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Abstract

With the rapid growth of the internet and smart mobile devices, online advertising has

become widely accepted across various social media platforms. These platforms employ

recommendation systems to personalize advertisements for individual users. However, a

significant challenge for these systems is the user cold-start problem, where recommend-

ing items to new users is difficult due to the lack of historical preference of the user in

a content-based recommendation system. To address this issue we propose an Amharic

YouTube advertisement recommendation system for unsigned YouTube users where there

is no user information like past preference or personal information. The proposed sys-

tem uses content-based filtering techniques and leverages Sentence Bidirectional Encoder

Representations from Transformers (SBERT) to establish sentence semantic similarity be-

tween YouTube video titles, descriptions, and advertisement titles. For this research, 4500

data were collected and preprocessed from YouTube via YouTube API, and 500 adver-

tisement titles from advertising and promotional companies. Random samples from these

datasets were annotated for evaluation purposes. Our proposed approach achieved a 70%

accuracy in recommending semantically related Amharic Advertisements (Ads) to corre-

sponding YouTube videos with respect to the annotated data. At a 95% confidence inter-

val, our system demonstrated an accuracy of 58% to 76% in recommending Ads which

are relevant to new users who have no prior interaction history on the platform with the

Ads. This approach significantly enhances privacy by reducing the need for extensive data

sharing.

 

Keywords: user cold-start, Content-based filtering, BERT, Online advertisement, recom-

mendation system
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Chapter 1

Introduction

The internet has seamlessly integrated into our daily lives, functioning as a crucial resource

for both leisure and professional activities. Whether connecting with friends, shopping,

searching for travel deals, or using online platforms to enhance professional skills, its

versatility offers us numerous benefits [1]. However, many people find themselves side-

tracked while browsing the internet, stumbling upon content unrelated to their original

intent. This distraction is common, as the vast expanse of information from numerous

sources can easily divert users, resulting in uncertainty and deviation from their initial

objectives [2]. Acknowledging this challenge, researchers are increasingly focusing on

recommender systems to provide personalized services or items amid the overwhelming

abundance of information.

Recommendation Systems (RSs) are information filtering systems that recommend appro-

priate items to users [3]. For example, a recommender system can suggest which product

to buy in e-commerce, which movie to watch on Netflix, and which video to watch on

YouTube. The main goal of recommender systems is the ability to adapt the suggestions

provided to the needs and interests of users. Identifying and recognizing the needs and

tastes of users can be predicted based on the knowledge obtained from them [1]. Devel-

oping successful recommender systems RSs has become a crucial business objective for

many companies in the media and entertainment sectors, as these systems enhance user

experience, increase customer satisfaction, and drive revenue growth [4]. However, mak-

ing these systems more intelligent presents challenges, including data sparsity, privacy

concerns, and cold start problems. This research focuses on the cold start problem, which

occurs when RSs struggle to suggest content to new users [4].
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1.1 Problem Statement

One of the major challenges in recommendation systems is the cold start problem, as high-

lighted in several studies [5, 6, 7]. The cold start problem occurs when a recommendation

system lacks sufficient data to make accurate recommendations. This can happen in three

scenarios: user cold start, item cold start, and system cold start. A user cold start occurs

when a new client joins the system. An item cold start happens when a new item is in-

troduced to the system. A system cold start takes place when the system itself is new and

lacks sufficient information to make recommendations.

In the context of online advertising, the user cold start problem refers to the difficulty

of delivering relevant advertisements to users navigating the platform for the first time,

meaning they have no prior interactions with Ads on the platform. To address the user

cold start problem, common techniques involve using item attributes related to the user

profile. However, this approach often requires the user’s information.

This research aims to address the user cold start problem in Amharic YouTube Ads for

new users by answering the following research questions:

RQ1 What is the effectiveness of a languagemodel in recommending semantically related

Amharic Ads to YouTube videos?

RQ2 What is the effectiveness of the proposed model in mitigating user cold start prob-

lems?

1.2 Objectives

1.2.1 General Objective

To address the cold start problem for new users in content-based recommender systems

for Amharic YouTube Ads using the BERT Language Model.
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1.2.2 Specific Objectives

The following specific objectives are carried out to achieve the general objective of this

study:

• To collect datasets of Amharic YouTube video titles, descriptions, and advertise-

ment titles.

• To select a semantic aware algorithm for generating Amharic word embedding.

• To modify the semantic model for recommendation systems.

• To evaluate the performance of the proposed model on cold start users.

1.3 Contribution

In this work, two main contributions are made.

• Our primary contribution involves the collection, annotation, and preprocessing of

two comprehensive datasets. The dataset is divided into two sections: YouTube and

advertisements. The YouTube section includes attributes such as video IDs, titles,

descriptions, and categories, while the advertisement section contains ad URLs and

titles. Additionally, we have preprocessed both sections to enhance their Amharic

language features. These datasets are available here https://github.com/firekebede/

YouTube-advertisement-recommendations-using-BERT.

• We have put forth an approach that utilizes language models to enhance the un-

derstanding and representation of Amharic text data, to address the user cold start

problem in YouTube advertisement recommendation systems for Amharic videos.
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1.4 Scope and Limitation

This research focuses on developing a recommendation system for Amharic language

YouTube Ads specifically targeted at Amharic YouTube videos. By integrating algorithms

designed to handle the unique aspects of the Amharic language, the study seeks to enhance

the effectiveness of Ads recommendations in Amharic YouTube Videos, ensuring they are

more relevant, related content-wise, and engaging for the target audience. The research

addresses the cold start problem, which occurs when a new or unsigned user watches a

video on the platform. The goal is to create a more efficient and personalized advertising

experience for Amharic video viewers on YouTube without seeking lots of information

from them. Limitations of this study include annotations made by users that numbers and

punctuation were removed to optimize the model, potentially impacting the completeness

and meaning of the sentences. Despite these limitations, the study’s solutions provide a

step ahead for the advertisement recommendation system.

1.5 Research Methodology

To achieve the research objectives, the following procedures were followed:

I. Literature Review: Lots of research literature on cold start problems in recommen-

dation have been reviewed to formulate the problem, identify the gaps, and propose

an approach.

II. Proposed an Approach: After defining a precise problem, a potential solution

approach is proposed.

III. Data collection and Preparation: Data are collected from the YouTube platform

relevant to the proposed solution and labeled for evaluation.

IV. Verify Proposed Approach: Finally, the proposed approach is evaluated using the

labeled dataset.
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1.6 Organization of the study

The remaining sections of this thesis are organized as follows: Chapter 2 presents funda-

mental concepts related to RSs theoretical backgrounds, online advertisement, YouTube,

Amharic languages, and related works. In Chapter 3 the proposed approach is presented.

Experiments to evaluate the proposed approach and discussions on results are presented

in Chapter 4, and Chapter 5 discusses the conclusions and identifies the gaps that can be

researched in the future.
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Chapter 2

Background

This chapter offers a thorough exploration of recommendation systems (RSs), digging

into their various categories and the challenges they face. It provides a detailed analysis

of advertising and YouTube advertisement strategies, offering valuable insights into their

workings. Additionally, it introduces the context of the Amharic language and highlights

the challenges encountered in dealing with low-resource languages. The last part includes

a brief discussion of related works.

2.1 Recommendation Systems

RSs are information filtering systems designed to suggest relevant items to users. These

systems analyze user preferences, behaviors, and other data to provide personalized rec-

ommendations to enhance the user experience by helping them discover content that aligns

with their interests [3]. It is an effective tool for overcoming choice overload by recom-

mending items that align with users’ interests [5]. RSs are vital tools across many in-

dustries, such as e-commerce, finance, media, communications, and entertainment. They

analyze customer preferences and behaviors to offer personalized suggestions that match

individual needs [8]. These systems help businesses better understand customers and de-

liver more relevant and appealing recommendations. The main objectives are to enhance

customer satisfaction and foster loyalty to boost overall revenue. RSs ensure customers

find what they are looking for and make them more likely to return for future interactions.

6



2.1.1 Recommendation system approaches

Since the early development of recommendation systems, numerous approaches have been

proposed [5],[9]. These methods can be categorized into several classes based on shared

characteristics. Some of the most common classifications of recommendation approaches

include collaborative filtering, content-based filtering, and hybrid methods. Each class

utilizes distinct techniques to analyze user data and predict preferences, contributing to

the effectiveness and diversity of recommendation systems.

2.1.1.1 Collaborative filtering

Collaborative Filtering (CF) is a filtering algorithm, widely used across various platforms.

