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ABSTRACT

years, unlocking new possibilities across domains such as education, healthcare, and

social media. However, this progress remains largely confined to high-resource languages,
leaving low-resource varieties, particularly Arabic dialects like Algerian Arabic underrepresented.
These dialects face compounded challenges: lack of standardized orthography, code-switching
with French and Modern Standard Arabic (MSA), rich morphological structures, and a persistent
scarcity of annotated data. This thesis addresses these limitations by leveraging cross-lingual
transfer learning and multitask learning, techniques to bridge the resource divide between MSA
and Algerian Arabic. Central to this research is the hypothesis that linguistic proximity between
MSA and Algerian Arabic can be systematically exploited to enhance NLP model performance
in dialectal tasks. To validate this, a series of experiments was conducted, beginning with
evaluations of classical machine learning models and pre-trained transformer architectures,
revealing their limitations when applied to unstructured dialectal data. These observations
motivated the development of two novel computational frameworks tailored for low-resource
scenarios. The first contribution, WASL-DI, is a hybrid dialect identification system that combines
contextual embeddings from the CAMeLBERT MSA model with semantic representations derived
from FastText. This dual-path architecture captures both deep contextual and subword-level
features, making it robust against noise and lexical variation common in informal dialectal
content. It achieved a peak accuracy of 99.24% on the dataset used, outperforming benchmark
models such as DziriBERT and MDA-BERT. The second major innovation is SILAA-SA, a
multitask learning framework for sentiment analysis. It incorporates a Mixture of Experts (MoE)
mechanism to dynamically share knowledge between MSA and dialectal inputs. The model
uses shared layers for general language understanding and task-specific experts for capturing
dialectal nuances, ensuring efficient knowledge transfer without semantic interference. Extensive
experiments across multiple dialectal sentiment datasets show that SILAA-SA outperforms
traditional singletask models and adapts well to cross-domain tasks such as fake news detection.
SILAA-SA achieved 86.81% accuracy on the FASSILA dataset and outperformed existing models
across several dialectal benchmarks, including MAC, MYC, TSAC, and ArSarcasm-v2, with
strong cross-domain performance on fake news detection tasks as well. Ablation studies further
confirmed the effectiveness of architectural components like embedding fusion and MoE design
in achieving performance gains. Beyond model accuracy, this work addresses broader concerns
in dialectal Natural Language Processing (NLP) by providing reproducible pipelines, annotated
datasets, and adaptable architectures to support future research in Arabic and other low-resource
languages. Importantly, the research also promotes inclusivity by extending NLP capabilities to
communities often excluded from technological advances. By demonstrating how high-resource
language assets like MSA can be repurposed for low-resource dialects, the thesis sets forth
scalable and practical strategies that address real-world data limitations. In conclusion, this work

N atural Language Processing (NLP) technologies have seen remarkable progress in recent



makes substantial contributions to the field of cross-lingual and multitask learning for dialectal
Arabic. It lays a robust foundation for further exploration in areas such as equitable language
technology. The outcomes have direct implications for building more inclusive Al systems capable
of understanding the diverse linguistic landscape of the Arabic-speaking world.
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RESUME

derniéres années des avancées remarquables, ouvrant la voie a de nouvelles applications

dans des domaines variés tels que I’éducation, la santé ou encore les médias sociaux.
Toutefois, ces progres demeurent principalement centrés sur les langues disposant de ressources
abondantes, reléguant les variétés peu dotées, notamment les dialectes arabes comme I'arabe
algérien a la marge des innovations linguistiques. Ces dialectes se heurtent a une série d’obstacles
: absence d’orthographe normalisée, alternance linguistique fréquente avec le francais et ’arabe
standard moderne (ASM), complexité morphologique marquée, et rareté persistante des corpus
annotés. La présente these s’attache a dépasser ces limites en s’appuyant sur des techniques
d’apprentissage multitache et de transfert cross-lingue pour réduire ’écart entre '’ASM et I'arabe
algérien. Au cceur de cette recherche réside ’hypothése que la proximité linguistique entre ’ASM
et 'arabe algérien peut étre exploitée méthodiquement afin d’améliorer les performances des mod-
éles NLP dans des taches dialectales. Pour tester cette hypothése, une série d’expérimentations a
été menée, en commencant par une évaluation de modeles classiques d’apprentissage automa-
tique et d’architectures pré-entrainées de type transformeur. Ces premiers tests ont révélé les
limites de ces approches lorsqu’elles sont confrontées a des données dialectales non structurées,
motivant le développement de deux cadres computationnels innovants, congus pour les contextes
a faibles ressources. Le premier, WASL-DI, est un systeme hybride d’identification dialectale
combinant les représentations contextuelles du modele CAMeLBERT (ASM) et les vecteurs
sémantiques issus de FastText. Cette architecture bi-canal capte a la fois la richesse contextuelle
profonde et les motifs morphologiques de surface, renfor¢ant sa robustesse face au bruit lexical et
a la variation dialectale. Il a atteint une accuracy de 99.24% sur les données utilisées, surpassant
des modeles de référence comme DziriBERT et MDA-BERT. Ce systéme a obtenu des résultats de
pointe sur plusieurs benchmarks, notamment pour les variantes algériennes sous-représentées,
et a fait 'objet d’'une publication dans une revue a comité de lecture. La deuxiéme contribution
majeure, SILAA-SA, repose sur une architecture multitdche dédiée a ’analyse des sentiments.
Elle integre un mécanisme de type Mixture of Experts permettant une distribution dynamique
des connaissances entre ’ASM et les entrées dialectales. Les couches partagées garantissent
une compréhension linguistique globale, tandis que les experts spécifiques capturent les nuances
dialectales sans provoquer d’interférences sémantiques. Le modele SILAA-SA a atteint une
accuracy de 86.81% sur FASSILA, et a surpassé les modeles existants sur les corpus MAC, MYC,
TSAC et ArSarcasm-v2, avec de solides performances en détection des fausses nouvelles dans des
contextes inter-domaines. Les expériences menées sur plusieurs corpus dialectaux de sentiments
démontrent que SILAA-SA surpasse les modeles classiques monolingues, avec une capacité
notable de généralisation a des taches croisées comme la détection des fausses nouvelles, ces deux
systémes ont été rigoureusement évalués. Les études d’ablation ont souligné I'impact déterminant
des composants architecturaux, tels que la fusion des embeddings et le mécanisme Mélange
d’experts (MdE). Au-dela de I'aspect technique, cette recherche vise a élargir les possibilités du
TALN a des communautés souvent exclues des avancées technologiques. En définitive, cette thése
constitue une contribution significative a Papprentissage croisé et multitache pour les dialectes
arabes. Elle pose les bases d’'une extension des capacités du TALN a d’autres langues a faibles
ressources, tout en ceuvrant a un traitement linguistique plus équitable dans le monde arabe.

Les technologies de traitement automatique du langage naturel (TALN) ont connu ces
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CHAPTER

INTRODUCTION

ver the past decade NLP has made significant strides, largely driven by the availability
of large-scale datasets and the development of advanced pretrained models. These
advancements have led to substantial improvements in a variety of NLP tasks, such
as speech recognition, sentiment analysis, and machine translation. However, the benefits of
these innovations have not been equally distributed. While high-resource languages have reaped
the rewards of these developments, many other languages, the low-resourced ones, remain
underserved due to a lack of data. This disparity highlights a pressing challenge in NLP: ensuring
that technological progress is inclusive and accessible to all languages, regardless of their resource

availability.

1.1 The Gap Between High-Resource and Low-Resource

Languages

Language is a defining feature of humanity, serving as the medium through which individuals
share ideas, express complex emotions, and transfer knowledge across generations [149]. This
capacity for expression has enabled humanity to build societies and achieve cultural and scientific
advancements that shape the human experience. With over 7,000 languages spoken globally [69],
language diversity serves as a testament to the cultural richness of humanity. Each language
carries unique features in its grammar, vocabulary, and phonology, reflecting the values and
worldviews of its speakers. However, this diversity also creates challenges, especially in a rapidly
globalizing world where cross-linguistic communication is increasingly vital for social, economic,
and technological interactions [151].

In the realm of technology, language has taken on an equally critical role, becoming a
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cornerstone of Artificial Intelligence (AI) development. In the digital age, language is not just a
means of communication but also a critical interface between humans and machines. Al-powered
applications such as machine translation, speech recognition, and chatbots rely on the ability
to process and understand human language, making linguistic data an essential resource for
training and improving these systems. Whether through text, speech, or other modalities, the
ability of machines to process and understand language profoundly impacts areas like education
[22], healthcare [92], and commerce [144]. However, the availability of such resources varies
significantly across languages, creating a gap between high-resource and low-resource languages

that has hindered the development and accessibility of Al technologies [100].

High-resource languages, such as English, Mandarin, and Spanish [106], benefit from an
abundance of linguistic data, including large-scale text corpora, annotated datasets, and pre-
trained language models. These resources are the result of decades of research, investment,
and digitalization efforts, which have made it possible to collect and curate vast amounts of
language data. For example, English-language datasets like the Common Crawl [65] and the
OpenWebText corpus [83] contain billions of words, enabling the training of highly accurate NLP
models [49]. Similarly, pre-trained models such as GPT [13] and BERT [67] have been pretrained
on extensive datasets, allowing them to perform complex tasks like text generation, sentiment
analysis, and question answering with remarkable precision. The availability of these resources
has propelled high-resource languages to the forefront of Al innovation, ensuring that speakers

of these languages have access to cutting-edge technologies.

In contrast, low-resource languages face significant challenges due to the scarcity of linguistic
data and computational resources. These languages, which include many regional dialects and
minority languages, often lack the annotated datasets and digital text records necessary to train
effective NLP models. For instance, while MSA has a relatively well-established presence in digital
form, many Arabic dialects such as Algerian Arabic, and Moroccan Arabic —are underrepresented
in linguistic datasets. This scarcity is compounded by the informal nature of these dialects, which
are primarily used in spoken communication and rarely appear in standardized written form
[153]. As a result, developing NLP models for low-resource languages requires overcoming

significant barriers related to data collection, annotation, and standardization.

The gap between high-resource and low-resource languages is further exacerbated by the
linguistic diversity that characterizes many low-resource languages. while languages often benefit
from standardized orthographies and well-documented grammatical rules, some low-resource
languages particularly dialects or regional varieties frequently exhibit variations in syntax,
morphology, and phonetics [99]. For example, Algerian Arabic incorporates influences from
French, Berber, and Turkish, resulting in a rich but complex linguistic landscape [136]. These
variations make it difficult to create universal NLP solutions that can accurately process and
generate text across different dialects and contexts. Additionally, in cases where standardized

orthography is lacking, the same word or phrase can be written in multiple ways, further
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complicating the development of effective NLP models. However, it is important to note that not
all low-resource languages face these challenges, many simply lack sufficient annotated data or
computational tools despite having well-defined linguistic structures.

The disparity in language resources has far-reaching implications for the accessibility and
inclusivity of Al technologies. Speakers of high-resource languages enjoy access to a wide range of
Al-driven tools and services, from voice assistants to real-time translation systems, that enhance
communication and productivity. In contrast, speakers of low-resource languages often find
themselves excluded from these advancements, as the lack of linguistic data and computational
resources hinders the development of effective NLP models [100]. This imbalance not only limits

access to technology but also perpetuates inequities in global communication and innovation.

1.2 Motivation

The motivation for this research stems from the urgent need to bridge the resource gap between
high-resource and low-resource languages, ensuring that technological advancements are accessi-
ble to all speakers. While languages like English have benefited from extensive NLP research,
many regional dialects and minority languages remain underserved. Among Arabic languages,
MSA serves as a high-resource language, providing a wealth of resources such as large-scale text
corpora, annotated datasets, and pre-trained models. However, many Arabic dialects, particularly
those like Algerian Arabic, lack the same level of resources.

This exclusion limits access to education, healthcare, and business, reinforcing existing social
and economic disparities. By narrowing the focus to Arabic, we aim to address this gap, starting
from the high-resource MSA to the low-resource Arabic dialects, particularly Algerian Arabic,
which is the primary focus of this study.

By addressing the resource gap, this research aims to develop more inclusive NLP systems
that empower speakers of low-resource languages and enable their full participation in the
global digital economy. Beyond practical applications, advancing NLP for these languages also
contributes to the preservation of linguistic diversity and cultural heritage.

A promising approach to mitigating these challenges is leveraging high-resource languages,
such as MSA, to support low-resource varieties. High-resource languages and their dialectal
counterparts often share linguistic features, including core vocabulary, syntactic structures, and
grammatical rules. These similarities provide a foundation for knowledge transfer, allowing
techniques such as cross-lingual transfer learning, multitask learning, and feature fusion to
improve NLP performance for low-resource languages. Focusing on Arabic dialects, this research
will utilize MSA as a bridge to enhance NLP capabilities for Algerian Arabic.

This research is driven by the need to create equitable NLP systems that benefit all speakers,
regardless of language. By exploring innovative, data-driven methodologies, this work aims to

bridge the technological gap and ensure that Al-driven language technologies support linguistic
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diversity rather than marginalize it. Instead of relying only on expert-crafted rules or manual
annotation, which are often scarce or inconsistent for dialects like Algerian Arabic, this thesis
uses computational models to learn directly from real-world text. While this approach enables
scalability and adaptability, it also comes with limitations, such as potential data bias and
reduced ability to capture cultural or pragmatic subtleties where the model might miss deeper
meaning, context, or culturally specific language usage. These challenges are acknowledged
and addressed through techniques that integrate linguistic proximity, cross-lingual knowledge

transfer, and dialect-aware modeling.

1.3 Research Problem and Objectives

A core challenge in NLP is the resource disparity between MSA and Arabic dialects. While MSA
benefits from extensive linguistic resources, Arabic dialects such as Algerian, Egyptian, Moroccan,
and Tunisian Arabic remain significantly under-resourced. These dialects lack standardized
orthographies, annotated datasets, and tailored NLP tools, making it difficult to develop accurate

and scalable models for dialect identification, sentiment analysis, and other NLP tasks.

The linguistic divergence between MSA and dialects further complicates the problem. While
MSA is a formal, standardized variety used in media, literature, and official communication,
dialects are primarily spoken and exhibit substantial variation in vocabulary, grammar, and
pronunciation across regions. This divergence makes it challenging to transfer knowledge from
MSA to dialects, especially when dealing with informal, unstructured, and non-standardized
text. Additionally, the limited availability of annotated dialectal data hinders the application of
traditional supervised learning approaches, which rely heavily on large-scale labeled datasets.

The research problem, therefore, centers on how to effectively leverage the rich resources
available for MSA to improve NLP tasks for low-resource Arabic dialects. This involves addressing
challenges such as linguistic variation, and knowledge transfer between MSA and dialects.

This research aims to enhance NLP for low-resource Arabic dialects by leveraging knowledge

from MSA, the specific objectives are:

1. To design and evaluate effective transfer learning approaches that adapt linguistic knowl-
edge from MSA to low-resource Arabic dialects, using techniques such as cross-lingual
transfer and feature fusion, with a focus on performance improvements over dialect-only

baselines.

2. To improve dialect identification and sentiment analysis tasks by assessing the contribution
of MSA-pretrained models and datasets to classification accuracy and sentiment prediction

across a range of dialectal benchmarks.
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3. To quantify the benefits of MSA-to-dialect knowledge transfer by systematically comparing

models trained on dialectal data alone with those augmented by MSA knowledge, evaluating

their generalization capabilities and robustness on unseen dialects.

. To develop robust model architectures tailored to mitigate the effects of data scarcity and

distributional imbalance, ensuring stable performance in low-resource and noisy dialectal

environments.

To foster linguistic inclusivity in Al systems by investigating whether the integration of
MSA knowledge reduces the disparity in performance between high-resource and low-
resource dialects, thus contributing to more equitable language technology access across

Arabic-speaking communities.

To address this gap, this research explores the hypothesis that knowledge acquired from

MSA characterized by abundant annotated corpora and well-trained models can be transferred

to improve the understanding of Algerian Arabic dialectal texts.

14

Research Questions

To what extent can models without any prior linguistic knowledge capture meaningful
patterns in Arabic dialectal text, and does their performance justify the use of MSA a

closely related high-resource variety as a source of transferable knowledge?

. Can models trained exclusively on MSA generalize to dialectal Arabic despite lacking direct

exposure to its linguistic patterns?

Can applying MSA-trained models to scenarios that require distinguishing between closely
related language varieties provide evidence of their capacity to capture dialect-specific

features despite having no direct exposure to them?

. Can combining complementary representations such as deep contextual embeddings and

subword-level information, improve the model’s capacity to capture dialectal variation?

. Can we use MSA data to support learning in dialectal settings where annotated data is

scarce, by transferring linguistic knowledge across varieties?

. Can learning from MSA and dialectal data simultaneously improve model’s ability to

capture generalizable linguistic features without overfitting to either variety?

. Can shared representations learned from MSA data generalize beyond a single task,

enabling adaptability to related tasks or other dialectal contexts?
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1.5 Research Contributions

This PhD thesis contributes to advancing NLP for low-resource languages in the following ways:

1. Hybrid Model for Arabic Dialect Identification This work introduces a novel architec-
ture that integrates CAMeLBERT and FastText embeddings for dialect classification. By
combining contextual embeddings from CAMeLBERT with subword-level embeddings from
FastText, the model enhances the identification of Arabic dialects, particularly Algerian
Arabic, and provides insights into how embedding fusion can improve performance for

low-resource dialects.

2. Cross-Lingual Transfer Learning from MSA The thesis demonstrates how transfer
learning from MSA significantly improves performance on dialect identification tasks for
low-resource dialects, reducing reliance on dialect-specific annotated data. By leveraging
MSA-trained embeddings, this work shows that knowledge transfer from a high-resource

language can enhance model performance on a low-resource dialect like Algerian Arabic.

3. Multitask Learning for Low-Resource Sentiment Analysis The thesis introduces
SILAA-SA, a novel multitask learning framework designed to improve sentiment analysis
in Algerian Arabic. This framework leverages MSA’s Masked Language Modeling (MLM)
to jointly learn from MSA data and Algerian dialect data, improving sentiment analysis

accuracy on the low-resource Algerian dataset.

4. MoE for Cross-Dialect Knowledge Sharing A MoE layer is introduced, which dynami-
cally selects relevant linguistic knowledge across MSA and dialectal data, improving model
generalization. This layer allows the model to draw on both MSA and dialect-specific data

during training, providing a more robust understanding of diverse linguistic features.

5. Cross-Dialect Evaluation Extensive experiments were conducted on different Arabic di-
alacts including Algerian, Tunisian, and Moroccan datasets to evaluate the generalizability
of the proposed methods across Arabic dialects. The results demonstrate that leveraging
MSA-based transfer learning significantly enhances performance across different dialects,

highlighting the potential for cross-dialect knowledge sharing.

6. State-of-the-Art Performance The models developed in this thesis achieve superior
results compared to traditional transfer learning approaches and existing transformer-
based models. These results, demonstrated across multiple datasets such as MADAR,
setting a new benchmark for Arabic dialect NLP tasks and contribute valuable insights

into the application of MSA knowledge for dialect identification and sentiment analysis.
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1.6 Thesis Structure

This thesis is organized into several chapters, each building upon the previous to develop a
comprehensive understanding of the research problem and proposed solutions. The structure is
designed to guide the reader from foundational concepts to advanced methodologies, experimental

results, and conclusions. Below is an overview of each chapter:

Chapter II — Theoretical Background

This chapter explores the linguistic structure of Arabic, including its morphology, syntax, and
dialectal variations, with a focus on the Algerian dialect. It then provides an overview of founda-
tional NLP techniques, covering traditional machine learning approaches and advanced deep
learning methods used for language processing. Finally, it discusses word representations, rang-
ing from classical statistical methods to modern contextualized embeddings, highlighting their

role in capturing semantic and syntactic relationships.

Chapter III — Literature Review

This chapter provides a comprehensive review of state-of-the-art approaches in Arabic Dialect
Identification (ADI) and Sentiment Analysis, two tasks that exemplify the challenges of low-
resource languages. The review categorizes methodologies into three paradigms: Traditional
Machine Learning, Deep Learning (Non-Transformer), and Transformer-Based (Transfer Learn-
ing) approaches. It examines the progression from feature-based methods to advanced transformer
models, highlighting key challenges such as morphological complexity, dialectal diversity, and
fine-grained classification. The chapter critically analyzes representative works, emphasizing
their strengths, limitations, and the evolution of the field. It concludes by identifying key gaps,

and outlines how these insights guide the research trajectory of this thesis.

Chapter IV — Exploratory Analysis of Classical and Transfer Learning for
Dialectal NLP

This chapter provides complementary insights into Arabic dialect NLP through two key experi-
ments. First, a disaster classification study demonstrates that traditional Machine Learning (ML)
models, despite lacking pretrained linguistic knowledge, can effectively capture the statistical
patterns of Arabic dialectal text, establishing a strong baseline for time-critical tasks. Second,
an investigation into MSA-based transfer learning reveals that leveraging linguistic knowledge
from MSA yields competitive results, closely rivaling specialized models like DziriBERT. While
MSA-based pretrained models do not significantly outperform dialect-specific models, their per-
formance highlights the potential of exploiting the linguistic proximity between MSA and dialects
like Algerian Arabic. These findings suggest that integrating MSA knowledge—a resource-rich
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linguistic source—can enhance performance in complex NLP tasks, offering scalable and general-
izable solutions. The chapter concludes by motivating further research into hybrid approaches
that combine MSA-based pretrained representations with advanced model architectures, aiming

to surpass specialized models and set new benchmarks in Arabic dialect NLP.

Chapter V — Cross-Lingual Dialect Identification using Hybrid Architectures:
The WASL-DI Approach

This chapter introduces WASL-DI, a hybrid cross-lingual model for ADI with a focus on low-
resource dialects like Algerian Arabic. The model combines CAMeLBERT for deep contextual
representations and FastText for subword-level features, addressing challenges such as data
scarcity, dialectal diversity, and the lack of standardized orthography. This dual-path architecture
processes input through both embeddings, fuses the outputs, and classifies them via a Multi-Layer
Perceptron (MLP). Experiments on the MADAR dataset demonstrate that WASL-DI achieves
99.24% accuracy, outperforming traditional ML methods and specialized transformer models
like DziriBERT and MDA-BERT, even with limited training data. Robustness tests on noisy
and incomplete data confirm the model’s resilience, with only a minor drop in performance
across diverse Arabic dialects. An ablation study highlights the critical contribution of combining
CAMeLBERT and FastText, showing that each component is essential for superior performance.
The analysis also reveals the model’s sensitivity to script variations, particularly its association
of Arabizi (Latin script for Arabic) with the Algerian dialect—a factor that serves as both a
strength and a limitation. WASL-DI successfully leverages MSA resources to enhance dialect
identification, providing a scalable and adaptable framework for low-resource NLP tasks. This
chapter lays the groundwork for future research in cross-lingual transfer learning, promoting

more inclusive and accessible language technologies.

Chapter VI — Multitask Learning for Sentiment Analysis in Algerian Arabic: A
Transfer-Based Framework SILAA-SA

This chapter presents SILAA-SA, a multitask learning framework developed to improve sentiment
analysis in low-resource dialects, with a primary focus on Algerian Arabic. Unlike traditional
transfer learning, SILAA-SA jointly learns two tasks: sentiment analysis on dialectal data and
MLM on MSA, utilizing a shared MoE layer enhanced with self-attention. This design enables the
model to capture and transfer shared linguistic features between MSA and dialects. Experimental
results confirm SILAA-SA’s effectiveness across multiple datasets: it achieves high performance
on Algerian (FASSILA), Tunisian (TSAC), Moroccan (MAC, MYC), and other multi-dialect dataset
(arSarcasmV2) corpora, and also demonstrates strong generalization to a separate taskfake news
detection. Comprehensive ablation studies further validate the contribution of each architectural
component. By strategically incorporating MSA resources as data, SILAA-SA offers a robust,

scalable solution for addressing the limitations of low-resource Arabic NLP. This chapter builds
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directly on the MSA transfer approach discussed in Chapter IV and the hybrid modeling strategies
introduced in Chapter V, while establishing multitask learning as a new and promising paradigm

for inclusive and adaptable language technologies.

1.7 Publications

This thesis investigates two central NLP tasksdialect identification and sentiment analysisthrough
three experimental phases (Chapters 4, 5, 6). The research is grounded in a series of peer-reviewed
publications authored by the thesis author, including a journal paper, a manuscript currently un-
der review, and two conference proceedings. These publications demonstrate both the real-world

applicability and the novelty of the proposed approaches.

1. M. Chabane, F. Harrag, and K. Shaalan, “Advancing low-resource dialect identification: A hy-
brid cross-lingual model leveraging CAMeLBERT and FastText for Algerian Arabic,” Expert
Systems with Applications, vol. 284, 2025, Art. no. 127816, doi: 10.1016/j.eswa.2025.127816.

2. M. Chabane, F. Harrag, K. Shaalan, and S. Hamdji, “Bridging the Gap: Transfer Learning for
Dialect Identification in Low-Resource Settings A Case Study with Algerian Arabic,” 2025
International Symposium on iNnovative Informatics of Biskra (ISNIB), Biskra, Algeria,
2025, pp. 1-6, doi: 10.1109/ISNIB64820.2025.10982839.

3. M. Chabane, F. Harrag, and K. Shaalan, “Beyond Deep Learning: A Two-Stage Approach
to Classifying Disaster Events and Needs,” 2024 International Conference on Information
and Commaunication Technologies for Disaster Management (ICT-DM), pp. 1-7, 2024, doi:
10.1109/ICT-DM62768.2024.10798928.

4. M. Chabane, F. Harrag, and K. Shaalan, (2025). SILAA-SA: A Multitask Mixture-of-Experts
Framework for Sentiment Analysis in Low-Resource Arabic Dialects via Modern Standard

Arabic Transfer. IEEE Transactions on Affective Computing. Under review.
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CHAPTER

THEORETICAL BACKGROUND

his chapter lays the foundational groundwork necessary for understanding the research

presented in this thesis. It introduces the linguistic structure and diversity of the Arabic

language, with a particular emphasis on the Algerian dialect. It also provides a com-
prehensive overview of traditional and modern NLP techniques, including machine learning,
deep learning, and word representations, which are pivotal to the design and evaluation of the
proposed approaches.

Arabic, a linguistically rich and diverse language, exists in three primary forms, each serv-
ing distinct purposes rooted in history, contemporary communication, and regional variation,
respectively. This chapter begins by exploring the linguistic structure of Arabic, including its
morphology, syntax, and phonology, as well as the complexities of dialectal variation, with a
particular focus on the Algerian dialect a low-resource language that has only recently gained
attention in the NLP community. Beyond Arabic linguistics, the chapter delves into foundational
NLP techniques, starting with traditional machine learning approaches, which provide a strong
basis for understanding and solving NLP tasks. It then transitions to advanced deep learning
models, and the revolutionary Transformer architecture, which have significantly enhanced the
ability of NLP systems to handle sequential data, capture long-range dependencies, and generate
context-aware representations. Finally, the chapter discusses word representations, from classical
methods to modern word embeddings, as well as contextualized embeddings, which have become

the cornerstone of modern NLP by enabling dynamic, context-sensitive representations of words.

2.1 Arabic Linguistics and Dialectology

Arabic stands out among the world’s languages for its intricate structure, rich historical legacy,

and remarkable diversity [44]. It is represented in three distinct forms: Classical Arabic (CA), the
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ancestral language spoken over fourteen centuries ago; MSA, a dynamic and evolving language
that incorporates new words and expressions to meet the needs of contemporary speakers; and
Dialectal Arabic (DA), which encompasses a diverse range of regional dialects. As one of the
principal Semitic languages, Arabic not only underpins a vast literary and religious heritage but
also exhibits unique linguistic phenomena that continue to evolve in modern communication. In
this section, we introduce the essential elements of Arabic’s linguistic structure and its varied
dialects. We then discuss the challenges that arise when applying NLP techniques to Arabic, with

a particular focus on the complexity of dialect processing.

2.1.1 Linguistic Structure of Arabic and Dialectal Variation

Arabic is a linguistically rich and diverse language, with a complex structure that includes
notable differences between MSA and its regional dialects. These differences affect vocabulary,
morphology, phonetics, and syntax, which not only shape how Arabic is spoken but also introduce

significant challenges for NLP systems.

2.1.1.1 Morphology

At the core of Arabic morphology lies the root-and-pattern system, a non-linear mechanism
that distinguishes it from many Indo-European languages. Words are typically derived from
triliteral (three-consonant) or quadriliteral (four-consonant) roots, combined with vocalic and
affixal patterns to generate semantically related forms. For example, the root ;;f -kataba-
(Wrote) produces words such as Z)l:{ -kitab- (book), g:i; -maktaba- (Library), and VK; -maktab-
(Office). This system enriches the le;(icon but also complicates computational modeling due to its
non-concatenative nature.

Additionally, Arabic exhibits extensive inflectional complexity, where a single root can yield
numerous derived forms influenced by gender, number, tense, and mood [73]. This variability
poses challenges for morphological segmentation, lemmatization, and part-of-speech tagging,

requiring computational models capable of handling both derivational and inflectional variations.

2.1.1.2 Syntax

Arabic syntax is highly flexible, with CA favoring a Verb-Subject-Object (VSO) order, while
modern usage especially in dialectscommonly follows a Subject-Verb-Object (SVO) structure. This
syntactic variation influences semantic emphasis and sentence structure, making it essential for
NLP systems to dynamically adapt to it.

Moreover, Arabic enforces strict grammatical agreement in gender, number, and case among
sentence elements. Adjectives must align with the nouns they modify, and verbs must reflect the

subject’s plurality and gender [38]. Parsing algorithms and grammatical analyzers must therefore
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incorporate sophisticated rule-based or machine learning approaches to correctly capture these

dependencies.

2.1.1.3 Phonology

Arabic has unique sounds, including emphatic consonants that are pronounced with a heavier
quality in the throat. The language also distinguishes between short and long vowels, which can
change the meaning of words and impact speech processing [6].

This phonetic structure exhibits substantial variation between MSA and dialects, especially
in terms of the articulation of consonants, vowels, and prosodic features. For example different

Arabic dialects pronounce consonant in varying ways.

- The pronunciation of the letter (3-qaf- varies significantly across Arabic dialects. In many
Levantine dialects, it is realized as a glottal stop, while in Gulf and Egyptian dialects, it is
often pronounced as a hard "g" (as in "go"). Within the Algerian dialect alone, this variation
is evident: the central region predominantly uses the original 3-qaf- sound, whereas the

"n_n

eastern and western regions favor the hard "g" pronunciation.

nen

j" in judge in most dialects but as

"n_n

- The letter C-jim- is pronounced like g" in go in Egyptian

Arabic.

Dialectal differences extend to stress patterns, pitch contours, and intonation as they vary
across dialects. These elements are crucial in spoken language as they affect the rhythm, melody,
and meaning of an utterance, this can influence how questions, commands, or statements are
interpreted, requiring NLP systems to adapt to these contextual features. These prosodic dif-
ferences pose a significant challenge in developing models that can handle all dialects equally

well.

2.1.1.4 Arabic Dialects from a Sociolinguistic Perspective

Beyond the structural differences discussed above, Arabic variation can also be analyzed through
well-established sociolinguistic theories that provide crucial insight into dialect usage and its
implications for NLP. One of the foundational concepts in Arabic sociolinguistics is Ferguson’s
theory of diglossia [79], which explains the coexistence of a "high" (H) variety (MSA) and "low"
(L) varieties (regional dialects like Algerian Arabic). According to Ferguson, MSA is typically
reserved for formal domains such as education, religion, and media, while dialects are used
in everyday, informal communication. This distinction introduces complexities in NLP, as the
models must navigate lexical, morphological, and syntactic disparities between the H and L
varieties.

Complementing this, Labov’s theory of variation [111] highlights how linguistic differences

are influenced by social factors such as age, gender, region, and socioeconomic status. In the
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context of Algerian Arabic, such variation is reflected in accent, vocabulary, and even orthographic
conventions (e.g., Arabizi). From a computational perspective, this implies that dialectal NLP
systems must be robust to intra-dialect variation and capable of generalizing across speaker
populations.

Furthermore, code-switching and lexical borrowing (discussed in detail in the following
section) are directly related to language contact theory. In multilingual settings like Algeria,
linguistic boundaries are porous, with frequent mixing of French, Arabic, and Berber. This results
in hybrid utterances that challenge conventional NLP pipelines. Handling these phenomena
effectively requires models that support mixed-language inputs and can leverage cross-lingual
embeddings.

Among the many regional varieties, Algerian Arabic presents a particularly complex and

under-resourced case, warranting special attention in NLP research.

2.1.2 Algerian dialect

Algerian Arabic, also known as Darija, is a prominent dialect spoken by millions of people in
Algeria, as well as by Algerian communities abroad. Despite its widespread use, the dialect has
historically been considered a low-resource language, and only in recent years has it gained some
minor attention in the field of NLP. For much of its history, Algerian Arabic was excluded from
mainstream linguistic studies and computational resources, often being overshadowed by MSA,
which has a more formal and standardized structure. This absence of resources was especially
notable until just over a decade ago when the language was still classified as a non-resourced
language [119].

The situation of Algerian Arabic is not unique to this dialect alone, as many other regional
Arabic dialects face similar challenges. However, its unique characteristics shaped by a rich
history of linguistic interactions with Berber, French, and other regional languages have added
to the complexity of creating standardized computational models. Algerian Arabic is a highly
dynamic and fluid dialect, with significant regional variation in terms of vocabulary, phonology,
and syntax. This variability poses a major obstacle for NLP systems that aim to process the
language effectively.

Several other factors other than lack of resources contribute to the complexity of developing
robust NLP models for Algerian Arabic:

— Lack of standardization : Algerian Arabic lacks a standardized written form. It’s primar-
ily spoken, with no formalized orthography. When written, it may either appear in normal
script or in Arabizi, a blend of Latin script and numbers representing Arabic phonetics. As
a result, the same words can be written in multiple ways, leading to inconsistencies in data
processing. For example, the sentence "2 é\ ," which means "I am going to Setif’' Can

be written in different froms:
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"non

— "Rayeh 1 Setif," where the "h" corresponds to z

"non

— "Raye7 1 Setif," where the "7" in Algerian Arabizi represents

— "Rayeh 1 Stif," where "Stif" is written phonetically instead of using the formal name
of the city.

— "Rayeh 1 S6if," where the "6" signifies "L".

— Code-Switching : Algerian Arabic frequently incorporates elements from other languages,
particularly French, in a phenomenon known as code-switching. This happens seamlessly

within sentences, reflecting the country’s multilingual heritage.

For instance, the sentence "0l 35 L, SII" which means "the papers are above the table"

has three words, each from a different language:

- "L S\ (Papers) Derived from the Turkish word "kagit", this word has been adapted
to Algerian Arabic with the plural suffix applied according to Algerian dialect rules,

not Turkish ones.

M ow et

- "&4" (Above) This is a purely Arabic word.
- "{,WI" (The table) originating from the French word "la Table", this word has been

wtt

feminized according to Arabic rules by adding the feminine suffix "s" and the definite

article "J\", equivalent to "la" in French or "the" in English.

