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Abstract

The cold-start problem constitutes a fundamental challenge in recommender sys-
tems, as it requires generating accurate personalized recommendations for users
with limited or even no prior interaction history. Although the integration of side
information has been widely adopted in traditional recommender systems, its ef-
fectiveness within meta-learning hypernetwork-based framework remains insuffi-
ciently explored.

This thesis investigates the capabilities of the HyperRS meta-learning model
when heterogeneous side information is incorporated under different user cold-
start settings. Specifically, the integration of two types of side information is exam-
ined: NLP-based item representations derived from SBERT-encoded movie plots
and user demographic data. Three extensions of the original HyperRS model are
proposed, integrating SBERT-derived movie-plot embeddings, user demographic
information and their combination, respectively.

The experimental results indicate that semantically enriched item side infor-
mation provides marginal performance improvements under moderate cold-start
conditions but becomes less effective as cold-start severity increases. In contrast,
user demographic information appears to contribute weak personalization signal
and does not consistently improve performance. Overall, the results demonstrate
that the effectiveness of additional side information in hypernetwork based rec-
ommender systems is highly dependent on interaction data sufficiency and that
interaction-based signals remain fundamental even within meta-learning frame-
works.

The main contribution of this study lies in the systematic extension and eval-
uation of hypernetwork-based reccomender systems through the integration of
different types of side information under varying cold-start conditions, highlighting
important considerations for the integration of heterogeneous side information in
practical recommendation scenarios.



MepiAnyn

To TpORANUa TNG Kpuag évapgng (cold-start) ammoTeAei OgpeAindeg TTPOBANUA TwV
OUCTNPOTWY CUCTACEWY, KOBOTI ATTAITEI TRV TTAPOXH) ATTOTEAECUATIKWYV TTPOCWTTO-
TTOTTOINUEVWY CUCTACEWYV OE XPrOTEG PE TTEPIOPIOPEVO A aKOUN INOAUIVO IOTOPIKO
AAANAeTTIOPACEWY PE TO ouoTnUA. MapdTi N evowpdTwaon BondnTikwy 6ed0uEVWV
(side information) £xel eup€wg peAeTnOei oTa TTAPAdOCIAKA CUCTHHATA CUCTAOE-
WV, N aTTOTEAECUATIKOTATA O€ CUCTIUATO CUCTACEWYV TTOU OKOAOUBOUV TNV UETA-
ekTTaideuon (meta-learning) kai Baoifovral o utreP-OIKTUA (hypernetwork) Trapa-
MEVEI QVETTAPKWG EEEPEUVNEVN.

H mmapouca dITAwuaTikr epyacia €€eTAlel TIG SUVATOTNTEG TOU PETA-EKTTAIOEU-
opévou povtélou HyperRS pe TNV evOWwPATWon ETEPOYEVWV BoNBNTIKWY TTANPO-
QOPIWYV. ZUYKEKPIMEVA, WEAETATAI N EVOWNATWON OUO TUTTWV BonenTIKWV TTAN-
POPOPIWV: AVATTAPACTACEIS AVTIKEIMEVWY BACIONEVEG OE TEXVIKEG ETTEEEPYATIOG
@uoikng YA\wooag (Natural Language Processing) o1 otroieg £€xouv avtAnBei atmmd
TIAOKEG TAIVIWY KWOIKOTTOINUEVEG aTTO hHovTEAO SBERT, dnuoypagika dedouéva
TOU XProTn Kal 0 OUVOUAO UGG TwV OUO TTANPOQPOPIWV.

Ta atroteAéopaTa TNG £PEUVAG UTTOOEIKVUOUV OTI OI EVVOIOAOYIKA EUTTAOUTIOE-
VEG AVATTAPAOCTACEIG AVTIKEIUEVWY ATTOdId0OUV eAAXIOTN BEATIWON OTNV a1rddoon
TOU OUCTAMATOG UTTO ATTIEG OUVOAKESG KPUAG £VAPENG, EVW N OTTOTEAECUATIKOTNTA
TOUG MEIWVETAI 600 N ooBapdTnTa TNG KpUag évapéng auavetal. Ev avtiBéoel, Ta
ONMUOYPAYPIKA OTOIXEIO TOU XPHOTN BeV QaiveTal va BeATILOVOUV TV ammédoaon. Mevi-
KA, Ta ATTOTEAETUATA UTTOONAWVOUV OTI N ATTOdOTIKOTNTA TNG ETITTPO0OETNG Bonon-
TIKAG TTANpOo@Opiag eTTnNEEAZeTal oNUAVTIKA atro TO YEYEBOG TwV dIaBECIUWY dEdO-
MEVWV OAANAETTIOpAONG, Kal OTI TA JOTIRA TTOU ATTOKAAUTITOUV 01 AAANAETTIOPACEIG
TTapApEVOUV BePEAIDON aKOUA KAl OTA PJOVTEAQ JETA-EKTTAIdEUONG.

H KUpla ouvelopopd TNG TTAPOUCNG EPYATIAg EYKEITAI OTNV OUCTNMIKN ETTEKTA-
On TWV CUCTNUATWY CUCTACEWY Baciopéva o€ UTTEP-OIKTUO JECW TNG EVOWNATW-
ongG dIAPOPETIKWY TUTTWV BoneNTIKAG TTANPOPOPIaG UTTO JIAQOPETIKEG TUVONKEG
Kpuag évapéng, Tovilovtag anPavTikoug vOOIaoHOoUG OTNV EVOWUATWON TETOIWV
TTANPOPOPIWV OE TTPAYMUATIKA OEVAPIA CUCTNUATWY CUOTACEWV.
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Chapter 1
Introduction

In this chapter, we describe in detail the thesis topic, its academic relevance, mo-
tivation, objectives and the research questions to be addressed. Moreover, an
overview of the thesis structure and a brief introduction to the following chapters
are provided.

1.1 Background and Motivation

In recent years, vast amounts of data have been generated every day overwhelm-
ing Internet users and consumers with unprecedented volumes of information.
Recommender systems play a pivotal role in personalizing the user experience
by surfacing the most suitable data based on each user’s preferences. Common
use cases of recommender systems include e-commerce platforms, social media
applications and entertainment platforms such as Amazon, Facebook and Netflix
[1]. Their objective is to identify patterns in user behavior and recommend items
that users are most likely to interact positively with, thereby offering a personalized
experience.

A positive interaction can vary depending on the domain in which the rec-
ommender system is used and the specific use case. For example, on an e-
commerce website, a positive interaction may involve either a user actually pur-
chasing a recommended item or simply adding it to their wishlist. In the context of
an entertainment platform, such as Netflix, watching a movie or watching a movie
and giving a high rating can both indicate a positive interaction.

Although recommender systems have proven crucial for both users and com-
panies, several challenges remain of interest to the research community. A well-
known challenge faced by these systems is the cold-start problem, which occurs
when a new user (user cold-start) or a new item (item cold-start) is introduced into
the system. In that scenario, limited or even nonexistent user-item interactions can
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pose a significant hurdle to making effective recommendations. As described in
[7], many researchers examine either data-driven techniques or approach-driven
techniques. Data-driven techniques aim to utilize available data effectively, for
example by using personal region data or social community data, while approach-
driven techniques focus on improving existing algorithms or developing new ones.

The methodology proposed in this study builds upon the recently introduced
HyperRS model [6], a hypernetwork-based recommender designed to handle user
cold-start situations through meta-learning. By leveraging a hypernetwork to gen-
erate user-specific parameters conditioned on limited user-item interactions, Hy-
perRS enables rapid adaptation to new users with only a few observed interac-
tions. This meta-learning formulation allows the model to generalize across users
and transfer learned preference structures, thereby mitigating the data sparsity
inherent in cold-start scenarios. Specifically, the proposed methodology extends
this framework by leveraging user demographic information and semantic text em-
beddings from movie descriptions. These additional information are expected to
provide complementary signals that can guide the adaptation process when inter-
action data are scarce. To systematically evaluate the impact of heterogeneous
side information, three model variants are introduced: P-HyperRS, which incor-
porates semantic plot embeddings; UD-HyperRS, which integrates user demo-
graphic attributes; and PUD-HyperRS, which combines both information. These
variants enable controlled comparisons across different cold-start settings.

The main contribution of this study lies in the systematic extension and evalua-
tion of the HyperRS meta-learning framework through the integration of heteroge-
neous side information, including user demographics and semantically enriched
item representations, under varying cold-start conditions. To the best of our knowl-
edge, this is the first study that jointly investigates these information sources within
a hypernetwork-based recommender in a cold-start setting.

1.2 Research Objectives and Questions

It is well established in the research community that leveraging side information in
recommender systems and NLP-powered embeddings can improve performance
and even alleviate the cold-start problem ([8], [9], [10], [11], [12], [13]). Although
this is a common practice, meta-learning-based recommenders often lack effec-
tive integration of comprehensive user context, as highlighted in the literature re-
view on meta-learning methods for the cold-start problem conducted by Zawia et
al. [14].

