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ABSTRACT

Controlled Natural Language Generation

for Morphologically Rich Languages: The Case of Arabic
by
Bashar Alhafni
Advisor: Prof. Nizar Habash

Submitted in Partial Fulfillment of the Requirements for

the Degree of Doctor of Philosophy (Computer Science)

May 2025

Recent breakthroughs in natural language processing (NLP) have led to the development
of natural language generation (NLG) systems, such as large language models (LLMs),
that can produce fluent, human-like text. However, these models are predominantly
pretrained on data that is mostly in English, limiting their performance on languages with
less representation. This challenge is further amplified by the fact that languages differ in
their morphological complexity. For example, languages like Arabic are morphologically
rich, featuring a high number of inflections for a single base word. In contrast, languages
like English are morphologically poorer, with fewer inflections and simpler word forms.
Additionally, current NLG models are challenging to control and often over-generate,
making them unreliable for tasks that require high precision or for generating outputs

tailored to specific user preferences.
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Arabic presents additional challenges for NLG. Unlike English, it is orthographically
ambiguous, as it uses optional diacritics to indicate short vowels and consonantal doubling.
Since these diacritics are typically omitted, readers must rely on contextual and templatic
morphology clues to deduce meaning, making disambiguation a core challenge for Arabic
NLP. Additionally, Arabic is diglossic, with Modern Standard Arabic (MSA) coexisting
alongside Dialectal Arabic (DA). MSA serves as the standard form of the language and it
is used in news, education, and official communication, yet it is not the native language
of any Arabic speaker and often suffers from orthographic inconsistencies. In contrast,
DA, which is primarily spoken, lacks standardized orthography. The rise of social media
has led to a surge in written DA content, but without established spelling conventions,
this data remains highly inconsistent and noisy. Furthermore, annotated resources for DA
are scarce across dialects, further complicating the development of Arabic NLP.

This dissertation addresses these challenges by introducing controlled NLG ap-
proaches tailored to Arabic. We develop NLG models for three key Arabic NLG tasks
that contribute to Al in social good and education: gender rewriting, grammatical error
correction, and dialectal text normalization. Beyond introducing state-of-the-art models,
our work contributes new datasets that enable new Arabic NLG tasks, expanding the
resources available for Arabic NLP. We propose controllable modeling strategies that
incorporate linguistic traits into NLG systems. While many linguistic traits shape how
we communicate and use language, this dissertation focuses on three that directly impact
writing in Arabic: grammatical gender, error patterns, and dialect. Although Arabic is
our primary focus, the insights and techniques developed here extend to other morpho-
logically rich languages, promoting the advancement of more inclusive and controllable

NLG systems.
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Chapter 1

Introduction

In this chapter, we present an overview of the dissertation, starting with the main motiva-
tions behind this work and the challenges in Arabic natural language generation. Next, we
outline the structure of the dissertation, summarizing the content of each chapter. We then
highlight the main research contributions before concluding with a list of publications

directly related to this work.

1.1 Overview and Motivation

Enabling computers to automatically generate natural text is what initially started the
development of the natural language processing (NLP) field as we know it today. Interest
in natural language generation (NLG) dates back to the 1950s. This was evident in
the development of the first machine translation (MT) system at the beginning of the
Cold War (Hutchins, 2004), as well as in Alan Turing’s proposal for a new criterion
to measure intelligence, which involved a computer’s ability to mimic human written
conversation to the point where it cannot be distinguished from a human (Turing, 1950).

By the 1960s, NLG research expanded into areas such as paraphrasing (Klein, 1965),



2
discourse generation (Klein and Simmons, 1963), and dialogue generation (Weizenbaum,

1966). However, NLG proved to be a challenging problem, and early attempts relied
heavily on rule-based systems, which had limited success in generating coherent and
flexible text from structured data (McKeown, 1985; Shieber et al., 1989; Smadja and
McKeown, 1994; Beesley, 1996). With the advancements in statistical machine learning,
NLG approaches shifted from rule-based to data-driven models (Radev et al., 2002;
Koehn et al., 2003; Charniak et al., 2003). The rise of deep learning and increased
computational power further transformed NLG, enabling more sophisticated models
for text generation (Hochreiter and Schmidhuber, 1997; Cho et al., 2014; Bahdanau
et al., 2015; Vaswani et al., 2017). In particular, large-scale self-supervised pretraining
(Peters et al., 2018; Devlin et al., 2019; Yang et al., 2019a) significantly improved NLG
performance, leading to models like BART (Lewis et al., 2020) and T5 (Raffel et al.,
2020). More recently, large language models (LLMs) have demonstrated the ability to
frame almost any NLP task as a generation problem, achieving strong zero- and few-
shot performance through prompting (Kojima et al., 2023; Wei et al., 2023; Touvron
et al., 2023; Almazrouei et al., 2023; OpenAl et al., 2024). Despite these advancements,
current NLG approaches still face key limitations that hinder their broader applicability,
particularly for morphologically rich languages like Arabic. This dissertation addresses

two key challenges: English-Centricity and Limited Controllability.