Its concept mirrors how we often make decisions in our daily lives. Just like seeking

recommendations from friends or relying on reviews before trying something new, CF

taps into the opinions and experiences of other users stored within the system. Here users

provide ratings for items like products, movies, music, books, and more. As these ratings

accumulate, the system gathers valuable information. It utilizes this data to identify users

with similar tastes or preferences. Subsequently, by leveraging these similarities and the

preferences of like-minded users, the system recommends items to each user.

For instance, if you enjoy a particular type of book and other users who share your taste

also like a certain novel, the system might recommend that novel to you. It takes into

account both the popularity of items among other users and how closely your preferences

align with theirs. Some well-known examples of successful implementation of this ap-

proach include Amazon.com and grouplens.org. These platforms leverage collaborative

filtering to enhance user experiences by offering personalized recommendations tailored

to individual tastes and preferences [1].

One key advantage of collaborative filtering is its ability to generate personalized recom-

mendations without the need for content-based analysis. By relying on the behavior and

preferences of users, this method can recommend items that are likely to be of interest

based on similar users’ choices. This approach can capture complex and nuanced user

preferences that are difficult to model using explicit features of items, often resulting in

highly accurate recommendations. Additionally, as the system gathers more user data, it

can improve over time, becoming more adept at predicting user preferences.
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A significant challenge arise in CF is the cold start problem, where the system struggles to

provide recommendations for new users or items due to a lack of sufficient data. Without

historical interactions, the system cannot makemeaningful suggestions. Furthermore, col-

laborative filtering can suffer from scalability issues, as the computational requirements

increase with the number of users and items. This can lead to performance bottlenecks

in large-scale systems. Another limitation is the potential for popularity bias, where the

system tends to favor well-known items over niche ones, potentially reducing diversity in

recommendations.

2.1.1.2 Content based filtering

Content-based filtering generates recommendations based on similarities of new items to

those that the user liked in the past by exploiting the descriptive characteristics of items.[1]

For example, if a user has shown interest in a particular type of movie, the system will

recommend movies that fall into that category. The content of each item is represented as

a set of descriptors or terms that are inherent to the item.

Content Based Filtering (CBF) suggests items to users based on the characteristics or fea-

tures of items they have liked or interacted with in the past. The fundamental idea is that

if a user has enjoyed certain items before, they are likely to enjoy similar items in the

future. Each item—be it a movie, book, or product—is represented by a set of attributes

that describe its content. A user’s preferences are captured by creating a profile based

on the attributes of items they have previously liked or interacted with. When generating

recommendations, the system compares the features of previously liked items with those

of new, unseen items. It then ranks these new items based on their similarity to the user’s

established preferences and recommends the top-ranked items.

The advantages of content-based filtering include personalization, explainability, and its

ability to recommend new items or users without needing extensive historical data. Per-

sonalization ensures that recommendations are tailored to individual users’ tastes. The

system’s recommendations are explainable because they are based on clear attributes of

the items. Additionally, content-based filtering can effectively recommend new items to

users by matching item attributes with user profiles.

8



However, content-based filtering has limitations. One significant issue is overspecializa-

tion, where users may only receive recommendations for items very similar to their past

preferences, potentially limiting exposure to new and diverse content. To mitigate these

limitations, content-based filtering is often combined with other recommendation tech-

niques, such as collaborative filtering or hybrid approaches. These combinations create

more robust and effective recommendation systems by integrating various methods to en-

hance user experience and recommendation accuracy.

2.1.1.3 Hybrid approach

A hybrid recommendation approach combines multiple recommendation techniques to

improve the accuracy and effectiveness of the recommendations. This approach can inte-

grate collaborative filtering, content-based filtering, and other methods like demographic

filtering or knowledge-based systems. Using the strengths of different methods, a hybrid

approach can overcome the limitations of individual techniques, such as the cold-start

problem in collaborative filtering or the limited scope of content-based filtering. For ex-

ample, a hybrid system might use collaborative filtering to identify similar users and their

preferences, and then refine these recommendations using content-based filtering based on

the specific attributes of items that the user has shown interest in. This leads to more per-

sonalized and relevant recommendations, enhancing user satisfaction and engagement[1].

Table 2.1 provides a general summary of these approaches with examples.
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Approach Description Mechanism Example

Content-Based

Filtering (CBF)

Recommends items based on

their attributes and the user’s

profile.

Analyzes item at-

tributes and user

profiles to find items

similar to user prefer-

ences.

A news website recom-

mending articles based

on a user’s reading his-

tory.

Collaborative Fil-

tering (CF)

Recommends items based on

similar users’ preferences and

interactions.

Uses user-item interac-

tions to find patterns

and similarities among

users.

An online retailer rec-

ommending products

based on purchases

by users with similar

buying patterns.

Hybrid Systems combine multiple techniques

for improved accuracy.

Integrates different

recommendation ap-

proaches to leverage

the strengths of each

method.

A streaming service

recommending shows

based on user viewing

history and trending

content.

Table 2.1: Summary of recommendation system approaches

2.1.2 Goal of Recommendation Systems

The main goal of recommender systems is the ability to adapt the suggestions provided to

the needs and interests of users. Identifying and recognizing the needs and tastes of users

can be predicted based on the knowledge obtained from them [1]. There are many use

cases of RSs, like personalized content which produces dynamic recommendations for

various audience types, which helps to enhance the on-site experience. It also improves

product search since it assists in classifying the product according to its features.

RSs are crucial in the entertainment and media industries, where the abundance of avail-

able movies, TV shows, and other content can overwhelm users. By analyzing user prefer-

ences and behaviors, these systems provide personalized suggestions that help customers

navigate the vast digital landscape, discover content they’ll enjoy, and save time. Con-

sequently, having a successful recommendation system has become a pivotal business

objective for many companies in the media and entertainment sectors, as it enhances the

user experience, increases customer satisfaction, and drives revenue growth [4]. RSs are

widely used in video streaming platforms like YouTube 2.3 in this thesis, where recom-

mending relevant videos or advertisements to the right viewers is important.
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2.1.3 Challenges in recommendation systems

The rapid expansion of recommendation engines demonstrates that businesses worldwide

are eager to harness this technology’s potential. However, leveraging these powerful tools

effectively poses significant challenges that must be navigated carefully [10].

• Data Sparsity: The lack of interaction between users and items, resulting in a small

number of ratings or interactions, makes it challenging to generate recommenda-

tions that impacts the system due to a general lack of interaction data [6].

• Cold Start Problem: Insufficient data for new users or items makes it difficult to

provide accurate recommendations. This happens when a new user joins the system

or new items are added to the catalog. In these situations, the recommendation

algorithm struggles to predict the preferences of the new user or the ratings for the

new items due to a lack of historical interaction data. This lack of informationmakes

it difficult to provide accurate recommendations initially.

• Privacy: There is a always a trade off between accurate recommendation and user [11].

The more the algorithm knows about a customer, the better it can make accurate

recommendations. However, many customers are reluctant to share their personal

information, especially after several high-profile data leaks in recent years. Without

this data, the recommendation engine can’t perform as effectively as expected.

2.2 Advertisement

Encouraging people to purchase specific goods or services and fostering brand loyalty

are crucial aspects of marketing. The emergence of a wide variety of products and ser-

vices has intensified competition among producers. Advertising plays a pivotal role in

marketing by persuading consumers to make purchases. Advertisement is a communica-

tion medium between the producers and consumers that catches the eyes and makes them

buy the product. With rapid technological advancements, new and innovative products

are continually being introduced to the market. This has amplified the need for effec-

tive advertising, especially in the post-industrial era, where the competition is fiercer and

the market is more saturated. Consequently, businesses must leverage advertising more

strategically to capture consumer attention and drive sales [12]. There are many ways of

advertising products, and this paper focuses on digital advertisement.
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2.2.1 Digital advertisement

Digital advertisement [13], as a vast market, has gained significant attention in various

platforms ranging from search engines, third-party websites, social media, and mobile

apps. This kind of advertising differs significantly from traditional advertising. It allows

marketers to target their consumers with greater precision and care. Examples of on-

line advertising include contextual advertisements on search engine results pages, banner

Ads, blogging, social media network advertisements, flash Ads, and online classified ad-

vertising. This targeted approach helps marketers reach specific audiences, enhancing the

effectiveness of their advertising campaigns and increasing the likelihood of engagement

and conversions. The prosperity of online campaigns is a challenge in online marketing

and is usually evaluated by user response through different metrics, such as clicks on ad-

vertisement (ad) creatives, subscriptions to products, purchases of items, or explicit user

feedback through online surveys. Recent years have witnessed a significant increase in the

number of studies using computational approaches, including machine learning methods,

for user response prediction.

