Frequency Rescaler 0.4159 0.2081 0.1493
w/o Mamba Block 0.2725 0.1183 0.0693
w/o Add & Norm 0.3871 0.1875 0.1309

Table 3.3: Ablation Study on ML-1M.

To better understand the contribution of each component in our proposed model,

we perform an ablation study on the ML-1M dataset. The results are shown in Table 3.3.

Specifically, we analyse the effects of removing and substituting the following components:

• Wavelet Frequency Rescaler: Replacing the wavelet frequency rescaler with the Fourier

frequency rescaler or removing it altogether results in a notable drop in performance
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across all evaluation metrics. This demonstrates the effectiveness of the wavelet fre-

quency rescaler in capturing non-stationary patterns.

• Mamba Block: Replacing the Mamba block with standard self-attention layers or

removing it altogether leads to a significant reduction in model performance. This

highlights the advantage of selective state-space models in handling long-range de-

pendencies more efficiently than traditional attention mechanisms.

• Add & Norm Operation: This operation is crucial for stable training and efficient

gradient flow, as its removal leads to performance deterioration.

These findings confirm that each component—wavelet frequency rescaler, Mamba block,

and Add & Norm—plays a vital role in capturing complex, long-range dependencies and

enhancing overall performance.

Figure 3.2: Case study on ML-1M for user u2024, illustrating the model’s ability to recommend
items aligned with the user’s preference for comedy while capturing related categories like
children’s movies.

3.4.3.2 Case Study

In Figure 3.2, we analyse the recommendation outcomes for user u2024 from the ML-1M

dataset, who has a long interaction history and a preference for comedy movies. This analysis

illustrates how our model effectively captures both long-term preferences and subtle shifts

in user behaviour.

Our model recommends item v801, a children’s movie, which, while not strictly a comedy,

shares thematic elements aligning with the user’s historical interests. This recommendation

highlights the model’s ability to identify high-frequency patterns in user interactions, en-
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abled by the wavelet frequency rescaler. In comparison, baseline models tend to recommend

generic comedy movies, missing these nuanced preferences.

Furthermore, the Mamba block allows the model to maintain long-range dependencies

efficiently, ensuring the user’s long-standing preference for comedy movies continues to

influence recommendations. The combination of these components enables the model to

generate personalised recommendations that adapt to both the stable and evolving aspects

of user behaviour.

It is worth noting that the proposed model is primarily designed to capture long-term

dependencies and moderate non-stationary variations in user behaviour. The wavelet fre-

quency rescaler can help identify short-term fluctuations through high-frequency compo-

nents, while the Mamba block preserves long-range preference signals. However, when a

user’s preference changes drastically within a very short period, the model may still be influ-

enced by historical interactions and may not fully adapt without additional recency-aware

or online adaptation mechanisms. Therefore, handling abrupt preference shifts remains

a challenging scenario and can be further explored in future work through time-aware

evaluation protocols, adaptive forgetting mechanisms, or dynamic preference updating

strategies.

Figure 3.3: Sensitivity study on ML-1M. The horizontal axis represents different values of α,
and the vertical axis denotes the evaluation score of HR@20 and NDCG@20.
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3.4.3.3 Sensitivity Study

In Figure 3.3, the sensitivity study on ML-1M shows that the model’s performance remains

stable across different values of α, with the best performance at α= 0.3.

3.5 Chapter Summary

In this chapter, we addressed the challenges of modelling long-range dependencies and

non-stationary behaviour in sequential recommendation by introducing a novel approach

that combines a wavelet frequency rescaler with a Mamba-based architecture. The pro-

posed model captures both low- and high-frequency patterns in user interaction sequences,

enabling it to model long-term preferences and short-term behavioural variations more

efficiently. Experimental results on two benchmark datasets demonstrate that the model

consistently outperforms seven baseline methods, including CNN-, RNN-, and Transformer-

based models, highlighting the effectiveness of the proposed approach.

While the model shows promising results on datasets with long interaction histories,

future work will focus on enhancing its generalisation to datasets with varying sparsity

levels and shorter interaction sequences, such as those commonly found in e-commerce

and music domains. Further optimisation of the wavelet rescaling technique may also

yield additional improvements in recommendation accuracy. In addition, although the

proposed model can capture long-term preferences and moderate behavioural variations,

abrupt preference shifts within a short period may still require additional recency-aware

adaptation or online updating mechanisms. Investigating such sudden preference changes

under time-aware evaluation protocols is therefore a promising direction for future work.
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GRAPH-BASED RECOMMENDATION WITH SPARSE INTERACTIONS

4.1 Introduction

As introduced in the previous chapter, improving temporal modelling alone is often insuffi-

cient when user–item feedback is sparse, since limited observations restrict the reliability of

purely sequence-based learning. Graph-based recommendation provides an alternative view

by exploiting high-order collaborative signals through user–item connectivity, and many

methods adopt neighbourhood aggregation to propagate information across the interaction

graph. However, under sparse feedback, locally aggregated signals can be weak or biased,

and purely local propagation may struggle to reflect broader item structure beyond immedi-

ate neighbourhoods. In practice, item relationships often exhibit global organisation (e.g.,

latent groups or communities) that is not explicitly captured by local message passing. This

chapter, therefore, focuses on enriching item representations in graph-based recommenda-

tion under sparsity, and presents a framework that leverages globally informed relational

structure to strengthen item embeddings and improve robustness in sparse regimes.

Recommender systems are crucial tools that assist users in obtaining preferred infor-

mation by analysing their preferences. These systems have become a must in everyday life,

spanning domains such as e-commerce, entertainment, education, and healthcare (Lu et al.,

2015).

Collaborative filtering, as a foundational technique in recommender systems, oper-

ates by leveraging user-item interactions to uncover patterns and generate personalised

suggestions. It can be broadly categorised into memory-based and model-based methods.
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Model-based approaches employ matrix factorisation (Rendle et al., 2009), to learn latent

factors representing users and items. However, traditional collaborative filtering methods of-

ten face challenges such as data sparsity and cold-start problems, limiting their performance

in real-world applications(Q. Liu et al., 2024a).

Graph-based collaborative filtering has emerged as a powerful approach for recom-

mender systems. By modelling user-item interactions as a bipartite graph, these methods

leverage graph convolutional networks (GCNs) to propagate and aggregate collaborative

signals across multiple layers (X. Wang et al., 2019). This structure effectively captures high-

order user-item relationships, making GCN-based models well-suited for handling sparse

interaction data. To improve efficiency, LR-GCCF (Lei et al., 2019) removed non-linearity,

streamlining message propagation. LightGCN (X. He et al., 2020) further simplified GCNs by

eliminating both non-linear activation functions and feature transformations, establishing

itself as a strong baseline for graph-based collaborative filtering. UltraGCN (K. Mao et al.,

2021) introduced a constraint loss, approximating infinite-layer propagation to address the

over-smoothing issue in deep GCN models. Beyond architectural simplifications, recent

models have incorporated contrastive learning to enhance representation quality. Methods

like SGL (J. Wu et al., 2021) and SimGCL (J. Yu et al., 2022) introduce self-supervised con-

trastive loss to refine user and item embeddings, improving robustness and generalisation

under sparse conditions.

Despite the significant progress made in the graph-based recommendation, challenges

remain in effectively handling data sparsity. Existing GCN-based models rely solely on local

neighbourhood aggregation, which may lead to suboptimal item embeddings, especially

for items with limited interactions (Y. Zhang et al., 2024). Moreover, the lack of explicit

global item structural modelling results in inadequate representations for items with sparse

interactions, further limiting recommendation performance.

A way to mitigate these issues is to integrate Fuzzy C Means (FCM) clustering tech-

niques with graph-based collaborative filtering. FCM clustering has been widely explored

in graph-based learning tasks, such as community detection and graph partitioning, due

to its ability to model overlapping structures and capture soft relationships among nodes

(Lu et al., 2024; Song et al., 2020). However, despite its success in general graph learning,

FCM clustering remains largely underexplored in graph-based recommender systems. By

leveraging soft membership assignments, fuzzy clustering allows items to belong to multiple

latent groups, preserving global structural relationships while providing more expressive

item representations. Additionally, multi-view learning can further enhance item embed-

dings by fusing local graph-propagated signals with global cluster-level semantics, thereby
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improving recommendation accuracy under sparse conditions.

However, existing methods fail to effectively unify local and global item representations,

limiting the ability to leverage complementary information from both perspectives. To ad-

dress these challenges, we propose a novel graph-based recommendation model, FuzzGCN,

that integrates FCM clustering with gated multi-view fusion to enhance item representations,

thereby boosting recommendation results. We incorporate FCM clustering, which enables

items to belong to multiple latent groups, preserving global structural information while

mitigating the limitations of traditional graph-based methods. Next, a gated fusion mecha-

nism is introduced to dynamically integrate graph-based embeddings with FCM-enhanced

item representations, ensuring an adaptive balance between local and global information.

Finally, we leverage contrastive learning to align these multi-view representations, enforcing

consistency between different item perspectives and enhancing the discriminative power of

item embeddings. The contributions of this chapter are threefold:

• We propose a graph-based recommendation model that incorporates FCM clustering

to enhance global item representations, effectively addressing data sparsity challenges.

• We design a gated fusion mechanism that dynamically integrates local graph-based

embeddings with global clustering features, achieving a robust balance between local

and global item semantics.

• We leverage contrastive learning to align multi-view embeddings, ensuring that fused

representations retain complementary information from both global and local per-

spectives, thus boosting the model’s discriminative power.

4.2 Methodology

In this section, we present the framework of FuzzGCN, which leverages GCN to address the

challenges of data sparsity and effectively capture intricate user-item interaction patterns.

As illustrated in Fig. 4.1, the model integrates several key modules designed to enhance its

capacity for modelling complex user-item relationships and improving recommendation

accuracy.
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Figure 4.1: Overall framework of FuzzGCN.

