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Hypergraph Representation Learning for Efficient
Recommender Systems: Towards Better Performance at

Lower Computational Cost

Tendai Mukande

Abstract

Recommender systems (RSs) facilitate decision making by providing customised
suggestions that are tailored to user preferences. Most existing RS methods focus
on single-type behaviour modelling, such as ratings, whereas real-world user inter-
actions are diverse, including activities such as view, add-to-cart and purchase. The
main hypothesis in this thesis is that incorporating multi-type behavioural indica-
tors enables the development of more comprehensive models that better reflect user
preferences, enhancing recommendation performance. To capture heterogeneous
user-item interactions more effectively, graph transformer (GT)-based RS methods
have been adopted in the literature. These GT algorithms offer a hybrid frame-
work that improves recommendation performance. However, most existing GNN-
based approaches struggle with scalability in large-scale settings and have limited
capability in modelling higher-order dependencies beyond pairwise user-item inter-
actions. To address these limitations, hypergraph neural networks (HGNNs) have
been proposed, which allow the representation of higher-order relationships involv-
ing multiple nodes. Despite their advantages in capturing intricate dependencies,
HGNN-based methods remain computationally expensive, posing challenges in com-
putational resource-constrained environments. In addition, applying model com-
pression techniques to address this issue often leads to performance degradation.
Motivated by these challenges, this research explores the question: Is it possible to
reduce the computational cost of HGNN-based RS methods without compromising
accuracy in large-scale settings? To address the limitations of existing methods,
four novel approaches are proposed, based on: 1) lightweight hypergraph transform-
ers, 2) hardware-algorithm co-design, 3) hyperbolic representation learning and 4)
HGNN-enhanced Mixture-of-Agents (MoA) frameworks. The methods introduced
in this research yield effective models that achieve improved performance while re-
ducing memory usage and runtime, providing a foundation for more efficient and
scalable RSs.

Keywords: Hypergraph Neural Networks, Transformers, Mixture-of-Agents, Hy-
perbolic Representation Learning, Recommender Systems, Computational Efficiency,
Hyperbolic Neural Networks.
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Chapter 1

Introduction

1.1 Background

Recommender Systems (RSs) deliver relevant content to users by retrieving infor-

mation from multiple sources to generate personalised suggestions. In doing so, they

minimise the information overload that users often encounter on online platforms

[98]. The provision of personalised suggestions enables products and services to be

more closely aligned with user preferences. Personalisation has become an essential

part of the digital age, shaping the decisions people make and the content they

interact with every day. For example: Netflix1, Amazon2, Spotify3 and YouTube4

platforms deliver personalised content based on user behaviour traces (such as views,

purchases ratings and likes) [109]. Due to the use of RS on many platforms, improv-

ing both the efficiency and the quality of recommendation in real-world scenarios

has been of great interest in academia and industry [242].

In this thesis, a real-world recommendation scenario is defined as a prac-

tical context that involves large-scale datasets, complex user-item interactions and

multiple objectives. These objectives could include factors such as maximising user

satisfaction, increasing user engagement, ensuring diversity in recommendations, op-

1https://www.netflix.com/
2https://www.amazon.com/
3https://open.spotify.com/
4https://www.youtube.com/
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Chapter 1. Introduction

timising long-term user retention, and balancing between relevance and novelty. For

example, an RS on an e-commerce platform might recommend products that match

user preferences (maximising satisfaction) while maintaining sufficient diversity to

encourage exploration (promoting novelty). At the same time, it can also account

for business objectives such as fostering user loyalty and increasing revenue.

The modelling paradigm in RSs has evolved from neighbourhood methods [277,

274] to representation learning-based frameworks [48, 75, 200]. Neighbourhood

methods, such as collaborative filtering [107, 256], generate recommendations based

on historical user-item interactions. These approaches have been widely used in

traditional RSs due to their simplicity [337]. However, when applied to heteroge-

neous datasets, they face challenges such as sparsity and limited scalability [329]. In

this context, “heterogeneous” refers to datasets that consist of different categories

of users, items and interactions (e.g., ratings, views and purchases). This limits the

applicability of RSs in complex real-world scenarios where user-item interactions are

often incomplete or highly diverse [21].

Most existing research has focused on modelling user behaviour of a single type,

such as user ratings, while real-world scenarios involve multi-type behaviour [111].

Figure 1.1 illustrates a real-life scenario of user behaviour in the e-commerce domain.

This example shows that users can explore and interact with products from multiple

categories in a single session. For example, a user might search for electronics, add

a fashion item to their cart, and then proceed to purchase a book. The main

challenge with the single-user behaviour modelling approach is that it does not

capture the dynamics of various user–item interactions, thus limiting the ability of

these approaches to provide novel suggestions to the user [19]. In addition, the RS

should be able to capture the relationships between different product categories to

provide complementary recommendations. For example, if a user buys a camera,

the system should be able to recommend related accessories such as photography

books.

Graph Neural Networks (GNNs) have been applied to model multi-type user

2



Chapter 1. Introduction

Figure 1.1: A real-world e-commerce recommendation scenario with multiple user
behaviour types, where complex multi-way interactions among users and items are
best modelled using a hypergraph.

behaviour in order to provide better recommendations [19, 111, 321]. In these

methods, collaborative user behaviour such as “view”, “add-to-cart” and “add-to-

favourites” is incorporated with the goal of improving the accuracy of predicting a

target behaviour such as purchase. However, most existing GNN-based RS methods

are limited to pairwise interactions and cannot model higher-order interactions such

as those that involve three or more nodes simultaneously [138, 161]. To improve

graph representation learning performance, some research works combine GNN with

the transformer-based self-attention mechanism5, resulting in hybrid graph trans-

former (GT) models [276, 350]. This approach takes advantage of the strengths

of both architectures, offering a framework that captures complex patterns of in-

teraction between users and items, improving recommendation performance [19].

Transformers have been applied to model heterogeneous data, such as recommen-
5The transformer-based neural network architecture introduced by Vaswani et al. [237] has

become a foundational model for various tasks in natural language processing (NLP), computer
vision [169] and life sciences [318].
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add-to-cart

add-to-favourites

view

Figure 1.2: Example of a real-world higher-order user-item interaction involving
triadic behaviour: “view”, “add-to-cart” and “add-to-favourites”. GNN methods are
limited to pairwise interactions and do not effectively model higher-order relations.

dation scenarios in which users exhibit diverse behaviours in multiple dimensions

[183]. The self-attention mechanism of the transformer allows the capture of global

patterns and the aggregation of information at distant graph nodes [209]. In this

way, GT-based models can incorporate contextual information on user behaviour

(such as time of day and location), leading to better recommendations [244].

To address limitations of GNNs in modelling higher-order interactions, explor-

ing RS methods based on hypergraph representation learning has become an active

research area [279]. HGNNs can model relationships that involve multiple nodes at

the same time, providing more expressive frameworks to capture complex interac-

tions [142, 310]. In this context, expressivity refers to the ability of a model to

capture complex structural dependencies and distinguish between different graph

topologies. Unlike GNNs, a hyperedge can link three or more nodes simultaneously

[255], allowing the representation of higher-order relationships that frequently occur

in real-world scenarios, as illustrated in Figure 1.2. In contrast, standard GNNs

represent these interactions as multiple pairwise edges, linking a user to each prod-

4
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uct individually, which can result in the loss of important information about the

joint nature of the interaction [315]. This limits the model’s ability to fully capture

the contextual and co-occurrence patterns that drive user preferences in complex

recommendation scenarios [142].

1.2 Motivation

Given the potential of HGNN-based RS methods [219, 255], this research focuses

on challenges that arise when deploying these models in real-world scenarios. One

major concern is efficiency, raising the following question: Can we design HGNN-

based RS methods that are efficient in large-scale environments, while maintaining

high performance? Moreover, optimising the efficiency of these algorithms opens up

new possibilities, such as implementing RSs on smartphones for personalised health

monitoring. The central question driving this thesis is:

Can we reduce the memory and time cost of HGNN-based RS

methods without compromising the quality of recommenda-

tion? What novel techniques can be applied to improve the

performance-efficiency trade-off of these methods in real-world

settings?

In real-world scenarios, graphs can be large and complex, with diverse user in-

teractions across various item types, leading to millions of nodes and edges. This

results in the need for large computational resources. This high computational re-

source demand comes with an increase in energy consumption for model training

and inference, which contributes to a larger carbon footprint [128]. Developing more

efficient RS models is one way to contribute to the United Nations Sustainable De-

velopment Goal 13 on combating climate change [202, 222]. In existing research,

practical concerns such as efficiency are often overlooked or addressed with solutions

that seem feasible but, in practice, offer limited real-world benefits [182]. Effective

solutions that produce measurable improvements are challenging, mainly due to the

5
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difficulty in balancing modelling requirements with algorithmic and hardware con-

straints [302]. This research aims to tackle these challenges by focusing on four key

areas: lightweight graph transformers, hardware-software co-design, non-message-

passing algorithms and hypergraph-enhanced Mixture-of-Agents (MoA) frameworks.

1.2.1 Graph Representation Learning Bottlenecks

Existing GNN-based multi-type behaviour RSs have shown improved performance

compared to single-type behaviour models [268]. However, they fall short in large-

scale real-world scenarios, where large amounts of heterogeneous data are frequently

generated [63, 211, 313]. One limitation of GNN methods is their inability to ef-

fectively represent complex relationships that consist of more than two entities [56,

142]. For example, some user-item interactions involve higher-order relations, such

as the triadic behaviour of “view”, “add-to-cart” and “add-to-favourites” in the same

user-item set, as illustrated in Figure 1.2. Furthermore, GNNs operate with a lo-

calised receptive field, where each node aggregates information from its immediate

neighbours through message-passing layers [105]. Information loss from aggregation

limits the model’s ability to capture long-range dependencies and global structural

information [245], which is challenging in large-scale graphs where meaningful re-

lationships extend multiple hops beyond the effective neighbourhood radius of the

GNN [72]. In addition, GNN-based methods are prone to oversmoothing6 and over-

squashing7 problems in large-scale recommendation scenarios.

1.2.2 High Computational Cost

State-of-the-art RS methods based on GNN and transformer architectures have lim-

ited scalability due to high computational complexity [233]. In particular, GNN-

based RSs become computationally expensive as the size of the graph increases
6Oversmoothing refers to a phenomenon in GNN where node representations become indistin-

guishable as layers increase, leading to the loss of useful information.
7Oversquashing refers to the phenomenon in GNNs where long-range dependencies are com-

pressed into low-dimensional representations, limiting the model’s ability to propagate information
effectively. This is discussed in detail in Chapter 2.
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[352]. Similarly, transformers have quadratic memory and time complexity relative

to the number of nodes in the graph [233], which limits their scalability. Algo-

rithms that have quadratic complexity are inefficient for large datasets because the

time or memory required to process them grows proportionally to the square of

the input size [232]. This makes practical deployment challenging for large-scale

HGNN-based RSs, especially in scenarios with limited computational resources. In

light of the highlighted challenges, this thesis presents architectural innovations de-

signed to efficiently capture higher-order, complex user-item interactions, aiming

to enhance recommendation performance while reducing the computational cost of

HGNN-based RS methods in real-world scenarios.

1.3 Problem Statement

This research aims to improve the efficiency of HGNN-based recommender systems

by introducing novel approaches that reduce computational cost without compro-

mising but ideally improving performance in large-scale scenarios. This thesis

introduces five innovative methods that address the aforementioned challenges. In

doing so, the reported research contributes to advancing the practical applicability

of HGNN-based RS models. The results of this research represent a significant step

toward the development of resource-efficient and high-performance RSs.

1.3.1 Research Questions

This work addresses three research questions aimed at enhancing recommendation

performance while minimising computational costs in large-scale real-world scenar-

ios. To address these research questions, five HGNN-based RS frameworks are

proposed, designed to optimise both performance and efficiency while enhancing

scalability in practical settings.

RQ1: Model compression in GNN / transformers, and their

hybrid models often results in accuracy loss. Can lightweight

7
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Graph Transformer approaches address this issue without de-

grading recommendation performance?

This research question investigates whether the incorporation of hypergraph repre-

sentation combined with efficient lightweight attention can improve recommendation

performance. The focus is on developing faster and more scalable RSs that main-

tain high performance, even in complex large-scale settings. Model compression in

GNN and transformer-based models often leads to accuracy degradation [159]. RQ1

explores whether lightweight graph transformer-based approaches can mitigate high

computational cost while maintaining strong recommendation performance.

RQ2: The message-passing scheme in HGNN models is prone

to issues such as oversmoothing and oversquashing in large-

scale settings. Does the use of HGNN-based RS methods with-

out message-passing improve model performance and efficiency?

HGNN-based message-passing often suffers from limitations such as oversmooth-

ing, where node representations become indistinguishable, and oversquashing, where

information from distant nodes is compressed into fixed-size representations as the

graph size increases, leading to degraded performance in large-scale settings. The

hypothesis is that addressing these limitations requires moving beyond the message-

passing paradigm. This question explores how to design and optimise large-scale

RS methods that do not apply message-passing to address performance, efficiency,

and scalability challenges present in real-world RSs without compromising recom-

mendation performance. This question leads to two closely related questions.

RQ 2.1: Does hardware-algorithm co-design (aligning the recommenda-

tion algorithm’s computational patterns with the structure of the underly-

ing hardware accelerator platform, i.e. GPU), without applying HGNN-

message-passing, improve performance and efficiency in real-world RS

scenarios?

8
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The irregular structure of hypergraph data introduces memory bottlenecks and

redundancies, which hinder efficient computation and memory access, which are

essential to achieve high performance on hardware platforms. Hardware accelerator

platforms such as GPUs and TPUs, which are optimised primarily for workloads with

regular computational and memory access patterns, struggle to efficiently accelerate

these methods [27].

RQ 2.2 explores the following: HGNN message-passing is prone to over-

smoothing and oversquashing due to repeated averaging in hierarchical

real-world data (e.g., Clothing → Jacket → Black Biker Jacket), as well

as high computational cost. To address these issues, the following inves-

tigation is conducted: Is hyperbolic hypergraph representation learning,

without relying on extensive message-passing, effective in improving per-

formance and efficiency in real-world RS settings?

Traditional HGNNs operating in Euclidean space often struggle to represent

hierarchical and scale-free structures efficiently. Hyperbolic geometry has been ap-

plied to embed hierarchical data with lower distortion and fewer dimensions and

has been shown to allow better separation of nodes in large and complex graphs

[192]. Thus, the hypothesis is that incorporating hyperbolic geometry can improve

HGNN expressivity by enabling richer and more discriminative representations, thus

improving the recommendation performance.

RQ3: Most real-world recommendation scenarios exhibit com-

plex and evolving user-item interaction dynamics, which makes

static hypergraph representation learning models insufficient to

capture temporal patterns effectively. This raises the question:

Does hypergraph-enhanced MoA modelling effectively address

these challenges?

In practice, user preferences are dynamic and continue to evolve. However, most

existing GNN-based RS methods are static, making them inadequate for capturing

9
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these dynamics in practical settings [53]. As a result, these methods often show

suboptimal performance when applied to dynamic scenarios [161]. Moreover, recent

methods such as LLMs [97, 140], which attempt to address this limitation, are often

computationally intensive [35]. Thus, temporal representation learning is required to

capture these evolution patterns [22]. In RQ3, investigation is carried out on whether

HGNN-enhanced learning combined with a Mixture-of-Agents (MoA) architecture

can achieve strong performance while minimising computational cost.

1.4 Thesis Contributions

In real-world scenarios, HGNN-based RS methods can be large and complex, often

scaling to millions of nodes and edges. In such cases, architectural innovations are

necessary to allow models to scale efficiently without compromising performance.

Methods introduced in this thesis cover four areas: lightweight graph transformers,

hardware-algorithm co-design without message-passing, hyperbolic hypergraph rep-

resentation learning and MoA frameworks. These contributions are summarised

below.

Literature Survey on HGNNs. In Chapter 2, an overview of RSs, GNNs,

hyperbolic geometry and transformers is presented, followed by a review of the

state-of-the-art methods and discussion of open challenges in HGNN-based recom-

mendation. The literature survey, which covers Chapter 2 content in greater detail,

has been submitted to ACM.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

O’Connor. A Survey of Hypergraph Representation Learning for

Recommender Systems. Under review: ACM Computing Surveys.

GTRec: Towards Lightweight Hypergraph Transformers for Multi-Be-

haviour Recommendation. Graph transformers (GTs) have emerged as a promis-

ing architecture for graph representation learning tasks [94, 133, 259]. However,

10
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despite their potential, they face scalability challenges [215]. Model compression

techniques, such as pruning or quantisation, that are commonly applied to improve

efficiency in GT-based methods have shown degraded model performance [198]. To

address these issues, GTRec is introduced in Chapter 3, a lightweight graph

transformer framework that effectively captures heterogeneous user-item interac-

tions. GTRec combines innovative modules to achieve superior recommendation

performance compared to state-of-the-art methods, with significantly lower compu-

tational costs. This work will be submitted to the ACM Transactions on Recom-

mender Systems (TORS) journal.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

O’Connor. “Towards a Lightweight Hypergraph Transformer

Framework for Multi-Behaviour Recommendation”. Planned

Submission: ACM TORS journal.

STMBR: A Sparse Sinkhorn Attention Model for Multi-Behaviour Rec-

ommendation. To address the high computational cost of GT-based methods

without compromising performance, STMBR, another lightweight GT-based method,

is introduced in Chapter 3. This is achieved by partitioning input user-item inter-

action sequences into blocks and the use of a meta-sorting network that learns to

rearrange the block sequences based on token relevance. The work reported in this

section has been published.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

O’Connor. “A Sparse Sinkhorn Transformer for Multi-Behaviour

Recommendation”. In: “Proceedings of the 19th IEEE International

Conference on e-Business Engineering. ICEBE. 2023, pp. 90–96.

FATH: A Hardware-Algorithm Co-design Framework for Recommender

Systems. The irregularity of graph-structured data poses significant challenges for

efficient computation and memory access, both of which are essential to enhancing

11
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model performance and efficiency. Hardware accelerator platforms, such as GPU

and TPU, are mainly optimised for workloads that involve regular and predictable

patterns of computation [27]. In Chapter 4, the FATH framework is introduced

with the aim of improving the efficiency of HGNN-based RSs. FATH addresses the

challenges of adapting algorithms to hardware constraints, enabling the scaling of

HGNN models for deployment on devices with limited computational and memory

resources. The work reported in this chapter has been published in CIKM’23 and

WWW’25 conference proceedings.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

O’Connor. “A Flash Attention Transformer for Multi-Behaviour

Recommendation”. In Proceedings of the 32nd ACM International

Conference on Information and Knowledge Management. 2023, pp. 4210–4214.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

E. O’Connor. “Towards Efficient Hypergraph Representation

Learning for Multi-Behaviour Recommender Systems”. Com-

panion Proceedings of the ACM on Web Conference 2025, pp 1204-1208.

HyperRec: Hyperbolic Representation Learning for Scalable Recommender

Systems. Most Graph Transformer (GT) models have high computational cost

and therefore limited scalability in large graphs [215]. Hyperbolic geometry has

shown potential in modelling heterogeneous data that exhibits hierarchical struc-

tures and scaling to millions of nodes [192]. To address the limitations of GNN

message-passing methods that are discussed in the previous paragraph, HyperRec,

a novel hyperbolic-based model, is introduced in Chapter 5. HypeRrec uses a

hyperbolic self-attention mechanism to capture complex relationships between mul-

tiple user behaviours in a unified framework for scalable recommendation. The work

reported in this chapter has been submitted to the RecSys’26 conference.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

O’Connor. “HyperRec: Towards Hyperbolic Representation Learn-
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ing for Scalable Recommender Systems.” Planned Submission: 20th

ACM Conference on Recommender Systems (RecSys’26).

HGLMRec: An Efficient Hypergraph-MoA Framework for Recommender

Systems. User preferences and item characteristics change over time, making it

important for recommender systems to adapt to these dynamics [312]. Most exist-

ing HGNN-based recommendation methods are limited in capturing these dynamic

scenarios [53]. To address these issues, HGLMRec, a model that incorporates a

hypergraph encoder combined with a Mixture-of-Agents framework is introduced,

which enhances performance and reduces computational overhead. The work re-

ported in this chapter will be submitted to the RecSys’26 conference.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

E. O’Connor. “An Efficient Hypergraph-MoA framework for

Multi-Behaviour Recommendation.” Planned submission:20th ACM

Conference on Recommender Systems (RecSys’26).

In addition, there are other publications related to this research, listed below,

but they fall outside the scope of this thesis.

Tendai Mukande. “Heterogeneous Graph Representation Learn-

ing for Multi- Target Cross-Domain Recommendation.” In Pro-

ceedings of the 16th ACM Conference on Recommender Systems. 2022,

pp 730 - 734.

Tendai Mukande, Esraa Ali, Annalina Caputo, Ruihai Dong and Noel

E. O’Connor. “MMCRec: Towards Multi-modal Generative AI

in Conversational Recommendation.” In Proceedings of the 46th

European Conference on Information Retrieval. Springer. 2024, pp.

316–325.
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ContributionsResearch Questions

Chapter 3
GTRec and STMBR models

 RQ1: Does the use of lightweight hypergraph
transformers address C1 and C2 issues without

compromising model performance?

Chapter 4 
FATH framework

Chapter 5
 HyperRec model

 RQ3: Does hypergraph-MoA modelling
address C1, C2 and C3 challenges?

Chapter 6
HGLMRec framework

 RQ2.1: Does hardware-algorithm co-design
(without message passing) address the
challenges C1 and C2 in real-world RS scenarios?

 C1: Limited GNN model
expressivity, oversmoothing and
oversquashing issues.

Challenges

C2: High computational cost in
large-scale heterogeneous settings.

 RQ2.2: Is hyperbolic hypergraph
representation learning effective in addressing
C1 and C2 issues in real-world RS settings? 

C3: Most real-world RS scenarios
are dynamic, rendering static

models inadequate.

Figure 1.3: Thesis content structure: Overview of the challenges explored, research
questions addressed and contributions proposed in this thesis.

1.5 Thesis Outline

In Chapter 2, an overview of RSs, GNNs, hyperbolic neural networks and trans-

formers is provided, followed by a literature review on state-of-the-art methods and

open challenges in hypergraph-based recommendation. In Chapter 3, the GTRec

and STMBR methods are presented. Chapters 4 and 5 introduce FATH and

HyperRec, respectively. In Chapter 6, HGLMRec, a Hypergraph-MoA recommen-

dation model is introduced. Finally, Chapter 7 summarises the entire thesis and

presents opportunities for future research. A visualisation of the thesis contributions

is illustrated in Figure 1.3.
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Chapter 2

Background and Literature Survey

In this chapter, a useful background on RSs, GNNs and transformers is provided.

This is followed by a review of state-of-the-art recommendation methods based on

HGNNs. Lastly, open challenges and future directions towards the development of

hypergraph-based real-world RSs are discussed.

2.1 Recommender Systems

RSs have evolved significantly over the years, from traditional methods such as

matrix factorisation, content-based and collaborative filtering to advanced deep

learning-based approaches that model complex relationships [329].

2.1.1 Overview of Recommender Systems

Traditional methods. Traditional RS methods include content-based filtering,

collaborative filtering and matrix factorisation. Content-based filtering recommends

items similar to those in which a user has previously shown interest, based on com-

mon features of the items. For example, a movie recommender might use genres,

directors and actors to find similar movies [235]. User-based collaborative filtering

recommends items to a user based on the preferences of similar users, which are

measured using methods such as cosine similarity or Pearson correlation [36]. In

item-based collaborative filtering, items similar to those in which the user has previ-
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ously shown interest are recommended. The similarity between items is calculated

on the basis of user ratings. Matrix factorisation uses techniques such as Singu-

lar Value Decomposition to decompose the user-item interaction matrix to identify

latent factors that represent the characteristics of the user and the item [293]. Hy-

brid methods combine methods such as collaborative and content-based filtering to

mitigate their individual limitations and improve the quality of recommendations.

Deep Learning Methods. Modern recommendation methods use neural net-

works to capture complex patterns and interactions between users and items. Some

advanced RS methods incorporate contextual information, such as time and loca-

tion, into the recommendation process [18]. In one class of deep learning methods,

contrastive learning aims to learn representations for items and users such that

similar items are close in the embedding space [60]. This approach helps to learn

representations that capture the similarity and dissimilarity between items effec-

tively. Reinforcement Learning (RL) models interactions as a sequence of actions in

which the objective is to maximise cumulative rewards [43]. For recommendations,

the system learns policies that optimise long-term user engagement. RL models

adapt over time based on user interactions, making them well suited for environ-

ments where user preferences evolve [3]. Other research works apply methods such as

Generative Adversarial Network (GAN) and Variational Autoencoder (VAE) which

generate new content (user profiles or items) based on learned patterns [42]. GANs

have been applied to create high-quality synthetic data that is used to train RSs

with the goal of improving performance by increasing the diversity and richness of

training data [264]. VAE-based models generate predictions by learning a robust

latent space that captures the underlying structure of user-item interactions. VAE-

based methods have been shown to be effective in capturing latent factors of user

preferences and item characteristics [311]. Another class of RS methods such as Bi-

directional Encoder Representations from Transformers (BERT) [224] and GPT4Rec

[136] leverage the transformer self-attention mechanism [237] to capture complex de-

pendencies and contextual information in user-item interactions. The self-attention
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mechanism allows for dynamic weighting of various parts of the input data, which is

useful for handling sequential and context-sensitive information in recommendations

[25].

State-of-the-art RS Methods. To address the limitations of traditional ap-

proaches, representation learning-based methods have been introduced and have

shown better recommendation performance [217, 349]. For example, deep learning-

based recommendation models have attracted great interest in academic research

and industrial applications due to their ability to incorporate heterogeneous data

such as contextual and visual information [212]. These approaches have been shown

to capture complex patterns present in user-item interactions. Examples include

Neural Collaborative Filtering (NCF) [86], deep matrix factorisation [293] and autoencoder-

based techniques that map user-item interactions into dense, low-dimensional latent

representations [96, 305, 311]. Despite their performance improvement over tradi-

tional methods, Deep Neural Network (DNN) approaches face several limitations.

One issue is that they struggle to explicitly model relationships beyond simple user-

item pairs and often fail to capture relational data such as user-user or item-item

correlations [267, 285]. Moreover, most DNN-based models are less able to adapt to

dynamic user-item interactions [269]. Recent work has explored the use of GNNs to

represent the relationships between users and items in real-world scenarios [244].

Using GNNs, user-item interactions are represented in lower-dimensional vector

spaces where multiple relations (edges) connect user/items (nodes) [234]. GNN-

based methods have been shown to improve representation learning through feature

aggregation [213], facilitating the incorporation of structured external information,

such as social relationships between users, and providing a unified perspective to

model abundant heterogeneous data [63, 268].

In general, transformers and GNNs are currently considered among the most ad-

vanced methods due to their ability to handle complex data relationships and cap-

ture contextual information effectively [350]. Graph representation learning provides

a unified approach to model heterogeneous data in RS by encoding the topological
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structure that aims to improve user and item representations [133]. For example,

the user-item interaction data is represented by a graph where users and items

are nodes, and edges represent the interactions between the corresponding users

and items [268]. Compared with the other DNN methods, GNNs are more flexible

and convenient to model multi-hop connectivity from user-item interactions [63].

Transformer-based methods have also attracted significant research interest, with

their applications extending to generative methods such as large-language models

(LLMs) [250].

2.1.2 Evaluation of Recommender Systems

The evaluation of recommender systems determines their effectiveness and reliabil-

ity in providing relevant recommendations to users. In this thesis, we adopt the

80/10/10 data split, allocating 80% for training, 10% for validation, and 10% for

testing, a strategy commonly used in RS evaluations [74]. This partitioning ensures

that the model is trained using the largest portion of the data, facilitating the learn-

ing of robust user-item interaction patterns [89]. The validation set allows for tuning

hyperparameters and preventing overfitting, while the test set provides an unbiased

evaluation of the model’s performance on unseen data. Compared to alternatives

such as the 60/20/20 split, the 80/10/10 ratio offers a balanced approach, providing

ample data for training while preserving sufficient data for reliable evaluation, as

shown in Table 2.1. The 60/20/20 setting is often used in small-scale or highly im-

balanced datasets to provide a larger validation/test pool, but it reduces the amount

of training data, which can degrade the accuracy of recommendations in large and

sparse datasets [37]. Furthermore, recent studies [13] adopt the 80/10/10 split as

standard practice in RS performance benchmarking, highlighting its effectiveness

for large-scale experiments.1

1The 80/10/10 split is widely used in RS evaluation frameworks such as RecBole [336].
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Split
Ratio

Training Set Size Validation/Test Sets Typical Use
Cases

80/10/10 Large training pool,
enabling better learn-
ing of user–item inter-
action patterns

Moderate validation/test
size, sufficient for reliable
evaluation in large-scale
datasets

Widely adopted
in large-scale RS
benchmarks

60/20/20 Reduced training
pool, which may
weaken generalisation
in sparse data settings

larger validation/test
pools, improves robust-
ness of evaluation in
small datasets

Small-scale or im-
balanced datasets
where more test
samples are needed

Table 2.1: Comparison of dataset splitting strategies in RS evaluation.

Evaluation Protocols

Recommender systems are typically evaluated using two widely adopted protocols:

leave-one-out evaluation and k-fold cross-validation.

• Leave-one-out evaluation: In this method, at least one interaction per user

is left out for testing, while the remaining interactions are used for training and

validation. This protocol is effective for datasets with temporal dynamics, as

it uses the most recent interactions as the test set. It also mirrors real-world

recommendation scenarios, where the RS predicts the next interaction of a

user [37].

• K-fold cross-validation: In this method, the dataset is partitioned into k

equal subsets, and the model is trained and evaluated k times, each time using

a different fold as the test set and the remaining folds for training and valida-

tion. This approach offers a more reliable estimate of the generalisation of the

model across different data splits and is commonly used when the datasets is

relatively small or when temporal ordering is not a concern [89].

In this thesis, we use the leave-one-out protocol for evaluation, which is closely

aligned with real-world recommendation tasks where the objective is to predict the

next user-item interaction. For each user, we use the most recent interaction as

the test sample and the second most recent as the validation sample, and all ear-

lier interactions constitute the training set. This chronological split ensures that

19



Chapter 2. Background and Literature Survey

the model is tested on later interactions, leading to a more realistic performance

in practical recommendation settings [74]. Moreover, the leave-one-out evaluation

method is computationally more efficient for large-scale datasets compared to more

resource-intensive methods such as k-fold cross-validation [89].

In evaluating our methods, we adopt Cloze task settings, used in benchmarks

such as [224, 307]. In the Cloze task, our objective is to predict the next item which

a user will interact with, given their historical sequence of interactions [39]. Given

a user u and their past interactions Su = [i1, i2, ..., in−1], the task is to predict the

next item in. We consider the temporal order of interactions, reflecting how user

preferences evolve over time, aligning with the goal of recommending the next item

that is likely to be purchased.

RS Model Perfomance Evaluation

RS objectives can be understood from two primary perspectives. From the user’s

perspective, an RS aims to filter through vast amounts of information to help users

discover the most relevant and interesting items. From the perspective of service

providers, the goal is to improve user engagement, increase traffic and ultimately

increase profits [99]. To achieve these objectives, several evaluation metrics such as

accuracy, novelty and diversity are considered during the evaluation of RSs [156].

Novelty and Diversity. Novelty refers to the ability of the RS to present users

with items they have not previously encountered [195]. Novelty ensures that users

are exposed to items they have not seen before, increasing engagement and satis-

faction [113]. This factor is vital in maintaining user interest and encouraging the

exploration of new items [109]. Diversity ensures that the recommendation list

includes a wide variety of items, and enhancing user satisfaction [51]. Diversity

reduces redundancy in the recommendation list, providing a wider range of content

and better catering to diverse user interests [201]. A system that prioritises accu-

racy recommends similar items; therefore, diversity is essential to provide users with

more choices, thus increasing the likelihood of interaction with different items [113].
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Despite the importance of novelty and diversity in recommendations, research in

this area remains limited [354]. Both aspects are important in top-k recommendation

tasks, where the goal is not only to maximise accuracy, but also to provide a rich

and engaging user experience [113]. Commonly used metrics include coverage, which

evaluates how much of the item space is represented; and unexpectedness, which

quantifies how surprising or novel the recommendations are for the user [195].

