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Abstract
This dissertation presents a multi-model hybrid recommendation approach aimed at enhancing recommenda-
tion systems’ performance. The approach integrates content-based recommendation, collaborative filtering,
and clustering techniques to exploit the strengths of each method. We discuss the architecture and moti-
vation behind our approach, along with its objectives, expectations, limitations, and potential challenges.
The proposed model incorporates visual data processing through deep feature extraction techniques, as well
as textual-based models utilizing word and sequence embedding learning. We also detail collaborative fil-
tering recommendation using similarity metrics, alongside clustering techniques including deep contrastive
clustering. for further enhancement, we explore the hybridization of these methods to further improve rec-
ommendation accuracy. Experimental results and discussions are also displayed at the end of our paper,
offering insights for future research in recommendation system development.

Key-words: Artficial Intelligence, Collaborative Filtering, Visual Data Integration, Recommender Sys-
tems, Content-Based Recommendation, Feature Extraction.

Résumé
Cette dissertation présente une approche de recommandation hybride multimodèle visant à améliorer les
performances des systèmes de recommandation. L’approche intègre des techniques de recommandation basées
sur le contenu, de filtrage collaboratif et de clustering pour exploiter les atouts de chaque méthode. Nous
discutons de l’architecture et de la motivation derrière notre approche, ainsi que de ses objectifs, attentes,
limites et défis potentiels. Le modèle proposé intègre le traitement des données visuelles grâce à des techniques
d’extraction de caractéristiques approfondies, ainsi que des modèles textuels utilisant l’apprentissage par
intégration de mots et de séquences. Nous détaillons également les recommandations de filtrage collaboratif
utilisant des métriques de similarité, ainsi que des techniques de clustering, notamment le clustering contrastif
profond. pour une amélioration supplémentaire, nous explorons l’hybridation de ces méthodes pour améliorer
encore la précision des recommandations. Les résultats expérimentaux et les discussions sont également
présentés à la fin de notre article, offrant des perspectives pour les recherches futures sur le développement
de systèmes de recommandation.

Mots-clés : Intelligence Artificielle, Filtrage Collaboratif, Intégration de Données Visuelles, Système de
Recommendations, recommandation basée sur le contenu, extraction de fonctionnalités.

ڲڪٌۘ
واܳٺݱڰ٭۰ ا௱௯௫ٺިى، আॻ༟ ۰ஓ୴؇اܳگ اܳٺިݬ٭۰ اዛዊܳھ ۱ڍا ༇ံࣖࢴ اܳٺިݬ٭۰. أَޙ۰݄ أداء ّأݞߌ߳ ሌᇿإ ዛኗڎف اࡺ࢕ࢦ؇ذج ݁ٺأڎد ඔ൹᛻෠඾ ّިݬ٭۰ ዛኡھ اৎ৊ڍாணة ۱ڍا ّگڎم
وොູڎل؇ّ۬ وڢ٭ިده وّިڢأ؇ّ۬ أ۱ڎاڣ۬ ೞ಻؇༥ ሌᇿإ ዛኡ۠ٷ؇، وراء واᄴᄟواڣؕ اܳٴྡྷ٭۰ ਍಻؇ڢݷ لگ۰. ޗݠ ႟၍ ሒᇭ اܳگިة َگ؇ط ৖৑ݿٺ؞ఈఃل اܳٺ݄۠٭ؕ وّگٷ٭؇ت ،۰ਃ಻اܳٺأ؇و
ّأ޺޾ ૭૜ٺ༱ڎم มฆܳا اܳٷݱ٭۰ اࡺ࢕ࢦ؇ذج ሌᇿإ ً؇৕৑ݪ؇ڣ۰ اܳأ݄٭گ۰، ا଩ଃৎ৊ات اݿٺۛݠاج ّگٷ٭؇ت ఈః༠ل ݆݁ ۰ਃಮݠৎ৊ا اܳٴ٭؇َ؇ت ۰੊݁أ؇ࠍ اৎ৊گଫଐح اࡺ࢕ࢦިذج ਐಱݯ݄݆ .ᄭᄥ݄ٺ௱௯௫ا
ዻዧذ ሒᇭ ؇ஓ୾ اܳٺ݄۠٭ؕ ّگٷ٭؇ت ؕ݁ ۏٷص ሌᇿإ ۏٷٴً؇ اܳྥލ؇ً۬، ݁گ؇྘཯ݴ ً؇ݿٺ༱ڎام ۰ਃ಻اܳٺأ؇و اܳٺݱڰ٭۰ ّިݬ٭؇ت ਐಸڰݱ٭ܭ ألݯً؇ َگިم واܳྥފܹފܭ. اగၵၽܳ؇ت ඔ൹ّ݄ݯ
ሒᇭ اܳٺ۠ݠ཯ྟ٭۰ واৎ৊ٷ؇ڢލ؇ت ༇຀؇اܳٷٺ ؜ਵض ألݯً؇ لࡤࡲ اܳٺިݬ٭۰. دڢ۰ ඔ൹ފොູ ل؇دة ෑෂ ا৙৑ݿ؇ܳ٭ص ۱ڍه ඔ൹༶ዛኤ ૭૙ٺܝލژ اܳٺأݞߌ߳، ݆݁ ৎ৊ݞࢴࣖ اܳأ݄٭ݑ. દઊ؇ٺٴৎ৊ا اܳٺ݄۠٭ؕ

اܳٺިݬ٭؇ت. َޙ؇م ّޚިߌߵ ሒᇭ اৎ৊ފٺگٴܹ٭۰ ොຳఋዳዧ؇ث رؤى لިڣݠ ؇ᆙᆘ ورڢٺٷ؇، ዛኡ؇ل۰
ا଩ଃৎ৊ات. اݿٺఈః༱ص ا௱௯௫ٺިى، ሌᇿإ اৎ৊ފྥٷڎة اܳٺިݬ٭۰ اܳٺިݬ٭۰، أَޙ۰݄ ،۰ਃಮݠৎ৊ا اܳٴ٭؇َ؇ت Ⴄၽّ݁ܭ ،۰ਃ಻اܳٺأ؇و اܳٺݱڰ٭۰ ،ሒᇼ؇ݬޚٷ৖৑ا اिऻء׫ոؼמ١:اႤ၍ᄳᄟء اڤոஈ࿦࿮ت
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Introduction

General Presentation of The Thematic
In the realm of data analytics, a wide variety of data sources has emerged, including user behavior

data such as click patterns, browsing histories, and purchase behaviors. One of the significant challenges
is recommending items for new users, often referred to as cold users, who have limited interaction history.
The main challenge lies in providing accurate recommendations for these cold users due to the sparse data
available. To address this, advanced algorithms that combine various types of data are increasingly employed
to enhance recommendation accuracy and relevance.

In addition to behavioral data, additional data sources like textual reviews and images further enrich
the potential for comprehensive data analysis. Textual reviews offer deeper insights into user sentiments
and preferences, while images can reveal aesthetic preferences and contextual usage of products. Integrating
these additional data sources with traditional user behavior data through advanced algorithms significantly
enhances the robustness of predictive models. Moreover, grouping users with similar behaviors or preferences
can help address the sparsity problem for cold users. By leveraging all these data types, our goal is to develop
a reliable and accurate recommender system.

Problematic
The state-of-art analysis made prior to the making of this study has showed us that recommender sys-

tems have significantly evolved, with advancements in collaborative filtering, content-based filtering, and
hybrid approaches, each offering unique strengths and challenges. The integration of visual data is emerging
as a pivotal frontier in recommendation technology, promising to enhance recommendation accuracy and
user satisfaction. Thus, the potential benefits are substantial, with deep learning architectures and hybrid
approaches paving the way for more effective recommendations.

Incorporating visual information into recommender systems is a complex task that aims to improve their
precision and dependability. A popular strategy involves merging User-Based Collaborative Filtering (UBCF)
with Content-Based Filtering (CBF) methods. This fusion allows for the utilization of user tastes and item
characteristics to create tailored and pertinent suggestions. Numerous experts have explored this challenging
concept, employing various strategies to enhance the effectiveness of these systems.

The motivation behind exploring this integration lies in the limitations of traditional recommendation
approaches. While UBCF relies on user-item interactions to make recommendations, it often suffers from
the cold start problem, where new users or items lack sufficient interaction data. On the other hand, CBF
leverages item features to make recommendations, but it may overlook the dynamic nature of user preferences
and interactions.

Our goal is to improve recommender systems by including visual data in the recommendation process.
Images connected to items can offer valuable context that goes beyond typical user-item interactions. This
extra information allows us to better understand user preferences and item traits, resulting in more precise
and individualized recommendations.

The core problem lies in how to seamlessly integrate visual data with existing recommendation techniques
to improve recommendation accuracy and user satisfaction. How can we effectively combine user-item inter-
action data, item attributes, and visual features to create hybrid recommendation models that outperform
traditional methods? Moreover, how can we ensure that these models remain scalable, robust, and adaptable
to evolving user preferences and changing item landscapes? These are the questions that drive our work.
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Our work will focus on exploring modern techniques and methodologies for incorporating visual data into
recommendation algorithms. By leveraging modern machine learning and data mining techniques, we seek to
develop a hybrid recommendation model that seamlessly integrate visual cues with traditional user and item
features. Through this approach, we aim to improve the accuracy, relevance, and robustness of recommender
systems in various domains.

Multi-Model Hybrid Recommendation Approach
In this section, we provide a comprehensive overview of the specific approach adopted in this research

to address the challenges and objectives outlined in the preceding sections. The chosen approach represents
a fundamental aspect of our methodology and serves as the guiding framework for our investigation into
enhancing the accuracy and reliability of recommender systems through the integration of visual data as well
as textual data to increase the effectiveness of our approach, and to augment the chances of exploiting our
visual data at its peak potential.

At the heart of our research is the integration of visual data into recommendation systems, a process with
great promise for improving the accuracy and relevance of recommendations. The approach we selected in-
volves leveraging User-Based Collaborative Filtering (UBCF) and Content-Based Filtering (CBF) techniques,
combined with innovative methodologies to incorporate visual cues extracted from images of elements. This
hybrid approach capitalizes on the strengths of UBCF and CBF while mitigating their respective limitations,
providing a holistic solution to the challenges of recommendation in the era of multimedia-rich content.

Description
Our approach involves a multi-faceted methodology that integrates user-item interaction data (ratings),

item attributes (textual descriptions), and visual features to create hybrid recommendation models. These
models aim to provide personalized and contextually relevant recommendations by combining collaborative
filtering, content-based filtering and visual data analysis techniques. Through a systematic process of data
collection, preprocessing, feature extraction, and algorithm development. We will obviously begin with
sampling as well as organizing the data, followed by preprocessing of this data, after that we will take care of
recovering insights from the visual and textual data of our dataset which we will use in our CBF algorithm,
then the UBCF algorithm will be implemented subsequently as well as some clustering techniques that will
help us group similar users and improve the UBCF results. We will try to evaluate the performance of
the algorithms under different configurations, to finally try to combine the two approaches through hybrid
techniques.

Motivation
Our approach should be supported by the increasing amount of multimedia content available online,

which offers a chance to improve the accuracy of recommendations. By utilizing a range of data sources,
such as user interactions, item attributes, and visual clues, we can gain a thorough understanding of user
preferences and item qualities. Adding visual features enhances our recommendation models by offering more
context and relevance. Our structured approach guarantees reliable and adaptable recommendation models,
with assessments focused on improving performance across different setups. Ultimately, our goal is to create
recommendation models that are both effective and scalable, and our approach will definitely help increase
our chances in achieving that, as the structure and the sequential organization of our approach will help us
control and evaluate, and adjust each part of the process.

Objectives and Expectations
We aim to achieve several key objectives:

- Enhance recommendation accuracy and relevance: The primary objective of this project is to
improve the accuracy of recommender systems by incorporating visual data into the recommendation process

- Ensure Scalability and Robustness: It is essential to ensure that the hybrid recommendation models
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developed in this project remain scalable, robust, and adaptable to evolving user preferences and changing
item landscapes.

- Develop Innovative Methodologies: Our project will focus on exploring modern techniques and
methodologies for incorporating visual data into recommendation algorithms.

- Evaluate Performance: A critical aspect of this project is to evaluate the performance of the developed
recommendation models in terms of accuracy, relevance. and dive into the characteristics of our data, in order
to find accurate ways to measure the right metrics.

Our expectations for this project are straightforward. We expect that by incorporating visual data into
recommender systems, we will see improvements in recommendation accuracy and relevance. This project
serves as an exploration into modernizing recommendation techniques, aiming to lay a basic foundation for
further understanding and implementation in this area. Our goal is to gain insights into how visual data
can enhance traditional recommendation methods, with the hope of creating more effective recommendation
systems in the future.

Limitations and Potential Challenges
Despite the potential benefits of our proposed approach, it is not without significant challenges that

necessitate careful consideration. We anticipate several limitations and potential obstacles, including the
complexity of integrating diverse data sources, the scalability of recommendation algorithms, and the inter-
pretability of visual features. Addressing these challenges will require careful consideration and innovative
solutions to ensure the success of our research, some of the issues we might face along the process are :

- Amount of Code Required: Integrating visual data into a recommender system might require heavy
amounts of code on preprocessing, feature extraction, and implementation of the recommendation algorithms.
Managing and maintaining this codebase can get complicated, especially in larger-scale projects.

- Lack of Data: Obtaining sufficiently large and diverse visual datasets is often a hard task. A lack
of data might hinder the full capture of user preferences and characteristics of items by recommendation
models.

- Sparse Data: Interaction data are often sparse, meaning many items are not rated by the majority of
users, which makes it difficult to generate accurate recommendations, especially for new users or unpopular
items.

- Inaccurate Data: Visual data can sometimes show errors or impreciseness, affecting the validity of
the generated recommendations. Cleansing and validating visual data is needed to ensure the reliability of
recommendation models.

- Data Not Meeting the 4 Vs: It’s not always true that visual data follows the ”4 Vs” of the dataset
being processed. It is not easy to find databases whose set of items is large and their users are varied, being
regularly updated, and relevant for making recommendations.

- Resource Constraints: This includes the necessity of hardware resources required for processing
and analyzing large amounts of visual data. Inadequate hardware resources may include high storage and
computational capabilities, limiting efficient processing and training of accurate recommendation models.

- Algorithm Complexity: Combining the effects of user-based collaborative filtering, content-based fil-
tering, and visual data analysis techniques to develop effective hybrid recommendation algorithms is challeng-
ing. Balancing the complexity of the algorithm with performance and scalability requires careful optimization
and testing.

- Evaluation Metrics: The choice of proper metrics to evaluate the performance of recommendation
models is of prime importance. The choice of which metrics would best reflect quality recommendations,
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particularly in the context of visual data, requires exhaustive experimentation and analysis.

Applications
Our approach is modular and can be used in several domains, starting with e-commerce and multimedia

content, moving to social media, personalized advertising, and culinary platforms. In the context of our work,
our hybrid recommendation model will provide recommendations on recipes according to user preferences.
Through the analysis of users’ interactions, product attributes, and recipes’ visuals, we seek to provide
personalized and visually appealing suggestions. From a quick weeknight dinner to an indulgent dessert, our
models offer several items to improve user culinary experiences.

Conclusion
In this introductory chapter, we have elucidated the relevance of our approach to further improve recom-

mendation accuracy and relevance. We outlined our research motivation, which shows the limitations of the
traditional approaches to recommendations and the potential of infusing visual information into recommen-
dation procedures.

Future chapters will delve into the methodology, conception of our approach. Chapter 3 will cover our
approach in the implementation of the recommendation models, detailing the technical aspects and challenges
encountered in the process, we will also present the results of the experiments and evaluations conducted to
judge the performance of the recommendation models developed.

This concludes the document in Chapter 4 with discussion of the findings, implications, and future
directions for the research in the field.
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Chapter 1

Conception of Our Approach

1.1 Introduction

In this chapter, we will delve into the process of turning the approach described in last section, into life.
Our motivations, and objectives were clear, and the conception will follow that approach in an optimal and
concise way so we can maximize the chances of reaching the desire results and objectives. The next sections,
will be written to detail each step of the process and the proposed model, illustrating each specificity that
our system incorporate.

1.2 Initial Proposed Model

Our proposed model consists of a basic hybrid recommendation model composed by two baseline recommen-
dation algorithms (a) a user-based collaborative algorithm, and (b) a content based collaborative filtering
algorithm. This basic conception is designed to establish the essential foundations of our approach by inte-
grating simple user-item interactions (ratings), and employing a simple collaborative filtering.

As we progresses in this chapter, we introduce more specific enhancements to the model. We gradually
add additional improvements and more sophisticated components, such as the integration of item textual
descriptions, visual feature analysis, and advanced natural language processing methods. Each enhancement
is carefully justified and explained in the following subsections, demonstrating how it contributes to the overall
improvement of the model’s performance and our conception. Ultimately, these successive enhancements
culminate in a detailed and optimized model capable of providing personalized and contextually relevant
recommendations. This final model is comprehensively presented at the end of this section, with a clear
explanation of each component and its role in the overall system.

The general approach taken for this initial phase was a simple one to help us introduce the tools and
technologies, that fits best later on. Our approach revoloves around main axes that are :

• Data Collection and Organization: The first step involves sampling and organizing the data. The
data will be stored in a structured format suitable for further processing and analysis.

• Preprocessing: it is crucial to ensure the quality and usability of the data. This phase includes
cleaning the data, handling missing values, normalizing ratings, and extracting relevant features from
textual and visual data.
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• Feature Extraction: From the preprocessed data, we will extract features that will be used in
our recommendation algorithms. These features include user preferences, item attributes, and visual
characteristics of the items. This phase ensures that the data is transformed into a suitable format for
the recommendation algorithms.