English-Centric NLG: Current state-of-the-art NLG models are typically deep encoder-
decoder or decoder-only neural networks based on the transformer architecture (Vaswani
et al., 2017). These models are pretrained on massive amounts of unannotated text,
primarily sourced from the web, to achieve strong performance. For example, LLaMA-3

(Grattafiori et al., 2024) was trained on 15 trillion tokens of web data. However, En-
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glish dominates web content. According to the latest statistics from Common Crawl-a

non-profit organization that regularly captures snapshots of the web—English accounts
for 46% of all textual content, while most other languages are limited to around 6%
(Rana, 2010). Arabic, despite being spoken by over 400 million people and serving as
the official language of more than 20 countries, makes up only about 0.5% of web data.
This severe underrepresentation presents a significant challenge for Arabic NLG, as mod-
els trained primarily on English-centric data struggle to capture Arabic morphological
richness and diglossic nature. While multilingual pretraining efforts (e.g., GPT-3 (Brown
et al., 2020), BLOOMZ (Muennighoff et al., 2023)) aim to expand linguistic coverage,
underrepresented languages still perform worse than high-resource ones (Joshi et al.,
2020; Pfeiffer et al., 2020; Patra et al., 2023; Asai et al., 2024). This highlights the need
for targeted research on Arabic NLG to create more inclusive NLP technologies that

capture their linguistic characteristic and cultural impact.

Limited Controllability in NLG: In conditional NLG, the goal is to generate an output
sequence Y = vy, 4o, ..., Y, given an input sequence X = x1, To, ..., Tp,. Lhis process is

typically modeled through the following autoregressive distribution:

YlX = HP yt|y17 "'7yt—1’X)
t=1

Different NLG tasks require varying degrees of control over the generated text. For
example, grammatical error correction demands a high level of precision, as the output
should closely resemble the input, with only minimal modifications. In contrast, tasks
like MT allow for more flexibility in phrasing while preserving meaning. However, most
state-of-the-art NLG models, particularly LLMs, struggle with controlled generation

(Sun et al., 2023). They often introduce unnecessary changes by adding, removing, or
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paraphrasing content, even when minimal edits are required (Fang et al., 2023; Davis et al.,

2024). This lack of fine-grained control not only degrades user experience but also limits
the applicability of these models in tasks that require high fidelity to the input. Another
critical aspect of controllability in NLG is ensuring that generated outputs align with
user-specific requirements. Most standardized NLG tasks assume a single, objectively
correct output, but in many real-world applications, the correct output depends on the
user’s context, preferences, or identity. The inability of existing models to incorporate
such user-specific constraints makes them inflexible and often inappropriate. A case in
point is the “I-am-a-doctor and you-are-a-nurse” MT problem in many gender-marking
languages such as Arabic, where single-output user-unaware MT often results in “/
am a [male] doctor and you are a [female] nurse”, which is inappropriate for female
doctors and male nurses, respectively. A controllable NLG system should allow users to
specify preferences, ensuring that the generated output better reflects their identity and
expectations (Sun et al., 2019; Blodgett et al., 2020).

These challenges make NLG a compelling area of research. In this dissertation, we
address these limitations by developing controlled NLG approaches specifically designed
for Arabic. Our work focuses on three key tasks: gender rewriting, grammatical
error correction, and dialectal text normalization. While many traits shape how
individuals write, we focus on those that have a direct impact on Arabic writing, such
as grammatical gender, error types, and dialect. For each task, we propose controllable
modeling approaches that incorporate these traits to enhance the controllability of NLG
systems. Each chapter introduces the task, discusses its challenges, and presents our
contributions. Although our primary focus is Arabic, the models and insights developed

in this dissertation have broader applicability to other morphologically rich languages.



1.2 Dissertation Outline

The rest of the dissertation is divided into the following chapters:

Second Chapter: Arabic Linguistic Background In the second chapter, we provide a
linguistic overview of the Arabic language and its dialects, focusing on its morphological
richness and orthographic ambiguity. We discuss the challenges that Arabic NLG
systems encounter when processing diverse and noisy text, highlighting the complexities

introduced by grammatical variation and dialectal differences.