— Dialectal Variation : Algerian Arabic exhibits significant dialectal variation across differ-

ent regions, with distinct differences in vocabulary, pronunciation, and especially accent.

— Intonation-Based Question Identification : A distinctive feature of Algerian Arabic
is its use of intonation to differentiate between statements and questions. Unlike many
other languages, Algerian Arabic does not always rely on explicit question words (like "is"
or "are" in English) or auxiliary verbs to form questions. Instead, the intent of a sentence is

conveyed primarily through the speaker’s intonation.

For example, the sentences "He is going home/ is he going home?" can be expressed in
Algerian Arabic as "I é\ |y s\". Whether this sentence is a statement or a question depends
solely on the intonation used. If the sentence is spoken with a special intonation at the end,

it becomes a question. If not, it is a statement.

— Borrowed Words and Their Adaptation : Algerian Arabic has borrowed numerous
words from other languages and adapted them according to its own phonological and

morphological rules.

For instance, the French word "table" in plural becomes "twabal" in Algerian Arabic, and
the Turkish word "kagit" is "kaghet" with its plural form "kwaghet" instead of the Turkish
"kagitlar.".
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Table 2.1 presents examples of words borrowed into Algerian Arabic from Turkish and
French, showing how they are adapted in pronunciation and form to fit the dialect’s

phonological and morphological rules.

English Algerian dialect Origin word Origin language

Maybe AV Belki
Poor dls) Zavalh Turkish
Paper Lk kagit
Cork Oy g Bouchon
Casserole b S S Cocotte French
Wheelbarrow Aoy s Brouette

Table 2.1: Sample of words borrowed into Algerian dialect

2.2 Traditional Machine Learning Approaches

NLP has been significantly influenced by traditional machine learning approaches. These meth-
ods, while often simpler than modern deep learning techniques, provide a strong foundation
for understanding and solving NLP tasks. This section explores some of the most widely used
traditional machine learning algorithms in NLP, including Decision Trees, Random Forests (RF),
Naive Bayes (NB), Extreme Gradient Boosting (XGBoost), and Support Vector Machine (SVM).

2.2.1 Decision Trees

Decision Trees [58] are a widely used non-parametric supervised learning method for both
classification and regression tasks. They operate by recursively partitioning the dataset based on
input features, ultimately forming a tree-like structure where each internal node represents a
decision, branches correspond to possible outcomes, and leaf nodes denote final predictions.
The process of constructing a Decision Tree involves selecting the most informative features
at each step to maximize predictive performance. The selection of the best feature for splitting is
crucial and relies on specific criteria such as Information Gain and Gini Impurity [85].

Entropy quantifies the impurity or uncertainty in a dataset and is defined as:

C
2.1) H(D)=-) pilog,p;
i=1
where p; is the probability of class i in dataset D, and C is the total number of classes. A

higher entropy value indicates greater disorder in the dataset.
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Information Gain is based on entropy reduction and is calculated as follows:

(2.2) IGD,A)=HD)- ), 1Dyl

x H(Dy)
veValues(a) DI

where H(D) represents the entropy of dataset D, and D, denotes the subset where feature

A has a specific value v. A higher Information Gain indicates a more informative feature for

splitting.
Gini Impurity, another widely used splitting criterion, measures the impurity of a node and
is given by:
C
(2.3) Gini(D)=1-) p?

i=1
where p; is the probability of class i in dataset D, and C is the total number of classes. A
lower Gini Impurity indicates a purer node.
Despite their interpretability and ease of use, Decision Trees have notable limitations. They
are highly susceptible to overfitting, particularly when dealing with complex datasets or deep
trees with numerous splits. Regularization techniques such as pruning, setting a maximum

depth, or using ensemble methods like Random Forests can help mitigate these issues.

2.2.2 Naive Bayes

Naive Bayes is a probabilistic classifier based on Bayes’ theorem, assuming that features are
conditionally independent given the class label. Despite its simplicity, Naive Bayes performs well
in many real-world applications.
Bayes’ theorem states:
P(X |Cp)P(Cy)
2.4 PCr| X)=——F7—F——
(2.4) (Cr 1 X) PX)

where:

P(C | X) is the posterior probability of class Cj, given feature vector X.

P(X | Cp) is the likelihood of X given class Cy,.

P(C}) is the prior probability of class Cy,.

P(X) is the prior probability of X.

Under the naive assumption that all features x; are independent given C, the likelihood can

be factorized as:

(2.5) PX|Cp)=[]Pxi|Cp)
i=1
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which simplifies computation significantly.
Naive Bayes is computationally efficient and performs well when the independence assump-

tion holds, but its performance degrades when features are strongly correlated.

2.2.3 Support Vector Machine

SVM [64] is a powerful supervised learning model used for classification and regression tasks.
The main objective of an SVM is to find an optimal hyperplane that best separates data points of
different classes in a high-dimensional space. The decision boundary in an SVM is defined by the

equation:
(2.6) w-x+b=0

where w is the weight vector, x represents the input features, and b is the bias term.
To ensure that the model generalizes well, SVMs aim to maximize the margin between the

closest data points (support vectors) of each class. The margin is defined as:

2
(2.7 Margin=—
llwll

This margin should be as large as possible, subject to the constraint that all data points

satisfy the inequality:

(2.8) yilw-x; +b)=1, Vi

where y; € {—1,1} is the class label.
SVMs are widely used in text classification, image recognition, and bioinformatics due to

their ability to handle high-dimensional data and robustness against overfitting.

2.2.4 Ensemble Learning

Ensemble learning refers to the technique of combining multiple models, or base learners, to
produce a stronger overall model. The primary goal is to improve the model’s accuracy, robustness,

and generalization by leveraging the strengths of various learning algorithms.

2.2.4.1 Bagging

Bagging [56], short for Bootstrap Aggregating, is an ensemble method designed to improve the
accuracy and stability of machine learning algorithms. It works by generating multiple subsets of
the data through bootstrap sampling, where each subset is sampled randomly with replacement

from the original dataset. A model is trained on each subset, and the final prediction is made by
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aggregating the predictions of all individual models. Bagging is particularly effective at reducing
variance and mitigating overfitting.
Let D ={(x1,¥1),...,(xx,¥,)} be the original dataset, and D be the bootstrap sample for the

b" model. The aggregate prediction of the ensemble model can be expressed as:

1 B
(2.9) ﬁbagging = E Ib
b=1

where § is the prediction from the b model, and B is the total number of base models.
By aggregating the predictions from multiple models, bagging reduces variance and increases

predictive performance.

2.2.4.2 Random Forest

Random Forest [57] is an extension of the Bagging method, designed to enhance model accuracy
by reducing variance and preventing overfitting. It achieves this by constructing an ensemble
of decision trees, each trained on a different bootstrap sample of the dataset. Additionally,
at each decision tree node, only a random subset of features is considered, which decreases
the correlation between individual trees and ensures greater model diversity. This inherent
randomness strengthens the robustness of the Random Forest model.

The final prediction in Random Forest is obtained by aggregating the predictions from all
trees. For classification tasks, majority voting is employed, while for regression, predictions are

averaged. Mathematically, the predictions are defined as:

B
(2.10) y==) Tpx)
b=1

5|~

where T (x) represents the prediction of the b*” tree, and B denotes the total number of trees
in the forest.

Random Forest’s key advantages include its robustness to noisy data, the ability to handle
missing values, and its efficiency with high-dimensional datasets. Moreover, it generally performs
well with minimal hyperparameter tuning, making it a popular choice for a wide range of machine

learning tasks.

2.2.4.3 Boosting

Boosting [81] is an ensemble learning technique where multiple weak models are trained sequen-
tially, with each iteration adjusting the weights of training samples to emphasize those that were
previously misclassified. Let D represent the training dataset of size n, and let w; be the weight

assigned to the i-th example.
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During training, m models are iteratively trained, denoted as f;(x), using the weighted
training data based on w;. After each iteration, these weights are updated through a weighting
function W(y, fi(x)), which depends on the actual label y and the predicted value f;(x). The final

prediction is determined by computing a weighted sum of the individual models:

(2.11) fboosting(x) = Z a;fi(x)
=1

where a; represents the weight assigned to the i-th model. This weight is computed as the

logarithm of the ratio between the model’s error and the error of a random classifier:

1—error;
(2.12) a; =log——
error;

where error; denotes the error of the i-th classifier, which is derived from the sum of the

weights of the misclassified examples.

2.2.4.4 Extreme Gradient Boosting

XGBoost [61] is a highly efficient and scalable implementation of the boosting algorithm. XGBoost
incorporates regularization, handles missing values, and uses parallel processing for faster
training. It constructs models sequentially by adding new learners to minimize the residual
errors from previous models. The key innovation in XGBoost is the use of second-order gradient
information, which enhances optimization and leads to faster convergence.

The optimization problem in XGBoost is defined by the following objective function:

n T
(2.13) LO)=) Uy, 3+ Qfy)
i=1 t=1

where:

* [(y;, ;) is the loss function that measures the difference between the true label y; and the

predicted value J;,

* Q(f:) is the regularization term for the complexity of the trees, which helps prevent overfit-

ting,
The regularization term is given by:
1 2
(2.14) Q(f):yT+§/1§wj

where:
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¢ Tis the total number of trees in the model.
* vy controls the complexity of the model by penalizing the number of trees,

* Ais the L2 regularization term on leaf weights w;.

2.2.4.5 Voting Classifier

A Voting Classifier is a simple ensemble method [68] that combines multiple classification models
and predicts the class label based on majority voting. Each base classifier in the ensemble
predicts a class label, and the final class label is determined by the most common prediction.
Voting Classifiers can be used with any type of classifier and typically perform well by leveraging
the strengths of different base learners.

The prediction from a Voting Classifier can be made using either hard voting or soft voting:

¢ Hard Voting: The final prediction is determined by majority rule, where each individual
model in the ensemble casts a vote for a class, and the class with the most votes is selected.

Mathematically, it can be expressed as:

B
(2.15) Fhard = argmax Y UTp(x)=k)
b=1

where T (x) represents the prediction of the 5* model, and B is the total number of models

in the ensemble.

* Soft Voting: Instead of selecting the class with the most votes, soft voting averages the

predicted probabilities from all models and selects the class with the highest probability:

B
(2.16) Vsoft = argm]?x Z wpPy(y =k |x)
b=1

where Py(y = k| x) is the probability predicted by the bt" model for class &, and wy, is an

optional weight assigned to model b.

This method is effective when combining models with complementary strengths, as it tends

to produce more stable and accurate predictions than any individual model in the ensemb]e.
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2.3 Deep Learning

Deep learning is a subfield of machine learning that focuses on training artificial neural networks
with multiple layers to model complex patterns in data. These neural networks are inspired by the
structure and function of the human brain, consisting of interconnected nodes (or neurons) that
process and transmit information. Deep learning has revolutionized many domains, including
computer vision, speech recognition, and NLP, due to its ability to automatically learn hierarchical

representations from raw data.

2.3.1 Deep Neural Networks

A neural network is composed of layers of neurons, each of which performs a simple computation.

The three primary types of layers are:

- Input Layer: This layer receives the raw input data (e.g., word embeddings, pixel values,

etc.).

- Hidden Layers: These layers transform the input data through a series of nonlinear oper-
ations. Deep networks contain multiple hidden layers, enabling them to learn increasingly

abstract features.

- Output Layer: This layer produces the final prediction or classification, such as a proba-

bility distribution over possible classes.

Each neuron in a layer is connected to neurons in the subsequent layer via weighted con-
nections. The output of a neuron is computed as a weighted sum of its inputs, followed by
the application of an activation function, such as the Rectified Linear Unit (ReLLU) or sigmoid

function.

2.3.1.1 Forward Propagation

Forward propagation is the process by which input data is passed through the network to generate

an output. For a given input x, the output of each layer is computed as follows:

(2.17) zO = Wal=D 4+ p?
(2.18) a(l) — f(z(l))
where:

e z¥ is the weighted input to layer ,
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W is the weight matrix for layer /,

e al~D is the activation from the previous layer,

b® is the bias vector for layer [,
* f is the activation function.

The final output a') of the network is compared to the true label using a loss function £,

which quantifies the error between the prediction and the ground truth.

2.3.1.2 Backpropagation

Backpropagation is the core algorithm used to train neural networks. It involves computing the
gradient of the loss function with respect to each weight in the network, allowing the weights to

be updated in a way that minimizes the loss. The process consists of the following steps:

1. Forward Pass : As described in Section 2.3.1.1, compute the network’s output and the loss

by passing the input data through the network.

2. Backward Pass: Compute the gradient of the loss with respect to each weight using the

chain rule of calculus.

3. Weight Update: Adjust the weights using gradient descent or a variant (e.g., Adam,
RMSProp) to minimize the loss.

The gradient for a weight wglj) in layer [/ is computed as:

o2 og 02V

ow' 029 ow®
ij i ij

(2.19)

where % is the error term propagated backward from the subsequent layer.

i

2.3.1.3 Activation Functions

Activation functions introduce nonlinearity into the network, enabling it to learn complex patterns.

Common activation functions include:

ReLU: f(z) = max(0,z)

1
1+e?

Sigmoid: f(z) =

¢ Hyperbolic Tangent (tanh): f(z) = tanh(z)

eti

¢ Softmax: Softmax(z;) = m
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2.3.1.4 Training Neural Networks

Training a neural network involves iteratively updating its weights to minimize the loss function.

Key considerations include:

* Loss Function: Measures the discrepancy between predictions and true labels (e.g., cross-

entropy loss for classification, mean squared error for regression).

¢ Optimization Algorithms: Techniques like Stochastic gradient descent (SGD), Adam,
and RMSProp are used to update weights efficiently.

¢ Regularization: Methods like dropout and weight decay prevent overfitting by encouraging

the network to learn robust features.

Below is a pseudo-code summarizing the training process of a neural network:

Algorithm 1 Neural Network Training

1: Initialize weights W and biases b randomly
2: for epoch =1to N do
3: for each batch of data (X,y) do

4: Forward Pass:
5: Compute activations a¥) for each layer / using a'¥) = fF(WPa'~D 1 p®)
6: Compute loss £ using the output a’“) and true labels y
7 Backward Pass:
8: Compute gradients % and % for each layer [ using backpropagation
9: Update weights and biases using an optimization algorithm (e.g., SGD, Adam):
10: WO — Wb g 2L,
11: b® — b —n 2L
12: end for
13: end for

2.3.2 Recurrent Neural Networks

Recurrent Neural Network (RNN) are a class of neural networks designed for sequential data
processing. Unlike feedforward networks, RNNs incorporate hidden states that enable them to
retain information from previous time steps.

Given an input sequence X = {x1,x9,...,x7}, an RNN updates its hidden state &; at each time

step ¢ based on the previous hidden state 4;_1 and the current input x;:

(2.20) he=0(Wyhe1+Wexy +bp)

where W), and W, are weight matrices, by is a bias term, and ¢ is an activation function,

typically tanh or ReLU. The output y; at each time step is computed as:
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(2.21) ye = p(Wyh, +b,)

where W), and b, are the output weights and bias, and ¢ is the activation function.

However, standard RNNs suffer from the vanishing and exploding gradient problems [87],
which hinder their ability to capture long-term dependencies. To address these issues, advanced
architectures such as Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU) have

been developed.

2.3.2.1 Long Short-Term Memory

LSTM [89] networks extend traditional RNNs to effectively model long-range dependencies.
Standard RNNs suffer from the vanishing gradient problem, making it difficult to capture
dependencies over long sequences. LSTMs address this issue through a dedicated memory cell
that maintains information across time steps, regulated by gating mechanisms.

The behavior of an LSTM unit at each time step ¢ is governed by the following:

Forget Gate: The forget gate decides which part of the previous memory cell state c;—_1 should
be retained. It takes as input the current input vector x; and the previous hidden state h;_1,
applies a sigmoid activation function, and produces a value between 0 and 1 for each memory cell

unit:

(2.22) ft=O’(fot+Ufht_1+bf)

where Wy and Uy are learned weight matrices, by is a bias term, and o is the sigmoid

activation function.

Input Gate: The input gate determines how much new information should be stored in the
memory cell. It has two components: the input gate activation i; and the candidate memory

update ¢é;. The activation is computed as:

(2.23) 1;=0(W;x;+U;hs_1+b;)

The candidate memory update é; represents new information that could be added to the cell

state:

(2.24) Ct =tanh(WCxt+Ucht_1+bc)
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Cell State Update: The new cell state c; is a combination of the previous cell state c;—1, scaled

by the forget gate, and the newly computed candidate memory update, scaled by the input gate:

(2.25) Ct:ftQCt_1+it®6t

where © represents element-wise multiplication.

Output Gate: Finally, the output gate determines how much of the updated cell state con-
tributes to the next hidden state &;, which is passed to the next time step:

(2.26) 0 =0(Woxs +Uyhs—1+by)

Hidden State Update: The final hidden state A; is obtained by applying the output gate

activation to the cell state:

(2.27) h: = o0; 0 tanh(cy)

The hidden state h; serves as the output of the LSTM unit and is used in subsequent
computations.
Figure 2.1 illustrates the architecture of the LSTM unit, highlighting the different gates.
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Figure 2.1: Illustration of the LSTM architecture, showing the gating mechanisms.

2.3.2.2 Bidirectional LSTM

A limitation of standard LSTMs is that they process sequences in a unidirectional manner, cap-
turing only past dependencies. However, many sequence processing tasks require both past and

future context. Bidirectional Long Short-Term Memory (BiLSTM)s address this by incorporating
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two separate LSTMs: one processing the input from left to right (forward direction) and another
from right to left (backward direction). The outputs of both LSTMs are then combined, typically

via concatenation:

(2.28) hi=hyeh,

where l?; and ;z_t denote the hidden states from the forward and backward LSTM layers,

respectively, and @& represents concatenation.

2.3.2.3 Gated Recurrent Unit

GRUs [63] are a variant of RNNs designed to address the vanishing gradient problem while
being computationally more efficient than LSTM networks. Unlike LSTMs, which use three
separate gates, GRUs simplify the architecture by combining the forget and input gates into a
single update gate. This reduction in complexity results in fewer parameters while maintaining
comparable performance.

The operations in a GRU unit are governed by the following equations:

Update Gate: The update gate z; decides the proportion of the previous hidden state A;_1
that should be retained in the current hidden state A;. A higher value of z; allows more past
information to be preserved, while a lower value encourages the model to incorporate new

information from x;:

(2.29) ZtZO'(szt'f'Uzht_l‘f'bz)

where W, and U, are learned weight matrices, b, is a bias term, and ¢ represents the sigmoid

activation function.

Reset Gate: The reset gate r; determines how much of the past hidden state ~;—; should be
forgotten before computing the candidate activation A;. This enables the model to selectively

reset parts of the memory when processing new information:

(2.30) r :U(Wrxt+Urht—l+br)

Candidate Activation: The candidate activation /; represents the new hidden state candidate.
It is computed based on the current input x; and the previous hidden state A;_1, but only after

applying the reset gate r;. This allows the GRU to reset certain dimensions of #;_; when needed:

(2.31) hy =tanh(Wyx; + Up(r; © hy—1) + bp,)
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where © represents element-wise multiplication.

Hidden State Update: The final hidden state 4, is a linear interpolation between the previous
hidden state 4;_; and the newly computed candidate activation /;, controlled by the update gate

2t

(2.32) hi=(1—-2z;)0h;_1 +Zt®i:Lt

This equation ensures that if z; is close to 1, the new hidden state is primarily based on the
candidate activation /., incorporating new information. Conversely, if z; is close to 0, the previous
hidden state A;_1 is largely retained.

The architecture of the GRU, including the update and reset gates, is illustrated in Figure 2.2.
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4 t
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Figure 2.2: Illustration of the GRU architecture, showing the update and reset gates.

2.3.2.4 Bidirectional Gated Recurrent Unit

Similar to BILSTM mentioned in section 2.3.2.2, a Bidirectional Gated Recurrent Unit (BiGRU)
consists of two GRU layers that process the sequence in opposite directionsone forward and
one backward. This allows the model to capture both past and future dependencies, leading to
richer contextual representations. At each timestep, the hidden states from both directions are

combined, typically through concatenation:

(2.33) h¢ =i72®17t

where l; and iTt are the forward and backward hidden states, respectively.
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2.3.3 Convolutional Neural Networks

Convolutional Neural Network (CNN), a specialized type of neural network architecture designed
to process data with grid-like structures, such as images, time-series data, or text. Inspired by
the visual cortex in the brain, CNNs are particularly effective at capturing local patterns and
spatial hierarchies in data. They were first introduced by Y. LeCun et al. [112] and have since
become a cornerstone of modern deep learning.

Compared to traditional Deep Neural Networks (DNNs), CNNs exhibit two main characteris-

tics:

¢ Local Connectivity: In CNNs, each neuron is connected only to a small region of the pre-
vious layer, known as the receptive field. This reduces the number of learnable parameters

and computational cost, unlike DNNs where neurons are fully connected across layers.

* Weight Sharing: CNNs use shared weights within each filter, allowing the same filter
to detect patterns across the entire input. This makes them efficient in recognizing local

patterns and further reduces the number of parameters.

A typical CNN consists of three main types of layers:

2.3.3.1 Convolutional Layer

The convolutional layer is the core building block of a CNN. It extracts features from the input
using a set of learnable filters. Each filter is convolved with the input to produce feature maps.

The convolution operation is defined as:

Ci1 P Q

) _ 0] -1, 5

(2.34) 2 =2 D L Whepg B by
c=1p=1qg=1

where:

. zg) is the output of the k-th feature map in the /-th layer,

a(cl_l) is the activation of the c-th feature map in the (I — 1)-th layer,

)
k,c,p,q

@)
bk

* w is the weight at position (p,q) in the k-th filter,

is the bias term.
¢ P and @ are the spatial dimensions of the filter.

An illustration of the convolution operation between a local receptive field and a filter is

shown in Figure 2.3.
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Figure 2.3: Convolution operation between an input (local receptive field) and a filter to produce
feature maps.

To introduce non-linearity, the output of the convolutional layer is passed through an activa-

tion function, typically the ReLU:

(2.35) f(x) =max(0,x)

2.3.3.2 Pooling Layer

The pooling layer reduces the spatial dimensions of the feature maps, simplifying the network.
Common pooling methods include Max-pooling, Min-pooling, and Average-pooling. These opera-

tions are defined as:

1
(2.36) Avg-pooling(x,S) = — Z(xi,j)
hw i
(2.37) Max-pooling(x,S) = max(x; ;)
i,

where x is the input data, S is a region of size (h x w), and i, j are indices iterating over the
region.

An illustration of the different pooling operations is shown in Figure 2.4.
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Figure 2.4: Example of pooling operations in CNNs.

2.3.3.3 Fully Connected Layer

After convolutional and pooling layers, the feature maps are flattened into a one-dimensional
vector and fed into fully connected layers. These layers apply a non-linear transformation to the

input vector, producing the final output. The mathematical formulation is:
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(2.38) 2 = pDa=D 4 p®

( €-1)

where w® is the weight matrix, a is the output of the previous layer, and b is the bias
vector.

A general overview of the CNN architecture, is illustrated in Figure 2.5.
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Figure 2.5: General flow of a CNN architecture.

2.3.4 Attention Mechanism

The attention mechanism is a key component in modern neural networks, particularly for tasks
involving sequential data such as NLP. It enables models to dynamically focus on the most
relevant parts of the input sequence, rather than treating all parts equally. Originally introduced
by [41] for machine translation, attention mechanisms have since become a cornerstone of many
NLP models. Mathematically, given a sequence of input representations h=(h1,hs,...,h,), where
h; € R? represents the i-th input feature (e.g., a word embedding), the attention mechanism

computes a context vector ¢ as a weighted sum:

n
(2.39) c= Z aihiy
=1

where a; is the attention weight assigned to the i-th input feature. These weights are

computed using a softmax function:

exp(e;)

2.40 .
( ) “ Z?:]_ eXP(ej)

and e; is a score that measures the relevance of the i-th input feature to the current context.

This score is computed as:

(2.41) ei=f(hi,q),
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where ¢ is a query vector representing the current context, and f is a compatibility function
that measures the alignment between A; and ¢. This alignment determines how much attention
the model should pay to the i-th input feature. The compatibility function f can take various
forms, such as the dot product or the scaled dot product.

To illustrate how this works in practice, consider the Quranic verse:

s 3 For o Susr o & ofor 4//.:/ s g

O3t ol 3 T3l ‘M d\c; 15] g1l 5, ;.,,,\ e} ;/;; 69 sske it \;\,

Translation: And when My servants ask you about Me, I am indeed nearmost. I answer the
supplicant’s call when he calls upon Me. So let them respond to Me, and let them have faith in
Me, so that they may be guided.

This verse carries a highly positive sentime’nt, as it emphasizes Allah’s closeness, re-
sponsiveness, and benevolence. Words such as :,.?T (I respond), and L } (near) are central to
conveying this sentiment. ’ /

To illustrate how attention mechanisms could work, consider how we naturally pay attention

when reading this verse. As humans, we instinctively focus on words like v.o-\ (I respond) and

- J/s (near) because they carry the most emotional and contextual weight. These words stand
out as key indicators of the verse’s meaning and sentiment. Similarly, an attention mechanism
in a model could ass1gn higher weights to these words, prioritizing them in its analysis. For
instance, the word w\ (I respond) might receive the highest attention weight, as it directly
conveys Allah’s Wllhngness to answer prayers, which is central to the verse’s positive sentiment.
Likewise, the word ; J.; (near) could also receive significant weight, as it emphasizes Allah’s
closeness and accessibiiity, further reinforcing the positive sentiment of the verse.

In this way, the attention mechanism mirrors how we focus on the most relevant parts of a
sentence. By assigning higher weights to key words, the model can prioritize the most important
information, enabling it to accurately interpret the sentiment and provide interpretable insights

into its decision-making process.

2.3.5 Transformer Architecture

The Transformer architecture, introduced by [150], revolutionized the field of NLP by replacing
traditional recurrent and convolutional layers with a mechanism based entirely on self-attention.
Unlike previous models that processed sequences sequentially, the Transformer processes entire
sequences in parallel, making it highly efficient and scalable. The key innovation of the Trans-
former is its ability to capture long-range dependencies in data without relying on recurrence,
which has made it the foundation of many state-of-the-art NLP models, such as Biderctional
Encoder Representations from Transformers (BERT) [67], Generative Pre-Trained Transformers
(GPT) [131], and T5 [132].
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The Transformer consists of an encoder and a decoder, each composed of a stack of
identical layers. The encoder processes the input sequence and generates a set of contextualized
representations, while the decoder generates the output sequence by attending to both the

encoder’s output and its own previous predictions. Each layer in the encoder and decoder includes:
- A multi-head self-attention mechanism,
- A position-wise feedforward network,
- Layer normalization and residual connections.

An overview of the Transformer architecture is illustrated in Figure 2.6.
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Figure 2.6: The Transformer architecture, consisting of an encoder and a decoder. Each encoder
and decoder layer includes multi-head self-attention, a feedforward network, and residual con-
nections.

The self-attention mechanism lies at the core of the Transformer. Given an input sequence

of word embeddings X = (x1,x9,...,%,), Where x; € R?, the self-attention mechanism projects these

embeddings into three learned representations: queries (@), keys (K), and values (V). The

\2

attention scores are computed as:

—

(2.42) Attention(@,K,V) = softmax (

L)
AE
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where d}, is the dimensionality of the keys. The softmax function ensures that the attention
weights sum to 1, allowing the model to focus on the most relevant parts of the input sequence.
This mechanism enables the Transformer to capture contextual relationships between words,
regardless of their distance in the sequence.

To enhance the model’s ability to capture diverse relationships, the Transformer employs
multi-head attention. Instead of computing a single set of attention weights, the model computes
multiple attention heads in parallel, each focusing on different parts of the input sequence. The

outputs of these heads are concatenated and linearly transformed:

(2.43) MultiHead(®,K,V) = Concat(headq,...,head; )WO,

where each head is computed as
L ; Q K v
(2.44) head; = Attention(@W.*,KW;*,VW,")

and WiQ, Wl.K s WiV, and WO are learned projection matrices. Multi-head attention allows the
model to attend to different aspects of the input simultaneously, improving its representational
capacity.

Since the Transformer does not process sequences sequentially, it relies on positional encod-
ings to incorporate information about the order of words in the sequence. These encodings are

added to the input embeddings and are defined as sinusoidal functions of varying frequencies:

0S8

(P
(2.45) PE(pOS,zi) = sin ( 100002i/d

pos
, PE i+1) =COS | ———— |,
) (pos,2i+1) (100002l/d)

where:

pos is the position in the sequence,

i is the dimension index (ranging from 0 to d/2—-1),

d is the dimension of the embeddings, and

10000 is a user-defined scalar, as proposed by the authors of [150].

The Transformer’s ability to process sequences in parallel and capture long-range dependen-
cies has made it the backbone of modern NLP. Its self-attention mechanism eliminates the need

for recurrence, enabling faster training and better scalability.
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2.3.5.1 Bidirectional Encoder Representations from Transformers

BERT [67] is a Transformer-based model designed exclusively with the encoder component of
the Transformer architecture as illustrated in Figure 2.7. Unlike traditional left-to-right or
right-to-left language models, BERT employs a bidirectional approach, allowing it to capture rich

contextual dependencies by considering both preceding and succeeding words in a sentence.
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Figure 2.7: The architecture of BERT, consisting of multiple stacked Transformer encoder layers.

BERT is pretrained using two unsupervised tasks:

¢ MLM Instead of predicting the next word in a sequence, BERT randomly masks a percent-
age of input tokens and trains the model to predict the original token based on its context.

This forces BERT to learn bidirectional representations, as illustrated in Figure 2.8.
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Figure 2.8: Illustration of the MLM used during BERT pretraining.
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* Next Sentence Prediction (NSP) Given two sentences, BERT is trained to classify
whether the second sentence follows the first one in the original text. This task helps the

model understand sentence relationships.

The pretrained BERT model can be fine-tuned with minimal task-specific modifications for
various NLP applications. Its ability to generate deep contextualized representations has made it

a cornerstone of modern NLP advancements.

2.3.6 Mixture of Experts

MokE [95, 98] is a machine learning paradigm that leverages the strengths of multiple specialized
models, referred to as experts, to improve overall performance. Each expert is trained to handle a
specific subset of the input space, and a gating network determines the contribution of each expert
to the final output. This approach allows the model to dynamically adapt to different regions of
the input space, making it particularly effective for complex and heterogeneous datasets.

In the MoE framework, the output y for a given input x is computed as a weighted sum of the
outputs of the individual experts. Let E;(x) denote the output of the i-th expert, G;(x) denote the
weight assigned to the i-th expert by the gating network, and n be the number of experts. The
final output y is given by:

(2.46) y=) Gix)-E;(x).

n
i=1

The gating network computes the weights G;(x) using a softmax function, ensuring that they

are non-negative and sum to 1. Specifically, the weights are computed as:

(2.47) Gi(x) = softmax(x,w;),

where w; represents the parameters of the gating network for the i-th expert. The softmax
function ensures that the weights G;(x) are normalized and can be interpreted as probabili-
ties. This allows the gating network to route inputs to the most relevant experts, effectively
partitioning the input space among the experts.

One key advantage of MokE is its ability to perform conditional computation, where only a
subset of experts is activated for a given input. This sparsity can significantly reduce computa-
tional costs while maintaining high performance. The gating network achieves this by assigning
near-zero weights to irrelevant experts, effectively "turning them off" for specific inputs.

Figure 2.9 illustrates the architecture of MoE, where the input is simultaneously provided
to both the gating network and the expert networks. The gating network determines the contri-
bution of each expert by assigning weights based on the input. Each expert processes the input

independently, and the final output is obtained as a weighted sum of the expert outputs. This
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modular design allows MoE to scale efficiently and leverage specialized expert capabilities for

diverse tasks.
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Figure 2.9: Architecture of MoE. The gating network routes inputs to the most relevant experts,
and their outputs are combined to produce the final prediction.

2.4 Word Representations

Word representations are fundamental to NLP tasks, as they provide a way to encode textual data
in a form that machine learning models can process. Textual data, by its nature, is unstructured
and symbolic, consisting of sequences of characters and words that convey meaning through
context, grammar, and syntax. However, machine learning algorithms require structured inputs
to analyze and learn patterns effectively. Word representations bridge this gap by transform-
ing words, phrases, or entire documents into structured formats that capture their meaning,

relationships, or statistical properties.

2.4.1 Classical Representations

Classical word representations are based on statistical and frequency-based methods. These
techniques are simple yet effective for many NLP tasks, such as text classification and information

retrieval.

2.4.1.1 Bag-of-Words

The Bag-of-Words (BoW) model is one of the simplest word representation techniques in NLP.
It represents a document as an unordered collection of words, ignoring grammar, syntax, and
word order, but retaining information about word frequencies. This approach treats text as a
bag of individual words, where the order of words does not matter, and only their presence and

frequency are considered.
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Given a vocabulary V = {wi,ws,...,w,} of size n, a document d is represented as a numerical
vector v € R”. Each element v; in the vector corresponds to the frequency of word w; in the

document:

(2.48) v; = count(w;,d),

where count(w;,d) is the number of times word w; appears in document d. For example, if
the vocabulary is V = {cat,dog,run} and the document d is "the cat runs and the dog runs," the
BoW representation would be v =[1,1,2], indicating that "cat" appears once, "dog" appears once,
and "run" appears twice.

The BoW model is computationally efficient and easy to implement, making it a popular choice
for tasks like text classification and information retrieval. However, it has several significant

limitations:

* Loss of word order: By disregarding the order of words, BoW fails to capture syntactic
structure or relationships between words. For example, the sentences "the cat chased the
dog" and "the dog chased the cat" would have the same BoW representation, even though

their meanings are different.

¢ Semantic ignorance: BoW does not account for the meaning of words or their relation-
ships. For instance, it treats synonyms (e.g., happy and joyful) as completely unrelated

words.

¢ High dimensionality: For large vocabularies, the resulting vectors can be extremely
sparse (mostly zeros) and high-dimensional, leading to inefficiencies in storage and compu-

tation.

2.4.1.2 Term Frequency-Inverse Document Frequency

Term Frequency-Inverse Document Frequency (TF-IDF) is an extension of the BoW model that
weights word frequencies based on their importance in a document relative to a corpus. It aims
to highlight words that are more discriminative for a specific document.

The TF-IDF score for a word w; in a document d from corpus D is computed as:

(2.49) TF-IDF(w;,d,D) = TF(w;,d)-IDF(w;,D),
where:

¢ TF(w;,d) is the frequency of word w; in document d, normalized by the total number of

words in d. It is computed as:

Number of times w; appears in d

2. TF(w;,d) =
(2.50) (w;,d) Total number of words in d
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¢ IDF(w;,D) measures how rare or common a word w; is across the entire corpus D. It is

computed as:

2.51) IDF(w;.D) = log Total number of documents in the corpus D ‘

Number of documents containing w;

TF-IDF effectively reduces the weight of common words (e.g., the, and) while increasing the
weight of rare but meaningful words. For example, if a word appears frequently in a specific
document but rarely in the rest of the corpus, it will have a high TF-IDF score, indicating its
importance to that document.