• Algorithm Development: We will implement two primary algorithms: User-Based Collaborative
Filtering (UBCF) and Content-Based Filtering (CBF). UBCF will utilize user-item interaction data
to find similarities between users and recommend items based on similar user preferences. CBF will
leverage item attributes and visual features to recommend items similar to those the user has interacted
with in the past.

• Hybrid Recommendation Model: After developing the UBCF and CBF algorithms, we will eval-
uate their performance under different configurations. The final step involves combining the two ap-
proaches to create a hybrid recommendation model that leverages the strengths of both collaborative
and content-based filtering.

As an initial step, this approach appears promising and has the potential to provide favorable results.
However, to align with our goal of achieving the illustrated approach described earlier, we will examine
each process in detail to observe its development towards the final concept presented in the last section.
Ultimately, these iterative enhancements will result in a comprehensive and optimized model, which will
be thoroughly discussed at the end of this chapter. The final architecture will deliver personalized and
contextually relevant recommendations, demonstrating the evolution from a basic initial model to an advanced
hybrid recommendation system.

1.2.1 Basic Architecture

Building on the foundational elements discussed in the initial proposed model, we now delve into the initial
architecture of our recommendation system. This architecture serves as the starting point for our iterative
process of enhancements and optimizations. It’s designed to be straightforward yet relevant, providing a clear
framework for integrating the various components of our recommendation system. As illustrated in Figure
1.1, The core of the initial architecture comprises two primary recommendation algorithms: User-Based
Collaborative Filtering (UBCF) and Content-Based Filtering (CBF). UBCF analyzes user-item interaction
data to identify similarities between users and generate recommendations based on shared preferences. In
contrast, CBF leverages item attributes (textual data) and visual features to recommend items that are
similar to those the user has previously interacted with. Combining these two techniques, will then lead into
the final step that is hybridization.

Figure 1.1: Our Approach’s Architecture - Basic Model
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At this stage, the architecture is designed to allow for seamless integration and interaction between these
components. Data flows from collection and preprocessing to feature extraction, and finally to the recom-
mendation algorithms. This modular approach ensures that each component can be individually enhanced
and optimized without disrupting the overall system.

The model’s ability to adapt is fundamental to its effectiveness, and this adaptability relies on various
factors, such as the availability of diverse data types. Understanding the variations of the available data is the
first step in effectively modifying the model. Additionally, assessing the preprocessing required for the data
highlights the importance of ensuring data quality and compatibility with the model before implementation.

The core of our discussion centers on the necessity of employing suitable models during the feature
extraction phase to effectively process and extract features and insights from the data at hand. This choice
is related t the nature of the data under consideration. To expound upon this further, we will introduce the
subsequent chapter, which will delve into this topic with greater depth and specificity.

1.3 Content-Based Recommendation

We now delve into the core aspects of content-based recommendation. This section focuses on leveraging item
attributes, specifically textual descriptions and visual features, to generate personalized recommendations.

Content-based recommendation systems analyze the characteristics of items that a user has previously
interacted with to recommend similar items. This approach involves two main types of data: textual and
visual. Each type requires distinct preprocessing and feature extraction techniques to ensure the data is in a
suitable format for the recommendation algorithms.

In this chapter, we will systematically explore the methodologies and techniques used to process and
extract meaningful features from textual and visual data. The process begins with data organization, followed
by preprocessing to clean and prepare the data. This sets the stage for the crucial step of feature extraction,
where advanced models and techniques are employed to distill relevant features from the raw data.

Textual data, such as item descriptions, will be processed using natural language processing (NLP)
techniques. We will discuss various methods, starting with traditional approaches and advancing to more
sophisticated models like GloVe and BERT. These techniques help in capturing the semantic meaning and
contextual nuances of the text, which are critical for accurate recommendations.

For visual data, we will explore the use of deep learning models such as VGG16 for feature extraction.
Visual features can provide valuable insights, especially in domains like fashion, art, and retail, where the
appearance of an item plays a significant role in user preferences. We will delve into the specifics of how
these models are fine-tuned and optimized for our recommendation tasks.

1.3.1 Visual Data

In the following, we explore techniques for extracting valuable insights from visual data, including data clean-
ing, feature extraction, and optimization of computational workflows. By leveraging these methodologies, we
aim to enhance the utility and relevance of visual data for content-based recommendations. Through a series
of case studies, we demonstrate the application of these techniques in real-world scenarios, highlighting their
effectiveness in improving recommendation outcomes.
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1.3.1.1 Image Selection

Sometimes, when dealing with an abundance of visual data related to a specific item, it becomes necessary
to manage this data effectively through various methods such as combination, merging, and selection. These
techniques help in reducing redundancy, ensuring quality, and enhancing the utility of the images for further
processing or analysis [5].

• Combination: This involves creating a composite image from multiple images of the same item.
Techniques such as image stitching and blending can be used to combine images, providing a more
comprehensive view of the item.

• Merging: This method entails fusing the most relevant parts of different images into a single im-
age. Merging can be beneficial when different images contain unique information about the item, and
combining these details results in a richer representation.

• Selection: This approach focuses on choosing the best image from a set based on specific criteria.
Selection helps in identifying the most representative and high-quality image, which is crucial for
applications where a single image needs to be displayed or processed further.

In our case, we focus on image selection, where we aim to choose the best image from a given set based
on the concept of entropy. Entropy, in this context, measures the amount of information or randomness in
an image. Higher entropy indicates a more detailed and informative image. Therefore, by calculating the
entropy of each image, we can select the one with the highest entropy as the best representation.

The first algorithm we employ is designed to calculate the entropy to an image. The process begins
by attempting to retrieve the binary data of the image. If the data is successfully retrieved, the image is
opened and converted to grayscale to simplify the entropy calculation. The grayscale levels’ histogram is
then computed and normalized. Entropy is calculated by summing the product of the normalized histogram
values and their logarithms, using the formula:

entropy = −
∑(

normalized_histogram× log2(normalized_histogram+ 1× 10−10)
)

(2,1)

The calculated entropy is returned, or None is returned if an error occurs during the process.

Algorithm 1 Calculate Entropy from an Image
Require: An image
Ensure: Entropy value or None if an error occurs

1: Retrieve the binary data of the image from the URL
2: if data is successfully retrieved then
3: Open the image
4: Convert the image to grayscale
5: Compute the histogram of the grayscale levels
6: Normalize the histogram
7: Calculate the entropy using the formula:

entropy = −
∑(

normalized_histogram× log2(normalized_histogram+ 1× 10−10)
)

8: return Entropy value
9: else

10: return None
11: end if
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The second algorithm focuses on selecting the best image from a list of images. It initializes two variables:
best_img to keep track of the image with the highest entropy and max_entropy to store the highest entropy
value found. The algorithm iterates through each image in the provided list, calculating the entropy of the
image at each index. If the calculated entropy is higher than the current maximum entropy, max_entropy
and best_img are updated accordingly. After processing all images, the image with the highest entropy is
returned.

Algorithm 2 Choose the Best Image
Require: List of images
Ensure: Image with the highest entropy

1: Initialize best_img to None
2: Initialize max_entropy to -1
3: for each image in the list of images do
4: Calculate the entropy of the image using Algorithm 1
5: if entropy is not None and entropy > max_entropy then
6: Update max_entropy with the current entropy
7: Update best_image with the current image
8: end if
9: end for

10: return best_img

By implementing these algorithms, we can efficiently handle large sets of visual data, ensuring that
the most suitable images are selected for content-based recommendations. This enhances the quality and
relevance of the recommendations provided to the users.

1.3.1.2 Deep-Based Feature Extraction Techniques

Now, we explore key feature extraction methods that are vital for enhancing content-based recommendation
systems. We focus on Convolutional Neural Networks (CNNs), Transfer Learning for extracting meaning-
ful visual features. By understanding these methods, we can improve recommendation accuracy and user
satisfaction [13] [6] [2] :

• Convolutional Neural Networks (CNNs) are particularly useful in content-based recommendation
systems for their ability to automatically extract hierarchical features from raw pixel data. By analyzing
the visual content of images, CNNs can capture intricate patterns and characteristics that are relevant
for recommendation tasks. This allows them to effectively identify similarities and relationships between
different items based on their visual attributes. Additionally, CNNs can adapt to various input sizes
and aspect ratios, making them versatile for processing diverse types of visual data [13].

– ResNET : it introduces residual learning, which uses shortcut connections to address the vanishing
gradient problem in deep networks by facilitating gradient flow. ResNet architectures comprise
residual blocks, each containing multiple convolutional layers with skip connections. These con-
nections allow the network to learn residual mappings, easing training of deep networks with
hundreds of layers [13].

– VGG (Visual Geometry Group)Net : VGGNet, designed by the Visual Geometry Group at Ox-
ford University, features a straightforward architecture with small convolutional kernels and deep
stacks. Widely adopted for its simplicity and performance, VGGNet serves as a baseline in many
computer vision applications [13].

• Transfer Learning offers a practical solution for leveraging pre-trained CNNmodels to extract features
from visual data in content-based recommendation systems. By using models that have been trained
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on large-scale datasets like ImageNet, transfer learning allows for the transfer of knowledge and learned
representations to new tasks with limited labeled data. This significantly reduces the need for extensive
training data and computational resources, while still providing effective feature extraction capabilities
[10].

– VGG16 and VGG19 are specific configurations of the VGGNet architecture, named according to
the number of weight layers they contain. VGG16 consists of 13 convolutional layers and 3 fully
connected layers, while VGG19 consists of 16 convolutional layers and 3 fully connected layers.
These architectures have a fixed input size of 224x224 pixels and are pretrained on the ImageNet
dataset for tasks such as image classification. VGG16 and VGG19 have been widely used as
feature extractors and baseline models in various deep learning applications, providing a strong
foundation for further experimentation and customization [10].

1.3.1.3 The Use of VGG16 in Our Approach

While there exists a big amount of CNN architectures, including ResNet, VGG, and VGG16, VGG19, selecting
the most beneficial model is a critical task. Among these options, models like VGG16 and VGG19 offer notable
advantages over simpler models like VGG and more complex ones like ResNet. This selection is based on the
fact that they offer improved performance and efficiency. In this section, we aim to elucidate the advantages
of utilizing models like VGG16 and VGG19 by providing a comparative analysis between VGG16 and VGG19
to justify our use of VGG16 as a feature extractor model in our approach [7].

Factor Justification
Simplicity and Efficiency VGG16 has a slightly simpler architecture compared to VGG19,

with 16 weight layers compared to VGG19’s 19 layers. This sim-
plicity translates to faster training and inference times, making
VGG16 more efficient for applications where computational re-
sources are limited or time is a critical factor.

Trade-off Between Complexity
and Performance

While VGG19 may offer slightly higher model capacity due to its
additional layers, the performance improvement may not always
justify the increased complexity and computational cost. In many
cases, the incremental gain in accuracy achieved by VGG19 may
not outweigh the benefits of simplicity and efficiency provided by
VGG16.

Ease of Implementation and
Tuning

VGG16’s architecture is straightforward and easier to implement
compared to VGG19. Additionally, tuning hyperparameters and
optimizing the model architecture is simpler for VGG16 due to
its fewer layers. This makes VGG16 a more practical choice for
users who prioritize ease of implementation and experimentation.

Pretrained Models Availability Pretrained models for VGG16 are more widely available and
extensively used in the deep learning community compared to
VGG19. This availability of pretrained weights for VGG16 facil-
itates transfer learning, allowing users to leverage learned repre-
sentations for various tasks with minimal effort.

Table 1.1: Comparison between VGG16 and VGG19

When an image is passed to VGG16 for processing, it requires preprocessing to ensure compatibility
with the model’s input requirements. The following pseudocode algorithm, load_and_preprocess_image,
accomplishes this task:

This algorithm resizes the input image to match the size expected by VGG16 (typically 224x224 pixels).
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Algorithm 3 Load and Preprocess Image for VGG16
1: Function LoadAndPreprocessImage(image)
2: Input: image - The input image to be preprocessed
3: Output: preprocessed_image - The preprocessed image ready for VGG16
4:
5: resized_image← resize(image, (224, 224))
6: if resized_image.mode ̸= ’RGB’ then
7: resized_image← convert_to_rgb(resized_image)
8: end if
9: preprocessed_image← preprocess_input(resized_image)

10: return preprocessed_image

It then checks if the image is in RGB format, and if not, converts it to RGB. Finally, the image is preprocessed
to ensure compatibility with the preprocessing used by the VGG16 model.

• Architecture of VGG16:
VGG16 is characterized by its simplicity and uniformity in architecture. it consists of 16 layers: 13
convolutional layers and 3 fully connected layers, organized into blocks with max-pooling layers for
downsampling. Here’s a concise breakdown of its architecture [22]:

– Input Layer:
Input dimensions: (224, 224, 3)

– Convolutional Layers:
Two layers with 64 filters (3×3, same padding)
Max Pooling (2×2, stride 2)
Two layers with 128 filters (3×3, same padding)
Max Pooling (2×2, stride 2)
Three layers with 256 filters (3×3, same padding)
Max Pooling (2×2, stride 2)
Three layers with 512 filters (3×3, same padding)
Max Pooling (2×2, stride 2)
Three layers with 512 filters (3×3, same padding)
Max Pooling (2×2, stride 2)

– Flattening:
Flatten output feature map (7x7x512) into a vector (25088).

– Fully Connected Layers:
Three layers with ReLU activation. First: 4096 neurons Second: 4096 neurons Third: 1000 neurons
(corresponding to ILSVRC classes)

– Output Layer:
Softmax activation for classification.

This structure represented in Figure 1.2, characterized by its depth and the use of small 3x3 filters, is
effective for various image classification tasks, providing high accuracy and ease of implementation.
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Figure 1.2: VGG16 Architecture

To utilize VGG16 for feature extraction, we modify its structure by removing the fully connected layers
at the top of the model and adding a Global Average Pooling (GAP) layer. This approach leverages
the pre-trained convolutional layers of VGG16, which are effective at capturing spatial hierarchies in
images. By excluding the fully connected layers, we focus on the convolutional features. The GAP
layer is then added to condense these features into a single vector per feature map, effectively reducing
the spatial dimensions while preserving important information. This modified architecture, combining
VGG16’s deep convolutional capabilities with the simplicity of the GAP layer, enables efficient feature
extraction for image classification and other tasks in our content-based recommendation system.

• Applications of VGG16:
- Image Classification: VGG16 is widely used for image classification tasks, where it excels at extracting
high-level features from input images and making predictions about their contents. Its pretrained
weights on ImageNet make it particularly effective for this task.
- Feature Extraction: VGG16 can be used as a feature extractor in transfer learning scenarios. By
removing the fully connected layers and using the output of one of the convolutional layers as fea-
tures, VGG16 can extract meaningful representations of input images for downstream tasks like object
detection and image retrieval.
- Object Detection: VGG16 features are commonly used as a backbone network in object detection
frameworks like Faster R-CNN and YOLO (You Only Look Once). Its ability to capture detailed visual
features makes it suitable for detecting objects in images with high accuracy.
- Image Generation and Style Transfer: VGG16’s pretrained weights can be used in style transfer
algorithms to generate artistic images by transferring the style of one image to the content of another.
Additionally, VGG16 features can be used in generative models like Variational Autoencoders (VAEs)
and Generative Adversarial Networks (GANs) for image generation tasks.

The use of VGG16 will allow us to effectively extract meaningful features from our image data. This
capability is invaluable for our content-based recommendation system, as it enables us to analyze and un-
derstand the visual content of items more comprehensively. With VGG16 as our feature extractor, we can
enhance the quality and relevance of our recommendations by leveraging the rich information captured in
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the visual domain. Figure 1.3, represent the the enhancement of our initial model using what we described
in this section.

Figure 1.3: Improved Version of Our Approach’s Architecture Using VGG16 in the Context of CBF

1.3.2 Textual-Based Models

Now we will explore the practical strategies for utilizing textual data effectively in content-based recom-
mendation systems. We explore techniques for extracting valuable insights from textual data, including data
preprocessing, feature extraction, and optimization of computational workflows. By leveraging these method-
ologies, we aim to enhance the utility and relevance of textual data for content-based recommendations.

1.3.2.1 Word Embedding Learning

GloVe is a technique used for word embedding learning, where words with similar meanings have similar
numerical representations. Using word embeddings like GloVe (Global Vectors for Word Representation)
in content-based recommendation systems offers substantial benefits. GloVe embeddings capture seman-
tic relationships between words, providing a deeper understanding of context and meaning, which enhances
recommendation accuracy. By representing words in a dense, lower-dimensional space, GloVe reduces compu-
tational complexity and improves efficiency. Additionally, pre-trained GloVe embeddings bring rich linguistic
knowledge, improving performance even with smaller datasets. These embeddings enable better similarity
measures between items based on their descriptions, facilitating more relevant and context-aware recommen-
dations. Integrating GloVe embeddings ultimately leads to a more effective and scalable recommendation
system [16].

1.3.2.2 Sequence Embedding Learning

To effectively utilize textual data in content-based recommendation systems, one of the powerful techniques
is employing Long Short-Term Memory (LSTM) networks.

LSTM is a type of recurrent neural network (RNN), excels in processing and predicting sequences of
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data, making it particularly well-suited for handling text. these networks are designed to capture long-range
dependencies in sequential data. They achieve this through a unique architecture that includes memory
cells and gating mechanisms, which help the network retain important information over long periods while
mitigating the vanishing gradient problem commonly faced by traditional RNNs [8] [11].

In the context of content-based recommendation systems, LSTM networks can be used to analyze and
extract meaningful features from textual descriptions, user reviews, and other text-based inputs. By em-
bedding these textual features into a high-dimensional space, LSTMs enable the recommendation system to
understand the semantic relationships between different pieces of text, leading to more accurate and relevant
recommendations [18].