4.2.1 Preliminaries

4.2.1.1 Problem Statement

Under the setting of recommendation with implicit feedback in collaborative filtering, let

G = (V ,E) represent a bipartite graph modelling user–item interactions, where the node set

V is partitioned into users U and items I , with |U | = NU and |I | = NI , such that N = NU +NI ,

where N represents the total number of nodes in the graph. The edge set E corresponds to

observed interactions between users and items, and the graph structure is encoded using an

adjacency matrix A ∈RN×N , where Ai j = 1 if there is an interaction between user i and item

j . The diagonal degree matrix D captures the degree of each node.
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Each node (user or item) is initialised with an embedding vector, forming the embedding

matrix X0 ∈RN×T , where T is the embedding dimension. The goal is to learn refined user and

item representations that accurately capture their interactions, enabling accurate ranking of

items for each user in the recommendation task.

4.2.1.2 LightGCN

LightGCN is a simplified version of GCN without feature transformation and non-linear

activation (X. He et al., 2020). The graph convolutional layer in LightGCN is:

Xℓ+1 = (D−1/2AD−1/2)Xℓ, (4.1)

where Xℓ is the embedding matrix at layer ℓ, D−1/2AD−1/2 is the symmetric normalised

adjacency matrix used for message propagation.

4.2.1.3 Fuzzy C-Means Clustering

Fuzzy C-Means (FCM) is a soft clustering algorithm that assigns each data point a degree of

membership to multiple clusters, rather than a single hard assignment (K. Li et al., 2023b).

Given a dataset with feature representations, FCM optimises a clustering objective that min-

imises the weighted distance between data points and cluster centroids while allowing each

point to belong to multiple clusters with different degrees of confidence. Unlike traditional

clustering methods such as k-means, which enforce hard assignments, FCM allows for more

flexible and nuanced representations, making it particularly useful in scenarios where data

points exhibit latent multi-cluster affiliations (K. Li et al., 2023a).

4.2.2 Proposed Approach

4.2.2.1 User-Item Embedding Initialisation

User and item embeddings serve as the foundation for learning meaningful representations

in the recommendation task. We initialise these embeddings and construct the interaction

graph at the very first stage.

Graph Convolutional Embedding Given the user-item bipartite graph G = (V ,E). The

initial user and item embeddings are represented as:

X0 =
[

X0
u X0

i

]
∈RN×T , (4.2)
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where X0
u and X0

i denote the initial embedding matrices for users and items, respectively.

Each user embedding eu ∈ XU and each item embedding ei ∈ XI are learnable vectors of

dimension T .

FCM-based Item Representation While graph convolutional embedding effectively

captures local user-item interactions, it may fail to fully capture global item-level semantics,

especially under sparse data conditions. To address this, we integrate Fuzzy C-Means (FCM)

clustering into our framework.

The FCM algorithm assigns each item to a soft membership vector F ∈ RN×C . C is the

number of clusters. Every f ∈ F in this membership function is computed as:

fi j = 1
C∑

k=1

(∥ei−ck∥2

∥ei−c j ∥2

) 1
m−1

(4.3)

where c j is the centroid of cluster j . The resulting soft membership matrix F ensures that

items with similar characteristics are grouped together, even when interactions are sparse.

The learned FCM membership vectors are mapped to the embedding space using a fully

connected layer with a ReLU activation:

e f cm
i = ReLU(F W f cm) (4.4)

where is W f cm ∈RC×T a learnable weight matrix, and e f cm
i represents the FCM-enhanced

item embeddings.

4.2.2.2 Global-Local Representation Enhancement

We integrate local collaborative signals captured through graph convolution with global

structural information obtained from fuzzy clustering, ensuring that item representations

effectively balance both perspectives for improved recommendation performance.

Graph Convolution Propagation: To effectively model high-order collaborative filtering

signals, we adopt a GCN-based message-passing mechanism similar to LightGCN (X. He

et al., 2020). The embedding update at each layer follows equation 4.1.

After ℓ layers of propagation, the representations are obtained via a layer-wise mean

aggregation:

Xm = 1

ℓ+1

ℓ∑
ℓ=0

Xℓ. (4.5)

Here, averaging over multiple layers mitigates over-smoothing while capturing higher-order

interactions. Xm represents the aggregated representation after ℓ layers of propagation.
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However, item embeddings matrix Xm
i require additional refinement to incorporate

global item-level semantics. Specifically, at each propagation step, we integrate information

from the FCM-enhanced item embeddings e f cm
i using a gated fusion mechanism shown be-

low. This dynamic fusion ensures that item embeddings effectively balance local interaction

signals and global structural information.

FCM-based Item Fusion: We employ a gated fusion mechanism to dynamically combine

the FCM-enhanced item embeddings e f cm
i with the graph-convolutional embeddings ei

after the final propagation step. First, we compute the fusion weights:

g =σ
(
W ·

[
Xm

i ∥e f cm
i

])
, (4.6)

where σ(·) represents the activation function, for which we choose the sigmoid. W ∈R2T×T

is a learnable weight matrix, and
[

Xm
i ∥e f cm

i

]
denotes the concatenation of graph-based and

FCM-based embeddings.

Then the fused item embeddings are calculated as:

Xm
f used = g ⊙Xm

i + (1− g )⊙e f cm
i , (4.7)

where ⊙ denotes element-wise multiplication. This formulation ensures that the fusion pro-

cess is adaptive to each item’s characteristics, allowing the model to dynamically determine

the importance of global clustering and local propagation for each item. Following the gated

item fusion process, we obtain the final user and item representations, X f i nal =
[

Xm
u Xm

f used

]
,

which encapsulate both local collaborative signals and global structural semantics.

Contrastive Multi-View Alignment: To maximise the agreement between the two views

of the same item while minimising their similarity to embeddings from different items. We

align the final aggregated representation Xm
i with the fused representation Xm

f used ,i using an

InfoNCE contrastive objective (van den Oord et al., 2019a).

Lcl =− 1

NI

∑
i∈I

log
exp

(
Xm

i ·Xm
f used ,i

τ

)
∑

j∈I exp

(
Xm

i ·Xm
f used , j

τ

) , (4.8)

where τ is the temperature scaling factor to control the distribution’s sharpness. The numer-

ator captures the similarity between the two views of the same item, while the denominator

accounts for similarities with all items’ FCM-based embeddings. This ensures that the

two views are effectively aligned, reinforcing complementary strengths while maintaining

discriminative power.
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4.2.2.3 Prediction and Loss Functions

By incorporating graph convolutional propagation and FCM-based item fusion, we obtain

the final representations of the user and item eu , e f used
i , which encode both local collabora-

tive filtering signals and global structural relationships.

For a given user u, the predicted preference scores for all items are computed via the dot

product:

ŷu,i = eu ·efused⊤
i . (4.9)

To optimise the ranking of items, we employ the Bayesian Personalised Ranking (BPR)

loss, which maximises the difference between positive and negative items:

LBPR =− 1

|O|
∑

(u,i , j )∈O
logσ(ŷu,i − ŷu, j ) (4.10)

where σ(·) is the sigmoid function, ŷu,i and ŷu, j are the prediction scores for positive and

negative items. O represents the set of observed interactions.

To prevent over-fitting, we apply an L2 penalty on the model. Finally, the total loss

function is formulated as:

L =LBPR +λ1Lcl +λ2∥Θ∥2
2, (4.11)

where λ1 regulates the contrastive loss, while λ2 regulates the L2 regularisation term.

4.3 Experiment

4.3.1 Experimental Setup

Dataset #Users #Items #Interactions Density

Arts 45,624 21,104 396,556 0.05%
Food 115,144 39,688 1,025,169 0.03%
Games 50,677 16,897 454,529 0.06%

Table 4.1: Processed Dataset Statistics.

4.3.1.1 Datasets

To evaluate our proposed model, we conduct experiments on three public datasets: Amazon

Arts, Crafts and Sewing (Arts), Amazon Grocery and Gourmet Food (Food), and Amazon

Video Games (Games). These datasets were selected to represent a diverse range of scenarios
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in terms of sparsity, user/item counts, interaction density, and domain, thereby enabling a

comprehensive evaluation of FuzzGCN’s robustness and generalisability. All raw datasets

are preprocessed to remove users and items with fewer than five interactions. Detailed

statistics of the processed datasets are provided in Table 4.1. Each processed dataset is split

into training, validation, and testing sets using a 7:1:2 ratio. To ensure that evaluation is

performed only on entities with learned representations, cold-start users and items that do

not appear in the training set are removed from the validation and testing sets. We adopt a

pairwise learning approach during training, consistent with standard practices(Rendle &

Freudenthaler, 2014).

4.3.1.2 Evaluation Metrics

Following widely used evaluation metrics (Jadon & Patil, 2025), we adopt Recall@k and

Normalised Discounted Cumulative Gain (NDCG@k) to measure recommendation accuracy,

where k is set to 10, 20, and 50.

4.3.1.3 Baselines

We compare FuzzGCN with seven baseline models, which include GCN-based models and

traditional models.

• BPR(Rendle et al., 2009) is a pairwise optimisation-based collaborative filtering method

that optimises the ranking of implicit feedback data using a matrix factorisation ap-

proach.

• MultiVAE(Liang et al., 2018) is a variational autoencoder-based recommendation

model that employs a probabilistic latent variable framework to model user-item

interactions.

• EHCF(C. Chen et al., 2020) is designed to learn from multi-behaviour user feedback

without relying on negative sampling.

• NGCF(X. Wang et al., 2019) explicitly models high-order collaborative signals by prop-

agating user-item interactions through multiple layers of graph convolutions.

• LR-GCCF(Lei et al., 2019) removes non-linear transformations in NGCF, using only

linear embedding propagation. It also introduces a residual preference learning mech-

anism for prediction.
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• LightGCN(X. He et al., 2020) simplifies NGCF by removing feature transformations

and non-linear activations, focusing solely on neighbourhood aggregation to improve

efficiency and effectiveness.

• UltraGCN(K. Mao et al., 2021) further simplifies LightGCN. It entirely eliminates

explicit message passing by directly approximating the infinite-layer limit of graph

convolutions through a constraint loss function.