However, TF-IDF still has several limitations:

¢ No semantic understanding: Like BoW, TF-IDF does not capture the meaning or context

of words, limiting its ability to model complex linguistic phenomena.

¢ Sparsity: The resulting vectors remain sparse and high-dimensional, especially for large

vocabularies.

2.4.1.3 N-grams

N-grams [113] are contiguous sequences of n words or characters extracted from a text. They
capture local word order and context, which are lost in the BoW model. By considering sequences
of words (or characters), N-grams provide a way to model syntactic patterns and short-range

dependencies in text. The value of n determines the type of N-gram:

¢ Unigrams (n = 1): Single words or tokens. For example, in the sentence "the cat sat on the
mat," the unigrams are:

{the, cat, sat,on, the, mat}.

Unigrams are equivalent to the BoW representation and do not capture any word order or

context.
¢ Bigrams (n = 2): Pairs of adjacent words. For the same sentence, the bigrams are:
{(the, cat),(cat, sat),(sat, on),(on, the), (the, mat)}.

Bigrams capture local word dependencies and are useful for modeling common phrases or

collocations (e.g., "New York").
¢ Trigrams (n = 3): Triplets of adjacent words. For the same sentence, the trigrams are:
{(the, cat, sat),(cat, sat, on),(sat, on, the), (on, the, mat)}.
Trigrams capture slightly longer patterns.
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Given a document d, the set of n-grams can be represented as:

(2.52) N-grams(d,n) = {(w;,wi+1,...,Witn-1) 11 =1,2,...,|d| —n+1},

where |d| is the length of the document in words.

However, N-grams suffer from several limitations:

¢ Data sparsity: As n increases, the number of possible N-grams grows exponentially,
leading to sparse representations. For example, many possible trigrams or higher-order

N-grams may never appear in the training data, making it difficult to generalize.

* Lack of long-range dependencies: N-grams only capture local context within a fixed
window of n words. They cannot model long-range dependencies or global semantic rela-

tionships in text.

* No semantic understanding: Like BoW, N-grams do not capture the meaning of words

or their relationships.

The quality of word representations directly impacts the performance of downstream NLP
tasks. those approaches focuses on capturing surface-level statistics like word frequencies and
document-specific importance. While these methods are simple and interpretable, they often fail
to capture deeper linguistic properties, such as semantics, syntax, and context.

To address these limitations, more advanced techniques have been developed, such as dis-
tributed representations (e.g., word embeddings) and neural language models (e.g., transformers).
These methods aim to encode words in a way that reflects their meaning and usage in context,

enabling models to generalize better and perform more complex tasks.

2.4.2 Word Embeddings

Word embeddings are dense, low-dimensional vector representations of words that capture
semantic and syntactic relationships. Unlike classical representations like BoW or TF-IDF, which
rely on sparse, high-dimensional vectors based on word frequencies, word embeddings encode
meaning in a continuous vector space. In this space, words with similar meanings are located
close to each other, enabling models to generalize better and capture nuanced relationships
between words. For example, in a well-trained embedding space, the vectors for "king" and
"queen" will be close to each other, as will the vectors for "man" and "woman," reflecting their
semantic similarity.

To illustrate, consider the following analogy:

king — man + woman = queen.
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This means that the vector difference between "king" and "man" is similar to the vector difference
between "queen" and "woman." Such relationships are learned automatically by word embedding
models, making them powerful tools for capturing linguistic patterns.

The most widely used word embedding methods include Word2Vec, GloVe, and FastText. Each
of these methods learns embeddings by analyzing large corpora of text, but they differ in their

approaches and the types of relationships they capture.

2.4.2.1 Word2Vec

Word2Vec, introduced by Mikolov et al. [122], is a pioneering word embedding technique that
learns word representations by predicting words based on their context. It employs two architec-

tures (Figure 2.10):

¢ Continuous Bag-of-Words (CBoW) Predicts a target word based on its surrounding
context words. For example, given the context words "the cat sat on the," CBoW predicts

the target word "mat."

¢ Skip-gram: Predicts context words given a target word. For example, given the target

"non "non

word "sat,” Skip-gram predicts the surrounding context words "the," "cat,” "on," and "the."
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Figure 2.10: The two architectures of Word2Vec: (a) CBOW predicts a target word from context
words, and (b) Skip-gram predicts context words from a target word.

Word2Vec embeddings are learned by training a shallow neural network on a large corpus
of text. The model maps words to dense, low-dimensional vectors in a continuous space, where

words with similar meanings are located close to each other.
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One of the key strengths of Word2Vec is its computational efficiency. The model uses tech-
niques like hierarchical softmax or negative sampling to reduce the computational cost of training,
making it scalable to large corpora.

However, Word2Vec has several limitations:

* Fixed representations: Each word is assigned a single vector, regardless of its context.
This means that polysemous words (words with multiple meanings) are represented by
the same vector, which can lead to ambiguity. For example, the word "bat" would have the
same vector in the sentences "The bat flew through the cave" (referring to the animal) and
"He swung the bat to hit the ball" (referring to the sports equipment). Word2Vec cannot
distinguish between these meanings, as it generates a single representation for each word

which limits the model’s ability to handle words with multiple meanings.

¢ Qut-of-vocabulary words: Word2Vec cannot generate embeddings for words not seen

during training, limiting its ability to handle rare or new words.

2.4.2.2 GloVe

Global Vectors for Word Representation (GloVe), introduced by Pennington et al. [130], is another
widely used word embedding method. Unlike Word2Vec, which learns embeddings based on local
context (e.g., predicting neighboring words), GloVe leverages global word co-occurrence statistics
from the entire corpus. It constructs a word-context matrix X, where each entry X;; represents
the number of times word j appears in the context of word i. GloVe then factorizes this matrix to
obtain word embeddings that capture the relationships between words.

The key idea behind GloVe is that the ratio of co-occurrence probabilities between words can
encode meaningful semantic relationships. Specifically, GloVe aims to learn word vectors w; and
context vectors w; such that their dot product approximates the logarithm of the co-occurrence

probability:
(2.53) wW;+b;+b;~log(X;))
where:
* w; and W; are the word and context vectors for words i and j, respectively,
e b; and b ;j are bias terms for words i and j,
* X;; is the co-occurrence count of word i and context word ;.
GloVe embeddings are trained by optimizing the following objective function:
vV Vv
(2.54) J= ,:21]; FXij) (w] W, +b; +b;~logX;;)
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where f(X;;) is a weighting function that reduces the influence of rare co-occurrences. The

weighting function is defined as:

(2.55) fX;)=4"\Vm=
1 otherwise,

where x.x is a cutoff value (typically 100) and « is a hyperparameter (typically 0.75). The
weighting function in GloVe ensures that both frequent and rare co-occurrences contribute
meaningfully to training by downweighting overly frequent words while ensuring that rare words
are not completely ignored.

However, GloVe has several limitations:

* Fixed representations: Like Word2Vec, GloVe generates a single vector for each word,

regardless of its context.

* Dependence on co-occurrence statistics: GloVe relies heavily on the quality and
coverage of the co-occurrence matrix. Rare words or words with sparse co-occurrence

patterns may not be well-represented in the embedding space.

2.4.2.3 FastText

FastText, developed by Facebook Al Research [52], extends Word2Vec by representing words as
bags of character n-grams. This approach allows FastText to generate embeddings for Out Of
Vocabulary (OOV) words by breaking them into subword units. For example, the word "running"
can be represented as the sum of its character n-grams: "run", "runn", "unning", etc. This subword
information enables FastText to capture morphological patterns and handle rare or unseen words
effectively.

The idea behind FastText is that a word’s embedding is the sum of the embeddings of its
constituent n-grams. Given a word w and its set of character n-grams 4 (w), the word embedding

vy, is computed as:

(2.56) Vu= ), Vg
ge%4(w)

where v, is the embedding of the n-gram g. For example, the word "running" might be

represented as:

(2.57) Vrunning = Vrun T Vrunn + Vunning-

FastText uses the same architectures as Word2VecCBoW and Skip-grambut applies them to

n-grams instead of whole words. This allows FastText to:
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¢ Handle out-of-vocabulary words: By breaking words into subword units, FastText can

generate embeddings for words not seen during training.

¢ Capture morphological patterns: FastText is particularly effective for morphologically

rich languages (e.g., Turkish) where words can have many inflected forms.
However, FastText has several limitations:

* Fixed representations: Like Word2Vec and GloVe, FastText generates a single vector for
each word, regardless of its context. This means that polysemous words are represented by

the same vector.

* Increased complexity: The use of subword units increases the complexity of the model,

as it requires storing and processing embeddings for a large number of n-grams.

2.4.3 Contextualized Embeddings

Contextualized embeddings address the limitations of traditional word embeddings by generating
dynamic representations of words based on their context. Unlike Word2Vec, GloVe, or FastText,
which assign a fixed vector to each word, contextualized embeddings produce different represen-
tations for the same word depending on its usage in a sentence. This enables them to capture
polysemy and nuanced linguistic phenomena.

The development of transformer architectures, as discussed in Section 2.3.5, has been in-
strumental in advancing contextualized embeddings. Transformer-based models like BERT
(Section 2.3.5.1) and GPT generate context-aware representations by leveraging self-attention
mechanisms. These models have revolutionized NLP by achieving state-of-the-art performance on
a wide range of tasks, including question answering, text classification, and machine translation.

Contextualized embeddings have become the foundation of modern NLP, enabling machines
to understand and generate human language with unprecedented accuracy and fluency. Their
ability to capture context and meaning has made them indispensable tools for a wide range of

applications.

2.5 Knowledge Sharing Paradigms in NLP

The limitations of supervised learning in low-resource scenarios, particularly for dialectal Arabic,
necessitate learning paradigms that promote knowledge reuse and generalization. Among the
most effective solutions are transfer learning and multitask learning, both of which address
data scarcity by leveraging shared linguistic patterns across tasks or domains. These paradigms
move beyond task-specific modeling by enabling the transfer of representations learned from
resource-rich settings, such as MSA, to improve performance on under-resourced dialects. This

section presents an overview of these two learning frameworks.
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2.5.1 Transfer Learning

Transfer Learning [129] is a paradigm that enables the reuse of knowledge learned from one
task or domain to enhance performance on a different, but related, task or domain. Traditionally,
machine learning systems are trained from scratch for each specific task, requiring large anno-
tated datasets. This poses a significant challenge for low-resource settings, where labeled data is
scarce. Transfer learning mitigates this by leveraging prior learning, allowing models trained on

data-rich tasks to be adapted to low-resource problems with minimal additional supervision.

In NLP, transfer learning has been widely adopted following the success of pretrained lan-
guage models such as BERT. These models are trained on massive corpora using self-supervised
objectives (e.g., MLM or Next Sentence Prediction) and are later fine-tuned on specific down-
stream tasks like sentiment analysis or question answering. By pretraining on general-purpose
text, the models capture rich syntactic and semantic knowledge that is transferable across tasks

and domains.

A particularly impactful application of transfer learning is cross-lingual transfer, where
knowledge from a high-resource language (e.g., English or MSA) is transferred to improve
performance on a low-resource language or dialect (e.g., Algerian Arabic). This is especially
effective when the source and target languages share typological or structural similarities. In this
thesis, transfer learning is a foundational mechanism for bridging the resource gap between MSA
and Arabic dialects. It enables the adaptation of MSA-pretrained embeddings to dialect-specific
tasks such as dialect identification and sentiment analysis, significantly improving performance

without requiring large amounts of dialectal training data.

2.5.2 Multitask Learning

Multitask Learning [60] is a learning paradigm in which a single model is trained to perform
multiple tasks simultaneously. Unlike traditional single-task learning where each task requires
a separate model, Multitask Learning enables parameter sharing across tasks, encouraging the
model to learn a more generalized and robust representation. The central idea is that learning
tasks in parallel acts as a guide to the model to capture underlying structures that benefit all

tasks involved.

Multitask Learning is beneficial in scenarios where one task has abundant training data
while the other suffers from data scarcity. In such cases, the auxiliary task with richer data
helps regularize the learning process and provides useful features that improve performance on
the primary task. The key to successful multitask learning lies in selecting related tasks and
designing shared architectures that allow for effective information exchange while preserving

task-specific nuances.
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2.6 Conclusion

This chapter has provided a comprehensive overview of the challenges and techniques involved
in processing Arabic and its dialects using NLP. Arabic’s linguistic complexity, from its root-and-
pattern morphology to its syntactic flexibility and phonological diversity, demands sophisticated
computational models capable of handling its intricacies. The Algerian dialect, with its rich
history and linguistic diversity, exemplifies the challenges faced by low-resource languages in
NLP.

The chapter also explored traditional machine learning approaches, such as Decision Trees,
Naive Bayes, and Support Vector Machines, which have laid the groundwork for many NLP tasks.
These methods, while effective for certain applications, are often limited in their ability to capture
the nuanced relationships and contextual dependencies present in language. The advent of deep
learning and neural networks, particularly RNNs, LSTMs, GRUs, CNNs, and Transformers, has
revolutionized the field, enabling more accurate and context-aware language processing. These
models have significantly improved the ability of NLP systems to handle sequential data, capture
long-range dependencies, and generate dynamic representations of words.

Subsequently, the chapter discussed word representations, from classical methods like BoW
and TF-IDF to modern word embeddings such as Word2Vec, GloVe, and FastText. It also explored
contextualized embeddings, which have become the cornerstone of modern NLP, enabling models
to generate dynamic representations of words based on their context.

Finally, the chapter introduced two critical learning paradigms, transfer and multitask
learning, that are particularly effective for addressing the limitations of low-resource language
processing. These paradigms are not only theoretically significant but also form the backbone of
the methodologies proposed in this thesis.

By integrating these techniques and learning paradigms, this chapter establishes the theoret-
ical foundation for the subsequent research. Together, they offer scalable and adaptable solutions

for advancing NLP in complex and under-resourced linguistic settings.
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CHAPTER

LITERATURE REVIEW

his chapter provides a critical review of existing work related to Arabic dialect identifi-
cation and sentiment analysis. By examining traditional, deep learning, and transformer-
based approaches, it highlights the current limitations and research gaps in low-resource
Arabic NLP. These insights serve as a guide for formulating the methodologies and innovations

proposed in the following chapters.

As demonstrated in the previous chapter, ML and Deep Learning (DL) have emerged as
transformative tools for tackling complex linguistic challenges. Among these, ADI and Sentiment
Analysis stand out as two particularly intricate problems, each with its own unique set of
challenges. Arabic Dialect Identification is particularly demanding because it requires the model
to learn fine-grained distinguishing features that separate closely related dialects, while ADI is
hindered by high lexical overlap, rich morphological diversity, and subtle contextual variations
among dialects. These factors make it difficult to distinguish between them, especially when they
share significant vocabulary with MSA and each other. Conversely, sentiment analysis in Arabic
dialects requires the model to capture the internal semantic and contextual nuances of a given
dialect, and it struggles with limited annotated datasets, the presence of code-switching, and the

nuanced expression of sentiment that varies across dialects and cultural contexts.

By focusing on these two tasks, this review provides a structured foundation for examin-
ing key dimensions of dialectal Arabic processing. Dialect identification reflects cross-dialectal
distinctions, requiring systems to capture subtle linguistic differences across closely related
varieties, often blurred by shared vocabulary and overlapping morphological features. In contrast,
sentiment analysis targets intra-dialectal nuance, where the challenge lies in detecting emotional
tone and semantic intent expressed through informal, culturally embedded, and often non-

standard language. This dual focus not only enables a broader exploration of methods suitable
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for handling different levels of language variation, but also offers insight into how transferable
linguistic knowledge may be adapted to serve low-resource dialectal contexts. Moreover, these
tasks together serve as a meaningful basis for reviewing the capacities and limitations of existing
approaches in the field.

This chapter provides a comprehensive review of state-of-the-art approaches in both ADI and
sentiment analysis, categorizing them into three major paradigms: Traditional Machine Learning,
Deep Learning (Non-Transformer), and Transformer-Based (Transfer Learning) methods. By
critically analyzing representative works in each category, we highlight their methodologies,
strengths, limitations, and the evolution of the field. The first part of focuses on ADI, reviewing
the progression from traditional feature-based methods to advanced transformer-based models.
The second part shifts to sentiment analysis, exploring how similar methodologies have been
adapted to address the unique challenges of sentiment analysis in Arabic dialects. Together, this
review contextualizes the contributions of this thesis and highlights open challenges and future

research directions in both areas.

3.1 Related Work in Dialect Identification

ADI seeks to classify text into dialect-specific categories despite extensive vocabulary sharing
with MSA and among dialects themselves. Over the past decade, researchers have tackled this
task through three methodological paradigms mentioned earlier. In the following sections, we

discuss each in detail, emphasizing key contributions, challenges, and the field’s evolution.

3.1.1 Traditional Machine Learning Approaches

Traditional methods for ADI rely on manual feature engineering combined with probabilistic
or kernel-based classifiers. While these approaches are computationally efficient and more
interpretable, they are limited in capturing complex, context-dependent features as discussed in
section 2.4.1. Nonetheless, many shared tasks and studies have shown that when paired with
well-selected features, statistical classifiers remain effective.

In the Nuanced Arabic Dialect Identification (NADI) 2020 shared task [9], Aliwy et al. [23]
explored ADI across 21 countries using statistical classifiers such as Naive Bayes, Logistic
Regression, and Decision Trees. Their approach leveraged word and character n-grams as
features, with additional clustering techniques applied to mitigate noise from MSA tweets in
the training data. The combination of these classifiers through a voting mechanism, along with
clustering, resulted in an F1-score of 20.05% on the test set.

In the NADI 2021 shared task [10], Ali et al. [126] also used a machine learning-based
approach for ADI. Their methodology involved extracting features using TF-IDF, and employing
classifiers such as Complement Naive Bayes (CNB), SVM, Decision Tree, Logistic Regression, and

Random Forest. Among these, the CNB classifier achieved the best performance, with F1-scores
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of 12.99% and 18.72% for MSA-country level (Subtask 1.1) and DA-country level (Subtask 1.2),
respectively, and 3.51% and 4.55% for MSA-province level (Subtask 2.1) and DA-province level
(Subtask 2.2). The corresponding accuracies were 23.24%, 37.16%, 3.38%, and 4.8%. These results

underscore the challenge of fine-grained dialect identification.

The trend of leveraging statistical classifiers continued in the NADI 2022 shared task [11],
where the SUKI team [96] employed a Naive Bayes classifier trained on character n-grams
(ranging from one to four). Their model achieved an F1-score of 19.63% on Test-A and 10.58% on
Test-B.

Beyond the NADI shared tasks, Mishra et al. [123] explored a broader range of ML and DL
models on the Multi-Arabic Dialect Applications and Resources (MADAR) dataset [53], utilizing
various feature extraction techniques, including n-grams (word and character-level) and language
model probabilities. They experimented with several classifiers, including Multinomial Naive
Bayes (MNB), SVM, and DL models, to assess the impact of these features on classification
performance. Their findings highlighted the effectiveness of traditional ML classifiers over neural
networks. Their best performing model aMNB classifier using word and character-level 5-grams
alongside language model probabilities, achieved an accuracy of 66.31% and an F1 score of 66.21%.
Additionally, an SVM classifier incorporating n-grams and dialect probabilities, obtained 67.20%

accuracy and a 57.90% F1-score in subtask 2.

Similarly, Talatha et al. [148] also explored the MADAR shared task by employeing TF-
IDF representations and found that a Linear Support Vector Classifier (LinearSVC) performed
competitively when provided with curated features. They further enhanced classification by
introducing a dialect weighting scheme through user voting, where predictions were adjusted
to give more emphasis to less frequent dialects, this was achieved by assigning higher weights
to underrepresented dialects and modifying the impact of specific tweet types (e.g., increasing
the weight of retweets and reducing the influence of unavailable tweets), which led to 76.20%
accuracy and a 69.86% F1-score on the test set. By reweighting underrepresented dialects, they
improved over Mishra et al.’s [123] subtask 2 results by 11.96% in F1-score, this improvement

underscores the importance of addressing class imbalance.

Using the same data, Baimukan et al. [42], introduced a multi-classifier approach, using
classifiers trained at the city, country, and region levels. These classifiers were trained on the
Madar dataset with n-gram features. Instead of standard 5-gram language model scores, the
authors employed scores from aggregated models at each hierarchical level to support the main
classifier MNB, which focused on the 26 MADAR labels. The aggregated country classifier
improved accuracy by 0.79% (to 77.12%) and F1 score by 0.73% (to 74.83%). However, combining
classifiers across different levels introduced noise, limiting further gainsdespite outperforming
Talafha et al. [148] by 4.97%.

Lastly, El-Haj et al. [70] introduced a novel Subtractive Bivalency Profiling (SBP) approach to

enhance ADI by capturing grammatical variations. Their study focuses on distinguishing between
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Egyptian, North African, Gulf, Levantine dialects, and MSA, tackling challenges such as bivalency
and code-switching. Their SVM-based model achieved over 76% accuracy and maintained 66%
performance on unseen data.Despite its promise, the approach is sensitive to feature selection
and computational constraints, which limits its scalability.

Overall, these studies demonstrate the enduring relevance of traditional machine learning
approaches for ADI, particularly when combined with well-designed feature engineering tech-
niques. Even in the era of deep learning, statistical classifiers remain competitive, especially in
scenarios with limited training data, as they typically require less data to achieve reasonable

performance compared to deep learning models.

3.1.2 Deep Learning Approaches (Non-Transformer)

DL has revolutionized ADI by automating the feature extraction process, enabling models to
learn complex representations directly from raw data. This section reviews neural network
architectures that do not leverage transformer-based pre-training.

In their work, Issa et al. [93] explored country-level ADI using the NADI 2021 dataset. They
compared two model, an LSTM with pretrained word embeddings, and a feature-augmented
LSTM incorporating engineered linguistic features. Their results showed that the LSTM with
pretrained embeddings outperformed the feature-augmented version, achieving 41.36% accuracy
and an F1-score of 22.10% on the development set.

In the NADI 2022 shared task, AlShenaifi et al. [31] evaluated both machine learning models
like Logistic Regression and SVM, and deep learning models including BiLSTM and AraBERT.
Their results identified BILSTM as the best-performing model, achieving 39.9% accuracy and
22.4% F1-score on the Test-A, and 23.7% accuracy with a 9.3% F1-score on the Test-B. This
represents a notable improvement over purely traditional approaches, such as the SUKI team’s
Naive Bayes classifier [96], which relied on character n-grams (F1-scores of 19.63% on Test-A and
10.58% on Test-B). While both teams tackled the same dataset and task, BILSTM demonstrated
the superiority of sequence-aware architectures over static n-gram features, improving the F1-
score by 2.77% on Test-A. However, on Test-B, the Naive Bayes classifier outperformed the
BiLSTM, achieving a 1.28% higher F1-score. This mixed performance highlights the strengths
of deep learning models in capturing sequential dependencies, as seen in Test-A, while also
underscoring the challenges of generalizing to real-world dialectal data, particularly in Test-B,
where both models struggled to achieve an F1-score above 11%.

De Francony et al. [66] proposed two approaches for ADI using the MADAR dataset, a
hierarchical DL model and a vote-based probabilistic classifier. The hierarchical model employed
a two-stage classification process, first predicting a broader dialect group using a BiLSTM,
followed by a second-stage model that classified the specific dialect within that group. The vote-
based approach combined an MNB classifier and a Random Forest classifier, using hard voting to

select the final prediction, their results showed that the vote-based classifier outperformed the
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hierarchical deep learning approach, achieving the highest F1-score of 63.02%. However, this
approach underperformed Mishra et al.’s MNB classifier (66.21% F1) [123] and Baimukan et al.’s
hierarchical multi-classifier framework [42] (74.83% F1). This disparity highlights challenges
faced by De Francony et al.’s BILSTM architecture in capturing robust representations from
the sparse, fine-grained MADAR corpus. Mishra et al. prioritized explicit feature engineering
to encode linguistic patterns and dialectal markers, which proved effective in this low-resource
scenario. Similarly, Baimukan et al. reduced ambiguity through structured hierarchical n-gram
aggregation across geographic levels. By contrast, the BILSTM’s sequential dependency modeling
struggled with dialectal complexity and limited training data, suggesting that this specific
implementation may have been constrained by its architectural assumptions or optimization
dynamics.

Similarly, in their study, Fares et al. [78] addressed the challenge of ADI using the MADAR
Corpora. They proposed multiple models combining frequency-based features and deep learning.
It uses character and word-level TF-IDF features as input to a neural network with two dense
layers. Simultaneously, an MNB model processes the same features for statistical classification.
The outputs from both models are combined using log probability averaging, this approach
achieved an F1-score of 65.35% and an accuracy of 65.75% on the test set. While also De Francony
et al. [66] leveraged ensemble techniques to improve performance, Fares et al.’s hybrid approach
outperformed De Francony et al.’s vote-based classifier, achieving a higher F1-score (65.35%
vs. 63.02%). This suggests that combining deep learning with statistical methods may be more
effective. However, Mishra et al’s MNB classifier (66.21% F1) [123] and Baimukan et al.’s
hierarchical multi-classifier framework (74.83% F1) [42] achieved stronger results, indicating
that explicit feature engineering and hierarchical aggregation strategies remain competitive in
low-resource settings.

Non-transformer DL approaches show limited but promising results in ADI. While archi-
tectures like BiLSTM and hybrid frameworks outperform basic statistical models in capturing
sequential or combined features, they struggle to match the performance of feature-engineered
(e.g., Mishra et al. [123]) or hierarchically structured (e.g., Baimukan et al. [42]) traditional
methods. This underscores the challenge of learning robust dialect representations from sparse
data without explicit linguistic priors. Pretrained embeddings (e.g., Issa et al. [93]) partially
bridge this gap, suggesting that integrating domain knowledge with neural architectures could
mitigate data scarcitya direction further advanced by transformer-based methods, as discussed

next.

3.1.3 Transformer-Based Approaches (Transfer Learning)

The emergence of transformer architectures and pre-trained language models has dramatically
advanced ADI. These models are pre-trained on large corpora, capturing deep contextual and

semantic nuances, and then fine-tuned on dialect-specific data.
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E1 Mekki et al. [72] proposed a BERT-based Multi-Task Learning model for Arabic dialect and
MSA identification at both country and province levels using NADI 2021. Their model leverages
MARBERT, combined with task-specific attention layers to extract discriminative features for
each task. The model achieved F1-scores of 21.4%, 30.64%, 5.35%, and 7.32% with corresponding
accuracies of 33.84%, 50.30%, 5.72%, and 7.92% for Subtasks 1.1, 1.2, 2.1, and 2.2, respectively.
In contrast, traditional ML approaches, such as those by Ali et al. [126], relied on TF-IDF
features and classifiers like CNB, achieving lower F1l-scores and accuracies for both country
and province levels. Reflecting the limitations of traditional methods in handling fine-grained
dialect identification. This comparison highlights the superiority of transformer-based models
in capturing complex, context-dependent features. However, the province-level classification
remains challenging across both approaches, with F1-scores consistently below 10%, reflecting

the inherent difficulty of fine-grained dialect identification.

Similarly, AIKhamissi et al. [24] tackled the NADI 2021 shared task by fine-tuning MAR-
BERT with an adapter-based approach. Instead of modifying all layers, they inserted lightweight
adapter modules into each transformer layer, allowing only these layers to be updated while
keeping the pre-trained MARBERT parameters frozen. Additionally, they introduced a novel
Vertical Attention mechanism that attends across transformer layers, enabling deeper feature
extraction. Their final model was an ensemble combining four configurations, fully fine-tuned
MARBERT, adapter-tuned MARBERT, fine-tuned MARBERT with Vertical Attention, and a
fine-tuned model with a linear learning rate schedule. This ensemble achieved on the test set
the F1-scores of 22.38%, 32.26%, 6.43%, and 8.60% with corresponding accuracies of 35.72%,
51.66%, 6.66%, and 9.46% for Subtasks 1.1, 1.2, 2.1, and 2.2, respectively. While both this study
and El1 Mekki et al.’s [72], leverage MARBERT and transformer-based approaches, this approach
outperformed El1 Mekki et al.’s [72] model across all subtasks, achieving higher F1-scores and
accuracies. This highlights the effectiveness of adapter-based fine-tuning and Vertical Attention
in enhancing transformer-based models for ADI. However, again both studies underscore the per-
sistent challenges of province-level classification, where F1-scores remain below 10%, reflecting
the inherent difficulty of the task.

Humayun et al. [90] proposed an ensemble-based approach for ADI also using the NADI
2021 dataset. Their approach integrates three individual classifiers, with the final prediction
obtained by averaging their outputs. The first classifier fine-tunes the MARBERT model by
training only selected intermediate layers while keeping the rest of the transformer frozen. The
second classifier employs the adapter-based fine-tuning mechanism. The third classifier is a
feature-based model that utilizes concatenated hidden-layer representations from a pre-trained
MARBERT without fine-tuning. The ensemble achieved an overall accuracy of 53.96% on the
country-level classification development set. By diversifying fine-tuning strategies freezing layers
versus updating adapters the authors achieved better generalization, though computational costs

increased.
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AlHassan et al. [40] using the NADI 2022 dataset, proposed two main approaches, a multi-task
learning model which leverages a shared AraBERT encoder, and three task-specific classification
heads for predicting region, area, and country-level dialects. The multi-task model achieved an
Fl-score of 32.63% on Test-A and 15.61% on Test-B for ADI subtask. This represents a significant
improvement over earlier approaches, such as the BiLSTM model by AlShenaifi et al. [31], which
achieved an F1-score of 22.4% on Test-A and 9.3% on Test-B. The 10.23% increase in F1-score
on Test-A and 6.31% increase on Test-B highlight the effectiveness of multi-task learning and
transformer based approaches in capturing shared linguistic features across different levels of
dialect granularity. However, both studies underscore the persistent challenges of province-level

classification, particularly in Test-B, where performance remains relatively low.

Building on these advancements, Bayrak et al. [47] also tackled the NADI 2022 shared task.
They employed domain-adapted BERT-based models with language-specific preprocessing to
improve performance. Their best-performing models were MARBERTV2, achieving an F1-score
of 33.89% and an accuracy of 51.66% on Test-A, and MARBERT which achieved an F1-score
of 31.66% and an accuracy of 49.18% on Test-A. On Test-B, MARBERTV2 scored 17.19% F1
and 34.87% accuracy, while MARBERT scored 17.51% F1 and 35.14% accuracy. Compared to
AlHassan et al’s [40] multi-task model, Bayrak et al’s MARBERTvV2 achieved a higher F1-score
on both Test-A and Test-B, demonstrating the effectiveness of domain-adapted BERT models and
language-specific preprocessing. However, both approaches struggled to achieve high F1-scores,

especially in Test-B, reflecting the persistent challenges of fine-grained ADI.

Shammary et al. [138] in the NADI 2022 Shared Task (ADI), explored three main approaches.
The first was a traditional TF-IDF-based model. The second approach involved fully fine-tuning
MARBERT. The third approach combined MARBERT with adapters that are inserted between
transformer layers, allowing for efficient adaptation without updating the full model, they also
used data augmentation techniques to enhance generalization. The fully fine-tuned MARBERT
model achieved an F1l-score 18.62% and 16.68% on TEST-A and TEST-B, respectively, with
corresponding accuracies of 32.18% and 33.38%. The adapter-based MARBERT model with data
augmentation performed slightly better on TEST-B, achieving an F1-score of 17.67 and accuracy
of 33.92%, despite lower results on TEST-A (F1-score: 4.85%, accuracy: 11.52%). Compared to
Bayrak et al.”’s MARBERTV2 [47], the fully fine-tuned MARBERT achieved significantly lower
Fl-scores (18.62% vs. 34.87% on Test-A and 16.68% vs. 17.19% on Test-B). However, their
adapter-based MARBERT demonstrated competitive performance on Test-B (17.67% F1-score
vs. 17.19%), highlighting the potential of adapter-based fine-tuning and data augmentation for
improving generalization. Despite these advancements, both studies underscore the challenges of

province-level classification, particularly in Test-B, where F1-scores remain below 20%.

Nwesri et al. [127] participated in the NADI 2023 Shared Task [7], focusing on country-level
ADI. They fine-tuned the MARBERTvV2 transformer on a modified training dataset, where tweet

length was increased by combining every two adjacent tweets from the same dialect into a single,
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longer tweet. This data augmentation provided richer contextual information, enabling the model
to better capture dialectal patterns. Their approach achieved an F1 score of 82.87% and an

accuracy 82.86%.

Building on this, Adel et al. [14] proposed a voting ensemble approach for ADI in the NADI
2023 Shared Task, combining predictions from multiple fine-tuned models. The ensemble included
a MARBERT model fine-tuned with a standard approach and an enhanced variant where
averaged intermediate layers were concatenated with the final layers, followed by convolutional
filters and max-pooling. This combination of fine-tuning, layer concatenation, and convolutional
enhancements, coupled with ensemble voting, achieved an F1 score of 83.73%, and an accuracy of
83.67%. The improvement over Nwesri et al.’s [127] results can be attributed to the ensemble
strategy, which leverages the strengths of multiple models, and the convolutional enhancements,

which capture local patterns in the text more effectively than tweet concatenation alone.

Further advancing these efforts, Elkaref et al. [75] in the NADI 2023 Shared Task on ADI
at the country level. Their approach named NLPeople integrated several strategies: employ-
ing MARBERTvV2, enhancing performance through context augmentation by retrieving and
appending similar texts from the training data for richer input context, implementing a staged
fine-tuning process, first training on older task data from NADI 2020 and 2021 before final tuning
on the 2023 dataset, and model ensembling combines predictions from multiple models via score
stacking or majority voting to improve robustnes. This methodology led to a macro-averaged
F1 score of 87.27% and an accuracy of 87.22%, surpassing both Nwesri et al. [127] and Adel et
al. [14] by a significant margin. The superior performance of Elkaref et al.’s approach can be
attributed to the staged fine-tuning process, which allows the model to learn general dialectal
patterns from older datasets before specializing on the 2023 data, and the context augmentation,
which provides richer input context by incorporating similar texts. Additionally, their ensembling
strategy further refines predictions by combining multiple models. This progression highlights
the effectiveness of data augmentation, ensemble techniques, and staged fine-tuning in improving
ADI performance. While Nwesri et al. [127] demonstrated the value of contextual enrichment
through tweet concatenation, Adel et al. [14] showed the benefits of layer concatenation and
convolutional enhancements. NLPeople system combined these strategies with staged fine-tuning
and ensembling, achieving the highest performance and setting a new benchmark for ADI in the
NADI 2023 Shared Task.

In the NADI 2024 Shared Task [8], Kanjirangat et al. [102] tackled Multi-label Arabic Dialect
Identification (MLDID), where input samples could belong to multiple dialect classes. The best
approach involves an unsupervised cross-encoder with post-filtering. The task is modeled as a
retrieval problem, where the training data is treated as a labeled database, and each test sample
is treated as a query. MARBERTV2 is used to compute sentence embeddings for the training data.
A semantic search is performed to retrieve the top K=10 most similar training samples for each

query. The labels of these retrieved samples are then used to assign labels to the query. To refine
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the predictions, a post-filtering step is applied, where only the top N=8 multi-label predictions
are retained. This filtering step was found to maximize the F1-score on the development set. This
approach maximized the F1-score on the development set and achieved the best results, with an
F1 score of 43.27% and an accuracy of 71.88% on the test set.

