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Abstract

Modern recommendation systems are increasingly required to operate in large-
scale digital ecosystems where user bases grow continuously, item spaces expand rapidly,
and interaction patterns evolve in unpredictable ways. These environments intensify fun-
damental challenges such as data sparsity, cold-start scenarios, scalability constraints,
multi-domain adaptation, and the need for conversational interaction. Traditional mod-
els often struggle to provide scalable solutions for learning expressive user-item repre-
sentations or incorporating auxiliary side information at scale, and they fail to maintain

stability under changing interaction patterns.

This dissertation develops a unified deep learning framework for robust and adap-
tive recommendation through deep modeling of both canonical data (user-item interac-
tions) and auxiliary data (side information, domain context, and conversational signals).
The research addresses three fundamental challenges across four interconnected direc-

tions.

First, the dissertation investigates scalable recommendation through ID-free user
representations, neural soft clustering, and contrastive learning. By eliminating depen-
dency on explicit user identifiers and organizing users into probabilistic latent preference
groups, the proposed approach dramatically reduces memory requirements while main-

taining recommendation quality at the scale of real-world recommendation.

Second, the research explores robust fusion of canonical and auxiliary data through
attention-based weight generation mechanisms and masked graph contrastive learning.
These techniques dynamically balance the contribution of behavioral embeddings and
side information while selectively preserving informative embedding dimensions, en-

hancing representation robustness under sparse and cold-start conditions.

Third, the dissertation develops continual learning mechanisms for adaptive multi-
domain recommendation. Through domain masking and specialization with soft con-
straints, the proposed framework enables multi-directional knowledge transfer across
domains while preserving domain-specific knowledge and ensuring balanced perfor-

mance optimization.

il



Fourth, the research proposes hybrid conversational recommendation that bridges
canonical and auxiliary data through graph neural network-based preference modeling
integrated with large language models and retrieval-augmented generation. This ap-
proach combines long-term user behavior with real-time conversational intent to gener-

ate context-aware personalized recommendations.

Extensive experiments on benchmark datasets and industrial deployment with real
products from Viettel (one of the largest corporations in Vietnam), validating the effec-
tiveness of the proposed framework, demonstrating consistent improvements over state-
of-the-art baselines and confirming that deep integration of canonical and auxiliary data
provides a robust foundation for scalable, adaptive, and conversational recommendation

systems.

Keywords: Deep learning, recommendation systems, canonical data, auxiliary data,
data sparsity, cold-start problem, scalability, soft clustering, contrastive learning, graph
neural networks, side information fusion, continual learning, multi-domain recommen-
dation, conversational recommendation, large language models, retrieval-augmented

generation.
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Preamble

Research Context and Motivation

With the explosive development of the Internet, e-commerce and social media plat-
forms, recommender systems have become essential tools for various business services
to help users cope with information overload and improve user experience, engagement,
and decision making quality [1]. These systems are applied in various use cases across
industries, such as offering relevant products on online shopping platforms like Amazon
and Taobao, suggesting friends on online social networks, or generating personalized
playlists for video and music streaming services like YouTube, Netflix, and Spotify.
Users depend on recommender systems to deal with the information burden and to dis-
cover items of interest from a vast array of options, including products, movies, news
articles, or restaurants. Therefore, accurately capturing, analyzing and understanding
user’s preferences from their past interactions, such as clicks, watches, reads, chats,
rates, and purchases, are crucial for an effective recommender system [66, 149]. Un-
der this context, recommendation systems have gradually evolved from complementary
ranking tools into core infrastructures that directly shape user experience, service qual-

ity, and business performance.

However, real-world online services are becoming increasingly complex than ever
before [158]. User behaviors vary significantly and change dynamically over time, the
item space grows continuously with strong long tail characteristics, and interaction data
remain highly sparse and noisy. In addition, modern recommendation systems are re-
quired to operate under strict constraints on scalability, latency, fairness, and robustness,
while simultaneously adapting to rapidly changing user preferences and content ecosys-
tems. These challenges reveal fundamental limitations in traditional recommendation
methodologies and motivate the integration of different types of data and the exploration

of more advanced deep learning approaches [149].

The effectiveness of any recommender system fundamentally depends on the qual-
ity and diversity of data it can leverage [111]. In this dissertation, a principled cate-

gorization is adopted that distinguishes between two types of data: canonical data and



auxiliary data. Canonical data refers to the primary user item interaction signals that
directly capture user preferences and behavioral patterns, including explicit feedback
such as ratings and reviews, as well as implicit feedback such as clicks, views, and pur-
chases [66]. Auxiliary data include other information sources that provide additional
context about users, items, or their relationships beyond direct interactions, including
demographic attributes, content metadata, contextual signals, and social relations [111].
The auxiliary data can also be the user (purchase) intents revealed in cconversational
texts in which they are involved. How to integrate both canonical data and auxiliary data
in order to enhance the efficacy and efficiency of recommender systems is still a key

question that needs to be explored and investigated thoroughly.

Regarding recommendation methods, various techniques have been applied suc-
cessfully to building recommender systems so far, such as collaborative filtering (like
neighborhood user based or item based, clustering based, SVD, matrix factorization),
content based, and hybrid approach. However, the recent success of deep learning in
computer vision, natural language processing, and speech recognition has inspired the
application and evolution of deep models in recommendation systems [22, 149]. Unlike
traditional models that are largely based on manually engineered features and complex
mathematical transformations (e.g., SVD, matrix factorization), deep learning enables
automatic extraction of high level semantic representations from massive volumes of
unstructured data. Architectures such as graph neural networks, autoencoders, con-
trastive self supervised learning frameworks, and more recently large language mod-
els (LLMs) have greatly expanded the representational power of recommender systems.
These deep architectures offer capabilities for modeling complex patterns from a wide
range of structured and unstructured data. Nevertheless, despite their remarkable mod-
eling capacity, deep learning based recommendation models still face critical challenges
in practical deployment, particularly in terms of robustness, scalability, adaptability, and
dynamicity. Robustness means that a recommender system can work well in extreme
data sparsity and cold-start scenarios. Scalability means that a system can still serve
efficiently under massive user bases where traditional per ID personalization becomes
unmanageable. Adaptability means that a system can make the most of multiple ser-
vices and domains where user preferences and data distributions continuously evolve.
Dynamic adaptability, in the scope of this thesis, items of interest based on both long

term preferences and real time user intents revealed in a conversation.



Challenge 1: Scalable and Robust Deep Modeling of Canonical and Auxiliary Data
The first fundamental challenge lies in achieving scalable and robust recommendation
when canonical interaction data is sparse or unavailable, necessitating effective integra-
tion with auxiliary information sources while maintaining computational efficiency at

web scale.

Data Sparsity and cold-start: Even in large scale platforms, the vast majority of
users interact with only a very small fraction of available items, resulting in highly sparse
canonical user item interaction matrices. For example, Netflix users rate fewer than 1%
of available movies [9], and Amazon customers purchase an even smaller fraction of the
millions of available products [79]. This sparsity in canonical data creates several dif-
ficulties: limited statistical evidence makes it difficult to distinguish actual preferences
from noise, reduced collaborative signals weaken the effectiveness of collaborative fil-
tering approaches [104], and long tail distributions lead to biased recommendations that

favor popular items.

The cold-start problem emphasizes the importance of auxiliary data integration.
When new users or items lack sufficient canonical interaction history, auxiliary informa-
tion including demographic attributes, content metadata, contextual signals, and social
relationships offers a promising direction to compensate for the absence of behavioral
signals [149]. Graph based learning has emerged as a powerful paradigm for the unifica-
tion of canonical and auxiliary data [135], as it naturally models high order relationships
between users, items, and auxiliary entities within a unified structure. LightGCN [42]
established the foundation by demonstrating that simplified graph convolutions achieve
superior performance for collaborative filtering. Self supervised and contrastive learning
techniques [134, 143] further enhance the robustness of representation by constructing

additional training signals from unlabeled data.

Scalability Constraints: Beyond data quality challenges, modern recommenda-
tion systems face critical scalability constraints that limit practical deployment. The
standard paradigm of learning unique embedding vectors for each user and item creates
impractical memory requirements at web scale. Chen et al. [19] calculated that a system
serving 1 billion users with 64 dimensional embeddings requires approximately 238 GB
of memory solely for user embeddings. When combined with item embeddings and cat-
egorical features commonly used in industrial systems, the total memory requirements
can easily exceed the capacity of commodity hardware. This constraint forces prac-

titioners to make difficult trade offs between model expressiveness and computational



resources.

Furthermore, the exhaustive item scoring paradigm where all candidate items must
be evaluated for each user request creates a fundamental misalignment between offline
training and online serving requirements. Production systems must respond within strict
latency constraints, often measured in tens of milliseconds, yet most academic research
continues to optimize for full matrix reconstruction objectives that are computationally

infeasible in real time scenarios.

Research Gap 1: Despite progress in graph based methods, several critical limita-
tions remain in modeling of canonical and auxiliary data at scale. First, auxiliary infor-
mation may introduce systematic bias if the data are incomplete, noisy, or reflect societal
biases [16]. Most existing fusion methods employ static combination rules that cannot
adapt to the varying informativeness of canonical versus auxiliary data sources across
diverse user populations. Second, existing contrastive learning methods treat all dimen-
sions of node embeddings uniformly, failing to account for the diverse informativeness
of different embedding dimensions that encode canonical versus auxiliary signals. The
integration of learnable masks with graph based contrastive learning for adaptive data
fusion remains unexplored. Third, current approaches rely heavily on explicit user iden-
tifiers with dedicated embedding vectors, creating memory bottlenecks and preventing
efficient scaling to web scale user populations. The development of ID independent rep-
resentation learning that maintains recommendation quality while dramatically reducing

model size remains an open challenge.

These gaps motivate Chapters 2 and 3, where supportive solutions are proposed:
EfficientRec (Chapter 2) achieves scalable deep modeling of canonical interaction data
through behavior driven embeddings that eliminate user ID dependency, soft cluster-
ing that enables probabilistic user representation across latent preference groups, and
contrastive learning that enhances robustness under sparse conditions. GIFT4Rec and
MaskSimGCL (Chapter 3) address robust fusion of canonical and auxiliary data through
attention based mechanisms that adaptively weight different information sources and
masked contrastive learning that selectively preserves informative embedding dimen-

sions while filtering noise.
Challenge 2: Adaptive Multi-Domain Recommendation

Another fundamental feature of modern recommendation environments is their
multi-domain nature, which presents unique challenges for both canonical and auxil-

iary data modeling. Users frequently interact across multiple services, platforms, and

4



content categories such as movies, music, short videos, e-commerce products, and social
content. The canonical interaction patterns learned in one domain may be partially trans-
ferable to another, yet each domain also shows specific characteristics in both canonical
behaviors and auxiliary contexts [147, 157]. In industrial recommendation systems, plat-
forms such as Taobao and streaming services simultaneously serve users across multiple
business domains where each domain exhibits distinct canonical user behavior patterns

and auxiliary semantic characteristics [157].

However, most existing deep recommendation models suffer from catastrophic for-
getting when deployed in sequential multi-domain settings [61]. When models are up-
dated to accommodate new domains with different canonical and auxiliary data char-
acteristics, previously learned knowledge is often overwritten, resulting in severe per-
formance degradation. Recent industrial deployments have addressed this challenge
through approaches such as CTNet [81], KEEP [152], and DIIT [50], but these methods

predominantly follow a unidirectional transfer paradigm.

Research Gap 2: A systematic analysis reveals limitations in existing approaches
for adaptive multi-domain modeling. Firstly, the predominant paradigm follows a unidi-
rectional transfer approach where knowledge flows exclusively from source domains to
target domains creating an inherent imbalance where source domain representations may
experience performance degradation over time. Secondly, existing continual learning ap-
proaches employ hard constraints that completely freeze parameters considered crucial
for previous domains, limiting bidirectional knowledge sharing. Thirdly, no existing
framework explicitly optimizes for balanced performance across all domains. These
gaps motivate Chapter 4, where CNL4Rec is proposed a continual learning framework
for adaptive multi-domain recommendation that employs domain masking and domain
specialization mechanisms with soft constraints, enabling multi directional knowledge

transfer and fairness oriented optimization of both canonical and auxiliary data.

Challenge 3: Conversational Recommendation Bridging Canonical and Aux-

iliary Data

As the challenges mentioned above indicate, recommendation systems are under-
going a paradigm shift toward conversational and language driven interaction [28, 54].
This shift basically changes how canonical and auxiliary data are utilized: long term
canonical interaction histories must be integrated with real time auxiliary signals from
natural language conversations. With the rapid development of large language models,

users increasingly expect recommendation systems to support natural language queries,



interactive feedback, and explainable suggestions.

User intent in conversational settings can be classified into two primary forms:
implicit intent inferred from canonical behavioral data (e.g., browsing history, viewing
patterns), and explicit intent communicated through auxiliary conversational input (e.g.,
natural language queries, chatbot). Traditional recommendation models show strengths
in capturing implicit intent from historical canonical data, while chatbot systems are ef-
fective at handling explicit intent through conversational understanding. However, large
language models alone are not optimized for structured preference learning from canon-
ical data, while traditional recommenders lack flexibility for natural language interaction
[78]. Graph based deep learning models have been applied for their ability to produce
expressive representations from canonical interaction graphs [42], while LLMs display

remarkable capabilities for processing auxiliary textual information [8, 20].

Research Gap 3: Bridging structured recommendation models for canonical data
with language based generative intelligence for auxiliary conversational signals requires
hybrid integration [71]. Existing conversational recommendation systems struggle with
data sparsity in conversational contexts, available canonical interaction data within a
single dialogue session is essentially limited, necessitating effective utilization of aux-
iliary conversational context. The challenge lies in combining long term canonical user
interaction histories with real time user intent to generate accurate, personalized recom-
mendations. This gap motivates Chapter 5, where a hybrid conversational recommenda-
tion framework is proposed that combines GNN based preference modeling of canonical
interaction data with LLM and RAG powered semantic reasoning over auxiliary conver-

sational context.

Toward a Unified Deep Learning Framework for Canonical and Auxiliary
Data

Motivated by these fundamental challenges and research gaps, this dissertation is
focused on developing a unified deep learning based recommendation framework that
achieves robust and adaptive recommendation through deep modeling of both canonical
and auxiliary data. At the core of this framework lies the principle of learning infor-
mative, robust, and transferable user representations by integrating canonical interaction
signals with auxiliary contextual information through advanced deep learning architec-
tures. Table 2 summarizes the mapping between the key challenges and the dissertation

chapters.

Robust and scalable recommendation is advanced by constructing interaction based



Table 2: Mapping of key challenges to dissertation chapters

Challenge Ch.2 Ch.3 Ch.4 Ch.5
Canonical data sparsity v v v
cold-start (auxiliary fusion) v v

Scalability v

multi-domain adaptation v
Conversational context v

user representations from canonical data that eliminate the dependency on explicit user
identifiers (Chapter 2). Through soft clustering and contrastive learning, large user pop-
ulations are effectively organized into latent preference structures derived from canoni-
cal behavioral patterns. To address cold-start through canonical versus auxiliary fusion,
interaction signals and auxiliary side information are integrated through graph neural

representation learning and masked contrastive self supervision (Chapter 3).

For adaptive multi-domain recommendation, a continual learning framework based
on domain masking and domain specialization is introduced to regulate parameter up-
dates across domains with varying canonical and auxiliary data characteristics (Chapter
4). Domain critical parameters are selectively protected while adaptive learning for new

domains is enabled.

In the conversational recommendation setting, a hybrid framework integrating graph
neural networks for canonical data modeling with retrieval augmented generation and
large language models for auxiliary conversational processing is proposed (Chapter 5).
This design effectively bridges canonical behavioral signals with auxiliary linguistic in-

puts.

Research Objectives

To address the challenges identified above, this dissertation aims to develop and
propose robust, adaptive, and dynamic deep learning based methods for building recom-
mender systems that effectively integrate canonical data (i.e., user item interaction and
rating) with diverse auxiliary information (e.g., user/item meta data, domain data, and
user intent data) to overcome fundamental challenges such as cold-start, data sparsity,
scalability, domain shift, and the temporal and changing user intents. More technically,

the thesis focuses on the following concrete objectives:

O1: Proposing deep learning based recommendation models that achieve robust-



ness against cold-start, data sparsity, and scalability challenges by learning informative
representations from canonical user item interactions and effectively integrating auxil-

iary side information.

02: Developing an adaptive recommendation model capable of delivering bal-
anced and reliable performance across multiple domains with varying canonical and
auxiliary data characteristics, while preserving prior knowledge during domain adapta-

tion.

03: Building a hybrid conversational recommendation framework that combines
the long term user interaction history (canonical data) with real time conversational
user intent (auxiliary data) in order to produce accurate, personalized, and contextually

aligned recommendations.

Research Questions

To achieve these research objectives, the thesis aims to study and answer the main
research question: How can a unified deep learning recommendation framework be de-
veloped to achieve robust and adaptive recommendation through deep modeling of both

canonical interaction data and auxiliary contextual information?
It is structured around three sub questions (SQs):

SQ1: How can deep learning architectures achieve robust modeling of canonical
interaction data and effective fusion with auxiliary side information to address sparsity,

cold-start, and scalability challenges? (Chapter 2 and 3)

SQ2: How can deep learning models adaptively preserve prior knowledge of both
canonical and auxiliary representations while achieving stable adaptation across multiple

recommendation domains? (Chapter 4)

SQ3: How can a hybrid conversational recommendation framework unify long
term canonical user behavior and real time auxiliary conversational intent to generate

context aware personalized recommendations? (Chapter 5)

Main Contributions of the Dissertation

This dissertation presents three key contributions that directly address the identified

research gaps in deep modeling of canonical and auxiliary data for recommendation:

Contribution 1: (Chapters 2 and 3): A unified framework for robust deep mod-
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eling and fusion of canonical and auxiliary data is developed through complementary
innovations addressing scalability, sparsity, and cold-start challenges. First, Efficien-
tRec (Chapter 2) achieves scalable recommendation through: learning robust behavioral
representations from canonical interaction data without relying on fixed user identifiers,
pioneering the application of neural soft clustering to individual user recommendation,
integrating contrastive learning with clustering, and achieving efficient cluster based
inference that avoids exhaustive item scoring. Second, GIFT4Rec and MaskSimGCL
(Chapter 3) achieve robust canonical and auxiliary fusion through: an attention based
Weight Generated module that dynamically computes user’s specific fusion weights con-
trolling the relative contribution of canonical behavioral embeddings and auxiliary side
information features, dual module fusion with local and global side information fusion
employing meta learning optimization, and combining learnable masks that adaptively
weight embedding dimensions, identifying task relevant parameters encoding canonical
versus auxiliary signals. The framework has been validated through academic metrics
and industrial deployment on the TV360 platform. This contribution was published in
the ACIIDS 2022 [P1], ACIIDS 2023 [P2], and KSE 2024 [P3].

Contribution 2 (Chapter 4): A continual learning framework for adaptive multi-
domain recommendation is developed that preserves domain specific knowledge while
enabling adaptation across domains with varying canonical and auxiliary data charac-
teristics. CNL4Rec achieves this through enabling multi directional knowledge transfer
of canonical interaction patterns and auxiliary semantic structures rather than unidirec-
tional source to target transfer, employing soft constraint mechanisms through domain
masking that modulate rather than eliminate gradient updates, allowing parameters im-
portant for each domain to continue adapting, implementing fairness oriented optimiza-
tion that evaluates and optimizes overall performance across all domains rather than

solely target domain metrics. This contribution was published in the ACIIDS 2023 [P4].

Contribution 3 (Chapter 5): A hybrid conversational recommendation framework
bridging canonical and auxiliary data is deployed that integrates structured preference
modeling with language based semantic reasoning. This achieves contextual integra-
tion through combining past behavioral signals from GNN based modeling of canonical
interaction data with real time conversational preferences from LLMs processing auxil-
lary linguistic inputs, employing retrieval augmented generation that grounds LLM re-
sponses in actual canonical user histories and item information, implementing ensemble
learning to combine canonical data driven recommendation and auxiliary context driven

conversational engines, achieving real time inference suitable for chatbot deployment
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while maintaining recommendation accuracy. This contribution has been submitted to
the Journal of IEEE Access (2025) [P5].

Together, these contributions establish a unified deep learning foundation for ro-
bust and adaptive recommendation systems that effectively model both canonical data
and auxiliary information, achieving scalability, domain adaptability, and semantic en-

richment across diverse interaction modalities.

Scope of the Dissertation

The scope of this dissertation is centered on developing a unified deep learning
framework for robust and adaptive recommendation through deep modeling of canonical

and auxiliary data. The research is organized around four technical chapters:

Chapters 2 and 3: These chapters focus on robust deep modeling of canonical
user item interactions and effective fusion with auxiliary side information. Chapter 2
advances scalable modeling through ID free representation learning, soft clustering, and
contrastive learning. Chapter 3 investigates attention based fusion mechanisms, meta

learning for generalization, and masked contrastive learning.

Chapter 4: Adaptive continual learning for multi-domain recommendation with
varying canonical and auxiliary data characteristics is explored, with emphasis on do-

main masking, domain specialization, and parameter based continual learning.

Chapter 5: Hybrid conversational recommendation combining GNN based mod-
eling of canonical data with LLM based processing of auxiliary conversational context
is integrated. Fully end to end LLM recommenders and open domain conversational

agents are outside the scope.

Dissertation Outline

The Dissertation outline is illustrated in Figure 1, which contains a Preamble, five
chapters, and a Conclusion. The related publications are marked to their corresponding
Chapter:

Chapter 1: LITERATURE REVIEW OF BACKGROUND AND METHODS pro-
vides an overview of key concepts in recommendation systems, including problem for-
mulation, canonical and auxiliary data types, traditional approaches, deep learning ar-

chitectures, and evaluation metrics.
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Figure 1: The dissertation outline

Chapter 2: ROBUST LARGE-SCALE RECOMMENDATION VIA INTERAC-
TION EMBEDDING AND SOFT CLUSTERING introduces EfficientRec for scalable
deep modeling of canonical interaction data through ID free user representations, neural
soft clustering, and contrastive learning. [P1] (ACIIDS, 2022)

Chapter 3: BOOSTING RECOMMENDATION VIA GRAPH BASED FUSION
OF CANONICAL INTERACTIONS AND AUXILIARY SIDE INFORMATION presents
GIFT4Rec for attention based canonical auxiliary fusion with meta learning, and MaskSimGCL
for masked graph contrastive learning. [P2] (ACIIDS, 2023), [P3] (KSE, 2024)

Chapter 4: ENHANCING MULTI-DOMAIN RECOMMENDATION WITH CON-
TINUAL LEARNING introduces CNL4Rec for adaptive multi-domain recommenda-
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tion with domain masking and specialization mechanisms. [P4] (ACIIDS, 2024)

Chapter 5: CONVERSATIONAL RECOMMENDATION WITH A GNN AND
RAG-BASED HYBRID SYSTEM proposes a hybrid framework bridging GNN based
canonical data modeling with LLLM and RAG powered auxiliary conversational process-

ing. [P5] (Journal of Big Data, 2025, In peer reviewing)

Conclusions summarizes the dissertation’s main contributions, discusses limita-

tions, and provides an outlook for future work.
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Chapter 1

Literature Review of Background
and Methods

1.1 Problem Definition and Formulation

Recommender systems are information filtering tools designed to predict user pref-
erences and suggest relevant items from large catalogs [98]. These systems have be-
come essential components of modern digital platforms, powering personalized ex-
periences across e-commerce, streaming services, social networks, and content plat-
forms [62, 149]. The fundamental goal of a recommender system is to estimate the
relevance or utility of items that users have not yet interacted with, while guiding users
toward items that align with their preferences while helping service providers increase

engagement and revenue [106].

The recommendation problem can be understood from multiple perspectives. From
an information retrieval viewpoint, it involves ranking items based on their predicted
relevance to a user query, where the query is implicitly defined by the user’s profile
and historical behavior [86]. From a machine learning perspective, recommendation is
a prediction task that aims to estimate missing values in a partially observed user item
interaction matrix [66]. From an optimization standpoint, the objective is to maximize a

utility function that captures both user satisfaction and business objectives [55].

1.1.1 Overview of Recommendation Problem

Problem Statement

Formally, a recommender system operates over three fundamental entities: a set of
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users U = {uy,ug,...,up}, asetof items V = {vy,v9,...,vn}, and the interactions
between them [98]. The core of any recommendation method is a utility function that

quantifies the relevance of an item to a user:

f:UxYV—=D (1.1)

where D represents the domain of utility values.

The primary objective of a recommender system is to identify, for each user v € U,

the items that maximize the utility function [1]:

. 1.2
vy = argmax f(u, v) (1.2)

In practice, systems typically generate a ranked list of top-/ items rather than a
single recommendation, producing an ordered set D, = {vy,vs, ..., vk} where items
are sorted in descending order by their predicted utility scores [23]. The recommenda-

tion task thus becomes:

D, = Top-Kyey (f(u,v)) (1.3)

Rating Matrix Representation

User item interactions are conventionally represented as a rating matrix R € RM*/,
where M = |U| denotes the number of users and N = |V| denotes the number of
items [66, 96]. Each entry r,, in this matrix represents the observed interaction be-

tween user v and item v.

For explicit feedback systems, r, , captures a user’s rating that directly reflects
their preference, such as a 5 star rating on a movie or a numerical score for a prod-
uct [64]. For implicit feedback systems, r,, encodes behavioral signals such as clicks,
views, or purchases which indirectly indicate user interest without explicit preference

statements [49].

A critical characteristic of the rating matrix is that only a small fraction of entries
are observed. Let 2 C U/ x V denote the set of observed user item pairs. The recommen-
dation task can then be formulated as matrix completion: given the partially observed
matrix R, predict the missing entries R where Q = (U x V) \ Q2 represents unobserved

interactions [66].
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R = F(Rq; 0) (1.4)

where F represents the recommendation model parameterized by ©, and R denotes the

predicted complete rating matrix.

The density of the rating matrix, defined as |Q|/(M x N), is typically extremely
low in real-world systems often less than 1% for large scale platforms [149]. This ex-
treme sparsity fundamentally shapes the design of recommendation algorithms and mo-

tivates many of the advanced techniques discussed in this dissertation.
Interaction History as a User-Centric View of Canonical Data

The rating matrix R provides a global, aggregate representation of all observed
user item interactions, which in this dissertation are referred to as canonical data the
primary behavioral signals that directly capture user preferences [42, 66]. In addition to
this global view, it is often necessary to reason about the behavioral trace of a specific
user. For each user u; € U, the interaction history is defined as the chronologically

ordered sequence of items that u; has previously engaged with:

Si= (via, via, -+, vig), vk €V, (1.5)

where ¢; = |S;| is the number of interactions recorded for user u;, and items are indexed
in chronological order. Each element v; ;. represents the k-th item interacted with, such
as a movie viewed, a product purchased, or an article clicked. When temporal ordering
is unavailable or irrelevant to the task, S; may equivalently be treated as an unordered

set.

The interaction history S; is thus the user-centric projection of canonical data: the

row R, . of the global rating matrix restricted to observed entries. Formally,

Si = {v; €V |rys #0}, (1.6)

making explicit that S; carries no new information beyond R, but reorganises canonical

data in the per-user form required by interaction-based deep learning architectures.
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1.1.2 Key Challenges in Recommender Systems

Despite decades of research and significant practical success, recommender sys-
tems continue to face several fundamental challenges that limit their effectiveness and
scalability [135, 149]. This dissertation specifically addresses three critical challenges:

data sparsity, cold-start problems, and scalability constraints.
Data Sparsity

The sparsity problem arises from the inherent imbalance between the vast space of
possible user item interactions and the limited number of observed interactions [53, 114].
In large scale systems, users typically interact with only a tiny fraction of available items.
For example, Netflix users rate fewer than 1% of available movies [9], and Amazon

customers purchase an even smaller fraction of the millions of available products [79].

This sparsity creates several difficulties for recommendation algorithms [3]:

» Limited statistical evidence: Sparse observations make it difficult to distinguish

actual preferences from noise, leading to unreliable preference estimates.

* Reduced collaborative signals: Sparsity decreases the overlap between users’ inter-
action histories, weakening the effectiveness of collaborative filtering approaches

that rely on finding similar users or items [104].

* Long tail distribution: Popular items receive abundant feedback while the majority
of items have very few interactions, leading to biased recommendations that favor

popular items over potentially relevant niche content [93].

Traditional approaches address sparsity through regularization [66], dimensional-
ity reduction [103], or incorporation of side information [111]. However, these methods
often struggle when sparsity is extreme, motivating the development of more sophisti-
cated techniques such as self supervised learning [144], contrastive learning [134], and

graph based representation learning [135].
Cold-Start Problem

The cold-start problem refers to the difficulty of making accurate recommenda-
tions for new users or new items that lack sufficient interaction history [67, 107]. This

challenge manifests in two distinct forms:

User cold-start occurs when a new user joins the platform without any historical
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interactions. Since collaborative filtering methods rely on past behavior to infer pref-
erences, they cannot effectively serve users who have not yet provided sufficient feed-
back [12]. This creates a critical user experience problem: poor initial recommendations

may cause new users to disengage before the system can learn their preferences [75].

Item cold-start occurs when new items are added to the catalog without historical
interaction data. These items cannot be recommended through collaborative filtering
alone, creating a visibility problem where potentially relevant new content remains hid-
den from users who might appreciate it [105]. This is particularly problematic for plat-
forms with rapidly changing inventories, such as news sites, fashion retailers, or content

platforms with frequent new releases [132].

Addressing cold-start typically requires incorporating auxiliary information be-
yond interaction data, such as user demographics, item attributes, textual descriptions,
or social relationships [111, 149]. Content based and hybrid approaches leverage such
side information to bootstrap recommendations for cold entities [13], while meta learn-
ing [68] and transfer learning techniques [92] enable rapid adaptation to new users or

items with minimal data.
Scalability

Modern recommender systems must operate at unprecedented scale, serving mil-
lions of users across millions of items while meeting strict latency requirements [22,

153]. This scalability challenge manifests across multiple dimensions:

Memory scalability concerns the storage requirements for model parameters. The
standard embedding based paradigm assigns a unique vector representation to each user
and item [66]. For a system with M users, NV items, and embedding dimension d, the
memory requirement is O((M+N)xd). At web scale with hundreds of millions of users
and tens of millions of items this can exceed the capacity of commodity hardware [18],
forcing practitioners to make difficult trade offs between model expressiveness and com-

putational resources.

Computational scalability concerns the time required for training and inference.
Training recommendation models on billions of interactions requires efficient optimiza-
tion algorithms and distributed computing infrastructure [40]. Inference must meet strict
latency constraints often tens of milliseconds per request while evaluating potentially

millions of candidate items [22].

Algorithmic scalability concerns how recommendation quality degrades as the user
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and item populations grow. Some algorithms that perform well on small datasets fail to
generalize effectively to larger scales [23], while others cause computational costs that

grow super linearly with dataset size [91].

Addressing scalability requires innovations across the entire recommendation pipeline,
from efficient embedding representations [ 18] and approximate nearest neighbor search [58]

to distributed training frameworks and caching strategies for serving infrastructure [35].

1.1.3 Research Scope and Objectives

This dissertation develops deep learning based solutions that address the intercon-
nected challenges of sparsity, cold-start, and scalability. The proposed approaches share
a common objective: learning robust, transferable representations that capture mean-
ingful user preferences without requiring exhaustive interaction histories or expensive

computational resources.

Table 1.1 summarizes the mapping between the key challenges and the dissertation

chapters that address them.

Table 1.1: Mapping of Key Challenges to Dissertation Chapters

Challenge Chapter 2 | Chapter 3 | Chapter 4 | Chapter S
Data Sparsity v v v
Cold-Start v v

Scalability v

Multi-Domain Adaptation v

Conversational Context v

1.2 Recommendation Data Types

The effectiveness of any recommender system fundamentally depends on the qual-
ity and diversity of data it can leverage [98, 111]. In this dissertation, we adopt a princi-
pled categorization that distinguishes between two complementary types of data: canon-

ical data and auxiliary data.

Canonical data refers to the primary user item interaction signals that directly cap-

ture user preferences and behavioral patterns [66].

Auxiliary data encompasses all supplementary information sources that provide

additional context about users, items, or their relationships beyond direct interactions [111].

The central thesis of this dissertation is that robust and adaptive recommendation
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requires the complementary integration of both canonical and auxiliary data through
deep learning architectures. Whereas canonical data provides the behavioral signals
essential for preference learning, auxiliary data provides the semantic and contextual

richness needed for generalization beyond observed interactions.

1.2.1 Canonical Data

Canonical data captures the direct interactions between users and items, serving
as the primary source of preference signals in recommender systems [49, 66]. These

interactions can be categorized based on how user preferences are expressed.
Explicit feedback

Explicit feedback represents direct expressions of user preferences, typically in the
form of numerical ratings or categorical evaluations [64]. Common examples include:
star ratings (1-5) on Amazon, like/dislike buttons on YouTube, and review scores on
Yelp.

Implicit feedback

Implicit feedback encompasses behavioral signals that indirectly indicate user pref-
erences without explicit preference statements [49, 96]. Examples include: user behav-
iors such as click throughs, purchases, viewing or listening history, search and browsing

activities, and add-to-cart or wish list actions.
Interaction matrix characteristics

Regardless of feedback type, canonical data is represented as a user item interac-
tion matrix R € RM*Y 'where M = |U/| and N = |V|. The critical characteristic of this

matrix is its extreme sparsity [149]:

2]

s 1 1.7
M><N<<% (A7)

Density =

Table 1.2 presents sparsity statistics from representative benchmark datasets, illus-

trating the severity of this challenge.

