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Abstract

Neural Machine Translation (NMT) for Arabic dialects presents a significant challenge within
Natural Language Processing due to a critical scarcity of digital resources. This issue is particularly
acute for the Maghrebi continuum, where Algerian dialects like Oranian (ORN) are
technologically underserved. This dissertation addresses this absolute void by tackling the dual
problem of resource absence and the lack of MT benchmarks for the ORN-English language pair.
The study details the creation of the novel Oranian-English Parallel Corpus (OEPC), an 8.5K
sentence-pair dataset compiled through meticulous processes. OEPC was subsequently used to
design and train a Sequence-to-Sequence (Seq2Seq) NMT system. The model’s architecture is
based on a two-layer stacked Long Short-Term Memory (LSTM) network, critically augmented
with an additive attention mechanism. The final model achieves a robust BLEU score of 30.9 on
a held-out test set, significantly outperforming an attention-less baseline. Notably, this result is
highly competitive, surpassing even larger, semi-supervised systems for other Arabic dialects,
which highlights the impact of a high-quality, linguistically consistent corpus. Qualitative error
analysis confirms the model’s competency with core grammatical structures while identifying
classic low-resource challenges related to out-of-vocabulary words, idiomatic expressions, and
semantic ambiguity. The findings validate a "depth-over-breadth” corpus strategy as an effective
approach for initiating research on zero-resource dialects. This work provides a methodological
blueprint for future work pointing towards Transformer architectures and semi-supervised

learning.

Keywords: Algerian Arabic, Low-Resource Languages, Neural Machine Translation, OEPC,

Oranian Dialect, Sequence-to-Sequence.
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INTRODUCTION

For centuries, the study of human language was approached through theoretical
frameworks. Even the generative grammar proposed by Chomsky (1965) revealed the profound,
rule-based complexity of linguistic systems. However, while adept at describing abstract
competence, these theories struggled to model the probabilistic reality of language performance.
This challenge was inherited by the interdisciplinary field of ‘computational linguistics’, which
emerged in the mid-20" century with the ambition to make language computationally tractable
(Mitkov, 2022). Inherently linked to the broader goals of Artificial Intelligence (Al), this new
frontier initially attempted to codify the rule-based systems of traditional linguistics into explicit
algorithms (Lenci & Pado, 2022). This symbolic Al paradigm resulted in meticulously hand-
crafted systems that, while moderately successful in constrained domains, were mostly brittle to
scale or contend with the immense ambiguity and variability of real-world linguistic phenomena

(Jurafsky & Martin, 2025).

The inherent limitations of the symbolic approach catalyzed a paradigm shift toward
empirical, data-driven methodologies. The rise of Natural Language Processing (NLP) field,
therefore, was propelled by the statistical revolution and Machine Learning (ML). The latter
abandoned hand-crafted rules in favor of probabilistic models learned automatically from large
corpora, embracing the inherent uncertainty of language (Fradkov, 2020). This era was, in turn,
superseded by a more profound transformation driven by Deep Learning (DL), where models such
as Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) demonstrated an
unprecedented ability to learn hierarchical feature representations directly from sequential data

(DiPietro & Hager, 2020). This progression has culminated in the current era of Transformer-based
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architectures, whose parallelizable self-attention mechanism has enabled the training of massive
pre-trained Large Language Models (LLMs) like Bidirectional Encoder Representations from
Transformer (BERT) and Generative Pre-trained Transformer (GPT), which now achieve state-of-
the-art performance across a diverse array of NLP tasks, with machine translation standing as one

of its most significant applications.
1. Background

Machine Translation (MT) is arguably one of the oldest and most ambitious goals of
computational linguistics, dating back to Warren Weaver’s influential memorandum in 1949,
which proposed using techniques from cryptography and information theory to automate the
process of language translation. At its core, MT is the task of automatically converting a text from
a source language (SL) into an equivalent text in a target language (TL). A common
misconception, particularly among those outside the field, is that translation is a straightforward
process of word-for-word substitution, a mere lexical lookup. This simplistic view belies the
profound complexity of the task. True automated translation requires a deep understanding of
syntax, semantics, morphology, and pragmatics in both SL and TL. It necessitates resolving lexical
ambiguity (e.g., the word "bank™ in English), handling structural differences (e.g., subject-verb-
object vs. subject-object-verb word order), and accurately conveying idiomatic expressions and

cultural nuances that have no direct literal equivalent.

The history of MT reflects an evolving understanding of this complexity, moving through
three major paradigms. Rule-Based Machine Translation (RBMT), the dominant approach for
decades, relied on human experts to manually encode bilingual dictionaries and extensive sets of
linguistic rules. These systems were transparent and predictable but astronomically expensive to

build, difficult to maintain, and notoriously poor at handling the exceptions and irregularities that
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pervade natural language. The rise of large-scale data and statistical methods gave way to
Statistical Machine Translation (SMT), which learned probabilistic "translation models" and
"language models"” from parallel corpora. SMT represented a significant leap forward in quality
but often produced disfluent or grammatically awkward output, as it translated text in small,

localized phrases without a holistic understanding of the sentence'’s structure.

The current state-of-the-art is dominated by Neural Machine Translation (NMT). NMT
models, typically based on the encoder-decoder architecture, read the entire SL sentence into a
continuous vector representation (the "thought vector") and then generate the target translation,
conditioned on both the source representation and the previously generated words. This end-to-
end approach allows NMT systems to learn much more abstract representations of language.
Bolstered by the attention mechanism, modern NMT models can produce remarkably fluent and
accurate translations, often approaching human quality for high-resource language pairs like

French-English or German-English.

However, the remarkable success of NMT comes with a critical dependency: data. These
models are data-hungry, requiring millions, if not tens of millions, of high-quality, human-
translated parallel sentences to learn their parameters effectively. This reality has created a
significant digital divide. While a handful of languages with strong economic and political
influence, such as English, Mandarin Chinese, and Spanish, are considered "high-resource,” the
vast majority of the world's over 7,000 languages are Low-Resource Languages (LRLS). These
languages suffer from a scarcity of the digital resources (large corpora and annotated datasets) that

are prerequisites for building modern language technologies.

The Arabic language presents a particularly complex case. While Modern Standard Arabic

(MSA) has a considerable amount of text data (news, books, official documents), making it a
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relatively high-resource language, the daily, lived reality for over 420 million speakers is dialectal
Arabic (Yafooz, 2024). The latter encompasses a vast and diverse continuum of regional varieties
(e.g., Egyptian, Levantine, Maghrebi) that differ significantly from MSA and from each other in
terms of phonology, lexicon, and syntax (Habash, 2021). These dialects are the languages of social
media, daily conversation, and cultural expression, yet they are overwhelmingly low-resource in
the digital domain (Dahou et al., 2025). The need to translate LRLS, including these vital Arabic
dialects, is not merely an academic exercise. It is a matter of digital inclusion, cultural preservation,
and economic empowerment. Providing MT capabilities for these languages breaks down
communication barriers, enables access to global information, allows speakers to participate in the
digital economy in their native tongue, and ensures that their rich cultural heritage is represented
and preserved in the digital age. The present inquiry squarely addresses this imperative by focusing
on the development of MT capabilities for one such under-resourced variety: the Oranian dialect

(henceforth, ORN) of Algerian Arabic.
2. Research Gap

The field of Arabic NLP has made significant strides, yet a persistent and critical research
gap exists in the processing of dialectal varieties. As the comprehensive surveys by Elnagar et al.
(2021) and Abdul-Nabi et al. (2024) underscore, the overwhelming focus of research and resource
development has been on MSA. While valuable, this focus neglects the primary mode of
communication for hundreds of millions of people and leaves a vast linguistic landscape largely
unexplored by modern NLP technologies. Within this landscape, the dialects of the Maghreb, and
Algerian dialects in particular, remain among the most under-resourced and under-studied. In this
respect, these several specific, interlocking gaps in the existing body of research are identified: (1)

the absence of a dedicated parallel corpus for the Algerian dialect(s) and English, (2) the lack of
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prior MT experiments for any Algerian dialect into English, (3) the outdated methodologies in
existing Algerian dialects research, (4) insufficient orthographic and preprocessing standards, and

(5) the lack of benchmarks for evaluation.

First, the most fundamental gap is the complete non-existence of a parallel corpus suitable
for training an NMT model between ORN and English. A review of existing resources reveals that
very few cater to Algerian dialects at all. The Parallel Arabic Dialectal Corpus (PADIC), while a
notable contribution, contains Algerian data parallel to MSA, not English (Meftouh et al., 2015;
Lichouri & Abbas, 2021). Its size is also moderate by NMT standards, making it insufficient for
training DL models. There are no other publicly available corpora, either monolingual or bilingual,
that focus specifically on ORN or Western Algerian dialects more broadly. This resource vacuum

represents the single greatest barrier to any research in this domain.

Second, as a direct consequence of the resource gap, there have been no previous attempts
to build an MT system, neural or otherwise, for the ORN-to-ENG language pair. The few MT
experiments involving Algerian dialects have been restricted to translation between MSA and the
dialect, or have been part of broader multi-dialect systems where Algerian is one of many varieties.
This leaves the unique translation challenges posed by the ORN-ENG pair, such as the handling
of code-switching, the translation of highly localized idioms, and the structural differences with

English, completely uninvestigated.

Third, much of the existing work on Algerian dialects predates the widespread adoption of
the most advanced neural technologies. While pioneering for their time, these studies often relied
on traditional machine learning models or early NMT architectures without the benefit of
sophisticated components like Transformer-based self-attention. Furthermore, critical details of

the experimental setup, such as tokenizer design and hyperparameter tuning, were not optimized
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for the specific morphological and orthographic challenges of the dialect. There is a clear gap in
applying the current state-of-the-art NMT architectures and best practices to the task of Algerian

dialect translation.

Fourth, Algerian dialects, including ORN, lack a standardized orthography. They are often
written inconsistently on social media, frequently using Arabizi (Arabic chat alphabet) or
containing a high degree of code-switching. Previous datasets have not systematically addressed
this variation in a way that is leveraged by modern neural tokenizers. There is a need for a resource
creation process that includes a rigorous normalization and preprocessing pipeline designed
specifically to handle these orthographic challenges, which can then serve as a model for future

work.

Fifth, without prior models or standardized test sets, there is no established benchmark
against which to measure the performance of any MT system of Algerian dialect into English. Any
new research in this area must not only build a model but also establish this crucial first benchmark,
providing a quantitative baseline that future researchers can use to measure their improvements
and contributions. In brief, the research landscape is characterized by a critical void: no dedicated
parallel corpus, no prior translation models, no application of state-of-the-art NMT techniques,
and no established evaluation benchmarks for the ORN-ENG language pair. Therefore, the
application of DL models to this particular Algerian dialect represents the current cutting-edge of
NLP research. The journey from abstract linguistic rules to data-driven DL models has been an
odyssey of increasing complexity and capability, transforming the aspiration of computational
language understanding into a tangible and rapidly evolving reality. This study situates itself
within this vibrant context, seeking to leverage these advanced paradigms to address a long-

standing challenge at the intersection of language, culture, and technology: an MT of an LRL.
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3. Motivation

The motivation for this research is rooted in a commitment to addressing the digital
marginalization of LRLs and empowering their speech communities through the development of
essential language technologies. The "digital divide" is often conceived in terms of access to
hardware or internet connectivity, but a more insidious divide exists at the level of language (Bella
et al., 2023). When the vast majority of digital content, services, and opportunities are available
only in a handful of high-resource languages, speakers of LRLs are effectively excluded from full
participation in the global digital society. This research is driven by the conviction that building
foundational NLP resources, such as MT systems, is a critical step toward a more equitable and

inclusive digital future.

The Arabic-speaking world provides a potent example of this challenge. With MSA serving
as the formal and institutional language, the rich and vibrant dialects spoken in everyday life are
often relegated to a secondary status in the technological domain (Dahou et al., 2025). This is
particularly true for the Maghrebi dialects spoken in North Africa, which are among the most
divergent from MSA. Empowering these dialects with dedicated datasets and NLP tools is a crucial
act of both linguistic preservation and community empowerment. It validates the primary language
of its speakers, facilitates the creation of localized digital content and services, and enables better

communication both within the dialect-speaking community and with the wider world.

Within this context, Algeria presents a unique and compelling case. As the largest country
in Africa and the Arab world, it is home to a complex and dynamic linguistic environment.
Algerian dialects, rich with influences from Berber, French, Spanish, and Ottoman Turkish,
represent a fascinating and challenging subject for NLP research. This study is motivated by the

desire to bring these dialects into the fold of modern computational linguistics, providing them
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with the resources they deserve. Creating a robust dataset and a high-performing MT model for an
Algerian dialect serves as a powerful proof-of-concept, demonstrating that these "low-resource™
challenges are surmountable and encouraging further research into other Algerian and Maghrebi

varieties.

The specific choice of ORN is motivated by its linguistic and cultural significance. Oran is
the second-largest city in Algeria and a major economic, cultural, and intellectual hub for the
western part of the country. Its dialect is not only widely spoken but also highly influential, serving
as a representative for the entire Western Algerian dialect group. Characterized by a distinct
phonetic inventory and a lexicon rich with borrowings, particularly from Spanish and French, ORN
poses unique and interesting challenges for MT. This work is therefore driven by a dual motivation:
a scholarly desire to tackle a novel and complex NLP problem, and a social commitment to using
technology to empower the speakers of ORN and, by extension, to advance the field of Algerian

and Maghrebi NLP as a whole.
4. Statement of the Problem

The advancement of modern computational linguistics, particularly in the domain of NMT,
is fundamentally constrained by an acute scarcity of structured, high-quality data for the vast
majority of the world's languages. State-of-the-art deep learning models are supervised systems
that depend entirely on the availability of large-scale parallel corpora for their training, a
requirement that leaves most languages, including the majority of Arabic dialects, technologically
underserved. This global challenge is particularly pronounced within the Algerian linguistic
context, where a complete resource vacuum exists for its prominent dialects. The specific problem
addressed by the present research work is therefore the absolute absence of a foundational parallel

corpus for any Algerian dialect and English, which has in turn created a critical, threefold void:
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a resource void preventing any data-driven research; a technological void, as no NMT model or
any other NLP tool exists to bridge this communication gap; and a scientific void, leaving the
unique linguistic challenges of translating this dialect entirely unstudied from a modern

computational perspective.

This research directly confronts this multifaceted problem by focusing on ORN, a high-
impact case study due to its status as the second most prominent dialect in Algeria and the primary
representative of the Western Algerian dialect group. The problem is thus framed as a two-part
challenge: first, to overcome the foundational resource barrier through the systematic construction
of a novel parallel corpus, and second, to leverage this new resource to design, train, and rigorously
evaluate the first-ever NMT model for this language pair. By tackling this, the study aims not only
to provide the first tangible solution for a specific and significant speech community but also to
establish a groundbreaking and replicable methodological blueprint. This framework can then
serve as a guide for addressing similar data scarcity challenges in other critically under-resourced
Algerian -or Arabic- dialects, thereby contributing to a more linguistically inclusive digital

landscape.
5. Research Objectives

To address the problem stated above, this dissertation sets out to achieve three primary,
sequential objectives, forming a comprehensive research arc that moves from foundational
resource creation to final empirical evaluation. The first objective is to compile and prepare the
novel Oranian-English Parallel Corpus (OEPC), thereby addressing the foundational data-scarcity
gap by creating the first publicly available, machine-readable parallel dataset for this language
pair. Building upon this, the second objective isto design, train, and optimize an NMT

system specifically tailored to the characteristics of the newly created OEPC. The final objective
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is to conduct a rigorous and multi-faceted evaluation of the trained model's performance, which
will serve to establish the first scientific benchmark for ORN-ENG translation and analyze the

specific challenges inherent to this task.

These cumulative objectives guide the research from an initial state of zero resources to
the final delivery of a novel dataset, a functional translation model, and a thorough analysis of its
performance. This entire research endeavor is thus encapsulated in the following central research

question:

To what extent can an NMT model, trained on a purpose-built parallel corpus, effectively and

accurately translate the low-resource Oranian dialect into English?
6. Research Methods and Design

The methodological design of this study follows a quantitative, empirical paradigm built
upon a necessary and significant constructive component. The research is constructive in that its
primary prerequisite involves the creation of tangible artifacts: a new linguistic resource (OEPC)
and a new NMT benchmark. It is empirical in that it employs controlled experiments and objective
measurements to systematically assess the performance of the constructed system and draw data-
driven conclusions. This methodology unfolds in a three-phase chronological pipeline that directly

aligns with the research objectives.

The initial and most critical phase is corpus creation and preparation. The foundational data
scarcity of ORN necessitates this preparatory work in corpus linguistics. This involves the careful
collection of authentic ORN sentences from diverse contemporary sources, followed by a
meticulous professional human translation process to create the parallel English counterparts. This

newly created OEPC with 8.5K sentence pairs is then subjected to a rigorous data normalization
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and pre-processing pipeline to standardize orthographic inconsistencies. Finally, the corpus is
partitioned into training, validation, and test sets (80-10-10 ratio) to facilitate a methodologically

sound development and evaluation workflow.

The second phase is model design and implementation. The rationale for the model
architecture is based on proven, powerful components suited for sequence generation and linguistic
complexity. The NMT system is designed as a Sequence-to-Sequence (Seg2Seq) model employing
a two-layer stacked LSTM network for both the encoder and decoder, chosen for its demonstrated
efficacy in modeling long-range sequential dependencies. Critically, an additive attention
mechanism is integrated to overcome the information bottleneck of traditional encoder-decoder
designs. This mechanism enables the model to dynamically focus on the most relevant segments
of the source sentence while generating each target word, a vital feature for aligning syntactically
divergent languages like ORN and ENG. This architecture is implemented with different relevant
hyperparameters selected to balance model capacity with the risk of overfitting on the moderately-

sized corpus.

The final phase consists of a comprehensive evaluation protocol. To holistically assess the
model defined in the previous step, a dual-pronged approach is used. First, a rigorous quantitative
analysis is performed on the held-out test set using a suite of standard automated metrics. Second,
this empirical data is complemented by a detailed qualitative analysis, involving the manual
inspection of translation examples, a diagnostic error analysis, and visualizations of the internal
attention mechanism. This cohesive methodological design ensures that the study begins by
constructing the necessary tools, proceeds by building a reliable technological system, and

concludes with a thorough, evidence-based assessment of its performance.
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7. Contribution

The current study makes several novel and significant contributions to the fields of NLP,
computational linguistics, and Arabic dialectology. By addressing a critical and long-standing gap
in the research literature, this study advances our understanding of LRL processing and provides
tangible resources that will catalyze future work in the domain of Algerian and Maghrebi NLP.
The primary contributions of this research are: (1) building a foundational linguistic resource, (2)
achieving the first benchmark for ORN-ENG MT, (3) designing a blueprint for future NMT
experiments on Algerian dialects, (4) bringing empirical insights into dialectal MT challenges, and

(5) empowerment of ORN speech community.

First, the most significant and lasting contribution of this study is the creation and
dissemination of OEPC. As the first parallel corpus of its kind, OEPC is a foundational resource
for the scholarly community. It immediately enables new avenues of research not only in machine
translation but also in contrastive linguistics, computational dialectology, and the development of
other NLP tools for ORN. This contribution directly addresses the data scarcity problem and

provides a valuable, reusable asset for future researchers.

Second, this research contributes the first-ever NMT model for the ORN-ENG language
pair. The fully trained and evaluated model, along with its established performance scores on
metrics serves as a crucial pioneering benchmark. All future research aiming to improve the MT
of Algerian dialects into English will be able to measure its progress against the results established

in this dissertation. This sets a baseline and formalizes the task for the NLP community.

Third, the present study provides a comprehensive, end-to-end methodological blueprint

for tackling NMT in a low-resource dialect context. This blueprint covers data collection and
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normalization strategies for an unstandardized dialect, model selection, hyperparameter tuning for
a moderately-sized dataset, and multi-faceted evaluation The detailed documentation of the
pipeline can serve as a practical guide for researchers working on other under-resourced Arabic
dialects, particularly within the Maghrebi continuum (e.g., Moroccan, Tunisian, Libyan dialects),

or even other LRLs globally.

Fourth, through its extensive quantitative and qualitative analysis, this research offers
valuable empirical insights into the specific challenges of translating the Algerian dialects, and
ORN in particular. The error analysis identifies common failure points for a state-of-the-art NMT
architecture, such as the handling of code-switching, the translation of culturally specific idioms,
and the disambiguation of morphologically complex verbs. The findings will contribute to the
broader scientific understanding of the unique difficulties posed by dialectal and low-resource

NMT.

Fifth, beyond its academic contributions, this work represents a meaningful step toward
the technological empowerment of the Oranian and Algerian speech communities. By creating a
foundational piece of language technology, this study helps to elevate the digital presence of the
dialect and provides a tool that, with further development, can facilitate communication,
information access, and greater participation in the global digital landscape. In conclusion, this
dissertation makes a multi-faceted contribution that is at once linguistic, technological,
methodological, and empirical. It moves the study of ORN from a state of data-zero to having its
first corpus, its first NMT model, and its first set of performance benchmarks, thereby opening a

new and promising subfield of research.
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8. Dissertation Structure

This study is organized into four chapters. Each chapter is designed to build logically upon
the previous one, guiding the reader from the broad research context to the specific contributions
of this study. Chapter 1 situates the research within the broader academic fields of computational
linguistics, NLP, and MT. It establishes the conceptual foundation by tracing the evolution of the
field, delineating the major MT paradigms from early rule-based and knowledge-based systems to

the subsequent data-driven statistical and neural approaches.

Chapter 2 provides a critical survey of the relevant scholarly literature concerning the
computational processing of Arabic dialects. The review begins with a broad examination of
resources and models developed for various Arabic varieties before systematically narrowing its
focus to the Maghrebi region. It specifically scrutinizes the current state of Algerian dialect
processing, with a detailed analysis of existing corpora, prior NLP tasks, and the few MT
experiments that have been conducted. This chapter serves to substantiate the research gap,

highlighting the absence of resources and prior work for the ORN-ENG language pair.

Chapter 3 reflects on the research gap concerning Algerian dialects, articulates the study's
motivation, and formally sets its methodological design. It presents the detailed methodological
framework employed in this study, providing a transparent and replicable account of the entire
experimental process. The chapter begins by delineating the constructive research design. It then
meticulously documents the multi-stage process of compiling and preparing the novel OEPC.
Following the corpus creation, the chapter specifies the NMT system's technical design, detailing
the Seq2Seq architecture, the two-layer LSTM networks, the integrated attention mechanism, and

the complete configuration of the model's parameters.



INTRODUCTION 15

Chapter 4 presents, analyzes, and interprets the empirical outcomes of the NMT
experiment. The chapter begins with a comprehensive quantitative assessment of the model's
performance on the held-out test set, reporting scores across a suite of standard evaluation metrics.
This is followed by an in-depth qualitative analysis of the translation output, which includes an
error analysis and a visual examination of the model’s attention mechanism. The chapter
culminates in a detailed discussion that synthesizes these findings, contextualizes them by making
comparisons to relevant studies in low-resource MT, and conclusively addresses the central

research question.



CHAPTER 1: MACHINE TRANSLATION

The amassing technological boons in the last few decades have brought almost completely
different communicative aspects into our lives. We started to depend more on machines and
devices in many activities like reading, watching, driving, etc. Machine-aided and human-aided
tasks have reached almost all areas of living. Today, life is full of technologically-based or -
assisted products. It has been a must to mention ‘Artificial Intelligence’ (Al) in myriads of sorts
and areas. Al is in the movies and news we watch, e-books we read, robots that assist human
activities, cars that are self-driven, cameras and drones we use for filming, medical devices and
systems, online platforms from which we buy all kinds of goods and utilities, and in many other
technologies that influenced our present day. Indeed, there are several conceptions and
misconceptions about Al; for that, most of us are buried in the Al pundits’ words, introductions
and opinions. Some consider Al replacing the human race, some others keep insisting on its
fuzziness. Realizing Al explicitly and imagining it over-actively can sum up the struggle for its

scientific identification.

In the midst of technological trends and Al boost during the last few decades, the automated
translation has become a noteworthy field of interest. With the assistance of computers, and as a
significant subfield of computational linguistics, ‘Machine Translation’ (MT) enables computers
-or machines- to process the lexical, syntactic and semantic levels of texts or speeches in one
natural language in order to reproduce them into another. MT systems, therefore, aim at

minimizing the human aid within processes like translating or editing texts. As a subject about
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which experts in sciences and humanities do not tend to be neutral, MT has had a long history that

witnesses no shortage of vehement disparagers and supporters alike.

In the light of what has been mentioned, this chapter implicitly reconsiders the history and
evolution of MT as it appraises the various approaches to and models of MT. For that, it is worth
introducing Al and MT technologies briefly with their short historical frameworks. The major
approaches of MT are further presented with relevance to the features they provided to the field.
However, the chosen paradigm for this research (SMT) is thoroughly presented. Then, challenges
of processing natural languages and automated translation are briefly discussed. Critically, the last
section of this chapter provides the major challenges of processing and translating the Arabic

language.

1. Artificial Intelligence Primer

To discern “intelligence” in its ordinary sense, Mueller and Massaron (2018, p. 8) listed
some mental activities like obtaining and processing information, reasoning, understanding,
grasping truths, considering and making meanings, separating facts from beliefs, etc. Such
introduction is prone to explaining intelligence briefly. However, when it comes to understanding
‘intelligence’ in the sense of computational processes, it is necessary to categorize intelligence in
order to decide what it particularly involves. As humans, we accomplish tasks through our reliance
on multiple intelligences. Recognizing these intelligences helps us relate to the computational
simulations that reflect how computers or machines can: (1) think humanly, (2) act humanly, (3)

think rationally, and (4) act rationally (Russell & Norvig, 2016, pp. 2-5).
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Since their existence, humans used their intelligence to create machines that help them. For
that, a strong desire for intelligent machines triggered their “exciting new effort to make computers
think ... machines with minds, in the full and literal sense” (Haugeland, 1985, p. 2). However,
making intelligence features in the artificiality of entities was initiated by Alan Turing. In 1950, in
order to determine whether an artificial entity is intelligent, Turing concretely tested, through an
interrogator, a human and an artificial entity with a textual device. Based on posing questions, the
interrogator was required to distinguish the other human from the artificial entity based on answers
to questions posed by the interrogator (Neapolitan & Jiang, 2018, p. 2). Eventually, researchers
started to develop intelligent systems. Dartmouth workshop in 1956 involved several experts,
namely the so-called father of Al, John McCarthy, who coined the term °Artificial Intelligence’.
The latter emerged as a new field of interest that aimed at creating learning, reacting and decision-

making computer systems (McCarthy, 1956).

Al has been defined differently. Kurzweil (1990), for instance, considers Al as an art where
machines “perform functions that require intelligence when performed by people.” Moreover,
Winston (1992) posits Al as “the study of computations that make it possible to perceive, reason
and act” (p. 5). Contending that it could make confusion with computational intelligence, Poole et
al. (1998) referred to Al as “the study of the design of intelligent agents” (p. Xv). During the 1970s
and 1980s, Al was approached differently; cognitive, logical and probabilistic approaches as well

as knowledge-based systems (Neapolitan & Jiang, 2018, pp. 4-6).

However, Al development witnessed a period of reduced funding commonly referred to as
‘Al winter’. The hype period was significantly marked by teaching computers to learn from data

without human operators. Such a technology became known as ‘machine learning’ (ML). At its
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peak, in the last two decades, the technology of ‘deep learning’ (DL) strived to make the intelligent
agents working like the human brain by virtue of available huge datasets, high-quality computers,
smart algorithms, and the committed business investments (Mueller & Massaron, 2018, pp. 16-

17).

The development of Al and the improvement of the computational processing of natural
languages co-existed in a technological revolution era. Synchronously, the automated translation
went through ups and downs since the 1950s. By virtue of the continuously-upgraded and fast
computing infrastructures, Al rapidly helped creating bases for ML and making sophisticated
algorithms that, in turn, helped mining bottomless troves of data. Therefore, the availability of big
data and new techniques made it easier for humans to translate thousands of words and sentences
in a few seconds through MT systems. In this respect, it is necessary to briefly review the history

of MT in order to highlight its features and check the evolution of its models and approaches.

2. Introducing Machine Translation

The act of transferring meanings of a given text from one language to another, taking into
account accuracy and style, is commonly referred to as ‘translation’. The latter requires
understanding the language of the original text (source language, SL) and expressing contents
coherently in another language (target language, TL). There are two major methods of translation;
literal and contextual. The first describes the translator’s commitment to the meanings of the
vocabulary of the original text. The second depends on understanding the original text’s general
meaning and words-in-context. Indeed, translation’s major aim is understanding and

communicating with the others.
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Such definitions differ when the translator is a machine. Under different paradigms, and
over decades, MT was defined and introduced differently. Hutchins (1994) refers MT, as a term,
to “computerized systems responsible for the production of translations with or without human
assistance” (p. 2322). Similarly, Whitelock and Kilby (1995) considered MT as an
interdisciplinary process combining lexicography, linguistics, computational linguistics, computer
science and language engineering (p. 2). The central core of MT, thus, is automating the process

of transforming an input (SL) into an output (TL).

The long history and the variety of interpretations made the term “Machine Translation”
misleading. Since “machine” is there, Sager (1994) accounted that MT refers to automatic systems
with no human involvement (p. 326). Nonetheless, shifting from ‘automated’ to ‘machine’
terminology was based on the hypothesis that natural languages can be fully described, controlled
and mathematically coded by machines, more precisely computers (Wilss, 1999, p. 140). At this

point, one might ask: how has translation been an automated operation in the last few decades?

3. History of Machine Translation

The MT point of start has been considered hard to associate certain events in history. The
thoughts of mechanizing translation can be traced back to the 17" century though only after three
centuries that realistic attempts emerged. At that time, there was a need to break linguistic and
communicational barriers. For that, Hutchins (2000a) reports that ideas like creating (a) universal,
logical language(s) remained a philosophical issue shared among philosophers (like Descartes,

Leibniz, Wilkins, etc.) and other scholarly figures (p. 5).
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Hutchins (2000a) introduced the precursing idea of automating the translation by referring
to Cartesian proposals in the 17" century. For him, Descartes thought of seeing languages as coded
with symbols in which equivalent items from two or more languages would share the same code
or symbol. In the 19" century, sociopolitical circumstances, though, motivated many attempts to
overcome linguistic barriers by bringing out a universal language. Prominently, the two major ones

are: Esperanto by Zamenhof in 1887, and Begriffsschrift by Frege in 1879 (Helaoui, 2007, p. 5).

The need for devices that help humans overcome language and communication barriers
existed for two centuries before the technology revolution. The idea of creating a universal
language arose for the sake of an internationally-open communication, particularly in the
educational and scientific arenas. Until the middle of the 20" century, writers and scientists
continued to suggest mechanical dictionaries that started to logically construct the genuine
differences among languages. All these attempts and ideas were reinforced by the two world wars
as they were foreshadowing some principles of the automated translation of languages, known at

that time as mechanical translation.

Moreover, some researchers confirm marking MT beginning with the event of the British
breaking of the German "Enigma". The latter was a tool that electro-mechanically encodes and
decodes German military and diplomatic communications during World War Il. Such success,
along with breaking the Japanese Type A code by the American intelligence, brought optimism
for the prospects of MT (Aransa, 2015, p. 10). After the war, a natural move towards checking
computers’ potential capabilities was marked. Soon, the automatization of language translation

became a candidate for exploitation (Pugh, 1992, p. 15).
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3.1. Pioneers and Precursors

In 1933, the idea of mechanizing the translation emerged by patents developed by Georges
Artsrouni and Petr Trojanskij. The latter suggested to automatize a dictionary and schematize
interlingual grammars using Esperanto (Hutchins, 2000a, p. 5). In addition, Hutchins (2004)
described Artsrouni and Trojanskij’s patents as containing “the first definite legitimate forerunners
of machine translation” (p. 12). In France, Artsrouni’s patent could be developed as a mechanical
multilingual dictionary; and in Russia, Trojanskij’s patent had the same feature with more
grammar functions coded and interpreted through ‘universal’ symbols. Besides, such codes

represented how MT would be basically configured.

However, such inventions were ignored by governments. Even Zhirkov (1956) commented
that linguists were sceptic about them for being impractical. Panov et al. (1956) stated that
Trojanskij was issued an author’s certificate for a mechanized dictionary in 1933 (p. 14).
Eventually, the USSR Academy of Sciences investigated his proposal and manuscripts from 1933
to 1947. In 1959, the collection was published showing how Trojanskij had anticipated the ideas
of the early MT researchers in the West (Bel’skaya et al., 1959). Trojanskij’s contribution to
mechanical translation was thoroughly presented by Hutchins and Lovtskii (2000). Apart from
being non-linguist, understanding Trojanskij’s invention was challenging due to the unfamiliarity
with the electromechanical equipment employed and the unconventional language used to describe

the patent. Meanwhile, other pioneers of MT started to appear in the 1940s and 1950s.