In the same shared task on MLDID, Karoui et al. [103] proposed an ensemble of fine-tuned
BERT-based models enhanced by a Similarity-Induced Mono-to-Multi Label Transformation
(SIMMT) applied to the training data. This transformation converted single-label data into
multi-label by assessing vocabulary similarities among dialects. They then employed an ensemble
approach that combined predictions from multiple fine-tuned models, namely ArBERT, MAR-
BERT, and MARBERTV2, to enhance overall performance. Their approach achieved an F1-score of
50.57%. The superior performance of this approach can be attributed to two key innovations, the
SIMMT transformation, which effectively addressed the challenge of multi-label classification by
enriching the training data with dialectal similarities, and the ensemble of multiple BERT-based
models, which leveraged the strengths of diverse pre-trained language models to improve robust-
ness and generalization. In contrast, Kanjirangat et al.’s [102] unsupervised cross-encoder with
post-filtering, while effective, relied solely on MARBERTvV2 and did not incorporate additional
data enrichment or ensemble techniques. This highlights the importance of data transformation

and model ensembling in achieving state-of-the-art performance.

In a related vein, a three-stage neural models were proposed in another study by Abdelmajeed
et al. [124], employing LSTM- and Transformer-based architectures, and integrating attention
mechanism to improve ADI in various benchmarks. They achieved the best performance using
BERT-based models across benchmark datasets. For MADAR-2, ArBERT-based models per-
formed highest with 98.37% accuracy and an F1 score of 87.98%. In MADAR-6 and MADAR-26,
CAMeLBERT excelled with top scores of 91.20% (F1: 91.21%) and 61.66% (F1: 61.59%). In the
unbalanced MADAR-9, CAMeLBERT showed the highest accuracy at 79.60%, but ArBERT-based
models achieved a higher F1 score (75.75%). For NADI 2020, CAMeLBERT reached the highest
accuracy with a significantly better F1 score of 25.94%, outperforming MDA-BERT’s 24.81%.
Finally, MDA-BERT performed best on QADI, with an accuracy of 67.16% (F'1: 66.85%).

In the MADAR shared task, Elaraby et al. [74] proposed a character-level Convolutional
BiLLSTM model. Their approach involved a convolutional layer to extract local character-level
features, followed by a BiLSTM to capture long-range dependencies within text sequences. They
trained their model on approximately 2k users’ data, where each user’s tweets were concatenated
into a single input sequence. This approach allowed the model to capture contextual information
across a user’s tweets, enhancing dialect classification performance. Their system achieved an
F1-score of 61.54% and an accuracy of 72.6%, which, while competitive, falls slightly short of
Abdelmajeed et al.’s [124] CAMeLBERT-based model in terms of F1-score (61.59% vs. 61.54%).

Another approach was introduced by Alsuwaylimi [33], explored combining BiLSTM layers
with CAMeLBERT and ALBERT models independently, each model paired with its own BiLSTM
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layers and trained on a dataset of user-generated comments. In this setup, the CAMeLBERT-

BiLSTM model achieved the highest performance, with an accuracy of 87.67% and an F1=-score
of 87.76%, while the ALBERT-BiLSTM model achieved an accuracy of 86.51% and an F1-score of

86.69%.

Hassan et al. [80] explored BERT-based models for multi-dialect ADI. The models were

applied to three tasks: dialect identification, sentiment analysis, and topic classification. The

datasets consist of over 63k tweets across six dialects, comparing the performance of DarijaBERT,
MARBERT, and DziriBERT against traditional methods. Their results revealed DziriBERT as

the top performer, achieving a 87% accuracy in ADI.

Table 3.1 summarizes the key characteristics of the related works discussed above.

Work Data Model Class Accuracy % F1-score %
Traditional Machine Learning Approaches
Voting mechanism
Aliwy et al. (Naive Bayes,
NADI 2020 L . 21 — 20.05
[23] Logistic Regression,
and Decision Trees)
Subtask 1.1 21 23.24 12.99
Ali et al. [126] ADT Subtask 12 oNB 21 37.16 18.72
2021
Subtask 2.1 100 3.38 3.51
Subtask 2.2 100 4.8 4.55
.. 18 (Train
Jauhiainen NADI . 19.63 on Test-A
ADI Naive Bayes & Test-A) —
et al. [96] 2022 10.58 on Test-B
k (Test-B)
Multinomial Naive
Mishra et al. Subtask 1 26 66.31 66.21
Bayes
[123]
Subtask 2 SVM 21 67.20 57.90
MADAR
Talafha et al. )
Subtask 2 LinearSVC 21 76.20 69.86
[148]
. MNB with
Baimukan et
Subtask 1 Aggregated 25 77.12 74.83
al. [42] .
Classifiers
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Work Data Model Class Accuracy % F1l-score %
El-Haj et al. Lo 1 76 on test data
Arabic Dialects Dataset SVM 5 —
[70] 66 on unseen data
Deep Learning Approaches (Non-Transformer)
Issa et al. NADI
Subtask 1.2 LSTM 21 41.36 on Dev set 22.10 on Dev set
[93] 2021
. 18 (Train
AlShenaifi et NADI . 39.9 on Test-A 22.4 on Test-A
ADI BiLSTM & Test-A)
al. [31] 2022 23.7 on Test-B 9.3 on Test-B
k (Test-B)
Hierarchical
De Francony . .
Subtask 1 BiLSTM + Voting 26 63.02
et al. [66] E b
MADAR nsemble
Ensemble
Fares et al. CharTFIDF +
Subtask 1 26 65.75 65.35
[78] WordTFIDF + NN &
MNB
Transformer-Based Approaches (Transfer Learning)
Subtask 1.1 21 33.84 214
El Mekki ot MARBERT-based
exxie Subtask 1.2 Multi-Task Learning 21 50.30 30.64
al. [72]
model
Subtask 2.1 100 5.72 5.35
Subtask 2.2 100 7.92 7.32
NADI Subtask 1.1 21 35.72 22.38
AlKhamissi 2021 Ensemble of
amissi Subtask 1.2 Different MARBERT 21 51.66 32.26
et al. [24] .
Configurations
Subtask 2.1 100 6.66 6.43
Subtask 2.2 100 9.46 8.60
Humayun et Ensemble
Subtask 1.2 21 53.96 on Dev set —
al. [90] MARBERT
) 18 (Train
AlHassan et Multi-task AraBERT 32.63 on Test-A
ADI & Test-A) —
al. [40] Model 15.61 on Test-B
k (Test-B)

1 Available on http://www.lancaster.ac.uk/staff/elhaj/corpora.htm

NADI
2022
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Work Data Model Class Accuracy % F1-score %
i 51.66 on Test-A 34.87 on Test-A
Bayrak et al. MARBERTv2 18 (Train
ADI & Test-A) 33.89 on Test-B 17.19 on Test-B
47
[47] k (Test-B)
49.18 on Test-A 31.66 on Test-A
MARBERT
35.14 on Test-B 17.51 on Test-B
Fine-tuned 18 (Train  32.18 on Test-A 18.62 on Test-A
Shammary
ADI MARBERT & Test-A) 33.38 on Test-B 16.68 on Test-B
et al. [138]
k (Test-B)
Adapter-based
. 11.52 on Test-A 4.85 on Test-A
MARBERT with
. 33.92 on Test-B 17.67 on Test-B
data augmentation
Nwesri et al.
ADI MARBERTv2 18 82.86 82.87
[127]
Adel et al. NADI MARBERT
ADI 18 83.67 83.73
[14] 2023 Ensemble CNN
Elkaref et al.
ADI NLPeople 18 87.22 87.27
[75]
.. 18 (Train)
Kanjirangat Un-Cross+
¢ al. [102] MLDID Post. FiltN 8 (Dev) 71.88 43.27
etal NADI oSk k (Test)
2024
SIMMT + Ensemble .
. 18 (Train)
Karoui et al. (ArBERT,
MLDID 8 (Dev) — 50.57
[103] MARBERT, &
k (Test)
MARBERTV2)
ArBERT-based 98.37 87.98
MADAR-2 2
CAMeL-based 98.21 86.67
MDA-BERT-based 98.25 86.67
ArBERT-based 91.09 91.10
MADAR-6 6
CAMelL-based 91.20 91.21
MDA-BERT-based 91.20 91.21
ArBERT-based 79.28 75.75
Abdelmajeed
MADAR-9 9
et al. [124] CAMeL-based 79.60 75.42
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Work Data Model Class Accuracy % F1l-score %
MDA-BERT-based 78.60 75.42
ArBERT-based 57.57 57.45
MADAR-26 26
CAMeL-based 61.66 61.59
MDA-BERT-based 58.71 58.71
ArBERT-based 41.26 23.29
NADI 2020 26
CAMeL-based 42.31 25.94
MDA-BERT-based 42.32 24.81
ArBERT-based 60.73 60.47
QADI 26
CAMeL-based 65.81 65.70
MDA-BERT-based 67.16 66.85
Character-level
Elaraby et al. .
[74] MADAR Subtask 1 Convolutional 26 72.6 61.54
BiLSTM
o CAMeLBERT with 87.67 87.76
Alsuwaylimi BiLSTM 4 - .
(33] Arabic Dialect Dataset
ALBERT with
. 86.51 86.69
BiLSTM
DarijaBERT 83 82
Hassan et al. .
MSDA &Newspaper articles 6
[80] MARBERT 81 84
DziriBERT 87 85

Table 3.1: Summary of Dialect identification studies.

3.2 Related Work in Sentiment Analysis

Sentiment analysis is a crucial task in NLP, aimed at discerning the emotional tone behind

textual content. In the case of Arabic, the task becomes particularly challenging due to several

unique factors. The rich morphological structure of the language, the diversity of dialects, and

the frequent occurrence of code-switching all contribute to increased complexity. Moreover, the
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limited availability of large-scale, annotated datasets further complicates the development of
robust sentiment analysis systems.

Over time, research in Arabic sentiment analysis has evolved across three methodological
paradigms. Early studies relied on traditional machine learning techniques, using handcrafted
features and lexicon-based approaches to capture sentiment cues. With the advent of DL, models
like convolutional and recurrent neural networks enabled automatic extraction of complex
patterns from text. More recently, transformer-based approaches have emerged as a dominant
paradigm, leveraging pre-trained language models to better capture contextual nuances and
improve classification performance.

The following sections discuss key contributions within these paradigms, highlighting their
methodologies, strengths, and limitations while tracing the field’s progression toward more

sophisticated and effective solutions for Arabic sentiment analysis.

3.2.1 Traditional Machine Learning Approaches

In their study on Arabic sentiment analysis, Hadwan et al. [84] investigated user reviews of
governmental mobile applications in Saudi Arabia, to enhance service quality. The authors
constructed a dataset of 8,000 Arabic user reviews sourced from Google Play, the App Store,
and social media platforms. They applied machine learning techniques, including SVM and
K-Nearest Neighbors (KNN), to classify sentiments (positive, negative, neutral). Among the
evaluated methods, KNN achieved the highest accuracy of 78.46% and an F1-score of 78.96%,
outperforming other classifiers. This work highlights the effectiveness of traditional ML methods
in low-resource settings, especially where interpretability and computational efficiency are
prioritized.

Building on this, Alsemaree et al. [29] conducted a study on Arabic sentiment analysis to
understand customer opinions of coffee products using social media data. The authors collected
10,646 Arabic tweets referencing major coffee brands (e.g., Starbucks, Dunkin Coffee), manually
annotating them into 3,107 positive, 2,945 negative, and 3,064 neutral reviews. They feature
extraction used TF-IDF and Minimum Redundancy Maximum Relevance (MRMR) to address
Arabic’s morphological complexity. They evaluated four classifiers KNN, SVM, decision tree, and
random forest, and proposed a meta-ensemble model combining these via hard and soft voting.
The hard-voting ensemble achieved the highest accuracy (95.95%), outperforming individual
models (SVM: 95%, RF: 94%, DT: 95%, KNN: 74%). This work leverages ensemble learning to
enhance prediction robustness.

Further within the exploration of traditional ML methods, Almuhaya et al. [25] conducted
a comparative study on Arabic sentiment Analysis using ML to address imbalanced social
media data. The authors used the SS2030 dataset [36], and evaluated the impact of sampling
techniques on model performance. They employed five ML algorithms SVM, Logistic Regression,

Random Forest, MNB, and KNN alongside preprocessing (text cleaning, normalization) and
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TF-IDF for feature extraction. To mitigate class imbalance, Synthetic Minority Over-sampling
Technique (SMOTE) and Random Under-Sampling (RU-S) were applied. Results demonstrated
that SVM outperformed other models, achieving 85% accuracy without sampling and 84% with
SMOTE/RU-S, while KNN performed poorly (65% accuracy).

3.2.2 Deep Learning Approaches (Non-Transformer)

Transitioning to more advanced methodologies, Berrimi et al. [51] proposed a novel attention-
based deep learning architecture for Arabic sentiment analysis, combining Bidirectional GRU
with an additive attention mechanism. The model leverages FastText embeddings and learnable
embeddings to address morphological complexity and dialectal diversity in Arabic. Evaluated on
three large-scale datasets LABR [35], HARD [77], and BRAD [76], the model achieved state-of-
the-art accuracies of 95.73%, 96.29%, and 95.65%, respectively, and the corresponding F1-scores
of 97.13%, 96.28%, 96.15%, outperforming baseline models (BiGRU/BiLSTM). Key innovations
include the attention mechanism’s ability to focus on sentiment-relevant textual segments and
the integration of bidirectional layers for contextual understanding. The authors further demon-
strated the model’s language- and task-independence by achieving competitive results on Russian
and English sentiment analysis, English hate speech detection, and Arabic news categorization,
underscoring its generalizability. Statistical validation (t-tests) confirmed significant performance
improvements over existing methods.

Continuing the exploration of deep learning, Alwehaibi et al. [34] employed deep learning
models to address the challenges posed by MSA and dialectal variations using the AraSenTi
dataset, a corpus of 15,945 labeled tweets [16]. They extracted features via FastText word
embeddings. Three models were evaluated: an LSTM for sequential word-level context, a CNN
for character-level patterns, and an ensemble model combining both (LSTM-CNN). The ensemble
model outperformed others, achieving 96.7% accuracy (mean of 10-fold cross-validation).

Further enhancing deep learning approaches, Ahmad et al. [15] proposed a hybrid deep
learning model combining CNN and LSTM for sentiment analysis. The study utilized the Arabic
Reviews dataset. Preprocessing involved text normalization, stopword removal, and padding
to unify sentence lengths. The model architecture included an embedding layer, a CNN layer,
an LSTM layer, and dense layers with a sigmoid output for binary classification. The model
achieved 95% accuracy, and F1-score, outperforming BiLSTM (91.99%), standalone CNN (92.8%),
and SVM-based approaches (84%). The hybrid model’s strength likely stemmed from leveraging
CNN'’s local feature extraction and LSTM’s sequential context retention, demonstrating the

potential of combining multiple neural architectures.

3.2.3 Transformer-Based Approaches (Transfer Learning)

Moving to the state-of-the-art in sentiment analysis, Chouikhi et al. [62] addressed challenges in

Arabic sentiment analysis by proposing a BERT-based model with an Arabic tokenizer. Their
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approach integrated an Arabic BERT tokenizer and a medium-sized Arabic BERT model (8
encoder layers) with hyperparameter tuning via random search. The model concatenated hidden
layers, applied dropout, and used Softmax for classification. Experiments on five datasets ASTD
[125], HARD, LABR, AJGT [27], and ArSenTD-Lev [45], showed superior performance, achieving
96.11% accuracy on AJGT and 75% on ArSenTD-Lev, 87% on LABR, outperforming benchmarks
like AraBERT and Arabic BERT, on ASTD, and HARD, it achieved 91%, and 95%, respectively,
lagging just a bit behind AraBERT. Key improvements stemmed from enhanced tokenization
and optimized architecture. However, despite its strong performance, this approach fell short on
LABR and HARD compared to the attention-based BiGRU model of Berrimi et al. [51], which
achieved 95.73% and 96.29% accuracy on these datasets, respectively. The superior results of the
attention mechanism suggest that incorporating explicit weighting of sentiment-relevant textual
segments enhances classification, whereas the BERT-based model primarily benefits from refined
tokenization and pretraining. This contrast underscores the potential for combining contextual

embeddings with attention mechanisms to further optimize sentiment analysis in Arabic.

Building on transformer-based approaches, Mhamed et al. [120] addressed the challenges
posed by Arabic’s morphological complexity and dialectal diversity by developing two CNN-based
models, MC1 and MC2, combined with enhanced text preprocessing. The authors focused on the
ASTD and ATDFS datasets [39], evaluating both binary and multiclass classification tasks. MC1
utilized a CNN with global average pooling, followed by a dense layer, while MC2 integrated CNN
with max pooling followed by a BIGRU and a dense layer. Additionally, both models leveraged
AraBERT to generate word embeddings, enhancing their ability to capture contextual information.
Their models achieved the following results : MC1 attained 90.06% accuracy on ASTD (2-class)
and MC2 reached 73.17% on ASTD (4-class), outperforming prior benchmarks, as for the ATDFS
dataset the MC1 and MC2 achieved 92.63% and 92.96%, respectively. Despite incorporating
AraBERT embeddings, their best model on ASTD with 4 classes (MC2) still fell significantly
short of Chouikhi et al.’s [62] BERT-based approach, which achieved 91% accuracy. This suggests
that fine-tuning a full transformer model, rather than solely using its embeddings, may provide
stronger sentiment representation.

Further advancing transformer-based methods, Alosaimi et al. [28] proposed a novel model,
ArabBert-LSTM, which combines the transformer-based AraBERT model with LSTM to improve
sentiment analysis for Arabic text. The authors addressed the challenges posed by Arabic’s com-
plex morphology and dialectal variations by leveraging AraBERT for contextual word embeddings
and LSTM for sequence modeling and long-term dependencies. The model was evaluated on
four Arabic datasets: SS2030, ASTC 2, Main-AHS [18], and Sub-AHS [18]. The proposed model
outperformed traditional ML and DL models, achieving impressive accuracy rates of 90.40% on
SS2030, 93.76% on ASTC, 92.61% on Main-AHS, and 97.12% on Sub-AHS. The F1-scores were
equally strong, with 90.41%, 93.76%, 92.61%, and 97.10% for the respective datasets. Compared

2Available at https://www.kaggle.com/datasets/mksaad/arabic-sentiment-twitter-corpus
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to Almuhaya et al. [25], who applied traditional ML models to SS2030, ArabBert-LSTM signifi-
cantly outperformed the best-performing SVM model (85%) by a notable margin, highlighting the
advantage of DL and contextual embeddings over TF-IDF-based ML approaches.

In a similar vein, Bakhit et al. [43] proposed a hybrid neural network model combining RNN
and BiLLSTM to analyze customer satisfaction in Arabic text. The authors utilized the Arabic
Reviews Dataset (ARD) 2 as the source domain and evaluated transfer learning on two target
datasets: ASTD and Aracust. They employed AraBERT, a pre-trained Arabic language model,
for word embeddings to capture contextual nuances. The RNN-BiLSTM model achieved 95.75%
accuracy, and 95.72% F1-score on ARD, outperforming standalone RNN (90.97% and 90.91%)
and BiLSTM (92.64% and 92.70%). The model attained 95.44% and 96.19% accuracy on ASTD
and Aracust [26], respectively, along with F1-scores of 96.61% and 94.30% on the same datasets,
demonstrating robustness across different datasets. Comparatively, Chouikhi et al. [62] employed
a BERT-based model with an optimized Arabic tokenizer and hyperparameter tuning, reaching
91% accuracy on ASTD. While their method outperformed several benchmark transformer models,
it still lagged behind Bakhit et al’s RNN-BiLSTM approach, which benefited from sequential
modeling and transfer learning. The accuracy gap suggests that BiILSTM’s ability to capture
long-term dependencies, coupled with AraBERT embeddings, contributes more effectively to
sentiment classification than direct fine-tuning of a transformer model with limited encoder
depth.

Expanding the scope to Moroccan Arabic, Hannani et al. [86] conducted a study on Mo-
roccan Arabic sentiment analysis, evaluating ChatGPT-4, fine-tuned BERT models, FastText
embeddings, and traditional ML classifiers across two datasets, the Moroccan Arabic Twitter
Corpus (MAC) [82] and the Moroccan Arabic YouTube Corpus (MYC) [97]. ChatGPT-4 performed
poorly, while fine-tuned BERT models, particularly DarijaBERT, achieved strong results on
MAC, reaching 90% accuracy and an 87.7% F1-score. When trained and evaluated on MYC,
DarijaBERT-Arabizi achieved the highest accuracy and F1-score at 85.6%. FastText embeddings
demonstrated strong performance on MAC (83.7% accuracy) but declined to 79% on MYC. Tradi-
tional ML classifiers, such as Naive Bayes and SVM, showed moderate performance on MAC but
struggled on MYC.

Further exploring Moroccan Arabic sentiment analysis,the study by Matrane et al. [115]
investigates sentiment analysis challenges for the Moroccan Arabic dialect, focusing on the
limitations of dialect-specific preprocessing methods and their impact on natural language
processing tasks. The research evaluates preprocessing techniques, such as stemming and feature
extraction, using two transfer learning approaches — feature extraction with deep learning
models and fine-tuning pre-trained models — across four datasets: the Moroccan Sentiment
Analysis Corpus (MSAC) 4, Moroccan Sentiment Twitter Dataset (MSTD) [121], a Facebook
dataset (FB), and the MAC dataset. The DarijaBERT model emerged as the top performer on

3Available at https://www.kaggle.com/datasets/abedkhooli/arabic-100k-reviews
4Available at https:/github.com/ososs/Arabic-Sentiment-Analysis-corpus
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the FB and MSTD datasets, achieving a 93.37% accuracy with an 88.55% F1-score on FB, and
a 61.26% accuracy paired with a 53.51% F1-score on MSTD. In contrast, the QARIB model
delivered the best outcomes for the MAC and MSAC datasets, recording accuracies of 89.96% and
90.38% and corresponding F1-scores of 88.04% and 90.38%, respectively. On the MAC dataset,
Hannani et al. [86] observed that the fine-tuned BERT model, DarijaBERT, reached very similar
performance levels, achieving an accuracy of 90% and an F1-score of 87.7%. These comparable
results suggest that both approaches are highly effective for sentiment analysis in Moroccan
Arabic, with only minor variations likely attributable to differences in preprocessing and model

fine-tuning strategies.

Shifting the focus towards generative models, Salma Khaled et al. [105], investigated the
performance of generative Large Language Models (LLMs) enhanced by Retrieval-Augmented
Generation (RAG) architecture for Arabic Sentiment Analysis across three benchmark datasets:
ASAD [21], ArSarcasm-v2 [12], and SemEval [134]. The authors’ RAG model initially scored 59%,
57%, and 64% F1-scores respectively. Challenges such as dataset imbalances and misclassified
neutral labels were identified, prompting the removal of the neutral class, which significantly
boosted the RAG model’s performance to 76% (ASAD), 75% (ArSarcasm-v2), and 82% (SemEval)

F1l-scores.

In their study on Arabic sarcasm detection and sentiment analysis, using ArSarcasm-v2
dataset, Alharbi et al. [20] proposed a multi-task learning approach combining Static Word
Embeddings (SWE) and contextualized embeddings (MARBERT) to improve performance on both
tasks. The system utilized Ara2Vec and Character-level Embeddings (CE) for SWE, alongside
MARBERT, to capture semantic and contextual nuances. The proposed MTL-CNN-LSTM ar-
chitecture concatenated these embeddings and achieved competitive performance in sentiment
analysis, with an F-PN of 70.1%.

Hengle et al. [88] proposed a hybrid model for Arabic sarcasm detection and sentiment identi-
fication, combining contextualized representations from AraBERT with SWE trained on Arabic
social media corpora. The proposed system achieved an F-PN score of 70.73%, outperforming
baseline models, including standalone AraBERT. Both of this study and Alharbi et al. [20] lever-
age a combination of static and contextual embeddings, yet they differ in their embedding choices
and architectures. Alharbi et al. [20] employ a multi-task learning CNN-LSTM framework that
concatenates Ara2Vec and CE with contextualized embeddings from MARBERT, achieving an
F-PN of 70.1%. In contrast, Hengle et al. integrate contextualized representations from AraBERT
with SWE derived from Arabic social media corpora, resulting in a slightly higher F-PN score
of 70.73%. This slight performance gap suggests that the specific choice of contextual model
(AraBERT versus MARBERT) may enhance the model’s ability to capture the subtle linguistic

features associated with sentiment.

Expanding on ensemble techniques, Song et al. [143] presented a deep ensemble-based

method for sentiment detection, using ArSarcasm-v2 dataset. The system leverages fine-tuned
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pre-trained language models, including XLM-R and AraBERT, combined with task-adaptive
pre-training (TAPT) and knowledge distillation to enhance performance. A stacking mechanism,
using SVM, was employed to aggregate predictions from multiple models. The system achieved
competitive results, an F-PN of 73.92%. Compared to Hengle et al. [88], whose hybrid approach
fused AraBERT-based contextualized embeddings with SWE to achieve an F-PN of 70.73%,
Song et al. achieved a higher F-PN of 73.92%. This performance boost underscores the advan-
tage of leveraging diverse model architectures and advanced ensemble techniques over a more
straightforward hybrid embedding approach.

In a complementary approach, E1 Mahdaouy et al. [71] proposed a deep multi-task learning
model for sarcasm detection and sentiment analysis in Arabic, leveraging the MARBERT lan-
guage model and a multi-task attention interaction module. The model integrates task-specific
attention layers and a Sigmoid interaction layer to enable knowledge sharing between sarcasm
detection and sentiment analysis tasks. The proposed system achieved competitive results, with
an F-PN score of 74.80% on sentiment analysis. Both of this approache and Song et al.’s [143]
one aim to enhance sentiment detection on the ArSarcasm-v2 dataset and yielded competitive
results, this approach achieved a slightly higher F-PN score (74.80%) compared to Song et al.
(73.92%). This marginal improvement suggests that the incorporation of multi-task learning
with task-specific attention may better capture sentiment nuances than an ensemble approach
relying on stacking multiple models. The difference, while small, points to the potential benefits
of shared representations and task-specific attention mechanisms in enhancing performance on
multi-task models.

Lastly, Kaseb et al. [104] introduced active learning, focusing on sentiment analysis using
the ArSarcasm-v2 dataset. Active learning, which involves selectively labeling data to maximize
model performance, was applied to address the scarcity of labeled Arabic datasets. The study
utilized the SAIDS (Sentiment Analysis Informed of Dialect and Sarcasm) model, that predicts
sarcasm and dialect and then uses them to predict the sentiment of the text, multiple active
learning experiments were conducted with varying query strategies, the results demonstrated
that active learning significantly reduces the amount of labeled data required for training while
maintaining high performance. Specifically, the study achieved a state-of-the-art F1-score of
76.71% for sentiment analysis using 95% of the dataset, highlighting that some data points can
degrade performance. The paper concludes that active learning is a powerful tool, especially
given the limited availability of labeled Arabic datasets.

Table 3.2 summarizes the key characteristics of the related works discussed above.

Work Data Model Class Accuracy % F1-score %

Traditional Machine Learning Approaches
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Work Data Model Class Accuracy % F1-score %
Hadwan et . .
Collected 8k Arabic user reviews KNN 3 78.46 78.96
al. [84]
Alsemaree et . Ensemble (Hard
Collected 10,646 Arabic tweets . 95.95 —
al. [29] votig)
Almuhaya et
552030 SVM 2 85 85
al. [25]
Deep Learning Approaches (Non-Transformer)
LABR 2 95.73 97.13
Berrimi et al. BiGRU with
[61] HARD Additive attention 2 96.29 96.28
BRAD 2 95.65 96.15
Alwehaibi et . Ensemble
AraSenTi 3 96.7 —
al. [34] LSTM-CNN
Ahmad et al. . . .
[15] Arabic Reviews dataset Hybrid LSTM-CNN 2 95 95
Transformer-Based Approaches (Transfer Learning)
ASTD 4 91 —
o HARD BERT-based model 3 95 —
Chouikhi et
1 [62] with Arabic
al.
LABR tokenizer 2 87 —
AJGT 2 96.11 —
ArSenTD-Lev 3 75 —
MC1 90.06 —
2
ASTD MC2 89.49 —
Mhamed et
al. [120] MC1 . 72.43 —
MC2 73.17 —
MC1 92.63 —
ATDFS 2
MC2 92.96 —
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Work Data Model Class Accuracy % F1l-score %
SS2030 2 90.40 90.41
Alosaimi et
osaimi € ASTC ArabBert-LSTM 2 93.76 93.76
al. [28]
Main-AHS 2 92.61 92.61
Sub-AHS 2 97.12 97.10
ARD 95.75 95.72
Bakhit et al. AraBERT-RNN-
[43] ASTD BiLSTM 4 95.44 96.61
Aracust 2 96.19 94.30
Hannani et MAC DarijaBERT 3 90 87.7
al. [86]
MYC DarijaBERT-Arabizi 2 85.6 85.6
MSAC QARIB 2 90.38 90.38
Matrane et pgTD DarijaBERT 4 61.26 53.51
al. [115]
FB DarijaBERT 2 93.37 88.55
MAC QARIB 3 89.96 88.04
2 — 76
ASAD
3 — 59
Salma
Khaled et al. RAG Model 2 _ 75
[105] ArSarcasm-v2
3 — 57
SemEval 2 — 82
3 — 64
Alharbi et al.
120 ArSarcasm-v2 MTL-CNN-LSTM 3 — F-PN 70.1
Hengle et al. AraBERT + F-PN 70.73
ArSarcasm-v2 . 3 68.40
[88] CNN-BiLSTM Fl-macro 62.32
Song et al. XLM-R + AraBERT
ArSarcasm-v2 3 — F-PN 73.92
[143] + SVM
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Work Data Model Class Accuracy % F1-score %
El1 Mahdaouy

ArSarcasm-v2 MTL ATTINTER 3 — F-PN 74.80
et al. [71]
Kaseb et al.

ArSarcasm-v2 SAIDS 3 — 76.71
[104]

Table 3.2: Summary of Sentiment Analysis studies.

3.3 Comparative Analysis

The diverse work in Arabic Dialects highlights a clear evolution in methodology, from traditional
ML relying on engineered features techniques to DL approaches that learn representations
automatically, and finally to transformer-based models that leverage large-scale pre-training and
transfer learning. Below, we compare these paradigms in terms of their strengths, limitations,

and performance characteristics as observed in recent shared tasks and individual studies.

3.3.1 Traditional ML vs. Deep Learning (Non-Transformer)

Traditional ML techniques have been widely applied to both ADI and sentiment analysis. These
methods typically rely on manually engineered features, such as n-grams, TF-IDF, and lexical
resources, combined with classifiers like Naive Bayes, SVM, and Random Forest. For example, in
ADI, studies like those by Aliwy et al. [23] and Ali et al. [126] demonstrated the effectiveness
of statistical classifiers, achieving moderate F1-scores (e.g., 20.05% and 18.72%, respectively)
on shared task datasets. Similarly, in sentiment analysis, Hadwan et al. [84] and Alsemaree et
al. [29] showed that traditional ML models, such as KNN and ensemble methods, could achieve
competitive accuracies (e.g., 78.46% and 95.95%, respectively).

The primary strengths of traditional ML approaches lie in their computational efficiency,
interpretability, and ability to perform well with limited data. For instance, Mishra et al. [123]
demonstrated that an MNB classifier, combined with word and character-level n-grams, achieved
an accuracy of 66.31% and an F1-score of 66.21% on the MADAR-26 dataset. This highlights the
effectiveness of traditional ML in low-resource settings, where annotated data is scarce. Similarly,
Talafha et al. [148] showed that a LinearSVC classifier, when combined with a dialect weight-
ing scheme, achieved an accuracy of 76.20% and an F1-score of 69.86%, further underscoring
the potential of traditional ML methods when paired with well-designed feature engineering
techniques.

However, these methods are inherently constrained by the quality of handcrafted features,
which often fail to capture the deep morphological, syntactic, and contextual nuances of Arabic

dialects and sentiment expressions. For example, while traditional ML models perform well on
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high-level tasks, they struggle with fine-grained dialect identification and sentiment analysis,
particularly in the presence of dialectal variations, code-switching, and nuanced expressions. This
limitation is evident in the NADI shared tasks, where traditional ML models often face challenges
in achieving high performance, especially in fine-grained classification tasks. For instance, in
the NADI 2021 shared task, Ali et al. [126] reported F1-scores of 12.99% and 18.72% for country-
level classification, but performance dropped significantly for province-level classification, with
F1-scores of 3.51% and 4.55%. This suggests that traditional ML methods, while effective for
broader tasks, struggle with the complexity of fine-grained dialect identification.

This shortcoming illustrates a key bottleneck of traditional ML: its dependence on shallow
lexical features rather than deep semantic or syntactic structures. Consequently, these approaches
tend to generalize poorly when faced with unseen dialectal variations or informal language,
limiting their adaptability and robustness in real-world applications.

In contrast, deep learning (non-transformer) approaches, such as CNNs, LSTMs, and BiL-
STMs, automate the feature extraction process, enabling models to learn hierarchical represen-
tations directly from raw text. For example, in ADI, Issa et al. [93] and AlShenaifi et al. [31]
demonstrated that LSTM and BiLSTM models outperform traditional ML methods, achieving
F1-scores of 22.10% and 22.4%, respectively. Similarly, in sentiment analysis, Berrimi et al. [51]
and Alwehaibi et al. [34] showed that attention-based BiGRU and hybrid LSTM-CNN models
achieve state-of-the-art accuracies of 96.29% and 96.7%, respectively.

The key advantage of deep learning lies in its ability to capture complex patterns and long-
range dependencies, which are crucial for tasks like ADI and sentiment analysis. However, these
models require larger datasets and more computational resources compared to traditional ML
methods. Additionally, while they offer superior performance, their "black-box" nature reduces

interpretability, making it harder to understand the decision-making process.

3.3.2 Traditional DL vs. Transformer (Transfer Learning)

While traditional deep learning models excel at capturing sequential and local patterns, they
often struggle with global contextual understanding, especially in tasks involving long-range
dependencies or fine-grained distinctions. Transformer-based models address these limitations
by leveraging self-attention mechanisms, which enable them to model relationships between all
tokens in a sequence effectively. This capability is particularly beneficial for Arabic, given its rich
morphology, dialectal diversity, and contextual nuances.

In ADI, transformer-based models like MARBERT and AraBERT have set new benchmarks.
For example, E1 Mekki et al. [72] and AlKhamissi et al. [24] demonstrated that fine-tuning
MARBERT with task-specific adaptations (e.g., multi-task learning and vertical attention) sig-
nificantly improves performance, achieving F1-scores of 30.64% and 32.26% on country-level
classification tasks. Similarly, in sentiment analysis, transformer-based models like AraBERT

and ArabBert-LSTM have demonstrated strong performance on benchmark datasets. For exam-
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ple, Chouikhi et al. [62], and Alosaimi et al. [28] reported that their BERT-based model achieved
state-of-the-art results highlighting the ability of transformer-based models to capture contextual
nuances and long-range dependencies, which are critical for NLP in Arabic.