Figure 1.4: Combination of GloVe & LSTM

As illustrated is Figure 1.4 The pipeline begins with raw text input, specifically recipe descriptions.
These descriptions are tokenized using a tokenizer, which converts the text into sequences of integers,each
representing a unique word from the vocabulary.

To ensure uniform sequence length, padding is applied to these sequences. The padded sequences are
then fed into an embedding layer, which uses pre-trained GloVe embeddings to map each word index to a
dense vector representation. Following this, an LSTM layer processes these sequences of embedding vectors,
capturing temporal dependencies and contextual information inherent in the text. The output of the LSTM
layer is a fixed-size feature vector that encapsulates the semantic meaning of the input text.

The integration of this new component is illustrated in Figure 1.5.
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Figure 1.5: Improved Version of Our Approach’s Architecture Using LSTM & GloVe in the Context of CBF

1.3.2.3 Bidirectional Encoder Representations from Transformer (BERT)

It is important to acknowledge the existence of more advanced text modeling techniques such as BERT
(Bidirectional Encoder Representations from Transformers). BERT represents a significant advancement in
natural language processing by providing deep bidirectional understanding of text. Unlike traditional models
that read text sequentially, BERT considers the context from both directions, leading to a more nuanced
understanding of word meanings and relationships. This superior contextual awareness allows BERT to excel
in various NLP tasks, including text classification and sentiment analysis. Although our approach does not
currently incorporate BERT, recognizing its potential can inform future improvements and iterations of our
recommendation system, ensuring it remains at the cutting edge of technological advancements [3].

1.3.3 Features Vectors Combination

At this level of the process, we already have the feature vector of our visual data as well as the Textual-Based
Model feature output, so in this part, we delve into the critical aspect of combining feature vectors derived
from both textual and visual data to enhance the effectiveness of content-based recommendation systems. By
integrating these two types of feature vectors, we can leverage the strengths of each data modality to create
a more comprehensive and accurate representation of the items in our dataset. The integration of textual
and visual feature vectors is pivotal in addressing the limitations inherent in using a single data modality.
Textual data provides rich, descriptive information that can capture the nuances of content, while visual data
offers an immediate and intuitive understanding of the item’s appearance. Combining these two allows us to
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harness a more holistic view of the data, leading to more precise and relevant recommendations [20] [4].

In the process of combining textual and visual feature vectors, several techniques can be employed to fuse
the information effectively. Here are some prominent methods:

• Fusion : Fusion techniques combine features by applying mathematical operations such as element-wise
addition, multiplication, or averaging. these methods enable more flexible integration of features by
allowing for the combination of specific aspects from each modality. Unfortunately, The effectiveness of
fusion techniques heavily depends on the choice of operation and may require careful tuning to achieve
optimal results.

• Weighted Average Technique: it computes a linear combination of feature vectors, where the
contribution of each modality is weighted by its relevance or importance. It allows for the incorporation
of domain knowledge or learned weights to prioritize certain modalities over others. The eventual issue
that might get face is determining the optimal weights can be challenging and may require extensive
experimentation or training.

• Concatenation Technique: it involves simply stacking the feature vectors from different modalities
into a single vector. This straightforward approach preserves all the information from both sources.
Although, it assumes equal importance of features from each modality, which may not always hold true,
and also lead to a significant increase in the dimensionality of the feature space. It helps maintains
the original dimensionality of the feature vectors, allowing the model to access all available information
directly.

In our exploration of feature combination, we will focus on two primary methods: concatenation and weighted
average. These techniques offer contrasting approaches to combining textual and visual features, each with
its unique advantages and considerations. By evaluating both approaches, we aim to determine the most
suitable fusion strategy for our specific recommendation task. Through experimentation and analysis, we seek
to identify the method that maximizes the effectiveness and relevance of our content-based recommendation
syste. Plus, since our main goal from this approach is to also give a special focus to Visual Data, the weighted
average technique will allow us to give a heavier weight to features we’ll get from the visual data, and the
concatenation results will help us compare the results.

1.3.4 Similarity Computation

In the context of refining our recommendation system, having extracted feature vectors that encapsulate
the essence of items, we now venture into the realm of ”Similarity Computation”. Here, we delve into the
mechanics of cosine similarity. In a dataset, where we assume the availability of test data for each user, we use
cosine similarity to get similar items to those which are considered as ”test” data (this will be further discussed
and explained in chapter 3 of our dissertation). Cosine similarity enables us to quantify the alignment between
these vectors in high-dimensional spaces. As a natural extension of our feature extraction process, cosine
similarity emerges as a vital tool, empowering our system to identify items with shared characteristics or
attributes. Through its application, we unlock the potential to deliver tailored recommendations by leveraging
the inherent similarities encoded within item feature vectors. With the formula:

similarityCosine(i1, i2) =

∑
u∈Ui1

∩Ui2

ru,i1 · ru,i2√ ∑
u∈Ui1

r2u,i1 ·
√ ∑

u∈Ui2

r2u,i2

(2,2)
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Where:

• similarityCosine(i1, i2) : Cosine similarity between items i1 and i2.

• Ui1 : Set of users who have rated item i1.

• Ui2 : Set of users who have rated item i2.

• ru,i1 : Rating given by user u to item i1.

• ru,i2 : Rating given by user u to item i2.

Following the meticulous computation of similar items, we continue with the imperative task of recal-
culating the new rating of an item based on these identified similarities. This will be more detailed on the
Chapter 3 of this dissertation, as how it’s going to be used in our CBF process.

For the recalcul we use the formula :

r̂ui =

k∑
j=1

Sim(u, nj) · rnj ,i

k∑
j=1

|Sim(u, nj)|

(2,3)

Where:

• r̂ui is the predicted rating for user u and item i.

• k is the number of nearest neighbors.

• Sim(u, nj) is the similarity score between the target user u and the j-th neighbor nj .

• rnji is the rating given by the j-th nearest neighbor to the item i.

The Figure 1.6, showcases our improved model, enhanced with the use of the Vector Combination module,
at this level of our conception, the Content-Based module is ready to operate.
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Figure 1.6: Improved Version of Our Approach’s Architecture Specifying the ’Vector Combination’ Module

1.4 Collaborative Filtering Recommendation

Expanding upon the elements introduced in the initial proposed model, we now turn our attention to the
principles of collaborative filtering recommendation. This section aims to use user-item interaction data to
deliver personalized recommendations tailored to individual preferences.

Collaborative filtering recommendation systems operate on the premise of analyzing historical interac-
tions between users and items to infer user preferences. Unlike content-based approaches that focus on item
attributes, collaborative filtering leverages the collective wisdom of user behavior to generate recommenda-
tions.

In this section, we’ll explore the methodologies and techniques employed in collaborative filtering recom-
mendation. The journey begins with the acquisition and organization of user-item interaction data, laying
the groundwork for subsequent preprocessing and feature extraction stages.

As we progress, we will delve into advanced techniques which play a pivotal role in enhancing the perfor-
mance and accuracy of collaborative filtering algorithms.
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1.4.1 Similarity Metrics

In the realm of collaborative filtering recommendation, the concept of similarity plays a crucial role in
identifying patterns and relationships within user-item interaction data. One prevalent similarity metric
widely used in recommender systems is cosine similarity. Cosine similarity calculates the cosine of the angle
between two vectors, representing the direction and magnitude of their similarity. It operates effectively in
high-dimensional spaces, making it particularly suitable for analyzing user-item interaction data characterized
by sparse vectors [9].

The utilization of cosine similarity in recommender systems offers several distinct advantages. Firstly, it
provides a robust measure of similarity that is resilient to variations in magnitude, focusing solely on the
orientation of vectors. This characteristic makes cosine similarity well-suited for scenarios where the absolute
magnitude of user preferences or item attributes is less relevant than their relative alignment [14].

Thus, cosine similarity facilitates efficient computation and scalability in large-scale recommendation
tasks. By operating directly on vector representations of users or items, cosine similarity enables rapid
similarity calculations across vast datasets, ensuring real-time responsiveness and scalability.

By computing the cosine similarity between user vectors representing their preferences or behaviors,
collaborative filtering algorithms can effectively discern users with comparable tastes and preferences. This
enables the generation of personalized recommendations by leveraging the preferences of similar users to infer
potential item affinities for the target user. The formula used for the calculation of cosine similarity among
users is :

similarityCosine(u1, u2) =

∑
i∈Iu1∩Iu2

ru1,i · ru2,i√ ∑
i∈Iu1

r2u1,i
·
√ ∑

i∈Iu2

r2u2,i

(2,4)

Where:

• similarityCosine(u1, u2) is the cosine similarity between users u1 and u2.

• Iu1
is the set of items rated by user u1.

• Iu2 is the set of items rated by user u2.

• ru1,i represents the rating of user u1 for item i ∈ Iu1
.

• ru2,i represents the rating of user u2 for item i ∈ Iu2
.

•
∑

i∈Iu1
∩Iu2

ru1,i · ru2,i computes the dot product of ratings of users u1 and u2 for the items they have
both rated.

•
√∑

i∈Iu1
r2u1,i

and
√∑

i∈Iu2
r2u2,i

calculate the Euclidean norms (magnitude) of the rating vectors for
users u1 and u2, respectively.

1.4.2 KNN Algorithm

Another cornerstone of collaborative filtering recommendation systems is the K-Nearest Neighbors (KNN)
algorithm, which operates on the principle of similarity among users or items. In KNN, recommendations
are generated by identifying the K most similar users to the target user, based on a predefined similarity
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metric such as cosine similarity. Once these nearest neighbors are identified, their preferences are aggregated
to make recommendations for the target user. The KNN algorithm offers flexibility in the choice of similarity
metric and the number of neighbors considered, allowing for fine-tuning based on the specific characteristics
of the dataset and the desired level of personalization. However, one challenge with KNN is its computational
complexity, especially with large datasets, as it requires computing pairwise similarities between all users or
items. Nevertheless, with efficient implementation strategies and optimizations, KNN remains a powerful
and widely used technique in collaborative filtering recommendation systems, particularly for its simplicity
and interpretability [19] [17].

Algorithm 4 K-Nearest Neighbors Algorithm
Require: Target user u, dataset D, similarity metric sim(), number of neighbors K
Ensure: Set of K closest neighbors N

1: Initialize an empty set N
2: for each user v in D do
3: Compute similarity s between u and v using sim()
4: if |N | < K then
5: Add v to N
6: else
7: Find the neighbor w in N with the lowest similarity sw
8: if s > sw then
9: Remove w from N

10: Add v to N
11: end if
12: end if
13: end for
14: return N

The KNN algorithm iterates through each user in the dataset, computing the similarity between the
target user and each user in the dataset using a specified similarity metric (in our case, cosine similarity). It
selects the K users with the highest similarity as the nearest neighbors and returns this set of neighbors.

Algorithm 5 Weighted Average Rating Calculation
Require: Target user u, item i, set of nearest neighbors N , similarity weights W
Ensure: Predicted rating r̂ui

1: Set r̂ui ← 0
2: Set Wtotal ← 0
3: if N is not empty then
4: for each neighbor n in N do
5: Compute similarity weight wn for neighbor n
6: Fetch rating rni of neighbor n for item i
7: Set r̂ui ← r̂ui + wn × rni
8: Set Wtotal ←Wtotal + wn

9: end for
10: Set r̂ui ← r̂ui

Wtotal
11: return r̂ui
12: else
13: return None
14: end if

This algorithm calculates the predicted rating r̂ui for a target user-item pair u/i based on the ratings of
its nearest neighbors in set N . It computes a weighted average of the ratings given by the neighbors, where
the weights are determined by the similarity between the target user and each neighbor. If N is not empty,
the algorithm returns the predicted rating; otherwise, it returns None.

20



The formula used to calculate the predicted rating r̂ui is equation (3) expressed prior in the last chapter.

Now, to conclude this chapter, we present an enhanced version of our Model, illustrating how Collaborative
Filtering is going to operate within our system.

Figure 1.7: Improved Version of Our Approach’s Architecture Using the KNN Algorithm in the Context of
CF

Figure 1.7, illustrates the core functionality of the K-Nearest Neighbors (KNN) algorithm within a col-
laborative filtering recommender system. The system employs KNN to identify the k most similar users
(k-nearest neighbors) to a target user. This similarity is calculated using a metric like cosine similarity,
which compares the user’s preferences represented as vectors. Based on the preferences of these similar users,
the recommender system generates suggestions for items the target user might be interested in.

1.5 Clustering

Clustering algorithms enable the segmentation of data into distinct groups based on similarities in their
features or attributes. By identifying patterns and trends within the data, clustering techniques provide
valuable insights that can drive various applications, ranging from customer segmentation and recommenda-
tion systems to anomaly detection and resource allocation.

In the context of enhancing systems, clustering techniques play a pivotal role in optimizing processes, im-
proving efficiency, and enhancing overall performance. By organizing complex data into meaningful clusters,
these techniques facilitate targeted analysis and decision-making, leading to more informed strategies and
actions.

In this approach, we explore the application of clustering techniques to enhance systems across various
domains. We delve into the principles, methodologies, and applications of clustering algorithms, highlighting
their potential to unlock hidden patterns and drive actionable insights for system optimization and im-
provement. Through practical examples and case studies, we demonstrate how clustering techniques can be
leveraged to tackle real-world challenges and elevate system performance to new heights.
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1.5.1 Dimensionality Reduction

In designing our approach, we recognized the need to address the challenges posed by high dimensionality
and sparsity in real-world datasets. Our goal was to develop a robust methodology that not only reduces
dimensionality but also effectively handles sparse data to extract meaningful insights.

To achieve this, we employed dimensionality reduction techniques, which is important in preprocessing
complex datasets. By reducing the number of features while preserving essential information, these techniques
streamline subsequent analysis, enhance interpretability, and facilitate the discovery of underlying patterns
in the data [1].

Given the sparse nature of our dataset, we opted for Sparse Principal Components Analysis (SparsePCA).
This method is particularly well-suited for sparse data, as it reduces the dimensionality of the data while
retaining its essential structure. This approach not only reduces computational complexity but also helps
uncover latent relationships within the data.

Following dimensionality reduction, we applied normalization techniques to ensure consistency in the scale
of the resulting components. Normalization plays a crucial role in standardizing the magnitude of features,
thereby facilitating fair comparison and interpretation of their contributions to the overall variance.

Our approach to dimensionality reduction and normalization is seamlessly integrated into our broader
methodology, ensuring a holistic and efficient data preprocessing pipeline. By incorporating these techniques
early in the analysis workflow, we lay a solid foundation for subsequent tasks such as clustering, classification,
and regression.

1.5.2 Deep Contrastive Clustering

Integrating contrastive learning techniques into collaborative filtering and recommender systems can offer
significant benefits in enhancing their performance and effectiveness. The use of contrastive learning, can help
these systems better understand the underlying structure and relationships within the user-item interaction
data.

Introducing deep learning in the contrastive clustering have created a new clustering family denoted Deep
Constrative clustering (Deep-CC), which allows the system to learn rich representations of users and items,
capturing subtle nuances in user preferences and item characteristics. This enables more accurate modeling of
user preferences and item similarities, leading to improved recommendation quality. Furthormore, contrastive
learning facilitates the discovery of latent features and patterns in the data, even in scenarios with sparse
or incomplete information. This can help address common challenges in recommender systems, such as
cold-start problems and data sparsity issues. By incorporating contrastive learning techniques, collaborative
filtering and recommender systems can provide more personalized and relevant recommendations, ultimately
enhancing user satisfaction and engagement [15].

1.5.2.1 Basic Architecture

The proposed architecture for the contrastive clustering model encompasses several interconnected compo-
nents designed to effectively learn representations of input data and predict meaningful cluster assignments.
Each component plays a crucial role in extracting features, generating instance embeddings, and predicting
cluster memberships.

As Illustrated in the Figure 1.8: The figure depicts the detailed structure of the contrastive clustering
model, showcasing the flow of information and interactions between different components. The architecture
comprises distinct layers, each contributing to the overall functionality of the model.
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Figure 1.8: Deep-CC Architecture

• Inputs : This represents the original input to the model, serving as the data input for the first branch
of the contrastive model. Additionally, the model takes another input , which represents an augmented
version of the original input, providing diversity to the training process.

• Backbone Model: The backbone model, which takes both inputs (Original and Augmented one), ex-
tracts features from the data. It consists of multiple layers of neurons, such as dense layers and dropout
layers, enabling it to extract meaningful features from both the original and augmented data inputs.

• Instance-Level Contrastive Head: Following the backbone model, this part of the network takes the
features extracted from both inputs A and B and generates instance embeddings for each. These
embeddings represent the unique characteristics of each instance in the context of both the original and
augmented data.

• Normalized Instance Embeddings: The instance embeddings are then normalized using the L2 normal-
ization function to ensure consistency in scale across different instances and inputs.

• Cluster-Level Contrastive Head: Once the normalized instance embeddings are obtained, this part of
the network predicts the clusters to which the data belongs. It generates softmax outputs representing
the probability of each instance belonging to different clusters.

• Cluster Predictions: Finally, the cluster predictions are obtained by taking the argmax of the softmax
outputs from the Cluster-Level Contrastive Head. These predictions provide insights into the clustering
structure of the data and can be used for various downstream tasks such as recommendation and
classification.

The contrastive model takes two instances of data as input, extracts their features using a backbone model,
generates normalized instance embeddings considering both original and augmented inputs, predicts the
clusters to which the data belongs, and returns the cluster predictions. This approach enhances the model’s
ability to capture diverse representations of the data and effectively learn meaningful cluster boundaries.
What’s also worth precising is that in contrastive clustering, the number of clusters is not explicitly predefined
within the model architecture. Instead, the model learns embeddings for each input instance and predicts
the clusters based on these embeddings. [15].