Accuracy: Accuracy is a fundamental metric for evaluating the performance of

an RS, as it measures how well the recommended items align with the preferences

of users [51]. In this thesis, the proposed methods are primarily evaluated in terms

of accuracy using commonly adopted top-k metrics: Hit Ratio (HR), Mean

Reciprocal Rank (MRR), and Normalised Discounted Cumulative Gain

(NDCG) [74]. These metrics are widely used in sequential and topk recommenda-

tion tasks because they directly quantify the model’s ability to rank relevant items

higher in the recommendation list. In addition, accuracy-orientated evaluation pro-

vides a standardised and comparable measure of performance across different models

and datasets, making it suitable for benchmarking the proposed approaches against

existing baselines [89].

• Hit Ratio (HR): HR@N evaluates the ability of a RS to place the ground-

truth item within the top-N recommended items for each user. A hit is

recorded if the ground-truth item appears in the top-N list. The Hit Ratio at

N , commonly used in leave-one-out evaluation protocols, is defined as

HR@N = 1
|U|

∑
u∈U

I (ru ∈ Top-N(u)) (2.1)

where U denotes the set of all users in the test set, ru represents the ground-

truth items for user u, Top-N(u) represents the set of top-N items recom-

mended to user u, and I(·) is a function that returns 1 if the ground-truth

item is present in the top-N list and 0 otherwise. HR@N measures the pro-

portion of users for whom the system successfully includes ground-truth items
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in the top-N recommendations.

• Reciprocal Rank (RR): RR is defined based on the position (rank) of the

first ground-truth item in a user’s recommendation list:

RR = 1
rank (2.2)

where rank refers to the position of the first ground-truth item in the ranked

list of recommendations for a given user. The Mean Reciprocal Rank (MRR)

is the average of these reciprocal ranks across all users:

MRR = 1
|U|

|U|∑
u=1

1
ranku

(2.3)

where U denotes the set of users in the evaluation set, and ranku is the position

of the first ground-truth item for user u. MRR measures how early, on average,

ground-truth items appear in the recommendation list [157].

• Normalised Discounted Cumulative Gain (NDCG): NDCG is a ranking-

based evaluation metric that assesses the quality of the recommendation list

considering both the position and the relevance of the recommended items,

and gives higher scores when relevant items appear higher in the ranking [254].

NDCG at N is defined as:

NDCG@N = DCG@N
IDCG@N , where DCG@N =

N∑
i=1

2reli − 1
log2(i+ 1) (2.4)

where reli denotes the relevance score of the item at position i in the ranked

list, DCG@N is the Discounted Cumulative Gain at position N , and IDCG@N

is the Ideal DCG, i.e., the maximum possible DCG@N achievable by a perfect

ranking where all relevant items are ranked at the top. NDCG@N ranges from

0 to 1, with higher values indicating better ranking quality.
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Efficiency

The efficiency of the methods in this thesis is evaluated using metrics that reflect

different dimensions of computational and economic performance, particularly those

relevant to large-scale deployment. These metrics offer a comprehensive view of ef-

ficiency in terms of hardware utilisation, computational overhead, execution speed,

and economic feasibility, factors that are essential considerations for deployment

in real-world scenarios [38]. They go beyond accuracy-based evaluation by provid-

ing a multi-dimensional perspective on the trade-offs between computational cost,

resource usage, responsiveness, and scalability, key determinants for the practical

adoption of large-scale real world RSs.

• Memory Usage: We measure peak GPU memory usage during training and

inference, as this metric indicates whether a model can be executed within the

limits of target hardware. Models with high memory demand may require spe-

cialised accelerators, limiting their portability and raising deployment costs. In

contrast, lower memory usage allows models to run on commodity hardware,

such as GPUs, cloud instances with smaller budgets, or even edge devices with

restricted resources [40]. Memory efficiency also enables the handling of longer

user-item interaction sequences, which is particularly relevant in domains such

as e-commerce or personalised health monitoring, where histories can be ex-

tensive. From a practical point of view, memory efficient models help reduce

infrastructure costs by avoiding frequent hardware upgrades and allow broader

adoption between institutions with heterogeneous hardware capabilities [353].

• Model Runtime: We measure the model training time (in seconds per epoch)

and the effective inference latency (time per query). Runtime is a key indica-

tor of practical performance: shorter training cycles accelerate model develop-

ment, hyperparameter tuning, and continuous retraining, while lower inference

latency improves user experience [233]. In production environments such as

streaming platforms, social networks, and e-commerce systems, high latency
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can lead to noticeable delays that degrade user experience and reduce engage-

ment [197]. In addition, runtime efficiency determines system throughput,

the number of queries served per second. Hence, optimising runtime not only

improves research and deployment efficiency but also translates into tangible

business and user-centric benefits [352].

• TFLOPs: We also evaluate model computational cost in terms of Tera Floating

Point Operations per second (TFLOPs):

TFLOPs = Operations per forward/backward pass× Batch Size
Execution Time (seconds)× 1012 (2.5)

This metric provides a hardware-agnostic measure of computational efficiency

[247]. Unlike runtime, which depends on software and hardware configuration,

TFLOPs indicate the algorithmic efficiency of a model. Models with lower

TFLOPs are more sustainable because they consume less energy, leading to

a reduced carbon footprint [262]. This becomes increasingly important as AI

systems scale, given the increase in the economic and environmental costs

associated with training large models [24].

• API Cost: For methods that depend on API calls to LLMs, we quantify op-

erational expenditure (OpEx) in USD, calculated as:

API Cost = Cost per Token× Number of Tokens Processed (2.6)

This metric determines the financial feasibility of deploying models at scale.

In high-traffic scenarios such as livestreaming platforms [317], even modest

per-request costs can accumulate into substantial operational expenses. Min-

imising API cost is therefore a measure of commercial viability, especially

in resource-constrained environments [251]. Furthermore, API usage intro-

duces additional latency from network communication and external process-
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ing, which can create bottlenecks in practical deployment settings [151]. Thus,

API cost captures not only direct monetary implications but also indirect per-

formance trade-offs, making it an essential metric for evaluating the efficiency

of RSs in practical deployments [247].

2.1.3 Datasets.

We evaluate the methods introduced in this thesis using four heterogeneous real-

world datasets: Retailrocket, Taobao, IJCAI and Tianchi. These datasets pro-

vide rich contextual information that enables a comprehensive evaluation of model

performance in practical recommendation settings. Using these publicly available

datasets also ensures that our experiments address the complexity and diversity

characteristics of real-world scenarios. The variation in the scale of the datasets

further makes them valuable benchmarks for assessing models that incorporate het-

erogeneity and dynamics features in realistic recommendation environments. To

improve the reliability of learning signals, we filter out users and items with fewer

than five interactions, reducing sparsity. A summary of the statistics of the filtered

datasets is shown in Table 2.2.

Retailrocket. This dataset was collected over a period of 4.5 months from Retail-

rocket 2, an e-commerce company that provides personalised and recommendation

services for online retailers. The dataset consists of three main components: (i) an

events log containing anonymised user–item interactions with event type and times-

tamp, (ii) item properties describing metadata such as categorical attributes, and

(iii) a category tree defining the hierarchical taxonomy of products. The event log

records three types of user behaviour: view, add-to-cart, and purchase, all reflecting

the entire decision funnel from browsing to buying. Events are chronologically or-

dered, supporting sequential and session-based modelling, while the additional item

metadata and category tree enable side-information-aware and cold-start recommen-

2https://retailrocket.net/
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dation. The Retailrocket dataset is publicly available at the following link3.

Taobao. This dataset was collected from Taobao4, one of the largest e-commerce

marketplaces in China. It contains more than 100 million user interaction logs that

span a 4-month period (from November 2017 to March 2018), covering a diverse

population of consumers. Each log entry includes an anonymised user identifier, an

item identifier, the type of interaction, and a timestamp. Four different types of user-

item interactions are recorded in the dataset: view, add-to-cart, add-to-favourites,

and purchase, which together reflect the entire pipeline from initial exploration to

final "purchase" transaction. These heterogeneous users-item interactions make the

Taobao dataset a realistic benchmark for assessing the scalability of modern recom-

mendation models. For example, view shows exploratory intent, add-to-favourites

indicate preference retention, and add-to-cart reflects a consideration to purchase

an item. The Taobao dataset is publicly available at the following link5.

IJCAI. The IJCAI dataset was released for the 24th International Joint Con-

ference on Artificial Intelligence (IJCAI’15) Repeat Buyers Prediction Competi-

tion6. IJCAI contains user–item interaction logs covering four types of user-item

interaction: view, add-to-favourite, add-to-cart, purchase. Each record includes

anonymised user and item IDs, timestamps, and contextual metadata such as cat-

egory and shop identifiers, enabling detailed modelling of temporal usage patterns.

The goal of the IJCAI’15 competition was to apply advanced machine learning tech-

niques to predict which shoppers would become repeat buyers after sales promotion,

a task that is of practical importance for e-commerce platforms that aim to retain

high user transaction volumes. The IJCAI dataset is widely used in recommenda-

tion research to evaluate large-scale RS models [223], and is publicly available at the

following link7.
3https://www.kaggle.com/datasets/retailrocket/ecommerce-dataset
4https://www.taobao.com/
5https://tianchi.aliyun.com/dataset/dataDetail?dataId=649
6https://ijcai-15.org/repeat-buyers-prediction-competition/
7https://drive.google.com/file/d/1OFT_5Xp_az-GSHIl7QEPB9zhulbooLzE/view?usp=

sharing
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Tianchi. The Tianchi dataset, released by Alibaba8, a global e-commerce plat-

form that connects businesses with suppliers and manufacturers. Tianchi contains

user transaction logs that record four types of interaction: view, add-to-favourite,

add-to-cart, and purchase. Each interaction is linked to anonymised user and item

IDs, enabling the construction of behaviour sequences for individual users. Tianchi

includes metadata related to items and users, such as category and shop identifiers,

providing additional context to better predict purchase behaviour, a key business

metric in e-commerce RSs [70]. The dataset differentiates between various types of

user feedback, reflecting distinct stages of the decision-making process: views in-

dicate exploration, favourites indicate long-term interest, add-to-cart actions signal

an intent to purchase. Jointly modelling these interactions provides a richer rep-

resentation of user intent than relying sorely on purchase data [163]. The Tianchi

dataset is publicly available9.

Dataset Properties

The properties of a dataset, such as density and average sequence length, and several

other factors determine the complexity of RS datasets, and help to evaluate the ro-

bustness of the performance of recommendation models. For example, high-density

data is less prone to cold-start problems [260]. In contrast, low-density datasets

make it difficult for algorithms to find reliable similarities between users or items,

often leading to less effective recommendations [271]. Average sequence length re-

flects the depth of user interactions over time; short sequences may lack sufficient

context for accurate preference inference, while very long sequences can introduce

modelling complexity and dilution of relevant signals [191, 301].

Average Sequence Length. We define the average sequence length as the number

of interactions per user, representing the amount of behavioural context available to

model user preferences:
8https://www.alibaba.com/
9https://tianchi.aliyun.com/competition/entrance/231576/information
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Average Sequence Length = #Interactions
#Users (2.7)

Long sequences generally provide a rich context, allowing for more expressive user

representations [191]. However, excessively long sequences can lead to oversmoothing

and oversquashing in graph-based architectures [44, 330], while very short sequences

may restrict the model’s ability to capture evolving user preferences [45].

Dataset Density. We define the density of a dataset as the proportion of observed

user-item interactions relative to all possible user-item pairs:

Density = #Interactions
#Users×#Items (2.8)

Sparsity. We define sparsity as the proportion of unobserved user-item interac-

tions:

Sparsity = 1− #Interactions
#Users×#Items (2.9)

High density indicates that users interact with a large proportion of available

items, providing richer behavioural data for training. Conversely, low density im-

plies higher sparsity, a common property in large-scale RSs where most user-item

interactions remain unobserved. Evaluating models across datasets with varying

densities reveals how effectively they handle data scarcity and incomplete feedback.

As shown in Table 2.2, datasets that have a density below 2×10−4 (Retailrocket and

IJCAI ) are classified as sparse, while those above 3× 10−4 (Tianchi and Taobao)

are dense. User behaviour is categorised as short, medium, or long sequences,

reflecting the context available for modelling preferences.

In addition to sequence length and density, other factors contribute to the com-

plexity of RS datasets. Item Popularity curve (IPS) refers to bias in the RS

towards popular items, leading to a "rich-get-richer" effect, where items with more

interactions continue to receive more, potentially neglecting niche items [17]. Time-
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Drift (TD) refers to changes in user preferences and item relevance over time, which

requires models that can adapt to these changes to maintain the accuracy of the

recommendation [90]. Side Information Availability (SIA) refers to additional

data, such as item attributes or user demographics, that enrich the recommendation

process, especially in sparse datasets, by providing alternative sources of information

[236].

As the size of the dataset increases, factors such as item IPS and TD become

more pronounced, leading to degradation of model performance. For example, a

study by Arabzadeh et al. [6] explores the impact of downsampling datasets on

RSs. They found that reducing the size of the dataset can reduce computational

costs. However, this can also lead to a loss in the quality of the recommendation,

particularly for algorithms sensitive to the size of the data. Furthermore, Roy et al.

[206] highlighted that scalability problems arise when the RS input data increases,

which poses challenges in maintaining performance and efficiency. Therefore, we

consider these factors in the evaluation of the models introduced in this thesis, as

they are essential for the development of effective and sustainable RSs.

Statistics / Dataset Retailrocket Taobao IJCAI Tianchi

# Users 11,649 147,894 423,423 25,000
# Items 36,223 99,037 874,328 500,900

# Interactions 87,822 7,658,926 36,222,123 4,619,389
Avg. Sequence Length 7.54 51.78 85.54 184.78

Density 2× 10−4 5× 10−4 1× 10−4 4× 10−4

Behaviour Types [view, cart, buy] [view, fav, cart, buy] [view, fav, cart, buy] [view, fav, cart, buy]
Category Sparse-Short Dense-Medium Sparse-Long Dense-Long

Table 2.2: Statistical information of the datasets after filtering out users with fewer
than five interactions, including qualitative categories reflecting sparsity level and
typical sequence length.

Dataset Summary. Table 2.2 summarises the statistics of the four benchmark

datasets. IJCAI is the largest, with more than 423K users and 36M interactions,

while Retailrocket is the smallest, with approximately 12K users and fewer than

90K interactions. Taobao and Tianchi represent medium- to large-scale e-commerce

scenarios, collectively providing a diverse range of sparsity levels, sequence length,

and other factors such as TD and IPS. Variations in density and average sequence
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length offer different levels of interaction richness, allowing a rigorous evaluation

of the robustness of a model under various conditions. Higher density facilitates

more reliable preference estimation, while longer sequences provide richer temporal

information, but may also introduce noise or oversmoothing in graph-based encoders

[93]. In general, these datasets provide a comprehensive and challenging benchmark

suite that allows a robust evaluation of the models introduced in this thesis.

2.2 Graph Neural Networks

Recent studies have applied GNNs to model heterogeneous data in RSs [62, 267, 268].

Graph representation learning involves encoding each node into a low-dimensional

vector that captures both its features and its structural context [5]. Message-passing

allows nodes to exchange information by propagating and transforming features

across edges, often incorporating edge types and semantics in heterogeneous graphs

[68]. Neighbourhood aggregation then combines these messages, using functions

such as mean, sum or attention to iteratively update node representations [252].

2.2.1 GNN Preliminaries

Definition: A graph is defined as G = (V,E) where: V is the set of nodes (for

example, users and items) and E is the set of edges that connect these nodes. Each

node vi has a feature vector xi, and each edge (vi, vj) has a feature vector eij. The

goal of a GNN is to aggregate information from neighbouring nodes to update each

node’s representation. For a node vi, the representation h(k)
i after the k-th layer of

the GNN is given by:

h(k)
i = AGGREGATE(k)

(
{h(k−1)

j | ∀j ∈ N (i)}
)

(2.10)

where: h(k)
i is the representation of node i in the k -th layer, N (i) is the set of

neighbours of node i, and AGGREGATE is an aggregation function such as mean,

sum or maximum. After aggregation, the node representation is updated using a
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neural network:

h(k)
i = UPDATE(k)

(
h(k−1)

i ,AGGREGATE(k)
(
{h(k−1)

j | ∀j ∈ N (i)}
))

(2.11)

where: UPDATE(k) is a neural network that updates the node’s representation.

Message passing. Most GNN architectures use the message-passing paradigm

[68] during the aggregation process. In message-passing, each node generates a

message based on its state and its neighbour’s state. For example, at node vi, the

message mij sent to its neighbour vj is:

m
(k)
ij = ϕ

(
h(k−1)

i ,h(k−1)
j , eij

)
(2.12)

where ϕ is a function that generates messages based on node representations and

edge features.

Message Aggregation. Messages from all neighbours are then aggregated as

follows:

m(k)
i = AGGREGATE(k)

(
{m(k)

ij | ∀j ∈ N (i)}
)

(2.13)

Node Update. The node representation is updated by combining its current state

with the aggregated messages:

h(k)
i = UPDATE(k)

(
h(k−1)

i ,m(k)
i

)
(2.14)

Graph Neural Network Architectures. GNN methods use various message-

passing architectures to learn meaningful graph-level and node representations. In

this thesis, graph convolution and graph attention are commonly applied.

• Graph Convolutional Network (GCN): GCNs extend the concept of con-
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volution from Euclidean data to graph structures. They use normalised ad-

jacency matrices to aggregate and propagate information, ensuring smooth

feature transitions across neighbourhoods. GCNs are used mainly in undi-

rected graphs and are motivated by the principles of graph signal processing

[263].

• Graph Attention Network (GAT): GATs introduce attention mechanisms

to dynamically weigh the importance of neighbouring nodes during aggrega-

tion. Attention coefficients are calculated on the basis of node similarity,

enabling GATs to adaptively focus on the most relevant neighbours [238].

2.2.2 Hypergraph Neural Networks

Hypergraph Representation. A hypergraph is defined as H = (V,E) where: V

is the set of nodes and E is the set of hyperedges, where each hyperedge is a subset

of V that includes more than two nodes.

Hypergraph Neural Networks. HGNNs have been proposed to address the

limitations of GNNs when modelling complex and heterogeneous relationships that

go beyond pairwise [5]. In HGNNs, the nodes and hyperedges are represented in

low-dimensional space to learn latent representations [138]. Unlike GNNs, where an

edge links a user to a single item, a hyperedge simultaneously connects a user with

multiple items. For example, a hyperedge may represent a user interacting with a

group of items within a session, capturing collective preferences and co-consumption

patterns. This enables the model to learn richer and more nuanced representations

of user behaviour compared to standard bipartite user-item graphs [147]. HGNNs

have been used to model interactions for several tasks, such as link prediction [181],

computer vision [141], life sciences [124, 265, 346] and recommendation [142, 255].

A summary of the benefits of using HGNNs is given below.

• Higher-order Relationships: Hypergraphs model interactions among more

than two nodes, capturing complex relationships more effectively [320].
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• Flexibility: Hyperedges in hypergraphs allow for more flexible and expressive

representations compared to traditional edges in graphs [5].

• Rich Contextual Information: Hypergraphs incorporate richer contextual

information by connecting multiple nodes through hyperedges, enhancing the

ability to capture intricate patterns [255].

Hypergraph Convolutional Networks (HGCNs). HGCNs extend the GCN

to hypergraphs, which allow a single hyperedge to connect multiple nodes, enabling

the modelling of complex higher-order interactions. HGCNs introduce hypergraph-

specific operations, such as aggregating node features within each hyperedge and

propagating hyperedge-level information to nodes, which makes them suitable for

tasks such as multi-user collaboration, product co-purchases, or biological networks

where relationships are group-based. For example, Bai et al. [8] propose hypergraph

convolution to improve representation learning for classification tasks. Although

GCN is computationally simpler and more effective for pairwise relationships, HGCN

is more expressive and powerful for capturing higher-order dependencies [8], but at

the cost of increased computational complexity [122]. The hypergraph convolution

operation aggregates information between hyperedges [261].

Hypergraph Attention Networks (HGATs). HGATs extend the GAT mech-

anism to hypergraphs, which model complex higher-order relationships that involve

multiple nodes connected by hyperedges. For example, Chen et al. [20] introduce

HGATs to embed high-order data relations in the identification of complex data re-

lationships for object recognition tasks. The HyperGAT model [46] follows the same

approach with the objective of improving expressive power to learn text representa-

tion. In the same line of research, Kim et al. [118] propose HGATs to resolve the

issue of information disparity between different modalities in multi-modal learning

tasks. Ding et al. [45] proposed the HyperFormer model to improve representation

modelling on feature-sparse data. Using hypergraph instances where nodes repre-

sent data instances and hyperedges represent feature values, their model effectively
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learns feature representations between different instances, as well as correlations

among features. GATs are effective for graphs with pairwise dependencies, while

HGATs are more expressive, capturing richer dynamics and higher-order interac-

tions, but with increased computational complexity [104].

2.2.3 Non-Message-Passing Graph Neural Networks

Recent research has applied MLP-based linear layers as an alternative to the message-

passing scheme in GNN modelling [125]. These works aim to address issues such as

oversmoothing and oversquashing [228]. The use of high-order tensors has also been

studied to model HGNNs for tasks such as node classification and link prediction

[121]. For example, Maron et al. [177] propose linear operators between tensors of

arbitrary order and show that their method is more expressive than several message-

passing GNN baselines. Kim et al. [119] model GNNs as independent tokens and

embedded as input to transformers, proving that this approach is more expressive

than message-passing. In similar studies, the authors of [120] also propose a frame-

work that has better learning performance than message-passing GNN baselines in

classification and matching tasks [121].

2.2.4 Hyperbolic Hypergraph Representation Learning

Recently, representation learning in hyperbolic spaces has received attention. For

example, Nickel et al. [187] show that hyperbolic embeddings outperform Euclidean

embeddings in terms of both representation capacity and generalisation ability. In

related research [186], they show that the Lorentz model of hyperbolic geometry

embedding is effective. Ganea et al. [61] extend embeddings to directed acyclic

graphs using hyperbolic entailment cones, introducing hyperbolic neural networks

that define core neural network operations in hyperbolic space, such as Mübius ad-

dition, Mübius scalar multiplication, exponential and logarithmic maps. Hyperbolic

analogues of other algorithms have also been proposed, such as hyperbolic graph

attention networks [332] and hyperbolic attention networks [73].
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HGNNs generalise traditional graphs by allowing hyperedges to connect multiple

nodes simultaneously, thereby capturing higher-order relationships prevalent in do-

mains such as knowledge graphs [152], social networks [342] and biological systems

[139]. Embedding hypergraphs in hyperbolic space offers advantages such as expo-

nential volume growth, which is suitable for modelling hierarchical and scale-free

structures [192]. The integration of hyperbolic geometry into HGNNs enables effec-

tive modelling of complex data by leveraging the geometric properties of hyperbolic

space [146], improving the representation of higher-order relationships and dynamic

interactions, leading to improved model performance in tasks such as recommen-

dation [319]. This section discusses the mathematical foundations of hyperbolic

geometry and hyperbolic HGNNs.

Mathematical Foundations for Hyperbolic Geometry

The n-dimensional hyperbolic space, denoted Hn, is represented using the Lorentz

model [28]. This model defines Hn as a subset of the ambient space Rn+1:

Hn =
{
x = (x0, x1, . . . , xn) ∈ Rn+1 : ⟨x,x⟩L = −1, x0 > 0

}
(2.15)

Here, ⟨·, ·⟩L denotes the Lorentzian inner product [12], defined for any two vectors

x = (x0, x1, . . . , xn) and y = (y0, y1, . . . , yn) ∈ Rn+1 as

⟨x,y⟩L = −x0y0 +
n∑

i=1
xiyi, (2.16)

where x0, y0 are the time-like components, and xi, yi for i = 1, . . . , n are space-

like components. The condition ⟨x,x⟩L = −1 restricts x to lie on the two-sheeted

hyperboloid, while x0 > 0 selects the upper sheet to ensure the manifold is connected

and time-orientated. This construction induces a Riemannian manifold [28] with

constant negative curvature, fundamental to hyperbolic geometry-based learning.
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Exponential and Logarithmic Maps

To enable gradient-based learning in hyperbolic space, the manifold Hn is mapped

to its tangent space TxHn at a point x ∈ Hn. This is achieved via exponential and

logarithmic maps, which allow computations in the local Euclidean geometry of the

tangent space while preserving the global hyperbolic structure [61].

Exponential Map: Given a tangent vector v ∈ TxHn, the exponential map

expx(v) projects v from the tangent space back onto the hyperbolic manifold:

expx(v) = cosh(∥v∥L)x + sinh(∥v∥L) v
∥v∥L

(2.17)

Here, ∥v∥L =
√
⟨v,v⟩L is the Lorentzian norm of the tangent vector v, and ⟨·, ·⟩L

denotes the Lorentzian inner product. This mapping moves along the geodesic

defined by v starting at x.

Logarithmic Map: Given two points x,y ∈ Hn, the logarithmic map logx(y)

projects y onto the tangent space at x:

logx(y) = arccosh(−⟨x,y⟩L)√
⟨x,y⟩2L − 1

(y + ⟨x,y⟩Lx) (2.18)

In this expression, ⟨x,y⟩L is the Lorentzian inner product between x and y, and

arccosh(·) is the inverse hyperbolic cosine function. This operation yields a tangent

vector in x pointing in the direction of y, scaled by the hyperbolic distance be-

tween the two points. These maps allow computations in the tangent space, while

respecting the intrinsic negative curvature of the manifold [214].

Hyperbolic Hypergraph Neural Networks (H2GNNs)

H2GNNs extend hypergraph learning into hyperbolic space, which have been applied

to model hierarchical structures [148]. Unlike traditional HGNNs that operate in flat

Euclidean geometry, H2GNNs leverage the negative curvature of hyperbolic space
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to more effectively capture high-order dependencies and complex relational patterns

such as those encountered in heterogeneous recommendation scenarios [146, 319].

Aggregation via Lorentzian Centroid: In hyperbolic space, direct averaging

of vectors as in Euclidean space is not meaningful due to curvature [61]. To ag-

gregate node or hyperedge features, H2GNNs compute the Lorentzian centroid, a

generalisation of the Euclidean weighted mean. Given a set of embeddings xi ∈ Hn,

the centroid c ∈ Hn is defined as the point that minimises the weighted sum of the

squared Lorentzian distances:

c = arg min
z∈Hn

∑
i

wi d
2
L(z,xi) (2.19)

Here, xi are embeddings in the Lorentz model of Hn ⊂ Rn+1, wi > 0 are scalar

weights, and dL(z,xi) is the Lorentzian distance, defined by:

dL(x,y) = arccosh(−⟨x,y⟩L) (2.20)

The Lorentzian inner product ⟨x,y⟩L, used to define the distance, is computed as:

⟨x,y⟩L = −x0y0 +
n∑

i=1
xiyi (2.21)

where x,y ∈ Rn+1, and x0 is the time coordinate. This inner product governs the

geometry of the hyperboloid model and ensures distances that maintain the manifold

curvature. Since the Lorentzian centroid does not have a closed form solution, it is

computed using Riemannian Stochastic Gradient Descent (RSGD), which iteratively

updates the centroid by following the Riemannian gradient and projecting updates

back onto the manifold using the exponential map. This ensures that the computed

centroid remains within Hn and preserves the geometric structure of the embeddings.
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Model Training Using Riemannian Stochastic Gradient Descent

Riemannian Stochastic Gradient Descent (RSGD) [102] is a generalisation of the

Stochastic Gradient Descent (SGD) algorithm [4] to Riemannian manifolds [61]. In

standard Euclidean space, SGD iteratively updates the parameters by moving in the

direction of the negative gradient of the loss function. However, when parameters lie

on a curved non-Euclidean space, known as a Riemannian manifold, naively applying

Euclidean updates can result in invalid parameter values that no longer reside on

the manifold [185]. A Riemannian manifold is a smooth and differentiable space

equipped with a smoothly varying inner product in its tangent spaces, which allows

notions of distance, angles and gradients [28]. In the context of hyperbolic learning,

the manifold Hn is a Riemannian manifold with constant negative curvature. To

ensure that the parameters remain on the manifold during training, RSGD computes

the Riemannian gradient, which is a projection of the Euclidean gradient onto the

tangent space of the manifold at the current point. RSGD generalises SGD to

Riemannian manifolds. For a parameter θ ∈ Hn, the update step is as follows:

θt+1 = expθt
(−ηt · grad f(θt)) (2.22)

where ηt is the learning rate, grad f(θt) is the Riemannian gradient, and expθt
ensures

that the updated parameter remains in the manifold. In this way, the model adapts

to the geometry of the embedding space to reflect the structure of the data, which

is useful when modelling data that has various levels of hierarchy or density [73].

2.2.5 Hypergraph Representation Learning in Recommender

Systems

Graph representation learning has been applied to model heterogeneous scenarios

[62, 134, 267] and has shown promising results in various RS and information re-

trieval tasks [229, 261]. However, despite the performance improvement by methods

such as graph transformers [275, 276], the high computational cost of these methods
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remains a challenge in practical settings. In addressing the limitations of GNNs, hy-

pergraph representation learning has been studied to model higher-order user-item

interactions [56, 310]. These include self-supervised methods that aim to allevi-

ate noise problems [245, 279] address oversmoothing and skewed data distribution

problems in GNNs [278], and learn representations for downstream tasks such as

classification and recommendation [65].

2.3 Transformers

The transformer architecture has been applied in applications such as Natural Lan-

guage Processing [76, 130] and Computer Vision [160] and RS [54, 133, 172] tasks

to improve representation learning on complex data. The self-attention mechanism

[237] weighs the importance of different tokens using queries, keys and values de-

rived from input embeddings, allowing the model to focus on relevant information

[47, 84].

Traditional approaches such as recurrent neural networks [91] and convolutional

neural networks [25] are limited to local patterns, which restricts their ability to

model complex and evolving user preferences [310]. Transformers, on the contrary,

provide an expressive and scalable solution by jointly modelling short- and long-term

dependencies in user behaviour, capturing contextual information from various sig-

nals [133]. Consequently, transformer-based recommender systems such as SASRec

[114] and BERT4Rec [224] have achieved state-of-the-art performance, establishing

them as strong and widely adopted baselines in recent RS research [223, 307, 321].

2.3.1 Transformer Preliminaries

Transformers are a class of deep learning models designed to handle sequential data

using a mechanism known as self-attention [169]. Unlike recurrent neural networks

(RNNs), which process sequences step by step, transformers operate on the entire

input sequence in parallel. This parallelism allows the model to capture long-range
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dependencies more effectively [237].

Token Embedding. Given an input sequence of n tokens, each token is mapped

to a dense vector representation using an embedding layer. This embedding process

transforms discrete tokens into continuous vector spaces, allowing them to be pro-

cessed by the model. Let E ∈ Rd×n denote the embedding matrix, where d is the

embedding dimension and n is the sequence length. The matrix E is made up of

token embedding vectors:

E = [e1, e2, . . . , en] (2.23)

where ei ∈ Rd represents the embedding of the i th token in the input sequence.

Positional Encoding. The transformer architecture applies positional encoding

to capture the order of tokens [117]. Positional encoding injects information on the

position of each token in the input sequence, allowing the model to understand their

order. Let P ∈ Rd×n be the matrix of positional encodings, where each column

pi ∈ Rd corresponds to the position of the token i. The position-aware input to the

transformer is then given by:

E′ = E + P (2.24)

The resulting matrix E′ ∈ Rd×n integrates positional information, allowing the

model to differentiate between identical tokens that appear at different positions.

Self-Attention Mechanism. The core of the transformer architecture is the self-

attention mechanism, which enables the model to focus on different parts of the input

sequence when encoding a particular token. This is achieved by computing three

distinct projections of the input embeddings: queries, keys and values. Given the

input E′ ∈ Rn×d, the query, key and value matrices are computed as follows:
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Q = E′WQ, K = E′WK , V = E′WV (2.25)

where WQ,WK ,WV ∈ Rd×dk are learnable weight matrices, and Q,K,V ∈ Rn×dk

are the resulting query, key and value matrices. The attention scores between all

token pairs are calculated by taking the scaled dot product of queries and keys:

Attention(Q,K,V) = softmax
(

QK⊤
√
dk

)
V (2.26)

This operation produces a weighted sum of the value vectors, where each weight

reflects the relevance of one token to another. The scaling factor
√
dk stabilises the

gradients.

Multi-Head Attention. Instead of computing a single attention function, the

transformer uses multiple attention heads to allow the model to jointly attend to

information from different representation subspaces. Each head performs its own

self-attention operation with independently learned projections:

headi = Attention(Qi,Ki,Vi) (2.27)

where Qi = E′W(i)
Q , Ki = E′W(i)

K , and Vi = E′W(i)
V , for i = 1, 2, . . . , h, with h being

the number of attention heads. The outputs of all attention heads are concatenated

and projected through a linear output transformation.