However, it is important to note that traditional deep learning models remain highly competi-
tive in many scenarios. For instance, Berrimi et al. [51] demonstrated that an attention-based
BiGRU model achieved state-of-the-art accuracies of 95.73% and 96.29% on the LABR and HARD
datasets, respectively, outperforming some transformer-based models such as Chouikhi et al. [62].
This suggest that traditional deep learning models, particularly when enhanced with attention
mechanisms or hybrid architectures, can still achieve competitive results, especially in tasks
where local patterns and sequential dependencies are more important than global context.

The primary strength of transformer-based models lies in their ability to leverage large-scale
pre-training and transfer learning. By pre-training on massive corpora, these models develop
robust contextual embeddings that can be fine-tuned for specific tasks with relatively small
datasets. This approach not only enhances performance but also reduces the dependency on
large annotated datasets, which are often scarce for Arabic dialects. However, transformer-
based models come with significant computational costs and require careful hyperparameter
tuning. Their complexity also makes them less interpretable compared to traditional ML and
non-transformer deep learning models. Despite these challenges, their superior performance
across various benchmarks underscores their effectiveness in handling the linguistic intricacies
of Arabic.

3.4 From Limitations to Direction: Gaps in Current Approaches

and Motivations for This Research

The comprehensive review of existing works in tasks such as ADI and sentiment analysis
highlights the broader challenges faced by low-resource languages, particularly Arabic dialects.
These tasks serve as illustrative examples of the difficulties posed by data scarcity, dialectal
diversity, and the need for innovative solutions to address the unique linguistic characteristics of
under-resourced dialects. A key opportunity lies in leveraging the wealth of resources available
in high-resource settings, such as MSA, to bridge the gap for low-resource dialects like Algerian
Arabic. By utilizing pre-trained models, transfer learning techniques, and leveraging the wealth
of data available in MSA, this thesis aims to mitigate data scarcity and improve performance in
under-resourced settings. This section synthesizes the insights gained from the literature review

and outlines how they have guided the research trajectory of this thesis.

3.4.1 Identifying Gaps and Challenges

The literature highlights several persistent challenges that remain unresolved in low-resource

language processing, particularly for Arabic dialects:
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- Data Scarcity: Annotated datasets for Arabic dialects are limited, especially for fine-
grained tasks such as province-level ADI or nuanced sentiment classification. This scarcity
hinders the development of robust models, particularly for low-resource dialects like Alge-

rian Arabic.

- Dialectal Complexity: The rich morphological and lexical diversity of Arabic dialects,
coupled with frequent code-switching, poses significant challenges for modeling and gener-
alization. Traditional and deep learning models often struggle to capture these complexities

effectively.

The progression from traditional ML to DL and transformer-based approaches reflects a
shift toward models that are increasingly capable of handling the complexities of Arabic dialects
and sentiment analysis. Traditional ML methods provide a solid baseline with lower computa-
tional demands and better interpretability, making them suitable for low-resource scenarios.
Deep learning models offer enhanced performance through automated feature extraction and
sequential modeling, though at the cost of increased computational requirements and reduced
interpretability. Transformer-based models represent the state-of-the-art, leveraging global
context and transfer learning to achieve superior performance, though they come with higher
computational complexity and resource demands.

This evolution highlights the trade-offs between simplicity, performance, and resource require-
ments. Our research focuses on bridging these gaps, by developing more efficient transformer
architectures, transferring knowledge from high-resource to low-resource settings to address

data scarcity and improve performance in under-resourced dialects and tasks.

3.5 Conclusion

The literature review has provided a solid foundation for identifying the key challenges and
opportunities in low-resource language processing, with a particular focus on Arabic dialects. By
addressing these challenges through innovative methodologies and leveraging the strengths of
existing approaches, this thesis aims to bridge the gap between high-resource and low-resource
settings. The proposed contributions not only address the limitations of current models but also
pave the way for future research in this dynamic and evolving field. This work has broader
implications for the field of NLP, particularly in the context of multilingual and low-resource
settings. The methodologies developed here can be adapted to other languages and tasks, pro-
viding a framework for leveraging high-resource data and models to support under-resourced
languages worldwide. By addressing the challenges of data scarcity, dialectal diversity, this thesis
contributes to the ongoing effort to make NLP technologies more inclusive and accessible, ensur-
ing that the benefits of Al and machine learning are available to all languages and communities.
To advance this vision, we put forward the assumption that linguistic knowledge acquired from

MSA, supported by abundant annotated corpora and robust pretrained models, can be leveraged
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to improve the understanding and modeling of dialectal Arabic, particularly in low-resource
settings such as Algerian Arabic. This assumption guides the design and evaluation of the ap-
proaches developed throughout the thesis, beginning with the next chapter, which presents a
set of preliminary experiments exploring traditional machine learning and transfer learning
techniques for dialectal NLP. These early explorations serve as feasibility studies and establish
critical baselines that inform the development of more advanced hybrid models in the subsequent

chapters.
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CHAPTER

EXPLORATORY ANALYSIS OF TRADITIONAL MACHINE LEARNING
AND TRANSFER LEARNING FOR DIALECTAL NLP

his chapter investigates how well models can handle dialectal Arabic under low-resource

conditions, starting from a scenario with no prior linguistic knowledge. The goal is to

evaluate whether traditional machine learning models, relying solely on surface-level
features, are capable of capturing meaningful patterns in dialectal text. If models with no
exposure to linguistic structure can already learn something useful, this raises the question: can
we achieve even better results by leveraging knowledge from a closely related, high-resource
variety like MSA? To answer this, the chapter is structured in two-step exploration, it uses
two case studies: a disaster-related tweet classification task and a dialect classification task
using MSA-based transfer learning. The development of NLP models for Arabic dialects presents
specific challenges, including data scarcity, dialectal diversity, and the absence of standardized
orthography. While deep learning models have achieved strong results in high-resource languages,
they often require substantial annotated data, which is typically unavailable for dialects like

Algerian Arabic. Consequently, alternative strategies must be considered.

The first case study investigates the effectiveness of traditional machine learning models
for dialectal classification without relying on any pretrained linguistic features. These models,
trained on handcrafted statistical features, are evaluated on a dataset of disaster-related tweets
in dialectal Arabic. The goal is to determine whether meaningful linguistic patterns can be
captured without any prior knowledge, and whether such simple models are sufficient for tasks

involving noisy, real-world dialectal data.

The second part of the chapter builds on these findings by examining whether pretrained
models trained on MSA can generalize to dialectal inputs. Specifically, we test the performance of

MSA-based transformer models on a dialect classification task, allowing us to assess the extent
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to which linguistic knowledge from a closely related variety can be transferred to improve model
performance in a low-resource setting.

Together, these experiments establish essential performance baselines and provide insight
into the capabilities and limitations of both knowledge-free and transfer-based approaches. These
insights lay the groundwork for the next phase of our research: leveraging MSA as a linguistic

bridge to improve low-resource NLP applications.

Publication Note

The work presented in this chapter has produced two peer-reviewed international conference

publications:

e PartI (4.1): M. Chabane, F. Harrag, and K. Shaalan, “Beyond Deep Learning: A Two-Stage
Approach to Classifying Disaster Events and Needs,” 2024 International Conference on

Information and Communication Technologies for Disaster Management (ICT-DM), pp. 1-7,
2024, doi: 10.1109/ICT-DM62768.2024.10798928.

¢ Part IT (4.2): M. Chabane, F. Harrag, K. Shaalan, and S. Hamdi, “Bridging the Gap:
Transfer Learning for Dialect Identification in Low-Resource Settings A Case Study

with Algerian Arabic,” 2025 International Symposium on iNnovative Informatics of Biskra
(ISNIB), Biskra, Algeria, 2025, pp. 1-6, doi: 10.1109/ISNIB64820.2025.10982839.

4.1 Disaster Classification as a Case Study

In recent years, the world has been a witness to numerous natural and man-made disasters,
ranging from floods and pandemics to bombings and explosions. These crises pose a significant
threat to human life, infrastructure, and often disrupt standard communication at the very
moment where there is an elevated demand and need for information yet limited supply, within
these challenges social media platforms emerge as a lifelines offering real-time updates regarding
shelter, help and food, safety measures, as well as reporting damage to life and infrastructure,
communicating information about the injured and seek help, a way for the striving people to
reach out to loved ones in and out of the disaster area, and empowers those in need to send out
rescue calls.

An illustration of the life-saving potential of social media unfolded during the deadly earth-
quake that struck Turkey and Syria, on February 6, 2023, In the aftermath of the disaster, victims
trapped under debris turned to social media in a desperate plea for help, sending out tweets with
their their precise location, sharing them with users with large followers [142], and despite the
potentially life-saving information embedded within these tweets, a significant challenge looms

large: The vast amount of unstructured social media, data generated during disasters on one
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hand and the lack of efficient systems capable of processing this data on the other, leads to vital
information going unnoticed amidst the digital noise.

Our research endeavors to develop robust methodologies for extracting valuable information
from disaster-related tweets. In particular, we focus on two key tasks: identifying the nature of
the disaster and extracting humanitarian needs.

Identifying the nature of the disaster is needed especially in scenarios where multiple
events occur concurrently, such as the Beirut explosion coinciding with the COVID-19 pandemic.
By accurately classifying the type of disaster discussed in each tweet, we aims to facilitate
targeted response efforts tailored to the specific challenges posed by each crisis. Additionally,
understanding the nature of the disaster helps us see potential overlaps or intersections between
different crises, giving us a clearer picture of what’s going on and helping us make smarter
decisions. Moreover, extracting humanitarian needs helps directing resources and aid to where
they are most urgently required. By analyzing the content of disaster-related tweets, we aim to
identify and categorize various humanitarian concerns, including requests for assistance and
reports of infrastructure damage. This information can be used by emergency responders and aid
organizations, guiding their actions and interventions in a manner that maximizes impact and
effectiveness.

In the face of disaster, the clock starts ticking immediately. The needs of affected commu-
nities—from locating missing people, getting help for the injured ones to securing basic neces-
sities—hold the highest priority and require fast actions. To address this urgency, we explore
traditional machine learning models known for their speed and efficiency. These models offer
advantages such as quick processing and straightforward implementation, making them suitable
for rapid response scenarios. However, as we delve deeper into the complexities of disaster-related
tweets, we also investigate the effectiveness of more advanced techniques, such as BERT [67], a
state-of-the-art natural language processing model. Specifically, through a comparative analysis
of traditional models against the advanced capabilities of BERT. We aim to identify the optimal
approach, one that strikes a critical balance between speed and accuracy, ensuring that our
methodologies are not only fast in their response but also deeply effective in addressing the
urgent needs of disaster response and humanitarian efforts.

In summary, our work aims to unlock the lifesaving potential of social media during disasters.
By developing innovative methods for extracting actionable insights from the digital noise of
social media, allowing for faster responses to urgent needs in the midst of crisis, ultimately saving

lives and alleviating suffering.

4.1.1 Related works

Social Media generally and Twitter specifically has become a go-to tool for emergency communi-
cation in recent years, and Several studies analyzes the microblogs collected during various crisis

events.
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For instance Basu et al. [46], used tweets collected during two major earthquake events. The
data was used to classify tweets into three classes: need-tweets, availability-tweets, and other-
tweets, with supervised classification approaches and unsupervised retrieval methodologies being
employed for this task. The research proposed neural retrieval models that combine word-level
embeddings and character-level embeddings for identifying resource needs and availabilities
during disaster events. The main results indicated that classification approaches performed
better with the availability of good quality training data, while unsupervised retrieval methods
outperformed in scenarios where such data were lacking.

In the study conducted by Alam et al. [17], using publicly available datasets such as CrisisLex!
and CrisisNLP2, they developed an automatic data processing service which takes in text message
e (e.g., a tweet or a Facebook post or an SMS) from various sources and classify it into disaster
type, informativeness of the text to the humanitarian aid and for and humanitarian information
type. The proposed methodology involved developing classification models using both traditional
and deep learning algorithms. The main achieved results indicated that the classification models
outperformed existing publicly available models.

The paper written by Kundu et al. [110] focuses on classifying tweets from disaster scenarios
into predefined action classes using datasets specific to tweets posted during the Nepal earth-
quake, that were obtained from Forum for Information Retrieval Evaluation 2016 (FIRE2016)
and 2017 (FIRE2017). The proposed methodology involves using deep learning techniques, to
classify the tweet data. Results shows that the Deep LSTM model outperformed other methods
in terms of Precision, Recall, and F-Score, especially in the FIRE2017 dataset, which contained
only 2 classes.

Alharbi et al. [19] investigates crisis-related tweets, and focus on two tasks the first is to
classify these tweets as relevant or irrelevant, the second one is to classify those found as relevant
onto one or more information categories such as infrastructure damage, caution, etc. Their
approach is a selection-based domain adaptation technique, which selects the most similar data
points from past crises to train a model for classifying tweets from a new, emerging crisis. This

method outperforms training on all past data.

4.1.2 Data description and preprocessing

The IDRISI-D [145] dataset consists of tweets discussing 26 distinct disaster events, including
floods, earthquakes, fires, and other crises, occurring across regions where both English and
Arabic are spoken. Of particular interest to our study are the Arabic tweets, which capture
a different crises across the Arabic-speaking world. These crises are the following COVID-19,
floods in Kuwait, Jordan and Hafr Al-Batin Dragon storms, the Beirut explosion, and the Cairo

bombing.

Inttps://crisislex.org/
2https://crisisnlp.qcri. org/
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The dataset has a rich array of information, including timestamps and location mentions, and

various features. However, our study focuses primarily on two aspects discussed in the tweet.

- Nature of the disaster The tweets are classified into one of the following disaster types:

flood, explosion, bombing, Covid-19, or storm.

- Humanitarian categories Outlined by various forms of information such as casualties,
injuries, displaced individuals, missing or found people, infrastructure and utility damage
that can help both government agencies and humanitarian organizations in prioritizing

their help and rescue operations.

4.1.2.1 Dataset challenges

- Limited Data Availability & Imbalanced data The dataset comprises only 2,170
examples, and is imbalanced, this occurs when the distribution of classes or labels within
the dataset is skewed i.e. it has an imbalanced distribution of the examples of different
classes.

This issue appears in both of the two aspects we are focusing on, in Figure 4.1 is a visual

representation illustrating the distribution of disaster classes within the dataset.

Bombing

Covid-19

Flood

Explosion

Storm
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Figure 4.1: Distribution of Disaster Type Classes

In Figure 4.2, we present the frequency of transitions between humanitarian categories
within the dataset. Specifically, the plot depicts how often one class of humanitarian
categories transitions to another. The y-axis denotes the current class, while the x-axis

represents the next class.
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Figure 4.2: Frequency of Class Transitions of Humanitarian Categories

- Dialect-Inclusive The dataset includes tweets from various regions across the Arab
world, that leads to the diversity of dialects within these tweets. For instance, tweets may
originate from countries such as Egypt, Kuwait, Oman, and Lebanon, each characterized
by its unique dialect. However, this diversity poses a challenge, as it presents the need for
a robust language processing techniques that can handle variations of dialects, ensuring
accurate analysis and interpretation of the tweets across different regions.

The table presented below highlights examples of tweets from different disasters, each

originating from a specific location and containing dialect-specific expressions.
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Table 4.1: Dialect Variations In Tweets

4.1.2.2 Text Preprocessing

Text extracted from Social media often contains irrelevant informations such as special characters,

user mentions, and URLs. Preprocessing, the process of preparing raw data into a refined format,

is where we address this issue. Therefore, we employed the below cleaning to improve the

structure of the tweets and minimize noise.

Removal of Retweets (RT) We remove the "RT" (indicating retweets) from the tweet text,

as knowing if the tweet has been retweeted or not is not relevant to our tasks.

Removal of User Mentions We removed user mentions, identified by the "@" symbol from
the tweet text.

Removal of URLs Any URLs present in the tweet text are eliminated, as they don’t
significantly contribute additional information, this ensures that they do not influence the

analysis.

Whitespace Cleanup Excess whitespaces within the tweet text are removed to ensure

consistent formatting.

Hashtag Removal: The "#" symbol, commonly used to denote hashtags in social media
posts, is removed from the tweet text but the text is preserved as it often contains relevant

keywords or phrases.
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4.1.3 Methodology

Our research comprises two distinct tasks aimed at analyzing disaster-related tweets from

multiple perspectives.

Classifying the Nature of Disasters

This part consists of classifying the nature of disasters discussed within each tweet, ranging from
floods and the COVID-19 pandemic to bombings, explosions, and storms. Each tweet is exclusively

associated with one disaster type, making the classification process mutually exclusive.

Classifying Humanitarian Categories

In the second task we aim to classify the humanitarian tweet to the specific message it conveys.
This involves identifying different humanitarian concerns, including providing assistance to
affected individuals, issuing cautionary advisories and crisis updates, and assessing damage to
infrastructure and utilities. Unlike the first task, where each tweet is linked to a single disaster
type, in this phase, each tweet can belong to multiple classes. as the tweets often address multiple

aspects of humanitarian assistance and response.

4.1.3.1 Voting Classifier

An ensemble learning technique that combines the predictions of multiple classifiers to make a
final decision. It operates by aggregating the predictions of its classifiers and selects the class
label that have the majority votes, hence the name "voting".

In our approach, we implement soft voting, which takes into account the confidence levels of
each classifier’s predictions. This allows the voting classifier to make more informed decisions by
weighing the certainty of each base classifier to obtain the final prediction results. Below is a

figure 4.3 illustrating the architecture of this classifier.
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Figure 4.3: The architecture of the Voting classifier
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4.1.3.2 mini-BERT

In particular, we used the Asafaya mini-BERT [137], an Arabic pre-trained BERT transformer
model Unlike traditional models that process text sequentially, BERT comprehends the contextual
nuances of language by considering both preceding and subsequent words simultaneously. This
bidirectional approach enables BERT to capture intricate relationships within sentences and

extract more nuanced information.

Figure 4.4 illustrates the architecture of BERT, this architecture allows BERT to leverage

bidirectional context, significantly enhancing its performance in various NLP tasks.

Output
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Figure 4.4: The architecture of BERT

4.14 Experiments and Results

We conducted several experiments to evaluate the proposed methodologies for disaster type

classification and humanitarian needs extraction from social media data.

We trained the traditional machine learning models and we fine-tuned a pre-trained BERT
model for both of our classification tasks. The models were trained on a split of the dataset, with

80% used for training and 20% reserved for testing.

4.1.4.1 Disaster’s Type

The traditional machine learning models, Random Forest, SVM, NB, and XGBoost, on a per-class

basis for disaster type identification. Their performance is detailed in the following table.
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Accuracy per class %

Model Acce. %
Bombing Covid-19 Explosion Flood Storm
RF 100 97.83 100 100 85.71 96.7
SVM 100 100 100 99.64 89.29 97.78
NB 100 78.26 100 87.05 100 93.06
XGB 100 97.83 100 99.28 100 99.42

Table 4.2: Traditional Methods Results

Table 4.2 presents the performance of traditional machine learning models on disaster type
identification. While all models achieved high accuracy for some classes, the results highlight the
potential impact of class imbalance in the data.

Notably, all models achieved perfect accuracy for Bombing and Explosion events. Similarly,
SVM excelled at identifying Covid-19, while Random Forest performed exceptionally well in
Flood classification, and both NB and XGBoost achieved perfect accuracy for Storm events.
These results suggest that the models can effectively classify specific disaster types. However,
performance dropped for other classes, particularly for NB with Covid-19. This variation in
performance across models and disaster classes underscores the limitations of relying on a single
model, especially when dealing with imbalanced data. Here, the concept of an ensemble learning
technique like a voting classifier becomes particularly appealing.

To address the limitations of individual models and potentially mitigate the effects of class im-
balance, we experimented with a Voting Classifier (VoC). This technique combines the predictions
of multiple models, potentially leading to more robust results.

Our exploration involved evaluating various combinations of the four traditional machine
learning models presented earlier (Random Forest, SVM, NB, and XGBoost). Through this
process, we settled on a voting classifier ensemble comprised of NB and XGBoost as the most
effective configuration.

The results of this optimal VoC are presented in the following table.

Table 4.3: Voting Classifier Results

Accuracy per class %

Model Acc. %

Bombing Covid-19 Explosion Flood Storm
VoC 100 97.83 100 99.64 100 99.49

From Table 4.3, the voting classifier using NB and XGBoost achieved an overall accuracy of
99.49%, comparable to the best performing individual model (XGBoost at 99.42%).
We further explored the potential of leveraging advanced neural network architectures.

We experimented with asafaya mini-BERT model (mBERT), a pre-trained transformer-based

86



4.1. DISASTER CLASSIFICATION AS A CASE STUDY

language model fine-tuned for our disaster type identification task.

Table 4.4: Mini-BERT Results

Accuracy per class %

Model Ace. %

Bombing Covid-19 Explosion Flood Storm
mBERT 100 98.91 100 87.05 100 97.19

As shown in Table 4.4, the mini-BERT model achieved a remarkable overall accuracy of
97.19%. It maintained perfect accuracy for Bombing, Explosion, and Storm classifications, similar
to the voting classifier, and a slight improvement in accuracy for Covid-19 classification (98.91%)
compared to the voting classifier. However, the mini-BERT model exhibited a performance drop
for Flood classification (87.05%) compared to the voting classifier (99.64%). This suggests that
while mini-BERT excels at capturing contextual nuances in disaster-related tweets for some
classes, further optimization might be necessary to ensure consistent performance across all
disaster classes.

Beyond accuracy, computational efficiency is another crucial factor to consider when deploying
real-world disaster response systems. In time-sensitive scenarios, rapid classification of disaster
types is essential.

Table 4.5 compares the fitting and inference times of the models explored in this study.

. Model
Time (s)
RF SVM NB XGB VoC BERT
Fitting 2.72 8.10 0.04 10.82 3.54 1133.1
Inference 0.08 0.11 0.002 0.01 0.01 21.35

Table 4.5: Fitting and Inference Time

From Table 4.5, the voting classifier offers significant advantages in terms of computational
efficiency. The fitting time for the Voting Classifier (3.54 seconds) is comparable to the fastest
individual model (NB at 0.04 seconds) and considerably faster than complex models like mini-
BERT (1,133 seconds) which is over 300 times slower than the voting classifier.

This efficiency in training time translates to faster inference times as well. As highlighted
in Table 4.5, the Voting classifier achieves an inference time of a mere 0.01 seconds for the
entire test set. This remarkable efficiency makes it a compelling choice for real-time disaster
response applications, where rapid and time-sensitive classification of disaster types is paramount.
Conversely, the inference time of mini-BERT stands at 21.35 seconds, representing a significant
delay compared to the Voting Classifier precisely 2135 slower than the Voting Classifier. While

this delay might appear negligible in non-critical contexts, it can have detrimental consequences
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in disaster scenarios. Even a short delay of a few seconds can translate to missed opportunities
for timely rescue efforts and aid deployment during critical response windows.

Overall the voting classifier achieved comparable overall accuracy. It surpassed even the
advanced mini-BERT model in this regard. However, the true strength of the voting classifier lies
in its exceptional efficiency. Its training and inference times are significantly faster than mini-

BERT, making it ideal for real-time disaster response applications where speed is paramount.

4.1.4.2 Humanitarian categories

Building upon the previous experiments of traditional machine learning models for crisis type
classification, this section examines their performance in a multi-label setting—identifying
various humanitarian needs from the same tweets used previously. We focus on four key cate-
gories: Affected Individuals and Help (Affected); Caution, Advice & Crisis Updates (Caution);
Infrastructure and Utilities Damage (Infra) and Relevant.

Table 4.6 summarizes the results for Random Forest, SVM, NB, and XGBoost. In this table,
True Positive indicates the number of tweets correctly classified as belonging to a specific
humanitarian need category, while True Negative represents the number of tweets correctly

identified as not belonging to that category.

Table 4.6: Traditional Methods Results

Models
Classes
RF SVM NB XGBoost
Affected True Positive 98.93 94.10 95.17 95.44
Individuals & Help  p,\0 Negative ~ 53.12 77.24 72.66 65.62
Caution, Advice & True Positive 77.17 85.83 83.86 76.77
Crisis Updates True Negative 89.47 87.04 85.83 85.02
Infrastructure and  True Positive 100 97,78 99.11 98
Utilities Damage ..\ Negative 35.29 58.82 47.06 50.98
True Positive 100 100 100 100
Relevant
True Negative 96.74 100 92.39 97.83
Fl-score 75.63 82.94 79.85 78.53

Similar to the crisis type classification, SVM consistently demonstrates strong performance
across most humanitarian need categories. It achieves the highest True Positives for Caution,
Advice & Crisis Updates (85.83%) and maintains the lead in True Negatives for Affected Individ-
uals and Help (77.24%), Infrastructure Damage (58.82%), and Relevant (100%) for both of the

True Positives and the True Negatives.
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While SVM excels overall, other models showcase strengths in specific categories. For instance,
RF maintains its lead in True Positives for Affected Individuals and Help (98.93%). Additionally,
all models achieve perfect True Positives (100%) for Relevant, this might be because tweets

classified as Relevant Information appear on their own (without any of the other labels).

Consistent with the crisis type classification, SVM emerges as the top performer with an

overall macro F1-score of 82.94%.

As observed in the previous experiments on crisis type classification, the performance of
individual models varies across categories. To potentially improve overall performance, we will
explore the use of a voting classifier that leverages the strengths of multiple models in the next
section. This ensemble approach aims to combine the predictions from various models to arrive

at a more reliable final classification for humanitarian needs.

Table 4.7: Voting Classifier Results

Labels

F1
Affected Caution Infra. Relevant
TP 92.76 78.74 97.33 100 83
TN 83.59 91.50 58.82 100

As detailed in Table 4.7 the voting classifer achieves an F1-Score of 83%, which surpasses the

performance of individual models.

In identifying tweets related to Affected Individuals and Help, the voting classifier achieves
a True Positives rate of 92.76%, which is comparable to the best individual model (Random
Forest at 98.93%). Moreover, the ensemble significantly improves upon the True Negative rate
(83.59%) compared to all individual models (ranging from 53.12% to 77.24%). This indicates a
reduction in misclassifications for this category. It also demonstrates its strength in identifying
Caution/Advice & Crisis Updates as well, achieving a True Positives rate of 78.74%. although
this is lower than the best individual model (SVM at 85.83%), the ensemble offers a significant
improvement in the True Negatives rate (91.50%) compared to all individual models (ranging
from 85.02% to 89.47%). Similar improvements are observed for Infrastructure and Utilities
Damage. While Random forest achieved a perfect True Positives 100%, the ensemble maintains
that strength with True Positives rate of 97.33% while also boosting the True Negatives rate
to 58.82% (the same as SVM’s rate). For the last label Relevant it achieves a perfect rate in

identifying all the instances.

Like the previous task, we fine-tuned a mini-BERT model (mBERT), its results are in shown

in the following table.
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Table 4.8: Mini-BERT Results

Labels
F1-score
Affected Caution Infra. Relevant
TP 97.32 84.25 97.78 100 83.90
TN 80.47 91.90 54.90 97.83

Mini-Bert achieves a slightly higher overall Macro F1-score (83.90%) compared to the voting
classifier ensemble (83%). It nearly matches the best individual model (Random Forest, 98.93%)
in identifying Affected Individuals and Help with 97.32%. Similarly, it takes the lead with the
highest True Positives score (97.78%) among all tested approaches for damaged infrastructure &

Help, and it even achieves a perfect True Positives score (100%) for Relevant Information.

Beyond accurate identification, mini-BERT exhibits strength in avoiding misclassifications. It
boasts a True Negatives rate of 91.90% for Caution/Advice & Crisis Updates, higher than any

individual model or even the voting classifier ensemble.

Building on our previous observations about model performance, this table (Table 4.9) sheds

light on the computational efficiency of each approach.

Table 4.9: Fitting and Inference Time

. Model
Time (s)
RF SVM NB XGB VoC BERT
Fitting 0.98 13.31 0.1 23.91 24.57 1070.5
Inference 0.04 0.41 0.01 0.05 0.56 14.11

Regarding the fitting time as expected, traditional machine learning models like NB (0.1
seconds) excel in trainig speed. Mini-BERT, on the other hand, requires significantly more time

(1070.5 seconds) due to its complex deep learning architecture.

Once trained, all models exhibit speedy prediction times. NB remains the fastest for classifying
new tweets (0.01 seconds), followed by the voting classifier ensemble (VoC) at 0.56 seconds. While
Mini-BERT takes slightly longer (14.11 seconds).

Mini-BERT’s performance is certainly better than all the tested approaches. It achieves a
slightly higher Macro F1-score and excels at identifying specific humanitarian needs. However,
training Mini-BERT requires considerably more time compared to traditional machine learning
models and the voting classifier ensemble. While its inference speed is still suitable for real-time
applications, it’s not nearly as fast as simpler models, for instance the Mini-Bert model is 25 time

slower than the voting classifier.
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4.1.5 Traditional ML Insights and the Path to MSA Transfer Learning

The disaster classification study presents several key findings:

- Traditional ML models, despite lacking prior linguistic knowledge, performed remarkably
well. This demonstrates that the inherent statistical patterns within Arabic dialectal text
are robust enough to be captured by handcrafted features, even in the absence of any

pretrained linguistic data.

- Deep learning (BERT), leveraging its pretrained linguistic knowledge, demonstrated strong
performance in capturing nuanced patterns in the second stage of experiments. However, in
the first stage, its performance was comparable to that of traditional ML models, indicating
that while BERT can effectively utilize prior knowledge, it does not always outperform

simpler approaches. This highlights potential areas for further improvement.

We are particularly interested in the idea of that simple models, even without any prior
linguistic knowledge, can effectively leverage the statistical structure of the data. This indicates
that incorporating a related linguistic source—such as MSA—should further enhance perfor-
mance, particularly for more complex NLP tasks. In other words, the success of traditional ML
provides a strong foundation and motivation for exploring transfer learning from MSA, which is

linguistically close to Arabic dialects.

Why Transfer Learning from MSA?
The rationale for using MSA-based pretrained models is as follows:
- MSA has more resources compared to Arabic dialects, particularly Algerian Arabic.

- MSA and Arabic dialects share a common linguistic structure, making MSA a natural

source for transfer learning.

- Given that models without prior knowledge performed well in our disaster classification
task, then models pretrained on a linguistically related source MSA should yield even

stronger results, particularly for tasks that require more complex understanding.
Thus, the next phase of our research investigates the impact of MSA-based pretrained models

on Arabic dialect identification.

4.2 Leveraging MSA as a Linguistic Bridge for Enhanced Dialect
NLP

Dialects, regional variations within a language, characterized by unique pronunciations, gram-

matical structures, vocabularies, and usage patterns. They act as markers of cultural identity
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and social background. Despite the staggering number of languages and dialects spoken globally
(over 7,000 according to Ethnologue [69]), a significant disparity exists in the resources available
for NLP tasks. This imbalance creates a major challenge: under-resourced languages and di-
alects lack the resources [101] necessary to develop effective NLP tools, hindering their potential
applications in various fields.

This chapter explores a promising solution to bridge this gap: leveraging NLP resources from
well-resourced languages to empower the processing of low-resource dialects. This approach
aims to transfer knowledge from languages with abundant NLP resources to those with limited
resources. By focusing on MSA as a source language, we investigate its potential to enhance NLP
capabilities for a specific low-resource dialect —Algerian Arabic. Dialect identification serves as
our case study, focusing on the task of automatically pinpointing the dialect used in a text based
on its distinct linguistic features.

We compare the performance of three models: AraBERT [37], DziriBERT [1], and mBERT
[67], in dialect identification. The results offer valuable insights into developing NLP tools for
low-resource dialects and demonstrate the promising potential of using well-resourced languages,
including MSA, to support low-resource dialects. This research contributes to the broader goal of
enhancing the applicability of NLP tools for a diverse range of languages and dialects to ensure

that even under-resourced languages have a voice in the ever-evolving world of NLP.

4.2.1 The MSA versus dialect contrast in Arabic

Arabic, spoken by more than 466 million people globally, is the official or co-official language in
around 25 Arabic-speaking countries. It exists in two primary forms, MSA and spoken dialects.
MSA, used for formal written communication, official speeches, and taught in schools, is the
only standardized and regulated variety. Spoken dialects where Arabic extends beyond a single,
standardized form as all Arabic speakers have their own native variety, amounting to approxi-
mately 30 different dialects [5]. These dialects introduce additional complexity due to differences
in phonology, morphology, lexicon, and syntax [135].

Regional Arabic dialects, primarily used for daily spoken communication, informal conver-
sations, and various forms of popular culture such as music, television, and social media, are
neither taught in formal school settings nor commonly used in official written communications.
These dialects lack standardized written grammar regulated by a central authority. However, a
general understanding of grammatically correct or incorrect usage exists among native speakers,
and a sense of shared linguistic norms and conventions has developed over time. Written text can
still be produced in these dialects using phonetic spelling rules similar to MSA or adaptations
that reflect the dialect’s unique characteristics.

Mutual understanding between Arabic dialects is moderate, and an individual’s understand-
ing of other dialects depends on their geographical proximity, exposure to cultural works from

other countries, and personal experience in interacting with speakers of various dialects. For in-
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stance, standard Arabic speakers can typically understand Egyptian Arabic, partly due to Egypt’s
history in film-making, which made them popular throughout the Arab world. Additionally, the
widespread availability of Arabian media, such as television channels and internet platforms,
has facilitated the exposure of many Arabic speakers to a broader range of dialects. In contrast,
Algerian Arabic is challenging for Arabic speakers from other regions to grasp, especially in its
spoken form. This difficulty stems from the unique linguistic features, extensive code-switching,
and the influence of Berber, French, and other languages that have shaped the dialect over time.

Dialects can be considered separate languages in their own right, with distinct vocabularies,
grammatical structures, and pronunciation patterns that set them apart from MSA and each
other. This diversity of dialects within the Arabic-speaking world highlights the importance
of accounting for regional variations and linguistic nuances when developing NLP systems or

conducting research on Arabic language and dialects.

4.2.2 Enhancing Low-Resource Languages through Well-Resourced ones

There are several strategies for using well-resourced languages to improve low-resource ones in
the context of NLP. These approaches include transfer learning, fine-tuning and multilingual
models. Transfer learning involves training a model on a well-resourced language task and
then applying the learned representations to a low-resource language task. Fine-tuning involves
adjusting a pre-trained model on a specific low-resource language task, allowing the model to
adapt to the unique characteristics and patterns of the target language. Multilingual models are
trained on multiple languages simultaneously, enabling them to learn shared representations
and potentially benefit low-resource languages.

Each of these strategies has its strengths and limitations, but they all rely on the promising
premise that well-resourced languages can offer valuable information to improve NLP models for
low-resource languages. Building on this, this chapter delves into the application of this approach
to the task of dialect identification. We specifically explore the use of Well-resourced languages as

a source to enhance the performance of NLP models for the Algerian dialect.

4.2.3 Related works

Research on Arabic dialect identification has evolved through the development of specialized
corpora and the advancement of pre-trained models. This section first presents key dialectal
datasets that have facilitated progress in the field, followed by an overview of pre-trained

language models and their role in dialect classification.