Motivated by these findings, the aim of this research is to explore the capa-



bilites of the HyperRS model when user data are available and to provide insights
into its behavior across different types of side information and different cold-start
settings. Specifically, user demographic information is utilized to improve user
personalization, while NLP-powered item attributes are employed to enhance item
representations. The performance of HyperRS extensions is evaluated under dif-
ferent cold-start settings; in the first setting, we simulate a moderate user cold-start
and in the second setting we simulate a stricter user cold-start with limited known
user-item interactions. From a theoretical perspective, integrating user and item
side information can provide additional contextual priors that complement sparse
interaction signals during meta-learning adaptation. In cold-start scenarios, where
the initial user interactions provided are limited, such auxiliary data may guide the
hypernetwork toward more stable and informative user-specific parameter gener-
ation. Therefore, examining how different types of side information interact with
varying levels of interaction scarcity is central to understanding the robustness
of the HyperRS framework. The methodology is evaluated on MovieLens-1M
dataset [15], which contains one million movie ratings from thousands of Movie-
Lens users, along with user demographics and item attributes. To further enrich
the item attributes, movie plots were retrieved using the OMDB API [16].

To better formulate the problem and the objectives of this research, the main
research questions addressed are as follows:

* RQ1: How do different types of side information affect HyperRS perfor-
mance?

* RQ2: How do different cold-start settings affect HyperRS performance?

By addressing these research questions, this study aims to provide empirical
insights into the robustness and adaptability of HyperRS under varying cold-start
scenarios, while systematically examining the impact of different types of side
information.

1.3 Overview

The remainder of the study is organized as follows: Chapter 2 presents a detailed
literature review along with a brief description of the preliminaries. Chapter 3 intro-
duces the conceptual overview of the proposed approach, its mathematical formu-
lation and the proposed system architecture. Chapter 4 describes the research
methodology including the dataset description, data collection procedure and the
evaluation setup. Chapter 5 presents the experimental results organized and sup-
ported by tables and figures. Chapter 6 provides an interpretation of the experi-

3



mental results, addressess the research questions and discusses the study’s lim-
itations. Finally, Chapter 7 concludes the study and examines future research
directions.



Chapter 2
Literature Review and Preliminaries

In this chapter a detailed literature review on recommender systems and the cold-
start problem in recommender systems is displayed. Specifically, traditional rec-
ommender system architectures are presented first in Section 2.1. Then, we re-
view approaches on cold-start problem in recommender systems (Section 2.2) and
mainly focus on meta-learning approaches (Section 2.2.1) and HyperRS model
(Section 2.2.1). A review on side information and Natural Language Processing
(NLP) techniques utilization in recommender systems is presented in Section 2.3.
Finally, we briefly describe the BERT and SBERT language models in Section
2.4,

2.1 Traditional Recommender Systems

Recommender systems emerged in the early 1990s, evolving from information
retrieval and information filtering as a response to information overload caused by
the rapid growth of the Internet. In particular, Tapestry is often considered the first
recommender system. It was an experimental mail system designed to enable
users to subscribe to mailing lists of their interest by employing content-based
and collaborative filtering techniques [17]. Generally, traditional recommender
systems can be partitioned into two foundational categories: content-based filter-
ing and collaborative filtering (also refered to as neighborhood-based).
Content-based recommender systems aim to identify items similar to those
users have liked in the past [1]. In this setting, recommendations are not based on
the target user’s rating history or the rating histories of similar users, but rather on
the attributes of items previously liked by the target user. A common approach in
content-based recommender systems is k-nearest neighbors. Suppose we wish
to predict the rating that a target user U will give to an item /. A similarity metric,
such as cosine similarity, is computed for each (/, I aeq) pair, where I 5eq denotes
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each item the target user has rated. These similarities are then sorted in de-
scending order, so that the first items are the most similar to the target item. The
predicted rating for target item / is computed as the average rating of the top-k
most similar items weighted by their similarity.

An important advantage of content-based methods is that they can be partic-
ularly effective in cold-start settings, as they do not depend on ratings from other
users ratings when sufficient information about the target user is available. How-
ever, relying solely on attributes of items liked by the target user may lead to rec-
ommending only highly similar items, thereby reducing the diversity and novelty
of the recommendations-a phenomenon commonly referred to as “filter bubbles’
[18].

Despite being a classic approach, content-based recommenders remain an ac-

2

tive area of research with numerous extensions and improvements proposed in re-
cent work. In [19], Shapley Value-guided Embedding Reduction (Shaver)-an em-
bedding pruning method for compressing on-device content-based recommender
systems to any target size in one shot-was introduced. Shaver addresses the prob-
lem of compressing embedding tables used in content-based recommenders by
modeling it from a cooperative game perspective and enabling contribution-based
parameter pruning through the estimation of Shapley values. Liu et al. proposed a
Large Language Model (LLM)-boosted content-based recommender system that
leverages both open- and closed-source LLMs [20]. The proposed framework,
termed ONCE, employs open-source LLMs as content encoders to enrich item
representation and closed-source LLMs with prompting techniques to enrich train-
ing data at the token level. Finally, Tuval et al. [21] further demonstrated the
effectiveness of their earlier approach in [22], which introduced a content-based
model that employs hypercube graphs. In particular, their model is used to infer
user preferences with limited rating history while preserving user privacy, thereby
helping to alleviate the cold-start problem.

On the other hand, collaborative filtering (CF) methods predict ratings based
on similar user rating history or similar item rating behavior. In other words, col-
laborative filtering assumes that similar users display similar rating behaviors and
similar items receive similar ratings [1]. This method can be categorized into two
primary types: user-based collaborative filtering and item-based collaborative fil-
tering.

User-based collaborative filtering considers the setting in which similar users
rating history is utilized to make predictions for a target user U. The first step in
user-based collaborative filtering is to identify the neighborhood of the target user
U, i.e., to find the top-K most similar users. To achieve this, the similarity of the
target user U to all other users is calculated using a similarity function such as the
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Pearson correlation coefficient (Equation 2.1).

Zke]um]v (Tuk Mu) (Tvk: ,Uu)

\/Zke[umlv Tuk — luu \/Zke[umjv Tok — ,UU)

Sim(u,v) = Pearson(u, v) (2.1)

where u, v are users, k € I, N I, denotes the set of commonly rated items, r,;
and r,; are ratings, and u,, u, denote users’ mean ratings.

To predict the rating that the target user U will give to a target item I, the
closest k users who have rated item I are identified. The final predicted rating is
the weighted average of those users’ ratings for item |.

Item-based collaborative filtering follows a similar process, except that the sim-
ilarities are computed between items rather than users. Before computing item
similarities, the average rating of each item is subtracted from each rating. A
commonly used item similarity metric is the adjusted cosine similarity, defined in
Equation 2.2.

Z Sui * Suj

AdjustedCosine(i, j) = uetint (2.2)

> 81211\/ > Szj
u

uelU;NU; eU;NU;

where i, j are items, u € U, N U, denotes the set of users who rated both items i, j
and s,;, s,,; are the mean-centered item ratings.

The top-k most similar items to a target item 7 are determined using Equation
2.2. The predicted rating for the target item i is calculated as the weighted average
of those top-k similar items, for which the user has specified ratings. In this way,
a user’s ratings are essentialy predicted based on their own rating behavior for
similar items.

Collaborative filtering recommender systems are widely used across different
business domains and applications due to several advantages. One key advan-
tage is that they employ a very simple and intuitive approach: similar users display
similar rating behavior and similar items are rated similarly. This also allows better
explainability of recommendations. For example, in item-based CF, a recommen-
dation can be justified by showing the item(s) that led to the recommendations with
wording such as: "Because you liked Item I: 7. Moreover, CF recommenders are
less prone to system changes due to the addition of new users or items, rendering
them relatively stable. Another important advantage is that CF recommenders are
capable of producing more diverse recommendations, particularly in user-based
CF, where combining rating histories from similar user can surface items reflecting
each user’s unique taste.



Despite these advantages, there are several challenges faced by CF recom-
menders. Specifically, it may be hard to find similar users if they have not rated
the same items, a problem also referred to as neighbor transitivity in [23]. Addi-
tionally, the computational complexity of calculating user-to-user or item-to-item
similarities, also called the offline phase, can become prohibitive in large-scale
settings, posing a significant hurdle to scalability. Finally, CF recommenders are
storngly impacted by the long-tail distribution of ratings. In such distributions, only
a few items are rated frequently by the users, resulting in a high concentration
of ratings on popular items and long tail of rarely rated items (Figure 2.1). Con-
sequently, CF recommenders tend to recommend primarily popular items, or, in
other words, items that are rated more frequently by users [1].