1.5.2.2 Simultaneous Learning of Deep-CC

Simultaneous learning of assignments and embeddings is a critical aspect of the proposed architecture, fa-
cilitating the model’s ability to jointly optimize both cluster assignments and instance embeddings. Unlike
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traditional clustering algorithms where assignments and embeddings are typically learned sequentially or
through separate optimization steps, this simultaneous learning approach allows for mutual reinforcement
and improved convergence of the model. By integrating the assignment and embedding learning processes
within a unified framework, the model can leverage the interdependencies between them to enhance cluster-
ing performance. This simultaneous learning strategy not only accelerates convergence but also enables the
model to capture complex patterns and relationships in the data more effectively. Additionally, by jointly
optimizing assignments and embeddings, the model can adapt dynamically to changes in the data distribution
and exhibit greater robustness in diverse real-world scenarios. Overall, simultaneous learning of assignments
and embeddings represents a key advancement in contrastive clustering methodologies, contributing to more
efficient and accurate clustering solutions [15].

1.5.2.3 Alternate Learning of Deep-CC

Deep-CC embeddings serve as valuable feature representations that can enhance various techniques, including
recommendation systems. These embeddings capture rich semantic information about the data, facilitating
more effective similarity computations and clustering. Moreover, Deep-CC is often combined with other
clustering algorithms like KMeans to refine clustering results. By initializing KMeans centroids with Deep-CC
embeddings, we leverage their semantic richness to guide the clustering process, resulting in more meaningful
and coherent clusters [21].

1.5.3 Adjusted Deep-CC Based Recommendation Model

Now, our focus shifts to a detailed exploration of the operational adaptability of the Adjusted Deep-CC
Based Recommendation Model across various configurations. We will analyze its functionality and uncover
any noteworthy enhancements that arise from these alternative setups.

1.5.3.1 User Input Augmentation

As the concept of contrastive clustering stipulate it, it’s often beneficial to generate variants of the same user
to enrich the dataset and improve the system’s ability to capture diverse user preferences and behaviors.
This process involves creating multiple representations or instances of a user, each reflecting different aspects
or interactions. These variants can provide a more comprehensive view of user preferences, leading to more
accurate recommendations and better user satisfaction [21] [15].

• Approach 1: Generate Pairs Using Original Data, algorithm assumes that each example in the dataset
represents a positive example with itself. In this approach, the data is used as is, with each user serving
as their own variant. While this method is simple and straightforward, it may not capture the full
diversity of user behaviors, especially if the dataset is limited or if users exhibit complex and varied
preferences.

Algorithm 6 Generate Pairs Using Original Data
Require: Data D
Ensure: Pairs of data (xi, xi)

1: for each example xi in D do
2: Add pair (xi, xi) to output pairs
3: end for
4: return Output pairs
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• Approach 2: Generate Random Pairs algorithm randomly generates pairs of data instances. It first se-
lects indices randomly from the dataset to create pairs of instances. By introducing randomness into the
pairing process, this approach can potentially capture a wider range of user interactions and preferences.
However, since pairs are chosen randomly, there’s a risk of generating redundant or uninformative pairs,
particularly if the dataset is large or if certain user-item interactions are rare.

Algorithm 7 Generate Random Pairs
Require: Data D, Number of samples n
Ensure: Random pairs of data

1: for i = 1 to n do
2: Randomly select indices ia and ib from 1 to |D|
3: Add pair (D[ia], D[ib]) to output pairs
4: end for
5: return Output pairs

• Approach 3: Generate All Possible Pairs algorithm creates all possible pairs of data instances by
systematically combining each example with every other example in the dataset. This exhaustive
approach ensures that every possible combination of user variants is considered. While this method
guarantees comprehensive coverage of user interactions, it can be computationally expensive, especially
for large datasets, as it generates a quadratic number of pairs. Additionally, the resulting pairs may
include many redundant or similar instances, leading to potential overfitting or inefficiency in the
learning process.

Algorithm 8 Generate All Possible Pairs
Require: Data D
Ensure: All possible pairs of data

1: for i = 1 to |D| do
2: for j = i+ 1 to |D| do
3: Add pair (D[i], D[j]) to output pairs
4: end for
5: end for
6: return Output pairs

1.5.3.2 Contrastive Clustering Embeddings with K-Means

Contrastive clustering embeddings in K-Means is an approach that leverages embeddings generated by a
contrastive clustering model to improve the performance of traditional K-Means clustering. As illustrated in
Figure 1.9 Here’s how the process unfolds:

• Embedding Generation: After training the contrastive clustering model, embeddings are generated
for each data instance. These embeddings represent the unique characteristics of the data instances
learned during the contrastive learning process.

• Encoding of Input Data (Step 1) : The input data is encoded into embeddings using the trained
contrastive clustering model. This encoding process captures the distinctive features and characteristics
of each data instance in a lower-dimensional space.

• Clustering with K-Means (Step 3): The embeddings, generated without explicit normalization in
this implementation, serve as input to the K-Means clustering algorithm. K-Means partitions the data
into clusters by iteratively assigning data points to the nearest centroid and updating the centroids
based on the mean of the assigned points.
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• Evaluation and Refinement (Step 4): The quality of the resulting clusters is evaluated. If neces-
sary, the clustering process can be refined by adjusting hyperparameters or retraining the contrastive
clustering model.

Original Dataset Encoded Embeddings K-Means Clustering Cluster Assignments

Step 1 Step 2 Step 3

Figure 1.9: Process of Encoding and Clustering

By utilizing embeddings generated by a contrastive clustering model, this approach enhances the per-
formance of K-Means clustering by providing more meaningful representations of the data. The contrastive
embeddings capture complex relationships and patterns in the data, leading to improved cluster assignments
and better overall clustering results.

1.5.4 Cluster-Based Collaborative Filtering with Similarity Weighting (CB-CFSW )

The Cluster-Based Collaborative Filtering with Similarity Weighting approach (CB-CFSW ) enhances the
traditional collaborative filtering technique by incorporating cluster-based probabilities and similarity mea-
sures to improve the accuracy of recommendations. The model leverages the clustering probabilities to adjust
the weights of user similarities, ultimately refining the predicted ratings for items.

After obtaining the probabilities of each user belonging to different clusters. those are then incorporated
in the computation of the new rating values of item, that are susceptible to be recommended for user. The
new rating for an item is calculated by considering the ratings from similar users and adjusting them based
on the cluster probabilities and similarity scores. The formula used is:

Rnew(i, u) =

∑
v∈S(u)(R(v, i) ·Wuv · Cu · Cv)∑

v∈S(u)(Wuv · Cu · Cv)
(2,5)

where:

• Rnew(i, u) is the new rating for item i by user u.

• S(u) is the set of similar users to u.

• R(v, i) is the rating of item i by user v.

• Wuv is the similarity weight between users u and v.

• Cu and Cv are the cluster probabilities for users u and v, respectively.

The cluster probabilities (Cu and Cv) represent the degree to which a user belongs to a particular cluster.
This is critical in adjusting the influence of each user’s rating in the final recommendation.

This adjusted formula ensures that the cluster probabilities and user similarities are properly accounted
for, leading to more accurate and personalized recommendations. The CB-CFSW model thus represents an
effective blend of clustering techniques and collaborative filtering, used to show the specific strengths of each
approach.

26



1.5.5 Comparison Clustering Algorithms

• KMeans clustering is a widely-used clustering algorithm known for its simplicity and efficiency. It
partitions the data into K clusters by iteratively assigning data points to the nearest centroid and
updating the centroids based on the mean of the assigned points. In the context of collaborative
filtering (CF), KMeans clustering can be used to group similar users or items based on their features
or preferences. It serves as a straightforward baseline method for evaluating the performance of more
complex clustering techniques like contrastive clustering. The number of clusters, denoted by K, is
typically predefined by the user. Finding the optimal K can be done using techniques like the elbow
method or silhouette score analysis. However, for simplicity, a reasonable starting point is often chosen
based on domain knowledge or trial and error

Algorithm 9 KMeans Clustering
1: Input: Data X, Number of clusters K
2: Output: Cluster assignments
3: Randomly initialize K centroids
4: while Not converged do
5: Assign each data point to the nearest centroid
6: Update centroids as the mean of data points in each cluster
7: end while
8: return Cluster assignments

The KMeans clustering algorithm iteratively assigns data points to the nearest centroid and updates
the centroids as the mean of the data points in each cluster until convergence. It aims to partition the
data into K clusters based on minimizing the within-cluster sum of squares.

• Agglomerative clustering is a hierarchical clustering algorithm that starts with each data point as a
separate cluster and iteratively merges the closest clusters until a stopping criterion is met. This method
is advantageous for its ability to capture hierarchical structures in the data. In CF, agglomerative
clustering can be applied to uncover clusters of users or items with similar preferences or behavior
patterns. It offers a different perspective on clustering compared to KMeans and can provide insights
into the underlying data structure. Unlike KMeans, agglomerative clustering does not require the
number of clusters to be predefined. Instead, it starts with each data point as its own cluster and
merges them iteratively based on a distance metric until a predefined number of clusters is reached or
until a stopping criterion is met.

Algorithm 10 Agglomerative Clustering
1: Input: Data X, Number of clusters K
2: Output: Cluster assignments
3: Compute the pairwise distance matrix between data points
4: Initialize each data point as a singleton cluster
5: while Number of clusters > K do
6: Merge the two closest clusters
7: Update the pairwise distance matrix
8: end while
9: return Cluster assignments

Agglomerative clustering iteratively merges the closest clusters until the desired number of clusters is
reached. It forms a hierarchical clustering structure by iteratively combining clusters based on a chosen
linkage criterion, such as single linkage, complete linkage, or average linkage. GMM clustering also does
not require the number of clusters to be predefined. It fits a mixture of Gaussian distributions to the
data, and the number of components (clusters) can be determined using techniques like the Bayesian
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Information Criterion (BIC) or the Akaike Information Criterion (AIC), which penalize models with
more parameters.

• Gaussian Mixture Models (GMM) clustering assumes that the data points are generated from a
mixture of several Gaussian distributions. It assigns probabilities to each point belonging to each cluster
and iteratively adjusts the parameters of the Gaussian distributions to maximize the likelihood of the
observed data. GMM clustering is beneficial for its flexibility in capturing complex data distributions.
In CF, GMM clustering can be useful for identifying latent clusters of users or items with overlapping
preferences or characteristics.

Algorithm 11 Gaussian Mixture Models Clustering (GMM)
1: Input: Data X, Number of clusters K
2: Output: Cluster assignments
3: Initialize the parameters of K Gaussian distributions
4: while Not converged do
5: E-step: Compute the probability of each data point belonging to each cluster
6: M-step: Update the parameters of the Gaussian distributions based on the data points assigned to

each cluster
7: end while
8: return Cluster assignments

GMM Clustering initializes the parameters of K Gaussian distributions and iteratively updates them
until convergence. In the E-step, it computes the probability of each data point belonging to each
cluster, and in the M-step, it updates the parameters of the Gaussian distributions based on the data
points assigned to each cluster. Finally, it returns the cluster assignments.

• Self-Organizing Maps (SOM) clustering is a type of neural network-based clustering algorithm that
maps high-dimensional data onto a lower-dimensional grid while preserving the topological properties
of the input space. It organizes similar data points into nearby regions of the map, making it effective
for visualizing and exploring high-dimensional data. In CF, SOM clustering can aid in understanding
the underlying structure of user-item interactions and discovering clusters of users or items with similar
preferences. The number of clusters in SOM is determined by the size and topology of the SOM grid,
which is typically predefined by the user based on the problem domain and desired granularity of
clustering. Larger grids may lead to more clusters, while smaller grids may result in fewer clusters.

Algorithm 12 Self-Organizing Maps Clustering (SOM)
1: Input: Data X, Number of clusters K, SOM grid dimensions
2: Output: Cluster assignments
3: Initialize the SOM grid with random weights
4: for each data point xi do
5: Find the Best Matching Unit (BMU) in the SOM grid
6: Update the weights of the BMU and its neighboring units
7: end for
8: return Cluster assignments based on the SOM grid

SOM Clustering initializes a SOM grid with random weights and iteratively updates them based on
the input data points. For each data point, it finds the Best Matching Unit (BMU) in the SOM grid
and updates the weights of the BMU and its neighboring units. Finally, it returns cluster assignments
based on the SOM grid.

We will utilize the resulted clusters to improve the collaborative filtering process. By incorporating the
cluster assignments obtained from clustering, we aim to enhance the collaborative filtering process by grouping
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users or items with similar characteristics into clusters. This approach enables the recommendation system
to capture finer-grained patterns and preferences, leading to more accurate and relevant recommendations for
users. Additionally, manipulating the clusters allows for a more interpretable and actionable understanding
of user preferences, facilitating insights into user behavior and preferences beyond traditional collaborative
filtering methods.

The forthcoming diagram Figure 1.10 illustrates the sequential execution of collaborative filtering within
each cluster generated by the clustering models. This iterative process enables us to delve deeper into the
dynamics of user-item interactions within distinct clusters, facilitating a more nuanced understanding of user
preferences and item affinities

Figure 1.10: Improved Version of Our Approach’s Architecture Using Clustering Techniques

1.6 Hybridization

In our continuous quest to refine and augment our recommendation framework, we transition to the pivotal
phase of hybridization. Hybridization serves as a foundation in the evolution of recommender systems,
combining the strengths of multiple recommendation techniques to overcome individual limitations and deliver
more accurate and personalized recommendations to users.

This chapter delves into the fusion of Content-Based Filtering with traditional collaborative filtering meth-
ods, marking a significant advancement in our approach. By integrating Content-Based Filtering insights
with collaborative filtering algorithms, we aim to leverage the rich hierarchical structure captured during
clustering to enhance the recommendation process. This hybridization strategy promises to provide recom-
mendations that are not only more precise but also more diverse and customized to the unique preferences
of each user.

Throughout this chapter, we will explore various hybrid recommendation strategies, ranging from simple
ensemble approaches to more sophisticated blending techniques. Each strategy aims to capitalize on the com-
plementary nature of collaborative clustering and collaborative filtering, thereby elevating the performance
and utility of our recommendation system.
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• Multi-level Hybridization
Multi-level hybridization in recommender systems involves integrating multiple recommendation tech-
niques at different levels of the recommendation process. This approach aims to leverage the strengths
of diverse recommendation algorithms and strategies to enhance the accuracy, diversity, and coverage
of recommendations. It is used to combine the strengths of different recommendation techniques to
improve the overall performance and accuracy of the recommender system. By integrating methods
such as collaborative filtering, content-based filtering, and others at multiple levels, it aims to leverage
the unique advantages of each approach [12].
Combining various techniques enhances the accuracy of the system’s recommendations by leveraging
the strengths of each approach. Additionally, it addresses the sparsity issue commonly encountered
in collaborative filtering, thus ensuring more comprehensive and reliable recommendations. Moreover,
this integration boosts the system’s robustness, enabling it to effectively handle cold-start problems
and noisy data, ultimately improving the overall performance and user experience.

Start

First Level: Collaborative Filtering

Generate initial recommendations based
on user-user or item-item similarities.

Example: User A and User B have rated similar movies
highly, so recommend movies liked by User B to User A.

Second Level: Content-Based Filtering

Refine the collaborative filtering results by consider-
ing the content features of the recommended movies.

Example: User A likes action movies; there-
fore, prioritize action movies in the col-
laborative filtering recommendations.

Final Decision: Combine the recommendations from
both levels using logical operators (AND, OR, MAX).

Example: Recommend a movie only if it ap-
pears in both the collaborative and content-
based recommendations (AND operator).

End

Figure 1.11: Working Process of Multi-level Hybridization

Figure 1.11 illustrates the working process of a hybrid recommendation system using Multi-level Hy-
bridization, combining collaborative filtering and content-based filtering techniques. The process begins
with collaborative filtering generating initial recommendations based on user-item similarities. Subse-
quently, content-based filtering refines these recommendations by considering item content features.
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Finally, recommendations from both levels are combined using logical operators to make the final
decision. This process ensures the generation of personalized recommendations for users.

• Multi-level Hybridization On Clusters
In attempt to improve the multi-level hybridization approach defined earlier, our focus extends to
the clusters formed through the clustering techniques deliberated upon in the preceding sections of
this chapter. By applying this method to these clusters, we aim to enhance the sophistication of
our recommendation system. Through clustering, we can segment users into distinct groups based
on similarities, enabling a more nuanced understanding of user preferences and item characteristics.
This approach not only enhances recommendation accuracy but also addresses challenges such as data
sparsity and cold-start problems, thereby advancing the efficacy of our recommendation system in
delivering personalized and relevant suggestions to users.

• Unified Collaborative-Content Filtering Hybridization (UCCFH)
Incorporating content-based filtering into collaborative filtering creates a unified model that can exploit
both user-item interactions and item content features, leading to more comprehensive and accurate
recommendations.
Figure 1.12 showcases the workflow of the Unified Collaborative-Content Filtering Hybridization in-
volved in recommending songs within a music streaming service, for instance. The process commences
with Collaborative Filtering, where recommendations are generated based on user listening history
and similarities. Subsequently, in Content-Based Filtering, song attributes are integrated to refine the
recommendations, prioritizing songs aligned with user preferences. Following this, a Unified Model is
developed, incorporating both user-item interaction data and item content features, enhancing recom-
mendation accuracy. Finally, in the Final Recommendations stage, a balanced list of recommended
songs is provided, drawing insights from both collaborative and content-based approaches. This work-
flow ensures the delivery of personalized and relevant song suggestions to users, facilitating an enriched
music streaming experience.
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Start

Collaborative Filtering

Generate recommendations based on
user listening history and similarities.

Example: Users who listen to
artist X also listen to artist Y.

Content-Based Filtering

Integrate song attributes to refine the recommendations.
Example: User A likes rock music, so prioritize recom-
mending rock songs even if they are new and unrated.