MultiHead(Q,K,V) = Concat(head1, . . . , headh)WO (2.28)

where WO ∈ Rhdk×d is a learnable output projection matrix. This mechanism

enables the model to capture richer patterns and dependencies within the input

sequence by considering multiple perspectives simultaneously.
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2.3.2 Towards efficient self-attention

One issue widely reported with transformers is the high computational cost (mem-

ory and time), which is a bottleneck to scalability in real-world scenarios [7, 116].

The self-attention mechanism of the transformer requires the storage of attention

scores for all pairs of nodes, leading to a high memory usage. As a result, the

self-attention operation exhibits quadratic computational complexity with respect

to the input length [233]. Efficient attention methods focus on a subset of connec-

tions or use low-rank approximations to reduce memory requirements [347]. Effi-

cient transformer variants are more effectively parallelised, leading to faster training

times. This is particularly advantageous in scenarios where efficient training on

large datasets is crucial, such as in recommendation tasks with a large number

of user-item interactions [232]. Several transformer variants have been proposed

to address the computational inefficiencies of the original transformer architecture,

particularly in managing long sequences. Table 2.3 summarises various transformer

variants designed to improve computational efficiency.

Recently, State-Space Models have been explored as an efficient method for pro-

cessing large sequences, with adaptations to graph-based tasks yielding impressive

results [154, 165]. However, this thesis focuses on transformer-based architectures,

due to their broad empirical validation across various recommendation benchmarks,

which makes them a more robust foundation for this research.

2.3.3 Complexity Analysis

To evaluate the efficiency of the models considered in this work, we adopt a consistent

framework for analysing computational complexity. We let n represent the number

of users or entities, and m the number of items or candidate nodes. The embedding

dimension is denoted by d, the neighbourhood size in graph-based or attention-based

mechanisms by k, the number of layers in the model by L, and the sequence length

by N . All subsequent complexity analyses are expressed using O(·), which reflects
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Model Variant Computational Complexity

Vanilla Transformer [237] O(N2 · d)
Sparse Transformer [32] O(N ·

√
N · d)

Longformer [11] O(N · d)
Reformer [123] O(N · logN · d)
Linformer [249] O(N · d2)
Performer [34] O(N · d log d)
Linear Transformer [116] O(N · d2)
BigBird [323] O(N · d)
Routing Transformer [205] O(N · d logN)

Table 2.3: Computational complexity of various transformer model variants. The
standard transformer, with its complete self-attention mechanism, exhibits
quadratic complexity O(N2 · d), where N represents the sequence length and d
the dimensionality of the model.

the dominant number of operations required as functions of these parameters.

In line with common practice, we retain the embedding dimension d and the

sequence length N , since both contribute significantly to the computational cost in

modern architectures. The standard transformer, for example, employs a com-

plete self-attention mechanism that requires each token to attend to every other

token in the sequence. This results in a quadratic time complexity of O(N2 · d),

where N is the sequence length and d the dimensionality of the hidden representa-

tions. Various transformer variants have been proposed to reduce this cost, either by

constraining the attention pattern or approximating the attention matrix, as sum-

marised in Table 2.3, which serves as a reference for discussions of their efficiency

trade-offs.

2.3.4 Transformers in Recommender Systems

The growing interest in transformer research has led to their incorporation in mod-

els for various tasks, including state-of-the-art recommendation methods [153, 327].

For example, SASRec, a self-supervised model, uses transformer-based self-attention

for item-item interaction modelling [114] in sequential recommendation. Another

sequential recommendation method, BERT4Rec [224], uses dynamic user prefer-

ence modelling based on previous experiences. Despite their potential, these plain
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State-of-the-art
HGNN-based RS

methods

Scenarios

Design Objectives
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Fairness
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Privacy and Security
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POI Recommendation
Product Recommendation

Movie/Video Recommendation
Music Recommendation
News Recommendation

Bundle Recommendation
Cross-Domain Recommendation
Conversational Recommendation

Multi-Behaviour Recommendation
Session-Based Recommendation

Sequential Recommendation
Social Recommendation

Figure 2.1: Taxonony of HGNN-based RS methods based on applications, design
objectives and scenarios.

transformer-based RS methods lag behind state-of-the-art GNN-based methods due

to the lack of structural prior [346]. This means that transformers cannot fully

exploit the rich connectivity information available in user-item interaction graphs,

leading to suboptimal performance compared to GNN-based methods.

2.4 Recommender Systems based on HGNNs

The study of HGNNs with the aim of improving representation learning in RSs

is an active research area [153, 168, 327]. Taking into account multiple items and

users simultaneously, HGNNs have been shown to capture more nuanced preferences

and behaviours, leading to better quality recommendations [146, 161]. Other works

propose HGNNs to flexibly generate item embeddings from correlated items and

then aggregate item representations for downstream recommendation [246], such

as encoding and extracting complex user behaviour patterns [210]. HGNNs have

also been applied to learn different graph structures by specifying arbitrary weights

for the neighbours and inductive learning problems [238]. However, despite their

potential, HGNN-based RS methods inherit GNN challenges such as oversmoothing,
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oversquashing and scalability issues, especially in large-scale settings [23, 38, 44].

In this section, we provide a literature survey of state-of-the-art HGNN-based RS

methods based on applications, design objectives and scenarios, as illustrated in

Figure 2.1.

2.4.1 Application Specific HGNN Recommender Systems

To address the GNN methods that are mostly limited to pairwise interactions,

HGNN methods have been implemented in various applications [127], citation net-

works [132, 315], personalised medical recommendation [348], channel recommen-

dation [317] and software code reviewer recommendation [203]. In this section, we

provide an overview of the most common applications of HGNN-based RS methods.

Product Recommendation. HGNNs have been widely used in product recom-

mendation, such as recommending products from different categories based on user

browsing history, past purchases and interactions with other users or products, cross-

selling, up-selling and complementary products [207, 236]. An example is the SREC

model [303], which applies a gated HGNN for e-commerce scene-aware product rec-

ommendation to predict matching scores among users, scene and merchants. Chen

et al. [31] propose the Interactive HGNN (IHGNN) model for personalised product

search, which applies a hypergraph representation model constructed from historical

user-product-query interactions to improve the representation of the target entity.

Despite the potential of these methods, scalability challenges remain due to issues

such as oversmoothing and oversquashing [271].

Point-of-Interest Recommendation. Point of Interest (POI) recommendation

has drawn growing attention with the widespread popularity of location-based so-

cial networks [242]. Although traditional RSs usually struggle with the complex

relationships between these different types of data, HGNNs naturally model these

complex interactions to incorporate contextual information (such as time of day,

weather, or user preferences) directly into the recommendation process. High-order

45



Chapter 2. Background and Literature Survey

spatial-temporal relations exist between services, which are not adequately captured

by existing methods that rely on ordinary graphs and consider spatial-temporal rela-

tions between services as pairwise connections [106]. To incorporate spatial-temporal

correlations within user-POI interactions and uncover complex high-order collabo-

rative signals between users [129], several methods propose spatial-temporal HGNN

methods for the next POI recommendation, which jointly learn representations from

local and global views [140, 295]. Despite the improved expressiveness of these mod-

els, high computational cost remains a challenge in large-scale settings, due to their

limited computational efficiency [66].

Movie and Video Recommendation. HGNNs have been applied in movie and

video recommendation due to their ability to learn complex relationships between

different types of entity involved in the movie ecosystem, such as connecting multiple

users who watched the same set of movies, or connecting movies with multiple actors,

genres and directors simultaneously. HGNNs have been shown to capture these

multi-faceted interactions better than traditional methods [317]. HGNNs have also

been applied to discover new content and recommend videos with similar themes,

creators or genres based on past user interactions [141, 261]. However, despite their

potential, issues such as limited scalability and high computational cost limit the

scalability of these models in practical scenarios [38].

Music Recommendation. HGNNs have been applied to link users to multiple

songs, connecting artists to multiple genres and representing playlists that contain

various songs and genres. Recent research has shown the potential of HGNN in mu-

sic recommendation, particularly in scenarios where various data modalities, such

as social media interactions and auditory signals, intersect [324]. For example, Luo

et al. [166] propose DWHRec, a “Diversified, Weighted Hypergraph Embedding

model for Music Recommendation, that uses a weighted hypergraph to model asso-

ciations between artists, albums, tags, and tracks in music recommendation. The

accuracy of the model is evaluated by measuring the alignment between user pref-
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erences and recommended tracks, while diversity is assessed based on the variety of

track types included in the recommendation list. Although HGNN-based methods

such as DWHRec have shown potential in music recommendation, improving their

efficiency is an interesting research direction [208].

News Recommendation. HGNNs have been shown to improve news recommen-

dation by effectively modelling higher-order relationships between users, articles,

topics, authors and other related entities. Gharahighehi et al. [67] demonstrate

that hypergraph learning handles multi-stakeholder recommendation tasks better

than traditional methods. This HGNN-based approach also counters popular bias

and generates more fair recommendations compared to existing methods. Moreover,

balancing this fairness with efficiency objectives would result in more sustainable

multi-objective RSs [262], as discussed in the next paragraph.

2.4.2 Objective-Specific HGNN Recommender Systems

Different RSs have different objectives. Although accuracy is the most commonly

used metric to evaluate recommendation performance, recent research has also fo-

cused on other objectives such as diversity, explainability, fairness, user privacy and

security.

Diversity: Diverse recommendations prevent users from seeing repetitive content

and introduce them to new and varied items, which could keep them engaged long-

term, avoiding echo chambers where users are only exposed to similar content [57].

Diversity helps break this cycle by introducing novel content. However, in practical

scenarios, there is often a trade-off between accuracy and diversity in recommen-

dations. For example, in the music domain, a system may achieve high accuracy

by suggesting songs within a user’s preferred genres (intra-preference diversity), but

this can limit exposure to entirely new genres or styles (inter-preference diversity),

reducing overall diversity and the opportunity to broaden the user experience [201].
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Explainability: Explainable RSs provide transparent reasoning behind recom-

mendations, thereby enhancing user trust and satisfaction. HGNNs achieve this

by applying techniques such as node and hyperedge importance analysis, feature-

based interpretability, and visualisation-driven reasoning, which collectively enable

transparent and interpretable decision-making [101]. In an e-commerce scenario, for

example, an HGNN-based model can justify recommending a wireless headset by

highlighting a user’s prior interactions with smartphones, bluetooth speakers, and

charging accessories, represented as interconnected nodes within the hypergraph.

This transforms recommendations from opaque ‘black-box’ outputs into human-

understandable insights, thus improving transparency, user trust and engagement

[30]. Despite the potential of HGNN-based RSs, achieving an effective balance be-

tween computational efficiency and interpretability remains an open challenge for

future research [333].

Fairness: HGNNs have been applied to determine whether there is bias against

certain groups in recommendation [80]. Bias emerges from various sources, includ-

ing historical data, user-item interactions, or the way hyperedges and nodes are

constructed [108]. Addressing bias in recommender systems is increasingly recog-

nised as an important research direction, since biased models can unfairly favour

popular items, misrepresent underserved users or providers, and reinforce long-tail

invisibility [108]. For example, surveys identify selection, exposure, and popularity

biases as major structural challenges in recommendation data and algorithms [253].

Privacy and Security: With growing concerns regarding user data privacy, fed-

erated RS models have recently received attention due to their privacy-preserving

capabilities [322]. Recent methods have proposed the use of HGNN methods to

address privacy and security issues in RSs. For example, Li et al. [150] propose

LASER, a “Learning and unlearning model for erasable Recommendation” that

partitions data into disjoint and balanced shards using hypergraph embeddings.

Zheng et al. [340] also propose a model that blocks model poisoning attacks on RS
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users, addressing the risk of sensitive information leakage that exists in RS train-

ing in a centralised environment using a distributed computing paradigm that aims

to improve privacy [341]. Ethical RS research is an interesting research direction

that addresses issues such as privacy and security, ensuring that newly developed

methods comply with regulatory frameworks [67, 155].

Scalability: Scalability in modern RSs is a concern due to the high computational

cost of most existing methods, particularly when handling large-scale datasets and

supporting real-time recommendations [314]. Many state-of-the-art RSs, including

GNN and HGNN-based models, process millions of users and items while capturing

complex, higher-order interactions [174]. In large-scale settings, HGNN implementa-

tions incur prohibitive memory and computation costs, such as hyperedge construc-

tion and message-passing that scale with the number of nodes and relations [66].

Even optimised GNNs often struggle to maintain low latency and manageable re-

source usage beyond millions of nodes, making efficiency a bottleneck for real-world

deployment [5]. This motivates the focus of this thesis on enhancing the scalability

of HGNN-based RSs.

Multi-Objective RS: Recent work has explored RS methods that aim to simul-

taneously balance multi-objective RS that include accuracy, diversity, explainabil-

ity and fairness. For example, Liu et al. [155] propose a knowledge graph-based

retrieval method to transfer knowledge derived from multiple auxiliary domains.

Jendal et al. [101] introduce HG, an HGNN-based recommendation model that

captures high-order connections between users, items and opinions while also incor-

porating an explainability module that explains the generated predictions. Jiang

et al. [110] propose HGRank, a Hypergraph ranking model that takes into ac-

count social trust and reliability in the hypergraph weighting process, in addition

to improving the accuracy of the model.

These studies highlight that multi-objective RS research is increasingly based

on hypergraph-based representations to capture higher-order relationships (for
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example, fairness, diversity, explainability) while optimising objectives such as accu-

racy, diversity, explainability, and fairness. The multi-objective perspective aligns

with our goal of leveraging hypergraph representation learning to enhance recom-

mender system performance. However, our work specifically aims to improve the

efficiency of HGNN-based recommender models while maintaining high accuracy.

Most existing studies focus on what objectives are optimised, such as accuracy, fair-

ness, or diversity [175], while our research focuses on how to achieve these objectives

at lower computational cost. We address the often-overlooked trade-off between

model accuracy and computational efficiency by proposing HGNN-based methods

that reduce both computation overhead without sacrificing performance.

2.4.3 HGNN Recommender System methods based on Spe-

cific Scenarios.

Several studies have explored HGNN in various RS scenarios. State-of-the-art meth-

ods in the following categories are presented: session-based, social, conversational,

cross-domain, bundle, multi-behaviour and sequential recommendation.

Social Recommendation: HGNNs have been applied to model higher-order re-

lationships in social networks, such as the influence on a user’s preference of their

social influence and past behaviours [290]. In this way, the model learns to ag-

gregate information and provides personalised recommendations that reflect both

the individual preferences of the user and the preferences of their social network

[316]. For example, Xu et al. [286] propose RecoGCN, a relation-aware GCN-based

model for agent-initiated social e-commerce recommendation, which unifies users,

items and sales agents in a heterogeneous graph to capture complex interactions in

social e-commerce using metapath-based graph convolution network propagation.

In related research, Zhu et al. [351] propose SHGCN, a social recommendation

model, which applies HGCNs to learn complex triplet social relations, which allows

fine-grained modelling of social relations to better capture user preferences, thus
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improving recommendation performance. To address noise and data sparsity issues,

Wang et al. [243] propose a Dual-objective Contrastive learning Multiple Hyper-

graph Convolution model for Social recommendation (DCMHS). Other methods

that propagate messages via the graph attention mechanism take into account the

differences in the influences of various friends on the social graph and assign them

different weights [63, 266, 342]. Although HGNNs naturally model higher-order

user-item connections in social recommendation, their application remains challeng-

ing in large-scale settings due to scalability issues and the high computational cost

incurred when constructing and processing large-scale models [66].

Session-based Recommendation. Session-based recommendation predicts the

next interaction or item choice of a user based on the sequence of actions within a

single session, without requiring a long-term user history or profiles [269]. HGNNs

have been applied to model high-order relations in session-based recommendation

[199]. For example, Xia et al. [281] propose a self-supervised “Dual Channel HGCN”

model that applies self-supervised learning to improve the recommendation task by

leaning mutual information between intra- and inter-sessions. Ma et al. [173] in-

troduce CLHHN, a “Category-aware Lossless Heterogeneous Hypergraph Neural

Network model for Session-based Recommendation” that incorporates item cate-

gory and repeated user clicks to alleviate the data sparsity problem. Wang et al.

[248] take into account intra- and inter-session dependencies not only from ses-

sion information but also from side information, to further improve the accuracy

of session-base recommendations using a hypergraph learning framework. Although

HGNNs are a promising approach for session-based recommendation, their deploy-

ment in large-scale settings remains hampered by scalability issues, for example,

high memory/compute demands, long training times, which limit their practical

usage [38].

Sequential Recommendation. HGNN methods have been applied to model se-

quential recommendation tasks, whereby hyperedges connect multiple items in the
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sequence, offering a richer understanding of the user’s behaviour [109]. Recent re-

search efforts apply HGNN to capture higher-order information among items. For

example, Chen et al. [25] propose SHCN, a Sequential Hypergraph Convolution

Network model for next-item recommendation. Li et al. [142] also introduce a

lightweight HGCN that is applied to refine feature transformations in the hyper-

graph structure for sequential recommendation. Similarly, Yu et al. [319] pro-

pose a unified Hyperbolic Translation-based Sequential Recommendation (HSTR)

framework to capture the hierarchical structure in sequential interaction behaviours

and model the third-order relationships between users, previously visited and the

next item. Despite their potential, applying HGNNs to sequential recommenda-

tion remains challenging in practical scenarios involving long user-item interaction

sequences. Issues such as oversmoothing [23], where node or embedding representa-

tions become indistinguishable, and oversquashing, where distant relational signals

are compressed into low-dimensional vectors and consequently lost, tend to dilute

useful information and degrade model performance [44].

Bundle/Group Recommendation. Group activities, such as sharing meals with

colleagues or watching movies with family members, are common in practical sce-

narios of human social interactions. Bundle recommendation is common on on-line

platforms such as Spotify, Pinterest10 and Amazon. HGNNs have been applied to

model the synergy between items within a bundle, ensuring that the recommended

bundles are not just collections of items, but meaningful combinations that appeal to

users [328]. Zhao et al. [338] propose DHMAE, a Disentangled Hypergraph-Masked

Auto-Encoder model for group recommendation that addresses noise issues in group

recommendation. Group recommendation may suffer from data sparsity issues due

to sparse group-item interactions [137]. To alleviate this issue, Zhang et al. [327]

propose a self-supervised hypergraph learning framework to model complex tuple-

wise correlations between users within and outside the groups. Although HGNNs

have potential for bundle/group recommendation, their effective deployment at scale
10https://www.pinterest.com/
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depends on addressing the scalability challenges that arise when constructing and

learning large, complex group or bundle representations in large-scale settings [234].

Cross-Domain Recommendation. Cross-Domain Recommendation (CDR) trans-

fer information from the source to the target domain and emphasise mutual util-

isation of information from both the source domain and the target domain, and

have been applied mainly to address cold-start issues [260]. CDR methods leverage

data from multiple domains to improve recommendations. For example, an online

retailer that sells books, music and movies can recommend items across these do-

mains. HGNNs have been applied in several CDR methods. For example, H3Trans

[291] applies HGNN to extract correlative information from multi-domain user-item

feedback to eliminate domain discrepancy in item representations and aggregate

user preferences to improve CDR user representations. Han et al. [81] propose an

HGCN framework that includes an intra-domain layer and an inter-domain layer in

the modelling process. Similarly, Hao et al. [82] introduce MOP, a “Motif-based

Prompt learning model for universal Cross-Domain Recommendation” that applies

higher-order motif-based embedding to capture domain knowledge, catering to both

intra- domain and inter-domain CDR tasks. In related research, Zhang et al. [326]

argue that most existing CDR methods share user data across domains, which vi-

olates General Data Protection Regulation (GDPR)11. They propose FedHCDR, a

Federated CDR framework that applies high-pass and low-pass hypergraph filters

to decouple domain-exclusive and domain-shared user representations. The applica-

tion of HGNNs in CDR to handle sparsity and reduce retraining models is gaining

traction, such as training an HGNN in a source domain and then fine-tuning for a

target domain [309]. However, the focus on reducing computational cost through

such HGNN-based transfer learning approaches in RSs remains underexplored [349].

Multi-Behaviour Recommendation. Multi-behaviour recommendation lever-

ages on multiple types of user interactions such as clicks, views, likes, add-to-cart
11https://gdpr-info.eu/.
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actions and purchases to better predict user preferences [142]. Unlike RSs systems

that rely on a single behaviour type (for example, purchases), multi-behaviour mod-

els integrate various collaborative signals to provide a more comprehensive under-

standing of user intent [111]. Despite challenges related to hypergraph construction

and computational demands, HGNNs represent a powerful approach to advancing

the field of multi-behaviour recommendation, enabling systems to better understand

and predict user preferences across a variety of interactions [275]. For example, Yang

et al. [297] propose the construction of hyper-metagraphs to model higher-order de-

pendencies for multi-behaviour recommendation. In related research, Li et al. [142]

introduce HEML, a Hypergraph-Enhanced Multi-interest Learning model, which is

designed to capture multi-interest and multi-behaviour dependencies for heteroge-

neous recommendation. Despite their potential, most HGNN-based multi-behaviour

recommendation methods remain computationally inefficient in large-scale settings,

posing a significant bottleneck for practical deployment [38].

Conversational Recommendation. Conversational Recommender Systems (CRSs)

involve user-to-RS interactions where preferences are interactively generated through

dialogue and recommended accordingly. HGNNs enable higher-order learning of

user-item relationships by unified modelling of various attributes and user intents in

the same hypergraph, leading to more nuanced conversational recommendations [64].

For example, Li et al. [137] propose an HGNN-based CRS model for conversational

recommendation. Similarly, Zhao et al. [335] propose hierarchical director-actor

conversational RS, which trains from weak supervision and a dynamic hypergraph

to learn user preferences from high-order relations. Large Language Model (LLM)s

have demonstrated their ability in language understanding, reasoning and dialogue

[95], and have been applied to CRS [87]. Using LLMs, techniques such as Rein-

forcement Learning from Human Feedback (RLHF) [230, 284], Chain-of-Thought

prompting [334] has been explored for CRS [240]. However, despite their potential,

LLM-based RS methods are prone to hallucinations and have a high computational

cost, which limits their effectiveness in most real-world RS scenarios [258]. This hap-
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pens because LLMs are trained primarily for next-token prediction in broad text cor-

pora, they prioritise generating coherent and contextually plausible responses rather

than ensuring factual correctness [331]. In the context of recommendation tasks, this

lack of grounding in the actual item catalogue or user–item interaction data means

that the model produces recommendations that do not exist, leading to degraded

RS model accuracy [258]. At the same time, the computational overhead of LLMs is

significantly higher than that of traditional recommendation models [270]. With bil-

lions of parameters, they require large GPU memory and incur high inference costs,

which presents challenges for practical deployment [212]. Unlike specialised RS

methods that use efficient embedding lookups or graph structures, LLMs approach

the task as natural language generation, which is slower and resource-intensive. To-

gether, these issues limit the practicality of LLM-based recommenders in real-world

scenarios where trustworthiness, scalability, and low latency are essential [193].

2.4.4 Challenges of applying HGNNs to large-scale Recom-

mender Systems

Despite the potential of HGNNs, their application in recommendation methods in-

volves navigating challenges such as graph construction, network design, model op-

timisation and efficiency [268], which are discussed in this section.

Hypergraph Construction: When constructing a hypergraph, a good hyperedge

design should fully consider the density of the hypergraph. A hypergraph that is too

dense means increasing the computational demands of embedding propagation for

a large number of nodes [145]. To alleviate this high computational cost, methods

such as sampling, filtering and pruning have been proposed. However, these also

result in model performance degradation in some cases [159]. On the other hand, a

too-sparse hypergraph would result in poor embedding propagation due to a limited

number of nodes.
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Network Design: The propagation layer makes HGNN different from traditional

graph learning methods. The choice of the propagation path is essential for mod-

elling high-order similarity in RS. In addition, the propagation is parametric, which

assigns different weights to different nodes. The weights refer to the different impor-

tance of the items that have historically interacted with each other. The choices of

propagation affect the efficiency of the computation [142]. Too-shallow layers pose

challenges in modelling the high-order graph structure, while too deep layers would

be prone to oversmoothing [330].

2.5 Open Challenges in HGNN-based Recommender

Systems

This thesis focuses on addressing open challenges in the HGNN-based recommen-

dation identified in the literature review as summarised in this section. Despite

the most recent innovations in different scenarios, objectives and applications, most

existing HGNN-based RS methods are still computationally inefficient for large-

scale scenarios, and more research is needed for more efficient HGNN-based RSs for

practical scenarios, especially in resource-constrained environments [38, 122].

Graph/Sampling partitioning leads to performance losses. Conventional

training of HGNNs, when executed in a full batch manner, has been shown to slow

down training convergence [300]. Sparsification, sampling and model compression

are commonly applied to enable efficient training and inference of GNN [63], es-

pecially in large-scale settings [159]. Although these techniques improve efficiency,

they often come with drawbacks that negatively impact GNN performance [345].

Sparsification, such as edge or node pruning, results in the loss of information, re-

ducing the model’s ability to capture complex interactions [289]. Sampling, though

effective for scalability, leads to incomplete representation of node neighbourhoods,

limiting the effectiveness of message-passing and resulting in suboptimal graph rep-
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resentation learning [171]. Similarly, model compression, such as quantisation or

pruning, reduces the expressive power of the GNN, affecting their ability to model

intricate graph dynamics or long-tail patterns [159]. In Chapter 3, addressing

RQ1, lightweight graph transformer approaches are explored that aim to alleviate

these issues without deteriorating the recommendation performance.

Graph Structural Irregularities Pose Efficiency and Scalability Issues.

Despite advances in HGNN-based methods and applications, achieving scalable

recommendation remains a challenge, particularly in large-scale industrial settings

[228]. The irregular structure of the HGNN poses significant challenges in effi-

ciency and scalability [122]. The computational complexity of most state-of-the-

art HGNN methods remains a bottleneck for large-scale RS training and inference

[63]. Compared to traditional methods, the computational cost of HGNN models

is much higher when complex calculations are involved, despite performance gains

[5]. Deeper layers of HGNN, needed to capture long-range dependencies, increase

complexity, leading to issues such as vanishing gradients and overfitting [289]. In

Chapter 4, addressing RQ2.1, we explore hardware-algorithm co-design as a way

to efficiently accelerate large-scale HGNN-based RS models on the GPU architec-

ture.

Limitations of the GNN message-passing scheme. One of the most pop-

ularly adopted GNN architectures is the Message Passing Graph Neural Network

(MPGNN), which maintains a representation vector for each node and iteratively up-

dates it by collecting information from neighbouring nodes [68]. Despite its relative

simplicity and efficiency, it has several weaknesses that severely limit its perfor-

mance. (1) Limited expressive power, referring to the fact that MPGNNs often

fail to distinguish between two structurally different nodes with a similar neigh-

bourhood configuration [119]. (2) Oversmoothing: Common HGNNs rely on a

message-passing architecture that aggregates information. In each layer, every graph

node updates its representation by aggregating the neighbouring nodes [330]. With
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the oversmoothing problem, GNNs tend to generate embeddings for all graph nodes

that are very similar to each other after several layers of message-passing, resulting

in node-specific information being lost, hindering the capture of long-term depen-

dencies between nodes in a graph. Consequently, learning on large graphs remains a

persistent challenge [23]. (3) Oversquashing: Another issue with message-passing

GNN (MPGNN) methods is their limitation in capturing global properties of graphs,

which means that they cannot effectively learn long-range interactions within the

graph due to oversquashing that occurs as a result of multiple message-passing steps

[228]. Oversquashing refers to the limitation of a GNN when transferring informa-

tion between distant nodes [44]. This issue worsens with an increase in the distance

between nodes, which hinders the ability of MGPNNs to model complex behaviours

that require long-range interactions. As a result, the long-range dependency learning

effectiveness of the MPGNN is reduced. To address these issues, and answer RQ2.2,

we propose an alternative to message-passing for efficient scalable HGNN-based RSs

in Chapters 4 and 5.

Dynamic recommendation scenarios are underexplored. Modelling dynamic

user preferences is one of the open challenges in practical recommendation scenarios

[22]. User preferences and item characteristics change over time, which makes it

important for RSs to adapt to these dynamics [312]. Most existing methods fo-

cus on static graphs that model the topological structure in a fixed way. However,

many real-world scenarios exhibit complex dynamics, making static representation

learning models inadequate for effectively capturing temporal evolutionary infor-

mation [53]. Consequently, these models often yield suboptimal performance when

applied to dynamic scenarios, which poses challenges to static GNNs [161]. Dy-

namic changes require frequent updates of the hypergraph topology, including the

addition or removal of hyperedges and nodes, and the update of feature embeddings

[22]. However, efficiently handling these updates in real time is challenging due to

the high computational cost associated with modifying and maintaining the hyper-

graph structure [167]. This complexity increases with the scale of the data, leading
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to increased latency and reduced efficiency [288]. The design of scalable algorithms

that accommodate such dynamic changes without significant computational over-

head is a challenge for HGNN-based RSs. These issues are addressed in Chapter

6, thereby answering RQ3.

2.5.1 Baseline Methods.

The proposed methods are compared with the state-of-the-art RS methods that are

related to the focus of our study. These are classified as transformer-based, GNN-

based, and hybrid methods. The choice of baseline methods is based on the core

architecture, encoding, and propagation mechanisms as indicated in Table A.1.

• SASRec: A sequential recommendation model that uses the vanilla self-

attention mechanism to identify relevant items at each time step for the next-

item prediction task [114].

• BERT4Rec: A sequential recommendation model that applies bidirectional

transformer-based self-attention for recommendation [224].

• MB-GCN: A GCN-based model which combines behaviour-aware user-to-

item embedding propagation as well as item-to-item embedding propagation

layers for multi-behaviour recommendation [111].

• MB-GMN: Integrates GNNs with meta-networks for multi-behaviour recom-

mendation. Meta-learners model the behaviour heterogeneity and cross-type

dependency [280].

• KMCLR: Applies a multi-behaviour learning module to extract user informa-

tion for user embedding enhancement, and uses a knowledge graph to derive

knowledge-aware representations for items. [292].

• MBHT: A Multi-Behaviour Hypergraph-enhanced Transformer model that

employs a multi-scale transformer to capture local user-item dependencies and

a hypergraph convolution module to capture global dependencies [307].
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• MB-STR: A model that integrates a behaviour transformer layer and a se-

quential pattern generator module for sequential recommendation [321].

• HMAR: Applies masked self-attention and self-attention to items across user

behaviours, and encodes the historical frequency of each item behaviour in the

input sequence for multi-behaviour recommendation [52].

• PBAT: A multi-behaviour recommendation model which applies a person-

alised behaviour pattern generator in the representation layer and extracts

dynamic behaviour patterns for sequential learning. A behaviour-aware collab-

oration extractor facilitates a behaviour-aware attention mechanism to incor-

porate behavioural and temporal impacts into collaborative transitions [223].

• RLMRec integrates representation learning with LLM to capture intricate

semantic aspects of user behaviours and preferences. Incorporates auxiliary

textual signals, employs LLMs for user/item profiling, and aligns the semantic

space of LLMs with collaborative signals through cross-view alignment [200].

• TRSR proposes prompt text encompassing user preference summary, recent

user interactions, and candidate item information in an LLM-based recom-

mendation, which is fine-tuned to generate recommendations [343].

• KDA uses an LLM to obtain language knowledge representations of items

that are fed into a latent relation discovery module based on a discrete state

variational autoencoder. Self-supervised relation discovery tasks and recom-

mendation tasks are jointly optimised [301].

• TALLRec: an LLM tuning framework that structures the recommendation

data as instructions to adapt to the recommendation [9].
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Towards Lightweight Hypegraph

Transformers for Recommendation

Recent research has applied graph transformers for modelling graph-structured data

[94, 215]. This is motivated by the success of transformers in various sequence [239]

learning and computer vision tasks [183]. As a result, Graph Transformer (GT)s have

emerged as a promising architecture for a variety of graph representation learning

tasks, including RSs [179]. As discussed in Chapter 1, GTs leverage the strengths

of both GNNs and transformer architectures, offering a framework that captures

complex patterns in recommendation scenarios [162]. However, from the literature

survey conducted in Chapter 2, despite their potential, it remains challenging

to scale graph transformers (GT) to large graphs while maintaining competitive

accuracy [215]. In addressing this issue, model compression techniques, such as

pruning or quantisation, have been applied to optimise GNN/transformer models

with the aim of improving model efficiency [259]. Although these techniques improve

efficiency, they lag in terms of accuracy in many practical settings [251]. Graph

sampling, for example, though effective for scalability, often leads to incomplete

representation of node neighbourhoods, limiting the effectiveness of message passing,

and leading to suboptimal representation learning and recommendation performance

[215]. This brings us to the central research question of this chapter, RQ1, as
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Figure 3.1: An overview of graph representation learning architectures, as illus-
trated in [204]. (a) Graph Neural Networks (GNNs) with Message Passing (MP)
are prone to oversmoothing and oversquashing. (b) GNNs augmented with Virtual
Nodes (VN) have been proposed to enhance expressivity. (c) Transformer archi-
tectures, which utilise Self-Attention (SA) and Feedforward Network(FFN) layers,
often underperform in heterogeneous graph representation learning due to the lack
of structural priors. (d) Hybrid architectures combining MP, SA and FFN layers
are computationally expensive in practical scenarios.

outlined in Section 1.3.