This extreme sparsity fundamentally limits what can be learned from canonical

data alone and motivates the integration of auxiliary information [111].
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Table 1.2: Sparsity Statistics of Representative Recommendation Datasets

Dataset Users Items | Interactions | Density
MovielLens-1M 6,040 3,706 1,000,209 | 4.47%
MovieLens-20M | 138,493 27,278 | 20,000,263 | 0.53%
Amazon-Books | 294,739 | 1,477,922 8,654,619 | 0.002%
Yelp2018 31,668 38,048 1,561,406 | 0.13%
Gowalla 29,858 40,981 1,027,370 | 0.08%

1.2.2 Auxiliary Data

Aucxiliary data provides supplementary signals that enrich the semantic understand-
ing of users, items, and their relationships [111]. Unlike canonical interaction data,
auxiliary data does not directly encode preferences but offers contextual and descriptive

information that supports more robust preference inference.
User-Side information

User auxiliary data describes characteristics of users beyond their interaction his-
tory [13, 94]:

* Demographic attributes: Age, gender, location, occupation, education level, and
income provide simple, high level preference signals that reflect users’ consump-

tion patterns [94].

» Psychographic profiles: Interests, lifestyle preferences, personality traits, and value
orientations offer deeper preference signals when available through surveys or in-
ferred from behavior [154].

* Account metadata: Registration date, subscription tier, device information, and

platform engagement metrics may correlate with behavioral patterns [22].

* Social connections: Friend lists, follower relationships, and group memberships

encode social influence pathways [27].

Formally, user auxiliary data can be represented as a feature matrix X% ¢ RM*du,
where d,, is the dimensionality of user features. User’s side information is particularly
valuable for addressing user cold-start, enabling the system to make reasonable initial
recommendations based on demographic similarity to existing users even before behav-

ioral data accumulates [67, 149].
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Item-Side information

Item auxiliary data encompasses descriptive attributes and content features associ-
ated with items [94]:

 Structured metadata: Categorical attributes (genre, brand, category), numerical
properties (price, duration, release year), and relational tags (director, author, man-

ufacturer) provide explicit item characterization.

* Textual content: Titles, descriptions, reviews, and documentation capture seman-
tic information through natural language [126]. Pre trained language models can

extract rich representations from such text.

* Visual content: Product images, movie posters, and video thumbnails provide per-
ceptual features that influence user decisions [39]. Convolutional neural networks

enable automatic visual feature extraction.

* Multimedia signals: For audio and video items, acoustic features and video frame

analysis offer additional modalities for content understanding [88].

Item auxiliary data is represented as X € RN*%  where d; is the item feature
dimensionality. Item side information directly addresses item cold-start by enabling
content based similarity computation for items lacking interaction history [105, 107].
It also supports explainable recommendations by providing interpretable features that

justify suggestions.
Contextual information

Contextual auxiliary data captures situational factors that influence user prefer-

ences at the time of interaction [2]:

* Temporal context: Time of day, day of week, season, and proximity to holidays or
events affect consumption patterns (e.g., movie preferences differ between week-

day evenings and weekend afternoons).

* Spatial context: User location, venue type, and geographic preferences influence

recommendations, particularly for location based services.

* Device context: Access medium, screen size, and interface constraints shape con-

tent consumption (e.g., mobile users may prefer shorter content).
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 Session context: Within session behavioral sequences and navigation patterns re-

veal short term intent that may differ from long term preference.

Context aware recommendation leverages these signals to adapt suggestions to the
user’s current situation, recognizing that preferences are not static but vary based on

circumstances [2].

1.2.3 The Fusion of Canonical and Auxiliary Data

The central argument of this dissertation is that robust and adaptive recommen-
dation requires the deep integration of canonical and auxiliary data, as each addresses

limitations inherent in the other [111, 149].

Canonical data limitations addressed by auxiliary data:
 Sparsity: Auxiliary features enable generalization beyond observed interactions by
providing dense representations even when interactions are sparse [126].

* cold-start: Side information bootstraps preferences for new users and items that

lack interaction history [105, 107].

* Noise: Auxiliary signals provide regularization against noisy behavioral data by

grounding predictions in stable content features.

* Interpretability: Item and user attributes support explainable recommendations
with human understandable justifications.
Auxiliary data limitations addressed by canonical data:

* Preference ambiguity: Interactions ground abstract features in actual user choices,
revealing which content characteristics translate to preference [66].

 Feature relevance: Behavioral patterns reveal which attributes matter for prefer-

ences, enabling feature selection and attention mechanisms [41].

* Personalization: Side information alone cannot capture individual taste variations;

interactions provide user specific preference signals [96].

* Dynamic preferences: Interactions track evolving preferences over time, while

static attributes cannot reflect temporal dynamics [65].
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Deep integration framework:

The deep learning approaches developed in this dissertation are specifically de-

signed to model the combination of canonical and auxiliary data.

* Graph neural networks: Propagate information across both interaction edges and
auxiliary relationships, learning unified representations that capture collaborative
and content signals [129, 135].

* Contrastive learning: Align representations learned from different data views, en-

suring consistency across canonical and auxiliary perspectives [134, 144].

» Attention mechanisms: Learn to weight canonical and auxiliary signals adaptively

based on their relevance to specific user item pairs [41, 137].

* Hybrid architectures: Combine structured preference modeling from canonical
data with semantic understanding from auxiliary textual information through retrieval-

augmented generation [56].

Table 1.3 summarizes the complementary roles of canonical and auxiliary data in

addressing key recommendation challenges.

Table 1.3: Complementary Roles of Canonical and Auxiliary Data

Challenge Canonical | Auxiliary | Integration Benefit

Data Sparsity Limited v Dense auxiliary features fill gaps

User Cold-Start X v Demographics bootstrap preferences
Item Cold-Start X v Content enables similarity matching
Preference Learning v Limited | Interactions guide feature relevance
Personalization v Limited | Behavior captures individual taste
Temporal Dynamics v Limited | Interactions track preference evolution
Interpretability Limited v Attributes explain recommendations

The resulting models achieve robustness through redundant information sources
when interaction data is sparse, auxiliary features maintain prediction quality and adapt-
ability through flexible integration mechanisms that adjust the contribution of each data

source based on availability and relevance.

1.3 Traditional Recommendation Approaches

Traditional recommendation approaches form the foundational methodologies upon

which modern deep learning based systems are built. This section reviews three funda-
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mental paradigms: collaborative filtering, content based filtering, and hybrid methods.

1.3.1 Collaborative Filtering

Collaborative filtering (CF) is the most widely adopted recommendation paradigm,
operating on the principle that users who agreed in the past will agree in the future [106,
114]. Unlike content-based approaches, CF leverages collective user behavior to infer

preferences, making it applicable even when item content is unavailable [66].
Neighborhood-Based Methods

Neighborhood based CF directly exploits the user item interaction matrix to find

similar users or items [44, 104].

User based CF identifies users with similar rating patterns and predicts ratings
based on how these neighbors rated target items. Similarity is typically computed us-
ing Pearson correlation or cosine similarity. This approach was pioneered by Grou-

pLens [97] but faces scalability challenges with large user populations.

Item based CF shifts focus to item similarities, which are more stable over time [79,
104]. This approach gained notability at Amazon and enables efficient real time recom-

mendations through precomputed item similarity matrices.

Despite their interpretability, neighborhood methods suffer from: data sparsity
computing meaningful similarities requires sufficient rated items, cold-start new enti-
ties lack interaction history, and limited expressiveness they cannot capture complex

non-linear patterns [114].
Model-Based Methods

Model based CF learns compact representations from interaction data rather than

storing the entire matrix [66].

- Matrix Factorization (MF) decomposes the sparse rating matrix R € R™*¥ into
user and item latent factor matrices: R ~ PQT, where P € RM*4 and Q € RV*? [66].
The predicted rating is computed as 7,; = p, q;. MF achieved breakthrough perfor-
mance in the Netflix Prize and has been extended with bias terms, temporal dynam-
ics [65], and implicit feedback handling [49, 96].

- Factorization Machines (FM) generalize MF to incorporate arbitrary feature inter-
actions, enabling learning from auxiliary information alongside interactions [95]. This

bridges pure CF and content aware recommendation.
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Despite effectiveness, model based methods have limitations: linear inner prod-
ucts may miss complex relationships, latent factors lack interpret ability, and cold-start

remains challenging [149].

1.3.2 Content-Based Filtering

Content based filtering (CBF) recommends items similar to those a user has pre-

ferred, based on item features rather than collective behavior [94].

Items are represented using manually engineered features. For textual content, the
Vector Space Model with TF-IDF weighting is common [102], along with topic models
like LDA [11]. For structured metadata, categorical attributes are encoded as one-hot

encoder vectors.

User profiles are built by aggregating features of preferred items or training classi-
fiers (naive Bayes, SVM) on rated items [94]. Overly narrow profiles can lead to filter

bubbles with reduced serendipity.

1.3.3 Hybrid Methods

Hybrid recommender systems merge two or more techniques to enhance overall
recommendation performance, typically addressing the cold-start problem. For instance,
collaborative filtering based methods struggle with new items, while content based ap-
proaches face challenges with new users. Various types of hybrid recommendations ex-

ist, such as weighted, switching, mixed, and feature augmented recommender systems

[3].

Table 1.4 assesses each approach along four dimensions. Cold-Start measures the
ability to generate useful recommendations for new users or new items that lack inter-
action history; an approach rates well if it can leverage content or auxiliary signals to
bootstrap recommendations without observed behaviour. Sparsity reflects robustness
when the user item matrix is highly sparse (often below 1% density in real systems);
a method rates well if it generalises from few observations rather than collapsing into
noise. Explainability captures whether the system can provide a human-understandable
rationale for its outputfor instance, citing similar users or matching item attributesrather
than producing scores from an opaque computation. Scalability concerns computational
feasibility as the numbers of users M and items N grow to millions; it rates well if time

and space complexity permit real-time serving without prohibitive infrastructure.
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Table 1.4: Comparison of Traditional Recommendation Approaches

Approach Cold-Start Sparsity Explainability Scalability
User-Based CF Poor Poor Good Poor
Item-Based CF Poor Moderate Good Moderate
Matrix Factorisation Poor Good Poor Good
Content-Based Good (items) Good Good Good
Hybrid Methods Good Good Moderate Moderate

User-Based CF: This approach identifies users with similar interaction histories
and aggregates their ratings to generate recommendations. Cold-start performance is
poor because a new user has no history from which similarity can be computed. Spar-
sity is equally problematic: when the matrix is highly sparse, the co-rated item overlap
between users shrinks to the point where cosine or Pearson similarities become noise-
dominated and neighbourhood search finds few reliable neighbours [104]. Explainabil-
ity, by contrast, is a natural strengththe system can directly state that users with similar
tastes also liked a given item, which is intuitive and auditable [43]. Scalability is poor
because computing pairwise similarities requires O(M?) time and space; at millions of

users this is computationally intractable without heavy approximation [104].

Item-Based CF: Item similarities can be pre-computed offline, making inference
faster than in the user-based case and yielding moderate scalability. Sparsity tolerance is
moderate rather than poor because popular items accumulate many ratings over time,
producing more stable similarity estimates; however, long-tail items the majority in
most cataloguesstill suffer from insufficient co-ratings [93]. Cold-start remains poor
for the same structural reason as user-based CF: a new item has no ratings and hence
no computable similarity, and a new user has no history to look up. Explainability is
good because a recommendation can be attributed to items the user previously inter-
acted with [43].

Matrix Factorisation (MF): MF projects users and items into a shared low-
dimensional latent space by decomposing the observed rating matrix R ~ PQ". This
design makes it robust to sparsityregularisation prevents overfitting to the few observed
entries, and pairwise ranking variants such as BPR-MF [96] generalise effectively from
implicit feedback. Inference reduces to a dot product O(d), making MF highly scalable

and the dominant industrial approach for over a decade [66]. Cold-start is poor because
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new users and items have no learned vectors; folding-in approximations exist but are dis-
ruptive in production. Explainability is poor because the latent factors carry no semantic
meaning and the predicted score 7,; = p,| q; cannot be mapped to a human-interpretable

rationale without additional post-hoc methods [66].

Content-Based Filtering (CBF): Because CBF derives recommendations from
item feature vectors (e.g., genre tags, TF-IDF representations) and user profiles built
from those features, it handles item cold-start wella new item is immediately repre-
sentable through its content and can be matched to existing user profiles [94]. The rating
notation “Good (items)” reflects that user cold-start remains unresolved: without any
interaction, no user profile can be constructed. Sparsity tolerance is good because rec-
ommendations depend on feature similarity rather than co-occurrence counts. Explain-
ability is good since recommendations are grounded in explicit attributes. Scalability is
good because scoring at inference time is a vector operation over the feature dimension,

independent of the total number of users or items.

Hybrid Methods: Hybrid approaches combine collaborative and content-based sig-
nals, allowing a graceful fallback to content when interaction data is absent and a tran-
sition to stronger collaborative signals as data accumulates [13]. This makes them the
strongest traditional option for both cold-start and sparsity. Explainability is rated mod-
erate because the blending mechanismwhether a learned weight, a switching rule, or a
stacking modelobscures which component drove a particular recommendation, reduc-
ing the transparency achievable by either pure method alone. Scalability is moderate
because hybrids must maintain and update two separate model components, increasing

storage and inference overhead compared to a single MF model [1].

The cross-row pattern in Table 1.4 reveals a fundamental tension: no traditional
approach simultaneously resolves cold-start, sparsity, explainability, and scalability. CF
methods handle sparsity and scalability (MF) or explainability (neighbourhood-based)
but fail at cold-start. Content-based methods handle cold-start and explainability but
cannot exploit collective behavioural signals. Hybrid methods alleviate cold-start and
sparsity at the cost of reduced explainability and higher operational complexity. This
multi-dimensional gap motivates the deep learning approaches developed in subsequent
chapters, which jointly learn user and item representations from both interaction signals
and auxiliary data, enabling end-to-end optimisation that is not achievable through rule-

based combination of traditional components.
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1.4 Deep Learning for Recommendation

The success of deep learning in computer vision, natural language processing, and
speech recognition has caused a major change in recommender systems research [149].
Deep neural networks offer unprecedented capabilities for learning complex, non lin-
ear patterns from massive volumes of diverse data, addressing fundamental limitations
of traditional recommendation approaches. This section provides an overview of deep
learning techniques for recommendation, establishing the foundation for the advanced

architectures developed in subsequent chapters.

1.4.1 Why Deep Learning for Recommendation?

Traditional recommendation methods face inherent limitations that constrain their
effectiveness in modern large scale applications [149]. Collaborative filtering relies on
linear latent factor models that may fail to capture complex user item interactions. Con-
tent based filtering requires extensive manual feature engineering. Deep learning ad-

dresses these limitations through several key advantages.
Non-linear Transformation and Representation Learning

The most fundamental advantage of deep learning is its ability to model highly
non-linear relationships through hierarchical feature transformations [22]. Traditional
matrix factorization captures user item interactions through linear inner products, im-
plicitly assuming that preference can be decomposed into independent latent factors
combined additively. In reality, user preferences often exhibit complex, non-linear de-

pendencies that linear models struggle to represent.

Deep neural networks overcome this limitation through compositions of non-linear
activation functions across multiple layers [24]. Each layer transforms its input repre-
sentation, progressively extracting higher-level abstractions. For recommendation, this
enables learning intricate interaction patterns: which combinations of user characteris-
tics and item features indicate strong preference, how contextual factors modulate base-
line preferences, and what temporal patterns signal preference evolution. The universal
approximation theorem guarantees that sufficiently deep networks can approximate ar-

bitrarily complex functions.
Automatic Feature Learning

Traditional recommender systems require substantial feature engineering effort [ 149].
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Content-based methods depend on carefully designed item representations extracting
meaningful features from text, images, or structured metadata demands domain exper-

tise and ongoing maintenance.

Deep learning fundamentally changes this paradigm by learning features directly
from raw data [149]. Convolutional networks automatically extract visual features from
product images. Recurrent networks learn sequential patterns from user behavior streams.
Attention mechanisms identify which input elements are most relevant for prediction.
This end-to-end learning approach reduces manual effort, enables discovery of unex-

pected predictive signals, and allows models to adapt as data distributions shift.
Heterogeneous Data Integration

Modern recommendation involves diverse data modalities: interaction logs, item
metadata, textual descriptions, visual content, social connections, and temporal con-
text [111]. Traditional methods process each modality separately through ad-hoc fusion

strategies that cannot capture cross-modal interactions.

Deep learning provides natural mechanisms for multi modal integration through
shared representation spaces [99]. Different encoder networks process each modality,
projecting heterogeneous inputs into compatible embedding spaces where they can be
combined and jointly reasoned over. Attention mechanisms learn which modalities are

most informative for specific predictions [123].
Scalability and Efficiency

Modern neural architectures offer significant efficiency advantages for large scale
recommendation [22]. Once trained, neural networks perform inference through matrix
operations highly optimized on GPUs and TPUs. Deep learning enables efficient two-
stage architectures: a lightweight retrieval model generates candidates from millions of
items, followed by a sophisticated ranking model for the reduced set [22, 153]. This

retrieve then rank paradigm achieves sub-millisecond latency while maintaining quality.
Flexibility and Modularity

Deep learning architectures are inherently modular components can be combined,
replaced, and extended without redesigning the entire system [149]. Pretrained com-
ponents can be finetuned for specific domains. The deep learning ecosystem provides
mature frameworks, pretrained models, and active research communities, establishing

deep learning as the dominant paradigm for industrial recommendation.
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1.4.2 Neural Architectures for Recommendation

Various neural network architectures have been adapted for recommendation, each

offering distinct inductive biases suited to different data characteristics [149].
Multilayer Perceptrons for Interaction Modeling

The multilayer perceptron (MLP) is the foundational architecture, consisting of
fully connected layers with non linear activations [150]. For recommendation, MLPs
model user item interactions by processing combined user and item representations

through hidden layers.

Neural collaborative filtering (NCF) [41] replaces the linear inner product of ma-
trix factorization with a learned non-linear interaction function. The architecture con-
catenates user and item embeddings, then passes them through hidden layers to predict
interaction probability. Neural Matrix Factorization (NeuMF) combines MLP based in-

teraction with traditional matrix factorization through a unified architecture.

Wide & deep learning [21], deployed at Google Play, combines a “wide” linear
model capturing memorization with a “deep” MLP capturing generalization. DeepFM [34]
refines this by replacing the wide component with factorization machines, enabling auto-
matic feature interaction learning. Deep & cross network [128] introduces cross layers
explicitly modeling feature interactions, while Autolnt [113] applies self-attention for

adaptive feature interactions.
Convolutional Neural Networks for Content Understanding

Convolutional neural networks (CNNs) excel at processing grid-structured data

through local receptive fields and parameter sharing.

Visual Recommendation: VBPR incorporates CNN to extract image features into
BPR, enabling recommendations that account for visual aesthetics. Fashion recommen-
dation particularly benefits from visual features capturing style, color patterns, and de-
sign aesthetics. Modern approaches leverage pretrained image models (e.g., ResNet,

VGQ) as feature extractors.

Textual Content: CNNs capture local n grams patterns through one dimensional
convolutions over word embeddings, efficiently extracting key phrases from reviews and
descriptions. This capability has been applied to review based recommendation, where

sentiment understanding enhances preference prediction [155].

Sequential Patterns: Caser [118] applies horizontal and vertical convolutions to
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user interaction sequences, capturing both point level and union level sequential patterns.
Recurrent Neural Networks for Sequential Modeling

Recurrent neural networks (RNNs) and variants LSTM and GRU are designed for

sequential data, maintaining hidden states capturing temporal dependencies.

Session-Based Recommendation: GRU4Rec [45] pioneered applying GRUs to
model session click sequences, predicting the next item from evolving session state.

Extensions incorporate attention mechanisms to weight historical items [70].

Personalized Sequential Recommendation: Recurrent recommender networks (RRN)
[133] use LSTMs to capture both user preference dynamics and item popularity evolu-
tion. The hidden state encodes current preference profile, enabling modeling of prefer-

ence drift alongside short term contextual effects.

While transformers have largely replaced RNNs for many tasks, RNN architectures
remain relevant for streaming scenarios requiring computational efficiency and constant

memory [149].
Autoencoders for Representation Learning

Autoencoders learn compressed representations by reconstructing inputs through a

bottleneck layer.

AutoRec [109] applies autoencoders to collaborative filtering, taking partial rating
vectors as input and reconstructing complete vectors. The bottleneck forces learning

compressed representations capturing essential preference patterns.

Variational Autoencoders: Mult-VAE [74] extends with probabilistic modeling,
learning distributions over latent representations providing regularization and uncer-

tainty quantification.

Denoising Autoencoders: CDAE [136] corrupts inputs by masking interactions,
training reconstruction of clean inputs. This forces robust representations generalizing

beyond observed patterns.
Attention Mechanisms and Transformers

Attention mechanisms enable dynamic weighting of input elements based on pre-

diction relevance [123].

SASRec [59] applies transformer self-attention to sequential recommendation, cap-

turing dependencies between any sequence positions. Attention weights provide inter-
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pretable explanations of which past items influenced recommendations.

BERT4Rec [115] adapts BERT pre training using masked item prediction, learning

bidirectional sequence representations enabling transfer learning across tasks.

Attentional Factorization Machines (AFM) [137] learns feature importance weights,

improving upon uniform feature treatment.

Multi head attention captures diverse interaction patterns different heads can focus

on recency, similarity, complementarity, or other relevance factors simultaneously [123].

1.4.3 Graph Neural Networks for Recommendation

Graph neural networks (GNNs) have emerged as a powerful paradigm for rec-
ommendation by modeling the inherent graph structure of user item interactions and
auxiliary relationships [30, 135]. The user item interaction matrix naturally forms a
bipartite graph where edges represent observed interactions. GNNs provide a princi-
pled framework for learning representations that capture both local interaction patterns
and global structural properties through iterative message passing, where nodes aggre-
gate information from neighbors to update representations [36, 60]. This enables high
order collaborative signal propagation a user’s representation incorporates not only di-
rectly interacted items but also items preferred by similar users, capturing collaborative
filtering intuition within a neural architecture. Representative methods include Light-
GCN [42], which simplifies graph convolution by removing non-linear transformations,
and NGCEF [130], which explicitly models user item interaction during message pass-
ing. GNN based methods have demonstrated state of the art performance across diverse

benchmarks.

1.4.4 Large Language Models for Recommendation

Large language models (LLMs) represent the frontier of deep learning for recom-
mendation, bringing unprecedented capabilities in semantic understanding, reasoning,
and natural language interaction [48]. Pretrained on large text datasets, LLMs encode
rich world knowledge and can understand user preferences expressed in natural lan-
guage. For recommendation, LLMs enable several transformative capabilities: semantic
understanding of item descriptions and user reviews beyond keyword matching, natu-
ral language interfaces where users express preferences conversationally, explainable
recommendations with human readable justifications, and zero shot or few shot recom-

mendation for new domains without task specific training [31]. Retrieval-Augmented
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Generation (RAG) addresses LLM limitations by grounding generation in retrieved fac-
tual information, combining knowledge retrieval with generative capabilities [28]. This
hybrid approach is particularly valuable for recommendation, where accurate item in-
formation must be integrated with personalized preference modeling. LLM based con-
versational recommendation represents a paradigm shift from static ranked lists toward
interactive, dialogue based preference elicitation [56]. The integration of LLMs with
structured recommendation models combining semantic reasoning with collaborative
signal modeling from graph neural networks is explored in Chapter 5, where a hybrid

conversational recommendation framework is proposed.

1.5 Evaluation Metrics

Evaluation metrics play a critical role in assessing the effectiveness and practi-
cal capability of recommender systems [99]. This section summarizes the metrics used
throughout this dissertation, categorized into offline accuracy metrics and online perfor-

mance metrics.

1.5.1 Offline Metrics: Accuracy and Quality

Offline metrics evaluate recommendation quality on test data, measuring how well

a model predicts user preferences [44].

Hit Rate (HR@K) measures the proportion of users who interact with at least one
recommended item in the top-K list. Precision@K quantifies the fraction of relevant
items among the K recommendations. Recall @K measures the fraction of relevant items
successfully retrieved in the top-K list. F1@K harmonically combines Precision and

Recall into a single metric.

NDCG@K (Normalized Discounted Cumulative Gain) accounts for ranking posi-
tion, assigning higher scores when relevant items appear earlier in the list [99]. MAP@K
(Mean Average Precision) calculates the average precision across all relevant items.
AUC (Area Under the ROC Curve) measures the probability that the model ranks a

positive item higher than a negative one.

Following standard practice in deep learning based recommendation research [42,
130], this dissertation primarily employs Recall@K and NDCG@K.
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1.5.2 Online Metrics: Efficiency and Performance

Online evaluation measures how recommendations influence actual user behavior

in real-world deployment [99].

A/B testing is a widely adopted online evaluation methodology in which the user
population is randomly divided into two or more groups: a control group that is served
by the existing (baseline) recommendation model, and one or more treatment groups
that are served by the new (candidate) model under evaluation. By ensuring that the
groups are statistically comparable in terms of user demographics and behavioral char-
acteristics typically achieved through stratified random sampling any observed differ-
ence in outcome metrics can be causally attributed to the model change rather than to
confounding factors. The experiment runs for a pre-determined period during which key
performance indicators such as click-through rate (CTR), average content consumption
per user (ACPU), average viewing duration per user (ADPU), conversion rate, and user
retention are continuously tracked and compared across groups. A/B testing provides
the strongest form of causal evidence for evaluating recommendation models because
it directly measures the impact of algorithmic changes on real user behavior under nat-
uralistic conditions, thereby complementing offline accuracy metrics that cannot fully

capture user satisfaction, engagement dynamics, or long-term retention effects.

This dissertation validates proposed methods through A/B testing on the TV360
I entertainment service which is from Viettel - the one of largest Corporation in Viet-
nam, measuring metrics such as average content viewing time and user interaction rates.
Online evaluation complements offline metrics by capturing long term objectives (en-
gagement, retention) and real-world trade offs among accuracy, diversity, and novelty

that offline metrics cannot fully represent.

1.6 Datasets

Several large scale benchmark datasets are widely used for evaluating recom-

mender systems across different application scenarios 2.

In this dissertation, the MovieLens datasets are used repeatedly as core benchmarks

to validate the effectiveness, robustness, and generalization ability of the proposed rec-

IService overview available at: https://vietteltelecom.vn/vx/
internet-truyenhinh/truyen-hinh

nttps://github.com/caserec/Datasets-for-Recommender-Systems (Datasets-
for-Recommender-Systems GitHub repo)
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ommendation frameworks. In particular, three representative versions are employed,
namely MovieLens-100K (ML100K), MovieLens-1M (ML1M), and MovieLens-20M
(ML20M). Information of MovieLens * datasets are described in Table 1.5 and Table

1.6 as below.

Table 1.5: Statistics of MovielLens datasets

Dataset Users Movies Ratings
MovieLens-100K (ML100K) 943 1682 100,000
MovieLens-1M (ML1M) 6,040 3,900 1,000,209

MovieLens-20M (ML20M) 138,493 27,278 20,000,263

Table 1.6: Structure of the MovieLens dataset

File Field Description
UserID Unique identifier of each user
. MovielD Unique identifier of each movie
ratings.dat :
Rating Integer score on a 5-star scale

Timestamp Time when the rating was recorded,

UserID Unique identifier of each user
Gender User gender
users.dat  Age User age group
Occupation Profession category
Zip-code Residential zip code provided voluntarily by users

MovielD Unique identifier of each movie
movies.dat Title Official movie title
Genres One or multiple genres with 18 genre categories

This dissertation employs six distinct datasets across its four experimental chap-
ters: three versions of MovieLens (ML-100K, ML-1M, ML-20M), Yelp, Amazon, and
TV360. This section explains the rationale for each choice and argues why together they

constitute a representative experimental suite for the research problems addressed.

Table 1.7 maps each dataset to the core challenges it is selected to represent and

the chapter in which it is used.

*https://grouplens.org/datasets/movielens/
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Table 1.7: Mapping of datasets to research challenges and chapters

Dataset Primary Challenge Represented  Key Property Chapter

MovieLens-1M  Scalability, cold-start, user diversity ~Well-studied benchmark 2,3,4,5

MovieLens-20M  Scalability stress test 0.53% density, x20 scale 2
Yelp Multi-domain (business categories) Cross-domain heterogeneity 4
Amazon Multi-domain (product categories) ~ Commercial item diversity 4
TV360 Industrial deployment, cold-start Real-world OTT platform 2,5

MovieLens Family (ML-100K, ML-1M, ML-20M)

Why MovieLens: MovieLens is the most widely used public benchmark in rec-
ommender systems research [37]. It provides explicit numerical ratings on a 5-star scale
alongside rich metadata user demographics (age, gender, occupation) and item attributes
(genre, release year) that directly support experiments requiring both canonical interac-
tion data and auxiliary side information. Because it has been used as the primary bench-
mark in hundreds of published works, results on MovieLens are directly comparable to
prior literature, ensuring that performance claims in this dissertation can be contextu-

alised within the broader field.

The three versions differ by roughly one order of magnitude in scale: ML-100K
(943 users, 1,682 items, 100K ratings), ML-1M (6,040 users, 3,900 items, 1M ratings),
and ML-20M (138,493 users, 27,278 items, 20M ratings). This progression is deliberate:
ML-100K provides a tractable small-scale setting for ablation studies and hyperparame-
ter sensitivity analysis; ML-1M is the standard at which most competing methods report
results, enabling fair comparison; ML-20M is used specifically as a scalability stress test

in Chapter 2.

Sparsity representativeness: The density of ML-1M (4.47%) and ML-20M (0.53%)
brackets the range of sparsity commonly observed in real-world collaborative filtering
benchmarks (see Table 1.2 of the dissertation). This range ensures that conclusions about

sparsity robustness are not artefacts of a single operating point.

User diversity for cold-start evaluation: ML-1M contains sufficient users with
sparse interaction histories to support the three-tier user stratification (cold: <20 inter-
actions; warm: 21-50; active: >50) used in Chapters 2 and 3. This stratification is the
primary mechanism through which the cold-start advantage of the proposed methods is

measured, making ML-1M the natural vehicle for this evaluation.
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Multi-domain partitioning. In Chapter 4, ML-1M is partitioned into five genre-
based domains (Action, Comedy, Drama, Thriller, Sci-Fi). This is possible precisely
because MovieLens records genre metadata for every item. The domain boundaries are
semantically meaningful and well separated in terms of user preference patterns, making
ML-1M an appropriate testbed for continual multi-domain recommendation even though

it was originally designed as a single-domain dataset.

Yelp

Why Yelp: Yelp is a standard benchmark for multi-domain recommendation be-
cause its business taxonomy provides natural, non-overlapping domain labels (e.g., Restau-
rants, Shopping, Food, Beauty, Health). Unlike genre tags in MovieLens, which are
assigned per item and may overlap, Yelp business categories represent genuinely het-
erogeneous domains with distinct item and user populations. This heterogeneity is im-
portant for Chapter 4: it tests whether the continual learning framework (CNL4Rec) can
preserve knowledge across domains whose statistical distributions differ substantially,

not just across sub-genres of the same content type.

Scale and density: With 5,000 users, 3,000 items, and interactions distributed un-
evenly across five domains, Yelp exhibits moderate but uneven sparsity the distribution
of interactions across domains is non-uniform, with some domains receiving far more
reviews than others. This imbalance directly mirrors the domain-frequency mismatch
encountered in real multi-domain platforms and is a realistic stress test for the domain

fairness objective of CNL4Rec.

Amazon Product Reviews

Why Amazon: The Amazon dataset spans five product categories (Electronics,
Books, Movies, Home, Sports) and is widely adopted for cross-domain recommenda-
tion research. It complements Yelp in a critical dimension: while Yelp domains share a
geographical/social context (local business reviews), Amazon domains represent funda-
mentally different product ontologies. Electronics and Books, for instance, attract users
with very different purchase motivations and browsing behaviours. Including Amazon
alongside Yelp ensures that the multi-domain conclusions in Chapter 4 hold across both

social-review and e-commerce interaction patterns, not just one type of platform.

Commercial relevance: E-commerce recommendation is one of the most eco-

nomically significant application areas in the field. Validating CNL4Rec on Amazon
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directly establishes the practical applicability of the continual learning approach to com-

mercial platforms undergoing frequent catalogue expansion across product lines.

TV360

Why TV360. TV360 is a large-scale OTT (over-the-top) streaming platform op-
erated by Viettel, directly developed and maintained by the dissertation author in an in-
dustrial setting. It serves millions of users with live TV, VOD content, and movie/series
recommendations, generating high-volume interaction logs under real operational con-

straints. Its inclusion in the experimental suite is motivated by three considerations.

First, it provides industrial validity: public benchmarks such as MovieLens are
collected under controlled conditions with explicit ratings, whereas TV360 logs re-
flect implicit feedback (views, completion rates) under production constraints including
cold-start users, rapidly changing content catalogues, and strict latency requirements.
Demonstrating that the proposed methods generalise to this setting is evidence that the
academic contributions are deployable in practice. Second, TV360 exhibits extreme
sparsity and cold-start severity: the video subdataset has a density of approximately
0.002% comparable to Amazon-Books (Table 1.2) while the film subdataset has 0.039%
density. These figures are substantially lower than the MovieLens benchmarks, confirm-
ing that the sparsity and cold-start findings are not confined to well-curated academic

datasets.

Third, it enables online A/B validation: the industrial deployment allows direct
measurement of user engagement metrics (Average Content Per User, Average Duration

Per User) that offline benchmarks cannot provide.

1.7 Chapter Summary

This chapter established the theoretical foundations for deep learning based rec-
ommender systems. The recommendation problem was formalized as learning a util-
ity function mapping user item pairs to preference scores, with three key challenges
identified: data sparsity, cold-start, and scalability. The canonical and auxiliary data
paradigm was introduced as the conceptual backbone canonical data (user item interac-
tions) provides behavioral signals while auxiliary data (demographics, attributes, con-
text, knowledge graphs) offers semantic richness; their deep integration is essential for

robust recommendation. Traditional approaches including collaborative filtering, con-
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tent based filtering, and hybrid methods were reviewed, followed by a survey of deep
learning architectures (MLP, CNN, RNN, autoencoders, attention/transformers, graph
neural networks, and large language models). Finally, evaluation metrics were sum-
marized, covering offline metrics (Recall@K, NDCG@K) for accuracy assessment and

online metrics (A/B testing) for real-world performance validation.
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Chapter 2

Robust Recommendation via
Interaction Embedding and Soft

Clustering

2.1 Introduction

Modern recommender systems have become essential components of web scale
applications, supporting millions of users across ecommerce platforms, streaming ser-
vices, and social networks. Despite significant advances in deep learning based rec-
ommendation approaches, several fundamental challenges persist that limit the practical
deployment and scalability of these systems. This section identifies the key scalability
challenges in modern recommender systems and uses them as the primary motivation

for the subsequent analysis in this chapter.