Unified Model

Develop a unified model that incorporates both user-
item interaction data and item content features.

Example: Use a matrix factorization technique that
incorporates song genres and user preferences for genres.

Final Recommendations

Provide a list of recommended songs that bal-
ance collaborative and content-based insights.
Example: Recommend a new rock song to

User A based on their preference for rock mu-
sic and the listening patterns of similar users.

End

Figure 1.12: Workflow of Unified Collaborative-Content Filtering Hybridization

•1.6.1 Hybrid Cluster-Based Collaborative Filtering with Similarity Weight-
ing

In our proposed Hybrid Cluster-Based Collaborative Filtering with Similarity Weighting (Hybrid CB-CFSW )
approach, we enhance the recommendation system by integrating the content-based filtering (CBF) rat-
ings directly into the cluster-based collaborative filtering with similarity weighting (CB-CFSW ) frame-
work. This hybrid method aims to improve the accuracy and personalization of recommendations by
leveraging the strengths of both collaborative and content-based approaches.
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The Hybrid CB-CFSW method starts by calculating the ratings from the CB-CFSW technique. CB-CFSW

clusters users based on their preferences and computes similarity scores among users within the same
cluster. These similarity scores are then used to weight the influence of neighboring users’ ratings on
the target user’s predicted ratings.
Simultaneously, we obtain ratings from a content-based filtering system, referred to as CBF rating.
These ratings are determined based on the similarity of item features, providing a personalized rating
that reflects the content characteristics of the items.
The hybrid approach combines these two sets of ratings, those derived from CB-CFSW and those from
CBF, by using a weighted average formula. The integration process involves two parameters, α and
β, which determine the contribution of each method to the final rating. The parameter α controls the
influence of the CB-CFSW ratings, while β controls the influence of the CBF ratings.
The final rating a for a given item is computed using the following formula:

a =

∑
of weighted CB-CFSW ratings∑

of weights × α+ CBF rating× β (2,6)

Where:

– Sum of weighted CB-CFSW ratings is calculated based on the similarity between the target user
and other users within the same cluster, taking into account the cluster affiliation of the users.

– CBF rating is the rating predicted by the content-based filtering system, reflecting the item’s
content features.

– Sum of weights is the sum of all the similarity weights used in the CB-CFSW approach.

By incorporating the CBF ratings into the CB-CFSW framework, the Hybrid CB-CFSW method
effectively balances the collaborative filtering and content-based approaches. This combination enhances
the overall accuracy and relevance of the recommendations, providing users with more personalized and
contextually appropriate suggestions. The use of α and β parameters allows for flexible adjustment,
ensuring that the system can optimally integrate the strengths of both techniques to meet the specific
needs and preferences of users.

1.7 Final Proposed Model

As a summary, of the technologies we described prior to this section, we propose the schema to the final
proposed model as illustrated in 1.13, it integrates the various techniques we’ve explained before to deliver
a robust and effective recommendation system. The process begins with dataset preparation, including
data cleaning and sampling. The model utilizes both Content-Based Filtering (CBF) and Collaborative
Filtering (CF). On the content-based side, it processes visual data using deep learning technique which is
VGG16 for feature extraction, and textual data through embedding learning and transformer-based models.
These features are then combined and their similarities computed. For collaborative filtering, the model
employs similarity computation and the K-Nearest Neighbors (KNN) algorithm to generate recommendations
based on user similarities. Clustering techniques are applied to group users, with dimensionality reduction
enhancing clustering efficiency. Users are distributed across clusters, and the model leverages these clusters
to refine recommendations through multi-level fusion. The final hybrid techniques combine content-based
and collaborative filtering recommendations, employing a cluster-based collaborative filtering with similarity
weighting CB-CFSW for an enriched recommendation output. This integrated approach ensures that it’s
able to deliver highly personalized and accurate recommendations by exploiting the strengths of both content
and collaborative methodologies, combined with advanced clustering and hybridization techniques.
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Figure 1.13: Final Proposed Architecture

34



1.8 Conclusion

Our exploration into the conception of our approach commenced with the establishment of an initial model,
serving as the architectural blueprint for our recommendation system. This framework evolved systematically
as new components of complexity were added.

Incorporating content-based recommendation techniques, we delved into the nuances of visual data pro-
cessing and textual-based models, leveraging advancements in feature extraction and semantic understanding.
These enhancements enriched our model’s capacity for accurate and personalized recommendations.

Simultaneously, collaborative filtering methodologies were integrated, employing user interactions to aug-
ment recommendation diversity and relevance. Complementary clustering techniques, particularly Deep
Contrastive Clustering (Deep-CC), facilitated efficient user segmentation and preference adaptation.

The culmination of these techniques provided a hybrid recommendation model, seamlessly combining
collaborative filtering, content-based recommendation, and clustering methodologies. This Hybrid Cluster-
Based Collaborative Filtering with Similarity Weighting model represents a robust solution to recommenda-
tion challenges, promising enhanced user experiences and satisfaction.

In the forthcoming chapter, we shall delve into the implementation and results of this conceptual frame-
work, elucidating the practical implications of our approach.
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Chapter 2

Experiments and Results

2.1 Work Environement

Our work environment is equipped with hardware resources comprising 8 GB of RAM and an Intel® Core™
i5-8350U CPU @ 1.70GHz, providing ample computational power for our tasks. Operating on a 64-bit oper-
ating system, x64-based processor, our setup ensures smooth execution and efficient performance. Python,
a versatile and widely-used scripting language, serves as the backbone of our implementation. Python’s
high-level, portable, dynamic, and open-source nature facilitates rapid prototyping and development of our
recommendation algorithms. Our experimentation and analysis are conducted within the Jupyter Notebook
environment, leveraging its interactive and collaborative features for seamless workflow management and
documentation.

2.2 Dataset Description

The dataset we chose to conduct our approach is a Kaagle dataset, called Recipes and Reviews with Data on
over 500,000 recipes and 1,400,000 reviews from Food.com, that were scrapped using a web scrapping tech-
nique. The project is composed of two dataset recipes.csv and reviews.csv. The recipes dataset ”recipes.csv”
contains 522,517 recipes from 312 different categories. This dataset provides information about each recipe
like cooking times, servings, ingredients, nutrition, instructions, and more. The reviews dataset ”reviews.csv”
contains 1,401,982 reviews from 271,907 different users. This dataset provides information about the author,
rating, review text, and more.

For further understanding of the datasets we have done some data analysis, on each one to explore the
characteristics of each dataset, and gather useful informations about its purpose and eventual utility in our
work :

• First DataSet : ”recipes.csv”
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Overview of Dataset 1
Number of rows 522,517
Number of columns 28
Total missing values 1,132,236
Percentage of missing values 7.74%
Duplicated rows 0
Data Types Count
object 14
float64 12
int64 2

Table 2.1: Overview of Dataset 1

The dataset contains 28 columns, and each stands for a specific feature related to the recipe :

Column Name Description Data
Type

Missing
Val-
ues

Unique
Val-
ues

RecipeId A unique identifier for each recipe. int64 0 522517
Name The name of the recipe. object 0 438188
AuthorId A unique identifier for the author of the recipe. int64 0 57178
AuthorName The name of the author of the recipe. object 0 56793
CookTime The cooking time required for the recipe. object 82545 490
PrepTime The preparation time required for the recipe. object 0 318
TotalTime The total time required for the recipe, including

preparation and cooking.
object 0 1240

DatePublished The date when the recipe was published. object 0 245540
Description A description of the recipe. object 5 492838
Images Links or identifiers of images associated with the

recipe.
object 1 165889

RecipeCategory The category of the recipe (e.g., dessert, main
course).

object 751 311

Keywords Keywords associated with the recipe for easier
search.

object 17237 216569

RecipeIngredientQuantities Quantities of the ingredients needed for the recipe. object 3 459571
RecipeIngredientParts Names of the ingredients needed for the recipe. object 0 497120
AggregatedRating The average aggregated rating of the recipe. float64 253223 9
ReviewCount The number of reviews or ratings left for the recipe. float64 247489 420
Calories The number of calories per serving of the recipe. float64 0 30138
FatContent The fat content per serving of the recipe. float64 0 4523
SaturatedFatContent The saturated fat content per serving of the recipe. float64 0 2533
CholesterolContent The cholesterol content per serving of the recipe. float64 0 9803
SodiumContent The sodium content per serving of the recipe. float64 0 40455
CarbohydrateContent The carbohydrate content per serving of the recipe. float64 0 8102
FiberContent The fiber content per serving of the recipe. float64 0 1067
SugarContent The sugar content per serving of the recipe. float64 0 6008
ProteinContent The protein content per serving of the recipe. float64 0 2581
RecipeServings The number of servings the recipe yields. float64 182911 171
RecipeYield The yield of the recipe, often similar to RecipeServ-

ings but sometimes expressed differently.
object 348071 34043

RecipeInstructions Step-by-step instructions to prepare the recipe. object 0 519993

Table 2.2: Overview of Dataset Columns
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To gain insights into the relationships between different variables in our dataset, we calculated the
correlation matrix. This matrix provides a numerical representation of the strength and direction of
linear relationships between pairs of variables. A correlation value close to 1 indicates a strong positive
correlation, while a value close to -1 indicates a strong negative correlation. A correlation value around
0 suggests no linear relationship between the variables. Analyzing the correlation matrix helps us
identify potential patterns and dependencies that may influence our recommendation model. Below is
the correlation matrix visualized as a heatmap.

Figure 2.1: Correlation Matrix Heatmap for recipes.csv

In our recommender systems research focusing on visual data, one of the most crucial columns in our
dataset is the ”Images” column. This column serves as a vital component in enhancing the recom-
mendation process by providing visual representations of the recipes. Images play a significant role
in capturing users’ attention and conveying important information about the recipes, such as their
appearance, presentation, and key ingredients. Incorporating images into our recommendation system
enables users to make more informed decisions and enhances their overall browsing experience. Addi-
tionally, visual content has been shown to increase engagement and satisfaction among users, leading to
improved user satisfaction and retention rates. Therefore, exploiting the images column in our dataset
allows us to develop more effective and visually appealing recommendation algorithms that understands
users’ preferences and enhance their culinary exploration journey.
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Statistic Value Explanation
Count 522516 Total number of entries in the column
Unique 165889 Number of unique images
Top character(0) Most frequent image
Frequency 356620 Frequency of the top image
Number of Unique Images 165889 Number of unique images
Maximum Images per Row 1609 Maximum number of images in a single row
Minimum Images per Row 0 Minimum number of images in a single row
Average Images per Row 4.54 Average number of images per row

Table 2.3: Statistics of the Images Column

To refine our model, we also incorporated textual data in our approach alongside visual informations,
emphasizing the significance of exploring the ”Description” column. Utilizing Python and libraries
like pandas and NLTK, we extracted key statistics. By analyzing metrics such as description lengths
and vocabulary sizes, we gained valuable insights into the textual characteristics of our dataset. This
analysis enables us to effectively leverage textual information alongside visual data, enhancing the
accuracy and relevance of our recommender system.

Statistic Value Explanation
Number of Descriptions 522517 Total number of descriptions in the dataset
Number of Unique Descriptions 492839 Number of unique descriptions in the dataset
Maximum Description Length 6325 characters Maximum length of a description in characters
Minimum Description Length 3 characters Minimum length of a description in characters
Average Description Length 186.80 characters Average length of descriptions in characters
Maximum Vocabulary Size 499 words Maximum vocabulary size (unique words) in a description
Minimum Vocabulary Size 1 word Minimum vocabulary size (unique words) in a description
Average Vocabulary Size 30.79 words Average vocabulary size (unique words) in descriptions

Table 2.4: Textual Statistics for Description Column

In our content-based filtering approach, we use both image and text data from the ”Images” and
”Description” columns, respectively.
- Limitations :
One limitation of our dataset is the variability in description lengths and vocabulary sizes, which can
complicate natural language processing tasks. Additionally, the structure of image links, presented
in concatenated format, poses challenges for direct access and manipulation. To address these issues,
preprocessing steps are required, such as text normalization for uniformity in textual data and custom
parsing algorithms for extracting individual image links. These measures ensure data consistency and
facilitate efficient processing for improved model performance.

• Second Dataset : ”reviews.csv”
The ”reviews” dataset serves as a complementary resource to the ”recipes” dataset, providing insights
into user interactions and opinions on the recipes. By analyzing reviews, we gain valuable feedback
and sentiment regarding recipe quality and user experiences, enriching our understanding of recipe
popularity and user preferences. Here are the statistics for the ”reviews” DataFrame:
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Statistic Value
Number of rows 1,401,982
Number of columns 8
Total missing values 214
Percentage of missing values 0.00%
Duplicated rows 0
Data Types int64: 4, object: 4

Table 2.5: Statistics for the ”reviews” DataFrame

The dataset contains 8 columns, and each stands for a specific feature related to the review :

Column Name Description Data Type Missing Values Unique Values
ReviewId Unique identifier for each

review.
int64 0 1,401,982

RecipeId Unique identifier for the
associated recipe.

int64 0 271,678

AuthorId Unique identifier for the
author of the review.

int64 0 271,907

AuthorName Name of the author of the
review.

object 0 241,365

Rating Rating given to the recipe
by the author.

int64 0 6

Review Textual review provided
by the author.

object 214 1,392,745

DateSubmitted Date when the review was
submitted.

object 0 1,384,268

DateModified Date when the review was
last modified.

object 0 1,384,268

Table 2.6: Overview of the ”reviews” DataFrame columns

In our approach, the ”AuthorId” column within the ”reviews” dataset plays a pivotal role as it identifies
the unique authors or users who submitted reviews. Analyzing this column provides valuable insights
into user engagement, preferences, and contribution patterns. We delve into a detailed analysis of the
”AuthorId” column to understand user behavior and its implications for our recommendation system.

Analysis Result
Number of unique authors 271,907

Table 2.7: Number of Unique Authors

Author Contribution
Top 10 Authors Count
424680 8,842
37449 6,605
383346 5,438
128473 4,693
169430 4,586
89831 3,963
58104 3,743
199848 3,688
133174 3,590
305531 3,543

Table 2.8: Author Contribution
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Rating Distribution
Rating Count
0 76,248
1 16,559
2 17,597
3 50,279
4 229,217
5 1,012,082

Table 2.9: Rating Distribution

Temporal Analysis
Year Count
2000 156
2001 3,904
2002 27,572
2003 43,820
2004 59,549
2005 84,913
2006 111,991
2007 173,397
2008 202,979
2009 191,722
2010 129,605
2011 86,178
2012 66,192
2013 57,623
2014 35,434
2015 27,636
2016 21,453
2017 32,266
2018 24,825
2019 9,475
2020 11,292

Table 2.10: Temporal Analysis

Correlation with RecipeId
AuthorId RecipeId

AuthorId 1.000 0.099
RecipeId 0.099 1.000

Table 2.11: Correlation with RecipeId

Missing Values
AuthorId 0

Table 2.12: Missing Values

For further analysis, we generated a heatmap to visualize the correlation between different columns in
the reviews dataset. This heatmap allows us to quickly identify any patterns or relationships between
variables, which can be valuable for our analysis.

Figure 2.2: Correlation Matrix Heatmap for reviews.csv
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2.3 Data Preprocessing

As discussed prior, the recipes.csv presented some limitations that need to be fixed and cleaned. Cleaning
our data goes through two different step. One before the sampling, and the second afterwards.

• reviews.csv :
We decided to create samples of our reviews datasets due to the substantial size of the original dataset
and the limited computational resources available. The volume of data in the reviews dataset poses a
significant challenge for processing and analysis, requiring extensive computational power and memory.
By creating samples, we can reduce the dataset size to a manageable level while still preserving its
essential characteristics. Additionally, sampling allows us to conduct preliminary analyses and experi-
ments efficiently. Moreover, sampled datasets can serve as eventual valuable resources for testing and
validating models and algorithms.
The cleaning process involved several steps to ensure data integrity and quality. Initially, we identified
and removed any entries with missing or invalid image links in the recipes dataset. This step aimed
to filter out irrelevant or corrupted data that could potentially impact our analysis. Subsequently, we
eliminated any rows with missing image information from the dataset to further refine the data quality.
The cleaning process described can be expressed algebraically as follows:
Let D represent the original recipes dataset.

– Step 1: Identify and remove entries with missing or invalid image links.

D1 = {d ∈ D : image link in d is not missing or invalid} (3,1)

– Step 2: Eliminate rows with missing image information.

D2 = {d ∈ D1 : image information in d is not missing} (3,2)

The resulting dataset after these cleaning steps is D2, which contains only entries with valid and
complete image information, ensuring data integrity and quality for further analysis.
Following the cleaning process for the recipes dataset, we focused on aligning the reviews dataset with
the refined recipes dataset. To achieve this, we filtered the reviews dataset to include only those entries
corresponding to recipes present in the cleaned recipes dataset. This alignment ensured that our reviews
dataset remained consistent and relevant to the recipes under consideration.
After cleaning the recipes dataset, the alignment process with the reviews dataset can be represented
as follows:
Let R represent the original reviews dataset. Let D2 represent the cleaned recipes dataset.
Filter the reviews dataset to include only entries corresponding to recipes present in the cleaned recipes
dataset.