RQ1: Model compression in GNNs, transformers and their hybrid mod-

els (GTs) often leads to performance losses. Can we address this issue

using lightweight GT-based approaches without degradation of recommen-

dation performance?

Specifically, the goal is to develop RS methods that do not use excessive com-

putational resources but still achieve high performance. In addressing RQ1, two

lightweight GT methods, Graph Transformer for Recommendation (GTRec) and

Sinkhorn Transformer for Multi-Behaviour Recommendation (STMBR), are pro-

posed to address these highlighted issues of lightweight GT methods.
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3.1 GTRec: A Lightweight Graph Transformer

for Multi-Behaviour Recommendation

GTs have attracted significant interest in representation learning models because of

their ability to capture long-range node communication explicitly. This capability

allows them to mitigate several limitations associated with message passing GNNs,

such as oversmoothing [190], oversquashing [44] and limited expressivity [120, 176].

As shown in Figure 3.1, several approaches have been applied to address these lim-

itations of message passing GNNs. Among them, hybrid GT architectures have

shown better performance compared to standalone graph or transformer architec-

tures [215]. However, despite performance gains, most hybrid GT architectures have

been shown to be computationally expensive, limiting their practicality for large-

scale RSs [352]. One major challenge with GTs is their poor scalability, as the

standard self-attention mechanism incurs quadratic time and memory complexity

with respect to the number of nodes in the graph [233]. Although this cost is often

acceptable for smaller graphs, it is expensive for larger graphs, where GT models

often do not fit in memory or require a much smaller batch size, resulting in slower

training or the need for high-end GPUs [71]. This problem is further exacerbated in

large-scale recommendation settings where multi-hop propagation is necessary, lead-

ing to oversmoothing and oversquashing as signals become diluted or compressed

over long paths.

To address inefficiencies in traditional transformer architectures, various efficient

designs have been proposed. For example, the Performer model [34] reduces com-

putational complexity through kernel-based approximations, while Flash Attention

[41] achieves higher efficiency through enhanced parallelism and partitioning strate-

gies. Furthermore, GraphGPS [198], a modular framework that integrates message-

passing networks with attention mechanisms and incorporates various structural

and positional encodings, has demonstrated state-of-the-art performance in numer-

ous datasets. In this modular framework, the best performance with GTs is usually
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achieved by integrating a message-passing network with the full transformer archi-

tecture. In contrast, sparse transformer methods tend to underperform [215]. This

trend is consistent across various GT models, where attempts to reduce model size -

either by pruning, compression, or approximation - leads to significant performance

degradation compared to the original models [159]. Given these observations, the

key question driving this section is: Can lightweight GT models achieve superior

performance in HGNN-based RSs without compromising efficiency?

One of the advantages of the modular approach in GTs is the ability to separate

local and global attention through distinct roles assigned to the graph and trans-

former modules, respectively [198]. The motivation behind this design approach is to

reduce the average message-passing distance in the GNN module, that is, message-

passing is focused mainly on the direct graph connections. This module separation

also enables more flexible tuning on both modules in order to determine the pareto-

optimal efficiency and performance objectives. To support local and global attention

in GT, the concept of virtual nodes has been introduced [215], allowing these ex-

ternal virtual nodes to interact with the graph and facilitate information exchange

between existing nodes [268].

Recent advances have also explored the integration of virtual nodes into trans-

former architectures [215]. For example, Boreeda et al. [14] propose Rehub, a

GT-based framework in which virtual nodes communicate with each other and with

graph nodes via a hub-and-spoke model, offering a structured way to capture global

context.

Inspired by these developments, we propose GTRec, a lightweight hub-spoke

model for multi-behaviour recommendation. At each layer, nodes (spokes) are dy-

namically assigned to a fixed number of hyperedges (hubs). This design enables

fine-grained local interactions among spokes while maintaining a structured global

context through hub-to-spoke communication. By adjusting the hub-to-spoke ra-

tio, GTRec we aim to achieve a balance between efficiency and expressivity, thus

mitigating the scalability bottlenecks inherent to conventional GTs. In addition, we
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integrate differential encoding [325] to improve representation learning across layers.

3.1.1 Preliminaries

Virtual Nodes. Virtual nodes are artificial nodes injected into a GNN to model

long-range dependencies [194]. They aggregate information from all nodes and redis-

tribute it, effectively serving as a global communication channel or shared memory

[215]. By connecting to every node in the graph, virtual nodes allow information

to propagate across distant regions in a small number of hops, thus mitigating the

oversquashing problem common in deep GNNs [204]. However, since virtual nodes

are not semantically grounded in the underlying data, their aggregation is based on

simple pooling operations (e.g., summation or averaging), which can dilute impor-

tant signals and hinder the preservation of task-relevant information, particularly in

heterogeneous large-scale graphs [196].

Hub-Spoke Model. The hub-and-spoke paradigm, inspired by domains such as

aviation, improves efficiency by centralising communication [15]. A hub aggregates

information from multiple nodes (spokes) and redistributes it, while the spokes cor-

respond to the ordinary nodes in the network [188]. This structure reduces the

cost of all-to-all communication by routing interactions through a smaller number

of hubs, providing both scalability and structured information flow [196].

In graph learning, the hub-spoke model has been applied to integrate local and

global contexts: spokes capture neighbourhood-level patterns, while hubs serve as

global mediators that consolidate and broadcast information across distant parts of

the graph [144, 215]. For example, Rehub [14] implements hubs as virtual nodes,

where each spoke is dynamically assigned to a small fixed number of hubs per layer,

with assignments updated using hub–hub similarity. Unlike Rehub, our GTRec

approach grounds hubs in hyperedges, allowing efficient capture of higher-order

user–item interactions. We hypothesise that this approach enables more expres-

sive global representation learning with lower overhead, as each hub corresponds to
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a concrete relation, such as a group of users co-purchasing a product, rather than a

virtual node.

Differential Encoding. Learning on hypergraphs is challenging due to their in-

herently non-Euclidean structure [5]. A widely used solution is to integrate a global

attention update into each message-passing layer, allowing the model to effectively

capture information from distant nodes [220]. Traditional aggregation methods,

such as message-passing, often suffer from accumulated information loss across lay-

ers, thereby weakening the representational power of embeddings [219]. To address

this problem, differential encoding (DE) [325] has been proposed. Instead of sum-

ming neighbour features, DE computes differences between the features of a node

and those of its neighbours; these differential signals are then aggregated, preserving

valuable information that could otherwise be lost. In our GTRec model, we apply

DE to improve representation learning as illustrated in Figure 3.2.

3.1.2 Methodology

User-item interactions are represented by a hypergraph, with nodes (spokes) for users

and items, and hyperedges (hubs) capturing complex relationships. Information

is propagated through graph attention for node-hub feature exchange, spoke-to-

hyperedge attention to aggregate node features, and hyperedge-to-hyperedge self-

attention for long-range communication. Refined hyperedge features are returned

to the nodes via hyperedge-to-spoke attention, whereas spoke-to-spoke attention is

designed to capture local interactions. The model architecture is shown in Figure

3.2.

Spokes and Hubs

We define Ns spokes, indexed by is = 1, . . . , Ns, each with features sis ∈ Rd, collec-

tively denoted as s. Similarly, we define Nh hubs, indexed by ih = 1, . . . , Nh, each

with features hih
∈ Rd, collectively denoted as h. The binary hub assignment matrix
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Figure 3.2: Architecture of the proposed GTRec framework. User-item interactions
are modelled using a hypergraph, where nodes represent users and items, and hy-
peredges capture multi-behaviour interactions. Differential encoding is applied to
improve representation learning. The attention module iteratively updates node and
hub features through four steps: (1) Spoke-to-Spoke, refining local node features, (2)
Spoke-to-Hub, propagating node features to hubs, (3) Hub-to-Hub, enabling global
hub communication and (4) Hub-to-Spoke, propagating refined hub features back
to nodes. (5) Hub Reassignment step dynamically updates hub assignments.

E ∈ {0, 1}Ns×Nh specifies the connections between the spokes and hubs, where:

Eis,ih
=


1 if spoke is is connected to hub ih,

0 otherwise.
(3.1)

Graph Attention. In this model, graph attention is used to propagate informa-

tion between the spokes and the hubs. The attention operation is given by:

O,Γ = Attention(K,Q,E), (3.2)
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where: K ∈ Rnk×d represents the source graph nodes (spokes), Q ∈ Rnq×d repre-

sents the destination graph nodes (hubs), E ∈ {0, 1}nk×nq is the hub assignment

matrix. The output of the attention operation is: O ∈ Rnq×d, the updated feature

representations for the destination nodes (hubs), Γ ∈ Rnk×nq is the attention score

between the source and destination nodes.

Model Initialisation. The number of hubs is determined as Nh = r
√
Ns, where

r is the hub ratio (default r = 1) and Ns is the total number of spokes (nodes in the

graph). This formula ensures that the number of hubs scales proportionally with

the size of the hypergraph, maintaining a balance between computational efficiency

and representation capacity. To initialise the hubs, the adjacency matrix A of the

spoke graph into clusters Nh is partitioned using the METIS algorithm [115]. Each

cluster Cih
corresponds to a hub ih, and the features for the hub are initialised by

aggregating the features of the spokes within the cluster:

h0
ih

= Aggregate-Feat({s0
is

: is ∈ Cih
}), (3.3)

where h0
ih

is the initial feature vector for the hub ih, s0
is

is the initial feature vector

of a spoke is belonging to the cluster Cih
, and Aggregate-Feat(·) is a function that

combines the feature vectors of all spokes in the cluster. Clustering the adjacency

matrix ensures that the axes are associated with densely connected spoke groups,

preserving local structural information within the graph. Aggregating the features

of spokes in each cluster allows the hubs to serve as summary representations of

their respective neighbourhood. This approach captures the local context while

enabling efficient processing by reducing the number of active elements in the model.

Furthermore, the use of the METIS algorithm ensures that this initialisation is

scalable and computationally efficient, even for large graphs, thereby providing a

foundation for capturing higher-order interactions in subsequent model layers.
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Hub-Spoke Update Mechanism

Each spoke is initially assigned to a single cluster hub based on its cluster member-

ship. At each layer ℓ, the updates proceed as follows:

Spoke-to-Spoke Update. Spokes update their features by aggregating informa-

tion from their neighbouring spokes through a Message Passing Hypergraph Neural

Network (MPHGNN). This enables each spoke to incorporate local context:

s(ℓ+1/2)
i = MPHGNN

(
s(ℓ)

j : j ∈ Ni

)
, ∀i. (3.4)

where Ni is the set of neighbours for spoke i, and s(ℓ)
j represents the features of

neighbouring spokes in the current layer.

Spoke-to-Hub Update. The updated spoke features are aggregated to refine the

connected hub features. This aggregation is performed using the general attention

mechanism.

h(ℓ+1/2)
e = A

(
{s(ℓ+1/2)

i : i ∈ Ee}
)
, ∀e. (3.5)

where Ee is the set of spokes connected to the hub e. Here, A(·) denotes a weighted

combination of inputs conditioned on their relevance to the hub.

Hub-to-Hub Update. Hubs exchange information with their neighbouring hubs

to capture global context in the graph. This update employs the self-attention

mechanism.

h(ℓ+1)
e = SA

(
h(ℓ+1/2)

e′ : e′ ∈ N (e)
)
, ∀e. (3.6)

Here, SA(·) is the self-attention mechanism where the queries, keys, and values are

all drawn from the same set (the hubs). This allows each hub to selectively integrate

information from other hubs based on learned similarity.
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Hub-to-Spoke Update. Spokes receive refined information from the hubs they

are connected to, incorporating global context into their features:

s(ℓ+1)
i = A

(
{h(ℓ+1)

e : e ∋ i}
)
, ∀i. (3.7)

where e ∋ i denotes the hubs connected to spoke i. As before, A(·) represents a

weighted aggregation of hub features relative to each spoke.

Hub Reassignment. At the end of each layer, the spokes dynamically reassign

their connections to the most relevant hubs based on feature similarity. This ensures

that connections adapt to evolving feature representations:

E (ℓ+1)
i = arg max

e∈E
Sim

(
s(ℓ+1)

i ,h(ℓ+1)
e

)
, |E (ℓ+1)

i | = k. (3.8)

where Sim is a similarity function that compares the characteristics of the spoke

and the hub, and k is the number of hubs to which each spoke is connected.

Complexity Analysis

The model achieves efficient scaling as follows: Spoke-to-hub and hub-to-spoke

updates: O(Ns · k), hub-to-hub update: O(N2
h), with Nh = O(

√
Ns). This ensures

linear complexity with respect to Ns, enabling scalability to large graphs. The

complexity of local attention steps scales as O(Ns ·d), while global attention through

multi-hop propagation scales linearly with the number of layers, resulting in an

overall complexity of O(Ns · L · d), where L is the number of layers. This design

ensures a balance between computational efficiency and expressive power.

3.1.3 GTRec-DE: Model flow with Differential Encoding

In this section, we introduce GTRec-DE, a variant of the GTRec model that in-

corporates differential encoding [325] in both the MPHGNN and Hub-Spoke mod-

ules. In GTRec-DE, the update rules are modified to include differential encoding
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terms, which address information loss during the aggregation process and enhance

the model’s representational power. Specifically, for the Spoke-to-Spoke update, the

feature vector s(ℓ+1/2)
i of each spoke i is updated using the aggregated message m(ℓ)

i ,

which is computed by summing the messages from neighbouring spokes, and addi-

tionally, encoding the differential between the feature of spoke i and its neighbours

using a Multi-Layer Perceptron (MLP):

s(ℓ+1/2)
i = ϕupdate

(
s(ℓ)

i ,m(ℓ)
i

)
, (3.9)

where the aggregated message m(ℓ)
i is computed as:

m(ℓ)
i =

∑
j∈Ni

ϕmsg
(
s(ℓ)

i , s(ℓ)
j

)
+
∑

j∈Ni

MLP(s(ℓ)
j − s(ℓ)

i ). (3.10)

Here, Ni represents the neighbours of the spoke i, and the first term aggregates

information from the neighbouring nodes, while the second term, MLP(s(ℓ)
j − s(ℓ)

i ),

encodes the difference between the features of the spoke i and its neighbouring

spoke j to capture unique information lost during aggregation. During Spoke-to-Hub

update, each hub’s feature is updated using an attention mechanism, and differential

encoding is incorporated to preserve information specific to the difference between

the spoke’s and hub’s features:

h(ℓ+1/2)
e = Attention

(
{s(ℓ+1/2)

i : i ∈ Ee}
)

+ MLP
(
s(ℓ+1/2)

i − h(ℓ)
e

)
. (3.11)

Here, Ee denotes the set of spokes connected to the hub e, and s(ℓ+1/2)
i is the updated

spoke feature. The term MLP(s(ℓ+1/2)
i −h(ℓ)

e ) captures the spoke feature and the hub

feature, encoding this difference using an MLP. During Hub-to-Hub update, the

differential encoding between the hub features is included:

h(ℓ+1)
e = SA

(
{h(ℓ+1/2)

e′ : e′ ∈ N (e)}
)

+ MLP
(
h(ℓ+1/2)

e′ − h(ℓ)
e

)
. (3.12)
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whereN (e) represents the neighbouring hubs of the hub e, and the term MLP(h(ℓ+1/2)
e′ −

h(ℓ)
e ) encodes the difference between features of the neighbouring hubs and the cur-

rent hub. Lastly, for the Hub-to-Spoke update, the feature of each spoke is updated

based on connected hubs, incorporating the differential encoding term to maintain

distinctions between the hub and spoke features:

s(ℓ+1)
i = A

(
{h(ℓ+1)

e : e ∋ i}
)

+ MLP
(
h(ℓ+1)

e − s(ℓ+1/2)
i

)
. (3.13)

Here, e ∋ i indicates the set of hubs connected to the spoke i, and the term

MLP(h(ℓ+1)
e − s(ℓ+1/2)

i ) encodes the difference between the updated hub feature and

the spoke feature. Differential encoding ensures that the model preserves and utilises

finer-grained information across layers, reducing the information loss encountered

during aggregation steps. We hypothesise that DE improves the ability of the model

to represent complex structures and maintain more detailed features, particularly

in deeper layers, where information loss is more pronounced [58]. By encoding the

differences between the node features (spokes and hubs), the aim is to enhance the

ability of the model to differentiate variations.

3.1.4 Model training

The training objective for GTRec combines cross-entropy loss for implicit feed-

back and hypergraph-based regularisation loss to preserve the hypergraph

structure. Cross-entropy loss predicts the probability of interactions between users

and items based on their embeddings. The regularisation loss ensures that similar

users and items, according to the hypergraph structure, have similar embeddings.

The objective functions are as follows:

Cross-Entropy Loss:

LCE = −
∑

(u,i)∈D
[yui log ŷui + (1− yui) log(1− ŷui)] (3.14)
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where yui is the true label (0 or 1) indicating interaction, and ŷui is the predicted

probability of interaction.

Regularisation Loss:

Lhypergraph =
∑

(u,i)∈D
∥ru − ri∥2 · Sim(ru, ri) (3.15)

where ru and ri are the embeddings of user u and item i, respectively. The squared

Euclidean distance ∥ru − ri∥2 encourages embeddings of related users and items

to be close to each other in the latent space. The similarity function Sim(ru, ri),

derived from the hypergraph structure, weights each pair according to their con-

nectivity—pairs that share many hyperedges or interaction patterns have greater

similarity and thus exert a greater influence on the loss, while weakly connected

pairs contribute less. This formulation is inspired by Laplacian hypergraph regu-

larisation [344], which enforces smoothness of node embeddings across hyperedges,

and by HGNN models, where embeddings are updated to reflect hyperedge connec-

tivity [56]. Essentially, Lhypergraph encourages the learned latent space to mirror the

relational structure of the hypergraph. Finally, the total loss is calculated as follows:

Ltotal = LCE + λLhypergraph (3.16)

where λ is a regularisation parameter that balances accuracy of the recommendation

and the preservation of the graph structure in the final embeddings.

3.1.5 Experiments

In this section, the datasets and baseline methods used to evaluate our proposed

methods are introduced. The choice of the datasets is based on their applicability

to diverse and heterogeneous real-world scenarios, in particular, the multi-behaviour

recommendation task. Our experiments are carried out using the Pytorch RecBole

framework [336]. For a fair comparison, we reproduce the baseline methods using
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our evaluation framework and also assess their efficiency. In some cases, this results

in deviations from the original reported results.

Implementation Details. The AdamW algorithm [164] with a warm-up learning

rate schedule over the first 5% of the steps is applied to ensure stable convergence.

This means that the learning rate (LR), which controls the magnitude of parameter

updates during training, is not set immediately to its maximum value at the be-

ginning of training. Instead, during the warm-up phase (first 5% of steps), the LR

starts from a very small value (close to 0) and gradually increases until it reaches the

target value. The main motivation for this strategy is twofold: (i) to ensure stable

convergence, since large initial learning rates can cause divergence when weights are

randomly initialised, and (ii) to achieve better optimisation, as gradual ramp-up

allows the optimiser to adapt smoothly to the data distribution without sudden or

unstable updates. To monitor progress and avoid overfitting, early stopping is al-

lowed within 5 to 20 epochs. More details of the GTRec hyperparameters are found

in Table 3.1.

Hyperparameter Value(s)

Embedding Dimension (d) 64, 128
Number of Spokes (Ns) Variable (Dataset-dependent)
Number of Hubs (Nh) r

√
Ns, r = 1

Spoke-to-Hub Connections (k) 10
Number of Attention Heads 8
Number of Layers (L) 2
Dropout Rate 0.1
Learning Rate 10−3

Weight Decay 10−5

Optimiser AdamW

Table 3.1: Hyperparameter settings for the GTRec model after grid search.

Results and Analysis

GTRec achieves the best performance on datasets of various sparsity and sequence

lengths, compared to baseline models that include MBHT, PBAT and HMAR. These
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Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

SASRec 0.667 0.642 0.681 0.645 0.644
BERT4Rec 0.810 0.732 0.894 0.797 0.692
GRU4Rec 0.642 0.687 0.573 0.585 0.568
MB-GCN 0.840 0.882 0.735 0.761 0.742
MB-GMN 0.851 0.875 0.762 0.835 0.825
GCSAN 0.871 0.881 0.848 0.848 0.846
MB-STR 0.914 0.905 0.928 0.902 0.913
MBHT 0.926 0.927 0.929 0.948 0.928
PBAT 0.932 0.945 0.934 0.952 0.931
GTRec 0.941 0.958 0.947 0.962 0.949
GTRec-DE 0.950* 0.961* 0.956* 0.964* 0.957*

Table 3.2: Performance evaluation on the Retailrocket dataset: The best perfor-
mances indicated in bold show the relative improvement over the best performing
baseline, PBAT, at 0.05 significance with paired t-test. Underline indicates the
second best performance. Higher HR, NDCG and MRR values indicate better per-
formance.

Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

SASRec 0.257 0.379 0.186 0.227 0.125
BERT4Rec 0.275 0.395 0.197 0.245 0.164
GRU4Rec 0.142 0.207 0.103 0.129 0.121
MB-GCN 0.244 0.349 0.178 0.214 0.147
MB-GMN 0.398 0.496 0.226 0.306 0.153
KMCLR 0.459 0.575 0.298 0.387 0.438
MB-STR 0.694 0.776 0.596 0.616 0.675
MBHT 0.682 0.768 0.594 0.607 0.264
HMAR 0.692 0.819 0.598 0.658 0.673
PBAT 0.737 0.805 0.650 0.676 0.758
GTRec 0.764 0.838* 0.683 0.697 0.782
GTRec-DE 0.768* 0.836 0.688* 0.685* 0.798*

Table 3.3: Performance evaluation on the Taobao dataset: Best performances
indicated in bold show the improvement over the best performing baselines,
PBAT/HMAR, at 0.05 significance with paired t-test. Underline indicates the sec-
ond best performance.

experimental results position GTRec as a robust framework that effectively models

complex user-item interactions, thereby establishing a new benchmark for large-scale

multi-behaviour RSs.

Overall evaluation. From the results in Table 3.2, GNN-based methods such as

(MB-GCN, MB-GMN, and GCSAN ) perform well on the smallest dataset, Retail-
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Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

SASRec 0.486 0.602 0.356 0.415 0.120
BERT4Rec 0.498 0.625 0.366 0.424 0.230
GRU4Rec 0.139 0.207 0.106 0.115 0.116
MB-GCN 0.463 0.522 0.289 0.339 0.479
MB-GMN 0.463 0.551 0.289 0.352 0.478
KMCLR 0.482 0.574 0.332 0.408 0.492
MB-STR 0.802 0.881 0.695 0.716 0.778
MBHT 0.776 0.857 0.678 0.707 0.772
PBAT 0.874 0.914 0.794 0.799 0.867
GTRec 0.886 0.931 0.791 0.808 0.882
GTRec-DE 0.889* 0.938* 0.811* 0.817* 0.896*

Table 3.4: Performance evaluation on the IJCAI dataset: The best performances
indicated in bold show the relative improvement over the best performing baseline,
PBAT, at 0.05 significance with paired t-test. Underline indicates the second best
performance.

Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

GRU4Rec 0.642 0.707 0.573 0.715 0.568
SASRec 0.584 0.606 0.349 0.477 0.527
BERT4Rec 0.594 0.684 0.353 0.492 0.586
MB-GCN 0.625 0.728 0.426 0.505 0.545
MB-GMN 0.655 0.735 0.483 0.539 0.587
KMCLR 0.689 0.737 0.483 0.535 0.632
MB-STR 0.746 0.756 0.496 0.599 0.727
MBHT 0.769 0.782 0.488 0.582 0.714
HMAR 0.775 0.795 0.495 0.618 0.739
PBAT 0.789 0.823 0.587 0.623 0.771
GTRec 0.784 0.819 0.664 0.677 0.786
GTRec-DE 0.798* 0.839* 0.674* 0.681* 0.795*

Table 3.5: Performance evaluation on the Tianchi dataset: The best performances
indicated in bold show the relative improvement over the best performing baseline,
PBAT at 0.05 significance with paired t-test. Underline indicates the second best
performance.

rocket, which has the lowest number of interactions and the shortest average se-

quence length as summarised in Table 2.2. In this dataset, the GNN message-passing

mechanism effectively captures user-item interactions with less oversmoothing due

to the short average sequence length. The low density also implies limited overlap

between user interaction histories, resulting in competitive results by GNN-based

models.

76



Chapter 3. Towards Lightweight Hypegraph Transformers for Recommendation

However, as the size of the dataset increases, for example, on the Taobao, IJCAI

and Tianchi, the performance of GNN-based methods degrades, as shown in Tables

3.3– 3.5 . These datasets generate larger graphs that introduce long-range dependen-

cies that cannot be effectively propagated by message-passing HGNNs [189]. As the

number of hops increases, issues such as oversmoothing [190], oversquashing [44], TD

and IPS become more pronounced in large-scale HGNNs, thus degrading the model

performance. Furthermore, computational and memory bottlenecks become evident

in large-scale datasets such as IJCAI, with more than 36 million interactions and

an average sequence length exceeding 85, where repeated propagation on such large

hypergraphs results in significant signal dilution that results in performance losses.

In contrast to GNN-based methods, transformer-based models such as SASRec

and BERT4Rec excel in datasets with longer average sequence length (e.g., Taobao

and Tianchi), as the self-attention mechanisms effectively captures complex user-

item interactions [183]. The ability to capture long user-item interactions enables

these models to achieve superior performance in real-world heterogenous datasets.

Sequential models such as MB-STR, MBHT, HMAR, and PBAT leverage their

advanced architectures to achieve better accuracy compared to transformer-based

models in all datasets. However, these models still process sequence and graph

signals independently, limiting their ability to jointly reason over temporal and

structural dependencies. Our proposed GTRec model addresses this gap by uni-

fying graph-based relational reasoning with transformer-based sequence modelling.

Through this hybrid design, GTRec effectively captures both local topological re-

lations in sparse interaction graphs and global temporal dependencies in longer be-

havioural sequences. This balanced representation allows GTRec to maintain high

accuracy across varying dataset characteristics. This is validated by the empirical

results (Tables 3.2–3.5), which show that GTRec consistently outperforms all GNN

and transformer baselines, achieving stable generalisation across datasets of diverse

properties including size, sparsity, sequence length and other factors such as TD

and IPS, as discussed in Section 2.1.3. The GTRec-DE integrates differential
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encoding, which results in the model achieving the best overall performance on the

four datasets.

Dataset-Specific Insights. The Retailrocket dataset exhibits high sparsity and

short average sequence lengths. These characteristics are effectively captured by

GNN-based models such as MB-GCN and MB-GMN. However, both GTRec and

GTRec-DE outperform these methods, demonstrating the benefit of combining

HGNN-based and attention-based sequence modelling under sparse conditions.

The Taobao dataset is larger, denser and has a longer average sequence length

than Retailrocket. On the Taobao dataset, GTRec outperforms baseline models

such as HMAR and PBAT, while GTRec-DE achieves even higher accuracy than

GTRec, due to the effective capture of complexuser-irem interaction through differ-

ential encoding. A similar trend is observed on the IJCAI dataset, which contains

more than 36 million interactions, which poses significant challenges for both GNN-

and transformer-based methods. GTRec-DE achieves the highest accuracy on

this dataset, demonstrating strong robustness in large-scale settings. These results

indicate that the GTRec architecture effectively models long-range and multitype

interactions, maintaining superior performance compared to baseline methods such

as GNN-based (MBGCN, MBGMN), transformer-based (SASRec, BERT4Rec) and

advanced hybrid models (MB-STR, MBHT).

The Tianchi dataset further highlights the robustness of GTRec in modelling

long-range user–item interactions. GTRec consistently maintains superior perfor-

mance in this dataset, and similar to the trend observed in the other datasets, the

integration of the DE mechanism in GTRec-DE improves its ability to capture com-

plex user-item interactions, resulting in more accurate recommendations, as reflected

in HR, NDCG and MRR metrics (Table 3.5). These results show that the archi-

tectural design of GTRec enables more effective modelling of complex, long-range

dependencies, leading to superior recommendation quality.
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3.1.6 Ablation Study

Retailrocket Taobao IJCAI Tianchi

Model Variant HR@10 N@10 R@10 N@10 HR@10 N@10 HR@10 N@10
w/o DE 0.849 0.856 0.816 0.773 0.867 0.648 0.795 0.651
w/o Graph Attention 0.786 0.635 0.683 0.537 0.654 0.521 0.665 0.596
w/o HGNN Module 0.768 0.647 0.678 0.607 0.683 0.565 0.684 0.612
w/o Hub/Spoke Module 0.921 0.907 0.777 0.619 0.885 0.755 0.811 0.635
w/o Metis Algorithm 0.929 0.914 0.786 0.632 0.891 0.763 0.824 0.652
GTRec-SA 0.958 0.962 0.842 0.692 0.944 0.828 0.839 0.674
GTRec 0.961 0.964 0.836 0.685 0.931 0.817 0.839 0.683

Table 3.6: Ablation study results: Performance comparison of the full GTRec model
and its variants.

We conduct an ablation study to investigate the contribution of individual com-

ponents to the performance of the GTRec model. On the GTRec-SA variant, we

remove the hub-spoke module and replace it with standard self-attention. From

the results in Table 3.6, the removal of model components such as self attention and

MPHGNN results in performance degradation in all datasets. These ablation results

highlight the contribution of each architectural component to GTRec’s performance

across datasets of varying density and sequence length.

Removal of the graph attention and HGNN modules leads to a performance

decline on the four datasets, confirming that this module contributes to improving

the overall performance of the model. Similarly, the hub–spoke module contributes

significantly to the recommendation accuracy of the model. Although its removal

leads to a smaller performance drop compared to the HGNN module, the consistent

decrease in both HR and NDCG metrics indicates that this component to improved

model performance.

The Metis partitioning algorithm also contributes to improved performance

in GTRec. Its removal produces notable performance degradation on large-scale

datasets such as Taobao and IJCAI. This suggests that partitioning facilitates ef-

fective learning between clusters. For example, when the graph becomes too large

to process, effective partitioning ensures that message-passing remains effective.

The DE module also plays a complementary role in improving the performance
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of the model. Removing DE leads to a consistent decline in NDCG scores across

all datasets, which underscores its importance in modelling user intent and item

attributes. DE proves beneficial for large-scale, especially for large-scale datasets

such as IJCAI and Tianchi, where capturing complex user-item interactions is

necessary to improve the ranking accuracy.

Finally, a comparative evaluation between the full GTRec model and its transformer-

based self-attention variant, GTRec-SA, contextualises the design trade-offs. GTRec-

SA achieves competitive results and even slightly outperforms GTRec on the Re-

tailrocket and Taobao datasets, where user-item interaction sequences are shorter

and moderate, respectively, while GTRec demonstrates superior performance across

datasets of varying scale and sparsity. The hub–spoke mechanism offers a more

computationally efficient alternative to self-attention, achieving comparable or su-

perior accuracy with lower memory overhead and better scalability on the evaluated

datasets.

In general, the experimental results show that the superior performance of GTRec

/ GTRec-DE is not due to a single component but from the integration of vari-

ous modules, such as the hub-spoke module, Metis clustering and DE. This enables

GTRec to maintain high accuracy and efficiency on datasets that are different in

density and size, demonstrating the potential of the models to address scalability

issues in practical settings.

Efficiency Analysis

Method Retailrocket Tianchi IJCAI Taobao

Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓)

PBAT 1386.26 9.23 1688.64 9.78 2065.32 14.82 1990.56 13.67
MB-STR 1790.74 12.04 2125.78 12.96 2589.79 16.62 2457.87 15.98
MBHT 1211.20 8.80 1483.37 9.24 1662.15 11.51 1509.89 12.84
SASRec 1258.77 8.21 1524.50 8.84 1967.52 12.03 1790.60 12.27
BERT4Rec 1330.77 8.56 2021.50 9.67 1983.93 12.42 1859.87 12.76
GTRec 1101.22 8.12 1338.37 8.37 1517.93 11.27 1424.89 11.94
GTRec-DE 1198.41 8.31 1401.56 8.52 1601.65 11.49 1502.18 12.09
GTRec-SA 1620.31 12.28 2023.13 12.49 2612.64 15.76 2451.78 15.82

Table 3.7: Model runtime and GPU memory usage at batch size 16. We highlight
the top first, second, and third results per dataset.
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Figure 3.3: Efficiency evaluation of GTRec and baseline methods on the Retailrocket
dataset.