2.1.1 The Scalability Challenge in Recommendation

Modern recommender systems rely on learning unique embedding vectors for each
user and item. While effective in academic benchmarks, this approach faces critical

limitations in industrial deployment.

Memory Constraints: The memory footprint grows linearly with the number of
entities. Chen et al. [19] calculated that serving 1 billion users with 64-dimensional
embeddings requires approximately 238 GB solely for user embeddings. Combined with
item embeddings and categorical features, total requirements can exceed commodity

hardware capacity, forcing trade-offs between model expressiveness and computational
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resources.

Cold-start Problem: Users and items with insufficient interaction history struggle
to learn generalizable embeddings. New users cannot be effectively represented, lead-
ing to poor initial recommendations. New items lack feedback signals for embedding
optimization, creating visibility problems where relevant content remains hidden from

potential users.

Computational Overhead: The exhaustive item scoring paradigm creates mis-
alignment between offline training and online serving. Production systems must respond
within strict latency constraints (tens of milliseconds), yet most research optimizes for
full matrix reconstruction objectives that are computationally infeasible in real-time sce-

narios.

2.1.2 Related Methodologies

Clustering-based Approaches: Clustering techniques provide natural solutions
for scalability and cold-start by grouping similar users. Ungar and Foster [121] intro-
duced clustering to partition users into preference groups. Xue et al. [139] proposed
cluster-based smoothing combining memory-based and model-based collaborative fil-
tering advantages. Jiang et al. [57] presented user coresets via clustering to accelerate

large-scale top-k systems.

Deep learning integration with clustering has opened new possibilities. Xie et
al. [138] pioneered deep embedded clustering for joint learning of representations and
cluster assignments. Nalavade et al. [90] combined deep embedded clustering with
matrix factorization. Soft clustering approaches address hard clustering limitations:
Bezdek [10] introduced Fuzzy C-Means allowing multiple cluster memberships, while

Mao et al. [87] proposed Soft K-indicators for collaborative filtering.

The most sophisticated approach is Clustered Embedding Learning (CEL) by Chen
et al. [19], enabling automatic clustering through top-down divisive partitioning with

theoretical guarantees on solution identifiability.

ID-Independent Representation Learning: Ananyeva et al. [6] proposed re-
placing learned user embeddings with aggregated representations from interaction se-
quences. Hash-based methods offer another direction: PreHash by Shi et al. [110]
learns hash functions for large-scale user modeling, while HashGNN by Tan et al. [116]

combines graph neural networks with hashing. However, these approaches suffer from
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embedding collisions and reduced flexibility for incremental learning.

2.1.3 Limitations of Existing Approaches

Despite the significant progress reviewed in the preceding sections, several critical
gaps remain unaddressed in the existing literature on clustering based and scalable rec-
ommendation systems. This section identifies four key gaps that motivate the proposed

EfficientRec framework.
Absence of end to end ID-Free Frameworks

Current approaches to ID-independent recommendation focus primarily on mod-
ular replacement of user embeddings within existing architectures. The plug and play
paradigm exemplified by the work of Ananyeva et al. [6] offers flexibility and compati-

bility with established model architectures, but this modularity comes at a cost.

Hash based methods such as PreHash [110] similarly operate as replaceable com-
ponents within larger recommendation systems. While they successfully reduce mem-
ory requirements, they introduce their own limitations. The binding of hash buckets to
warm users during the learning process reduces flexibility for handling new users, and
the hash function itself is typically fixed after training, limiting adaptability to evolving
user preferences. The CEL framework [19], despite its sophistication, still maintains en-
tity specific cluster assignments that must be stored and updated, representing a partial

rather than complete departure from the traditional embedding paradigm.

What is needed is a unified framework that integrates ID-free representation with

task specific optimization in a truly end to end manner.
Soft Clustering for Individual Recommendation

The application of soft clustering to recommendation systems has followed two
largely separate paths, neither of which addresses the specific needs of scalable individ-

ual recommendation with cluster based inference.

The first path involves fuzzy collaborative filtering approaches that generate par-
tition matrices allowing users to belong to multiple groups. The Soft K-indicators al-
ternative projection method of Mao et al. [87] demonstrated by this approach, produc-
ing sparse partition matrices that capture the multifaceted nature of user preferences.
However, these methods typically lack integration with neural network learning, re-
lying instead on traditional optimization procedures that may not scale effectively to

the high dimensional feature spaces encountered in modern recommendation systems.
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The partition matrices are learned separately from the recommendation model, missing
opportunities for end to end optimization that could improve both the clustering and

recommendation components.

The second path involves neural soft clustering for group recommendation, as ex-
emplified by Adaptive Similarity Driven Deep Embedded Clustering [112] and Deep-
Group [32]. These methods successfully integrate deep learning with soft clustering,
learning user representations that support probabilistic cluster membership. However,
their objective is fundamentally different from individual recommendation. Group rec-
ommendation seeks to satisfy multiple users simultaneously, requiring aggregation strate-
gies that balance potentially conflicting preferences. The techniques developed for
group recommendation do not directly transfer to the individual recommendation set-
ting, where the goal is to optimize recommendations for a single user while leveraging

cluster structure for efficiency and cold-start handling.
Integration of Contrastive Learning with Clustering based Recommendation

Contrastive learning has emerged as one of the most successful paradigms for self
supervised representation learning, demonstrating remarkable effectiveness across com-
puter vision, natural language processing, and increasingly, recommendation systems.
Recent surveys document its extensive application in recommendation through methods
such as SGL [134], SimGCL [143], and NCL, which use contrastive objectives to learn
user and item representations that are robust to noise and capture meaningful similarity

structure.

Separately, contrastive objectives have proven valuable for deep clustering, where
they encourage learned representations to form well separated clusters. The DeepClus-
ter approach of Caron et al. [15] demonstrated that alternating between clustering and
contrastive representation learning can discover meaningful semantic categories in an

unsupervised manner.

Despite the success of contrastive learning in both recommendation and clustering
individually, the integration of contrastive objectives with cluster based recommenda-
tion systems remains limited. Existing contrastive recommendation methods focus on
enhancing user and item representations without explicitly considering cluster structure.
Existing deep clustering methods focus on learning representations suitable for cluster-
ing without considering recommendation objectives. The potential combining between
these approaches where contrastive learning could improve cluster quality while cluster

structure could inform contrastive pair selection remain unexplored.
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Comprehensive Framework Combining Multiple Innovations

The preceding gaps highlight the absence of a comprehensive framework that inte-
grates all four critical components for scalable recommendation: neural soft clustering,

contrastive learning, cluster based inference, and user-ID-free design.

Existing methods address these components in isolation or in partial combinations.
Deep clustering methods such as Deep Embedded Clustering [138] and Adaptive Simi-
larity Driven Deep Embedded Clustering [112] integrate neural learning with clustering
but have not been applied to individual recommendation with cluster based inference.
Contrastive recommendation methods such as SGL [134] and SimGCL [143] enhance
representation learning but do not incorporate clustering structure. cluster based infer-
ence methods such as Clustered Embedding Learning [19] and eTREE [4] enable effi-
cient recommendation but rely on hard clustering that cannot capture the nuanced, mul-
tifaceted nature of user preferences. ID-free approaches such as the work of Ananyeva et
al. [6] provide scalable user representation but function as plug and play modules rather

than end to end optimized systems.

The absence of a framework integrating all four components leaves significant po-
tential unexploited. Each component addresses a distinct aspect of the scalable recom-
mendation challenge, and their integration could yield benefits unavailable to approaches
addressing these aspects independently. Neural soft clustering captures the multifaceted
nature of preferences while enabling cluster based efficiency. Contrastive learning en-
sures robust, discriminative representations. cluster based inference provides computa-
tional scalability. user-ID-free design eliminates the memory bottleneck of embedding
tables. A framework combining all four components would represent a significant ad-

vance toward truly scalable recommendation systems suitable for web scale deployment.

2.2 EfficientRec: Scalable ID-Free Recommendation via

Soft Clustering and Contrastive Learning

To address the identified gaps, this chapter proposes EfficientRec, a novel frame-
work for robust large scale recommendation via interaction embedding and soft cluster-

ing. The research objectives guiding the development of EfficientRec are as follows.
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2.2.1 Overview

EfficientRec is an end-to-end scalable recommendation framework that abandons
explicit user-IDentifiers in favour of representations constructed dynamically from in-
teraction patterns, allowing the model to scale to the larger user populations without
growing its parameter footprint. User preferences are encoded through a neural soft-
clustering mechanism that maps each user onto a probabilistic mixture of latent prefer-
ence prototypes, capturing the multifaceted nature of real-world tastes more faithfully
than hard-assignment approaches. To prevent representational collapse and improve ro-
bustness under sparse interaction data, the framework incorporates contrastive learning
objectives that enforce geometric separation between dissimilar users and representa-
tion invariance across different observed interaction subsets directly benefiting cold-
start scenarios. At inference time, a cluster-based voting pipeline replaces exhaustive
item scoring: candidate items are retrieved from the user’s most relevant clusters and
aggregated through precomputed cluster-level preference scores, achieving sub-linear
inference complexity without sacrificing recommendation quality. The framework is
validated on public benchmarks as well as an industrial deployment on the TV360 plat-

form, confirming its effectiveness in both controlled and real-world settings.
Contributions of EfficientRec

The EfficientRec framework makes several novel contributions to the field of scal-
able recommendation systems, addressing each of the research gaps identified in the

preceding analysis.

First, EfficientRec is a novel ID-free user representation learning framework based
on interaction embedding and neural soft clustering. Existing recommendation models
represent each user through a dedicated embedding vector, a paradigm that ties mem-
ory requirements directly to the size of the user population and prevents the model from
generalizing to unseen users without retraining. This dissertation proposes an alternative
representation in which user-IDentity is entirely discarded in favour of behavioural sig-
nals: a user is characterized by an aggregated interaction embedding that is subsequently
projected onto a set of probabilistic soft-cluster prototypes. Unlike hard-clustering ap-
proaches which force each user into a single preference group and thereby lose the nu-
anced, multifaceted nature of real-world tastes the proposed soft-assignment scheme al-
lows users to simultaneously belong to multiple clusters with learned weights, yielding
richer and more flexible representations. The resulting framework is end-to-end train-

able, scales sub-linearly with user population size, and supports cold-start users without
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any modification to the learned parameters.

Second, EfficientRec is a contrastive learning strategy tailored to cluster-structured
recommendation, improving representation quality and model stability. While con-
trastive learning has been shown to benefit recommendation and deep clustering indi-
vidually, the two lines of work have not been integrated: existing contrastive recommen-
dation methods do not exploit cluster structure when constructing training pairs, and
existing contrastive clustering methods are not designed with individual recommenda-
tion objectives in mind. This dissertation bridges the gap by proposing a contrastive
objective that operates at two complementary levels interaction-level and cluster-level to
simultaneously sharpen intra-cluster cohesion and inter-cluster separation. By coupling
contrastive supervision with the soft-clustering representation of the first contribution,
the model learns user embeddings that are both discriminative and robust to the noise and
sparsity inherent in real-world interaction data, leading to more stable recommendation

performance across varying levels of user activity.
Comparative Analysis of EfficientRec Against Related Methods

To make the novelty of EfficientRec concrete, Table 2.1 provides a structured com-
parison against the most closely related methods across five design dimensions: user-
ID elimination, clustering strategy, contrastive supervision, cluster-based inference, and
end-to-end optimization. These dimensions correspond directly to the four research gaps
identified in Section 2.1.3.

Table 2.1: Comparative Analysis of EfficientRec Against Related Methods

Characteristic Ananyeva [6] PreHash [110] CEL [19] SCoC [72] EfficientRec (Ours)
user-ID elimination v’ (plug-in) v' (hash) X X v' (end-to-end)
Soft clustering X X X v v
Contrastive learning X X X X v
Cluster-based inference X X v’ (hard) v’ (soft) v’ (soft)
End-to-end optimization X X Partial X v

Memory complexity O(M x d) O(B x d) O(K xd) OK xd) OKxd), K<M

M: number of users; B: number of hash buckets; K: number of clusters; d: embedding

dimension.

The comparison reveals two fundamental distinctions. First, while Ananyeva [6]
and PreHash [110] eliminate user-ID embeddings, they do so as modular replacements
within existing architectures, meaning their user representations are not optimized jointly

with the recommendation objective. EfficientRec, by contrast, constructs user represen-
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tations through end-to-end optimization, allowing the Interaction Embedding model to
discover behavioral features specifically suited for recommendation rather than general

purpose encoding.

Second, whereas CEL [19] and SCoC [72] incorporate cluster-based inference,
neither employs contrastive supervision during clustering. Without contrastive learn-
ing, cluster boundaries are not explicitly encouraged to be discriminative, reducing the
quality of preference groupings. EfficientRec’s contrastive objective simultaneously im-
proves cluster cohesion (similar users are pulled together) and separation (dissimilar

users are pushed apart), directly benefiting both recommendation quality and scalability.

2.2.2 Model Architecture

This section presents the proposed EfficientRec architecture, a scalable recom-
mendation framework designed to address the fundamental limitations of conventional
user-ID based recommendation models. The architecture eliminates the dependency on
explicit user-IDentifiers by constructing user representations dynamically from behav-
1oral signals, thereby achieving computational complexity that is independent of the user
population size. This design enables the system to scale to large user bases while main-
taining consistent recommendation quality and supporting seamless integration of new

users without requiring model retraining.

The proposed model consists of three principal components that work together to

provide personalized recommendations.

The overall architecture is illustrated in Figure 2.1, which provides a high level

view of how the three components interact to produce personalized recommendations.

The first component is the “Interaction Embedding model”, which is responsible
for constructing compact and informative user representations by aggregating informa-

tion from the user’s historical interactions with items in the system.

The second component is the ”Clustering Model”, which organizes users into pref-
erence aware groups using contrastive learning [17, 38] and soft clustering techniques
[10]. The clustering model learns to map user representations into a latent preference
space where each dimension corresponds to a distinct preference cluster. The contrastive
learning objective ensures that users with similar preferences are mapped to similar re-

gions in the preference space, while users with different preferences are separated well.
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Figure 2.1: EfficientRec Overall Architecture

The third component is the “Item Selection model”, which efficiently generates
personalized recommendations through a two phases cluster based voting mechanism.
In the offline phase, the model precomputed preference scores for each cluster and item
pair based on the aggregated ratings from all users belonging to that cluster. In the
online phase, the model computes the target user’s cluster membership and generates
recommendations by aggregating the precomputed scores from the user’s most relevant
clusters. This two phases design significantly reduces the computational cost of recom-

mendation generation compared to methods that must score all items for each user.
Problem Formulation and Notation

Before describing the detailed architecture of each component, we first establish
the mathematical notation and problem formulation that will be used throughout this

section.

Consider a recommendation system operating over a set of items denoted as V =
{v1,v2,...,vn}, where N represents the total number of items available in the system.

The item catalog may include products, movies, music tracks, articles, or any other type
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of content depending on the application domain. Each item in the catalog is associated
with a set of content features that describe its characteristics, such as genre, category,

price, duration, or textual description.

The system serves a population of users denoted as U = {uy, us, ..., up }, where

M represents the total number of users.

For each user u; in the system, we observe an interaction history S; = {v; 1,vi2, ..., Vi }
consisting of the ¢ items that the user has previously interacted with. The number of in-
teractions ¢; varies across users and is typically much smaller than the total number of
items [V, reflecting the inherent sparsity of user item interaction data. Associated with
each interaction is a rating value, and the complete rating vector for user u; is denoted
as R; = {ri,mo,...,7iq}, where r;; represents the rating that user u; assigned to item

Uj.

In addition to interaction data, the system may have access to auxiliary informa-
tion about users, such as age group, gender, geographic location, or device type. This
auxiliary information is represented as a feature vector Xi{ff ¢ for each user u;. Auxil-
iary features can provide valuable signals for preference prediction, particularly for new

users with limited interaction history.

The objective of EfficientRec is to learn a mapping function A that transforms the
available user behavioral data into a compact preference vector that captures the user’s

interests across different preference dimensions:

XJimal = H(S;, Ry, X0 (2.1)

In this formulation, Xﬁf”“l € R is a b-dimensional final preference vector where
each component X 1{7; al represents the user’s degree of affinity toward preference cluster
k. The preference vector serves as a compact summary of the user’s interests that can be
efficiently used for downstream recommendation tasks. The key insight of EfficientRec
is that this preference vector is computed dynamically from the user’s interactions rather
than being retrieved from a stored embedding table, which enables the model to handle

large user populations without increasing memory requirements.
Interaction Embedding Model

The Interaction embedding model is considered as the foundational component

of the EfficientRec architecture. This component addresses the fundamental scalability
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limitation of traditional collaborative filtering approaches [64, 96], which require main-

taining a separate embedding vector for each user in the system.

The key insight of the interaction embedding model is that a user’s preferences can
be inferred from the characteristics of the items they have interacted with and the ratings
they have assigned to those items. Rather than storing a fixed embedding for each user,
the model dynamically computes a user representation by aggregating information from
the user’s interaction history. This approach offers several advantages: it eliminates the
need for per user embedding storage, it naturally handles new users without requiring
model updates, and it produces representations that are grounded in actual behavioral

signals rather than abstract learned parameters.

In the interaction embedding model, the computation proceeds through five se-
quential steps, each of which serves a specific purpose in transforming raw interaction

data into a meaningful user representation.
- Step 1: Rating Normalization

The first step in the interaction embedding computation is to normalize the raw rat-
ing values to a standardized scale. Different recommendation domains may use different
rating scales, such as 1-5 stars for movie ratings, 1-10 scores for product reviews, or bi-
nary like/dislike signals for social media content. To enable consistent treatment across
different rating systems and to distinguish between positive and negative preferences, all

ratings are normalized to a bipolar scale ranging from —1 to +1.

The normalization transformation is defined as:

2 x (rating;; — ratingmn)
T‘ij -

1 (2.2)

ratingmar — TAINGmin

This linear transformation maps the original rating range [ratingmn, ratingmaz)
to the normalized range [—1, +1|. The choice of a bipolar scale centered at zero serves
a critical purpose in the subsequent aggregation step. Positive normalized values indi-
cate items that the user likes or prefers, with values closer to 41 indicating stronger
positive preference. Negative normalized values indicate items that the user dislikes or
rates poorly, with values closer to —1 indicating stronger negative preference. A nor-
malized value of zero represents a neutral rating, indicating neither positive nor negative

preference.

- Step 2: Item Representation
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The second step constructs a comprehensive representation for each item in the
user’s interaction history. This representation combines two complementary sources of
information: collaborative signals derived from the item’s identity and content signals
derived from the item’s observable features. The combination of these two informa-
tion sources enables the model to leverage both the hidden patterns discovered through
collaborative filtering [106] and the explicit semantic information encoded in item meta-

data.

The collaborative component of the item representation is obtained by projecting
the item identifier into a learned latent space through an embedding lookup operation
[89]:

e;; = EM(id;;) € R% (2.3)

In this formulation, £’ M denotes the embedding lookup function and d, represents
the dimensionality of the collaborative embedding space. The embedding vectors are
learned during training through backpropagation, and they capture latent collaborative
patterns that are not directly observable from item content. Items that are frequently
consumed together by similar users will develop similar embedding vectors, even if

their observable features are quite different.

The content component of the item representation consists of a visible feature vec-
tor c;; € R% that encodes the observable attributes of the item. The specific features
included depend on the application domain, such as genre, director, and cast for movies,

or category, brand, and price for e-commerce products.

The collaborative and content representations are combined through concatenation:

t;; = concat(c;;, e;;) € RHde 2.4)

This hybrid representation enables the model to make accurate predictions even
when one source of information is incomplete or noisy, providing robustness for both

cold-start items and items with sparse metadata.
- Step 3: Rating-Weighted Aggregation

The third step aggregates the individual item representations into a single user level
embedding that summarizes the user’s overall preferences. This aggregation is the core
operation that enables user-ID independent representation learning. The aggregation is

performed using a weighted average, where the normalized ratings serve as attention
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weights [7, 123] that modulate each item’s contribution to the final user representation.

The user representation X,,, for user u; is computed as:

1.4
Xui = - Z Ti; X tij (25)
q =1

This formulation embodies several important design principles. First, the rating
serves as an attention weight that modulates each item’s influence on the user represen-
tation. When the normalized rating r;; is positive, the corresponding item feature vector
t;; 1s added to the user representation, pulling it toward the characteristics of liked items.
When the normalized rating is negative, the item feature vector is effectively subtracted,
pushing the representation away from disliked items. This creates a push and pull dy-

namic that encodes both positive and negative preferences.

Second, division by ¢ provides activity level normalization, ensuring that users
with different numbers of interactions produce embeddings with comparable magni-
tudes. This is essential for fair comparison between highly active users and users with

limited engagement.

Third, the dynamic computation from interaction history achieves user-ID inde-
pendence, eliminating the need for per user parameter storage and enabling seamless

handling of new users.
- Step 4: Auxiliary Information Integration

The fourth step incorporates auxiliary information that may provide additional sig-
nals about user preferences beyond what can be inferred from interaction history alone.

The integration is performed through concatenation:

h; = concat(X,,, Xfo ) (2.6)

where XZ}f © ¢ R% represents the auxiliary information vector for user u;. Com-
mon auxiliary features include age group, gender, geographic region, device type, ac-
count tenure, and subscription tier. The auxiliary features serve as prior information
that can guide predictions when interaction data is sparse, particularly for new users.
As users accumulate more interactions, the behavioral signals become more informative

and gradually dominate the representation.

- Step 5: Final Preference Vector Computation
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The fifth step transforms the combined feature vector into the final preference vec-

tor X/ through a multi layer perceptron (MLP) [100]:

X/ = g (Wy - ReLU(W; - h; + by) + by) 2.7)

The choice of sigmoid activation (rather than softmax) is a deliberate design deci-
sion that enables soft clustering behavior [25]. Unlike softmax, which forces preference
values to sum to one, sigmoid allows each preference dimension to be activated inde-
pendently. This means a user can have high affinity toward multiple preference clusters
simultaneously, accurately reflecting the multi faceted nature of real-world preferences.

The resulting final preference vector Xﬂf”“l € (0,1)° has b dimensions, where
each dimension X Q{Z,? al represents the user’s degree of membership in preference cluster

k. Values close to 1 indicate strong affinity, while values close to 0 indicate weak affinity.

Critically, X/ serves a dual role: it is simultaneously the soft cluster member-
ship vector used for recommendation inference (Eq. 2.10) and the anchor representation
fed directly into the triplet loss (Eq. 2.8). The same MLP weights W, W, therefore
receive gradients from both the clustering objective and the recommendation objective
in a single backward pass. This co-optimization is the key distinction from prior work
that trains clustering and recommendation modules separately: here, improving cluster
geometry and improving recommendation quality are not competing objectives applied

to separate parameters, but two views of the same learned transformation.
Clustering Model with Contrastive Learning

The Clustering model learns the parameters of the Interaction embedding model
such that the resulting preference vectors accurately reflect user similarities and differ-
ences. Training is performed through contrastive learning [84], which learns represen-
tations by contrasting positive pairs against negative pairs. The training strategies are

illustrated in Figure 2.2.

Triplet loss is selected over alternative contrastive objectives such as InfoNCE for
two reasons. First, InfoNCE maximises a ratio across a batch of negatives, so its geomet-
ric effect on the embedding space depends heavily on batch size and negative sampling
strategy both of which are difficult to control when user histories vary widely in length.
Triplet loss, by contrast, imposes an explicit distance constraint on each individual triple,
making the optimisation target independent of batch composition. Second, the margin

A provides a direct and interpretable geometric guarantee: once the anchor positive dis-
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tance is smaller than the anchor negative distance by at least A, the triple contributes zero

gradient and training focuses on harder cases.

All user

warm up
anchor
A positive L,
E » usergroupy - |
; d_positive R ' usergroups
A mask
: v o ©O
d_negative o o (o)
v ©o
user from another group
negative
usergroups
Split by user's interaction Split by user group

Figure 2.2: Two triplet construction strategies for contrastive learning.

- Triplet Loss Formulation:

The model is trained using a triplet loss [46, 108]:

Xﬁnal i Xp,final Xﬁnal B Xn,final
£ — max )\_'_ H Uj b (3 H2 o || Uj b 7 ||270 (28)

n, final

; is a negative

where X/™ is the anchor, X Jinal 5s a positive sample, X
sample, A is the margin, and b is the vector dimension. The loss encourages the anchor

positive distance to be smaller than the anchor negative distance by margin \.
- Strategy 1: User Group Split:

Users are categorized based on their dominant preference category. Positive pairs
are formed from users in the same preference group, while negative pairs come from
different groups. This strategy enforces discriminative representations across different

user populations.
- Strategy 2: User Interaction Split:

The user’s interaction history is randomly partitioned into warm up and mask sets
[17]. Each subset is encoded separately, and the resulting representations form a pos-
itive pair. This strategy enforces intra user representation consistency, ensuring stable

representations regardless of which specific items are observed.
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The two strategies address orthogonal failure modes and are therefore both neces-
sary. Strategy 1 (group split) prevents inter-user collapse: without it, users from differ-
ent preference groups may converge to similar regions of the embedding space, making
cluster boundaries indistinct. Strategy 2 (interaction split) prevents intra-user instability:
without it, a user’s representation may shift substantially depending on which subset of
their history is observed a critical failure for cold-start users whose histories are small
and unrepresentative. A model trained on Strategy 1 alone separates user groups glob-
ally but produces unstable representations under sparse observations; a model trained
on Strategy 2 alone achieves per-user stability but may not enforce sufficient separation
between distinct preference profiles. Together, the two strategies ensure that the learned
embedding space is simultaneously well-separated across users and consistent within

each user, satisfying both requirements for reliable soft cluster membership inference.
- Soft Clustering versus Hard Clustering:

The comparison is illustrated in Figure 2.3. Hard clustering algorithms like K-
means [85] or DBSCAN [26] suffer from sparsity (some clusters have too few users)

and hard boundary problems (similar users near boundaries are separated).

Cluster 2b

Cluster 2a
Cluster 1a Cluster 3b
Cluster 3a Cluster 1b ‘
4
Cluster 4a ‘ /
Cluster 4b

Hard clustering Soft clustering

Figure 2.3: Comparison of hard clustering (left) versus soft clustering (right)

Soft clustering [10, 25] addresses these weaknesses by allowing each user to be-
long to multiple clusters with varying degrees of membership through sigmoid activa-

tion.
Item Selection Model

The Item selection model generates personalized recommendations efficiently through

a two phase approach:

- Phase 1: Offline Shortlist Construction:
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The model pre-computes shortlist scores:

inal
~ Sieuri - Xox° 2.9
Jk’j - Xfinal (2.9)
Zieu uik

This represents the weighted average rating that users with membership in cluster
g have given to item f. The offline computation has complexity O(M ) and is performed

once after training.
- Phase 2: Online Recommendation Generation:
For a target user:
(1) compute final preference vector X{:f"“l = H(S;, R;, Xf}jf %);
(2) select top-k clusters C'L = argtop,,(X/™a%);

(3) compute recommendation scores through cluster voting:

g sz'nal
Scorey; = 2L P (2.10)
2ceCL Xiie

(4) rank items by score and return top results.

2.3 Experimental Settings and Results

2.3.1 Experimental Settings
A. Offline Experimental Settings
a) Dataset and User Categorization

We conduct experiments on the MovieLens-1M dataset containing 6,040 users,
3,706 items, and 1,000,209 interactions. Users are categorized into three groups based
on interaction frequency: Cold (<20 interactions), Warm (21-50 interactions), and Ac-

tive (>50 interactions). We use temporal split with 80% training and 20% testing data.
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Table 2.2: Experimental Configuration

Component Specification

GPU NVIDIA A100-SXM4-40GB
Framework  PyTorch 2.1.0, CUDA 12.2
Platform Google Colab Pro+

b) Evaluation Metrics

We evaluate recommendation quality using two primary metrics: Recall@K and
NDCG@K

All experiments are evaluated at K=30 and reported over 5 random seeds.

¢) Baseline Methods

We compare EfficientRec against state of the art of the time the model published

methods from three categories:

* Clustering-based and Matrix Factorization Methods: Traditional approaches that

leverage user clustering or matrix decomposition techniques.
— FCM-Rec [63]: Fuzzy C-Means clustering for collaborative filtering that as-
signs users to multiple clusters with membership degrees.

— FCCF [5]: Fuzzy Clustering-based Collaborative Filtering that combines fuzzy

clustering with neighborhood-based recommendations.

— SCoC [72]: Soft Clustering-based Collaborative filtering that uses soft cluster

assignments for preference prediction.

— BPR-MF [96]: Bayesian Personalized Ranking with Matrix Factorization,

optimizing pairwise ranking loss for implicit feedback.

* Graph-based Methods: Neural network approaches that model user item interac-

tions as graphs.

— GraphSAGE [36]: Inductive representation learning that samples and aggre-

gates features from local neighborhoods.
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— GAT [124]: Graph Attention Network that applies attention based neighbor

aggregation with learnable weights.

— NGCEF [130]: Neural Graph Collaborative Filtering that captures collabora-

tive signals through embedding propagation on user item graphs.

— LightGCN [42]: Simplified graph convolution that removes feature transfor-

mation and nonlinear activation for efficiency.
— LINKX [76]: Scalable link prediction method that separates ego and neighbor
embeddings for heterophilic graphs.

* Contrastive Learning Methods: Self-supervised approaches that learn representa-

tions through contrastive objectives.
— SGL [134]: Self-supervised Graph Learning that augments user-item graphs
and maximizes agreement between different views.

— SSL4Rec [141]: Self-Supervised Learning for Recommendation that incor-

porates auxiliary self supervised tasks.

— MixGCEF [52]: Mixes positive samples in graph collaborative filtering to gen-

erate harder negative samples for contrastive learning.

d) Optimal Hyperparameter Configuration

Table 2.3: Optimal Hyperparameter Configuration

Hyperparameter Optimal Value
Embedding Dimension 64
Number of Layers (L) 3
Number of Clusters (K) 256
Contrastive Weight () 0.1
Clustering Margin (m) 0.5
Learning Rate le-3
Weight Decay (7) le-5
Batch Size 2048

The values reported in Table 2.3 are the optimal configuration obtained from sys-

tematic grid search experiments on the MovieLens-1M validation set, in which each

58



hyperparameter was varied independently while all others were held fixed. The de-
tailed sensitivity analysis for the two most critical parameters number of clusters /& and
contrastive weight p is presented in Tables 2.8 and 2.9 respectively. The remaining
parameters (embedding dimension, number of layers, learning rate, weight decay, and
batch size) follow standard settings widely adopted in the recommendation literature and
were confirmed to be optimal on the same validation set through the same grid search

procedure.

B. Online Experimental Settings

We conduct online testing on the TV360 service to evaluate practical effectiveness.
The platform serves two product groups: movies (7,000 series, relatively dense) and

videos (200,000 items, very sparse), with 2 million active users.

Table 2.4: Statistics of Online Datasets

Dataset Info TV360 Films TV360 Videos
Active users 1,875,642 732,514
Number of items 7,251 185,324
Number of ratings 5,347,897 3,040,837
Sparsity ratio (%) 0.039 0.002

The TV360 dataset follows the same prediction objective as the offline MovieLens
experiments: given a user’s historical interaction records, the model is tasked with pre-
dicting a ranked list of top-K items most likely to be relevant to that user. User feedback

is collected on an explicit 1-5 rating scale.

In the online experiment, user interactions are divided sequentially over time into
warm up, mask, and target segments. We perform A/B testing by randomly dividing
users into homogeneous groups through stratified sampling. We compare Average Con-
tent Per User (ACPU) and Average Duration Per User (ADPU)).
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2.3.2 Offline Experimental Results

All results reported below are evaluated based on relative differences.
a) Overall Performance

Table 2.5: Overall Performance Comparison (All Users) @30

Model Recall@30 NDCG@30 Category
Proposed Method
EfficientRec 0.1994 0.1178 Proposed

Graph-based Methods

NGCF 0.1958 0.1174 Graph
LINKX 0.1928 0.1160 Graph
GraphSAGE 0.1658 0.0970 Graph
GAT 0.1639 0.0946 Graph
LightGCN 0.1636 0.0945 Graph

Contrastive Learning Methods

SSL4Rec 0.1644 0.0950 SSL
MixGCF 0.1591 0.0910 CL
SGL 0.1192 0.0565 CL

Clustering-based and MF Methods

SCoC 0.1584 0.1107 Clustering
FCCF 0.1090 0.1072 Clustering
BPR-MF 0.1074 0.0912 MF

FCM-Rec 0.1067 0.1068 Clustering

Bold indicates the best result and underline denotes the second best.

EfficientRec achieves the best performance on both metrics: Recall@30 (0.1994)
and NDCG@30 (0.1178). Compared to the second best method NGCF, EfficientRec
outperforms by +1.8% in Recall@30 and +0.34% in NDCG@30. Against the best clus-
tering baseline SCoC, EfficientRec demonstrates +25.9% improvement in Recall @30,
validating the effectiveness of our soft clustering mechanism over traditional clustering

approaches.
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b) Performance on Cold, Warm, and Active Users

Table 2.6: Performance Comparison on Cold, Warm, and Active Users @30

Model Cold Users Warm Users Active Users
R@30 N@30 | R@30 N@30 | R@30 N@30
EfficientRec | 0.2085 0.0910 | 0.1840 0.1145 | 0.1689 0.1264
NGCF 0.2008 0.0902 | 0.1747 0.1104 | 0.1647 0.1275
LINKX 0.1866 0.0867 | 0.1717 0.1070 | 0.1651 0.1291
GraphSAGE | 0.1443 0.0628 | 0.1290 0.0792 | 0.1506 0.1161
SSL4Rec 0.1444 0.0618 | 0.1262 0.0772 | 0.1495 0.1139
LightGCN 0.1411 0.0605 | 0.1256 0.0766 | 0.1494 0.1137
MixGCF 0.1358 0.0581 | 0.1196 0.0733 | 0.1460 0.1097

R@30 =Recall@30, N@30 = NDCG@30. Bold = Best, Underline = Second Best.