Third Chapter: NLG Background The third chapter provides a background on
NLG, covering its evolution from rule-based methods to neural models, along with key
applications and architectures. It then introduces controlled NLG and its techniques

before summarizing the NLG tasks explored in this dissertation.

Fourth Chapter: Arabic Gender Rewriting In chapter four, we introduce the task
of Arabic gender rewriting and present a new dataset that enables its study. We develop
multiple gender rewriting models and demonstrate how gender rewriting can effectively
reduce bias in machine translation systems. Lastly, we share key findings and lessons

learned from a shared task we organized on Arabic gender rewriting.

Fifth Chapter: Grammatical Error Correction This chapter presents the first results
on Arabic grammatical error correction using pretrained sequence-to-sequence models.
We also introduce the task of multi-class Arabic grammatical error detection and establish
its first benchmark results. We show that conditioning models on error patterns enhances

grammatical error correction performance across three datasets from different genres.
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Sixth Chapter: Dialectal Text Normalization In this chapter, We introduce the task of

dialectal Arabic text normalization and present the first results using pretrained sequence-
to-sequence models. Furthermore, we demonstrate that conditioning these models on
the input’s dialect significantly improves performance. We present results on five Arabic

dialects: Beirut, Cairo, Doha, Rabat, and Tunis.

Seventh Chapter: Text Editing In the seventh chapter, we introduce the first Arabic
text editing model that frames NLG as a sequence tagging task. We demonstrate the
applicability of this approach on gender rewriting, grammatical error correction, and
dialectal text normalization. We show that this model outperforms autoregressive systems,
offering significantly faster inference times and making it more suitable for real-world,

practical NLG applications.

Eighth Chapter: Summary and Conclusions We conclude with this chapter, which
provides a high-level summary of the contributions in this dissertation and the main

general conclusions. We also discuss future research directions.

1.3 Contributions

The main contributions of this dissertation are:

1. We address the limitations of English-centricity and limited controllability in NLG
for morphologically rich languages by developing controlled NLG approaches

specifically designed for Arabic.

2. We focus on three key tasks: gender rewriting, grammatical error correction,

and dialectal text normalization. We introduce controlled NLG approaches that
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incorporate linguistic traits shaping Arabic writing, including grammatical gender,

error types, and dialect.

3. We introduce the novel task of Arabic gender rewriting and present a new dataset
to support its study. We develop multiple gender rewriting models and demonstrate

how gender rewriting can effectively reduce bias in machine translation systems.

4. We present the first results on Arabic grammatical error correction using pretrained
sequence-to-sequence models. We also introduce the task of multi-class Arabic
grammatical error detection and establish its first benchmark results. We show
that conditioning models on error patterns enhances grammatical error correction

performance across three datasets from different genres.

5. We present the first results on dialectal Arabic text normalization using pretrained
sequence-to-sequence models. We further demonstrate that conditioning these

models on the input’s dialect significantly improves performance.

6. We introduce the first Arabic text editing model that frames NLG as a sequence
tagging task. We demonstrate the applicability of this approach on gender rewrit-
ing, grammatical error correction, and dialectal text normalization. Our results
show that this model outperforms autoregressive systems, offering significantly
faster inference times and making it more suitable for real-world, practical NLG

applications.
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for Computational Linguistics.
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Natural Language Processing, pages 6430—6448, Singapore. Association for

Computational Linguistics.

3. Bashar Alhafni, Ossama Obeid, and Nizar Habash. 2023. The user-aware Ara-
bic gender rewriter. In Proceedings of the First Workshop on Gender-Inclusive
Translation Technologies, pages 3—11, Tampere, Finland. European Association

for Machine Translation.
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Chapter 2

Arabic Linguistic Background

In this chapter, we present key linguistic background on Arabic relevant to this disser-
tation. Rather than providing a comprehensive overview of the language, our goal is to
highlight essential linguistic background that contextualize and motivate our work. We
begin with an overview of Arabic and its dialects, followed by a discussion of its rich
morphological system. We then discuss Arabic orthography, and the implications of the

lack of standardized orthography in dialectal Arabic.