Figure 3.4: Efficiency evaluation of GTRec and baseline methods on the Tianchi
dataset.

Figure 3.5: Efficiency evaluation of GTRec and baseline methods on the Taobao
dataset.
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Figure 3.6: Efficiency evaluation of GTRec and baseline methods on the IJCAI
dataset.

Runtime and Memory Efficiency Analysis. We evaluate the runtime and

memory usage of all models across the four datasets at a batch size of 16. As

shown in Table 3.7 and Figure 3.3, GTRec model demonstrates the best overall

efficiency, achieving substantially lower runtime per epoch and reduced memory

consumption compared to all baselines.

From the experimental results, the advantage of GTRec becomes more evident

as the size of the dataset increases. In large-scale datasets such as Taobao and

IJCAI, most baseline models experience a growth in runtime and GPU memory

usage. In contrast, GTRec maintains a consistently low memory footprint and

a stable convergence speed. This efficiency is attributed to the novel design of the

GTRec architecture design model, which effectively shortens the computational path

without incurring significant computational cost.

Experimental results in this section show that GTRec scales efficiently across

varying dataset sizes. In sparse datasets such as Retailrocket and Tianchi, where

message-passing is inefficient due to limited connectivity, GTRec efficiently propa-

gates messages through the hub–spoke module, preserving both speed and accuracy.

In contrast, GTRec-SA, which applies the full transformer self-attention mecha-

nism, achieves high competitive accuracy, but incurs higher memory costs and slower

training times as the sequence length increases. Similarly, models such as MBHT

and SASRec exhibit good performance in smaller batch sizes but fail to scale effi-

ciently on large-scale datasets such as Taobao and IJCAI.
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GTRec achieves the best trade-off between efficiency, scalability, and perfor-

mance on all datasets and configurations. Its consistent low resource use and stable

training dynamics underscore its suitability for large-scale, real-world RS scenarios,

where both computational efficiency and robust representation learning are essential.

Conclusion. In this section, we present the GTRec framework, a unified hybrid

architecture that integrates innovative modules to achieve superior recommenda-

tion performance while maintaining lower computational costs than state-of-the-art

methods such as MBHT and PBAT. GTRec introduces a hub-spoke model that

enables the model to represent complex user-item interactions in multi-behaviour

recommendation tasks, thus improving model performance. In addition, GTRec

maintains linear computational complexity through the hub-spoke module, improv-

ing the efficiency of the model. Experimental results on four datasets demonstrate

that GTRec consistently achieves state-of-the-art performance in both accuracy and

efficiency, validating its robustness, scalability, and suitability for real-world recom-

mendation scenarios.

3.2 STMBR: A Sparse Sinkhorn Transformer for

Multi-behaviour Recommendation

Real-world user–item interaction data in recommender systems, particularly in do-

mains such as e-commerce and social networks, often exhibit complex higher-order

relational structures that go beyond simple pairwise connections [29, 142]. GT-based

approaches have shown for modelling such scenarios by integrating graph topology

with attention mechanisms [63]. However, despite their potential, most existing GT-

based methods face sscalability challenges [288]. The quadratic computational and

memory complexity of dense attention operations makes them prohibitively expen-

sive for large-scale interaction graphs commonly found in real-world recommendation

scenarios [233].
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A further limitation is observed in models that adopt sparse attention mech-

anisms such as the Performer model [34], although they improve efficiency, the

accuracy of the model is often degraded [215]. In contrast, graph-enhanced RS

methods better capture complex dependencies but typically introduce substantial

computational overhead [38].

To address the highlighted issues, and those discussed in Chapter 2, we intro-

duce the STMBR model, another lightweight GT model that combines hypergraph-

based structural learning with sparse sinkhorn attention [231] for multi-behaviour

recommendation. As in Section 3.1, the motivation is to improve the efficiency of the

model without degrading the performance of the recommendation. User-item inter-

actions are processed by an HGAT module, which captures structural information

through message-passing across hyperedges. The resulting embeddings are further

refined using a differentiable sorting network [180], which ranks features based on

their relevance to the multi-behaviour recommendation task. Input sequences of

user-item interaction tokes are partitioned into blocks and passed to the sorting

module. This module rearranges the blocks to focus on the most significant in-

teractions, enabling sparse-attention computations that improve performance while

reducing complexity [231]. STMBR combines graph-based structural modelling and

efficient attention mechanisms, which alleviates scalability challenges while improv-

ing recommendation performance. This hybrid approach leverages the strengths of

hypergraph learning, differentiable sorting, and sparse attention to deliver state-

of-the-art performance in capturing diverse user-item interactions, as illustrated in

Figure 3.7.

STMBR balances these trade-offs by combining hypergraph-based structural

modelling with efficient sparse attention, enabling both high predictive accuracy

and reduced computational cost. In this way, STMBR solves the dual challenge of

efficiency and accuracy, delivering a lightweight yet powerful framework suitable for

real-world large-scale and real-time recommendation scenarios.
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Figure 3.7: Architecture of the STMBR model. User-item interaction embeddings
are passed into the Hypergraph Attention module, partitioned into blocks which are
then sorted. Re-sorting the blocks facilitates effective sparse sinkhorn computations
attention to the relevant tokens which may be further apart in the unsorted sequence.

3.2.1 Preliminaries

In this section, we introduce the main concepts applied in the STMBR model:

sinkhorn attention, reversible networking and sinkhorn normalisation.

Sparse Sinkhorn Attention

Standard Transformer attention [237] calculates pairwise scores for all query-key

pairs with complexity O(N2), which becomes prohibitive as the sequence length

N increases [352]. To address this issue, we employ the sparse sinkhorn attention

mechanism [231], which learns a blockwise reordering of sequence elements through

differentiable sorting. This approach aims to reduce computational cost while main-
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taining model performance. The design is motivated by the observation that long

sequences often contain only a subset of semantically related tokens; thus, reorder-

ing allows the attention module to capture these dependencies more effectively [231].

Let the input token sequence be of length N . We divide it into NB contiguous blocks

of size b:

N = NB · b. (3.17)

Blockwise processing reduces computation from O(N2) to O(N ·b) for local attention,

while allowing the network to learn global structure through reordering. Each block

i is summarised into a vector to reduce the dimensionality of the sorting problem,

allowing the sorting network to focus on coarse-grained semantic relations rather

than individual tokens. A sorting network computes Aij per head, indicating how

the block i should be assigned to the position j to improve the model expressivity.

A ∈ RNB×NB
≥0 . (3.18)

Sinkhorn Normalisation

We then apply Sinkhorn normalisation [218] to convert A into a soft permutation

matrix:

P = Sinkhorn(A), (3.19)

which is doubly stochastic, that is, all its rows sum to 1 and all its columns sum to

1, making P a valid ’soft’ permutation. The block embeddings are permuted as

X ′
blocks = P Xblocks, (3.20)

where Xblocks is the sequence of block embeddings. Sinkhorn normalisation ensures

a continuous permutation space, making sorting differentiable and allowing end-to-

end gradient-based learning. After reordering, attention is calculated only locally

(within each block or between neighbouring blocks), rather than globally. In this

way, the computational cost of local attention is cheaper and, combined with learned
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block reordering, capturing long-range dependencies.

Reversible Networking

In reversible neural networks, inputs are reconstructed from outputs, eliminating

the need to store all intermediate activations, with the aim of reducing the use of

activation memory during model training [69]. This design allows for the removal

of most forward activations, recomputing them during the backward pass, thereby

reducing memory usage independently of network depth and sequence length. This

strategy is beneficial for large sequences and block-based models, where memory is

often the main bottleneck [352].

3.2.2 Methodology

The proposed STMBR model uses a hypergraph structure to represent multi-behaviour

user-item interactions, which serves as the foundation for the query (Q), key (K) and

value (V) vectors. The hypergraph enables the model to capture behaviour-aware

embeddings (bj) and to represent different types of interaction, allowing the atten-

tion mechanism to focus on relevant user-item relationships. User-item interactions,

represented as a hypergraph, are processed through blockwise sorting operations,

followed by sparse sinkhorn attention, which selectively attends to the most rel-

evant interactions, improving computational efficiency. The attention mechanism

weighs the hypergraph-encoded interactions, prioritising items that align with user

preferences. The workflow of the model is depicted in Figure 3.8.

Sequence
Encoding

Sinkhorn
Attention PredictionHypergraph 

Representation
Sorting 
Network

Figure 3.8: Workflow of the STMBR model. The first step, Hypergraph Rep-
resentation, represents user–item interactions and positional information. In the
second step, Sequence Encoding, the model determines query, key, and value
sequences from the hypergraph. In the third step, the Sorting Network, orders
sequence blocks to capture structural dependencies. Sinkhorn Attention is then
applied to prioritise relevant interactions. Finally, in the Prediction step, the model
ranks and recommends items based on the computed attention scores.
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Hypergraph Representation. Multi-type user-item interactions are modelled as

a hypergraph G = (V,E), where V represents nodes (users and items) and E repre-

sents hyperedges. A hyperedge connects a user ui to multiple items {vj1, vj2, . . . , vjk}

that they have interacted with under a specific interaction type b (e.g., view, pur-

chase). Each type of interaction b corresponds to a distinct subset of hyperedges

Eb, capturing complex, multi-behaviour relationships. For personalised recommen-

dations, a query vector qi is constructed to summarise the user’s preferences based

on their historical interactions. The key vectors kj encode salient features of the

items, such as the attributes of the content or collaborative signals. Meanwhile,

the value vectors vj store information used for recommendation predictions. The

behaviour-aware interaction representation is computed as:

hj = ej ⊕ pj ⊕ bj (3.21)

where ej is the item embedding, pj is the positional encoding, and bj represents the

type of interaction behaviour.

Sequence Encoding

To effectively capture higher-order dependencies among users and items, we in-

troduce a Hypergraph Attention (HGAT) module. Unlike GATs, which are

limited to modelling pairwise interactions, HGATs allow the modelling of multiple

nodes simultaneously, improving the expressivity of the model [20]. For each user

u, we define the embedding matrix Hu that represents all the items the user has

interacted with. These embeddings are projected into three distinct spaces to form

the query, key, and value sequences:

Qu = Query(Hu), Ku = Key(Hu), Vu = Value(Hu) (3.22)

These sequences serve as input to the hypergraph attention mechanism, which

computes the relative importance of different item interactions by aligning queries
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with keys and aggregating the corresponding values. For notational convenience, we

define the combined sequence Su, used in the attention mechanism Su as:

Su = [Qu,Ku,Vu] . (3.23)

where Hu represents the embeddings of all the items interacted with by user u.

Sorting Network

We apply a sorting module to the user-item interaction sequence S ∈ Rℓ×d, where

ℓ is the sequence length and d is the dimensionality of user/item embeddings. To

reduce computational complexity and enable permutation learning, the sequence is

partitioned into contiguous blocks of size ℓB:

NB =
⌈
ℓ

ℓB

⌉
, (3.24)

where NB is the total number of blocks, ℓB is the block size, and the ceiling

ensures that any remaining items form an additional block if ℓ is not divisible by

ℓB. Partitioning reduces the effective sequence length from ℓ items to NB blocks,

allowing subsequent operations to scale efficiently. A block-aggregated sequence

S ′ ∈ RNB×d is computed using a block-aggregation operator ψP , where each block

S ′
i is the sum of its constituent element embeddings:

S ′
i =

(i+1)·ℓB−1∑
j=i·ℓB

Sj, i = 0, 1, . . . , NB − 1. (3.25)

Here, Sj ∈ Rd is the embedding of item j in the original sequence. This aggre-

gation is differentiable and permutation-invariant, ensuring that the order of items

within a block does not affect its representation. To learn a permutation over blocks,

a non-negative score matrix R ∈ RNB×NB
≥0 is constructed, where each entry Rij rep-

resents the compatibility of assigning block i to position j:

R ∈ RNB×NB
≥0 . (3.26)
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This score matrix is converted into a doubly stochastic soft permutation matrix

M ∈ RNB×NB . Each element of R is first exponentiated to ensure positivity:

S
(0)
ij (R) = exp(Rij), i, j = 0, 1, . . . , NB − 1, (3.27)

where S(0)(R) is the initialisation matrix for the Sinkhorn iteration. Rows and

columns are then iteratively normalised using the row- and column-normalisation

operators.

Fr(X)ij = Xij∑
j Xij

, Fc(X)ij = Xij∑
i Xij

, X ∈ RNB×NB , (3.28)

where X is an intermediate matrix in the Sinkhorn iteration, Xij is its element

in row i and column j, Fr(X) scales rows to one and Fc(X) scales columns to one.

The iterative Sinkhorn update is as follows:

S(k)(R) = Fc

(
Fr(S(k−1)(R))

)
, k = 1, 2, . . . , (3.29)

and it converges in the limit to the soft permutation matrix:

M = lim
k→∞

S(k)(R) ∈ RNB×NB . (3.30)

Here, M is differentiable, doubly stochastic (each row and column sums to 1),

and allows gradients to propagate through the sorting operation. The final sorted

block sequence is obtained by multiplying the soft permutation matrix by the block-

aggregated sequence:

Ssorted = M · S ′ ∈ RNB×d. (3.31)

This produces a convex combination of the input blocks according to the learned

permutation, resulting in a differentiable, softly sorted sequence [2]. Operating at

the block level ensures that the attention mechanism focuses on the most relevant

user–item interactions. Standard attention has complexity O(ℓ2), while block-based
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Sinkhorn sorting reduces this to O(ℓℓB) with ℓB ≪ ℓ, significantly improving com-

putational efficiency.

Attention Module

The attention module assigns importance to interactions using the query vectors

(Q), key (K), and value (V) derived from hypergraph embeddings. Similarity scores

between query and key vectors determine how well each item aligns with the user’s

preferences, which are used to weight the value vectors.

Attention Computation: For each query vector Qi, similarity scores with the

key vectors Kj are calculated as:

Attentioni,j =


Qi · ψP (K)⊤

j +Qi ·K⊤
j , if

⌊
j

ℓB

⌋
=
⌊

i
ℓB

⌋
0, otherwise

(3.32)

The attention output Y is then derived as:

Y = Softmax(Attention) · ψS(V ) (3.33)

where ψS applies the sorting to the value vectors V , ensuring that only relevant

interactions contribute to the attention output. To optimise the memory efficiency

of the STMBR model, we apply reversible networking (RN) [69]. During the forward

pass, only the final outputs are retained, while the intermediate activations are

discarded. A reversible block F takes an input sequence X = (X1, X2), where

X1, X2 ∈ RNB×d represent partitions of the input sequence, and produces outputs

(Y1, Y2) as:

Y1 = X1 + f(X2), Y2 = X2 + g(Y1), (3.34)

where f and g are differentiable transformations (e.g., attention or feedforward

blocks). During backpropagation, the inputs X1 and X2 are reconstructed from the
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outputs:

X2 = Y2 − g(Y1), X1 = Y1 − f(X2), (3.35)

This allows gradients to be computed without storing intermediate activations.

For a multi-block sequence Ssorted ∈ RNB×d, reversible blocks are applied recur-

sively to each partitioned block pair (Ssorted,i, Ssorted,i+1), ensuring memory-efficient

training:

(Sout,i, Sout,i+1) = F (Ssorted,i, Ssorted,i+1). (3.36)

This design aims to reduce memory usage by discarding intermediate activations,

which are recomputed during backpropagation, without significantly increasing the

computational cost [69].

3.2.3 Model Training

The training objective is to minimise the cross-entropy loss function, which measures

the difference between the predicted probability distribution and the true labels. The

model outputs a probability distribution on all items for each user. The predicted

probability p̂ij represents the likelihood that user i will interact with item j. The

true label yij is one-hot encoded, where yij = 1 if user i interacts with the item j,

and 0 otherwise. The loss function is calculated as follows:

LCE = −
∑
i∈U

∑
j∈I

yij log p̂ij (3.37)

where: yij ∈ {0, 1} is the true label vector for user i and item j, p̂ij is the predicted

probability of interaction between user i and item j.
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3.2.4 Experiments

Implementation details

We use the same datasets and evaluation framework as in the GTRec model. The

details of the STMBR hyperparameters are found in the Appendix Table A.2.

3.2.5 Results and Analysis

Dataset Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

Retailrocket

MB-STR 0.914 0.905 0.928 0.902 0.913
MBHT 0.926 0.927 0.929 0.948 0.928
PBAT 0.932 0.945 0.924 0.935 0.931
GTRec-DE 0.950* 0.961* 0.956* 0.964* 0.957*
STMBR 0.935 0.943 0.948 0.952 0.927

Taobao

MB-STR 0.694 0.776 0.596 0.616 0.675
MBHT 0.682 0.768 0.594 0.607 0.264
HMAR 0.692 0.819 0.598 0.658 0.673
PBAT 0.737 0.805 0.650 0.676 0.758
GTRec-DE 0.768* 0.836* 0.688* 0.685 0.798*
STMBR 0.746 0.822 0.679 0.689* 0.776

IJCAI

MB-STR 0.802 0.881 0.695 0.716 0.778
MBHT 0.776 0.857 0.678 0.707 0.772
PBAT 0.874 0.914 0.794 0.799 0.867
GTRec-DE 0.889* 0.938* 0.811* 0.817* 0.896*
STMBR 0.872 0.923 0.778 0.790 0.892

Tianchi

MB-STR 0.746 0.756 0.496 0.599 0.727
MBHT 0.769 0.782 0.488 0.582 0.714
HMAR 0.775 0.795 0.495 0.618 0.739
PBAT 0.787 0.823 0.587 0.623 0.771
GTRec-DE 0.798* 0.839* 0.674 0.681 0.795*
STMBR 0.792 0.812 0.679* 0.686* 0.789

Table 3.8: Performance evaluation. Bold values indicate the best performance,
showing a relative improvement over the best-performing baseline, PBAT, at 0.05
significance level with a paired t-test. Underlined values indicate the second-best
performance.

As shown in Table 3.8, STMBR consistently outperforms the baseline meth-

ods (MBHT, PBAT, and MB-STR) while achieving competitive performance

with GTRec-DE. This demonstrates that the proposed architectural design offers

a robust and generalisable representation learning framework capable of effectively

addressing the multi-behaviour recommendation task across datasets with diverse
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levels of sparsity, scale, and sequence length. The dataset-specific performance in-

sights are discussed in the following section.

Dataset-Specific Insights. On the Retailrocket dataset, STMBR achieves the

best performance among all baselines. This dataset is sparse and contains short user-

item interaction sequences, as summarised in Table 2.2. STMBR effectively models

the underlying dependencies in such data, yielding competitive results comparable to

those of GTRec-DE. This superior performance demonstrates the model’s ability to

capture complex user–item interactions, highlighting the effectiveness of the STMBR

approach in real-world scenarios where challenges such as data sparsity, skewness,

and popularity bias are prevalent [178].

On the Taobao dataset, which is larger and contains longer user–item interac-

tion sequences, STMBR significantly outperforms the baseline models. Although

GTRec-DE achieves the highest accuracy in terms of HR, NDCG and MRR met-

rics. STMBR shows competitive performance with GTRec, outperforming baseline

models such as MBHT, MB-STR and PBAT, demonstrating its ability to capture

complex user-item interactions despite its lightweight design. Similarly, on another

large-scale dataset, IJCAI, which contains more than 36 million user-item interac-

tions, STMBR consistently achieves higher accuracy than baseline models such as

MBHT, MB-STR and PBAT. These results underscore the robustness of STMBR

and its potential for deployment in practical settings.

Lastly, the Tianchi dataset, characterised by the longest sequence length and

high density, as shown in Table 2.2, highlights the strength of STMBR in modelling

complex dependencies. STMBR achieves the highest NDCG@5 and NDCG@10

scores, outperforming GTRec-DE and the other baseline models. These results

underscore the effectiveness of STMBR in capturing complex user–item interactions,

demonstrating its suitability for heterogeneous real-world recommendation tasks.
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Retail Taobao IJCAI Tianchi

Model Variant HR@10 N@10 HR@10 N@10 HR@10 N@10 HR@10 N@10
w/o Sorting Network 0.861 0.845 0.872 0.627 0.845 0.631 0.735 0.641
w/o Attention 0.777 0.669 0.685 0.613 0.705 0.591 0.768 0.620
w/o HGAT 0.756 0.634 0.787 0.626 0.735 0.638 0.743 0.607
w/o RN 0.897 0.843 0.836 0.652 0.759 0.660 0.771 0.629
STMBR 0.937* 0.932* 0.822* 0.689* 0.923* 0.679* 0.812* 0.686*

Table 3.9: Ablation study results: Performance comparison of the full STMBR
model and its variants evaluated on Recall@10 and NDCG@10.

Ablation Study

The ablation study shows the importance of each component on the performance

of the STMBR model: sorting, sparse sinkhorn attention and HGAT. From the

results in Table 3.9, the removal of each of these components leads to a noticeable

performance degradation in both HR and NDCG metrics. Specifically, the removal

of the attention mechanism and HGAT components reduces HR and NDCG perfor-

mance compared to the full model. Similarly, excluding the sorting module degrades

performance, while the full STMBR model consistently achieves the highest perfor-

mance, confirming the synergistic contribution of the components to improving the

recommendation performance.

Impact of the Model Components

In this section, we discuss the impact of key model components on the performance of

the STMBR model. The synergy between the HGAT module, structured attention,

dynamic sorting, and reversible networking enables the framework to capture both

global and local dependencies. This integrated design allows STMBR to maintain

high accuracy and robustness on diverse datasets with varying properties that are

discussed in Chapter 2.

HGAT Module. The HGAT module plays a role in capturing complex user-item

interactions relationships among users and items. Through this module, STMBR

effectively models higher-order dependencies, making the model more expressive
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than most existing GNN methods that are limited to modelling pairwise user-item

interactions [62]. As shown in Table 3.9, removing the HGAT component results

in a decrease in HR and NDCG in all datasets, demonstrating its role in capturing

intricate dependencies, resulting in improved recommendation performance.

Sorting Network. The sorting network refines the order of the input tokens be-

fore they are passed to the sinkhorn attention module. The results in Table 3.9

indicate that removing this module leads to a noticeable performance drop, con-

firming that sequence ordering plays a role in improving the performance of the

STMBR model.

Attention Mechanism. The attention mechanism enables STMBR to model to

prioritise relevant tokens during model inference, in order to improve the accuracy

of the model. When the attention module is removed, the STMBR model exhibits

a decline in both HR and NDCG metrics, particularly on datasets with longer se-

quences such as Taobao and Tianchi. This highlights the importance of the module

in improving the overall performance of the model.

Reversible Networking. The Reversible Networking component facilitates effi-

cient information propagation between layers while maintaining gradient stability

and reducing memory consumption. A performance drop is observed when the RN

component is removed, confirming its positive impact on model accuracy while im-

proving the computational efficiency of the model, which is indicated by the lower

memory usage in Table 3.11.

Impact of Model Parameters

In this section, we evaluate the impact of block size and sorting iterations on the

STMBR model.
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Effect of Block Size. The size of the sequence block B plays a role on the NDCG

performance of STMBR. From experimental evaluation, we deduce that the size of

the block determines the granularity with which the permutation matrix reorders the

behavioural sequences. For example, setting a very small block size (for example,

B = 16) leads to a drop in the NDCG performance, as shown in Figure 3.9. In

contrast, larger block sizes (e.g., B = 32 and B = 64) expand the attention context,

increasing the model’s ability to align and aggregate local and global user–item

interactions and improving the model accuracy compared to the NDCG at B = 16.

The improvements observed with B = 32 and B = 64 further suggest that larger

blocks strike an effective balance between computational feasibility and modelling

capacity. However, the adjustment of block size from B = 32 to B = 64 has

contrasting effects on the datasets, with performance improvements observed on

Retailrocket and Tianchi and slight declines recorded on Taobao and IJCAI. From

this trend, we conclude that although smaller blocks provide finer granularity, which

is effective for the two smaller datasets (Retailrocket and Tianchi), they fail to

preserve sufficient global context, causing the model to miss important dependencies,

and thereby diminishing recommendation performance on the 2 largest datasets,

Taobao and IJCAI.

Effect of Sorting Iteration Values. Figure 3.10 shows the impact of the number

of sorting iterations on the HR@10 performance of the STMBR model. The number

of sorting iterations controls how the doubly stochastic matrix approximates the

true permutation. With only two iterations, the approximation remains under-

refined, producing a noisy alignment between user behaviours and candidate items.

This leads to degraded top-k performance, as reflected in lower accuracy scores.

Increasing the iterations to 5 or 10 yields a clear improvement: we deduce that the

permutation matrix converges to a more stable and accurate ordering. Interestingly,

setting the iterations to 20 does not further improve the results; in fact, it slightly

degrades the performance. This phenomenon is attributed to over-refinement, where

excessive iterations introduce numerical instability and diminishing returns in the
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Figure 3.9: Effect of block size on the STMBR model performance.

Sinkhorn normalisation. Thus, a moderate setting (n = 5–10) provides the best

balance between alignment accuracy and efficiency.

The dataset-specific insights are also interesting, showing a clear increase-then-

decrease trend across all datasets. On the Retailrocket dataset, performance in-

creases by 2.52% when moving from 2 to 10 iterations, followed by a slight decrease

of 0.43% at 20 iterations. For the IJCAI dataset, performance improves by 9.52%

from 2 to 10 iterations, but then decreases by 10.87% at 20 iterations. The Taobao

dataset shows the largest relative improvement, with a 19.14% increase from 2 to

10 iterations, followed by a 8. 03% decline at 20 iterations. Similarly, the Tianchi

dataset shows a 9.54% increase from 2 to 10 iterations and a minor decrease of

2.09% at 20 iterations. While all datasets follow a similar increase-then-decrease

trend, the magnitude of improvement varies, with Retailrocket showing the smallest

relative gains and Taobao the largest. These observations reinforce the conclusion

that a moderate number of sorting iterations (n = 5-10) offers the best trade-off be-

tween computational efficiency and accurate permutation alignment across diverse

recommendation scenarios. A summary of these trends is shown in Table 3.10.
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Figure 3.10: Effect of sorting iteration values on the STMBR model performance.

Dataset 2→10 Iterations 10→20 Iterations
Retailrocket +2.52% -0.43%
IJCAI +9.52% -10.87%
Taobao +19.14% -8.03%
Tianchi +9.54% -2.09%

Table 3.10: Variations in model performance (HR@10) across different numbers of
sorting iterations.

Efficiency Evaluation

In this section, we evaluate the efficiency of the STMBR model.

Method Retailrocket Tianchi IJCAI Taobao

Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓)

SASRec 1258.77 8.21 1524.50 8.84 1967.52 12.03 1790.60 12.27
BERT4Rec 1330.77 8.56 2021.50 9.67 1983.93 12.42 1859.87 12.76
PBAT 1386.26 9.23 1688.64 9.78 2065.32 14.82 1990.56 13.67
MB-STR 1790.74 12.04 2125.78 12.96 2589.79 16.62 2457.87 15.98
MBHT 1211.20 8.80 1483.37 9.24 1662.15 11.51 1509.89 12.84
GTRec 1101.22 8.12 1338.37 8.37 1517.93 11.27 1424.89 11.94
STMBR 1228.31 8.55 1447.75 8.71 1621.64 11.59 1547.58 11.73

Table 3.11: Runtime and GPU memory usage of the STMBR model. We highlight
the top first, second and third results per dataset.

Runtime and GPU Memory Usage. Table 3.11 reports the runtime per epoch

and the GPU memory consumption of STMBR, compared to several baseline meth-
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ods on four benchmark datasets. The results demonstrate that STMBR achieves

the most efficient performance profile, consistently obtaining the lowest over-

all memory usage and the fastest training times on all datasets. The superior ef-

ficiency of STMBR is attributed to the novel model design: (i) the use of sparse

sinkhorn attention that is sub-quadratic, (ii) the doubly stochastic approximation

enhances accuracy without introducing significant computational overhead, and (iii)

the model’s flexibility to adjust block size and iteration count, which allows adap-

tation to the characteristics of the dataset while preserving model efficiency. In

general, STMBR provides superior accuracy compared to baselines while consum-

ing fewer computational resources, making the model suitable for deployment in

large-scale, resource-constrained scenarios.

Effect of the sorting module. The sorting module is attributed to improv-

ing the computational efficiency and performance in the STMBR model, as shown

in Tables 3.8 and 3.11. Partitioning the input sequence into smaller, manageable

blocks reduces the computational overhead associated with attention calculations,

ensures that attention computations focus only on the most relevant subsets of data,

significantly improving model efficiency.

Effect of Sparse Sinkhorn Attention. From the results in Table 3.11, there

is a significant difference in terms of efficiency between STMBR and the baseline

models that use standard self-attention (BERT4Rec, SASRec, MBHT and MB-

STR), which compute dense pairwise interactions, while sparse sinkhorn attention

leverages blockwise sorting and computations to reduce computational cost. The

efficiency gains in the STMBR model are also attributed in part to reversible net-

working, which reduces memory usage by not storing intermediate activations during

backpropagation, making the model more efficient.
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3.3 Chapter Summary

In this chapter, we propose GT-based GTRec and STMBR frameworks for hetero-

geneous recommendation. Both methods are based on a combination of lightweight

self-attention and MPHGNNs to effectively capture fine-grained user-item interac-

tions. This study is motivated by a performance drop that is synonymous with

compression techniques for GNN models such as sampling or sparsification and

lightweight self-attention methods. The experimental results show the benefits of

these architectural innovations that improve model performance (in terms NDCG,

HR and MRR) without incurring significant computational cost (in terms of GPU

memory usage and runtime per epoch). Although the methods introduced in this

chapter show performance and efficiency improvement, the results in the smaller

Tianchi and Retailrocket datasets are consistently better than on the Taobao and

IJCAI datasets, which have more user-item interactions. This is because in smaller

datasets, the interaction space is relatively sparse, user-item interaction sequences

are shorter, and issues such as TD and IPS are less prevalent. As a result, the model

converges more quickly and achieves higher accuracy. In contrast, larger datasets

present scalability challenges due to their density and heterogeneity [6]. Longer

sequences and richer interaction patterns increase the complexity of learning an ac-

curate permutation matrix, as the model must align a much larger set of interactions

across diverse candidate items, in addition to other issues such as TD and IPS [301].

The evaluations also show a decrease in the results of the GNN-based methods

as the size of the dataset increases. This is attributed in part to oversmoothing and

oversquashing issues [330]. To address this issue, we explore two different architec-

tures that do not incorporate the message-passing scheme in Chapters 4 and 5. In

Chapter 4, we focus on hardware-algorithm co-design followed by an exploration

of hyperbolic-geometry modelling in Chapter 5.
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Chapter 4

Towards Efficient Hypergraph

Representation Learning Without

Message-Passing

In Chapter 3, two GT-based approaches, GTRec and STMBR, were proposed, lever-

aging a modular framework in which hypergraph and transformer modules capture

local and global user-item interaction dependencies, respectively. Although these

models perform well on smaller datasets such as Retailrocket, experimental results

reveal a noticeable decline in NDCG performance on larger datasets such as IJCAI

and Taobao. This degradation is attributed in part to oversmoothing [330] and

oversquashing [44].

Another factor, as discussed in Section 2.5, is the irregular structure of the

hypergraph. Large-scale hypergraphs often exhibit highly uneven distributions

of nodes and hyperedges, creating not only computational bottlenecks and imbal-

anced workloads, but also complicating dynamic updates to the user-item interaction

topology [122]. These structural irregularities hinder efficient model training and

inference [66], limiting scalability and ultimately contributing to the performance

drop on large datasets, as observed in the evaluation of the GTRec and STMBR

models. These two issues bring us to RQ2.1 which motivates an investigation of
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whether the recommendation performance and efficiency of the HGNN-based mod-

els can be jointly improved by adapting the algorithm to the hardware structure of

the GPU without applying message-passing.

RQ2.1: Hypergraph structure is irregular, leading to memory bottle-

necks and computational redundancies. Does hardware-algorithm co-

design (aligning the computational patterns of the recommendation algo-

rithm with the structure of the underlying hardware accelerator platform,

i.e., GPU), without applying HGNN message-passing, improve perfor-

mance and efficiency in real-world RS scenarios?