4.2.3.1 Arabic Dialect Corpora and Identification
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Bouamor et al. [53] introduced the MADAR Arabic Dialect Corpus and Lexicon, a substantial
parallel corpus comprising 25 Arabic city dialects in the travel domain and a lexicon of 1,045
concepts with an average of 45 words from 25 cities per concept. Building upon this work, Bouamor
et al. [564] organized the MADAR Shared Task on Arabic Fine-Grained Dialect Identification,
a pioneering effort that targeted a large set of dialect labels at both city and country levels.
This shared task consisted of two subtasks: MADAR Travel Domain Dialect Identification and
MADAR Twitter User Dialect Identification.

4.2.3.2 Pre-trained Models

Devlin et al. [67] introduced BERT, a groundbreaking bidirectional encoder representation
model from transformers, which has significantly impacted the development of pre-trained models
for a wide range of NLP tasks. BERT is designed to pre-train deep bidirectional representations
from large-scale unlabeled text data The resulting pre-trained model can be fine-tuned for
various tasks, such as question answering and dialect identification, without requiring extensive
task-specific architecture modifications.

Following the introduction of BERT, Multilingual BERT (mBERT) emerged as an extension
of the original BERT model, designed to handle multiple languages. mBERT was pre-trained on
BooksCorpus (800M words) [154] and English Wikipedia (2,500M words), allowing the model to
learn shared representations across different languages.

Building upon the foundation laid by mBERT, Antoun et al. [37] introduced AraBERT, a
pre-trained transformer-based model specifically tailored for Arabic language understanding.
AraBERT highlights the potential of transfer learning and fine-tuning for Arabic language
processing, demonstrating its effectiveness in various tasks.

Similarly, Abdaoui et al. [1] presented DziriBERT, a pre-trained language model specifically
designed for the Algerian Arabic dialect. DziriBERT showcases the benefits of fine-tuning pre-
trained models on dialect-specific data, enabling more accurate representation and understanding
of dialect variations within the Arabic language. This approach demonstrates the versatility and

adaptability of pre-trained models in handling the linguistic diversity found in Arabic dialects.

4.2.3.3 Leveraging Pre-trained Models for Low-resource Arabic Dialect Identification

Talafha et al. [146] fine-tuned an ArabicBERT to develop a multi-dialect Arabic BERT
for country-level dialect identification, demonstrating the utility of pre-trained models in low-

resource settings.
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Mansour et al. [114] used BERT fine-tuning for Arabic dialect identification in the NADI
shared task, showcasing the benefits of transfer learning from well-resourced languages.

Similarly, Beltagy et al. [48] explored Arabic dialect identification using BERT-based domain
adaptation, further emphasizing the effectiveness of leveraging pre-trained models to handle

low-resource Arabic dialects.

4.2.4 Data description and preprocessing

For training, validating and testing, we used Madar Corpus parallel sentences [53] consisting
of parallel sentences translated into the dialects of 25 cities from the Arab World, as well as
MSA. For the purposes of our study, we focused specifically on the Algerian Arabic dialect and its
corresponding MSA, resulting in a collection of 4000 parallel sentences—2000 in MSA and 2000
in the Algerian dialect.

In the preprocessing stage, we applied several steps to clean and prepare both the Algerian
dialect and the MSA data. Firstly, we removed any leading and trailing whitespace characters
from each string in the column. We then replaced multiple consecutive whitespace characters

with a single space to ensure that each string was properly formatted.

4.2.5 Experiments and results

In this section, we present the evaluation methodology and analyze the performance of the
three BERT-based models (AraBERT, DziriBERT, and mBERT) employed for Algerian dialect
identification.

To ensure a fair comparison, all three models were trained using the same settings and
architecture. We essentially added a new layer to each model specifically designed to classify text

samples as either MSA or Algerian dialect.
Output
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Figure 4.5: BERT-based Models Architecture

The core architecture of the BERT-based models employed in this study is presented in
Figure 4.5. This architecture serves as the foundation upon which each model is built, and while

each one uses a different pre-trained BERT variant, the overall architecture follows the same

95



CHAPTER 4. EXPLORATORY ANALYSIS OF TRADITIONAL MACHINE LEARNING AND
TRANSFER LEARNING FOR DIALECTAL NLP

structure with a key component. The Pre-trained BERT Model, depending on the chosen model
(AraBERT, DziriBERT, or mBERT), a different pre-trained BERT model is used at this stage.

The performance of each model in classifying Algerian dialects was evaluated using several

metrics: accuracy, precision, recall, and F1-score.

Model Accuracy Precision Recall F1-score
DziriBERT 96.25% 97% 95% 96%
AraBERT 93.38% 90% 97% 93%
mBERT 93.62% 93% 94% 94%

Table 4.10: Results of BERT Models

The performance of the three BERT models on the Algerian dialect identification task is

summarized in Table 4.10.

DziriBERT achieved the highest accuracy 96.25%. Its precision of 97% indicates a low number
of false positives. While its recall is slightly lower at 95%, it still demonstrates robust performance

with an F1-score of 96%, reflecting a well-balanced trade-off between precision and recall.

AraBERT achieved an accuracy of 93.38%. However, its precision was lower at 90%, sug-
gesting a higher rate of false positives compared to the other model. This could indicate that
AraBERT might occasionally misclassify Algerian dialect samples as Arabic. However, AraBERT
compensated for this with the highest recall score of 97%, showcasing its effectiveness in captur-
ing most true Arabic samples. The F1-score of 93% highlights its overall strength, despite the

slightly lower precision.

mBERT demonstrates consistent performance across the evaluation criteria, with an accuracy
of 93.62%, which is marginally higher than AraBERT but lower than DziriBERT. Its precision of
93% falls between the other two models, better than AraBERT but not as high as DziriBERT.
A recall of 94%, and its F1-score of 94% indicates a striking a balance between identifying true

Algerian dialect samples and minimizing false positives.

The previous analysis focused on headline metrics (accuracy, precision, recall, F1-score)
to provide a high-level overview of model performance. However, a deeper understanding can
be gained by examining confusion matrices, which detail how each model classified the data,
highlighting both correct and incorrect predictions. Here, we delve into the confusion matrices

(Figures 4.6, 4.7, 4.8) for each model to gain a richer perspective on their performance.
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Algerian

MSA

Algerian MSA

Figure 4.6: mBert confusion matrix

As can be seen, mBERT achieved a high accuracy on both MSA and Algerian dialect samples.
It correctly classified 94.25% of MSA samples and 93% of Algerian dialect samples, demonstrating
its ability to distinguish between the two. While its overall accuracy is good, the confusion
matrix reveals some misclassifications. mBERT misclassified 5.75% of MSA samples as Algerian
dialect and 7% of Algerian dialect samples as MSA. These errors highlight areas for potential
improvement. The reasons for these misclassifications could be the presence of dialectal variations
within the MSA samples or limitations in the model’s ability to fully capture certain dialectal

features.

Algerian

MSA

Algerian MSA

Figure 4.7: AraBERT confusion matrix

AraBERT exhibited a slight improvement over mBERT in MSA classification, correctly
identifying 96.75% of MSA samples. This suggests its effectiveness in recognizing standard Arabic
text. However, for Algerian dialect samples, AraBERT’s accuracy was 90%, indicating a high
false positive rate. Further analyzing of the confusion matrix reveals a trade-off in AraBERT’s

performance. It has a lower false classification rate for MSA samples (3.25%) compared to mBERT,
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suggesting better differentiation from Algerian dialect in this category. However, for Algerian
dialect samples, the false positive rate is higher (10%) compared to mBERT, indicating AraBERT

is missing a larger portion of these samples.
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Figure 4.8: DziriBERT confusion matrix

The confusion matrix for DziriBERT solidifies its position as the top performer. It achieved
the highest accuracy overall, correctly classifying 95.25% of MSA samples and a remarkable
97.25% of Algerian dialect samples. This demonstrates a strong balance between true positive
rates for both MSA and Algerian dialect, suggesting DziriBERT’s superior ability to effectively
distinguish between the two. Also compared to both mBERT and AraBERT, DziriBERT exhibits
the lowest false classification rates. It has the lowest rate for Algerian dialect (2.75%), indicating
it excels at identifying these samples correctly. While it has a slightly higher false classification
rate for MSA (4.75%) compared to AraBERT, its overall performance remains superior due to its
exceptional accuracy in Algerian dialect classification.

The detailed examination of confusion matrices alongside the headline metrics offers a deeper
understanding into the strengths and weaknesses of each model. AraBERT excels at identifying
MSA text due to its pre-training on a large Arabic corpus. However, its exposure to Algerian
dialect variations might be limited, leading to a lower performance in this category. the same
goes for DziriBERT, its pre-training on Algerian dialect data gives it a significant advantage in
identifying these samples. However, its focus on this specific dialect might result in a slightly
lower performance in MSA classification compared to AraBERT. In contrast to these models,
which concentrated on a single language during pre-training, mBert is a multilingual model, it
achieves a balanced performance, exhibiting some advantages in Algerian dialect classification
compared to AraBERT, potentially due to its exposure to various dialects. Furthermore, Algerian
dialects often contain a significant amount of French vocabulary and expressions, which could
have contributed to mBERT’s better performance in Algerian dialect classification, given its

multilingual pre-training. However, it is surpassed by DziriBERT, which is specifically tailored
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for this task.

Our experiments revealed that AraBERT, DziriBERT, and mBERT models can effectively
distinguish Algerian dialect text, with varying degrees of success. DziriBERT achieving the
strongest performance followed closely by AraBERT and mBERT. This suggests that models
specifically designed for Arabic language understanding tasks or pre-trained on a portion of
Arabic text resources are advantageous in arabic dialect identification tasks. These findings
support the idea that using pre-trained models on MSA and other well resourced languages holds

promise for identifying low-resource dialects like Algerian Arabic.

4.3 Conclusion

The experiments presented in this chapter provide complementary insights into Arabic dialect
NLP. On one hand, our disaster classification study showed that traditional ML models—despite
lacking any pretrained linguistic knowledge—can effectively capture the inherent statistical
patterns of Arabic dialectal text. Their competitive performance, especially in time-critical
scenarios, highlights the robustness of handcrafted features and establishes a strong baseline.

On the other hand, our investigation into MSA-based transfer learning revealed that leverag-
ing linguistic knowledge from MSA yields competitive results that closely rival those achieved
by specialized model. Although the performance of MSA-based pretrained models was not sub-
stantially superior to that of models specifically tailored for the Algerian dialect, the results are
highly promising. They indicate that the linguistic proximity between MSA and Algerian dialect
can be effectively exploited to enhance model performance. In many instances, the gap between
the two approaches was minimal, suggesting that the inherent value of MSA knowledge provides
a strong foundation for further improvements.

These findings collectively suggest that if simple models can harness the statistical structure
of dialectal text without any prior linguistic information, then integrating MSA—a closely
related, resource-rich linguistic source—can further enhance performance in more complex NLP
tasks. This is particularly significant given the potential for MSA-based transfer learning to
not only offer competitive results but also to enable more scalable and generalizable solutions
across various dialect NLP applications. This chapter directly addresses Research Question 1 by
evaluating the capabilities of knowledge-free models and demonstrating that their performance
supports the hypothesis that MSA-based knowledge can be leveraged to further improve dialect
NLP. This chapter addresses the first research question by first evaluating whether models
with no prior linguistic knowledge can effectively capture patterns in Arabic dialectal text,
and then examining whether MSA-trained models despite having no exposure to dialectal data
can generalize to dialectal inputs. The findings support the view that integrating MSA-based
knowledge is a promising direction for enhancing performance in low-resource dialectal NLP.

Building on these conclusions, the next phase of our research will focus on the careful design
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of models that integrate MSA knowledge. We aim to demonstrate that with refined model
architectures and training strategies, it is possible to surpass the performance of specialized
models.

The next chapter will detail our efforts to enhance Arabic dialect NLP by fusing MSA-based
pretrained representations with innovative model design, aiming to deliver superior results and

set a new benchmark in the field.
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CHAPTER

CROSS-LINGUAL DIALECT IDENTIFICATION USING HYBRID
ARCHITECTURES: THE WASL-DI APPROACH

his chapter presents the first major contribution of the thesis: the WASL-DI model for
dialect identification. It introduces a hybrid architecture that leverages CAMeLBERT
and FastText to enhance performance for low-resource dialects like Algerian Arabic.
The model is thoroughly evaluated through experiments and ablation study to demonstrate its

effectiveness and robustness.

Arabic dialect identification, particularly for low-resource varieties such as Algerian Arabic,
presents significant challenges due to limited annotated data, substantial dialectal variation,
and the absence of standardized orthography. Arabic is unique in that it sits at the intersection
of both high- and low-resource languages. Spoken by over 420 million people worldwide [30].
While MSA benefits from abundant annotated data and established NLP tools [152], Arabic
dialects, such as Egyptian, Levantine, and Algerian are often underrepresented, making them
low-resource for NLP applications. Despite MSA’s unifying role and shared features with dialects,
the significant variations in vocabulary, grammar, and pronunciation make it difficult to develop
accurate, generalizable dialect identification models. This challenge has led to the creation of
various datasets such as MADAR [53], NADI [7-11], QADI [4], and ADI17 [141], which aim to

facilitate research in this domain.

Building on our previous findings, which demonstrated that simple, handcrafted models
can capture robust statistical patterns in dialectal text, and that leveraging related linguistic
knowledge from MSA can yield competitive performance this chapter introduces our novel hybrid
cross-lingual model. This model is designed to address the data scarcity and linguistic diversity
inherent in Arabic dialects while exploring how MSA knowledge transfer can enhance dialect

identification for low-resource varieties like Algerian Arabic.
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Our approach fuses the deep contextual representations provided by CAMeLBERT [91], a
transformer-based model pretrained on large Arabic corpora, with the subword-level semantic
richness of FastText embeddings [52]. By combining these two complementary sources, the
model is designed to capture both high-level linguistic features and fine-grained statistical
patterns inherent in dialectal Arabic. This hybrid architecture not only leverages the strengths
of pretrained models but also compensates for the lack of large dialect-specific datasets. While
BERT-based models [67] capture dynamic, context-aware representations, FastText embeddings
are particularly useful for handling OOV words and modeling subword information, both of which
are critical for dialect identification due to the morphological complexity of Arabic dialects.

This hybrid design is motivated by the observation that while specialized models perform well
when trained on dialect-specific data, MSA-based models offer competitive results, even without
fine-tuning on specific dialects. This insight suggests that by carefully combining MSA knowledge
with adaptable feature extraction techniques, we can develop a model that not only matches
but potentially surpasses the performance of specialized models—especially when annotated
dialectal data is limited.

In this chapter, we detail the design, implementation, and evaluation of our proposed hybrid
model. We describe the model architecture, including how the dual representations are integrated
and optimized to capture both local and contextual dialectal features. To evaluate the model’s
effectiveness, we conduct extensive experiments on MADAR and other datasets.

We also perform a comprehensive ablation study to evaluate the contribution of each model
component, offering insights into how the fusion of MSA knowledge and dialectal information
impacts performance. Our results demonstrate that this hybrid model not only delivers compet-
itive performance compared to specialized models but, with careful architectural design, can
outperform them across several dialectal tasks.

This contribution advances the state of the art in Arabic dialect identification by addressing
the core challenges of low-resource NLP through a hybrid, cross-lingual approach. Specifically,

this work:

1. Mitigates data scarcity by combining FastText subword representations with BERT’s
context-aware embeddings, ensuring better handling of OOV words and capturing both

broad semantic and dialect-specific linguistic nuances.

2. Leverages MSA resources to transfer linguistic knowledge to Arabic dialects, improving

generalization capabilities with minimal dialect-specific data.

3. Evaluates the hybrid approach on diverse datasets, rigorously analyzing how different
model components contribute to overall performance and assessing the model’s adaptability

across a range of dialectal contexts.
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4. Demonstrates significant improvements over prior approaches, establishing a new bench-
mark for low-resource dialect identification and providing insights for future cross-lingual
NLP methodologies.

Through this work, we aim to establish a scalable and adaptable framework for handling
dialects with limited resources while also providing a model architecture that can be extended to
other underrepresented languages and dialects. This chapter lays the foundation for the next
phase of research—exploring how careful model design and the strategic use of MSA knowledge

can deliver superior results in Arabic dialect identification.

Publication Note

The work presented in this chapter has resulted in one journal publication

- M. Chabane, F. Harrag, and K. Shaalan, “Advancing low-resource dialect identification: A hy-
brid cross-lingual model leveraging CAMeLBERT and FastText for Algerian Arabic,” Expert
Systems with Applications, vol. 284, 2025, Art. no. 127816, doi: 10.1016/j.eswa.2025.127816.

5.1 Related Works

ADI has been the focus of several prior studies, as detailed in the related work section (see
Chapter 3 specifically Section 3.1). These works have introduced key datasets and methodologies
that serve as a foundation for our approach. Among the most influential resources are the MADAR
corpus [53], which provides fine-grained dialectal data spanning 26 Arab cities, and the NADI
shared task series [7-11], which evaluates dialect identification across various Arabic varieties.
Additionally, the QADI [4] and ADI17 [141] datasets offer valuable benchmarks for developing
and comparing dialect classification models.

While these studies have advanced the field through dataset creation and benchmark evalua-
tions, most existing approaches rely on either traditional ML models or specialized ML archi-
tectures. Such approaches, while effective when substantial training data is available, struggle
with generalization to underrepresented dialects due to the inherent data scarcity. Moreover,
few studies have explored leveraging MSA knowledge to improve performance on low-resource
dialects.

Our work addresses these limitations by proposing a hybrid model that combines the strengths
of both CAMeLBERT and FastText embeddings. This approach is informed by prior findings
on the utility of subword representations and contextual embeddings in dialectal NLP. By
incorporating knowledge transfer from MSA and fusing dual representations, our model not only
improves dialect identification for low-resource varieties like Algerian Arabic but also provides a

scalable framework adaptable to other underrepresented languages. This extends prior research
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by offering a comprehensive evaluation of how cross-lingual knowledge transfer and hybrid
architectures can mitigate the challenges posed by dialectal variation and limited annotated

resources.

5.2 Methodology

In this section, we describe the approaches and models we used to address the task of dialect
identification, ranging from traditional deep learning methods to state-of-the-art BERT-based
models and our proposed hybrid approach. We detail the model architectures, hyperparameters,

and the training procedures followed to ensure consistency and robustness in our evaluation.

5.2.1 Hyperparameters Summary

To ensure consistency and fairness, all models were trained using the same set of hyperpa-
rameters. Additionally, each model was run using five different random seeds to account for
variance in performance and ensure the robustness of the results. The use of multiple seeds
helps mitigate the effect of random initialization, providing a more reliable evaluation of model
performance. Table 5.1 summarizes the key hyperparameters used for traditional deep learning

models, BERT-based models, and the proposed hybrid approach.

Parameters Value
Epochs 20
Batch size 32
Learning rate 1x107°
Optimizer Adam
Cost function BinaryCrossentropy()
Activation function (Hidden layer) Relu
Activation function (Output layer) Sigmoid
Embedding Dimension (Fasttext Embedding) 150
Units in BiLSTM / BiGRU 384
CNN Filters 384

Table 5.1: The hyperparameters of our models

5.2.2 Baselines

To ensure a comprehensive comparison, we implemented several baseline models. These baselines
include traditional deep learning models and BERT-based architectures, which serve as reference

points for evaluating the effectiveness of our proposed hybrid model.

106



5.2. METHODOLOGY

5.2.2.1 Traditional Deep Learning Models

In this study, traditional deep learning models, including CNN, BiLSTM, BiGRU, CNN-BiGRU,
and CNN-BiLSTM, were implemented to serve as baselines for our dialect identification task.
To ensure a fair and unbiased performance comparison, we employed a shared embedding layer,
a pre-trained FastText embeddings, specifically designed for Arabic text, across all models to
maintain consistency in input representations.

The architecture of these models follows a common structure, with variations introduced in
the Variable Layer, as illustrated in Figure 5.1. The Variable Layer is where the core functionality
of each model diverges, depending on whether CNN, BiLSTM, BiGRU, CNN-BiGRU, or CNN-
BiLLSTM is employed.
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Figure 5.1: The architecture of traditional deep learning models used in this study for dialect
identification.

— CNN applies a 1-dimensional convolutional layer with 32 filters and a kernel size of 3. It
is followed by a Rectified Linear Unit (ReLU) activation function. The CNN focuses on
capturing local patterns in short sequences, such as word n-grams, and employs global max
pooling to downsample the feature maps, reducing dimensionality and focusing on the most

important features.

— The BiLSTM [89] model uses 32 units to capture long-range dependencies in the text by
processing the input sequence in both forward and backward directions. The bidirectional
nature allows the model to better understand context by taking into account the entire

sequence, improving its ability to capture relationships between distant words.
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— The BiGRU shares a similar architecture with BiLSTM, but uses GRU cells instead. GRUs
are known for their efficiency in training due to their simpler gating mechanism, making

them suitable for sequence modeling tasks where computational resources may be limited.
Like BiLLSTM, the BiGRU processes text in both directions.

— The CNN-BiGRU (Convolutional-BiGRU Hybrid) combines CNN and BiGRU models into
a single framework. The CNN component captures local patterns in the input text, while
the BiGRU processes these patterns sequentially to capture long-range dependencies. The
hybrid nature of this model allows it to benefit from both local and global contextual

information.

— The CNN-BiLSTM (Convolutional-BiLSTM Hybrid) is similar to CNN-BiGRU, but com-
bines a CNN with a BiLSTM layer. The convolutional layer captures local features, while
the BiLSTM layer ensures that long-range dependencies are modeled effectively. This
combination provides a powerful approach to handling both local and global aspects of the
text.

— Each model includes a Fully Connected Layer with 1024 neurons and a ReLLU activation
function, which learns complex patterns from the extracted features. This is followed by an
Output Layer with one neuron and a sigmoid activation function, which outputs the final

classification probabilities.

5.2.2.2 BERT-based Models

In this experimental phase, we used pre-trained language models based on the BERT architecture,
including DziriBERT [1] and MDABERT [147]. These models, specifically designed for processing
Arabic dialects, were fine-tuned on our binary classification task. The fine-tuning involved
adding a dense output layer to the pre-trained encoder, allowing the model to map encoded
representations to binary class labels. Both models benefit from extensive pre-training on Arabic
text, with DziriBERT focusing on Algerian Arabic and MDABERT on MSA and DA.

The two models were fine-tuned by introducing a classification head with a sigmoid function.

Figure 5.2 illustrates the architecture of our BERT-based models.
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Figure 5.2: Bert-based Models Architecture

5.2.3 Proposed Approach

In this section, we describe the proposed hybrid model, WASL-DI (Wielding Arabic resources to
Support Low-resource Dialect Identification), designed for our dialect identification task. The
model leverages the strengths of both pretrained language models (PLMs) and deep neural
networks (DNNs) to effectively capture both contextual and local linguistic features.

Figure 5.3 illustrates the architecture of our proposed hybrid model.
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Figure 5.3: Proposed Hybrid Model Architecture

5.2.3.1 Detailed Architecture

The hybrid model processes the input text through two parallel paths. On the first path, the
raw text is transformed into numerical representations using FastText embeddings, which are
designed to capture local contextual information. Simultaneously, on the second path, CAMeL
BERT, a pre-trained transformer model on MSA, is used as the contextual encoder. CAMeL BERT
tokenizes the input sequences and generates hidden state representations for each token, which
are then summarized via global average pooling to produce a fixed-size vector encapsulating the

meaning of the entire sentence.
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While the FastText embeddings are passed through a CNN, extracting local features from
the text, the BiGRU layer then processes the CNN’s output. The BiGRU captures long-range
dependencies in both forward and backward directions, ensuring that the context of each word is
considered across the entire sentence. We chose BiGRU over BiLSTM due to its simpler design
and lower computational cost, this allows us to maintain high accuracy while improving efficiency.

For each token X f, the forward GRU processes the sequence from left to right, updating the
hidden state % based on the current token and the hidden state from the previous token:

(5.1) H;cru=GRUX!,H;_1gru) fori=1,2,...,n

For the backward GRU, i varies from n down to 1, This means i represents the current token

being processed from right to left.
(5.2) Hi,GRU = GRU(Xti,HHl,GRU) for i = n,n— 1, ey 1

The overall hidden state Hgry combines the forward and backward hidden states :

(5.3) Hgru =[Hgru, Hgrul

The output from the BiGRU is then passed through a Multi-Head Attention mechanism
[150]. This layer allows the model to focus on different parts of the sequence and assign varying
importance to specific words or phrases, depending on their relevance within the sentence.

In Multi-Head Attention, we have 2 heads, and the output is concatenated:

(5.4) MultiHead(®,K,V) = Concat(head;,...,head;)Wp

Where each head is defined as:

(5.5) head; = Attention(QW<, KWX, VW)

Here:

- WiQ,WiK ,WiV are all learnable parameter matrices.

The outputs from CAMeL BERT, after applying global average pooling, are merged with the
output of the CNN-GRU-attention pipeline, which also undergoes global average pooling. This
fusion layer combines the deep contextual embeddings from CAMeL BERT with the localized and
sequential features captured by the CNN-GRU-attention layers, resulting in a richer and more
comprehensive representation of the input.

The fused features are then fed into a Multi-Layer Perceptron, which consists of several

fully connected layers. The MLP helps in learning higher-order interactions between the fused
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features to refine the representation. The final output layer is a sigmoid-activated neuron that
produces a probability score for the input belonging to a specific dialect class. If the probability
exceeds the predefined threshold of 0.5, the model classifies the text as belonging to the positive
class, otherwise, it assigns it to the negative class.

To improve generalization and stability during training, batch normalization is applied

throughout the model, and dropout is used to prevent overfitting.

5.3 Experimentation and Results

In this section, we detail our experimental framework, which encompasses the datasets used for
training and evaluation, the results and discussion, validation processes, an exploration of the

generalizability of WASL-DI, and an examination of its limitations.

5.3.1 Dataset

Due to the scarcity of publicly available Algerian dialect data, we adopted a multi-source approach
to construct a representative corpus for this under-resourced language. We formed two datasets

one for training, validation and testing, the other one for model’s external validation.

5.3.1.1 Training, validation & testing dataset

For training, validation, and testing purposes, we employed six diverse datasets. To construct
the MSA sentence corpus, we used the 100k Arabic reviews dataset [107], a compilation of
various publicly accessible datasets, sampled to encompass 100,000 instances. This dataset
contains reviews from hotels, books, movies, products, and a subset of airline reviews. Originally
classified into three categories (Mixed, Negative, and Positive), these original sentiment labels
were discarded for our study, and the entire dataset was uniformly assigned the MSA label. To
achieve parity with the Algerian dialect dataset, we extracted a balanced subset of exactly 82,228
samples from the corpus.

As for the Algerian dialect sentences, five distinct datasets were incorporated comprising
82,228 sentences that were all labeled Algerian 5.2.

Dataset Source Size  Selected Subset
Algerian Car Market Sentiment [55] 27.4k Entire
Algerian Dialect [50] 45k Entire
Algerian Corpus [94] 6.8k  Entire

Madar CORPUS-25 (Algerian) [53] 52k 2k sentences
NADI TWT-2023 (Algerian) [7] 23.4k 1k sentences

Table 5.2: Overview of Algerian Datasets Used for Analysis, Including Source References, Total
Size, and Selected Subsets for Model Training and Evaluation.
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To better understand the composition of our datasets, the following figure illustrates the

vocabulary size and the number of sentences for each language class.
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Figure 5.4: Comparison of vocabulary size and sentence count between MSA and the Algerian
dialect.

To understand the linguistic disparities between MSA and Algerian Arabic, we analyzed
vocabulary size and sentence count. As illustrated in Figure 5.4, both datasets comprise ap-
proximately 82.2k sentences. However, a significant difference emerges in vocabulary size: MSA
exhibits a substantially larger lexicon (374,539 unique words) compared to Algerian Arabic
(174,617 unique words). This disparity is not attributable to data quantity but rather reflects
inherent lexical differences between the two language varieties. MSA’s expansive vocabulary
suggests a broader lexical range and potential complexities for natural language processing
tasks, while Algerian Arabic’s more concentrated lexicon may indicate a specific lexical focus.
The contrast in vocabulary size, despite equal sentence counts, underscores the varying lexical

richness and representational challenges between the two datasets.

5.3.1.2 External validation dataset

To ensure a comprehensive evaluation of WASL-DI performance and generalizability, we con-
structed a distinct validation dataset that was entirely independent from the training data. This
external validation dataset comprised approximately 12k sentences in each one of the following
dialects, Moroccan, Tunisian, and MSA, sourced from the Madar corpus. Additionally, we included
another 12k sentences from Algerian-Darija [109], a specific dialect of Algerian Arabic, to further

assess the model’s ability to handle diverse regional variations.

By using this external validation dataset, we were able to evaluate the model’s performance
on another data, providing insights into its ability to generalize and handle linguistic variations

beyond the Algerian dialect.
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5.3.2 Statistical Tests

Both McNemar’s test and the paired t-test were employed to rigorously assess the significance of
performance improvements in our ablation study, where we evaluated the contribution of each
component in the proposed hybrid model. All tests were conducted at a stringent significance
level of @ = 0.02, ensuring the reliability of our results and reducing the likelihood of Type I

errors.

McNemar’s Test: McNemar’s test [116] is applied to compare the performance of two classifiers
on the same set of instances. It is particularly effective for binary classification tasks, as it focuses
on the disagreements between the classifiers. The test constructs a 2 x 2 contingency table,

summarizing the predictions from both classifiers:

Model 2 Correct Model 2 Incorrect

Model 1 Correct nii nig

Model 1 Incorrect ngp no9

Table 5.3: Contingency table for McNemar’s test

Here, n19 is the number of instances where Model 1 is correct and Model 2 is incorrect, and
nop is the reverse. The test focuses on these discordant pairs. The McNemar test statistic is

calculated as:

2
9 (n12—n21)
niz+ng1

(5.6)

To determine the significance of the results, we calculate the p-value, which represents the
probability of obtaining the observed test statistic (or one more extreme) under the null hypothesis.
The null hypothesis assumes that both models perform equally well, i.e., the probabilities of

making errors are the same for both classifiers.

¢ Ifthe p-value is less than the significance level (a = 0.02 in our case), we reject the null
hypothesis, concluding that there is a statistically significant difference between the two

models.
¢ Ifthe p-value is greater than a, we fail to reject the null hypothesis, implying that any

observed difference in performance could be due to random chance.

Paired t-Test: In addition to McNemar’s test, we used the paired t-test to compare the means of
two related samples (the accuracies of the five runs across each seed). The paired t-test measures

whether the average difference between paired observations is significantly different from zero.
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The test statistic is computed as follows:

. d
N

(5.7

Where:

e d is the mean of the differences d; = X1; — Xo;,
* s, is the standard deviation of the differences,
* n is the number of paired observations.

The resulting p-value indicates whether the observed mean difference is statistically signifi-
cant. Similarly to McNemar, If the p-value is less than a = 0.001, we reject the null hypothesis,
concluding that the difference in performance between the models is statistically significant. If
the p-value exceeds a, we fail to reject the null hypothesis, meaning that any observed differences
in means could be due to chance.

The combination of both statistical tests in the ablation study provided robust evidence that
each modification in the model architecture contributed meaningfully to the overall performance,

and the improvements observed were not due to chance.

5.3.3 Results and Discussion

In this section, we present the outcomes of our experiments, focusing on a thorough assessment
of each model’s ability to differentiate between Arabic and Algerian dialect. Our analysis encom-
passes a diverse range of deep learning models, from traditional architectures like CNN and
BiLLSTM, to more sophisticated structures such as hybrid models and BERT-based methodologies.

Category Model Accuracy% Arabic Acc.% Algerian Acc.%
. CNN 94.55 (+0.25) 92.04 (+0.78) 97.08 (+0.31)
Traditional BiLSTM 96.81 (+0.3) 95.34 (+1.55) 97.84 (+0.95)
Machine BiGRU 95.81 (+0.3) 96.31 (+1.54) 96.32 (1.57)
Learning CBiGRU 95.55 (+0.3) 94.73 (£1.77) 96.38 (+2.23)
Models CBiLSTM 95.63 (+0.23) 93.56 (+0.86) 97.71 (+0.52)
BERT-based Dziri-BERT 98.92 (+0.12) 98.09 (+0.28) 99.74 (+0.05)
Models MDA-BERT 98.96 (+0.08) 98.33 (+0.21) 99.59 (+0.04)
Our Model WASL-DI 99.24 (+0.02) 99.01 (+0.21) 99.46 (+0.09)

Table 5.4: Performance Results of Various Models for Dialect Identification, Including Accuracy
Metrics for Overall Performance, Arabic-Specific Accuracy and Algerian-Specific Accuracy. The
values reported are the mean accuracy across five runs with different random seeds, along with
the standard deviation.
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The results presented in Table 5.4 demonstrate the performance of baseline models and our
proposed approach. In the category of traditional machine learning models, the BiLSTM model
achieves the highest accuracy of 96.81% (+0.30), closely followed by the BIGRU and CBiLSTM
models. While these models are effective, they may not fully capture the intricate linguistic
features of dialects.

BERT-based models exhibit a significant improvement in accuracy, with Dziri-BERT achieving
98.92% (+0.12) and MDA-BERT at 98.96% (+0.08). As expected, Dziri-BERT performs best on
Algerian data (99.74%), given that it is specifically trained on this dialect, whereas MDA-BERT’s
performance across dialects reflects the benefits of training on broader dialectal data.

Notably, our proposed hybrid model not only surpasses both Dziri-BERT and MDA-BERT in
overall accuracy, achieving 99.24% (+0.02), but also excels in handling both Arabic and Algerian
categories. Although it does not outperform Dziri-BERT on Algerian data, it remains competitive
(99.46%), ensuring that it does not lag significantly behind. More importantly, it achieves the
highest performance on Arabic data (99.01%), contributing to its superior overall accuracy.

This balance between Arabic and Algerian accuracy indicates that the integration of CAMeL
BERT and FastText embeddings allows for effective transfer of MSA resources to dialectal
contexts without sacrificing performance in either category. The strong results across both
languages validate our assumption that MSA resources can be successfully leveraged to enhance

dialect identification.

5.3.4 Validation

To validate WASL-DI, we performed a 5-fold cross-validation technique. This approach systemati-
cally divides the available data into training and validation sets, and this procedure is carried
out for each fold. Ensuring every data point is used for both training and validation, and the

average performance across all folds is considered the final metric.
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Figure 5.5: 5-Fold Cross-Validation Results

The cross-validation results demonstrate the consistent performance of WASL-DI across
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different data partitions. The overall accuracy, MSA accuracy, and Algerian accuracy remained
relatively stable throughout the five folds, indicating that the model is not overly sensitive to the

specific data split and is capable of achieving high accuracy across different data partitions.

5.3.5 Robustness to Noisy and Incomplete Data

To evaluate the robustness of WASL-DI in real-world scenarios where data is often noisy or
incomplete, we conducted experiments by systematically introducing noise and incompleteness
into our dataset. These experiments simulate the challenges commonly encountered in real-
world applications, such as social media text or user-generated content, where noise (e.g., typos,
misspellings) and incompleteness (e.g., truncated sentences, missing words) are common. By
testing the model under these conditions, we aim to assess its ability to maintain high performance

in practical, imperfect environments.

