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Abstract

In today’s digital ecosystem, recommendation systems are integral to shaping personalized
user experiences across a wide range of applications, from e-commerce to entertainment to
healthcare and education. Through the analysis of users’ preferences and the prediction of
future behavior, these systems reduce information overload and improve user satisfaction.
While traditional recommendation models have become widely accepted, they still face
significant challenges, such as handling sparse data, diverse user needs, and the dynamic
nature of content preferences. To meet these limitations, innovative approaches are needed

to ensure accurate, scalable, and personalized recommendations.

Among the potential solutions to these challenges is cross-domain recommendation,
which makes use of knowledge from a source domain to improve recommendations in a tar-
get domain. This method is especially useful for overcoming cold-start situations, where
few user or item interactions limit conventional models. By enabling knowledge transfer
across domains, cross-domain recommendation systems provide a framework to overcome
data sparsity and enhance prediction accuracy. The recent development of deep learn-
ing and transfer learning offers powerful tools for capturing complex user preferences and
seamlessly transferring them from one domain to another. There is no doubt that de-
signing effective architectures and strategies for such systems is not an easy task, as it
requires careful consideration of domain-specific nuances, layer depth optimization, and

the identification of transferable features.

In this thesis, we design a novel cross-domain recommendation system that utilizes per-
sonalized bridge functions and attention mechanisms to assist effective knowledge transfer
between domains. By combining user embeddings with transferable characteristic encod-
ing, the proposed framework captures user-specific preferences and dynamically adapts
them to the target domain. A deep meta-network is employed to generate personalized
bridges, allowing the system to adjust the unique behaviors of individual users. An in-depth
evaluation of a real-world dataset demonstrates the superiority of this approach over tra-

ditional methods and outperforms the state-of-the-art model in addressing the cold-start

v



problem while maintaining high levels of accuracy.

Building upon this foundation, the system is further optimized through extensive anal-
ysis of neural network architecture, with a focus on layer depth and parameter tuning. By
systematically evaluating the impact of different architectural configurations, this thesis
identifies the optimal layer depth that balances model complexity with performance. These
optimizations enable the model to achieve state-of-the-art performance in evaluation met-
rics like Mean Absolute Error and Root Mean Squared Error. This thesis contributes to
the advancement of cross-domain recommender systems, providing a scalable and robust

framework for addressing real-world challenges in personalized recommendation.
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Chapter 1

Introduction

1.1 Overview

This thesis explores the use of deep learning and transfer learning to address key chal-
lenges in recommender systems, with a particular focus on Cross-domain Recommenda-
tion (CDR). CDR is especially valuable for solving the cold-start problem by transferring
knowledge from a source domain with sufficient data to a target domain with limited user-
item interactions. This approach improves the quality of recommendations in scenarios
where there is little historical data available, enabling more effective personalization for

users. The thesis is structured into five chapters:

Chapter 1: Introduction This chapter provides an overview of the thesis, outlining
the motivations behind the research, the problem being addressed, and the key contribu-

tions. It also includes the publications that have resulted from this work.

Chapter 2: Background Information, Literature Review, and Related Work
This chapter reviews existing research on recommender systems, Transfer Learning (TL),
Deep Learning (DL), and CDR. It identifies limitations in current approaches, particularly
in addressing the cold-start problem. The chapter justifies the need for CDR by highlight-



ing scenarios where traditional recommendation methods fall short or are not applicable.

This sets the stage for the solution proposed in the next chapters.

Chapter 3: Tackling Cold-Start with Deep Personalized Transfer of User
Preferences for Cross-domain Recommendation This chapter introduces the Deep
Personalized Transfer of User Preferences for Cross-domain Recommendation (DPTUPCDR)
framework, which employs personalized bridge functions to tackle the cold-start problem
by transferring user preferences from a source domain to a target domain. The model
demonstrates its effectiveness through empirical evaluation on multiple Amazon datasets,
outperforming state-of-the-art methods by leveraging deep learning and meta-learning tech-

niques.

Chapter 4: Layer Depth Matters: The Goldilocks Effect in Deep Cross-
domain Recommendation This chapter extends the findings of Chapter 3 by exploring
the impact of neural network depth on cross-domain recommendation systems. The re-
search uncovers a “Goldilocks effect,” demonstrating that a four-layer architecture strikes
the optimal balance between model complexity and performance, outperforming deeper
architectures. The findings provide practical guidelines for designing deep learning models

that are both computationally efficient and accurate.

Chapter 5: Conclusion and Future Work The final chapter synthesizes the in-
sights gained from the research and highlights its contributions to the field. In addition
to summarizing the findings, this chapter identifies future opportunities for extending the
proposed frameworks. Potential directions include incorporating Large Language Model
(LLM) and Natural Language Processing (NLP) techniques to improve the extraction of
user preferences from unstructured data such as reviews and textual feedback. Further-
more, exploring real-time applications and multi-domain recommendations with implicit

feedback data can further broaden the impact and applicability of these systems.

This thesis makes contributions to the development of accurate and efficient recom-
mender systems, addressing challenges like the cold-start problem and providing new in-

sights into model design and optimization.



1.2 Motivations

The importance of recommender systems in our daily lives is undeniable. From the moment
we wake up and encounter recommendations for our morning routines to the time we
choose a movie to watch before bed, these systems play a crucial role in shaping our
decisions. Their ability to offer high-accuracy recommendations is vital across various
domains. Beyond enhancing user experience, accurate and inclusive recommender systems
have the potential to improve decision-making, reduce choice overload, and democratize
access to information and services. These qualities make them indispensable across diverse

fields such as education, healthcare, and e-commerce.

Conventionally, recommendation systems have relied on methods such as Collaborative
Filtering (CF) and Content-based Filtering (CBF). While effective in certain contexts,
these approaches face significant limitations in addressing modern challenges. For example,
CF requires sufficient historical data about user-item interactions, making it ineffective in
cold-start scenarios where such data is unavailable. Meanwhile, CBF relies heavily on
manually crafted item features, which may not capture the full range of user preferences.
It is also important to note that both methods are typically restricted to a single domain,
which overlooks the potential for insights to be gained from cross-domain behaviors and
interactions. The inability to address data sparsity and cold-start issues highlights the

need for more advanced methods.

A promising direction lies in cross-domain recommendation systems, which can leverage
interconnected user behaviors and preferences across seemingly unrelated domains—such
as choosing a book to read, selecting a beverage, or deciding on clothing. For instance,
the type of music you listen to or the books you read might influence your mood or
preferences for activities and drinks. An advanced recommendation system that integrates
these cross-domain inputs can capture these complex behavioral patterns, offering richer
and more personalized suggestions. This underscores the need for research not only into
domain-specific systems but also into cross-domain recommendation systems capable of

bridging these interdependencies.



The growing popularity of Al-driven personalization, as seen in platforms like Netflix,
Amazon, and Spotify, further highlights the demand for more sophisticated recommenda-
tion systems. However, a significant challenge in developing such systems is the cold-start
problem, where limited or no information is available about certain users. This lack of data
makes it difficult to deliver accurate recommendations. For example, without knowledge of
a user’s musical preferences, how can a system suggest suitable songs? Addressing this is-
sue is particularly critical for cross-domain recommendation systems, which must combine
data from multiple domains while respecting user privacy. Privacy concerns add another
layer of complexity, as individuals may hesitate to share personal data across platforms or

domains.

Despite ongoing efforts to address the cold-start problem, the potential of cross-domain
recommendations in tackling this issue has been underexplored. This gap motivated my
research to develop a system that can transfer knowledge from domains with abundant user
information to those where information is scarce. Specifically, my work focuses on creating
a cross-domain recommender system for tasks such as recommending books, music, movies,
and items in the Kindle Store. Unlike traditional methods that rely heavily on domain-
specific data, my research introduces a novel approach involving a transformation matrix to
map relationships between domains. This matrix allows the system to transfer knowledge
effectively, even for cold-start target domains. By employing a deep neural network with
an attention mechanism to generate this transformation matrix, my approach offers a
significant advancement in the field of cross-domain recommendation systems, paving the

way for more inclusive and accurate personalized experiences.

A key inspiration for this research was the work by Zhu et al. on the Personalized
Transfer of User Preferences for Cross-domain Recommendation [73], which introduced
a meta-network-based framework to address the cold-start problem through personalized

bridges between domains.



1.3 Problem Statement

Recommender systems deal with significant challenges in generating personalized recom-
mendations for new users and items with a limited amount of interaction data. These
limitations are particularly pronounced in cold-start scenarios, where the lack of historical

data prevents accurate and relevant recommendations.

The term cold-start originates from mechanical systems, such as automobile engines,
which struggle to perform optimally under cold conditions until they warm up. Similarly, a
recommender system in a cold-start scenario struggles to generate accurate predictions due
to the absence of sufficient interaction data. In both cases, the “cold-start” refers to subop-
timal performance during an initial phase, where the system must operate under conditions
of limited or incomplete data. The problem manifests itself due to the heavy reliance of
modern recommendation algorithms on historical interaction data to infer user preferences
or item relevance. It is impossible for these systems to identify patterns, make associations,
or make meaningful recommendations without adequate data. The nature of the cold-start
problem reflects the broader challenges of information sparsity and uncertainty, making it

a critical bottleneck in personalized recommendation processes.

The implications of the cold-start problem are far-reaching. For instance, an e-commerce
product may fail to reach its intended audience if the system lacks the interaction data nec-
essary to identify relevant user groups, resulting in missed revenue opportunities. Stream-
ing platforms struggle to recommend new content effectively to first-time users, often re-
sorting to generic or trending suggestions that fail to capture individual preferences. Pro-
viding personalized treatment recommendations for new patients without historical data
will likely result in suboptimal outcomes, potentially undermining trust in the healthcare
system. The classified advertising platforms also face challenges when new ads are posted
without sufficient user engagement, causing them to be overlooked despite their relevance,
as older, data-rich ads dominate recommendations. In these examples, we can see how the
cold-start problem affects not only system performance but also user satisfaction and trust

across domains.