EfficientRec achieves the best Recall @30 across all three user scenarios:

» Cold Users: EfficientRec achieves Recall @30 of 0.2085, outperforming the second
best method (NGCF: 0.2008) by +3.8%. This demonstrates the effectiveness of the
soft clustering mechanism in transferring knowledge from similar user groups to

address data sparsity in cold-start scenarios.

* Warm Users: EfficientRec achieves Recall@30 of 0.1840, outperforming NGCF
(0.1747) by +5.3%. The improvement is the largest among all scenarios, indicating
that the model effectively leverages moderate interaction history combined with

cluster based knowledge transfer.

» Active Users: EfficientRec achieves Recall@30 of 0.1689, outperforming NGCF
(0.1647) by +2.6%. The relatively smaller improvement suggests that when abun-
dant interaction data is available, the advantage of clustering based knowledge

transfer is partially offset by the rich behavioral signals available to all methods.

EfficientRec maintains consistent superiority across all activity levels, demonstrat-

ing robustness across diverse user segments.
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¢) Component Contribution Analysis

To understand the contribution of each component in EfficientRec, we conduct
comprehensive ablation studies by systematically removing or replacing key compo-
nents. The central argument of this chapter is that scalable and robust recommendation
can be achieved through the synergy of three innovations: ID-free interaction embed-
ding, neural soft clustering, and contrastive learning. To validate this argument, we
design ablation experiments that isolate the contribution of each component. Each con-
figuration removes or replaces exactly one component while keeping the rest unchanged,
allowing us to assess whether the observed improvements stem from the proposed in-
novations rather than from the combination of standard techniques. Specifically, the
ablation addresses three questions: Does dynamic user representation from interaction
history outperform static ID-based embedding? Does soft clustering provide measurable
benefits over hard clustering for individual recommendation? Does contrastive learning

enhance representation quality beyond the primary recommendation objective?

Table 2.7 presents the performance of each configuration that illustrates the per-

centage drop compared to the full model.

Table 2.7: Component Ablation Study on EfficientRec

Configuration Performance Drop from Full Model
Recall@30 NDCG@30 ARecall ANDCG

Full Model 0.199440.0028 0.1174+0.0027 - -

w/o Interaction Embedding 0.1934+0.0023 0.1118+0.0025 —3.0% —4.8%

Hard Clustering (vs Soft) 0.1954+0.0027 0.1136+0.0033 —2.0% —3.2%

w/o Contrastive Loss 0.1964+0.0023 0.1166+0.0030 —1.5% —0.7%

Note: ARecall and ANDCG represent relative difference compared to full model.

The results provide direct evidence for all three claims. The removal of interac-
tion embedding causes the largest degradation (—3.0% Recall, —4.8% NDCG), confirm-
ing that behavior-driven user representations are not merely a memory-saving substitute
for ID embeddings but actively improve recommendation quality through end-to-end
optimization. Replacing soft clustering with hard clustering degrades performance by
—2.0% Recall, validating that allowing users to belong to multiple preference groups

with probabilistic weights captures preference structure more faithfully than binary as-
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signment. Removing the contrastive loss results in —1.5% Recall, demonstrating that the
self-supervised signal provides meaningful regularization, particularly by encouraging
discriminative cluster boundaries. Notably, the three components contribute comple-
mentarily rather than redundantly: interaction embedding addresses what to represent,
soft clustering addresses how to organize, and contrastive learning addresses how to train

each targeting a distinct aspect of the scalable recommendation problem.

d) Hyperparameter Sensitivity Analysis

We analyze the sensitivity of EfficientRec to key hyperparameters. Each experi-

ment varies one hyperparameter while keeping others at their optimal values.

(1) Number of Clusters (K):

Table 2.8: Impact of Number of Clusters

K Recall@30 NDCG@30

8 0.1924£0.0035 0.1133+0.0024
32 0.1954£0.0034 0.1148+0.0029
64 0.1968+0.0024 0.115840.0025
128 0.1982+0.0030 0.1168+0.0030
256 0.1994+0.0027 0.1174+0.0022
384 0.1988+0.0025 0.1170+0.0024
512 0.1980£0.0026 0.1165=£0.0023
640 0.1972£0.0028 0.1158+0.0025

Performance improves with the number of clusters up to K=256, achieving Re-
call@30 of 0.1994 and NDCG@30 of 0.1174. Beyond K=256, performance decreases
as clusters become too small to capture meaningful preference patterns, leading to over
fragmentation. The optimal K'=256 represents a balance between cluster granularity and

statistical reliability.
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(2) Contrastive Learning Weight (1.):

Table 2.9: Impact of Contrastive Learning Weight

0 Recall@30 NDCG@30

0.0 0.1970£0.0028 0.1160£0.0025
0.01 0.1974+0.0027 0.1162+0.0028
0.05 0.1984+0.0024 0.1168+0.0024

0.1 0.1994+0.0026 0.1174+0.0022

0.2 0.1986%0.0032 0.1169+0.0031

0.5 0.1978£0.0029 0.1165+0.0034

The optimal contrastive weight is 4=0.1, achieving +1.2% improvement over 1=0.0
(no contrastive loss). Values larger than 0.2 cause the contrastive objective to dominate
the training process, degrading recommendation performance. The optimal ;=0.1 pro-
vides effective regularization without overwhelming the primary recommendation ob-

jective.

d) Scalability Experiment

To evaluate the scalability of EfficientRec, we conduct experiments on MovieLens-
20M, which contains approximately 20 million ratings from 138,000 users on 27,000
movies, a 20X increase in data size compared to MovieLens-1M. This experiment as-
sesses how well different methods maintain their performance when scaling to larger

datasets with increased sparsity.

The results reveal notable performance degradation across all baseline methods
when scaling from 1M to 20M. NGCEF, the best-performing graph-based method on
MovieLens-1M, experiences a —20.9% drop in Recall@30. Self-supervised learning
method SSL4Rec shows a —22.4% decrease, while contrastive learning method MixGCF
suffers the largest degradation at —23.8%. The clustering-based method SCoC demon-
strates a —21.5% drop, indicating that traditional clustering approaches also struggle

with increased scale.

In contrast, EfficientRec demonstrates superior scalability with only —16.7% per-
formance drop significantly smaller than all baseline methods. On MovieLens-20M,
EfficientRec achieves R@30 of 0.1661 and N@30 of 0.0978, outperforming the second-
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best method NGCF (R@30 = 0.1549) by +7.2%. This superior scalability can be at-
tributed to three key design choices: (1) the ID-free interaction embedding eliminates
the memory bottleneck of user/item embedding tables that grow linearly with dataset
size, (2) soft clustering provides efficient approximate retrieval that scales sub-linearly
with the number of items, and (3) contrastive learning enhances representation robust-

ness under increased sparsity conditions.

These results confirm that EfficientRec’s architecture is particularly well-suited
for web-scale recommendation scenarios where maintaining both accuracy and compu-

tational efficiency is critical.

Table 2.10: Scalability Comparison: Performance on MovieLens-1M vs MovieLens-
20M

MovieLens-1M MovieLens-20M
Method Type Drop (%)

R@30 N@30 R@30 N@30

NGCF Graph 0.1958 0.1168 0.1549 0.0898 —20.9%
SSL4Rec SSL 0.1644 0.0950 0.1276 0.0723 —22.4%
MixGCF CL 0.1591 0.0910 0.1213 0.0679 —23.8%
SCoC Clustering 0.1584 0.1107 0.1243  0.0856 —21.5%
EfficientRec Proposed 0.1994 0.1174 0.1661 0.0978 —16.7%

Note: Drop (%) represents performance degradation in R@30 when scaling from 1M to 20M.

EfficientRec achieves the highest Recall@30 on both scales, outperforming the
second-best method NGCF by +1.8% on MovielLens-1M and +7.2% on MovieLens-
20M. The widening gap across scales is notable: while NGCF degrades by —20.9%
when data volume increases 20 x, EfficientRec degrades by only —16.7%, a difference of
4.2 percentage points. This advantage is attributable to the ID-free design, which elim-
inates the embedding table bottleneck that causes graph-based methods to scale poorly,
and to the soft clustering mechanism, which remains reliable under the increased sparsity
of ML-20M (0.53% density). The NDCG @30 pattern mirrors Recall@30, confirming

that the scalability advantage holds for ranking quality as well as retrieval coverage.
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2.3.3 Online Experimental Results

To measure the real-world impact of the proposed recommendation model, we em-
ploy two complementary online metrics. Average Content Per User (ACPU) is defined
as the average number of distinct recommended content items that each user consumed
(i.e., clicked and watched) during the A/B testing period. It captures the breadth of
user engagement: a higher ACPU indicates that the model successfully surfaces more
relevant items, encouraging broader content exploration. Average Duration Per User
(ADPU) is defined as the average total viewing time (in minutes) that each user spent
on recommended content during the same period. It captures the depth of engagement:
a higher ADPU indicates that users find the recommended content sufficiently inter-
esting to sustain prolonged viewing sessions. Together, these two metrics provide a
comprehensive view of online recommendation quality ACPU reflects content discov-
ery effectiveness while ADPU reflects content satisfaction. A model that improves both
metrics simultaneously demonstrates genuine gains in recommendation relevance rather
than superficial improvements in a single dimension. Both metrics are computed exclu-
sively over items surfaced by the recommendation algorithm to isolate its contribution

from organic user browsing behavior.

All results reported below are evaluated based on relative differences.

Table 2.11: Results of the Online Experiments on TV360

TV360 Films  TV360 Videos

Methods

ACPU ADPU ACPU ADPU
2DNNs 0.0152 13.896 0.0322 10.526
ALS 0.0121 12.190 0.0160 4.277

ER Interaction Split 0.0186 15.018 0.0421 12.290
ER User Group Split  0.0176 14.272 0.0381 13.155

Bold = Best, Underline = Second Best.
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Online A/B Testing Results on TV360
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Figure 2.4: Online A/B testing results: Average Content Per User (ACPU) compari-
son across methods. EfficientRec (Interaction Split) achieves +22.4% improvement for
Films and +30.7% for Videos compared to 2DNNs baseline.

EfficientRec (Interaction Split) achieves the best overall results, outperforming the
second-best method 2DNNs by +22.4% in ACPU on Films (0.0186 vs. 0.0152) and
+30.7% on Videos (0.0421 vs. 0.0322). The larger gain on the sparser video catalogue
(0.002% density vs. 0.039% for Films) is consistent with the core design of soft clus-
tering, which transfers preference knowledge from similar users and is most effective
when per-user interaction data is scarce. For ADPU, EfficientRec (Interaction Split)
also leads on Films (+8.1%: 15.018 vs. 13.896), while EfficientRec (User Group Split)
leads on Videos (424.0%: 13.155 vs. 10.526 for 2DNN5s), indicating that inter-user dis-
criminability contributes to longer viewing sessions on sparse catalogues. The consis-
tent improvements across both ACPU and ADPU confirm that offline Recall@30 gains

translate to real user engagement in production.

2.4 Chapter Summary

This chapter presented EfficientRec, a unified deep learning framework for scalable
recommendation that addresses three fundamental challenges in industrial recommender
systems: data sparsity, cold-start problems, and the dependency on fixed user-IDentifiers

that limits scalability.

The first contribution is the interaction embedding method, which models histor-

ical user item behaviors as directional edges within a graph structure. This approach
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enables the extraction of both first order preference signals and higher order collabora-
tive patterns. By representing users through their behavioral patterns rather than explicit
IDs, the framework eliminates the need for large embedding tables, thereby reducing

memory requirements and enabling truly scalable recommendation.

The second contribution is the integration of contrastive learning mechanisms to
enhance representation robustness under sparse data conditions. The framework con-
structs positive and negative interaction pairs, incorporating noise injection and learn-
able feature masking to create diverse contrastive views. This self supervised formula-
tion provides additional training signals beyond the primary recommendation objective,

improving the model’s ability to generalize to unseen interactions.

The third contribution is the adoption of soft clustering in place of traditional hard
clustering approaches. Unlike binary cluster assignments that force each user into ex-
actly one group, soft clustering allows users to belong to multiple semantic preference
groups with probabilistic weights. This formulation yields smoother cluster boundaries
that better capture the multifaceted nature of user preferences and supports user repre-

sentations independent of explicit IDs.

Experimental results on real-world datasets verify the effectiveness of the proposed
framework. The findings demonstrate that combining interaction embedding, learnable
contrastive masking, and soft clustering significantly improves recommendation accu-
racy, model efficiency, and scalability. Online A/B testing on a production streaming
platform further confirms the practical effectiveness of EfficientRec in real-world de-

ployment scenarios.
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Chapter 3

Boosting Recommendation via
Graph-based Fusion of
Canonical Interactions and

Auxiliary Side Information

3.1 Introduction

This chapter concentrates on enhancing recommendation quality through the mod-
eling and integration of auxiliary information and canonical data within Graph Neural
Network (GNN) architectures. While GNN-based methods have demonstrated strong
capability in capturing structural patterns from user item graphs and learning meaning-
ful representations, their performance is often constrained by sparse interactions and
limited utilization of contextual information. To address these drawbacks, this chapter
introduces a framework that enriches GNN representations by incorporating auxiliary
side information alongside graph derived interaction embeddings, enabling the recom-

mender system to leverage both descriptive and behavioural signals.

In summary, this chapter presents how side information, interaction patterns, and
graph learning can be cohesively combined to improve modern recommendation perfor-
mance. Through detailed architectural modelling and empirical analysis, this chapter
demonstrates that augmenting GNN-based recommendation with structured side infor-
mation fusion produces more accurate, robust, and semantically aligned recommenda-

tion outcomes. These works have been published in peer-reviewed conferences, in-
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cluding:[P2] “GIFT4Rec: An Effective Side Information Fusion Technique Apply to
Graph Neural Network for Cold-Start Recommendation” (ACIIDS 2023), and [P3] “The
Masked Simple Graph Contrastive Learning for Recommendation” (KSE 2024).

3.1.1 Graph Neural Networks for Recommendation Systems

Graph Neural Networks (GNNs) have emerged as a powerful paradigm for collab-
orative filtering, fundamentally transforming how recommendation systems model user
item interactions [129, 135]. Unlike traditional matrix factorization approaches that
treat user item interactions as independent entries in a sparse matrix, GNN-based meth-
ods explicitly model the relational structure inherent in recommendation data through
graph-based representations. This structural perspective enables the capture of high or-
der collaborative signals that propagate through the user item bipartite graph, revealing

preference patterns that cannot be discovered through direct interaction analysis alone.

The foundational insight underlying GNN-based recommendation is that user item
interactions naturally form a bipartite graph structure G = (U, V, E), where users U
and items V constitute two disjoint node sets, and edges £ represent observed interac-
tions. This graph structure encodes rich collaborative information: users who interact
with similar items are implicitly connected through shared item neighbors, and items
consumed by similar users share user driven relational connections. GNNs exploit this
structure through iterative message passing mechanisms, where each node aggregates
information from its neighbors to update its representation, progressively incorporating

higher order connectivity patterns.

LightGCN (Light Graph Convolutional Network) [42] constitutes an important
contribution that simplified the GNN architecture specifically for collaborative filtering.
Through systematic ablation studies, He et al. demonstrated that the feature transfor-
mation and nonlinear activation components inherited from general purpose GCNs are
not only unnecessary but potentially harming for recommendation tasks. The resulting

architecture retains only the essential neighborhood aggregation operation:

1 0

g+1) = > €
ieN () IV (w)[|NV(3)]

where eg) denotes the user embedding at layer [, and A/ (-) represents the neighborhood

3.1)
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function. The final representation is obtained by averaging embeddings across all layers:

e, =——> e, (3.2)

This simplified design achieves state of the art performance while significantly reduc-
ing computational complexity, establishing LightGCN as the backbone for subsequent

GNN-based recommendation research.

NGCF (Neural Graph Collaborative Filtering) [130] pioneered the explicit model-
ing of collaborative signals through graph neural networks by embedding the user item
interaction graph structure into the embedding process. NGCF propagates embeddings
on the bipartite graph to capture the collaborative filtering effect, explicitly encoding
high order connectivity in user and item representations. The model introduces feature

transformation and nonlinear activation during message passing:

1

(I4+1) _ () Z W O 4w (el 0

eu = 0 Vb 1eu + - < 162' + 2(67; @ eu )> (33)
( ieN (u) \ N ()] |N(0)]

where W; and W, are trainable weight matrices, o(-) is a nonlinear activation function,

and ® denotes element-wise product that captures feature interactions.

GAT (Graph Attention Networks) [124] introduce attention mechanisms into graph
neural networks, enabling nodes to differentially weight the importance of their neigh-
bors during message aggregation. In the recommendation context, attention-based GNNs
learn to prioritize interactions that are most informative for preference prediction, nat-
urally handling the heterogeneous importance of different user item connections. The
attention mechanism computes importance weights «;; that modulate the contribution

of each neighbor:

exp <LeakyReLU (aT [We; ||Wej])>

(3.4)

Oél'j =
ke (i) XD (LeakyReLU (aT [We; HWek]))

where a is a learnable attention vector, W is a shared weight matrix, and || denotes
concatenation.

Despite these advances, GNN-based recommendation methods face persistent chal-
lenges that limit their effectiveness in real-world deployment scenarios. The funda-

mental limitation stems from the inherent sparsity of user item interaction data, which
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constrains the quality of learned representations and the effectiveness of message prop-
agation. When users have limited interaction histories, the neighborhood aggregation
mechanism cannot capture sufficient collaborative signals, leading to suboptimal repre-

sentations that fail to generalize beyond observed patterns.

3.1.2 The Role of Auxiliary Data in Enhancing GNN-based Recom-

mendation

To address the limitations of canonical data from interaction only GNN models,
recent research has increasingly focused on integrating auxiliary data that is additional
information sources beyond direct user item interactions into graph-based recommenda-
tion frameworks [111, 149]. Auxiliary data encompasses diverse information types that
provide complementary signals for preference modeling, including user demographics,
item attributes, textual descriptions, visual features, social relationships, and knowledge

graph entities.

The integration of auxiliary data into GNN-based recommendation serves multiple

critical purposes:

» Semantic grounding: Auxiliary data provides semantic context for learned repre-
sentations, enabling the model to understand why users prefer certain items beyond

mere co-occurrence patterns.

* Cold-start mitigation: Auxiliary information provides informative signals for users
and items lacking sufficient interaction histories, addressing one of the most per-

sistent challenges in recommendation systems.

» Representation robustness: Redundant information sources can compensate when
interaction data is noisy or incomplete, enhancing the reliability of preference pre-

dictions.

Auxiliary Information Fusion represents a fundamental approach to incorporat-
ing auxiliary data into recommendation systems. Side information includes user-side
attributes (demographics, preferences, behavioral patterns) and item-side attributes (cat-
egories, descriptions, visual features). Formally, let X" ¢ R denote the side infor-
mation vector for user u, and X9 ¢ R% for item 7. The challenge lies in effectively

fusing these heterogeneous information sources with interaction-derived collaborative
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signals. Early approaches employed simple concatenation:
h, = [e,||X!"™] (3.5)
or weighted combination:

h, =a-e, +(1—a) WXnP (3.6)

KGAT (Knowledge Graph-Enhanced Recommendation) extends the graph struc-
ture beyond user item interactions to incorporate external knowledge bases that encode
rich semantic relationships among entities [127, 129]. The Knowledge Graph Attention
Network (KGAT) [129] constructs a unified graph G = {(h,r,t)|h,t € E,r € R} that
integrates user item interactions with knowledge graph triples, where h and ¢ are head
and tail entities, and r represents the relation type. The attention mechanism learns to

weight different relation types-based on their relevance for preference prediction:
m(h,r,t) = (W,e)" tanh(W,e;, + e,) (3.7)

This enables effective knowledge transfer from external sources to recommendation

tasks.

HINs (Heterogeneous Information Networks) provide another framework for aux-
iliary data integration by modeling multiple types of nodes and edges within a uni-
fied graph structure [83, 148]. HIN recommendation methods leverage meta paths se-
quences of node and edge types to capture complex semantic relationships that cannot
be expressed in homogeneous graphs. For example, a meta path “User-Movie-Director-
Movie” captures the preference pattern where users who like movies by a particular

director may also appreciate other works by the same director.

3.1.3 Self-Supervised Learning for Robust graph-based Recommen-

dation

Beyond supervised learning from interaction data and auxiliary information, self-
supervised learning has emerged as a powerful paradigm for enhancing the robustness
of GNN-based recommendation [134, 142]. Self-supervised methods construct auxil-
iary training signals from the data itself, providing additional supervision that reinforces

representation learning without requiring external labels.
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Contrastive Learning has proven particularly effective for graph-based recommen-
dation, learning representations by contrasting positive pairs (similar or related nodes)
against negative pairs (dissimilar or unrelated nodes). The contrastive objective, typ-
ically formulated as the InfoNCE loss, encourages the model to capture meaningful

similarity structures:

exp (ngzg’ / 7')
Lop =) —log (3.8)
iB S jesexp(zlz]/7)

where z; and z; are two augmented views of node i, 3 is a sampled batch, and 7 is the

temperature parameter.
SGL (Self-supervised Graph Learning for Recommendation)

Self-supervised Graph Learning (SGL) [134] pioneers the application of contrastive
self-supervised learning to graph-based recommendation. The core motivation of SGL is
to address the data sparsity problem that fundamentally constrains collaborative filtering
performance. By introducing auxiliary self-supervised signals derived from graph struc-
ture, SGL reinforces node representation learning through self-discrimination, enabling
the model to learn more robust and generalizable representations without requiring ad-

ditional supervision.

SGL proposes a joint learning framework that combines the traditional supervised

recommendation loss with an auxiliary contrastive loss:
Ejoint = Erec + >\£cl (39)

where L. is the recommendation loss (typically BPR loss), £ is the contrastive loss,
and \ controls the balance between the two objectives. To generate diverse views for
contrastive learning, SGL explores three graph augmentation strategies: node dropout,
edge dropout, and random walk sampling. These structural perturbations create varia-
tions of the original graph that preserve essential collaborative patterns while introducing

controlled diversity for contrastive learning.
SimGCL (Simple Graph Contrastive Learning for Recommendation)

SimGCL [146] challenges the conventional wisdom that graph augmentations are
necessary for effective contrastive learning in recommendation. Through systematic
investigation, SImGCL reveals that the performance improvements attributed to graph-

based contrastive learning primarily stem from the uniformity regularization effect of the
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InfoNCE loss rather than the specific augmentation strategies employed. This finding
suggests that the computational overhead associated with graph augmentations may not

be justified by their contribution to representation quality.

Based on this insight, SimGCL proposes a remarkably simple yet highly effective
alternative: instead of perturbing the graph structure, SImGCL directly adds random
uniform noise to node embeddings to create contrastive views. The noise perturbation is
formulated as:

e =ei+ A, |Ailla=¢ (3.10)

where ¢; is the original node embedding, A; is the noise vector, and e controls the pertur-
bation magnitude. This noise-based augmentation strategy eliminates the computational
cost of repeatedly constructing and processing augmented graphs while achieving supe-

rior recommendation performance.
XSimGCL (Cross-Layer Contrastive Learning)

XSimGCL [145] extends SimGCL by introducing cross-layer contrastive learning
as a more principled approach to generating contrastive views. The key innovation of
XSimGCL is the recognition that representations at different GNN layers encode in-
formation at different granularities: earlier layers capture local neighborhood patterns
while deeper layers incorporate broader structural context. By contrasting representa-
tions across layers rather than at only the final layer, XSimGCL enables the model to

learn multi-scale invariances that enhance representation robustness.

Furthermore, XSimGCL introduces a unified design where the same perturbed rep-
resentations serve both the recommendation task and the contrastive learning objective.
This design eliminates the need for separate forward passes for different views, further
improving computational efficiency. XSimGCL demonstrates that thoughtful architec-
tural choices in how contrastive objectives are integrated can yield substantial improve-

ments in both effectiveness and efficiency.

3.1.4 Research Gaps and Contributions

Despite the significant progress reviewed above, several critical research gaps re-

main that motivate the contributions presented in this chapter.

Gap 1: Adaptive Side Information Fusion. Existing methods for integrating auxil-
1ary data with GNN-based recommendation typically employ static fusion strategies that

apply uniform weighting across all users and contexts. However, the informativeness of
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different data sources varies significantly for some users, demographic information may
be highly predictive, while for others, behavioral signals provide more accurate prefer-
ence indicators. There is a need for adaptive fusion mechanisms that can dynamically
adjust the contribution of auxiliary data-based on user specific characteristics and data

quality.

Gap 2: Cold-Start Handling with Auxiliary Data. While auxiliary data theoreti-
cally provides signals for cold-start users and items, existing approaches lack principled
mechanisms for leveraging side information when interaction data is severely limited or
absent. The challenge is to develop models that can gracefully transition from auxiliary
data driven prediction for cold entities to interaction driven prediction for warm entities,

without requiring separate model architectures or manual intervention.

Gap 3: Dimension Aware Contrastive Learning. Current contrastive learning meth-
ods for recommendation treat all embedding dimensions uniformly during augmentation
and learning. This uniform treatment fails to account for the heterogeneous informative-
ness of different dimensions some dimensions may encode critical preference signals
while others capture noise. There is a need for adaptive mechanisms that can identify

and differentially treat embedding dimensions-based on their task relevance.

Gap 4: Integration of Masking with Graph Contrastive Learning. While learnable
masking has proven effective in various deep learning domains for identifying task-
relevant features, its integration with graph-based contrastive learning for recommen-
dation remains unexplored. The potential synergy between masking and contrastive
learning where masks can inform view generation and contrastive objectives can guide
mask learning offers compelling opportunities for more effective self-supervised recom-

mendation.

To address these gaps, this chapter presents two complementary contributions:

 Section 3.2: GIFT4Rec introduces a novel framework for side information fu-
sion in GNN-based recommendation, specifically designed for cold-start scenar-
10s. GIFT4Rec employs an attention-based “Weight Generated” module that dy-
namically computes user’s specific fusion weights, controlling the relative contri-
bution of behavioral embeddings and auxiliary side information. The framework
incorporates both local and global fusion modules optimized through meta learn-
ing principles, achieving robust recommendation across warm-start and cold-start

conditions.
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* Section 3.3: MaskSimGCL proposes a masked contrastive learning framework that
extends SimGCL with learnable dimension masks. The masks adaptively weight
embedding dimensions-based on their task relevance, providing implicit regular-
ization against overfitting while enabling mask informed contrastive view gener-
ation. By applying differential perturbations-based on learned importance scores,
MaskSimGCL generates semantically consistent contrastive views that enhance

representation learning in sparse data environments.

Together, these contributions advance the state of the art in GNN-based recom-
mendation by addressing the complementary challenges of auxiliary data integration
and self-supervised representation learning, providing principled solutions for robust
recommendation under data sparsity and cold-start conditions. Table 3.1 summarizes

the mapping between research gaps and the proposed solutions.

Table 3.1: Mapping of Research Gaps to Chapter Contributions

Research Gap GIFT4Rec MaskSimGCL
Adaptive side information fusion v

Cold-start handling v

Dimension-aware learning v

N

Masking + contrastive integration

Q\

Data sparsity robustness v

3.2 GIFT4Rec: Auxiliary Information Fusion with Attention-
based and Meta-Learning Techniques for Cold-Start

Recommendation

3.2.1 Problem Statement

This chapter investigates how graph neural networks (GNNs) combined with side
information fusion can be cohesively integrated to improve modern recommendation
performance. Through detailed architectural modeling and empirical analysis, this chap-
ter demonstrates that augmenting GNN-based recommendation with structured side in-
formation fusion produces more accurate, robust, and semantically aligned recommen-

dation outcomes. These works have been published in peer-reviewed conferences, in-
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cluding: “GIFT4Rec: An Effective Side Information Fusion Technique Apply to Graph
Neural Network for Cold-Start Recommendation” (ACIIDS 2023).

The Cold-Start Challenge in Recommendation Cold-start recommendation repre-
sents one of the most fundamental and persistent challenges in recommender systems,
arising when models must generate predictions for users or items with insufficient his-

torical interaction data [125]. This challenge arises in two primary scenarios:

 User cold-start: Newly registered users lack sufficient behavioral history to support
personalized recommendations. Without prior interaction records, collaborative
filtering techniques cannot identify similar users or infer preferences from historical

patterns.

e Item’s cold-start: Newly introduced items have no interaction records and cannot
be effectively incorporated into collaborative filtering pipelines. This prevents the

system from learning item characteristics through user feedback.

Traditional collaborative filtering approaches, which rely exclusively on user item
interaction matrices, inherently struggle in these scenarios because their prediction mech-
anisms depend on patterns extracted from historical interactions that are simply unavail-
able for cold-start entities [66].

The severity of the cold-start problem is increased in modern digital ecosystems
where user bases grow continuously, item catalogs expand rapidly, and new users and
products are constantly introduced. In such dynamic environments, a significant portion
of recommendation requests may involve cold-start scenarios, making robust cold-start
handling essential for industrial systems. For instance, e-commerce platforms regularly
introduce thousands of new products daily, while streaming services must recommend

newly released content to users who have not yet developed viewing histories.

Furthermore, the inability to provide accurate recommendations for new users risks
losing potential engagement during the critical onboarding phase, while poor cold-start
item recommendations may result in valuable new products remaining undiscovered.
Research indicates that users who receive poor initial recommendations are significantly

less likely to continue engaging with the platform [68].

Related Methodologies To address the cold-start problem, researchers have explored

various methodologies that can be categorized into three main directions: side infor-
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mation fusion, attention mechanisms for adaptive learning, and meta learning for rapid

adaptation.

Side Information Fusion for Cold-Start Mitigation

Side information fusion has emerged as a promising direction for alleviating cold-
start challenges by leveraging auxiliary data associated with users and items to compen-

sate for missing interaction histories [151]. Typical forms of side information include:

» User attributes: Demographics (age, gender, location), social relationships, and

contextual signals

* Item attributes: Textual descriptions, content features (genres, categories), visual

information, and knowledge graph entities

Recent studies have demonstrated that integrating side information with user item
interaction data enables recommender systems to construct more expressive represen-
tations that can infer user preferences even when direct behavioral evidence is unavail-
able. For example, in movie recommendation, combining user demographic information
with movie attributes such as genres, directors, and actors allows the system to generate

meaningful recommendations for users who have not yet established a viewing history.

DropoutNet [125] introduced a neural network approach that uses content features
as input and applies dropout during training to simulate cold-start conditions, enabling
the model to learn robust representations that generalize to users with limited interac-
tions. The Heterogeneous Information Network approach [148] constructs heteroge-
neous graphs that integrate multiple types of side information to learn comprehensive

user and item representations for cold-start scenarios.

Attention Mechanisms for Adaptive Information Weighting

Attention mechanisms have revolutionized deep learning by enabling models to
focus selectively on relevant components of input data [123]. In the context of rec-
ommender systems, attention-based approaches have demonstrated significant improve-

ments in capturing nuanced user item relationships.

Graph Attention Networks (GAT) [124] apply attention mechanisms to graph-
structured data, enabling nodes to differentially weight the importance of their neighbors
during message passing. This selective aggregation leads to more expressive represen-

tations compared to uniform neighborhood averaging. The Knowledge Graph Attention
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Network (KGAT) [129] extends this concept by applying attention weighted aggregation
over knowledge graph relations, effectively capturing semantic relationships between

entities.

In the context of side information fusion, attention mechanisms offer a principled
approach to dynamically assess and weight the contribution of heterogeneous informa-
tion sources. Rather than treating all auxiliary attributes equally, attention-based fusion
can learn to prioritize information sources that are most relevant for specific users or

recommendation contexts.

Meta-Learning for Rapid Adaptation

Meta-learning, often characterized as “learning to learn,” provides a paradigm for
training models that can quickly adapt to new tasks with minimal data. The Model-
Agnostic Meta-Learning (MAML) [33] framework demonstrates that neural networks
can be explicitly trained to learn initialization parameters that facilitate rapid adaptation

to new tasks.

In the recommendation domain, meta-learning approaches have been successfully
applied to address cold-start challenges. MeLLU [68] applies MAML to learn user prefer-
ence estimators that can quickly adapt to new users with few interactions. The warm-up
approach [122] uses meta-learning to generate effective embeddings for cold-start ad-
vertisements. More recently, AMeLU [82] combines attention mechanisms with meta-
learning to capture diverse user preferences during the adaptation process, recognizing

that users may have varying interests across different item categories.

These meta-learning approaches demonstrate the potential for learning transferable
knowledge that generalizes beyond the training distribution. However, existing methods
have not fully explored the integration of meta-learning with side information fusion in

a unified framework.

Limitations of Existing Approaches Despite the progress made by existing method-
ologies, several limitations remain that impact their effectiveness in real-world cold-start

recommendation scenarios.

Limitation 1: Systematic Bias from Uncontrolled Side Information

Side information may introduce systematic bias if the auxiliary data are incom-

plete, noisy, or reflect societal biases. For example, demographic attributes such as age,
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gender, or location may inadvertently cause models to learn biased patterns or produce
unfair treatment across different user groups. When side information is directly incor-
porated without careful control mechanisms, these biases can propagate through the

recommendation pipeline and result in unfair outcomes.

Furthermore, side information quality varies significantly across users and items.
Some users may have complete demographic profiles while others provide minimal in-
formation. Similarly, item attributes may be inconsistently populated across the catalog.
Existing approaches that treat side information uniformly fail to account for this hetero-

geneity in data quality and completeness.

Limitation 2: Static and Uniform Fusion Mechanisms

Most existing side information fusion methods employ static combination rules
that cannot adapt to the varying informativeness of different data sources across di-
verse user populations and recommendation contexts. These approaches typically use
fixed weighted combinations or simple concatenation strategies that treat all informa-

tion sources equally for all users.

However, the relevance and reliability of different information types vary signif-
icantly. For some users, demographic information may be highly predictive of prefer-
ences, while for others, behavioral signals provide more accurate indicators. A user’s
age might strongly predict music preferences but have little relevance for technical book
recommendations. Static fusion mechanisms cannot capture these context dependent

relationships.

DropoutNet [125], while effective in simulating cold-start conditions, applies uni-
form dropout without considering the relative importance of different information sources.
This can lead to suboptimal representations when certain side information is more valu-

able than interaction derived features for specific user segments.