2.3 YouTube

YouTube is a video-sharing platform where users can watch, like, share, comment on, and

upload videos [14]. Accessible on PCs, laptops, tablets, and mobile phones, YouTube

offers several main functions: users can search for and watch videos, create personal

YouTube channels, upload their own videos, and interact with other content through likes,

comments, and shares. Additionally, users can subscribe to or follow other YouTube chan-

nels and users, as well as create playlists to organize and group videos.

As a free-to-use service, YouTube provides a valuable space for teenagers to explore their

interests. Many young people use YouTube to watch music videos, comedy shows, in-

structional guides, recipes, and various life hacks. It also serves as a platform for teens to

follow their favorite vloggers, subscribe to other YouTubers, and keep up with celebrities

they admire. This makes YouTube not only a source of entertainment but also a tool for

learning and staying connected with popular culture.
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2.3.1 YouTube Advertisement

YouTube advertising is a powerful tool for businesses to reach a wide audience and pro-

mote their products or services [15]. It works by allowing advertisers to create video Ads

that are displayed to users on the YouTube platform. There are several types of YouTube

Ads, each with its unique features and benefits [16].

• Skippable in-stream Ads: These Ads play before, during, or after a video, and

users can skip them after 5 seconds. Advertisers only pay if a viewer watches more

than 30 seconds of the ad or interacts with it. These Ads are effective for increasing

brand awareness, but it’s important to hook viewers in the first 5 seconds to keep

their attention

• Non-skippable in-streamAds: Similar to skippable in-stream Ads, these Ads play

before or during videos, but users cannot skip them. They can last up to 15 seconds,

and advertisers pay per 1000 views.

• Bumper Ads: These 6-second or shorter Ads play before or during a video and

cannot be skipped. Advertisers pay based on the number of views. Bumper Ads are

effective for transmitting short advertising messages and grabbing viewers’ atten-

tion to generate interest in the brand

• Discovery Ads: appear in YouTube search results and on the right sidebar of watch

pages. They are in text form with a picture that leads to the promoted video after

clicking. Advertisers pay when viewers click the ad and start watching. Discovery

Ads are effective for promoting brand videos on the platform, as users are already

interested in the topic

2.4 Natural Language Processing (NLP)

Natural Language Processing (NLP) is a cutting-edge machine learning technology that

empowers computers to understand, interpret, and manipulate human language with re-

markable accuracy. In today’s data-driven world, organizations are flooded with massive

volumes of voice and text data, captured from countless communication channels like

emails, text messages, social media feeds, videos, audio, and more [17]. NLP software

has become a game-changer, enabling these organizations to automatically process this

data, analyze the underlying intent or sentiment, and respond to human communication in

real-time, at an unprecedented scale.
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NLP has unlocked new frontiers in customer service, sales, marketing, and beyond. Imag-

ine a world where computers can comprehend the logic and complexities of human lan-

guage, just like another person would. NLP is making this vision a reality, transform-

ing the way organizations interact with their audiences, deliver personalized experiences,

and drive business growth. It’s a technology that is redefining the boundaries of human-

machine collaboration, paving the way for a future where perfect communication and un-

derstanding between humans and computers is the norm [18].

2.4.1 Low resource language

Low-resource languages refer to languages that have limited digital data and resources

available, such as annotated corpora, dictionaries, and languagemodels. Developing high-

performing NLP systems like in this thesis recommendation systems. These languages

pose unique challenges compared to well-resourced languages like English [19].

Amharic, a low-resource language, faces significant challenges in language model perfor-

mance due to the limited availability of training data and the complexity of the language

itself. This scarcity of data can lead to reduced model performance and accuracy, making

it difficult to fine-tune language models for tasks such as machine translation and recom-

mendation. The datasets used in this thesis are texts collected from Amharic YouTube

videos and Ads that contribute to solving the issue stated above.

2.4.2 Amharic Language

Amharic, the second most widely spoken Semitic language after Arabic, is a vibrant

tongue with a unique writing system and deep cultural significance. Written from left

to right using the Fidel (ፊደል) script, Amharic employs a syllable-based system where

consonants and vowels coexist within each graphic symbol. This distinctive feature con-

tributes to its complexity and beauty [20].

The ’Fidel’ (ፊደል) script consists of 34 core characters, each having seven variations

to represent different vowels. In addition, Amharic includes 51 labeled characters, 20

numeric symbols, and 8 punctuation marks, totaling over 310 unique characters. This

extensive character set reflects the language’s morphological complexity and inflectional

nature, making it a fascinating subject of study for linguists [21].
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Amharic is the official working language of the federal government of Ethiopia and many

regional states, underscoring its importance in the country’s administration and daily life [22].

It is used in government documents, media, education, and literature, playing a crucial role

in uniting Ethiopia’s diverse population.

Research has shown that Amharic’s linguistic structure, with its complex verb conjuga-

tions and noun inflections, poses unique challenges and opportunities for language pro-

cessing and computational linguistics [23]. Studies have explored the implications of its

syllabic writing system on literacy and education, highlighting both the benefits and diffi-

culties faced by learners [24]. Amharic’s rich oral tradition and literary heritage, including

ancient texts and modern literature, offer a window into Ethiopia’s history, culture, and

societal values. The language’s adaptability and resilience have allowed it to thrive in the

digital age, with increasing efforts to develop Amharic language technology, including

keyboards, fonts, and translation tools.

2.5 Related Works

Numerous research efforts have been undertaken to address the cold start problem in rec-

ommendation systems. In this section, various papers that have deployed unique methods

to tackle the cols start issue are reviewed. Research papers that utilize recent methods like

deep learning and semantic embedding-based methods are discussed.

2.5.1 Deep learning based recommendation systems

Yinwei Wei et al. [25] presented an approach to address the item cold-start problem in

recommendation systems using contrastive learning, which is a type of self-supervised

learning where the model learns to distinguish between similar and dissimilar pairs of

data points. The researchers reformulate cold-start item representation learning from an

information-theoretic standpoint, aiming to maximize the mutual dependencies between

item content and collaborative signals. Extensive experiments conducted on four publicly

accessible datasets demonstrate that the proposed Contrastive Learning for Cold-start Rec-

ommendation (CLCRec) method significantly outperforms state-of-the-art approaches in

both warm- and cold-start scenarios. This research effectively leverages item content to

mitigate the challenges associated with the item cold-start problem that arises in collabo-

rative filtering.
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Feng et el. [26] proposes a hybrid deep learning-based strategy that aims to enrich user

and item profiles to improve recommendations in user cold-start scenarios. They highlight

the importance of hybrid approaches in addressing the new user cold start problem in rec-

ommendation systems. By combining collaborative filtering with content-based and deep

learning techniques, they use ProbabilisticMatrix Factorization (PMF) with Bayesian Per-

sonalized Ranking (BPR). The researchers have developed better solutions to enhance the

performance and personalization of recommendations, especially for users with limited

interaction history.

Volkovs et el. [27] presented DropoutNet which is a novel approach by leveraging deep

learning techniques, specifically dropout neural networks, to address the cold start prob-

lem in CF. DropoutNet innovatively integrates dropout mechanisms during the training

phase of neural networks. Dropout is a regularization technique where randomly selected

neurons are ignored (dropped out) during training. This prevents the network from be-

coming overly reliant on specific neurons, thus promoting generalization. In the context

of DropoutNet, applying dropout simulates the cold start conditions by artificially creating

sparse data scenarios. This trains the network to be robust against such sparsity, enabling

it to handle real-world cold start situations effectively. The method enhances the system’s

ability to predict user preferences and item relevance even with minimal initial data. The

paper demonstrates that DropoutNet outperforms traditional methods in both user and item

cold start cases.

Tuval et el. [7] present an approach to address the cold start issue in recommender systems.

The core innovation of this research lies in the use of hypercube graphs, which efficiently

represent the relationships between different content attributes. By mapping user prefer-

ences onto these graphs, the system can make recommendations even with minimal user

ratings. This approach significantly enhances privacy since it reduces the need for exten-

sive data sharing. Their approach leverages hypercube graphs for user modeling where

users and items are represented as vertices in a hypercube structure, and edges between

them indicate interactions, such as ratings. This graph-based structure allows the system

to infer user preferences with minimal input data. Plus they utilize graph-based learning

techniques, including Graph Neural Networks (GNNs) and graph embedding methods.
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The authors validate their method through extensive experiments involving over 1,000

users in domains like restaurants and movies. They demonstrate that their model not only

outperforms standard machine learning algorithms when dealing with fewer ratings but

also remains competitive with larger datasets. Their approach simplifies the training pro-

cess and requires less computational effort, making it an attractive solution for practical

applications. The study shows that with as few as ten ratings, the system can make reliable

recommendations, thus effectively addressing the cold start problem.