4.3.1.4 Implementation and Hyper-parameter Details

For a fair comparison, we integrate FuzzGCN into ImRec (X. Zhou, Lin, et al., 2023) using

PyTorch. All experiments run on a single NVIDIA RTX A5500 GPU with 24GB of memory with

fixed embedding size 64, following previous works (X. He et al., 2020; X. Wang et al., 2019).

We initialise the embedding parameters with the Xavier initialisation (Glorot & Bengio, 2010)

and we choose Adam as the optimiser (Kingma & Ba, 2015). Number of graph convolution

layers ℓ is selected from {2, 3, 4}; the regularisation weight λ is chosen from {1e−2, 1e−3,

1e−4, 1e−5}; and the number of clusters C is selected from {16, 32, 64}. The weight for the

contrastive loss is fixed at 0.01, the temperature τ is fixed at 0.2. For a fair comparison, the

baseline models are tuned according to the settings provided in their respective papers.

4.3.2 Experimental Results

Table 4.2 provides a comprehensive comparison of FuzzGCN against various baselines.

Among non-graph-based methods, EHCF outperforms BPR, likely due to its ability to model

user-item interactions without relying on negative sampling. However, MultiVAE exhibits a

performance decline as dataset sparsity increases, suggesting that its variational autoen-

coder framework struggles in low-density interaction settings.

In contrast, graph-based models consistently outperform traditional matrix factorisation

approaches. Notably, GCNs that incorporate non-linear activation functions (e.g., NGCF)

perform worse than their simplified counterparts, such as LR-GCCF, LightGCN, and Ul-

traGCN, reinforcing prior findings that removing non-linearity can enhance information

propagation. Furthermore, LightGCN surpasses LR-GCCF, demonstrating the advantages of

eliminating feature transformations in GCN-based collaborative filtering.

Interestingly, UltraGCN achieves superior performance over LightGCN on two datasets,

suggesting that its additional constraint loss and item-item regularisation contribute to im-

proved ranking quality. However, an unexpected observation is that LightGCN outperforms

UltraGCN on the Arts dataset, indicating that the benefits of UltraGCN’s constraints may
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vary across domains. This result highlights the nuanced impact of regularisation strategies

in GCN-based recommendation models.

FuzzGCN consistently outperforms all baselines across all datasets and evaluation met-

rics. Notably, our approach achieves the highest Recall and NDCG scores, demonstrating

the effectiveness of incorporating FCM-based item clustering and gated fusion mechanisms

in enhancing item representations under sparse conditions. Specifically, the FCM cluster-

ing module captures global structure among items by assigning soft cluster memberships,

allowing items with limited interactions to be better represented. Meanwhile, the gated

fusion module dynamically integrates these global embeddings with graph-based represen-

tations, balancing local connectivity and global semantics. This interplay enables FuzzGCN

to generate more expressive and robust item embeddings, leading to superior ranking per-

formance even in sparse datasets. In practical terms, higher Recall means that more relevant

items are included in users’ top recommendation lists, while higher NDCG indicates that

these relevant items are placed closer to the top ranks. Such improvements are important

in sparse Amazon datasets, where many users and items have limited interaction records

and local neighbourhood signals may be weak or unreliable. Therefore, the gains achieved

by FuzzGCN suggest that the proposed model can deliver more useful and stable recom-

mendations for long-tail or weakly connected items, rather than only improving numerical

benchmark results.

4.3.3 Additional Studies

4.3.3.1 Ablation Studies

To better understand the contribution of each key component in FuzzGCN, we conduct

an ablation study on Arts by removing FCM-based item clustering, gated item fusion, and

contrastive loss, respectively. The results are reported in Table 4.3.

• FCM-based item Clustering: Removing the FCM-based item clustering effectively

reduces FuzzGCN to LightGCN, eliminating the ability to incorporate global item

relationships. This highlights the crucial role of global clustering in enhancing item

representations, particularly in sparse interaction scenarios.

• Gated Item Fusion: The removal of gated item fusion results in a slight decrease in

performance. Although the performance drop is smaller compared to removing FCM,

without the gating mechanism, the fusion ratio between FCM-enhanced and GCN-

52



4.3. EXPERIMENT

based embeddings is fixed, requiring manual tuning of the weight. This rigid fusion

scheme is less flexible and may not optimally adjust to different items and users.

• Contrastive Multi-View Alignment: Removing the contrastive loss leads to the most

significant performance decline. This demonstrates that contrastive learning plays a

crucial role in aligning the multi-view embeddings, ensuring that the FCM-enhanced

and GCN-propagated representations reinforce each other rather than diverging.

Model Recall@20 NDCG@20

FuzzGCN 0.0396 0.0216

w/o FCM 0.0376 0.0201
w/o Gated Item Fusion 0.0394 0.0213
w/o Contrastive Multi-View Alignment 0.0306 0.0171

Table 4.3: Ablation Study on Arts.

Figure 4.2: Effect of the number of layers ℓ on FuzzGCN and LightGCN, evaluated on Games.

4.3.3.2 Sensitivity Study

We analyse the impact of key hyperparameters on FuzzGCN’s performance, focusing on the

number of graph convolutional layers ℓ and FCM clusters C .

• Effect of Layers: As shown in Fig. 4.2, performance improves with increasing ℓ, peak-

ing at ℓ= 6, before degrading due to over-smoothing. Compared to LightGCN, which
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CHAPTER 4. GRAPH-BASED RECOMMENDATION WITH SPARSE INTERACTIONS

Figure 4.3: Effect of the number of clusters C on FuzzGCN, evaluated on Games.

peaks at ℓ= 6, FuzzGCN benefits from deeper propagation, as fuzzy clustering miti-

gates early over-smoothing by incorporating global item semantics.

• Effect of Clusters: Fig. 4.3 shows that performance increases with more clusters,

reaching an optimal C = 56, where global item structures are best captured. Beyond

this, excessive clustering introduces noise and reduces generalisation, leading to

slight performance degradation. Although C is fixed during each training run, it is

treated as a tunable hyperparameter and analysed through the sensitivity study. The

results indicate that the choice of C affects the balance between capturing global item

structures and avoiding noisy or overly fragmented clusters. However, the current

method does not adaptively determine the number of clusters during training. Future

work may explore adaptive cluster selection strategies, such as validation-guided

search, Bayesian optimisation, or split-and-merge fuzzy clustering, to automatically

adjust C according to dataset characteristics.

4.4 Chapter Summary

In this chapter, we introduced FuzzGCN, an enhanced graph-based recommendation model

that integrates Fuzzy C-Means (FCM) clustering and a gated multi-view fusion mechanism

to address the challenges of data sparsity in collaborative filtering. By incorporating global

item clustering, FuzzGCN enriches item representations beyond raw interaction signals,

while the gated fusion mechanism adaptively balances the contribution of local and global
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information. Furthermore, we employ contrastive learning to align the multi-view embed-

dings, reinforcing their consistency and improving overall representation quality. Extensive

experiments demonstrate that FuzzGCN consistently outperforms competitive baselines,

validating its effectiveness in sparse recommendation settings. While our current framework

focuses on static user-item interactions, extending FuzzGCN to sequential recommenda-

tion tasks could enhance its applicability to time-sensitive and dynamic recommendation

scenarios. Additionally, exploring more advanced fuzzy set formulations may further refine

the model’s adaptability to diverse user behaviours. A potential limitation of FuzzGCN is

that FCM clustering may become computationally expensive when the number of items

is extremely large. This is because the clustering cost increases with the number of items,

clusters, embedding dimension, and optimisation iterations. In large-scale applications, this

issue can be mitigated through mini-batch FCM, approximate or sampling-based clustering,

offline pre-clustering, and periodic cluster updates rather than frequent re-clustering. Fu-

ture work may also explore adaptive cluster selection to balance recommendation accuracy

and computational efficiency.
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ROBUST MULTIMODAL RECOMMENDATION WITH INCOMPLETE

ITEM CONTENT

5.1 Introduction

As discussed in Chapters 2, both sequential and graph-based recommendations largely rely

on interaction signals, and performance can degrade when feedback is sparse or behaviour

evolves over time. Modern recommender systems increasingly incorporate multimodal

item content (e.g., text and images) to enrich representations and alleviate sparsity and

cold-start; nevertheless, real-world content is often incomplete. Missing modalities not only

reduce the available semantic signals but can also induce systematic differences between

complete and incomplete items, making multimodal fusion unreliable and leading to biased

representations. Moreover, modality-specific noise and entangled signals further complicate

the learning of dependable multimodal features. Motivated by these challenges, this chapter

investigates robust multimodal recommendation under incomplete modalities and develops

a framework that maintains reliable representation learning and fusion when item content

is partially unavailable.

Recommender systems have been widely adopted as a means of filtering content and

delivering personalised suggestions based on users’ preferences (C. Gao et al., 2024; S. Wu

et al., 2022). Among different paradigms, collaborative filtering (CF) remains one of the

most popular approaches (Lu et al., 2018b). Despite its success, CF suffers from well-known

limitations such as data sparsity and the cold-start problem (Q. Zhang et al., 2023). CF
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fundamentally relies on user–item interactions; however, in real-world scenarios, these

interactions are inherently sparse. For example, in an online shopping platform, a single

user can only interact with a tiny fraction of all available items, and each item is exposed to

only a limited subset of users. This scarcity of interactions leads to the data sparsity problem.

The cold-start problem emerges as an extreme case of sparsity: when a new user or item

is introduced into the system with little or no interaction history, the recommender lacks

sufficient information to provide accurate suggestions. These two long-standing challenges

have motivated extensive research on enhanced recommendation settings and models (Zeng

et al., 2025; Q. Zhang, Zhang, et al., 2019), among which multimodal recommendation has

become one of the most popular and promising directions (Pomo et al., 2025).

Multimodal recommendation has emerged as a promising direction for alleviating data

sparsity and cold-start issues by incorporating auxiliary information from multiple data

modalities, such as textual, visual, and audio signals (Q. Liu et al., 2024b). The central idea is

to emulate the human ability to integrate diverse sensory inputs in order to form a more

complete understanding of items and user preferences. Multimodal data not only charac-

terises item properties and user intent, but also implicitly reflects user–item relationships.