700

&00
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400 |-

300

MUMBER OF RATINGS

200

100
LONG TAIL

-
-

U |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 1000
ITEM INDEX ORDERED BY DECREASING FREQUENCY

Figure 2.1: The long-tail distribution of ratings (Reproduced from [1])

The intuitiveness and simplicity of CF approach is also a main reason why it
remains an active research area with plenty of recent work focus to overcome
its challenges and improve its performance by integrating modern approaches
such as LLMs. In [24], an LLM-enhanced CF framework was proposed by finetun-
ing LLaMAZ2 [25] to adapt to recommendation tasks. In particular, the fine-tuned
LLaMA2, namely RecGen-LLaMA, was utilized to generate Chain of Thought
(CoT) reasoning with CF information and construct in-context CoT dataset. The
latter was then retrieved in order to learn the world knowledge and reasoning
guided CF feature, and use this feature to enhance the recommender system. Xia
et al. focused on leveraging the relational dependencies of user heterogeneous
interactions and capturing the fine-grained latent factors and proposed a heteroge-
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neous graph collaborative filtering, termed MixRec [26]. MixRec was developed
to disentangle users’ multi-behavior interaction patterns and uncover the latent in-
tent factors of each behavior. Moreover, in [27], the challenges introduced by the
long-tail distribution of the ratings was attempted to be tackled by proposing a fair
sampling method for collaborative filtering recommenders. The aim of the method
developed was to avoid overrepresentation of popular items as positive samples
by ensuring each user and item has an equal likelihood of being selected as both
positive and negative samples in training. In [28], a Graph Convolution Network-
based recommender, namely Cluster-based Collaborative Filtering (ClusterGCF),
was proposed. ClusterGCF captures the multiple interest of users and identify the
common interests among them in order to perform high-order graph convolution
on cluster-specific graphs.

Another well-established type of recommender system which has been widely
used is Latent Factor Models. Assuming a rating matrix R, x,, where each ele-
ment r;; denotes the user rating ¢ for the item j, the basic idea is to uncover the
evident correlation of the data between the rows and columns of the matrix. This
correlation suggests that the rating matrix can be approximated efficiently by a
low-rank matrix. Sarwal et al. examined the application of Singular Value Decom-
position (SVD), which is essentially a matrix factorization technique formulated by
Equation 2.3, in recommender systems [29].

R=U-S-VT (2.3)

where R denotes the ratings matrix of size n x m, U denotes the user latent factor
of size n x r, S denotes the singular values diagonal matrix of size » x » and V7T
denotes the item latent factor of size » x m. Matrix R can be quite well approxi-
mated by its rank-k reconstructed matrix if £ (£ < r) singular values be retained
and matrices U, V be reconstructed accordingly (Equation 2.4).

2.2 Cold-Start Problem in Recommender Systems

It is undeniable that recommender systems play a vital role in offering users a tai-
lored experience while enhancing companies’ revenue. However, the cold-start
problem poses a significant hurdle to deploying efficient recommenders early on.
The cold-start problem arises when a new user (user cold-start) or a new-item
(item cold-start) enters the system and there is limited, or even non-existent, user-
item interaction history. In such cases, providing meaningful recommendations
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becomes a challenging task that demands the employment of non-traditional ap-
proaches. The approaches utilized to mitigate the problem can be classified as
data-driven or approach-driven, as described in [7]. It is worth noting that even
content-based approaches can, to some extent, alleviate the user cold-start prob-
lem, as they rely solely on item attributes; however, they still require sufficient user
interest information [1] and cannot handle the item cold-start scenario.

Data-driven techniques aim to provide meaningful recommendations by ef-
ficiently utilizing any available data. Such data may include personal user in-
formation, such as age or country of residence, or cross-domain data, such as
user’s social network activity. Essentially, data-driven techniques target the root
of the problem, which is data insufficiency, and endeavor to capitalize fully on any
available information, thus tackling the cold-start problem. Conversely, approach-
driven techniques focus on improving existing algorithms or developing new ones.
These methods aim to mitigate the cold-start problem by dealing efficiently with
limited user-item interaction data rather than directly addressing data insufficiency.
A wider variety of methodologies is applicable on such techniques, ranging from
traditional techniques, such as content-based, collaborative filtering and latent
factor models, to deep learning and meta-learning. Meta-learning approaches
are discussed in detail in Section 2.2.1.

In [30], a review aware cross-domain recommender, termed RACRec, was
proposed to address the user cold-start problem. RACRec incorporates valuable
product reviews into a cross-domain migration model to infer user preference vec-
tors. In other words, reviews from different product domains (source domain) are
used to infer user preferences and enhance product recommendations in the tar-
get domain. Lai et. al introduced an end-to-end Generative Adversarial Network
(GAN), namely ColdGAN, which leverages the rating distributions of experienced
users to predict ratings for cold-start users [2]. Specifically, they proposed a re-
juvenation function that converts a user’s warm-state into a cold-state, which is
then input to a generative network G. G attempts to generate warm-states and de-
ceive a discriminative network D, which receives the actual warm states (Figure
2.2(a)).Once the GAN is trained, it can be employed to generate warm-state pre-
dictions given users’ cold-state distributions (Figure 2.2(b)). In [31], a social-aware
recommendation system, Social Importance and Category Enhanced Recommen-
dation System (SICERec), was proposed to alleviate the user cold-start problem
by efficiently integrating user social network information. SICERec consists of
three main components. The first extracts user preferences from user-item his-
torical interactions. The second incorporates the centrality attributes of users in
the social network graph in order to enrich the semantic representation of users.
Finally, item representations are enhanced by utilizing the category information of
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items with which users have interacted.
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Figure 2.2: ColdGAN architecture. (a) GAN training phase: Learn the rating dis-
tributions given their cold-start distributions. (b) Recommendation inference: Em-
ploy trained GAN to infer recommendations (Reproduced from [2])

The aforementioned approaches constitute a subset of approaches utilized to
alleviate the cold-start problem and are referenced for demonstration purposes,
although a considerably broader range of methods exist in the literature. Nonethe-
less, most of the available approaches exhibit substantial limitations. In the sys-
tematic review conducted in [32], the approaches examined regarded GANSs, As-
sociative Rule Mining, Active Learning and Data Imputation. Although these meth-
ods efficiently address data sparsity, generate better initial recommendations and
enhance data accuracy, practical considerations such as computational complex-
ity and adaptability in real-world scenarios limit their scalability and adoption in
typical business cases. Furthermore, a comprehensive review on meta-learning
approaches to address the cold-start problem highlighted the importance of de-
signing scalable and computationally efficient recommender systems [14]. The
review also emphasized fine-tuning recommender systems for the e-learning do-
main, improving cross-domain systems’ robustness, integrating comprehensive
user context and addressing fairness and privacy issues.

2.2.1 Meta-Learning Approaches

In the last decade, deep learning models have gained significant popularity, with
applications in a wide range of domains such as biology, finance and sports, due
to their ability to capture non-linear relationships efficiently. However, it is well
known that one major limitation is their requirement for vast amounts of data in

1



order to capture complex patterns, thus notably increasing training time [33]. Meta-
learning, or "learning how to learn”, enables models to adapt quickly to new tasks
and therefore reduce training time by learning from a limited set of examples. Es-
sentially, such models are trained on a limited number of tasks and learn to adapt
to new ones by leveraging prior knowledge.

Meta-learning models can be distinguished into three main categories, namely
metric-based, model-based and optimization-based. Metric-based models lever-
age the notion of measuring the similarity between two data points based on
distance metrics. Well-established and influential metric-based techniques in-
clude Siamese Networks [34], Matching Networks [35] and Prototypical Networks
[36]. Model-based approaches, such as Memory-Augmented Neural Networks
(MANNSs), aim to develop models or improve existing ones that are able to rapidly
adapt to new tasks by leveraging prior knowledge. Finally, optimization-based
models focus on inferring optimal model parameter initialization for new tasks,
thereby optimizing the learning process itself (meta-optimization). The model uti-
lized in this study, HyperRS, also belongs to the optimization-based meta-learning
category for recommendations. For this reason, we examine related work that
mainly focuses on meta-learning approaches.

Model-Agnostic Meta-Learning (MAML), proposed in [37], is one of the earliest
and most well-established meta-learning frameworks enabling any model trained
with the gradient descent process to gain fast learning on new tasks. Specifi-
cally, MAML infers model parameters that are highly sensitive to task changes,
so that making minor adjustments to these parameters, guided by the gradient
of the loss function, results in significant performance improvement on new tasks.
Lee et al. proposed a MAML-based meta-learning model, termed MeLU, which
uses user and item attributes to estimate user preferences [3]. Particularly, MeLU
feeds the concatenation of user and item attributes into a multi-layer neural net-
work that is leveraged to estimate user-preferences. As shown in Figure 2.3, the
user and item embedding parameters are randomly initialized in the support set
(the user’s limited interaction history), and the concatenated embeddings are used
to make predictions. The gradient of the loss on the support set is utilized to lo-
cally update the multi-layer neural network’s parameters. Finally, the loss function
computed on the query set prediction is used to globally update the model pa-
rameters. In [38], a Meta-learning-based Cold-Start Sequential Recommendation
Framework, termed Mecos, was proposed to alleviate the item cold-start problem.
In order to predict a user’s next action, in an item cold-start setting, Mecos uti-
lizes a matching network to align support sequence pair embeddings with query
sequence pair embeddings, thus optimizing model’s parameters through meta-
optimization. Mecos constitutes a framework that can be effortlessly adapted by
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other neural-network-based sequential recommenders, with no need for further
fine-tuning after the training has been completed. Additionally, a user-relevance-
based adaptive meta-learning model, namely AdaML, was proposed in [4] to en-
hance relevance-based recommender systems performance and generalizability
in the user cold-start setting. Relevance-based recommender systems aim to ad-
dress the limitation of assigning the same global parameters (priors) to all users’
learning tasks. To achieve this, they infer locally shared parameters for simi-
lar users, thereby providing better user-specific parameters initialization (Figure
2.4). In particular, AdaML attempts to identify similar users employing clustering-
based and meta-path-based approaches and learning different dynamic weights
for each type of related users. Pu et al. proposed a different relevance-based
meta-learning recommender, termed AdaMO, which utilized user features to per-
sonalize the global prior [39]. This model also captured user-preference transi-
tions automatically by introducing a patterns transition miner, hence preventing
task-level overfitting.
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Figure 2.3: MeLU architecture (Reproduced from [3])
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Figure 2.4: Comparison of traditional and relevance-based recommender sys-
tems architecture (Reproduced from [4])