Choi et al. [28] presented a framework that utilizes weak supervision signals, such as item

metadata and user interactions, to generate pseudo-labels for new items. Through a rig-

orous evaluation process, the authors demonstrate the efficacy of their approach in allevi-

ating item-side cold-start problems by effectively incorporating weak supervision signals

into the recommendation process. The paper offers valuable insights into the potential of

weak supervision techniques in enhancing the robustness and scalability of recommender

systems.

2.5.2 Semantic-based recommendation systems

Jeevamol and Renumol [29] show how their system leverages domain-specific ontolo-

gies which can define the relationships between concepts within a particular domain of

knowledge to enhance recommendation accuracy and solve the new user cold-start prob-

lem. Providing a detailed exposition of the system architecture, algorithms, and evaluation

methodologies, the authors offer valuable insights into the potential effectiveness of their

approach. The paper discussed the importance of ontology-based modeling in capturing

the rich semantics inherent in e-learning content, thereby enabling more personalized and

contextually relevant recommendations for students.
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Yadav et al. [30] uses knowledge graph embedding techniques. The authors propose a

method that leverages link prediction in a knowledge graph to develop a semantic-based

recommender system. They apply graph embedding techniques to extract the semantics

of explainable recommendations, which provides better semantic explanations for the rec-

ommended items. The proposed method is validated using the MovieLens dataset, and

the results show that factorization-based scoring functions provide better semantic rec-

ommendations. The paper contributes to the field of recommender systems by addressing

the problems of cold-start and sparsity. The use of knowledge graph embedding tech-

niques allows for more effective feature learning and improves the overall performance of

the recommender system. Additionally, the paper highlights the importance of semantic

explanations in recommender systems, which can enhance user trust and satisfaction.

Misztal-Radecka et al. [31] presents an approach to mitigate the cold-start problem in

recommendation systems, where insufficient data about new users or items challenges ac-

curate recommendations. TheMeta-User2Vecmodel, an extension of the User2Vecmodel

derived from Doc2Vec, applies unsupervised learning principles to create embeddings for

users and items using metadata labels, enabling recommendations without extensive his-

torical data. Their model integrates user and item metadata to form comprehensive rep-

resentations, combining user profiles (interaction history and metadata) and item descrip-

tions to map them into a shared embedding space. This facilitates accurate predictions

even without prior interaction data. Emphasizing ”extreme cold-start” scenarios where

both user and item histories are unknown, the model bridges user and item metadata to

make recommendations when traditional methods fail due to data scarcity. Comparing the

Meta-User2Vec model with approaches like embedded collaborative filtering and Con-

text2Vec, the paper highlights its superiority in handling complete cold-start situations.

Unlike methods that concatenate metadata with item descriptions, Meta-User2Vec uses

metadata as a separate input, leading to enhanced performance.

Evaluations using datasets such as MovieLens and Deskdrop demonstrate that the Meta-

User2Vec method outperforms other techniques in cold-start settings, particularly when

user and item metadata are available, showcasing its practical applicability in real-world

scenarios with continuously emerging new users and items.

Table 2.2 summarises the paper above with respect to the methodology implemented,

dataset us and, the cold start addressed.

18



Author(s) Methodology Dataset
Addressed Cold

Start

Yinwei Wei et

al. [25]

Contrastive

Learning

MovieLens, Yelp,

Amazon
Item

Volkovs et

al. [27]
DropoutNet

CiteULike and ACM

RecSys 2017
User, Item

Jeevamol and

Renumol [29]

Ontology-based

Modeling

Learning Object

Metadata
User

Choi et al. [28]

Weak

Supervision

Signals

MovieLens Item

Yadav et al. [30]
Knowledge

Graph
MovieLens Item

Misztal-Radecka

et al. [31]
Meta-User2Vec MovieLens, Deskdrop User, Item

Table 2.2: Summary of research approaches to address the cold-start problem in recom-

mendation systems

The related works discussed above tires to solve the user or item cold start problems in

recommendation systems using user or user’s neighbor rating as a resource in their dataset.

The papers use semantic-aware models to analayis items attribute and to solve item cold

start. In this study, we have tried to solve the user cold start problem that arises in Amharic

advertisement recommendation systems, for a specific case of the YouTube platform. Us-

ing only an Amharic YouTube video title and description with an Amharic advertisement

video title for solving user cold start problems that arise in the platform for unsigned users.
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Chapter 3

Methodology

In this chapter, the implemented methodology for addressing the user cold start problem

in Ads recommendation of YouTube for Amharic language videos is discussed. Data col-

lection, preprocessing, embedding language models, and similarity measurement methods

are discussed.

3.1 Proposed Method

The general architecture of the proposed approach is shown in Figure 3.2. This architec-

ture consists of three core modules.

• Data Collection and Processing

• Sentence Embedding

• Similarity Measurement

YouTube videos and advertisement textual content (title and descriptions) are collected

via the YouTube API. This data is preprocessed and then fed into embedding language

models. Subsequently, a similarity measurement is made and top k Ads recommendations

are generated for each YouTube video. Detailed information about these three processes

is provided in the following sub-sections.

3.2 Data Collection and Processing

The experiment carried out in this thesis made use of two datasets. The first dataset,

YouTube video titles and descriptions contains the textual context of Amharic YouTube

videos collected via YouTube API. The second dataset contains Ads URL and title which

contains the textual information of the advertisements. Ads datasets are collected from

advertisement production companies’ YouTube pages.
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Figure 3.1: Proposed Methodology

3.2.1 YouTube API

The YouTube Application Programming Interface (API) is a powerful set of tools and pro-

tocols provided by YouTube, enabling developers to access and interact with YouTube’s

vast data and services programmatically. This API serves as a gateway, allowing devel-

opers to seamlessly integrate YouTube’s functionalities into their applications and web-

sites [32].

Using the YouTube API, developers can unlock a wide range of capabilities, from retriev-

ing videometadata and channel information tomanaging video uploads, playlists, and user

interactions. This API empowers developers to create innovative, YouTube-integrated ex-

periences that enhance user engagement, content discovery, and content management [33].

In this thesis, YouTube API was used to collect YouTube video’s Video IDs, titles, de-

scriptions, and categories using ten (11) keywords. These key words are አንቂንግግር (Mo-

tivational Speeches),ምግብ (Food), ስፖርት (Sport), አካል ብቃት (Physical Exercise), አርት

(Art), ቴክኖሎጂ (Technology), ልጆች (Kids), ኮንስትራክሽን (Construction),መዝናኛ (Enter-

tainment), ጤና (Health), ዉበት (Beauty). About 5500 video titles and descriptions were

collected which is 500 from each category as shown in figure 3.2 tomake a fair distribution

over the data.
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The advertisement data were collected using the YouTube API to scrape content from var-

ious YouTube channels operated by advertising and promotion companies. This approach

ensured that a comprehensive and diverse set of advertisements were collected, encom-

passing multiple industries and promotional styles. By focusing on channels specifically

managed by advertising firms, we ensured the inclusion of high-quality, professional ad-

vertisement videos. This dataset forms a robust foundation for our analysis, enabling the

development of Advertisement recommendation algorithms that accurately reflect current

trends and practices in digital advertising.

Figure 3.2: YouTube videos data distribution in each category
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3.2.2 Data cleaning

Cleaning and filtering datasets are critical steps in the development of recommendation

systems. Ensuring that the data is high-quality and relevant significantly enhances the ac-

curacy and personalization of recommendations for users. This process involves remov-

ing duplicates, handling missing values, and eliminating irrelevant information, which

collectively improve the dataset’s integrity. By focusing on clean and well-filtered data,

recommendation algorithms can better understand user preferences and behaviors, leading

to more precise and tailored recommendations that enhance user satisfaction and engage-

ment.

Columns in the datasets that contained missing values were removed since incomplete

data can significantly impair the model’s ability to learn meaningful patterns from the

context. Columns containing video titles with alphabetic characters would not provide

useful information for the recommendation task. These types of video titles are likely

irrelevant or even misleading for the model. Therefore strategic decisions were made to

remove these columns from the dataset entirely.

3.2.3 Text Preprocessing

Once data are filtered, the texts have to be cleaned and prepared for the model. Different

approaches used for text processing are discussed below.