This research tackles the cold-start problem by introducing a personalized cross-domain
transfer framework that leverages deep learning techniques to enhance recommendation
accuracy. By transferring user preferences across domains, this approach aims to address
the limitations of existing methods, ensuring adaptability and scalability in sparse data

scenarios.

1.4 Research Contributions

This research makes important contributions to the field of recommender systems by ad-
dressing the persistent cold-start problem through innovative deep learning techniques.

The key contributions of this work are as follows:

e Tackling Cold-Start with Deep Personalized Transfer of User Preferences:
This research is the first to apply deep meta-learning and encoding to uncover user
behavior patterns across domains. The proposed approach advances the state-of-the-
art of model accuracy, as measured by five key evaluation metrics, and establishes a

new benchmark for addressing the cold-start problem.
e Layer Depth Matters:

— Empirical Insights into CDR Architectures: New insights and empirical evi-
dence are provided regarding the design of optimal deep learning architectures
for cross-domain recommender systems. This study emphasizes the importance
of selecting the appropriate layer depth, demonstrating how simpler architec-
tures can achieve superior performance and improve scalability in sparse data

scenarios.

— Extensive Experimental Validation: To verify the effectiveness of the proposed
deep transfer learning framework, we conducted extensive experiments on di-

verse Amazon datasets, including movies, music, and books. In both cold-start



and warm-start scenarios, these experiments validate the framework’s ability to
generalize across domains and improve recommendation accuracy. Additionally,
growing evidence supports the effectiveness of fine-tuning deep learning models.
Fine-tuning enhances the performance of cross-domain recommender systems,

reinforcing the importance of model adaptation.

1.5 Publications

The research presented in this thesis includes findings that have been submitted to peer-
reviewed journals. The first paper has been accepted, while the second one is currently

under review. The details are as follows:

Omidvar, S., & Tran, T. (2023). Tackling cold-start with deep personalized transfer
of user preferences for cross-domain recommendation. Published in International Jour-
nal of Data Science and Analytics (IJDSA), 10 pages, DOI: 10.1007/s41060-023-00467-9,
Springer, November 2023.

Omidvar, S., & Tran, T. (2024). Layer Depth Matters: The Goldilocks Effect in
Deep Cross-domain Recommendation. Under Review of International Journal of Data
Science and Analytics (IJDSA).



Chapter 2

Background Information, Literature
Review, and Related Work

2.1 Introduction

This chapter serves as the foundation for understanding the methodologies and advance-
ments in CDR that form the basis of this thesis. It begins with Background Information,
providing an overview of the challenges inherent in recommender systems, such as data
sparsity and the cold-start problem. The subsequent sections explore three critical tech-
nological pillars: Deep Neural Network (DNN), which enables the modeling of complex
user-item relationships; the Attention Mechanism, which dynamically prioritizes important
features for personalized recommendations; and TL, a paradigm that leverages knowledge
from resource-rich domains to improve recommendation accuracy in underrepresented ones.
A complete discussion on recommender systems follows, focusing on their evolution and
their expanding role in mitigating information overload across diverse applications. This
chapter also includes a Literature Review synthesizing related works and identifying re-
search gaps. The chapter concludes by spotlighting three recent, impactful contributions
to the field of CDR.



2.2 Background Information

This section establishes the theoretical foundation for understanding the key advance-
ments and methodologies relevant to this thesis. As the field of CDR continues to evolve,
leveraging state-of-the-art technologies such as DL, attention mechanisms, and TL have
become essential to address longstanding challenges like data sparsity and the cold-start
problem. These challenges hinder the performance of traditional recommender systems,
particularly in domains where user-item interaction data is insufficient for generating re-
liable predictions [17]. By integrating advanced machine learning techniques, CDR has
demonstrated the potential to transfer knowledge effectively across domains [25], thereby

enhancing recommendation accuracy in underrepresented settings.

The section is organized into three subsections that delve into technologies underpin-
ning CDR advancements. The first subsection explores DNN, which has revolutionized
the field by modeling complex relationships between users and items through hierarchi-
cal feature representations. The second subsection introduces the Attention Mechanism,
a powerful concept in deep learning that dynamically prioritizes relevant features to im-
prove recommendation quality. The third subsection focuses on TL, a method that enables
knowledge transfer from rich source domains to sparsely populated target domains, form-
ing the backbone of many modern CDR systems. Lastly, the section concludes with an
overview of Recommender Systems, tracing their evolution and highlighting their critical
role in mitigating information overload across various domains. Together, these subsec-
tions provide a background for understanding the technologies and methodologies driving

this research.

2.2.1 Deep Neural Network

The DNNs represent a class of Machine Learning (ML) models that reflect the structure
and functionality of the human brain [65]. These networks are made up of layers of inter-

connected nodes that are organized into three layers: an input layer, a layer that is hidden,



and a layer that is output. An input neuron processes the data by applying a weighted
sum to calculate the activation function and then sends this to a subsequent layer so that
the network can learn how to represent the data in a more complex manner. It is the hier-
archical nature that makes them so powerful since each layer extracts higher-level features
from the raw input data progressively [12]. For example, the initial layers of image recog-
nition may detect simple patterns such as edges, while deeper layers may identify more
abstract structures such as shapes or objects. As a result of this layered architecture, they
are capable of modeling complex nonlinear relationships, making them highly effective for

tasks such as computer vision, natural language processing, and speech recognition.

Several aspects of DNNs have advanced over the years, cementing their position as a
cornerstone of modern artificial intelligence. By introducing nonlinearity to the network
with activation functions, such as Rectified Linear Unit (ReLU), sigmoid, and tanh, the
network is able to model complex patterns [33]. With innovations such as Exponential Lin-
ear Unit (ELU) and Gaussian Error Linear Unit (GELU), issues like vanishing gradients
have been addressed, leading to a better convergence of the model [7,38]. Additionally,
a number of optimization techniques, such as Stochastic Gradient Descent (SGD), Adam,
and RMSprop, are designed to iteratively minimize a loss function, which can then be used
to refine the parameters of the network [21]. The learning rate schedules and momentum
features are also added as enhancements to further speed up and stabilize the training
process [21]. In the following chapters, we will provide in-depth discussions of the specifi-
cation of the DNN, detailing the selection of activation functions, optimization methods,

and additional techniques used to enhance performance and achieve desired results.

Methods such as dropout, weight decay, and batch normalization have been developed
to prevent overfitting and improve generalization [30]. This technique prevents the network
from becoming overly dependent on specific features in the training data. The training
process involves two key phases: forward propagation and backpropagation. Forward prop-
agation involves traversing the input data through the network to make predictions. Fol-
lowing this, the backpropagation calculates the gradient of the loss function with respect

to each parameter, adjusting weights to minimize prediction errors. To achieve satisfac-

10



tory results, the training requires a considerable amount of computational resources and
large datasets. Tuning hyperparameters, such as choosing the optimal number of layers,
neurons, and learning rates, remains a significant challenge and often requires a strong un-
derstanding of the domain [51,67]. In the following chapters, we will discuss regularization
methods, training strategies, and hyperparameter choices used in this thesis to achieve

robust performance.

2.2.2 Attention Mechanism

A significant advancement in machine learning is the Attention Mechanism, which allows
models to focus on the most relevant parts of input data dynamically [1&]. Since it origi-
nated in the field of NLP [59], it has become widely used across a variety of fields, including
computer vision [18], speech recognition [11], and reinforcement learning [26]. The basic
idea of the attention mechanism is to allocate different levels of importance, or weights, to
input features, prioritizing critical information while downplaying irrelevant or redundant
data [18]. Traditional machine learning models, on the other hand, treat all input features
equally, thereby limiting the model’s ability to identify patterns in complex datasets [0].
This limitation is addressed by attention mechanisms that weigh the input based on the
most relevant features to the task at hand [6]. Tt is particularly useful in contexts where
input sequences vary in length or importance, like sentences in text processing or frames

in video analysis [06].

This thesis uses scaled dot-product attention, which compares input features with all
other input features in the sequence, as a widely used implementation of attention. A
query, a key, and a value are the three key components of this process. Similarity scores
are computed by comparing queries with keys, then scaled and normalized to produce
attention weights. The output is generated by applying these weights to the values. The
model can thus focus on specific features while maintaining a global context of the entire
input. A notable architecture leveraging the attention mechanism is the Transformer [59],

even though this thesis does not focus on it. By combining self-attention with recurrent and

11



convolutional operations, the transformer architecture improves computation efficiency by
processing inputs in parallel [59]. BERT and GPT are examples of models that are powered
by this innovation, and have since been adapted for vision tasks and other applications [15].
Different attention mechanisms, including self-attention, multi-head attention, and cross-
attention, have been developed to extend their applications [20]. Through self-attention,
models are able to focus on different parts of the same input sequence, capturing intricate
dependencies and relationships. Multi-head attention enhances this capability by allowing
the model to attend to multiple aspects of the data simultaneously, improving its ability
to represent complex patterns. Cross-attention facilitates interactions between different
input sources, such as aligning images with text in multimodal tasks. This thesis focuses

on self-attention, exploring its capabilities and applications in detail.

There are many benefits to attention mechanisms. The learned attention weights can
provide insights into which parts of the input were influential in making predictions by
allocating resources to the most relevant features. Additionally, they improve model per-
formance when long-range dependencies or contextual understanding are required. Atten-
tion mechanisms, however, can be computationally expensive, especially when used for
long input sequences, since their complexity grows quadratically with length [62]. This
challenge has been addressed through innovations such as sparse attention and efficient
transformers, which reduce computational overhead while preserving performance. This
research leverages attention mechanisms for ratings, with details provided in the following

chapters.