Limitation 3: Overfitting Risk from Rich Auxiliary Data

Incorporating rich side information increases the risk of overfitting, especially
when models become overly dependent on auxiliary attributes that happen to corre-
late with training data but do not generalize to new scenarios. Deep neural networks
with high capacity can easily memorize spurious correlations between side information

features and user preferences observed in training data.

In cold-start scenarios, this overfitting problem is particularly severe because the
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model must make predictions for users or items that differ from the training distribution.
A model that has overfit to demographic patterns in the training set may fail catastroph-
ically when encountering users with unusual demographic combinations or items with

novel attribute configurations.

Existing approaches lack mechanisms to explicitly regularize against overfitting to
auxiliary attributes while maintaining the ability to leverage useful side information for

cold-start prediction.

Limitation 4: Disconnection Between Meta-Learning and Side Information

While meta-learning approaches like MeLLU [68] have shown promise for cold-start
recommendation, they primarily focus on learning good initializations for user embed-
dings without explicitly considering how to optimally balance behavioral signals and
auxiliary information. The meta-learning objective is typically defined over interaction
prediction performance without accounting for the fusion of heterogeneous information

sources.

Similarly, attention-based fusion methods operate independently of meta-learning
principles, missing the opportunity to learn fusion strategies that generalize to unseen
users and items. The AMeLU [82] approach begins to address this limitation but does
not provide a comprehensive framework for side information fusion in graph-based rec-

ommendation.

Limitation 5: Limited Exploitation of Graph Structure for Side Information

Graph Neural Networks have demonstrated powerful capabilities for learning user
item representations through message passing over interaction graphs. However, exist-
ing GNN-based recommender systems often treat side information as secondary features
that are simply concatenated with learned embeddings, rather than deeply integrating

auxiliary information into the graph learning process.

This weak integration fails to fully exploit the relational structure that connects
users, items, and their attributes. A more principled approach would learn to fuse side
information in a manner that complements and enhances the collaborative signals cap-

tured through graph-based message passing.
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Table 3.2: Summary of Limitations and Research Limitations

Limitation Research Limitation

Systematic bias from uncontrolled side Need for adaptive mechanisms that control the in-
information fluence of potentially biased auxiliary data

Static and uniform fusion mechanisms  Need for dynamic fusion that adapts to user-
specific information relevance

Overfitting risk from rich auxiliary data Need for regularization strategies that prevent
over-reliance on training correlations

Disconnection between meta-learning Need for unified frameworks that combine meta-
and side information learning with side information fusion

Limited exploitation of graph structure =~ Need for deep integration of side information with
GNN-based collaborative filtering

Comparative Positioning of GIFT4Rec Against Related Methods

Table 3.3 summarizes the key design differences between GIFT4Rec and the most
closely related cold-start and side-information fusion methods across six dimensions that

directly correspond to the five limitations identified above.

Table 3.3: Design Comparison of GIFT4Rec Against Related Methods

Characteristic DropoutNet [125] MeLU [68] AMeLU [82] KGAT [129] LightGCN [42] GIFT4Rec (Ours)
GNN-based backbone X X X v v v

Side information fusion v (fixed) X X v (fixed) X v (adaptive)
Per-user adaptive fusion weight X X Partial X X v
Meta-learning for generalization X 4 4 X X v

Joint meta-learning + side fusion X X X X X 4
Cold-start handling v v v Partial X v

Fixed: uniform or static weights applied identically across all users. Partial: limited cold-start
support requiring at least some interaction data.

The comparison highlights one gap that no existing method resolves: the joint
integration of meta-learning with per-user adaptive side information fusion. Dropout-
Net [125] and KGAT [129] incorporate side information but apply fixed, user-agnostic
fusion rules that cannot adapt to individual data quality. MeLU [68] and AMeLU [82]
leverage meta-learning for rapid user adaptation, yet neither explicitly models the dy-
namic balance between behavioral signals and auxiliary features side information is ei-

ther absent or treated as a secondary input without learned weighting. GIFT4Rec closes
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this gap through the Weight Generated module, which produces a per-user fusion coef-
ficient optimized via a two-level strategy: a local objective (LSIF) that adapts to each
user’s interaction density, and a global meta-learning objective (GSIF) that ensures the

learned weights generalize to unseen users and items.

3.2.2 Gift4Rec: Model Architecture and Components

To address the limitations identified above, we propose GIFT4Rec (GNN-based
Side Information Fusion Technique for Recommendation), a novel architecture explic-
itly designed for robust cold-start recommendation through the synergistic combination

of attention-based fusion and meta-learning principles.

GIFT4Rec introduces a unified framework that addresses all five limitations through

three key innovations:

 Attention-based Weight Generation: A learnable Weight Generated module that
dynamically computes user’s specific fusion weights, controlling the relative con-
tribution of behavioral embeddings and side information features. This addresses
the limitations of static fusion and enables fairness aware recommendation by pre-

venting over reliance on potentially biased attributes.

* Dual Module Side Information Fusion: The framework comprises two comple-

mentary modules:

— Local Side Information Fusion (LSIF): Optimizes fusion weights-based on
recommendation performance during standard training, learning to balance

information sources for accurate prediction.

— Global Side Information Fusion (GSIF):Employs meta-learning-inspired op-
timization to learn fusion strategies that generalize to unseen data, reducing

overfitting risk.

* GNN-Integrated Architecture: Deep integration with Graph Neural Networks en-
ables the model to leverage both collaborative signals from the interaction graph
and semantic information from user and item’s attributes in a unified representation

learning framework.

For cold-start users who lack behavioral history, this mechanism naturally shifts toward
relying more heavily on side information, while for active users with rich interaction

data, the model can leverage the more informative behavioral embeddings.
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Contributions of GIFT4Rec

The main contributions of GIFT4Rec in addressing the identified research Limita-

tions are summarized as follows:

Novel Side Information-Driven Cold-Start Technique

We propose an effective approach to infer the interests of cold-start users and rec-
ommend suitable items under extremely sparse interaction settings. By leveraging aux-
iliary user attributes in combination with graph-based interaction modeling, GIFT4Rec
can generate meaningful recommendations even for users with no prior interactions. The
model learns to extract predictive signals from demographic information, contextual fea-

tures, and other auxiliary attributes when behavioral data is unavailable.

This contribution directly addresses Limitation 1 by providing controlled mecha-

nisms for incorporating side information while mitigating bias propagation.

Attention-Based Adaptive Fusion Mechanism

We introduce a novel attention-based fusion mechanism, implemented through the
weight generated module, that dynamically controls and estimates the relative impor-
tance of heterogeneous user information sources. Unlike static fusion approaches, our
mechanism learns user’s specific weights that adapt to the informativeness of different

data sources for individual users.

The weight generated module takes the concatenation of behavioral and side in-
formation embeddings as input and outputs a fusion coefficient through an MLP with
sigmoid activation. This enables the model to learn complex, non linear relationships

between information sources and their relevance for specific users.
This contribution directly addresses Limitation 2 by replacing static fusion rules

with learned, adaptive weighting strategies.

Meta-Learning Integration for Enhanced Generalization

We integrate a meta-learning inspired strategy through the global side information
fusion module (GSIF) to reduce the risk of overfitting and enhance the model’s general-
ization capability on previously unseen users and items. The GSIF module implements

a form of two levels optimization:
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e Inner loop: Standard recommendation training optimizes the GNN parameters and

behavioral embeddings using the cross entropy loss Lo .

* Outer loop: The Weight Generated module parameters are optimized using a meta-
objective Lgiopa that compares model performance when using behavioral versus

side information embeddings on validation data.

This two levels structure ensures that the learned fusion weights generalize beyond

the training distribution, addressing the overfitting concerns raised in Limitation 3.

This contribution also directly addresses Limitation 4 by providing an explicit con-

nection between meta-learning principles and side information fusion.

Unified GNN-based Architecture

GIFT4Rec presents a consistent end to end architecture that deeply integrates side
information fusion with GNN-based collaborative filtering. Rather than treating side in-
formation as an afterthought, the framework learns to optimally combine graph derived
behavioral signals with auxiliary features through the shared weight generated mecha-

nism.

The architecture ensures that the local and global fusion modules operate through
shared parameters, enabling consistent and complementary learning objectives. This
unified design allows the model to simultaneously optimize for accurate recommenda-

tion through LSIF and robust generalization through GSIF.

This contribution directly addresses Limitation 5 by providing deep integration

rather than shallow concatenation of side information with graph-based representations.
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Table 3.4: Mapping of GIFT4Rec Contributions to Research Limitations

Research Limitation GIFT4Rec Solution

Adaptive control of side informa- Weight Generated module with learned fusion coeffi-
tion cients

Dynamic user-specific fusion Attention-based mechanism computing  per-user
weights

Overfitting prevention Global Side Information Fusion with meta-learning op-
timization

Meta-learning + side information Two -level optimization jointly learning fusion and gen-

integration eralization
Deep GNN integration end to end architecture with shared Weight Generated
parameters
Model Architecture

This section presents the proposed GIFT4Rec architecture, a unified framework
for integrating side information into graph-based recommendation systems. The archi-
tecture addresses the fundamental challenge of balancing behavioral signals from user
item interactions with semantic information from user attributes, enabling robust recom-

mendation across both warm-start and cold-start scenarios.

The overall architecture is illustrated in Figure 3.1, which provides a high-level
view of how the three components interact together for producing personalized recom-

mendations.

The first component is the “GNN Interaction Module”, which learns user and item
representations by propagating information through the user item interaction graph. Un-
like content-based approaches that rely solely on feature matching, this component cap-
tures collaborative signals from the global interaction structure, enabling discovery of

preference patterns that emerge from collective user behavior.

The second component is the “Local Side Information Fusion Module” (LSIF),
which adaptively combines behavioral embeddings with side information embeddings
for each individual user. The key insight is that the optimal fusion strategy varies across
users some users have rich interaction histories that provide strong preference signals,
while others have limited interactions where side information becomes more valuable.

This component learns personalized fusion weights through an attention-based mecha-
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nism called Attention DropoutNet (ADN).
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Figure 3.1: GIFT4Rec overall architecture

The third component is the “Global Side Information Fusion” (GSIF) module,

which provides meta-level supervision for the weight generation process by evaluating

which information source (behavioral or side information) supports better recommen-

dation performance on validation data. This global perspective ensures that the learned

fusion weights generalize well beyond the training interactions.
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Problem Formulation and Notation

Before describing the detailed architecture of each component, we establish the
mathematical notation consistent with the formulation in Chapter 2. Consider a recom-
mendation system with users U = {uy,ug,...,up} and items V = {vy,v9,...,0n}.
The user item interaction graph is defined as G = (U, V, £), where an edge (u;, v;) € €

indicates an observed interaction between user u; and item v;.

For each user u;, we observe:

* An interaction history S; = {vj1,vi2, ..., v} consisting of ¢ items the user has

interacted with.

* A side information vector Xg‘if" € RY% containing auxiliary attributes such as de-

mographics, preferences, or contextual features.

The objective of GIFT4Rec is to learn a mapping function H that produces a final

user representation by adaptively fusing behavioral signals with side information:

XM _ 7 (3. 5, X1°) 311

The key insight of GIFT4Rec is that this fusion is personalized each user receives a
different weight balancing behavioral and side information-based on the informativeness

of their interaction history.

Training Procedure

The training of GIFT4Rec follows a two-phase procedure that alternates within
each epoch, ensuring that the recommendation objective and the generalization objective
receive appropriately decoupled gradient signals.

Phase 1 Local optimization. In the first phase, all model parameters are updated
jointly. For each mini-batch of training triples (u;,v;", v ), the GNN encoder performs
L layers of message passing to produce the behavioural embeddings X, and X,,;. The
Weight Generated module computes the per-user fusion coefficient «,, from the con-
catenation of X,,, and Xiffo, and the Attention DropoutNet (ADN) applies stochastic
masking of the behavioural embedding with probability pg,;, to simulate cold-start con-
ditions during training. The resulting fused representation Xﬁ?al is used to compute the

recommendation loss L,.. (Eq. 3.24), and gradients are back-propagated through the
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entire network.

Phase 2 Global fine-tuning. In the second phase, the GNN encoder and all em-
bedding tables are frozen. For each user in the validation set, the model independently
scores candidate items using only the behavioural embedding ({**") and only the side
information (™). A binary label is derived from whichever source achieves higher Re-
call, and only the Weight Generated module is updated via Lgiona (Eq. 3.22). Freezing
the GNN during this phase prevents the meta-objective from distorting the collaborative

representations already learned in Phase 1.

The two phases are summarized in the following steps:

1. Initialize GNN encoder, side information encoder, and Weight Generated module.

2. For each epoch:

a. Phase 1: For each training batch (u;, v, v} ), compute X, X, via GNN; com-
pute o, via Weight Generated; apply ADN; compute Xg?al; update all parame-

ters using L.

b. Phase 2: Freeze GNN; for each validation user compute 4" and §™°; assign

binary label; update Weight Generated module using Lgiopa1; unfreeze GNN.

3. Repeat until convergence

GNN Interaction Module

The GNN in the GIFT4Rec architecture is responsible for learning user and item
representations from the interaction graph structure. This component captures high order
collaborative signals by propagating information through the graph, enabling the model

to discover preference patterns that emerge from collective user behavior.

Unlike methods that treat each user item pair independently, the GNN module
leverages the global graph structure to learn representations that encode both direct in-
teractions and indirect relationships through multi hops neighbors. This enables the
model to make accurate predictions even for user item pairs with no direct interaction

history.

The module employs an iterative message passing scheme where each node aggre-

gates information from its neighbors:
h*+Y) = Update” (h@, Aggregate!”) ({h,(f) in € N()})) (3.12)
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where h'” denotes the representation at layer ¢, and N (-) represents the neighbor-

hood of the target node. Following the LightGCN design [42], we adopt a simplified

aggregation that removes non-linear transformations:

1
hHh = Yy h!" (3.13)
venw) VN ()] [NV (v)]

After L layers of propagation, the final user and item embeddings are obtained by

averaging across all layers:

X, =-——=>h"Y X, =-—"3Sh{ (3.14)

The layer combination captures collaborative signals at different semantic levels
lower layers encode local neighborhood patterns while higher layers capture global

structural properties.
Local Side Information Fusion Module

The local side information fusion module addresses a fundamental challenge in
recommendation: how to optimally combine behavioral signals with side information
when their relative informativeness varies across users. Users with rich interaction his-
tories may have behavioral embeddings that accurately reflect their preferences, while

users with limited interactions may benefit more from side information.

Rather than applying a fixed fusion strategy uniformly across all users, this com-
ponent learns a personalized fusion weight «,,, € [0, 1] for each user that balances the

contribution of behavioral and side information embeddings.
The module consists of four components:

Feature concatenation: The behavioral embedding X,,. from the GNN module and

the side information embedding Xififo are concatenated to form a joint representation:

qu;;ncat _ [Xuixizfo} (3.15)

Weight generated module: An MLP with sigmoid activation learns to predict the

optimal fusion weight-based on the joint representation:

a, = o (MLP (X5 (3.16)
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where o(+) denotes the sigmoid function ensuring «,, € [0, 1].

The weight generated module learns to assess the quality of each information
source by examining their characteristics jointly. Users with distinctive behavioral pat-
terns will receive higher « values, while users whose side information is more predictive

will receive lower values.

Adaptive Fusion: The final user representation is computed as a weighted combi-

nation:
X0l = - Xy + (1= @) - X000 (3.17)

Attention dropoutNet (ADN): To encourage the model to leverage side information
more effectively, we introduce a dropout mechanism during training. With probability
Pdrop» the behavioral embedding is masked, forcing the model to rely solely on side

information:

final _ Xiunif" with probability pgrop (3.18)
Z oy, - Xy, + (1 — ay,) - X otherwise

ADN prevents the model from over relying on behavioral signals and ensures that
side information pathways remain effective, which is critical for cold-start users who

lack interaction history.
Global Side Information Fusion Module

The global side information fusion module provides meta-level supervision for the
weight generation process. While the local module learns from training interactions,
the global module evaluates which information source yields better recommendation

performance on validation data, providing an additional learning signal.

This component addresses the distribution mismatch between training and evalua-
tion weights optimized solely on training data may not generalize well to held-out users
and items. The global module provides a corrective signal that aligns the fusion strategy

with actual recommendation performance.

For each user u; in the validation set, we compute recommendation performance
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using behavioral embedding only and side information only:

gzj}g;vior — X‘Ui . ij (3.19)
T, = X X, (3:20

A binary label is assigned-based on which source performs better:

0 if Metric(gbehavior) ~ Metric(gnfo
label,,, — () (7™) 3.21)

1 otherwise

The weight generated module is then trained with a cross entropy loss to align the

learned weights with the performance-based labels:

Laobar = — Y [(1 — label,,) - log(1 — a,) + label,,, - log(aw,)] (3.22)

Uj

During global training, all parameters except the weight generated module are
frozen, enabling efficient fine tuning without disrupting the learned GNN representa-

tions.
Training Objective

The complete training objective combines the recommendation loss with the global
supervision:

L= ﬁrec +A- £global (323)

where L. is the standard cross entropy loss for recommendation:

ﬁrec - - Z [log @ui,vj + IOg(l - Qui,vkﬂ (324)

(ui,vf,01)

with v; being a positive (interacted) item and vy, being a negative (non-interacted)

item.
Cold-Start Handling

GIFT4Rec addresses the cold-start problem through three complementary mecha-
nisms that collectively ensure meaningful recommendations can be generated even when

a user has no prior interaction history.
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First, the GNN Interaction Module initialises the behavioural embedding of a cold-

start user as the mean of all warm-start user embeddings:

1
cold __
Xui =

T > Xy, (3.25)
| W‘drm| Ujeuwarm

This mean embedding carries no user-specific collaborative signal and is therefore a
deliberately weak representation. Its low informativeness causes the Weight Generated
module to produce a small fusion coefficient «,,, ~ 0, which automatically shifts the

final representation almost entirely toward the side information Xiﬁf‘):
final inf
X~ X0 when oy, = 0 (3.26)

In this way, auxiliary attributes such as user demographics and item features serve as the
primary source of personalisation for new users, bypassing the absence of interaction

data entirely.

Second, the Attention DropoutNet (ADN) mechanism applied during training is
designed specifically to prepare the model for cold-start inference. By stochastically
masking the behavioural embedding with probability pg.., during training, ADN forces

the model to learn to produce accurate recommendations using side information alone:
final inf . -
X, =X, with probability pgrop (3.27)

Without this training-time simulation, the model would never encounter the cold-start
condition during training and would therefore fail to generalise to it at inference time.
ADN closes this train-test gap by explicitly training the side-information pathway to be

independently sufficient for recommendation.

Third, the Global Side Information Fusion (GSIF) module reinforces cold-start
robustness at the level of the fusion strategy itself. By evaluating, on held-out validation
users, whether side information or behavioural embeddings yield better performance
and using this signal to supervise the Weight Generated module, GSIF ensures that the
learned fusion weights correctly down-weight unreliable behavioural embeddings not
only for users seen during training, but also for the cold-start distribution encountered at

deployment.

Together, these three mechanisms form a coherent cold-start strategy: the mean
embedding initialisation provides a well-defined fallback for the GNN encoder; ADN
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trains the side-information pathway to function independently; and GSIF calibrates the
fusion coefficient to generalise to unseen users. As user interactions accumulate over
time, «,, naturally increases as the behavioural embedding becomes more discrimi-
native, allowing the model to progressively transition from side-information-driven to

interaction-driven personalisation without any retraining.

3.2.3 Experimental Settings and Results
A. Experimental Settings

a) Dataset and User Categorization We conduct experiments on the MovieLens-1M
dataset containing 6,040 users, 3,706 items, and 1,000,209 interactions. Users are cat-
egorized into three groups-based on interaction frequency: Cold (<20 interactions),
Warm (21-50 interactions), and Active (>50 interactions). We use temporal split with

80% training and 20% testing data.

Table 3.5: GIFT4Rec -Experimental Configuration

Component Specification

GPU NVIDIA A100-SXM4-40GB
Framework  PyTorch 2.1.0, CUDA 12.2
Platform Google Colab Pro+

b) Evaluation Metrics We evaluate recommendation quality using two primary met-

rics:

* Recall @K: Measures the fraction of relevant items that appear in the top-K recom-

mendations.

* NDCG@K: Normalized Discounted Cumulative Gain, accounts for ranking posi-

tion by giving higher weights to items ranked at top positions.

All experiments are evaluated at K=30 and reported over 5 random seeds.

¢) Baseline Methods We compare GIFT4Rec against state-of-the-art methods from

four categories:
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* Auxiliary Information & Side Fusion Methods: KGAT, GAT, KGAT DropoutNet,
LINKX

* Basic Graph Neural Network Methods: NGCF, Light GCN
* Self-supervised Learning Methods: SSL4Rec

* Clustering-based Cold-start Methods: EfficientRec (Chapter 2)

B. Experimental Results

All results reported below are evaluated-based on relative differences.

a) Overall Performance

Table 3.6: GIFT4Rec - Overall Performance Comparison (All Users) @30

Model Recall@30 NDCG@30 Category
GIFT4Rec 0.2162 0.1263 Proposed
KGAT 0.1793 0.1067 Aux+KG
LINKX 0.1928 0.1160 Aux+Graph
GAT 0.1639 0.0946 Aux+Attn
KGAT DropoutNet 0.0908 0.0359 Aux+KG
NGCF 0.1958 0.1178 GNN
LightGCN 0.1636 0.0945 GNN
SSL4Rec 0.1644 0.0950 SSL
EfficientRec (Ch.2) 0.1994 0.1174 Proposed

Bold = Best, Underline = Second Best

Table 3.6 reports the overall recommendation performance of GIFT4Rec and all
baseline methods. GIFT4Rec achieves the best performance on both metrics, with Re-
call@30 of 0.2162 and NDCG @30 of 0.1263. Among GNN-based methods, NGCF is
the strongest competitor (Recall @30 = 0.1958); GIFT4Rec outperforms it by +10.4% in
Recall@30 and +7.2% in NDCG @30, demonstrating that graph-based message passing
alone is insufficient when interactions are sparse and that the incorporation of auxiliary
side information provides a substantial complementary signal. Among auxiliary fusion
methods, LINKX achieves Recall @30 of 0.1928, yet GIFT4Rec surpasses it by +12.1%,
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confirming that static, uniform fusion of side information is inferior to the per-user adap-
tive weighting learned by the Weight Generated module. The improvement over Effi-
cientRec (Chapter 2, Recall@30 = 0.1994) of +-8.4% further shows that attention-based
side information fusion provides gains beyond what interaction-only soft clustering can
achieve. Overall, the consistent improvements across all baseline categories validate
that the two core designs of GIFT4Rec adaptive per-user fusion and meta-learning-based

generalisation are both necessary for robust recommendation performance.

b) Performance on Cold, Warm, and Active Users

Table 3.7: GIFT4Rec - Performance Comparison on Cold, Warm, and Active Users @30

Model Cold Users Warm Users Active Users
R@30 N@30 | R@30 N@30 | R@30 N@30
GIFT4Rec 0.2511 0.1152 | 0.2148 0.1335 | 0.1663 0.1257
KGAT 0.1690 0.0805 | 0.1507 0.0948 | 0.1566 0.1206
LINKX 0.1866 0.0867 | 0.1717 0.1070 | 0.1651 0.1291
GAT 0.1418 0.0609 | 0.1261 0.0769 | 0.1494 0.1137
NGCF 0.2008 0.0942 | 0.1747 0.1104 | 0.1647 0.1285
LightGCN 0.1411 0.0605 | 0.1256 0.0766 | 0.1494 0.1137
SSL4Rec 0.1444 0.0618 | 0.1262 0.0772 | 0.1495 0.1139
EfficientRec (Ch.2) | 0.2085 0.0910 | 0.1840 0.1145 | 0.1689 0.1264

R@30 =Recall@30, N@30 = NDCG@30. Bold = Best, Underline = Second Best.

GIFT4Rec achieves the best Recall @30 for Cold and Warm users:

Cold Users: GIFT4Rec achieves Recall@30 of 0.2511, outperforming the second-
best method (EfficientRec: 0.2085) by +20.4% (relative difference). This demonstrates
that attention-based side information fusion effectively addresses cold-start by leverag-

ing auxiliary user features when interaction data is sparse.

Warm Users: GIFT4Rec achieves Recall @30 of 0.2148, outperforming Efficien-
tRec (0.1840) by +16.7% (relative difference). The largest improvement among all sce-
narios indicates that the model effectively combines moderate interaction history with

side information.

Active Users: EfficientRec achieves the best Recall@30 (0.1689), while GIFT4Rec
(0.1663) shows competitive performance. The smaller performance gaps among top

methods for active users confirm that side information fusion provides greater benefits
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when interaction data is limited.

¢) Component Contribution Analysis

To understand the contribution of each component in GIFT4Rec, we conduct com-
prehensive ablation studies by systematically removing or replacing key components.
The central argument of GIFT4Rec is that cold-start recommendation benefits from
adaptive fusion of behavioral and auxiliary signals, where the fusion weight is person-
alized per user rather than fixed globally. The ablation study is designed to test this
argument at three levels of specificity: Is auxiliary side information itself beneficial,
independent of how it is fused? Does learned adaptive fusion outperform static fusion
strategies? Does the depth of the weight generation network matter, i.e., does non-linear

weight learning capture relationships that linear weighting cannot?

Table 3.8 presents the performance of each configuration.

Table 3.8: Component Ablation Study on GIFT4Rec

Configuration Recall@30 ARecall NDCG@30 ANDCG

GIFT4Rec-Full 0.2162+0.003 0.1263£0.003

w/o GNN Module 0.1816£0.004 —16.0% 0.1073£0.004 —15.0%
w/o Side Information  0.1892+0.003 —12.5% 0.1063£0.003 —15.8%
w/o Weight Generator 0.1989+0.003 —8.0% 0.1142+0.003 —9.6%
w/o Deep WG 0.2021+0.004 —-6.5% 0.1156£0.003 —8.5%
Fixed a=0.5 0.2038+£0.003 —5.7% 0.1212£0.003 —4.0%

Note: ARecall and ANDCG represent relative difference compared to full model.

The results confirm the argument in a layered manner. Removing side informa-
tion entirely causes —12.5% Recall, establishing that auxiliary data provides substantial
value beyond interaction signals alone. However, how this information is fused mat-
ters significantly: replacing the learned Weight Generated module with a fixed weight
degrades performance by —5.7% Recall, while removing the Weight Generated mod-
ule altogether causes —8.0%. This gap demonstrates that adaptive, user-specific fusion
is essential not all users benefit equally from side information, and a static rule cannot
capture this variation. Furthermore, replacing the deep weight generator with a shallow

(linear) version results in —6.5% versus —8.0% for full removal, indicating that non-
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linear weight learning captures complex relationships between information sources that
linear weighting misses. Together, these results establish that GIFT4Rec’s contribution
lies not in the individual components (GNN, side information) but in the adaptive fusion

mechanism that controls their interaction.

3.3 The Masked Simple Graph Contrastive Learning for

Recommendation

3.3.1 Problem Statement

Contrastive learning (CL), which is capable of extracting generalizable represen-
tations from unlabeled raw data, has recently emerged as an effective solution to the
problem of data sparsity and has attracted significant attention in recommendation re-
search. By constructing positive and negative pairs through data augmentation, CL en-
ables models to learn robust and discriminative representations without relying heavily
on dense supervision signals. This property makes contrastive learning particularly suit-
able for large scale recommendation scenarios where explicit feedback is limited and

highly sparse.

Motivated by these advantages, this work extends the SimGCL [146] framework
by introducing a learnable masking mechanism that adaptively controls the importance
of different dimensions in node representations during contrastive learning. Instead of
treating all embedding dimensions equally, the proposed masking strategy allows the
model to explicitly identify and preserve task relevant parameters, while suppressing
less informative or noisy dimensions. As a result, the model is encouraged to focus on

semantically meaningful features, which effectively reduces the risk of overfitting.

A. Related Methodologies

Graph Neural Network and Graph Contrastive Learning

This section employs Graph Neural Networks and Graph Contrastive Learning
as core techniques for the proposed models. Since these approaches (e.g., LightGCN,
SimGCL) have been introduced in the section 3.1 of this chapter so they are not repeated

here.

99



Learnable Masks in Deep Learning

The concept of learnable masks has proven highly effective across various deep
learning domains for identifying and emphasizing task relevant features while suppress-
ing less informative components. In natural language processing, differentiable masks
have been successfully applied to extract informative text spans and improve model in-
terpretability. The Dynamic Mask Attention Network (DMAN) [117] introduces learn-
able mask matrices that adaptively model localness in sequence learning, demonstrating

that learned masks can effectively capture task-specific importance patterns.

In the context of neural networks, masking mechanisms serve multiple purposes:
they enable selective attention to important features, provide regularization against over-
fitting, and facilitate efficient computation by focusing resources on relevant dimensions.
The success of masking techniques in diverse applications motivates their adaptation
to graph-based recommendation, where the challenge of identifying task relevant em-
bedding dimensions is very noticeable due to the high dimensional nature of learned

representations and the sparsity of supervision signals.

B. Limitations of Existing Approaches

Despite the significant progress achieved by existing graph-based contrastive learn-
ing methods for recommendation, several critical limitations remain that constrain their
effectiveness and practical applicability. This section identifies four key research Limi-

tations that motivate the development of MaskSimGCL.
Limitation 1: Uniform Treatment of Embedding Dimensions

Existing contrastive learning methods for recommendation, including SGL, SimGCL,
and XSimGCL, treat all dimensions of node embeddings uniformly during both aug-
mentation and learning. When adding noise for contrastive view generation, the same
perturbation magnitude is applied across all embedding dimensions regardless of their
relative importance for the recommendation task. This uniform treatment is weak in

accounting for the heterogeneous informativeness of different embedding dimensions.

In practice, learned representations typically exhibit varying levels of task rele-
vance across dimensions. Some dimensions may encode critical preference signals that
are essential for accurate recommendation, while others may capture noise or less dis-
criminative patterns. Applying uniform perturbations risks either reducing contrastive

diversity or destroying essential preference information. This limitation suggests the
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need for adaptive mechanisms that can identify and differentially treat embedding dimensions-

based on their importance.
Limitation 2: Overfitting in Sparse Data Environments

Graph-based recommender systems are inherently prone to overfitting when trained
on sparse interaction data. The high dimensionality of learned embeddings combined
with the limited number of observed interactions creates conditions where models can
easily memorize training patterns without learning generalizable representations. While
contrastive learning provides implicit regularization through the uniformity objective,
existing methods lack explicit mechanisms to prevent the model from fitting to noise in
the data.

Standard regularization techniques such as weight decay and dropout provide gen-
eral purpose constraints but do not specifically address the unique challenges of graph-
based collaborative filtering. The absence of targeted regularization mechanisms that
can identify and suppress less informative embedding parameters leaves existing meth-

ods vulnerable to overfitting, particularly in scenarios with extreme data sparsity.
Limitation 3: Suboptimal Contrastive View Generation

The quality of contrastive learning fundamentally depends on the properties of
generated views. Effective contrastive views should be sufficiently diverse to provide
meaningful learning signals while remaining semantically consistent to preserve essen-
tial information. Existing noise-based augmentation strategies, while computationally
efficient, generate views through random perturbations that do not consider the semantic

structure of the embedding space.

Random uniform noise treats the embedding space as isotropic, ignoring the fact
that different dimensions may have vastly different semantic significance. This approach
may inadvertently introduce excessive noise to critical dimensions that encode core pref-
erence patterns, degrading the quality of learned representations. Conversely, less infor-
mative dimensions may receive insufficient perturbation, limiting the diversity of con-

trastive views.
Limitation 4: Lack of Integration of Masking and Contrastive Learning

While learnable masks have demonstrated effectiveness in various deep learning
applications, their integration with graph-based contrastive learning for recommenda-
tion remains unexplored. Existing work on masking techniques in NLP and computer

vision has not been adapted to the unique requirements of collaborative filtering, where
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the challenge is to identify task relevant dimensions in the context of sparse user item

interactions and graph structured data.

The combination of learnable masking and contrastive learning offers convincing
opportunities. Masks can inform the contrastive view generation process by indicating
which dimensions are important and should be preserved versus which dimensions can
tolerate larger perturbations. Conversely, the contrastive learning objective can provide
training signals for learning effective masks. This bidirectional relationship suggests that
a unified framework integrating masking and contrastive learning could achieve benefits

that exceed the sum of its parts.

Table 3.9: Summary of Research Limitations and MaskSimGCL Solutions

Research Limitation

Limitation

MaskSimGCL Solution

Uniform Dimension Treat-
ment

Overfitting Risk

Suboptimal Views

Missing Integration

Same perturbation applied
to all embedding dimen-
sions regardless of impor-
tance

No explicit regularization
mechanism for sparse data

Random noise ignores se-
mantic structure of embed-
ding space

Masking and contrastive
learning built separately

Learnable masks adap-
tively weight dimension
importance

Masking serves as implicit
regularizer by focusing on
informative parameters

Informed  perturbations-
based on learned crucial
scores

Unified framework jointly
optimizes both objectives

Comparative Positioning of MaskSimGCL Against Related Methods

Table 3.10 provides a structured comparison of MaskSimGCL against the most

closely related graph contrastive learning methods across five design dimensions that

correspond directly to the four limitations identified in Section 3.3.1.

The comparison reveals that all four baseline methods share the same critical weak-

ness: uniform or structure-only augmentation that treats every embedding dimension
identically. SGL [134] perturbs the graph topology through random edge and node
dropout, producing coarse augmentations that lose fine-grained dimension-level signals.

SimGCL [146] improves efficiency by replacing graph dropout with additive uniform
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Table 3.10: Design Comparison of MaskSimGCL Against Related Methods

Characteristic SGL [134]  SimGCL [146] XSimGCL [145] LightGCL [14] MaskSimGCL (Ours)
Graph contrastive learning 4 v v 4 v
Learnable dimension mask X X X X 4
Dimension-aware perturbation X X X X v
Implicit regularization via mask X X X X v
Augmentation strategy Stochastic drop  Uniform noise  Cross-layer noise = SVD structure ~ Mask-informed noise

All methods use LightGCN as the GNN backbone. Stochastic drop: random edge/node dropout;
Uniform noise: same perturbation magnitude across all dimensions; Cross-layer noise:
contrasts representations at different GNN layers; SVD structure: leverages singular value
decomposition of the interaction graph.

noise, but the noise magnitude remains identical across all dimensions. XSimGCL [145]
refines this by contrasting representations across GNN layers, yet still applies the same
noise to each dimension regardless of its semantic importance. LightGCL [14] intro-
duces structural awareness through SVD-based augmentation but provides no mecha-

nism to prioritize or suppress individual embedding dimensions.