• Normalization

Amharic is written in Geez alphabets called Fidel or (ፊደል). Some of these char-

acters (Fidels) can be written in different ways, even though they sound the same.

for example, the “Fidel” ሀ (ha) can have more than four representations (such as ሃ,

ሐ, ሓ, ኅ, ኃ, and so on). This was more important in the past, as different fidels

could change the meaning. But nowadays, people often write these characters how-

ever they want, especially online on social media including YouTube. This causes

problems for NLP because the same word might have different representations. For

example, the word for ”eye” could be written as (ዐይን) or ((አይን)) but mean the

same thing [20]. Therefore normalization was used to process the data to achieve a

better recommendation system over language.
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• Unwanted feature removal

YouTube videos consistently feature both titles and descriptions. The title provides

a concise summary of the video’s content, helping viewers understand what to ex-

pect. The description offers additional details, which may include a more in-depth

summary, relevant links, timestamps, and other pertinent information. These ele-

ments are crucial for both viewer engagement and the platform’s search and recom-

mendation algorithms, as they help categorize and surface videos to the appropriate

audience.

Emojis and Hashtags are used to make YouTube titles attractive to viewers. Such

kinds of symbols were removed for better performance of the model. Numerical

features in video titles and descriptions were also removed.

Figure 3.3: Sample example from the preprocessed YouTube videos dataset

3.2.4 Data annotation method

To evaluate the model, data were annotated through a carefully structured process. Sam-

ples were randomly selected from the entire YouTube video dataset and presented to users

along with clustered advertisements. The task was to choose the advertisement that was

most contextually related to a given video title and description. For this purpose Telegram

chat platform was utilized to facilitate the process, creating a group of annotators and

using Telegram polls to collect their choices. Detailed guidelines were provided within

the Telegram group to ensure that annotators could perform their tasks effectively and

consistently.
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For each video title and description, a list of advertisement choices was provided. Since

these Ads are around 500, it makes it difficult for the annotators to choose. Therefore clus-

tering mechanisms were used to classify the Ads into related listed, section 4.2.1 discusses

in brief the experiment conducted in clustering Ads data. Annotators were instructed to

select only three Ads that they believed were the best match in context. The Ads that

received the most votes were then chosen as recommendations for that specific video.

3.2.5 K-Means Clustering

K-means clustering is a widely used unsupervised machine learning algorithm that parti-

tions data into K clusters based on their similarities. The algorithm works by iteratively

reassigning each data point to the cluster with the closest mean until the points no longer

change clusters [8]. The algorithm is particularly effective in identifying patterns and

structures within large datasets, making it a valuable tool in various applications such

as recommendation systems, data mining, and scientific paper analysis. Recent studies

have explored the application of k-means clustering in various domains, including the

analysis of scientific paper abstracts and the development of recommendation systems.

This process is particularly useful for identifying patterns and structures in large datasets,

such as identifying customer segments in marketing or grouping similar products in e-

commerce [34].

The effectiveness of k-means clustering in various applications stems from its ability to

identify dense regions in the data and group similar data points together. The algorithm is

particularly useful in handling large datasets and can be combined with other techniques

such as deep learning and natural language processing to improve its performance. Recent

advancements in k-means clustering have also focused on improving its scalability and

robustness, making it a versatile tool for a wide range of applications [35].

25



K-Means Clustering is an unsupervised learning algorithm used to partition data into K-

distinct clusters. The algorithm operates through the following steps: it begins by ini-

tializing K centroids randomly and then assigns each data point to the nearest centroid.

Subsequently, the centroids are recalculated based on the assigned points. These steps are

repeated iteratively until the centroids stabilize. However, the algorithm has some draw-

backs, including the need to specify the number of clusters (K) in advance, sensitivity to

the initial placement of centroids, and the assumption that clusters have a spherical dis-

tribution. Despite these limitations, K-Means remains a popular and effective method for

clustering tasks.

3.2.6 Elbow Methods (Clustering)

The Elbow Method is a widely adopted technique for determining the optimal number

of clusters in k-means clustering [36]. This method involves plotting the within-cluster

sum of squares (within-cluster sum of square (WCSS)) against the number of clusters (k)

and identifying the ”elbow” point on the resulting graph. The WCSS measures the total

variance within each cluster, and as the number of clusters increases, the WCSS decreases

because smaller clusters are more homogeneous.

In practice, the Elbow Method works by first computing k-means clustering for different

values of k, such as from 1 to 10. For each value of k, the WCSS is calculated, which

represents the sum of the squared distances between each data point and the centroid of its

assigned cluster. These WCSS values are then plotted against the corresponding number

of clusters.

The key step in the Elbow Method is identifying the ”elbow” point on the plot. This point

signifies a value of k after which the rate of decrease inWCSS slows down significantly. It

is called the ”elbow” because the plot typically resembles an arm, and the optimal number

of clusters is at the ”bend” or ”elbow” of the arm. The rationale behind this method is that

while increasing the number of clusters will naturally reduce the WCSS, beyond a certain

point, the marginal gain in reducing WCSS diminishes [37]. This ”elbow” point indicates

that adding more clusters beyond this number yields minimal improvement in terms of

variance reduction.
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By using the Elbow Method, practitioners can effectively balance the complexity of the

model with its performance. This ensures that the clustering solution is both efficient and

effective, avoiding the pitfalls of overfitting or underfitting the data. The Elbow Method

thus provides a practical approach to identifying the most appropriate number of clusters,

enhancing the overall robustness and interpretability of the clustering results.

3.2.7 TF-IDF

Term Frequency-Inverse Document Frequency (TF-IDF) is a numerical statistic used in

text mining and information retrieval to reflect the importance of a word in a document

relative to a collection of documents or corpus [38].

It combines two measures: Term Frequency (TF), which quantifies how often a word

appears in a document, and Inverse Document Frequency (IDF), which downweights

words that appear frequently across many documents, thereby highlighting more distinc-

tive terms. By converting textual data into numerical vectors, TF-IDF enables the effective

comparison and clustering of documents, making it a foundational technique for various

applications such as search engines, recommendation systems, and natural language pro-

cessing tasks. In this research this method have been used to cluster the Advertisement

dataset and the result is comperes with the embedding models discussed in section 3.3.

3.3 Embedding Models

Embeddings for words or sentences provide a powerful method for representing language

in natural language processing tasks. These embeddings are typically expressed as real-

valued vectors within a vector space. In this space, semantically similar words or sentences

are represented by vectors that are close to each other [39]. This proximity in the vector

space reflects the similarity in meaning, making embeddings a crucial tool for understand-

ing and processing language.
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• Word embeddings: Word embeddings are numerical representations ofwordswhere

words with similar meanings have similar vector representations. This technique,

a cornerstone of natural language processing (NLP), encodes relationships between

words by transforming them into numerical vectors. The dimensionality of these

vectors is significantly smaller than the size of the vocabulary, ensuring efficient

and meaningful representations. A prominent example of a word embedding model

isWord2Vec, which effectively captures semantic relationships betweenwords [40].

Word2Vec: is a group of models that are used to produce word embeddings, which

are dense vector representations of words in a continuous vector space. The main

advantage of word2vec is its ability to capture semantic meanings and relationships

between words based on their contextual usage in large text corpora [41].

Word2vec comes in two primary architectures: Continuous Bag of Words (CBOW)

and Skip-gram. The CBOW model predicts a target word based on its surrounding

context words, while the Skip-gram model predicts the surrounding context words

given a target word. These models use neural networks to learn word associations

from a large corpus of text efficiently. The resulting word vectors can be used in

various downstream tasks, such as word analogy solving, sentiment analysis, and

machine translation [42].

fast-text: Unlike traditional word embedding models like word2vec, FastText en-

hances its capability by considering subword information, making it particularly

effective for handling rare and out-of-vocabulary words [43]. This approach in-

volves breaking down words into character n-grams and generating word vectors

from these subwords, resulting in more nuanced and flexible word embeddings.

FastText can also be used for document embeddings by averaging the vectors of

words within a document, offering a simple yet powerful method for capturing the

semantic essence of the text. FastText is known for its speed and scalability, making

it a popular choice for large-scale natural language processing tasks.
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• Document embeddings: Research has extended the techniques used for creating

word embeddings to develop new methods for representing longer texts, such as

sentences or articles. These methods fall under the general term ”document em-

beddings.” A widely used document-embedding model is Doc2Vec [44] which is

an extension of Word2Vec that learns document embeddings by training a model

to predict words in a context, considering an additional document vector, which

captures the meaning of entire documents in a single, comprehensive vector.

Doc2Vec: is an extension of the word2vec model developed by Mikolov et al.[40]

to create vector representations for larger blocks of text, such as sentences, para-

graphs, or entire documents. Unlike word2vec, which generates embeddings for

individual words, Doc2Vec generates embeddings that capture the semantic mean-

ing of entire documents. It does this by introducing an additional vector representing

the document, which is trained alongside word vectors.