2.3 SideInformation and Natural Language Process-
ing in Recommender Systems

In the context of recommender systems, side information refers to user attributes
such as age, gender and occupation as well as item attributes such as genre (e.g.
for movies or music tracks), descriptions and even item photographs or videos.
Item side information is usually available in most cases and can be utilized without
major concerns. On the other hand, user attributes are not always easily available
to a system and their utilization may raise crucial concerns. For example, a user
signing up for an e-commerce platform is often prompted to provide some basic
demographics, such as city of residence, age and occupation. However, if this
information is not mandatory for creating an account, the user may choose not
to share it and instead provide only the mandatory information, such as an email
address and payment details. As a result, a comprehensive user context is of-
ten limited. In addition, even when such data are available, they must be utilized
carefully to address fairness and privacy concerns that arise. Despite the chal-
lenges of integrating side information into recommender systems, a considerable
portion of previous work highlights improvement in system efficiency when such
information is incorporated, indicating that the performance gains outweigh these
challenges.

In particular, in [8] a neural-network-powered Probabilistic Matrix Factorization
(PMF) model was explored in the e-commerce domain. A convolutional neural net-
work (CNN) was employed to extract features from item photographs and embedd
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them into PMF. Strub et al. suggested a hybrid recommender system that employs
Autoencoders for Collaborative Filtering (CF) with integrated side information to
alleviate the cold-start problem [9]. Although the use of auxiliary data had a limited
impact on performance improvement on all users/items, it had a significant impact
on cold user/items. In addition, in [10] a new measure of user-preference dynam-
ics (UPD), which captures the rate at which the current preferences of each user
have shifted, is combined with user side data to make recommendations based on
a Coupled Tensor Factorization (CTF) technique. Last but not least, in [11], side
data from movie trailers posted on YouTube such as likes, views and comments
are utilized to enhance the performance of Matrix Factorization (MF) and Deep
Neural Networks (DNN) models.

Although item attributes such as genre can be vital for distinguishing items,
more complex item metadata can further enhance item representation by uncov-
ering niche details. For example, a movie’s genre is important for categorizing
movies; however, movie reviews may be significantly more informative, as they
capture specific details about the plot or aesthetics. Natural Language Process-
ing (NLP) techniques are capable of handling such unstructured data efficiently
through understanding the structure and semantics of textual information. As a re-
sult, incorporating NLP techniques into recommender systems enables the utiliza-
tion of a wider variety of item attributes, leading to significant performance improve-
ment. In [13] NLP techniques were employed to integrate user review information
in a collaborative filtering-based hotel recommendation system, demonstrating
considerable performance gains. Moreover, Xu proposed an NLP-based biased
Singular Value Decomposition (SVD) model to improve recommender system per-
formance [12]. Specifically, by combining NLP techniques with biased SVD,this
methodology achieved more effective textual information representations while
addressing inherent biases in user-item interactions.

2.4 Language Models: BERT and SBERT

Language models are a fundamental component of NLP which enable us to effi-
ciently understand human language. They have been widely used for tasks such
as text classification, machine translation, question answering and text genera-
tion.

Bidirectional Encoder Representations from Transformers (BERT) [40] lever-
ages the encoder component of Transformers [41] to capture contextual informa-
tion from text data. Specifically, BERT is pre-trained in two different tasks: the
masked language model (MLM) and the next sentence prediction (NSP). During
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the MLM task, a random portion of the input tokens is masked and the model
is forced to predict the masked tokens using both right and left surrounding con-
text, thereby enabling bidirectional representations. For the NSP task, sentence
pairs are concatenated into a single input sequence and provided to the model. A
special separator token is used to distinguish between the two sentences, and a
learned embedding indicating the sentence to which each token belongs is added.
In essence, the NSP task can be perceived as a binary classification problem that
aims to predict whether the second sentence in a pair follows the first sentence.
After the model has been pre-trained, it can be fine-tuned to any downstream task,
such as paraphrasing or question answering, with minimal task-specific parame-
ters.

Although BERT demonstrates strong performance on tasks such as text clas-
sification, paraphrasing and question answering, its effectiveness is limited in
semantic textual similarity tasks. This limitation arises because BERT gener-
ates embeddings at token-level rathert than sentence-level.To address this issue,
Reimers and Gurevych proposed a BERT-based model, namely Sentence-BERT
(SBERT), which leverages siamese or triplet network architecture to construct
semantically rich sentence representations [5]. Specifically, three different tasks
can be employed to fine-tune BERT and derive SBERT; Natural Language Infer-
ence (NLI), Semantic Text Similarity (STS) and Triplet Dataset. In the NLI task,
a siamese BERT network is utilized to classify the relationship between two sen-
tences, given three possible labels, namely “contradiction”, “entailment” and neu-
tral. The concatenation of the two sentence embeddings « and v, along with their
difference |u—v| is passed to a softmax classifier to predict the sentence-pair label
(Figure 2.5). In the STS task, a siamese BERT network is employed to compute
sentence embeddings for a given sentence pair. Afterwards, the cosine similar-
ity of the embeddings is calculated to investigate the similarity of the sentences.
Finally, in the triplet dataset setting, BERT is fine-tuned using three sentences
defined as follows:

» anchor sentence a: the reference sentence used for comparison

* positive sentence p: a sentence that is semantically related to the anchor
sentence a

* negative sentence n: a sentence that is not semantically related to the an-
chor sentence a

Sentences a, p, n are provided as input to the triplet network (Figure 2.6). The
weights of the network are optimized based on the triplet loss function (Equation
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2.5), so that the sentence embedding of « is closer to sentence embedding of p
than to the sentence embedding of n in the embedding space.

maz(|[sa — Spl| — [|Sa — snl| +€,0) (2.5)

where s; denotes the sentence embedding of sentence i, ||.|| represents a distance
metric, and e the minimum distance margin.

Softmax classifier

[
(u, v, Ju-v])
u v
[y [y
pooling pooling
4 4
BERT BERT
*
Sentence A Sentence B

Figure 2.5: SBERT fine-tuning for Natural Language Inference (Reproduced from
[5])

Anchor Sentence a

Positive Related Sentence p Triplet Network ]—> max(||sq = spll = |lsa = sall +¢,0)

Negative Related Sentence n

Figure 2.6: SBERT fine-tuning for Triplet Dataset
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Chapter 3
Proposed Approach

In this chapter, we present the conceptual overview, system architecture, and
mathematical formulation of the proposed approach. The chapter is organized as
follows: Section 3.1, describes the general idea and structure of the proposed sys-
tem; Section 3.2 presents the system architecture and the mathematical formula-
tion in detail; and Section 3.3 introduces the three proposed HyperRS extensions,
each discussed in its corresponding subsection.

3.1 Conceptual Overview

The proposed methodology constitutes an extension of the meta-learning model
termed HyperRS, which was recently introduced in [6]. HyperRS is a hypernetwork-
based meta-learning model that follows the Model-Agnostic Meta-Learning (MAML)
framework, which was briefly described in Section 2.2.1. Specifically, HyperRS
comprises two neural networks: a base-learner neural network (also referred to as
the recommender network), that produces the rating predictions, and a hypernet-
work, that generates user-specific parameters for the base learner. The objective
of HyperRS is to learn the hypernetwork’s weights from limited user-item inter-
actions so as to generate improved user-specific parameter initialization for the
recommender network in the cold-start setting. The model is provided with user
and item side information and leverages their corresponding embeddings to infer
a user-interest embedding. This embedding reflects each user’s preferences over
item content attributes and enables personalized initialization of the recommender
network’s parameters.

This framework serves as the foundation of the present study, which extends
HyperRS by incorporating additional side information, such as user demograph-
ics and movie content. Concretely, in this study we examine the extension of Hy-
perRS by (i) incorporating NLP-derived movie plot embeddings alongside movie
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genres and movie year of release as item side information, (ii) incorporating user
information such as occupation and age in the user embedding generation com-
ponent and (/i) combining both approaches in the same system architecture.