5.3.5.1 Noisy Data Experiment

We introduced noise into our dataset using a custom noise function designed to simulate typos
and other common errors. This function randomly applies one of the following operations to each

input text:

Character Replacement: Randomly replaces characters with other ones (simulating

typos).

Character Insertion: Randomly inserts characters into the text (simulating extra

keystrokes).

Character Deletion: Randomly deletes characters from the text (simulating missing

keystrokes).

- Shuffling: Shuffles words or characters within the text (simulating disorganized input).

- No Operation: Leaves the text unchanged (to simulate cases where no noise is present).

The noise level was set to 10%, meaning each character had a 10% chance of being affected by
one of the noise operations. This level of noise simulates moderate to severe degradation of the

input data, including realistic typos and errors.

Examples of noisy sentences are shown in Table 5.5.
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Original Sentence Noisy Sentence
%uw%uwwuww.\:—hfg o»bw@wbdwy%gfkqfwa)f
ez 3,0053 tawbsle iz o) 0053 ielalfs dml Gﬂ
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Grand escro w criminal .... w criminal escro Grand ....

Table 5.5: Examples of noisy sentences

To evaluate the impact of noise on WASL-DI’s performance, we compared its accuracy on
clean data versus noisy data. The results, summarized in Table 5.6, demonstrate the model’s

ability to maintain high accuracy even when exposed to significant noise.

Data Accuracy%  MSA Accuracy% Algerian Accuracy%
Clean data 99.24 99.01 99.46
Noisy data 96.16 95.58 96.74

Table 5.6: Performance of WASL-DI on noisy data.

Despite the introduction of significant noise, including typos, across the entire dataset, WASL-
DI maintained a high accuracy of 96.16%, demonstrating its robustness to noisy inputs. The
minor drop in performance (3.08%) suggests that the model can effectively handle real-world

scenarios where data quality may vary.

5.3.5.2 Incomplete Data Experiment

To simulate incomplete data, we randomly removed words from all the data. The incompleteness
level was randomly chosen between 10% and 50% for each text, meaning that between 10% and
50% of the words in each sentence were removed. This simulates cases where parts of the text
are missing or truncated, such as fragmented user inputs. Examples of incomplete sentences are
shown in Table 5.7.

Table 5.7: Examples of incomplete sentences

Original Sentence Incomplete Sentence

Oslblels S als ST D08 -5 s> PAST s sl

S e I A U U DY B R S Py
trop chére a cause de notre dinars cause dinars

To measure WASL-DI’s ability to handle incomplete data, we tested its performance on the

incomplete data The results are shown in Table 5.8.
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Data Accuracy%  MSA Accuracy% Algerian Accuracy%
Clean data 99.24 99.01 99.46
Incomplete data 96.90 96.76 96.63

Table 5.8: Performance of WASL-DI on incomplete data.

The model achieved an accuracy of 96.90% on incomplete data, with only a 2.34% performance
drop compared to its performance on complete data. This demonstrates that WASL-DI is highly

robust to missing or truncated text.

The results underscore WASL-DI’s reliability in practical use cases, such as text processing in
noisy environments or applications with imperfect data sources. However, the minor performance
drop observed in these experiments suggests that there is room for improvement, particularly in

handling more extreme cases of data incompleteness and noise.

5.3.6 Generalizability of WASL-DI

To demonstrate the language independence of WASL-DI, we focused on its ability to generalize
across different Arabic dialects and data scenarios. The goal is to determine if a model pre-trained

solely on MSA could perform well across a diverse range of Arabic dialects.

5.3.6.1 Magharebi Dialect

We conducted a validation using a dataset of 1k sentences, with 250 sentences each from MSA,
Algerian, Moroccan, and Tunisian dialects. The training dataset was deliberately kept small,
250 sentences per dialect for training, 40 per dialect for validation, while the the remaining
data, comprising approximately 11.7k sentences per class, was used for testing. This setup was
intentionally designed to test the model’s ability to generalize from a minimal amount of training

data to a much larger and more diverse test set.

We evaluated WASL-DI, against DziriBERT, DarijaBERT, and MDA BERT, which were
pretrained on Algerian, Moroccan dialects, and diverse Arabic dialects, respectively. these models

were fine-tuned on the training set. The comparison results between them are shown in Table 5.9.
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Model Accuracy Algerian Morrocan MSA Accu- Tunisian
Accuracy Accuracy racy Accuracy
DziriBERT 71.72 98.21 52.60 70.67 65.35
Darija BERT 70.31 94.66 64.13 66.33 56.04
MDA BERT 60.29 88.98 43.41 63.72 44.94
WASL-DI 92.13 99.90 87.52 98.19 82.83

Table 5.9: Accuracy Comparison of DziriBERT, DarijaBERT, MDA BERT, and WASL-DI Across
Modern Standard Arabic (MSA) and Three Maghrebi Dialects (Algerian, Moroccan, and Tunisian).

As shown in Table 5.9, both DziriBERT and DarijaBERT perform notably better on Algerian
Arabic, achieving accuracies of 98.21% and 94.66%, respectively. In contrast, their performance
drops significantly when tested on other dialects, particularly Tunisian and MSA. MDA-BERT ,
which was pretrained on multi-dialect Arabic, achieves an overall accuracy of 60.29%, lower than
both DziriBERT and DarijaBERT. It performs best on Algerian Arabic (88.98%) but struggles
significantly on Moroccan and Tunisian.

For Moroccan Arabic, DziriBERT struggled, achieving only 52.60%, while DarijaBERT, pre-
trained on Moroccan Arabic, performed better, reaching an accuracy of 64.13%. MDA BERT,
despite being pretrained on multi-dialect data, achieved only 43.41% on Moroccan Arabic, indicat-
ing challenges in generalizing to this dialect. This result was expected, given that DarijaBERT
was specifically trained on Moroccan data. However, even DarijaBERT’s performance in its native
dialect was not high. All three models DziriBERT, DarijaBERT, and MDA BERT struggled even
more with Tunisian Arabic, which saw accuracies drop further, with DziriBERT reaching only
65.35%, DarijaBERT 56.04%, and MDA BERT 44.94%. This decrease in performance across
dialects highlights the difficulty in generalizing dialect-specific models like DziriBERT and
DarijaBERT to other, less similar varieties of Arabic. For MDA BERT, which was pretrained on
multi-dialect data, the challenges may stem from the diversity and complexity of the dialects it
was exposed to during pretraining, making it harder to achieve high accuracy on specific dialects
like Moroccan and Tunisian Arabic with limited data.When it came to MSA, DziriBERT slightly
outperformed DarijaBERT and MDA BERT, with accuracies of 70.67%, 66.33%, and 63.72%,
respectively. While these results are relatively better than the ones for Tunisian Arabic, they still
fall short. The strong performance on Algerian Arabic for both DziriBERT, DarijaBERT and MDA
BERT may be partially due to the fact that the Algerian dataset was extracted from a different
source compared to the other dialects. The Algerian dataset could possess distinctive features or
characteristics that make it easier for the models to classify, potentially explaining the higher
accuracies achieved for this dialect. These features might not be as present or recognizable in the
datasets for Moroccan, Tunisian, and MSA, leading to the models’ poorer generalization to these
other dialects.

In contrast, WASL-DI despite being trained on minimal data, achieved impressive results
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across all dialects, with an overall accuracy of 92.13%, significantly higher than DziriBERT,
DarijaBERT and MDA BERT, which achieved 71.72%, 70.31% and 60.29%, respectively, WASL-DI
shows an exceptional performance in classifying Algerian with 99.90% accuracy. It also achieved
good results in Moroccan Arabic at 87.52%, outperforming both DziriBERT, DarijaBERT, and
MDA BERT, which, despite their specialized training, achieved lower performance in these
dialect. Furthermore, the model achieved 98.19% accuracy in MSA and 82.83% for Tunisian
Arabic, indicating strong generalization capabilities. These results proves WASL-DIs ability to

generalize from a minimal amount of training data to a much larger and more diverse test set.

5.3.6.2 Arabic Dialects

We also evaluated WASL-DI using various MADAR datasets: MADAR-2 [124], MADAR-6,
MADAR-9 [124], and MADAR-26.

— MADAR-2: This dataset combines 25 different dialects into a single "dialect" class, contrast-
ing with MSA. This allows us to assess the models ability to differentiate between a wide
range of dialects and MSA.

— MADAR-6: This dataset includes six classes: Doha, Beirut, Cairo, Tunis, Rabat, and MSA.

— MADAR-9: In this dataset, sentences are grouped by region, resulting in nine classes: MSA,
Yemen, Maghrebi (including Tunisia, Morocco, and Algeria), Egypt, Libya, Gulf (covering
KSA, UAE, Qatar, Bahrain, Oman, and Kuwait), Sudan, Iraq, and Levant (including Syria,

Lebanon, Jordan, and Palestine).

— MADAR-26: This dataset features 25 distinct dialects from across the Arab world, in
addition to MSA.
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Models [124] WASL-DI
ArBERT-based CAMeL-based MDA-based

Accuracy 98.37 (+£0.04) 98.21 (+0.14) 98.25 (+0.14) 99.03 (+0.08)
Madar-2

Fl-score  87.98 (+0.48) 86.67 (+1.15) 86.67 (+0.35) 93.54 (+0.55)

Accuracy 91.09 (£0.17) 91.20 (+0.29) 91.20 (+0.29) 91.88 (+0.11)
Madar-6

Fl-score 91.10(+£0.18) 91.21 (+0.30) 91.21 (£0.30) 91.89 (+0.10)

Accuracy 79.28 (+0.50) 79.60 (£0.39) 78.60 (+£0.39) 79.95 (+0.18)
Madar-9

F1-score 75.75 (+0.64) 75.42 (£0.37) 75.42 (£0.37) 77.09 (£0.30)
Madar-26 Accuracy 57.57 (+£0.48) 61.66 (+£1.00) 58.71 (+0.12) 62.35 (+0.19)

F1-score 57.45 (+0.49) 61.59 (+1.12) 58.77 (+£0.09) 62.33 (+0.15)

Table 5.10: Performance Comparison of Various Models on the Madar Dataset, Including Results
from [124] and Our Proposed Model. The metrics presented are Accuracy and F1-score across
five runs with different random seeds, along with the standard deviation across different Madar
subsets (Madar-2, Madar-6, Madar-9, and Madar-26).

WASL-DTI’s consistently outperformed the other models across all MADAR datasets, as shown
in Table 5.10. The results underscore the effectiveness and adaptability of our approach in
handling the linguistic nuances in diverse dialectal variations.

To further validate the effectiveness of our approach, we conducted a comparative evaluation
against the work of Alsuwaylimi [33], which used different architectures and dataset. Their
dataset [32] included four distinct dialects: Egyptian, Tunisian, Yemeni, and Jordanian, with
approximately 38k samples. The models combined CAMeLBERT and ALBERT with BiLSTM,
focusing on various language tasks.

This comparison is particularly interesting because it highlights how different architectural
choices can influence the performance of dialect identification models. While both our and their
studies employed transformer-based model (CAMeLBERT) with a traditional deep learning ap-
proach BiLLSTM, our approach incorporates CAMeLBERT with BiGRU, which processes outputs
in parallel and concatenates them, in contrast to their sequential approach of passing CAMeL-
BERT’s output into a BiLSTM. This architectural difference likely contributed to the superior
performance of WASL-DI, as detailed in Table 5.11.

These results emphasize the superior performance and generalizability of our hybrid archi-

tecture.

5.4 Error Analysis and Model Limitations

Our model was designed to distinguish between MSA and the Algerian dialect, aiming for robust

performance across different language scripts. To understand the model’s classification behavior,
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Models [33] WASL-DI
CAMeLBERT + BiLSTM ALBERT + BiLSTM

Accuracy 87.67 86.51 88.41 (+0.22)

F1-score 87.76 86.69 88.49 (+0.17)

Table 5.11: Performance Comparison of Different Models on the Task, Highlighting Results from
[33] Using CAMeLBERT and ALBERT with BiLSTM Architectures, Alongside Our Proposed
Model. Metrics include Accuracy and F1-score.

we conducted an error analysis, beginning with an examination of the dataset composition.

The dataset includes sentences in two distinct scripts: Arabic and Arabizi, with Arabizi only
present in the Algerian dialect. This distribution raised questions about the influence of script on
classification, as visualizing the data showed a notable imbalance, with most sentences written in
Arabic. This script usage pattern may have influenced the models behavior, leading it to associate
Arabizi almost exclusively with the Algerian dialecta key point that emerged as we analyzed the
misclassifications.

Figure 5.6 presents the distribution of arabizi and arabic text across both categories MSA

and algerian.
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Figure 5.6: Distribution of Arabizi and Arabic text across MSA and Algerian categories.

As highlighted in figure 5.6, the overwhelming majority of the sentences were written in
Arabic, with Arabizi representing only a small proportion of the Algerian dialect instances. This
skewed distribution raises questions about its impact on the model’s behavior, particularly in

how it may influence the association of Arabizi with Algerian.
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The model’s confusion matrix presented in Figure 5.7 demonstrates its classification per-
formance for MSA and Algerian dialect sentences, considering both Arabic script and Arabizi

script.

Arabizi Script Arabic Script Arabizi Script Arabic Script
100% 99.18% 0% 0.82%
1417 55 0 55

Algerian

MSA

Algerian MSA

Figure 5.7: Confusion matrix of the model’s classification performance for MSA and Algerian
dialect sentences based on script (Arabic script vs. Arabizi script). The rows represent the true
labels, while the columns indicate the predicted labels.

The confusion matrix in 5.7 reveals that the model heavily relies on script as a key indicator
of dialect, achieving perfect accuracy (100%) for Algerian sentences written in Arabizi script,
with 1,417 instances and no misclassifications in this category. This suggests that Arabizi script
may serve as a strong marker for identifying the Algerian dialect, as all misclassified instances
occurred among sentences written in Arabic script.

To assess the model’s sensitivity to Arabizi, we conducted an experiment where a selection
of MSA sentences, originally written in Arabic, were chosen from the test set, specifically those
that the model had already classified correctly. These sentences were then transliterated into
Arabizi using Buckwalter transliteration [59], and input back into the model to observe any shift
in classification behavior.

This setup aimed to reveal whether the model relied heavily on script for its predictions or if
it could generalize based on linguistic features that are independent of the writing system.

The results of this experiment are summarized in table 5.12.

In the original form, all sentences were accurately classified as MSA, reflecting the models
ability to identify them when written in Arabic script. However, upon transliteration to Arabizi,
each of these sentences was misclassified as belonging to the Algerian dialect, despite the
linguistic content remaining unchanged. This consistent misclassification across the sentences
suggests a clear dependency on script as a distinguishing feature. The model appears to associate

Arabizi exclusively with the Algerian dialect, irrespective of actual linguistic indicators within
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Original Sentence Ground Predic- Transliteration Transliteration
truth tion Prediction
g L,Lj A s MSA MSA Eano baladK >aSabaha Algerian
Jetls oLl AlEafanu waAlfasaAdu waAlo-
jaholu
Jde o Jde a2 223l MSA MSA AloqiS apu mumotiEapN Algerian
Gl o g biey jid~FA jid~FA jid~FA wa-
Jodamn Y gl mufiydapN Hat~aY EalaY
tags 5,25 Oleglas Alomusotaway AlovaqaAfiy~i
li>n~ahaA botaEotamidu
EalaY maEoluwmaAtK
kaviyrapK Haqiyqiy~apK
sl S i Sy e MSA MSA jamiylN walakin~iy >aHoba- Algerian
Taet ok botu Alojuzo’a Al>w~ala >ako-
(ISP J
A1 vara
05wy cazh e W MSA MSA lugapu maniyfK fatinapN Algerian
gl e v . = wasaroduhu salisN mumotiEN.
) wi laA $ak a >an~iy >asifotu

Table 5.12: Examples of Original Sentences with Ground Truth and Model Predictions Before
and After Transliteration. This table compares the classification outcomes for Arabic script and
Arabizi transliterations of both MSA.

the sentence. Rather than focusing on vocabulary, syntax, or morphological differences that are
independent of script, the model has developed a bias towards identifying Arabizi as an Algerian

marker.

To further examine the model’s reliance on script, and whether the use of Arabic script affects
the model’s performance on Algerian dialect, we conducted a complementary experiment by
transliterating a selection of Algerian sentences originally written in Arabizi into Arabic script.
We chose sentences from the test set that the model had previously classified correctly as Algerian
when they were in Arabizi. After transliterating these sentences to Arabic script, we re-evaluated

them with the model to observe if the change in script would lead to any misclassification.
The results are presented in table 5.13.

In contrast to our previous experiment, the predictions presented in Table 5.13 show that
the model correctly classified the Arabic-script versions of these Algerian sentences as Algerian
dialect. This indicates that, despite the model’s tendency to associate Arabizi with Algerian, it
can still recognize Algerian dialectal features when they are presented in Arabic script. This
suggest that, while the model does have a strong association between Arabizi and the Algerian
dialect, it is still able to capture some inherent linguistic characteristics of Algerian that are

independent of script, which demonstrates a level of generalization within the model that allows
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Original Sentence Ground Predic- Transliteration Transliteration
truth tion Prediction

Yakhi chiyat Algerian  Algerian ol 5L Algerian

diralna 208 wal clio 4 Algerian  Algerian 4,5 Y,802U, Algerian

bral andah golf 7 w yadra Algerian Algerian |5 47 (d ode Jo  Algerian
mayadrafch yahdar b 5 an

vrm mr¢ rabi y3tik ma tat- Algerian  Algerian  &lha 3, o,k 053 Algerian
mana i SF b

Table 5.13: Examples of Original Sentences with Ground Truth and Model Predictions Before
and After Transliteration. This table compares the classification outcomes for Arabic script and
Arabizi transliterations of Algerian dialect sentences.

it to maintain accuracy on Algerian text even when the script changes to Arabic.

The model’s inconsistent reliance on script-specific cues raises practical concerns, especially
in real-world applications where both MSA and Arabic dialects can appear in either Arabic or
Arabizi script. This script-switching is common on social media platforms, where users frequently

shift between scripts, making it crucial for models to generalize effectively across both formats.

5.4.1 Isolating Script Influence: A Balanced Dataset Experiment

To verify whether the model’s strong association between Arabizi and the Algerian dialect was due
to an inherent limitation or simply a result of dataset imbalance, we extended our investigation
by constructing a more controlled setup. As shown in Figure 5.6, Arabizi was overwhelmingly
associated with the Algerian class—only about 13K out of 82K Algerian sentences were written
in Arabizi, while MSA contained none. To mitigate this imbalance and test the assumption that
the issue was data-driven, we transliterated an additional 30K Algerian sentences from Arabic
script into Arabizi, increasing Arabizi representation within the Algerian class to approximately
half of the Algerian data. We also transliterated 40K MSA sentences into Arabizi to introduce
this script into the MSA class for the first time. This adjustment resulted in a balanced dataset
where both scripts (Arabic and Arabizi) appeared in both classes (MSA and Algerian) almost
equally, allowing us to isolate script influence and determine whether the model’s behavior was
shaped by script distribution in the data or by deeper model limitations.

After training the model on this balanced dataset, we observed a significant shift in classi-
fication behavior. The model no longer misclassified MSA sentences as Algerian when written
in Arabizi, nor did it rely solely on script as a distinguishing feature. In fact, it correctly classi-
fied all the instances—from the previous experiment 5.12 and 5.13—in both their original and
transliterated forms. This demonstrates that the model is now relying on linguistic content rather

than script alone, providing strong evidence that the initial misclassifications were the result of
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dataset imbalance rather than an inherent model limitation.

However, we observed a slight drop in overall accuracy compared to the original dataset. As
shown in Table 5.14, the models accuracy decreased to 98.27%, a minor reduction in exchange for

eliminating script-based bias.

Table 5.14: Performance of WASL-DI on balanced data.

Data Accuracy% MSA Accuracy% Algerian Accuracy%
Original Dataset 99.24 99.01 99.46
Balanced Dataset 98.27 98.18 98.35

This experiment provides strong evidence that the original models reliance on script was
a dataset-driven problem rather than a fundamental flaw in its design. By ensuring that both
scripts (Arabic and Arabizi) appeared in both categories (MSA and Algerian) almost equally, we
enabled the model to generalize better across scripts. Although the model’s accuracy slightly

decreased, this trade-off eliminated script-based bias, making the model more robust.

5.5 Ablation Study

To comprehensively evaluate the significance of each component within WASL-DI architecture,
we conducted a thorough ablation study to understand how individual elements contribute to
overall performance, allowing us to isolate the effects of specific features. We began by assessing
the impact of using pre-trained weights from BERT and FastText, the goal of this phase was to
determine whether the inclusion of these pre-trained weights significantly enhances the model’s
ability to accurately identify dialects compared to using randomly initialized weights.

Following this, we performed a component-wise ablation analysis to investigate the con-
tributions of specific model components. By incrementally adding components and comparing
the model’s performance against both the full architecture (to assess the impact of the added
component) and the previous model! (to gauge progress towards the goal), we aimed to identify
which parts were critical for achieving optimal accuracy. Each configuration was trained multiple
times using different random seeds to ensure robust results.

We trained each model five times with different random seeds to mitigate the effects of
random initialization. To evaluate statistical significance, we computed McNemar’s test for each
seed and paired t-tests across the five runs. We employed these tests to assess the significance of
performance differences, providing a comprehensive understanding of how individual features

and pre-trained weights influenced dialect identification.

IThe term "Previous Model’ refers to the model mentioned directly above in the table, which serves as the baseline
for comparison in the subsequent row.
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5.5.1 Impact of Pre-trained BERT and FastText Weights

Table 5.15 presents the outcomes of training WASL-DI using random initialization for both the
BERT model and the Embedding Layer.

The results indicate a significant performance drop when compared to the full model that
uses pre-trained weights. Specifically, the accuracy values drop considerably, and the associated
p-values from McNemar’s test from each seed and the one from paired t-test strongly indicate

that the differences to the full architecture are statistically significant.

Seed Accuracy McNemar’s p-value Paired t-Test p-value
42 97.74 3.46x 10~
200 97.77 5.23x 10743 5
0.3x10"
250 98.04 8.49 x 10737
300 98.11 5.85 x 10735
350 98.29 1.50 x 10724

Table 5.15: Impact of Random Initialization on Model Performance with BERT and FastText. This
table displays the accuracy results obtained from training the model with randomly initialized
BERT weights and the corresponding p-values from McNemar’s test and paired t-test.

5.5.2 Component-wise Ablation

In our component-wise ablation study, we systematically evaluated different configurations of
WASL-DI to understand the contributions of each architectural element. Starting from a basic
CNN architecture and progressively integrating additional layers, to assess their impact on
performance.

The results demonstrate that the CNN-only model exhibits a significant performance drop,
highlighting its limitations in capturing the complexities of dialect identification. By integrating a
GRU layer, we observed a marked improvement in accuracy, supported by statistically significant
p-values from both McNemar’s test and paired t-tests.

Further enhancements come from incorporating an attention mechanism, which allows the
model to focus on relevant parts of the sequence. This leads to even higher accuracy.

Ultimately, the full model, which incorporates CAMeL BERT, achieved the highest accu-
racy, confirming the effectiveness of leveraging advanced embeddings alongside well-designed

architectural components.

5.6 Conclusion

In this part of our research, we proposed a hybrid model that leverages cross-lingual transfer

learning to address the challenges of dialect identification between MSA and Algerian Arabic,
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Ablation Seed Accu- McNemar’s McNemar’s Paired Paired
Model racy p-value (vs. Full p-value t-Test t-Test
Model) Previous Model) p-value p-value (vs.
(vs. Full Previous
Model) Model)
42 9456  4.02x107186 —
200 94.04  1.72x 107214 —
CNN 250 94.48  4.3x1071%0 — 8.66x 1077
300 94.56  2.18x 10719 —
350 94.28  5.73x107201 —
42 96.36  1.22x107100 1.08 x 10726
Previous 200 96.27  3.16x 107107 1.21 x 10751
Model + 250 96.04  2.12x10718 7.24 x 10717 1.67x107% 9.65x1075
MLP 300 9629  6.6x107112 2.27x 10739
350 96.34  1.09x 107102 5.89 x 10735
42 96.71  4.26x10780 0.3x1072
Previous 200 97.20 2.86x107%3 1.06 x 10716
Model + 250 97.21  1.23x107%6 3.6x10724 3.11x107° 0.3x1072
GRU 300 97.28  1.08x107%2 5.29 x 10720
350 97.18  9.38x107%8 1.97 x1071°
42 9743  6.56x107%3 1.48 x 10711
Previous 200 97.49  7.3x107°° 0.7x1073
Model + 250 97.49  3.68x 10741 0.4x1073 593x1078 0.15x107!
Attention 300 97.50  4.29x1074° 0.13x 107!
350 97.50  2.75x 1072 0.19x 1073
Full Model 42 99.23 — —
(Previous 200 99.22 —_ —
Model + 250 99.28 — — — —
CAMeL 300 99.24 — —
BERT) 350 99.21 — —

Table 5.16: Results of the component-wise ablation study, showcasing the accuracy and statistical
significance of various model configurations. The values reported are the accuracy across five

runs with different random seeds, along with the tests p —values

a low-resource dialect. By utilizing the extensive linguistic resources available in MSA, our

approach compensates for the scarcity of annotated data, a common limitation in dialectal

NLP. Our model combines pre-trained language representations with deep learning techniques,

capturing both contextual and dialect-specific features. As a result, the model demonstrates

superior performance compared to baseline models, and previous approaches. Its ability to

generalize across diverse dialects and maintain stability with limited training data showcases its

adaptability and effectiveness. Through this chapter, we directly addressed Research Questions 2,

3, and 4, by evaluating the generalizability of MSA-based models to dialectal Arabic, examining
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their ability to distinguish dialectal features, and testing the benefit of combining complementary
representations to enhance dialect modeling.

Our work contributes substantial progression NLP for low-resource languages, highlighting
the potential of cross-lingual transfer learning from high-resource languages. By adapting MSA
resources to dialects with limited data, our approach addresses both the scarcity of annotated data
and the linguistic diversity across dialects. The integration of MSA embeddings with specialized
model layers results in a scalable architecture capable of capturing both high-level language
patterns and the unique nuances specific to dialects. This approach not only narrows the gap
between high- and low-resource languages but also offers a flexible framework applicable to
various challenges in both dialectal and low-resource NLP tasks. Furthermore, the adaptability
of this framework has broad implications for industries that rely on NLP, such as automated
customer support, sentiment analysis, and content moderation, particularly in dialect-rich regions.
Ultimately, this work extends NLP capabilities to under-resourced dialects and languages,
promoting greater accessibility, inclusivity, and empowerment for speakers of underrepresented
dialects and languages.

In conclusion, this research demonstrates the power of cross-lingual transfer learning in
overcoming the challenges of low-resource dialect identification. By harnessing MSA’s linguistic
resources, we have developed a robust and adaptable model that addresses the limitations faced
by dialect-rich regions, especially those with scarce annotated data. This approach not only
contributes to the field of NLP but also lays the groundwork for future research aimed at creating
more inclusive language technologies for diverse global communities.

While this chapter relies on pre-trained MSA models to transfer linguistic knowledge, the
next chapter advances this approach by directly harnessing MSA data through a multitask and
multisource learning framework. This framework simultaneously performs sentiment analysis
on Algerian Arabic while utilizing MLM on MSA, allowing the model to dynamically share
linguistic features between the two tasks. By integrating a shared MoE layer with self-attention
mechanisms, this approach aims to capture both dialect-specific nuances and general linguistic

patterns from MSA, further enhancing performance across diverse dialectal and task settings.
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CHAPTER

MULTITASK LEARNING FOR SENTIMENT ANALYSIS IN ALGERIAN
ARABIC: A TRANSFER-BASED FRAMEWORK SILAA-SA

his chapter introduces SILAA-SA, a multitask learning framework designed to address
sentiment analysis in Algerian Arabic. Building on the foundations of cross-lingual trans-
fer and hybrid modeling, SILAA-SA integrates shared knowledge between MSA and
dialectal data through a Mixture-of-Experts architecture. The chapter includes extensive evalua-

tions across several datasets and tasks to validate the model’s generalizability and scalability.

Building on prior work that leveraged pretrained linguistic knowledge from MSA to improve
dialect identification, this chapter adopts a distinct approach by focusing on utilizing data
resources. While the previous chapter demonstrated the effectiveness of hybrid models combining
CAMeLBERT and FastText embeddings to transfer knowledge across linguistic varieties, the
current exploration shifts the focus toward harnessing diverse datasets to address dialectal
variability.

Data-driven methodologies provide a complementary avenue for enhancing dialect identi-
fication, particularly when large-scale annotated resources are available. Unlike approaches
dependent on pretrained models, which rely on prior linguistic representations, data-centric
strategies leverage extensive and diverse samples to capture dialect-specific nuances directly.
This paradigm acknowledges that while pretrained models are valuable for transferring general-
ized knowledge, a robust collection of dialectal data can expose fine-grained variations that are
otherwise difficult to capture.

To address these limitations, we propose SILAA-SA (Shared Integration of Low-resource
Algerian and Arabic for Sentiment Analysis), a novel multitask learning framework designed to
enhance sentiment analysis in low-resource dialects by leveraging MSA data as an auxiliary task.

4.
The name "SILAA" is derived from the Arabic word "sila" (4.), meaning "connection," reflecting
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its role in linking MSA and Algerian Arabic. Unlike traditional transfer learning, which relies
solely on fine-tuning for a single task, SILAA-SA introduces a multitask learning paradigm
that simultaneously performs sentiment analysis on Algerian Arabic and MLM on MSA. This
approach allows the model to leverage the rich linguistic resources of MSA while adapting to the

unique characteristics of Algerian Arabic.

SILAA-SA integrates QARiIiB BERT embeddings [3] and self-attention mechanisms to process
both Algerian Arabic and MSA inputs. The model uses separate BERT encoders for senti-
ment analysis (Algerian Arabic) and masked language modeling (MSA), each followed by a
self-attention layer to capture contextual relationships. The outputs from both tasks are then fed
into a shared MoE layer [95, 98], which dynamically combines the knowledge from sentiment
analysis and MLM using a gating mechanism. Finally, the outputs from the MoE layer are passed
through task-specific heads: a classification layer for sentiment analysis and an MLM head for
masked language modeling. This architecture allows SILAA-SA to effectively capture shared
linguistic features while adapting to the unique characteristics of Algerian Arabic, offering a
promising solution to the challenges of low-resource NLP.

The key innovation of SILAA-SA lies in its ability to bridge the gap between high-resource
MSA and low-resource Algerian Arabic. By employing a multitask learning paradigm, The shared
MoE layer dynamically balances shared linguistic features and dialect-specific nuances, enabling
the model to generalize effectively across datasets and tasks.

This analysis builds on insights from the hybrid cross-lingual model in the previous chapter
while presenting a comparative framework that emphasizes data as a primary driver of model
performance. Through systematic experimentation, we evaluate the extent to which richer and
more representative datasets contribute to improving classification accuracy and cross-dialect
generalization, offering a complementary perspective on advancing Arabic dialect NLP beyond

the confines of pretrained model dependence.

Our contributions in this chapter are as follows:

- We introduce SILAA-SA, a multitask learning framework designed to enhance sentiment
analysis in low-resource Algerian Arabic by leveraging the already available resources of
MSA. Unlike traditional transfer learning approaches, which rely solely on limited dialect-
specific data, SILAA-SA uses MSA as an auxiliary task to enrich the model’s linguistic
knowledge. By fine-tuning on QARiB BERT (a model trained on both MSA and dialectal
data) and leveraging MSA’s rich syntactic and semantic resources, SILAA-SA significantly

improves performance and generalization for low-resource dialects.

- We propose a novel architecture that integrates BERT embeddings, self-attention mecha-
nisms, and a shared MoE layer. This architecture dynamically balances shared linguistic

features and dialect-specific nuances, improving generalization across datasets and tasks.
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- We conduct extensive experiments on multiple datasets, including Algerian, Tunisian, and
Moroccan Arabic, demonstrating Silaa-SA’s cross-dialect generalization and superior per-
formance in sentiment analysis. Additionally, we evaluate Silaa-SA on fake news detection,
showcasing its cross-task generalization and ability to adapt to different NLP tasks. This

dual capability highlights Silaa-SA’s robustness and versatility in low-resource settings.

- We provide a comprehensive analysis of the model’s performance, including ablation studies,

to identify the contributions of individual components.

Publication Note

The work presented in this chapter has been submitted as a journal paper and is currently under

review in IEEE Transactions on Affective Computing.

- M. Chabane, F. Harrag, and K. Shaalan. (2025). SILAA-SA: A Multitask Mixture-of-Experts
Framework for Sentiment Analysis in Low-Resource Arabic Dialects via Modern Standard

Arabic Transfer. IEEE Transactions on Affective Computing. Under review.

6.1 Related Works

Sentiment analysis has been the focus of various studies, as outlined in the related work section
(see Chapter 3, particularly Section 3.2).

In addition to the studies previously mentioned, we incorporated insights from the following
three studies that extend the application of sentiment analysis in Arabic dialects, which have
provided new methodologies and findings that further refine sentiment classification techniques,
particularly for underrepresented dialects.

For instance Abdedaiem et al. [2] introduced FASSILA, a specialized corpus designed for
Fake News detection and Sentiment Analysis in the Algerian Dialect. The corpus comprises
10,087 sentences with over 19,497 unique words. FASSILA covers seven domains, including
politics, health, and sports. The authors conducted experiments using BERT-based models (e.g.,
AraBERT, DziriBERT, MarBERT) and traditional Machine Learning models (e.g., SVM, Logistic
Regression, Decision Trees). Among the transformer-based models, AraBERTv02 performed
best for sentiment analysis with an accuracy of 83.92% and an F1-score of 80.35%. For machine
leanring models, SVM showed consistent performance across embeddings, particularly with
AraBERTv02, achieving the best performance across all models with an accuracy of 84.42% and
an F1-score of 80.96% for sentiment analysis.

Rahab et al. [133] conducted sentiment analysis on comments from Algerian newspaper
websites, focusing on classifying opinions into positive, negative, and neutral categories. The

study utilized two corpora: SANA, a newly created corpus of comments from three Algerian
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newspapers, and OCA, a publicly available Arabic sentiment analysis corpus. The authors
employed three classifiers—SVM, Naive Bayes, and KNN—and evaluated their performance
using 10-fold cross-validation. Naive Bayes achieved the highest accuracy on both corpora: 89.80%
on the OCA corpus and 75.00% on the SANA corpus.

the authors in [118] experimented with sentiment analysis in the context of Tunisian Arabic,
a dialect that poses unique challenges. They emphasize the role of deep learning architectures
like LSTM and BERT-based models, in improving sentiment classification accuracy. The study
notes that traditional sentiment analysis tools designed for MSA often underperform on Tunisian
dialect data due to its distinct morphological and lexical characteristics. The authors propose
leveraging transfer learning and dialect-specific embeddings to enhance model performance,
using TSAC dataset [117] their best model is TunoBert-CNN which achieved an accuracy of
90.8% and an F1-score of 91.05%.