Different modalities provide complementary views of item attributes, thereby enriching

the available information and enabling more accurate preference modelling (H. Zhou et al.,

2025). Building on this, the success of graph neural networks (GNNs) in pattern recognition

and data mining has led to widespread adoption of graph-based techniques in MMRec (Z.

Wu et al., 2021). Since user–item interactions naturally form a bipartite graph, spectral GNNs,

particularly graph convolutional networks (GCNs) have demonstrated strong performance

compared with traditional CF methods. Recent graph-based MMRec models (Z. Guo et al.,

2024; P. Yu et al., 2025; J. Zhang et al., 2021) have achieved substantial performance gains on

recommendation benchmarks.

Despite the strong performance of current models, a key limitation of most MMRec ap-

proaches is the underlying assumption that all items are associated with complete modality

information. In practice, however, real-world data are often noisy and, more critically, may

be partially or entirely missing for certain modalities. Consequently, the assumption of fully

observed multimodal data rarely holds in realistic recommendation scenarios. As illustrated

in Fig. 5.1(a), textual and visual modalities induce different but complementary item–item

relations; missing one modality breaks part of this heterogeneous relational structure and

can introduce bias into neighbourhood construction. Moreover, missing modalities may

contaminate cross-modal relations. As shown in Fig. 5.1(b), the text embeddings of two

items yield a relatively high cosine similarity because both descriptions contain the word
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Item ଵ: Baby 
bottle for feeding
Item ଶ: Disposable 
diaper  
Item ଷ: Baby crib 
for safe sleeping

ଵ
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…

Similarity = 0.6022

…The Clear 
Gate
Colors…
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Similarity = 0.2258

(a) (b)

Figure 5.1: Illustration of missing modality and cross-modal inconsistency in multimodal
recommendation: (a) item graphs built from text and images, where orange denotes items
with missing modalities; (b) mismatched similarities across textual and visual modalities.

[] []

Figure 5.2: Empirical evidence of missing modality impact and cross-modal imputation
bias:(a) MMRec baselines under full-modality and missing modality settings, with the corre-
sponding performance drop. (b) Hubness analysis of cross-modal imputation, reporting the
top-1% hub share and hubness Gini when imputing text features from visual features and
imputing visual features from text features

.
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“Gate”, although the items actually belong to different categories. In contrast, the images of

two wallpaper products exhibit low visual similarity despite belonging to the same underly-

ing category. These examples demonstrate that incomplete modalities can severely distort

multimodal similarity and downstream recommendation.

A straightforward way to handle modality missingness is to discard samples with missing

modalities during training. However, this strategy fails to exploit useful information and

still cannot cope with missing modality items at test time (R. Wu et al., 2024). Imputation

offers a more practical alternative, where missing entries are filled with surrogate values.

Nevertheless, as shown in Fig. 5.2(a), these approaches still result in a notable degradation

in recommendation quality.

To investigate the failure of k-nn imputation under missing modalities, we quantify

hubness in the target-modality embedding space by counting how often each item appears

as a neighbour across all k-nn queries. The neighbour-occurrence distribution is highly

skewed (Fig. 5.2(b)), revealing hubs that attract a disproportionate share of queries. When a

modality is missing, the query vector is uninformative, so within-modality k-nn repeatedly

returns these hubs; averaging their features causes prototype collapse and over-smoothing,

yielding near-identical imputations and eroding discriminative signal. The effect is amplified

downstream because GCN-style propagation is a low-pass filter (Shen et al., 2021) that

further homogenises representations, explaining the pronounced performance drop.

Motivated by this, we design a generation-based approach that reconstructs missing

modalities while mitigating hubness and preserving item-level discriminability. Different

from disentanglement pipelines such as DGMRec, we explicitly account for the complete-

ness shift between complete and incomplete items: due to missing content and recon-

struction noise, the invariant-feature distributions of the two domains can diverge, making

generators trained on complete items prone to overfitting and biased completion on in-

complete items. To address this, we incorporate curriculum domain-adversarial alignment

with gradient reversal to bridge the complete-incomplete gap, and regularise the genera-

tion with a mutual-information bottleneck to decouple modality-invariant factors from

modality-specific representations.

The contributions of this chapter are threefold:

1. We reformulate multimodal recommendation with missing modalities as a domain-

gap problem between complete and incomplete items. To bridge this gap, we introduce

a lightweight alignment scheme that jointly regularises cross-modal invariant embed-

dings under incomplete observations, providing a principled foundation for robust

learning beyond naive imputation or sample dropping.
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2. We propose a curriculum adversarial alignment scheme that performs domain align-

ment only in the early stage using a short-horizon gradient-reversal schedule, to-

gether with balanced sampling of items with and without missing modalities and

a reconstruction-consistency objective. This design stabilises training compared to

full-course adversarial optimisation while improving representation transferability

under uncertain missingness.

3. We design a user-centric preference-aware fusion and alignment strategy. Specifically,

we enhance CF user representations via an auxiliary user graph module and inject

multimodal preference signals through user-conditioned filtering and multi-view user-

item alignments. This yields more robust user-item representations and improves

generalisation in item cold-start scenarios.

5.2 Preliminaries

5.2.1 Problem Statement

Under the setting of multimodal recommendation with implicit feedback (J. Chen et al.,

2022), let G = (V ,E) denote a bipartite graph modelling user-item interactions, where the

node set V is partitioned into a user set U and an item set I , with |U | = NU and |I | = NI .

Thus, the total number of nodes is N = NU +NI . Each item i ∈ I is associated with a textual

feature xt
i ∈ RRt and a visual feature xv

i ∈ RRv . Let Xt ∈ R|I |×Rt and Xv ∈ R|I |×Rv denote the

corresponding feature matrices. For notational convenience, we use m ∈ {t , v} to index

modalities and write xm
i when the statement applies to both modalities.

The edge set E corresponds to observed interactions between users and items. We denote

the user-item interaction matrix by R ∈ {0,1}|U |×|I |, where Rui = 1 if (u, i ) ∈ E and 0 otherwise.

We further construct the adjacency matrix A ∈ {0,1}N×N of the bipartite graph from R, and

let D denote the diagonal degree matrix of A.

In the missing modality setting, each item may lose any subset of modalities. Let Mi ⊆
{t , v} denote the set of observed modalities for item i . Accordingly, |Mi | ∈ {0,1,2}, where

|Mi | = 2 indicates a complete item and |Mi | < 2 indicates an item with missing modality

information.

In the item cold-start setting, a subset of items I new ⊂ I appears only in the test set and

has no historical interactions in the training or validation sets.

The objective is to learn a recommender that can generate robust user and item represen-

tations under incomplete modalities and predict user preferences. Specifically, given a user
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u and an item i , we estimate a matching score ŷui that reflects the likelihood of interaction,

and train the model to rank observed items higher than unobserved ones for each user

under implicit feedback.

5.3 Methodology

In this section, we present the proposed MAGEREC framework. As shown in Fig. 5.3, we

follow a disentanglement pipeline (Kim et al., 2025), it consists of three interacting modules:

a disentangled representation learning and preference-aware filtering module that sepa-

rates modality-invariant from modality-dependent details and reweights them according to

user preference signals; a missing modality completion module that reconstructs absent

content via cross-modal generation and domain alignment; and a graph-based multimodal

recommendation module that fuses collaborative and content information for final ranking

tasks.

5.3.1 Modality Representation and Preference-Aware Filtering Module

Following prior studies (Kim et al., 2025; Xv et al., 2024; J. Zhang et al., 2021), we encode raw

modality features into a unified latent space and disentangle them into modality-invariant

and modality-specific components. We adopt two sets of encoders: (i) a shared encoder to

extract modality-invariant signals and (ii) modality-specific encoders to preserve modality-

unique cues.

Modality-invariant and modality-specific encoders For each modality m, we first project

xm
i into a d-dimensional latent space and obtain the invariant component via a shared

transformation:

zI
i ,m =σ

(
Ws φ(Wmxm

i )
)

, (5.1)

where Wm is a modality-specific projection matrix, Ws is shared across modalities, φ(·) is

a nonlinear activation, and σ(·) is the sigmoid function. In parallel, we extract modality-

specific components using independent encoders:

zS
i ,m =σ

(
WS

mxm
i

)
, (5.2)

Preference-aware filtering To adapt modality information to users’ collaborative prefer-

ences, we learn modality-specific preference projections and derive item-wise filters from

user ID embeddings. Let EU ∈ R|U |×d denote user ID embeddings, and Pm ∈ Rd×d be a
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Multimodal Recommendation

Missing Modality CompletionModality Representation & Preference Filtering

Item : Baby
bottle for feeding
Item 𝑖2: Disposable
diaper
Item 𝑖3: Baby crib
for safe sleeping

Preference-aw
are filtering

user user graph

LightG
C

N

GRL

GRL

Regeneration of Missing Modality

G
raph update

CF Backbone Multimodal Fusion

Modality encoders Cross-modal
translators

Curriculum domain-adversarial
completeness alignment

Item-Item graphs

Figure 5.3: The overall framework of MAGERec. It comprises three modules: (i) Modality
Representation & Preference Filtering, which encodes each modality into modality-invariant
and modality-specific factors and reweights them via user-aware preference filters; (ii) Miss-
ing Modality Completion, which learns cross-modal translators t →v, v→t and performs
curriculum domain-adversarial completeness alignment with GRL-driven discriminators
dt ,dv to mitigate completeness shift, followed by regeneration of missing features and pe-
riodic modality graph refresh; and (iii) Multimodal Recommendation, which propagates
collaborative signals enhanced by a user-user graph, aggregates modality-aware signals
from modality-specific item-item graphs, and fuses them to produce final user-item repre-
sentations efinal

u ,efinal
i for preference prediction.

learnable projection for modality m. We compute modality-specific filters on the item side

as

Fm = D−1
I R� tanh(EU Pm), (5.3)

where R ∈ {0,1}|U |×|I | is the interaction matrix and DI is the diagonal degree matrix on the

item side. We then apply element-wise filtering to both invariant and specific components:

z̄I
i ,m = fi ,m �zI

i ,m , z̄S
i ,m = fi ,m �zS

i ,m , (5.4)

where fi ,m is the i -th row of Fm and � denotes element-wise multiplication. This preference-

aware filtering suppresses modality noise that is inconsistent with collaborative signals and

produces user-adaptive modality representations for subsequent completion and recom-

mendation.
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Item-Item graphs For each modality, we build a sparse item-item graph from modality

features by computing cosine similarities and retaining the k nearest neighbours for each

item. Let S̃m ∈R|I |×|I | denote the resulting normalised propagation matrix.