The motivation of incorporating movie plot embeddings is to capture more
niche and contextual movie details that categorical item attributes are unable to
provide. Hence, the integration of movie plot embeddings in item features is in-
tended to capture richer contextual item representations within the recommender
network that aim to enrich the user interest preferences over item attributes. Ad-
ditionaly, unlike HyperRS, which relies solely on item features, our approach in-
corporates user features aiming to enrich the user representation input signal,
enabling the generation of more accurate user-specific parameters for the recom-
mender network.

It should be noted that, even though Lu et. al [6] excluded demographic infor-
mation , that decision was a design choice, rather than a fundamental limitation of
the model. Consequently, the proposed approach investigates the model’s capa-
bilities when both user demographic data and item content features are available,
aiming to provide insights into its behavior across different types of side informa-
tion.

3.2 HyperRS framework

As mentioned previously, the proposed methodology builds upon the HyperRS
framework and incorporates different types of item and user side information. For
this reason, this section presents a brief summary of the HyperRS framework as
introduced in [6], focusing on the components relevant to our extension. Specif-
ically, in Subsection 3.2.1, we present the system architecture and the model’s
mathematical formulation, while in Subsection 3.2.2, we present the training pro-
cedure.

3.2.1 System Architecture

HyperRS employs two neural networks—the recommender network and the hyper-
network—in order to learn how to generate optimal user-specific parameters given
limited user-item interactions. Figure 3.1 shows a visual representation of the
HyperRS architecture and its main components.

The recommender network is utilized to predict item scores. It is provided with
user and item side information and makes predictions based on their correspond-
ing embeddings. Each item i € I, where [ is the set of items, is described by &
attributes as follows:
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Figure 3.1: HyperRS architecture (Reproduced from [6])

p(i) = (V" p, . ) (3.1)

The contents of attributes are represented by multi-hot vectors (pf) , péi), cees p,(j)).
Each item attribute content embedding, eg'), is formed by the dot product of all
attribute x content embeddings M, and their corresponding multi-hot vectors:

The item attribute content embeddings are then transformed by a hidden layer
and merged to generate the item embedding e; as follows:

e — p(Woe® +b,), z=1,2..k (3.3)
ei=o(Wilel @ @ éel] +by) (3.4)

where W, W,, b,., b, are weights and biases, & denotes the vector concate-
nation and ¢ is the activation function.

The recommender network learns a user embedding u for each user v € U,
where U is the set of users, via an embedding-lookup based on the user’s id. To
formulate the user interest in item content attributes, the recommender network
employs an attention mechanism:

e; = attention(u, P) (3.5)

where u is the user embedding and P contains item attribute content embed-
dings e as column vectors.

The final item embedding used for prediction is obtained by summing the
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attention-based item embedding e! (Equation 3.5) and the naive item embedding
e; (Equation 3.4):

é; =e; +e (3.6)

The item embedding é; and the user embedding w are then given as input to
a four-layer neural network to produce the final prediction:

500 = fy(&; ® ) (3.7)

where 5(“") is the predicted score (rating) that user « will assign to item i and 6
represents the parameters of the four-layer neural network. We denote the full pa-
rameter set of the recommender network as © = {W,, b, Wy, bg|lx = 1,2, ... k}U
6.

The hypernetwork’s objective is to generate accurate user-specific parame-
ters of the parameter set ©. To achieve this, it is provided with the user-interest
embedding which can be formulated as follows:

= M,yu* (3.8)

where M, denotes the user interest basis, implemented as a dense layer
weight matrix, and u* is the user embedding computed solely from the user id.
M, is a global parameter learned by existing user-item interactions, while u* is a
user-specific parameter used to adapt the global representation to a target user.
Specifically, when the model trains on a user’s limited interactions (the support
set) ,M,, remains frozen, forcing the user-specific parameter u* to adapt by find-
ing the optimal linear combination of the existing basis. M, is instead updated
exclusively based on the prediction error in the user’s unseen query set. By iter-
atively aggregating these query-set updates across the entire training population,
the optimization process forces M, to discover and encode generalized, universal
latent interests rather than user-specific anomalies. On the other hand, u* stores
the weights of the user interest embeddings which are updated via backpropaga-
tion in a target user’s limited interactions. This robust global representation en-
sures that when a new target user arrives, HyperRS only needs to quickly adapt
u* to the target user via backpropagation on their limited interactions, thereby
alleviating the cold-start problem.

The hypernetwork consists of a single-layer neural network that takes the user-
interest embedding as input and generates user-specific parameters for the rec-
ommender network:

0" = ¢(Weeit + bg-), 0" €O (3.9)
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3.2.2 Training Procedure

In a cold user setting, the dataset is split in training, validation and test splits with
no overlapping users between the splits. During training, each user’s ratings are
further partitioned into support set S and query set (), where the support set typi-
cally contains a small number £ (e.g., 3, 5, 10) of ratings to simulate a user’s few
interactions in the cold-start scenario. For each user, the hypernetwork initializes
the recommender network parameters ©, based on the user interest embedding
derived from the support set. Afterwards, the recommender network generates
predictions for each item in the support set, and the user-specific parameters of
the recommender network are updated via gradient steps. The updated user-
specific parameters are subsequently used by the recommender network to gen-
erate predictions for the query set. Finally, the loss between the actual and pre-
dicted ratings in the query set is used to update the hypernetwork’s parameters
®. This process trains the hypernetwork to generate accurate user-specific pa-
rameters given limited user-item interactions. For completeness, we include the
original HyperRS training algorithm (Algorithm 1), as adapted from [6].

In this setup, the hypernetwork functions as the meta-learner, learning how to
produce effective user-specific parameters for the recommender network. Each
user corresponds to a meta-task (i.e., a few-shot learning episode), with few-shot
learning simulated through taking gradient updates on the support set. The cal-
culation of the query set loss and the subsequent update of the hypernetwork’s
parameters constitute the meta-optimization step.

3.3 HyperRS Extension

Having described the HyperRS framework and training procedure, in the follow-
ing subsections we introduce the proposed extensions that constitute the main
contribution of this work.

3.3.1 P-HyperRS

First, we propose Plot-HyperRS (P-HyperRS), a HyperRS extension which in-
corporates movie plot embeddings derived from an SBERT-based model, and
consists of two stages; the embeddings generation stage and the model training
stage.

In the first stage, we utilized all-MiniLM-L6-v2 SBERT-based model, available
on the HuggingFace platform, to precompute embeddings from the textual sum-
maries of the movie plots. all-MiniLM-L6-v2 is a distilled SBERT language model

22



Algorithm 1 HyperRS Training Procedure

Require: Support set S and query set ), where S, C D
Require: Learning rates «, 3

1: Randomly initialize hypernetwork parameters ¢

2: fori=1to N do

3. for each user u € Uy,in do

4: Initialize recommender parameters © using the hypernetwork (Eq. (3.8),
(3.9))

5 for each (u,i,s) € S, do

6: Predict 5(u, ) using the recommender network

7 VyeO: v+ v—aV,L(s, 5(u,i))

8: u* — u* — aV+L(s, 5(u,i))

9: end for

10: for each (u,i,s) € Q, do

1: Predict 5(u, ) using the recommender network

12: Vyed: ~<v—pBV,L(s,5u,i))

13: M, + M, — 5V, L(s,5(u,i))

14: u < u — BV L(s,5(u,i))

15: end for

16: end for
17: end for=0

[42] fine-tuned on a 1 billion sentence pairs dataset using a contrastive learn-
ing objective and consists of 6 transformer blocks (layers) with 12 self-attention
heads each and 384 hidden size that maps each sentence to a 384-dimensional
vector. Essentially, given a sentence from the pair, contrastive learning aims to
predict which sentence out of other sentences was actually paired with the given
sentence. To generate the final embedding, the raw text of a movie plot is first
tokenized. As this tokens sequence passes through the transformer layers, the
model generates a contextualized 384-dimensional vector for each individual to-
ken. To collapse these token-level representations into a single, fixed-size vector
that represents the entire plot, the model applies a mean pooling operation, which
calculates the mathematical average of all the token embeddings. An example of
movie plot embedding generation is shown in Figure 3.2. Since the model trun-
cates text inputs with more than 256 tokens, an examination of movie plot tokens
was conducted. As shown in Table 3.1, the maximum number of movie plot to-
kens is 73 with an average of approximately 35 tokens per plot and a minimum of
8 tokens. Additionally, the majority of movie plots (75%) has less than 43 tokens.
As a result, there was no movie plot input that was truncated during embedding
computation. By precomputing the embeddings on the offline stage, we avoid
adding additional computation overhead on the training stage while enriching the
recommender’s signal when generating the item embeddings.

As shown in Figure 3.3, P-HyperRS builds on HyperRS architecture by adding
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Target Movie:
Taxi Driver (1976)

all-MiniLM-L6-v2
Movie Plot: Movie Plot Embedding
A mentally unstable veteran works as a o
nighttime taxi driver in New York City, —_— (9.15012732e-02, 1.67908927e-03, ..., -5.38074523e-02)
where the perceived decadence and O

sleaze fuels his urge for violent action.