2.1 Arabic and its Dialects

Arabic, a Semitic language, exists along a spectrum of linguistic forms, including Clas-
sical Arabic (CA), Modern Standard Arabic (MSA), and Dialectal Arabic (DA). CA is
primarily used in religious and classical literary texts, while MSA serves as the standard-
ized form of the language, used in formal media, official communication, culture, and
education. In contrast, DA consists of various spoken dialects across the Arab world
that lack standardized orthographies but have become increasingly common in written

communication, particularly on social media.
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Despite representing the formal form of Arabic, MSA is not spoken in daily ex-

changes, and it is not considered the native language of Arabic speakers. Instead, DA
is the primary medium of daily communication. A typical Arabic speaker acquires
native proficiency in one of the Arabic dialects and learns to read and write in MSA
through formal education (Mohit et al., 2014a). As a result, when writing in MSA,
speakers frequently incorporate elements from their dialects, leading to code-mixing at

the phonological, morphological, and lexical levels (Habash et al., 2008).

Gulf Arabic

Bahrani
Najdi
Omani

Hijazi and Rashaida

Shihhi 07 7
RO

Sudanese
Sa'idi
Egyptian
Judeo Arabic

%

Moroccan

Tunisian

Figure 2.1: The distribution of the different Arabic dialects over the Arab World and
surrounding areas (Wikipedia, 2011).

Arabic dialects vary widely, with geographical location being the primary distinguish-
ing factor. Figure 2.1 presents the distribution of dialects across the Arab world. The
major dialectal groups are typically classified as follows (Habash, 2010):

» Egyptian: Spoken in Egypt and Sudan, including Nile Valley dialects.

* Levantine: Includes dialects of Lebanon, Syria, Jordan, and Palestine.

* Gulf Arabic: Encompasses dialects spoken in Kuwait, the UAE, Bahrain, and
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Qatar. Saudi Arabia is generally included, though it has significant subdialectal

variation, and Omani Arabic is sometimes grouped here.
* North African (Maghrebi): Covers the dialects of Morocco, Algeria, Tunisia, and
Mauritania, with Libyan Arabic sometimes included.

* Iraqi Arabic: Shares features with both Levantine and Gulf dialects.

* Yemeni Arabic: Often classified as a distinct dialect group.

Additionally, within each of these regional categories, substantial variation exists at the
village, town, and city levels, further enriching the linguistic diversity of the Arabic-
speaking world.

Despite their similarities, DA and MSA have many differences that prevent MSA
tools from being effectively utilized for dialectal text. Arabic dialects diverge from MSA
and from each other at the phonological, lexical, and morphological levels (Watson, 2007).
Phonologically, for instance, the MSA alveolar affricate C/j/ is realized differently across
dialects: as /g/ in Egyptian, as /z/ in Levantine, and as /y/ in Gulf Arabic. Consequently,
the word J.& jmyl!, meaning ‘handsome’, is pronounced as /jamil/ in MSA, /gamil/ in
Egyptian, /zamil/ in Levantine, and /yamil/ in Gulf Arabic. Morphologically, DA also
differs considerably from MSA. For example, the MSA future proclitic /sa+/ (spelled
+_~ s+) appears in Egyptian Arabic as /Ha+/ (+ C) or /ha+/ (+0), with both variants
occurring without a fixed pattern. Lexically, the differences are even more pronounced.
The following are a few examples: in Egyptian ) bas ‘only’, & b tarabayzah ‘table’,
c;‘j» mirAt ‘wife [of]’, and 9> dawl ‘these’, correspond to the MSA words ez fagaT,
J on TAwilah, i~ 9 zawjah, and s\lj.a hawlA, respectively (Habash et al., 2012a).

Although MSA follows a well-defined standard orthography, Arabic dialects lack

such standardization, leading to significant variation in how DA text is written (§2.3).

All Arabic transliterations follow the Habash-Soudi-Buckwalter (HSB) transliteration scheme (Habash
et al., 2007).
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These inconsistencies introduce noise, increase sparsity, and amplify ambiguity in written

DA content. Additionally, since most written DA appears in user-generated content on
social media, it is further influenced by slang, informal spelling, and frequent errors,
making it even more inconsistent and challenging for Arabic NLP systems.
Complicating matters further, annotated DA data remains scarce, making it difficult
to develop robust computational models. In this dissertation, we address these challenges
by presenting NLG models for both MSA and DA, aiming to improve text generation

across different forms of Arabic.