In addressing RQ2.1, we introduce the Fast Attention Hypergraph (FATH) frame-

work, a novel hypergraph representation learning model for multi-behaviour recom-

mendation, which leverages high-order permutation-invariant layers without message-

passing. This representation learning approach has been shown to be more expres-

sive compared to the GNN message-passing scheme [121, 228]. Furthermore, effi-

cient higher-order attention mechanisms that approximate standard self-attention

with linear time and space complexity are applied, thereby significantly reducing

memory usage and achieving a faster model runtime [233].

4.1 Introduction

GNN models often face computational bottlenecks due to the irregular structure of

graph-based data. Traditional optimisation techniques, developed for other neural

network architectures, often do not meet the specific demands of GNNs [227]. The

irregularity of graph-structured data poses significant challenges for efficient compu-

tation and memory access, both of which are necessary to achieve high performance

on hardware accelerator platforms. Common acceleration platforms such as Graph-

ics Processing Unit (GPU) and Tensor Processing Unit (TPU), are optimised for

workloads with regular patterns of computational and memory access, struggle to

efficiently accelerate these methods [27].
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In GNNs, the input graph often has an unpredictable structure, where each

node’s connections (edges) may vary significantly in number and type. This irreg-

ularity means that memory access patterns are not uniform; instead of processing

data in contiguous, predictable chunks, the network must frequently access non-

contiguous memory locations. This creates challenges for accelerators such as GPUs

and TPUs, which are optimised for workloads with regular access patterns. Be-

cause of the irregular connectivity in GNNs, there is less opportunity for efficient

parallelisation and memory coalescing (where data from adjacent memory locations

is processed together). This leads to inefficient use of memory caches and memory

bandwidth, as irregular memory access causes more cache misses, leading to slower

processing and increased latency. Moreover, the overhead associated with manag-

ing these irregular access patterns reduces the overall efficiency of general-purpose

hardware accelerators, making it difficult to achieve the same level of performance as

with traditional deep learning models that have regular access patterns. This chap-

ter focuses on overcoming these challenges by introducing innovations that adapt

HGNN algorithms to hardware limitations, thereby improving their scalability in

real-world recommendation scenarios.

4.1.1 Preliminaries

GPU Memory Architecture. The GPU memory structure comprises High Band-

width Memory (HBM) and Static Random Access Memory (SRAM). HBM serves as

the primary memory, while SRAM acts as a high-speed cache. Since SRAM is faster

and more compact, it facilitates rapid access during computations. During model

execution, we apply kernels that retrieve input data from HBM, perform computa-

tions using SRAM, and store the results back into HBM, which has been shown to

reduce latency and improve computational efficiency [41]. In standard self-attention

mechanisms, frequent memory transfers between HBM and SRAM increase both

memory and time complexity, particularly for large models. In addressing these

issues, we develop efficient algorithms that aim to alleviate this high cost by opti-
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mising the compute model, leveraging specialised compute units available in GPU

hardware.

Memory Hierarchy: The GPU memory hierarchy consists of slower global

memory (HBM) and faster on-chip memory (SRAM). GPU Performance Char-

acteristics: Modern GPUs, such as the Nvidia A100, integrate specialised units for

low-precision matrix multiplication [78]. GPUs execute operations through kernels

that run on thousands of threads organised into thread blocks and scheduled on

streaming multiprocessors. Threads within a block form warps that communicate

via fast shuffle instructions or shared memory, facilitating efficient matrix multi-

plications. Each kernel loads HBM input data into registers and SRAM, performs

computations, and writes the output back to HBM [41]. Specialised Compute

Units: Modern GPUs and TPUs feature specialised compute units, such as tensor

cores in Nvidia GPUs, which accelerate matrix multiplications. For example, on

an A100 GPU, half-precision matrix multiplications (FP16) on tensor cores are up

to 16 times faster than on standard Compute Unified Device Architecture (CUDA)

cores, thus improving training efficiency [79].

4.2 Methodology

Most existing RS models based on GNN and HGNN rely on iterative message pass-

ing to propagate information [68]. However, such methods are limited to modelling

capture pairwise interactions, whereas real-world scenarios contain higher-order and

multi-type interactions [315]. Moreover, repeated message-passing often leads to

oversmoothing [330], where node embeddings become indistinguishable as layers

deepen, thus reducing discriminative capacity. Another issue is that message-passing

approaches suffer from oversquashing [44], since compression of rich, high-order re-

lational signals into fixed-size vectors inevitably discards essential contextual infor-

mation. In addition, standard self-attention mechanisms that are applied in most

existing methods introduce additional computational bottlenecks due to frequent

memory transfers between HBM and static SRAM, which increases computational
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cost [41].

Our proposed FATH model addresses these challenges by shifting from message-

passing to a tensor-based formulation of hypergraph learning. Instead of iteratively

aggregating signals across edges, we employ permutation-invariant linear layers [177]

and tensors to represent user-item interactions in a higher-order embedding space.

This design ensures that the irregularities inherent in hypergraph data are effec-

tively captured while maintaining expressive and precise embeddings [40]. Encoding

relations directly in tensor space allows the model to naturally avoid the degenera-

tive effects of oversmoothing and oversquashing: information is neither homogenised

through repeated propagation nor compressed into rigid low-dimensional structures.

To further enhance computational efficiency, we propose FATH-FA, an FATH-

based model that applies the Flash Attention mechanism to improve computational

efficiency. In the FATH-FA variant, we reorganise the attention computations with

the aim of reducing the read/write frequency between HBM and SRAM [40], with the

goal of reducing both latency and energy costs [41]. We hypothesise that this model

is not only theoretically robust in capturing higher-order user–item dependencies

but also practically efficient for deployment in large-scale settings.

Users and items are nodes, and hyperedges connect them based on different in-

teraction types (view, add-to-cart, purchase). Personalised recommendations are

generated by computing a query vector from a user’s historical interactions, captur-

ing their preferences across contexts. The key vector represents item features (e.g.,

category, brand), aligning user preferences with item characteristics, while the value

vectors contain relevant item information for downstream recommendation tasks.

The learning process models relationships between these vectors in interaction se-

quences to understand the dynamics between users and items. The architecture of

the FATH model is shown in Figure 4.1.
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Figure 4.1: Proposed FATH framework. User-item interactions are embedded as
higher-order tensor representations. Kernel attention is then applied to capture
complex user-item interactions.

4.2.1 FATH: Representation Learning and Kernel Attention

A common challenge in HGNN-based recommendation methods is how to represent

higher-order user-item interactions in a manner that is both expressive and compu-

tationally efficient [5]. Conventional graph neural networks are designed primarily

for pairwise relationships [138], which limits their capacity to model higher-order

relations, where interactions naturally involve more than two nodes. To address

this limitation, we generalise linear transformations to the tensor setting, allowing

the model to directly operate on k-way interactions while preserving permutation

invariance. This extension allows us to capture rich relational structures that would

otherwise be compressed or homogenised in traditional message-passing frameworks.

Higher-Order Linear Layers. We introduce a higher-order linear layer, Lk→l,

which projects a k-th-order interaction tensor into a structured feature. Given an

input tensor A ∈ Rnk×d, where k is the tensor order and d the feature dimension,

the projection is defined as

Lk→l : Rnk×d −→ Rnl×d′
. (4.1)
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For each output index j ∈ {1, . . . , nl}, the projection is computed as

Lk→l(A)j = Norm
 nk∑

i=1
Bi,j Ai W

, (4.2)

where W ∈ Rd×d′ is a learnable weight matrix, B ∈ {0, 1}nk×nl encodes active

hyperedges,

Bi,j =


1 if hyperedge (i, j) is active,

0 otherwise,

and Norm(·) ensures stable representations. The input dimension d captures raw

node or interaction features, while the output dimension d′ defines the subspace

processed by the attention module. This layer both reduces dimensionality to man-

age computation and decomposes representations into subspaces naturally suited for

multi-head attention, yielding expressive embeddings for downstream recommenda-

tion tasks.

Kernel Attention. Higher-order linear layers encode complex relational patterns,

which are weighted according to their contextual relevance for each query node. To

achieve this, we introduce a kernel-based attention mechanism. For each attention

head h, the attention coefficient αh
i,j between node i and query j is computed as:

αh
i,j =

exp
(
σ(Qh

j ,Kh
i ) · Si,j/

√
d′
)

∑
i′ exp

(
σ(Qh

j ,Kh
i′) · Si′,j/

√
d′
) , (4.3)

where Qh
j and Kh

i are the query and key vectors for head h, σ(·) is a similarity

function (e.g., scaled dot product) and Si,j is the hypergraph adjacency indicating

whether a connection is active. By masking inactive hyperedges, the attention

operation focuses on meaningful relationships, thereby preventing oversmoothing

and reducing redundant computation. The attention output aggregates information
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across all heads, while a residual connection retains the original linear embeddings:

Attnk→l(A)j =
H∑

h=1

(∑
i

αh
i,j

(
Lk→l(A)i

))
WV

h WO
h + Linear(Aj), (4.4)

where H is the number of attention heads, W V
h and WO

h are the value and output

projections, and the residual path stabilises training and preserves the original sig-

nals. Each head attends to a distinct subspace of d′, allowing the model to capture

complementary relational aspects. Importantly, the restriction to active hyperedges

reduces complexity from O(n2) to O(k · n), where k ≪ n, enabling scalability to

large hypergraphs.

O(n · d · d′) +O(k · n · d′) ≈ O(k · n · d′). (4.5)

4.2.2 FATH-FA: Flash Attention for Enhanced Efficiency.

To further improve the efficiency and scalability of the FATH model, we propose

FATH with Flash Attention (FATH-FA). The core idea of FATH-FA is to accelerate

and refine the attention mechanism within hypergraph learning by combining node-

to-node attention, node-to-hyperedge attention, and Relative Positional Embedding

(RPE). In addition, the model incorporates hyperedge-augmented representa-

tions, which enrich the learned embeddings with additional contextual information

and strengthen the modelling of higher-order dependencies [346]. The model archi-

tecture is shown in Figure 4.2.

Flash Attention-Enhanced Representation Learning. Standard attention

mechanisms, despite their expressiveness, incur significant input/output (I/O) com-

putational and memory overheads due to frequent memory transfers between high-

bandwidth memory (HBM) and on-chip SRAM. To mitigate this, we extend our

FATH model to FATH with Flash Attention (FATH-FA), which reorganises atten-

tion computation to minimise memory traffic [41, 40], while preserving rich relational

representations.
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Figure 4.2: FATH-FA model architecture consisting of the embedding layer, atten-
tion layer and the prediction layer.

Node-to-Node and Node-to-Edge Attention. FATH-FA incorporates two com-

plementary attention mechanisms. Node-to-node attention captures direct con-

nections between nodes.

Attni→j =
H∑

h=1
ϕ(Qh

i ) · ϕ(Kh
j ) ·Aiw

V
h , (4.6)

where ϕ(·) denotes the linear projection into the h-th attention head space, Qh
i and

Kh
j are the query and key representations of nodes i and j, and wV

h is the value

weight. Node-to-edge attention captures higher-order interactions by modelling

the contribution of a node i to the hyperedge µ it belongs to:

Attni→µ =
H∑

h=1
ϕ(Qµ,h

i ) · ϕ(Kh
µ) ·Aiw

V
h,µ, (4.7)

where Qµ,h
i and Kh

µ denote the query and key of node i and hyperedge µ, and

wV
h,µ is the value weight. The attention output aggregates both node-to-node and

node-to-edge contributions across all heads:

Attnk→l(A)j =
H∑

h=1

∑
i

αh
i,j

(
Lk→l(A)i

)
W V

h W
O
h , (4.8)
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where Lk→l(A)i is the i-th row of the higher-order linear projection, W V
h and WO

h

are the value and output projections, and αh
i,j are learned attention coefficients.

Relative Positional Embedding. To capture sequential and structural depen-

dencies beyond absolute indices, we incorporate relative positional embedding (RPE)

into the attention mechanism. Unlike absolute encodings, which assign a fixed posi-

tional vector to each element, relative encodings model the pairwise offset between

tokens, hyperedges, or nodes. Formally, the attention score is augmented with a

learnable bias ri−j:

Attn(Q,K, V ) = Softmax
(
QK⊤
√
d′

+R

)
V, Ri,j = ri−j. (4.9)

where Q,K, V ∈ Rn×d′ are the query, key, and value matrices, and R ∈ Rn×n en-

codes relative positional biases. RPE enables the model to generalise across varying

sequence lengths and higher-order structures. In the context of high-order tensors,

RPE enriches hyperedge-aware attention by aligning embeddings with both inter-

action order and relative structure, yielding more expressive and context-sensitive

representations.

Chunk-Wise Flash Attention. To further improve memory efficiency and scal-

ability, FATH-FA uses fragment-wise FlashAttention [302]. Instead of materialising

the full n× n attention matrix:

Attention(Q,K, V ) = Softmax
(
QK⊤
√
d′

)
V, (4.10)

attention is computed incrementally on smaller chunks of size C, maintaining nu-

merical stability and reducing the memory footprint. For chunk i, the intermediate
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state S[i] and corresponding output O[i] are updated as:

S[i+ 1] = γ · S[i] +
(i+1)C−1∑

j=iC

KjV⊤
j , (4.11)

O[i+ 1] = O[i] +
(i+1)C−1∑

j=iC

Qj

(
S[i]WO

)
, (4.12)

where γ is a scaling factor, and Qj, Kj, Vj are the query, key, and value vectors

of the j-th element. This reduces memory complexity from O(n2d′) to O(C2d′) per

chunk. The chunk size C is dynamically determined based on available SRAM:

C =
⌊

Available SRAM
d′ · (2 +H)

⌋
, (4.13)

ensuring that computation fits within on-chip memory, while maintaining multi-head

attention functionality.

Summary. The representation and attention pipeline in FATH-FA integrates higher-

order linear layers for permutation-invariant embeddings, node-to-node and node-

to-edge kernel attention for expressive aggregation, relative positional embedding

for structure-aware contextualisation, and chunk-wise Flash Attention for scalable,

memory-efficient computation. This unified framework preserves rich relational in-

formation, captures both direct and higher-order interactions, and scales to large

hypergraphs, overcoming limitations of existing HGNN-based RS methods.

4.2.3 Model Training

Our training objective is to minimise the cross-entropy loss. Let P (j+|u, i) denote

the predicted probability that item j is the next item for user u after interacting

with item i. The total loss combines cross-entropy with L2 regularisation:

Ltotal = − 1
N

∑
(u,i)∈D

log exp(P (j+|u, i))∑
j∈{j+}∪J− exp(P (j|u, i)) + λ

∑
∥W∥2

2, (4.14)
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where J− are negative samples, N is the number of user-item pairs in the data D,

and W represents all trainable weight matrices. The predicted probabilities P (j|u, i)

are computed using the FATH or FATH-FA models.

Training Algorithms. The training of FATH proceeds via a standard forward

and backward pass. The forward pass computes attention scores across all nodes and

hyperedges using higher-order linear layers and kernel attention (Equations. 4.4),

storing intermediate attention weights for backpropagation, and the backward pass

then propagates gradients through all parameters.

The training of FATH-FA modifies this procedure for memory efficiency. The

forward pass is performed in chunks, where queries, keys, and values are processed

fragment-wise using flash attention, reducing (I/O) and memory overhead (Eq. 4.13).

During the backward pass, attention scores are recomputed on demand rather than

stored, allowing gradient computation through higher-order linear layers and kernel

attention.

Algorithm 1 FATH-FA: Forward Pass with Chunk-Wise FlashAttention
Require: Query Q, Key K, Value V , Mask S, RPE bias R, Weight Matrices

W V ,WO

Ensure: Output O
1: Divide Q,K, V into chunks of size C (Eq. 4.13).
2: Initialise O = 0.
3: for i = 1 to N (chunks) do:
4: Load chunk Q[i], K[i], V [i] into shared memory.
5: Compute scores with bias and mask (Eq. 4.9).
6: Apply softmax attention (Eq. 4.10).
7: Compute chunk output O[i] (Eq. 4.12).
8: end for
9: Concatenate chunk outputs and project with WO (Eq. 4.8). return O

4.3 Experiments

To evaluate the effectiveness of the FATH and FATH-FA models, we conduct experi-

ments using the datasets introduced in Chapter 2: Retailrocket, IJCAI, Tianchi,
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Algorithm 2 FATH-FA: Backward Pass with Recomputation
Require: Gradients ∇O, Inputs Q,K, V , Mask S, RPE bias R
Ensure: Gradients ∇Q,∇K,∇V

1: Divide Q,K, V into chunks of size C (Eq. 4.13).
2: Initialise gradients to zero.
3: for chunk i = 1 to N do:
4: Recompute scores with bias and mask (Eq. 4.9).
5: Recompute attention weights (Eq. 4.10).
6: Backpropagate through values, queries, and keys (Eqs. 4.11–4.12).
7: end forreturn ∇Q,∇K,∇V

and Taobao. The hyperparameters for each model are selected by grid search in

the ranges specified in Table 4.1.

Hyperparameter Search Range

Embedding Dim (d) 64–512
Chunk Size (C) 32–128
Attention Heads (H) 4–16
Flash Scaling Factor (γ) 0.5–1.0
Negative Samples (|J−|) 50–200

Table 4.1: FATH-FA Hyperparameters search table

After grid search over the ranges in Table 4.2, we apply the following hyperpa-

rameters in the experiments.

Hyperparameter Retailrocket Tianchi Taobao / IJCAI

Chunk Size (C) 256 128 64
Negative Samples 100 200 500
Dropout 0.2 0.2 256
Flash Scaling Factor (γ) 0.5 0.7 0.7
Attention Heads (H) 4 8 8

Table 4.2: Dataset-specific hyperparameters and attention configurations for the
FATH-FA model after grid search.

4.3.1 Results and Analysis

Performance Evaluation. From the results in Table 4.3, both FATH and FATH-

FA consistently outperform all baseline models. This demonstrates the robustness

and adaptability of the higher-order tensor framework employed in these models
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Dataset Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

Retailrocket

MB-STR 0.914 0.905 0.928 0.902 0.913
MBHT 0.926 0.927 0.929 0.948 0.928
PBAT 0.932 0.945 0.924 0.935 0.931
FATH 0.923 0.942 0.936 0.951 0.933

FATH-FA 0.938* 0.948* 0.953* 0.957* 0.941*

Taobao

MB-STR 0.694 0.776 0.563 0.616 0.675
MBHT 0.682 0.768 0.594 0.607 0.264
HMAR 0.692 0.819 0.598 0.658 0.673
PBAT 0.737 0.805 0.650 0.676 0.758
FATH 0.754 0.824 0.678* 0.687* 0.775
FATH-FA 0.758* 0.831* 0.674 0.680 0.778*

IJCAI

MB-STR 0.800 0.881 0.695 0.716 0.778
MBHT 0.776 0.857 0.678 0.707 0.772
PBAT 0.874 0.914 0.794 0.799 0.867
FATH 0.881* 0.926* 0.798 0.811* 0.879
FATH-FA 0.869 0.917 0.802* 0.807 0.886*

Tianchi

MB-STR 0.746 0.756 0.496 0.599 0.727
MBHT 0.769 0.782 0.488 0.582 0.714
HMAR 0.775 0.799 0.495 0.618 0.739
PBAT 0.787 0.823 0.587 0.623 0.771
FATH 0.804 0.830* 0.686* 0.696* 0.798*
FATH-FA 0.807* 0.826 0.683 0.692 0.787

Table 4.3: Performance evaluation across datasets. Best results (bold) denote sta-
tistically significant improvements (p < 0.05, paired t-test) over the best-performing
baselines (PBAT, HMAR). Underlined values indicate the second-best performance.

across datasets of different interaction densities and sequence lengths. Moreover,

the performance of these models varies depending on the characteristics of each

dataset, as discussed in the following analysis.

Dataset-Specific Insights. On the Retailrocket dataset—the smallest among

the evaluated datasets—FATH-FA achieves the highest performance across all eval-

uation metrics, slightly surpassing PBAT, MBHT, and MB-STR. These results sug-

gest that the FATH framework effectively enhances representation learning in sparse,

short-sequence recommendation settings, leading to improved model accuracy.

On the Taobao dataset, which contains dense and long user–item interaction

sequences, both FATH and FATH-FA achieve superior performance compared

to baseline models. This demonstrates their effectiveness in modelling long-range

dependencies and fine-grained behavioural transitions. The marginal improvement

of FATH-FA over FATH in the HR and MRR metrics highlights the advantage
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of modular attention mechanisms (N2E and N2N), which effectively leverage dense

user–item interaction signals to improve representation learning and overall model

performance.

On IJCAI, another large-scale dataset, both FATH and FATH-FA achieve supe-

rior performance compared to baselines such as PBAT and HMAR. FATH achieves

the best performance in terms of HR metrics, while FATH-FA records slightly

higher NDCG and MRR. Similarly to the other datasets, these findings suggest that

the base FATH architecture effectively captures global user-item interactions, thus

improving recommendation performance.

On the Tianchi dataset, which is characterised by moderate sparsity and ex-

tremely long user-item interaction sequences, both FATH and FATH-FA achieve

competitive performance, significantly exceeding all baseline models. These re-

sults further demonstrate the effectiveness of the proposed FATH-based approaches,

achieving higher accuracy than MBHT, MB-STR and PBAT.

In summary, the FATH and FATH-FA models demonstrate better performance

on datasets with varying levels of density and sequence length, compared to baseline

models. The integration of HGNN-based reasoning with efficient attention allows

the model to effectively balance global relational awareness and sensitivity to local

interactions. The consistent improvements achieved by FATH-FA further establish

it as a high-accuracy and computationally efficient framework for heterogeneous

recommendation system settings.

RetailRocket Taobao IJCAI Tianchi

Model Variant HR@10 N@10 HR@10 N@10 HR@10 N@10 HR@10 N@10
w/o RPE 0.896 0.784 0.746 0.562 0.749 0.587 0.770 0.614
w/ N2E attention 0.854 0.832 0.782 0.577 0.734 0.696 0.616 0.581
w/o N2N attention 0.765 0.746 0.718 0.634 0.723 0.555 0.757 0.598
w/o Chunking 0.858 0.866 0.773 0.659 0.731 0.642 0.761 0.677
FATH-FA 0.947* 0.958* 0.826 0.682 0.909 0.805 0.834* 0.698*
FATH 0.944 0.955 0.831* 0.689* 0.913* 0.811* 0.830 0.693

Table 4.4: Ablation study results showing the effect of key modules on the FATH-FA
model performance. Bold values (*) denote the best result, while underlined values
indicate the second best.
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RetailRocket Taobao IJCAI Tianchi

Model Variant HR@10 N@10 HR@10 N@10 HR@10 N@10 HR@10 N@10
FATH-MP 0.753 0.747 0.721 0.541 0.718 0.565 0.762 0.593
FATH-SA 0.953* 0.949 0.835* 0.693* 0.919* 0.820* 0.825 0.697*

FATH 0.944 0.955* 0.831 0.689 0.913 0.811 0.830* 0.693

Table 4.5: Ablation study results showing the effect of key modules on the FATH
model performance. Bold values (*) denote the best result, while underlined values
indicate the second best.

Ablation Study

To examine the contribution of each component within the proposed models, we

conduct an ablation study comparing the performance of FATH and FATH-FA

with several variants of the model created by selectively removing or modifying spe-

cific modules or architectural elements. In the FATH-MP variant, the MLP-based

hypergraph module is replaced with a standard hypergraph convolutional network to

quantify the impact of message-passing. In FATH-SA, the kernel-based attention

is replaced with full self-attention to explore the trade-off between computational

efficiency and representational capacity. The w/o RPE variant removes the rel-

ative positional encoding (RPE) from FATH-FA to assess its effect on sequential

modelling. In w/o N2E attention, the Node-to-Edge attention mechanism within

FATH-FA is disabled to evaluate its role in modelling higher-order dependencies.

Finally, in w/o N2N attention, the Node-to-Node attention pathway is removed

to assess its importance for capturing direct user–item interactions. The results,

summarised in Tables 4.4 and 4.5, report the performance on the RetailRocket,

Taobao, IJCAI and Tianchi datasets.

FATH Ablation. Replacement of the hypergraph MLP module with standard

message-passing (FATH-MP) results in a significant performance decline in terms

of NDCG and HR metrics. In the FATH-SA variant, incorporating full self-

attention often leads to higher accuracy than the base FATH model, indicating

that although kernel attention provides greater computational efficiency, full self-

117



Chapter 4. Towards Efficient Hypergraph Representation Learning Without
Message-Passing

attention offers enhanced expressiveness of the model.

FATH-FA Ablation. Removing the relative positional encoding (RPE) consis-

tently reduces performance across all datasets, confirming its essential role in mod-

elling the temporal and sequential behaviour of users. Similarly, removing the N2E,

N2N attention components, or disabling chunking also leads to decline in model ac-

curacy, indicating that each module contributes complementary information. Specif-

ically, N2E attention helps to capture higher-order structural dependencies, while

N2N attention is essential to preserve direct user-item interaction modelling.

Summary. The ablation results confirm the effectiveness of the architectural choices

in both FATH and FATH-FA. In FATH, kernel attention achieves an effective

balance between performance and computational efficiency, while full self-attention

offers performance gains. For FATH-FA, all components RPE, N2E attention,

chunking, and N2N attention, contribute significantly, with the highest per-

formance achieved on the complete model. Thus, the observed improvements in

FATH/FATH-FA models arise not from any single component but from the syner-

gistic interaction among these modules.

Efficiency Evaluation

In this section, we evaluate the efficiency of the FATH and FATH-FA models in

terms of the GPU memory usage and runtime per epoch.

Method Retail Tianchi IJCAI Taobao

Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓) Epoch (s)(↓) Mem. (GB)(↓)

PBAT 1386.26 9.23 1688.64 9.78 2065.32 14.82 1990.56 13.67
MB-STR 1790.74 12.04 2125.78 12.96 2589.79 16.62 2457.87 15.98
MBHT 1211.20 8.80 1483.37 9.24 1662.15 11.51 1509.89 12.84
FATH-MP 1234.11 11.07 1254.46 11.98 1389.67 13.21 1678.98 13.06
FATH-SA 1830.20 11.56 2146.49 12.24 2125.15 13.73 1845.87 13.65
FATH-FA 1136.12 8.68 1253.42 8.97 1264.17 10.71 1254.45 10.16
FATH 1189.32 8.76 1279.15 9.07 1365.82 10.76 1276.65 10.26

Table 4.6: Runtime and GPU memory usage per dataset. The best results are
indicated in bold, while the second-best results are underlined.
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Runtime and GPU Memory Usage. Table 4.6 presents the runtime per epoch

and the GPU memory usage for each model on the four benchmark datasets. The

results highlight the computational advantages of the proposed FATH and FATH-FA

frameworks compared to transformer-based (MB-STR, PBAT) and message-passing

(MBHT, FATH-MP) baselines. FATH-FA achieves the most efficient performance,

recording the lowest average runtime and memory consumption on all datasets.

FATH also maintains comparable efficiency while offering slightly reduced compu-

tational savings relative to FATH-FA. This superior efficiency is attributed to the

combination of kernel-based attention and the structured hypergraph encoding used

in both models. The kernel and flash attention mechanisms reduce the quadratic

complexity of standard self-attention [233]. As a result, FATH-based models pre-

serve expressive power while maintaining a lower computational cost as the size of

the dataset increases.

FATH-MP and FATH-SA, which replace core architectural components for

ablation purposes, show increased runtime and memory demand. FATH-MP

introduces additional overhead from message-passing in hypergraph convolution,

while self-attention in FATH-SA significantly increases computational cost due to

quadratic computational complexity in sequence length. These results confirm that

the proposed architectural refinements, kernel/flash attention, and linear-layer

embedding contribute to the efficiency of FATH/FATH-FA models. MBHT demon-

strates relatively higher computational efficiency compared to PBAT and MB-STR,

but still lags behind FATH and FATH-FA. The difference is more pronounced on

large-scale datasets such as IJCAI and Taobao, where FATH and FATH-FA main-

tain stable runtime and memory growth, while the baselines exhibit steeper increases

due to heavier attention and aggregation operations.

Overall, these experimental results confirm that the proposed FATH and FATH-

FA models successfully improve scalability and computational efficiency without

compromising the predictive accuracy of the model. The design principles - ker-

nel/flash attention and linear layer encoding collectively enable the model to achieve
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a balance between accuracy and efficiency, outperforming transformer and message-

passing baselines in both speed and memory usage.

Scalability Analysis. As illustrated in Figure 4.3, the evaluation in all four

datasets demonstrates that both FATH and FATH-FA exhibit consistently better

performance as the dimension of the model increases. This trend indicates that

FATH-based models are more effective than baselines in exploiting additional rep-

resentational capacity, resulting in superior predictive performance. Among the

datasets, RetailRocket achieves the highest NDCG scores and shows rapid early

gains for lower dimensions (64 and 256), suggesting that even modest embedding

sizes are sufficient to capture most of the predictive signals. As discussed in Chap-

ter 2, the user–item interaction sequences in the RetailRocket dataset are relatively

short, and the dataset itself is smaller in scale. It comprises three types of user be-

haviour, allowing the models to capture relevant behavioural patterns with higher

accuracy. In contrast, the other datasets (Tianchi, Taobao, and IJCAI ) also exhibit

scalability improvements for FATH, FATH-FA, and baseline models, although with

diminishing returns at higher dimensions. This trend can be attributed to their

larger dataset sizes, longer interaction sequences, and increased behavioural com-

plexity, as each contains four behaviour types rather than three. Performance gains

are observed across all datasets, with FATH and FATH-FA models achieving the

highest overall scalability due to their more regular embedding structures and com-

putationally efficient attention mechanisms, outperforming both message-passing

and transformer-based baselines.

4.4 Chapter Summary

In this chapter, the FATH and FATH-FA models framework for multi-behaviour rec-

ommendation are introduced. The permutation-invariant layers ensure that these

higher-order embeddings maintain discriminative information across all nodes. As a

result, the model achieves robust and expressive representations without the typical
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Figure 4.3: Scalability performance evaluation of the FATH model and its variants.

degradation associated with deep graph propagation. The integration of hardware-

efficient attention mechanisms, including chunk-wise tiling, has a significant im-

pact on both the scalability and efficiency of the model. This shows that efficient

hardware-software integration not only reduces resource usage, but also stabilises the

training process by minimising bottlenecks during attention computation. In sum-

mary, the FATH and FATH-FA models outperform the baseline models in Section

3.2 in both time and memory efficiency without compromising the model perfor-

mance. Flash attention (FATH-FA) reduces memory accesses and computational

bottlenecks, resulting in faster runtime and more efficient memory usage.

The consistent efficiency of FATH and FATH-FA across datasets underscores
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their scalability for real-world applications where computational resources are con-

strained. The balance between high representational capacity and low training cost

makes these models suitable for deployment in production-scale recommendation

environments. Furthermore, the relatively modest GPU memory footprint observed

in FATH-FA demonstrates its potential for distributed or on-device inference, and

real-time RSs that require low-latency processing, robust performance, and lower

computational cost.
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Chapter 5

Hyperbolic Representation

Learning for Multi-Behaviour

Recommendation

In Chapter 3, we observed that the NDCG performance of the GTRec and STMBR

models declines on the larger datasets, IJCAI and Taobao, compared to the smaller

Retailrocket dataset. This degradation can primarily be attributed to oversmooth-

ing, oversquashing, and the irregular structure of hypergraph data encoun-

tered in practical scenarios. In Chapter 4, the FATH and FATH-FA models

are proposed to address these three issues, resulting in improvements in accuracy

and efficiency compared to the baseline methods introduced in Chapter 2.

In this chapter, we shift focus to the use of hyperbolic geometry for hypergraph

representation learning. The motivation stems from the observation that real-world

recommendation data often exhibits hierarchical structures (e.g., category (Cloth-

ing) → subcategory (Jacket) → item (Black Biker Jacket)) [146] . However, tradi-

tional message-passing HGNNs repeatedly average information across nodes, caus-

ing embeddings to collapse into overly similar vectors, leading to oversmoothing,

oversquashing, and ultimately degraded model performance [192].

To address these challenges, we propose hyperbolic representation learning, where
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embeddings are mapped into a hyperbolic space. This geometry naturally preserves

both hierarchical order and relative distances, while Lorentz transformations [85]

with learnable curvature ensure that embeddings remain well separated [319]. Fur-

thermore, we incorporate linear attention to improve efficiency, enabling scalable

training while maintaining the representational benefits of hyperbolic embeddings.

Formally, this aligns with our research question.

RQ2.2: HGNN-message-passing is prone to oversmoothing and over-

squashing as the size of the graph increases. Can the limitations of

HGNNs be addressed through hyperbolic geometry by better modelling

hierarchical data?

In addressing RQ 2.2, HyperRec, a novel hyperbolic approach based on the Lorentz

model [85] is introduced. HyperRec applies a linear self-attention mechanism to cap-

ture complex relationships between multiple user behaviours in a unified framework.