2.2.3 Transfer Learning

The concept of TL describes machine learning techniques that use knowledge gained from
one task or domain to improve performance on a related, but distinct, task or domain [61].
In situations with limited data or resources, it allows models to draw insight from a source
domain with abundant information, which is particularly helpful when the target task lacks

sufficient data. As opposed to traditional machine learning methods, which train models
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from scratch for each task, this kind of learning makes it possible for models to generalize
across domains by reusing pre-trained features [19]. It assumes that certain patterns or
structures learned in one domain are applicable in another. As an example, a model trained
on large-scale image data that recognizes generic objects may be able to transfer its learned
features, such as edges and textures, to an image classification model designed to recognize
medical images. As the target model is initially equipped with pre-trained weights from the
source model, it significantly reduces the amount of data used for training and improves

convergence.

The core of TL is the optimization of a model that has been trained on the source do-
main and its adaptation to the target domain. During pre-training, the model parameters 6
are optimized to minimize a loss function Lg on the source domain Dg = {(xs, ys)}, where
xg are input features and yg are the labels or classes. With this approach, early layers learn
general features such as edges or syntax, while deeper layers learn domain-specific features.
In the transfer phase, the model is fine-tuned on the target domain Dy = {(xr,yr)} by

minimizing the target loss function Lyp:

Nt

o1
Or = argm@m N_T ZZI Ly(f(z7;0),yr,),

where N7 is the number of target samples, f(xr;#) is the model’s prediction, and Lt is
the target task’s loss. In feature extraction, the earlier layers of the network are frozen
so that their general-purpose features are leveraged, while the final layers are updated.
Fine-tuning, on the other hand, adjusts all layers with a slower learning rate to retain
previously learned knowledge while adapting to the target domain. When the source and
target domains differ significantly, techniques like adversarial domain adaptation minimize
distribution discrepancies [ 1] D(Ps, Pr), where Ps and Pr are the data distributions of

the source and target domains, respectively.

In addition to accelerating training and improving performance in the target domain,
the use of TL goes beyond simply reusing models. By enabling the discovery of latent

relationships between seemingly unrelated domains, it is a useful tool for tackling com-
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plex tasks with limited data. In cross-modal applications, the alignment of embeddings
facilitates tasks like image captioning and visual question answering by connecting text
and images. The ability to combine knowledge from diverse domains has also proven
useful in multi-domain learning, allowing a single model to generalize across tasks with
partial overlaps in features. In fields such as autonomous systems, personalized health-
care, and resource-constrained environments, these capabilities highlight the versatility
and widespread potential of these technologies. Multi-domain learning has also benefited
from its ability to combine knowledge from diverse domains, enabling a single model to
generalize across tasks with partial overlaps in their feature spaces. Using multiple source
domains to increase prediction accuracy in the target domain can further extend this con-
cept. By integrating insights from diverse domains—such as books, music, and movies—a
richer and more detailed understanding of user behaviors or data patterns can emerge,
reducing biases inherent in single-source models. Although this approach introduces addi-
tional challenges, such as aligning domain distributions, managing redundant information,
and increasing computational complexity due to the integration of multiple domains, these
complexities are manageable and will be discussed in further detail in the following chap-

ters.

2.2.4 Recommender Systems

We can consider recommender systems as a specialized branch of information retrieval
systems, designed to predict user preferences and generate personalized suggestions. By
directing users towards relevant content, products, or services, these systems address the
growing problem of information overload in digital environments [53]. Users interact with
and discover content through recommendation systems across a variety of domains, in-
cluding e-commerce, entertainment, healthcare, and education. Recommender systems
analyze user preferences and behaviors, often represented as a sparse matrix of user-item

interactions, to generate predictions for items the user has yet to interact with.

A combination of techniques is used to achieve this, broadly categorized as CF, CBF,
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and hybrid methods. In CF, it is assumed that users with similar historical preferences
will behave similarly in the future. Based on shared interactions, this approach identifies
patterns by analyzing either user-user or item-item similarities [56]. As an example, users
who rate the same movies highly are grouped together, and their collective preferences
are used to suggest additional movies. Similarly, items frequently co-rated by users are
recommended to others who interact with related items. A significant advantage of it is
its ability to leverage the collective wisdom of the user community and to uncover implicit
relationships within large datasets. Conversely, CBF focuses on the attributes of items to
make recommendations tailored to individual user preferences [28]. By analyzing metadata
such as genres, keywords, or textual descriptions, it builds a profile for each user based
on the characteristics of items they have previously engaged with. For instance, a user
who enjoys action movies might receive suggestions for other action films, even if no other
users share similar preferences. It achieves meaningful results by focusing on detailed
metadata, though it relies heavily on user-item relationships to ensure personalization.
Hybrid methods synthesize the strengths of both mentioned methods, employing various
strategies to achieve more accurate and robust recommendations. Combining community-
driven insights from CF with the personalized focus of CBF, hybrid approaches deliver
more diverse and precise recommendations customized to individual needs while taking

advantage of the broader structure of user-item interactions [1].

The advances in machine learning and data processing have significantly improved the
performance of recommender systems. Matrix Factorization (MF) techniques, such as
Singular Value Decomposition (SVD) are widely used to reduce the dimensionality of user-
item matrices and identify latent factors explaining user preferences [15]. More recently,
deep learning approaches have emerged as powerful tools for modeling complex user-item
interactions. For capturing sequential behavior, contextual information, and long-range
dependencies, methods such as autoencoders, recurrent neural networks, and transformers
have been applied. Despite their effectiveness, they face data sparsity, scalability, fairness,
bias, privacy, and cold-start challenges [27]. As a result of the fact that most users interact

with a limited number of items, data sparsity arises, making it difficult to draw meaning-
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ful conclusions from the data. Scalability happens in real-world scenarios where systems
must handle millions of users and items. Fairness ensures that recommendations do not
favor popular items or certain user groups disproportionately [9]. Biases can be caused by
imbalanced training data or by algorithmic design, which can result in suboptimal recom-
mendations. Privacy concerns are increasingly important as recommender systems rely on
sensitive user data [22]. Lastly, the cold-start problem, which is the focus of this paper,
refers to the inability to make accurate recommendations for new users or items due to a

lack of historical information.

2.3 Literature Review

Despite significant advances, the existing memory-based and MF methods have limitations
that could restrict their scope and performance, according to Feng et al. [12]. One of the
limitations is the lack of information regarding user preferences and item characteristics
relative to the large number of potential users and items within the system, known as the

data sparsity problem.

The cold-start problem is a specific case of data sparsity that happens when the recom-
mender system faces new users or items in the system. Many attempts have been made to
address cold-start situations without using a rich source domain, like using exploration and
exploitation techniques to identify interesting items for users by weighing items’ popularity
with entropy, as Silva et al. [57] suggested. In another approach, Li et al. [10] suggested an
online CF method incorporating dynamic regularization and considering real-time informa-
tion to employ the neighborhood factor and determine the changes over time. Regarding
sparsity, Margaris et al. examined factors related to rating prediction accuracy in sparse
CF datasets and indicated that recommending items that achieve higher prediction values
than others can reduce recommendation accuracy and negatively affect a recommender
system’s performance in some cases [11]. Koohi and Kiani utilized a clustering-based CF

approach to predict the unrated entries to overcome data sparsity using available rating
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values from the user-item matrix [35]. Nevertheless, this approach does not provide diverse
recommendations or leverage data across multiple domains to address preferences. It thus
results in popularity bias, a phenomenon whereby popular items are recommended over

new and less popular ones.

The notion of TL can be used in the context of CDR. It has been demonstrated that the
concept of TL can be applied successfully to the recommendation task. A CF method based
on CDR was proposed by Pan et al. [50] to alleviate data sparsity difficulties. However,
it does not address transferring knowledge between heterogeneous settings, e.g., movies,
music, and books. To address this problem, Moreno et al. [17] proposed a TL technique
that extracts knowledge from multiple domains containing rich data (e.g., movies and
music) and generates recommendations for a sparse target domain (e.g., games) by filling
in missing values in the target domain rating matrix. Despite its ability to solve the data
sparsity issue, overfitting is still challenging because it cannot detect embedded patterns

in user behavior.

Another subfield of machine learning is meta-learning, also known as “learning to learn,”
which focuses on developing algorithms and techniques that enable machines to learn how
to learn. Neural network meta-learning has a long history [60]. Its potential as a driver to
advance the frontier of the contemporary deep learning industry has led to an explosion of
recent research [23]. To this end, Yongchun Zhu et al. proposed a transfer-meta framework
for CDR (TMCDR), which has both a transfer stage and a meta stage [72], but it trains

a common bridge as existing bridge-based methods do.

2.4 Related Works

In this section, we examine three prominent papers on CDR - Embedding and Mapping for

Cross-domain Recommendation (EMCDR) [13], Deep Framework for Cross-domain and
Cross-system (DCDCSR) [70], and Personalized Transfer of User Preferences for Cross-
domain Recommendation (PTUPCDR) [73] which serve as the stepping stones of this
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thesis. These approaches employ unique methodologies to address the challenges of data
sparsity and cold-start problems. DCDCSR combines MF and DNN to accurately map
latent factors across domains, considering user and item sparsity levels to improve rec-
ommendation accuracy. With EMCDR, latent spaces are embedded and mapped using
Multi-layer Perceptron (MLP), effectively connecting user and item representations. Lastly,
PTUPCDR uses personalized bridge functions to transfer preferences between domains
based on user characteristics generated by a meta-network. In this section, we explore

their contributions, methodologies, and comparative impacts on addressing the challenges.

2.4.1 Embedding and Mapping framework for Cross-domain Rec-

ommendation

Man et al. [13] proposed the EMCDR framework to address the persistent problem of sparse
data in recommender systems. With this approach, recommendation quality is improved
by transferring knowledge from one domain to another, thus overcoming the limitations of

sparse data within a single domain.

There are three interconnected stages in the framework. To begin with, latent factor
modeling is employed to project users and items from both the source and target domains
into their respective latent spaces, achieved using MF and Bayesian Personalized Ranking
(BPR). MF captures user-item interactions by factoring the user-item interaction matrix
into low-dimensional latent vectors that represent underlying preferences and character-
istics. On the other hand, BPR emphasizes ranking-oriented optimization, constructing
preference pairs from implicit feedback to prioritize recommendations based on their rank-
ing.