R1 = {r ∈ R : recipe id in r exists in D2} (3,3)

The resulting dataset after this alignment process is R1, which contains reviews consistent and relevant
to the recipes in the cleaned recipes dataset.
Then, we performed data sampling on the reviews dataset. This involved selecting a subset of users who
had evaluated a significant number of recipes, ensuring a diverse representation of user interactions. By
sampling users with substantial engagement, we obtained a manageable subset of data that retained
essential characteristics of the original dataset.
The first sample, labeled as ’sample1_df’, was generated by selecting 1000 users who had evaluated
more than 50 recipes each. This sample aimed to capture a broad spectrum of user interactions
while maintaining a manageable dataset size. The resulting sample dataset served as a foundational
dataset for subsequent analysis and model development, providing a representative subset for testing
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and validation purposes.” Data Preprocessing: Discuss any preprocessing steps that were performed on
the dataset, such as cleaning missing values, handling outliers, or transforming variables.
Sample 2, denoted as ’sample2_df’, was derived from the previously generated ’sample1_df’ dataset
through a randomized selection process. Initially, we shuffled the rows of ’sample1_df’ to ensure a
random order using the ’sample’ function with the parameter ’frac=1’. This operation allowed us to
maintain the integrity of the dataset while obtaining a randomized sample.
Next, we extracted a subset of unique RecipeId values from the shuffled dataset, limiting the selection
to the first 2000 unique RecipeId entries. This step aimed to focus on a specific subset of recipes while
ensuring diversity and representation across different recipes in the sample.
Subsequently, we filtered the original reviews dataset to retain only those rows corresponding to the
selected RecipeId values from the shuffled sample. This process ensured that ’sample2_df’ contained
reviews associated with the chosen subset of recipes, enabling targeted analysis and investigation.
Sample 3, denoted as ’sample3_df’, was created by filtering the ’reviews’ dataset to include only the
reviews that were modified in the most recent year.
Initially, the ’DateModified’ column was converted to datetime format to facilitate temporal analysis.
Subsequently, the most recent modification date was identified using the ’max()’ function, providing a
reference point for selecting data from the latest year.
Next, the dataset was filtered to retain only the reviews modified in the most recent year, based on the
extracted year from the maximum modification date. This process ensured that ’sample3_df’ contained
reviews associated with the most recent updates, allowing for focused analysis and exploration of recent
trends.

Original Dataset

Sample 1 (sample1_df) Sample 3 (sample3_df)

Sample 2 (sample2_df)

Select 1000 users with >50 recipes Filter by most recent year

Randomized selection and shuffle

Figure 2.3: Sampling Process
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• recipes.csv :

Step Description
Initial Filtering The dataset was filtered to remove rows with missing or invalid

image links. This was done by excluding rows where the ’Images’
column contained the string ”character(0)” or NaN.

Filtering Based on Re-
views

The dataset was further filtered based on the RecipeIds present in
the ’sample1_df’ and ’sample3_df’ subsets of the reviews dataset
(’reviews’). This step ensured that only recipes associated with
reviews in the sampled datasets were retained.

Entropy Calculation and
Image Selection – A function was defined to calculate the entropy of images

from their URLs. (see Algorithm 1)
– URLs of images associated with each recipe were extracted

using a regular expression.
– The dataset was divided into two subsets based on the num-

ber of image URLs per recipe.
– For recipes with multiple image URLs, the function for choos-

ing the best image URL was applied to select the URL with
the highest entropy. (see Algorithm 2)

– The final dataset, containing cleaned and preprocessed recipe
data, including the selected best image URL for each recipe,
was saved to a CSV file.

Table 2.13: Summary of Data Cleaning and Preprocessing Process

Following the sampling process, we have decided to merge the sample datasets, namely Sample 2 and
Sample 3, into a single dataset to consolidate our data for further analysis. The merging operation was
performed by concatenating the two datasets while retaining all rows. Subsequently, duplicate entries based
on the ’ReviewId’ column were removed to ensure data integrity and avoid redundancy. This merged dataset,
denoted as ’merged_df ’, provides a comprehensive collection of reviews while eliminating duplicate records.
Additionally, considering the size of Sample 1, which may pose challenges in processing and analysis due to
its large volume, we have opted to exclude it from the merged dataset for the current analysis.

Data Analysis: In this section, we present key visualizations to provide insights into the reviews dataset:

1. Distribution of Ratings: This histogram illustrates the distribution of ratings given by users. The
x-axis represents the rating scale, while the y-axis shows the number of reviews. The distribution
provides an overview of how users perceive the recipes, indicating whether they tend to give higher or
lower ratings.

2. Top 10 Authors (AuthorId) by Number of Reviews: This bar plot displays the top 10 authors
based on the number of reviews they have contributed. The x-axis represents the AuthorId, and the
y-axis shows the number of reviews. It highlights the authors who have contributed the most reviews
to the dataset, indicating their level of engagement or activity.

3. Top 10 Authors (AuthorName) by Number of Reviews: Similar to the previous plot, this bar
plot shows the top 10 authors based on the number of reviews they have contributed, but using the
AuthorName instead of the AuthorId. It provides insights into the most active authors by their names.

4. Top 10 Authors (AuthorId) with Highest Mean Rating: This bar plot depicts the top 10 authors
with the highest mean ratings for their reviews. The x-axis represents the AuthorId, while the y-axis
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shows the mean rating. It offers insights into authors who consistently provide highly rated reviews,
indicating their influence or expertise in evaluating recipes.

(a) Distribution of Ratings
(b) Top 10 Authors (AuthorId) by Number of Re-
views

Figure 2.4: Analysis of Rating Distributions and Author Review Counts

(a) Top 10 Authors (AuthorName) by Number of Re-
views

(b) Top 10 Authors (AuthorId) with Highest Mean
Rating

Figure 2.5: Top Authors by Review Count and Mean Rating

In addition to the previous visualizations:

5. Temporal Trend of Ratings: This plot illustrates the average ratings over time, revealing trends or
fluctuations in user sentiment towards recipes.

6. Author Review Distribution: This histogram shows the distribution of reviews contributed by each
author, offering insights into user engagement levels within the dataset.
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(a) Temporal Trend of Ratings (b) Distribution of Number of Reviews per Author

Figure 2.6: Rating Trends Over Time and Review Distribution per Author

To complete the analysis, we delve into sentiment analysis of the reviews dataset:

7. Distribution of Sentiments in Reviews: Utilizing Natural Language Toolkit (NLTK), sentiment
analysis is performed on each review to discern its sentiment polarity : positive, negative, or neutral.
The sentiment analyzer assigns a sentiment label to each review based on its compound score. This
visualization presents the distribution of sentiments across the dataset, illustrating the proportion of
reviews categorized as positive, negative, or neutral. The bar plot offers insights into the overall
sentiment landscape of the reviews, aiding in understanding user perceptions and sentiments towards
the recipes.

Figure 2.7: Graph Exposing the Distribution of Sentiments in reviews.csv

These visualization have managed offer an exploration of the reviews dataset, uncovering key insights
into user behavior, sentiments, and trends. Through visualizations and analyses, it sheds light on various
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aspects of user interactions, providing valuable knowledge for understanding recipe reviews and enhancing
user experiences.

2.4 Experimental Scenario

1. Content-Based Filtering

(a) Extraction of Visual Data Features Using VGG16
Methodology:
• Model Loading:

The pre-trained VGG16 model is loaded with the ’imagenet’ weights, excluding the fully
connected layers at the top.

• Model Modification:
Global Average Pooling 2D layer is added on top of the VGG16 model to extract features
from images efficiently.

• Freezing Layers:
The layers of the VGG16 model are frozen to prevent their weights from being updated during
training.

Dataset Organization:
• Image Preprocessing:

Images from the dataset are loaded, resized to the VGG16 input dimensions (224x224), and
preprocessed to align with VGG16 input requirements.

• Feature Extraction:
A function is defined to extract image features using the modified VGG16 model, which
outputs a flattened vector representing the image features.

Experiment Execution:
• Feature Extraction Process:

The feature extraction function is applied to each image in the cleaned dataset : recipes.csv,
generating a feature vector for every image that is then saved in a new column.

• Error Handling:
Exception handling is implemented to address any issues that may arise during image loading
or feature extraction.

(b) Extraction of Textual Data Features Using Glove & LSTM
• Tokenization:

The dataset descriptions are tokenized using the Tokenizer class provided by the Keras library.
The tokenizer is fitted on the description texts to convert them into sequences of numerical
tokens.

• Vocabulary Size:
The total number of unique words in the vocabulary is determined by adding 1 to the length
of the tokenizer’s word index.

• Sequence Padding:
To ensure uniform sequence lengths, the sequences of tokens are padded with zeros to match
the length of the longest sequence.

• GloVe Embeddings:
GloVe (Global Vectors for Word Representation) word embeddings are used to represent the
textual descriptions. The pre-trained GloVe embeddings are downloaded and parsed from
the ’glove.840B.300d.txt’ file. Using the file that contains pre-trained GloVe embeddings,
specifically trained on 840 billion tokens with a 300-dimensional vector space, will provide us
comprehensive and high-quality word representations
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• Embedding Matrix Initialization:
An embedding matrix is initialized with zeros, with dimensions corresponding to the vocabu-
lary size and embedding dimension.

• Embedding Matrix Population: Each word in the vocabulary is iterated over, and if its
corresponding GloVe embedding is available, it is inserted into the embedding matrix.

• LSTM Model Creation:
A sequential LSTM (Long Short-Term Memory) model is constructed for embedding the tex-
tual descriptions using the pre-trained GloVe embeddings. The embedding layer is initialized
with the embedding matrix, which is set to non-trainable.

• Feature Extraction:
The LSTM model is used to obtain feature vectors for the textual descriptions. The sequences
of padded tokens are fed into the model, and the resulting embedded descriptions are extracted
as feature vectors.

• Feature Assignment:
The obtained feature vectors are assigned a new column in the DataFrame.

(c) Vector Combination
• Data Transformation:

The Image Feature Vector and Text Feature Vector columns in the DataFrame are transformed
from string representations to lists of decimal elements using the ’string_to_list’ function.
This process involves splitting the string, converting each element to a float, and excluding
’NaN’ values.

Algorithm 13 string_to_list(s)
1: Function string_to_list(s)
2: Input: s - The input string
3: Output: elements - List of elements extracted from s
4:
5: if pd.isna(s) then
6: Return an empty list for NaN values
7: return []
8: else
9: sub_chains← s[1 : −1].split()

10: elements← []
11: for each element in sub_chains do
12: if element ̸=′ NaN ′ then
13: append float(element) to elements
14: end if
15: end for
16: return elements
17: end if

• Weight Assignment:
Weight values are assigned to the image and text vectors, with a weight of 0.6 for image
vectors and 0.4 for text vectors, we gave more weight to the image vectors, as our main goal
is to use these visual datas to enhance our recemmender systems.

• Vector Combination:
For each row in the DataFrame, the image and text vectors are combined using the assigned
weights to create a combined vector representation. The combined vector is computed element-
wise as the weighted sum of the corresponding elements in the image and text vectors.

• Combined Vector Storage:
The combined vectors are stored in a list, and subsequently added as a new column, to the
DataFrame.
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• Vector Concatenation:
Additionally, a basic function, ’concatenate_vectors’, is defined to concatenate the image and
text vectors for each row in the DataFrame. This function is applied to create a new column,
’Concatenated Vectors ’, containing the concatenated vectors.

(d) Data Organization
Rigorous data organization sets the stage for a systematic exploration of author-product inter-
actions. The initial step involves computing the number of evaluations per author within the
dataset. This computation provides valuable insights into the distribution of author engagement,
serving as a foundational metric for subsequent analysis.
Authors exhibiting a prolific engagement, characterized by evaluations surpassing a predefined
threshold (number of distinct rated items) (Te) which in our case is T > 22, are selectively retained
for subsequent analysis. These discerning criteria yield a subset of authors (A>Te) contributing
significantly to the dataset’s richness and relevance.
Furthermore, the identification of unique authors within the refined dataset provides crucial con-
text regarding the breadth of authorship present. This metric, determined through the count of
distinct author identities, underpins subsequent analyses, facilitating a comprehensive understand-
ing of the dataset’s composition.
As the dataset is structured to encapsulate author-specific vectors detailing item ratings, a piv-
otal step involves assembling pairs of users/ratings. This process entails grouping evaluations by
author identity. These vectors serve as fundamental building blocks for subsequent machine learn-
ing tasks, facilitating the development and assessment of predictive models aimed at unraveling
intricate author-product dynamics. the dataset is structured into author-specific vectors (VAi

),
encapsulating item ratings (RAi

) associated with each author (Ai). This process involves meticu-
lous grouping of evaluations by author identity, culminating in the formulation of comprehensive
vectors elucidating individual author preferences:

VAi
= [(Pj , RAi,j) for Pj ∈ Products, RAi,j ∈ Ratings] (3,4)

Simultaneously, the dataset is partitioned into training and testing subsets, ensuring the integrity of
subsequent analyses. This partitioning strategy involves an 80-20 split, allocating 80% of the data
for training and 20% for testing. This allocation enables robust model training on representative
data while facilitating rigorous evaluation against unseen instances.

Figure 2.8: Data Splitting

(e) CBF Process
For each item (recipe) in the test set (20% of the data), we aim to predict its rating based on
the ratings of similar items in the training set (80% of the data). This is achieved through the
following steps:
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1. Similarity Calculation:
• For a test item represented by a vector vtest, we calculate its similarity to each item in the

training set using cosine similarity:

sim(vtest, vtraini
)

• Here, sim(vtest, vtraini
) denotes the cosine similarity between the test item vector vtest and

each training item vector vtraini
.

• The vector v of items is the vector resulting from the combination of image feature vectors
and description feature vectors from the recipe dataset. We use the RecipeId (item) to access
this combined vector.

• In this specific similarity computation, we use concatenated vectors, and the weighted average
is used to compare the results after, and we’ll select the one that provides the best results for
further processes.

2. Selecting Most Similar Items:
• Once the similarities are calculated, the training items are sorted in descending order of

similarity to the test item.
• We select the top K most similar items. Let the indices of these K items be denoted by
{i1, i2, . . . , iK}.

3. Weighted Rating Calculation:
• For each selected training item ij , we have its ratingRtrainij

and its similarity sim(vtest, vtrainij
).

• The new predicted rating Rtest for the test item is calculated using a weighted average of the
ratings of the top K similar training items:

Rtest =

∑K
j=1 sim(vtest, vtrainij

) ·Rtrainij∑K
j=1 sim(vtest, vtrainij

)
(3,5)

• This formula ensures that the influence of each training item’s rating is proportional to its
similarity to the test item.

4. Handling Edge Cases:
• If no similar items are found (i.e., K = 0), the new rating Rtest is set to NaN (not a number)

to indicate that a prediction could not be made.
By following these steps, we predict the ratings for items in the test set based on the known ratings
of similar items in the training set, thereby utilizing the patterns and preferences exhibited by the
users in the training data.

2. Collaborative Filtering

• Data Organization
In the collaborative filtering (CF) approach, we maintain the same data organization structure
as used in the content-based filtering (CBF) method. Specifically, the dataset is partitioned into
training and testing subsets, following an 80-20 split, where 80% of the data is used for training and
20% for testing. This consistent partitioning strategy enables robust model training and rigorous
evaluation, ensuring a coherent comparison between CF and CBF techniques.

• Similarity Function
– This function computes the similarity between a specified user and other users in the dataset

based on the number of similar recipes they have rated, utilizing the K-Nearest Neighbors
(KNN) algorithm.

– For a specified user with AuthorId u, let Lu be the list of items/ratings of user u.
– For each other user v (excluding user u), the similarity score Suv is calculated as the maximum

number of similar recipes between Lu and Lv, using the KNN approach.
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– Let k be the number of similar users to retrieve (K in KNN).
– The top k similar users are selected based on the similarity scores.
– The similarity percentage Puv for each similar user v is calculated as the ratio of Suv to the

total number of similar recipes among all selected users.
– If there are no similar users (or an exception occurs), a default similarity percentage is assigned.

• CF Process
1. Compute Similarity between Vectors:
– Given two feature vectors v1 and v2, the similarity between them can be calculated using a

similarity measure such as cosine similarity:

similarity(v1, v2)

2. Calculate New Rating:
– For each test item t in the 20% test column:

∗ Retrieve the k-nearest neighbors (similar users) of the targeted user.
∗ For each neighbor n, pick the rating of the same t that is in the training data of the
neighbors, if the neighbor haven’t rated it we’ll just ignore the neighbor.

∗ Compute a weighted average of the ratings of the same item by the neighbors, where the
weights are the similarities between users:

new_rating(t) =
∑k

i=1 rating(t, ni)

k
(3,6)

∗ Assign the new rating to t of the traget user.
This approach leverages collaborative filtering to predict new ratings based on the preferences of
similar users.

3. Clustering

• Dimensinality Reduction
Data Preparation
– Dictionary Formation: Initially, a structured dictionary is created to store rating data.

Each dictionary entry corresponds to a specific item (e.g., a recipe) and maps item identifiers
to sub-dictionaries. These sub-dictionaries map user identifiers to their respective ratings for
the item.

– Data Grouping: The dataset is grouped by user identifiers to facilitate systematic population
of the dictionary. Each user’s ratings are iterated over and assigned to the appropriate entries
in the dictionary.

– DataFrame Construction: The dictionary is then converted into a DataFrame, providing
a tabular representation of the data where rows represent items, columns represent users, and
cell values represent ratings. Missing ratings are filled with zeroes to maintain a consistent
matrix structure.

Sparse Principal Component Analysis (SparsePCA):
– Scaling: Standard scaling is applied to normalize the data, ensuring that each feature con-

tributes equally to the analysis.
– SparsePCA Application: SparsePCA is selected for dimensionality reduction. Unlike stan-

dard PCA, SparsePCA introduces sparsity in the principal components, which can be bene-
ficial for interpretability and efficiency. The method retains the most significant components
that capture the largest variance in the data while promoting sparsity.

– Component Selection: The number of components to retain is chosen to balance the trade-
off between dimensionality reduction and information preservation. An alpha parameter con-
trols the sparsity of the components, with higher values leading to sparser components.
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Outcomes and Storage
– Reduced-Dimensional Data: The result of applying SparsePCA is a new matrix with

significantly fewer dimensions. This reduced-dimensional data retains the core characteristics
and patterns of the original high-dimensional dataset, making it suitable for further machine
learning tasks and analyses.