MT researchers acknowledge Warren Weaver’s quote when they provide history of the
field. Poibeau (2017) claims that “the father of machine translation -and more generally of natural

language processing- is unquestionably Warren Weaver” (p. 51). Weaver was one of the early
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computer scientists in post WWII. After armies, such researchers started to look at the problem of
translation solved by computers as the war codes. In March 1947, Weaver, in his letter to the
mathematician and cyberneticist Norbert Wiener, claims “when I look at an article in Russian, I
say this is really written in English but it has been coded in some strange symbols | will now
proceed to decode” (Green et al., 2015, p. 48). For him, cryptanalysis techniques started to seem

more congenial to be applied to translation.

Weaver’s memorandum proposals were applicable to many contexts. Coauthored with
Claude Shannon, in 1949, the book “a mathematical theory of communication.” Weaver and
Shannon suggested encoding a message from a source, sending or transmitting, then decoding it
by a receiver. Cryptography was based on their model as would be the automated translation
according to their theory (Shannon & Weaver, 1949). An encoded text in a language A should be
comprehended, thus, decoded in another language B, yet decoding is proposed to be the machine
task. The Weaver’s initiative and the decode-thought was then elaborated in a memorandum
(Weaver, 1949). Further, he proposed new theories rather than the word-for-word approach

(Weaver, 1970, p. 106).

Indeed, the credo that drove MT since the 1950s is viewing translation as decoding which
is still used in the jargon of applied MT. At a time when computers were not carriable, some
experts were ambitious enough to tackle problems like MT. Garg and Agarwal (2018) review that
Warren Weaver’s proposal for the use of computers to build MT systems led to serious and
extensive studies. The assistance of humans before and/or after this automation excludes MT from
being fully computer-based. Nevertheless, human-aided machine translation (HAMT) and

machine-aided human translation (MAHT) brought uncertainty to the boundaries between them.
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For that, the uniting term, computer-aided translation (CAT), emerged as a bridge to avoid all

confusions.

Meanwhile, Andrew D. Booth, a British physicist and crystallographer, was interested in
developing a mechanical dictionary. Later, he worked with Richard H. Richens to produce word-
for-word translations through a punched card (Richens & Booth, 1955). With the increased
interests in NLP, research on data storage and access started to find solutions to the small storage
capacity that early computers had. Booth improved the dictionary management and storage, and
let to an MT global approach; yet, such propositions were still considered as simplistic. (Poibeau,
2017, p. 51). Weaver and Booth were considered the first researchers who proposed to use the
computer to translate natural languages (Chan, 2004, p. 291). In addition, they stimulated other
institutes and researchers such as Abraham Kaplan, Victor Oswald, and Erwin Reifler to conduct

MT research.

Yehoshua Bar-Hillel, an Israeli philosopher, was hired by the Massachusetts Institute of
Technology (MIT) Research Laboratory of Electronics in 1951. As influenced by Weaver, he
visited the major American MT research centers to prepare for an inaugural MT conference in
June 1952 (Hutchins, 1997b, p. 220). Further, Bar-Hillel anticipated using dissemination and
assimilation for MT claiming that pure MT was “achievable only at the price of inaccuracy.” His
argument was in favor of mixed MT, that is “a translation process in which a human brain

intervenes” (Bar-Hillel, 1951, pp. 233-234).

The first MT conference was held at the MIT in 1952. Although Bar-Hillel considered MT
output possible to make sense, “but still be dead wrong” (Bar-Hillel, 1955, p. 191). In the

proceedings of the same conference, Bull et al. (1955) affirmed that MT would pose a greater risk
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if the output would still be inaccurate or deceptive (p. 91). After this event, the first MT book was
a compilation of fourteen essays published as an anthology entitled “Machine translation of
languages: Fourteen essays” edited by Locke and Booth (1955). The remainder of Bar-Hillel’s
survey proposed MT pre- and post-editing, exhibiting a pragmatic bent that would become clearer

over the course of a decade.

After taking a hiatus, Bar-Hillel was asked by the US Office of Naval Research to carry
out a further survey of MT research. In 1958, he traveled to several American and British research
facilities to gather any publicly accessible data on Soviet Union advancements. His critical report
was published in 1959. The MT advances, thus, were due to a set of heuristics that aid programs,
which Bar-Hillel (1960) called “bags of tricks”. Moreover, despite paying homage to linguistics,
the majority of MT system developers, as viewed by Bar-Hillel, needed to revise how to apply any

of its results when creating their systems (Nirenburg & Wilks, 2000, p. 163).

Bar-Hillel’s contributions are meticulously chronicled by Hutchins (2000b). His main
contention was that fully automatic high-quality translation (FAHQT) is unreasonable and that,
despite predictions of impending triumph, he "could not be persuaded of their validity" (Bar-Hillel,
1960, p. 94). He offered an addendum that purportedly proved FAHQT to be impossible. The
evidence was this challenging statement that requires extralinguistic knowledge: “Little John was
looking for his toy box. Finally, he found it. The box was in the pen”. Sixty-three years later,
Google Translate is unable to accurately translate this sentence into several languages.
Subsequently, most of those who supported MT research in the US government started to share
Bar-Hillel's pessimism, which significantly decreased funding for MT experiments and

improvements.
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3.2. The Georgetown-1BM Experiment

In 1954, a famous experiment in Georgetown at Johnson university, Washington, was
conducted. A machine could translate 250 words with only six grammar rules and 49 sentences
though it was considered as toy system (Goshawke et al., 1987, p. 26). It was a collaborative work
with IBM that employed word-for-word English-Russian translations without built-in linguistic
components (Hutchins, 1995, p. 434). In fact, that was not a full-fledged translation system.
Besides, spending much research money on MT was hardly looked at as necessary (Vasconcellos,
2000). Jointly with IBM, the Georgetown university experiment forecasted a promising solution
for MT systems within few years. Besides, such optimistic results guided other MT experiments

in other countries whose research experts required more funding.

After eight years, the Georgetown University MT project team had to resort to post-editing,
as recommended earlier by Bar-Hillel (1960). However, post-edited translation “took slightly
longer to do and was more expensive than conventional human translation” (Pierce, 1966, p. 19).
Even Beyer (1965) stated, “I doubt if the edited translation reads as smoothly as one which I would

have started from scratch” (p. 50).

Although the English-Russian demonstration showed a potential success, there were still
fears from the Georgetown-IBM about the predictions of MT full capabilities. From this
experiment onwards, more MT activities spread in many areas. Research continued in a number
of countries, such as the USA and England (since 1948), the Soviet Union (since 1954), Japan
(since 1956), Italy and France (since 1959), etc. Research teams worked on operational MT and
on developing MT systems. Perhaps the main reason behind this research was the desire to check

and evaluate scientific and technological information from the competing countries. As the
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governments and militaries increased their funding plans during the decade of optimism, the

bubble burst in 1966 by publishing the ALPAC report.

3.3. The ALPAC Report

In spite of unrealized capabilities of MT methods, the research community was hopeful
and optimistic about the future of MT before 1966. Verily, the Automatic Language Processing
Advisory Committee (ALPAC) report in 1966 had its influence on the progress in MT systems.
Somers (2003) estimated 12 to 20 million dollars to be invested by the US government on MT
experiments during the late 1950s and early 1960s (p. 4). Sponsors and the general public expected
high-quality translations, yet this report caused their optimism to vanish. As it issued that there is
no point in conducting MT research for 20 million dollars were spent in the US per year while all

expensive computers would not make it cheaper.

Maximizing the power of computers and dealing with NLP systems would surely cost and
be demanding. For that, the ALPAC (1966) concluded that:
- MT and post-edited MT is more costly than human translation.
- Since human translators are available, less attention should be drawn to automatization.
- No advantage is achieved from using MT over human translation.

- Funding should be directed to basic linguistic research (Church & Hovy, 1993; Hutchins, 2003).

Contrary to what is commonly believed, the report did not signal the end of MT research;
rather, it recommended speeding up the human translation process and evaluating the relative
speed and cost of machine-aided translation, as suggested earlier by Bar-Hillel (Pierce, 1966).

Indeed, the ALPAC (1966) investigated the MT situation and recommended to stop supporting
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MT in the mid-1960s. Such a report dispersed many research groups and caused, in one way or
another, new considerations about MT experiments (Hutchins, 2001; Slocum, 1980). Funding, lack
of cooperation and divergence in the methods were the major obstacles in the first decades of MT
history. Although ambitious precursors came to give hope to applied and computational linguists,

dispersion and disillusion occurred after every MT attempt (Somers, 1992).

Nevertheless, researchers worldwide kept working on finding ways to make machines
acquire knowledge about natural languages. Considered as a failure for more than a decade awaited
the MT revival till the late 1980s due to commercial and political conditions during the Cold War
(Hutchins, 2000a, pp. 4-5). Emerging as an academic affair, MT became the concern of some
universities and institutes’ researchers. The openness was through mere exchange of reports and
organizing conferences. The rise of interest was described by Pugh (1992) through stating that “the
1990s and beyond seem to herald a greater internationalization of MT efforts, and there is reason

to hope that the ghost of ALPAC will finally be laid to rest” (p. 17).

4. Machine Translation Paradigms and Approaches

The number of automatic translation types has multiplied since the 1960s till now. For that,
terminological inconsistency and confusion are provoked by the variety of approaches within -the
one or all- paradigms of MT (Slocum, 1985). Indeed, the MT paradigms differed in the
perspectives of researchers’ concerns and contributions. Bhattacharyya (2015), for instance,
considers MT as having evolved under three major paradigms: rule-based (RBMT), example-
based (EBMT), and statistical (SMT). However, most of the recent research (such as Mondal et

al., 2023) categorize them into classical and corpus-based approaches. In this respect, MT systems
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and their approaches are demonstrated in Figure 1 with references to their dates of emergence and

major approaches.

Figure 1
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Based on the fact that there is no clear agreed-upon unanimity on the categorization of MT
systems, and for the purpose of the present research work, all of the emerging paradigms and
approaches, as presented in Figure 1, will be introduced in this chapter. In line with their historical
development from the 1960s till 2020s, three major MT paradigms, with their approaches, are

presented: (1) rule-based, (2) knowledge-based and (3) corpus-based MT.
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4.1. Rule-Based Machine Translation

As TL requires explanation, rules have their advantage of supplying. Rule-Based Machine
Translation (RBMT) refers to applying SL rules as well as adapting them to TL engineered
structures. RBMT is featured by linguistic rules and its models work as “a series of processes
which analyze input text: morphological, syntactic and/or semantic analyses; and a process of
generating text as a result of a series of structural conversions based on an internal structure or
some interlingua” (Carl & Way, 2003, p. xviii). Lehrberger and Bourbeau (1988) contend that
RBMT was the first commercial system that used a knowledge-driven approach. The most popular
RBMT systems are SYSTRAN (Toma, 1977; Senez, 1994), OpenLogos MT (Scott & Barreiro,
2009), Apertium (Ramirez-Séanchez et al.,, 2006; Forcada et al., 2011) and Grammatical

Framework (Ranta, 2011).

The generating criteria in RBMT are manually created using linguistic knowledge and
relying on bi- or multi-lingual dictionaries. There are three representations in RBMT: direct,
transfer and interlingua. With no intermediate representation, translation is direct. Based on
dictionaries and word-for-word translation, the direct system uses simple rules on the surface form
to (re)order words in TL. With more abstract representations, translation is a transfer process. As
this system integrates a syntactic analysis, SL structure is exploited and TL structure is more
accurately provided. With more formal and sound representations, an interlingua system is used.
That is, contents of SL are transferred to a pivot language from which the translation of TL occurs
(Poibeau, 2017, pp. 27-28). Indeed, semantics requires a translation stage between a natural

language input and their logical representations in this system (Wilks, 2008, p. 35).
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First, MT used arbitrary texts, or texts of interest to the military. Then, in the 1960s, the
funding factor and the linguistic difficulties increased. The earliest MT system -the direct method-
came as a direct processing strategy without any kinds of intermediate stages. Less primitive
software designs led later to indirect approaches (Hutchins & Somers, 1992, p. 72). Linguistic
naiveties were soon recognized; the internal analysis of SL was required. The indirect method
came with interlingua approach and transfer approach. The former refers to analyzing SL and
generating an output through its representation. It is interlingual due to the neutrality between SL
and TL representations (p. 73). The latter refers to analyzing (interface) language-dependent,
abstract representations via bilingual modules interposition (p. 75). All three approaches: direct,

interlingua and transfer, were conducted through non-interventionist or interactive modes.

It is noteworthy that the transfer process relies on the chain of analysis-transfer-generation
(ATG). The aforementioned strategies -or sub-systems- of RBMT, along with a clarification of
ATG process, were demonstrated in the Vauquois Pyramid proposed by the French MT researcher
Bernard Vauquois in the 1960s (Costa-jussa & Fonollosa, 2015, p. 4). As shown in Figure 2, the
Vauquois triangle explains how an input is processed, then an output is generated within the
varying strategies of direct, transfer and interlingua. Each of the ATG steps has certain rules. First,
rules to analyze SL; second, rules to transfer any represented analysis; and third, rules to generate
TL (see Figure 3). Rule-makers contribute to the strength or weakness of rules according to their
linguistic expertise as well as their understanding of the SL and TL properties. In RBMT, the
translation process is controlled by dictionaries and inspected by linguists. For that, this approach

was considered as slow and time-consuming (Carl & Way, 2003, p. xviii).



CHAPTER 1: MACHINE TRANSLATION 32
Figure 2
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Although the transfer method was a sub-system in RBMT, most of the following MT

systems came with similar flows of operations but with more sophisticated steps and processes. In

spite of their high precision, rule-based models are featured with low recall. Besides, some

situations have more than one applicable or suitable rule -along with rules conflict- and this
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requires more careful rule ordering. For that, Bhattacharyya (2015) contends that, in RBMT, “the
onus of empowering the MT system lies with the human expert” (p. 26). Apart from the technical
obstacles in the course of developing MT systems, the semantic features of SL made it complicated
for RBMT to process and engineer some languages (such as Arabic and Japanese). The proposal

for a dataset on which the MT system relies -or should rely- came as a solution.

4.2. Knowledge-Based Machine Translation

Knowledge-Based Machine Translation (KBMT) refers to the limited domains’ knowledge
provided to MT processing of SL. The knowledge layers used in MT are (1) conceptual or
ontological knowledge (such as animal, human and plant), (2) world knowledge (such as axioms
and natural laws), and situational or factual knowledge (such as place, time and status). Linguists
and programmers supply the KBMT system with linguistic and computational instructions
(Nirenburg, Beale & Domashnev, 1994). They work on making data readable to the computer
depending on terminological materials. In such system, the MT process may be unidirectional or

bidirectional (from SL only, or from and to SL).

KBMT can be described as a RBMT system with extensive semantic and
pragmatic knowledge of a given domain. As it was built upon the idea of RBMT, KBMT
incorporated various forms of external knowledge to enhance the translation quality and address
some of the limitations of pure rule-based systems. However, KBMT required handcrafted
linguistic rules; therefore, it took much time, energy and funding. The three common projects that
used KBMT systems are KBMT-89 (Nirenburg, 1989), Verbmobil (Wahlster, 1993) and DBR-

MAT (Bontcheva, 1997).
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4.3. Corpus-Based Machine Translation

Corpus-Based Machine Translation (CBMT) refers to extracting equivalents from existing
data of parallel corpora. This approach has, by virtue of corpora availability, witnessed wide uses
and practices starting from the 1990s (Yngve, 2000). As it was known as data-driven MT (DDMT),
CBMT paved new directions to the field. Large scale texts proposed alternatives “to overcome the
knowledge acquisition problem of RBMT systems”. Instead, parallel corpora are “used and/or

consulted to derive the required knowledge for new translations” (Carl & Way, 2003, p. xviii).

CBMT had developed in the 1990s through improving probability factors in its application.
Therefore, the language patterns identification witnessed a thorough scrutiny in large data stores
such as the web. Bilingual documents alignment had been realized through sub-alignment
processes like segments, patterns, sentences, phrases and words alignments (Brown et al., 1993).
For that, and because of data alignment and corpora availability, CBMT became the seed of other
significant MT approaches that are: Example-Based Machine Translation (EBMT), Statistical

Machine Translation (SMT) and Neural Machine Translation (NMT).

4.3.1. Example-Based Machine Translation

An initial direction within data-driven automated translations was Example-Based
Machine Translation (EBMT). Translators within the example-based model “collect a bilingual
corpus of translation pairs and then use a best match algorithm to find the closest example to the
source phrase in question” (Arnold et al. 2001, p. 188). The mapped rules, thus, elevates the EBMT

to be a process by analogy that produces translation templates. EBMT can also be referred to as
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‘memory-based’, and it is mainly about emulating how human translators think (Nirenburg,

Carbonell & Tomita, 1994).

It is interesting how Al stood up on the opposing processes that are human knowledge-
driven or/and data-driven. Then, how about a combination of such contrast features? Church
(2011) rationally pointed towards the evolution of such a synergy of methodologies, namely in
NLP. For that, the EBMT formalism depended on both human rules and data. That is, the
identification process of translation patterns, which are brought from data, is rule-driven
(Bhattacharyya, 2015, p. 27). As it is situated between RBMT and SMT, EBMT integrates
databases techniques and rules; yet, more facets need to be explored in order to distinguish it from

SMT (Somers, 1999).

EBMT is based on the idea of analogy. That is, preprocessing the parallel texts is optional
(Dajun & Yun, 2015; Vandeghinste et al., 2013). There are three major steps in EBMT: matching,
transfer and recombination. Matching is the starting point to find translations (TL) for input
fragments (SL) within the data storage of the phrase-, sentence-, or paragraph-aligned bilingual
parallel corpora. The following step, transfer, includes extraction from the examples of matched
fragments. The final step is where the translated fragments are generated according to the

fragments of SL (Brockett et al., 2002). These steps are demonstrated in Figure 4.

To illustrate an EBMT system, Nagao (1984, reprinted in 2003) initiated setting sentences
in Japanese with their English translations as examples presented to the MT system in order to
learn structures and correspondences between SL and TL. With the same language pairs, Brockett
et al. (2002) conducted an EBMT on abstract linguistic representations. Eventually, manual rule-

curation steps were replaced by the automated machine learning process.



CHAPTER 1: MACHINE TRANSLATION 36

Figure 4

The Main Steps in EBMT
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Until the 1990s, the limitations of MT centered on speed, cost, subject matter restrictions,
and issues with vocabulary accuracy and consistency (Gross, 1992, p. 102). Shortly after several
experiments on EBMT, Brown et al. (1990) introduced a more mathematics-and-probability-based

approach known as Statistical Machine Translation (SMT).

4.3.2. Statistical Machine Translation

Statistical methods had been primarily used in ASR, lexicography, and other NLP
applications (Brown et al., 1990, p. 79). The pioneers of SMT are IBM researchers as the starting
point was in the late 1980s. Their contributions were a move in computational linguistics; they
could overwhelmingly dominate the field. The central function of SMT is “to learn how to translate
from a large corpus of pairs of equivalent source and target sentences” (Goutte et al., 2009, p. 2).
Hence, the machine is trained on such an input-output framework. The statistical approach is based
on assigning that every sentence in SL (S) has a possible translation in TL (T). Hence, pairs of

sentences are deduced from the probability (p) equation formulated as P(T|S). Components of sub-
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formulas of SL and TL probabilities are referred to as ‘language model’ (LM) and translation
model (TM) respectively. The more sentences are well-formed, the higher LM probability is and

the more concentrating TM is (Koehn et al., 2003a).

Based on bilingual corpora, the SMT approach started with treating words in sentences as
strings, that is, word-based models (Brown et al., 1990, p. 84). Notwithstanding their merits, word-
based MT systems could not properly deal with homonymy and gender linguistic instances. Then,
Och and Ney (2000; 2002) improved a phrase-based system that came to process units (words
sequence) by giving wights (score of probability) to phrase-pairs. Progressively, the experiments
continued to test systems that process sentences with more complex syntactic structures,
particularly those introduced by Yamada and Knight (2001), and Marcu and Wong (2002). Then,

the n-gram-based models evolved to bring the phrase-based approach (as in Marino et al., 2006).

It is noteworthy to mention that Brown et al. (1990) presented ‘alignment’ as a critical step
in the SMT process. It is defined as linking the parts of (S, T) pairs through indicating the TL
words’ origins. Bhattacharyya (2015) claims that “one reason behind the stupendous success of
SMT as the reigning paradigm of machine translation is the discovery of the expectation
maximization-based word alignment algorithm for SMT” (p. 27). In fact, alignment was developed
at three levels: word, phrase and sentence. Brown et al. (1990) employed probability models so
that “every sentence in one language is a possible translation of any sentence in the other” (p. 79).
In this model, for every sentence pair (S,T), there exists a probability, Pr(T|S). Brown et al.’s
equation provides that:

Pr(S) Pr(T|S)
Pr(T)

Pr(S|T) =
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To simplify, words in SL have the probability Pr(S) to produce words in TL; the language
model probability Pr(T) suggests an order of source words provided for the translation probability
Pr(S|T). In line with this, Xiong and Zhang (2016) posit, in a log-linear model, that the best
translation & among all possible translations is found by the probability of a target sentence e (p.

2). For them, the basic SMT architecture, given f as a source sentence, is as follows:
é = argmaxP(e|f)
e

Indeed, SMT depends on two probabilistic models: a language model (LM) and a
translation model (TM). The former relies on monolingual corpora for a more fluent output. The
latter relies on bilingual corpora. TMs help in estimating how probable a target sentence t is a
translation for the source sentence s. The conditional probability equation P(t|s) is used for finding

t of the maximum probability for s. Then, the best translation é is weighed as follows:

é = argmaxP (t|s) = argmax P(t|s) X P (t)
translation model Language model

The SMT paradigm, as presented briefly, relies on certain models that the machine
statistically learns from parallel corpora and on decoded technical rules -commonly known as
algorithms- to automatically translate instances from one natural language into another (Xiong &
Zhang, 2016). By virtue of computer science development and the availability of largescale
parallel texts, SMT witnessed substantial progress that led to shifting from word-based to phrase-

and syntax-based SMT in the early 1990s.

Several approaches were developed within the SMT paradigm. Sentence-related

approaches targeted its units: word, phrase and syntax. The approach that operates at the level of
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individual words is known as Word-Based Statistical Machine Translation (WBSMT). It aligns
and translates linguistic items based on statistical patterns observed in bilingual corpora. However,
it may struggle with handling word reordering and complex sentence structures. With larger units,
Phrase-Based Statistical Machine Translation (PBSMT) is involved. Under this approach, phrases
are extracted from parallel texts and aligned to find translation equivalents (Marcu & Wong, 2002).
Although PBSMT can handle limited word reordering, it offers improved translation quality

compared to word-based models (Koehn et al., 2003a).

In addition, integrating syntactic structures into the automated translation process and
considering grammatical relationships between words is done by Syntax-Based Statistical
Machine Translation (SBSMT). For more coherent and accurate translations, SBSMT captures
complex sentence structures and word reordering more effectively (Yamada & Knight, 2001). The
aforementioned approaches triggered more researchers to develop SMT systems. As a way to
address the limitations of traditional PBSMT, Hierarchical Statistical Machine Translation
(HSMT) emerged to incorporate more linguistic structures into the translation process (Li et al.,

2010).

HSMT, as introduced by Chiang (2005), represents a progression beyond the flat, phrase-
level TMs by incorporating linguistic hierarchies and syntactic information to capture more
complex sentence structures and linguistic nuances. HSMT systems share several features with
standard PBSMT systems (Chiang, 2007). However, they are distinctive in the way they guide
their reordering model through effective synchronous context-free grammar; thus, more flexible

lexicalization and reordering occur. The milestone works in HSMT are attributed to Imamura
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(2001) and Watanabe et al. (2002). The most popular HSMT systems are HiFST (Iglesias et al.,

2009), cdec (Dyer et al., 2010), Travatar (Neubig, 2013), and Joshua (Post et al., 2015).

Significant steps forward in the SMT evolution has been marked with various projects and
open-source toolkits. Bracketing Transduction Grammar -or BTG-based SMT- is another popular
SMT formalism that could compete HSMT in terms of BLEU-measured translation quality (He et
al., 2008). BTG-based SMT proved quality at hierarchical and long-distance reordering as well as
synchronous context-free grammars. Through using PBMT for translation units and SBMT for
hierarchal structures construction, BTG-based SMT could connect both statistical methods
effectively (Xiong & Zhang, 2016, p. 15). Indeed, the multiplicity of approaches that CBMT
brought could motivate researchers to combine them with classical MT systems. This became

known as hybrid MT.

4.3.3. Hybrid Machine Translation

Using more than one MT method is known as Hybrid Machine Translation (HMT).
Apparently, integrating numerous methods within a single MT system is made for the purpose of
improving outputs, remedying defects and enhancing translation quality (Costa-jussa & Fonollosa,
2015; Labaka et al. 2014). HMT was mostly a combination of RBMT and SMT. One major MT

system that employed HMT is PROMT (Molchanov, 2012).

HMT holds promise in addressing the limitations of individual MT paradigms. By
leveraging their complementary strengths, it offers potential benefits such as enhanced translation
accuracy, improved handling of domain-specific terminologies, and robustness against data

scarcity (Mondal et al., 2023, p. 10140). However, integration complexities, system compatibility,
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and optimization of system selection strategies are critical hurdles. After two decades of machine

learning for SMT and HMT improvements, a paradigm shift in MT occurred.
4.3.4. Neural Machine Translation

By the turn of the third millennium, works in Al became more ambitious, and the future of
NLP tasks seemed prosperous to experts. MT systems’ designs, in the same path, developed.
Evaluating the shared parameters in LMs and TMs and the mechanism of predicting equivalencies
revealed that models cannot adapt to non-existing phrases and that, in turn, can lead to phrases
dissimilarities and sparsity (Garg & Agarwal, 2018, p. 7). Bengio and Senécal (2003) proposed a
revolutionary MT system where words have continuous fixed dimensions known as word vectors.
Through neural networks, promising sparsity solutions have been dealt with. The extensive
exposure to words helps the system’s decoder learn the morphosyntactic and lexicosemantic
aspects of the words. Prominent works that contributed to NMT were conducted by Collobert and

Weston (2008) and Sutskever et al. (2011).

As an approach to overcome the limitations of SMT, using neural networks for MT was
suggested earlier (Allen, 1987; Pollack, 1990; Chrisman, 1991; Forcada & Neco, 1997; Castano
& Casacuberta, 1997). However, adopting this idea demonstrated its potential only with the
increased computational power (Kalchbrenner & Blunsom, 2013). Unlike SMT, which involves
distinct building blocks, NMT employs a single neural network to handle the entire translation
process. Both SMT and NMT systems can be seen as evolutions of transfer-based MT systems
from the 1980s. In SMT, transfer rules for semantics and syntax are segmented, while in NMT,
these rules are abstracted into high-dimensional vector spaces that may be language-independent

(Johnson et al., 2017).
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The NMT system aims at predicting the likelihood of a word sequence through building
and training a large artificial neural network. This process is referred to as ‘deep learning’ (DL)
(Bahdanau et al., 2015). NMT addresses traditional MT systems’ shortcomings. Its major merits
lie in its architecture and direct, automated learning (Wu et al., 2016, p. 1). Moreover, NMT
systems depends on a larger number of parameters, also known as network patterns. The two
common patterns are Recurrent Neural Networks (RNNs) and Convolutional Neural Networks

(CNNS). These are a set of states consuming SL sequences and generating translated outputs.

The major merit of NMT is that SL and TL texts can be trained in a fast and more accurate
course. Notably, the early NMT methods are motivated from networks integrated in SMT. There
are four NMT sub-approaches where TMs are involved: the Seq2Seq model (Sutskever et al.,
2014), encoder-decoder model (Bahdanau et al., 2015; Cho et al., 2014), the attention mechanism

(Cui et al. 2016), and the transformer model (Vaswani et al. 2017; Devlin et al. 2018).

The progress and evolution in NMT methods and models have been reviewed and studied
by several researchers such as Garg and Agarwal (2018), Stahlberg (2020), Tan et al. (2020) and
Sharmaetal. (2023). Indeed, NMT addressed the limitations of RBMT and SMT methods through
DL. In 2016, Google initiated “Google Neural Machine Translation” (GNMT) project (Wu et al.,
2016), and it is considered the MT state-of-the-art. Other worth-mentioning notable NMT
applications are Microsoft Translator, Meta Al Translate, and OpenNMT (Klein et al., 2017).
Given that the empirical component of the present study relies on a specific NMT architecture, a
comprehensive explanation of these particular models and techniques will be provided in Chapter

3 to contextualize the methodological approach.



CHAPTER 1: MACHINE TRANSLATION 43

5. Summary of Chapter

This chapter has chronicled the remarkable historical and methodological evolution of MT,
(synthesized in the chronological timeline presented in Figure 5). As demonstrated, the field has
progressed through four distinct paradigms: RBMT, EBMT, SMT and NMT, each defined by its
own philosophical approach and punctuated by seminal contributions. The timeline highlights the
most influential research that defines each era, from the Georgetown-IBM Experiment to the
Transformer architecture. It serves as a representation of a field shaped by countless visionary

pioneers from diverse disciplines, including mathematics, linguistics, and computer science.

The narrative of MT can be distinctly partitioned into two major epochs demarcated by the
pivotal ALPAC Report of 1966. The "first generation” of MT was dominated by the ambitious
rule-based paradigm, which sought to encode human linguistic knowledge into direct, transfer, and
interlingua systems. Following the ALPAC report's critical assessment, the "second generation™
reflected a gradual shift towards more data-informed techniques, beginning with the example-
based approach in the 1980s, which introduced the foundational concept of translation by analogy
using parallel texts. This set the stage for the computational and technological enhancements of

the 1990s, causing many early misconceptions about the MT limits to fade.

The subsequent eras represent a profound shift towards data-driven learning, commencing
with the statistical paradigm. Pioneered by the IBM models, SMT matured through successive
stages of increasing sophistication, evolving from word-based and syntax-based models to more
powerful phrase-based and hierarchical systems. This trajectory culminated in the current state-of-
the-art neural paradigm, which has itself undergone a rapid internal evolution from foundational

encoder-decoder architectures to the introduction of the transformative attention mechanism and
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the now-dominant Transformer. Both the SMT and NMT paradigms, though different in their
technical underpinnings, represent the most linguistically informed and complex approaches to

date, proving capable of handling intricate linguistic phenomena with unprecedented fluency.

Figure 5
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In tracing this history, this chapter has distinguished the core philosophies that have guided
MT development, from early theoretical ambitions to the sophisticated, empirically-driven
technologies of today. This evolutionary arc has recently turned towards one of the field's most
pressing challenges: the effective automated translation of LRLs. Within this modern frontier,
Arabic dialects emerge as a prominent and complex case study, primarily hampered by the scarcity
of parallel corpora. It is in this context, building upon seven decades of innovation, that the present
study is situated, aiming to contribute to the ongoing effort of extending the frontiers of MT to a

historically underserved linguistic domain.
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Processing the natural Arabic classical and modern varieties is dated back to the initial
EBMT experiments in the 1980s. With the progressive improvement in MT systems, various SMT
and NMT models could raise the quality of the automated translation from and into Arabic.
Nevertheless, MT experts worldwide were not limited to formal and standard languages. The
extensive use of dialects, especially in online communication and content making, urged scholars
to work on the improvement of dialects automatic translation. MT of Arabic dialects, for instance,
can be considered as a recent activity whose age is around one decade. Earlier works focused more

on processing and corpora building.

While progress has been made, achieving high-quality translations for all Arabic dialects
remains a significant research area. It is a complex and challenging task due to the linguistic
diversity and variations across different dialects. However, the present research work is concerned
with dialectal Arabic, namely the Algerian dialect. Particularly, this chapter is devoted to briefly
survey MT of Arabic dialects focusing on the Algerian case. Furthermore, the difficulties of
processing Algerian dialects are discussed. The existing Algerian dialects corpora are described,

and the MT experiments on them are reviewed.

1. Arabic Dialects Processing

Arabic belongs to the Semitic language family. It is the fifth most spoken in the world by
over 420 million people. As it is a diglossic language, the high or formal variety is Modern

Standard Arabic (MSA), with a variety of spoken dialects. MSA is the official language of twenty-
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two Arab countries situating in the common Middle East and North Africa (MENA) region. MSA
is used in education, government, and the media whereas the spoken dialects -or vernaculars- are

used in everyday communication (Suleiman, 2013).

Any differences that occur between standard and non-standard variations are based on
vocabulary, syntax and pronunciation. MSA and its dialects propose a large number of differences
that vary even across dialects and mainly by region. Figure 6 demonstrates the map of the Arab

world with an illustration of linguistic variation across the major regional dialects.