During training, the document vector is concatenated or averaged with word vectors

to predict the next word in a context, allowing the model to learn a fixed-length fea-

ture representation for each document. This approach enables applications such as

document classification, clustering, and information retrieval by providing mean-

ingful numerical representations of text, capturing context and semantic relation-

ships effectively [45].

• Transformer-based embeddings: Embeddings produced by models like BERT

and GPT, leverage the self-attention mechanism to generate contextually rich rep-

resentations of text. These models are pre-trained on vast corpora of text, en-

abling them to understand and capture complex linguistic features and dependen-

cies [46]. BERT processes text bi-directionally, considering the context from both

directions to produce highly nuanced embeddings as discussed in section 3.3.2,

while Generative Pre-trained Transformer (GPT) generates embeddings through

unidirectional processing. The resulting embeddings are highly effective for a range

of NLP tasks, as they capture the complex relationships between words within their

specific contexts [47].
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Transformer-based embeddings were chosen for this approach because, for Amharic data,

pre-trained BERT models achieve superior semantic embeddings compared to traditional

methods such as word2vec or fastText [20]. Using the Natural Language Inference (NLI)

dataset BERT has shown a better performance in understanding sentence semantic simi-

larity.

3.3.1 Transformer

In traditional language tasks such as translation and recommendation, the sequence-to-

sequence approach has been predominantly used, with recurrent neural networks (Recurrent

Neural Networks (RNNs)) serving as the primary architecture [48]. In this method, each

word in the sentence is first converted into a word vector, which is then processed by an

encoder to generate a hidden state. This process is repeated for each subsequent word,

with the hidden state from the previous word also fed into the encoder. For the first word,

the hidden state is initialized to zero. Once the entire sentence is processed, the hidden

state from the last word is passed to the decoder, which begins generating the translation.

The decoder outputs the translation for the first word, and then uses this translated word

and the updated hidden state as inputs to generate the second translated word.

A key challenge in this approach is ensuring that the hidden state effectively captures

and retains the memory of all input words and their order, enabling accurate translation at

each step. Attention mechanisms address this by allowing the decoder to focus on specific

hidden states that correspond to the relevant words in the input sentence. For instance, if

the second word in the input sentence is being translated, the attention mechanism ensures

that the decoder pays particular attention to the hidden state generated by that word. This

targeted focus improves the accuracy and coherence of the translation by ensuring that the

decoder has precise information about the word currently being translated.

30



ATransformer is a deep learningmodel architecture that has significantly impacted natural

language processing (NLP) and other fields since its introduction in 2017 by Vaswani

et al [49] in the paper ”Attention is All You Need.” Unlike traditional recurrent neural

networks (RNNs), Transformers use a self-attentionmechanism to process sequential data,

allowing the model to weigh the importance of different words in a sentence independently

of their position. This mechanism enables the model to capture complex relationships and

dependencies within the data. To address the lack of inherent sequence understanding,

positional encoding is added to the input embeddings, providing the model with positional

context.

The multi-head attention mechanism, another key feature, allows the model to focus on

various parts of the input simultaneously, capturing different types of relationships. Each

layer in the Transformer consists of a multi-head self-attention mechanism and a feed-

forward neural network, enhanced with layer normalization and residual connections for

improved training stability and performance. The architecture is divided into an encoder,

which processes the input sequence into continuous representations, and a decoder, which

generates the output sequence using these representations as context.

Transformers have found applications in numerous domains. InNLP, they are used for lan-

guage translation, text summarization, question answering, and sentiment analysis. They

have also been adapted for computer vision tasks, such as image classification and object

detection, through models like Vision Transformers Vision Transformers (ViTs). Addi-

tionally, Transformers are utilized in speech processing for recognition and synthesis, and

in recommender systems to enhance user experience by understanding preferences through

natural language processing.
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There are three distinct attention blocks as shown in Figure 3.4 that is one for the input sen-

tence, one for the target sentence, and a third that integrates information from both. This

third block, known as the multi-head attention block, facilitates the mapping between dif-

ferent languages in translation tasks by generating multiple attention vectors for each word

and averaging them to capture intricate relationships. This multi-head approach enriches

the model’s ability to encode complex word relationships, making it highly effective in

tasks like translation.

Figure 3.4: Transformer architecture [49]
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3.3.2 BERT

BERT is a pre-trained language model developed by Google in 2018 [50]. It has been

widely used in various NLP tasks due to its ability to improve performance on many tasks.

BERT is a robust encoder for the transformer model that can understand the broader con-

text and deliver state-of-the-art performance across various NLP tasks. It is pre-trained on

a large corpus of text, which allows it to learn general language understanding and con-

textualized representations of words. This pre-training is done using a masked language

modeling task and a next sentence prediction task [51]. BERT uses a multi-layer bidi-

rectional transformer encoder. This architecture allows it to process input sequences in

both forward and backward directions, which helps in capturing contextual relationships

between words. It has been applied to various NLP tasks, including question answer-

ing, sentiment analysis, named entity recognition, and text classification. BERT can be

fine-tuned for specific tasks, which allows it to adapt to different domains and tasks [52].

Historically, language models could only read input text sequentially either left-to-right

or right-to-left as discussed in section 3.3.1 but couldn’t do both at the same time. BERT

is different because it’s designed to read in both directions at once. The introduction of

transformer models enabled this capability, which is known as bidirectionality. Using

bidirectionality, BERT is pre-trained on two different but related NLP tasks; these are

masked language modeling Masked Language Modeling (MLM) and next sentence pre-

diction Next Sentence Prediction (NSP).

The paper [50] introduces two sizes of BERT models. BERT Base and BERT Large, with

the latter achieving state-of-the-art results. BERT, essentially a stack of Transformers,

differs in the number of encoder blocks it contains. BERT Base has 12 encoder blocks,

each with a feed-forward network of 768 nodes and 12 attention heads. In contrast, BERT

Large has 24 encoder blocks, each with a feed-forward network of 1024 nodes and 16

attention heads. For comparison, the original Transformermodel has 6 encoder layers, 512

hidden units, and 8 attention heads. Similar to the Transformer, BERT processes an input

sequence of words, applying self-attention in each layer to understand the relationships

between words and passing the outputs to the next layer.
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BERT utilizes a sophisticated type of word embedding called Embeddings from Language

Models (ELMo) [53]. Unlike traditional embeddings, ELMo considers the entire sen-

tence before assigning an embedding to a word, capturing valuable contextual informa-

tion. This is crucial for understanding words with multiple meanings, like ”right,” which

varies depending on context. ELMo achieves this by using a bi-directional Long Short-

TermMemory (LSTM), trained to predict the next word in a sentence based on the preced-

ing words. This contextual approach allows BERT to excel in natural language processing

tasks by understanding the nuanced meanings of words within their specific contexts. The

bi-directionality of a model is important to understand the meaning of a language. The

example below illustrates this [54].

Figure 3.5: Showcase that BERT captures both the left and right context [54]

The left and right contexts are both captured by BERT. Predicting the nature of the word

”bank” using only the left or right context would result in an error in at least one of the

two given examples. To address this issue, both the left and right contexts are considered

before making a prediction, which is precisely what BERT does.
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3.4 Sentence Embedding

Sentence embedding is a fundamental technique in NLP that transforms sentences into

dense vector representations, called embedding, which encapsulates their semantic mean-

ing. Unlike traditional bag-of-words models that lose the context, sentence embedding

preserves the relationships between words within a sentence. This makes them highly

valuable for a range of NLP tasks, including text classification, sentiment analysis, in-

formation retrieval, and machine translation. By capturing the essence of sentences in a

compact form, sentence embedding facilitates more sophisticated and context-aware text

processing.