Figure 3.2: HyperRS architecture (Reproduced from [6])

Count of tokens

Minimum 8
Mean 35.0089
75th percentile 43
Maximum 73

Table 3.1: Statistics of tokens count per plot
a building block on top of it. Specifically, we gather movie plot embeddings egl)ot
by embedding-lookup of the item’s ID and employ a dense layer without bias term
to adapt the plot embeddings on the given user-item interactions:

el =el) W, (3.10)

plot —

where W, denote the adapter’s layer weights.
A projector layer is employed to project the 384-dimensional concatenation of
the precomputed and adapted plot vectors to the model’s item embedding size:

egl)ot = egl)ot + 61(7?015 (3.11)
el = el W, (3.12)

where W, denotes the projector’s layer weights.
The projected plot embeddings egl)‘; are normalized using the L2-norm in order
to prevent embeddings with large magnitudes from exploding gradients during
training.

Finally, the normalized plot embeddings e;"l)o";_nm,ma”zed
e; (Equation 3.4) and P (Equation 3.5). In this way, the plot embeddings are
integrated both in the attention mechanism of Equation 3.5 and the final item em-
bedding generation of Equation 3.6, hence enriching the recommender’s network

item representation signal.

is concatenated with
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Overall, P-HyperRS extends the HyperRS framework by incorporating SBERT-
derived movie plot embeddings into the item representation pipeline, allowing un-
structured textual content to be jointly modeled with existing item attributes while
maintaining the original meta-learning formulation.
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Figure 3.3: P-HyperRS architecture (Adapted from [6])

3.3.2 UD-HyperRS

User Demographics-HyperRS (UD-HyperRS) constitutes the second HyperRS ex-
tension proposed in this study. As its name suggests, it extends HyperRS by inte-
grating user demographic information into the recommender network component.
Similarly to P-HyperRS, as shown in Figure, UD-HyperRS builds upon HyperRS
existing architecture by incorporating an additional building block on the user em-
bedding generation side.

Particularly, each user attribute is represented by a randomly initialized embed-
ding ueé“), which is shared across users with the same attribute values, where u
denotes the userid and y = 1,2, ..., n denotes the user attribute. Here, n is the
total number of user attributes. The user attribute embeddings are concatenated
to form the demographics embedding as follows:

d, = uegu) - ©uel™ (3.13)

The demographic embedding is then provided as input to a two-layer neural
network, which is used to project them in the model's embedding space. The first
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UD-HyperRS building block
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Figure 3.4: UD-HyperRS architecture (Adapted from [6])

layer of the neural network introduces non-linearity, thereby enabling the modeling
of interactions between user attributes, and is formulated as follows:

where ¢ denotes the activation function, W, the layer’s weights and b,; the
layer’s bias.

The second layer of the neural network is responsible for projecting the demo-
graphics embedding to the model’s embedding size:

dy = Wiad? + bpy (3.15)

where W, denotes the weights of the layer and b, its bias.

The demographic embedding d,, and the user embedding u are normalized
using the L2-norm. The user embedding w is obtained by embedding-lookup of
the user ID, following the formulation of the HyperRS architecture.

The final user embedding provided to the recommender network is formed by
the element-wise summation of the normalized user embedding w,,ormatizea @aNd
the normalized demographics embedding du_m,.;m,ized:

Uf = Unormalized + du_normalized (316)

The final user embedding uy is integrated into the recommender network through
the attention mechanism (Equation 3.5) and the final prediction provided by the
recommender network’s four-layer network (Equation 4.2). The corresponding
equations are updated accordingly as follows:

e; = attention(uy, P) (3.17)
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§0 = fo(é; @ ug) (3.18)

In general, UD-HyperRS enhances the user signal in the recommender net-
work by incorporating demographic embeddings, rather than relying solely on em-
bedding lookup of the user ID to form the user embedding. User attribute em-
beddings are randomly initialized and used to provide a structured initialization
that serves as a starting point for generating more personalized user embeddings.
Furthermore, the utilization of the two-layer neural network allows the model to re-
fine these initial representation’s projection based on user-item interactions during
backpropagation.

3.3.3 PUD-HyperRS

Plot and User Demographics-HyperRS (PUD-HyperRS) extends HyperRS model
by integrating both SBERT-derived plot embeddings in the item embedding gen-
eration procedure and user demographic information in the user embedding gen-
eration procedure. Essentially, as shown in Figure 3.5, PUD-HyperRS combines
the building blocks of P-HyperRS and UD-HyperRS in order to simultaneously en-
hance both user and item representation signals. Since the two building blocks
are architecturally separable but jointly optimized within the same meta-learning
framework, PUD-HyperRS is built by simply integrating P-HyperRS and UD-Hyper-
RS components, as described in sections 3.3.1 and 3.3.2, on top of HyperRS
architecture.

P-HyperRS building block

Cuncatenat%
s, S 'y'

/ ------------------ \

Gentrate Woights

Recommender Network

Figure 3.5: PUD-HyperRS architecture (Adapted from [6])
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Chapter 4
Research Methodology

This chapter presents the research methodology including the dataset description,
data collection procedure, data analysis, the evaluation setup and the working
environment utilized for running the experiments.

4.1 Research Design

To evaluate the performance of the proposed HyperRS extension, we conducted
experiments in the MovieLens-1M dataset [15], which contains approximately 1
million ratings of 3800 movies from thousands of MovieLens users. Because
MovieLens-1M does not contain all the necessary item features, we utilized OMDB
API [16] to extract additional movie features. A detailed description of the existing
dataset and the data collection procedure is presented in the following section.
All experiments were conducted in a Virtual Machine (VM) running on Amazon
Web Services Elastic Compute Cloud environment (AWS EC2). The VM ran on
Ubuntu 20.04 LTS operating system with 4 virtual CPUs (vCPUs), 16 GB memory,
1 NVIDIA T4 GPU with 16 GB video memory (VRAM), and 50 GB disk storage.

4.2 Data Collection and Analysis

The MovieLens-1M dataset contains 1,000,209 anonymous ratings of 3,883 movies
made by 6,040 MovieLens users. Ratings are integers on a scale of 1-5 with no
intervals. The dataset includes the following item and user features:

» [tem features:

— Title: Movie title, including year of release

— Year of release: Year of release extracted from the movie title
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— Genres: At least one genre out of eighteen possible genres.

» User features:

— Gender: User gender (Female or Male)
— Age: Age group

— Occupation: User’s occupation id, selected from a list of twenty en-
coded occupations

— Zip-code: City of residence zip-code

In order to properly prepare the dataset for the model, preprocessing tech-
niques were applied. In particular, the year of release feature was discretized
into fourteen groups, genres were multi-hot encoded, and gender and age were
assigned unique ids.

Furthermore, the dataset was enriched with movie plots obtained via the OMDb
API[16], which retrieves data from IMDb using IMDb movie IDs. Since MovieLens-
1M does not provide IMDb IDs, we utilized MovieLens-20M dataset, which con-
tains movie identifiers for various external sources, including IMDb website. Mu-
tual movies between the two datasets were identified and their IMDb IDs were
used to retrieve their plots through the API (Figure 4.1). As shown in Table 4.1,
the IMDDb ID and plot were successfully retrieved for the majority of 3,883 movies,
with only 26 movies having no IMDb ID match. Additionally, only 18 identified
movies had null plots on the IMDb website. For both unmatched and null-plot
movies, we treated the plot as missing.

¥ —L— |2

Movie ID MovielLens-20M IMDb ID Movie Plot

(0

Figure 4.1: Data collection workflow

Count of Movies % of Total Movies

Valid Plots 3839 98.87%
NA Plots 18 0.47%
Unmatched IDs 26 0.66%
Total Movies 3883

Table 4.1: Movie plots retrieval results

The MovieLens-1M dataset provides users with sufficient interactions, thus
enabling experimentation with different support and query set splits to simulate
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cold-start settings. Specifically, each user has rated at least 20 movies, with an
average of approximately 192 ratings per user and a maximum number of 2,314
movies (Table 4.2) . As shown in Figure 4.2, the vast majority of users (approxi-
mately 4,700 users) has rated between 20 and 249 movies.

Total ratings by users

Minimum 20
Mean 192.47
Maximum 2314

Table 4.2: Total ratings by users statistics

Histogram of total ratings by user

5000 A

4000 4

3000 -

Frequency

2000 -

1000 -

0 = T U T T T T
20 249 479 708 938 1167 1396 1626 1855 2085 2314

Total Ratings

Figure 4.2: Histogram of total ratings by user

4.3 Evaluation Setup

To evaluate the performance of the proposed HyperRS extensions, the following

models were trained’:

* vanilla HyperRS: Baseline HyperRS model utilizing only basic item features.

'The implementation of the baseline HyperRS model and the foundational architecture for our
proposed variants (P-HyperRS, UD-HyperRS, PUD-HyperRS) are based on the original source
code provided by the authors of the HyperRS paper [6]. The original source code is publicly
available on GitHub [43].
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* P-HyperRS: HyperRS extension that incorporates SBERT-derived movie
plot embeddings to enrich item features.

* UD-HyperRS: HyperRS extension that incorporates user demographics in-
formation to enrich user features.

* PUD-HyperRS: HyperRS extension that combines both item and user fea-
ture enrichment.