Figure 6

An Illustrative Linguistic Variation across the Arab World

Note. The figure (adopted from Ali et al., 2017, p. 127) demonstrates the major lexical variations

of the word ‘tomato’ (~kWk) from the east to the west regions/countries.
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Indeed, the easter one moves within MENA, the closer the dialects are to MSA. The rules
of these dialects differ according to regional, historical and sociolinguistic reasons. Researchers
varied in their classification of Arabic dialects though Keleg et al. (2025) note that these regional
distinctions are often fluid rather than discrete. According to Versteegh (2014), there are five major

regional dialects in the Arab world. Table 1 presents these regions with country references.

Table 1

Arabic Dialects Continuum

West < > East
Regional Maghrebi Egyptian Levantine Mesopotamian Arabian Peninsula
Dialects (MGB) (EGY) (LEV) (IRQ) dialects (GLF)
Countries Libya, Tunisia, The dialects of Lebanon, The dialects of Kuwait, KSA,
Algeria, the Nile valley: Syria, Iraq. Bahrain, Qatar,
Morocco and Egypt and Jordan and UAE, Oman and
Mauritania. Sudan. Palestine. Yemen.

Such a diversity of dialects and sub-dialects represents an NLP challenge. That makes it
difficult to develop MT systems that can translate across all the colloguiality of these dialects. In
the last two decades, researchers devoted much efforts to improve Arabic dialect processing, build
dialectal corpora, and enhance the qualities of experiments on Arabic dialects. Particularly, over
the past decade, Arabic dialect processing has increasingly focused on a few dominant varieties

and a core set of NLP tasks.

According to Dahou et al. (2025), mixed-dialect corpora, combining MSA with multiple
dialects, have been the most frequently processed, reflecting a trend toward building broadly

applicable models. Among individual dialects, MGB and EGY have been consistently represented,



CHAPTER 2: MACHINE TRANSLATION OF ARABIC DIALECTS 49

with Algerian gaining notable prominence after 2018. LEV dialects appear regularly but less
frequently, while GUL and IRQ have been addressed only sporadically. Figure 7 demonstrates the

distribution of the prominent works on Arabic dialect processing highlighting the major NLP tasks.

Figure 7
Trends in Arabic Dialect NLP Tasks from 2014 to 2024
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Note. Adopted from Dahou et al. (2025, p. 5). Selection criteria are as defined by the authors.

On the task level, SA has been the most researched application, peaking in 2020-2021,
driven by interest in opinion mining from social media data. Other widely explored tasks include
dialect identification, event detection, and PoS tagging, the latter gaining momentum after 2017.

NER, preprocessing, and resource creation have been steady research areas, underpinning the
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development of more advanced tools. More recently, LLMs have emerged as a growing focus,
especially from 2018 onwards. By contrast, tasks such as hate speech detection, rumor detection,
and text classification remain less common but show gradual growth, reflecting interest in socially
aware and safety-related NLP applications. This distribution reveals a dual trend: a concentration
on resource-building and sentiment-centric applications, and a gradual diversification into

specialized tasks and underrepresented dialects.

While Dahou et al.’s (2025) survey offers a comprehensive and timely synthesis of research
on Arabic dialect processing, its methodological scope is not without limitations. By prioritizing
only highly cited and ostensibly “impactful” works, the review omits a number of prominent
contributions that, although less widely cited, have nonetheless introduced innovative
methodologies or addressed underexplored dialects. Furthermore, the exclusion of studies in which
Arabic dialect processing is integrated with foreign-language data (cross-lingual alignment, code-
switching analysis, or multilingual model training) results in an incomplete portrayal of the field’s
breadth. This omission is particularly significant given that cross-linguistic approaches play a
pivotal role in tasks such as MT, where the interplay between Arabic dialects and other languages
is central. These gaps underscore the need to examine research that explicitly engages with cross-

dialectal as well as multilingual MT scenarios.

2. A Survey on Arabic Dialects MT

There has been significant progress in the automated translation of several Arabic dialects
in recent years. The development of new corpora and MT techniques for Arabic dialects has been
surveyed by Harrat et al. (2019a) and Babaali and Salem (2023). Particularly, the present section

reviews the notable MT research works and linguistic resources for Arabic dialects. It is important
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to note that research focused earlier on dialect-MSA MT, then on dialect-English MT.
Nonetheless, in the course of improving Arabic dialects processing, some researchers worked on

building tools that disambiguate their morphology.

Morphological analyzers, also known as segmenters, are designed tools to dissect the
structure of words, breaking them down into their constituent morphemes and clitics, such as roots,
affixes, and grammatical features (Al-Sughaiyer & Al-Kharashi, 2004). Understanding the
morphology of words is of paramount importance in Arabic dialects due to the intricate nature of
their linguistic features, where slight modifications can completely alter the meaning of a word.
The significance of morphological analyzers in processing Arabic dialects lies in their ability to
facilitate MT tasks. Several segmenters have been built and developed to process Arabic dialects

(see Table 2); however, the majority of them targeted EGY, LEV and GLF.

Table 2

Notable Morphological Analyzers for Arabic Dialects Processing

Research works Analyzers Dialects
Habash and Rambow (2006) MAGEAD LEV
Habash, Eskandar and Hawwari (2012) CALIMA EGY
Almeman and Lee (2012) AlKhalil GLF
Zribi et al. (2013) AlKhalil TUN
Habash et al. (2013) MADA-ARZ EGY
Pasha et al. (2014) MADAMIRA EGY
Salloum and Habash (2014) ADAM Multi-dialectal
Hamdi et al. (2015) MAGEAD TUN

Khalifa et al. (2016) YAMAMA Multi-dialectal
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Harrat et al. (2016) BAMA ALG
Al-Shargi et al. (2016) ALMOR MOR / YEM
Eskandar et al. (2016) ALMOR LEV /EGY
Khalifa et al. (2017) CALIMA GLF
Obeid et al. (2022) CAMELIRA Multi-dialectal

Critiques of existing Arabic dialect morphological analyzers highlight several limitations
that affect their overall utility. Firstly, many of these analyzers suffer from a limited database
(especially ALMOR), which restricts their ability to accurately analyze and generate
morphological forms for a wide range of dialect words. Additionally, a significant drawback of
such tools as CALIMA is their focus primarily on verbs, neglecting other parts of speech like
nouns and adjectives, which limits their scope in analyzing the entirety of dialect text. Moreover,
these analyzers often struggle with capturing the essential element of text context, resulting in

lower accuracy and potential misinterpretations of words within sentences or discourse.

Furthermore, extending or updating these analyzers can be a time-consuming process due
to manual annotations (as in MADAMIRA) and the need to add entries to the database, making
them less adaptable to evolving dialects. Another critical limitation is the absence of a syntactic
component (the case of MAGEAD, which hinders a deeper understanding of sentence structure
and relationships between words. Lastly, the use of commercial components in such analyzers as
AlKhalil can impose cost constraints and licensing issues. Other detailed critiques of these
analyzers have been provided by recent reviews such as Alothman and Alsalman (2020) and
Tachicart et al. (2022). Despite all the disadvantages, the need for further development and
refinement is still motivating researchers to overcome common limitations and enhance the

effectiveness of these analyzers.
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2.1. Arabic Dialects-MSA

Arabic inter-dialectal MT has improved by virtue of segmenters. Yet, the efforts are needed
for translating these dialects into MSA and ENG. There have been several research works that
practically experimented Arabic dialects-MSA MT. For instance, Bakr et al. (2008) proposed a
sentence-based MT from EGY into MSA. They used a hybrid approach: (1) SMT for sentence
segmentation and tagging, and (2) RBMT for generating diacritized sentences relying on a
bilingual dictionary. Through manual segmentation and tagging, their study was based on a corpus

of 1K dialectal sentences.

A second prominent contribution was by Salloum and Habash (2012) who introduced
Elissa. The latter is a RBMT system that translates EGY, LEV, IRQ, and to a lesser extent, GLF
into MSA. Following an identification phase conducted by the user, Elissa converts dialectal words
into paraphrases in MSA using the dialectal morphological analyzer ADAM (Salloum & Habash,
2011), morphological transfer rules, and dialect-standard Arabic dictionaries. The generated
paraphrases form a lattice, from which the best hypotheses are selected through a 5-gram language

model trained on a corpus of 200M words.

Further, Mohamed et al. (2012) presented a RBMT system that translates from MSA into
Egyptian dialectal Arabic. The system was evaluated in terms of morpho-syntactic tagging and
OOV coverage. In terms of tagging, the recall rate improved from 73.24% to 86.84%, while the

OOVs rate decreased from 28.98% to 16.66%.

Due to the lack of parallel data, some researchers depended on monolingual corpora in

their MT experiments. For instance, Almansor and Al-Ani (2017) proposed word embeddings to
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capture semantic similarities between EGY and MSA. Such a method required monolingual data
for MSA and EGY. Data preprocessing steps like tokenization and normalization were applied.
However, the authors did not mention the size of trained data. For that, Alnassan (2023) proposed
strategies for the automatic standardization of dialects to bridge the gap between the vast diversity

of Arabic dialects and MSA.

Faheem et al. (2024) proposed a semi-supervised approach to deal with EGY-MSA MT.
With the largest dataset for this language pair, over 15M EGY sentences were collected. As for
MSA data, they reached 20M sentences. In addition, a parallel corpus of 40K EGY-MSA sentences
was created. Similar to a previous paper (Faheem et al., 2023), the researchers employed three
methods: (1) a Seq2Seq model for EGY-MSA shared vocabulary, (2) an unsupervised transformer
model for EGY monolingual corpus, and (3) a hybrid system that trains the supervised EGY-MSA
parallel data and incorporates the monolingual data subsequently. To regularize and handle OOVs,
the authors used different techniques. The NMT hybrid semi-supervised approach achieved the
best BLEU scores of 29.5. As a solid contribution to the application of semi-supervised NMT to
dialectal Arabic, this research work demonstrates that even unsupervised monolingual corpora

may lead to better MT performance.

Likewise, Yemeni (YEM) and Jordanian (JOR) dialects received attention from NLP
experts to be automatically translated into MSA. For the Sana‘ani dialect of Yemen, Al-Gaphari
and Al-Yadoumi (2010) also adopted a rule-based approach that translates YEM into MSA. The

system achieved a recall rate of 77.32% on a test corpus of 9,386 words.

As for the JOR-MSA case, Al-lIbrahim and Duwairi (2020) utilized the RNN encoder-

decoder model for word-level (24.2K word pairs) and sentence-level (500 sentence pairs)



CHAPTER 2: MACHINE TRANSLATION OF ARABIC DIALECTS 55

translations. The reported results proved an accuracy of 91.3% for word-to-word MT and an
accuracy of 63.2% for sentence-to-sentence MT. The significance of the latter experiment by Al-
Ibrahim and Duwairi (2020) lies in its exploration of a relatively underexplored area. Translating
a specific Arabic dialect like JOR into MSA using DL techniques encourages the potential of the

proposed framework in enhancing the translation accuracy.

Farhan et al. (2020) presented novel NMT systems for translating dialectal Arabic into
MSA. Their key innovations were using shared word embeddings and leveraging subword
information. The authors evaluated the systems in both supervised and unsupervised settings. The
former involved JOR-MSA training whereas the latter involved training SAU and EGY datasets.
Using shared word embeddings to enhance cross-dialect translation was novel and promising.
Besides, the unsupervised experiments demonstrated the potential of the proposed approach.
Indeed, the systems achieved high BLEU scores, especially in the unsupervised setting. However,

Farhan et al. (2020) did not compare their results to other relevant multi-lingual NMT systems.

Furthermore, there were some experiments that targeted MGB (the Maghrebi dialects,
namely MOR, TUN and ALG). As for the Moroccan dialect(s), Tachicart et al. (2014) built the
Moroccan Dialect Electronic Dictionary (MDED) which was then experimented through an HMT
approach by Tachicart and Bouzoubaa (2014). The latter employed an approach that combines
rule-based methods with a language model. Their MT system was based on morphological analysis
with Alkhalil morphological analyzer (Boudlal et al., 2010), adapted and enriched with the affixes
of the Moroccan dialect, and a bilingual dictionary constructed from television scripts and web

pages.
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After an identification step that separates the dialectal content (MOR) from standard
Arabic, the text is analyzed and segmented into annotated dialectal units. These units are then
aligned with one or more corresponding MSA units using the bilingual dictionary. In the
generation step, MSA sentences are generated and passed to the language model to produce the

most accurate sentences.

According to TUN-MSA MT experiments, Hamdi et al. (2013) proposed an MT system to
process verbal forms in Tunisian dialect. It was based on a deep morphological analysis using root
and pattern. Their initial experiment on TUN-MSA was not mainly MT-guided. Rather, it was on
generating MSA that is approximate to TUN. Similar to the approach employed by Sawaf (2010),
Mohamed et al. (2012), and Salloum and Habash (2013), Hamdi et al. (2013) added the deep
morphological analysis based on MAGEAD (Habash & Rambow, 2006). The system translates in
both directions (MSA into TUN and vice versa). Its recall rate is 84% for MT from TUN and 80%

for MT from MSA.

Within a dialect identification project, Sadat et al. (2014) conducted a TUN-MSA RBMT
experiment. They collected 6K words from social media and blogs and the TUN-MSA manually
translated parallel corpus contained fifty pairs of sentences for MT evaluation. However, the score
of TUN-MSA translation experiments was low. A prominent MT project is the MuDMaT (Multi-
Dialect Machine Translation) Project (2014-2017). It was devoted to the automatic translation of
Arabic dialects, particularly the Maghrebi dialects (ALG, MOR and TUN), MSA and FRE.
According to Sadat (2015), an initial RBMT system was developed to translate TUN into MSA

and FRE.
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In addition, Sghaier and Zrigui (2020) experimented TUN-MSA MT utilizing a rule-based
approach. Their MT process went through morphological analysis and disambiguation, lexical and
structural transfer, and morphological generation and spelling corrections, ultimately yielding the
translated text in MSA. The test set was 100 sentences and the MT evaluation brought promising

scores that suggest the effectiveness of their proposed system.

Recently, Torjmen and Haddar (2021) addressed the development of automatic Named-
Entity Recognition (NER) and MT systems for the Tunisian dialect. Recognizing the challenges
posed by the linguistic differences between TUN and MSA, the morphosyntactic analysis was
performed thoroughly by Torjmen and Haddar (2022) who proposed a method based on a bilingual
dictionary and a set of elaborated local grammars. These local grammars are transformed into
finite-state transducers using the NooJ linguistic platform. The system was tested on a corpus of
20K words, yielding ambitious results. Both studies contribute to bridging the understanding gap

for non-Tunisians by effectively recognizing named entities (NEs) in TUN.

More recently, Kchaou et al. (2023) utilized neural networks methodologies for TUN-MSA
MT. They proposed an approach to create a parallel corpus with data augmentation methods to
effectively increase the size and quality of the corpus. Indeed, this was initiated earlier by Kchaou
et al. (2020) for an SMT experiment. The size of the augmented corpus reached 32K sentences in
the dialect. Besides, Kchaou et al. (2023) compared the performance of CNN, RNN, and
transformer models for the TUN-MSA translation task, revealing that the transformer model
outperformed the others with a BLEU score of 60. Their MT experiment highlights the

effectiveness of data augmentation, particularly for a low resource variety like TUN.
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Alhammi and Haddar (2022) proposed a method for building a bilingual dictionary to
translate words and phrases from the Libyan dialect (LBY) into MSA. They divided LBY words
into shared words that also exist in MSA versus other specific words from the dialect to form the
dictionary entries manually. The bilingual dictionary included over 2K entries with their
equivalents in MSA. However, the researchers did not provide a practical experiment or evaluation

for their dictionary.

Small-sized corpora could urge researchers to use multi-task learning (MTL) in their MT
experiments. It is based on encoder-learning strategy across multiple language pairs. For that, it is
adopted for inter- or cross-dialectal jointly datasets for a better generalization. The level of
similarities between Arabic dialects increases the MTL effect on the MT quality (Moukafih et al.,
2022, p. 584). Two notable research works that have adopted this approach in the literature. First,
Baniata et al. (2018a) whose corpus contained 13805 pairs of LEV-MSA sentences along with
17736 pairs of MGB-MSA sentences. For the test sets, 2K pairs of sentences were used from each
parallel corpus. They found that MTL models outperform the independently-trained models. In a
consecutive study, Baniata et al. (2018b) examined the influence of PoS tagging and MSA-ENG
MT tasks on the translation of dialects. Indeed, the MTL model with PoS tagging was found to

improve the NMT of experimented dialects into MSA.

Second, Moukafih et al. (2022) explored MTL strategies to capitalize on the relationships
between Arabic dialects, aiming to enhance the MT performance. Their experimental outcomes
were particularly impressive and could exhibit notable improvements over traditional MT
methods. Moukafih et al. (2022) underscored the effectiveness of MTL by reporting that, out of

42 MT experiments, this approach outperformed SMT in 88% of cases, even when utilizing a
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relatively small corpus. The viability of such newly-employed approaches and strategies in Arabic
dialects MT opens avenues for further exploration and development in the domain of processing

Arabic dialects.

In this respect, the prominent contributions are classified by year in Table 3 along with the

adopted MT approach(s) and corpus description.

Table 3

Notable MT Research Works (Arabic Dialects-MSA)

Research works SL-TL Approach(es) Corpus
Bakr et al. (2008) EGY-MSA SMT + RBMT 1K sentences
Al-Gaphari and Al- YEM-MSA RBMT + stemming 9386 words from Sana’ani

Yadoumi (2010)

Dialect

Salloum and Habash ~ LEV/EGY/IRQ/GLF- RBMT + morphology
(2012) MSA analysis
Mohamed et al.
(2012) MSA-EGY RBMT 292 comments
Hamdi et al. (2013) TUN-MSA RBMT + morphology 1,5K pairs of tokens
analysis
Sadat et al. (2014) TUN-MSA (F;.BMT + bilingual 50 sentences
ictionary
Tachicart and SMT + bilingual .
Bouzoubaa (2014) MOR-MSA dictionary MDED (18K pairs of words)

Baniata et al. (2018a)

LEV/MGB-MSA

NMT (through MTL)

15.8K LEV-MSA and 19.7K
MGB-MSA sentences

Al-lbrahim and

24.2K word pairs and 500

Duwairi (2020) JOR-MSA NMT (RNN) sentence pairs

Farhanetal. (2020)  JOR-SAU-EGY-MSA NMT # sharedword 50, conionces (all sets)
embeddings

Sghaier and Zrigui TUN-MSA RBMT_ + morphology 100 sentences

(2020) analysis
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Torjmen and Haddar ~ TUN-MSA RBMT + bilingual 20K words

(2021) dictionary

Moukafih et al. MGB/LEV-MSA SMT + NMT PADIC (6.1K parallel sentences)

(2022) (through MTL)

Kchaou et al. (2023)  TUN-MSA NMT (RNN, CNN 175K (Baseline 34K) TUN-MSA
and Transformer parallel sentences
models)

Faheem et al. (2024) EGY-MSA NMT (supervised and Over 15M EGY sentences, 20M
unsupervised) MSA sentences and 40K EGY-

MSA sentences

2.2. Arabic Dialects-ENG

MT of Arabic dialects into English is as recent as MT of Arabic dialects into MSA.
However, MT into English was not always direct. That is, some studies used MSA as a pivoting
language. Due to several challenges inherent in dialects themselves, using MSA to pivot the
translation task was a common workaround before advancements in technology and resources. In
this section, major research works and projects that covered MT of Arabic dialects into English

are reviewed.

Al-Mannai et al. (2014) utilized unsupervised morphological segmentation (using
Morfessor tool) of Qatari dialect (QAT) to enhance the performance of the Qatari-English MT.
dialect translation system into English. An improvement was realized at the MT system's
performance compared to a system without any segmentation and to a system with ATB
segmentation. A preliminary SMT system was presented using an unsegmented parallel corpus of
13K sentence pairs. Besides, a multi-dialect segmentation model was learned from a multidialectal
corpus (QAT, EGY, LEV, and MSA). The BLEU score of this system improved by 1.5 points

compared to the same system without segmentation.
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Sawaf (2010) employed an HMT system that combines both statistical and rule-based
approaches. This system translates texts in dialectal Arabic (web content and transcriptions of
broadcasts) into ENG using MSA as a pivot language. Dialectal texts are normalized using
character-level transfer rules. Sawaf (2010), moreover, used morphological analyzers for both
dialectal and standard varieties. The study used a corpus of 14M sentences covering a wide range
of dialects, including Levantine dialects (LEB, SYR, PAL, and JOR), Gulf Arabic dialects (IRQ,
SAU, and the southern Arabian Peninsula), the Nile region (EGY and SUD), and Maghrebi dialects
(LBY, MOR and TUN). The results demonstrated that the hybrid approach outperforms both the
individual statistical and rule-based approaches. Additionally, the normalization of dialectal texts
(training and test data) improves the BLEU score by 2% for web-extracted text and 1% for

broadcasted content and information.

Salloum and Habash (2013) evaluated Elissa manually, and 93% of the Arabic sentences
generated by Elissa were deemed correct. Furthermore, Elissa was utilized as a pivot tool for
dialectal Arabic-English MT. Such a pivoting method raised the enhancement level of the MT
system by 1.4%. They constructed a multi-dialectal (IRQ, LEV, GLF and EGY) corpus of 7345
sentences. Salloum and Habash (2013) validated the MSA outputs by Elissa, yet vocabularies are

still inputs from the dialects, therefore, the MT system produced mistranslations.

A prominent EGY-ENG SMT system was presented by Sajjad et al. (2013). A parallel
corpus of 38K sentence pairs was utilized for training, development and testing. The study
employed morphological and phonological transfer rules to align EGY with MSA at the word

level. These transformations reduced the OOVs rate from 5.2% to 2.6% and improved the BLEU
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score by 1.87 points. Such an MT enhancement occurred because EGY was mapped through an

automatic conversion method to be closer to MSA.

In the opposite direction, and using MSA as a pivot language, Jeblee et al. (2014) presented
a system that translates ENG into EGY. Based on an English-Arabic SMT system learned from a
corpus of five million sentence pairs, the researchers used domain adaptation techniques. For
adaptation purposes, a tri-parallel corpus (ENG, MSA and EGY) of 100K sentences was created
using transfer rules. In this research, the method for generating EGY from morphologically
disambiguated MSA sentences by Mohamed et al. (2012) was extended to automatically obtain
EGY sentences. The study demonstrated the adaptation between EGY and MSA as it highlighted

how this adaptation improves the MT system's performance.

The quality of EGY-ENG MT was enhanced by reducing the OOVs rate in the study of
Durrani et al. (2014). The adopted approach involved converting EGY to MSA by using an LLM
to select the best standard Arabic alternatives for dialectal OOVs via a beam search algorithm. The
results then are translated into English using an SMT system. It was found that spelling correction
improves the BLEU score by 1.7 points compared to a basic system that translates EGY directly

into English without editing.

Some MT experiments were parts of particular research projects. For instance, the Defense
Advanced Research Projects Agency (DARPA) initiated the BOLT program (Broad Operational
Language Translation). This project aimed to develop new techniques for the automatic translation
and linguistic analysis applicable to informal genres of text and speech in online or personal
communication. Indeed, the BOLT project focused on MT between English and other varieties,

among which there is the Egyptian Arabic dialect. It encompassed three technical domains: the
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development of algorithms and MT systems, data collection and corpus compilation, and

evaluation.

As part of this program, Zbib et al. (2012) constructed two parallel corpora: LEV-ENG
(1.2M words) and EGY-ENG (380K words) by translating parts extracted from a large web corpus
of Arabic texts into English. Dialect classification and translation were conducted using
crowdsourcing. Several experiments were performed with SMT systems trained on these corpora,
along with a parallel MSA-ENG corpus (150M words in MSA). The researchers used the
morphological analyzer MADA (Habash & Rambow, 2005) for segmentation, and that improved

the MT quality.

Zbib et al. (2012) also demonstrated that translation systems trained on corpora combining
dialectal and standard Arabic data tend to yield better results, which is natural given that dialectal
texts are mostly a mixture of standard and dialectal Arabic. Regarding the use of MSA as a pivot
language to translate LEV, the authors noted a 2.3-point improvement in BLEU score for the initial
experiments with an extended dialectal corpus. However, after adding more dialectal data to the
training corpus (400K words), direct MT brought better results despite the relatively low rate of

OOVs when the system pivoted through MSA.

Aminian et al. (2014) addressed the issue of dialectal OOVs in the context of Arabic
dialects-English MT. They adopted an approach that normalizes dialectal words into MSA words
using AIDA (Automatic Identification for Dialectal Arabic) as a tool for dialect identification and
glossing (Elfardy & Diab, 2012; Elfardy et al., 2014). They also used the morphological analyzer
MADAMIRA (Pasha et al., 2014) for the replacement of OOVs with MSA equivalents. The

training datasets contained 29M MSA and 5M dialectal Arabic tokenized words. This approach
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improved the SMT quality by an absolute BLEU score increase of 0.4% and 0.3% for AIDA and

MADAMIRA, respectively.

Furthermore, in the BOLT program, Aransa (2015) implemented various techniques for
experimenting EGY-ENG MT. Since the BOLT project did not cover EGY only, the domain
adaptation technique was adopted to train corpora. Therefore, the SMT system performance was
enhanced by treating different dialects as separate domains. Adaptation techniques were applied
to LMs and TMs. Aransa (2015) evaluated different morphological segmentation schemes and
addressed the OOVs issue through proposing a technique involving the transliteration of rare

words, such as proper nouns.

Indeed, the Egyptian dialect was a target for most of the MT experiments on Arabic
dialects. Sajjad et al. (2016) handled the morphological analysis and Arabic Treebank (ATB)
segmentation of EGY data. They addressed the unique challenges of translating this specific
dialect into ENG using a PBSMT approach. The combination of several techniques such as
segmentation, domain adaptation and transliteration models enhanced the MT quality while using

MSA as a pivot language.

A notable research work in the Arabic dialects-English MT literature that targeted the
Levantine dialect is conducted by Hassan et al. (2017). They proposed a novel approach to translate
LEV into ENG through word embeddings. Besides, the researchers created synthetic parallel data
from MSA; they generated LEV-ENG corpus from MSA-ENG parallel data of 3M sentences. Such
an approach of effective data generation technique by exploiting word embeddings and existing
parallel data in related languages gave over 2.8 BLEU score improvement for an NMT system.

The resulting system even outperformed a baseline trained on human-translated test data.
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Tawfik et al. (2019) tackled leveraging more abundant MSA resources to translate the
dialects into English. They conducted NMT experiments on EGY, LEV and GLF through using a
sufficiently accurate morphology-aware segmentation. The latter helped the NMT model better
leverage the common stems/roots between MSA and dialectal words, while learning the dialectal
prefixes/suffixes from the limited SL data. Based on some existing corpora, Tawfik et al. (2019)
made a compelling case for the morphological analysis to improve MT for resource-constrained

language varieties.

In addition, Abid (2020) addressed a critical gap in low-resource Arabic dialects MT
research. He developed benchmark EGY and LEV datasets for SMT experiments. The researcher
depended on bootstrapping to augment the data and adopted a multilingual training approach. For
optimal unsupervised segmentation parameters for the aforementioned dialects, baselines for ENG
into EGY and LEV MT were improved. Along with MSA, this research proved that multilingual

datasets would achieve better scores.

Furthermore, Nagoudi et al. (2021) investigated MT from code-mixed EGY and MSA into
ENG. Along with MSA-ENG parallel corpora, the collected data from different sources reached
56K EGY sentences with their ENG equivalents. They employed Seq2Seq transformer models
trained from scratch and other pre-trained LMs. The latter performed well on the code-mixed
MSA-EGY translation task. Eventually, the code-mixed EGY-ENG test set achieved a BLEU

score of 25.72.

Recently, Gaser et al. (2023) explored segmentation approaches for a code-switched EGY -
ENG NMT. As code-switching, mixing languages within a sentence, presents challenges for NMT

due to data sparsity and morphological complexity. Segmentation aims to address these issues by
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breaking down code-switched sentences into smaller, monolingual segments. They evaluated three
categories of segmentation approaches: (1) supervised morphology-based using MADAMIRA, (2)
unsupervised morphology-based using segmenters such as MorphA-Gram and Morfessor, and (3)
unsupervised frequency-based. The NMT transformer architecture was trained on each
segmentation setup to extensively analyze different data sizes and sentence types of high and low
code-switching. Gaser et al. (2023) concluded that frequency-based segmentation performed better

in low-resource settings as they proved that higher code-switching led to lower MT quality.

Similarly, Hamed et al. (2023) compared different data augmentation approaches to
improve MT of code-switched EGY into ENG depending on the same datasets in the study of
Gaser et al. (2023). However, three techniques were compared: (1) lexical replacements of words
in the SL with their equivalents in TL, (2) linguistic rules to code-switch parts of sentences, and
(3) back-translation which involves translating ENG texts to code-switched ENG. Augmentation
approaches were implemented with varying degrees of reliance on parallel code-switched data.
The NMT system performance was measured on both MT quality (BLEU score) and augmentation
quality (human evaluation of fluency and naturalness). Although the researchers found that back-
translation and predictive lexical replacement perform best for both MT and augmentation quality,
the high percentages of code-switched words in augmented data did not lead to an improvement

in the MT performance.

The need to develop MT systems that can handle Arabic dialects, along with a lack of
datasets to support the development of Arabic multi-dialect translation systems, motivated
Alzamzami and Saddik (2023) to construct a valuable resource for MT studies. Their proposed

English-multidialectal Arabic dataset contains 15K English sentences translated into four major
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Arabic dialects: GLF, YEM, IRQ and LEV (total size is 75K sentences). Transformer neural
network and Seq2Seq models were employed. MT experiments showed superior performance of

the former approach.

Recently, Kchaou et al. (2025) have presented a significant contribution to the NMT of
TUN into ENG with a pivot approach using MSA as an intermediate language. Their primary
contribution is the development of a comprehensive trilingual TUN-MSA-ENG corpus, which
they leveraged to train their models. With data augmentation strategy, the study corpus reached
188K parallel sentences. As found by Kchaou et al. (2025), the direct TUN-ENG translation model
achieved a BLEU score of 41.78. Moreover, the best performance, with a notable BLEU score of
67.89 was achieved with MSA as a pivot language. This demonstrates that deep neural network
architectures can effectively handle the complexities of informal, dialectal languages with limited

parallel data.

The provided comprehensive review of existing literature reveals a diverse landscape of
scholarly contributions. However, EGY and LEV received the highest portion of concern. The
review encapsulates a synthesis of various works, encompassing the expertise of different NLP
experts over the last decade. Table 4 presents a structured overview, delineating pertinent details
such as authors, publication years, characteristics of corpora employed, and the distinct approaches

adopted in each study.
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Table 4

Notable MT Research Works (Arabic Dialects-ENG)

Research works

SL-(pivot)-TL

Approach(es)

Corpus Description

Sawaf (2010)

LEV/GLF/EGY/MGB-ENG

SMT + RBMT

14M sentences with web data

Zbib et al. (2012)

LEV/EGY-(MSA)-ENG

SMT + morphology
segmentation

8M MSA-ENG words and 380K
LEV-EGY-ENG words

Salloum and Habash
(2013)

LEV/EGY/IRQ/GLF-ENG

SMT + RBMT

7345 sentences (all sets)

Sajjad et al. (2013)

EGY-(MSA)-ENG

SMT + morphology
analysis

38K EGY-ENG sentences and
200K MSA-ENG sentences

Jeblee et al. (2014)

ENG-(MSA)-EGY

SMT +  dialect
adaptation system

100K sentence tri-parallel corpus

Al-Mannai et al.
(2014)

QAT-(MSA)-ENG

SMT + unsupervised
segmentation

13K QAT sentences

Durrani et al. (2014)

EGY-(MSA)- ENG

SMT + mapping and
convolution model

8.5K EGY-ENG sentences and
300K MSA-ENG sentences

Aminian et al. (2014)

EGY-(MSA)-ENG

SMT + morphology
analysis

29M MSA words + 5M EGY
words

Aransa (2015) EGY-ENG SMT Different corpora (5M MSA
words, 2M EGY words and 7.9M
ENG words
Sajjad et al. (2016) EGY-(MSA)-ENG SMT + different 9K sentences
models
Hassan et al. (2017) LEV-ENG NMT + word 160K sentences (baseline) / 6K
embeddings synthetic LEV-ENG sentences
Tawfik et al. (2019) GLF/LEVIEGY-ENG NMT + word 38K (GLF) /219K (LEV) /502K
segmentation EGY sentences
Abid (2020) ENG-(MSA)-EGY-LEV SMT + data 1.49M MSA sentences, 402K

augmentation

EGY sentences and 138K LEV
sentences

Nagoudi et al. (2021)

Code Switched EGY-ENG

NMT

56K sentences

Gaser et al. (2023);
Hamed et al. (2023)

Code Switched EGY-ENG

NMT (augmentation);
NMT (segmentation)

6213 sentences (66.9% are code-
mixed) and 309K EGY-ENG
sentences
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Alzamzami and ENG-GLF/YEM/IRQ/LEV ~ NMT 75K sentences
Saddik (2023)

Kchaou etal. (2025)  TUN-(MSA)-ENG NMT + augmentation 188K sentences

While progress has been made in MT of Arabic dialects into MSA and ENG, challenges
persist due to the limited availability of parallel corpora, essential training fuel for MT models.
This resource scarcity is not exclusive to Arabic dialects, as similar hurdles exist for translating
other standard languages and their dialects. Fortunately, researchers are devising innovative
solutions, leveraging the inherent linguistic proximity between well-resourced languages and their
less-resourced counterparts. This brings us to the specific case of Algerian dialects, where the
following section delves deeper into the processing techniques employed and the effectiveness of

MT models in this unique linguistic landscape.