– Storage and Usage: The reduced-dimensional feature vectors are stored systematically for
easy retrieval and use in subsequent predictive modeling and clustering tasks. This efficient
representation facilitates faster computation and helps mitigate issues related to high dimen-
sionality, such as overfitting and increased computational complexity.

Process Execution
– Standard Scaling: The data is first normalized using standard scaling, which standardizes

features by removing the mean and scaling to unit variance.
– SparsePCA Transformation: SparsePCA is then applied to the scaled data. The algorithm

computes principal components with added sparsity, reducing the data to a specified number
of dimensions while maintaining key information and enhancing interpretability.
Then, the resulted data will be used to create effective users clusters.

• Deep-CC
– Data Pair Generation:

Data pairs were generated using three methods as previously described in Chapter 2. These
methods include identical pairing, random pair generation, and sequential pair generation.
Each method introduces a different level of variability and complexity to the training process.

– Model Architecture:
The deep contrastive clustering (DeepCC) architecture was utilized, as detailed in Chapter
2. This architecture includes a backbone for feature extraction and two heads for contrastive
learning at the instance and cluster levels.

– Training Procedure:
The model was compiled with the Adam optimizer and trained using a combination of instance-
level and cluster-level contrastive loss functions. Instance-level contrastive loss aims to max-
imize the cosine similarity between pairs of data points, while cluster-level contrastive loss
encourages similar cluster predictions for the same instances.

– Implementation Steps:
(a) Generate Data Pairs: Generate pairs of data points using the methods described in

Chapter 2.
(b) Model Compilation: Compile the model with the Adam optimizer and appropriate loss

functions.
(c) Training: Train the model on the generated pairs for a set number of epochs.
(d) Prediction: Use the trained model to predict cluster assignments for the data points.

– Evaluation:
The performance of the model was evaluated by analyzing the predicted clusters. The argmax
of the cluster head’s output was taken to determine the cluster assignment for each data point,
providing insight into the clustering quality and distribution.
Afterwards, we’ll execute the CF Process on each one of the clusters generated.

• Cluster-Based Collaborative Filtering with Similarity Weighting (CB-CFSW )
– Cluster Prediction and Probability Calculation:

Cluster predictions were obtained from the trained model, as detailed in Chapter 2. The
softmax function was applied to these predictions to calculate the probabilities of each data
point belonging to each cluster. This resulted in a matrix of cluster probabilities.

– DataFrame Creation:
ADataFrame was created to store the cluster probabilities for each data point. This DataFrame
included a column for the primary key (AuthorId) to link the cluster probabilities back to the

52



original data points. The mean divergence of cluster probabilities was calculated to provide
an overall measure of cluster distribution.

– Rating Adjustment Process:
(a) Similarity Calculation: For each data point in the test set, similar users were identified

based on their cluster probabilities. The similarity between users was calculated using a
function defined earlier.

(b) Cluster Analysis: For each similar user, the cluster with the highest probability was
identified. The corresponding probability value was used to weigh the influence of that
user’s ratings.

(c) Rating Calculation: New ratings for test items were calculated by combining the rat-
ings of similar users, weighted by their cluster probabilities and the similarity scores. A
threshold was applied to ensure balanced clusters, enhancing the reliability of the ratings.

(d) Threshold Adjustment: A threshold was set to exclude low-probability clusters from
influencing the new ratings significantly. This adjustment was made to balance the clusters
effectively.

(e) Rating Aggregation: The aggregated ratings were assigned to the test items, replacing
the original ratings. The list of items and their new ratings were then sorted and stored
back in the DataFrame.

(f) Evaluation: The updated ratings were compared to the original ratings to evaluate the
effectiveness of the new rating calculation process.

Afterwards, we’ll execute the CF Process on each one of the clusters generated.
• KMeans with Contrastive Clustering Embeddings

– Pair Generation and Labeling:
∗ Positive and negative pairs were generated using two different data generation techniques,
as explained in Chapter 2.

∗ The pairs were created from the reduced dataset obtained after preprocessing and dimen-
sionality reduction.

∗ Labels were assigned to these pairs: 1 for positive pairs and 0 for negative pairs.
∗ The pairs and labels were combined and shuffled to prepare the training dataset.

– Model Training:
∗ The same contrastive model architecture used in DeepCC was employed.
∗ The model was trained on the combined pairs and labels for 100 epochs with a batch size
of 128.

– Embeddings and Clustering:
∗ After training, embeddings for the original dataset were generated using the same model
architecture as in DeepCC.

∗ These embeddings were then clustered using the KMeans algorithm with 5 clusters (jus-
tified by the elbow method).

Afterwards, we’ll execute the CF Process on each one of the clusters generated.
• KMeans Clustering

– Determining Optimal Number of Clusters:
∗ The sum of squared distances was calculated for different numbers of clusters ranging from
2 to 10 using the KMeans algorithm.

∗ This process helps in identifying the optimal number of clusters by observing the ”elbow”
point in the plot.

∗ The Elbow Method plot was generated to visualize the relationship between the number
of clusters and the inertia, representing the sum of squared distances.
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Figure 2.9: Elbow plot to determine the optimal number of clusters

∗ Additionally, the silhouette score was computed for each number of clusters to evaluate
the quality of the clustering.

Figure 2.10: Silhouette plot to determine adequate number of clusters to use

∗ Another plot, Silhouette Score vs. Number of Clusters, was created to determine the
optimal number of clusters based on silhouette scores.

– Cluster Assignment:
∗ After determining the optimal number of clusters, a KMeans model with the chosen num-
ber of clusters (5 in this case) was created and fitted to the reduced dataset.

∗ Cluster labels were assigned to each data point based on the fitted model.
∗ The cluster labels were retrieved for further analysis or exploration.

Afterwards, we’ll execute the CF Process on each one of the clusters generated.
• Agglomerative Clustering

– The Agglomerative Clustering algorithm was employed to perform hierarchical clustering on
the reduced dataset.

– The number of clusters was predefined (in this case, set to 5) based on the experimental
requirements.

– The model was created and fitted to the reduced dataset, and cluster labels were assigned to
each data point.
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• Gaussian Mixture Models Clustering (GMM)
– The Gaussian Mixture Model (GMM) was utilized to perform clustering on the reduced

dataset.
– The number of components (clusters) was predefined (in this case, set to 5) based on the

experimental requirements.
– The GMM model was created and fitted to the reduced dataset using the GaussianMixture

class from sklearn.mixture.
– Cluster labels were predicted for each data point using the predict method.

Afterwards, we’ll execute the CF Process on each one of the clusters generated.
• Self-Organizing Maps Clustering (SOM)

– The Self-Organizing Map (SOM) was employed to visualize and cluster the reduced dataset.
– The dimensions of the SOM grid were specified, with a width of 5 and a height of 5.
– Initialization and training of the SOM were performed using the MiniSom class from the

minisom library.
– The SOM was trained with 10,000 iterations using random training data.
– Additional steps may be required for interpreting the neuron grids for visualization results.
– The Unified Distance Matrix (U-Matrix) was computed to visualize the distance between

neurons.

Figure 2.11: U-Matrix Visualization of the Self-Organizing Map (SOM)

Figure 2.11 illustrates the U-Matrix of the Self-Organizing Map (SOM) trained on the reduced
dataset. The U-Matrix visualizes the distance between the neurons in the SOM, with each
cell representing a node (neuron) in the 5x5 SOM grid. The color of each cell corresponds
to the average distance between the respective neuron and its neighboring neurons, providing
insights into the structure of the data.

– Neuron weights were obtained from the trained SOM and reshaped into a suitable format for
clustering.

– KMeans clustering was applied to cluster the neuron weights into a predefined number of
clusters (in this case, 5 clusters).

– The function convert_to_linear_index was defined to calculate the linear index from SOM
grid coordinates.

– An example of its usage was provided to obtain data labels based on the clustering of neuron
weights.
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Afterwards, we’ll execute the CF Process on each one of the clusters generated.

4. Hybridization

• Multi-level Hybiridization
– Merging CBF and CF Results:

∗ The CBF (Content-Based Filtering) and CF (Collaborative Filtering) results were merged
to create a unified dataset.

∗ A function was applied to merge the lists of recipes and their corresponding ratings from
both CBF and CF results. In cases where a recipe appeared in both sources, the rating
from the CBF result was prioritized.

– Recalculating Test Set Ratings:
∗ The test set ratings were recalculated based on the merged ratings from CBF and CF.
∗ For each recipe in the test set, the recalculated rating was determined by selecting the
maximum value between the ratings from CBF and CF.

– Creation of New Dataset:
∗ A new dataset was formed to store the original training set, the merged test set, and the
recalculated test set ratings.

∗ This dataset facilitated the comparison and evaluation of the merged and recalculated
ratings.

• Multi-level Hybiridization On Clusters
– Utilizing DeepCC Clusters:

∗ The clusters generated by the DeepCC model were used as a basis for applying the multi-
fusion technique.

∗ Each cluster represented a distinct group of similar items or users identified by the DeepCC
model.

– Application of Multi-Fusion:
∗ The multi-fusion technique was applied to each cluster individually to combine the results
of various recommendation algorithms or models.

∗ For each cluster, the ratings or recommendations from different models or algorithms were
fused together using a predefined fusion strategy.

• Unified Collaborative-Content Filtering Hybridization
1. Compute Similarity between Vectors:
– Given two feature vectors v1 and v2, the similarity between them can be calculated using a

similarity measure such as cosine similarity:

similarity(v1, v2)

2. Calculate New Rating:
– For each test item t in the 20% test column:

∗ Retrieve the k-nearest neighbors (similar users) of the targeted user.
∗ For each neighbor n, calculate the similarity between t and the k1-most similar items in

the training data of the neighbors (tni).
∗ Compute a weighted average of the ratings of similar items, where the weights are the
similarities between users:

new_rating(t) =
∑k

i=1 similarity(t, tni)× rating(tni, ni)∑k
i=1 similarity(t, tni)

(3,7)

∗ Assign the new rating to t of the traget user.
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• Hybrid Cluster-Based Collaborative Filtering with Similarity Weighting Integration
Methodology:
– CB-CFSW Ratings Calculation:

∗ CB-CFSW clusters users based on preferences and computes similarity scores among users
within the same cluster.

∗ Similarity scores weigh the influence of neighboring users’ ratings on the target user’s
predicted ratings.

– CBF Ratings Calculation:
∗ CBF ratings are determined based on item feature similarity, offering personalized ratings
reflecting item content characteristics.

– Fusion Process:
∗ CB-CFSW and CBF ratings are combined using a weighted average formula controlled
by parameters α = 0,5 and β = 0,5.

∗ Parameter α influences CB-CFSW ratings, while β influences CBF ratings.
Experiment Execution:
– Data Preparation:

∗ Dataframes representing user data, CBF ratings, and cluster information are prepared.
– Fusion Algorithm:

∗ The fusion algorithm iterates through users and computes weighted CB-CFSW ratings
and CBF ratings for each test item.

∗ Final ratings are calculated as a combination of weighted CB-CFSW ratings and CBF
ratings using parameters α and β.

– Evaluation and Analysis:
∗ Recommendations produced by Hybrid CB-CFSW are evaluated using metrics such as
accuracy, personalization, and relevance.

∗ Comparative analysis with baseline models assesses the performance of Hybrid CB-CFSW .

2.4.1 Validators

The process begins with sorting the ratings of test items based on their new ratings, calculated using the
CBF, CF, hybrid recommendation approaches. After sorting, the test items are rearranged according to the
order of their new ratings.

Next, the mean divergence between the original ratings and the new ratings is calculated. This involves
comparing each test item’s original rating with its corresponding new rating, computing the absolute differ-
ence, and then averaging these differences across all test items.

After computing the mean divergence, it is transformed into a mean difference on a scale of 5. This
transformation ensures that the divergence values are consistent with the rating scale, making them easier
to interpret.

Following this, the comparison between the original and new ratings is performed. For each test item,
a binary value of 0 or 1 is assigned based on whether the absolute difference between the original and new
ratings exceeds a predefined threshold (in our case, it’s the mean divergence). If the difference exceeds the
threshold, a value of 0 is assigned, indicating a mismatch between the ratings. Otherwise, a value of 1 is
assigned, indicating a match.
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2.4.1.1 Recommendation Set Validators

After assigning binary values to the comparisons, the evaluation metrics are computed. These metrics include
precision, accuracy, and recall, which provide insights into the performance of the recommendation system.
The precision measures the proportion of recommended items that are relevant to the user, while accuracy
measures the proportion of correctly recommended items. Recall measures the proportion of relevant items
that are successfully recommended. Using Precision and recall, we’ll also calculate the F1 score as it is the
harmonic mean of precision and recall, and it balances both metrics.

Accuracy =
TP + TN

TP + TN + FP + FN
, Precision =

TP

TP + FP
, Recall = TP

TP + FN
(3,8)

The formula for the F1 score is:

F1 = 2× Presion×Recall

Precision+Recall
(3,9)

TP is the number of true positives, where the original and new ratings match (i.e., the binary comparison
value is 1)

FN is the number of false negatives, where the original rating is relevant (i.e., the binary comparison
value is 1), but the new rating does not match (i.e., the binary comparison value is 0).

FP is the number of false positives, where the original rating does not match (i.e., the binary comparison
value is 0), but the new rating is relevant (i.e., the binary comparison value is 1).

TN : The number of cases where the original rating does not match (binary comparison value is 0), and
the new rating also does not match (binary comparison value is 0)

2.4.1.2 Prediction Validators

This process evaluates the performance of a recommendation system by comparing its predictions to the
actual ratings provided by users. It focuses on two key metrics: Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE).

MAE measures the average difference between predicted and actual ratings without considering their
direction. It provides insight into the overall accuracy of the system’s predictions.

RMSE, on the other hand, penalizes larger prediction errors more heavily due to its squared nature. It
provides a measure of how well the system’s predictions match the actual ratings while taking into account
the magnitude of the errors. To conduct the evaluation, the process iterates over each user’s predictions and
actual ratings. For each user:

1. It extracts the predicted ratings and actual ratings for the top N items.

2. It calculates the absolute differences between the predicted and actual ratings.

3. It computes the MAE by taking the mean of the absolute differences.

4. It computes the RMSE by taking the square root of the mean of the squared differences.

5. It repeats this process for all users and calculates the average MAE and RMSE across all users.
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In this study, Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) metrics were computed
to assess the accuracy of our recommender system predictions. To align these error measures with the system’s
0-5 rating scale, all MAE and RMSE values were multiplied by 5. This scaling facilitates direct comparison
and interpretation of the errors in relation to the original rating scale, ensuring clarity in evaluating the
system’s performance.

Scaled MAE:
Scaled MAE = 5×Original MAE (3,10)

Scaled RMSE:
Scaled RMSE = 5×Original RMSE (3,11)

These metrics provide valuable insights into the accuracy and performance of the recommendation system,
helping researchers and developers understand its strengths and weaknesses. Lower values of MAE and
RMSE indicate better alignment between predicted and actual ratings, signifying higher accuracy in the
recommendations.

2.4.2 Results

• Content-Based Filtering (Using Concatenated Vectors) - CBF1
In this section, we present the performance metrics of content-based filtering using five different values
of k in the k-Nearest Neighbors (k-NN) algorithm to retrieve the most similar images (feature vectors
are combiened using the concatenation technique). The primary focus is on Accuracy, with Precision
and F1 Score also considered.

Table 2.14: Performance Metrics for Different Values of k (CBF1)

k Accuracy Precision Recall F1 Score
30 0.5958 0.6913 0.8261 0.7521
25 0.5993 0.6947 0.8340 0.7579
15 0.5946 0.6890 0.8591 0.7653
10 0.5826 0.6719 0.8744 0.7590
5 0.5983 0.6925 0.8866 0.7751
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Figure 2.12: Evolution of CBF Metrics (Concatenation Method) as a Function of k

The results indicate that the highest Accuracy is achieved with k=25 (0.5993) and k=5 (0.5983).
Although the Recall increases as k decreases, the Accuracy remains relatively stable, with a slight dip
at k=10. This suggests that intermediate k values might be optimal for balancing accuracy and other
metrics in content-based filtering. Despite variations in Accuracy, the highest Precision (0.6947) and
F1 Score (0.7751) are observed at k=5

Table 2.15: Performance Metrics for k = 25 (Content-Based with Concatenated Vectors)

Metric Value
MAE (*5) 0.7951
RMSE (*5) 0.7980

• Content-Based Filtering (Using Weighted Vectors) - CBF2
Now, we present the performance metrics of content-based filtering using five different values of k in
the k-Nearest Neighbors (k-NN) algorithm to retrieve the most similar images (feature vectors are
combiened using the weighted average technique). The primary focus is on Accuracy, with Precision
and F1 Score also considered.

Table 2.16: Performance Metrics for Different Values of k (CBF2)

k Accuracy Precision Recall F1 Score
5 0.5988 0.6930 0.8747 0.7731
10 0.5882 0.6802 0.8701 0.7637
15 0.6029 0.6988 0.8544 0.7689
25 0.6066 0.7036 0.8496 0.7707
30 0.6056 0.7026 0.8450 0.7690
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Figure 2.13: Evolution of CBF Metrics (Weighted Average Method) as a Function of k

The results indicate that the highest Accuracy is achieved with k=25 (0.6066) and k=30 (0.6056).
Although the Recall increases as k decreases, the Accuracy remains relatively stable, with a slight dip
at k=10. This suggests that intermediate k values might be optimal for balancing accuracy and other
metrics in content-based filtering.

Table 2.17: Performance Metrics for k = 25 (Content-Based with Weighted Vectors)

Metric Value
MAE (*5) 0.7939
RMSE (*5) 0.7968

• Collaborative Filtering - CF
This section discusses the outcomes of collaborative filtering using five different values of k in the k-NN
algorithm to find the most similar users. The primary focus is on Accuracy, with Precision and F1
Score also considered.