2.2 Arabic Morphology

Morphology studies the internal structure of words, focusing on how their components
interact and shape their semantic and syntactic behaviors. Arabic has a rich morphological
system that inflects for different combinations of morphological features such as gender,
number, person, case, state, aspect, mood and voice, in addition to various attachable
clitics such as prepositions, particles, and pronouns (Habash, 2010). This results in a high
number of word inflections, significantly expanding the vocabulary space. For instance,
while the total number of words in a large MSA corpus is 20% lower than in its English
parallel (a morphologically poor language), the number of unique word types in MSA is
nearly double that of English (Kholy and Habash, 2010).

In addition to its morphological richness, Arabic (including both MSA and DA) ex-
hibits a high degree of ambiguity, primarily due to the multiple possible interpretations of
the same words. This ambiguity is further exacerbated by Arabic’s optional diacritization
system. One consequence of this high ambiguity is that, on average, an Arabic word has

approximately 12 different out-of-context morphological analyses (Habash, 2010). These
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two challenges, morphological richness and ambiguity, are central to why Arabic poses

difficulties for NLP: the extensive range of word forms increases data sparsity, while the
high level of ambiguity complicates disambiguation.

To address these challenges, various morphological modeling approaches have been
developed. One of the earliest solutions is the use of morphological analyzers, also known
as morphological dictionaries, which enumerate all possible inflected forms of words
in the language (Buckwalter, 2002; Graff et al., 2009). A well-designed morphological
analyzer should comprehensively cover all inflected forms of a given lemma (richness)
and return all possible analyses of a surface word (ambiguity), with the most appropriate
analysis selected through morphological disambiguation. Beyond dictionaries, machine
learning-based morphological taggers and disambiguators (Pasha et al., 2014b; Abdelali
et al., 2016) have been developed to automate this process, followed by more advanced
neural morphological models (Zalmout and Habash, 2019; Zalmout, 2020; Inoue et al.,
2022).

In this dissertation, we leverage various morphological analysis and disambiguation
resources to introduce control in our NLG models. These resources range from traditional
morphological analyzers to more advanced neural-based morphological taggers and

disambiguators, enabling more precise and context-aware text generation.

2.3 Arabic Orthography

Orthography deals with the written form of a language, specifying how its sounds are
mapped to a particular script. In the case of Arabic, MSA serves as the primary written
form, with a well-defined orthographic system. However, despite its standardization,

written MSA suffers many orthographic inconsistencies even in professionally written
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news articles (Buckwalter, 2004a). These inconsistencies are particularly relevant to

grammatical error correction, which we explore in greater detail in Chapter 5.

Beyond these inconsistencies, Arabic orthography allows the use of optional diacritics.
Diacritics in Arabic primarily convey phonological information that complements the
consonant-based Abjad script. While Arabic has many diacritics, the basic set used in

most MSA contexts consists of nine symbol: vowel diacritics (Fatha & Damma .:f':.’ Kasra

z

i27) indicate short vowels; nunation diacritics (: ) indicate a short vowel followed

sy Rty

by /n/; the gemination diacritic, Shadda & indicates doubling of the consonant letter it
follows; the Sukun o (silence) diacritic indicates that no vowel is present; and finally,
the special elongation diacritic & (aka Dagger Alif) indicates a long /a/ vowel. In MSA
written text, diacritics are usually omitted, leaving readers to infer the meaning of certain
words based on the context (Habash, 2010). This leads to ambiguity, as in the case of the
verb S knt, which can be read as kuntu ‘1 was’, kunta “You [masculine] were’, or kunti
“You [feminine] were’. While this allows the same text to be interpreted differently based
on the context, which can be beneficial in text generation, it poses major challenges for
disambiguation and detection systems, which must account for multiple possible readings
of the same word or phrase.

Furthermore, orthography is much more challenging in DA compared to MSA. While
MSA has a well-defined standard orthography, Arabic dialects do not. When speakers
write in DA, they often do so in a way that reflects either the phonology or the etymology
of the words. As a result, apart from unintentional typographical errors, no spelling of a
dialectal word can be deemed truly “incorrect”. This phenomenon, known as spontaneous
orthography (Eskander et al., 2013). For instance, the word for ‘small [feminine singular]’
in the Beirut dialect, /zBiiri/, can be written in a range of spontaneous Arabic spellings,

some of which highlighting its phonology and others its etymological connections to



16
MSA § s Syyrh [s'asira[t]/. These include: e -5 ZYYTY, ons Zyyrh, sas; zyyrh,

SSoe Syyry, onse Syyrh, and saxe Syyrh. This makes DA particularly challenging
for many NLP tasks. To address the lack of standardized orthography for DA, (Habash
et al., 2012a) proposed CODA, a Conventional Orthography for Dialectal Arabic. Apply-
ing CODA to DA text reduces sparsity and noise, which can lead to better modeling. We
discuss CODA in more detail in Chapter 6. In this dissertation, we introduce DA text

normalization models that normalizes DA into the CODA convention.
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Chapter 3

Natural Language Generation

Background

Automatic text generation has been a longstanding goal in computer science, evolving
from early rule-based systems to modern neural approaches. This chapter provides an
overview of NLG methodologies, covering rule-based, statistical, and neural models,
along with applications and architectures used in text generation. We then introduce
controlled NLG, discussing different techniques for guiding text generation. Finally, we

summarize the NLG tasks explored in this dissertation.