3. Processing the Algerian Dialects

As a part of the Maghrebi dialects, the Algerian colloquial versions of the language are
spoken by more than thirty million people in North Africa. The Maghrebi dialects are commonly
described as different from the eastern varieties like GLF, LEV and EGY. Particularly, the
Algerian dialects are more complex due to the sociolinguistic situation of Algeria, which has been
described widely by linguistics and sociolinguistics experts (Morsly, 1986; Benrabah, 2014,

Negadi, 2015; Moulay-Lahssan & Kerras, 2016).

In order to gradually raise the scores of processing the Algerian dialects, some research
works have started NLP experiments for the Algerian dialect(s) on a small number of existing
corpora and encouraged that additional data is constantly needed. In this respect, language

resources for- and the MT of- the Algerian dialects are reviewed.
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3.1. Algerian Dialects Corpora

Some survey studies have described the Arabic dialectal corpora used for NLP tasks such
as Harrat et al. (2019a) and Babaali and Salem (2023). Younes et al. (2020) contextualized their
review of speech and textual corpora representing the Maghrebi dialects (TUN, MOR, LBY and
ALG). Within this section, the extant linguistic resources pertaining to Algerian dialects are
elucidated. Prior to an in-depth exploration of textual corpora, a concise overview of noteworthy
speech datasets is provided. Table 5 catalogs significant ALG speech corpora alongside their
respective descriptions, offering a succinct reference point. Each dataset is introduced and

reviewed afterwards.

Table 5

Notable Algerian Dialects’ Speech Datasets

Research works Corpus Size Description

Hamdani et al. (2010) ALGSAD 100h Recordings of 1080 sentences by 300 Algerian
speakers from 11 different cities.

Djellab et al. (2017) AMCASC 88h Telephone recordings from five Algerian
cities.

Bougrine et al. (2017) KALAM’DZ 104h Multimedia from YouTube, Online Radio and
TV that demonstrate eight Algerian dialectal
variations.

Amazouz etal. (2018)  FACST 7h30 Recordings of twenty bilingual speakers of
Algerian dialects and French.

Hamdani et al. (2010) built the Algerian Arabic Speech Database, ALGASD. It is the first
rich speech dataset capturing Algerian accents. Diverse recordings from 300 speakers across
eleven Algerian provinces were collected. An ASR system was trained on ALGASD and achieved
impressive accuracy (92%). That demonstrates its value for building Algerian-accented MSA

recognition systems. The authors further highlighted potential applications beyond ASR, making
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ALGASD a notable resource for studying and understanding Algerian dialects’ variations through

acoustic phonetic analysis.

Djellab et al. (2017) presented the Algerian Modern Colloquial Arabic Speech Corpus
(AMCASC), a speech dataset collected to assist with audio forensic analysis and dialect
recognition. After providing a background on language contact phenomena, they processed the
data using current standard acoustic approaches. The AMCASC contains over 88 hours of
telephonic and microphone recordings from nearly 700 male and over 40 female Algerian Arabic
speakers from different regions. Speakers include both monolinguals and bilinguals (code-
switching between Arabic and French). Code-switching, intra-group variability, and recording

quality differences made the automatic dialect/accent recognition challenging.

Moreover, Bougrine et al. (2017) presented a methodology for building a web-based
speech corpus for under-resourced languages. They constructed KALAM'DZ, a 104-hour speech
corpus covering eight Algerian dialectal varieties with 4881 speakers. The sources were Algerian
TVs, local radios, YouTube channels to ensure diversity of topics, speakers and recording
conditions. The corpus included both automatic and manual annotations, providing valuable
information about speakers, sub-dialects, and utterance content. This facilitates deeper analysis

and exploration of the data.

Amazouz et al. (2018) created the French Algerian Code-Switching Triggered (FACST)
audio corpus. It was designed to support linguistic studies in phonetics and prosody. FACST
contained recordings from twenty Algerian bilingual speakers with both read speech and elicited
spontaneous speech containing triggered spontaneous code-switching. Manual segmentation was

done based on language change and speaker turns. Transcription was in orthographic French and
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a transliteration for Algerian Arabic. The total duration of the speech set is 7.5 hours; French
segments outnumber Arabic largely for most speakers, indicating it as the dominant language in

the corpus.

Recently, Benali et al. (2023) constructed the Algerian Dialect Corpus (ALGDC) from
spoken and written data using manual and automatic collection methods. The duration of speech
collected is 117 hours (29,6K sentences). The rule-based method for sentence boundary detection
in ALGDC was proposed based on rules extracted from Algerian and Tunisian dialects. Indeed,
the segmentation achieved good results. However, the lack of fixed grammar rules represented a
limitation in the processing of ALGDC. The latter remains a valuable resource for NLP experts to

address the challenges of processing the Algerian dialects.

The speech datasets provide valuable audio samples that capture the phonetic qualities of
Algerian dialect(s). However, textual corpora are also important for studying these dialects, as they
allow computational analysis of vocabulary, grammar, and other linguistic patterns. As the current
study deals with textual MT, detailing the textual resources that cover the Algerian dialects is
worth reviewing. Table 6 outlines the existing textual corpora of Algerian dialects that have been
used for NLP tasks. It is important to note that, in user-generated content, Arabic appears not only
in different dialects but also written using Roman letters instead of the Arabic alphabet. This script

is referred to as ‘Arabizi’ (van der Wees et al., 2016, p. 16).

Cotterell et al. (2014) introduced a valuable resource for the study of ALG-FRE code-
switching. The corpus was extracted from online newspaper comments and included a variety of
code-switching patterns, reflecting real-world language use. Data in Arabic was annotated on

Mechanical Turk (Cotterell & Callison-Burch, 2014). From 339K collected comments, 1K
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comments were annotated and romanized (Algerian dialect re-scripted in Roman letters). The
authors provided initial analyses of the corpus and addressed the growing interest in computational
approaches to code-switching. However, the corpus was limited to online comments, which might
not be representative of all speech situations. Besides, the size of the dataset is relatively small

compared to some other code-switching corpora.

Table 6

Notable Textual Corpora of Algerian Dialects

Research works (Corpus) Size Source Script Application(s)
Cotterell et al. (2014) 1K comments Newspaper Arabizi, FR. Code-switching.
comments

Meftouh et al. (2015)  (PADIC) 6.4K Recordings Arabizi, MSA. MT.
parallel sentences
Abidi et al. (2017) (CALYOU) YouTube Arabizi, MSA, Comparable
853K comments  comments FR. corpus building.
Abainia (2020) (DzZDC12) 2.4K  Social media Arabizi, FR. Code-switching,
sentences Transliteration.
Moudjari et al. (2020)  (TWIFIL) 9K Twitter Arabizi, MSA, SA.
tweets FR.
Lichouri and Abbas (PADIC 2) 6.4K  PADIC Arabizi, MSA, MT.

(2021)

Arabized Kabyle

Note. This table presents only the studies that introduced their own corpora. The studies that
introduced lexicon data or dictionaries are not included. Research that depended on datasets from

external sources -or did not build their corpora from scratch- are not counted either.
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Abidi et al. (2017) presented CALYOQOU, a comparable corpus of spoken Algerian dialect
extracted from YouTube comments. The authors emphasized the challenges of dealing with the
diverse linguistic landscape of Algeria, where local dialects, MSA and French coexist and often
intermingle in online communication. The comments were extracted from 22K videos, the dataset
included 853K comments (12.7M words) after cleaning. The authors employed a word-to-vector
approach to align comparable sentences, achieving significantly better results than simpler

dictionary-based methods.

Besides, the harvesting process from YouTube allowed Abidi et al. (2017) for potential
extension of the corpus. Indeed, Abidi and Smaili (2017) extended CALYOU to reach 1.1M
comments (17.7M words). CALYOU can be used for various NLP tasks such as adapting MSA
language models to Algerian dialect, extracting parallel phrases for MT, and studying code-
switching phenomena. Yet, it is important to acknowledge the limitations in the possible biases
inherent in its origin. CALYOU is based on YouTube comments, which may not be representative

of spoken Algerian in all contexts.

Moreover, Abainia (2020) introduced DZDC12, a valuable resource for studying Algerian
Arabic and its interaction with French in online communication. The corpus outlined twelve
different Algerian sub-dialects and it contained 2400 comments (over 47.3K words including
36.2K in Arabic, over 8K in French and 76 in English). DZDC12 focused on Algerian Arabizi-
French code-switching, a complex phenomenon in Algerian online discourse. Furthermore, it
included annotations for gender, region, city, transliteration into Arabic script, translation into
MSA, emotion detection, and word-level segmentation. Thus, it is suitable for various NLP tasks,

including SA, MT, code-switching analysis and dialect identification.



CHAPTER 2: MACHINE TRANSLATION OF ARABIC DIALECTS 75

DZDC12 is a valuable contribution to the field of NLP, particularly for research on
Algerian Arabic and code-switching phenomena. Its rich annotations and diverse applications
make it a valuable resource for researchers and developers working on various NLP tasks.
However, while sizable for its specific domain, DZDC12 may not be as extensive as some general-
purpose corpora, potentially limiting its statistical power for some applications. As it contained
online data, DZDC12 may not fully represent all aspects of Algerian Arabic spoken in other

contexts.

Abainiaetal. (2022) introduced a new corpus for Offensive Tamazight (OTAM). Collected
from 6,250 Facebook comments, KAB lexicons were labeled as offensive or normal. OTAM
included 12,680 offensive/abusive words and phrases in Tamazight. Through machine learning
and DL models, Abainia et al. (2022) experimented offensive language detection on OTAM. The
latter, however, is a moderate sized labeled corpus and offensive word lexicon. There is still room

for improvement with more advanced models.

In addition, Moudjari et al. (2020) addressed the lack of resources for opinion and emotion
analysis of North African Arabic dialects, focusing specifically on Algerian dialect. They used DL
models to perform sentiment classifications of Algerian speakers’ tweets. Moudjari et al. (2020)
introduced a collaborative annotation platform called Twitter Profiling (TWIFIL). The latter
generated a dataset of 9K ALG tweets annotated for sentiment, emotion, and extra-linguistic
features. However, some details of the dataset, such as the weight of tweets and number of words,
were not mentioned. Besides, it may not have elaborated on some specific examples or use cases

of how the dataset and platform could be used.
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The most notable dataset in the literature is the Parallel Arabic Dialect Corpus (PADIC).
Meftouh et al. (2015) introduced PADIC, a parallel corpus of five Arabic dialects: two Algerian
variants (ALG and ANB), TUN (the city of Sfax), SYR (the dialect of Damascus), and PAL (the
dialect of Gaza). Each dialect includes 6400 sentences (273K tokens) aligned with MSA
equivalents. The corpus was built from scratch through a combination of recordings of Algerian
dialects which were transcribed and translated, as well as translating an MSA corpus into the other
dialects. They conducted MT experiments on all language pairs, exploring the challenges and
potential of translating between Arabic dialects and MSA. The best results were achieved between

the ALG-ANB and PAL-SYR pairs, while the worst results were between the SYR-ALG pairs.

The seed for such a corpus was made by Meftouh et al. (2012). They constructed the first
Algerian dialect-MSA parallel corpus by building a dictionary of words in ANB translated into
MSA. Afterwards, the researchers attempted to signify the importance of such resources in
bridging the gap between the colloquial Algerian Arabic dialects and MSA. Eventually, Harrat et
al. (2014) outlined prominent steps through the creation and enrichment of ALG-ANB parallel
corpus. Along with a morphological analysis model, Harrat et al. (2014) proposed diacritization

and MT systems for the compiled dataset.

In terms of novelty, Meftouh et al. (2015) extended the dataset to PADIC as the first large-
scale, multi-dialect Arabic corpus at the time, addressing the lack of resources for dialectal MT.
As for the methodological rigor, Meftouh et al. (2015) clearly described the corpus creation
process, experimental setup, and results. In addition, they employed various MT techniques and
analyzed the impact of language model smoothing on MT quality. The MT evaluation provided

valuable insights into the relative performance of different approaches for dialectal MT.
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Though substantial for its time, PADIC is relatively small compared to modern
multilingual corpora, potentially limiting the generalizability of the findings. Limited corpus data
implies limited scope of linguistic patterns. The impact of language model smoothing techniques
was analyzed but found to not make a significant difference on the small corpus. Interpolating with
larger MSA corpora also did not improve performance. However, PADIC remains a valuable

resource for research and development of Algerian dialect(s) processing.

After three years, Meftouh et al. (2018) presented an extended version of PADIC with the
addition of MOR part (the dialect of Rabat). The latter was represented in an amount of 42587
words. Thus, PADIC contained six Arabic dialects, four of which are MGB. MT experiments were
performed between all dialect pairs in PADIC. Again, the highest BLEU scores were achieved
between the close dialects (ALG-ANB and PAL-SYR). In addition, inter-Maghreb dialects scored

higher than ALG-LEV pairs.

Furthermore, a zero-resourced dialect, Kabyle (KAB), scripted in Arabic, has been recently
added to PADIC (Lichouri & Abbas, 2021). The latest version of PADIC 2 addressed the key
challenges of under-resourced dialects MT. Lichouri and Abbas (2021) incorporated a zero-
resourced Berber dialect (KAB) alongside multiple Arabic dialects. Therefore, the corpus became
a seven-dialect dataset in addition to MSA. Thorough RBMT and SMT experiments were
conducted with and without transliteration, providing valuable insights into the effectiveness of

different processing strategies. This resource opens doors for further NLP research on KAB.

The average BLEU score for RBMT was 42.68% and for SMT was 61.94%. Given its
distance from Arabic dialects, the scores for KAB were lower. A major weakness in the study of

Lichouri and Abbas (2021) is that the factors contributing to translation errors which could guide
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future research efforts were not identified. Nonetheless, additional qualitative analysis or human
evaluation could strengthen the findings. Although the authors mentioned existing resources for
Avrabic dialects, a more detailed comparison with PADIC 2 in terms of size, diversity, and domain

coverage could further highlight its contribution.

It is noteworthy that ALG was a part in the Multi Arabic Dialect Applications and
Resources (MADAR) project. Bouamor et al. (2018) collected basic traveling expressions from
twenty-five Arabic cities, 2000 sentences for each. MADAR was in MSA, English and French
scripts and aimed at improving the automatic identification and translation of Arabic dialects.
Some datasets that included ALG have been constructed for the automatic identification of
dialects. The most notable ones are proposed by Guellil and Azouaou (2016), Adouane et al.

(2016), Adouane and Dobnik (2017).

In addition, there are some recent studies that proposed their datasets including ALG for
different NLP applications. For instance, Dahou and Cheragui (2023a; 2023b) constructed a corpus
of 21K ALG sentences from Facebook and YouTube comments for NER tasks. Indeed, the sources
are mostly social media comments or common webpages where ALG may occur like newspapers’
sites. Other significant datasets were trained for SA experiments as in Guellil et al. (2017),
Soumeur et al. (2018), Rahab et al. (2019), Guellil (2021), Guellil et al. (2021), and Hamadouche
et al. (2023). Besides, some dictionaries and lexicon-based corpora have been created for the
automatic transliteration of Algerian dialect. The major research works are proposed by Abidi and

Smaili (2018) and Guellil et al. (2018).

Having extensively surveyed the processing of the Algerian dialect(s), presenting the major

speech and text datasets available, we now pivot our focus towards the application of any relevant
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corpora in MT experiments. While the preceding sections shed light on the availability and
characteristics of these foundational datasets, the forthcoming section delves into the endeavors
aimed at harnessing these resources to enhance the automated translation capabilities for Algerian

Arabic.

3.2. Machine Translation of Algerian Dialects

By bridging the gap between data acquisition and practical implementation, it is important
to assess the current state of MT systems tailored to Algerian dialects and identify avenues for
further advancement in this crucial domain. To the best of the researcher’s knowledge, the sole
research endeavor dedicated to MT of Algerian dialects is exemplified by the Torjman project?.
Within the scope of this initiative, both corpus construction and MT experiments were directed
towards Algerian Arabic and MSA. This national research project, inaugurated in 2011 under the
auspices of the General Directorate for Scientific Research and Technological Development
(GDSRTD), was spearheaded by the Scientific and Technical Research Center for the
Development of Arabic (STRCDA) and financially supported by the Algerian Ministry of Higher

Education and Scientific Research.

The Torjman team proffered innovative solutions through this comprehensive undertaking,
with PADIC emerging as one of their refined products. Their vision encompassed facilitating
linguistic fluidity for Algerian speakers, enabling seamless transition between MSA and the array
of dialects in common parlance. The first research published under this project is by Meftouh et

al. (2012). The ANB-MSA parallel corpus motivated the researcher, Salima Harrat, to extend the

1 A PNR coded 24/u23/1902. Details are published by Mourad Abbas at
https://sites.google.com/site/mouradabbas9/national-research-projects-pnr Access date: 12 May 2025
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corpus size and add more dialects for the enhancement of an SMT system. Harrat et al. (2015)
presented a full description of PADIC construction and experimentation on an SMT system. In her
doctoral dissertation, Harrat (2018) provided thorough details of MT experiments on PADIC. The
BLEU scores of ALG-MSA. ANB-MSA and ALG-ANB were 13.55, 12.54, and 61.06,

respectively (Harrat, 2018, p. 91).

PADIC represents the sole existing parallel corpus that contains two variants of Algerian
Arabic: ALG and ANB. Lichouri et al. (2018) used PADIC for the enhancement of Arabic dialect
identification at the word and sentence levels. Different classifiers were used by the authors. For
Arabic dialects, the average accuracy was 92%, with the best performance for MGB and MSA
pairs. For Algerian dialects, an additional dataset was created covering eight dialects. One-hundred
ANB-ALG sentences from PADIC were translated into the dialects of Tenes, Constantine, Djelfa,
Ain Defla, Tizi-Ouzou, and Batna. Eventually, the word-level approach worked better, achieving

76% accuracy. Such an approach shows promise for Algerian dialect identification.

Furthermore, Harrat et al. (2019b) attempted to enhance morphological segmentation of
Arabic dialects spoken in the Maghreb region. The authors used both CALYOU and PADIC
corpora and adapted the word segmentation tool, Morfessor, to handle words scripted in both
Arabic and Latin. Morfessor could identify valid morphological segments with 70 to 79%
accuracy. A new parallel corpus containing ALG, TUN, and MOR sentences aligned with FRE
translations was created through augmenting an existing multi-dialect corpus with FRE. The size
of ALG data is 40.75K words in the parallel corpora, and 412.93K words in monolingual corpora

for unsupervised segmentation.
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Indeed, morphological segmentation contributed to the improvement of dialects pre-
processing for MT performance from those dialects into FRE, and to the reduction of OOVs rates
by 35 to 50%. Harrat et al. (2019b) utilized manual annotation for semi-supervised segmentation
to enhance segmenting nearly 80% of the data scripted in Arabic. The key contribution of
developing morphological segmentation for under-resourced languages is to demonstrate its
benefits for MT tasks. Challenges remain in fully handling orthographic variation and certain

morphological patterns like negation.

Besides, scripting the Algerian dialect in Latin letters and numbers (Arabizi) was tackled
by Guellil et al. (2020). Arabizi is commonly used by Algerians on social media; thus, the authors
attempted to process it automatically using SMT and NMT approaches. 6,233 sentences were taken
from PADIC dataset to be automatically transliterated into Arabizi using a rule-based algorithm.
Although neural transliteration performed better than statistical, the final reviewed dataset
consisted of 1300 sentences which limited the MT performance. Further, the authors did not
compare previous benchmark results with their results. More analysis could be provided into error
patterns and differences between the employed models. Based on PADIC (Meftouh et al., 2018)
and other datasets, Guellil (2021) experimented thoroughly SA of ALG Arabizi-MSA through
automatic transliteration.

Lichouri et al. (2023) evaluated statistical and neural methods for Arabic dialect
identification using the parallel dataset, PADIC, and a monolingual dataset, AraDial. The authors
used various classifiers, training on PADIC and testing on AraDial, and vice versa. They compared
the impact of parallel and non-parallel corpora on the automatic identification of dialects. Results

showed training on the non-parallel AraDial corpus gave better accuracy (92.08%) compared to
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training on the parallel PADIC corpus (88.24%). Using a non-parallel corpus for training seems

to improve results for some dialects like ALG.

Slim et al. (2021) employed an NMT approach to translate Algerian dialect comments on
social media related to COVID-19 into MSA. The dataset for this study was a combination of
sentences from PADIC with new COVID-19 Facebook comments. The authors first filtered the
comments to identify those mentioning COVID-19 using an LSTM model, and then translated
them into MSA. For the filtering, they achieved an accuracy of 91.96% in identification. For the
translation task, the system achieved a BLEU score of 22.10. This shows the translation quality is
reasonable, but still has room for improvement. The results demonstrate the feasibility of using

NMT techniques to translate social media text into MSA.

Similarly, Slim et al. (2022) tackled the NMT for low-resource Algerian Arabic dialects
using a Transductive Transfer Learning (TTL) strategy. The authors worked on both MADAR and
PADIC corpora. Such an approach achieved significant improvements in BLEU scores from 16.5
to 35.87 for the attention Seq2Seq model. This demonstrates the effectiveness of the proposed
approach. The NMT experiments by Slim et al. (2022) compared models with and without
attention mechanisms before and after transfer learning, providing insights into the impact of
transfer learning. However, error analysis and more examples should have been added to better

understand where improvements occur.

As mentioned earlier in the review, Moukafih et al. (2022) adopted NMT models to process
Arabic dialects. They addressed the challenges of Arabic dialects MT through proposing an MTL
approach using PADIC to leverage the similarities between dialects. Indeed, employing MTL to

capitalize on dialect similarities is a promising strategy. Besides, such a model outperformed SMT
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and single-task learning in most cases. The BLEU scores achieved 35.06 for ALG-MSA and 30.81
for ANB-MSA under the MTL strategy. However, ANB-ALG and ALG-ANB performed better

in SMT models.

Recently, Slim and Melouah (2024) proposed an incremental transfer learning approach to
improve an NMT system for different low-resource Arabic dialects by transferring linguistic
knowledge across dialects. Three Maghrebi dialects were targeted: Algerian, Tunisian and
Moroccan using transformer and attentional Seq2Seq models. Data were extracted from both
MADAR and PADIC corpora. The achieved BLEU score improvements for the Algerian dialect
were 80% in the former model and 98% in the latter. One strength of their work lies in leveraging
the relationship between Arabic dialects and shared linguistic features. However, the limited

evaluation of Maghrebi dialects should be accompanied by further assessment of other dialects.

The exploration of MT for the Algerian dialect has predominantly relied on SMT
methodologies, with some recent NMT experiments. PADIC emerged as the primary dataset
utilized across the reviewed studies. The comprehensive review of existing literature reveals a
consistent trend in research methodology, predominantly cross-dialectal MT approaches. Notably,
among the reviewed experiments, PADIC stands out as the most prominent dataset employed. The
existing MT experiments on Algerian dialects are summarized in Table 7, showing the trained

dataset, employed approaches and the highest achieved BLEU scores for the MT quality.
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Table 7

MT Experiments on Algerian Dialects

Research Works Datasets Approaches BLEU Scores
Meftouh et al. (2015) PADIC PBSMT 67:31 (ANB-ALG)
61:06 (ALG-ANB)
Harrat (2018) PADIC PBSMT 13.55 (ALG-MSA)
12.54 (ANB-MSA)
Meftouh et al. (2018) PADIC (extended) PBSMT 15.10 (ALG-MSA)
14.45 (ANB-MSA)
Harrat et al. (2019b) PADIC + CALYOU SMT / Segmentation ~ 7.31 (ALG- FRE)
Lichouri and Abbas (2021) PADIC 2 RBMT + SMT / 71.71 (ALG-MSA)

transliteration

70.76 (ANB-MSA)
25.89 (KAB-MSA)

Slim et al. (2021) PADIC + 1.2K sentences NMT 22.10

Slim et al. (2022) PADIC + MADAR NMT/TTL 35.87

Moukafih et al. (2022) PADIC NMT / MTL 27.71 (MSA-ALG)
27.27 (MSA-ANB)
35.06 (ALG-MSA)
30.81 (ANB-MSA)

Slim and Melouah (2024) PADIC + MADAR NMT / Transformer 10to 11 (ALG-MSA)

key points of this review are summarized as follows:

4. Summary and Discussion

The present chapter reviewed the relevant literature in the field of MT of Arabic dialects. The

All the cited works focus on the processing of Arabic dialects. Most of them focus on MT of

these dialects from and into English. Using dialects as the SL was more frequent than using

them as the TL. In a considerable number of works, MSA was a pivot language in the MT

experiments.
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e Despite the number of studies that applied NLP tasks on Arabic dialects, covering dialects is

still seen as limited. This, in turn, indicates that MT of Arabic dialects is still in its early stages.

e Among the processed dialects, Egyptian Arabic is the most studied variety in terms of MT.
Maghrebi dialects are less represented, and certain dialects like Mauritanian, Kuwaiti, Omani,

and Bahraini have not been studied in this context.

e Regarding methodology, hybrid approaches that combine SMT with RBMT are the most
commonly employed. Handling dialect OOVs, moreover, was treated by MSA-pivoting or

transfer rules strategies.

e Using MSA as a pivot language in Arabic dialects MT into English was critical. Most of the
contributions agreed that this technique improves the MT quality. However, some
contributions emphasized that this comes at the expense of a lower OOVs rate for MSA-

pivoting MT systems.

e Interms of language resources and parallel corpora availability, there is still a significant lack
of dialectal data. All the cited works faced this issue, and a substantial portion of the effort is
dedicated to creating resources from scratch. Much efforts were directed to generating or
augmenting dialectal corpora, preprocessing web data, or, in highly-funded projects, using

crowdsourcing.

Despite their widespread use in the Arab world, Arabic dialects have a limited number of
dedicated works for MT into and from these dialects. Yet, the results of these efforts are still in the

early stages. Even though they are variants of the same language, these dialects require more
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improvements in MT systems. Moreover, they are much more commonly used in online

communication and the daily lives of Arabs than MSA.

In addition to the observed scarcity of dedicated works for MT of Arabic dialects into
English, the availability of parallel datasets specifically tailored to Algerian dialects is notably
sparse. Recognizing this gap, the present study endeavors to address this deficiency by pioneering
the construction of a parallel corpus representative of one of the significant Algerian dialects. This
initiative not only contributes to the advancement of processing Algerian Arabic but also holds the

potential to catalyze further research and development in the domain of MT.

As for the Algerian context, Torjman focused on the cross-dialectal dataset construction.
However, the project did not include foreign languages -or at least the lingua franca- in their works.
In the context of SMT, the existing corpora of Algerian dialects lack bilingual texts and are still of
smaller sizes. Thus, the efficiency of building an MT system requires more reasonable sizes. In
this respect, there is an urge to build large-scale from-scratch datasets including English within

parallel corpora that represent the Algerian dialect.



CHAPTER 3: DATASET AND EXPERIMENT SETUP

Having established the theoretical foundations of MT in Chapter 1 and critically reviewed
the existing literature on Arabic dialect processing in Chapter 2, the focus then shifts from a
theoretical to a practical and constructive basis. The preceding chapters substantiated the critical
resource gap for the Oranian dialect, thereby creating the imperative for the methodological work
detailed herein. This chapter provides a transparent and replicable blueprint of the entire
experimental process, outlining the steps taken to address the research gap, from foundational data

creation to the final design of the computational model.

Accordingly, this chapter begins by describing the creation of a foundational linguistic
resource for the Oranian dialect (ORN), a critical first step in a zero-resource context. The specific
methodology for compiling the Oranian-English Parallel Corpus (OEPC) is delineated, followed
by an analytical overview of the final corpus's characteristics. The chapter then transitions to the
NMT system, specifying its complete architecture, core components, and parameter
configurations. Finally, the chapter concludes by defining the suite of evaluation metrics that will
be employed in the subsequent chapter to quantitatively and qualitatively assess the model’s

performance.

1. The Target Algerian Dialect

The spoken Algerian dialects -or Darija- represent rich and complex varieties that are used

in daily life communication, social media, TV shows, telephone conversations, etc. The Oranian
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dialect is spoken not only in the city of Oran, but in western Algeria, geographically from Ain-
Temouchent to the city of Chlef (Mezzoudj et al., 2019, p.5). Oran is an Algerian city situated in
the northwest (see Figure 8). As the second metropolis in Algeria after Algiers, it is known for its

large population, maritime coastal attractivity, and industrial and commercial interests.

Figure 8
Map of Oran City

Ain Temouchent

Tlemcen —

Sidi Bel
Abbes

Note. The green area demonstrates the northwest Algerian cities and the geo-linguistic ecology of

the Oranian dialect.

The verbal phonology and morphology of Oran’s dialect have been thoroughly examined
by Algerian researchers in dialectology and sociolinguistic variation such as Bouhadiba (1988)
and Labed (2014; 2016). However, studying dialects from a computational linguistic perspective

is different from presenting them through a sociolinguistic lens. That is, in the case of text-based
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Al applications, it is not necessary to describe the phonological aspects of the target variety. In the
present study, a text-based, that is one-modal, MT is carried out; therefore, in this section, the
major morpho-syntactic features of the Oranian dialect are described. In addition, lexical and
morphological particularities should be noted to make it easier for language resources’ readers to

understand and distinguish this dialect.

1.1. Description of the Oranian Dialect

Several historical factors demonstrate how Algeria is affected by Arabic, Latin and Turkish
languages (Chami, 2009). For that reason, the Algerian dialects are different from MSA at the
lexical, phonological, morphological and syntactic levels. Such complexity has been addressed by
computational linguists (Souag, 2006; Saadane & Habash, 2015). Sociolinguists and linguists have
classified Algerian dialects differently depending on geographical areas and ethnic factors (e.g.,
Queffélec et al., 2002; Meftouh et al., 2012; Harrat et al., 2014; Alalou, 2023). In this respect, and
for the purposes of introducing the target Algerian dialect for this study, it is necessary to describe

the major phonological and morphosyntactic features of the Oranian dialect.

1.1.1. Major Phonological Features

The Oranians’ pronunciation is primarily influenced by Bedouin Arabic due to the
migration factor. This is evident in specific phonological characteristics such as the velarization of
[a]. In Oranian, the MSA letter gaf'[q] is typically realized as a voiced velar [g] in most cases. For
example: J& /qal/ ('He said") becomes J& /gal/. Moreover, non-Arabic phonemes are also adapted

in this dialect. The labiodental [v] is used in words like = /voti/ ('vote'), which comes from



CHAPTER 3: DATASET AND EXPERIMENT SETUP 90

French ‘voter’. In addition, the MSA interdental fricatives are typically realized as stops in the

Oranian dialect as:

10/ (&) becomes [t], for example, /4338 (6alabah) becomes /453 (tlatah) (‘three').
18/ (3) is pronounced as [d], so /=% (8ahab) becomes /—2+/ (dhab) (‘gold").

[0/ (1) shifts to a stronger [d*], merging with the sound of u2. (Charef, 2016).

While the major phonological features of the Oranian dialect are presented, it is important
to emphasize that the primary focus remains on text processing using a textual dataset.
Understanding the phonological tendencies, particularly how certain MSA sounds are merged or
altered in spoken Oranian, helps clarify potential ambiguities in written representations of the
dialect. This is crucial for accurate and effective text processing, as it provides context for

variations in spelling. However, the latter is more influenced by morphosyntax.
1.1.2. Morphosyntactic Features

Like some other Algerian dialects, the Oranian dialect distinguishes between pronouns and
has no dual (Al Muthana) in morphology. As for the feminine form, it does not exist in the plural
pronouns. Although some pronouns may be spoken differently by some Oranian speakers, the
commonly used forms are described and presented in the table below. First, Table 8 shows the
personal pronouns which stand alone as the subject or object of a verb. Second, it shows the object
pronouns which attach to verbs as suffixes indicating the object. Since they are similar to object
pronouns, possessive pronouns -marked by suffixes attached to nouns- are presented together.