Each model was provided with different types of side information as input data,
as summarized in Table 4.3, in order to evaluate HyperRS performance under
each condition. Moreover, we fine-tuned each model’s hyperparameters by test-
ing combinations in a non-exhaustive search due to training time constraints. The
hyperparameters tuned were as follows:

* Embedding Size: Embedding size of user and item embeddings used in the
recommender network. Values tested: {64, 96, 100, 128}.

User Interest Basis Embedding Size: Embedding size of user interest basis
used in the hypernetwork. Values tested: {64, 128}.

User Interest Embedding Size: Embedding size of user interest used in the
hypernetwork. Values tested: {128, 256}

 a: Learning rate of the recommender network. Values tested: {1 x 1073,
3x1073, 5x 1073, 5 x 1074}

* B: Learning rate of the hypernetwork. Values tested: {1 x 1074, 5 x 1074}
» Epochs: Number of training epochs. Values tested: {5, 10, 15, 20}

The hyperparameter tuning for each model is shown in Table 4.4. All exper-
iments were conducted under a cold user-warm item setting. The dataset was
split into training, validation and test sets in a 60%-20%-20% ratio. In order to
ensure the cold user state, the splits were made with no overlapping users be-
tween them. Furthermore, we established the warm item state by including in the
validation and test sets only the items which also appeared in the training set. For
each user in each split, we randomly retain only 20 user-item interactions (ratings),
which were then divided into the support set S and the query set (), as described
in Section 3.2.2. The performance of HyperRS extensions was also evaluated
under different user cold-start settings by changing the support set size |S|, which
simulates the user’s few known interactions, and the remaining query set size |Q)|,
which simulates the first new user interactions in the system. Specifically, experi-
ments were conducted with |S| = |Q| = 10 and |S| = 5,|Q| = 15. In addition, we
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randomly selected 20 items that each user had not interacted with and assigned
them a zero rating to form negative samples. Negative samples were added to S
and @ during training.

Since our objective is to provide users with a ranked list of Top-N recommenda-
tions rather than predicting their exact rating scores, we evaluated the recommen-
dation quality using the binary normalized discounted cumulative gain (NDCG),
as presented in [6], as the evaluation metric. NDCG@N is a widely used met-
ric in information retrieval and recommender systems because it measures the
quality of a ranking by considering both the relevance of the recommended items
and their ranking. It operates on the premise that highly relevant items should
appear earlier in the recommendation list, applying a logarithmic discount to pe-
nalize relevant items that are placed lower in the ranking. Its values range from 0
to 1, with 1 indicating the ideal ranking—where the top-N recommendations contain
only relevant items—and 0 indicating the worst possible ranking, where no relevant
items appear in the top-N recommendations. Specifically, the binary NDCG@N
is computed as:

N gl(pict) _

NDCG@N (p) = %@%(@) (4.2)

Here, p is set that defines the top-N item recommendations based on the
model’s highest predicted scores for a specific user, while ¢ comprises the set of
the actual items the user has historically interacted with. The term 1(s) represents
a binary indicator function, yielding 1 when the statement s is valid and 0 when
it is false. The final NDCG@N for a dataset D is computed as the average
NDCG@N of all users U(D) in the dataset:

|U(1D)| S~ NDCG@N(p(u), t(u)) (4.3)
ueU(D)

where p(u) is the items with the top-N highest predicted rating to user U, and
t(u) is the set of items interacted by the user.

NDCG@N (D) =
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Item Features User Features

Model Genres Year Movie Plot Gender Age Occupation Zip-Code
Vanilla HyperRS v v x x x x x
P-HyperRS v v v X x X X
UD-HyperRS v v x v v v v
PUD-HyperRS v v v v v v v

Table 4.3: Side-information configuration of evaluated models

Model Embedding User Inter. User Inter. Alpha Beta Epochs
Size Basis Em- Embed.
bed. Size Size
vanilla HyperRS 64 64 128 0.003 0.0005 10
P-HyperRS 64 64 128 0.003 0.0005 15
UD-HyperRS 64 64 128 0.003 0.0005 15
PUD-HyperRS 64 64 128 0.003 0.0005 15

Table 4.4: Hyperparameters configuration of evaluated models
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Chapter 5
Results

This chapter presents the experimental results derived from the research method-
ology described in Chapter 4. The results are organized and supported by detailed
figures and tables. It should be noted that the interpretation and justification of the
results are not included in this chapter.

5.1 Experimental Results

During the experimental procedure, the models’ hyperparameters were fine-tuned
with respect to the binary NDCG@N performance metric. The selected hyperpa-
rameter configuration is as follows: user/item embedding size of 64, user interest
basis embedding size of 64, user interest embedding size of 128, recommender
network learning rate « equal to 1 x 10~2 and hypernetwork learning rate 3 equal
to 5x 10~*. The vanilla HyperRS was trained for 10 epochs, while the HyperRS ex-
tensions P-HyperRS, UD-HyperRS, and PUD-Hypers were trained for 15 epochs.

A summary of the models’ evaluation results with a configured support set
size | S| = 10 and query set size |Q| = 10 is presented in Table 5.1. The values of
A(NDCG@10),aninna% represent the percentage change in NDCG@10 for each
model with respect to the NDCG@10 score of the vanilla HyperRS model. A
visual representation of the evaluation results is shown in Figure 5.1. Similarly,
the evaluation results for support set size |S| = 5 and query set size |Q| = 15 are
presented in Table 5.2, while their corresponding visual representation is shown
in Figure 5.2. Finally, a comparison between the HyperRS models and related
work models is presented in Table 5.3.

"AdaML [4] uses a different evaluation protocol and is not directly comparable to HyperRS
results.

2ColdGAN [2] constitutes a GAN-based model and utilizes a different training procedure com-
pared to meta-learning methods.
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Model NDCG@5 NDCG@10 A(NDCG@10)yanitia%

Vanilla HyperRS ~ 0.1234 0.1871 0.00
P-HyperRS 0.1249 0.1922 0.51
UD-HyperRS 0.1199 0.1842 -0.29
PUD-HyperRS 0.1170 0.1793 -0.78

Table 5.1: Models evaluation results for |S| = 10, |Q| = 10

Model NDCG@5 NDCG@10 A(NDCG@10)yaniiia%
Vanilla HyperRS 0.1049 0.1620 0.00
P-HyperRS 0.0871 0.1350 -2.70
UD-HyperRS 0.0976 0.1510 -1.10
PUD-HyperRS 0.0951 0.1398 -2.22

Table 5.2: Models evaluation results for support size |S| =5, |Q| = 15

Model NDCG@5
Vanilla HyperRS 0.1234
P-HyperRS 0.1249
UD-HyperRS 0.1199
PUD-HyperRS 0.1170
AdaML' 0.8491
ColdGAN ? 0.1124

Table 5.3: HyperRS comparison with related work’s models

Clustered bar chart of NDCG@N (|S|=10)
0.200
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=
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0.075 A

0.050 ~

0.025 ~

0.000 -
vanilla HyperRS P-HyperRS UD-HyperRS PUD-HyperRS

Model

Figure 5.1: Clustered bar chart of NDCG@N for support size |S| = 10, |Q| = 10
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Clustered bar chart of NDCG@N (|S|=5)
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Figure 5.2: Clustered bar chart of NDCG@N for support size |S| =5, |Q| = 15
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Chapter 6
Discussion

This chapter presents the interpretation of the experimental results presented in
the previous chapter, addresses the research questions of this study, and investi-
gates the main limitations of this study.

6.1 Interpretation of Findings

The experimental results reveal several noteworthy findings regarding the capabil-
ities of the HyperRS framework when multimodal side information is available. As
thoroughly described in the previous chapters, the HyperRS framework was ex-
tended in three different ways: (i) through integrating SBERT-derived movie plot
embeddings, (ii) through integrating user demographic data and (iii) by combining
both types of side information in the same architecture. To provide a structured
and well-justified interpretation of the findings, the discussion is organized into four
main directions: evaluation under a moderate user cold-start setting, evaluation
under a strict user cold-start setting, comparison with models from the existing
literature and interpretation with respect to the study’s research questions.

Under a moderate user cold-start setting, where the support set size simulating
the user’s known interactions was set to | S| = 10, the P-HyperRS model achieved
the best performance. Specifically, as shown in Table 5.1, P-HyperRS achieved
an NDCG@10 score of 0.1922, compared to 0.1871 for vanilla HyperRS, 0.1842
for UD-HyperRS and 0.1793 for PUD-HyperRS. This result indicates that incorpo-
rating precomputed SBERT-derived movie plot embeddings into the item repre-
sentation pipeline allows the model to capture more fine-grained item character-
istics, thereby improving the modeling of user preference over item attributes. Al-
though movie plot embeddings are semantically rich and encode contextual movie
information, the observed performance improvement is marginal (+0.51%) com-
pared to the vanilla HyperRS model. Since movie plot embeddings are concate-
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nated with item atrribute embeddings, which are optimized through user-item in-
teractions, their additional contribution may be partially redundant. In addition, the
marginal performance improvement may indicate that the information contained
in movie plot embeddings overlaps with features already captured by structured
attributes such as genres and year of release. In other words, movie plots may im-
plicitly reflect movie genres and temporal information. In contrast, integrating user
demographic data slightly decreases performance. Specifically, UD-HyperRS ex-
hibits a —0.29% decrease in NDCG@10 compared to vanilla HyperRS, suggest-
ing that incorporating additional user features may introduce noise or redundancy
in the learned user representation when sufficient interaction data are available.
Finally, the integration of movie plot embeddings and user demographics in the
same architecture in PUD-HyperRS has the least positive impact in model per-
formance, with a —0.78% decrease (0.1793 compared to 0.1871) in NDCG@10
score relative to the baseline model.