Following latent factor modeling, the framework establishes a relationship between the
latent spaces of the source and target domains through a mapping function. Using this
function, latent representations across domains can be bridged, allowing knowledge to

be transferred. Two mapping approaches are proposed within the framework: a linear
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mapping function and a nonlinear mapping function based on a MLLP. The linear mapping
approach employs a transfer matrix to establish a direct linear relationship between the
latent spaces, providing computational efficiency but limited flexibility. Conversely, the
MLP approach captures complex, nonlinear relationships, offering greater adaptability
to diverse data distributions. With backpropagation, the nonlinear mapping function is

optimized for robust performance even when cross-domain dependencies are intricate.

The final stage of the framework involves generating recommendations in the target
domain. By using mapped latent factors from the source domain, the framework predicts
ratings or preferences for users and items in the target domain, despite limited interaction
data. To compensate for the sparsity of data in the target domain, this mapping-based
inference system uses knowledge from the source domain. Through a selective training
strategy, the framework mitigates the effects of noise and overfitting caused by sparse data
by leveraging only active users and popular items. This limitation is addressed in DCD-
CSR. Finally, the framework’s performance is rigorously evaluated on real-world datasets,
including MovieLens-Netflix and Douban, with experimental conditions outlined in the

following chapters.

Their framework introduces foundational ideas for addressing data sparsity through
knowledge transfer, and it effectively bridges latent spaces between domains using either
a linear or nonlinear mapping function; however, its reliance on static mapping limits
its adaptability to user-specific nuances. On the other hand, our framework leverages a
personalized bridge mechanism that dynamically and not statically adjusts to each user’s

unique interaction patterns, enhancing precision and robustness in recommendations.

2.4.2 A Deep Framework for Cross-Domain and Cross-System

Recommendations

The DCDCSR proposed by Zhu et al [70] is another approach to address the persistent

data sparsity problem by combining latent factor modeling with a sparsity-aware mapping
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mechanism. It builds on the strengths of earlier methods while introducing innovations to
improve the accuracy and adaptability of cross-domain and cross-system recommendations.
The framework integrates MF with a fully connected DNN for mapping user and item latent
factors across domains or systems. This approach is implemented in three interconnected

phases.

In the first phase, MF decomposes the user-item interaction matrices from the source
and target domains. Upon decomposition, user and item latent factor matrices are obtained
for both domains. The framework supports multiple MF models, including Maximum-
margin Matrix Factorization (MMMF'), Probabilistic Matrix Factorization (PMF), and
BPR. The MMMF algorithm optimizes the predictive trace margin, the PMF algorithm
assumes Gaussian noise in observed ratings, and the BPR algorithm maintains consistency
between observed and predicted ratings. The results of these models are used to generate

latent factors that provide the basis for further analysis.

The second phase introduces benchmark factors to bridge the latent spaces of the source
and target domains. Considering the sparsity of user and item ratings, these benchmark
factors are calculated by integrating the latent factors from both domains. Latent factors
for users and items common to both domains are weighted according to their sparsity
degrees, thereby ensuring that more reliable factors, based on higher rating density, have
a greater influence. To identify the most similar entities from the source, the framework
uses cosine similarity, which combines the latent factors of the entities into benchmark
factors that are appropriate for the target domain. As soon as the benchmark factors
are established, both the target latent factors and benchmark factors are normalized to a

common range in preparation for network training.

The network serves as the core mapping mechanism. As a fully interconnected archi-
tecture, it aims to capture complex, non-linear relationships between latent factors in both
the source and target domains. Mapping loss is minimized through the use of feedforward
and backpropagation processes. An activation function of tan-sigmoid is used in this net-

work, and it is trained using gradient-based optimization. Once the training is completed,
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the mapped latent factors are denormalized to restore their original scale.

In the final phase of the framework, the mapped user latent factors in the target domain
are fixed after being processed by the network. Subsequently, the item latent factors in
the target domain are further optimized using MF. Through this refinement, the item
factors are aligned more closely with the updated user factors, improving the accuracy of
the predicted ratings. As soon as the user and item latent factors are determined, the
predicted ratings for user-item pairs in the target domain are calculated using the dot
product of their respective vectors. Based on the user’s preferences in the target domain,
these predicted ratings are then used to rank the items for each user. As shown in Table

2.1, the comparison highlights the differences and similarities between the two approaches.

Their model incorporates sparsity-aware mechanisms to enhance latent factor mapping,
making it more resilient to the challenges posed by sparse data. Although its benchmark
factors and sparsity weighting are innovative for balancing cross-domain latent factors,
this approach assumes uniform importance for all latent factors within a sparsity group.
However, our model uses a mechanism that assigns dynamic importance weights to each
interaction, ensuring that the most relevant factors are prioritized. Additionally, our per-
sonalized bridge functions further refine the mapping process, offering superior adaptability

to individual user preferences.

2.4.3 Personalized Transfer of User Preferences for Cross-domain

Recommendation

The PTUPCDR by Zhu et al. [73] presents an innovative approach to addressing the
cold-start problem in recommender systems by transferring user preferences. Unlike con-
ventional methods which employ the same preference bridge for all users, it generates per-
sonalized bridge functions tailored to each user, facilitating a more nuanced and effective

transfer of preferences.

A meta-network is at the core of this model, which learns to produce personalized
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Table 2.1: Comparison of DCDCSR and EMCDR models.

Differences

Aspect H DCDCSR EMCDR Similarities
Embedding and ) DCDCSR employs
. . Both aim to address data
Combines MF and mapping o benchmark factors and
o sparsity in CDR by . .
Objective DNN for CDR and framework for . sparsity degrees, while
) transferring knowledge o
CSR CDR using MF . EMCDR uses explicit
across domains. i
and MLP latent space mappings.
. DCDCSR incorporates
Latent Utilizes MF-based Both use MF and BPR for . ) )
Uses MF and BPR . additional sparsity-driven
Factor models (MMMF, latent factor modeling to
models ) ) benchmark factors for
Models PMF, BPR) build embeddings. .
mapping latent factors.
DCDCSR uses a more
Employs DNN . . . .
) i Linear or Both map latent spaces detailed sparsity-driven
Mapping with ) ) )
. . . MLP-based across domains to align benchmark adjustment;
Mechanism sparsity-adjusted ) ) o
mapping embeddings. EMCDR’s mapping is
benchmark factors . .
simpler but flexible.
. DCDCSR quantifies
Adjusts for L ) . o
. . . Selects entities . sparsity using specific
Handling sparsity degrees in . . Both account for sparsity .
] i with sufficient data o metrics, whereas EMCDR
Sparsity benchmark factor . but in different ways. ) )
) for robust mapping avoids sparsity by
generation . .
preselecting dense entities.
Multi-phase: MF Steps: Latent . DCDCSR is more complex,
i i Both adopt multi-step ) ) .
) Modeling, DNN Factor Modeling, incorporating additional
Architecture i ) frameworks to enhance o
Mapping, Space Mapping, . normalization and
. } recommendations. o
Recommendations | Recommendations denormalization processes.
EMCDR explicitly
) . Both frameworks can discusses user-shared and
Supports both Primarily focuses ] o ) ]
Task potentially handle similar item-shared scenarios,

CDR and CSR

on CDR

recommendation scenarios.

while DCDCSR handles

CSR more comprehensively.
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bridge functions by applying embeddings derived from the source domain to individual
users. The meta-network incorporates user traits that can be transferred and extracted
from a characteristic encoder based on an attention mechanism. The encoder identifies
relevant source domain interactions by assigning importance scores to items based on their
contribution to cross-domain knowledge transfer. The framework captures the unique
relationships between user preferences in both domains by compressing this information

into a representation that reflects individual preferences.

The customized bridge function generated by the meta-network transforms the user’s
embedding from the source domain into a representation appropriate for the target do-
main. As a result of this transformation, the embedded representation serves as the initial
representation for users in the target domain to solve cold-start scenarios. To stabilize
the learning process of the meta-network, it employs a task-oriented optimization strategy,
which directly optimizes the performance of the ultimate recommendation task. With this
approach, the inaccuracies in user embeddings are mitigated, ensuring the robustness and

generalizability of traditional mapping-based optimization methods.

The framework operates in three main stages. In the pre-training stage, latent spaces for
each domain are learned independently. During the meta-training stage, the characteristic
encoder and meta-network are trained to generate personalized bridge functions. In the
initialization stage, the transformed user embeddings are applied as initial representations
for cold-start users in the target domain. This methodology allows it to excel not only
in extreme cold-start scenarios but also in warm-start scenarios where initial embeddings
can be fine-tuned with subsequent interactions. The experimental evaluation conducted on
real-world datasets such as the Amazon review dataset, demonstrates its superiority over
baseline methods EMCDR and DCDCSR.

Their framework significantly relies on personalized bridge functions and attention-
based characteristic encoders. However, its meta-network relies on a single-stage mapping
process that may not fully exploit transferable characteristics when user interaction his-

tories are highly diverse. In contrast, our framework differentiates itself by introducing
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a deep meta-network capable of iterative refinement through task-specific optimizations.
This approach enables the generation of more precise user embeddings tailored to cold-
start and warm-start scenarios, ensuring improved recommendation quality across various

user groups.
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Chapter 3

Tackling Cold-Start with Deep
Personalized Transfer of User
Preferences for Cross-domain

Recommendation

3.1 Introduction

This chapter focuses on the development and evaluation of our DPTUPCDR model, de-
signed to tackle the cold-start problem in recommendation systems. It begins with a short
review of the cold-start challenge and its significance in cross-domain settings, followed by
a detailed description of the architecture, emphasizing its personalized bridge functions,
deep characteristic encoder, and meta-network components. The chapter then outlines
the experimental setup, including datasets, evaluation metrics, and baseline models, be-
fore presenting a thorough analysis of the results, highlighting the model’s performance
improvements over state-of-the-art approaches. Finally, the chapter concludes with a dis-

cussion of the findings, addressing the strengths, limitations, and potential avenues for
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further enhancements.