3.1 Natural Language Generation

Natural language generation (NLG) refers to any task involving the production of text,
such as translation, summarization, or dialogue generation. NLG is inherently complex,
requiring decisions about what content to include, how to structure it, and how to express

it coherently. This section provides an overview of key NLG approaches.
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3.1.1 A Short History of Natural Language Generation

Rule-based NLG: Early NLG systems relied on template- and grammar-based ap-
proaches, which were highly structured and consisted of multiple components responsible
for different stages of text generation. These included content determination to select
relevant information, document structuring to arrange it coherently, aggregation to merge
similar sentences, lexical choice to ensure precise and natural wording, and realization
to generate the final text (Reiter and Dale, 1997). Such approaches were often rigid,

requiring extensive manual effort to design templates and domain-specific rules.

Statistical NLG: To overcome the limitations of rule-based systems, NLG shifted
toward statistical methods, enabling more flexible, data-driven text generation. This
transition introduced statistical language modeling, which assigns probabilities to se-
quences of words. Formally, given a sequence of words wy, wo, ..., w,, a language model
estimates the likelihood P(wq, ws, ..., w, ). An ideal model assigns high probability to
natural-sounding text and low probability to incoherent sequences. Most language models
assume that the probability of a word is dependent only on the words preceding it. By
applying the chain rule of probability, the likelihood of a sentence can be decomposed as

follows:

P(wy, we, ..wy,) = P(wy)P(ws|wy ) P(ws|wy, ws)...P(wy|wy, ..., w,—1)

A widely used form of statistical language modeling is the n-gram model. Instead of
trying to estimate the probability of a word given all preceding words, n-gram models

make the Markov assumption that the probability of a word depends only on the previous
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n-1 words. For example, a 3-gram language model (trigram) estimates:

P(w;|wy, . w;—1) = P(w;|w;—2, w;_1)

An n-gram model is constructed from a corpus of text by simply counting how many
times each word in the text is preceded by each possible n-gram. This makes n-gram
models easier to train than grammar-based approaches, which require manually labeled
training data. Due to their simplicity and efficiency, we use n-gram models in this
dissertation for various NLG tasks.

However, n-gram language models have several limitations. First, they suffer from
data sparsity, assigning zero probability to unseen (n-gram, word) pairs, which requires
smoothing techniques. Second, their computational cost also grows exponentially with
n, making long-range dependencies difficult to capture. In practice, most models use n
between 1 and 5, which is insufficient for maintaining coherence. Third, they struggle
with out-of-vocabulary (OOV) words, as they can only generate words encountered during

training. Neural language models, described next, address many of these limitations.

Neural NLG: Neural network-based language models replace traditional statistical
models with a learned function (the neural network) that predicts the likelihood of a
word sequence. Unlike n-gram models, neural models can assign nonzero probabilities
to unseen sequences and capture longer dependencies. State-of-the-art neural language
models can process sequences thousands of words long.

One of the key advances in neural language modeling was the transition from operating
on sequences of discrete words to operating on sequences of continuous vector representa-
tions. Instead of treating words as independent symbols, modern neural models represent

each word w; as a dense embedding ¥,. Early neural language models used pretrained
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word embeddings, such as word2vec (Mikolov et al., 2013) and GloVe (Pennington et al.,

2014), where embeddings were learned separately from the language model. In contrast,
modern neural language models jointly optimize embeddings along with the rest of the
network, treating the embedding matrix as a trainable parameter.

At each time time step ¢, a neural language model predicts the next word based on the
preceding words, similar to an n-gram model but without fixed context limitations. Given
a sequence of words wy, ws, ..., w,, the model estimates a probability distribution over

all possible next words:

exp( fo(w, ..., wi—1);)
Zj exp(fo(wr, ..., wi—1);)

P(wi|wy, .., wy—1) =

where fj is a neural network parameterized by #, which takes the previous words as input
and generates a score for each word in the vocabulary. These scores are then normalized
using the softmax function, producing a probability distribution. The model selects the
next word using a decoding strategy, such as greedy decoding or beam search.