Experimental results demonstrate the effectiveness and scalability of HyperRec in

large-scale multi-behaviour recommendation.

5.1 Introduction

Real-world data, particularly in domains such as e-commerce and social networks, of-

ten exhibits hierarchical structures [29]. For example, a product catalogue may have

categories such as Clothing, subcategories such as Jackets, and individual items such

as Black Biker Jacket. Traditional HGNNs rely on message-passing to propagate

information across nodes [148]. Although effective, repeated averaging in message-

passing often leads to oversmoothing [330] and oversquashing [44], where node

embeddings collapse to similar vectors, reducing their discriminative power and de-

grading model performance [214].

In multi-behaviour RSs, user-item interactions also consist of various behaviours,

such as clicks, views, ratings, and purchases [142]. These interactions form a com-

plex dynamic representation of user preferences, often exhibiting hierarchical or tree-
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like structures [52]. Hyperbolic geometry has shown potential for modelling such

data due to its superior ability to represent hierarchical relationships compared to

Euclidean space [146]. As illustrated in Figure 1.1, user behaviours are not only

interconnected but also hierarchically organised. This makes hyperbolic geometry

a natural choice for modelling multi-behaviour recommendation tasks, as capturing

such underlying structures can lead to improved prediction accuracy [158]. Hyper-

bolic models have shown promise in effectively capturing hierarchical and tree-like

structures [306], making them suitable for modelling multi-behaviour interactions

in RSs [29]. Various methods leveraging hyperbolic geometry have been developed,

achieving competitive performance in domains such as computer vision, NLP, and

graph learning [33, 85]. Moreover, self-attention methods in non-Euclidean spaces

have been explored [28, 73, 214]. However, these approaches often face challenges

related to efficiency and scalability, such as high memory and time complexity [45].

To address these limitations, we propose a Hyperbolic Recommedation model,

HyperRec, which preserves hierarchical relationships and efficiently captures com-

plex user-item interactions. To enhance the efficiency of the model, we apply fre-

quency domain kernelisation with the Discrete Cosine Transform (DCT) [24], as an

alternative to softmax operation in the attention mechanism, which is incorporated

in another variant of the model: HyperRec-S. Experimental results demonstrate

that HyperRec achieves competitive efficiency in terms of GPU memory usage com-

pared to baseline methods.

5.1.1 Foundational Concepts

Hyperbolic Geometry: Hyperbolic space provides a continuous curved space

that can naturally embed hierarchical and tree-like structures. Unlike Euclidean

space, distances in hyperbolic space grow exponentially with the radius, allowing

embeddings to remain well separated even for nodes far apart in the hierarchy.

Lorentz Model: We apply the Lorentz model of hyperbolic space, which en-

ables transformations that maintain the relative order and distances between nodes
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Figure 5.1: Comparison of the standard tranformer self-attention (O(N2d)) and Fast
DCT-based attention (O(Nd[log(d) + d])) applied in HyperRec-S and HyperRec
respectively, showing the difference in computational complexity as illustrated by
[24]. N represents the sequence length and d is the embedding dimension.

[139]. This is crucial for preserving hierarchical relationships while avoiding embed-

ding collapse, allowing compact, low-distortion embeddings of hierarchical user-item

relationships, allowing more accurate preference modelling and better relevance in

recommendations [131].

Linear Attention: Standard attention mechanisms incur quadratic complexity

with respect to the number of nodes, which is inefficient for large-scale graphs [232].

To address this issue, we apply a linear attention mechanism in HyperRec, reduc-

ing computational complexity from O(n2) to O(n) while maintaining high-quality

representations for downstream recommendation tasks.

5.2 Related Work

Recent research in recommender systems has explored the use of hyperbolic geom-

etry to better model complex user-item interactions [146, 226, 319]. These works

show the utility of hyperbolic space in improving representation capacity and pre-

serving latent hierarchical structures that are common in real-world scenarios. For
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example, Li et al. [131] introduces HNCR, a Hyperbolic Neural Collaborative

Recommendation model that applies a deep representation learning framework in

hyperbolic space, using semantic neighbour sets to capture mutual semantics be-

tween users and items more effectively than Euclidean models. In related re-

search, Yang et al. [299] propose HCRF, a Hyperbolic Regularisation Collaborative

Filtering model that applies geometry-aware regularisation to address the over-

smoothing issue in hyperbolic aggregation, improving the discriminative capacity

of user and item representations. In addition, Yang et al. [306] introduce HGSR, a

Hyperbolic Graph Learning Social Recommendation model that uses a heteroge-

neous graph based on user-item interactions and social networks for hyperbolic social

recommendation.Another model, HGFormer [304] also addresses the limitations of

traditional Euclidean transformers in modelling hierarchical and graph-structured

data, using curvature-aware positional encoding and hyperbolic message aggrega-

tion in order to preserve both local and global graph structures. Hypergraph-based

hyperbolic RSs. Li et al. [148] further demonstrate that hyperbolic geometry out-

performs traditional Euclidean baselines on large-scale datasets. For example, Hy-

perbolic Graph Convolutional Filtering (HGCF) [225] extends graph convolutional

approaches to the hyperbolic space, allowing for more expressive modelling of higher-

order relationships in recommendation. Similarly, the HyperRec model introduced

in this chapter applies hyperbolic representation learning to improve higher-order

user-item interaction modelling. However, unlike most existing methods, efficiency

issues that arise with modelling the complex user-item interactions are addressed

without compromising model performance.

5.3 Methodology

The architecture of the HyperRec framework is illustrated in Figure 5.2. User-

item interaction data is mapped to the Lorentz model [85] using an exponential

map to represent each interaction type. The data is then processed through hy-

perbolic transformation, positional encoding, LayerNorm and activation functions
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Figure 5.2: Architecture of the HyperRec model. User-item interactions are repre-
sented by a hypergraph to capture complex dependencies. These interactions are
transformed into hyperbolic space for effective representation of hierarchical struc-
tures. Positional encoding is added to enhance context-awareness. An efficient kernel
attention mechanism is applied to improve computational efficiency. The outputs
from the attention mechanism pass through a feedforward layer and a hyperbolic
LayerNorm module, producing the final recommendations.

[123]. To capture hypergraph-based relationships, such as user-user or item-item

interactions, an HGNN is integrated into the transformer encoder. The encoder

processes user-item interactions with hyperbolic self-attention, applies positional

encoding and layer normalisation, and then outputs embeddings that are used di-

rectly for prediction. The training loop processes input through the encoder, applies

self-attention and normalisation, and then computes the cross-entropy loss.

Inspired by [298], HyperRec integrates hyperbolic representation learning with

scalable attention mechanisms to address the challenges of HGNNs. Hyperbolic

transformation facilitates transformations between hyperbolic spaces of different

curvatures while preserving the relative distances between the data points. Hy-

perbolic linear attention addresses scalability issues by implementing a linear

complexity encoder-only self-attention mechanism in hyperbolic space, which al-

lows efficient processing of large-scale graphs.
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Hypergraph-Enhanced Lorentz Model

Hypergraph Construction. Hyperedges are constructed to capture multi-behaviour

interactions. A hyperedge connects a user and all items interacted and also links

items co-interacted by multiple users (e.g. items frequently purchased together).

The hypergraph is encoded by the incidence matrix:

H(v, e) =


1, if node v ∈ hyperedge e

0, otherwise
(5.1)

The incidence matrix H ∈ R|V |×|E| is normalised to avoid degree bias:

H̃(v, e) = H(v, e)√∑
v′∈e H(v′, e) ·

√∑
e′∋v H(v, e′)

(5.2)

Lorentzian Hyperbolic Embeddings. Users and items are embedded in the

Lorentz hyperbolic space model, denoted by Ld,κ, which consists of points x ∈ Rd+1

lying on a hyperboloid defined by the constraint ⟨x,x⟩L = 1
κ

with the time-like

coordinate xt > 0 to select a unique sheet. The Lorentzian inner product ⟨x,y⟩L =

−xtyt + x⊤
s ys has a signature (−+ · · ·+), where xt is the time-like component and

xs are the space-like components, inducing hyperbolic geometry in this manifold.

The curvature κ < 0 is parameterised as κ = − exp(ν) with ν ∈ R learned during

training, ensuring negative curvature and allowing the model to capture hierarchical

relational structures more efficiently.

Ld,κ :=
{

x ∈ Rd+1
∣∣∣∣ ⟨x,x⟩L = 1

κ
, xt > 0

}
(5.3)

Users and items are initialised via exponential mapping from Euclidean to hy-

perbolic space:

x = expo(xEucl) =
√−1

κ
cosh

(
∥xEucl∥

√
−κ

)
,

√
−1
κ

sinh
(
∥xEucl∥

√
−κ

) xEucl

∥xEucl∥


(5.4)
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where xEucl ∼ N (0, 0.01) and o = (
√
−1/κ,0) is the origin. The curvature κ =

− exp(ν) is learned via ν ∈ R to adapt to hierarchical structures.

Hyperbolic Linear Transformation. We apply Hyperbolic Transformation (HT)

[298] to enable linear transformations in hyperbolic space without frequent mappings

to tangent space, reducing the computational overhead. Curvature κ is learned

through parameterisation κ = − exp(ν), with ν ∈ R, which allows κ < 0 to model

hierarchical structure effectively. The transformation avoids tangent space projec-

tions by operating directly in Ld,κ:

HT(x; W) :=


√
∥W⊤xs + b∥2 − 1

κ

W⊤xs + b

 , with W ∈ Rd×d,b ∈ Rd (5.5)

, whereW ∈ Rd×d denotes the learnable weight matrix and b ∈ Rd denotes the

learnable bias vector of the hyperbolic transformation.

Hyperbolic Attention

Two variants of attention mechanisms are applied in the Lorentzian hyperbolic space

for the HyperRec model: linear attention and softmax attention.

Hyperbolic Linear Attention. The default implementation, used in HyperRec,

is hyperbolic linear attention aimed at improving efficiency and scalability in large-

scale settings. A linear hyperbolic attention mechanism is applied that is based on

the fast discrete cosine transform [24], reducing the complexity to O(Nd), where d

is the embedding dimension. Given the embeddings of input tokens X ∈ LN×d,κ1 in

the Lorentz space with curvature κ1, the query, key and value matrices are obtained

through hyperbolic transformations such as Qs = HT(X; WQ)s, Ks = HT(X; WK)s

and Vs = HT(X; WV )s, where HT(·; W)s denotes the space-like component of the
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Lorentz transformation. The attention output is computed as:

Zs = Qs(K⊤
s Vs)

Qs(K⊤
s 1) , (5.6)

where Qs,Ks,Vs ∈ RN×d are the space-like query, key and value matrices respec-

tively. The numerator captures the projected value representations modulated by

hyperbolic key-query interactions, while the denominator provides normalisation

analogous to the softmax function. This formulation enables scalable attention in

hyperbolic space with O(Nd) time complexity, preserving geometric consistency and

efficient processing of long user-item interaction sequences.

Algorithm 3 Hyperbolic Linear Attention
1: Input: X ∈ LN×d,κ, weights WQ,WK ,WV

2: Qs,Ks,Vs ← HT(X; WQ)s,HT(X; WK)s,HT(X; WV )s

3: A← Qs(K⊤
s Vs)/(Qs(K⊤

s 1) + ϵ), ϵ = 1e− 5
4: Return: A (projected back to Ld,κ via expo)

HyperRec-S: Softmax Attention. Another model variant, HyperRec-S is

proposed, this computes attention scores based on Lorentzian inner products be-

tween transformed query and key vectors, normalised via the softmax function:

αij = softmax
(
⟨qi,kj⟩L

τ

)
, τ =

√
d (5.7)

where qi,kj ∈ Rd+1 are Lorentz-transformed embeddings and ⟨·, ·⟩L denotes

the Lorentzian inner product with temperature τ . Although this softmax-based

formulation enables a more expressive representation of hierarchical dependencies,

it incurs higher time and memory complexity with respect to the number of nodes,

which translates into higher computational requirements [352].

Hyperbolic Positional Encoding. In multi-behaviour recommendation tasks,

positional encoding helps capture sequential dependencies in user interactions. Po-
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sitional vectors pi ∈ Rd are learned and injected via tangent space addition:

x̃(t) = expx(t) (ϵ · logx(t)(pi)) , ϵ = 0.01 (5.8)

where o =
(√
− 1

κ
,0
)

is the Lorentzian origin, p is the positional encoding vector

in the tangent space, and ϵ controls the encoding. This ensures that positional in-

formation is added via tangent-space operations, preserving hyperbolic consistency.

LayerNorm and Activation in Hyperbolic Space To ensures Lorentz-norm

consistency, layer normalisation and nonlinear activation are adapted to hyperbolic

space through a single-curvature hyperbolic normalisation (HLN) that operates on

the space-like components:

HLN(x) =


√
∥x′

s∥2 − 1
κ

x′
s

 , x′
s = xs − µ

σ + ϵ
⊙ γ + β (5.9)

where µ, σ are mean and standard deviation, and γ, β are learnable. LN denotes

standard layer normalisation applied to the space-like vector xs, and κ is the single

learned curvature. xs denotes the input vector to be normalised, representing the

features of a single element in a sequence. µ is the mean of the elements in xs,

computed over its feature dimension. σ is the standard deviation of the elements in

xs, also calculated over its feature dimension, with a constant ϵ added for numerical

stability. γ is a learnable scaling parameter that has the same shape as xs and allows

the model to modulate the normalised output. β is a learnable bias parameter, also

of the same shape as xs, used to shift the normalised output.

5.3.1 Model Training

The training objective is to minimise the cross-entropy loss combined with a curva-

ture regularisation term on a single learnable curvature κ.

132



Chapter 5. Hyperbolic Representation Learning for Multi-Behaviour
Recommendation

Cross Entropy Loss. For each behaviour b ∈ B, the model predicts the proba-

bility of interaction ŷb
u,i between the user u and the item i. The cross-entropy loss

is defined as:

Lrec = −
∑
b∈B

wb

∑
(u,i)∈D

yb
u,i log(ŷb

u,i), (5.10)

where wb balances the importance of different behaviours and D is the dataset. In

our experiments, purchase prediction is the target behaviour.

Curvature Regularisation. To stabilise the learned geometry, we apply L2 regu-

larisation to the curvature parameter ν through Lcurv = λν2, preventing degenerate

Euclidean solutions (κ→ 0) while maintaining flexibility for representation learning.

A regularisation term is added to stabilise the learnable curvature parameter ν from

which κ is calculated as κ = − exp(ν):

Lcurv = λν2, (5.11)

where λ controls the regularisation. The total loss combines the recommendation

loss and curvature regularisation for end-to-end optimisation:

L = Lrec + Lcurv. (5.12)

Training Protocol. The model is trained using an optimised configuration deter-

mined by grid search, with key hyperparameters including an embedding dimension

d = 256, batch size of 512, dropout rate of 0.3, and 2 attention layers. We em-

ploy negative sampling with a ratio of 5 negative items per positive interaction,

uniformly drawn from unobserved pairs. Optimisation is performed using the Rie-

mannian Adam [10], which extends the Adam optimiser to hyperbolic space, with a

learning rate of 0.005 and a weight decay of 1× 10−4 for regularisation.
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Algorithm 4 Training Algorithm for HyperRec
Require: Dataset D of user-item interactions, behaviour set B, learning rate η,

epochs T , regularisation coefficient λ.
Ensure: Trained model parameters Θ = {WQ,WK ,WV ,WFFN, ν}.

1: Initialise model parameters Θ.
2: for t = 1 to T do
3: Sample mini-batch Bbatch ⊆ D.
4: Compute curvature κ = − exp(ν).
5: Map batch Bbatch to Lorentz space Ld,κ via exponential map at origin o.
6: Compute encoder outputs using unified hyperbolic transformation HT(·).
7: Compute self-attention on space components (Eq. for Qs,Ks,Vs and Zs).
8: Apply hyperbolic layer normalisation and feed-forward networks.
9: Predict interactions ŷb

u,i using Lorentzian inner products of user and item
embeddings.

10: Compute Lrec and Lcurv.
11: Update Θ← Θ− η∇ΘL.
12: end for
13: return Trained parameters Θ.

Hyperparameter Value

Embedding dimension (d) 256
Batch size 512
Dropout rate 0.3
Attention layers 2
Negative samples 5
Learning rate 0.005
Optimiser AdamW
Weight decay 1× 10−4

Curvature reg. (λ) 0.1

Table 5.1: Final hyperparameters after grid search.

5.4 Experiments

We use the same datasets and evaluation framework as in Chapter 3. The HyperRec

and HyperRec-S models are evaluated against baseline models that show the highest

performance in Chapters 3 and 4: MBHT, MB-STR, HMAR and PBAT.

5.4.1 Results and Analysis

Results and Analysis. Table 5.2 shows that the proposed models, HyperRec

and its variant HyperRec-S, consistently outperform baseline approaches, includ-
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Dataset Model HR@5(↑) HR@10(↑) NDCG@5(↑) NDCG@10(↑) MRR(↑)

Retailrocket

MB-STR 0.914 0.905 0.928 0.902 0.913
MBHT 0.926 0.927 0.929 0.948 0.928
PBAT 0.932 0.945 0.924 0.935 0.931
HyperRec 0.946 0.954 0.957 0.956 0.939
HyperRec-S 0.935 0.941 0.952 0.938 0.933

Taobao

MB-STR 0.694 0.776 0.596 0.616 0.675
MBHT 0.682 0.768 0.594 0.607 0.264
HMAR 0.692 0.819 0.598 0.658 0.673
PBAT 0.737 0.805 0.650 0.676 0.758
HyperRec 0.768* 0.846* 0.689* 0.705* 0.802*
HyperRec-S 0.757 0.838 0.682 0.691 0.788

IJCAI

MB-STR 0.802 0.881 0.695 0.716 0.778
MBHT 0.776 0.857 0.678 0.707 0.772
PBAT 0.874 0.914 0.794 0.799 0.867
HyperRec 0.879* 0.924* 0.801* 0.815* 0.888*
HyperRec-S 0.870 0.919 0.792 0.789 0.885

Tianchi

MB-STR 0.746 0.756 0.496 0.599 0.727
MBHT 0.769 0.782 0.488 0.582 0.714
HMAR 0.775 0.795 0.495 0.618 0.739
PBAT 0.787 0.823 0.587 0.623 0.771
HyperRec 0.804* 0.831* 0.694* 0.711* 0.799*
HyperRec-S 0.798 0.827 0.685 0.702 0.792

Table 5.2: Performance evaluation across datasets. Best performances are indicated
in bold, showing relative improvement over the best-performing baseline at a 0.05
significance level with paired t-test. Underlined values indicate the second-best
performances.

ing PBAT, MBHT and HMAR. These results highlight the robustness and effective-

ness of HyperRec across datasets with varying levels of sparsity and sequence length.

The following discussion provides dataset-specific insights into the performance and

characteristics of these models.

Dataset-Specific Insights. On the Retailrocket dataset, which is relatively

sparse and has short sequences, HyperRec achieves the best overall performance,

outperforming PBAT by a substantial margin. HyperRec-S also maintains strong

performance. This highlights the ability of these models to effectively model user-

item interactions in sparse settings through hyperbolic embeddings that capture

higher-order dependencies. On the Taobao dataset, which has higher density than

Retailrocket, HyperRec records significant performance gains compared to baseline

models such as HMAR and PBAT. HyperRec-S also shows the same trend as on
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the Retailrocket dataset, closely matching the performance of HyperRec. Simi-

larly, on the IJCAI, which has more than 36M interactions, HyperRec achieves the

highest scores in all metrics, particularly in the NDCG and MRR metrics. These

results demonstrate the effectiveness of hyperbolic embedding space in capturing

complex user-item interactions, which often include hierarchical user/item relation-

ships and long-range dependencies. Finally, on the Tianchi dataset, HyperRec also

achieves superior results, improving HR and NDCG scores compared to baseline

models.

Discussion. Experimental evaluation of the HyperRec model demonstrates that

the integration of a hyperbolic framework with transformer-based attention improves

the accuracy of recommendations across datasets of diverse density and sequence

length. From these results, we deduce that hyperbolic embeddings enable the model

to capture complex user-item interactions more effectively than traditional Euclidean

approaches, as indicated by the superior performance of HyperRec compared to the

baseline models. HyperRec-S also maintains competitive accuracy and generally out-

performs baseline models, but at higher computational cost. These results validate

the proposed hyperbolic framework as an effective representation learning approach

for large-scale RSs.

Taobao IJCAI

Model Variant HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10

w/o HT 0.735 0.664 0.821 0.686 0.770 0.687 0.834 0.733
w/o DCT 0.729 0.651 0.837 0.659 0.758 0.712 0.817 0.755
w/o Positional Encoding 0.712 0.667 0.802 0.689 0.736 0.675 0.779 0.738
w/o Attention 0.706 0.626 0.803 0.634 0.713 0.694 0.796 0.720
HyperRec 0.768 0.689 0.846 0.705 0.879 0.801 0.924 0.815

Table 5.3: Ablation results of HyperRec on the Taobao and IJCAI datasets. Re-
moval of the HT, DCT and positional encoding components leads to performance
degradation compared to the full HyperRec model.

Ablation Study. Tables 5.3 and 5.4 present the ablation results of the HyperRec

model. To evaluate the contribution of different architectural components, we re-

move three key modules: HT, DCT and positional encoding. The results indicate
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Retailrocket Tianchi

Model Variant HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10

w/o HT 0.854 0.860 0.886 0.875 0.745 0.648 0.789 0.662
w/o DCT 0.867 0.836 0.869 0.762 0.721 0.624 0.726 0.639
w/o Positional Encoding 0.859 0.892 0.883 0.867 0.727 0.631 0.795 0.671
w/o Attention 0.831 0.809 0.827 0.725 0.702 0.607 0.711 0.623
HyperRec 0.946* 0.957* 0.954 0.956* 0.8048 0.694* 0.831* 0.711*

Table 5.4: Ablation results of HyperRec on the Retailrocket and Tianchi datasets.
Removing HT, DCT or positional encoding components degrades performance com-
pared to the full HyperRec model.

that each of these components contributes to the overall performance of the model.

Removing the HT component results in a consistent performance decline in all

metrics. We attribute this decline to the model reverting to the Euclidean embedding

space, thus limiting its ability to preserve complex relational information. Similarly,

excluding the DCT component from the attention module results in a noticeable

degradation of model performance, although to a lesser extent than omitting the

attention module entirely. Removal of the attention module from the HyperRec

model results in significant performance degradation, as indicated by a drop in HR

and NDCG performance on the four datasets. This underscores the role of the

attention mechanism in capturing complex dependencies and interactions within

the data. Another observation is that removal of positional encoding results in

a degradation in the accuracy of the model. The role of positional encoding is to

preserve the sequential order of interactions (e.g., view → add-to-cart → purchase).

The complete HyperRec model outperforms all ablated variants, confirming the

robustness of these findings across datasets of different scales and sparsity levels.

These results underscore that the effectiveness of HyperRec comes from the com-

plementary contributions of its components. HT provides hierarchical capacity, mit-

igates oversmoothing and oversquashing, DCT improves efficiency. Their integration

allows HyperRec to achieve consistent and substantial performance, validating the

design choices of the proposed architecture.

Efficiency Evaluation. We perform additional experiments to assess how the

model scales with different batch sizes. As illustrated in Figure 5.3, memory usage
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Figure 5.3: Efficiency Evaluation of HyperRec. Memory usage comparison of Hyper-
Rec linear and softmax attention across batch sizes on the four datasets. Hyperbolic
softmax attention encounters “Out of Memory” errors.

graphs in the Taobao, IJCAI, Retailrocket and Tianchi datasets provide a compre-

hensive view of scalability and efficiency between the variants of the HyperRec model

and baselines under increasing batch sizes. A clear trend emerges: HyperRec with

softmax attention consumes significantly more memory compared to HyperRec, and

encounters “Out-of-Memory (OOM)” errors. HyperRec scales much better across

all datasets, maintaining memory efficiency even at the largest batch sizes tested.

These results imply that linear attention not only improves scalability but also

makes the model more efficient for large-scale recommendation tasks where efficiency

in terms of computational resources is a priority. HyperRec achieves a balance be-
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tween ranking performance and efficiency, which is beneficial in real-world scenarios

that require high accuracy and resource efficiency. Moreover, the efficiency advan-

tage paves the way for extending HyperRec to streaming RSs, where low-latency

inference and adaptability to continuous user interaction are essential.

5.5 Chapter Summary

In this chapter, the challenge of learning effective representations of hierarchical

data, such as category–subcategory–item structures, is addressed. MPHGNN-based

RS methods often face challenges such as oversmoothing and oversquashing in large-

scale settings, as discussed in Chapters 1 and 2. We attribute the performance de-

cline of the GTRec and STMBR models on the larger IJCAI and Taobao datasets,

compared to the smaller Retailrocket dataset, in part to these limitations. To

address these challenges, a non-message-passing model, HyperRec, is intro-

duced. HyperRec leverages hyperbolic representations together with a linear atten-

tion mechanism, enabling it to scale effectively while maintaining representational

quality. Furthermore, HyperRec’s hyperbolic embedding space provides a natural

way to capture hierarchical relationships with low distortion [28], which allows com-

pact representation of complex hierarchies in hypergraph data,involving higher-order

dependencies [146]. In addition, curvature learning enables adaptive geometry that

fits the data, a flexibility that is absent in standard HGNN methods that operate

in fixed Euclidean spaces [139]. Finally, the unified encoder-only architecture inte-

grates multi-behaviour hypergraph information seamlessly without requiring sepa-

rate propagation for each relation type, simplifying the model architecture.
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Towards Efficient Hypergraph and

MoA-Enhanced Recommender

Systems

User preferences and item characteristics change over time, making it important for

RSs to adapt to these dynamics [312]. From the literature survey in Chapter 2, it is

identified that most existing HGNN-based methods model user-item interactions as

static. However, many real-world scenarios exhibit complex dynamics, making static

representation learning models inadequate for effectively capturing temporal evolu-

tionary information [53]. Consequently, these models, including the ones introduced

in Chapters 3, 4 and 5 of this thesis, often yield suboptimal performance when

applied to these practical scenarios [161]. Most existing works which aim to address

this issue apply generative methods such as LLM-based RS models [59]. However,

despite their abilities, LLM-based methods are computationally expensive and prone

to hallucination, often generating inaccurate or misleading recommendations [331].

This brings us to RQ3, which is addressed in this chapter.

RQ3: Most real-world recommendation scenarios exhibit complex and

evolving user-item interaction, which makes static HGNN-based models

insufficient to capture temporal patterns effectively. Recent methods that
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attempt to address this limitation are often computationally intensive.

This raises the question: Can a hypergraph-enhanced MoA solution offer

a more effective alternative to model temporal dynamics in RS?

To address RQ3, HGLMRec, an MoA enhanced RS is introduced, that incor-

porates a hypergraph encoder designed to capture complex dynamic relationships

between users and items. The encoder works in conjunction with an MoA frame-

work. Instead of feeding raw, unstructured user-item interaction data directly to the

MoA framework, only the most relevant nodes and hyperedges are retrieved, thereby

reducing computational overhead while providing an enriched retrieval context.

6.1 Introduction

In real-world recommendation scenarios, user preferences evolve continuously over

time, leading to complex and dynamic interaction patterns [163]. Static representa-

tion learning models, such as HGNN-based models, often struggle to capture these

dynamics as they assume a static structure and ignore the time-dependent nature

of user-item interactions [339]. With the recent surge in LLMs, a new paradigm in

RSs has emerged that combines information retrieval with LLMs to produce contex-

tually relevant recommendations [26, 140, 184, 216]. Generative recommendation

models have shown benefits, such as semantic understanding and interactive reason-

ing, which can improve the relevance and quality of recommendations by generating

output that aligns with user preferences [143, 250].

Despite these advances, current LLM-based recommendation approaches face

two significant limitations. First, hallucination, where the model generates inaccu-

rate or misleading recommendations, can compromise the reliability of the system

[87, 97, 103]. Secondly, the high computational cost, resulting from the need to

search through large vocabularies or fine-tune LLMs on domain-specific data, ren-

ders these methods impractical for real-time or large-scale deployment [49, 257, 308].

Although pretraining or fine-tuning LLMs in recommendation-specific datasets can
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improve performance, these strategies require substantial computational resources

[149], domain expertise, and large volumes of high-quality data, further complicating

real-world implementation [347]. Consequently, efficient recommendation models are

needed that can adapt to evolving user preferences and dynamic interaction patterns

while maintaining high accuracy [83, 273].

Motivated by these challenges, we explore whether hypergraph representation

learning can be harnessed to improve recommendation performance in dynamic,

multi-behaviour scenarios. We propose HGLMRec, a novel framework that inte-

grates an HGNN encoder with an MoA architecture. The central idea of HGLMRec

is to enhance modelling of user-item interactions, allowing the model to capture

higher-order dependencies across multiple behaviours. Hyperedges in this represen-

tation connect a user with multiple items and behavioural types, generating dense

token embeddings that encode both local and global preference patterns. These

embeddings are then processed by the MoA framework, which employs multiple

specialised agents to refine recommendations.

Our contributions are as follows. We apply an HGNN encoder to capture

complex, higher-order interactions that static pairwise GNNs often miss, and inte-

grate embeddings across multiple behaviours to preserve the richness of user-item

interactions. Inspired by the work in [247], we pass the HGNN and user prompt

tokens through an MoA framework that learns dynamic patterns in user behaviour.

We hypothesise that this combination allows HGLMRec to achieve expressive repre-

sentation learning while remaining computationally efficient, making it suitable for

large-scale deployment. Experiments on three real-world datasets demonstrate that

our proposed model, HGLMRec, outperforms state-of-the-art baselines, including

several models based on LLMs, despite using a lightweight architecture.

6.2 Related Work

Graph and LLM Integration. The integration of graph structures with LLMs

has gained significant attention because of their complementary strengths. Graphs
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explicitly encode relationships between entities, offering a structured representation

that enhances reasoning and reduces the risk of hallucination in LLMs [55]. LLMs,

on the other hand, excel in understanding and generating unstructured text, but

lack mechanisms for directly incorporating graph-based knowledge [273]. Previous

studies have explored the use of knowledge graphs with LLM for tasks such as node

classification, link prediction and question answering [174]. These approaches of-

ten rely on fine-tuned LLM instruction to align graph-based reasoning with task

objectives [339]. However, they are limited by their reliance on static graphs and

their inability to take advantage of the rich relational information captured by hy-

pergraphs [167]. In addressing this issue, Fatemi et al. [55] propose GraphToken,

a parameter-efficient technique that augments textual prompts with learned tokens

that represent graph structures, to encode structured data for LLM. Instead of fine-

tuning the entire LLM, GraphToken trains a small set of additional parameters that

encode the structure of the input data, allowing the LLM to better understand the

data without extensive fine-tuning [193]. This enables efficient integration of struc-

tured data with LLMs, preserving their reasoning capabilities and expanding their

applicability to graph-based tasks [331]. To address the limitations of HGNN-based

RS methods in dynamic scenarios, our HGLMRec methodology extends this concept

to RS settings [193].

6.3 Methodology

HGLMRec integrates three key concepts,higher-order modelling, MoAand iterative

refinement to model complex user-item interactions.

Higher-Order Modelling. HGLMRec applies HGNN encoding to capture histor-

ical user-item interactions. Unlike traditional graphs, hypergraphs connect multiple

nodes through hyperedges, enabling higher-order interaction modelling across items

and behaviours. This overcomes the pairwise limitations of standard GNNs [142].

User–item interactions are converted into token embeddings that preserve both se-
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Figure 6.1: End-to-end architecture of HGLMRec. The model processes user-item
interactions through a hypergraph encoder, fuses graph tokens with task prompts,
and refines recommendations via a 3-layer MoA framework.

mantic and structural information, providing compact expressive representations for

downstream processing.

Mixture of Agents. Inspired by [247], MoA employs multiple specialised agents

to independently refine token embeddings. This hierarchical design aims to capture

both fine-grained and high-level user preferences, improve recommendation accuracy

and mitigate hallucinations.

Interactive Refinement and Adaptability. HGLMRec is designed to adapt

to evolving user behaviours through its multi-agent refinement process. Combined

with hypergraph encoding, the model aims to capture diverse, multi-behaviour in-

teractions, with a goal to generate context-aware recommendations that address

limitations of GNNs [176].