However, the only difference is in the first singular pronoun which is - (-ni)/ as a dependent
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pronoun as in - /drabni/ (he hit me), and - (-i) as a possessive one as in ¢J'» /dari/ (my

house).

Table 8

Pronouns in the Oranian Dialect

Person Singular Plural

Personal/Independent Pronouns

1st Ui (ana) s (hna)
2nd W (nta) / & (nti) L 53 (ntuma)
3rd s (huwa) / . (hiya) L (huma)

Object/Dependent Pronouns and Possessive Pronouns

1st - (-ni) / - (-1) -U (-na)
2nd -4 (-k) / -S (-ki) -aS (-kom)
3rd -o (-h) / - (-ha) -24 (-hom)

Guerrero (2015; 2021) thoroughly explained the morphosyntactic features of this dialect,
particularly how Oranians use a combination of prefixes and suffixes to mark tense, aspect, person,
and gender in verb conjugation. Verb inflection, more commonly known as conjugation, is used
to determine tense, voice (passive or active), person, number, and gender. Declension, the
inflection of nouns, adjectives, and pronouns, also expresses person, number, and gender. Table 9

illustrates the conjugation of the regular triliteral verb J2 (to enter) in both past and present tenses.

Based on the verb structure, three active participles occur for the verb J23 /dxal/ which are:
cpldla /sl / Jala /daxel, daxla, daxlin/. Moreover, it is obvious in the Oranian dialect that both the

present and the imperative show gender differentiation in the masculine and feminine singular as



CHAPTER 3: DATASET AND EXPERIMENT SETUP 92

in: nta toftar, nti toffagri (you have lunch) and (2)fzar, (of)forri (have lunch!). Geminating the first
syllable in the second feminine singular person and in the plural forms of the present is a salient

feature of this and many other Algerian dialects.

Table 9

Verb Conjugation in the Oranian Dialect

Person Singular Plural
Past tense
1% pr. <las (dxalt) Llis (dxalna)
2" pr. <l (dxalt) / 352 (dxalti) silia (dxaltu)
3" pr. Jaa (dxal) / &5 (daxlet) S35 (daxlu)

Present Tense

1% pr. Jaxs (nudxul) S35 (ndxlu)
2" pr. JAx (tudxul) / Ass (tudxli) S8 (tdxlu)
3 pr. Jax (yudxul) / Ja35 (tudxul) slax (ydxlu)
Imperative

2" pr. Jaal (odxul) / A2 (odxli) siaal (odxlu)

Defective triliteral verbs display similar inflections with minor differences. For instance,
the verb Jsi (to eat) in MSA becomes S in the Oranian dialect and it is conjugated as: Kilt, klina,
kilt, kliti, Klitu, Kla, klat, klaw, and the active participles of this verb are: ¢S /AdS / S kali,
kalya, kaliyinl. In addition, the Oranian dialect is distinguished by generally omitting a present
tense marker or preverb. However, the particle "ra—" can be employed to specifically highlight the
present moment or to function as a copula (similar to "am/is/are" in English). It precedes a verb to

describe a progressive action as in “rahi tdiy” (it is circulating), “rah yazri” (he is running), and
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sometimes precedes a noun (mostly active participles) as in: "rahum saktin" (they are silent), “rak

fahom!” (you seel).

As for the future tense, the Oranian speakers use the invariable particle "gadi". Unlike some
grammatical structures that change form depending on the subject, "gadi" remains the same
regardless of who's performing the future action as in: “gadi trihi” (you will go) “gadi niidribha”
(I will hit her). Sometimes, Oranians use “bah” or “bei” to refer to near future or intentions as in:

"bah ngra ktab” (I'm going to read a book), “bei nakul” (I’'m going to eat).

Negation in the Oranian dialect is expressed with the particles "W" (ma) and "k... W" (ma
... §). The latter is specific to the Maghrebi dialects. Using these particles, the negative form is
obtained by adding the affixes "W" and "_&" to the conjugated verb; "W" as a prefix and """ as a
suffix (see Table 10). When the verb is preceded by the particle "ra—" which is equivalent to the
auxiliary verb "to be" in the present indicative, negation is obtained by adding the affixes "\" and
"Ui" to the particle as in: "ma rahums saktin™ (they are not silent), “ma raks tofhom” (you do not
understand). In some cases, negating is obtained by the prefix “ma” and followed by negative

markers like walu, ghir or hatta.

It is noted that imperatives (Cilaxi Lo/ (idaxi L/ i slaxi L) are similar to the imperfectives
when negated. For the future tense, the particle "gadi" is negated as “ma gadis”. The Oranian
dialect, like many Arabic dialects, exhibits distinctive features in its negation strategies. Oranians
also negate pronouns, nouns, adverbs and adjectives by preceding them with “mesi” (not/ un-) as

in “mesi ana” (not me), “mesi lyum” (not today) and “mesi kbira” (not big).
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Table 10

Verb Negation in the Oranian Dialect

Person Singular Plural
Past tense
1t pr. Jidlia L(ma dxalts) il L(ma dxalnas)
2" pr. Sl L(ma dxalts) / Gialio L(ma dxaltis) L i siliy(ma dxaltus)
3" pr. Jilss L(ma dxals) / (iElas W(ma daxlets) Ui 5135 L(ma daxlus)
Present Tense
1% pr. Calass L(ma nudxuls) Ui slans Ly(ma ndxlus)
2" pr. Jilaxi Le(ma todxuls) / cilasi L(ma todxlis) i staai L(ma tdxlus)
3" pr. Jilay L(ma yudxuls) / Jilasi L(ma tudxuls) Jistay La(ma ydxlus)

The interrogative words in Oranian Arabic provide a fascinating glimpse into how this
dialect forms questions. The common question word is "¥sL3" which has an alternative for
feminine “YLl&”, However, the latter form is also used as the conjunction “but”. Moreover, the use
of "Sah™ is also common for objects and, less frequently, reasons. Also, "winta" is used to ask
about broad time ranges while "gaysas™ is used for specific time. As for the particle "ki—," it
connects with verbs or phrases to express or question the manner (how) as in “ki Iqitni?” (how did
you find me?), and sometimes functions as the conjunction “like” as in “ki Aialti” (like my state).
The contexts in which these interrogatives are used determine their syntactic behavior in sentences.
Table 11 demonstrates the common question words in the Oranian dialect with their English

translations.

The provided description focuses on the major structural elements of the Oranian dialect,

specifically focusing on morphology (word formation) and syntax (sentence structure). Other
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features of the target dialect will be encountered and discussed in the processing and results
sections. Clarifying the polysynthetic features of this dialect raises some questions regarding its

processibility by the machine.

Table 11

Common Interrogatives in the Oranian Dialect

ORN Transcription English
LD winta When
Uil qaysas At what time
s win Where
O [ e mnin / min From where
YL /Y5l Sawala What
L sa What
e ¢las Why
Q5SS Skun Who
Jdad Shal How much/many
S ki How

1.2. Challenges of Processing ORN

Several research works addressed the Arabic -and its dialects- processing challenges
(Althobaiti, 2020; Zakraoui et al., 2021; Almaaytah & Alzobidy, 2023). The machine identifies
the language if it has sufficient pre-trained models or linguistic rules about it (Zaidan & Callison-
Burch, 2014). There are three major challenges of processing the dialects: orthography,
morphosyntactic aspects and the lack of language resources. They are briefly presented in this

section with reference to the Oranian dialect.
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1.2.1. Scripting and Orthography

Among the major works conducted on Arabic dialects scripting is Maamouri et al. (2004)
who developed a set of rules defining the conversational Levantine dialect. They used Arabic
transcription guidelines and annotation conventions. In addition, Habash, Diab and Rambow
(2012) proposed a Conventional Orthography for Dialectal Arabic (CODA). This work is inspired
by the Linguistic Data Consortium (LDC) guidelines for transcribing. However, CODA allows
many abstracts from the variations, whereas the LDC guidelines focus more on phonological

variations in sub-dialects.

Algerian dialects lack codified written forms, leading to diverse and often inconsistent
representations in informal settings, particularly online. While some Algerians write these dialects
using Arabic script, many utilize a Latin-based transliteration called Arabizi. This lack of
standardization poses challenges for defining "correct” written forms, leaving dialect users to
navigate conventions independently (Bies et al., 2014). Nevertheless, researchers and developers
often adopt specific rules to represent dialectal features in writing, aiming to balance consistency

and authenticity.

The speakers of the Oranian dialect tend to employ different spellings based on
pronunciation and personal preferences (Charef, 2016). For instance, they sometimes remove long
vowel letters that are essential when they write assuming that they are short as in “_is s " or they
add them assuming they are long as in “4«¥le” (instead of “43e”). In addition, the final feminine-
indicating letter “3” is misused in the dialect scripting as in “43,5” or “Bs” (instead of “43 ).
Other examples will be discussed in this study throughout the process of data collection and the

results. Thus, the inconsistencies of scripting the Oranian dialect create significant hurdles for
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computational linguists; however, practical approaches to setting guidelines for the dialect will

reduce such hurdles.

1.2.2. Morphosyntactic Aspects

The inflectional nature of the Arabic and its dialects makes a challenge for the processing
of its morphology. For instance, some prepositions are written attached to the noun as in “_J&”
(at home) and “_JAW” (from home). As noted in the previous section, conjugation forms in the
Oranian dialect also represent a complex morphosyntax. In this respect, Figure 9 demonstrates two
examples of morphologically-rich sentences from the Oranian dialect translated into English (

Sulegire fma mdthmlish/ and teea 52 53 Inwjdwhalhum/)

Figure 9

Examples of the Oranian Dialect’s Rich Morphology

Z . N «»

g 6\@ “_,zj\ \JA ) (ke .}LAS (VY LA

%‘J

2 | We prepare it for them | She did not give them to me

When highly complex verbs are placed at the heart of sentence structure, information about the
subject, object, tense, aspect, mood, and more are incorporated within their morphology. This verb-
centricity often leads to long-distance dependencies, where elements related to the verb might be
separated by prepositions, words or phrases in the sentence. Capturing these complex relationships
and dependencies is crucial for accurate machine processing. Such challenges have been addressed

by many studies that have brought high-score lemmatization (Habash et al., 2013; Zalmout &
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Habash, 2019; Hashem, 2021). Interestingly, Habash et al. (2022) have recently proposed a new

approach to modeling Arabic morphology with an eye towards multi-dialectness.

Another morphosyntactic challenge for processing the Oranian dialect in the free word-
order. Flexible sentence structures, thus, make grammatical relations between words primarily
conveyed through morphology rather than their position in the sentence. This free word order,
while expressive, makes it challenging for traditional parsing algorithms that rely on fixed patterns
and linear relationships between words. To accurately process and analyze the Oranian sentences,
sophisticated parsing techniques that can account for long-distance dependencies and the interplay

between morphology and syntax are required.

1.2.3. Language Resources

The scarcity of linguistic resources for the Oranian dialect, such as annotated corpora,
dictionaries, and morphological analyzers, further exacerbates the challenges posed by its
polysynthetic nature. Without sufficient data, it becomes even harder to train accurate and robust
NLP models, particularly for tasks like morphological segmentation, PoS tagging, and syntactic
parsing. This lack of resources highlights the need for innovative approaches that can leverage
data from related languages or employ unsupervised and semi-supervised learning techniques to

compensate for the absence of extensive labeled data.

2. Research Design and Procedure

The methodological framework of this research is grounded in a hybrid paradigm that
integrates both constructive and empirical approaches. The choice of this approach is a direct

response to the foundational challenge of the study: the zero-resource status of ORN. This status
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mandates a sequential procedure where the necessary linguistic resources must first be created
before any computational modeling can be undertaken. Accordingly, this section details the
systematic workflow followed in this research. It begins by describing the compilation and
preparation of the Oranian-English Parallel Corpus (OEPC), outlining the entire process from data
sourcing to final normalization. Following this, the section delineates the design of the
proposed NMT system, providing the rationale for the selected architecture and its specific
components.

2.1. Corpora Compilation Project

Recognizing the critical absence of datasets for the Oranian dialect and other Algerian
varieties, this work is developed under the umbrella of the Empowering and Resourcing Algerian
Dialects (ERAD) project?.. ERAD aims to address this gap by constructing language resources for
Algerian dialects from the ground up. The full description and prioritized objectives are provided
by Dou and Kissi (2024; 2025). The ERAD project draws inspiration from the work of Harrat et
al. (2017) on Arabic dialect corpora creation, taking into account potential pitfalls and
implementing procedural safeguards to ensure high-quality resource development. A rigorous
three-pronged approach focusing on scripting conventions, normalization processes, and corpus

compilation methods will be implemented (see Figure 10).

The outcomes of ERAD are three different types of corpora: mono-dialectal, cross-dialectal
and parallel. Preliminary procedures of data collection and filtration is shared. The following sub-

sections describe the creation of the first products in this project.

2 The project website is accessible: https:/sites.google.com/view/eradproject/


https://sites.google.com/view/eradproject/

CHAPTER 3: DATASET AND EXPERIMENT SETUP 100

Figure 10

Procedure of Textual Corpora Compilation in ERAD
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2.1.1. Building ORN

The corpus data are taken from naturally-occurring linguistic instances of textual, audio,
and audiovisual language practices. The seed corpus created within the framework of this
dissertation concerns Oran’s dialect labeled as ‘ORN’. After assuring the native Oranian dialect
occurring in the sources, several portions from movies, sitcom scenarios, daily-life conversations,
TV shows, Radio streaming, YouTube videos, podcasts, social media communications and audio
recordings are transcribed. Texts are collected from social media posts and comments. The types

of ORN featured sources are demonstrated in Table 12.
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Table 12

Types of ORN Data Sources

Text Audio Video
Duration - ~ 8 hours ~ 50 hours
Raw sentences 2500 3000 4500
Corpus items 2110 2620 3770
Total 8500 sentences

Raw sentences are all the transcribed data with opening credits, ads, non-native Oranian
speech, full French sentences, lengthy French phrases and other unnatural linguistic instances. The
inclusion-exclusion criteria for any linguistic data to be in ORN corpus are primarily and purely
orthological. The corpus contents are scripted in Arabic letters with conventional writing
structures. Moreover, individual preferences and social media idiosyncrasies are treated

accordingly.

The scripting of words that are not originally Arabic brings some challenges. Since
Maghrebi dialects and sub-dialects are distinguished for being more affected by multilingual
features than other Arabic dialects (Harrat et al., 2019b; Younes et al., 2020), several words are
originated from Latin, Turkish and Berber words (see examples in Table 13), leading to
codeswitching. Particularly, borrowing plays a significant role in shaping the Oranian dialect’s

vocabulary.

The Oranian dialect draws loanwords from various sources, reflecting the historical contact
and cultural exchange between Arabic and other linguistic communities in the region. The
vocabulary-based inclusion criterion in ORN is based on the common use of the words. Non-
Arabic words that Oranians use for hundreds of years with less or no contemporary alternatives

are included.
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Table 13

Non-Arabic Vocabulary in ORN

Language Words in ORN (origin) English
Spanish 4458 (Cucina) Kitchen
laS (Cuerda) Cord
4., (Bolsa) Plastic bag
ilswi (Chancla) Flip flops
French skl (L auto) Car
U )\ (Caserne) Barracks
55t (Ceinture) Belt
b= (cay est) That’s it
Turkish a3 (tezdam) Wallet
S (begkir) Towel
N (bellar) Glass
o\ Js? (ditzan) Materials
Berber 250 (zokriim) Bolt

9% (mazuzi)

Y (1-gasi)

Boy of the family
People

Despite the influence of non-Arabic lexicon, treating the SL items is carefully taken in

terms of codification and orthography throughout the compilation of ORN. That is, the researcher

prefers to avoid French words and expressions that have alternatives in the dialect. Some French -

or Latin- lexis is, however, considered in the corpus for they have less or no alternatives in the

Oranian dialect (examples are provided in Table 14). The recognition of all potentially used French

expressions in the corpus will make more likely a code-switching instance of the language.

When it comes to spelling, and because of reduced Latin words, ORN items are transcribed

based on Arabic letters regardless of how Oranians pronounce them. Moreover, to enhance

consistency and minimize out-of-vocabulary (OOV) occurrences within the corpus, a
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normalization process is implemented on the raw data. This involves standardizing written forms
to establish a unified representation. However, datasets that are built from scratch are commonly
normalized during transcription. Indeed, dialect processing systems may be confounded if the raw
texts are not normalized (Darwish et al., 2012).

Table 14
(Non-)Inserted Lexis in ORN

Latin Lexis Arabized Latin Lexis
catastrophe, clef, preparer, manger, B A58 S cla S ¢l ¢ o 53 ¢ sha o)
exactement, etc. (car, policeman, hospital, schoolbag,
(catastrophe, key, prepare, eat, exactly) computer, kitchen)
Choice Non-Inserted Inserted

Reasons Oranians have alternatives to these words.  Frequently used, with less or no alternative,

They may appear in Arabizi. and commonly written in Arabizi.

Throughout the creation of ORN, some Arabic letters are normalized; however, special
symbols, non-Arabic characters and diacritics are removed. ORN sentences, therefore, consist only
of mono-lingual coherent data. The normalization process of ORN treats different writing issues
as demonstrated in Table 15.

Table 15

Normalized Written Forms in ORN

Source text issues  Definition Examples
Elongations repeating vowel and consonants forms rbhuuu sss~ / bzaaaaf <l
Spelling mistakes dropped / transposed letters rwahu s>)s, / mrasak <
Abbreviations (borrowed) short forms CEM abise [ CV i

Special tokens Emotional / ejaculative expressions Lol Js'/ hahaha lalala
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In order for the corpora users to search for or use accurate spelling, the normalization of
how linguistic units should be spelled or written is a necessary process. Moreover, normalizing the
instances “OMLis” and “Oldan” into the word “Olis” (Right) will not impact the dialectic

distinctiveness of the target variety.

Although there are no conventional writing guides for the Arabic dialects, several
researchers depended on using MSA-conformed normalization features (Dahou & Cheragui,
2023a; 2023b). ERAD project has been initiated with the potential to transcribe the Algerian
dialects, normalize and conform their written forms to MSA spelling rules. For the manipulation
of dialect orthography use by non-experts, several linguistic items need to be written in the corpus
differently and with more than one form according to the common use frequencies of their

appearance by the dialect’s natives.

2.1.2. Building OEPC

Following the established criteria for corpus construction, items in ORN dataset are
transcribed using Arabic script, irrespective of regional pronunciation variations. Given that the
ORN dataset was compiled de novo and is intended for inclusion in a parallel corpus, human
translation was conducted by native Algerian speakers who reviewed the ORN transcriptions and
provided corresponding ENG equivalents. The initial OEPC was subsequently compiled by

aligning these sentence pairs. A representative sample is provided in Figure 11.
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Figure 11

Examples from OEPC

ORN ENG
e Jlods- b 8yaxe W) it is full we did not use it
)l S slo g i9luds L do not forget to drive your aunt to her house
Hlas 79 £ (45 zilke glis @) | have keys if you want | go with you
g J e3y Jhaws S 18 it is ok call me whenever you want
Cu Y| g )5 99,5 we go now if you want
G998 LS b b W) Jas as if it seems to him that you are profitting
olas ydal g chelid Vigla here he is and talk to him
S 3 Law gl (S leade ads he locked her up like @ maid at home
Ri>9 79,5 4is b Il Djilali wanted his daughter to go alone
Lgds Canls ddds- 56 ade L_;)Sj lock him in the house let him play a bit
lgade 9505 Dl Jdbdle bo L Lgads- | left it flowing | do not know if you tightened it

The statistical analysis of OEPC reveals insights into sentence structure and lexical
diversity across both languages. Sentence lengths in the corpus range from single words to
extended constructions. On average, ORN sentences contain 5.2 words, while their corresponding
English translations have an average length of 7.3 words. Furthermore, the proportion of OEPC
unique items stands at 31.14% for the ORN component and 31.09% for the ENG component, as
demonstrated in Table 16. Moreover, this difference in distribution is demonstrated in the density

plot in Figure 12. ENG sentence length curve indicates the prevalence of longer ENG sentences.

Table 16
Major Statistics of OEPC
Dataset  Sentences (average) #Words #Distinct
ORN 8.5K (5.2) 53,255 16,584

ENG 8.5K (7.3) 62,361 19,392
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Figure 12
Histogram of Sentences Length in OEPC

0.30

— ENG Sentence Length'
0.25 ” —— ORN Sentence Length

0.20 A

0.154

0.10 1 /\

0.05 +

Density

0.00

Sentence Length

Following the compilation and description of OEPC, the next critical step in preparing the
dataset for NMT involves preprocessing and tokenization. This stage plays a pivotal role in
transforming raw text into a structured format that can be efficiently processed by machine learning
models. In order to deal with an LRL such as ORN and mitigate issues like OOVs and

morphological variations, the selection of tokenization methods becomes crucially important.

2.1.3. Data Preprocessing

Tokenization is a fundamental step in the data preprocessing pipeline for NMT. It involves
segmenting raw text into manageable units, typically words or subword tokens, helps reduce

vocabulary size and handle the complexities of language morphology and word formation. Proper



CHAPTER 3: DATASET AND EXPERIMENT SETUP 107

tokenization is crucial for ensuring that the model can process diverse word forms and unseen
words during inference (Sennrich et al., 2016), especially in LRLs such as the Oranian dialect. For
the latter, where word-level tokenization may fail due to limited training data or high
morphological complexity, subword tokenization techniques, such as Byte Pair Encoding (BPE),

have become essential.

BPE is a data-driven approach that iteratively merges the most frequent pairs of characters
or subword units in a corpus to build a vocabulary of subwords (Gage, 1994). This method helps
tackle issues of sparsity by breaking down rare or unseen words into smaller, more frequent
components, allowing for better generalization during translation. In the context of ORN, where
the dialect's orthography is not standardized and word forms vary widely, BPE serves as an
effective initial tokenization step to handle diverse spelling variations and morphological
phenomena (Sennrich et al., 2016). Given the relatively small size of the ORN dataset, BPE
ensures that even words that are rarely seen in the corpus can be represented by subword tokens.
The Oranian word example ‘4lic )& (Translated “l waited for him”) in Figure 13 demonstrates how

the subword tokenization is executed.

Following BPE, WordPiece tokenization, which is inherently integrated into the pre-
trained DziriBERT model (Abdaoui et al., 2021), is used to further refine the tokenization process.
WordPiece, a subword tokenization method introduced in the BERT architecture, optimizes the
subword vocabulary based on the likelihood of subword units in a large corpus (Wu et al., 2016).
DziriBERT, which is specifically trained on Algerian dialects, uses WordPiece to tokenize input
text into a vocabulary learned from this dialect. By leveraging DziriBERT’s pretrained

embeddings, the model can effectively capture contextual relationships between subwords, even
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for dialectal words or phrases not explicitly seen in the training data. This integration of WordPiece
tokenization ensures that ORN benefits from both fine-grained segmentation and the rich

knowledge embedded in the pre-trained model, improving translation quality and robustness.

Figure 13

Subword Tokenization of Oranian Dialect

token
'4.1.‘1.:-)@'
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Having prepared the tokenized data, the next focus shifts to the integration of this data
within the NMT framework. This involves detailing the proposed model components and
architecture, emphasizing how they are structured to achieve optimal performance for the ORN-

ENG translation task.

2.2. Components of the Proposed Model

The core methodology employed in this study for translating the Oranian dialect into

English leverages NMT whose models have demonstrated state-of-the-art performance across
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various language pairs by treating translation as an end-to-end Seq2Seq learning problem
(Sutskever et al., 2014; Bahdanau et al., 2015). Specifically, the proposed model for the present
study is based on the widely successful encoder-decoder framework augmented with an attention

mechanism. This section details the architecture and its components, contextualized for OEPC.
2.2.1. The Encoder-Decoder Framework

At its heart, the NMT model consists of two main components: an encoder and a decoder.
The basic structure of both RNNs (encoder and decoder) are demonstrated in Figure 14. This
architecture is designed to map an input sequence of variable length (ORN) to an output sequence

of potentially different variable length (ENG).

Figure 14

The Basic Encoder-Decoder Model
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The encoder’s role is to process the input sentence, token by token (where tokens are typically
words or subword units). It reads the entire source sequence and compresses the information,
capturing its semantic meaning and contextual dependencies, into a fixed-size vector
representation c. This representation is often referred to as the "context vector" or "thought vector"

(Sutskever et al., 2014; Cho et al., 2014). For an Oranian input sentence X = (X1, X2, ... xn), the
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encoder produces a context vector ¢. The decoder takes the generated vector by the encoder as

input. Its task is to generate the target English translation, Y = (y1, y2, ... yn), one token at a time.
2.2.2. Seq2Seq Model Implementation

In practical NMT implementations, both the encoder and the decoder are typically realized
using RNNs (Kalchbrenner & Blunsom, 2013), giving rise to the Seq2Seq model (Sutskever et al.,
2014). RNNs, particularly variants like LSTMs (Hochreiter & Schmidhuber, 1997) or Gated
Recurrent Units (GRUs) (Cho et al., 2014), are well-suited for processing sequential data like
language due to their ability to maintain an internal hidden state that captures information from

previous timesteps. The activation function of Seq2Seq model is:

Pylx) = P11 0Pz | yu )Pz | yuY2,%) ..., POr | Y1, -0y Y71, X)

In other words, the probability of generating the entire target sequence y (ENG), given the
source sequence x (ORN), is calculated as the product of the conditional probabilities of generating
each target token y; one by one, where each token's probability depends on the original source
sequence x and all the target tokens generated before it (y, to y;_,). In this respect, the choice of

Seq2Seq model supports this study by handling variable input (ORN) and output (ENG) lengths.

Sutskever et al. (2014) explains the Seq2Seq NMT by stating that one LSTM reads an input
sequence X, one timestep t at a time, to create a vector ¢ and pushes another LSTM to extract an
output sequence y from that vector (p. 2). A tutorial for using this model was elaborated by Neubig
(2017). As visualized in Figure 15, the encoder RNN processes the Oranian input sequence X
sequentially. At each timestep t, it updates its hidden state ht based on the current input token xi
and the previous hidden state ht1, and the final hidden state hx (or a transformation thereof) serves

as the context vector c. The decoder RNN is initialized with the context vector ¢ (often as its initial
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hidden state so). At each timestep t, it takes the previously generated English word yt1 and its

previous hidden state st-1 to generate the current hidden state st and predict the next English word
Yt.

Figure 15
The Basic Seq2Seq Encoder-Decoder Model
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The review conducted by Yousuf et al. (2021) contributed to the selection of the Seq2Seq
model. However, a significant limitation of the basic Seq2Seq model is the fixed-size context
vector. It acts as an information bottleneck, forcing the encoder to compress all information from
the source sentence, regardless of its length, into this single vector. This can be particularly
challenging for corpora with long or complex sentences, potentially leading to information loss
and degraded translation quality (Bahdanau et al., 2015). However, the average length of sentences

present in OEPC supports the implementation of this model.

2.2.3. LSTM Networks

LSTMs represent a specialized type of RNN architecture, originally introduced by
Hochreiter and Schmidhuber (1997). They have since been extensively refined and adopted for a
wide range of sequence modeling tasks due to their remarkable ability to capture long-range

dependencies in sequential data. Unlike traditional RNNs, which often struggle with the vanishing
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gradient problem when learning from distant contextual information, LSTMs are explicitly

constructed to preserve and access information over extended time intervals.

An LSTM consists of a sequence of repeating modules, each structured to regulate the flow
of information through carefully designed gating mechanisms. These gates (the input gate i, forget
gate f, and output gate o) allow the network to selectively store, discard, or output information at
each time step t. This architectural innovation enables LSTMs to maintain a stable memory of
relevant data across long sequences, making them particularly well-suited for tasks that involve

complex temporal dynamics.

In the proposed model of the present study, an input ORN sequence (x;, xz, ..., xT) IS
processed to generate an output ENG sequence (ys, ys, ..., yr), where the number of output tokens
T" may differ from the number of input tokens T, and prediction ceases upon generating a special
end-of-sentence token <EOS>. To facilitate learning, the input sequence is read in reverse order,
which enhances short-term dependencies and simplifies the optimization process. The objective is
to estimate the conditional probability Py, ..., yr | x4, ..., x1). This is achieved through an LSTM
network, which first encodes the reversed input into a fixed-dimensional vector ¢ derived from the
final hidden state hn of the LSTM. This vector then initializes a second LSTM that predicts the
output sequence as an LM. The presence of the <EOS> token allows the model to define a
probability distribution over variable-length output sequences. The core operations of an LSTM

unit at each time step t are as follows:
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ft = U(fot + Ufht—l + bf)

ir = o(Wix; + Uhy_y + by)

0 = o(Wox; + Ughi_y + by)

Et = tanh (M/Cxt + UCht—l + bC)

=01+ O

h; = o, O tanh (c;)
Where f; , i; and o, denote the forget, input, and output gates, respectively; ¢, is the candidate
cell state; ¢, is the updated cell state; W is the weight; b is the bias; h; is the hidden state; and ©
represents element-wise multiplication. The sigmoid function ¢ turns any x-axis into a number

between 0 and 1 while the hyperbolic tangent (tanh) activation function turns any x-axis into a

number between -1 and 1. Figure 16 demonstrates these operations.

Figure 16
LSTM with Interacting Layers
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In the context of ORN-ENG NMT, the use of LSTM networks is particularly advantageous.
Arabic dialects and English often exhibit divergent syntactic structures and varying dependency
lengths between corresponding lexical items. LSTMs, with their inherent capacity to retain long-

term contextual information, enable the model to align and translate linguistic units that may be
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separated by considerable distances in the source sentence. This contributes to more accurate
syntactic and semantic representations, thereby improving the overall translation quality.
Moreover, their robustness in handling irregularities and morphological richness, both of which

are prevalent in ORN, makes LSTMs a highly appropriate choice for this NMT application.

2.2.4. The Attention Mechanism

To address the limitations of encoding an entire input sequence into a fixed-length vector,
the attention mechanism was introduced. It allows the decoder to dynamically focus on different
parts of the input sequence during the generation of each output token. This is particularly
beneficial for translating between ORN and ENG, where syntactic structures and word orders
differ, and the full context of the SL sentence cannot be adequately captured by a single fixed
vector. In a Seq2Seq model with attention, as demonstrated in Figure 17, the encoder processes
the input sequence (x;, x2, ..., x1) to generate a sequence of hidden states (4, A, ..., ht). At each
time step t of the decoder, an attention score is computed for each encoder hidden state based on
its relevance to the current decoder state St-1.

As explained by Israr et al. (2023), the first core step of the attention mechanism is the
score function that computes alignment between the decoder hidden state st1 and each encoder
hidden state hi.

score(s;_1, h;) = s{_1h;

The second step is counting the attention weights through normalizing the scores using the

softmax function to obtain a probability distribution over the input positions:
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exp(score(s;_q, ;)
-4 exp (SCOl"E(St_l,hj))

Ui =

The following step is computing the context vector ctas a weighted sum of the encoder

hidden states: a; ;

Figure 17
Seq2Seq Model with Attention Layer
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Finally, to update the decoder, the context vector cttogether with the previous output yt1
and the previous hidden state st.1 are used to predict the next token. Moreover, the alignment
scoring eti can be extracted to analyze how strongly each encoder state hi contributed to the

prediction of the output token at time t.

This study implements the additive attention mechanism proposed by Bahdanau et al.
(2015) with a single attention head to address the bottleneck problem inherent in traditional
encoder-decoder architectures. The adoption of this specific attention mechanism is motivated by
three key factors particularly relevant to the ORN-ENG NMT task. First, additive attention's feed-
forward network approach to computing alignment scores is computationally efficient and well-
suited for the morphologically complex structure of the Oranian dialect, allowing the model to
dynamically focus on relevant subwords and morphemes during decoding. Second, the single-head
configuration provides an optimal balance between performance and parameter efficiency, which
is critical given the limited parallel data available for this low-resource dialect. Third, this
mechanism effectively mitigates information loss in longer sequences by enabling the decoder to
selectively access different parts of the source sentence during the generation of each target word,
thereby improving alignment accuracy for languages with significant word order differences

between SL and TL.

2.3. Model Architecture and Hyperparameters

Having detailed the individual components of the Seq2Seq framework, LSTM networks,
and the attention mechanism, the final, integrated architecture of the proposed NMT model for the
present study can be synthesized into a cohesive system as illustrated in Figure 18. The model is

structured into three primary interacting layers. The encoder layer processes the input (ORN)



CHAPTER 3: DATASET AND EXPERIMENT SETUP 117

sentence token by token (x: to x;) using a series of LSTM units. Unlike a basic Seq2Seq model, it
does not discard intermediate states; instead, it generates a sequence of hidden state vectors (4: to

hy), each capturing contextual information from a specific part of the input.

Figure 18
The Proposed RNN Encoder-Decoder Model with Attention Mechanism
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Note. The number of LSTM units and input/output tokens shown is for illustrative purposes only.