3.4.1 Sentence Bidirectional Encoder Representations from Trans-

formers

Sentence-BERT (SBERT), introduced in 2019, adapts the BERT architecture by employ-

ing siamese and triplet network structures to create semantically meaningful sentence em-

beddings. significantly enhances efficiency, finding themost similar sentence embeddings

among 10,000 sentences in just 5 seconds, compared to BERT’s 65 hours. Additionally,

SBERT is about 9% faster than the InferSent model and approximately 55% faster than

the Universal Sentence Encoder (USE) which is a pre-trained neural network model that

generates high-quality sentence embeddings for a wide range of natural language process-

ing NLP tasks on a Graphics Processing Unit (GPU), both of which are leading models for

generating sentence embeddings [55]. SBERT introduces the Siamese network concept

meaning that each time two sentences are passed independently through the same BERT

model. Before discussing SBERT architecture, let us refer to a subtle note on Siamese

networks:

SBERT achieves this efficiency by adding a pooling layer to BERT’s output, producing

fixed-size embedding vectors. The BERT model is then fine-tuned using a siamese net-

work architecture, which updates the weights to ensure that the resulting embeddings are

semantically meaningful. These embeddings can be compared using cosine similarity,

allowing for accurate measurement of sentence similarity.
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3.4.2 Pooling layer

The process of transforming a sequence of embeddings into a single sentence embedding

is known as “pooling”. Essentially, this involves compressing detailed token-level rep-

resentations into a fixed-length vector intended to encapsulate the meaning of the entire

sequence. Sentence embeddings are compressions. This inherent compression is a key

reason why sentence embeddings may struggle to capture fine details in lengthy texts the

compression process can be too loss to maintain such granularity.

Text that consists of 200 tokens and uses a language model that produces 512-dimensional

embeddings. The resulting embeddings will be 200 distinct 512-dimensional arrays. The

sentence embedding will, by contrast, represent the information in the sequence in only

one single 512-dimensional array [56].

Figure 3.6: SBERT architecture to compute similarity scores modified for the research

methodology
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The pooling layer is essential for converting the token embeddings generated by the BERT

model into a single, fixed-size vector representation for each sentence. When a sentence

is processed by BERT, it produces embeddings for each token. The pooling layer then

applies one of several methods to these token embeddings:

• Mean pooling: to obtain a fixed-length representation (embedding) for the entire

sentence, mean pooling calculates the average of all word embeddings in the sen-

tence. In other word it averages the embeddings of all tokens.

• Max pooling: takes the maximum value from each dimension across all token em-

beddings.

• CLSpooling: uses the embedding of the special [CLS] token added at the beginning

of the sentence or token.

These methods condense the rich contextual information from the token embeddings into

a single vector that effectively represents the entire sentence, making it suitable for tasks

such as semantic similarity, sentence classification, and clustering [56].

3.5 Distance Similarity Measurement

Distance similarity metrics are essential tools for quantifying how similar two entities

are based on their separation in high-dimensional space. These metrics are vital in nu-

merous applications, including NLP. Similarity measurements often involve comparing

high-dimensional vector representations of words or sentences. These vector embeddings

capture the semantic meaning of the text, allowing better comparisons.There are different

kinds of distance similarity measurement the most well known are discussed below.

• Euclidean distance: is a line between two points in the Euclidean space. The Eu-

clidean distance between the vector representations of two text documents serves

as a proxy for their semantic similarity here documents with smaller Euclidean dis-

tances are consideredmore similar in content, while documents with larger distances

are less alike [57].
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d(p, q) =

√√√√ n∑
i=1

(qi − pi)
2

p, q = two points in Euclidean n-space

qi, pi = Euclidean vectors, starting from the origin of the space (initial point)

n = n-space

• Cosine Similarity: Cosine similarity is a metric used to measure the similarity be-

tween two non-zero vectors. The cosine similarity between two vectors is calculated

by taking the dot product of the two vectors and dividing it by the product of their

Euclidean lengths. Mathematically, this can be expressed as:

cos(θ) = A·B
∥A∥∥B∥ =

∑n
i=1 AiBi√∑n

i=1 A
2
i

√∑n
i=1 B

2
i

Where A and B are the two vectors, and θ is the angle between them as shown in

figure 3.7.

Figure 3.7: Angle between two vectors A and B [57]

The resulting cosine similarity value will range from -1 to 1. A value of 1 indi-

cates that the two vectors have the same direction, 0 indicates they are orthogonal

(perpendicular), and -1 indicates they are in opposite directions.
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Cosine similarity is a widely used metric in many applications, such as informa-

tion retrieval, recommendation systems, and text analysis, where quantifying the

similarity between high-dimensional vectors is important.

Cosine similarity focuses on the orientation or direction of the vectors, ignoring any

differences in their magnitude or scale. This means that two vectors can have a high

cosine similarity even if they have very different lengths or magnitudes. For two

vectors to have their cosine similarity calculated, they must exist in the same inner

product space [58]. This ensures that the vectors can be multiplied using the inner

product operation, which produces a scalar value.

Cosine similarity is a powerful tool for measuring similarity in recommendation systems

and due to its ability to handle sparse, high-dimensional data. It focuses on the direction of

vectors rather than their magnitude. This makes it a preferredmethod for this research. For

the proposed method Cosine similarity is chosen since sentence transformers are specifi-

cally designed with cosine similarity in mind.
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Chapter 4

Result and Discussion

In this chapter test data preparation, experimental setups, and experiment scenarios used

to evaluate the proposed approach with the obtained results and evaluations are discussed.

4.1 Experimental Setup

All modules within the developed recommendation system have been implemented using

Python in Google Colab, a versatile cloud-based service offered by Google. Models were

retrieved from Hugging Face. Hugging Face is a widely-used online platform that offers

open-source machine learning models, serving thousands of organizations globally [59].

In this thesis, the Hugging Face Transformers library was used to generate embeddings

for Amharic sentences using sentence transformer. This library provides an extensive

collection of pre-trained Transformer-based models, enabling efficient and effective im-

plementation of advanced machine learning techniques.

4.2 Test data preparation

As discussed in section 3.2, advertisement data were collected from the YouTube pages

of various advertisement and promotion companies. This data scraped directly from the

platform, was initially uncategorized unlike the YouTube video data, all kinds of Adver-

tisement data were collected. Assigning 500 pieces of Ads data for annotators to choose

from for each YouTube video was challenging. To address this issue, clustering techniques

were implemented to organize the data into manageable groups, making the selection pro-

cess more efficient and effective for annotators.
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4.2.1 Advertsement Data Clustering

The elbow method suggested the optimal number of clusters for the Amharic advertise-

ment data. Elbow Method as discussed in section 3.2.6 used to determine the optimal

number of clusters by plotting the sum of squared errors sum of squared errors (SSE)

against the number of clusters and looking for an ”elbow” point where the rate of decrease

sharply slows. As mentioned in Section 3.2.5, KMeans clustering, which is well-known

for unsupervised clustering, was utilized in this analysis. Given that the dataset comprises

textual data, various text embedding models were compared to cluster the data based on

their contextual meaning. As discussed in section 3.3 Tf-Idf, word2vec, fast text, and

BERT language models were used as text embedding models. This combination ensured

more accurate and meaningful data categorization.

Figure 4.1: Elbow Method to decide the number of categories for Amharic advertisement
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Comparing the clustering performance of different text embeddingmodels (tf-idf,Word2Vec,

FastText, and BERT) from the figure 4.2 for the Amharic advertisement data, with its

balanced cluster distribution and as the data of the cluster from the model implies BERT

advanced semantic understanding, BERT appears to be the most effective method for clus-

tering the Amharic Advertisement dataset.

Figure 4.2: Comparison of language models in clustering Ads data

The Amharic advertisement data, clustered using BERT and KMeans clustering, were

provided to annotators to create video-advertisement pairs as discussed in Section 3.2.4.

Out of 4,500 processed YouTube video data ( titles and descriptions), 1,200 entries were

randomly selected for this task. These selected videos, along with the clustered advertise-

ment data, were given to the annotators. Before presenting the clustered advertisements as

choices, the categories of the YouTube video data were carefully considered. This ensured

that the annotators could make better decisions, aligning the clustered advertisements with

the relevant video categories, thus enhancing the accuracy and relevance of the video ad-

vertisement pairings.
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4.3 Experimental Scenario

Two experiments are conducted to evaluate the proposed recommendation system. Based

on their intended goal, those experiments are categorized into three:-

• Experiment I: Aimed to evaluate the performance of the proposed model in rec-

ommending relevant Ads.

• Experiment II: Aimed to evaluate the proposed model concerning user cold start.

4.3.1 Experiment I:Model Efficiency in recommendation

BERT models were used to make a contextual embedding for YouTube video titles and

descriptions. The same model was used to embed Ads title, here three BERT models

fine-tuned for the Amharic language were used to make the sentence embedding, and the

models are found in Hugging Face. These models were fine-tuned for tasks like named

entity recognition, sentiment analysis, and word question answering. In this experiment,

the models shown in table 4.1 were used to embed the large texts from the dataset, the

last row in the table is the proposed model for this thesis. Different threshold values were

set to check how the embeddings made by the language models responded to the cosine

similarity. Three threshold values were selected when the cosine similarity was greater

than 0.7, 0.8, and 0.9.