In many language modeling applications, the model is conditioned on an external input in
addition to the preceding words. This means it can generate text not only by continuing
a sequence but also by incorporating information from a prompt, structured data, or
another input source. Given an input sentence X = 1, o, ..., &,, and a target sentence

Y =1, 99, ..., Yn, a conditional neural language model estimates:

n

P(Y|X) = Hp(yt‘yla oY1, X)

t=1

This modeling paradigm, also known as an encoder-decoder or sequence-to-sequence
(Seq2Seq), is widely used in machine translation, text summarization, and dialogue

generation. We adopt Seq2Seq models for all NLG tasks in this dissertation.
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3.1.2 Types of Natural Language Generation

NLG can be categorized into several types based on the nature of their inputs. Following

Liet al. (2021), we group NLG applications into the following categories:

* Unconditional Generation: This type of generation does not rely on any explicit
input beyond an initial prompt or starting token. As discussed earlier, unconditional
language models estimate the probability of a word sequence without external
conditioning. Common applications include story generation (Ma et al., 2024) and
open-ended text continuation (Radford et al., 2019).

* Conditional Generation: In conditional generation, the model generates text
based on a given input sequence. As covered earlier, this setup is widely used in
machine translation (Sutskever et al., 2014), summarization (Rush et al., 2015),
and dialogue generation (Li et al., 2016).

» Attributed-based Generation: Here, the model is conditioned on both an input
sequence and a set of explicit attributes, such as sentiment, style, or author traits.
Applications include style transfer (Keskar et al., 2019; Krause et al., 2021) and
personalized text generation (Alhafni et al., 2024¢; Zhang et al., 2024).

* Data-to-Text Generation: This type of generation converts structured data such as
tables (Parikh et al., 2020), knowledge graphs (Wiseman et al., 2017), or database
entries (Novikova et al., 2017) into natural language text.

* Multimedia-to-Text Generation: In multimedia-to-text generation, the model
generates text based on non-textual inputs such as images, videos, or audio. Appli-
cations include image captioning (Chen et al., 2015), video captioning (Long et al.,

2018), and speech recognition (Yadav and Sitaram, 2022).

This dissertation focuses on unconditional, conditional, and attribute-based NLG models.
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3.1.3 Neural Architectures for Natural Language Generation

Given the sequential nature of language, early neural text generation models primarily
relied on recurrent neural networks (RNNs), such as long short-term memory (LSTM)
networks (Hochreiter and Schmidhuber, 1997) and gated recurrent units (GRUs) (Cho
et al., 2014). Although less common, convolutional neural networks (CNNs) have also
been explored for text generation (Kalchbrenner et al., 2017). Conditional generation
models typically adopt an encoder-decoder or Seq2Seq architecture (Sutskever et al.,
2014), where an encoder processes the input sequence and a decoder generates the
output. The introduction of the attention mechanism between the encoder and decoder
significantly improved performance in machine translation (Bahdanau et al., 2015) and
was soon adopted across various NLG tasks.

More recently, self-attention-based architectures, particularly the Transformer (Vaswani
et al., 2017), have become the dominant paradigm for state-of-the-art NLG. Transform-
ers offer several advantages over their recurrent predecessors, the most notable being
parallelization—operations are applied to all tokens in a sequence simultaneously, rather
than sequentially as in RNNs. This drastically reduces training time and makes com-
putation independent of sequence length. Additionally, Transformers are far better at
capturing long-range dependencies, enabling them to establish relationships between
words and phrases that may be far apart in a text. These advantages have driven the
scaling of Transformers and their widespread adoption in large language models (LLMs),
which are now at the forefront of NLG research and applications.

Most neural text generation models are trained using backpropagation to maximize the
log-likelihood of predicting the next word given the preceding words: P (w;|wy, .., w;_1).

A major breakthrough in NLG has been self-supervised pretraining, where models learn
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from large amounts of raw text without requiring labeled data. This approach has led to

significant improvements across various NLP tasks (Peters et al., 2018; Devlin et al., 2019;
Liuetal,, 2019; Yang et al., 2019b) and is now the de facto learning paradigm: models are
first pretrained on massive text corpora and then fine-tuned on specific downstream tasks.
Modern pretrained models are predominantly based on the Transformer architecture. For
text generation, pretraining strategies typically fall into two categories: decoder-only
language models, such as GPTs (Radford et al., 2019; Brown et al., 2020; OpenAl et al.,
2024), which predict text autoregressively, and encoder-decoder (SeqSeq) models, such
as BART (Lewis et al., 2020; Liu et al., 2020c) and T5 (Raffel et al., 2020; Xue et al.,
2021), which learn to reconstruct corrupted text sequences. In this dissertation, we

leverage pretrained language models for all NLG tasks we study.