MaskSimGCL introduces a fundamentally different design principle: learnable
masks explicitly assign an importance score to each embedding dimension, enabling
mask-informed perturbation that applies stronger noise to less informative dimensions
while preserving critical ones. This bidirectional relationship masks guide view gen-
eration, and the contrastive objective refines mask quality is unique among all existing

methods.

3.3.2 MaskSimGCL: Model Architecture and Components

This section presents the proposed MaskSimGCL (Masked Simple Graph Con-
trastive Learning) architecture, a novel framework designed to address the limitations
of existing graph-based contrastive learning methods for recommendation. The archi-
tecture extends the SimGCL framework by integrating learnable masking mechanisms
that adaptively identify and weight the importance of different embedding dimensions,

thereby achieving more robust representation learning under sparse data conditions.

The proposed model consists of four principal components that operate together
to deliver personalized recommendations. The first component is the graph neural net-
work backbone, which is responsible for learning user and item representations through
message passing operations on the user item bipartite graph. Following the LightGCN

design, this component employs simplified graph convolutions that propagate collabo-
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rative signals without feature transformation, capturing neighborhood patterns through

layer-wise aggregation.
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Figure 3.2: MaskSimGCL overall architecture

The second component is the learnable mask module, which introduces trainable
mask vectors at each graph neural network layer. These masks serve as importance filters
that adaptively weight each dimension of the node embeddings-based on their relevance
to the recommendation task. By focusing model capacity on informative parameters
while suppressing noisy or redundant dimensions, this component provides implicit reg-

ularization that effectively mitigates overfitting in sparse data environments.

The third component is the contrastive view Generation module, which constructs
augmented representations for contrastive learning. Unlike SimGCL’s uniform noise
injection, MaskSimGCL employs mask informed perturbations that apply differential
noise magnitudes-based on the learned importance scores. Dimensions identified as
less important receive larger perturbations, while critical dimensions are preserved with
smaller noise, resulting in consistent contrastive views that enhance representation learn-
ing.

The fourth component is the joint optimization framework, which combines the su-
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pervised recommendation objective with the self-supervised contrastive learning objec-
tive. This multitask learning formulation enables the model to simultaneously optimize
for accurating preference prediction and robust representation learning, with the con-
trastive loss providing uniformity regularization that promotes more evenly distributed

embeddings in the representation space.

a. Problem Formulation and Notation

Consider a recommendation system operating over a bipartite graph G = (U, V, £),
where U = {uq,us,...,up} denotes the set of M users, V = {vy,vs,...,u5} de-
notes the set of N items, and £ represents the observed user item interactions. An edge

(ui,vj) € € indicates that user u; has interacted with item v;.

The interaction data can be represented as a binary adjacency matrix R € RM*¥,

where 7;; = 1 if user u; has interacted with item v;, and r;; = 0 otherwise. The neigh-
borhood of a node is denoted as A/(-). For user u;, the neighborhood N (u;) consists
of all items that u; has interacted with. Similarly, for item v;, the neighborhood N (v;)

consists of all users who have interacted with v;.

Each user and item is associated with a d-dimensional embedding vector. The user
embedding matrix is denoted as E(®) € RM*? where the i-th row 61(8) represents the
initial embedding of user ;. Similarly, the item embedding matrix is E(©) € RVx¢,
where 61(]?,) represents the initial embedding of item v;. These embeddings are randomly

initialized and learned through end to end training.

The learnable mask vectors are denoted as m() € R for layer ¢, where { =
0,1,...,L and L is the total number of GNN layers. Each mask vector has the same
dimensionality as the node embeddings, enabling element-wise importance weighting.
The normalized adjacency matrix of the bipartite graph is denoted as A € R(M+N)*(M+N)

which incorporates symmetric normalization to ensure stable message propagation.

b. Graph Neural Network Backbone

The graph neural network backbone is the main part of the MaskSimGCL and is re-
sponsible for learning user and item representations through message passing operations
on the user item bipartite graph. This component follows the LightGCN design archi-
tecture, which demonstrates that simplified graph convolutions without feature trans-

formation and nonlinear activation are not only sufficient but actually preferable for
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collaborative filtering tasks.

The key insight motivating this design choice is that the recommendation task fun-
damentally differs from general graph learning tasks. In collaborative filtering, the pri-
mary goal is to propagate and aggregate collaborative signals across the graph structure,
rather than to perform complex feature transformations. The user and item embeddings
serve as the only input features, and their identity information is already captured in the
initial embeddings. Therefore, the heavy transformation operations inherited from gen-
eral GCNs are unnecessary and may even introduce noise that degrades recommendation

performance.
Message Propagation Mechanism

The computation proceeds through L sequential propagation layers, where each
layer aggregates information from neighboring nodes. At layer ¢, the representation of

user u; is updated by aggregating the representations of items in its neighborhood:

1
R = % -h{Y) (3.28)
1 ventu) IV ()] IV (0))]

Similarly, the representation of item v; is updated as:

1
R = % - h{Y (3.29)
’ wi €N (vy) \/|N(UJ)| ) \/|N<ul)| ”

The symmetric normalization factor serves a critical purpose in

1
VIN @) -/IN ()]
the propagation process. This normalization prevents nodes with many connections from
dominating the aggregated representation and ensures that the message magnitudes re-
main stable across layers. Without this normalization, the embeddings of high degree
nodes would grow as propagation depth increases, leading to numerical instability and

degraded model performance.

The propagation can be expressed in compact matrix form as:

EGD = A.EO (3.30)

where E() ¢ R(M+N)xd 5 the concatenated embedding matrix of all users and

items at layer ¢, and A is the symmetrically normalized adjacency matrix.
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Multi-Scale Representation Aggregation

After L layers of propagation, the final user and item embeddings are obtained by

averaging the representations across all layers:

ew, = ——> h), e, =——3h (3.31)

This layer combination strategy captures collaborative signals at different seman-
tic levels. The representation at layer 0 (h(?)) contains only the node’s own information
encoded in its initial embedding. Layer 1 representations (h(!)) incorporate first-order
neighborhood information, representing direct user item interactions. Deeper layers cap-
ture progressively higher order collaborative patterns: layer 2 encodes second order re-
lationships (user item-user paths), and so forth. By averaging across all layers, the final
representation integrates multi scale structural information, providing a comprehensive

encoding of the node’s position and relationships within the collaborative graph.

c. Learnable Mask Module

The Learnable Mask Module represents the core innovation of MaskSimGCL, in-
troducing trainable mask vectors that adaptively weight the importance of different em-
bedding dimensions. This mechanism addresses a fundamental limitation of existing
graph-based contrastive learning methods, which treat all embedding dimensions uni-

formly regardless of their contribution to the recommendation task.

The key insight motivating this design is that learned representations typically
show different levels of importance across dimensions. Some dimensions may encode
critical preference signals essential for accurate recommendation, while others may cap-
ture noise or less separated patterns. By introducing learnable masks, the model can
explicitly identify and emphasize the most informative dimensions while suppressing

irrelevant or noisy components.
Mask-Filtered Embedding Computation

At each layer ¢ of the GNN, a learnable mask vector m©) € R? is applied to filter
the node embeddings. The mask is first passed through a sigmoid activation function to

produce importance weights in the range (0, 1):

w® = g(m®) (3.32)



where o(-) denotes the sigmoid activation function o(x) = H% The choice of
sigmoid activation ensures that the importance weights remain bounded while allowing

gradients to flow through during backpropagation.

The mask filtered representation of node : at layer ¢ is computed through element-

wise multiplication:

e?}egw =e ;0 w® = eir® a(m(“g)) (3.33)

where © denotes element-wise product. This formulation reflects several impor-

tant design principles. First, dimensions with high importance weights (close to 1) are
preserved with minimal attenuation, ensuring that critical preference signals are main-
tained. Second, dimensions with low importance weights (close to 0) are effectively
suppressed, reducing their contribution to the final representation. Third, the element-
wise multiplication maintains the dimensionality of the original embeddings, enabling

seamless integration with downstream components.
Regularization Through Importance Filtering

The learnable mask module provides implicit regularization through a dimension-
selection mechanism that is specifically tailored to the sparse interaction data charac-
teristic of recommendation systems. Unlike generic regularization techniques such as
weight decay or dropout which apply uniform constraints to all parameters the masking
mechanism learns which dimensions are informative and suppresses those that are not,

acting as a form of learned feature selection.

Concretely, each embedding dimension k£ is multiplied by the sigmoid-activated
mask weight a(mgf)) € (0,1). Dimensions with high importance weights (close to
1) are preserved with minimal attenuation, ensuring that critical preference signals are
retained; dimensions with low weights (close to 0) are effectively suppressed, preventing
the model from fitting noise patterns in sparse interaction data. The gradient through the

masking operation makes this selection process end-to-end trainable:

oL oL
_ . () _ ()
om® ~ erg” © ey ©o(m”) o (1—o(m?)) (3.34)

This gradient formulation reveals the self-reinforcing nature of the importance-filtering
mechanism: dimensions that consistently contribute to reducing the loss receive larger

gradient updates, progressively increasing their mask weights, while uninformative di-
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mensions receive smaller updates and their weights decay toward zero. The result is
that the model converges to a sparse, interpretable mask that concentrates represen-
tational capacity on the most task-relevant dimensions a targeted regularization effect
that generic weight decay cannot achieve, since weight decay penalises all parameters
uniformly regardless of their relevance to the recommendation objective. This is par-
ticularly valuable in cold-start and data-sparse settings, where the risk of overfitting to

spurious co-occurrence patterns is highest.

d. Contrastive View Generation Module

The contrastive view generation module is responsible for creating augmented rep-
resentations that serve as positive pairs in the contrastive learning framework. This com-
ponent builds upon the noise-based augmentation strategy introduced by SimGCL while

incorporating mask informed perturbations that improve the quality of generated views.
Background: SimGCL’s noise-based Augmentation

Before describing the MaskSimGCL approach, we first review the contrastive view
generation mechanism in SimGCL. Traditional graph-based contrastive learning meth-
ods, such as SGL, generate contrastive views through graph augmentations including
node dropout, edge dropout, and random walk sampling. However, SimGCL demon-
strates that the performance improvements attributed to graph-based contrastive learning
primarily stem from the uniformity regularization effect of the InfoNCE loss rather than

the specific augmentation strategies employed.

Based on this insight, SimGCL proposes a simplified yet effective alternative: in-
stead of perturbing the graph structure, it directly adds random uniform noise to node

embeddings. For each node 7, the augmented embedding is computed as:

e; =e;+ Ai, HAZHQ =€ (335)

where A, is the noise vector and e controls the perturbation magnitude. The noise
vector is constructed by first sampling from a uniform distribution ¢/(0, 1) and then
scaling to achieve the desired L2 norm:

A; =sign(e;) © AL, Al ~U(0,1) (3.36)

This noise-based strategy eliminates the computational overhead of repeatedly con-
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structing and processing augmented graphs while maintaining the uniformity regulariza-

tion that drives performance improvements.
Mask-Informed Perturbation Strategy

While SimGCL’s uniform noise addition is computationally efficient, it treats all
embedding dimensions equally during augmentation. This uniform treatment fails to
account for the heterogeneous informativeness of different dimensions. MaskSimGCL
addresses this limitation by leveraging the learned importance scores from the mask

module to guide the perturbation process.

The core idea is to apply larger perturbations to less important dimensions while
preserving important dimensions with smaller noise. This differential treatment gen-
erates contrastive views that maintain semantic consistency in the critical dimensions
while introducing diversity in the less informative dimensions. The mask informed noise

vector is computed as:

e =eio+ f(Ai) (3.37)

where f(-) is a masking function that amplifies perturbations on less important
dimensions. Specifically, the function amplifies the value at position £ of A;, by a

factor of «v if the corresponding mask weight w,(f) is smaller than a predefined threshold

G-

a-Nigy ifo(m) < B

(A = (3.38)
Aok otherwise

where a > 1 is the amplification factor and 5 € (0, 1) is the importance threshold.
This mechanism ensures that dimensions identified as less important receive larger per-
turbations, encouraging the contrastive learning to focus on invariances in the important

dimensions.
Dual View Construction

For contrastive learning, two augmented views are generated for each node using
independent noise samples. Let e} and e, denote the two augmented representations of

node 7. These representations are L2-normalized before computing the contrastive loss:
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The normalization projects the embeddings onto a unit hypersphere, ensuring that
the cosine similarity used in the contrastive loss is equivalent to the dot product of the

normalized representations.

e. Joint Optimization Framework

The joint optimization framework combines the supervised recommendation ob-
jective with the self-supervised contrastive learning objective in a multitask learning
formulation. This integrated approach enables the model to simultaneously optimize for

accurate preference prediction and robust representation learning.
Recommendation Loss

The recommendation task is optimized using the Bayesian Personalized Ranking
(BPR) loss [96], which is specifically designed for implicit feedback scenarios. The
BPR loss encourages the model to rank positive (interacted) items higher than negative

(non interacted) items for each user.

The predicted preference score between user u; and item v; is computed as the

inner product of their final embeddings:

N T
Guiw; = €y, * €y, (3.40)

The BPR loss is then formulated as:

Lppr = — Z log U(?;uz-,vj — Gz on,) (3.41)

(ui,vj,0,)€0

where O = {(u;,v;,vi) | (wi,vj) € &, (us,vi) ¢ E} is the set of training triplets,
with v; being a positive item and v, being a randomly sampled negative item. The
sigmoid function ensures that the loss is bounded and provides smooth gradients for

optimization.
Contrastive Loss

The contrastive learning objective employs the InfoNCE loss [101], which maxi-

mizes the agreement between the two augmented views of the same node while mini-
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mizing the agreement with views from different nodes:

exp(ziT 2! /T
Lo = Z —log ( : /ir //)
icB ZjEBeXp(zi Zj /T)

(3.42)

where B is a sampled batch of nodes, 7 > 0 is the temperature parameter that
controls the sharpness of the distribution. Lower temperatures make the contrastive

learning more sensitive to differences between representations.

The InfoNCE loss serves two complementary purposes. First, it encourages the two
augmented views of the same node (positive pairs) to have high similarity, promoting
invariance to the applied perturbations. Second, it pushes apart the representations of
different nodes (negative pairs), leading to a more uniform distribution of embeddings
in the representation space. This uniformity regularization helps mitigate the popularity
bias that often affects collaborative filtering, where popular items dominate the learned

representations.
Combined Training Objective

The final training objective of MaskSimGCL integrates two terms with distinct and

complementary roles:

L= Lppr + AL, (3.43)

Term 1: Lppr recommendation accuracy. The Bayesian Personalised Ranking
loss is the primary supervised objective. It optimises the model to rank positive (inter-
acted) items above negative (non-interacted) items for each user, directly targeting the
ranking quality measured by Recall@ K and NDCG@ K:

Lipp=— 3 loch(g)ui’vj _ gui’v;) (3.44)

(ui,v;,v,;)e(’)

Without this term, the model would have no direct signal about which items a user

actually prefers, making accurate ranking impossible.

Term 2: )\ L1, representation robustness via contrastive learning. The In-
foNCE contrastive loss serves two functions simultaneously. First, it maximises agree-
ment between the two mask-informed augmented views of the same node (positive

pairs), encouraging the model to learn representations that are invariant to which specific
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dimensions are perturbed:

exp (z;Tz;' / 7‘)
LoL =) —log (3.45)
ieB 2 jeB eXp (ZQTZ}// T)

Second, it pushes apart representations of different nodes (negative pairs), inducing a
uniformity effect in the embedding space that counters popularity bias a well-known
failure mode in collaborative filtering where embeddings of popular items cluster to-
gether and crowd out long-tail items. The coefficient A balances the contribution of this
self-supervised signal against the supervised BPR objective; too large a A can cause the
contrastive term to dominate and degrade ranking accuracy, while too small a A provides

insufficient regularization against sparsity.

3.3.3 Experimental Setting and Results
A. Experimental Settings

a. Dataset and User Categorization

We conduct experiments on the MovieLens-1M dataset containing 6,040 users,
3,706 items, and 1,000,209 interactions. Users are categorized into three groups-based
on interaction frequency: Cold (<20 interactions), Warm (21-50 interactions), and Ac-

tive (>50 interactions). We use temporal split with 80% training and 20% testing data.

Table 3.11: Experimental Configuration

Component Specification

GPU NVIDIA A100-SXM4-40GB
Framework  PyTorch 2.1.0, CUDA 12.2
Platform Google Colab Pro+

b. Evaluation Metrics

We evaluate recommendation quality using two primary metrics: Recall@K (mea-
sures the fraction of relevant items in top-K recommendations) and NDCG@K (Nor-
malized Discounted Cumulative Gain, accounts for ranking position). All experiments

are evaluated at K=30 and reported over 5 random seeds.

c. Baseline Methods
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We compare MaskSimGCL against state-of-the-art methods from three categories:

* Graph Contrastive Learning Methods: XSimGCL, SimGCL, LightGCL,
DirectAU, SGL

* Basic Graph Neural Network Methods: LightGCN, SSL4Rec

* Proposed Methods: GIFT4Rec (Section 3.2), EfficientRec (Chapter 2)

Table 3.12: Optimal Hyperparameter Configuration

Hyperparameter Optimal Value
Embedding Dimension (d) 64
GNN Layers (L) 3
SSL Temperature (7) 0.2
SSL Weight () 0.5
Noise Magnitude (¢) 0.1
Mask Alpha («) 2.0
Mask Beta (3) 0.5
Learning Rate le-3
Weight Decay () le-5
Batch Size 2048

B. Experimental Results

All results reported below are evaluated-based on relative differences.

a. Overall Performance
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Table 3.13: Overall Performance Comparison (All Users) @30

Model Recall@30 NDCG@30 Category
MaskSimGCL 0.2404 0.1322 Proposed
XSimGCL 0.2301 0.1250 GCL
SimGCL 0.2292 0.1249 GCL
LightGCL 0.2128 0.1103 GCL
DirectAU 0.2110 0.1226 GCL
SGL 0.1192 0.0565 GCL
SSL4Rec 0.1644 0.0950 GNN
LightGCN 0.1636 0.0945 GNN
GIFT4Rec (Section 3.2) 0.2162 0.1263 Proposed
EfficientRec (Chapter 2) 0.1994 0.1174 Proposed

Bold = Best, Underline = Second Best

MaskSimGCL achieves the best performance on both metrics: Recall@30 of 0.2404
and NDCG@30 of 0.1322. The second-best method is XSimGCL in (Recall@30 =
0.2301, NDCG@30 = 0.1250); MaskSimGCL outperforms it by +4.5% in Recall@30
and 4+5.8% in NDCG@30. Since both models share the same SimGCL backbone, this
gap is directly attributable to the learnable mask mechanism: by identifying and sup-
pressing uninformative embedding dimensions, MaskSimGCL generates higher-quality
contrastive views that preserve semantically meaningful structure, whereas XSimGCL
applies uniform noise indiscriminately across all dimensions. The relatively moderate
margin reflects that XSimGCL is already a strong contrastive baseline; the improvement
nonetheless demonstrates that dimension-aware augmentation provides a consistent and

principled gain over uniform-noise approaches.
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b. Performance on Cold, Warm, and Active Users

Table 3.14: Performance Comparison on Cold, Warm, and Active Users @30

Model Cold Users Warm Users Active Users
ode

R@30 N@30 | R@30 N@30 | R@30 N@30
MaskSimGCL | 0.3599 0.1668 | 0.2555 0.1509 | 0.1948 0.1483
XSimGCL 0.3479 0.1633 | 0.2402 0.1428 | 0.1870 0.1385
SimGCL 0.3454 0.1623 | 0.2394 0.1427 | 0.1785 0.1310
LightGCL 0.3419 0.1592 | 0.2160 0.1276 | 0.1705 0.1268
DirectAU 0.2510 0.1160 | 0.2005 0.1223 | 0.1535 0.1045
SGL 0.0711 0.0324 | 0.0833 0.0507 | 0.1113 0.0664
SSL4Rec 0.1444 0.0618 | 0.1262 0.0772 | 0.1495 0.1139
LightGCN 0.1411 0.0605 | 0.1256 0.0766 | 0.1494 0.1137
GIFT4Rec 0.2511 0.1152 | 0.2148 0.1335 | 0.1663 0.1257
EfficientRec 0.2085 0.0910 | 0.1840 0.1145 | 0.1689 0.1264

R@30 =Recall@30, N@30 = NDCG@30. Bold = Best, Underline = Second Best.

MaskSimGCL achieves the best Recall@30 across all three user segments, with

XSimGCL as the second-best in each case.

Cold users: (Recall@30 = 0.3599 vs. XSimGCL = 0.3479, +3.4%). Cold users
have at most 20 interactions, so their embeddings carry limited collaborative signal. The
mask mechanism concentrates this scarce signal onto the most informative dimensions
and discards noisy ones that would otherwise dominate under sparse data, resulting in

more stable representations for users with limited history.

Warm users: (Recall@30 = 0.2555 vs. XSimGCL = 0.2402, +6.4%). The largest
relative improvement across all segments is observed for warm users (21-50 interac-
tions). This reflects the sweet spot of the mask mechanism: warm users provide enough
interactions for the mask to reliably distinguish important from unimportant dimensions,
while the remaining sparsity still leaves room for contrastive regularization to contribute

meaningfully.

Active users: (Recall@30 = 0.1948 vs. XSimGCL = 0.1870, +4.2%). For ac-
tive users with more than 50 interactions, GNN embeddings are already well-informed
by rich behavioral data, reducing the relative benefit of contrastive regularization. The

mask still provides consistent gains by filtering out redundant dimensions, but the im-
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provement is smaller than for warm users, which is consistent with the expectation that

mask-informed augmentation is most decisive when data is moderately sparse.
¢. Component Contribution Analysis

To understand the contribution of each component in MaskSimGCL, we conduct
comprehensive ablation studies by systematically removing key components. The cen-
tral argument of MaskSimGCL is that contrastive learning for recommendation can be
improved by treating embedding dimensions non-uniformly: a learnable mask identifies
which dimensions encode critical preference signals and which capture noise, and this
information is used to generate semantically consistent contrastive views. The ablation
study isolates three levels of this argument: Is contrastive learning itself essential for
robust representation? Does the learnable mask provide value as an implicit regularizer,
independent of its use in noise generation? Does using the mask to inform the noise

perturbation provide additional benefit beyond the mask’s regularization effect?

Table 3.15: Component Ablation Study on MaskSimGCL

Configuration Recall@30 ARecall NDCG@30 ANDCG
MaskSimGCL (Full) 0.2404£0.003 0.1322+0.003

w/o Contrastive Learning 0.1731£0.003 —28.0% 0.0923£0.003 —30.2%
w/o Mask-Informed Noise 0.2212+0.004 —8.0% 0.12394+0.004 —6.3%

w/o Learnable Mask (SimGCL) 0.2260+0.003 —6.0% 0.1219+0.003 —7.8%

Note: ARecall and ANDCG represent relative difference compared to full model.

The evidence supports all three claims with a clear hierarchy. Removing con-
trastive learning entirely causes the most severe degradation (—28.0% Recall, —30.2%
NDCG), confirming that self-supervised contrastive signals are foundational to robust
graph-based recommendation. Removing the learnable mask while keeping uniform
noise (i.e., reverting to the SimGCL baseline) degrades Recall by —6.0% but NDCG
by —7.8%, revealing that the mask’s dimension aware filtering particularly improves
ranking precision by suppressing noisy dimensions. Critically, removing only the mask
informed noise strategy keeping the mask for regularization but applying uniform per-
turbations causes —8.0% Recall, which is larger than removing the mask itself. This
confirms that the primary contribution of MaskSimGCL is not the mask as a standalone
regularizer but the integration of learned importance scores into the contrastive view

generation process. The mask and the noise strategy are designed to work together:
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the mask identifies what matters, and the informed noise ensures that contrastive views

preserve what matters while diversifying what does not.

3.4 Chapter Summary

This chapter presented a unified graph-based framework for enhancing recommen-
dation quality through the joint modeling of canonical interaction data and auxiliary side
information. The proposed approach addresses the limitations of conventional GNN-
based recommender systems, which often underutilize rich semantic attributes and suffer

from performance degradation under sparse and cold-start conditions.

The first contribution is GIFT4Rec, a global-local side information fusion archi-
tecture that integrates user and item auxiliary features with structural signals from the
user-item interaction graph. The global module captures high-level contextual represen-
tations derived from demographic and content attributes, while the local module per-
forms neighborhood-aware message passing to model fine-grained collaborative depen-
dencies. A learnable weight generation mechanism is designed to adaptively balance the
contributions of interactional and auxiliary signals, enabling the model to dynamically

adjust the importance of different information sources-based on data characteristics.

The second contribution is MaskSimGCL, a masked simple graph contrastive learn-
ing method that improves the robustness of representation learning. By applying a learn-
able mask to node embeddings, the proposed method selectively preserves informative
dimensions while injecting noise into less important features. This mechanism effec-
tively reduces overfitting, enhances contrastive consistency, and strengthens representa-
tion discrimination in sparse environments. Unlike conventional graph augmentation ap-
proaches that require explicit structural modifications, MaskSimGCL operates directly
on embedding space, providing computational efficiency while maintaining augmenta-

tion effectiveness.

Overall, this chapter establishes graph-based modeling, when combined with adap-
tive side information fusion and masked contrastive learning, forms a paradigm for im-

proving recommendation accuracy, stability, and cold-start generalization.
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Chapter 4

Enhancing Multi-Domain
Recommendation with Continual

Learning

4.1 Introduction

Modern recommendation systems increasingly operate across multiple service do-
mains within unified platforms, where users interact with heterogeneous content cate-
gories such as e-commerce products, video streaming, music services, and news feeds.
These multi-domain environments present unique challenges that extend beyond tradi-
tional single domain recommendation paradigms. While cross domain recommendation
(CDR) has emerged as a promising direction to leverage rich information across do-
mains [147], existing approaches predominantly focus on improving target domain per-
formance while often neglecting the preservation of source domain knowledge and the

fairness of performance across all participating domains.

4.1.1 The Multi-domain Recommendation Challenge

In industrial recommendation systems, platforms such as Taobao, Alibaba, and
streaming services simultaneously serve users across multiple business domains where
each domain exhibits distinct user behavior patterns, interaction distributions, and se-
mantic characteristics [80, 150]. The conventional approach of training separate models
for each domain fails to exploit the potential synergies and shared knowledge that could

benefit all domains collectively. Conversely, naively training a unified model across all

119



domains often results in negative transfer, where the optimization for one domain de-
grades performance in others, and catastrophic forgetting, where knowledge acquired

from earlier domains is overwritten during subsequent training phases.

Recent industrial deployments have highlighted the practical importance of this
challenge. CTNet [81], deployed at Taobao, addresses the problem of Continual Trans-
fer Learning (CTL) where knowledge must be transferred from time evolving source
domains to time evolving target domains. The KEEP framework [152] proposes a two-
stage approach that extracts knowledge from a super domain and plugs it into down-
stream models. DIIT [51] focuses on extracting domain invariant information for indus-
trial cross domain recommendation. ECAT [47] introduces a comprehensive framework
for entire space continual and adaptive transfer learning. While these methods have
demonstrated significant improvements in their respective target domains, they share a
common limitation: the unidirectional nature of knowledge transfer that prioritizes tar-

get domain improvement potentially at the cost of source domain performance.

4.1.2 Terminological Clarification

Before presenting the contributions of this chapter, it is necessary to clarify three
closely related but distinct concepts that are frequently conflated in the recommendation

literature.

Multi-domain recommendation refers to the setting where a single platform serves
users across multiple content categories or business verticals such as movies, music, e-
commerce, and news simultaneously. The goal is to build a unified system that delivers
accurate recommendations in all participating domains, rather than optimizing for any
single domain in isolation. The key challenge is that different domains exhibit distinct
user behavior patterns, item distributions, and semantic characteristics, making joint

modeling non-trivial.

Cross-domain recommendation is a special case that focuses on transferring knowl-
edge from one or more data-rich source domains to a data-sparse target domain. Unlike
multi-domain recommendation, cross-domain methods are inherently asymmetric: they
designate explicit source and target roles, and their optimization objective is typically
formulated in terms of target domain performance. Representative methods such as CT-
Net [82], KEEP [154], and DIIT [51] follow this unidirectional transfer paradigm.

Continual learning (also known as lifelong learning) is a training paradigm rather

than a problem formulation. It addresses the challenge of learning new tasks sequentially
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without forgetting previously acquired knowledge known as catastrophic forgetting. In
the recommendation context, continual learning provides a principled mechanism for
updating a model as new domains are introduced over time, without retraining from

scratch on all historical data.

The problem addressed in this chapter lies at the intersection of these three con-
cepts. We formulate the problem as multi-domain recommendation, where the objective
is to achieve balanced, high-quality performance across all domains rather than improv-
ing a single target domain. We adopt continual learning as the training paradigm to
enable sequential domain adaptation, and we explicitly depart from the cross-domain
paradigm by rejecting its unidirectional, target-centric transfer assumption. Concretely,
the proposed CNL4Rec framework trains on domains sequentially (a continual learning
setup), but unlike cross-domain methods, it enables multi-directional knowledge transfer
where all domains can both contribute to and benefit from shared representations, and
it evaluates success by the aggregate performance across all domains (a multi-domain

objective).

4.1.3 Limitations of Existing Cross-Domain and Multi-Domain Ap-

proaches

A systematic analysis of recent cross domain and multi-domain recommendation

methods reveals several critical gaps that motivate the proposed CNL4Rec framework.
Limitation 1: Unidirectional Transfer Paradigm

The predominant paradigm in existing cross domain recommendation follows a
unidirectional transfer approach where knowledge flows exclusively from source do-
mains to target domains. CTNet [81] treats source domain representations as external
knowledge for target domain CTR prediction, preserving source and target domain pa-
rameters during transfer but fundamentally optimizing for target domain improvement.
KEEP [152] extracts knowledge from a super domain and plugs it into downstream
models, creating a one way knowledge pipeline. DIIT [51] designs extractors to trans-
fer domain invariant information from source domain models to target domain models.
ECAT [47] proposes sample transfer and representation transfer mechanisms, both ori-

ented toward enhancing target domain performance.

This one way design works well for improving sparse target domains, but it can

cause an imbalance. Over time, the system focuses too much on the target domain,
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which may slow down or reduce performance in the source domains.
Limitation 2: Hard Constraint Parameter Isolation

Existing continual learning approaches for cross domain recommendation typi-
cally employ hard constraints that completely freeze parameters seen as important for
previous domains. While this strategy effectively prevents catastrophic forgetting, it
fundamentally limits the capacity for bidirectional knowledge sharing. When parame-
ters are frozen entirely, they cannot receive gradient updates from subsequent domain
training, eliminating the possibility of reverse knowledge transfer where insights from
newer domains could improve representations for earlier domains. This strict parameter
separation creates barriers between domains and prevents shared representations from

naturally forming to benefit all domains at the same time.
Limitation 3: Absence of Fairness Considerations

More importantly, existing cross domain methods lack explicit mechanisms for en-
suring fair performance across all participating domains. The optimization objectives in
CTNet, KEEP, DIIT, and ECAT are formulated exclusively in terms of target domain
metrics, with source domain performance treated as, at best, a secondary consideration.
This design choice reflects an implicit assumption that source domains, being typically
larger and more data rich, can tolerate some performance degradation in service of im-
proving smaller target domains. However, in real-world multi-domain platforms where
all domains contribute to the overall user experience and business value, this asymmet-
ric treatment creates systemic bias that accumulates over time, potentially resulting in

significant performance disparities across domains.

4.1.4 Research Gaps and Challenges

Based on the analysis of existing approaches, this research identifies four critical

gaps that the proposed framework aims to address:

Gap 1: Multi-Directional Knowledge Transfer. Current methods exclusively sup-
port unidirectional transfer from source to target domains. There exists no principled
framework for enabling multi directional knowledge flow where all domains can both
contribute to and benefit from shared representations. A truly unified multi-domain rec-
ommendation system should allow knowledge to propagate in all directions, with each

domain serving simultaneously as both a source and a target of transferable knowledge.

Gap 2: Soft Constraint Continual Learning. Existing continual learning mech-
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anisms rely on hard parameter freezing that prevents any modification to protected pa-
rameters. This binary approach fails to recognize the gradual nature of parameter impor-
tance and prevents the potential for incremental knowledge refinement. A more nuanced
approach would employ soft constraints that modulate rather than eliminate gradient
updates, allowing less important parameters to continue adapting while still protecting

domain critical knowledge.

Gap 3: Domain Fairness Optimization. No existing framework explicitly opti-
mizes for balanced performance across all domains. The sole focus on target domain
improvement creates a systematic bias that disadvantages source domains over time. A
fair multi-domain recommendation framework should incorporate explicit fairness ob-
jectives that ensure all domains benefit from the knowledge sharing process, preventing

the emergence of performance disparities.

4.2 CNL4Rec: multi-domain Recommendation Model

based on Continual Learning

4.2.1 Problem Statement

To address the identified gaps, this chapter proposes the “Continual Learning for
multi-domain Recommendation (CNL4Rec)” framework, which introduces several novel

contributions that distinguish it from existing approaches.

First, CNL4Rec employs a domain masking mechanism that learns task specific
masks to identify embedding dimensions essential for each domain. Unlike hard freez-
ing approaches, the domain masks operate through a soft thresholding mechanism that
allows gradual modulation of parameter importance. Parameters identified as highly
important for previous domains receive suppressed but non zero gradient updates, en-
abling knowledge preservation while still permitting incremental refinement based on

new domain information.