6.3.1 HGLMRec Architecture

The architecture of HGLMRec, illustrated in Figure 6.1, consists of three intercon-

nected stages. The first stage, hypergraph encoding, constructs hypergraph repre-

sentations of multi-behaviour interactions and generates initial token embeddings.
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These embeddings are then passed through the token fusion stage, which integrates

information across behaviours to produce unified representations that encode both

fine-grained and global patterns of user-item interactions. Finally, hierarchical MoA

processing refines these fused embeddings through multiple specialised agents, with

dynamic weighting to produce the final recommendation scores.

HGLMRec is designed to overcome the limitations of static HGNNs and effec-

tively models complex multi-behaviour dependencies. The hierarchical MoA frame-

work refines embeddings through specialised agents, reducing hallucinations com-

monly observed in generative LLM-based approaches and improving recommenda-

tion reliability. Moreover, the lightweight design of both the hypergraph encoder and

the MoA components allows efficient training and inference, offering a computation-

ally feasible alternative to large-scale LLM-based recommendation models. Figure

6.1 illustrates the architecture, which consists of three key stages: (1) Hypergraph

Encoding, (2) Token Fusion, and (3) Hierarchical MoA Processing.

6.3.2 Hypergraph Encoder

Given a hypergraph G = (V , E), where the node set V = U∪I consists of users U and

items I, and the hyperedges E capture multi-behaviour interactions such as views,

cart additions and purchases, the hypergraph encoder produces compact user-item

representations through the following steps:

Feature Initialisation. Each node v ∈ V is initialised with a learnable embedding

vector:

h(0)
v =


Eu[v] ∈ Rd if v ∈ U,

Ei[v] ∈ Rd if v ∈ I,
(6.1)

where Eu and Ei are embedding lookup tables for users and items, respectively, and

d is the embedding dimension.
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Hypergraph Convolution. To capture higher-order user-item interactions, we

apply two layers of hypergraph convolution. At each layer l ∈ {0, 1}, the node

features are updated by aggregating the normalised messages from all hyperedges:

h(l+1)
v = LayerNorm

σ
 ∑

e∈E(v)

1
|e|
∑
u∈e

h(l)
u W(l)

 , (6.2)

where E(v) is the set of hyperedges containing node v, |e| is the size of hyperedge

e, W(l) ∈ Rd×d is a learnable weight matrix, σ is the ReLU activation function, and

LayerNorm stabilises training.

Adaptive Readout. To improve the representation learning of user-item inter-

actions from the HGNN module, we apply adaptive readout [16], a function that

aggregates the HGNN embeddings [287]. In HGLMRec, readout is applied using

an attention-weighted grouping (Equation 6.3) that retains expressive hypergraph

summaries tailored to the particular interactions for the particular iteraction.

Token Generation. After two convolutional layers, node embeddings {h(l)
v }v∈V

are pooled by leveraging adaptive readout to form compact graph tokens:

αv =
exp

(
a⊤ tanh

(
Wa h(l)

v

))
∑

u∈V exp
(
a⊤ tanh

(
Wa h(l)

u

)) , G = MLP
(∑

v∈V
αv h(l)

v

)
(6.3)

where αv are attention weights learned via Wa and a, and the MLP ensures flexible

mapping of aggregated features.

6.3.3 Token Fusion

To align graph-based and prompt signals, HGLMRec fuses G with a tokenised task

prompt. We apply token fusion by concatenation [135] to the model that com-

bines structured graph tokens with the recommendation task prompt. Specifically,

a prompt such as “Recommend the top-5 most relevant items for user U, based on

their interactions from timestamp t2 to t1”, is tokenised, which converts the text
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into a sequence of token embeddings P ∈ Rm×d, where m is the number of prompt

tokens and d is the embedding dimension. These prompt embeddings P are then

concatenated with hypergraph tokens G ∈ Rk×d, which summarise user-item inter-

actions learned from the hypergraph encoder. To retain the position information

of the tokens in the combined sequence, the positional encoding Ppos ∈ R(k+m)×d is

applied. The fused input tokens are then passed into the downstream MoA agents,

which aligns HGNN and the recommendation task representations in a shared em-

bedding space with positional context.

x1 = Concat(G,P) + Ppos (6.4)

.

Equation (6.4) fuses HGNN tokens G ∈ Rk×d with prompt tokens P ∈ Rm×d to

obtain unified token embeddings x1 ∈ R(k+m)×d. Concatenation preserves all token-

level information from both sources while maintaining the embedding dimension d

consistent for downstream processing. Positional encoding Ppos ∈ R(k+m)×d ensures

that the model retains information about the relative positions of the tokens within

the HGNN and prompt sequences, allowing for downstream MoA tasks.

6.3.4 MoA Framework

The MoA module processes the fused input tokens to iteratively refine the recom-

mendation predictions. Specifically, the MoA consists of multiple layers, each con-

taining several agents denoted by Ai,j, where i indexes the layer and j indexes the

agent within that layer. At each layer i, the input token representation xi ∈ Rm×d

is processed in parallel by all n agents Ai,1, . . . , Ai,n. Each agent Ai,j(·) is a “frozen”

LLM that produces refined token embeddings. The outputs of all agents in the layer

are combined using a cross-agent attention-based aggregation operator, denoted by⊕. This aggregated output is then combined with the initial fused input tokens x1

through a residual connection, producing the intermediate representation yi, which
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serves as input xi+1 for the next layer.

yi =
n⊕

j=1
Ai,j(xi) + x1, and xi+1 = yi. (6.5)

Hypergraph Encoding (Algorithm 5). User-item interactions are into hyper-

graph tokens using a two-layer HGNN.

Algorithm 5 Hypergraph Encoder
Require: Hypergraph G = (V , E), user/item sets U, I
Ensure: Graph tokens G ∈ Rk×d

1: Initialise embeddings: Eu ∈ R|U |×d, Ei ∈ R|I|×d

2: for each node v ∈ V do
3: h(0)

v ← Eu[v] if v ∈ U ; else Ei[v]
4: end for
5: for l = 0 to 1 do
6: for each node v ∈ V do
7: zv ←

∑
e∈E(v)

1
|e|
∑
u∈e

h(l)
u W(l)

8: h(l+1)
v ← LayerNorm(ReLU(zv))

9: end for
10: end for
11: G← MLP(MeanPool({h(2)

v }v∈V))
12: return G

6.3.5 Training Procedure

The training objective is to minimise the cross-entropy loss, which measures the dis-

crepancy between predicted model predictions and ground truth. The loss function

is defined as:

L = − 1
N

N∑
u=1

∑
b∈B

I∑
i=1

rb
ui log r̂b

ui + λ∥Θ∥2
2 (6.6)

where, N denotes the total number of users, I is the number of items, and

B is the set of interaction behaviours such as view, cart, or purchase. The term

rb
ui ∈ {0, 1} represents the ground truth label, while r̂b

ui ∈ (0, 1) is the prediction of

the model. The parameter set Θ includes all trainable components of the model -

such as user and item embeddings, HGNN weights, and MLP parameters - and λ is

a regularisation coefficient that controls the penalty L2 ∥Θ∥2
2 to prevent overfitting.
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Prompt-Guided Reasoning (Algorithm 6). Fuses graph tokens with prompt

embeddings and passes them through a three-layer MoA architecture.

Algorithm 6 MoA Framework
Require: Graph tokens G, prompt T , agents {Ai,j}
Ensure: Predicted scores yfinal ∈ R|I|

1: P← MoA_Tokenizer(T )
2: x1 ← Concat(G,P) + PE()
3: for i = 1 to 3 do
4: n← {3, 3, 1}[i]
5: for j = 1 to n do
6: oj ← Ai,j(xi)
7: end for
8: if i < 3 then
9: yi ← MultiHeadAttention(xi, {oj}) + x1

10: xi+1 ← yi

11: else
12: yfinal ← Softmax(MLP(o1))
13: end if
14: end for
15: return yfinal

Optimisation (Algorithm 7). Hypergraph Encoder Training.

Algorithm 7 Encoder Training
Require: Dataset D, epochs E, batch size B, learning rate η
Ensure: Trained parameters Θ

1: Initialise AdamW optimiser with linear warmup
2: for epoch = 1 to E do
3: for each batch (G, T,A) ∈ D do
4: G← Algorithm 5(G)
5: Â← Algorithm 6(G, T )
6: Compute loss: L
7: Update: Θ← Θ− η∇ΘL
8: end for
9: Log validation metrics

10: end for

6.4 Experiments

Datasets. For experiments, we use three real-world datasets that contain four

types of interactions , purchase, add-to-favourites, add-to-cart, and view: Taobao
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IJCAI and Tianchi. These datasets are chosen for evaluation because they directly

reflect the challenges outlined in RQ3. More details on the datasets are provided

in Chapter 2.

Implementation Details. In our experiments, the MoA model is configured with

Qwen2-7B [296] for the intermediate agent layers and LLaMA-3-8B [50] for the final

aggregation layer. Using different large-language models (LLMs) in the intermediate

and final layers, we can leverage the strengths of each model, which in turn helps

produce more coherent output, an essential factor for generating high-quality rec-

ommendations [247]. For the HGLM-SM variant, we employ LLaMA-3-70B [50]

and GPT-4o [1], selected for their reasoning abilities [331]. This configuration

allows us to evaluate the MoA framework’s ability to generate accurate recommen-

dations efficiently with smaller agents, while providing a meaningful baseline com-

parison against high-capacity models capable of handling more complex interaction

patterns.

Hyperparameters. For the HGNN encoder, the feature dimension is set to 128,

balancing expressiveness and computational efficiency. The number of hypergraph

convolution layers is set to 2 to capture high-order dependencies. We apply the

AdamW optimiser for training with a learning rate of 5× 10−4. Warm-up steps are

set to 500 to facilitate stable convergence. The details of the key hyperparameters

are found in Table 6.1.

6.4.1 Results and Analysis

Table 6.2 presents the comparison of HGLMRec performance results against sev-

eral baseline models. Generative methods RLMRec, TRSR, KDA and TALLRec

show better performance compared to sequential models MBHT and PBAT, which

is attributed to their generative capabilities. HGLMRec consistently outperforms

baseline models in the three datasets, which is attributed to the combined benefits

of the HGNN and MoA modules. The encoder provides a better capture of the
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Hyperparameter Value

HGNN Layers (l) 2
Embedding Dim (d) 128
HGNN Tokens (k) 10
MoA Layers 3
Learning Rate 10−3

Weight Decay 10−5

Optimiser AdamW
Dropout Rate 0.2
Warmup Steps 500

Table 6.1: HGLMRec hyperparameters applied after grid search

Dataset Metric MBHT PBAT RLMRec TRSR KDA TALLRec HGLMRec

Taobao

HR@5(↑) 0.687 0.735 0.745 0.784 0.757 0.793 0.832*
NDCG@5(↑) 0.590 0.651 0.657 0.668 0.641 0.685 0.697*
HR@10(↑) 0.764 0.802 0.828 0.844 0.835 0.849 0.865*
NDCG@10(↑) 0.615 0.673 0.676 0.689 0.681 0.708 0.726*

IJCAI

HR@5 (↑) 0.774 0.871 0.882 0.914 0.878 0.892 0.919*
NDCG@5(↑) 0.675 0.781 0.790 0.812 0.784 0.797 0.814*
HR@10 (↑) 0.852 0.924 0.913 0.921 0.906 0.917 0.932*
NDCG@10(↑) 0.701 0.798 0.791 0.786 0.795 0.790 0.812*

Tianchi

HR@5 (↑) 0.718 0.739 0.764 0.786 0.773 0.766 0.795*
NDCG@5 (↑) 0.536 0.568 0.579 0.584 0.581 0.574 0.606*
HR@10 (↑) 0.743 0.784 0.776 0.797 0.799 0.783 0.814*
NDCG@10(↑) 0.556 0.573 0.580 0.587 0.601 0.585 0.613*

Table 6.2: Performance comparison: The best performances indicated in bold show
the relative improvement over the best performing baseline at 0.05 significance with
paired t-test. Underlined values indicate second best performance.

user-item interactions, while the MoA module improves the ability of the model to

capture diverse and complex patterns in user behaviour to enhance the recommen-

dation. The results also show that the MoA model outperforms the models with

a single LLM configuration. This performance gain is attributed to the mixture of

the MoA agents, each partitioning the cognitive load to improve the accuracy of the

recommendations [247].

In dense datasets such as Taobao and Tianchi, HGLMRec achieves substantial

performance gains over baseline models. The richer interaction graphs in these

datasets provide more relational and behavioural cues, which our hypergraph-based

and MoA-enhanced approach can effectively exploit. Consequently, the benefits of

higher-order modelling and multi-agent embedding refinement are more fully realised
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in these settings. In sparse datasets such as IJCAI, where much of the user–item

space remains unobserved, baseline models often struggle with missing information.

Here, HGLMRec still yields consistent improvements, albeit in more modest incre-

ments. However, the fact that our model does not degrade performance in these

sparse settings indicates its robustness to data scarcity.

The MoA framework outperforms single-LLM methods. Table 6.3 shows

that MoA provides better recommendation performance compared to configurations

using one large LLM. Distributing both the computational and cognitive work among

multiple smaller agents enables the MoA module to capture user-item interactions

more effectively. Smaller agents also reduce computational overhead, improve scal-

ability, and enable real-time deployment. Our evaluation confirms that the dis-

tributed workload in MoA yields better results than a single-LLM configuration.

Taobao IJCAI Tianchi

Model HR@10 N@10 HR@10 N@10 HR@10 N@10
w/o Hypergraph Encoder 0.782 0.645 0.816 0.762 0.749 0.568
HGLM-SM 0.777 0.624 0.782 0.673 0.734 0.571
HGLMRec (1 Layer) 0.712 0.608 0.765 0.614 0.717 0.538
HGLMRec (2 Layers) 0.832 0.679 0.796 0.681 0.775 0.591
HGLMRec (3 Layers) 0.865* 0.726* 0.932* 0.812* 0.814* 0.613*

Table 6.3: Ablation study results: Performance comparison of the full HGLMRec
model and its variants.

Ablation Study

The significance of the components of the HGLMRec model is evaluated by conduct-

ing experiments that determine their impact on NDCG and HR. The model variant

configurations are outlined as follows: HGLM-SM: The MoA module is replaced

with a single LLM model, w/o Hypergraph Encoder: the hypergraph encoder mod-

ule is removed from the full model. The results summarised in Table 6.3 show that

the removal of the indicated components leads to a noticeable performance degra-
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dation, highlighting the contribution of each module to the model performance, and

the complete model consistently achieves the best results on the three datasets. In

the model variant without the hypergraph encoder, performance is degraded across

all datasets, which indicates that the module contributes to improving model per-

formance. In the HGLM-SM model variant, performance also decreases compared

to the HGLMRec model.

Hypergraph encoder benefits. The encoder in HGLMRec effectively captures

heterogeneous user-item interactions and facilitates richer contextual reasoning of

the model, as shown by the results in Table 6.3. In addition, the hypergraph rep-

resentation enhances the MoA module’s ability to learn interactions between users

and items, allowing for better understanding of the overall context of user behaviour

[272, 331]. The connected structure provided by the hypergraph leads to improved

model learning of the user’s intent, both of which are crucial for effective recommen-

dations.

Performance against the number of agent layers. The performance of HGLM-

Rec is evaluated by varying the number of layers of LLM agents. As shown in Table

6.3, the results show a clear trend: the NDCG score improves as the number of layers

increases. Specifically, the model performance at 3 layers is better than variants with

1 or 2 layers. This indicates that adding more layers enhances the model’s ability

to capture complex patterns in user behaviour, leading to better recommendations.

Efficiency Evaluation

A cost comparison of HGLMRec is evaluated against other baseline models. The cost

is calculated based on the pricing information available from API providers such as

OpenAI1 and Together.ai2. From the results in Figure 6.2, HGLMRec consistently
1https://openai.com/api/pricing.
2https://api.together.ai/models
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Figure 6.2: Cost and efficiency evaluation of the HGLMRec model. The cost is
calculated based on pricing information available on API provider websites.
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achieves the best performance and efficiency, achieving the highest NDCG scores

at the lowest computational cost. TALLRec and KDA also exhibit strong and

stable performance trends, closely following HGLMRec, especially in the mid-to-high

resource range. In contrast, GPT4o shows the weakest performance in all datasets

and resource levels, indicating limited effectiveness despite increased computational

input. HGLMRec outperforms GPT-4o and HGLM-SM in terms of both API cost

and TFLOPs, achieving the highest NDCG values at every resource level, indicating

superior efficiency at lower computational cost compared to methods with a single

LLM configuration.

6.5 Comparative Analysis of The Proposed Mod-

els

The proposed models - GTRec, GTRec-DE, STMBR, FATH, FATH-FA, Hy-

perRec, and HGLMRec - consistently outperform baseline models (including

MBHT, PBAT, and HMAR) across datasets of varying sparsity and sequence

length.

GTRec employs a lightweight hypergraph transformer architecture that achieves

robust performance with low computational complexity. Its enhanced variant, GTRec-

DE, integrates differential encoding to further improve accuracy while maintain-

ing efficiency. Another GT-based approach, STMBR, introduced in Chapter 3,

shows competitive performance with GTRec and GTRec-DE on metrics such as

HR, MRR and NDCG, at lower computational cost. In Chapter 4, the FATH

and FATH-FA FATH models achieve performance comparable to GTRec and

STMBR across all datasets, with greater computational efficiency in terms of run-

time and memory usage. Chapter 5 presents the HyperRec model, which uses

hyperbolic embeddings and linear attention to capture complex hierarchical data.

Its variant, HyperRec-S, further enhances accuracy at a higher computational

cost.
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Despite the performance and efficiency advantages demonstrated by the methods

proposed in Chapters 3, 4 and 5 - GTRec, GTRec-DE, STMBR, FATH and

FATH-FA, these models remain limited in real-world settings where user prefer-

ences continuously evolve [339]. To overcome these limitations, HGLMRec is intro-

duced as an interactive recommendation framework capable of adapting to dynamic

user behaviours and issues such as TD, as discussed in Chapter 2. HGLMRec con-

sistently achieves superior accuracy on diverse datasets, including dense (Taobao),

large-scale (IJCAI ), and long-sequence (Tianchi) settings. These results confirm

that the integration of structural reasoning with agentic inference yields enhanced

contextual understanding and improved model accuracy. Table 6.4 summarises the

qualitative advantages of the methods introduced in this thesis, in terms of their

computational efficiency and accuracy across datasets with varying sparsity, density

and sequence lengths.

Dataset Name Dataset Characteristics GTRec GTRec-DE STMBR FATH FATH-FA HyperRec HGLMRec
Retailrocket Sparse, Short Sequences ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ –
IJCAI Sparse, Long Sequences ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ ↑↑↑
Taobao Dense, Medium Sequences ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ ↑↑ ↑↑↑
Tianchi Dense, Long Sequences ↑↑ ↑↑ ↑↑ ↑↑ ↑ ↑ ↑↑ ↑↑↑

Table 6.4: Relative performance improvement of the proposed models across
datasets of varying sparsity, density, and sequence length. Arrows are colour-coded:
↑ = computation efficiency, ↑ = accuracy, ↑ = dynamic adaptability.

6.6 Chapter Summary

In this chapter, the limitation in modelling dynamic scenarios faced by most HGNN-

based RS methods, as discussed in Chapter 2, is addressed. The interactions be-

tween users and items in the real world continue to evolve, making it important

for RSs to adapt to these dynamics [312]. However, most state-of-the-art HGNN-

based RS methods, including those introduced in Chapters 3, 4 and 5, are

limited in effectively modelling these dynamic scenarios due to issues such as time

drift. To address this issue, HGLMRec is proposed, an RS model that integrates

a hypergraph encoder with an MoA framework to learn complex user-item interac-
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tions. HGLMRec demonstrates the advantages of combining structured user-item

interaction data with “frozen” LLM agents, opening up new possibilities for future

research and applications in this area. Experimental results show that HGLMRec

outperforms state-of-the-art baselines, achieving better performance at lower com-

putational cost. In summary, HGLMRec presents a novel and practical approach

to interactive RSs, capturing complex user-item interactions with high accuracy

and lower computational (API, TFLOPs) cost. Finally, Table 6.4 summarises the

qualitative benefits of the methods introduced in this thesis.
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Conclusion

7.1 Revisiting Research Questions and Findings

In this chapter, the contributions of this thesis are summarised. Chapter 2 in-

troduces graph neural networks, hyperbolic geometry, transformers and the useful

background knowledge of RSs that is required to follow the thesis. Chapter 3

introduces two lightweight graph transformer-based methods for RSs GTRec and

STMBR, which enable effective modelling of heterogeneous user-item interactions

while improving computational efficiency. This chapter addresses the first research

question of this thesis (RQ1). In Chapter 4, the problem of computational bottle-

necks (memory and runtime) caused by the irregular structure of user-item interac-

tions (RQ2.1) is addressed. A hardware-algorithm co-design approach is proposed

for HGNN-based RSs, with the goal to improve efficiency, scalability and perfor-

mance in real-world settings. The FATH framework, that does not apply the GNN

message-passing scheme in representation learning, is introduced. In Chapter 5,

the application of hyperbolic geometry as another alternative to the message-passing

scheme is studied for heterogeneous recommendation, and the HyperRec model is

proposed, which shows competitive performance and efficiency compared to state-of-

the-art methods, addressing RQ2.2. In Chapter 6, the HGLMRec, a model that

collaboratively applies hypergraph and MoA frameworks, is proposed to address ef-

ficiency issues in practical recommendation scenarios. Empirical evaluation shows
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that this architecture outperforms single large LLM configurations in recommen-

dation tasks with significant computational cost benefits. This chapter addresses

RQ3. The summary of the thesis contributions is shown in Table 7.1.

Challenge(s) Proposed Solution(s) Finding(s)

RQ1: Model compres-
sion in GNN / trans-
former - based mod-
els often leads to per-
formance losses. Can
we address this issue
using lightweight graph
transformer approaches
without degradation of
recommendation perfor-
mance?

Chapter 3: Lightweight
graph transformers for
recommendation per-
formance and efficiency
improvement. GTRec:
applies a hub and
spoke mechanism and
STMBR: combines
Sortnet and Sparse
Sinkhorn algorithms.

Learnable pattern embedding
with modular local and global
attention improves performance
while maintaining computational
feasibility. However, GNN meth-
ods show degraded performance
as the graph size increases, which
is attributed to oversmoothing
and oversquashing issues in
large-scale settings.

RQ2.1: Graph struc-
ture is irregular, which
leads to memory bottle-
necks. Can we opti-
mise the computational
pipeline by adapting to
the GPU memory archi-
tecture?

Chapter 4: FATH
framework: Hardware-
algorithm co-design to
regularise the input
structure with the goal
of optimizing memory
usage and reducing run-
time.

Hardware-algorithm co-design us-
ing flash attention improves ef-
ficiency with competitive model
performance against state-of-the-
art baselines. FATH performance
gains are attributed to node-to-
node and node-to-edge attention.

RQ2.2: Message-
passing GNN methods
are prone to oversmooth-
ing and oversquashing
in large-scale settings
as the size of the graph
increases. Can we ad-
dress this issue using
non-message-passing
methods?

Chapter 5: HypRec:
Hypergraph represen-
tation learning using
hyperbolic geometry as
an alternative to GNN
message-passing. Soft-
max and DCT attention
mechanisms are applied
comparatively.

Hyperbolic representation learn-
ing with linear DCT attention im-
proves model performance with
significant efficiency gains as the
dataset size increases. Inte-
gration of softmax attention,
however, increases computational
cost.

RQ3: Static HGNN-
based RS methods strug-
gle to effectively capture
dynamic scenarios. Most
LLM-based RS methods
that aim to address this
issue have high com-
putational cost (of pre-
training, fine-tuning and
API pricing) which is
prohibitive in practical
scenarios.

Chapter 6: HGLM-
Rec: Hypergraph-
enhanced MoA RS
framework that collabo-
rates with a hypergraph
encoder designed to
address halucination
issues and capture com-
plex dynamic user-item
interactions.

HGLMRec shows significant com-
putational savings with competi-
tive performance. Most RS meth-
ods that use LLM, however, re-
main computationally expensive
compared to predictive methods,
requiring further research to im-
prove their efficiency.

Table 7.1: Summary of thesis contributions which include challenges addressed,
proposed solutions and findings.
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7.2 Application Areas and Industrial Impact

The methods proposed in this thesis offer practical benefits, particularly in e-commerce,

where personalised recommendations enhance user engagement and drive sales. In

addition to performance, efficiency is also essential in real-world RS applications

to reduce cloud computing costs and infrastructure demands [182]. Reducing com-

putational costs has a positive environmental impact [128]. Large-scale AI models

deployed in data centres consume vast amounts of energy, contributing to signifi-

cant greenhouse gas emissions [222]. Optimising efficiency aligns with the industry’s

growing focus on sustainable practices [262], helping to minimise the environmental

footprint of AI infrastructure deployment [128]. Some of the methods introduced in

this thesis have been implemented in industrial settings1, resulting in the following

research output:

Tendai Mukande, Dimiter Dinkov, Riccardo Superbo and Noel E.

O’Connor. “Accelerating Workflows in Video Game Localisa-

tion: A Recommender System for Review and Post-Edit As-

signments.” ACM Transactions on Recommender Systems: Special Is-

sue on Recommender Systems in Industry. 2025.

7.3 Limitations

One limitation of this research lies in the computational resources used for exper-

imentation. All experiments were conducted using single GPU instances, which,

while sufficient for the scope of this study, impose constraints on the scalability and

complexity of the real-world models that can be explored. Moreover, single-GPU

environments limit the exploration of distributed training methods, which are in-

creasingly important in modern RSs [77], particularly for handling large-scale data

and real-time inference requirements [283]. Although the findings in this thesis pro-
1This work was conducted during industrial placement at KantanAI (https://www.kantanai.

io/)
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Future Directions in RS
and Other ML ApplicationsNovelty

 Lightweight Hypergraph
Transformers

 1. Hub and Spoke Model in RS
 2. Differential Encoding in RS
 3. Sinkhorn Attention in RS
 4. Reversible networking in RS
 5. Blockwise Sorting in RS 

Higher-Order Representation
Learning

Hyperbolic Representation
Learning

 1. Hypergraph Encoder in RS
 2. Adaptive Token Fusion
 3. Mixture-of-Agents in RS

 1. Multi-Modal Token Fusion
 2. Multi-Modal Retrieval
 3. Multi-Objective RS 

 1. High-Order Tensors in RS
 2. High-Order Linear Layers in RS
 3. Flash Attention in RS

Thesis Contribution

 1. Hyperbolic Embedding in RS
 2. Hyperbolic Linear Attention

Chapter 4 
FATH and FATH-FA

Chapter 3
GTRec and STMBR

Chapter 5
HyperRec

Chapter 6 
HGLMRec 

Figure 7.1: Overview of the possible future research directions based on contribu-
tions proposed in this thesis.

vide insight within the context of the available resources, future work could address

this limitation by the use of multi-GPU setups or cloud-based distributed computing

platforms that enable more comprehensive experimentation. These advances could

further validate the scalability and efficiency of the proposed methods in real-world

high-computational demand scenarios.

7.4 Future Work

This research lays the foundation for numerous avenues of future exploration and

development. Building on the proposed methods, future work could focus on ad-

dressing the identified limitations and extending the models to other RS or machine

learning (ML) applications, as illustrated in Figure 7.1. Other possible research

directions include exploring different use cases and addressing ethical issues as dis-

cussed in the next paragraphs.

Diversity and Serendipity. One aspect of improving the user experience in RSs

lies in fostering diversity and serendipity [201, 354]. Although relevance ensures

that recommendations align with user preferences, diversity expands the range of
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suggestions to include items from different categories or interests [166, 195]. This

prevents users from being trapped in a “filter bubble”, where recommendations

become too narrow over time. Serendipity, on the other hand, introduces an element

of surprise by suggesting items that users may not have actively sought, but are likely

to find enjoyable or beneficial [51, 113]. Future work could focus on developing

hybrid models that prioritise both exploration and exploitation.

Explainability. Explainability is increasingly recognised as important in RSs, as

it promotes transparency, trust and user satisfaction [30, 333]. Users are more likely

to accept and act on recommendations when they understand the reasoning behind

them. Explainable systems provide insight into why specific items are suggested,

which helps users discover new content while feeling confident about the intentions of

the platform [241, 294]. To achieve this, the development of interpretable algorithms

that integrate user-friendly interfaces to present explanations in a clear and concise

manner is essential [30, 282].

Privacy and Security. As personalisation methods become more sophisticated,

ensuring user privacy and data security is a concern [155]. RSs often rely on sen-

sitive user data. A balance between personalisation and privacy requires robust

encryption methods, anonymisation and adherence to data protection regulations

such as GDPR [100, 221]. Privacy-preserving learning approaches, such as feder-

ated learning and differential privacy, offer promising directions for future research

[93]. These methods allow models to learn from decentralised data sources without

compromising the privacy of individual users [341]. In addition, improving security

protocols to prevent unauthorised access and data breaches is crucial as RSs become

more integral to daily life [92, 100].

Addressing Ethical Issues. Ethical issues in RSs are becoming more signifi-

cant, especially in large-scale RS settings [112]. For example, addressing bias is an

essential research direction, as algorithms can amplify existing inequalities by over-
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representing certain groups or perspectives [170, 178]. Ensuring fairness requires

continuous evaluation and adjustments to prevent discrimination and promote eq-

uitable outcomes for diverse user populations [67, 88]. Moreover, there is a growing

need to protect against manipulative practices, such as exploiting users’ vulnerabil-

ities for profit [92]. Ethical frameworks should guide the design and implementation

of RSs, focusing on values such as inclusivity and accountability [126]. Account-

ability mechanisms are essential to ensure compliance with relevant data privacy

and protection regulations such as GDPR2 and other applicable laws. In conclu-

sion, collaboration with stakeholders, including users, researchers and policy-makers

is necessary to address ethical lapses or unintended consequences. Future research

could explore algorithmic auditing tools, fairness-based models and collaborative

governance structures to address these challenges.

7.5 Concluding Remarks

In this thesis, HGNN-based RS methods that incorporate efficient self-attention,

hyperbolic geometry and hypergraph-enhanced MoA are proposed to capture lo-

calised and global patterns, improve efficiency, scalability and recommendation per-

formance. These innovations and provide a foundation for new reseach directions in

the RSs landscape, where training and deploying higher-quality models with fewer

resources becomes more widely possible.

2https://gdpr-info.eu/.
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Appendix A

Appendix

A.1 Baseline Models

Model Core Architecture Sequence Encoder Propagation Mechanism

Transformer-based

SASRec Transformer Self-attention Feed-Forward
BERT4Rec Bi-directional Transformer Self-attention Feed-Forward
PBAT Transformer Self-attention Feed-Forward
MB-STR Transformer Self-attention Feed-Forward
HMAR Transformer Self-attention Feed-Forward

GNN-based

GRU4Rec RNN GRU Recurrent Propagation
MB-GCN GNN GCN Message Passing
MB-GMN GNN GCN Message Passing
GCSAN GNN GAT Message Passing

Hybrid

KMCLR Transformer Self-attention Contrastive Learning
MBHT Transformer Self-attention HGNN

Table A.1: Classification of baseline models by architecture.
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A.2 STMBR

A.2.1 Hyperparameters

Hyperparameter Value(s)

Embedding Dimension (d) 64, 128, 256, 512
Batch Size (B) 64, 128, 256
Learning Rate 0.001, 0.003
Optimizer AdamW
Dropout 0.1, 0.2, 0.3
Number of Attention Heads 4, 8, 12
Sequence Length (ℓ) 64, 256, 512
Block Size (ℓB) 16, 32, 64
Number of Sorting Iterations 5, 10, 15, 20

Table A.2: Hyperparameter search table for the STMBR model.
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A.3 HGLMRec

A.3.1 Adaptive Readout

Readout is defined as a permutation-invariant function that aggregates the final

node embeddings {h(K)
v } into a single graph-level vector:

hG = READOUT
(
{h(K)

v }
)
, (A.1)

where the GNN attains maximum expressivity - matching the 1 Weisfeiler-Lehman

isomorphism test using injective sum pooling at each layer and concatenating across

all layers ensuring both permutation invariance and multi-scale expressivity [287]:

hG = CONCAT
(∑

v

h(0)
v , . . . ,

∑
v

h(K)
v

)
, (A.2)

.

A.3.2 Hyperparameters

Table A.3 details key hyperparameters, selected via grid search on validation data.
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Hyperparameter Value(s)

Hypergraph Encoder (HGNN)

Learning Rate 5× 10−4

Layers (L) 2
Hidden Dimension (dl) 128
Dropout 0.2
Weight Decay (λ) 10−5

Mixture-of-Agents

MoA Layers {1, 2, 3}

Training

Batch Size {64, 128, 256}
Warm-up Steps 500

Table A.3: Hyperparameter settings for HGLMRec.
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