The evaluation of HyperRS extensions under a stricter user cold-start setting
yielded slightly different results, as shown in Table 5.2. In particular, when the sup-
port set size | S| was reduced to 5, the model that achieved the highest NDCG@10
was the baseline model, vanilla HyperRS, with a score of 0.1620. In that case, P-
HyperRS demonstrated the lowest performance (0.1350) corresponding to a per-
centage change of NDCG@10 equal to —2.70%. This result suggests that when
HyperRS is provided with limited user-item interaction, it cannot effectively lever-
age movie plot embeddings. As previously discussed, item attribute embeddings
(such as genres and year of release) are optimized through user-item interactions
and movie plot embeddings acts as an auxiliary item representation signal. When
limited user-item interactions are available, integrating movie plot embeddings
may possibly introduce noise or misalignment, consequently reducing the ranking
quality. Furthermore, UD-HyperRS achieved the second-best performance with
a NDCG@10 score of 0.1510 and the smallest percentage decrease (—1.10%)
relative to the baseline, compared to PUD-HyperRS(—2.22%) and P-HyperRS
(—2.70%). This observation implies that the integration of user side information
may be more beneficial than contextual item side information when user-item in-
teractions are extremely limited. Nevertheless, UD-HyperRS still underperforms
vanilla HyperRS, suggesting that while demographics may provide slight regu-
larization when interaction data are scarce, they lack the expressive capacity to
model nuanced user-item affinity. In other words, this result may imply that de-
mographic attributes provide low-resolution preference signals that may not align
with fine-grained item representations learned from interactions.

The comparison between the HyperRS-based models and related approaches
from the literature, summarized in Table 5.3, provides additional insights. The
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AdaML meta-learning model [4] achieved the highest NDCG@5 score (0.8491)
significantly outperforming the other models. However, AdaML follows a different
evaluation protocol, in which selected cold users have between 15 and 100 user-
item interactions with a query set size || = 10 and the remaining interactions
forming the support set. As described in Section 4.2, users in the MovieLens-1M
dataset have at least 20 ratings, with the majority of having up to 200 ratings.
Therefore, AdaML evaluation results are not directly comparable to those of Hy-
perRS. Moreover, all HyperRS models outperform ColdGAN [2] by margins rang-
ing from 0.46% (PUD-HyperRS) to 1.25% (P-HyperRS). Although, it should be
noted that ColdGAN constitutes a GAN-based model rather than a meta-learning
model and follows a fundamentally different training procedure than meta-learning
frameworks.

6.2 Addressing the Research Questions

After interpreting the experimental results and deriving the key findings, this sec-
tion explicitly addresses the research questions of this study.

RQ1: How do different types of side information affect HyperRS performance?
The motivation for integrating SBERT-derived movie plot embeddings was to en-
able the model to capture structured textual content in conjunction with exist-
ing categorical item attributes, such as genres, and to improve the item repre-
sentation signal. However, movie plot embeddings provide only marginal per-
formance improvements under moderate cold-start setting, while they degrade
model’'s performance when provided with limited user-item interactions. Regard-
ing the integration of user demographic data, the experimental results show that
demographics-enhanced HyperRS consistently underperforms the baseline Hy-
perRS model. These results suggest that available user representation data pro-
vide a relatively weak signal. However, under the strict cold-start setting, user
demographics perform better than movie plot embeddings, implying that they are
slightly more robust than item side information in such setting. Finally, combin-
ing both movie plots and user demographics results in a performance decrease
in both cold-start settings. Overall, SBERT-enhanced item-side information pro-
vides limited improvement and is sensitive to the availability of interaction data,
while user side information appears relatively redundant, introducing noise and
misalignment during training. These findings suggest that the HyperRS frame-
work is highly optimized to efficiently model interaction-based item attributes, thus
limiting the effect of additional signals.

RQ2: How do different cold-start settings affect HyperRS performance? As
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expected, configuring different support set sizes yields different HyperRS perfor-
mance levels. Specifically, all HyperRS models’ performance decreases when
evaluated under the strict cold-start setting (|S| = 5), compared to the moderate
cold-start setting (|S| = 10). This result suggests that the effectiveness of addi-
tional side-information decreases as cold-start severity increases. In addition, the
vanilla HyperRS model proves to be the most stable under the strict cold-start
setting, showing the smallest performance loss relative to its moderate cold-start
performance. This observation may imply that the HyperRS model is capable of
efficiently modeling user-item interactions when limited item attributes and interac-
tion data are available. In general, the findings demonstrate that HyperRS is highly
sensitive to cold-start settings. As user interaction become scarce, the framework
struggles to exploit additional side information, suggesting that interaction-based
signals remain fundamental even in meta-learning frameworks.

6.3 Study Limitations

Despite the main contributions of this study, several important limitations should
be clearly stated. First, the proposed approach evaluation is limited to a single
dataset (MovieLens-1M), rendering the study specific to the movie recommenda-
tion domain. Second, the integration of user side information relies on limited
demographic data rather than richer behavioral or temporal data, such as viewing
history sequences and clicks behavior. Third, even though different user cold-
start scenarios were evaluated (5 and 10 cold-start user known interactions), it is
common in real-world applications that the number of known item interactions for
a new user is often even more limited (e.g., 3 or even 1). Finally, the performance
evaluation was conducted solely with respect to the NDCG@N metric, without in-
corporating additional metrics that could provide better model interpretability, such
as attention scores over item attributes within the attention mechanism.
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Chapter 7
Conclusion and Future Work

The last chapter of this study concludes on the problem this study investigates. In
particular, the chapter briefly restates the research problem, the motivation for this
study, the proposed approach, the data collection procedure, the key findings of
the experimental results and the addressing of the research questions formulated.
Additionally, future research directions are proposed to address the limitations of
the study based on research outcomes.

7.1 Conclusion

This study examines the cold-start problem in recommender systems, where the
system is required to generate effective personalized recommendations for a new
user whose interaction history is limited or even non-existent.

Specifically, this work examines the extension of the meta-learning hypernetwork-
based model, termed HyperRS, through the incorporation of user and item side
information. Three different HyperRS extensions are proposed. The first model,
namely P-HyperRS, constitutes an extension of the original HyperRS model that
incorporates SBERT-derived movie plot embedding through an additional build-
ing block added on top of HyperRS meta-learning framework. The second model,
UD-HyperRS, integrates user demographic information through an embedding
layer followed by a two-layer neural network built on top of HyperRS architecture.
Finally, a combination of P-HyperRS and UD-HyperRS building blocks, termed
PUD-HyperRS, is proposed in order to simultaneously integrate both movie plot
embeddings and user demographic information.

The main contribution of this study lies in the systematic extension and evalua-
tion of the HyperRS meta-learning framework through the integration of heteroge-
neous side information under different user cold-start settings. Consequently, the
research questions addressed are the following: "How do different types of side
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information affect HyperRS performance?” (RQ1) and "How do different cold-start
settings affect HyperRS performance?” (RQ2).

The proposed HyperRS extensions are evaluated under varying user cold-
start settings and compared to the baseline model, vanilla HyperRS, which uti-
lizes only item attributes (genres and year of release) as side information. The
experimental results indicate that SBERT-enhance item side information provides
marginal performance gains and is sensitive to user cold-start state, while user
side-information appear relatively redundant and introduce noise during training.
Furthermore, the findings suggest that the cold-start severity significantly affects
model performance, since when user-interaction data are limited, the framework
struggles to exploit additional side information.

Despite the study’s contribution and insights, the findings are subject to certain
limitations. The evaluation is conducted exclusively on a movie-domain dataset
and the available user side information is limited to basic demographic attributes.
As a consequence, the genealizability of the results to other domains or richer user
contexts remain uncertain. Moreover, the evaluation methodology is restricted to
cold-start setting that may not reflect real-world cold-start settings. Also, the perfor-
mance evaluation solely relies on the NDCG@N metric and does not incorporate
additional metrics towards better model explainability.

Based on the experimental findings and identified limitations, several direc-
tions for future work emerge. Future research could evaluate the proposed ex-
tensions performance in other domains, such as music or e-commerce, explore
the integration of user behavioral data such as clicks behavior and viewing history
sequences, and evaluate performance on stricter cold-start settings to provide
deeper insights into model adaptability. Finally, incorporating additional metrics,
such as attention scores over item attributes within the attention mechanism, could
provide insights into model’s internal mechanisms and enhance its explainability.
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