5.3.2 Missing modality Completion Module

Based on the modality representations, we aim to recover missing modalities and obtain

more reliable multimodal signals for recommendation. A straightforward strategy is to

train cross-modal generators only on complete items and then apply them to incomplete

ones. However, under practical missingness, complete and incomplete items exhibit a

non-negligible completeness shift; their representation distributions differ due to missing

content and reconstruction errors. If ignored, the learned generators may overfit to the

complete domain and produce biased surrogate features for incomplete items.

Cross-modal translators Given the preference-filtered invariant representations z̄I
i ,v and

z̄I
i ,t , we employ two cross-modal mappings to synthesise the counterpart modality:

ẑI
i ,v = g t→v

(
z̄I

i ,t

)
, ẑI

i ,t = gv→t

(
z̄I

i ,v

)
, (5.5)

where g t→v and gv→t are lightweight MLP generators. In addition, we generate modality-

specific components from collaborative preference signals via two modality-specific genera-

tors:

ẑS
i ,v = hv

(
fi ,v

)
, ẑS

i ,t = ht
(
fi ,t

)
, (5.6)

where fi ,m denotes the item-wise preference filter.

Curriculum domain-adversarial completeness alignment To explicitly mitigate the com-

pleteness shift, we treat items with observed modality m and items missing modality m as

two completeness domains and adversarially align their modality-invariant representations.

For each modality m ∈ {t , v}, we define the observed-domain item set I obs
m = {i | m ∈Mi } and

the missing-domain set I mis
m = I \I obs

m . In each adversarial step, we construct a balanced mini-

batch by sampling Bobs
m ⊂ I obs

m and Bmis
m ⊂ I mis

m half-and-half, and obtain the corresponding

invariant features zI
i ,m through the encoders.

To avoid degenerate alignment, we jointly optimise the cross-modal translators with

Mean Squared Error (MSE) and InfoNCE loss(van den Oord et al., 2019b) Concretely, given

zI
i ,t and zI

i ,v , we translate between modalities and enforce cycle-like reconstruction in the
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invariant space: ẑI
i ,v = g t→v (zI

i ,t ) and ẑI
i ,t = gv→t (zI

i ,v ). We minimise

Lrec =LMSE
(
g t→v (ZI

t ), ZI
v

)
+LMSE

(
gv→t (ZI

v ), ZI
t

)
LNCE

(
ZI

t ,ZI
v

)=− 1

B

B∑
n=1

log
exp

(
sim

(
zI

n,t ,zI
n,v

)
/τ

)
∑B

j=1 exp
(
sim

(
zI

n,t ,zI
j ,v

)
/τ

) ,

(5.7)

where ZI
t = {zI

n,t }B
n=1 and ZI

v = {zI
n,v }B

n=1 are the invariant features in a mini-batch, and τ

is a temperature1.

We attach a discriminator dm(·) to each modality-invariant representation and predict

whether a feature comes from the observed or missing domain. Let yi ,m = 1 if i ∈ I obs
m and 0

otherwise. We adopt a gradient reversal layer (GRL) so that the discriminator is trained to

separate the two domains, while the feature extractor is trained to confuse it:

Ladv =
∑

m∈{t ,v}
BCE

(
dm

(
GRL(zI

i ,m ;λ)
)
, yi ,m

)
, (5.8)

where we employ a class-balanced BCE to account for possible imbalance between Bobs
m

and Bmis
m .

We apply the adversarial pressure in a curriculum manner. Within each pre-epoch

adversarial loop of SDA steps, the GRL coefficient is smoothly increased via a sigmoid ramp-

up,

λ=λmax

(
2

1+exp(−10p)
−1

)
, p = k

SDA
, (5.9)

where k is the adversarial step index and p ∈ [0,1] denotes the normalised progress within

the current adversarial loop. Here, λmax is the maximum GRL strength. Moreover, domain-

adversarial updates are only activated in the early training stage, i.e., for the first Smax

global adversarial steps. This curriculum stabilises optimisation by first learning reliable

cross-modal mappings and then progressively strengthening domain confusion, leading to

modality-invariant completion that generalises better under severe missingness.

We jointly optimise the alignment with

LDA =Lrec +LNCE
(
ZI

t ,ZI
v

)+Ladv. (5.10)

Regeneration of missing modalities After learning the aligned translators, we periodically

regenerate missing modality features for incomplete items. Specifically, for each item i , we

first obtain the invariant and specific components and form the reconstructed modality

1τ is omitted for brevity

65



CHAPTER 5. ROBUST MULTIMODAL RECOMMENDATION WITH INCOMPLETE ITEM

CONTENT

representation by concatenation, ri ,m = [zI
i ,m ∥zS

i ,m ]. Two lightweight decoders decm then

map ri ,m back to the raw feature space and produce regenerated features x̃m
i . For items with

missing modality m, we replace the corresponding entry in Xm with x̃m
i , thereby providing

more informative inputs for subsequent multimodal propagation.

We supervise the regeneration with an MSE-based reconstruction objective

Lrecon = ∑
m∈{t ,v}

LMSE
(
X̃m , Xm)

, (5.11)

which encourages the regenerated features to remain faithful to the current modality em-

beddings.

We follow (Kim et al., 2025) to refresh the modality-specific item-item graphs every few

epochs. To avoid abrupt changes, we update the graph with a momentum-style rule; the

update is applied only to edges associated with items missing modality m:

S̃m =α Ŝm + (1−α) S̃m , (5.12)

where α controls the update rate.

Mutual-information regularisation To prevent modality-invariant and modality-specific

cues from being entangled during generation, we explicitly regularise their dependency

using two complementary objectives. First, following the common practice in multimodal

representation learning, we maximise cross-modal consistency by enforcing the invariant

representations from different modalities to be close. Concretely, for complete items i ∈
I t v , we apply an InfoNCE loss (van den Oord et al., 2019b) between z̄I

i ,t and z̄I
i ,v , which

encourages the invariant factors to capture modality-agnostic semantics.

Second, inspired by (H. Chen et al., 2025; Kim et al., 2025), we minimise the statistical

dependence between the invariant and specific components within each modality. We

adopt a Contrastive Log-ratio Upper Bound (CLUB) estimator (Cheng et al., 2020) to upper

bound the mutual information I (z̄I
i ,m ; z̄S

i ,m) for m ∈ {t , v}. Specifically, we model a variational

conditional distribution qψ(z̄I
m | z̄S

m) = N (µψ(z̄S
m),diag(σ2

ψ(z̄S
m))) and compute the CLUB

upper bound as

L m
CLUB = 1

B

B∑
n=1

[
log qψ

(
z̄I

n,m | z̄S
n,m

)
− log qψ

(
z̄I
π(n),m | z̄S

n,m

)]
,

(5.13)

where π(·) is a random permutation used to form negative pairs. We minimise L m
CLUB to

suppress information leakage from specific factors into the invariant space.
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Ldisent =LNCE

(
z̄I

i ,t , z̄I
i ,v

)
+L t

CLUB +L v
CLUB. (5.14)

Together, these two regularisers yield cleaner invariant and specific factors, leading to

more reliable modality completion and downstream recommendation.

5.3.3 Multimodal Recommendation Module

On top of the above content representations, we leverage the generated modality features to

perform multimodal recommendation. However, the reconstructed representations can be

less reliable than the ground-truth content and may introduce systematic bias, especially

under severe missingness or cold-start, which can contaminate cross-modal relations and

impair preference modelling.

CF Backbone Since modality missingness and completion errors are item-specific, fur-

ther refining item embeddings may inadvertently propagate reconstruction noise through

neighbourhood aggregation. To alleviate this issue, we anchor the recommender in collabo-

rative signals and enhance user representations before multimodal fusion. Specifically, we

construct an auxiliary user-user graph W ∈R|U |×|U |, where the edge weight is defined by the

number of commonly interacted items:

Wuu′ =
|Iu ∩ Iu′ |, u′ ̸= u,

0, u′ = u.
(5.15)

We keep the top-200 neighbours for each user and compute a softmax-weighted aggre-

gation over top-k neighbours:

αuu′ = exp(Wuu′)∑
u′′∈N (k)

u
exp(Wuu′′)

, u′ ∈N (k)
u , N (k)

u ⊆N (200)
u . (5.16)

The refined user ID embedding is then obtained via residual neighbourhood aggregation:

ẽu = eu +γ
∑

u′∈N (k)
u

αuu′ eu′ , (5.17)

where γ controls the strength of user-user refinement.

To capture high-order collaborative patterns between users and items, we adopt LightGCN-

style message passing on the normalised adjacency matrix Ã = D− 1
2 AD− 1

2 . We initialise the

node representations as

H(0) =
[

ẼU

EI

]
∈R(NU+NI )×d , (5.18)
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where ẼU stacks the refined user embeddings ẽu , and EI stacks the item ID embeddings ei .

We then propagate representations for L layers:

H(ℓ+1) = Ã H(ℓ), ℓ= 0, . . . ,Lui −1. (5.19)

The final collaborative embeddings are obtained by layer-wise mean pooling:

H = 1

Lui +1

Lui∑
ℓ=0

H(ℓ). (5.20)

Finally, we split H into user and item parts, yielding the collaborative representations e∗u and

e∗i .