As explored in previous chapters, recommender systems are an effective technology
that alleviates the problem of overloading information provided to users [31]. Researchers
began exploring CF techniques to make personalized recommendations in the 1990s [54].
Since then, recommendation systems have been actively studied, applied, and expanded
in all fields of academia and industry in recent years [31]. Consequently, several other
CF recommendation systems were developed over the next few years, including Amazon’s
“Customers who bought this also bought” feature in 1999 and Netflix’s recommendation

system in 2006, which offered a million-dollar prize for improving its accuracy [37].

It is common in real-world application scenarios that only a small number of users can
rate and review items for a large number of items [52], a problem known as data sparsity,
which reduces model recommendation accuracy [71]. To address this problem, CDR [39]
has been introduced, which aims to transfer knowledge from an informative source domain
to the target domain [73]. Not only is it capable of handling data sparsity, but it can also
deal with new items and new users (the cold-start problem). The cold-start problem is a
long-standing problem in recommender systems where systems cannot recommend relevant
items to users due to the lack of adequate information [16]. As a comparison, the warm
start problem occurs when a recommendation system has some information about a new

user or item but not enough to give an accurate and personalized recommendation.

Most existing CDR methods assume all users share the same relationships between user
preferences in the source and target domains [14,31,43]. For this reason, these methods will
use a common bridge function between the source and target domains. To enhance this idea
and address users’ different tastes, Zhu et al. proposed using a personalized bridge for each
user [73]. This idea states that there is simply a map function that allows users to move from
the source domain to the target one. Towards this end, we seek to enhance the framework
developed by Zhu et al. [73]. Based on the characteristic embeddings in the source domain
they introduced, we generate personalized bridges for each user using a four-layer neural

network. As shown in Figure 3.1, the deep meta-learner uses the user’s characteristics
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| Target Domain: Books

Deep Meta Learner

| Source Domain: Movies
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Figure 3.1: The extended version of PTUPCDR using a deep meta-network

from the source domain movies to generate personalized book recommendations. In the
proposed DPTUPCDR model, since the meta-learner captures each user’s taste pattern in
the source domain and generates a personalized bridge for each user, it can be an effective
method for cold-start users with no interaction history in the target domain. As a result

of our observations, we demonstrate that our model is useful in real-world applications.

This research has yielded three primary contributions, which can be summarized as

follows:

1. To the best of our knowledge, we are the first to apply deep meta-learning and

encoding to reveal user behavior patterns across domains and significantly improve
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the state-of-the-art model accuracy on two key metrics.

2. We conducted extensive experiments on different Amazon datasets for movies, music,

and books to verify the effectiveness of the proposed framework.

3. Our study contributes to the growing body of evidence supporting the efficacy and
potential of fine-tuning to improve deep learning performance in solving complex

problems.

3.2 Model

In this section, we formulate the problem and present the framework. It should be noted
that the majority of the information in this section and the terminology are the same as
those in the EMCDR and PTUPCDR models, but there will be a discussion of the changes
made to create a deep model. The primary distinction between our work and the existing
models is the introduction of a deep learning-based architecture utilizing neural networks
combined with the One Cycle Learning Rate (OneCycleLR) scheduling method, aiming to

enhance training efficiency and model convergence.

Suppose U = {uy,uz, -} and ¥V = {vy, vq, - - - } are the set of users and the set of items,
respectively, and matrix R represent the interaction between these two sets. Accordingly,
ri; € R indicates the rating given to item v; by user u;. Considering that we have source
and target domains, we refer to U*, V*, and R°® as the set of users, the set of items,
and the rating matrix for the source domain, respectively. Meanwhile, we represent the
set of users, the set of items, and the rating matrix for the target domain by U*, V*, and
R, respectively. Although we assume for simplicity that the interaction between users and
items is based on a rating system, further details will be discussed in the following sections.
Because the source and target domains differ, V* and V! have nothing in common. On
the other hand, some users participate in both domains, and we represent this intersection
with U° =U* NU".
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After this brief terminology, our main objective is to use the source domain to improve
prediction accuracy in the target domain to minimize the loss function, which is formulated

as below:

.1 L \2
L= min R n_jze;% (rij — Ti5) (3.1)

where R! = {r;;lu; € U°,v; € V'} denotes the interactions of overlapping users in the
target domain, 7; is the predicted rating given by user wu; to item v;, and p is the set of
parameters used. The loss function, which measures how well or poorly a model performs,
is used with an optimization method to minimize prediction error. As the loss drops during
training, the model becomes more proficient at identifying items with high ratings for each
user, which signifies a strong affinity between the user and the item, paving the way for

personalized recommendations to choose relevant items for each user in the target domain.

The latent factor model, a generalization of CBF, assumes that the factors responsible
for the user’s choice of an item need not be explicitly known [16]. As a result, users

and items can be defined by their corresponding latent factors by transforming them into

dense vectors. Suppose ué € RF and U;-j

item v}-j, respectively, where k denotes the dimensionality of embeddings and d € {s,t}

represents the domain label. The list of users’ sequential interactions in the source domain

€ R* are the embeddings of the user u¢ and

is Sy, = {v5,,v5,, -+, v;, } where n denotes the number of interacted items and vy indicates

the interacted item in the source domain at timestamp ¢,,.

3.2.1 Deep Characteristic Encoder

As a first step in generating the personalized bridge function, it is necessary to capture
the personalized transferable characteristics of users based on their interactions with items
in the source domain since cold-start users have not interacted with items in the target

domain. Although these characteristics contribute to knowledge transfer, not all are equally
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important because some may introduce noise or fail to differentiate users from one another.
In other words, to categorize users more effectively, we will seek characteristics that will

cause more variance to differentiate users.

We aim to utilize an attention mechanism [64], a central concept in modern deep
learning and natural language processing. As explained in previous chapters, a fundamental
principle behind attention mechanisms is to give more weight to important characteristics
than to less important ones. To this end, we extend its definition for recommendation

systems and assign a weight to item embeddings by performing a weighted sum:
Dy = Z a;.v; (3.2)
U;GSui

where:

® P, € R¥: Transferable characteristic embedding of user u; in the source domain.
e u;: A specific user from the set of users for whom recommendations are generated.

e S.,;: The set of items in the source domain that user w; has interacted with or

consumed.
LIRS R*: Embedding vector of item v; in the source domain.

e a;: Attention score (weight) assigned to item embedding vj, representing its impor-

tance or relevance to user u;.

e k: Dimensionality of embedding vectors in the latent space.

Accordingly, irrelevant items will have lower weights based on this mechanism. To
calculate the attention weight a; for item v;, we exponentiate the output of h(v;;6) and
normalize it by the sum of exponentiated outputs over all elements in the set S,,. By

normalizing the attention weights, we ensure that the resulting probability distribution
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indicates the degree of attention assigned to each element in .S,, with respect to v;. In
other words, equation 3.3 encapsulates the core attention mechanism, which facilitates
enhanced modeling of contextual dependencies and informative feature selection within

network architectures:

exp(h(vj; 6))
5 res, cap(h(v;: )

where h(-) represents the attention mechanism as a four-layer feed-forward network,

(3.3)

a; =

and 6 represents the set of its parameters.

3.2.2 Deep Meta-Network

Since the process of preference transfer needs to be personalized, we propose a deep meta-
network that takes the user’s transferable characteristics as input and generates a personal-
ized bridge function between the user’s embeddings in the source and target domains. With
this bridge function, we can determine each user’s preference in the target domain, espe-
cially for cold-start users. According to equation 3.4, the personalized bridge function w,,
for user w; is obtained by applying a function g(-) to the user’s transferable characteristics

Py, using a set of learned parameters ¢:

Wy, = G(Pu; @) (3.4)

The proposed deep meta-network g(-), a four-layer feed-forward neural network, takes
two arguments p,,, and ¢. The first argument represents the transferable characteristic em-
bedding of user u; in the source domain, calculated in equation 3.2. The second argument
represents a set of parameters associated with the function g(-) learned during the training

process and defines how the transformation from p,, to w,, is performed.

When we have both the embedding of user u; and its personalized bridge function w,,,

we can use a simple linear function f(-) to multiply w,, by u{ in order to transform it into
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ﬂf = fuz(ufkuz) (3-5>

The parameters used in equation 3.5 are clearly defined as follows:

e 4! € R*: The transformed embedding of user u; in the target domain, obtained by

mapping the source domain embedding through the personalized bridge function.

e f..(+): A user-specific linear transformation function parameterized by w,, to project

the user’s embedding from the source domain into the target domain.

e v € R*: The embedding of user u; in the source domain, capturing the user’s

preferences or characteristics based on source-domain interactions.

e w,: The personalized bridge function parameters specific to user wu;, defining how
their embedding in the source domain is transformed into the embedding in the target

domain.

To clearly illustrate the relationship between equations 3.2 and 3.5, it should be noted
that the embedding u; in equation 3.5 corresponds exactly to the personalized transferable
characteristic embedding p,,, calculated by equation 3.2. Specifically, we first compute the
user’s embedding in the source domain, p,,, by aggregating item embeddings weighted
by attention scores as shown in equation 3.2. Next, this embedding is transformed via
the personalized bridge function w,,, generated by the deep meta-network described in
equation 3.4. Finally, by applying the linear transformation f,,(-) in equation 3.5, the
user’s source domain embedding is projected into the target domain embedding space,

yielding the transformed embedding }.

The linear function f,,(-) in equation 3.5 is defined as EMCDR and PTUPCDR models,

we specifically implement f(-) as a linear transformation. To fit the dimensions required
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. . . 2 . .
for this linear transformation, we reshape the parameter vector w,, € R*¥" into a matrix

w,, € R¥*_ Thus, the practical implementation of the linear function is:

Here, ui € R¥ represents the user’s embedding in the source domain, and w,, denotes
the personalized parameters reshaped as a k x k projection matrix. Consequently, the

transformed embedding ! is obtained as the result of this personalized linear mapping.