Second, the domain specialization module implements a gradient regulation strat-
egy that protects domain’s important parameters while enabling adaptive reuse of less
important parameters for new domain learning. By computing the union of importance
masks across all previous domains and modulating gradients accordingly, this mecha-
nism achieves a principled balance between stability by preserving past knowledge and

plasticity as accommodating new knowledge.
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Third, the framework is designed with explicit consideration for domain fairness.
Rather than optimizing exclusively for target domain performance, CNL4Rec evaluates
and optimizes overall performance across all domains, ensuring that knowledge transfer
benefits all participating domains rather than improving one at the expense of others. The
experimental evaluation explicitly measures performance on all domains and computes

aggregate metrics that penalize performance imbalances.
Comparative positioning of CNL4Rec against related methods

Table 4.1 maps each of the three research gaps identified above onto the corre-
sponding design dimension of CNL4Rec and its four closest competitors, making ex-

plicit which limitations each method addresses and which it leaves open.

Table 4.1: Comparison of CNL4Rec with Related Cross-Domain Methods

Characteristic CTNet [81] KEEP [152] DIIT [51] ECAT [47] CNL4Rec (Ours)
Transfer direction Uni (src—tgt)  Uni (super—tgt) Uni (sre—tgt) Uni (space—tgt) Multi-directional
Constraint type Hard freeze  Hard (2-stage) Hard Hard Soft thresholding
Reverse knowledge transfer X X X X v
Soft gradient modulation X X X X v
Explicit fairness objective X X X X v
All domains optimized jointly X X X X v

Uni: unidirectional transfer; Hard freeze: parameters fully blocked from gradient updates once
deemed important for a domain; Soft thresholding: gradient magnitude modulated
proportionally to learned importance scores rather than hard-blocked.

The table reveals a clear pattern: all four baselines share the same three struc-
tural gaps simultaneously. Regarding Gap 1, CTNet [81], KEEP [152], DIIT [51], and
ECAT [47] all route knowledge in one direction only from a richer source toward a
designated target so no mechanism exists for later domains to refine representations of
earlier ones. Regarding Gap 2, each method relies on hard parameter freezing, which
eliminates gradient flow to protected parameters entirely and prevents the gradual, in-
cremental knowledge sharing that soft constraints can achieve. Regarding Gap 3, every
baseline formulates its optimization objective exclusively in terms of target domain met-
rics, leaving source domain performance to degrade silently as an accepted side-effect

of the transfer process.
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4.2.2 Model Architecture and Components

This section presents the complete architecture of the proposed CNL4Rec (Con-
tinual learning for multi-domain recommendation) framework. The model is designed
to address the fundamental challenges of multi-domain recommendation systems, in-
cluding catastrophic forgetting, negative transfer between domains, and performance
degradation under sequential domain learning scenarios. The architecture consists of
three tightly integrated modules: the Domain Masking Module, the Domain Specializa-
tion Module, and the Behavior Extraction Module. Together, these components form a
unified continual learning framework that preserves domain specific knowledge while

enabling effective knowledge transfer across heterogeneous recommendation domains.

a. Notation and Problem Setup

Before describing the detailed architecture of each component, we first establish

the mathematical notation that will be used throughout this section.

Consider a multi-domain recommendation scenario operating across / distinct
domains. LetU = {uy,us, ..., uy } denote the set of M users and V = {vy, vy, ...,0n}
denote the set of V items. The domain set is represented as K = {1,2,..., K}, where
each domain k£ € /C contains a subset of users U, C U and items V;, C V. The number

of users and items in domain k are denoted as Ny, = |Ux| and N, = |V, respectively.

Each user u; and item v; is associated with a learnable embedding vector. The
user embedding matrix is denoted as Xy € RM*40 where the i-th row Xy, € R%
represents the embedding of user u; with dimensionality di;. Similarly, the item embed-
ding matrix is X; € RY*4 where X I € R represents the embedding of item v;
with dimensionality d;. These embedding matrices are randomly initialized and learned

through end to end training across sequential domain tasks.

The core challenge addressed by CNL4Rec is to learn effective recommendation
models that can adapt to new domains while preserving knowledge acquired from pre-
viously learned domains. This is formalized as a continual learning problem where
domains arrive sequentially, and the model must maintain stable performance across all
encountered domains without access to historical training data during subsequent do-

main training phases.

125



b. Architecture Overview

The CNL4Rec framework introduces a task masking based continual learning mech-
anism that operates at the embedding level. The central design principle is to treat each
domain as a sequential learning task and apply domain specific masks that identify and

protect important latent dimensions for each domain.

The architecture introduces learnable mask vectors for each domain that have the
same dimensionality as the user and item embeddings. These masks identify which
latent dimensions are essential for representing domain specific behavioral patterns, en-
abling the system to selectively update only relevant parameters during training. Param-
eters deemed unimportant for the current domain remain protected to maintain perfor-

mance on previously learned domains.
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Figure 4.1: CNL4Rec Overall Architecture

As illustrated in Figure 4.1, CNL4Rec addresses the continual multi-domain rec-

ommendation problem through three tightly integrated modules. The "Domain Masking
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Module” learns domain-specific binary masks over the shared user and item embedding
matrices, identifying which latent dimensions are relevant for each domain and produc-
ing filtered domain-specific representations X4, and X¥. Its role is to partition the shared
embedding space into domain-specific subspaces without requiring separate parameters
per domain. The "Domain Specialization Module” protects previously acquired knowl-
edge by aggregating the masks of all past domains into a historical mask M"**, which
is then used to zero out gradients flowing into dimensions already claimed by prior
domains during backpropagation. This selective gradient suppression is the core anti-
forgetting mechanism, ensuring that learning a new domain does not overwrite represen-
tations essential to earlier ones. The “Behavior Extraction Module” receives the masked,
domain-specific embeddings and passes them through a GNN backbone that aggregates
high-order collaborative signals within the current domain, producing final embeddings
used for preference scoring and recommendation ranking. Together, the three modules
implement domain knowledge isolation at the embedding level, knowledge protection at
the gradient level, and preference learning at the inference level collectively resolving

the stability plasticity trade off inherent in continual multi-domain recommendation.

¢. Domain Masking Module

The Domain Masking Module constitutes the first core component of the CNL4Rec
architecture. This module is responsible for learning domain specific importance weights
that identify which embedding dimensions are critical for accurate recommendation
within each domain. The key insight motivating this design is that different domains
may rely on different subsets of latent features to capture user preferences, and explic-
itly modeling this domain feature relationship enables more effective knowledge isola-

tion and transfer.
Domain specific mask initialization

For each domain %, the module maintains two learnable mask matrices that corre-

spond to the user and item embedding spaces:

* A user domain mask My, € RNv>dv that weights the importance of each dimen-

sion in the user embedding space for domain k.

* Anitem- domain mask M; € R7*4 that weights the importance of each dimen-

sion in the item embedding space for domain k.

These mask matrices are initialized with small random values and are optimized

127



jointly with the recommendation objective. The mask dimensions match the correspond-
ing embedding dimensions, enabling fine grained control over which features are acti-

vated for each domain.
Mask Activation

The raw mask values are transformed through a nonlinear activation function f(-)
to produce importance weights within a fixed range that ensure stable optimization and
interpretable importance scores. The activation function is defined using a thresholded

sigmoid formulation:

1, if o(x) > threshold
flz) = (4.1)
0, if o(z) < threshold

where o(-) denotes the sigmoid activation function ¢(z) = ==, and threshold is a
predefined hyperparameter that controls the sparsity of the resulting masks. This hard
gating mechanism transforms continuous importance scores into binary decisions, en-

forcing explicit parameter isolation between domains.

The raw mask values are transformed through a thresholded sigmoid function (Eq
4.1) to produce binary importance weights. The sigmoid function o (-) is chosen for
three reasons. First, it maps any real-valued mask parameter continuously to (0, 1), pro-
viding a smooth, differentiable intermediate representation that allows gradients to flow
through the mask during end-to-end training a property that hard step functions do not
possess. Second, applying a fixed threshold to the sigmoid output converts these con-
tinuous scores into binary decisions, enforcing explicit parameter isolation between do-
mains: dimensions above the threshold are fully activated for the current domain, while
those below are completely suppressed. Third, the sigmoid’s smooth gradient particu-
larly its non-zero derivative near the threshold boundary enables the mask parameters
to be learned efficiently via standard gradient-based optimisation, unlike alternatives
such as ReLLU whose gradient is zero for negative inputs and would prevent suppressed

dimensions from ever being reactivated in subsequent domains.
Domain specific embedding computation

The activated masks are applied to the global embedding matrices through element-

wise multiplication to obtain domain specific user and item representations:

XU/c = f(MUk) ® XU “4.2)
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X, = f(Mp,)©X; (4.3)

where ©® denotes element wise product. Through this operation, only the embedding
dimensions that are considered important for domain % are activated, while less relevant
dimensions are suppressed. This selective activation achieves several important objec-

tives:

» Parameter isolation: Dimensions with zero mask values are effectively frozen for

domain £, protecting parameters that may be critical for other domains.

* Gradient control: During backpropagation, gradients flow only through activated

dimensions, preventing updates to suppressed parameters.

 Implicit regularization: The sparsity induced by masking reduces the effective

model capacity, mitigating overfitting in sparse domain data.

The domain specific embeddings Xy, and X, are subsequently fed into the be-
havior extraction module for final preference prediction. This design ensures that each
domain operates on a customized subset of the latent space while sharing the underlying

embedding parameters.

d. Domain Specialization Module

While the domain masking module identifies domain relevant latent dimensions,
the domain specialization module is responsible for protecting previously learned knowl-
edge and regulating gradient updates during continual multi-domain learning. This mod-
ule is central to continual learning: the model must be stable enough to preserve past

knowledge while remaining plastic enough to acquire new knowledge.
Historical Mask Aggregation.

When training on domain k, the module first computes a cumulative importance
mask that summarizes which embedding dimensions have been identified as important in
any of the previously learned domains {1,2, ...,k — 1}. This aggregation is performed

using an element wise maximum operation:
M = max{f(My,) | j € N,0 < j < k} (4.4)

M = max{f(My,) | j € N,0 < j < k} (4.5)
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where the max operator is applied element wise across all previously learned domain
masks. The resulting historical mask M"*! highlights dimensions that have been con-
sidered important by any prior domain, providing a unified view of which parameters

require protection.

The choice of maximum aggregation, rather than mean or sum, ensures that any
dimension identified as important by any previous domain receives full protection. This
conservative approach prioritizes knowledge preservation over parameter efficiency, which

is appropriate for scenarios where catastrophic forgetting poses a significant risk.
Gradient Recalibration

During backpropagation for domain £, the original gradients of the loss function
with respect to the embedding matrices are recalibrated to prevent updates to historically
important parameters. Let Gy and G denote the original gradients computed through

standard backpropagation. The recalibrated gradients are computed as:
Gy, = Gy © (1 — My (4.6)
G, =G;o(1-M™) (4.7)

This formulation achieves selective gradient suppression through a complementary

mask operation. For each embedding dimension:

« If the dimension was important in any prior domain (MMt = 1), the recalibrated

gradient becomes zero, completely freezing that parameter.

« If the dimension was not important in any prior domain (M"s = (), the original

gradient is preserved, allowing full adaptation for the current domain.

This binary protection mechanism ensures that parameters critical to past domains
receive zero effective gradients, maintaining their learned values unchanged. Simulta-
neously, parameters that have not been claimed by previous domains remain available

for learning new domain specific patterns.
Knowledge Transfer and Parameter Reallocation

Beyond preventing catastrophic forgetting, the domain specialization module en-
ables controlled knowledge transfer across domains. The gradient recalibration mecha-

nism implicitly facilitates positive transfer by:
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* Preserving shared Patterns: Parameters that encode domain invariant user prefer-
ences or item characteristics are protected once learned, making them available for

all subsequent domains without relearning.

* Allocating fresh capacity: Unimportant parameters from previous domains are re-
allocated to encode new domain specific patterns, ensuring that the model can con-

tinue learning without running out of representational capacity.

* Reducing negative transfer: By isolating domain specific parameters, the module
prevents conflicting gradient signals from different domains from interfering with

each other.

This design addresses both the stability and plasticity requirements of continual
learning: stability is achieved through gradient suppression on important parameters,

while plasticity is maintained by allowing adaptation on unimportant parameters.

e. Behavior Extraction Module

The Behavior Extraction Module constitutes the final component of the CNL4Rec
architecture, serving as the interface between the continual learning mechanism and the
downstream recommendation task. This module is intentionally designed so that the
continual learning capabilities of CNL4Rec can be applied to any graph neural network

backbone.
Domain Adaptive Embedding Reception

The behavior extraction module receives the domain adaptive embeddings Xy,
and X7, produced by the domain masking module. These embeddings have already
been filtered to contain only the domain relevant features, providing a clean input signal

for the recommendation backbone.
Graph neural network backbone

The backbone is instantiated as a graph neural network, the final user and item

embeddings are computed through iterative message passing on the interaction graph:

X = GNN(Xy,) (4.8)
X = GNN(X,) (4.9)

where GNN(-) denotes a generic graph based propagation operator such as GCN, GAT,
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or LightGCN. The graph propagation aggregates both structural and semantic neighbor-
hood information, enabling the extraction of high order collaborative behavioral patterns
while respecting the domain specific feature restrictions imposed by the masking mech-

anism.
Preference Prediction

The final behavioral embeddings are used to compute preference scores through
inner product computation:
9 = (XF5) " - XE (4.10)

where §J;; represents the predicted preference score between user u; and item v; in do-
main k. Higher scores indicate stronger predicted preferences, which are used for rank-

ing items in the recommendation list.

4.3 Experimental Settings and Results

4.3.1 Experimental Settings
a) Datasets

We conduct experiments on three benchmark datasets representing diverse recom-

mendation scenarios with multiple domains:

MovieLens-1M: Contains 1,000,209 ratings from 6,040 users on 3,952 movies.
We partition the dataset into 5 domains based on movie genres: Action (138,766 interac-
tions), Comedy (196,945 interactions), Drama (228,440 interactions), Thriller (108,216
interactions), and Sci-Fi (83,197 interactions). Only positive interactions (rating > 4)

are retained.

Yelp: Contains user reviews for local businesses, organized into 5 business cate-
gory domains: Restaurants (35,750 interactions), Shopping (37,058 interactions), Food
(31,062 interactions), Beauty (32,563 interactions), and Health (36,099 interactions).
The dataset contains 5,000 users and 3,000 items.

Amazon: Constructed from Amazon product reviews spanning 5 product cate-
gories: Electronics (39,118 interactions), Books (35,340 interactions), Movies (46,470
interactions), Home (49,644 interactions), and Sports (29,100 interactions). The dataset

comprises 6,000 users and 4,000 items.
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Table 4.2: Statistics of Multi-Domain Datasets

Dataset Users Items Domains Total Inter. Density
MovielLens-1M 6,038 2,972 5 755,564 4.21%
Yelp 5,000 3,000 5 172,532 1.15%
Amazon 6,000 4,000 5 199,672 0.83%

b) Evaluation Metrics

We evaluate recommendation quality using Recall@30 as the primary metric, fol-
lowing the standard practice in multi-domain recommendation literature. All exper-
iments are evaluated over 5 random seeds to ensure statistical reliability. We adopt

temporal split with 80% training data and 20% testing data.

¢) Baseline Methods

We compare CNL4Rec against five state of the art methods representing different

paradigms in cross domain and multi-domain recommendation:

* MF (Matrix Factorization): Classic collaborative filtering baseline trained inde-

pendently for each domain.

* KEEP: Knowledge extraction and plugging framework from super domain to down-

stream models.

e DIIT: Domain Invariant Information Transfer framework for cross domain recom-

mendation.

* ECAT: Enhanced Cross domain recommendation with Adaptive Transfer mecha-

nisms.

* CTNet: Continual Transfer Network for time evolving cross domain scenarios.

133



d) Optimal Hyperparameter Configuration

Table 4.3: Optimal Hyperparameter Configuration

Hyperparameter Optimal Value
Embedding Dimension 64

GNN Layers (L) 3
Dropout Rate 0.2
Learning Rate le-3
Weight Decay (7) le-5
Batch Size 2048

The values reported in Table 4.3 are the optimal configuration obtained from sys-
tematic grid search experiments on the validation splits of all three datasets (MovieLens-
IM, Yelp, Amazon), in which each hyperparameter was varied independently while all
others were held fixed. The detailed component contribution analysis for the two most
critical architectural choices the MLP block and the domain specialization module is
presented in Table 4.7. The remaining parameters (embedding dimension, number of
GNN layers, dropout rate, learning rate, weight decay, and batch size) follow standard
settings widely adopted in the continual and multi-domain recommendation literature
and were confirmed to be optimal on the same validation splits through the same grid

search procedure.

4.3.2 Experimental Results

All results reported below are evaluated based on relative differences.

A. Overall results

a. Results on MovieLens-1M

On MovieLens-1M (density 4.21%), CNL4Rec achieves the best mean Recall @30
of 0.2288, outperforming the second-best method CTNet (0.1616) by +41.6%, and leads
across all five genre domains. The largest gains are in Comedy (0.2583 vs. CTNet
0.0838, +208.2%) and Action (0.2481 vs. 0.1600, +55.1%), where concentrated and dif-

ferentiable user preferences allow the domain mask to cleanly identify domain-relevant
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embedding dimensions and protect them from cross-genre interference.

Table 4.4: Performance Comparison on MovielLens-1M (Recall @30)

Method Action Comedy Sci-Fi Thriller Drama Mean

CNL4Rec 0.2481 0.2583 0.1865 0.2349 0.2163 0.2288
CTNet 0.1600 0.0838 0.1342 0.2034 0.2268 0.1616

DIIT 0.1246  0.0632 0.1106 0.1181 0.1061 0.1045
KEEP 0.0598 0.0060 0.0841 0.1005 0.1796 0.0860
MF 0.0744  0.0060 0.0286 0.0485 0.2061 0.0727

ECAT 0.0063 0.0273 0.0173 0.0744 0.1665 0.0583

Bold = Best, Underline = Second Best

Sci-Fi also benefits substantially (+39.0%) due to its strong user overlap with
Action, which enables effective multi-directional knowledge transfer. The only ex-
ception is Drama, where CTNet marginally outperforms CNL4Rec (0.2268 vs. 0.2163,
—4.6%): as the largest domain by interaction volume, Drama provides sufficient within-
domain data that cross-domain transfer offers diminishing returns, and CTNet’s domain-
specific columns exploit this dense signal effectively. Despite this single-domain loss,
CNL4Rec’s consistent strength across the remaining four genres confirms that domain
masking and gradient recalibration provide the greatest benefit in settings where domain

boundaries are sharp and interaction patterns are domain-specifics.
b. Results on Yelp

On the Yelp dataset (interaction density 1.15%), CNL4Rec achieves the best mean
Recall@30 of 0.0174, outperforming the second-best method ECAT (0.0165) by +5.5%.

At the domain level, CNL4Rec leads in Restaurant (0.0194 vs. ECAT 0.0164,
+18.3%) and Health (0.0182 vs. CNET 0.0179, +2.2%).
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Table 4.5: Performance Comparison on Yelp (Recall @30)

Method Restaurant Shopping Food Beauty Health Mean

CNL4Rec 0.0194 0.0150 0.0184 0.0166 0.0182 0.0174

ECAT 0.0164 0.0172  0.0162 0.0172 0.0154 0.0165
CTNet 0.0146 0.0152  0.0192 0.0148 0.0179 0.0164
KEEP 0.0158 0.0182 0.0156 0.0156 0.0164 0.0165
MF 0.0150 0.0158  0.0179 0.0162 0.0156 0.0163
DIIT 0.0138 0.0154  0.0150 0.0156 0.0178 0.0155

Bold = Best, Underline = Second Best

The large margin in Restaurant reflects the fact that this domain has the densest
user item interactions among the five Yelp categories, providing the clearest gradient

signal for the domain mask to identify informative embedding dimensions.

The domain Shopping is notably competitive: KEEP outperforms CNL4Rec in
Shopping (0.0182 vs. 0.0150, —21.3%). In conclude, CNL4Rec’s consistent strength
across Restaurant, Food, Beauty and Health is sufficient to achieve the best mean per-
formance, confirming that the continual masking strategy provides a net benefit across

the full multi-domain setting even when individual domains present challenges.
c. Results on Amazon

Table 4.6: Performance Comparison on Amazon (Recall@30)

Method Electronics Books Movies Home Sports Mean

CNL4Rec 0.0139 0.0125 0.0135 0.0133 0.0126 0.0132

ECAT 0.0147 0.0130 0.0128 0.0132 0.0116 0.0131
MF 0.0129 0.0109 0.0170 0.0125 0.0124 0.0131
KEEP 0.0114 0.0145 0.0142 0.0118 0.0127 0.0129
CTNet 0.0115 0.0120 0.0137 0.0113 0.0136 0.0124
DIIT 0.0134 0.0135 0.0105 0.0103 0.0116 0.0119

Bold = Best, Underline = Second Best

On the Amazon dataset (interaction density 0.83%, the sparsest of the three bench-

marks), CNL4Rec achieves a mean Recall@30 of 0.0132, marginally outperforming
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the second-best method ECAT (0.0131) by only +0.8%. The narrow margin across all
methods reflects the difficulty of the Amazon setting: with fewer than 1% of user item
pairs observed, all models struggle to learn reliable representations, compressing the

performance range.

CNL4Rec leads in only the Home domain (0.0133 vs. ECAT 0.0132, +0.8%). The
fact that MF outperforms all multi-domain methods on Movies and that ECAT leads on
Electronics highlights the key challenge of Amazon: in highly sparse settings, cross-
domain knowledge transfer can introduce noise rather than benefit, and simpler per-
domain models can outperform on individual categories. CNL4Rec’s gradient recalibra-
tion mechanism mitigates this risk by preventing domain interference at the embedding
level, which explains why it achieves the best mean performance despite not winning

every individual domain.

Comparing the three datasets, the improvement of CNL4Rec over the second-best
method decreases from +41.6% on MovieLens-1M (density 4.21%) to +5.5% on Yelp
(1.15%) and +0.8% on Amazon (0.83%). This monotonic relationship between dataset
density and performance margin confirms that the domain masking and gradient recal-
ibration mechanisms of CNL4Rec are most effective when interactions are sufficiently
dense to train reliable domain-specific masks, and that the advantage diminishes in ex-

tremely sparse regimes where mask learning itself is data-limited.

B. Component Contribution Analysis

a) Component Ablation Study

To understand the contribution of each component in CNL4Rec, we conduct com-

prehensive ablation studies by systematically removing or replacing key components.

The central argument of CNL4Rec is that effective multi-domain recommendation
requires two complementary mechanisms: domain masking to identify which embed-
ding dimensions are critical for each domain, and domain specialization to protect those
dimensions during subsequent domain training via gradient modulation. The ablation
study tests whether each mechanism contributes independently and whether their com-
bination is necessary: Does domain masking improve performance by enabling domain-
specific feature selection? Does domain specialization reduce catastrophic forgetting by
protecting previously learned parameters? Are the two mechanisms complementary, i.e.,

does removing either one cause degradation that cannot be compensated by the other?
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Table 4.7: Component Ablation Study on CNL4Rec (MovieLens-1M, Mean Recall @30)

Configuration Mean Recall@30 ARecall
CNL4Rec (Full) 0.2288

w/o MLP Block 0.1876 —18.0%
w/o Domain Specialization 0.1968 —14.0%
w/o Residual Connections 0.1991 —13.0%
w/o Domain Masking 0.2013 —12.0%
w/o LayerNorm 0.2059 —10.0%
ReLU (vs GELU) 0.2105 —8.0%

Note: ARecall represents relative difference compared to full model.

The results confirm the complementary nature of both mechanisms. Removing
domain masking degrades mean Recall by —12.0%, demonstrating that explicit identi-
fication of domain-relevant dimensions is essential for preventing inter-domain interfer-
ence. Removing domain specialization causes an even larger degradation of —14.0%,
indicating that protecting important parameters through gradient regulation is critical for
preserving previously acquired domain knowledge. The fact that both removals cause
substantial and comparable degradation rather than one dominating confirms that the two
mechanisms address distinct failure modes: domain masking prevents negative transfer,
while domain specialization prevents catastrophic forgetting. Neither mechanism alone
is sufficient; their combination provides the stability plasticity balance required for con-

tinual multi-domain learning.
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C. Domain Order Impact

Table 4.8: Training Strategy Comparison

Strategy Mean Recall@30 vs Full Ranking
CNL4Rec Sequential ~ 0.2288 + 0.006 Ist
Pretrain + Fine-tune 0.2196 + 0.004  -4.0% 2nd
Joint + Masking 0.2013 £0.005 -12.0% 3rd

Joint (All domains) 0.1945 £ 0.005  -15.0% 4th
Sequential (no CL) 0.1899 £ 0.005 -17.0% Sth

Our results indicate that the model is generally robust to changes in domain training
order, as most ordering strategies yield comparable performance. In contrast, organizing
domains by increasing size severely harms performance, leading to the largest degrada-

tion of approximately 20%.
Impact of Domain Training Order

0.2288

0.2242
0.2219

0.22 1 0.2174

o
N
o

0.1945

Mean Recall@20

0.1830

Default Reverse Size Size Random 1 Random 2
Descending Ascending

Figure 4.2: Impact of domain training order on CNL4Rec performance. The default
training order achieves the best performance, while the size ascending strategy performs
the worst, resulting in a relative degradation of 20.0%.

4.4 Chapter Summary

This chapter presented CNL4Rec, a continual learning based framework for multi-
domain recommendation designed to preserve domain specific knowledge while main-

taining model adaptability across heterogeneous user groups and content categories.
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The chapter highlights that conventional recommendation approaches suffer from per-
formance degradation in multi-domain environments due to distributional differences,

parameter interference, and catastrophic forgetting during sequential training.

The first contribution is the domain masking mechanism that learns task specific
masks to identify embedding dimensions essential for each domain. Unlike hard freez-
ing approaches that completely prevent parameter updates, the domain masks operate
through a soft thresholding mechanism that allows gradual modulation of parameter
importance. Parameters identified as highly important for previous domains receive
suppressed but non zero gradient updates, enabling knowledge preservation while still

permitting incremental refinement based on new domain information.

The second contribution is the domain specialization module that implements a
gradient regulation strategy to protect domain critical parameters while enabling adap-
tive reuse of less important parameters for new domain learning. By computing the
union of importance masks across all previous domains and modulating gradients ac-
cordingly, this mechanism achieves a principled balance between stability and plasticity

preserving past knowledge while accommodating new knowledge.

The third contribution is the explicit consideration for domain fairness in the opti-
mization objective. Rather than optimizing exclusively for target domain performance as
in conventional cross domain methods, CNL4Rec evaluates and optimizes overall per-
formance across all domains, ensuring that knowledge transfer benefits all participating

domains rather than improving one at the expense of others.

Experimental results demonstrate that the proposed approach consistently outper-
forms baseline methods under multi-domain settings, delivering higher accuracy, im-
proved robustness, and reduced forgetting effects. Ablation studies further confirm the
importance of both domain masking and domain specialization, showing that each com-

ponent is essential for stable continual learning.

Overall, this chapter establishes that integrating continual learning with behavioral
modeling provides a powerful pathway toward scalable, resilient, and fair recommenda-

tion systems capable of long term evolution in real-world multi-domain environments.
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Chapter 5

Conversational Recommendation

with a GNN and RAG-Based
Hybrid System

5.1 Introduction

5.1.1 Motivation

A recommendation chatbot is an interactive conversational agent designed to assist
users in discovering items tailored to user preferences through natural language dia-
logue. In regard to the streaming platform context, by integrating with messaging or
streaming interfaces, such chatbots provide personalized movie suggestions, enhancing
user engagement and satisfaction by making the discovery process more intuitive and

accessible.

A key factor in effective personalization lies in accurately capturing user intent.
User intent can manifest in two primary forms: explicit intent, which is directly commu-
nicated through user input (e.g., natural language queries), and implicit intent, which is
inferred from user behavior (e.g., browsing history, viewing patterns, past interactions).
While chatbots are particularly effective at handling explicit intent through conversa-
tional understanding, recommendation engines are better suited to uncover implicit in-
tent based on historical user data. Integrating these two capabilities allows for a more
comprehensive interpretation of user needs. By embedding an ensemble-based recom-
mendation engine into the existing chatbot framework, the system can provide real time

adaptability to user preferences with improved personalization while also enriching con-

141



textual awareness through the combination of NLP driven intent recognition and recom-
mendation models. These methods enable the chatbot to analyze complex user item
interactions, capture nuanced relationships among movies, genres, and user preferences,
and generate highly personalized and diverse recommendations beyond simple content

matching or collaborative filtering.

Chatbots are growing as an innovative approach to recommendation tasks, espe-
cially since they can effectively capture real time contextual data, including user prefer-
ences. Using conversational interfaces, the system can efficiently provide more person-
alized, dynamic, and interactive recommendations. Conversational Recommendation
Systems (CRSs) typically involve multi turn interactions and can be broadly categorized
by their initiative, depending on the conversation initiator and questioner. Different
proposals have been raised to improve the performance of this module, including the
supplementation of past user preferences, the reception of user feedback on each recom-

mendation round, or the provision of context information through a memory network.

To be effectively integrated into a chatbot system, recommendation models must
operate in real time to ensure seamless and immediate user interaction. Traditional ap-
proaches such as matrix factorization or sequential deep learning models often fall short
due to high computational costs and batch oriented inference, making them unsuitable
for low latency environments. In contrast, graph based deep learning models have been
widely applied in recommendation scenarios owing to their ability to produce expres-
sive node representations and extract meaningful relationships between users, items, and
interactions through structured graph connections. From the first development of GCN
[60], various adjustments surrounding that prototype have been proposed and achieved
remarkable results [42, 124]. However, nowadays, LLMs have also received numerous
notable performance wise innovations, especially in retrieval and generation tasks. Re-
garding this field, many state of the art LLMs display remarkable information retrieval,
representation, and generation capabilities, which immensely aid the recommendation
tasks [8, 20].

This chapter proposes a film recommendation chatbot that combines the under-
standing of past behaviors from historical interaction data studied through a graph based
deep learning model and real time preferences acquired from large language models
(LLMs) via ensemble learning. This framework accentuates the complementary strengths
of both advanced techniques to provide meaningful recommendations to users. In par-

ticular, graph based deep learning excels in deploying interactions into graph structured
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data, thus uncovering latent patterns and complex relationships between node entities.
The graph based model also uses scalable algorithms and distributed computing tech-
niques to handle vast volumes of interaction data, ensuring the system remains respon-
sive and accurate as user and content data grow. On the other hand, LLMs collect indi-
vidual preferences through conversational sessions, process natural language input, and
flexibly adapt to immediate requirements. By combining these components, the system
achieves a comprehensive, robust, and adaptive recommendation approach that balances
past behavior insights with current user context, optimized for real time performance

and large scale data processing.

5.1.2 Related Methodologies

This section reviews the key methodological foundations for the proposed conver-
sational recommendation system. Since Graph Neural Network architectures have been
extensively discussed in previous chapters, this section focuses on three interconnected
areas: Conversational Recommender Systems, Large Language Models in Recommen-

dation, and Retrieval-Augmented Generation.

a. Conversational Recommender Systems

Conversational Recommender Systems (CRS) represent a paradigm shift from tra-
ditional one shot recommendation toward interactive, dialogue based preference elic-
itation and item suggestion. Unlike conventional recommender systems that estimate
user preferences solely from historical behavior, CRS enable dynamic, multi turn in-
teractions where users can express preferences, ask questions, and provide feedback
through natural language [56]. This interactive approach allows systems to actively clar-
ify ambiguous preferences, explain recommendations, and adapt suggestions based on

real time user feedback.

Recent CRS architectures increasingly leverage knowledge graphs to enhance rec-
ommendation reasoning and provide more informative responses. Zhou et al. [156]
propose semantic fusion techniques that integrate knowledge graph embeddings with
dialogue context to improve both recommendation accuracy and response generation
quality. The knowledge graph provides structured information about item attributes,
relationships, and categories that can guide both preference elicitation and recommen-
dation explanation. Li et al. [73] address the cold-start problem in CRS by seamlessly

unifying item attributes and user preferences in the conversational context, enabling
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systems to recommend items to new users by leveraging attribute level preferences ex-
pressed during conversation. Wang et al. [131] introduce knowledge enhanced prompt
learning for unified conversational recommendation, demonstrating that incorporating
structured knowledge into language model prompts significantly improves both recom-

mendation relevance and dialogue coherence.

b. Large Language Models in Recommendation

Large Language Models (LLMs) have introduced transformative capabilities to
recommendation systems, enabling sophisticated semantic understanding, natural lan-
guage interaction, and few-shot adaptation to new domains without extensive task spe-
cific training [77]. The emergence of models such as GPT, LLaMA, and their variants
has opened new possibilities for building more intelligent and flexible recommendation

systems that can understand and generate natural language at human like levels.

For conversational recommendation specifically, LLMs offer several compelling
advantages. Friedman et al. [29] explore leveraging LLMs in conversational recom-
mender systems, highlighting opportunities in generating natural, engaging dialogue
that can explain recommendations, handle follow up questions, and adapt to user feed-
back in real time. LLMs can understand diverse ways users express preferences, from
explicit statements to implicit hints, and can generate responses that feel natural and per-
sonalized. However, ensuring recommendation relevance and factual accuracy remains
challenging, as LLMs may hallucinate item attributes or recommend non existent items

without proper grounding mechanisms.

¢. Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) has emerged as a powerful paradigm for
combining the generative capabilities of LLMs with the precision of information re-
trieval systems, effectively addressing key limitations of pure LLM-based approaches
such as hallucination and outdated knowledge [69]. By grounding language model gen-
eration in retrieved factual information, RAG systems can produce more accurate, veri-

fiable, and up to date responses.

For conversational recommendation applications, RAG addresses several critical
challenges that limit pure LLLM-based approaches. First, grounding recommendations in
factual information by retrieving actual item descriptions from the catalog prevents hal-

lucination about item attributes and ensures recommendations correspond to real, avail-
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able items. Second, dynamic knowledge integration enables systems to incorporate up to
date item information, pricing, and availability without retraining, supporting scenarios
where item catalogs change frequently. Third, personalization through retrieval allows
systems to retrieve relevant user history and past preferences as context, enabling per-
sonalized recommendations without fine-tuning the underlying language model for each
user. Fourth, explainable recommendations become possible as retrieved item informa-
tion can be directly referenced to generate explanations that cite specific item attributes,

improving transparency and user trust in the recommendation rationale.