Table 2.18: Performance Metrics for Different Values of k (CF)

k Accuracy Precision Recall F1 Score
5 0.6549 0.7597 0.9095 0.8284
10 0.6424 0.7456 0.9118 0.8203
15 0.6498 0.7527 0.9036 0.8218
25 0.6623 0.7682 0.9031 0.8297
30 0.6630 0.7684 0.9025 0.8296
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Figure 2.14: Evolution of CF Metrics as a Function of k

The collaborative filtering results show that the highest Accuracy is achieved with k=30 (0.6630) and
k=25 (0.6623). These findings suggest that higher k values generally offer better overall accuracy, with
Precision and F1 Score also showing improvements at these k values. Higher k values not only improve
Accuracy but also enhance Precision (0.7684) and F1 Score (0.8297).

Table 2.19: Performance Metrics for k = 30 (User-Based)

Metric Value
MAE (*5) 0.8019
RMSE (*5) 0.8046

• CBF vs. CF
we compare the performance of content-based filtering and collaborative filtering based on Accuracy,
Precision, and F1 Score. The table below summarizes the comparison.

Table 2.20: Performance Metrics for Different Approaches

Approach Accuracy Precision Recall RMSE (*5) MAE (*5)
Content Based - Concatenation (CBF1) 0.598284 0.692474 0.886616 0.798009 0.795149
Content Based - Weighted Vectors (CBF2) 0.606618 0.703550 0.849565 0.796754 0.793866
User Based (CF) 0.663000 0.768447 0.902534 0.829644 0.801931

Now, we execute the same algorithms for different configurations of N (Top-N recommendations)

Approach Precision Accuracy Recall
Content-Based - Concatenated 0.7088 0.7088 0.5267
Content-Based - Weighted Average 0.7088 0.7088 0.5265
User-Based 0.8529 0.8529 0.6349

Table 2.21: Performance Metrics for Top-4 Recommendations
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Approach Precision Accuracy Recall
Content-Based - Concatenated 0.7017 0.6804 0.7383
Content-Based - Weighted Average 0.7050 0.6833 0.7416
User-Based 0.7988 0.7755 0.8247

Table 2.22: Performance Metrics for Top-6 Recommendations

Approach Precision Accuracy Recall
Content-Based - Concatenated 0.6947 0.5993 0.8340
Content-Based - Weighted Average 0.7036 0.6066 0.8496
User-Based 0.7684 0.6630 0.9025

Table 2.23: Performance Metrics for Top-8 Recommendations

Approach Precision Accuracy Recall
Content-Based - Concatenated 0.6909 0.5220 0.8799
Content-Based - Weighted Average 0.6989 0.5275 0.8914
User-Based 0.7575 0.5708 0.9407

Table 2.24: Performance Metrics for Top-10 Recommendations

Figure 2.15: Comparison between CBF’s and CF’s Accuracy, Recall and Precision Scores with different N
configurations

The comparison reveals that user-based collaborative filtering outperforms content-based filtering ap-
proaches in terms of Accuracy, with the highest Accuracy observed for the user-based approach (0.6623).
Content-based filtering with weighted vectors shows a competitive accuracy of 0.6066, suggesting its
potential effectiveness despite being slightly lower than collaborative filtering.
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Top-4 Top-6 Top-8 Top-10
Approach MAE

(*5)
RMSE
(*5)

MAE
(*5)

RMSE
(*5)

MAE
(*5)

RMSE
(*5)

MAE
(*5)

RMSE
(*5)

Content-Based -
Concatenated

0.796450 0.798914 0.795340 0.798098 0.795149 0.798009 0.795001 0.797913

Content-Based -
Weighted Average

0.797585 0.800074 0.795351 0.798130 0.793866 0.796754 0.793785 0.796689

User-Based 0.798442 0.800246 0.799694 0.802090 0.801360 0.804031 0.801604 0.804368

Table 2.25: Performance Metrics: MAE and RMSE for different N configurations

Figure 2.16: Comparison between CBF’s and CF’s RMSE, MAE Scores with different N configurations

Collaborative filtering achieves higher Precision (0.7682) and F1 Score (0.8297) compared to content-
based methods. content-based approaches show lower RMSE (0.7968 for weighted vectors) and MAE
(0.7939), collaborative filtering has slightly higher values for RMSE (0.8046) and MAE (0.8019), indi-
cating a trade-off between accuracy and error metrics.

• Clustering Results Comparison
This section evaluates the performance of collaborative filtering when applied to various clustering
methods, focusing primarily on Accuracy.
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Table 2.26: Performance Metrics for the CF Algorithm Using Different Clustering Techniques

Algorithm Accuracy Precision Recall RMSE (*5) MAE (*5)
SOM 0.666148 0.742378 0.911424 0.811325 0.808323
GMM 0.648199 0.723407 0.912624 0.812568 0.809424
AC 0.653298 0.731059 0.915634 0.810894 0.807820
KMeans with PCA 0.653680 0.729157 0.912261 0.811913 0.808722
Kmeans with CC Embeddings - Cosine
Similarity-based Pair Generation

0.660209 0.734570 0.902427 0.812696 0.809808

Kmeans with CC Embeddings - Bal-
anced Pair Generation with Cosine
Similarity

0.668772 0.741778 0.910806 0.812391 0.809590

CC with PCA - Self-Paired Generation 0.680069 0.758558 0.911450 0.811091 0.808191
CC with PCA - Random Pair Genera-
tion

0.687476 0.752287 0.911886 0.813277 0.807334

CC with PCA - Sequential Pair
Generation

0.692811 0.764891 0.888478 0.815319 0.812591

Cluster-Based Collaborative Fil-
tering with Similarity Weighting

0.746717 0.844472 0.902209 0.794464 0.790087

The results indicate that the ”Cluster-Based Collaborative Filtering with Similarity Weighting” method
achieves the highest Accuracy (0.7467), followed by ”CC with PCA - Sequential Pair Generation”
(0.6928). ”Cluster-Based Collaborative Filtering with Similarity Weighting” also achieves the highest
Precision (0.8445) and notably lower RMSE (0.7945). These clustering-based methods significantly
outperform traditional collaborative filtering, highlighting the effectiveness of incorporating clustering
techniques.

• Hybridization Results
This section outlines the outcomes of different hybridization approaches combining collaborative and
content-based filtering methods, with a primary focus on Accuracy.

Table 2.27: Performance Metrics for Different Hybridization Approaches

Approach Accuracy Precision Recall RMSE (*5) MAE (*5)
Multi-level Hybridization 0.679412 0.790824 0.891270 0.813253 0.810635
Multi-level Hybridization On Clusters 0.717128 0.820643 0.900902 0.809954 0.807707
Unified Collaborative-Content Filtering
Hybridization

0.680147 0.791050 0.884566 0.789026 0.786218

Hybrid Cluster-Based Collabo-
rative Filtering with Similarity
Weighting

0.839950 0.973037 0.888073 0.764234 0.756818

The ”Hybrid Cluster-Based Collaborative Filtering with Similarity Weighting” approach demonstrates
the highest overall performance, achieving remarkable Accuracy (0.8400). The ”Multi-level Hybridiza-
tion On Clusters” also shows a significant improvement in accuracy (0.7171) compared to other methods.
The hybrid method with similarity weighting excels in Precision (0.9730) and demonstrates the lowest
RMSE (0.7642). These results suggest that hybrid approaches, especially those leveraging clustering
techniques, can substantially enhance recommendation accuracy and user satisfaction.

• Summarization
We presented an analysis of the performance metrics for content-based filtering, collaborative filtering,
and their hybrid approaches. We evaluated each method using various k values in the k-Nearest Neigh-
bors (k-NN) algorithm and assessed their accuracy, precision, recall, F1 score, RMSE, and MAE. In
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content-based filtering, the highest accuracy was observed at k=25 (0.5993), with the highest precision
(0.6947) and F1 score (0.7751) at k=5. For collaborative filtering, the best accuracy was achieved at
k=30 (0.6630), with precision and F1 scores peaking at 0.7684 and 0.8297, respectively. Comparing
these approaches, collaborative filtering outperformed content-based methods in accuracy and preci-
sion but had slightly higher RMSE (0.8046) and MAE (0.8019) compared to content-based filtering.
Clustering methods further enhanced performance, with ”Cluster-Based Collaborative Filtering with
Similarity Weighting” achieving the highest accuracy (0.7467) and precision (0.8445). The hybrid meth-
ods showed substantial improvements, particularly the ”Hybrid Cluster-Based Collaborative Filtering
with Similarity Weighting,” which achieved the highest accuracy (0.8400) and precision (0.9730) while
demonstrating the lowest RMSE (0.7642). These findings are visually summarized in the accompanying
graph, providing a clear comparison of all methods across key performance metrics.
The following figure presents a comparative analysis of different recommendation algorithms across
multiple performance metrics: Accuracy, Precision, Recall, RMSE (Root Mean Square Error), and
MAE (Mean Absolute Error). The algorithms are categorized into three main groups: Classical
Algorithms (Content-Based Filtering (Using Concatenated Vectors), Content-Based Filtering (Using
Weighted Vectors), Collaborative Filtering) , Clustering Algorithms (SOM, GMM, AC, KMeans
with PCA, Kmeans with CC Embeddings - Cosine Similarity-based Pair Generation, Kmeans with CC
Embeddings - Balanced Pair Generation with Cosine Similarity, CC with PCA - Self-Paired Generation,
CC with PCA - Sequential Pair Generation, Cluster-Based Collaborative Filtering with Similarity
Weighting) and Hybridization Approaches (Multi-level Hybridization, Multi-level Hybridization On
Clusters, Unified Collaborative-Content Filtering Hybridization, Hybrid Cluster-Based Collaborative
Filtering with Similarity Weighting). Each bar in the plots represents a specific algorithm within these
categories, in order, respectively.
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Figure 2.17: Complete Summary of Each Approach’s Performance Metrics
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Chapter 3

Discussion and Conclusion

We reflect on the transformative potential of our study, which has introduced a paradigm by integrating
visual and textual data into recommendation systems. This promising approach, augmented by contrastive
clustering and cluster ratio distribution for rating calculation, has provided remarkable insights and outcomes.

The incorporation of visual data alongside textual information has significantly enriched the recommen-
dation process, allowing for a more holistic understanding of user preferences and content characteristics.
Contrastive clustering emerges as a foundation of this advancement, enabling the extraction of intricate
patterns and semantic relationships from the combined dataset. Through the utilization of cluster ratio
distribution in rating calculation, our model has demonstrated enhanced accuracy.

Throughout our investigation, we’ve unearthed several notable implications. Firstly, the utilization of
contrastive clustering has facilitated a deeper understanding of the underlying data structure, enabling more
nuanced recommendation strategies. Additionally, the incorporation of cluster-based rating distributions has
enhanced the granularity and precision of our recommendation outcomes, leading to better metrics results.

The hybridization of these techniques marks a significant step forward in recommendation system devel-
opment. Its potential for industry applications is immense, promising heightened user engagement, improved
decision-making processes, and ultimately, enhanced business outcomes. This innovative approach not only
addresses existing challenges in recommendation systems but also opens up new avenues for exploration and
innovation.

However, it’s imperative to acknowledge the limitations and challenges encountered in our research. De-
spite the promising results, our study is not without its constraints. We recognize the need for further
exploration into optimizing the hybridization process and addressing potential biases or limitations in the
clustering algorithms utilized.

As we conclude this thesis, it is clear that the integration of visual data, textual information, and advanced
clustering techniques represents a promising direction for future research and industry practice. The potential
for extending this approach to diverse domains and applications underscores its significance and relevance
in the evolving landscape of data-driven decision-making. Indeed, the journey does not end here; rather, it
invites further exploration, collaboration, and refinement to realize its full potential in shaping the future of
recommendation systems.

68



Bibliography

[1] Farzana Anowar, Samira Sadaoui, and Bassant Selim. Conceptual and empirical comparison of dimen-
sionality reduction algorithms (pca, kpca, lda, mds, svd, lle, isomap, le, ica, t-sne). Computer Science
Review, 40:100378, 2021.

[2] J. Bobadilla, F. Ortega, A. Hernando, and A. Gutiérrez. Recommender systems survey. Knowledge-Based
Systems, 46:109–132, 2013.

[3] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), page 4171–4186, 2018.

[4] Xiaoxu Ding, Jiawei Han, and Xiang Zhang. Cross-modal fusion for recommendation systems: A com-
prehensive survey. ACM Transactions on Intelligent Systems and Technology (TIST), 11(6):1–37, 2020.

[5] Xuejie Gao, Bin Xiao, Dacheng Tao, and Xuelong Li. A survey of graph edit distance. Pattern Analysis
and Applications, 23(1):113–129, 2020.

[6] Jiawei Han, M. Kamber, and J. Pei. Data mining: Concepts and techniques. pages 585–631, 01 2006.

[7] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pages
770–778. IEEE, 2016.

[8] Ruining He and Julian McAuley. Ups and downs: Modeling the visual evolution of fashion trends with
one-class collaborative filtering. In proceedings of the 25th international conference on world wide web,
pages 507–517, 2016.

[9] Bahrudin Hrnjica, Denis Music, and Selver Softic. Model-based recommender systems. Trends in Cloud-
based IoT, pages 125–146, 2020.

[10] Jason Iyosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson. How transferable are features in deep
neural networks? Advances in neural information processing systems, 27, 2014.

[11] Alexandros Karatzoglou and Balázs Hidasi. Deep learning for recommender systems. pages 396–397, 08
2017.

[12] Zahra Koutanaei, Mohammad Komeili Akbari, and Mohsen Bahrami. Multi-level hybridization of recom-
mender systems: A comprehensive review. Journal of Ambient Intelligence and Humanized Computing,
12(6):6297–6313, 2021.

[13] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E. Hinton. Imagenet classification with deep convolutional
neural networks. Communications of the ACM, 60(6):84–90, 2017.

[14] Ji Soo Lee, Young Geun Kim, and Jong Won Kim. Personalized recommendation system based on cosine
similarity for fashion products. Sustainability, 13(1):240, 2021.



[15] Yunfan Li, Peng Hu, Zitao Liu, Dezhong Peng, Joey Tianyi Zhou, and Xi Peng. Contrastive clustering.
In Proceedings of the AAAI conference on artificial intelligence, volume 35, pages 8547–8555, 2021.

[16] Jeffrey Pennington, Richard Socher, and Christopher D. Manning. Glove: Global vectors for word
representation. In Proceedings of the 2014 Conference on Empirical Methods in Natural Language
Processing (EMNLP), pages 1532–1543, 2014.

[17] Iqbal Sarker. Machine learning: Algorithms, real-world applications and research directions. SN Com-
puter Science, 2, 03 2021.

[18] Suvash Sedhain, Aditya Krishna Menon, Scott Sanner, and Lexing Xie. Autorec: Autoencoders meet
collaborative filtering. In Proceedings of the 24th international conference on World Wide Web, pages
111–112, 2015.

[19] V Subramaniyaswamy and R Logesh. Adaptive knn based recommender system through mining of user
preferences. Wireless Personal Communications, 97:2229–2247, 2017.

[20] Xiaojun Wang and Avi Gupta. Text and image fusion using deep neural networks for sentiment analysis.
IEEE Transactions on Multimedia, 20(1):169–179, 2018.

[21] Ziqiang Wang, Long Chen, and Xiaolin Hu. A survey on deep clustering: Towards robustness and
scalability. Neural Networks, 135:65–82, 2021.

[22] Website : GeeksforGeeks. Vgg-16 cnn model, 2023. Accessed: 2024-05-31.


	857d3399f858917f58c17e576ea591a727c09f1f9e0b037420704f96b4b07820.pdf
	45b1fc4e6cddb5045becba16f36838ec71e7d29e6144416bf4561d97041f5740.pdf
	d06a08aa3c7c94e6380551959a1a5616eb71629efff8c8dd1fad5acce2f4dd46.pdf
	Introduction
	General Presentation of The Thematic
	Problematic
	Multi-Model Hybrid Recommendation Approach
	Description
	Motivation
	Objectives and Expectations
	Limitations and Potential Challenges
	Applications
	Conclusion

	Conception of Our Approach
	Introduction
	Initial Proposed Model
	Basic Architecture

	Content-Based Recommendation 
	Visual Data
	Image Selection
	Deep-Based Feature Extraction Techniques
	The Use of VGG16 in Our Approach

	Textual-Based Models
	Word Embedding Learning
	Sequence Embedding Learning
	Bidirectional Encoder Representations from Transformer (BERT)

	Features Vectors Combination
	Similarity Computation

	Collaborative Filtering Recommendation 
	Similarity Metrics
	KNN Algorithm

	Clustering 
	Dimensionality Reduction
	Deep Contrastive Clustering
	Basic Architecture
	Simultaneous Learning of Deep-CC
	Alternate Learning of Deep-CC

	Adjusted Deep-CC Based Recommendation Model
	User Input Augmentation 
	Contrastive Clustering Embeddings with K-Means

	Cluster-Based Collaborative Filtering with Similarity Weighting (CB-CFSW)
	Comparison Clustering Algorithms

	Hybridization
	Hybrid Cluster-Based Collaborative Filtering with Similarity Weighting

	Final Proposed Model
	Conclusion

	Experiments and Results
	Work Environement
	Dataset Description
	Data Preprocessing
	Experimental Scenario
	Validators
	Recommendation Set Validators
	Prediction Validators

	Results


	Discussion and Conclusion


	67f48270600cab667c0ae94da8adf0aeaa0282e07e4398f3eeda3dfe9dd97738.pdf
	857d3399f858917f58c17e576ea591a727c09f1f9e0b037420704f96b4b07820.pdf