A possible solution would be to minimize the distance between the transformed em-
bedding of a user in the target domain and the actual embedding of that user. Based on

existing techniques [31], this optimization is formulated as follows:

it — ut||? (3.7)

-y

u; EU°

As shown in equation 3.7, an optimization algorithm can be used to minimize loss £’
by iteratively updating each user’s personalized bridge function. However, Zhu et al. [73]
suggested that since some users only have limited interactions, the user’s embedding u! may
not be reasonable and accurate enough. The best approach is to optimize £ in equation

3.1 instead of £’ in equation 3.7, where 1 = {0, ¢} and 7;; will be calculated as follows:

727;3' = ﬂg.?)j (38)

Equation 3.8 calculates the interaction between the transformed user representation ! and
the item representation v; using a simple dot product operation to quantify how well the
user’s transformed preferences align with the item’s characteristics. If the result is negative

or excessively large, we apply clipping to keep the score within a reasonable range.
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Table 3.1: Statistics of the cross-domain tasks (Overlap denotes the number of overlapping

users).

Domain Item User Rating
Task
Source Target || Source Target || Overlap Source Target Source Target

Task 1 | Movie Music || 50,052 64,443 || 18,031 123,960 75,258 || 1,697,533 1,097,592
Task 2 | Book Movie || 367,982 50,052 || 37,388 603,668 123,960 || 8,898,041 1,697,533

Task 3 | Book Music || 367,982 64,443 | 16,738 603,668 75,258 || 8,898,041 1,097,592

3.3 Experimental Evaluation

In this section, we present the experiments conducted to evaluate the performance of our
proposed method. We first describe the datasets used, evaluation metrics, and experimental
settings. Next, we compare our method’s performance with the state-of-the-art approach,
both before and after fine-tuning the hyperparameters. Additionally, we analyze the impact
of hyperparameters on model performance. Our experimental approach will address the

following research questions:

1. What is the significance of incorporating an auxiliary domain, and how does our

model perform compared to the latest models?

2. How do hyperparameters impact results?

3.3.1 Dataset

Our study uses the Amazon-5cores dataset!, a real-world public dataset containing user-
item ratings for various products in different categories, including games, appliances, books,

music, and movies. This dataset ensures data validity by including at least five ratings per

Thttps://cseweb.ucsd.edu/ jmcauley/datasets/amazon v2/
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user and item. This research focuses on movies, music, and books. The details and statistics
of these cross-domain tasks are presented in Table 3.1, adapted from Zhu et al. [73], which
summarizes the number of users, items, and ratings in each source and target domain.
Overall, using a publicly available and diverse dataset such as Amazon-5cores allows us
to test our proposed method’s performance and generalization on a wide range of product
categories and rating scenarios. This enhances the robustness and applicability of our
findings to real-world recommendation systems. All experimental results presented in this
and the next chapter, both for baseline models and our proposed model, are reported as

the average over ten independent runs to ensure statistical reliability and reproducibility.

3.3.2 Evaluation Metrics

To evaluate the performance of our proposed method for the recommendation task, we used
several commonly employed metrics: Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), Precision, Recall, and F1 Score.

The MAE measures the average absolute difference between predicted and actual rat-
ings, while the RMSE measures the root mean squared difference between predicted and

actual ratings. These metrics are computed as follows:

MAE— Z 747 — Tl (3.9)
(4,9)T
1

RMSE = 7 > (i = Fug)? (3.10)

(1.9)€T

where T represents the set of user-item pairs in the test set. These metrics are often
used as optimization objectives during the training of recommendation models to directly

improve the accuracy of predictions.

In addition to MAE and RMSE, we evaluated classification-oriented metrics: Preci-

sion, Recall, and F1 Score. These metrics assess the model’s ability to correctly predict
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user preferences when predicted ratings are rounded and clipped to a valid range. The

definitions and calculations for these metrics are as follows:

TP
P’T‘BCZ.SZ‘O’I’L = m—FP (311)

Precision measures the proportion of correctly predicted relevant items (7True Posi-
tives) out of all items the model predicted as relevant (True Positives + False Positives).
A higher Precision indicates that the model is making fewer false positive errors, meaning

most of the items it recommends are genuinely preferred by users.

e True Positives (TP): The number of relevant items correctly identified as relevant

by the model.

e False Positives (FP): The number of items incorrectly identified as relevant by the

model, but they are not preferred by the user.

TP
Recall = m—m (312)

Recall, also known as sensitivity, measures the proportion of all relevant items that
the model successfully identified ( True Positives) out of the total number of relevant items
(True Positives + False Negatives). A higher Recall indicates that the model is capturing

more of the truly relevant items, reducing false negative errors.

e False Negatives (FN): The number of relevant items that the model failed to

identify as relevant.

Precision X Recall
F18 =2 3.13
core % Precision + Recall ( )
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The F1 Score is the harmonic mean of Precision and Recall, providing a single balanced
measure that considers both false positives and false negatives. A higher F1 Score indicates
that the model strikes a good balance between Precision and Recall, avoiding overemphasis

on one at the expense of the other.

To address class imbalance in the data, we compute these metrics using a weighted
average across all classes. Predictions are rounded to the nearest integer and clipped to a

valid range of 1 to 5, ensuring consistency with the rating scale used in the dataset.

3.3.3 Baselines

We selected three methods for comparison with our proposed model. TGT is a simple
MF model that uses only target-domain-specific features for training. As discussed in the
previous chapter, EMCDR [13] adopts MF to learn embeddings and uses a common bridge
function between all user embeddings from the auxiliary domain to the target domain.
Finally, the state-of-the-art model PTUPCDR is an extension of EMCDR that uses per-
sonalized bridge functions to transfer knowledge between domains and learn both shared
and domain-specific representations. The performance of our proposed method will be
evaluated against these baseline methods using the evaluation metrics discussed earlier.

The experimental results and analysis are presented in the following subsections.

3.3.4 Implementation Details

To ensure a fair comparison with previous methods and demonstrate the superiority of
our proposed model, we used the same hyperparameters for all common ones as Zhu et
al. [73]. The dropout probabilities of the deep encoder and deep meta-network were set
to 10% and 20%, respectively. We used SGD [30] as the optimizer for training our model,
along with the OneCycleLR scheduling policy [58]. OneCycleLR aims to achieve faster

convergence, higher accuracy, and improved generalization of deep neural networks. To
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enhance our model’s robustness and prevent the “dying ReLLU” problem, we utilized the

ELU activation function in all layers.

3.3.5 Experimental Design

In this section, we will discuss the reasoning behind our experimental setup and justify our
choice of parameters. By utilizing this setup, one can evaluate the model’s performance
accurately, gain valuable insights into its behavior, compare the results to the results of

baseline models, and make meaningful conclusions.

The choice of test set size, denoted as 3, is a critical factor in cross-domain recommen-
dation experiments, representing the percentage of users in the test set that will be used
for evaluation. In developing a recommendation model, the decision regarding S impacts
the trade-off between having a large test set for evaluation and having a larger dataset
for training. We systematically varied S between 20% and 50% of the total overlapping
users in each domain to analyze its effect on the success of our framework. According
to Table 3.2, our experiments suggest that the recommendation accuracy decreases as [
increases, as larger test sets result in fewer training data, potentially limiting the model’s
ability to capture complex user preferences. A smaller 5 allowed the model to gain access
to more training data, allowing it to generalize to the target domain more easily. On the
other hand, there is a risk of overfitting, especially when the user-item interactions are
limited. Even so, our results indicated that the model exhibited robustness across different
0 values, suggesting that it does not suffer from overfitting, thus justifying the choice of

hyperparameters in the model.

3.3.6 Evaluation Results & Comparison

This study evaluated the proposed model, and compared it to three other models, on three
different cross-domain tasks with different proportions of test users 5 as 20% and 50%

of the total overlapping users, respectively. Evaluation metrics used in the study are the
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Table 3.2: Average results of 3 cross-domain tasks with different 5 over different runs, with
the best results in boldface. “Improve 1”7 denotes the relative improvement of PTUPCDR
over EMCDR, while “Improve 2”7 indicates the relative improvement of DPTUPCDR over
PTUPCDR. Similarly, “Improve 3” refers to the relative improvement of DPTUPCDR-FT
(DPTUPCDR after fine-tuning) over PTUPCDR.

Tasks H 153 H Metric H TGT ‘ EMCDR ‘ PTUPCDR ‘ Improve 1 ‘ DPTUPCDR | Improve 2 ‘ DPTUPCDR-FT H Improve 3

20 % MAE 4.4803 1.2350 1.1504 6.86% 1.1170 2.90% 0.8926 22.41%
(o
Task 1 RMSE || 5.1580 1.5515 1.5195 2.06% 1.4846 2.30% 1.1781 22.47%
as
50% MAE 4.4989 1.3277 1.2804 3.57% 1.2388 3.25% 0.9728 24.03%
0
RMSE || 5.1736 1.6644 1.6380 1.59% 1.6782 -2.45% 1.3077 20.17%
20% MAE 4.1831 1.1162 0.9970 10.68% 1.0242 -2.73% 0.7974 20.02%
0
Tosk 2 RMSE || 4.7536 1.4120 1.3317 5.69% 1.3104 1.60% 1.0623 20.16%
as
50% MAE 4.2288 1.1832 1.0894 7.93% 1.0710 1.69% 0.8313 23.69%
0
RMSE || 4.7920 1.4981 1.4395 3.91% 1.3907 3.39% 1.1093 22.94%
20% MAE 4.4873 1.3524 1.2286 9.15% 1.1891 3.22% 0.9162 25.43%
/0
Task RMSE || 5.1672 1.6737 1.6085 3.90% 1.5469 3.83% 1.2143 24.51%
as
S0% MAE 4.5073 1.4723 1.3764 6.51% 1.3480 2.06% 1.0357 24.75%
507%
RMSE || 5.1727 1.8000 1.7447 3.07% 1.8077 -3.61% 1.4067 19.38%

RMSE and MAE, as discussed in section 3.3.2. The results are presented in Table 3.2,
along with bar charts in Figures 3.2, 3.3, 3.4, and 3.5 that display the RMSE and MAE of
all models (except TGT due to its poor results) with 3 values of 20% and 50%, respectively.
The figures show that our model shows superior performance by achieving lower RMSE
and MAE scores than all other models, regardless of 3 values, illustrating its robustness
and stability. The key difference between fine-tuning and no fine-tuning in Table 3.2 lies
in the optimization of model hyperparameters. In the fine-tuning setting, we performed a
grid search to select the best values for several hyperparameters, including learning rate,

number of epochs, activation function, dropout rate, number of layers, and momentum.