Hybrid retrieval strategies combining semantic similarity with structured metadata
filtering have proven particularly effective for recommendation queries. For example,
a query about “romantic comedies from the 2000s starring Tom Hanks” can combine
embedding based retrieval of semantically similar movie descriptions with structured
filtering on genre, release year, and cast attributes, ensuring both semantic relevance and

factual constraint satisfaction.

5.1.3 Contributions of Conversational Graph-based Recommenda-
tion Method

The proposed hybrid framework in this chapter integrates these complementary
capabilities with the graph based recommendation models detailed in previous chap-
ters. GNN-based models capture long term user preferences from historical interaction
patterns, LLMs enable natural conversational interaction and real time preference elic-
itation, and RAG grounds recommendations in accurate, up to date item information.
This integration creates a comprehensive conversational recommendation system that
combines the strengths of structured preference learning with flexible natural language

interaction. The contribution of this chapter is outlined as follows:

* We propose an innovative film recommendation chatbot that leverages not only

previous interaction data but also instantaneous information.

* A graph-based deep learning approach is adopted for the past interaction informa-

tion in order to determine the unique representation of each user.

* An LLM model is deployed to initiate conversations and gather current user pref-

erences to provide final recommendations.

* Intensive experiments are conducted to challenge the efficiency of the proposed
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framework. The results of the models are demonstrated, and additional tests are

provided to evaluate the contribution of each component separately in depth.

This work was published in “Improving Retrieval-Augmented Generation for Scal-
able Movie Chatbots via Graph Based Recommendation Models” 2025 [P5].

5.2 CG-RAG: Conversational Recommendation via Graph-

Enhanced Retrieval-Augmented Generation

In this section, we briefly define our problem formulation and the proposed meth-
ods for solving it. The overall workflow of our method is illustrated in Figure 5.1. In
particular, the system comprises two main components: the conversational generator and
the recommendation generator. The conversational generator is responsible for interpret-
ing user input, maintaining dialogue context, and generating coherent natural language
responses. It leverages both historical interactions and real time user queries to ensure
conversational relevance and fluency. Meanwhile, the recommendation generator fo-
cuses on retrieving and ranking personalized content based on the inferred user intent
and preferences. It integrates contextual signals extracted from the conversation with
recommendation algorithms to provide accurate and adaptive suggestions. Together,
these components form an end to end framework capable of delivering both interactive

dialogue and effective recommendations in a unified manner.
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Figure 5.1: Workflow of the proposed model
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In the conversational generator, we developed an LLM pipeline with a few-shot
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learning mechanism to simulate controlled user conversations. In this approach, con-
versation data is generated by providing the LLMs with a small number of example
dialogues designed to elicit user intent information. The simulated dialogues are not
restricted to a fixed length; instead, each conversation continues until sufficient infor-
mation has been collected to make a recommendation. However, most generated con-
versations naturally fall within 1 to 5 turns, with each turn consisting of a user query
followed by the chatbot’s response. The user intent collected in each turn varies from

simple, ambiguous inputs to specific requirements on multiple metadata tags.

For the simulation of user conversations, we employed three medium sized LLMs
that offer a favorable balance between computational efficiency and expressive capa-
bility. These models were selected for their suitability in production level server envi-
ronments while still ensuring the generation of diverse and realistic dialogue data that
effectively captures a wide range of user intents. Qwen 3B [140] is a 3 billion parameter
language model trained on a multi-domain corpus developed by Alibaba Cloud. It ex-
hibits strong conversational fluency and contextual reasoning abilities, making it suitable
for simulating user chatbot interactions that require varied levels of intent complexity.
Meta AI’'s LLaMA 3B model [120] is designed for efficiency and performance at a small
scale. Its compact size allows for fast generation while maintaining enough reasoning
capability to simulate coherent and goal oriented dialogue flows across short/medium
length exchanges. Gemma 2B [119], a lightweight transformer model developed by
Google DeepMind, balances the speed of generation with the consistency of dialogue. It
performs well in intent inference tasks and is particularly effective in producing concise
user prompts with implicit or evolving preferences. The evaluation result for each model

will be discussed in the following section.

Beyond gathering user intent and preferences, the system also incorporates user
demographic information (such as age, gender, or other relevant attributes) to guide the
chatbot in adopting a conversational style that aligns with the simulated user’s profile.
This demographic information enables chatbots to fine-tune their conversational style,
including language, tone, role, and even cultural references, to better align with user
expectations, foster rapport, and improve the overall user experience. This enables the
chatbot to generate responses that not only extract intent but also reflect the user’s likely

communication style.
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5.2.1 Overall Architecture of CG-RAG

The recommendation generator integrates dialogue data with both contextual un-
derstanding and user behavior analysis to provide relevant movie suggestions. Our
method comprises three main components: the conversational engine, the recommen-

dation engine, and the feature matching and retrieval layer.
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Figure 5.2: Architecture of the conversational suggestion and recommendation generator
models

Figure 5.2 illustrates the overall architecture of the proposed hybrid conversational
recommendation system, which is organized into two parallel branches converging at
a shared fusion layer. The conversational engine processes the user’s natural language
query through three sequential stages: a pre-processing stage that normalizes the raw

query and simultaneously extracts a Film Vector and a Metadata Vector from the film
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database, encoding item content and structural attributes respectively; an Intent De-
tection stage that applies Named Entity Recognition and vector embedding to identify
domain-specific entities (e.g., genres, actors) and classify the user’s intent into a compact
Intent Vector; and a Retrieval stage that computes semantic similarity between the In-
tent Vector and item vectors to produce a ranked list of semantically relevant candidates.
The recommendation engine operates independently on historical user-item interaction
dataThe recommendation engine operates on historical user-item interaction data and is
built upon a systematic empirical evaluation of graph-based neural network methods.
Specifically, we benchmark twelve graph-based approaches. The behavioral ranking
score derived from historical user-item interaction patterns is independently fused with
the retrieval score produced by the conversational retrieval engine, which grounds can-
didate items in the current dialogue context via RAG. Finally, the feature matching and
retrieval layer serves as the fusion point of the entire system, aligning the candidate lists
from both branches by item identity and jointly re-scoring each item based on its se-
mantic relevance to the expressed user intent and its predicted preference strength from
behavioral history, thereby producing a final recommendation list that is simultaneously

context-aware and personalized.

5.2.2 Conversational Suggestion Process

The conversational suggestion module is based on the retrieval method. This mod-
ule processes user conversation and retrieves relevant information from the data source,
which can be achieved by capturing semantic details from both the query and item de-

scriptions.

Before retrieving relevant information for the target user, preprocessing is required
for efficient intent detection. The submitted query text is normalized, which includes
tokenization and stop word removal. For more targeted searches, text segments are ar-
ranged into sentences or paragraphs to identify sections that contain relevant keywords.
Query manipulation is also taken into consideration, since ambiguous phrasing should
be effectively addressed to ensure the accuracy of the query request to the item list. This
procedure involves query expansion, reformulation, and few shot learning rewriting to

accommodate the existing dataset.

The retrieval phase in modern RAG systems begins with metadata extraction, a pro-
cess critical to aligning external knowledge with user intent. Contemporary approaches

leverage multimodal semantic parsing to deconstruct queries into six core dimensions:
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plot semantics, quality indicators, genre taxonomies, cast signatures, directorial styles,
and geographical contexts. This metadata ecosystem feeds into dynamic indexing strate-
gies that maintain separate vector stores for cast filmographies, directorial trademarks,

and cross lingual plot embeddings.

* Plot analysis extracts keywords matching through neural topic modeling, identify-
ing either latent narrative structures like “nonlinear timelines” or ”moral ambigu-
ity” that conventional keyword searches might miss or specific elements directly
relating to what is shown in the description, such as “romantic comedy set in New

York™ or ”suspense”.

* In addition, the entire film description is also embedded sentence by sentence. This
allows the model to capture fine-grained semantic nuances and contextual varia-
tions across the narrative. This sentence level embedding approach improves the
detection of subtle thematic shifts and narrative structures, enabling the extraction

of more precise and meaningful keywords or topics related to the film’s plot.

» Rating filtration incorporates any specific rating criteria mentioned by the user,
which includes but is not limited to IMDb, Rotten Tomatoes, and specialized critic

circles, dynamically adjusting thresholds based on user sophistication levels.

* Genre recognition involves hierarchical taxonomies utilization, enabling granular
distinctions between subgenres like “neo-noir thriller” versus ”psychological hor-
ror”. This provides a clearer and more distinguished result between the existing

elements.

* Cast and director recognition identifies names mentioned in the query and employs
knowledge graph embeddings that capture indirect relationships, for instance, rec-

ommending films featuring frequent Nolan collaborators beyond just credited roles.

* Geographic filtering includes the recognition of the country of origin for films
specified in the query. This is useful for users looking for international films, such

as “French thrillers” or “Japanese anime movies’.

The metadata extracted from the user inquiry is the basis for the search phase. The
aforementioned criteria, namely plot, rating, genre, cast, and geographic information, are
incorporated for named entity recognition to filter a large corpus of candidate items. As

a result, intent classification is achieved, and an intent vector aggregating user intention
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is formulated by a vector embedding model. This metadata driven approach enhances

accuracy and personalization in movie recommendations.

Regarding the information stored in the film database, the related data are pro-
cessed by an extractor, which handles description segmentation, text normalization, and
metadata extraction. Segmentation and normalization ensure the accuracy of the extrac-
tor, while the extracted metadata follow the same patterns as the user intent detection
module. Similarly, a vector embedding model is utilized, and each movie will have a

unique metadata vector, which will be stored in the film vector database.

Once the metadata are extracted from both the user query and the film database,
we proceed to filter the movie database based on these extracted attributes. The filtering
process ensures that only the most relevant movies are considered before ranking. The
filtering process is implemented through hybrid retrieval mechanisms combining sparse
retrieval techniques and dense retrieval models. On the one hand, sparse retrieval tech-
niques, specifically BM25, efficiently match explicit keywords and metadata tags within
movie descriptions or structured fields. On the other hand, dense retrieval models are
based on pretrained transformer encoders that embed both the query and movie metadata
into a shared semantic vector space, enabling retrieval of candidates with latent semantic
similarity beyond exact keyword overlap. This dual approach balances precision and re-
call, ensuring that the candidate set includes both exact matches and semantically related

movies that align with nuanced user preferences.

After filtering, we obtain a refined subset of movies that align with the user’s spec-
ified criteria. However, since multiple movies may match the filtering constraints, a
ranking mechanism is employed to determine the most relevant results. In the proposed
model, vector embeddings are generated for both the user query and the metadata rich
movie descriptions. These embeddings capture semantic relationships beyond simple
keyword matching, ensuring more accurate ranking. Subsequently, similarity calcula-
tion is applied, where the cosine similarity between the user query and the available
movie descriptions is quantified, and the ranking is determined based on the calculated
score. A higher similarity score indicates a closer match between the movie and the
user’s intent; thus, the items are ranked in descending order, and the top ranked items

are presented to the user as the most relevant recommendations.
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5.2.3 Prediction, Optimization, and Generation

The score between user v and item 4 in the ensemble module is calculated as fol-

lows:

Yui = oy + (1 — )yss, (5.1)

where o € [0, 1] is the hyperparameter to control the importance between two engines in
Polyak averaging. The recommendation pipeline is optimized using Bayesian Personal-

ized Ranking loss, which is defined as:

£ == In(o(yl; — yly) (5.2)

where o is the sigmoid function, w, i is a positive pair that has been observed, and u, 7’

is an unobserved interaction.

The answer generator produces natural language responses based on the set of ag-
gregated candidate items and the current dialogue context. It follows a structured gener-
ation process that incorporates four key elements: acknowledgment of the user’s query,
concise highlighting of relevant suggestions, explanation of recommendation rationale
through item attributes, and follow up prompts to elicit further user preferences. To
ensure factual grounding and linguistic fluency, the generation module applies retrieval
aware decoding strategies minimizing randomness for factual metadata and allowing
greater flexibility for thematic elaboration. Additionally, the system adapts to each user
via stylistic adjustments aligned with individual communication styles. The three afore-
mentioned LLM models, including Qwen-3B [140], LLaMA-3B [120], and Gemma-2B

[119], are also utilized to achieve the desirable outcome.

5.3 Experimental Setting and Results

5.3.1 Experimental Settings

Dataset

This research uses the Movielens-1M dataset released by the GroupLens Research

team at the University of Minnesota [37]. This dataset is described in Chapter 1.

Additionally, this research is grounded in a real-world application scenario, uti-
lizing a proprietary dataset derived from user interaction logs on TV360, a commercial

streaming platform developed by Viettel Group. While the raw data cannot be released
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publicly due to confidentiality constraints, relevant experimental outcomes associated
with this study can be disclosed and are presented in the subsequent section. Key statis-

tics of the dataset are summarized as shown in Figure 5.1:

Table 5.1: TV360 dataset division statistic

User Movie Interaction

Train 9,932 2,316 923,800
Test 9477 1,923 263,943
Validation 9,548 1,912 131,972

Total 10,000 2,433 1,319,715

State of the art approaches utilize advanced LLMs to generate diverse conversation
templates that ensure naturalness and variety in dialogues. The quality and authenticity
of generated conversations is ensured by a human annotator, who evaluates conversa-
tions at both the turn level and dialogue level granularities. Additionally, human review-
ers serve as a secondary quality control layer, providing more comprehensive evaluation
of annotated conversations. Their role involves validating annotation consistency, iden-

tifying systematic biases, and ensuring adherence to established quality standards.

The conversation dataset statistics (5.2) reveal that both the MovieLens-1M (ML1M)
and TV360 datasets contain an equal number of conversations, each of which has 1000
conversations. However, the TV360 dataset exhibits slightly more interaction per con-
versation, with an average of 5.6 rounds compared to 4.5 in MovieLens-1M. Addition-
ally, conversations in TV360 are longer on average, containing 513 tokens per conver-
sation versus 445 tokens in MovieLens-1M.
Table 5.2: Conversation Dataset Statistics. There are 1000 conversations generated for

1000 distinct users for both datasets, each of which varies in length and conversation
rounds. The table showcases the average statistics of those conversations.

Movielens-1M  TV360

Number of Conversations 1000 1000
Average Rounds per Conversation 4.5 5.6
Average Length of Conversation (tokens/words) 445 513

Environment and Evaluation Metrics

The experiments are conducted on an Intel Xeon E5-2698 v4 processor, a 20-
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core/40-thread CPU with a base frequency of 2.2 GHz and turbo boost up to 3.6 GHz,
fabricated on Intel’s 14 nm Broadwell-EP architecture. The system is powered by four
NVIDIA V100 GPUgs, leveraging Volta architecture with 5,120 CUDA cores and 32GB
HBM?2 memory per GPU.

Regarding evaluation metrics, we utilize Recall and Precision top-K to evaluate

model performance. In this study, the value of K is selected in {30, 50}
Hyper-parameters

All models are implemented using PyTorch, with the embedding size of the user,
item, and hidden layer adjusted in {16, 32,64 }. The learning rate is set to le — 3 while
the number of propagation layers using graph-based techniques is set in the range of
{1,2,3}, v is set to le — 5, we conduct experiments within 5 different seeds and 50

epochs.

5.3.2 [Experimental Results
Recommendation Engine Result

The running results of all models are demonstrate in Table 5.3.

Table 5.3 evaluates twelve recommendation models on two datasets MovieLens-
IM and TV360 using Recall@30, Precision@30, Recall@50, and Precision@50. The
results consistently show that models incorporating self-supervised contrastive learn-
ing or representation alignment objectives outperform standard graph propagation ap-
proaches by a significant margin. Non-graph or augmentation-only methods such as
PMLP, LINKX, MixGCEF, and SGL fall into the bottom tier across both datasets.

Performance on MovieLens-1M

On MovieLens-1M, NCL achieves the best results across all four metrics, record-
ing R@30 = 0.2497, P@30 = 0.1990, R@50 = 0.3351, and P@50 = 0.1685. Compared
to the second-ranked model XSimGCL (R@30 = 0.2209), NCL delivers a relative gain
of approximately +13.0% on R@30 and +15.3% on R@50, with the margin holding
consistently across both Recall and Precision metrics. This indicates that NCL produces
well-calibrated representations that balance coverage and targeting quality simultane-
ously. XSimGCL and SimGCL rank second and third respectively (R@30 of 0.2209

and 0.2125), confirming that cross-layer and standard graph contrastive learning are the
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Table 5.3: Performance comparison between baseline methods on Movielens-1M and
TV360 datasets. R@K refers to Recall top-K, and P@K represents Precision top-K. The
best result for each dataset is highlighted in bold, while the second best is determined by
underline.

Dataset Movielens-1M TV360
Metric R@30 P@30 R@50 P@50 Time | R@30 P@30 R@50 P@50 Time

LightGCN | 0.1628 0.1040 0.2373 0.0964 1le-6 | 0.0423 0.1018 0.0701 0.1184 le-6
GAT 0.1650 0.0564 0.2395 0.0515 1e-5 |0.0323 0.1067 0.0529 0.1406 1le-5
PMLP 0.1292 0.0467 0.1920 0.0430 1le-6 | 0.0127 0.0433 0.0223 0.0449 le-5
GraphSAGE | 0.1482 0.0526 0.2152 0.0482 1le-6 | 0.0400 0.1246 0.0666 0.1251 1le-6

LINKX 0.1184 0.0406 0.1672 0.0371 1le-6 | 0.0376 0.1212 0.0609 0.1176 1le-6
MixGCF 0.0192 0.0208 0.0432 0.0256 1le-5 | 0.0369 0.0269 0.0550 0.0248 le-5
SGL 0.0192 0.0208 0.0295 0.0196 1e-6 | 0.0681 0.0449 0.0933 0.0385 1le-6

SimGCL 0.2125 0.1467 0.2872 0.1224 1le-6 | 0.1038 0.0672 0.1467 0.0593 le-5
XSimGCL | 0.2209 0.1494 0.2905 0.1267 1le-6 | 0.1725 0.1026 0.2362 0.0885 1e-6
NCL 0.2497 0.1990 0.3351 0.1685 1le-6 | 0.0915 0.0584 0.1296 0.0514 1le-6
SSL4Rec 0.1933 0.1208 0.2713 0.1068 1e-5 | 0.1082 0.0730 0.1644 0.0678 1le-5
DirectAU 0.1315 0.0835 0.1820 0.0723 1le-5 | 0.1932 0.1250 0.2714 0.1095 1le-5

Bold = Best, Underline = Second Best

next most effective strategies, though the gap between them is modest at roughly +4%.
At the bottom, MixGCF and SGL both record R@30 = 0.0192, the lowest scores in the
table, suggesting that hard-negative mixing and edge-dropout augmentation are poorly

calibrated for the dense interaction structure of MovielLens-1M.

Performance on TV360

The ranking changes considerably on TV360. DirectAU emerges as the best per-
forming model with R@30 = 0.1932 and R@50 = 0.2714, outperforming the second-
ranked XSimGCL (R@30 = 0.1725) by approximately +12.0% on R@30. DirectAU’s
alignment-and-uniformity objective optimizes the geometry of the embedding space di-
rectly, without relying on graph augmentation, which proves advantageous on TV360
where the interaction graph is sparser and less community-structured than MovieLens-
IM. In contrast, NCL which dominated MovieLens-1M collapses to R@30 = 0.0915 on
TV360, a reduction of over 60% in absolute recall relative to its MovieLens-1M score.
This sharp drop reveals that NCL'’s neighborhood contrastive objective is tightly coupled

to graph density and strong community structure, properties present in MovieLens-1M
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but not in TV360. Standard graph propagation models (LightGCN, GAT, GraphSAGE)
also decline markedly on TV360, clustering between R@30 = 0.032 and 0.042, com-
pared to 0.148 0.165 on MovieLens-1M, further confirming that plain message-passing

is insufficient when the interaction graph provides weaker structural signal.

Best Model Selection

Based on the analysis of Table 5.3, the selection of the optimal model depends on

whether the criterion is peak single-dataset performance or cross-dataset robustness.

For peak performance, NCL is the optimal choice on MovieLens-1M and Direc-
tAU on TV360, each dominating its respective dataset by a clear margin. However,
their strong dataset-specificity limits their reliability as standalone models in a general-

purpose system.

XSimGCL stands out as the most robust single model, ranking second on both
datasets with competitive absolute scores (R@30 = 0.2209 on ML-1M and 0.1725 on
TV360). Its cross-layer contrastive objective provides representational stability across
varying data distributions without overfitting to the structural characteristics of any sin-

gle graph.

Taken together, the results of Table 5.3 provide a clear empirical basis for select-
ing NCL, DirectAU, and XSimGCL as the three models for ensemble integration. NCL
contributes peak performance on dense, community-rich datasets; DirectAU contributes
robustness on sparse datasets through geometry-based alignment; and XSimGCL pro-

vides consistent cross-dataset performance as a stable backbone.

Conversational Retrieval Engine Result

Qwen-3B consistently outperforms the other models in all Recall@K metrics,
achieving the highest recall scores at every level from k=170 (0.207) to k=200 (0.888), in-
dicating its superior ability to retrieve relevant movie recommendations in the K outputs.
LLaMA-3B follows closely behind, with slightly lower recall values (for example, 0.204
at k=10 and 0.869 at k=200), while Gemma-2B lags behind the two, particularly at lower
k values. Despite Qwen-3B’s superior performance, it also incurs the highest response
time at 2.42 seconds, suggesting a trade off between accuracy and latency. Overall, the
data suggest that Qwen-3B offers the best retrieval quality, albeit at a marginally higher

computational cost, but is still adaptable to real life scenarios.
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Table 5.4: Recall@K scores in Movielens-1M dataset across 3 LLMs. The results are
measured in various K values from 10 to 200, accompanied by answer generation time in
seconds. The generated response outputs the top film provided by the chatbot modules.

Recall@10 Recall@20 Recall@30 Recall@50 Recall@100 Recall@200 Time (s)

Gemma-2B 0.186 0.201 0.214 0.259 0.401 0.829 2.05
LLaMA-3B 0.204 0.227 0.239 0.291 0.428 0.869 2.28
Qwen-3B 0.207 0.232 0.246 0.299 0.435 0.888 2.42

Bold = Best, Underline = Second Best

Qwen-3B achieves the highest recall scores across most K values in the TV360
dataset, with Recall@10 at 0.073 and Recall@200 at 0.740, indicating its superior re-
trieval capability in this context. LLaMA-3B follows closely, showing slightly lower
performance but maintaining strong consistency, such as Recall@10 at 0.072 and Re-
call@200 at 0.731. Gemma-2B exhibits the lowest recall metrics across all thresholds,
particularly underperforming at broader recall levels like Recall@100 (0.221) and Re-
call@200 (0.703). In terms of response time, Gemma-2B is the fastest at 1.88 seconds,
while Qwen-3B is the slowest at 2.18 seconds, showing a minor latency trade off for

improved accuracy.

Table 5.5: Recall@K scores on TV360 dataset across 3 LLMs. The results are measured
in various K values from 10 to 200, accompanied by answer generation time in seconds.
The generated response outputs the top film provided by both modules.

Recall@10 Recall@20 Recall@30 Recall@50 Recall@100 Recall@200 Time (s)

Gemma-2B 0.060 0.071 0.084 0.106 0.221 0.703 1.88
LLaMA-3B 0.072 0.086 0.093 0.112 0.226 0.731 2.13
Qwen-3B 0.073 0.083 0.095 0.118 0.233 0.740 2.18

Bold = Best, Underline = Second Best

Ensemble Engine Result

Compared to using only a chatbot engine, the ensemble models exceed the chatbot
baselines by a considerable margin. This demonstrates the effectiveness of combining
two types of recommendation strategies through a traditional matrix factorization frame-

work and a conversational engine.

Regarding the Movielens-1M dataset, NCL remains the most effective recommen-
dation technique even when combined with the conversational engine, as the ensemble

between the NCL and Qwen-3B model yields the best result. In particular, it witnesses a
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Table 5.6: Performance comparison between baseline recommendation methods com-
bined with conversational engine on Movielens-1M and TV360 datasets. R@K refers to
Recall top-K and P@K represents Precision top-K

Dataset Movielens-1M TV360
Metric R@10 R@20 R@30 R@50 | R@10 R@20 R@30 R@50

XSimGCL | 0.2046 0.2353 0.2503 0.3012 | 0.1258 0.1532 0.1812 0.2681
NCL 0.2104 0.2387 0.2524 0.3402 | 0.0657 0.0884 0.1021 0.1458
DirectAU | 0.1365 0.1581 0.1872 0.2447 | 0.1106 0.1582 0.1808 0.2606

Bold = Best, Underline = Second Best

slight increase of 1.64%, 2.89%, 2.60%, and 13.78% on the Recall metric at k equals 10,
20, 30, and 50, respectively, compared to the standalone chatbot engine. Comparing to
the recommendation module, XSimGCL achieves recall gains of 13.3% at k=30 while
also improving precision by 11.6% at k=30 and 7.7% at k=50. DirectAU experiences
a similar trend of higher magnitude. Specifically, recall improvements are substantial:
42.4% at k=30 and 34.5% at k=50, which is the largest relative recall gains of any
model. Precision likewise improves by +20.0% at k=30 and +23.7% at k=50. However,

ensemble gains with NCL are modest.

Regarding the TV360 dataset, the ensemble between the XSimGCL and Qwen-3B
model yields the best result. Specifically, compared to the chatbot module, the ensem-
ble result demonstrates a drastic increase of more than 70% at Recall@10 to roughly
under 130% at Recall@50. This can be attributed to the performance gap between the
two separate modules. It is noteworthy that DirectAU performs best among the base-
line models in the TV360 dataset when working individually, but performance drops
when combined with the conversational module, leading to XSimGCL surpassing this
model when combined with the conversational engine. As a result, while XSimGCL
and NCL witness an increase from approximately 5% to 13% depending on the value
of k on the recall metric, DirectAU shows a slight drop of roughly 5%. This can be ex-
plained by the fact that DirectAU is specifically designed to learn well-aligned and uni-
formly distributed latent representations from historical interaction data. However, when
combined with the conversational module, the additional dialogue-derived signals may
introduce noise or weakly calibrated preferences that partially dilute the stronger col-
laborative signal learned by DirectAU. In summary, the ensemble module shows more

significant improvements at higher item retrieval thresholds. The current evaluation em-
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phasizes relative performance improvements under controlled model capacity. While
larger backbone models may further increase absolute performance, the observed gains
in these experiments indicate that the proposed fusion mechanism consistently improves

over strong baselines within the same parameter scale.

5.4 Chapter Summary

This chapter presents CG-RAG, a novel hybrid conversational recommendation
framework that unifies graph neural network based structured preference modeling with
large language model driven conversational understanding through retrieval-augmented
generation. The proposed architecture is organized into two complementary branches:
a recommendation engine that leverages graph-based deep learning methods to capture
long-term user item interaction patterns, and a conversational engine that processes real-
time natural language queries through metadata extraction, intent detection, and seman-
tic retrieval. These two branches converge at a shared fusion layer, where behavioral
ranking scores derived from historical interaction data are jointly combined with re-
trieval scores grounded in the current dialogue context via Polyak averaging, producing

a final recommendation list that is simultaneously context-aware and personalized.

The experimental findings provide three actionable insights for the design of con-
versational recommendation systems. First, the choice of backbone recommendation
model significantly affects ensemble compatibility and representational stability un-
der contrastive learning objectives translates into better composability with downstream
conversational modules. Second, model rankings are not invariant across datasets NCL
dominates on dense, community-structured graphs while DirectAU excels on sparse
interaction data underscoring the necessity of dataset-aware model selection or multi-
model ensembles. Third, the consistent cross-dataset robustness of XSimGCL, ranking
first or second across all configurations, validates its role as a reliable backbone compo-

nent for hybrid conversational recommendation systems.

Future work will explore several promising directions. The integration of more
sophisticated natural language understanding modules, such as instruction-tuned large
language models with stronger reasoning capabilities, could improve conversational in-
tent detection and response generation quality. Additionally, expanding the framework
to support multi-domain recommendations where a single conversational agent serves
heterogeneous content catalogs spanning films, music, books, and other media could

significantly broaden the applicability and practical impact of the proposed system.
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Conclusions

Summary of Contributions

This dissertation presents a comprehensive deep learning framework for mod-
ern recommendation systems, addressing fundamental challenges in real-world large
scale environments including scalability, data sparsity, cold-start, multi-domain learn-
ing, and conversational recommendation. Through systematic investigation across mul-
tiple methodological dimensions, the dissertation establishes both theoretical insights
and practical solutions that bridge the gap between academic research and industrial

deployment.

Chapter 2 proposes EfficientRec, a scalable user ID independent recommendation
framework based on deep interaction modeling, contrastive learning, and soft cluster-
ing. By shifting the representation paradigm from explicit user identifiers to behavior
driven embeddings, the approach significantly reduces model size and enables efficient
large scale deployment. The introduction of soft clustering allows users to be repre-
sented probabilistically across multiple latent preference groups, providing flexible and
robust characterization of user behavior under extreme sparsity. Online A/B testing on
a production streaming platform validates the practical effectiveness of the proposed

framework.

Chapter 3 develops a unified auxiliary interaction fusion framework based on
Graph Neural Networks to address data sparsity and cold-start challenges. GIFT4Rec
integrates collaborative interaction signals with heterogeneous side information through
graph based relational learning, capturing higher order structural dependencies among
users, items, and contextual attributes. MaskSimGCL introduces masked graph con-
trastive learning that enhances representation robustness and strengthens generalization
under limited supervision. Extensive experiments demonstrate consistent improvements

over state of the art baselines in both warm start and cold-start settings.

Chapter 4 introduces CNL4Rec, a continual learning framework for multi-domain
recommendation based on domain masking and domain specialization mechanisms. The

framework enables models to learn new domain knowledge while preserving previously
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acquired information, effectively mitigating catastrophic forgetting. Unlike conventional
cross domain methods that optimize exclusively for target domains, CNL4Rec ensures
balanced performance across all participating domains, addressing fairness considera-

tions in multi-domain environments.

Chapter 5 advances conversational recommendation by proposing a hybrid frame-
work that integrates GNN based structured preference modeling with Large Language
Models and Retrieval Augmented Generation. This architecture unifies long term user
behavior modeling with real time natural language understanding, combining symbolic
interaction knowledge with semantic generation capabilities to enhance recommenda-

tion accuracy, interpretability, and context aware personalized dialogue.

Overall, the proposed models achieve superior performance across multiple bench-
mark datasets and deployment scenarios while providing strong practical value for real-
world recommendation systems operating under dynamic, sparse, and multi-domain

conditions.

Limitations

Despite the contributions of this dissertation, several limitations remain that indi-

cate important directions for future research.

Computational Resources: Although the proposed frameworks improve scala-
bility by eliminating explicit user ID dependency, training deep neural architectures
particularly graph neural networks, contrastive learning modules, and continual learn-
ing mechanisms still requires substantial computational resources. Large scale graph
construction and multi-domain updates introduce high memory consumption and long
training times, presenting challenges for ultra large industrial environments without fur-

ther system level optimization such as distributed training or model compression.

Auxiliary Information Quality: The effectiveness of side information fusion de-
pends critically on the quality and availability of auxiliary data. In many real-world
platforms, side information is often noisy, incomplete, or biased. The proposed models
assume that auxiliary attributes are at least partially reliable; when these assumptions
are violated, performance may degrade. Additionally, fairness and bias issues induced

by biased side information are not explicitly addressed in this dissertation.

Domain Boundary Assumptions: The continual learning framework assumes rel-

atively clear separation between domains. In highly overlapping or rapidly evolving
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domains, the boundary between domain specific and shared parameters may become
ambiguous, potentially weakening the effectiveness of domain masking and specializa-
tion. The current framework focuses on sequential domain adaptation and does not fully

address more complex scenarios such as task reordering or domain recurrence.

Conversational System Reliability: The hybrid conversational recommendation
framework integrates graph neural networks with large language models and retrieval
augmented generation. While this architecture enhances reasoning and natural language
interaction, it introduces new challenges including high inference latency, hallucination
risks, and controllability concerns. The proposed approach does not yet fully resolve
privacy and safety issues that are increasingly important in real-world conversational

systems.

Evaluation Scope: Although extensive experiments are conducted on multiple
public benchmark datasets and real-world industrial datasets, the evaluation cannot fully
cover the diversity of recommendation scenarios encountered in practice. Generaliza-
tion to other large scale systems in domains such as finance, healthcare, and education

requires further empirical validation and domain specific adaptation.

Future Work

Future research can extend the findings of this dissertation in several promising

directions.

Production Oriented Optimization: Developing fine tuning strategies that con-
tinuously adapt models based on real user interactions, system logs, and behavioral drift.
This includes incremental model updates under strict latency constraints, automated hy-
perparameter tuning in live environments, and robust monitoring pipelines capable of
detecting performance degradation or distributional shifts. Incorporating online learn-
ing loops and real time feedback mechanisms would enhance system adaptability to

evolving user preferences.

Multimodal Personalization: Expanding the recommendation framework beyond
structured interaction and textual signals to incorporate multimodal information includ-
ing images, audio, video, and device level behavioral cues. Multimodal fusion tech-
niques such as vision language modeling, cross modal contrastive learning, and unified
embedding spaces can significantly enrich user and item representations, leading to more

expressive semantic understanding and improved personalization across diverse content
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formats.

Efficient Deployment: Exploring lightweight architectures for on device infer-
ence, cost efficient LLM compression, and privacy preserving multimodal learning for
deploying recommendation systems at scale. Context aware adaptive recommendation
agents that operate seamlessly across channels, devices, and service domains represent

an important direction for practical deployment.

Fairness and Sustainability: Incorporating explicit fairness constraints and bias
mitigation techniques into the optimization objectives. Additionally, considering en-
ergy efficiency, environmental sustainability, and long term user satisfaction as essential

factors for future large scale artificial intelligence systems.

Together, these directions point toward a future in which recommendation systems
are deeply integrated into operational environments, continuously optimized through
real-world signals, and enhanced by rich multimodal understanding to deliver more

adaptive, personalized, and intelligent user experiences.
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