Table 4.1 show models that are used for the embedding. The first model is Amharic

sentence BERT this model is train on small data with a maximum sequence length of

512, the second one is multi-lingual Bidirectional Encoder Representations from Trans-

formers (mBERT) bert model, this model is a BERT model that was pre-trained in multi-

language including Amharic and the last one is the proposed sentence multi-lingual Bidi-

rectional Encoder Representations from Transformers (SmBERT) model, here mean pool-

ing have been applied with a maximum sequence length of 512 on the multi-lingual BERT

to make a SBERT.
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Models

1 Amharic SBERT

2 bert-base-multilingual-cased-finetuned-Amharic(mBERT)

3 bert-base-multilingual-cased-finetuned-Amharic + pooling

(SmBERT)

Table 4.1: BERT models fine-tuned for Amharic language

4.3.2 Experiment II:Model Efficiency in cold start

Once the model was developed, an experiment was conducted to evaluate its efficiency in

a cold start scenario. In this context, ”cold start” refers to the challenge of making accurate

recommendations for new users who have no prior interaction history with the system. To

assess this, 50 recommendations generated by the model were selected for evaluation by

new users who had not previously seen the videos or the advertisements.

These 50 recommendations were chosen to ensure a robust evaluation, distinct from the

data set used for initial labeling, as discussed in Section 3.2.4. The new users provided

feedback on these recommendations, allowing us to know how well the model performed

without relying on prior user-specific data. This evaluation helps to understand themodel’s

generalization capabilities and its effectiveness in providing relevant recommendations to

users who are entirely new to the system.

4.4 Evaluation Metrics

The evaluation metric employed in this experiment is accuracy. While there are other

metrics available for evaluating the performance of recommendation systems, accuracy

was specifically chosen for this experiment due to its compatibility with the method em-

ployed. Accuracy provides a straightforward and comprehensive measure of how well the

recommendation algorithm predicts advertisement data to the YouTube videos assessing

the proportion of correctly recommended items against the total number of recommenda-

tion.
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Given the nature of the datasets, which include clear and well-defined true labels for user

preferences, accuracy serves as an effective metric to quantify the overall performance of

the recommendation system.

4.4.1 Accuracy

Recommendation accuracy is themost basic metric for evaluating a recommendation algo-

rithm, which measures the extent to which the recommendation algorithm can accurately

predict the user’s preference for the recommended product [60].

The accuracy of the model was calculated by determining how many of the recommenda-

tions generated by the system matched the YouTube video and advertisement pairs gained

from the annotators. In this context, the top three advertisements were generated by the

recommendation model for each video, and three annotated advertisements were provided

for each video by the annotators. A correct recommendation was counted as one accu-

rate or relevant recommendation if the recommendation model we proposed included an

advertisement that matched one of the three advertisements recommendation-annotated.

The accuracy was then computed by dividing the number of correct predictions by the to-

tal number of videos. This approach ensures that the system’s ability to accurately predict

relevant advertisements based on the annotated data is evaluated effectively.

4.4.2 Confidence Interval

A Confidence Interval (CI) is a range of values, derived from a data sample, that is likely

to contain the true population parameter, accuracy in this paper case with a certain level

of confidence [61]. It provides an estimate of the uncertainty or precision of the sample

statistic. It provides an estimated range of values that, with a certain level of confidence

(typically 95% or 99%), includes the parameter of interest. provide a range of plausible

values for an unknown population parameter, rather than a single point estimate, which

helps to understand the variability and uncertainty of the estimate. By reflecting sam-

pling variability, confidence intervals acknowledge that different samples from the same

population could yield different estimates, making conclusions more robust.

Taking confidence levels are 95%, the confidence interval for the accuracy of this model

in solving cold start is calculated below.
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CI = x̄± Z

(
s√
n

)
Where:

x̄ = Sample mean

s = Sample standard deviation

n = Sample size

Z = Z-score corresponding to the desired confidence level (1.96 for 95% confidence)

4.5 Results

4.5.1 Experiment I: Proposed model efficiency in recommendation

From the experiment conducted in evaluating the recommendation model, as discussed in

section 4.3.1 there were three models used for embedding the textual data in both YouTube

video textual data and advertisement textual data including the modified SmBERT fine-

tuned for Amharic. As shown in the table 4.2, the model’s accuracy in recommending

relevant Ads shows a significant difference. The proposed model demonstrates much bet-

ter performance compared to other models due to its efficiency in sentence embedding.

As the sentence embedding similarity threshold value increases, the recommendation per-

formance of all models decreases. This indicates that higher similarity thresholds require

advertisement titles to be nearly identical in all textual features to the YouTube video titles

and descriptions for accurate recommendations.
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Models Cosine Similarity >

0.7

Cosine Similarity >

0.8

Cosine Similarity >

0.9

AmSBERT 30.7% 5.3% 2.8%

mBERT(fine-tuned

for Amharic),

40.8% 20.06% 7.5%

mBERT(fine-tuned

for Amharic) +

pooling (SmBERT)

70.2% 52% 28.02%

Table 4.2: Models performance for YouTube Amharic advertisements on different thresh-

olds of cosine similarity

4.5.2 Experiment II: Proposed model efficiency in cold-start

As discussed in Section 4.3.2, evaluation Ads recommendations were selected randomly

from the video advertisement pair generated from the proposed model and assigned to

users who had not previously watched the Ads. This approach ensured that the evaluators

were cold start users, meaning they had no prior exposure to the advertisements. These

YouTube users were asked to watch the videos and determine whether the recommended

Ads were relevant to the video content or not.

For this evaluation, approximately 50 videos were selected, each paired with three rec-

ommended Ads. These videos, along with their associated advertisements, were then

distributed to 27 evaluators. Since the evaluation is made by questioning peoples, the

confidence interval was calculated as discussed in section 4.4.2. Therefore Based on their

feedback, the following conclusions were drawn:

Out of the 50 video advertisement pairs provided for 27 evaluators, on average about 34

video-recommendation pairs were selected as relevant recommendations, From this, in a

cold start scenario, where evaluators had no prior exposure to the advertisements, approxi-

mately 68% of the video-advertisement pairs were considered relevant. This indicates that

the recommendation system was relatively effective in selecting ads that were appropriate

and related to the content of the videos by users with no previous interaction history.
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With a 95% confidence interval, the mean of the collected data is approximately (29.18,

38.44). This indicates that there is 95% confidence that the true accuracy of the model in

recommending relevant Ads to cold start users lies between 58% and 76%.
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Chapter 5

Conclusion and Future work

5.1 Conclusion

This thesis proposed a solution to address the user cold start problem in YouTube Ads

recommendation systems using language model embedding. To tackle this issue, approx-

imately 4500 YouTube video titles and descriptions, along with 500 YouTube Ads titles,

were collected and processed. Out of these, 1200 videos were selected and presented to

annotators along with clustered advertisements. KMeans clustering with various word

embedding models were employed to ensure that related advertisements were fairly dis-

tributed within the same category of YouTube videos.

Two experiments were conducted to evaluate the proposed methods. The first experiment

assessed the efficiency of the system in recommending relevant Ads. The second experi-

ment focused on evaluating the system’s effectiveness in addressing the new user problem

in YouTube Ads. To evaluate the model 50 recommendations that the system generates

were provided to 27 users who have never seen the videos and the Ads before.

Based on the experiments conducted to test the efficiency of the system, the proposed

system:

• Demonstrated an accuracy of 70% in recommending relevant Ads when compared

to the annotated YouTube video and Ads pairs.

• Showed that at 95% confidence interval, 58% to 76% of the advertisements rec-

ommended for the YouTube videos were relevant by new users who had no prior

exposure to the Ads.
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Depending on these results, It can be concluded that incorporating mean pooling with

mBERT allows for effective Amharic sentence embedding. This enhancement enables

the system to comprehend sentences meaning. Which improves the relevance of Ads rec-

ommendation and helps to address the user cold start problem. Since this method doesn’t

need extensive data sharing from YouTube users we can conclude that our approach sig-

nificantly enhances privacy.

5.2 Future Works and Recommendations

finally, The following gaps have been identified as potential directions for future research:

• In this research, the accuracy evaluation was conducted by taking a recommended

Ads from the proposed system as matching if it appeared at least once in the an-

notated data. This method was used regardless of whether there were two or more

matching Ads for the video. It would be beneficial to consider and evaluate scenar-

ios where two or more similar advertisements exist between the system data and the

annotated data, as this could potentially impact the results.

• In its current form, the developed model can be applied to solve the user cold start

problem and recommend relevant Ads for various social media platforms, such as

Twitter, TikTok and web pages.

• It would be worth using the proposed model for sentence similarity tasks with la-

beled datasets.
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