The actual model is designed to process sequences of variable lengths.

Crucially, the attention layer takes this entire sequence of encoder hidden states as its input.
At each step of the decoding process, it calculates a unique, weighted context vector (C) that is

dynamically tailored to the current translation step. Finally, the decoder layer uses this context
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vector to generate the English translation. At each timestep, the decoder's LSTM takes the
previously generated word (y.-:) and the current context vector (c;) as input to predict the next word
in the sequence (y:) via a softmax layer. The latter takes the decoder's raw output scores (logits)
and transforms them into a probability distribution across every word in the target vocabulary. The
word with the highest probability is then selected as the translated output token for that
timestep. This architecture allows the model to selectively "pay attention™ to the most relevant
parts of the source sentence when generating each target word, which is essential for handling long

dependencies and complex syntactic alignments between ORN and ENG.

After providing the conceptual blueprint for the NMT system, precise configurations of its
various properties and hyperparameters are required. These parameters are carefully selected to
optimize performance for the MT task. The following subsection details these crucial
hyperparameter choices. The system configurations are carefully specified to address the unique
linguistic complexities of ORN and the challenges inherent in a low-resource translation task. The
following subsections describe the fundamental building blocks of the model, from the initial

representation of text to the core recurrent and attention layers that drive the translation process.
2.3.1 Tokenization and Input Representation

The initial and most critical stage of the NMT pipeline is the conversion of raw text into a
numerical format that the model can process. Given the distinct linguistic characteristics of the
source and target languages, specialized tokenization strategies are employed. For ORN,
tokenization is performed using WordPiece. This approach is crucial for effectively capturing the
rich morphological variations and subword units of the dialect, thereby mitigating issues related

to sparse vocabulary that are common in LRLs. For ENG, the standard BERT tokenizer is utilized,
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which leverages WordPiece tokenization to break words into semantically meaningful subword
units (Devlin et al., 2019). This ensures a consistent and effective tokenization scheme for the

target language.

Once tokenized, the discrete subword units are mapped to continuous vector
representations via an embedding layer. This study uses an embedding dimension of 256 for both
languages. This dimension was chosen to strike an optimal balance between model expressiveness
and computational efficiency, providing sufficient capacity to capture semantic nuances without
introducing an excessive number of parameters that could lead to overfitting on a limited dataset
(Sennrich et al., 2016). Crucially, these embeddings are not pre-trained; their values are learned
dynamically as part of the end-to-end model training, allowing them to adapt specifically to the

contextual features of the present MT experiment.

2.3.2. Core Seqg2Seq Architecture

The heart of the NMT system of the present research is a Seq2Seq model built upon an
encoder-decoder framework. The encoder and decoder are each composed of a two-layer stacked
LSTM network. LSTMs were selected for their proven capability to model long-range
dependencies and capture sequential information, which is vital for handling the complex syntactic
structures of natural language (Hochreiter & Schmidhuber, 1997). Each LSTM layer is configured
with a hidden state size of 512 units, a dimension that provides ample capacity to model linguistic
complexity without becoming computationally prohibitive. Stacking two layers deepens the

network, enhancing its overall representational power and its ability to learn more abstract features.

To overcome the information bottleneck inherent in conventional Seq2Seq models,

an additive attention mechanism is integrated into the architecture (Bahdanau et al., 2015). This
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mechanism allows the decoder, at each step of the translation process, to dynamically calculate
"attention scores” and focus on the most relevant parts of the entire source sentence. This ability
to selectively attend to source tokens is particularly critical for translating between languages with
different word orders like ORN and ENG, and it significantly improves the quality and fluency of
the final output. The key architectural components and their corresponding hyperparameters are

summarized in Table 17.

Table 17

The Proposed Model’s Components and Hyperparameters

Component/ Hyperparameter Value / Type Description
Tokenizers BPE, WordPiece Dialect-specific tokenization
Embedding Dimension 256 Size of word embedding vectors
Encoder/Decoder Layers 2 Number of stacked LSTM layers
Hidden State Size (LSTM) 512 Dimensionality of LSTM hidden states
Attention Mechanism Additive (1 head) Attention to focus on input sequence
Optimizer Adam Adaptive gradient descent optimizer
Learning Rate 0.001 (initial) Initial learning rate with scheduler
Batch Size 64 Number of sentence pairs per training
iteration
Loss Function Cross-entropy Measuring prediction errors
Evaluation Metrics BLEU, WER, Measuring translation quality and model
METEOR, PPL uncertainty

The architectural components and hyperparameters detailed above collectively form a
model configuration that strikes a deliberate balance between representational power, the
constraints of an LRL dataset, and the unique linguistic features of ORN. The selection of these
properties was guided by both established practices in NMT research and preliminary experiments

aimed at optimizing performance for the ORN-ENG translation task. However, a well-defined
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architecture is merely a static blueprint; to transform this blueprint into a functional translation
system, it must be systematically trained on data, its learning process must be monitored, and its
final performance must be rigorously evaluated. Therefore, the following section will detail the
dynamic NMT training and evaluation pipeline, outlining the step-by-step procedure used to train

the model, monitor its learning, mitigate overfitting, and produce the final model.

3. Process of the Experiment

This section details the empirical process of training the NMT model and monitoring its
learning dynamics. Further, it provides a transparent account of the experimental environment and
the training regimen. The quantitative outcomes that validate the model's effectiveness in

translating from the Oranian dialect to English will thoroughly be provided in Chapter 4.

3.1. Training Environment and Procedure

All experiments were conducted within the Google Colaboratory (Colab) Pro environment,
leveraging its cloud-based GPU resources (Google TPU v2-8) to handle the computational
demands of training a DL model. The implementation was carried out using the Python
programming language, supported by the PyTorch framework for building and training the NMT
model, and the Hugging Face Transformers library for tokenization. The training regimen for the
final, optimized model, which incorporates the attention mechanism and the refined
hyperparameters, spanned a total of ten epochs. In each epoch, the parallel training data was
shuffled, batched, and fed into the model, allowing it to iteratively learn the complex mappings
between the two languages. This intensive learning process required approximately 11 hours of
computation time. For comparative purposes, a baseline experiment without the final parameters

and attention was initially conducted, which completed its training in approximately 7 hours,
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highlighting the additional computational cost associated with the more sophisticated and powerful

architecture.

The development of the ORN-ENG NMT system is governed by a systematic and
reproducible training pipeline, as illustrated in the flowchart in Figure 19. This workflow is
designed to ensure robust model training, rigorous performance monitoring, and unbiased final
evaluation, adhering to established best practices in the field of machine learning and low-resource
NMT. The pipeline commences with Data Preparation, a foundational stage designed to structure
the corpus for effective learning while preventing data leakage. OEPC is first loaded and
partitioned into three distinct, non-overlapping subsets: a training set (80%) for model learning,
a validation set (10%) for hyperparameter tuning and overfitting monitoring, and a test set
(10%) reserved for the final, unbiased performance evaluation. This separation, to preprocess each
data split and handle dialect-specific characters, ensures that no information from the validation or

test sets influences the model during its training phase.

Following the data partitioning, the pipeline proceeds to tokenization and batching. As
specified in Table 17, distinct tokenization strategies are employed to cater to the unique linguistic
features of each language. As WordPiece was effective in training DziriBERT, a fine-tuned model
for Algerian dialects, it is used in the present study to effectively handle the morphological richness
of ORN. The vocabularies for both SL and TL are constructed exclusively from the training data
to maintain the integrity of the validation and test sets. All sequences are then tokenized and

batched with a size of 64.
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Figure 19
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To optimize computational resources, dynamic padding is applied, ensuring that sequences
within each batch are padded only to the length of the longest sentence in that specific batch, rather
than to a fixed maximum length across the entire dataset. The core of the pipeline is the model
initialization and training loop. The NMT model is instantiated as a Seq2Seq architecture
composed of a two-layer stacked LSTM Encoder-Decoder. As outlined in Table 17, the LSTM
layers have a hidden state dimension of 512, while the word embedding dimension is set to 256.
A crucial component, an additive attention mechanism, is integrated to bridge the encoder and
decoder, allowing the model to dynamically focus on the most relevant source tokens when
generating each target word. The training process is driven by the Adam optimizer (Kingma & Ba,
2015) with an initial learning rate of 0.001, and the model's weights are iteratively updated by

minimizing the cross-entropy loss via backpropagation (Li & Lu, 2021; Du et al., 2021).

The iterative training loop is meticulously monitored to ensure robust learning and to
mitigate overfitting. After each training epoch, the model's performance is evaluated on the
validation set using BLEU, WER, METEOR, and PPL metrics. The trend in validation loss serves
as the primary indicator for overfitting. If the validation loss fails to improve or begins to increase,
countermeasures are triggered, such as reducing the learning rate by half. Furthermore, an early
stopping protocol is in place to terminate training if the validation loss plateaus for five consecutive

epochs, preventing the model from excessively memorizing the training data.

Upon completion of the training loop, the final model selection and evaluation phase
begins. The model selected for final evaluation is not necessarily the one from the last epoch, but
rather the checkpoint that achieved the highest BLEU score on the validation set during the entire
training process. This "best model" is then loaded and subjected to a final, definitive evaluation on

the held-out test set. This step provides an unbiased assessment of the model's ability to generalize
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to new, unseen data. The final BLEU, WER, METEOR, and PPL scores calculated from this test
evaluation represent the definitive performance of the deployable final NMT model, concluding a

methodologically rigorous pipeline designed for optimal and reliable results.

3.2. Model Evaluation Metrics

To objectively assess the performance and translation quality of the trained NMT model, a
suite of standard automatic evaluation metrics will be employed. These metrics provide a
quantitative framework for comparing the system-generated translations (hypotheses translations,
HTs) against human-created reference translations (RTs). While no single metric can perfectly
capture all aspects of translation quality, using a combination offers a more holistic and robust
evaluation, providing a necessary counterpart to the qualitative analysis (Chauhan & Daniel, 2023;
Lee et al., 2023). This study will utilize BLEU, WER, METEOR, and Perplexity (PPL) to measure

different facets of the model's performance.

The Bilingual Evaluation Understudy (BLEU) score, proposed by Papineni et al. (2002),
has become the de facto industry standard for automatic MT evaluation due to its simplicity and
high correlation with human judgment at the corpus level. BLEU is a precision-focused metric that
measures the n-gram overlap between the hypothesis and the reference translation to gauge its
fluency and adequacy. It calculates the precision of unigrams, bigrams, trigrams, and 4-grams and
incorporates a Brevity Penalty (BP) that penalizes hypotheses shorter than their references
(Denoual & Lepage, 2005). The final score, a number between 0 and 100 where a higher value is

better, is formally calculated as:

N
BLEU = BP - exp (Z wylog pn>
n=1
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Derived from the Levenshtein distance and widely used in ASR, Word Error Rate (WER)
offers an intuitive error-rate metric for MT. It measures the number of edits -substitutions (S),
deletions (D), and insertions (I)- required to transform the system-generated hypothesis into the
reference translation. Its primary advantage is its clear interpretation, as it directly corresponds to
the post-editing effort a human would need to correct the translation (Munkova et al., 2020). As
an error-rate metric, a lower WER score is better. Where N is the number of words in the reference,

its calculation is given by the formula:

The Metric for Evaluation of Translation with Explicit ORdering (METEOR), developed
by Banerjee and Lavie (2005), was designed to address some of the shortcomings of the BLEU
score. METEOR is a more sophisticated unigram-based metric that evaluates translation by
creating an alignment between the hypothesis and the reference, considering both precision and
recall. Its key strength is its ability to perform stemming and synonym matching (using resources
like WordNet), allowing it to recognize that words like "drive™ and "driving" are valid matches. It
also includes a fragmentation penalty to reward correct word order. A higher METEOR score,
which ranges from 0 to 1, indicates better performance and is known to correlate better with human

judgment on the sentence level than BLEU.

Finally, a fundamental metric in information theory and language modeling, Perplexity
(PPL) is used to quantify the model's "uncertainty” or "surprise™ when processing a sequence of
words from the test set. A high PPL indicates that the model found the test data very unpredictable,
whereas a low PPL suggests its learned probability distribution closely matches the distribution of

the language in the test set. Therefore, a lower PPL score means a positive performance. While it
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does not directly measure translation quality, it serves as an excellent diagnostic tool for evaluating

the language model's fluency and confidence in its predictions (Sennrich, 2012).

This multi-metric approach will provide a well-rounded quantitative assessment of the
NMT system. Each metric offers a unique perspective: WER quantifies the literal error rate,
METEOR assesses semantic and structural similarity, and PPL gauges the model's confidence and
fluency. However, for the purposes of comparative interpretation and discussion in Chapter 4, the
BLEU score will serve as the primary reference metric. Its widespread adoption in the field of
machine translation makes it indispensable for contextualizing this study's findings and facilitating
a direct comparison with the broader body of NMT research. The other metrics will be used to

provide a supplementary analysis of the model's performance.

4, Summary
This chapter has provided a comprehensive exposition of the methodological paradigm
guiding this research. It commenced by contextualizing the Oranian dialect, elucidating not only
its sociolinguistic background but also the specific computational hurdles that justify its selection
as a challenging, low-resource case study. The chapter then detailed the research design, which
unfolded in two primary phases. The initial constructive phase systematically documented the

compilation of the novel OEPC, a foundational prerequisite for any empirical work.

With this linguistic resource established, the discussion shifted to the empirical phase,
focusing on the proposed NMT system. The theoretical underpinnings of the model were
deconstructed, defining the Seq2Seq framework, the function of LSTM units, and the critical role
of the attention mechanism in addressing informational bottlenecks. This theoretical grounding

was complemented by a detailed specification of the final model architecture and its associated
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hyperparameters. Subsequently, the entire experimental workflow was meticulously outlined,
from environment setup and data pre-processing to the protocols for training, validation, and
testing. To conclude, the chapter identified the battery of evaluation metrics selected to facilitate
a multi-faceted assessment of the model's performance. This methodological foundation thereby
sets the stage for the subsequent chapter, which will present a rigorous analysis of the results

yielded by this experiment.



CHAPTER 4: RESULTS AND DISCUSSION

Having established the methodological framework for the compilation of OEPC and the
architecture of the NMT model in the preceding chapter, this chapter presents the core empirical
findings of the study. It serves as the culmination of the data collection, pre-processing, and model
design efforts, moving from theoretical construction to a practical and critical evaluation of the
system's performance. The central objective of this research, to develop and assess an NMT system
tailored for the low-resource ORN, is addressed here through a meticulous scrutiny of the
translation outputs. To ensure a comprehensive evaluation, this chapter employs a dual-pronged
approach, combining an in-depth qualitative analysis with rigorous quantitative metrics. This
combined methodology allows for a holistic understanding of not only how well the model
performs in terms of numerical scores, but also how and why it succeeds or fails in translating the

complex morphological, syntactic, and cultural idiosyncrasies inherent to the Oranian dialect.

This chapter first delves into the quantitative analysis to validate our experimental setup
and evaluate the model's overall performance, detailing the contribution of key hyperparameters,
presenting an ablation study on the attention mechanism, and reporting performance using standard
automatic evaluation metrics across different sentence lengths. Following this, the qualitative
analysis offers a practical understanding of the translation outputs by immersing the reader directly
in representative examples, conducting a detailed error analysis to identify systemic patterns, and
examining how the model handles uniquely Oranian linguistic phenomena. Finally, a
comprehensive discussion section is set to synthesize the findings, interpret their significance

within the existing literature on NMT of LRLs and acknowledge its limitations.
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1. Results

This section presents the detailed results of the NMT experiments conducted in this study.
In line with the chapter's structure, this section commences with the machine learning dynamics,
practical MTE, and detailed model's performance. This is subsequently followed by a rigorous
qualitative analysis, which provides a human-centric view of the model's performance with

different illustrations of quality outputs and limitations in processing ORN.

1.1. Quantitative Analysis

In order to provide an objective, data-driven evaluation of the NMT system's performance,
the analysis begins with ML dynamics, where the training and validation loss and accuracy curves
are examined over ten epochs to illustrate the model's learning progression and stable convergence.
Subsequently, the focus shifts to evaluating test data, which details the final performance scores
of the optimized model when applied to the completely unseen hold-out dataset, thereby assessing
its generalization capability. Finally, a comprehensive model evaluation contextualizes these
figures, offering a comparative analysis against a baseline model using a suite of metrics to

empirically demonstrate the tangible impact of the final architectural design.

1.1.1. Machine Learning Dynamics

Throughout the 10-epoch training process, the model's learning dynamics were closely
monitored using categorical accuracy and cross-entropy loss on both the training and validation
sets. The detailed epoch-by-epoch metrics, summarized in Table 18, provide a quantitative account
of this learning progression. An analysis of the data reveals a robust and highly successful learning

trajectory. The training metrics show consistent improvement: the categorical accuracy began at a
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modest 53.26% in the first epoch and steadily climbed to an impressive 92.10% by the final epoch.
Concurrently, the training loss demonstrated a desirable downward trend, decreasing substantially
from an initial value of 0.65889 to a final value of 0.21147. This inverse relationship between
rising accuracy and falling loss confirms that the model became progressively more adept at

capturing the linguistic patterns of the ORN-ENG language pair.

Table 18

Training and Validation Metrics Per Epoch

Epoch Training Validation
Loss  Accuracy (%) Loss  Accuracy (%)
1 0.65889 53.26 0.51769 78.13
2 0.43393 65.20 0.38827 84.32
3 0.35451 74.12 0.33742 89.45
4 0.32057 79.12 0.30599 90.88
5 0.29623 81.01 0.29946 92.00
6 0.27056 82.93 0.28271 93.10
7 0.26005 84.42 0.27343 93.33
8 0.24756 86.84 0.26947 93.51
9 0.23578 89.88 0.24024 93.98
10 0.21147 92.10 0.22082 94.24

Notably, the performance on the validation set was even stronger and tracked the training
performance closely, which is a key indicator of a well-regularized model. The validation accuracy
started at a high 78.13% and concluded at 94.24%, consistently outperforming the training
accuracy. This phenomenon, where validation performance surpasses training performance, is
often indicative of effective regularization techniques, such as the dropout layer used in this
model's architecture. During the training phase, dropout deactivates a fraction of neurons to

prevent co-adaptation, effectively "handicapping” the model. During validation, however, the full,
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unhandicapped network is used for inference, which can lead to superior performance. The tightly
coupled progression of both the training and validation loss curves, with no significant divergence,

suggests that the model generalized well and did not suffer from significant overfitting.

The learning dynamics are visually represented in Figure 20. The graph clearly illustrates
the smooth convergence of the model, with both loss curves descending and both accuracy curves
ascending in a stable and desirable manner. This synchronized improvement across both the
training and validation datasets provides strong quantitative evidence for the effectiveness and

robustness of the training procedure.

Figure 20
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1.1.2. Evaluating Test Data

Upon completion of the 10-epoch training cycle, the finalized model was subjected to a
rigorous evaluation on a completely unseen test dataset comprising 850 sentence pairs. This step

is crucial for providing an unbiased assessment of the model's generalization performance. The



CHAPTER 4: RESULTS AND DISCUSSION 133

latter encompasses its ability to translate new data not encountered during training or validation.
The evaluation on this hold-out set yielded a final test loss of 0.1092 and a test accuracy of

approximately 92.27%.

These results are highly encouraging. The test loss score signifies that the model's
predictions on the unseen data were, on average, very close to the ground-truth translations.
Furthermore, the test accuracy score of 92.27%, which is notably even slightly higher than the
final training accuracy, powerfully validates the model's effectiveness. It demonstrates that the
learning acquired during the training phase was successfully generalized, and the model is robust
and capable of performing accurate translations on novel ORN sentences, confirming the overall

success of the training procedure.

1.1.3. Model Evaluation

In addition to corpus-level metrics like BLEU that assess overall similarity, this study also
employs a suite of classic token-level metrics: precision, recall, and F-measure. They contribute
to a conduction of a more granular and diagnostic analysis of the model's output. When adapted
for such experiments, these metrics offer profound insights into the behavioral tendencies of the
NMT system. Precision quantifies the fidelity of the translation by measuring the fraction of words
in the HT that are also present in the human translation (RT). A high precision score signifies that
the model is highly accurate in its lexical choices and is less prone to generating spurious or

"hallucinated" tokens.

Conversely, recall measures the MT comprehensiveness by calculating the fraction of
words from the RT that were successfully captured in the HT. A high recall score indicates that

the model provides thorough coverage of the source content, effectively avoiding the omission of
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key information or concepts. Because a model can achieve high precision by being overly
conservative (producing only a few, highly confident words) or high recall by being overly verbose

(generating many words, including incorrect ones), the F-measure is employed to find a balance.

(Fl —> Precision - Recall )
B Precision + Recall
Specifically, the F1-score, calculated as the harmonic mean of precision and recall,
provides a single, unified score that penalizes models that excel at one metric at the significant
expense of the other. A high F1-score, therefore, reflects a system that is both accurate in its output

and comprehensive in its content, which is the ultimate goal of a high-quality translation.

To contextualize the performance of the final proposed architecture and empirically
validate the significance of its core components, its results on the held-out test set are benchmarked
against a simpler baseline model. This baseline consists of a single-layer LSTM network and
crucially lacks an attention mechanism. The comparative evaluation, detailed in Table 19,
leverages the main suite of metrics defined earlier with BLEU scores to provide a comprehensive

and multi-faceted performance summary.

Table 19

Evaluation Scores for Different Model Configurations

Model Configuration BLEU Precision Recall F1-Score

Baseline 18.3 68.5 60.1 64.0

Final Model 30.9 825 75.9 79.1
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The results presented in the table offer incontrovertible evidence of the final model's
superiority. Achieving a BLEU score of 30.9, the final architecture significantly outperforms the
baseline's score of 18.3. This substantial improvement of over 12 BLEU points underscores the
profound impact of the deeper, two-layer LSTM architecture and, most critically, the inclusion of

the attention mechanism.

However, a deeper analysis through the lens of precision, recall, and F1-score reveals the
precise nature of this enhancement. The final model achieves an exceptional F1-score of 79.1,
which is indicative of a strong and harmonious balance between its precision of 82.5 and recall of
75.9. The high precision demonstrates that the translations are of high fidelity, with the model
accurately selecting correct lexical items and avoiding speculation. Simultaneously, the strong
recall score confirms that the model provides comprehensive coverage of the source content,

successfully translating the vast majority of necessary information.

In stark contrast, the baseline model's performance is fundamentally hampered by its low
recall score of 60.1, which consequently suppresses its F1-score. This points to a critical
deficiency: without the attention mechanism, the baseline model struggles to process the entirety
of the source sentence, particularly longer ones, resulting in frequent and significant omissions in

the translation output.

The empirical results of this study, culminating in a BLEU score of 30.9 for ORN-ENG
direct MT, warrant a detailed and comparative interpretation. While the BLEU score serves as a
critical high-level benchmark, a more granular analysis across a spectrum of metrics is required to
fully deconstruct the model's performance and appreciate the architectural enhancements. By

benchmarking the final model against a baseline system, each metric’s score will quantitatively
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diagnose the specific improvements in the model's behavior. The comparative results across four

key metrics are presented in Table 20.

Table 20

Model Evaluation across Different Metrics

Metric Baseline  Final Model Interpretation of Improvement
BLEU 18.3 30.9 Greater n-gram similarity
WER 58.7 41.8 Fewer word-level errors
METEOR 0.254 0.382 Better semantic alignment
PPL 45.3 18.1 Higher model confidence

An analysis of these results reveals a consistent and compelling narrative of improvement.
While the more than 12-point increase in the BLEU score is the most immediate indicator of the
final model's superiority, the other metrics provide deeper insights into the nature of this
improvement. The WER metric, which quantifies the literal distance between the HT and the RT,
saw a substantial reduction from 58.7 to 41.8. This nearly 17-point drop signifies a marked
decrease in the number of substitutions, deletions, and insertions required to correct the model's
output. Practically, this demonstrates that the final model's translations are not just structurally
more similar but are also fundamentally less erroneous at the word level, requiring significantly
less human post-editing effort. This reduction in errors is directly attributable to the attention
mechanism's ability to maintain a more accurate alignment between SL and TL tokens, preventing

the kind of word omissions and ordering mistakes that plagued the baseline model.
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The METEOR score, which improved from 0.254 to 0.382, offers a crucial perspective on
semantic fidelity that BLEU alone cannot provide. METEOR's strength lies in its use of synonym
and stem matching, rewarding translations that are semantically equivalent even if not lexically
identical to the reference. The significant improvement in this metric demonstrates that the final
model is making more intelligent and contextually appropriate lexical choices. While the baseline
model was more likely to produce a rigid, literal translation that failed if a specific n-gram was
absent, the final model's higher METEOR score indicates a superior ability to select appropriate
synonyms, thereby producing translations that are more natural and accurate in meaning. This
suggests that the deeper architecture and attention mechanism allowed the model to develop a

more nuanced semantic representation of the vocabulary.

Perhaps the most telling diagnostic metric is PPL, which plummeted from 45.3 in the
baseline to a remarkably low 18.1 in the final model. PPL measures the model's uncertainty or
"surprise” when encountering the test data; a lower score signifies a more confident and fluent
internal language model. This dramatic decrease indicates that the final model has developed a
much more sophisticated understanding of the statistical properties and grammatical structure of
the target language, English. The final model is significantly less 'surprised’ by the correct
sequence of words, demonstrating a superior grasp of English syntax and phraseology. This
intrinsic fluency is a direct result of the enhanced context provided by the attention mechanism
and the greater representational power of the stacked LSTM layers, allowing it to generate

sentences that are not only more accurate but also more probable and coherent.

Taken in concert, these metrics paint a comprehensive and multi-faceted picture of the final

model's advancements. The system is not only better at matching surface-level n-grams (BLEU),
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but it is also quantifiably less error-prone (WER), more semantically intelligent in its word choices
(METEOR), and fundamentally more confident and fluent in the target language (PPL). This body
of quantitative evidence provides irrefutable support for the architectural choices made, validating
the final model as a significantly more robust, accurate, and effective system for the challenging

task of ORN-ENG translation.

1.2. Qualitative Analysis

The qualitative evaluation of the ORN-ENG NMT system begins with demonstrating how
the attention mechanism enhanced the MT quality. An error analysis follows to demonstrate a
practical understanding of the model's flaws and drop-outs extending beyond abstract numerical
scores. Finally, the section presents a diagnosis of the model intrinsic limitations in handling

OOVs, NEs and cultural meanings.

1.2.1. Visualizing Translation with Attention

The quantitative analysis has irrefutably demonstrated the profound impact of the attention
mechanism on MT performance. However, to move from a high-level appreciation of its effect to
a concrete understanding of its function, it is instructive to visualize the mechanism at a single
decoding step. As shown in Figure 21, the diagram deconstructs the internal process of the NMT
model as it translates the Oranian sentence " s s ©l jud 7 5 Lzau™ (Sme'na zouj shirat yetawghu)
into its English equivalent, "we heard two girls screaming.” The encoder processes the full source
sentence to produce hidden states. The decoder, having already produced "<SOS>", uses its current
state to query the encoder states, culminating in a focused context vector used to predict the next

word.
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Figure 21
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Note. This diagram demonstrates the flow of information during the generation of the target word
"girls.” (ta / P4). The process of weighting attention scores is illustrated in Figure 17. The raw

cohesive system is illustrated in Figure 18.

The MT process begins with the encoder, which processes the input ORN sentence token
by token. Each token, "Useeu" " 53" "l 0" and " e 54", is passed through an RNN. The key

function of the encoder is not to produce a single, final "thought vector” as in a basic Seq2Seq
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model, but rather to generate a sequence of hidden state vectors, one for each input token. These
vectors represent each source word embedded within the context of the entire sentence. All of

these hidden states are then made available to the attention mechanism.

The analysis then moves to the decoder at the specific point in time shown in Figure 21
(ts). It has already generated the sequence "<SOS> we heard two" and must now predict the next
token (P,). At this juncture, the decoder's current internal hidden state acts as a query. As illustrated
by the red arrows, this query is compared against the hidden state of every single word in the
source sentence. This comparison, managed by the attention mechanism layer, calculates a set of
alignment scores. These raw scores are then passed through a Softmax function, which normalizes
them into a probability distribution (a set of attention weights that sum to one). This distribution
represents how "important™ each source word is for generating the current target word. In the
diagram, the taller blue bar in the softmax output visually represents a high attention weight,
indicating that the model has learned to focus almost exclusively on the ORN

word "<l it (Mgirls”).

The final step is the creation of a dynamic context vector. This vector is a weighted sum of
all the encoder's hidden states, where the weights are the attention scores just calculated. Because
the score for "< is overwhelmingly high, the resulting context vector is a representation that
is heavily biased towards the meaning of "girls." As shown by the large cyan arrow, this highly
specific, dynamically tailored context vector is then concatenated with the decoder's current hidden
state and fed forward to predict the next output token. Unsurprisingly, given the context rich with
information about "< _:&", the model confidently predicts the word "girls™ with high probability.

This entire process of querying, scoring, weighting, and generating is repeated for every single
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word in the output sequence, allowing the model to dynamically shift its focus across the source
sentence. This ability to selectively concentrate on relevant source information at each step is what
allows the model to handle long dependencies, perform syntactic reordering, and ultimately
mitigate the informational bottleneck that constrains the performance of non-attentional

architectures.

While the preceding analysis evaluates the final MT output, it does not reveal the internal
decision-making process of the NMT model. To gain deeper insight into how the system maps
source words to target words, this section visualizes the model’s attention scores for the quality
outputs using heatmaps (also known as confusion matrix). The attention mechanism is the
architectural component that enables the decoder to dynamically focus on specific parts of the
ORN sentence as it generates each word of the ENG output. By calculating "attention scores," the
model assigns weights to each source token, concentrating its focus on the most relevant words for

the current translation step.

The following heatmaps provide a graphical representation of these attention scores for
sentences of varying N-gram lengths. In these visualizations, the X-axis represents the generated
ENG and the Y-axis represents ORN. The intensity of the color at the intersection of a source and
target word indicates the strength of the attention score: a brighter cell signifies that the model paid
high attention to that specific ORN word when generating the corresponding ENG word. A well-
performing model is expected to produce a roughly diagonal alignment for sentences with similar
word order, while correctly re-aligning its focus for syntactically divergent structures. These

visualizations are therefore an invaluable diagnostic tool for understanding MT successes and
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pinpointing the source of failures, such as misalignments, omissions, or difficulties with

understanding complex and idiomatic phrases.

The analysis begins with 2-gram sentences, which represent the simplest form of
translation and provide the clearest view of the model's fundamental alignment capabilities. In the
first example, "olis ol 5" (wah nichan) translated as "yes right,"” the attention heatmap demonstrates
a near-perfect one-to-one, monotonic alignment. The target word "yes" focuses with an
exceptionally high score (1.0) on the source word "s5", and "right™ attends with a similarly strong
score (0.88) to "¢lix". This clean, diagonal pattern indicates that the model has successfully

learned the direct lexical correspondences for these high-frequency terms.

Figure 22
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The second example, however, "< uhal" (akhtini bark) translated as "just leave me," is
more revealing. Here, the alignment is non-monotonic (non-diagonal), perfectly capturing the
syntactic reordering required between Oranian and English. The target word "just" correctly
attends with a high score (0.81) to the source word "< »", while "leave me" attends strongly (0.84)

to " uhal". This demonstrates that even at a basic level, the attention mechanism has learned not
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merely to map words but to reorder them to produce a grammatically correct target sentence, a

foundational capability for translating between languages with different word orders.

Moving to 3-gram examples, the model demonstrates its ability to handle more complex
morphological and phrasal units. In the translation of "_» 4~J, &))" (rani rayha barra) to "l am
going out," the model unpacks the morphologically dense Oranian words. The English phrase "I
am™ correctly directs its attention to the single Oranian word " 4\,", which fuses the subject
pronoun and the present participle marker. Similarly, "going" attends to "4~ )" and "out" attends
to "1_2". This showcases a sophisticated learned behavior where the model understands that a single

source token can correspond to a multi-word phrase in the target language.

Figure 23

Attention Score of Exemplary 3-gram Sentences
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lam going out pour don’t worry

The second example, "(éas L S" (kob ma tkhafsh) translated as “pour don't worry,"
provides insight into the model’s handling of negation. The target phrase "don't worry" receives
attention from the two-part Oranian negative construction "3 ", The model has correctly
learned that the prefix "W" and the main verb jointly create the negative imperative, focusing on

both to generate the correct English equivalent. These examples highlight the model’s ability to
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move beyond simple word-for-word translation to recognize and translate more complex linguistic

phenomena like fused morphemes and phrasal negation.

The 4-gram sentences further test the model’s ability to align noun phrases and handle
specific lexical items. The sentence "s_&lall sy U e, (gare' ta yjou chachra), translated as "wait
till the guys come," exhibits a largely diagonal and highly accurate alignment. Key alignments
include "g J&" to "wait," 5" to "till," and "s>:" to "come." Notably, the English noun phrase "the
guys" correctly aligns with the single Oranian noun "3l demonstrating that the model can
successfully map compound concepts and handle definite articles embedded within a single source

token.