Table 3.2 shows that the TGT model performs poorly compared to other models, and

we can understand that using an auxiliary domain could significantly enhance the results.
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Table 3.3: Average results of 3 cross-domain tasks with different 3 values, including Pre-

cision, Recall, and F1-Score.

Tasks || 8 || Metric || EMCDR | PTUPCDR | DPTUPCDR

Precision 0.5293 0.5001 0.5547

20 Recall 0.1806 0.3949 0.5023

Tosk 1 F1-Score 0.1852 0.4274 0.5069
Precision 0.5339 0.5067 0.5410

50 Recall 0.1699 0.4266 0.5180

F1-Score 0.1697 0.4489 0.4974

Precision 0.4656 0.4582 0.5410

20 Recall 0.3088 0.3694 0.4310

Task 2 F1-Score 0.3313 0.3879 0.4353
Precision 0.4629 0.4506 0.5194

50 Recall 0.2777 0.3772 0.4234

F1-Score 0.2924 0.3941 0.4293

Precision 0.5260 0.5038 0.5496

20 Recall 0.1502 0.3875 0.4879

Tosk 3 F1-Score 0.1511 0.4262 0.5017
Precision 0.5395 0.5020 0.5297

50 Recall 0.0864 0.3402 0.4281

F1-Score 0.0625 0.3881 0.4583

Based on the evaluation results, the proposed model outperformed all other models, includ-
ing the state-of-the-art PTUPCDR, by an average of 10% in terms of RMSE and MAE.
The bar chart also demonstrates that DPTUPCDR is superior to all other models, as it
consistently shows the lowest RMSE and MAE across all 5 values. Overall, the evaluation

results indicate that the proposed model is more efficient than existing models in the field.

Additionally, Precision, Recall, and F1 Score were included in our evaluation, as shown
in Table 3.3. These metrics allowed us to more fully understand the model’s capability to
identify relevant items efficiently, which is a reflection of its practical utility in real-world
recommender systems. The proposed model consistently outperformed all other models

across these metrics. The model is shown to be capable of both predicting user preferences
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accurately as well as balancing precision and recall, which is critical to minimizing false

positives and false negatives.

These additional metrics are being evaluated as they directly correlate with user expe-
rience in recommender systems. The precision of the recommendations reduces the risk of
overwhelming users with irrelevant recommendations. Recall, on the other hand, ensures
that a significant proportion of relevant items is identified, thus improving the coverage of
the system. With the F1 Score, we can assess the performance of a model holistically by

taking into account both aspects.

It should be noted that these results are less than those typically observed in simpler
ML tasks, such as binary classification, which is because the problem at hand is far more
complex, involving multiple classes derived from the rating scale, making it significantly
more challenging for the model to predict the correct class. Furthermore, the evaluation
is conducted using a cold-start scenario in which no prior user data exists in the domain
of interest, affecting learning signal availability. Despite these difficulties, the model’s
adaptability and robustness shine through and underscore its ability to overcome domain
discrepancies and deliver precise, relevant recommendations in diverse cross-domain rec-

ommendation tasks.

3.3.7 Impact of the Hyperparameters

The choice of hyperparameters significantly influences deep learning models’ performance.
Several hyperparameters need to be adjusted, and we conducted a series of experiments to
examine the impact of different hyperparameter settings on the performance of the pro-
posed model. As explained earlier, we used grid search to systematically explore different

values, and the detailed findings for each hyperparameter are reported below.

Learning Rate. We used the OneCycleLR scheduling method to adjust the learning
rate during training, which improved deep learning models’ convergence speed and accu-

racy. We found that setting the maximum learning rate to 0.02 and the minimum learning
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Figure 3.2: Comparative analysis of MAE across different models for three tasks at g = 20.
Results indicate the improved performance of DPTUPCDR-FT in minimizing MAE across
all tasks.

rate to 0.0001 achieved the best performance for our model. As we increased and decreased

the starting learning rate, we found that the model could not converge within 15 epochs.

Epoch. By adding more epochs, we realized that the results did not improve but rather
that the computation time increased. It is recommended that the OneCycleLLR scheduling

method be used with a cycle length of 15 epochs for all three tasks.

Activation Function. An activation function should be selected based on the specific
problem to be addressed and the architecture of our DNN. Our experiments suggest that the
ELU as the activation function improves accuracy compared to the ReLLU. Its smoothness

and ability to produce negative output values to adjust weights properly in deep models
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Figure 3.3: Comparative analysis of RMSE across different models for three tasks at g = 20.
DPTUPCDR-FT demonstrates the lowest RMSE values, confirming its effectiveness.

explain its superiority over ReLLU.

Dropout. After evaluating the model’s performance for different 3, we observed that
increasing the dropout rate decreased performance. Therefore, we selected a dropout rate

of 0.1 for the encoder and 0.2 for the meta-network.

Number of Layers. A neural network with many layers can learn complex patterns
and relationships from data. The downside of having too many layers is that they can
also result in over-fitting, where the model cannot generalize well to new data. Through
empirical experimentation and testing, we have found that a neural network with four
layers performs well.

)

Momentum. The momentum parameter, which is like a “memory” in a neural net-
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Figure 3.4: Comparative analysis of MAE across different models for three tasks at g = 50.
DPTUPCDR-FT outperforms other models by consistently achieving lower MAE values.

work, can adjust the pace of the optimization process. Although momentum can speed up
the optimization process, it may also lead to overshooting the optimal solution. With a

momentum of 0.9, we achieved the best performance for our model.

These experiments illustrate the importance of hyperparameter tuning for deep learning-
based CDR models. We find that careful selection and fine-tuning of hyperparameters is

critical to achieving the best performance of models based on deep learning.
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Figure 3.5: Comparative analysis of RMSE across different models for three tasks at 8 = 50.
The results highlight the consistent reduction in RMSE achieved by DPTUPCDR-FT.

3.4 Discussion

Our study aimed to improve cold-start recommendations accuracy by utilizing personal-
ized bridge functions to capture users’ unique preferences. While the literature shows that
most previous studies [12,14,31,43,69] have demonstrated the effectiveness of their meth-
ods in extreme cold-start scenarios using simple base models, these models are limited in
their ability to extract users’ characteristics since they rely on a single common bridge
function and lack the sophistication needed to identify specific behaviors. To address this
limitation, our model, as well as the one proposed by Zhu et al., utilizes a personalized
bridge function to accurately capture users’ preferences and provide more precise recom-

mendations than previous models. While a general function that applies to all users can
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increase the model’s generalization, our study suggests that its simplicity can reduce the
effectiveness of recommendations in the target domain. Therefore, using a personalized ap-
proach, as demonstrated by our model and Zhu et al.’s model, can provide more accurate

recommendations by capturing users’ unique preferences and behaviors.

In recommender systems, MAE and RMSE are widely regarded as the most important
metrics because they directly quantify the difference between predicted and actual ratings,
offering precise insights into a model’s accuracy. While Precision, Recall, and F1 Score
are more commonly used for classification tasks, we applied a threshold to define classes
in our study to evaluate these metrics. This approach allowed us to demonstrate the
superior performance of our model not only in terms of MAE and RMSE but also across
these classification-inspired metrics. However, it is crucial to note that MAE and RMSE
remain the most relevant metrics for recommendation systems, as they directly reflect
the accuracy of predicted ratings, which is the primary goal of such systems. Including
additional metrics provides a more comprehensive evaluation, but their importance should

be considered secondary.

Additionally, our results highlight both the strengths and limitations of our approach re-
garding its applicability across different domains. Our method performs exceptionally well
in entertainment-related areas such as movies, music, and books, where user preferences
tend to be more consistent. In these cases, recommendation decisions largely rely on under-
lying user characteristics. However, our model may not generalize effectively to domains
that involve high-stakes decisions, such as healthcare, finance, or critical decision-making
tasks. In these contexts, recommendations must consider explicit domain knowledge, com-

ply with regulations, and adhere to ethical standards.

Our proposed model and Zhu et al.’s model are the only ones currently using personal-
ized bridge functions. However, our model differs from the state-of-the-art model in two key
ways. Firstly, we utilized deep learning models to better and more efficiently understand
users’ source domain preferences and extract them for predicting their target domain pref-

erences. This is because shallow models can only identify superficial patterns and cannot
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identify latent characteristics, which deep learning models better capture. Secondly, we
have carefully selected the OneCycleLLR learning rate scheduler and ELU as the activation
function in contrast to the state-of-the-art model, which uses ReLU and a fixed learning
rate. Our study highlights the importance of carefully selecting the learning schedule and
activation function to develop successful deep-learning models that achieve optimal accu-
racy and faster convergence. Furthermore, we found that Dropout and Momentum helped
our model learn patterns rather than memorize them, improving accuracy. In contrast, the
state-of-the-art model did not apply these principles. Our study provides insights into de-
veloping successful deep-learning models for cold-start recommendation systems that can

improve accuracy and offer users more personalized recommendations.