Multimodal fusion with collaborative representations After obtaining the collaborative

representations e∗u and e∗i on the user-item graph, we further inject modality-aware signals

derived from the modality-specific item-item graphs. For each modality, we perform graph

propagation on S̃m using the preference-filtered invariant and specific item factors z̄I
i ,m and

z̄S
i ,m , and denote the resulting item-side representations as iI

m and iS
m . We then transfer these

item signals to the user side via the interaction matrix R, yielding uI
m and uS

m . Finally, we

integrate collaborative and multimodal information using a lightweight mean fusion:

efinal
u = e∗u + 1

3

(uI
v +uI

t

2
+uS

v +uS
t

)
,

efinal
i = e∗i +

1

3

( iI
v + iI

t

2
+ iS

v + iS
t

)
.

(5.21)

The preference score is then computed by inner product:

ŷui =
(
efinal

u

)⊤
efinal

i . (5.22)

Alignment objectives To make the fusion more reliable, we further impose a set of con-

trastive alignments that explicitly couple users with their interacted items and collaborative

signals with modality-invariant content. We summarise the alignment loss as

Lalign =LNCE
(
e∗u ,e∗i

)+LNCE
(
uI

t +uI
v , iI

t +iI
v

)
+LNCE

(
uS

v , iS
v

)+LNCE
(
uS

t , iS
t

)
+LNCE

(
e∗i , iI

t +iI
v

)+LNCE
(
e∗u , uI

t +uI
v

)
.

(5.23)
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5.3.4 Optimisation

The objective is to jointly optimise the above three modules. We adopt the Bayesian Person-

alized Ranking (BPR) loss for implicit-feedback optimisation:

LBPR =− 1

|O|
∑

(u,i , j )∈O
logσ(ŷu,i − ŷu, j ), (5.24)

where σ(·) is the sigmoid function, ŷu,i and ŷu, j denote the prediction scores of a positive

item i and a sampled negative item j for user u, respectively, and O is the set of sampled

training triplets.

The overall objective of MAGERec is:

L =LBPR +Lrecon +λ1Ldisent +Lgen +λ2Lalign

+λ3∥Θi d∥2
2 +λ4

(
∥Θv∥2

2 +∥Θt∥2
2

)
.

(5.25)

λ1 and λ2 are tradeoff parameters; λ3 and λ4 control the strength of regularisation to

prevent overfitting, and we set λ3 = 10−5 and λ4 = 10−1. The overall training procedure is

summarised in Algorithm 2.

The additive form is adopted because MAGERec optimises several complementary objec-

tives within a unified end-to-end framework. The BPR loss is the primary ranking objective

for implicit-feedback recommendation, while the reconstruction and generation losses im-

prove missing modality completion. The disentanglement loss separates modality-invariant

and modality-specific factors, and the alignment loss encourages consistency between

collaborative signals, user-item preference information, and multimodal content represen-

tations. These objectives are mutually related rather than independent stages, since the

quality of generated modalities, disentangled representations, and aligned embeddings

all affect the final recommendation scores. Therefore, combining them in an additive ob-

jective allows the shared representations to be updated jointly by ranking, completion,

disentanglement, and alignment signals. The trade-off parameters balance the influence

of auxiliary losses and regularisation terms, helping the model improve robustness under

missing modalities without allowing any single objective to dominate the optimisation.

5.4 Experiment

In this section, we evaluate the proposed model on three real-world datasets under missing

modality and new-item cold-start settings. We first describe the datasets, baselines, and

experimental settings. We then present experiments that examine:
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Algorithm 2 Training procedure of MAGERec
Input: interaction matrix R; modality features {Xm}m∈{t ,v}; completeness-domain sets

{I obs
m , I mis

m }m∈{t ,v}; training configs.
Output: predicted preference scores ŷui for ranking recommendation results.

1: Initialise EU ,EI and model parameters.
2: Impute missing entries in Xm .
3: Construct initial modality item–item propagation matrices S̃m .
4: for epoch e = 1, . . . ,E do
5: Encode zI

i ,m and zS
i ,m via Eq. (5.1) and Eq. (5.2).

6: Compute preference filters Fm via Eq. (5.3), and obtain z̄I
i ,m , z̄S

i ,m via Eq. (5.4).
7: if global DA step ≤ Smax then
8: for s = 1, . . . ,SDA do
9: Sample balanced Bobs

m ,Bmis
m from I obs

m , I mis
m .

10: Translate invariants ẑI
i ,v , ẑI

i ,t via Eq. (5.5).
11: Compute Lrec and LNCE via Eq. (5.7).
12: Compute λ via Eq. (5.9) and Ladv via Eq. (5.8).
13: Update {Wm ,Ws , g t→v , gv→t ,dt ,dv } by minimising LDA via Eq. (5.10).
14: end for
15: end if
16: Update CLUB estimators by minimising L m

CLUB via Eq. (5.13).
17: Compute Ldisent via Eq. (5.14).
18: Regenerate x̃m

i and compute Lrecon via Eq. (5.11).
19: Replace missing entries in Xm with regenerated features x̃m

i .
20: if e mod Eref = 0 then
21: Rebuild Ŝm and update S̃m via Eq. (5.12).
22: end if
23: Construct user–user graph weights Wuu′ via Eq. (5.15) and compute αuu′ via

Eq. (5.16).
24: Refine user embeddings ẽu via Eq. (5.17).
25: Initialise H(0) via Eq. (5.18); propagate via Eq. (5.19); and mean-pool via Eq. (5.20) to

obtain e∗u ,e∗i .

26: Fuse multimodal signals to obtain efinal
u ,efinal

i via Eq. (5.21), and compute ŷui via
Eq. (5.22).

27: Update model parameters by minimising L via Eq. (5.25).
28: end for

• Overall Performance: performance under missing modality and item cold-start set-

tings.

• Ablation Study: contributions of key modules via ablation studies.

• Hyperparameter Sensitivity: impacts of key hyperparameters.
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• Representation Visualisation: the embedding space and learned modality-invariant/specific

properties.

• Statistical Significance: significance of the observed improvements.

5.4.1 Datasets & Baselines

To better reflect diverse real-world recommendation scenarios, we adopt three datasets from

Amazon Reviews: Amazon Baby Products (Baby), Amazon Sports and Outdoors (Sports), and

Amazon Clothing Shoes and Jewelry (Clothing) 2. Each dataset provides both textual and

visual features. For a fair comparison with previous models, we extract visual features using

a 16-layer deep convolutional neural network (Simonyan & Zisserman, 2015) and textual

features using Sentence-Transformers (Reimers & Gurevych, 2019). Following common

practice in this field (Z. Guo et al., 2024; P. Yu et al., 2025; J. Zhang et al., 2021), we apply

5-core filtering by removing users and items with fewer than five interactions. The statistics

of the resulting datasets are summarised in Table 5.1.

Dataset #Users #Items #Interactions Sparsity

Baby 19,445 7,050 160,792 99.88%
Sports 35,598 18,357 296,337 99.95%
Clothing 39,387 23,033 278,677 99.97%

Table 5.1: Statistics of the Experimental Data after Processing.

As summarised in Table 5.2, we compare against 19 baselines grouped into three cat-

egories. (1) CF backbones: BPR-MF (Rendle et al., 2009), NGCF (X. Wang et al., 2019),

LightGCN (X. He et al., 2020), and SimGCL (J. Yu et al., 2022). (2) MMRec: VBPR (R. He

& McAuley, 2016b), MMGCN (Wei et al., 2019), LATTICE (J. Zhang et al., 2021), BM3 (X.

Zhou, Zhou, et al., 2023), FREEDOM (X. Zhou & Shen, 2023), MGCN (P. Yu et al., 2023),

LGMRec (Z. Guo et al., 2024), GUME (G. Lin et al., 2024), SMORE (Ong & Khong, 2025),

PGL (P. Yu et al., 2025), and MENTOR (J. Xu et al., 2025). (3) MMARec: MILK (Bai et al., 2024),

SiBraR (Ganhör et al., 2024), CI2MG (Z. Lin et al., 2023), and DGMRec (Kim et al., 2025). This

selection is designed to broadly cover contemporary MMRec with diverse graph utilisation

approaches. For MMARec, we further include both representation-learning approaches and

generation-based approaches to reflect the two dominant paradigms for handling modality

incompleteness.

2https://jmcauley.ucsd.edu/data/amazon/
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Baseline Venue Graph CL Missing

CF backbones

BPR-MF UAI’09 % % %

NGCF SIGIR’19 UI % %

LightGCN SIGIR’20 UI % %

SimGCL SIGIR’22 UI ! %

MMRec

VBPR AAAI’16 % % %

MMGCN MM’19 UI+II % %

LATTICE MM’21 UI+II ! %

BM3 WWW’23 UI+II ! %

FREEDOM MM’23 UI+II ! %

MGCN MM’23 UI+II ! %

LGMRec AAAI’24 UI+II+Hyper ! %

GUME CIKM’24 UI+II ! %

SMORE WSDM’25 UI+II ! %

PGL AAAI’25 UI+II ! %

MENTOR AAAI’25 UI+II ! %

MMARec

MILK SIGIR’24 UI ! Rep

SiBraR RecSys’24 UI ! Rep

CI2MG MM’23 UI+II+Hyper ! Gen

DGMRec SIGIR’25 UI+II ! Gen

Table 5.2: Summary of baselines. “UI”,“II” and “Hyper” denote the user -item and item-
item graphs, and hyper graphs, respectively. “Rep” and “Gen” indicate representation- and
generation-based handling of missing modalities.
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5.4.2 Experimental Settings

missing modality Setting: Similar to previous work (Bai et al., 2024; H. Chen et al., 2025;

Kim et al., 2025), we evaluate our method under missing modality scenarios where modality

missingness is present in both the training and test sets. Specifically, we randomly mask

item modalities such that one-third of the items are missing one modality, one-third are

missing two modalities, and the remaining one-third retain all modalities.

Item Cold Start Setting: To assess the performance of our method in a more realistic

setting, we further follow the new-item protocol in (Kim et al., 2025), where 20% of the items

are designated as new and appear only in the test set. This item’s cold-start scenario allows

us to evaluate the model’s generalisation ability to previously unseen items.