Work Data Model Class Accuracy % F1-score %
Abdedaiem . AraBERTv02 83.92 80.35
Fassila 3
AraBERTv02 84.42 80.96
Embedding
SANA 3 70.00 —
Rahab et Naive B
aive Bayes
al.[133]  SANA Y
Without 2 75.00 —
Neutral
OCA 2 89.80 —
Mechti et
TSAC TunoBERT-CNN 2 90.80 91.05
al. [118]

Table 6.1: Summary of Additional Sentiment Analysis related works.

6.2 Methodology

In this section, we present the methodologies and models we used in the sentiment analysis. We
begin by describing the baseline model architectures, followed by the introduction of our novel
multitask learning framework. A detailed explanation of the architectures is provided, along with
the hyperparameters and training procedures adopted to ensure consistent and robust evaluation

across all experiments.
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6.2.1 Hyperparameters Summary

To ensure consistency and fairness, all models were trained using the same set of hyperparame-
ters. Table 6.2 summarizes the key hyperparameters used for both the baseline models, and the

proposed multi-task approach.

Parameters Value
Batch size 32
Learning rate 8x107°
Optimizer AdamW
Sequence Length 50

Table 6.2: The hyperparameters of our models

6.2.2 Baselines

In this section, we present the baseline architectures for our study. Three variants of the archi-
tecture are proposed, each using a different layer: BIGRU, BiLSTM, or CNN. All architectures
leverage QARiIB BERT embeddings as the foundation for capturing contextualized representa-
tions of the input text. Additionally, we explore a variant of each baseline that incorporates a

self-attention mechanism.

) T TeTe ;
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. h @ . - . - . [ S
Algerian . el Classification
Data . I/ N Layer

{
i

Qarib BERT Embedding !

Dynamic Layer

Figure 6.1: Baseline unitask learning architecture with self-attention. The architecture combines
QARiB BERT embeddings, and a dynamic layer (BiGRU, BiLSTM, or CNN).

The architecture without self-attention, shown in Figure 6.1, begins with QARiB BERT em-
beddings, which provide rich contextualized representations of the input text. These embeddings

are passed through a dynamic layer, implemented as one of three options:

- BiGRU: A bidirectional Gated Recurrent Unit (GRU) that processes the sequence in both

forward and backward directions to capture temporal dependencies.
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- BiLSTM: A bidirectional Long Short-Term Memory (LSTM) network that enhances the

model’s ability to capture long-range dependencies in the input sequence.

- CNN: A Convolutional Neural Network that extracts local features from the sequence

using convolutional filters.

The output of the dynamic layer is passed through a fully connected layer for classification.

= |
=
—> |
@ £ .
@ 2 @
— o —
O = @ @
Algerian . Classification
Data . Layer
O — 2
i Self Attention

Qarib BERT Embedding

Dynamic Layer

Figure 6.2: Baseline unitask learning architecture with self-attention. The architecture combines
QARiB BERT embeddings, a dynamic layer (BiGRU, BiLSTM, or CNN), and a self-attention
layer.

The architecture with self-attention, depicted in Figure 6.2, extends the previous model by
incorporating a self-attention layer. Similar to the first architecture, it begins with QARiB BERT
embeddings, which are processed by a dynamic layer (BiGRU, BiLSTM, or CNN). The output of
the dynamic layer is then passed through a self-attention layer, which computes attention scores
to weigh the importance of different parts of the input sequence. This allows the model to focus
on the most relevant features for the task. The attended output is fed into a fully connected layer

for final classification.

6.2.3 Proposed Approach

In this section, we describe the proposed multitask learning model, designed primarily for
sentiment analysis. To enhance the model’s ability to capture linguistic nuances, we incorporate
MLM as a helper task. The MLM task facilitates knowledge sharing and improves the model’s
understanding of contextual features, though its predictions are not the primary focus. Figure 6.3

illustrates the architecture of our proposed model.
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Figure 6.3: Proposed multitask learning architecture combining BERT embeddings, self-attention,
and a shared MoE layer.

The architecture integrates Qarib-BERT embeddings, task-specific self-attention layers, and
a shared MokE layer to effectively capture both global contextual and task-specific features. Below,

we describe the key components and their roles in the architecture.

BERT Encoders

- Sentiment Analysis (Main Task): A Qarib-BERT model processes the input sequence to
produce contextualized embeddings. These embeddings capture the semantic and syntactic

information of the input text.

- Masked Language Modeling (Helper Task): A Qarib-BERT encoder, configured for masked
language modeling, processes the input sequence with masked tokens and produces hidden
states. While the MLM task is not the primary focus, it serves as a helper task to improve the
model’s understanding of contextual features, which indirectly benefits the main sentiment

analysis task.

Task-Specific Self-Attention Layers

- Each task is equipped with a self-attention layer that refines the token representations by
computing attention scores. These scores determine the importance of each token relative

to others in the sequence, allowing the model to focus on task-relevant information.

Shared Mixture of Experts Layer

The MoE layer is shared across both tasks and consists of multiple experts, each implemented
as a feedforward neural network. A gating mechanism computes weights (gate scores) that

determine the contribution of each expert to the final output. These weights are used to combine

137



CHAPTER 6. MULTITASK LEARNING FOR SENTIMENT ANALYSIS IN ALGERIAN ARABIC:
A TRANSFER-BASED FRAMEWORK SILAA-SA

the outputs of all experts using a weighted sum, allowing the model to dynamically adjust the

importance of each expert based on the input.

- Experts: Each expert processes the input independently, capturing different aspects of the

data. This allows the model to learn diverse representations that are useful for both tasks.

- Gating Mechanism: Computes gate scores to determine the contribution of each expert,

ensuring that the most relevant experts are prioritized for each input.

- Output: A weighted combination of the expert outputs, which is then passed to the task-
specific heads.

Task-Specific Heads

* Sentiment Analysis
— The output of the MoE layer is pooled using global average pooling to reduce the
sequence dimension.
— A dropout layer is applied for regularization.
— A fully connected layer maps the pooled embeddings to the number of sentiment

classes, producing the final sentiment classification output.

* Masked Language Modeling

— The output of the MoE layer is passed through the MLM classification head, which

produces logits for predicting the masked tokens.

6.3 Experimentation and Results

This section outlines our experimental framework, covering the datasets utilized for training,
the obtained results and their analysis, the validation procedures, an investigation into the
generalizability of SILAA-SA.

6.3.1 Dataset

To support robust model training and facilitate effective knowledge transfer from MSA, we
complement the Algerian dialectal dataset with a well-established MSA corpus. This inclusion
enables the model to leverage general Arabic linguistic structures and vocabulary, bridging the

gap between resource-rich MSA and the under-resourced Algerian dialect.
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6.3.1.1 Algerian Dataset

We used the FASSILA Corpus [2], a specialized dataset for Sentiment Analysis and Fake News
detection, in the Algerian Dialect. The corpus consists of 10,087 sentences with over 19,497
unique words, covering seven domains: politics, health, sports, car prices, tourism, eCommerce,
and car accidents. Data was collected from diverse sources, including social media, existing
datasets, handcrafted sentences by native Algerian speakers, and GPT-4-generated paraphrased
sentences.

For Fake News detection, the corpus contains 5,393 real and 4,694 fake sentences, ensuring
a balanced distribution. Although Fake News detection is not the main focus of this study, we
later utilize this portion of the dataset to assess the generalizability of our model across different
tasks. For Sentiment Analysis, sentences are labeled as positive, negative, or neutral. Figure 6.4
illustrates the distribution of sentiment labels across the dataset, providing a clear overview of

the data composition.

Figure 6.4: The distribution of sentiment labels across the dataset.

6.3.1.2 MSA Dataset

In addition to the FASSILA Corpus, we utilized the HARD (Hotel Reviews Arabic Dataset) [77]
for the MLM task. The HARD dataset consists of hotel reviews in Arabic. The dataset includes a

wide range of reviews, providing rich and varied language patterns.

To ensure a balanced training phase, we incorporated an equivalent number of samples from
the HARD for the MLM task.

6.3.2 Results and Discussion

In this section, we present and discuss the experimental results obtained from evaluating various
baseline models and ou proposed model, on the task of sentiment analysis. The performance of
these models is assessed using standard evaluation metrics, including accuracy, F1-score, recall,

and precision.
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6.3.2.1 Baseline Results

Model Acc. % F1-Score %  Recall % Precision %
BERT-BiGRU 84.57 78.53 79.01 79.36
BERT-BiGRU with attention 85.35 80.31 80.48 81.77
BERT-BiLSTM 83.59 77.67 79.50 78.32
BERT-BiLSTM with attention 83.40 78.47 80.19 78.75
BERT-CNN 85.55 78.81 79.76 80.33
BERT-CNN with attention 84.28 78.69 81.48 78.27

Table 6.3: Performance comparison of different baseline models architectures on the task, eval-
uated using accuracy Accuracy, F1-score, recall, and precision. The models include BERT com-
bined with BiGRU, BiLSTM, and CNN, both with and without attention mechanisms. The
best-performing values for each metric are highlighted in bold.

The results presented in Table 6.3 highlight the performance of our baselines, BERT-based
architectures in conjunction with BiGRU, BiLSTM, and CNN, evaluated using accuracy, F1-
Score, recall, and precision. Among the architectures, BERT-BiGRU with attention demonstrates
superior performance in terms of F1-Score (80.31%) and precision (81.77%), indicating that the
attention mechanism effectively enhances the GRU’s ability to balance precision and recall.
The BERT-CNN model achieves the highest accuracy (85.55%). Interestingly, when paired with
attention, the CNN model achieves the highest recall (81.48%), suggesting improved sensitivity

in identifying sentiments but at the cost of a slight reduction in precision and accuracy.

The introduction of attention mechanisms consistently benefits BIGRU and BiLSTM models,
as seen by improvements in precision and recall metrics. However, the effect of attention on
CNN-based models is more nuanced, with noticeable gains in recall but slight trade-offs in other

metrics.

Overall, the results illustrate that attention mechanisms, when carefully integrated, can
significantly enhance performance, particularly in recurrent architectures like BiGRU and
BiLSTM. The observed variations across metrics further emphasize the importance of aligning

model selection with the specific demands of the task.

6.3.2.2 Proposed Approach Results

Table 6.4 presents SILAA-SA’s performance on the FASSILA dataset for sentiment analysis. The
model achieves an accuracy of 86.81%, along with an F1-Score of 84.46%, a recall of 83.74%, and
a precision of 85.44%.
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Model Acc. % F1-Score % Recall % Precision %
SILAA-SA 86.81 84.46 83.74 85.44

Table 6.4: Performance of SILAA-SA on the FASSILA dataset for sentiment analysis. Metrics
include Accuracy, F1-Score, Recall, and Precision.

Compared to the best-performing baseline models, SILAA-SA achieves notable improvements
across all evaluation metrics. While the BERT-CNN model yields the highest accuracy among
baselines at 85.55%, SILAA-SA surpasses this with an accuracy of 86.81%. In terms of F1-score,
SILAA-SA attains 84.46%, outperforming the BERT-BiGRU with attention, which had the best
F1-score among the baselines at 80.31%. Similarly, SILAA-SA achieves higher recall (83.74%
vs. 81.48%) and precision (85.44% vs. 81.77%) compared to the best respective values from the
baselines. These results suggest that SILAA-SA not only maintains a strong balance between
precision and recall, but also outperforms both attention-based and non-attention-based BERT
model variants in overall classification performance.

To establish SILAA-SA’s effectiveness on the dataset used in our study, we compare its

performance with models evaluated in the original FASSILA dataset paper.

Dataset Study Model Acc. % F1-Score % Recall % Precision %
Arabertv02 83.92 83.03 83.03 78.19

E?SSILA (21 Arabertvo2-KNN  84.22 80.66 82.23 79.29
Arabertv02-SVM  84.42 80.96 82.22 79.82
SILAA-SA 86.81 84.46 83.74 85.44

Table 6.5: Comparison of SILAA-SA with models from the FASSILA dataset study. The table
presents the performance metrics (Accuracy, F1-Score, Recall, and Precision) of SILAA-SA against
the models evaluated in the original FASSILA dataset paper on the task of Sentiment Analysis.

As shown in table 6.5 SILAA-SA achieved an accuracy of 86.81%, outperforming the best
accuracy achieved by AraBERTv02-SVM (84.42%). Additionally, SITLAA-SA demonstrates superior
performance across all metrics: it achieves an F1-Score of 84.46%, higher than the best F1-Score
achieved by AraBERTv02’s 83.03%, indicating a better balance between precision and recall; a
recall of 83.74%, surpassing the best recall achieved by AraBERTv02 (83.03%), and a precision
of 85.44%, exceeding the best precision achieved by AraBERTv02-SVM (79.82%). These results
underscore SILAA-SA’s robust performance on the FASSILA dataset, validating its effectiveness

for the task and dataset used in our study.

6.3.3 Generalizability of SILAA-SA

In this section, we evaluate the generalizability of SILAA-SA across different languages, tasks,

and datasets. We demonstrate its robustness by comparing its performance against state-of-the-
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art models on multiple benchmarks, including sentiment analysis and fake news detection tasks.
The results highlight SILAA-SA’s ability to adapt to diverse linguistic contexts and tasks.

Dataset Study Model Acc. % F1-Score % Recall % Precision %
SANA [133] [133] NB 75.00 — — —
SILAA-SA 88.64 88.63 88.64 88.72

Table 6.6: Comparison of SILAA-SA with state-of-the-art models on Algerian dialect sentiment
analysis task. The table presents the performance metrics (Accuracy, F1-Score, Recall, and
Precision) of SILAA-SA against other models on the SANA dataset.

As shown in Table 6.6, SILAA-SA significantly outperforms the previously reported results on
the SANA dataset. While the earlier study reported an accuracy of 75% using a Naive Bayes (NB)
classifier, SILAA-SA achieves a substantially higher accuracy of 88.64%, along with balanced
and consistently high scores across F1-Score, Recall, and Precision. These results reinforce
SILAA-SA’s ability to generalize effectively beyond the FASSILA dataset.

6.3.3.1 Language Independence

To assess SILAA-SA’s language independence, we evaluate its performance on sentiment analysis

tasks across Magharebi dialects, Moroccan and Tunisian, and other multi-dialect arabic datasets.

Dataset Study Model Acc. % F1-Score % Recall % Precision %
[86] DarijaBERT 90 87.7 87.3 88.1
MAC [82] Arabertv2 89.6 87.2 87.4 87
[115] QARIB 89.96 88.04
SILAA-SA 92.32 90.77 91.02 91.07
MYC [97] [86] Darijabert-arabizi 85.6 85.6 85.6 85.6
SILAA-SA 87.25 87.22 87.40 87.18

Table 6.7: Comparison of SILAA-SA with state-of-the-art models on Moroccan dialect sentiment
analysis tasks. The table presents the performance metrics (Accuracy, F1-Score, Recall, and
Precision) of SILAA-SA against other models on the MAC and MYC datasets

Table 6.7 compares SILAA-SA with state-of-the-art models on the MAC and MYC datasets,
which focus on Moroccan dialect sentiment analysis. On the MAC dataset, SILAA-SA achieves an
accuracy of 92.32%, surpassing DarijaBERT (90%), AraBERTv2 (89.6%), and QARIB (89.96%).
Similarly, on the MYC dataset, SILAA-SA achieves an accuracy of 87.25%, outperforming
DarijaBERT-Arabizi (85.6%), and demonstrating superior performance across all other met-

rics, including F1-score, recall, and precision, on both datasets.
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Dataset Study Model Acc. % F1-Score % Recall % Precision %
[118] TunoBert-CNN 90.8 91.05 90.8 91.3
TSAC [117] CNN-LSTM 81.6 84.36 75.3 95.9
SILAA-SA 94.47 94.44 94.70 94.34

Table 6.8: Comparison of SILAA-SA with state-of-the-art models on Tunisian dialect sentiment
analysis task. The table presents the performance metrics (Accuracy, F1-Score, Recall, and
Precision) of SILAA-SA against other models on the TSAC dataset.

Table 6.8 presents the comparison of SILAA-SA with state-of-the-art models on the TSAC
dataset, which focuses on Tunisian dialect sentiment analysis. SILAA-SA achieves an accuracy
of 94.47%, outperforming TunoBERT-CNN (90.8%) and CNN-LSTM (81.6%). This significant
improvement demonstrates SILAA-SA’s ability to generalize to Tunisian dialect tasks, further
validating its language independence.

The results on the MAC, MYC, and TSAC datasets highlight SILAA-SA’s ability to adapt
to different Arabic dialects, including Moroccan and Tunisian. By consistently outperforming
state-of-the-art models across these datasets, SILAA-SA demonstrates its language independence
and versatility in processing diverse linguistic contexts.

To further assess SILAA-SA’s ability to generalize across dialectal and linguistic variation, we
extend our evaluation to the ArSarcasm-v2 dataset [12], a large-scale multi-dialect corpus. While
the dataset includes annotations for sarcasm, sentiment, and dialect, our focus in this work is
solely on the sentiment analysis task. ArSarcasm-v2 covers a broad spectrum of Arabic varieties,
including MSA and regional dialects from Egypt, the Levant, the Gulf, and the Maghreb, offering

a challenging benchmark for evaluating robustness across dialects.

Dataset Study Model Acc. % Fl-macro% W-F1% F-PN%
[20] MTL-CNN-LSTM — — — 70.1
ArSarcasm-v2 [88] AraBERT-CNN-  68.40 62.32 — 70.73
[12] BiLSTM
[71] MTL-ATTINTER  71.07 66.25 — 74.80
[105] RAG model — — 57 —
[143] Ensemble — 65.70 — 73.92
SILAA-SA 71.50 66.51 70.58 75.05
[105] RAG model — — 75 —

ArSarcasm-v2
no neutral SILAA-SA 87.39 84.20 87.67 —_

Table 6.9: Comparison of SILAA-SA with state-of-the-art models on multi Arabic dialect sentiment
analysis task. The table presents the performance metrics (Accuracy, F1-Score, Recall, and
Precision) of SILAA-SA against other models on the ArSarcasm-v2 dataset
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As illustrated in Table 6.9, SILAA-SA outperforms several state-of-the-art models across
a variety of metrics on the ArSarcasm-v2 dataset. Despite the diverse model architectures in
prior workincluding MTL-based models, hybrid CNN-BiLLSTM networks, and ensemble meth-
0ds—SILAA-SA consistently achieves the highest values in accuracy (71.50%), F1-macro (66.5%),
weighted F1 (70.58%), and the F1-Score for the positive-negative (PN) class (75.05%).

Furthermore, when evaluated on a binary version of the dataset that excludes neutral
instances, SILAA-SA achieves a remarkable accuracy of 87.39% and a macro F1-Score of 84.20%,
surpassing the best previously reported weighted F1 of 75%.

These improvements are particularly noteworthy given the increased difficulty of handling
sentiment analysis in a multi-dialectal dataset, unlike previous experiments that were conducted

on more uniform, single-dialect corpora.

6.3.3.2 Task independence

To evaluate SILAA-SA’s task independence, we assess its performance on the FASSILA dataset

this time for the task of fake news detection.

Dataset Study Model Acc. % F1-Score % Recall % Precision %

FASSILA  [2] MarBert-KNN 79.08 77.38 76.97 77.80

[2] MarBert-SVM 79.28 77.55 76.97 78.13
SILAA-SA 79.48 79.13 78.96 79.91

Table 6.10: Comparison of SILAA-SA with models from the FASSILA dataset study. The table
presents the performance metrics (Accuracy, F1-Score, Recall, and Precision) of SILAA-SA against
the models evaluated in the original FASSILA dataset paper on the task of Fake News.

Table 6.10 compares SILAA-SA with state-of-the-art models evaluated in the original FAS-
SILA dataset paper. SILAA-SA achieves an accuracy of 79.48%, outperforming MarBERT-KNN
(79.08%) and MarBERT-SVM (79.28%). Additionally, SILAA-SA demonstrates superior perfor-
mance in F1-score (79.13%), recall (78.96%), and precision (79.91%) compared to the other models.
These results highlight SILAA-SA’s ability to generalize beyond sentiment analysis to other NLP

tasks, such as fake news detection, while maintaining competitive performance.

To further demonstrate SILAA-SA’s task independence, we evaluate its performance on the
ANS dataset, which involves fake news detection in Arabic. Table 6.11 compares SILAA-SA with

state-of-the-art models on this dataset.
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Dataset Study Model Acc. % F1-Score % Recall % Precision %
[128] AraBert 2D-CNN  71.42 61.88 52.38 75.6
ANSTIO8] 1140]  JointBert 66 66 60 62
[139] ArabFake 73.24 68.74 68 69.49
SILAA-SA 75.00 72.64 73.53 72.13

Table 6.11: Comparison of SILAA-SA with state-of-the-art models on the ANS dataset for fake
news detection. The table presents the performance metrics (Accuracy, F1-Score, Recall, and
Precision) of SILAA-SA against other models.

SILAA-SA achieves an accuracy of 75%, outperforming AraBERT 2D-CNN (71.42%), Joint-
BERT (66%), and ArabFake (73.24%). Additionally, SILAA-SA demonstrates superior performance
in F1-score (72.64%), recall (73.53%), and precision (72.13%) compared to the other models. These
results highlight SILAA-SA’s ability to generalize across tasks, showcasing its robustness in
handling different tasks such as fake news detection, while also maintaining strong performance

across diverse linguistic contexts.

6.4 Ablation Study

To better understand the contribution of each component in SILAA-SA, we conduct a comprehen-
sive ablation study. Table 6.12 presents the results of various model configurations, highlighting

the impact of removing or modifying key components on the model’s performance.
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Model Ablation Acc. %  F1-Score Description
%
Full Architecture 86.81 84.46 Complete model with all compo-
nents.
Unitask 85.25 79.00 Model with all components re-

lated to the auxiliary task (MLM)
removed. Focuses solely on Senti-
ment Analysis.

Remove attention 85.03 80.83 Model without the self-attention
mechanism.
Replace Moe with 83.33 79.44 MoE replaced with a single feed-
MoE Ablation simple FeedFor- forward layer.
ward
Remove Gate Mech- 85.12 80.41 MoE layer without the gating
anism mechanism.
Remove Weighted 85.22 81.14 MoE with only one expert and no
sum and use one ex- weighted sum.
pert
Remove Experts 84.62 81.35 Model without any MoE experts.

Table 6.12: Results of the component-wise ablation study, showcasing the accuracy and macro
F1-score of various model configurations.

- The full architecture, which includes all components (self-attention, multitask learning
with MLM, and the MoE layer), achieves the best performance with an accuracy of 86.81%

and a macro F1-score of 84.46%. This configuration serves as the baseline for comparison.

- Unitask Model: When the auxiliary task (MLM) is removed, resulting in a unitask
model focused solely on sentiment analysis, the accuracy drops to 85.25%, and the F1-
score decreases to 79.00%. This demonstrates the importance of multitask learning, as the
auxiliary task helps the model learn more robust representations that improve performance

on the primary task.

- Remove Self-Attention Removing the self-attention mechanism reduces the accuracy to
85.03% and the F1-score to 80.83%. This indicates that the self-attention module plays a

significant role in capturing contextual dependencies within the input sequence.

- Impact of MoE Components

- Replace MoE with Simple FeedForward Replacing the MoE layer with a single

feedforward layer results in a significant drop in performance, with accuracy decreas-
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ing to 83.33% and F1-score to 79.44%. This highlights the importance of the MoE layer

in leveraging multiple experts to capture diverse patterns in the data.

- Remove Gate Mechanism Removing the gating mechanism from the MoE layer
reduces the accuracy to 85.12% and the F1-score to 80.41%. The gating mechanism
is essential for dynamically weighting the contributions of different experts, and its

removal degrades the model’s ability to adapt to varying input patterns.

- Remove Weighted Sum and Use One Expert Using only one expert and removing
the weighted sum reduces the accuracy to 85.22% and the F1-score to 81.14%. This
shows that the combination of multiple experts and their weighted contributions is

critical for achieving optimal performance.

- Remove Experts Removing all MoE experts results in an accuracy of 84.62% and an

F1-score of 81.35%. This further emphasizes the importance of the MoE layer.

The ablation study demonstrates the importance of each component in SILAA-SA. The full
architecture achieves the best performance. Removing any of these components leads to a degra-
dation in performance, highlighting their individual contributions to the model’s effectiveness.
These findings validate the design choices of SILAA-SA and underscore the importance of each

component in achieving state-of-the-art performance.

6.5 Conclusion

In this work, we present SILAA-SA, an innovative multitask learning framework designed to ad-
dress sentiment analysis in low-resource dialects, with a focus on Algerian Arabic. By leveraging
the linguistic similarities between MSA and its dialectssuch as shared lexical, grammatical, and
semantic features, SILAA-SA mitigates the resource limitations that hinder NLP applications
for under-resourced languages. The framework integrates a Mixture of Experts layer with self-
attention mechanisms, enabling it to jointly optimize Algerian Arabic sentiment analysis and
MSA masked language modeling. This design captures shared linguistic knowledge, enhancing
generalization across datasets, dialects, and tasks. In particular, we attempted to make use
of widely available MSA resources in the form of datasets to support and enrich the learning
process for low-resource dialects. This chapter addresses Research Questions 5, 6, and 7 by
investigating whether MSA data can support learning in low-resource contexts, whether joint
learning improves generalization without overfitting, and whether shared representations can
transfer across tasks and dialects.

Extensive experiments on Algerian, Tunisian, Moroccan, and other Arabic datasets demon-
strate that SILAA-SA achieves state-of-the-art performance in sentiment analysis, outperforming
existing models. This highlights the effectiveness of utilizing MSA’s extensive resources and

the inherent connections between MSA and its dialects to enhance performance in low-resource
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settings. Furthermore, SILAA-SA’s task-agnostic architecture is validated through competitive
results in fake news detection, showcasing its flexibility across diverse NLP tasks.

The results of SILAA-SA emphasize the importance of building on the shared linguistic
foundations of high-resource and low-resource languages. By effectively harnessing the struc-
tural and semantic overlaps between these languages, SILAA-SA not only advances sentiment
analysis in Algerian Arabic but also provides a scalable framework for developing NLP tools
for other under-resourced dialects. This work marks a significant stride toward more inclusive
and equitable NLP technologies, ensuring that speakers of low-resource languages can fully
participate in the digital age. The findings illustrate the potential of multitask learning and
shared representations in overcoming the challenges of low-resource NLP, making a meaningful
contribution to the field.
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CHAPTER

GENERAL CONCLUSION

In this thesis, we have thoroughly explored the challenges and solutions related to Arabic dialect
identification and sentiment analysis, with a primary focus on low-resource dialects such as
Algerian Arabic. This work was motivated by the increasing need to bridge the gap between
high-resource languages, like MSA, and underrepresented dialects that lack sufficient linguistic
resources. While creating new resources from scratch is an ideal solution for addressing the
challenges of low-resource languages, it is a resource-intensive and time-consuming endeavor.
Developing large-scale annotated datasets, linguistic tools, and computational infrastructure
requires substantial financial, technical, and human resources. This undertaking can take years,
if not decades, to fully materialize, making it a daunting task for many communities, partic-
ularly those with limited access to funding or technical expertise. Although this strategy has
the potential to eventually transform low-resource languages into high-resource ones, the long-
term investment required can undermine its feasibility in addressing immediate needs. In the
meantime, other methods, such as leveraging existing resources from high-resource languages,
offer more immediate solutions for developing NLP capabilities for these languages. Through
the development of advanced cross-lingual transfer learning methodologies, we proposed two
novel frameworks, WASL-DI for dialect identification and SILAA-SA for sentiment analysis. Ad-
ditionally, we conducted an in-depth preliminary study comparing traditional machine learning
approaches with transfer learning from MSA, which provided complementary insights by explor-
ing two key approaches, the effectiveness of traditional machine learning models in classifying
Arabic dialectal text without relying on pretrained linguistic knowledge, and the potential of
transfer learning from MSA to enhance model performance. Our disaster classification study
demonstrated that traditional machine learning models, despite lacking prior linguistic infor-

mation, can effectively capture statistical patterns in dialectal text. This finding suggests that
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models equipped with prior knowledge although not specifically tailored for dialect identification
should be capable of achieving even better performance. Building upon these findings, our investi-
gation into MSA-based transfer learning revealed that leveraging linguistic knowledge from MSA
yields results that closely rival specialized models. The promising performance of traditional
machine learning models without prior knowledge laid the foundation for this investigation,
as it suggested that incorporating MSA a resource-rich and linguistically related source could
further enhance performance. This connection highlights how models equipped with even general
linguistic knowledge can bridge the resource gap and improve outcomes in dialectal NLP tasks.
Although MSA-based pretrained models did not dramatically surpass dialect-specific approaches,
the minimal performance gap suggests that linguistic proximity between MSA and Arabic dialects
provides a solid foundation for further enhancements. These results support the assumption that
integrating resource-rich languages can improve the performance and generalizability of NLP

systems in low-resource dialectal contexts.

Our first phase of enhancement leveraged pretrained models to address the challenges
identified in the preliminary study, leading to the development of the WASL-DI (Wielding
Arabic resources to Support Low-resource Dialect Identification) framework. This framework
introduced a hybrid cross-lingual approach that combines CAMeLBERT for contextualized
embeddings with FastText subword-level representations. This dual-path architecture effectively
integrates deep contextual knowledge with subword-level granularity. Empirical evaluations
on the different datasets revealed that WASL-DI consistently outperforms traditional machine
learning, deep learning and transformer-based models across multiple dialectal variants. Its
superior performance, even in the presence of noisy and incomplete data, demonstrates the
model’s robustness and its ability to generalize across diverse linguistic contexts. Additionally, the
ablation study provided further insights into the contribution of each architectural component,
confirming that both CAMeLBERT and FastText embeddings are indispensable for optimal

performance.

After leveraging pretrained models in the first phase, we sought to explore another crucial
resource, data. The SILAA-SA (Shared Integration of Low-resource Algerian and Arabic for
Sentiment Analysis) framework extended the principles of transfer learning to sentiment anal-
ysis tasks in dialectal Arabic. By employing a multitask learning paradigm, SILAA-SA jointly
optimizes two objectives: dialectal sentiment classification and MSA-based MLM. While MLM
serves as an auxiliary task solely for feature sharing, our primary focus remains on improving
sentiment classification rather than the MLM performance itself. This design facilitates knowl-
edge sharing between the dialectal and standardized forms of Arabic, enhancing the model’s
ability to capture sentiment specific patterns across both linguistic varieties. The incorporation of
a Mixture of Experts layer further strengthens the model by employing a gating mechanism that
assigns weights to different linguistic representations. This dynamic weighting allows the model

to prioritize the most relevant features from both MSA and dialectal inputs, improving its ability
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to handle the complex nature of dialectal Arabic. Experiments conducted on multiple datasets,
including Tunisian and Moroccan Arabic, showcased the model’s state-of-the-art performance
across a wide range of sentiment analysis tasks. To further validate the independence of the
SILAA-SA task design, we tested the framework on fake news datasets. The model not only
generalized effectively beyond sentiment analysis but also surpassed previous works, highlighting
its adaptability and the strength of the feature-sharing mechanism between MSA and dialectal
data.

The contributions of this thesis collectively addressed the seven research questions posed
at the outset. The preliminary experiments responded to the first question by demonstrating
that models without any prior linguistic knowledge can capture meaningful dialectal patterns,
thus motivating the exploration of MSA-based transfer. The WASL-DI framework addressed
Research Questions 2, 3, and 4 by evaluating the generalization ability of MSA-trained models,
testing their capacity to capture dialect-specific features, and demonstrating the effectiveness of
combining contextual and subword-level representations. The SILAA-SA framework answered
Research Questions 5, 6, and 7 by directly leveraging MSA data in a multitask setting, showing
that joint learning can improve generalization and that shared representations can transfer
across tasks and dialects. Together, these contributions provide a comprehensive response to the

research questions.

One of the most profound findings of this research is the efficacy of leveraging MSA as
a linguistic bridge to address the scarcity of dialect-specific data. The structural and lexical
commonalities between MSA and Arabic dialects create an opportunity for effective cross-lingual
knowledge transfer. This approach mitigates the limitations posed by insufficient annotated
data while maintaining high levels of accuracy across dialectal varieties. The proposed hybrid
models not only demonstrate superior performance on dialect identification and sentiment
analysis but also highlight the adaptability of our methodologies to broader NLP applications.
These frameworks provide a versatile foundation for future research into low-resource language
processing, offering scalable solutions that can be tailored to other languages with similar

linguistic characteristics.

The contributions of our frameworks extend beyond immediate performance gains by inte-
grating diverse linguistic features, through advanced architectures like the Mixture of Experts
and leveraging multitask learning, it provides a robust foundation for addressing low-resource
language challenges. The demonstrated adaptability of the our approaches suggests future
research could extend these methodologies to other dialect-rich languages or domains where
data scarcity is a limiting factor. The demonstrated ability of SILAA-SA to generalize beyond
sentiment analysis to tasks like fake news detection highlights the potential for cross-domain
transfer learning, opening opportunities to expand the frameworks to other complex NLP tasks,
while maintaining robust performance across domains. The principles of cross-lingual transfer

learning, as demonstrated in this thesis, are not limited to Arabic dialects but could be applied to
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other low-resource languages with dialectal variations or limited annotated datasets. Despite
these advances, the work presented in this thesis is not without limitations. The use of only
text-based input restricts the applicability of the models to multimodal scenarios, and further
evaluation on code-switched and mixed-script text is necessary. Additionally, while MSA serves
as a useful high-resource proxy, dialects with greater divergence from MSA may require more
specialized adaptation. Furthermore, future work could first explore integrating multimodal
learning techniques combining textual, audio, and visual data to enhance the model’s robustness
and generalizability, enabling it to process diverse linguistic inputs more effectively, additionaly,
refining model architectures to better handle code-switched and mixed-script data could address a
persistent challenge in dialectal NLP, finally, exploring zero-shot or few-shot transfer techniques
would allow rapid adaptation to dialects with even less available data.

The research presented in this thesis has already led to several peer-reviewed publications and
conference presentations, contributing to the growing body of work in Arabic dialect processing
and cross-lingual NLP.

In conclusion, this thesis makes significant contributions to the field of Arabic Natural
Language Processing by advancing the state-of-the-art in dialect identification and sentiment
analysis. Through the development of the WASL-DI and SILAA-SA frameworks, we have demon-
strated that cross-lingual transfer learning from MSA is a powerful strategy for improving model
performance in low-resource dialectal contexts. By leveraging resources from high-resource lan-
guage varieties, our work takes a crucial step toward bridging the gap between resource-rich and
resource-scarce dialects and languages, offering a practical solution to the persistent challenge
of low-resource settings. These findings not only establish new benchmarks for Arabic dialect
tasks but also provide a scalable methodology that can be adapted to other linguistic domains.
This work lays a strong foundation for future innovations aimed at fostering greater inclusivity
and accessibility in language technologies. As NLP continues to evolve, it is imperative to priori-
tize research that empowers all linguistic communities, ensuring that the benefits of Al-driven

language technologies are shared equitably across the globe.
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