3.5 Summary

This research investigates the concept of CDR, which transfers user preferences from a
rich domain to a target domain using a personalized bridge function for each user. To
learn the implicit underlying user’s characteristic patterns and to address cold-start users
with no interactions, we proposed the DPTUPCDR model. Our model outperformed ex-
isting state-of-the-art approaches in terms of MAE, RMSE, Precision, Recall, and F1-Score
showcasing its effectiveness in addressing the cold-start issue. In addition, we conducted
comprehensive experiments on Amazon real-world datasets and analyzed the impact of
various hyperparameters on model performance. The results highlighted the significance
of hyperparameter tuning and the advantages of using deep learning techniques, such as
OneCycleLLR learning rate scheduling and ELU activation function, to improve recom-
mendation accuracy. Our research contributes to the field of recommender systems by
addressing the cold-start problem, improving recommendation accuracy, and demonstrat-
ing the significance of hyperparameter tuning and deep learning techniques in developing

successful CDR models.
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Chapter 4

Layer Depth Matters: The
Goldilocks Effect in Deep

Cross-domain Recommendation

4.1 Introduction

This chapter extends the analysis of the DPTUPCDR model by focusing on the impact of
architectural configurations, particularly layer depth, on its performance. Building upon
the work presented in the previous chapter, this chapter explores additional experiments to
validate the efficiency and scalability of the proposed model. A step further is the inclusion
of all combinations of Music, Books, Movies, and Kindle Store domains in pairwise and vice-
versa scenarios. The evaluation includes varying layer depths, ranging from 4 to 9 layers,
and their effects on key metrics such as MAE and RMSE. Statistical analyses, including
paired t-tests and Wilcoxon signed-rank tests, are conducted to assess the significance of
the performance differences. Additionally, this chapter investigates computational costs,
highlighting trade-offs between model complexity, accuracy, and training efficiency. The

findings offer practical insights into optimizing the architectural design of deep learning-
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based recommendation systems for real-world applications.

While the experiments aim to identify optimal architectural configurations, understand-
ing theoretical guidelines for designing neural networks is equally important. Existing
heuristics and theoretical approaches provide valuable insights into constructing neural
networks but often fail to address specific challenges posed by deep architectures. Accord-
ing to Blum [1], a rule of thumb is that the hidden layer should have a size between the size
of the input layer and the size of the output layer, while Boger et al. suggest setting a limit
on the number of hidden nodes to capture 70-90% of the variance of the input dataset [2].
As helpful as these blind rules are as a starting point for constructing a neural network,
they ignore several factors, such as the size of the dataset in the Blum strategy and the

number of features and relations between them in the Boger strategy.

To address these limitations, researchers suggest using data-driven approaches to choose
the optimal neural network architecture based on the characteristics of the dataset, such
as dimensionality, distribution, and complexity. Among these approaches, Evolutionary
Algorithm (EA), inspired by the natural selection process, iteratively evolves a population
of potential architectures over multiple generations to discover configurations that exhibit
superior performance on a given task and have been gaining traction as a powerful tool
for determining the optimal number of nodes and layers [5, 13]. Using Genetic Algorithm
(GA), Fiszelew et al. [13] calculated the fitness functions for all chromosomes in which
each has a distinct structure and tried to minimize prediction error. Chhachhiya et al. [7]
recommended using Particle Swarm Optimization (PSO) [10] in which each structure is a
particle, and all particles seek the global optimum using social and cognitive components.
Despite the fact that these EAs can provide appropriate results, calculating the fitness
function for each is computationally expensive. Moreover, these algorithms often require
many iterations to converge, heavily rely on defining a suitable fitness function, and can

get stuck in local optima.

Alongside EA, algebraic methods such as SVD have also emerged as an influential av-

enue. As a linear algebra technique, it can be used to uncover hidden patterns in large
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datasets and facilitate feature extraction and dimensionality reduction [55], which can in-
form the design of neural network architectures. A notable application is demonstrated
by Cia et al. [3], who proposed using it to address time complexity and use dataset char-
acteristics to estimate the number of hidden nodes in a single-hidden-layer feed-forward
neural network. Although their method elegantly finds the number of hidden nodes in a
single-hidden-layer neural network, it does not apply to a deep architecture, leaving the

challenge of overfitting unsolved.

In our research, we have made two main contributions. First, we provide insights and
empirical evidence regarding the optimal layer depth. Second, we contribute to understand-
ing deep learning model design in the context of recommendation systems by emphasizing

the advantages of simpler architectures.

4.2 Model

The proposed DNN architecture is designed with three main components: input, hidden,
and output layers, each contributing to the overall transformation of raw data into mean-
ingful predictions. Figure 4.1 illustrates the entire architecture, showcasing how input
features flow through hidden layers and are processed to generate final outputs. The in-
put layer consists of nodes {xg,x1, z,...,x,}, where each node corresponds to a feature
of the input dataset. These features include numerical values, categorical encodings, or
other pre-processed representations. This layer serves only as a conduit, forwarding the

raw features to the hidden layers without any transformation.

The hidden layers, denoted by {a;;}, are the core computational units where most
learning occurs. Each hidden layer applies a weighted sum of its inputs, combined with
biases, and processes the result through a non-linear activation function, as depicted in
Figure 4.2. These layers are fully connected, meaning each node in a layer is connected to
every node in the preceding layer, ensuring comprehensive interaction between all features

and learned parameters. The number of hidden layers and the number of nodes per layer
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Figure 4.1: A general architecture of a deep feed-forward neural network with j hidden
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layers, W), as weights for the k-th layer, (aox, a1k, asg, ..., @i, k) as neurons of the k-th

hidden layer, (xq, z1, za, ..., ;) as input, and (y1, Y2, ..., Ym) as output.

were optimized empirically to achieve a balance between model complexity and perfor-
mance. Dropout regularization was applied during training to deactivate a random subset
of neurons, reducing overfitting and improving generalization. In this thesis, when we refer
to an n-layer model, we mean a network composed of n — 1 hidden layers and one output
layer, excluding the input layer. For example, a “4-layer model” consists of 3 hidden layers

followed by 1 output layer.

The computations within each neuron follow a structured process. Inputs from the
previous layer, represented as a vector [r1,xs,...,x,], are aggregated into a single value

using a weighted sum W0DT X061 combined with a bias term. This weighted sum is
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Figure 4.2: An overview of the stages involved in computing each neuron, including the

aggregation of weights W1 and input X~ and the application of the ELU activation
function to obtain the output X@.

then passed through the ELU activation function:

z if 2>0
f(z) =
alexp(z) —1) if 2 <0
where a controls the saturation level for negative inputs. We choose this activation
function for its ability to maintain effective gradient flow during backpropagation, address-
ing issues of vanishing gradients that can impede learning in deeper networks. Unlike
simpler activation functions such as ReLU, it provides smooth transitions for negative

values, enhancing convergence and stability during training.

The output layer consists of nodes {y1, ¥, ..,yn}, which correspond to the model’s
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predictions. Depending on the task, these outputs may represent probabilities for classifi-
cation tasks, continuous values for regression, or other tailored outputs. The final archi-
tecture ensures that the model can capture complex relationships between input features

while maintaining computational efficiency.

Figures 4.1 and 4.2 provide a detailed representation of the model’s architecture and in-
ternal computations. Figure 4.1 emphasizes the hierarchical nature of the DNN, where data
flows sequentially through layers, each learning progressively abstract representations. Fig-
ure 4.2 focuses on the neuron-level computations, demonstrating the weighted aggregation
of inputs, the application of the ELU activation function, and the generation of outputs for
subsequent layers. Together, these figures illustrate the transformation pipeline from raw
features to final predictions, highlighting the interplay between architectural components

and computational processes.

The architecture was optimized through systematic experimentation. Hyperparame-
ters such as the learning rate, number of hidden layers, and nodes per layer were tuned
to maximize performance on benchmark datasets. Dropout regularization was applied to
prevent overfitting, with a dropout rate selected based on empirical evaluation. The train-
ing was conducted using backpropagation and SGD, with convergence monitored through

validation loss and accuracy metrics.

The proposed architecture integrates domain-specific optimizations to address chal-
lenges in recommendation systems, such as sparse data and the cold-start problem. The
model’s design ensures scalability, adaptability, and robustness across different datasets
and applications. By leveraging the strengths of ELU activation, dropout regularization,
and fully connected layers, the architecture achieves a balance between complexity and

performance, making it well-suited for practical deployment in recommendation systems.

As deep learning in recommender systems has grown in popularity [68], both indus-
try and academia have competed to apply deep learning to a wide range of applications to
solve many complex problems and provide state-of-the-art solutions [3]. By combining deep

neural networks and using knowledge from a rich domain, we can make better recommen-
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dations even in this cold-start situation, as previous studies have suggested [31,13,19,73].
However, choosing an optimal architecture for a specific task is not trivial, as various mod-
els exist to consider [32]. As a result, it is imperative to spend the necessary time and effort
selecting an appropriate architecture for our deep model. In this study, we aim to identify
the optimal layer depth for achieving practical CDR by examining the performance of deep

learning architectures with different layers.

4.3 Experiments

In this section, we perform a complete empirical investigation to verify the subtleties of our
proposed model. Our exploration is structured to evaluate the architecture and effective-
ness of the model in various application settings focusing on e-commerce environments. We
start by presenting two research questions, which form the foundation of our experimental

inquiry:

1. Does a four-layer architecture, identified as optimal in previous studies, maintain
its scalability, efficiency, and performance across other application contexts, thus

confirming our prior findings?

2. What advantages or limitations does the four-layer architectural choice present in
e-commerce environments, and what are the implications of these findings in user

experience enhancement and system efficiency in cold-start scenarios?

To begin with, we describe the datasets used in our experiments to lay the groundwork
for our empirical analysis. Next, we explain the experimental settings, implementation
details, and procedures employed to ensure thorough testing and validation of our model.
Then, we explore the outcomes of our experiments and conduct a thorough statistical
analysis to provide a reliable quantitative evaluation of the results and frame conclusions

to understand the broader implications of our findings. This section ends with an analysis
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of the complexity of our model, which offers valuable insights into its practical applicability

and performance efficiency in real-world situations.

4.3.1 Dataset

In this section, we build upon the dataset described in the previous chapter, extending
its use further to evaluate the proposed model’s efficiency and scalability. It focuses on
the categories of Books, Movies, Music, and the Kindle Store. We selected these domains
because of their high levels of engagement and the diverse types of visual, auditory, and
textual content they provide, which are essential for e-commerce recommendation systems.
This dataset, which c