5.4.3 Evaluation Protocols

We split the interaction data into 80% training, 10% validation, and 10% test sets to remain

consistent with previous multimodal recommendation studies (J. Xu et al., 2025; P. Yu et al.,

2023; J. Zhang et al., 2021). Following widely used evaluation protocols, we adopt Recall@K

and Normalised Discounted Cumulative Gain (NDCG@K ) (Järvelin & Kekäläinen, 2002) to

measure recommendation accuracy, where K ∈ {5,10,20,50}. Due to space constraints, we

report the main results for K = 20 and K = 50.

1) Recall@K measures the proportion of relevant items that are successfully retrieved in

the top-k list for each user:

Recall@K = 1

|U |
∑

u∈U

|Î K
u ∩ I+u |
|I+u |

, (5.26)

where I+u is the set of ground-truth items for user u and Î K
u is the top-k recommended

items for u.

2) NDCG@K evaluates ranking quality by assigning higher gains to relevant items that

appear at higher positions:

NDCG@K = 1

|U |
∑

u∈U

DCGK
u

IDCGK
u

, (5.27)

where

DCGK
u =

K∑
i=1

relu,i

log2(i +1)
, (5.28)

73



CHAPTER 5. ROBUST MULTIMODAL RECOMMENDATION WITH INCOMPLETE ITEM

CONTENT

and

IDCGK
u =

min(K , |I+u |)∑
i=1

1

log2(i +1)
. (5.29)

Here, IDCGK
u denotes the maximum possible DCG for user u under the same cutoff K .

For implicit feedback, relu,i ∈ {0,1} indicates whether the item at position i is relevant

to user u.

5.4.4 Implementation

We implement MAGERec in PyTorch (Paszke et al., 2019) based on a unified multimodal

recommendation framework3 to ensure consistent and fair comparisons with all baselines.

For methods requiring missing modality preprocessing, we employ mean imputation fol-

lowing prior work (Kim et al., 2025; J. Li et al., 2025), and adopt the hyperparameter settings

recommended in the original papers, further tuning them on the validation set. We use

Adam (Kingma & Ba, 2015) as the optimiser and set the embedding dimension to 64.

In MAGERec, the trade-off hyperparameters λ1 and λ2 are tuned in {10−3,10−2,10−1}. The

coefficient α and the user-user refinement weight γ are tuned in [0,1] with a step size of 0.2.

For modality-specific item-item graphs, we set the top-k parameter to k = 10 and use Li i = 2

propagation layers, while the LightGCN backbone employs Lui ∈ {2,3} layers. For curriculum

domain-adversarial completeness alignment, we use an Adam optimiser and set Sw ar m

to 20. The InfoNCE temperature is tuned in τ ∈ {0.2,0.4}. Following the implementation,

domain-adversarial updates are only performed in the early training stage, and missing

modalities are periodically re-generated during training, with modality graphs refreshed

every Tref = 5 epochs. All experiments are conducted on Red Hat Enterprise Linux 8.10

(Ootpa) using a single NVIDIA A40 GPU.

5.4.5 Overall Performance

Table 5.3 and 5.4 report the performance of MAGERec and all comparison baselines. Overall,

our method consistently achieves the best results across all datasets and evaluation metrics

under both experimental settings. Notably, the relative gains become larger as the dataset

scale increases: the improvements are smallest on Baby, which contains the fewest items,

and largest on Clothing, which has the most items. This trend suggests that our approach

benefits more from larger item sets, where the completeness shift between complete and

incomplete items is more pronounced. In particular, our domain-adversarial alignment

3https://github.com/enoche/MMRec
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explicitly reduces this shift by encouraging modality-invariant representations to be indis-

tinguishable across completeness domains, which leads to larger gains when the domain

discrepancy becomes harder for existing methods to handle.

Compared with the runner-up method DGMRec, our method shows consistent and

often substantial improvements across all datasets and metrics, especially under the missing

modality and cold-start settings. This is because DGMRec mainly focuses on reconstruct-

ing missing modalities, but it does not explicitly address the completeness shift between

complete and incomplete items. Consequently, its reconstructed features may still be bi-

ased toward the observed domain, and the fused representations remain partially domain-

dependent. In contrast, our approach introduces an explicit domain-adversarial alignment

to bridge the gap between completeness domains, which yields more transferable item

representations and better generalisation when both modalities are missing or when new

items have limited interactions.

We observe that CF backbones can outperform several MMRec and some MMARec

baselines under these settings, indicating that missing modalities can distort cross-modal in-

teractions and make multimodal signals unreliable. In severe missingness scenarios, relying

on user-item ID interactions can therefore be a strong alternative to incorporating incom-

plete or noisy modality features that may introduce additional bias. Among MMARec meth-

ods, generation-based approaches consistently outperform purely representation-learning

approaches, reinforcing that CF signals remain crucial for implicit-feedback multimodal

recommendation when content modalities are incomplete.

We further evaluate MAGERec under different missing ratios r ∈ {0,0.2,0.4,0.6,0.8} on

Clothing. We follow the same missing modality setting and vary only r , while keeping the

missing pattern consistent across ratios.

Specifically, we sample once a random permutation π of the item set I , and define the

set of incomplete items under ratio r as

Sr = {π(1),π(2), . . . ,π(⌊r NI ⌋)}, NI = |I |. (5.30)

For each incomplete item i ∈ Sr , we further sample once a missing-type variable τi ∈
{v only, t only,both}, which determines whether item i loses the visual modality, the textual

modality, or both. The observed modality set under ratio r is then defined as

M (r )
i =



{t , v}, i ∉ Sr ,

{t }, i ∈ Sr ∧τi = v only,

{v}, i ∈ Sr ∧τi = t only,

;, i ∈ Sr ∧τi = both.

(5.31)
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Table 5.3: Performance on Missing Modality Setting
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Table 5.4: Performance on Missing Modality and Item Cold Start Setting.
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Since Sr1 ⊆ Sr2 for any r1 < r2 and τi is fixed across ratios, the missingness is nested: if a

modality is missing for item i at r1, it remains missing at r2.

As shown in Fig. 5.4, once modality incompleteness is introduced, MAGERec consistently

outperforms all competing methods. In Fig. 5.4(a), the Recall@20 of MAGERec remains the

highest across missing ratios from 20% to 80%, indicating that our model is less sensitive to

missing content than representative MMRec baselines. In addition, Fig. 5.4(b) reports the

relative performance drop with respect to each method’s own full-modality score. Although

LGMRec exhibits the smallest relative drop, it also yields the lowest absolute Recall@20

across all ratios in (a), suggesting that its apparent “robustness” largely stems from a weak

full-modality baseline and limited reliance on multimodal cues. By comparison, strong

MMRec baselines such as PGL and SMORE start from higher performance but degrade

much more rapidly under severe missingness, implying that directly exploiting incomplete

modalities may introduce noisy or biased cross-modal relations that amplify performance

deterioration as missingness increases. In contrast, MAGERec alleviates this issue through

modality-invariant representation learning and completeness-domain alignment, enabling

more stable user-item matching even when item content is partially absent. Consequently,

the performance gap widens with increasing r , demonstrating that the proposed framework

is particularly effective in high-missingness regimes where the distribution shift between

complete and incomplete items is strongest.

(a) (b)

Figure 5.4: Missing modality robustness on Clothing.

5.4.6 Ablation Study

To understand how each component contributes to MAGERec, we conduct an ablation

study by removing one module at a time, as reported in Table 5.5. Overall, the full model
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Datasets Baby Sports Clothing

Metric R@20 N@20 R@20 N@20 R@20 N@20

MAGERec 0.0905 0.0398 0.1031 0.0465 0.0771 0.0345

w/o DA-align 0.0899 0.0397 0.1015 0.0455 0.0676 0.0308
w/o User Graph 0.0888 0.0392 0.1026 0.0461 0.0711 0.0319
w/o Ldisent 0.0896 0.0396 0.1044 0.0479 0.0703 0.0318

w/o MI-Max 0.0897 0.0396 0.1042 0.0478 0.0706 0.0321
w/o MI-Min 0.0904 0.0396 0.1015 0.0465 0.0752 0.0344

Table 5.5: Ablation Study on Missing Modality Setting.

achieves the best or near-best performance across all datasets, confirming that the proposed

components are complementary.

First, removing the domain-adversarial alignment consistently degrades performance

on all three datasets, with the most notable drops on Sports and Clothing, indicating that ex-

plicitly bridging the complete-incomplete gap is important under missing modality settings.

Second, disabling the user-user graph also leads to clear and consistent declines, especially

on Baby and Sports, suggesting that user-user propagation provides additional collaborative

signals beyond the raw user-item graph and improves overall robustness.

We further examine the two mutual-information terms. Removing CLUB loss slightly

reduces performance compared with the full model, implying that discouraging redun-

dancy between modality-invariant and modality-specific factors helps maintain a cleaner

disentanglement and more reliable fusion. Removing MI maximisation InfoNCE generally

harms performance on Baby and Clothing, while yielding a marginally higher result on

Sports. Notably, the improvement on Sports is small, and the full model remains competitive,

suggesting that the contribution of MI-Max can be dataset-dependent and may interact with

other regularisation effects; nevertheless, across datasets, the complete objective provides

the most stable and consistently strong performance.

5.4.7 Hyperparameter Sensitivity

In Fig.5.5 and Fig.5.6, we conduct experiments under the missing modality setting to analyse

the sensitivity of four key hyperparameters, α, γ, λ1, and λ2, on Baby and Sports. We vary

one hyperparameter at a time while keeping the others fixed to their selected values and
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(a) (b)

(c) (d)

Figure 5.5: Effect of α, γ, λ1 and λ2 on Baby

(a) (b)

(c) (d)

Figure 5.6: Effect of α, γ, λ1 and λ2 on Sports
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report Recall@20 and NDCG@20. Overall, MAGERec exhibits stable performance across a

broad range of configurations, indicating that the proposed framework is not overly sensitive

to hyperparameter choices.

For α, which controls the update strength in the dynamic modality-graph refinement,

performance improves substantially when moving away from 0 and remains relatively stable

for moderate values. Baby peaks around 0.6, while Sports prefers 0.4. This suggests that in-

corporating updated modality relations is beneficial, whereas overly aggressive updates yield

diminishing returns. For γ, which weights the auxiliary user-user refinement, both datasets

favour a moderate value. Baby prefers 0.4, and Sports prefers 0.15; too small γ underutilises

neighbourhood information, while overly large γ may oversmooth user representations and

slightly degrade performance.