Figure 24

Attention Score of Exemplary 4-gram Sentences
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wait till the guys come we ate karantika at  Shergui’s

A second 4-gram example, " B4l xie ol IS WiS” (klina karan 'and e-chergui), translated to
"we ate karantika at Shergui's,” shows robust handling of both complex morphology and NEs. The
phrase "we ate" correctly attends to the single verb "Wwis" which encodes both the action and the
first-person plural subject. Furthermore, the model correctly translates the culturally specific

word "ol (karan, short for karantika) and aligns the proper name "2 " with "Shergui's,”
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indicating that these items were sufficiently represented in the training data for the model to learn

their direct mappings.

At the 5-gram level, the attention mechanism is tested on more complex syntactic
structures, such as possessive constructions that differ significantly between ORN and ENG. In
the translation of " sba gl skl s x88 £l (baghi nechri loto ta' sahbi) to "I want to buy my
friend's car,” the model exhibits a sophisticated, non-linear alignment. It correctly
unpacks "£L" into "I want™" and aligns " _<3" with "to buy." The most interesting phenomenon
occurs in the alignment of the possessive phrase. The English construction "my friend's car” is
mapped from the Oranian post-positional possessive " sba ¢ shd" (car of my-friend). The
target word "car" attends strongly to " sk 5. The phrase "my friend's" shows a softer, distributed
attention across both "¢&" (of) and " sb=" (my friend), indicating the model understands that this
entire sub-phrase corresponds to the English possessive. This demonstrates a deep learning of
syntactic divergence, where the model's focus must shift and combine information from multiple

source tokens to generate a grammatically distinct but semantically equivalent target structure.

In addition, the attention heatmap for the sentence "aatul &l (30 3 S sia a1 ," (rahi mfoukra
men dak lebnadem), translated as "she is angry with that person,” provides compelling evidence
of the model's ability to handle both morphological unpacking and prepositional context. The most
significant alignment occurs at the beginning of the sentence, where the English phrase "she is"
correctly directs its full attention to the single ORN source word "»!.". This demonstrates a
sophisticated learned behavior, showing the model understands that this single token functions as

a fused unit containing both the third-person feminine subject and a present-tense copula. The
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remainder of the sentence exhibits a strong diagonal alignment, with "angry" correctly attending

to "3 S sie", "that" to "<l", and “person” to "all",

Figure 25

Attention Score of Exemplary 5-gram Sentences
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Critically, the model also correctly maps the preposition"&<" to "with."

While "¢<" literally means "from,"” in this specific context it signifies causality (“angry
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from/because of"), and the model's choice of "with" is the most semantically and pragmatically
appropriate ENG equivalent. This example thus confirms the model’s capacity to deconstruct

complex morphology and to make contextually intelligent lexical choices for functional words.

The 6-gram sentence "J:Sall 1S ddle ) Lanls &l W" (nta rak hasebha za'aga barka me-
shkil), translated as "you think it's mockery stop driveling," offers a particularly insightful look
into the model's ability to navigate complex morphology and phrasal constructions. The attention
heatmap reveals a sophisticated, non-linear alignment strategy. The model begins with a
straightforward alignment, focusing strongly on "&" to produce "you." However, for the verb
"think," the attention is distributed across both "<, (a fused particle meaning "you are")
and """ ("considering it"). This indicates that the model has correctly learned to interpret " <l
Lela™ not as two separate words but as a single phrasal unit expressing the state of "thinking" or
"considering." The most compelling evidence of morphological awareness is in the generation of
"it's," where the model's attention converges sharply on "ewls", It has successfully isolated the
meaning of the fused object pronoun suffix "-&" (-ha), which means "it," and used that focused

information to produce the correct ENG equivalent.

The second half of the sentence, "stop driveling,” is an imperative phrase derived
from "dSill \S 3", Here again, the model demonstrates its alignment prowess. It generates "stop"
by placing a very high attention score directly and correctly on the source word "S_." ("enough”
or "stop"). Similarly, the target word "driveling" is accurately mapped to the source word "J:Sall",
a colloquial term for fussing or complaining. This alignment is particularly noteworthy as the
model effectively recognizes the core semantic concept, correctly handling the fact that the source

word is a contraction of "Jdssall " ("from the driveling").
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Figure 26

Attention Score of an Exemplary 6-gram Sentence
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The final example provides the most definitive demonstration of the attention mechanism’s
power in handling long-distance dependencies and, crucially, discontinuous linguistic phenomena.
The 10-gram sentence "zl swall sl (s L (alia¥) g8 s culie U (3LIA" (khatsh ana 'echt m'a ga' el-
ajnas ma shetsh had swalah) is translated as "because | lived with all races I did not see these
stuff”. For the first half of the sentence, the model exhibits a near-perfect diagonal alignment,
correctly mapping each source word to its ENG equivalent. The critical test, however, is its
handling of the negation, which is a split morpheme: " i W™, The visualization clearly shows that
when generating "I did not see," the model directs its attention to both the prefix "w" and the root

verb " s
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Figure 27

Attention Score of an Exemplary 10-gram Sentence
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because |lived with all races |ldidn’'t see these stuff

Taken as a whole, the demonstrated examples provide clear evidence of the attention
mechanism’s power: it is not merely performing word-for-word replacement but is actively
deconstructing morphologically dense words and identifying phrasal units to capture the true intent
of the source sentence, even when a direct linear translation is not possible. Thus, the attention
mechanism has learned the syntactic rule for discontinuous constructions, allowing it to "jump"
over intervening words to associate related parts of any ORN phrase. This ability to capture long-

range and non-contiguous dependencies is the fundamental advantage of the attention-based
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architecture and is the primary reason for its ability to produce coherent and accurate translations

of complex, lengthy sentences.

1.2.2. Error Analysis

This approach involves a manual inspection of translation outputs, allowing for a detailed
examination of how the model navigates the linguistic complexities of ORN. To facilitate this
analysis, twelve representative examples have been selected from the test set (see Table 21). For
each example, a sentence is presented alongside its corresponding human-generated (RT) and the
translation produced by the NMT system (HT). The comments below accompany each example
aim to dissect the system's output, identifying areas of success as well as pinpointing specific
translation errors. These examples were chosen to offer a balanced view of the system’s

capabilities and its current limitations.

Table 21

Selected Test-Set ORN Sentences with Reference and Hypothesis Translations

# ORN ENG
RT HT
1 0993 (£L he wants us to help him marry he wants us to marry him
2l e Qi ka3 Lo don't forget to feed your don't forget to drink your brother
brother milk milk
3 b £L 08 J (ke there is no one who wants to there is no one who wanted to
’ ) take (marry) you take you
4 gkl Lgde 18,5 | respond to her on the phone | take the phone
5 Y9 9 dul S 9 and he who did not finish, and who did not finish his case
leaves and his province
6 Laall e (o920 B8 S| you are all invited to dinner you are all invited to dinner
7 zor pwal YLy no, mom! She does not go No then she is not going
8 Laidd L dadul ebd (gl Lf when | saw them that minute, as | saw them | could not that
| could not help it minute

9 d Azl Byagll sl L what is this inappropriate talk what kind of crooked talk you
¢ Jlgda) you sent me ? sent me ?
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10 o2y We LB o)y (b he is surely looking for me he must be rolling over on the
ground
11 oelgd b Jleds guue It has been a long time | did I have not seen her for a while
not see her
12 9 Olgw b u"‘ ‘aau,Jl 213 that person is just for night that person is just of night outs
ool g outs and traveling and trips

In the first example, the flaw is related to handling causative verbs. This example reveals
a subtle but significant error in capturing the causative voice. The verb "s s> 5" (nzawjouh) means
"we get him married" or "we help him marry.” The NMT system correctly identified the desire
("he wants™) and the subjects ("us,” "him") but failed to distinguish between "marrying someone"
and "helping someone get married.” It opted for the more direct, and incorrect, translation,

demonstrating a difficulty with verbs that imply causing an action to happen.

In the second example, the system fails due to lexical ambiguity. The verb "< (tcharbi)
without diacritics can mean "to drink™ or, in a causative sense, "to give someone a drink." The
objects combination of "«ulsll &l sa™ (your brother milk) strongly implies the latter, which is best
translated as "feed.” The model defaulted to the more common, non-causative meaning ("to
drink™), resulting in a nonsensical translation. This indicates a weakness in using broader sentence

context to resolve word-level ambiguity.

Moreover, the system demonstrates two issues in the third example. First, there is a tense
mismatch; it translated "¢L" (wants/is wanting) as "wanted,"” shifting the tense incorrectly to the
past. Second, while it correctly translated the verb "<bx" literally as "to take you," it missed the
specific idiomatic meaning in this marital context, which is "to marry you." The reference

translation helpfully includes this nuance in parentheses.

In the fourth example, the system's translation is overly literal and loses the entire

communicative intent of the sentence. The verb in this sentence is mostly associated with the
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meaning of taking in ORN; however, the sentence "o&l le 2 3" (nerfed ‘aliha al-tilifoun)
literally means "I pick up the phone on her,” which idiomatically translates to "I answer her call"
or "l respond to her." By ignoring the prepositional phrase "l=" (on her), the system discards the

key context and produces a generic, uninformative statement.

Any NMT model is prone to hallucinate a plausible but entirely incorrect meaning when it
comes to idiomatic or implicational wording. A critical failure of the NMT system occurs in the
fifth example. The system has completely misinterpreted the source text. The clustered words
"ais" and "4LY 5" in this context refer to "his bag or luggage” and “his city" implying “he leaves”.
The system, however, translated them as "his case" and "his province," respectively. This suggests
that the separate processing of such clear terms can cause an ambiguous output when combined,
proving the difficulty of handling idiomatic meanings. Similarly, the tenth example shows a
catastrophic failure, caused by a highly idiomatic expression. The sentence "= We I@" (galeb
‘aliya l'ard) literally means "he has turned the ground over on me," which figuratively means he is
searching for me everywhere with great effort. The model failed to recognize the idiom and
attempted a literal, nonsensical translation of the words "turning™ and "ground,” resulting in a

completely unrelated output.

In the seventh example, the translation is semantically correct but misses the diacritics and
tone. The Oranian phrase "¥Y L ¥" is an emphatic "no," which the system partially captures with
"No then." However, it fails to capture the likely vocative context ("mom!"), which a human
translator infers from the tone. The translation is functional but stylistically flat compared to the
reference. Besides, only a phonetic-based distinction can disambiguate the difference between "l

(not) and "W" (mom) in ORN.
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In addition, the system correctly translated the individual components of the eighth
sentence but failed to assemble them into a grammatically coherent English sentence. The output
"l could not that minute™ is syntactically flawed. This indicates that while the model’s attention
mechanism may correctly align words, its decoding process can still struggle to generate a well-
formed final structure. This confirms that the nuances in negation in ORN critically lead to

semantic complexity.

Among the selected instances, the sixth, ninth, eleventh and twelfth examples demonstrate
quality MT outputs. The sixth phrase is common, grammatically straightforward, yet it lacks
significant idiomatic complexity. The system successfully mapped the plural "you all" ("g& &S )",
the passive participle "invited" ("cw=s2<"), and the context "for dinner" ("W=l"), demonstrating
its effectiveness on clear, high-frequency expressions. Also, the system output of the ninth
sentence is arguably a better paraphrase than the literal reference. "4s 211 3 3" (inappropriate talk)
is aptly translated as "crooked talk.” The system's choice of "what kind of" instead of "what is this"
is a fluent and natural-sounding alternative. This example showcases the model's ability to generate

excellent translations that capture the full semantic weight of the source text.

Furthermore, the meaning of the eleventh sentence was successfully captured, expressing
the passage of time since last seeing someone. The output, "I have not seen her for a while,"” is a
very natural and fluent English equivalent, demonstrating strong performance on common
temporal expressions. In the last example, the system made excellent lexical choices, translating
"&l e as "night outs” and "o+l =3 as "trips.” The only minor flaw is the use of the preposition
"of" instead of "for,"” making the final output slightly less fluent than the human reference. This

represents a near-success with a minor grammatical slip.
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1.2.3. Diagnosis of Intrinsic Complexities

While the preceding sections identified specific instances of MT failure, and the attention
visualizations revealed the internal dynamics of word alignment, a deeper diagnostic inquiry is
necessary to understand the underlying sources of these errors. The challenges in translating ORN
are not merely random artifacts of an imperfect model; rather, they are systemic issues rooted in
the intrinsic linguistic and cultural properties of a low-resource, morphologically complex
language. This section moves from cataloging errors to explaining their origins, deconstructing the
most critical pitfalls that characterize the ORN-ENG NMT task. The examination of these
complexities in detail delineates the pathways for future improvement. The following analysis will
focus on four key areas of difficulty: the lexical chasm of OOVs, NEs, the hazards of semantic and
lexical ambiguity, and the profound challenge of translating idiomatic and culturally-specific

meanings.

1.2.3.1. Lexical Chasm of OOVs and NEs

The most immediate and pervasive challenge in any low-resource NMT setting is the
problem of the unknown word. An NMT model, fundamentally a pattern-matching system, is
constrained by the vocabulary of its training data. For the 8.5K-sentence OEPC, the lexical window
is inherently narrow. This limitation manifests in two critical ways. First is the general OOV
problem, which is significantly exacerbated in ORN by the lack of a standardized orthography.
The same word can appear in various forms, potentially being treated as distinct, rare tokens by
the tokenizer, thus increasing the likelihood of one being an OOV at inference time. Furthermore,
the dialect’s rich use of borrowings from French, Spanish, and Berber introduces a vast set of

lexemes that are unlikely to be covered comprehensively.
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The analysis of the model's handling of OOVs reveals a multi-layered set of challenges
that extend beyond simple lexical absence. The failures can be deconstructed into distinct
categories that reflect issues of orthographic variation, register mismatch, and fundamental data
sparsity. The diagnostic analysis focuses on major instances of sense OOV (due to spelling or
ambiguity) and complete OOV (unseen in the training or frequently used in MSA). Although the
unstandardized, polysemous nature of ORN may bring uncountable OOV examples, Table 22
deconstructs the main representative OOV failures, with a subsequent interpretation elaborating

on the patterns revealed therein.

Table 22

Illustrations of OOVs

OO0Vs RT HT Type / Explanation
Ugmeingd they beat us saw us from afar Sense OOV/ Orthography
i take care of (omitted) Sense OOV/ Orthography
dguads populism people Complete OOV/ Not colloquial
dis stubborn (omitted) Complete OOV/ Not colloquial
ool brass (jinx) Complete OOV/ Unseen
PES I close to black (omitted) Complete OOV/ Unseen

A primary challenge, unique to unstandardized spoken dialects, is the Sense OOV caused
by orthography. The word "L~ " exemplifies this perfectly. The informal, phonetic spelling
used in the test set was not in the model's vocabulary. In response, the model appears to have
defaulted to the orthographically closest known word, producing the translation "saw us from
afar.” This is not a random hallucination but a systematic failure: the model substitutes an unknown
token with a known lookalike, actively introducing a severe semantic error. The case of "xsiu" js

a phonetic script of the formal spelling "ké~iu)" resulted in a more straightforward omission.
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Together, these examples show that orthographic variance is a dual threat: it can either render a
word completely invisible to the model (omission) or cause it to be misinterpreted as another word

(substitution).

A second critical category of failure is the complete OOV due to a non-colloquial register.
This highlights the specific linguistic domain of the training corpus. The model's failure to translate
formal terms like "xie" and "4 223" is not merely a sign of a small vocabulary, but a reflection of
the fact that OEPC is overwhelmingly composed of spoken, informal language. In daily ORN
conversation, the concept of "stubborn™ is idiomatically-expressed as "cxéa 4. )" rather than with
the aforementioned formal MSA word. The model, therefore, learned the common colloquial form
and was never exposed to its formal synonym. Moreover, the translation output "people™ is a
classic example of a subword tokenization artifact; the model did not recognize the full word, but
its tokenizer likely identified the familiar root "<—=3" ("people™) and translated that fragment,

failing to comprehend the abstract suffix.

Finally, the fully-unseen category represents the most foundational challenge of data
sparsity. Words like "JaSiwe" and "osls3" were simply absent from the corpus. While the omission
of the former is a straightforward case of an unseen adjective, the translation of the latter is another
fascinating substitution error. The source word for "jinx" or "bad luck™ in Arabic dialects is often
"uaa" (nahs), which is almost orthographically-identical to "o«s". The model appears to have
defaulted to the most similar-looking token in its memory, again producing a confident but
semantically incorrect translation. The analysis of OOVs may paint a detailed picture of the
model's boundaries, where failures are caused not just by lexical gaps but by a complex interplay

of scripting chaos, register mismatch, and the model's tendency to fall back on superficial
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orthographic similarities when its knowledge base is exhausted. The vulnerability to data sparsity,
which underlies the OOV errors, manifests in a particularly acute form in the translation of NEs,

which constitute a significant portion of the vocabulary's "long tail.”

NEs constitute a significant and well-documented challenge for NMT systems, acting as a
direct probe of a model's lexical knowledge and its ability to handle OOV phenomena. Table 23
presents a diagnostic summary of the trained model's performance on a representative sample of
NEs found in ORN, classified with specific error types. The analysis of these results reveals a clear
and predictable pattern: the model's success is almost exclusively determined by an entity's high
frequency or global ubiquity within the training data, while its failures provide a precise taxonomy

of the pitfalls inherent to low-resource translation.

Table 23

Illustrations of NEs Errors

NEs Recognized Not Recognized Error Type
Person 4z Bakhta z\=39 Bounedjah Unseen Entity
&)'3¢)! Houari b Rami Ambiguity
Place O Tlelat sbadl cne Ain Beida Ambiguity
sl @sle Miramar Park 2Y (& Petit Lac Orthography
Organization s YouTube Ll FIFA Ambiguit)_/
g O iPhone JluwsS  Cosider Unseen Entity
J9aLL Panadol Ol Aspirin Ambiguity
Products 5051 OMO ovsid Venus Unseen Entity
: §5S Coca 390> Hamoud Frequency bias
Drink / Food A Pizza Sob Paella Indecision
M c &ls,8 Franc 4> Pound Unseen Entity
oney/Currency 5,95 DOro Ju, Ryal Unseen Entity

The "Recognized"” column showcases the model's capabilities under ideal data conditions.
Its success with entities like Bakhta, Houari, Tlelat, and Miramar Park is attributable to their high

frequency as common local names and places, which provided a strong and repeated learning
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signal within the OEPC. More revealing is the model's consistent success with globally recognized
entities. Brands like YouTube, iPhone, Panadol, Omo, and Coca-Cola have become part of a
global lexicon. Their presence in the training data, even if minimal, is sufficient for the model to
learn a stable mapping, proving that it is fully capable of translating NEs when the data provides

a clear signal.

The "Not Recognized" column, interpreted through the assigned error types, deconstructs
the specific reasons for failure with greater clarity. First, the most direct failure is the absence of
entities in data training, a quintessential symptom of data sparsity. Entities like the
footballer Bounedjah, the local company Cosider, the product Venus, and the
currencies Pound and Ryal were simply absent or too rare in the 8.5K sentence corpus. Lacking
any prior exposure, the model has no representational basis upon which to perform a translation.
Moreover, the second error type -ambiguity- manifests in several forms. For the personal
name Rami, the model likely confused it with a more common, local drink name and failed to
disambiguate it as a proper person name. For place names like Ain Beida, the failure is a classic
case of compositional ambiguity; the model translated the component parts (“eye™ and "white™)
literally instead of recognizing the string as a single, indivisible entity. Similarly, for global entities

like FIFA and Aspirin, the model failed to resolve the transliteration ambiguity.

Third, orthography and indecision are related errors stem from the dialect's frequent code-
switching, unconventional spelling, and/or loanwords. The French place name Petit
Lac introduces an orthographic challenge (&Y v / &Y &/ &8 / I3), as its non-Arabic script
representation within ORN sentences creates confusion. The model's failure indicates an inability

to establish a consistent rule for handling such loanwords as illustrated by the indecision over the
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Spanish food name Paella. Faced with a new form (3.L), the model is uncertain whether to
transliterate it (paila / payla / pila / peyla, etc.), translate a potential meaning, or pass it through,

resulting in an incorrect or omitted output.

Finally, the bias error highlights how a corpus may not reflect real-world local prevalence.
While Coca-Cola (global) was recognized, Hamoud (a very popular local Algerian brand) was
not. Rather, Hamoud Boualem is the full known name for the drink brand. This suggests that within
the broad domains of the OEPC, the brand appeared, biasing the model's learning process away
from the local entity. NEs, in synthesis, are part of the "long tail" of ORN lexical distribution and
are frequently absent from the training corpus. Thus, the model's performance on NEs serves as a
microcosm of the broader challenges of this NMT task. It confirms that successes are contingent
on data exposure, while failures are not random but are systematic consequences of data sparsity,

linguistic ambiguity, and the complex, multilingual reality of ORN.

1.2.3.2. Lexical and Structural Ambiguity

Beyond the straightforward challenge of unknown words, the model's most sophisticated
failures occur in the domain of lexical and semantic ambiguity. These errors are particularly
insightful because they demonstrate the limits of a purely statistical, frequency-based
understanding of language. The model may recognize a word or phrase, but it lacks the contextual
reasoning or world knowledge to correctly disambiguate its meaning. Table 24 demonstrates the

major types of ambiguities found in the SL that caused inaccuracies in the model’s outputs.

Despite the contribution of the attention mechanism, some consistent patterns of high-

frequency default are revealed. That is, the model systematically selects the most common, literal,
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or compositional meaning of an ORN word or phrase, ignoring less frequent but contextually
correct interpretations. This is evident in multiple forms of polysemy. For "We a3 and "o,
the model translates the most common senses of "fine" and "called,” failing to recognize their
secondary, more nuanced meanings of "wealthy" and the discourse marker "so." Similarly, with
"as 5" translated literally as "one," missing its functional role as an approximator (“around” or
"quite™). This bias is a direct artifact of the training data, where the literal senses of these words

were likely far more frequent, leading the model to learn a strong but shallow correlation.

This literalist tendency extends to the misinterpretation of non-compositional and
figurative language. For the expressions "¢l 5 e s ,%" and "<sa gl sleall" the model performs
a word-for-word compositional translation, resulting in the nonsensical outputs "talk about
yourself" and "the dumb of your brother." It is fundamentally unable to recognize that the meaning
of these phrases is holistic and non-literal. The fact that "dumb" was accurate reflects the attention
interference, yet the possessive structure in ORN was not processed as descriptive, showing the
lack of ability to process figurative meaning, a key feature that distinguishes human language

comprehension from statistical pattern matching.

Finally, the system is vulnerable to both homonymy and syntactic ambiguity. For instance,
the model incorrectly interprets "als2ll" as "years" instead of “the swimmer". This reflects the
phonetic and diactric significance in making meanings in ORN. Contextual disambiguation is,
thus, realized by opting for the contextually plausible word even if it is less frequent. The
translation of "l Lk jala" is a more subtle failure of syntactic mapping. The model correctly
identifies the passive voice but fails to generate the crucial agentive preposition "by," slightly

altering the meaning and demonstrating its fragility in replicating complex grammatical structures
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perfectly. Collectively, these examples demonstrate that the model’s primary weakness lies in its
inability to move beyond statistical frequency and compositional logic, leaving it brittle when

faced with the polysemy, idiomaticity, and syntactic complexity of a rich human dialect.

Table 24

Types and Illustrations of Ambiguities

ORN RT HT Type
Lle s | am wealthy I am fine Polysemy /DI;}|fi§llj1l—tFrequency
e s0/this means called (Prang;:ilg f/ir.nl)_/exical)
ploall £ U the stehaes:\\ll\jiilr::)%/]v:ronly the sea eats only years Contextua::giza:?biguation
sty lgdas yrla Hadjek: yg:c;)ct) rFr)]rec:)pnoesed to Hadjer S:qoontq Egggosed to (Pss)g?\t/aec{i/% @?&g:;%g)
gy de Guo talk as much as you can talk about yourself (NoLqu(:)(r)nn?Sgsﬁirgr?;?llfﬁr/ase)
BB &all Uy quite ten minutes one ten minutes (Nu%gf;:(zlgélﬁ)rgggﬁr:ior)
Hgz- g6 Lozl your dumb brother the dumb of your brother '\/(Iggﬁ?;trii\fsll_';%ﬂ?;ei;y

When confronted with a lexical item whose function is not lexical but pragmatic, its
translation is determined almost entirely by discourse context. The Oranian discursive,
multifunctional particle ‘yadra’ serves as an archetypal example of this phenomenon and therefore
warrants a dedicated micro-analysis." 4" (yadra) is indeed ORN’s equivalent of "¢ _5L" (ya tura)
in MSA, and it carries very similar nuances. The core meanings still revolve around wonder,
speculation, curiosity, or a rhetorical question. As it is a highly contextual expression, the best
translation will always depend on the specific sentence and the speaker's tone and intention. The
common potential translations of "1 _2L" (yadra) in ORN are listed below with inconsistent HTs:
When expressing wonder or curiosity:

e | wonder if... (The most common and versatile)
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o RT:"fasdl o2 1,30" (yadra yji I'youm?) -> "I wonder if he'll come today?"

o HT: will he come today?

e Do you think...? (When seeking an opinion or guess from someone)
o RT:"? zau1,34" (yadra ynejah?) -> "Do you think he'll pass?”
o HT: does he succeed?

e What if...? (When contemplating a hypothetical scenario)
o RT:"filha b oS ) pmay Wi 104" (yadra sha ysra koun ma jinash?) -> "What if we hadn't

come?"
o HT: so what happens if we did not come?
When expressing doubt or uncertainty:

e | wonder... (Often used with a slight pause or a thoughtful tone)
o RT: "¢l sl =~a ) 2" (yadra sah hadra?) -> "1 wonder if this talk is true"
o HT: how true is this talk?

e Maybe... / Perhaps... (When speculating about a possibility without certainty)
o RT: "= oS 14" (yadra kan mrid) -> "Maybe he was sick"
o HT: you think he was sick

When posing a rhetorical question or expressing mild exasperation/helplessness:

e | wonder... (Still fits, conveying a sense of "I have no idea" or "It's anyone's guess")
o RT: "zl a1, s 134" (yadra win raho rayeh?) -> "1 wonder where he's going?"
o HT: so where is he going?

e What on earth...? / What in the world...? (More emphatic for rhetorical questions, often

with a hint of surprise or frustration)

o RT: "fagdla S 130" (yadra ki sralhom?) -> "What on earth happened to them?"
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o HT: so what happened to them?

The model’s grasp of lexical meaning is further tested by words whose primary function is
not to denote a concept but to convey an emotional or pragmatic state. A paradigmatic case of this
is the Oranian word "4 5" (hbouba). Etymologically, this term can be traced to skin ailments like
pimples or boils, a meaning connected to the common Algerian Arabic dysphemism ‘(= '
(‘sickness’) for something frustrating. However, in contemporary Oranian speech, its literal
meaning is almost entirely bleached; instead, "4 s:~' functions as a dysphemistic placeholder, used
to replace a noun or a set of events when the speaker is in a state of anger or frustration. Much like
the English word "shit" can be used to refer to any object of contempt (e.g., "get this shit off my
desk™), an Oranian speaker might refer to a misplaced, broken, or annoying object as ‘hbouba'. Its
translation is therefore entirely context-dependent and emotive, a nuance impossible for the

model to capture from text alone.

This challenge is magnified by its deep cultural and cross-dialectal parallels. The use of a
seemingly random noun as a placeholder for an object of frustration is a common feature in other
Arabic dialects, such as L' (indigo dye) in EGY or ‘&' (watermelon) in LEV. For a model to
correctly translate 'hbouba’, it would need to understand not just a word but a pragmatic category
of expression. The complexity is further compounded by the use of intensifiers. Adding the
adjective ">aS' (black) to form ">aS 4,5a" does not describe a "black pimple” but escalates the
emotional intensity, invoking a sense of pessimism, trouble or impending catastrophe. This non-
compositional, culturally-grounded intensification is entirely opaque to the NMT system. The
latter failed due to the complexity of processing pragmatic meanings used to express human

emotions. This challenge is not an isolated phenomenon; it extends systematically from the
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individual word to the phrasal level, leading into the even more complex and formidable domain

of idiomatic and culturally-specific expressions.

1.2.3.3. Idiomaticity and Cultural Meanings

The most profound and categorical failures of the NMT system occur at the intersection of
language and culture. Idiomatic expressions, which are non-compositional by nature, represent a
cliff-edge for translation models. The meaning of an idiom cannot be derived from the sum of its
constituent words, and a system trained on literal mappings will almost invariably fail. The
catastrophic mistranslation of the phrase “c=_! Lle & (galeb 'aliya I'ard), literally, "he must be
rolling over on the ground" (see Table 21), into a nonsensical statement about “ground" and
"rolling" is a quintessential example. The true meaning, "he is searching for me everywhere," is a
holistic semantic unit that has no connection to its literal components, a concept the model is

architecturally and data-wise ill-equipped to grasp.

This failure mode is not an isolated occurrence but a systemic weakness, evident across a
wide spectrum of idiomatic constructions that range from the metaphorical to the grammaticalized.
Consider the phrase "s¢le 7", whose literal rendering, "fell on them," is comprehensible but
entirely misses the idiomatic meaning of "he surprised them" or "he caught them red-handed.” The
model, lacking the 'world knowledge' that this common phrasal verb has a non-literal sense,
defaults to the physical action, thereby losing the entire communicative intent. The challenge

intensifies with metaphorical idioms grounded in imagery.

The expression “leudl s al , 01” literally translates to "the rain is a thread from the sky."

A human listener immediately interprets this poetic image as "it is raining heavily" or "it’s
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pouring.” The NMT system, however, is incapable of this imaginative leap; it reproduces the literal
components, creating a translation that is quaintly poetic but functionally useless as a weather
report. Even seemingly simple phrases can be deeply idiomatic. Moreover, “<l » Jilaxie L7
literally means "it does not have much."” Its actual meaning, however, is temporal: "it’s recent" or
"not long ago." This is a highly abstract idiom where the semantic meaning has become fully
divorced from the constituent words, and the model's inevitable literal translation ("it does not

have a lot") completely misses the intended temporal context.

This inability to process non-literal meaning is part of a larger failure to process any
information that requires extra-linguistic cultural context. Indeed, references to specific local
foods, social customs, or historical events have no direct one-to-one equivalents. Translating such
terms requires not just linguistic conversion but cultural explanation, a task far beyond the
capability of our sentence-level NMT model. These failures are not merely inaccuracies; they
represent a fundamental breakdown in the transmission of communicative intent and highlight the
vast gulf that remains between statistical text generation and true human-level language
understanding. They underscore that without a massive repository of contextually rich, culturally-
grounded data, any NMT system will remain, in a sense, a permanent outsider to the language it

attempts to translate.

The inventory of such idiomatic expressions in ORN is effectively uncountable, and many
share a conceptual basis with idioms found in MSA and other dialects. However, the primary
barrier for the NMT system arises when these concepts are realized using lexical items unique to
ORN. When an idiom is built from words that are themselves culturally specific, the layers of non-

literal meaning become deeply intertwined with local context. This renders the phrase entirely
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opaque to a model that lacks this specific dialectal and cultural grounding, representing the

ultimate challenge for MT of a living, evolving language.

2. Discussion

The primary objective of this research was to establish a foundational baseline for NMT
from the Oranian dialect of Algerian Arabic to English. The culmination of this effort was through
a Seq2Seq model incorporating LSTM and attention mechanisms, trained on the bespoke 8.5K-
sentence parallel dataset and achieved a BLEU score of 30.9. This result is not merely a
quantitative benchmark but a rich data point that encapsulates the opportunities and limitations
inherent in translating a low-resource, morphologically complex, and orthographically
unstandardized dialect. To fully interpret this outcome, it is essential to situate it within the broader
landscape of contemporary NMT research, particularly concerning other Arabic dialects and

LRLs.

This discussion will systematically deconstruct the performance of the ORN-ENG NMT
system. It will begin by comparing the findings to the most contextually relevant studies on
Algerian and Maghrebi dialects to assess regional viability. Following this, the analysis will pivot
to an architectural and parametric comparison with a study on EGY-MSA, which employed a
similar model. The discourse will then broaden to evaluate the strategic implications of our direct-
corpus approach against state-of-the-art methodologies like pivot translation used in TUN-ENG
MT. Finally, the specific challenges encountered in this research will be contextualized within the
universal problems faced in LRL translation, drawing parallels with work on languages such as

Bengali, Indonesian, and Urdu. Through this comparative lens, the score of the present study’s



CHAPTER 4: RESULTS AND DISCUSSION 167

experiment will emerge, highlighting both the significant contribution of this study and the clearly

demarcated pathways for future research.