Regarding the loss trade-offs, λ1 and λ2 also show consistent trends: excessively large

values noticeably harm both metrics, reflecting over-regularisation that suppresses task-

relevant signals. In contrast, small-to-moderate weights achieve a better balance between

regularisation and recommendation accuracy. Baby prefers smaller λ1 and λ2, while Sports

benefits from slightly larger but still moderate values.

(a) (b)

Figure 5.7: Distribution of item modality representations on missing modality setting.(a)
Baby.(b) Sports

5.4.8 Representation Visualisation

As shown in Fig. 5.7 and 5.8, across datasets, the invariant representations learned from

image and text exhibit a high degree of overlap, indicating effective cross-modal alignment.
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(a) (b)

Figure 5.8: Distribution of item modality representations on missing modality and item cold
start setting.(a) Baby.(b) Clothing

This supports that the proposed domain-adversarial alignment reduces the completeness

gap induced by missing modalities, encouraging a shared modality-invariant embedding

space. Meanwhile, modality-specific representations form distinct clusters and remain sepa-

rated from the invariant space, suggesting that the disentanglement objectives successfully

decouple modality-shared signals from modality-unique factors. Under the additional cold-

start setting illustrated in Fig. 5.8, the embedding geometry becomes more fragmented due

to reduced interaction supervision; however, the invariant representations from both modal-

ities remain well-aligned, demonstrating the robustness of MAGERec under compounded

missingness and cold-start.

5.4.9 Statistical Significance

Fig. 5.9 reports a paired, two-tailed T -test on Recall@20 between MAGERec and the strongest

baseline on the Baby dataset under the missing modality-only setting, where the observed

gains are among the smallest across our experimental settings. We repeat each method 10

times with matched random seeds, yielding 10 paired runs for statistical comparison. The

results confirm that the improvement is statistically significant: MAGERec attains a higher

mean Recall@20 than the best baseline, and the paired two-tailed T -test gives t = 5.64 with

p = 7.82×10−4, allowing us to reject the null hypothesis of equal means at both the 0.05 and

82



5.5. CHAPTER SUMMARY

Figure 5.9: T -test between the best baseline and MAGERec.

0.01 significance levels. In addition, the 95% confidence interval of the paired difference

excludes zero, indicating that the gain is consistently observed across repeated runs rather

than arising from randomness.

5.5 Chapter Summary

In this chapter, we proposed MAGERec, a modality-adversarial generative enhancement

framework for multimodal recommendation under missing modalities and item cold-start.

MAGERec reconstructs missing modalities from observed ones while explicitly addressing

the completeness shift between complete and incomplete items and disentangling modality-

invariant versus modality-specific signals. Specifically, it learns cross-modal generators to

produce compact modality-invariant representations, and applies a lightweight curricu-

lum domain-adversarial alignment to stabilise training and improve transferability across

completeness domains. To further suppress spurious modality-specific leakage, MAGERec

incorporates a mutual-information bottleneck and enhances collaborative filtering by inte-

grating user-centric preference-aware fusion and multi-view alignment to inject multimodal

signals into user and item representations. In future work, it would be valuable to extend

MAGERec to more complex missingness patterns and richer modality sets beyond image

and text. Another promising direction is to develop stronger uncertainty modelling for
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generation quality and to explore more principled user- and item-level fusion mechanisms

under heterogeneous missingness.
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CONCLUSION

T
his thesis investigated robust recommendation learning under practical imperfec-

tions commonly observed in real-world platforms. Motivated by the fact that rec-

ommendation signals are often long and non-stationary, interaction data are highly

sparse and long-tailed, and item-side multimodal content can be incomplete or degraded,

the thesis developed three aligned research studies corresponding to three research ques-

tions and objectives. Collectively, these studies aim to improve the reliability and generali-

sation of recommender systems when ideal assumptions do not hold. Through extensive

empirical evaluations and diagnostic analyses, the thesis demonstrates consistent improve-

ments over representative baselines across different settings, supporting the overarching

thesis goal of robust recommendations in realistic environments.

6.1 Contributions to the Field

The contributions of this thesis can be summarised as follows.

(1) A unified robustness perspective across multiple practical imperfections. This thesis

frames robustness in recommendation as a multi-faceted problem arising from (i) non-

stationary behavioural dynamics over long horizons, (ii) representation fragility under

sparse feedback, and (iii) incomplete multimodal information. By organising the thesis

around these imperfections and aligning each chapter with a specific research question and

objective, the work provides a coherent and reusable problem formulation that bridges gaps
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between common experimental assumptions and deployment realities. This perspective

also helps clarify which failure modes are attributable to temporal drift, sparse relational

evidence, or partial observability, and motivates targeted designs in subsequent studies.

(2) Advancing sequential recommendation for long and evolving user histories. In Chap-

ter 3, the thesis contributes to sequential recommendation by studying efficient modelling

of long-range dependencies under evolving behaviours. The work strengthens the under-

standing of how long interaction histories can be exploited without sacrificing scalability,

and provides empirical evidence that modelling both long-horizon dependencies and be-

havioural variation is essential for reliable next-item prediction in realistic scenarios. Beyond

performance, the analysis highlights the importance of evaluation under long sequences

and non-stationary conditions, complementing existing studies that primarily focus on

standard benchmark splits.

(3) Strengthening graph-based recommendation under sparse interactions. In Chap-

ter 4, the thesis contributes to collaborative filtering under sparsity by investigating how

item representations can be enhanced when interaction evidence is limited or unevenly

distributed. By emphasising representation robustness in sparse regimes, this study com-

plements mainstream graph-based recommenders that primarily rely on neighbourhood

aggregation. The results and analyses illustrate that incorporating richer relational structure

and robustness-oriented learning signals can stabilise representation learning and improve

recommendation quality when neighbourhood information is weak or noisy.

(4) Enabling robust multimodal recommendation under missing modalities. In Chap-

ter 5, the thesis advances multimodal recommendation by focusing on incomplete item

content, where modalities may be missing, partial, or degraded. This study highlights that

missing modality is not merely a preprocessing issue but a learning problem involving par-

tial observability and mismatches between items with complete versus incomplete content.

Through systematic experiments under varying missing ratios and diagnostic analyses, the

work demonstrates improved robustness and reliability of multimodal fusion under severe

modality incompleteness, thereby addressing a key gap in multimodal recommendation

research that often assumes complete modality availability.

(5) Empirical evidence and diagnostic analyses for robustness claims. Across all three

studies, the thesis places emphasis on not only reporting overall ranking improvements but

also providing evidence that supports robustness-oriented claims. This includes controlled
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evaluations under challenging conditions and diagnostic analyses that help interpret model

behaviour. Such evidence improves the reproducibility and interpretability of robustness

results and provides practical guidance for future research and deployment.

6.2 Recommendations for Future Research

While this thesis addresses three important imperfections in recommender systems, namely

non-stationary user behaviour, sparse interactions, and incomplete multimodal content,

several limitations remain and motivate future research. The three studies are developed

under task-specific settings rather than a unified recommendation framework, the evalua-

tions mainly rely on offline benchmark datasets, and the missing-modality setting primarily

focuses on controlled modality incompleteness. These limitations suggest several directions

for further investigation.

(1) Unified modelling across sequential, graph-based, and multimodal settings. A limi-

tation of the current thesis is that the three studies address complementary imperfections

through task-specific formulations rather than a unified modelling framework. A natural

next step is to develop a unified framework that jointly models temporal dynamics, relational

structure, and multimodal content within a single learning paradigm. Such a framework

could better reflect modern platforms where sequential behaviours, user-item graphs, and

item content coexist and interact. Future work may also explore principled ways to share rep-

resentations and learning signals across these settings to reduce redundancy and improve

generalisation.

(2) Robustness to more realistic distribution shifts and feedback mechanisms. This

thesis focuses on major imperfections, yet real platforms often exhibit additional distribution

shifts, such as shifts in exposure policies, popularity bias, and evolving item catalogues.

Future work can study robustness under counterfactual or policy-induced shifts, incorporate

debiasing strategies, and evaluate robustness under more realistic logging and ranking

feedback mechanisms. Extending evaluation protocols beyond standard random splits to

time-aware and policy-aware settings would further strengthen external validity.

(3) Fine-grained modelling of missingness patterns and uncertainty. Another limitation

is that the current missing-modality evaluation mainly focuses on controlled incomplete-

ness, while real-world missingness may occur non-uniformly and with varying uncertainty.
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Future research can investigate mechanisms underlying missingness and develop models

that explicitly reason about missingness patterns and their associated uncertainty, rather

than treating missingness as random. Incorporating calibrated uncertainty estimation may

improve system reliability by enabling risk-aware ranking or fallback strategies when modal-

ity evidence is unreliable.

(4) Scalable and deployment-oriented evaluation. Although this thesis evaluates methods

on widely used benchmarks, deployment often requires additional considerations, including

inference latency, memory footprint, and robustness under streaming updates. Future work

can explore more efficient training and inference strategies, incremental updates, and

online learning protocols. Moreover, robustness should be evaluated not only through

offline ranking metrics but also via user-centric measures and, where feasible, online A/B

testing or realistic simulation environments.

(5) Incorporating foundation models for robustness and explainability. Recent advances

in large language models and multimodal foundation models open opportunities to improve

recommendation robustness, especially when structured data are sparse or item content is

incomplete. Future research may explore how foundation models can provide richer item

representations, generate auxiliary explanations, or assist in handling missing modalities

through semantic priors. Importantly, integrating such models should be accompanied by

careful study of controllability, faithfulness of explanations, and robustness under domain

shift.

6.3 Closing Remark

In summary, this thesis contributes to the ongoing effort of bridging the gap between

recommendation research and real-world deployment by systematically studying robustness

under three prevalent imperfections. The findings and frameworks developed in this thesis

provide both methodological and empirical foundations for future work on reliable, scalable,

and robust recommender systems.
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