The present section focuses on the parametric and contextual features of relevant
experimental studies. To frame the subsequent discussion, Table 25 synthesizes the key metrics
and characteristics of the NMT systems from the most pertinent research, juxtaposed with the

present study's achievements.

Table 25

Comparative Analysis of the Proposed Model’s Performance Across Relevant Studies

Work Language Dataset Model BLEU Score(s) Relevance
Pair Size Architecture Factor
This Study ORN-ENG OEPC: 85K Seg2Seq RNN 30.9 Primary Subject,
(2026) (LSTM) + LRL, Algerian.
Attention
Harrat (2018) MAG (ALG, PADIC: PBSMT 15.1 (ALG—MSA), Algerian Dialect,
based on ANB, TUN, ~40K words 25.99 (TUN—MSA) Foundational
Meftouh et al. MOR) & per dialect Multi-Dialect
(2015) LEV (SYR, (~2-3K Corpus
PAL) sentences)
Lichouri and ALG, TUN, PADIC v2.0 SMT & RBMT 57.56 (ALG—MSA Algerian, Multi-
Abbas (2021) MOR, SYR, (~6.4K - SMT), 69.56 Dialect Corpus
PAL, KAB. sentences) (ALG—MSA - Extension
RBMT)
Faheem et al. EGY-ENG 40K + 20M Seg2Seq RNN Semi-supervised: 25 Similar Model &
(2024) monolingual  (LSTM) + (RNN, LSTM, Architecture,
Attention [ Attention), 29.5 LRL.
Transformer (Transformer)
Kchaou et al. TUN-(MSA)- 188K Transformer 41.78 (Direct), 67.89 LRL, Arabic
(2025) ENG (Fairseq, (Pivot) Dialect-English

JoeyNMT)
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Abujar et al. ENG-Bengali 1.8K Seq2Seq RNN 223 LRL, Similar
(2021) (LSTM) + Model.

Attention
Puspitaningrum  Indonesian- ~2.5K Seg2Seq RNN 429 (RNN, lower LRL, Comparison
(2021) ENG (LSTM), than Convolutional of Architectures

Convolutional Seq2Seq)
Seq2Seq, MHA

Israr et al. Urdu-ENG 90K Bi-RNN, LSTM, 47.14 (LSTM) LRL, Similar
(2023) GRU, Architecture &
Transformer Hyperparameters

The most immediate and relevant points of comparison for this study are the foundational
works that have sought to build resources for Algerian and Maghrebi dialects, notably the PADIC
corpus and its subsequent extensions. The first PADIC version, followed with its extension
(Meftouh et al., 2015; 2018) introduced a multidialectal parallel corpus featuring two Algerian
dialects (ALG and ANB) alongside TUN, MOR, SYR, and PAL variants. The extension
documented by Lichouri and Abbas (2021) further enriched this corpus with the Berber dialect
(KAB). BLEU scores of studies on PADIC are more likely affected by the model and approach.
These initiatives represent monumental efforts in resource creation, providing a broad overview
of the Arabic dialectal landscape. However, their very breadth introduces a level of heterogeneity
that can inadvertently dilute a model's ability to learn the fine-grained specifics of a single,

localized dialect.

Herein lies the primary merit of this study’s approach. By constructing OEPC, linguistic
depth and consistency were prioritized over dialectal breadth. While PADIC includes sentences
from ALG and ANB, its lexical and phonological features differ from those of ORN. The latter,

with its distinct prosody and deeper substratal influences from Spanish and French, possesses a
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unique linguistic identity. A model trained on a pan-Algerian or pan-Maghrebi corpus must learn
to generalize across these variations, which can lead to a "mean-average" translation that fails to
capture the idiosyncratic flavor of any single dialect. The 30.9 BLEU score achieved in this study
is therefore highly significant; it demonstrates that a focused, albeit smaller, corpus can empower
an NMT model to achieve a commendable level of competency for a specific linguistic variety.
This finding strongly advocates for the "depth-over-breadth” strategy in the initial stages of
resource development for under-resourced dialects. It proves that creating a clean, consistent,
single-dialect corpus is a viable and effective pathway to building a robust baseline translation
system, sidestepping the "dialectal noise" that can confound models trained on more heterogeneous

datasets.

However, this focus is not without its demerits. The smaller scale of the OEPC (8.5K
sentences) inevitably restricts the lexical and syntactic diversity available to the model. The
PADIC v2.0 corpus, at ~6.4K sentences per dialect pair, is comparable in size but is part of a
larger, interconnected resource pool. The broader resource ecosystem allows for cross-dialectal
learning and transfer learning experiments, an avenue not immediately available to our isolated
OEPC. The qualitative analysis in our study revealed that while the model excels at translating
structurally common and simple sentences, it falters significantly with rare vocabulary and
complex syntactic constructions. This limitation is a direct consequence of the dataset's size and
underscores a critical trade-off: the focused approach yields higher fidelity for the core language
but sacrifices the lexical robustness that a larger, more diverse (even if noisier) dataset might
provide. The 30.9 BLEU score should thus be seen as a high floor for common ORN usage

patterns, but one that does not fully capture the model's brittleness at the lexical fringes.
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To assess the architectural efficacy of the present study’s model, the work of Faheem et al.
(2024) on EGY-MSA translation provides an almost ideal parametric parallel. Their study also
employed a Seq2Seq RNN with LSTM and attention, allowing for a direct comparison of
performance while controlling for architectural variables. Faheem et al. (2024) report a BLEU
score of 25 for RNN model trained on a 20M monolingual corpus (augmented) in a semi-
supervised framework (Scored 29.5 with Transformer settings). Crucially, this reveals that the
proposed model of the present study not only exceeds their RNN result but also outperforms their
best Transformer model (29.5 BLEU), an achievement made with a purely supervised
methodology on a parallel corpus less than a quarter of the size, which strongly suggests a high

degree of linguistic consistency and learnability within the curated OEPC.

Several critical insights emerge from this comparison. Firstly, their substantially larger
parallel dataset (40K vs. 8.5K) resulted in a lower BLEU score (22 vs. 30.9 in a supervised
framework). This counter-intuitive result could be attributed to several factors: differences in the
complexity of the test sets, the inherent linguistic distance between SLs and TLs, or the quality
and consistency of the corpus creation process. A key merit of this study, therefore, is the
demonstration of highly efficient learning with low-noise resource. This reinforces the value of
meticulous data collection and cleaning, a process that can be more impactful than data volume

alone, especially in low-resource settings.

Secondly, Faheem et al. (2024) powerfully illustrate the limitations of a purely supervised
approach, a category into which the present study falls. Their ability to boost performance from a
BLEU score of 22 to 25 by incorporating monolingual data highlights the single most significant

demerit of this study’s approach. Understanding ORN in the current study is confined entirely to
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the 8.5K sentences of the OEPC. It has no exposure to the vast expanse of monolingual ORN texts
from other sources. This severely curtails its ability to learn a robust language model for the source
side, leading directly to the observed failures in handling OOV words and idiomatic expressions.
The semi-supervised approach directly learns better word representations and contextual
understanding from unlabeled data. Therefore, while ORN-ENG model establishes an exceptional
supervised baseline, it is almost certainly a performance sub-ceiling. This comparison makes it
clear that the most promising and immediate path to improving the model is to adopt a semi-
supervised learning strategy, leveraging monolingual ORN data to enhance the encoder's language

understanding.

The recent work by Kchaou et al. (2025) on TUN-ENG translation offers a strategic and
state-of-the-art benchmark. Their study is significant for two reasons: its use of a Transformer
architecture and its novel approach to data acquisition via pivot translation. Architecturally, their
work aligns with the broader consensus in the NMT community that Transformers have largely
superseded RNN-based models. Their final BLEU score of 67.89 is a powerful testament to the
superior ability of the self-attention mechanism to capture long-range dependencies and complex

contextual relationships within a sentence.

The model of the present study, based on a sequential LSTM architecture, is inherently
more limited in this regard. While the attention mechanism allows it to focus on relevant parts of
the SL sentence, it lacks the parallel processing and global contextual view that defines the
Transformer. The merit of this choice is its relative computational efficiency and its proven
effectiveness in establishing a strong baseline. The 30.9 BLEU score is an efficient achievement

for an RNN. The demerit, however, is clear: the architectural ceiling of an RNN is significantly
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lower than that of a Transformer. This comparison solidifies the conclusion that transitioning to a
Transformer-based model is an essential next step to push beyond the current performance plateau;

however, the dataset size should be considerable.

A strategic comparison with the results of Kchaou et al. (2025) can be more profound as
they faced the same fundamental problem in LRL context: a scarcity of direct TUN-ENG parallel
data. Instead of undertaking the laborious task of manual corpus creation, they employed a highly
effective pivot strategy. By first translating a large, 188K-sentence TUN-MSA corpus into English
using a pre-trained MSA-ENG model, they were able to semi-automatically generate a massive
trilingual dataset. Their astonishing BLEU score of 67.89 was achieved by virtue of using this

pivoted data.

This presents a stark contrast to the methodology in the present research work. The primary
merit of creating the OEPC through direct, careful curation is quality. OEPC represents a “gold
standard" of direct ORN-ENG translations, free from the cascading errors and semantic drift that
can be introduced by an intermediate pivot language. The 30.9 BLEU score is a reflection of a
model trained on authentic, direct mappings. The demerit of our approach is its profound lack of
scalability. Creating the 8.5K sentence corpus was a time-intensive and resource-heavy process.
Scaling it to over 100K sentences would be an almost insurmountable task. The pivot methodology
by Kchaou et al. (2025), while potentially introducing noise and translationese, offers a pragmatic

and scalable solution to the data bottleneck problem.

The challenges and outcomes observed in this study are not isolated phenomena but are
emblematic of the wider field of low-resource NMT. Parallels can be drawn with research on

languages as diverse as Bengali, Indonesian, and Urdu, which reveals a set of common, recurring
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themes. The study by Abujar et al. (2021) on ENG-Bengali translation, for instance, used a very
similar architecture (Seq2Seq with attention) on an even smaller dataset of 1.8K sentences,
achieving a BLEU score of 22.3. This suggests a reasonable correlation between dataset size and
performance for this class of model. Moreover, they identified data scarcity as the principal
impediment to achieving higher accuracy, reaffirming that the core challenge in LRL translation

is often data engineering rather than model innovation alone.

Similarly, Puspitaningrum (2021), in a comparative study on Indonesian-ENG translation,
explored multiple architectures, including RNN, Convolutional Seq2Seq, and MHA. Their
findings showed Convolutional Seq2Seq outperforming other models on their dataset,
underscoring that there is no one-size-fits-all architecture; performance is often a function of the
interplay between the model's inductive bias and the specific linguistic characteristics of the
language pair. Our choice of an LSTM-based RNN was a well-justified starting point, but the
findings of Puspitaningrum (2021) confirm that architectural exploration is a critical part of

optimizing performance for any given LRL.

Finally, the extensive work by Israr et al. (2023) on Urdu-ENG NMT offers a powerful
point of comparison. Using a much larger 90K parallel corpus, their LSTM-based model achieved
a high BLEU score of 47.14. In a recent experiment, Israr et al. (2024), enhanced the BLEU score
on CNN and GRU models with over 2 points. This result clearly demonstrates the performance
that can be unlocked with a larger dataset, even without resorting to a Transformer architecture.
Crucially, they highlight issues of perplexity and failed word alignment, and they proposed an
attention-based dropout layer to refine the attention mechanism and improve generalization on

unseen data. The qualitative analysis of ORN-ENG model revealed similar issues with fuzzy
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alignments for complex phrases. The techniques proposed by Israr et al. (2023), such as specialized
regularization within the attention layer, could be directly applicable to the model if it was trained

on larger data for enhancement that is complementary to simply switching architectures.

In synthesis, the 30.9 BLEU score achieved in the ORN-ENG NMT experiment represents
a significant and successful first step in the field of Arabic LRL MT. The discussion reveals that
this performance is highly promising and competitive, especially considering the constraints of the
dataset and the chosen architecture. The construction of the OEPC stands as a primary
contribution, demonstrating that a meticulously curated, single-dialect corpus provides a high-
quality learning signal, enabling our model to outperform larger, supervised systems for other

Algerian or Arabic dialects.

3. Summary

In conclusion, this chapter has provided a multi-faceted analysis of the NMT system's
performance, painting a dual picture of significant accomplishment and profound, systemic
limitations. The investigation began with the quantitative results, establishing a promising BLEU
score of 30.9, while a subsequent visual analysis of the attention mechanism confirmed its critical
role in enabling the model to handle complex syntactic and morphological alignments. However,
the core of the chapter pivoted to a deep qualitative diagnosis of the model's failure points. This
chapter has thoroughly contextualized the quantitative success of the model within a qualitative
framework that clarifies its limitations, setting the stage for the conclusion, which will provide

implications and avenues for future research.
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This dissertation embarked upon a research journey motivated by a critical and
conspicuous lacuna in the field of computational linguistics: the complete absence of resources
and MT systems for ORN. Positioned at the intersection of LRL processing and Arabic
dialectology, this study was premised on the fundamental challenge that without a parallel corpus,
no empirical investigation into NMT for the ORN-ENG language pair could proceed. The
overarching ambition was therefore twofold: first, to address this "data-zero™ problem through a
constructive methodological paradigm by creating the first-ever OEPC; and second, to leverage
this novel resource within an empirical paradigm to design, train, and rigorously evaluate the first

NMT system for this dialect, thereby establishing a crucial first performance benchmark.

The present part of the study serves as a final synthesis of this entire endeavor. It moves
beyond the granular presentation of results to offer a holistic interpretation of their collective
meaning and significance. It begins by systematically recapitulating the principal findings of the
investigation, providing a direct response to the research question that guided the dissertation.
Subsequently, the conclusion elaborates on the broader implications of these findings, considering
their contributions to theoretical, methodological, and practical domains within NLP. Moreover, a
transparent and critical discussion of the study's inherent limitations is provided. Finally, these
limitations are reframed as opportunities, forming the basis for a comprehensive set of
recommendations for future research. This conclusion thus aims not only to summarize what has
been accomplished but also to delineate the scholarly contribution of this dissertation to the field
and to chart a clear path forward for the continued advancement of MT for Arabic dialects and

other LRLs.
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1. Synthesis of Findings

The research presented in this dissertation unfolded across a deliberate, two-phase
trajectory designed to logically address the zero-resource status of the Oranian dialect. The initial,
and most foundational, phase of this research was constructive. It confronted the primary barrier
to entry by undertaking the meticulous process of corpus creation. This involved sourcing
authentic linguistic data from a diverse array of contemporary media, followed by a rigorous
pipeline of transcription, normalization, and professional human translation. The tangible result of
this phase was OEPC, a novel dataset comprising 8,5K curated sentence pairs. This artifact is not
merely a prerequisite for this study but stands as one of its primary, reusable contributions to the

scholarly community.

The second phase was empirical. It focused on the design, implementation, and evaluation
of an NMT system. Guided by established practices in LRL contexts, a Seq2Seq architecture was
selected, built upon a two-layer stacked LSTM network for both the encoder and decoder.
Recognizing the informational bottleneck of a basic Seq2Seq framework, this architecture was
crucially augmented with an additive attention mechanism. This design choice was made to better
handle the complexities of linguistic divergence between Oranian, a morphologically rich Arabic
dialect, and English. The model was trained, validated, and tested following a methodologically

sound pipeline to ensure the robustness and generalizability of its performance.

The evaluation of the trained NMT model yielded a rich set of quantitative and qualitative
data, providing a multi-faceted view of its performance. The model’s performance, benchmarked
against an attention-less baseline, demonstrated a significant leap in efficacy. The final, optimized

model achieved a BLEU score of 30.9 on the held-out test set, a substantial improvement of over
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12 points from the baseline score of 18.3. This result serves as the headline figure, establishing a
strong and credible first benchmark for the ORN-ENG translation task. Further metrics
corroborated this narrative of improvement. WER indicated a marked decrease in the literal errors
requiring post-editing. The METEOR score confirmed that the model's lexical choices were not
only more accurate but also more contextually and semantically appropriate. Perhaps most
diagnostically, the model's PPL plummeted to signify a vast improvement in the model's

confidence and the fluency of its internal language model for English.

The manual inspection of MT outputs provided crucial insights to the quantitative scores.
The analysis revealed that the model demonstrates a high degree of competency in handling the
core grammatical and syntactic structures of ORN. It successfully translates sentences with
standard subject-verb-object constructions, manages common lexical items accurately, and
preserves the general semantic intent of high-frequency expressions. However, the qualitative
analysis also illuminated the precise nature of the model’s failures, which align closely with the

well-documented challenges of low-resource NMT.

At the lexical level, performance was most directly constrained by the finite scope of the
8.5K sentence corpus, leading to predictable failures on OOVs and NEs. This issue of lexical
sparsity was compounded by challenges with semantic ambiguity, where the model frequently
struggled to leverage broader sentence context to correctly disambiguate ORN terms with multiple
potential ENG equivalents. Beyond individual words, the system encountered difficulties with
structural complexities. While the BPE tokenization and LSTM architecture could process some
inflectional forms, the highly agglutinative and polysynthetic nature of ORN morphology and

verbs occasionally resulted in misinterpreted conjugations or the omission of critical clitics. The
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model’s most profound fragility, however, was exhibited when confronted with idiomatic and
culturally-specific expressions; faced with non-compositional language, it consistently defaulted
to nonsensical literal translations, betraying a lack of the deep semantic understanding that is a
direct consequence of data scarcity. Apparently, these distinct error categories are not isolated
deficiencies but are interconnected symptoms of this foundational data constraint, which

collectively prevented the model from acquiring a truly comprehensive representation of the SL.

Based on the synthesized findings, a direct answer to the research question can be
formulated. The empirical evidence demonstrates that an NMT model, under these conditions, can
translate the Oranian dialect to a significant and foundational extent. The achievement of a BLEU
score of 30.9 is not trivial; it represents a system that has successfully learned the primary linguistic
mappings between the two languages and can produce useful, and often accurate, translations for
a considerable portion of common-use dialectal sentences. It moves the dialect from a state of
complete technological obscurity to one with a tangible, functional, and quantitatively
benchmarked translation capability. The system's effectiveness is most pronounced in non-
idiomatic, structurally straightforward contexts, which constitute a large part of everyday

communication.

However, the extent of its effectiveness is bounded by predictable and well-defined
limitations inherent to its low-resource training paradigm. The model's accuracy degrades
substantially when confronted with lexical rarity, idiomaticity, and deep semantic ambiguity.
Therefore, while it is effective in establishing a robust baseline and handling the core of the dialect,
its accuracy is not yet sufficient for high-stakes or efficient applications without human

intervention. The study thus concludes that the approach is highly successful as a proof-of-concept
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and a foundational step, proving the viability of the task, but simultaneously underscores the
significant journey that remains toward achieving fully automatic high-quality translation for the

Oranian dialect.

2. Implications

The outcomes of this dissertation extend beyond the immediate context of Oranian,
carrying significant implications for several domains of computational linguistics. These
contributions are at once theoretical, methodological, and practical, offering valuable insights for

scholars and practitioners in the field.

First, in the realm of low-resource dialectology, a persistent debate revolves around
resource creation strategies. One approach favors breadth, creating multi-dialect corpora (like
PADIC) to capture wider linguistic variation. The alternative, "depth-over-breadth," advocates for
focusing on a single, clean, and linguistically consistent dialectal corpus. The high competitiveness
of the 30.9 BLEU score, achieved on the bespoke 8.5K OEPC, provides strong empirical validation
for the latter. It implies that for bootstrapping an MT system for a truly zero-resource dialect,
prioritizing the depth and quality of -an even small- single-dialect corpus is a highly effective, and
perhaps superior, initial strategy. It avoids the "dialectal noise" that can confound models, allowing

them to achieve a more profound understanding of a specific variety's unique patterns.

Second, for many of the world's thousands of LRLs, the path to developing NLP tools is
unclear. This dissertation provides a comprehensive, end-to-end methodological blueprint that is
both transparent and replicable, at least for Arabic dialects. It details every stage, from the

principles of data sourcing to the specifics of model architecture selection, training, and multi-
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faceted evaluation. This serves as a practical guide for researchers wishing to tackle other
underserved languages or dialects, demonstrating a clear and tested pathway from a state of zero

resources to a functional and benchmarked NMT system.

Third, in an era overwhelmingly dominated by Transformer models, this research provides
a crucial data point on the continued viability and utility of LSTM-based RNNs. While
acknowledging the superior performance ceiling of Transformers, the achievement of a strong 30.9
BLEU score underscores that a well-implemented RNN with attention remains a powerful and
computationally less intensive option for establishing a robust baseline, particularly when data is
scarce. This has important implications for researchers in resource-constrained environments,
suggesting that a successful NMT project does not exclusively hinge on access to the massive

computational power required by large Transformer models.

Fourth, the most direct and lasting contribution of this work is OEPC. As a publicly
documented and structured resource, OEPC will catalyze future research far beyond the scope of
this dissertation. It can now be used for a wide range of scholarly inquiries, including contrastive
linguistics, computational dialectology, development of other NLP tools (such as NER or PoS
tagging), and as a high-quality development and test set for more advanced NMT systems. In
addition, by creating the first MT system for ORN, this research represents a tangible step toward
the technological empowerment of its speech community. It elevates the digital presence of the
dialect, validating it as a language suitable for modern technology. While the current system is a
baseline, it lays the groundwork for future tools that can facilitate communication, enable access
to global information in the native dialect, and foster the creation of localized digital content,

thereby helping to bridge the digital divide at the linguistic level.
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Fifth. prior to this work, ORN-ENG MT was not a task that could be empirically studied.
By creating the first dataset and establishing the first benchmark, the present research effectively
formalizes a new, measurable subfield of research. All future work on Algerian or Arabic dialects,
whether it involves different architectures, larger datasets, or novel pre-processing techniques, can
now be quantitatively compared against the results presented herein. This act of formalization is a
critical step in transforming a linguistic challenge into a sustainable and progressive scientific

endeavor.

3. Limitations

A crucial component of any rigorous scholarly work is a transparent acknowledgment of
its limitations. These boundaries, dictated by the scope, resources, and specific choices of the
research design, are not weaknesses but rather essential contexts for interpreting the findings and
for guiding future inquiry. The limitations of this study can be broadly categorized into two areas:

those related to the corpus and those related to the model.

While meticulously curated, OEPC at 8.5K sentence pairs is, by the standards of data-
hungry NMT models, a small dataset. This limitation is the root cause of many of the model’s
qualitative failures, particularly its poor handling of OOVs and rare lexical items. The lexical
diversity of the corpus is inherently finite, and it cannot possibly encompass the full vocabulary of
the living ORN. This bottleneck on vocabulary is the single most significant constraint on the
current model's performance ceiling. In addition, OEPC was constructed from a range of
contemporary sources, including online videos, social media, and transcribed conversations. While
this captures a significant slice of informal, colloquial ORN, it also means the corpus has a specific

domain profile. The NMT model trained on this data is unlikely to generalize well to other genres,
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such as traditional clothing, songs or folklore-related entities, should they exist in ORN. Its

expertise is therefore narrow to common interactional practices.

Moreover, OEPC is a collection of sentence pairs, curated and translated in isolation. The
model, therefore, learns to translate at the sentence level only. It has no access to broader
document-level context, which is often crucial for resolving anaphora (e.g., pronoun references)
and ensuring discourse cohesion. This limits its ability to produce translations that are coherent
across multiple sentences. In this respect, language is dynamic and constantly evolving; yet, OEPC
represents a snapshot of ORN at a particular point in time. It does not capture neologisms, evolving
slang, or gradual shifts in usage. A static resource will always lag behind the living language, a

fundamental challenge for any corpus-based linguistic research.

As for the model-related limitations, the major challenge was the purely supervised-
learning paradigm. This means that the model's knowledge of ORN is derived exclusively from
the 8.5K sentence pairs in the OEPC. It does not leverage the vast amounts of monolingual
(Oranian-only) data that could potentially be scraped from the web, nor does it employ transfer
learning from high-resource languages or pre-trained multilingual models. As powerfully
demonstrated by cognate research in other Arabic dialects, semi-supervised techniques like back-
translation that utilize monolingual data are proven methods for significantly boosting

performance. The exclusion of such methods is a major limitation on the model's potential.

Furthermore, while the LSTM-based model proved effective for establishing a baseline, it
is architecturally sub-optimal compared to the current state-of-the-art. Nonetheless, such a
limitation is more apparent with small datasets. Therefore, the sequential nature of RNNs makes

them less efficient at processing long sequences and, more importantly, less adept at modeling the
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complex, long-range contextual relationships that the parallel self-attention mechanisms of
Transformer architectures excel at. The choice of an LSTM model therefore places an inherent,

and relatively low, ceiling on the maximum performance achievable with this dataset.

Another model-related limitation is the tokenization process. The study employed a
standard subword tokenization pipeline. However, given the rich and non-concatenative
morphology of the source dialect, more sophisticated, morphologically-aware segmentation or
tokenization strategies could potentially yield better results by providing a more linguistically
meaningful input representation to the model. The current approach may be sub-optimal for
deconstructing complex Oranian verb forms. In this vein, a morphological analyzer for the dialect

requires efficient trainings on lemmatizing and tokenizing its complex structures.

4. Avenues for Future Research

The limitations detailed above organically give rise to a rich and well-defined roadmap for
future research. Each limitation points directly to a prospective avenue of inquiry that can build
upon the foundation laid by this dissertation. The recommended points revolve around (1)
expanding linguistic resources, (2) advancing model architectures and training paradigms, and (3)

deepening linguistic and evaluative analysis.

The most immediate and impactful avenue for future work is the continued expansion of
OEPC. Efforts should focus not only on increasing the quantity of sentence pairs to mitigate data
sparsity but also on diversifying the domains and genres represented. Adding data from sources
such as social media, news commentary, radio programs, series transcripts, or different types of

narrative content would create a more generalizable corpus.
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Inspired by the success seen in research on LEV, EGY and TUN, a highly promising
strategy would be to employ a pivot-language approach. This would involve creating a larger
ORN-MSA corpus (a linguistically closer task) and then using a high-quality, pre-existing MSA-
English NMT system to semi-automatically generate a much larger, synthetic ORN-ENG corpus.
The existing OEPC would then serve as a ""gold-standard" fine-tuning and validation set. A parallel
effort should be dedicated to compiling a large monolingual corpus of ORN. Such a resource would
be invaluable for training more powerful language models and would be the essential prerequisite

for employing a range of semi-supervised NMT techniques.

A critical next step is to transition from the LSTM-based model to a Transformer-based
architecture. The dominance of the Transformer architecture is further exemplified by advanced
pre-trained models such as Bidirectional and Auto-Regressive Transformers (BART) and mBART
(Lewis et al., 2020; Liu et al., 2020), which excel in Seq2Seq tasks by learning to reconstruct
corrupted text. Concurrently, the frontier of low-resource translation is being redefined by massive
multilingual models, most notably Meta Al's NLLB (No Language Left Behind) project, which
has established new state-of-the-art benchmarks for hundreds of historically underserved language

pairs.

Perhaps the most pragmatic and empirically validated avenue for substantially elevating
the performance of the ORN-ENG system is the implementation of semi-supervised learning
techniques, with back-translation standing as the preeminent methodology to prioritize. This
approach is designed to directly mitigate the primary limitation of data scarcity by leveraging vast
quantities of easily accessible monolingual data to synthetically generate new parallel training

pairs. The process, while computationally intensive, is methodologically straightforward and has
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been shown to yield significant improvements in LRL settings. To illustrate, its application in the

Oranian context would unfold in a three-stage process:

1-

An inverse, or "backward,” TM model (ENG—ORN) would be trained exclusively on the
existing 8.5K sentence-pair OEPC. This model's purpose is not to be a high-quality ENG-ORN
translator, but rather to function as a "synthetic data generator." Concurrently, a large
monolingual corpus of the target language, potentially comprising millions of sentences
scraped from the web (e.g., from news articles, encyclopedias, or public domain books.

The core of the strategy is executed: the backward ENG—ORN model is used to translate this
entire massive monolingual English corpus into ORN. For instance, an authentic English
sentence like "The meeting will end and the team will leave tomorrow afternoon" would be fed
into this model, producing a machine-generated ORN equivalent, such as " s S (s0le glain Y/
Lude /522 /5,0l ' While this "pseudo-Oranian” output may contain minor grammatical
infelicities or unnatural phrasing compared to a native speaker's utterance, it remains a
linguistically plausible and semantically coherent source sentence. Repeating this process
millions of times would yield a massive synthetic parallel corpus where TL (ENG) side is
authentic and SL (ORN) side is machine-generated.

This large synthetic corpus is concatenated with the original, high-quality 8.5K OEPC. This
combined, multi-million-sentence dataset is then used to train a new, definitive "forward"
NMT model (ORN—ENG). The power of this technique is twofold. On one hand, the inherent
noise and slight imperfections in the pseudo-Oranian source text serve as a powerful form of
data augmentation and regularization, forcing the model to learn more robust and generalized
representations of the dialect rather than simply memorizing the patterns of the small, clean

OEPC. On the other hand, and more importantly, it exposes the model's decoder to an immense
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variety of authentic English vocabulary and syntax, dramatically enhancing its target-side
language model and leading to far more fluent and natural-sounding output. By synthetically
amplifying the training data in this manner, back-translation directly confronts the foundational
limitation of data scarcity, offering the most potent pathway to improving lexical coverage,
enhancing decoder fluency, and achieving the next echelon of translation quality for the

Oranian dialect.

As for deepening linguistic and evaluative analysis, future work should investigate more
advanced, linguistically-motivated segmentation and normalization strategies specifically
designed for the morphological and orthographic challenges of ORN. This could involve
developing a dedicated morphological analyzer or designing a multi-input model that can process
both the original script and a phonetically-normalized representation. In this vein, the Seq2Seq
architectures proposed by Saeed and Habash (2025) offer a promising pathway, as they have
proven resilient in processing diverse Arabic dialects even in the absence of standardized

orthography or fully-developed morphological tools.

Future research should significantly deepen the linguistic and evaluative analysis of ORN
by concentrating on advanced segmentation and normalization strategies. These techniques are
essential for tackling the unique morphological and orthographic challenges inherent in ORN.
Specifically, for OOV, the strategies that incorporate approaches like those proposed by Alimi et
al. (2025) and Affi and Latiri (2025) are recommended. This might involve developing a dedicated
morphological analyzer for ORN or creating a multi-input model that can effectively process both
the original ORN script and a phonetically-normalized representation, thereby improving

robustness against unseen word forms.
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Moreover, subsequent work should incorporate a stronger focus on NER within ORN
processing, drawing inspiration from the techniques outlined by Kessentini et al. (2025). Effective
NER is crucial for extracting meaningful, structured information from the text. Implementing
advanced NER strategies alongside sophisticated OOV handling will allow for more precise and
contextually aware linguistic analysis. By following the guidance of these proposed methods,
researchers can develop systems that are far more adept at overcoming the linguistic complexity

of ORN, leading to more accurate and insightful evaluations.

While automatic metrics are indispensable for model development, they are an imperfect
proxy for human judgment. A crucial future study would be to conduct a comprehensive human
evaluation of the system's output, assessing translations based on the metrics of adequacy and
fluency. This would provide a more nuanced understanding of the model's true performance and
help validate the correlation of automated metrics for this specific language pair. Nevertheless,
research should move toward more targeted analyses focusing on specific linguistic challenges.
For instance, dedicated studies could investigate the translation of negation, the handling of code-
switching between Oranian and French, or the modeling of specific verb aspect systems, leading

to more focused and linguistically-informed model improvements.

This dissertation set out to illuminate and address a dark spot on the map of modern
language technology. It began with a simple yet profound challenge: the Oranian dialect, the
mother tongue for millions, had no voice in the world of NLP and MT. By systematically
constructing a novel linguistic resource and engineering the first NMT system for this variety, this
dissertation has transformed the status of the Oranian dialect from data-zero to data-scarce, and

from technologically non-existent to empirically benchmarked. The resulting BLEU score of 30.9
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IS more than a number; it is a proof of existence, a validation of viability, and a firm foundation

upon which a future of innovation can now be built.

The journey undertaken herein has reaffirmed a fundamental truth of low-resource NLP:
that the initial and most arduous challenges often lie not in algorithmic novelty but in the
painstaking work of data creation and linguistic curation. OEPC stands as a testament to this, and
its creation is arguably the most enduring contribution of this work. While the limitations of this
initial step are clear, they do not diminish its significance. They are not endpoints, but rather
signposts, pointing the way toward more sophisticated models, richer datasets, and a deeper
understanding of the unique computational properties of this complex dialect. This work has taken
the crucial first step, bringing the Oranian dialect into the global conversation of computational
linguistics, and in doing so, opens a new and promising chapter in the ongoing quest for a more

linguistically inclusive digital world.
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