3.2 Controlled Natural Language Generation

Controlled NLG is the task of generating text that adheres to a given attribute or condition
while maintaining fluency and coherence. The controlled attribute can take various forms
depending on the application, ranging from text characteristics (such as sentiment, topic,
or keywords) to author-related traits (such as writing style, gender, or age). This approach,

often referred to as attribute-based generation, can be formalized as follows:

Y|X A :HP yt ylu"'7yt—17X7A)
t=1

where X is the input sequence, Y is the generated output, and A represents the condi-
tioning attribute. This paradigm also extends to unconditional generation, where text is
generated solely based on the specified attribute, modeled as: P(Y'|A).

Controlled NLG methods fall into content control (hard control) and attribute control
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(soft control) (Liang et al., 2024). Content control explicitly constrains text structure

and word choice, enforcing strict linguistic rules (Hua and Wang, 2020; He, 2021; Yang
and Klein, 2021; Lin and Riedl, 2021; Lu et al., 2022; Liu et al., 2022; Chai et al., 2022;
Juseon-Do et al., 2024; Jie et al., 2024). In contrast, attribute control operates at a higher
level, influencing broad characteristics like sentiment (Keskar et al., 2019; Krause et al.,
2021), style (Trotta et al., 2022; Alhafni et al., 2024c; Zhang et al., 2024), or topic rather
than dictating specific words (Dathathri et al., 2020; Chan et al., 2022). Hard control
enforces predefined constraints, while soft control allows for greater flexibility, making it
particularly useful for stylistic adaptation and personalized generation.

Control can be integrated into text generation either during training or at inference.
Training-time approaches include retraining, where models are trained from scratch on
attribute-specific data (Keskar et al., 2019; He, 2021); fine-tuning (Zhang and Song, 2022;
Zhou et al., 2023b), which adapts pretrained models by incorporating control attributes;
and reinforcement learning (Upadhyay et al., 2022; Dai et al., 2024), which optimizes
model outputs using reward signals. At inference time, control mechanisms are applied
in real-time through prompt engineering (Lester et al., 2021; Li and Liang, 2021; Liu
et al., 2023), which guides output by modifying input prompts; latent space manipulation
(Subramani et al., 2022; Liu et al., 2024; Turner et al., 2024), which adjusts internal model
activations to influence text attributes; and decoding-time interventions (Dathathri et al.,
2020; Krause et al., 2021; Yang and Klein, 2021) which modify probability distributions
or impose constraints during generation.

In this dissertation, we explore attribute-controlled NLG by conditioning models on
linguistic attributes that influence Arabic writing, including grammatical gender, dialect,
and error patterns. These techniques enable fine-grained control in the NLG tasks we

explore, enhancing adaptability to diverse user preferences and linguistic contexts.
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3.3 Language Generation Tasks in this Dissertation

This dissertation explores three language generation tasks. A brief summary of each task

is provided here:

Arabic Gender Rewriting: We define gender rewriting as the task of generating
alternative versions of a sentence based on a given target user’s grammatical gender. This
task is particularly relevant for gender-marking, morphologically rich languages like
Arabic, where ensuring inclusivity in NLG applications requires generating outputs that
align with a user’s identity. To our knowledge, this is a novel task, with no prior work in
Arabic or any other language. In Chapter 4, we introduce the task, review related work,
and describe the datasets and models developed for it. The research presented in this

chapter is based on findings from Alhafni et al. (2020, 2022a,b,c, 2023b).

Grammatical Error Correction: Grammatical Error Correction (GEC) aims to correct
spelling and grammatical errors, making it valuable for educational applications and
writing assistance tools. In this dissertation, we focus on GEC for MSA and introduce
Arabic Grammatical Error Detection (GED) as a distinct task. Our findings demonstrate
that conditioning GEC models on GED predictions significantly enhances performance.
Chapter 5 presents the task, reviews related work, and details our contributions to Arabic
GEC. The research presented in this chapter is based on findings from Alhafni et al.

(2023a).

Dialectal Text Normalization: Text normalization involves mapping non-canonical
text to a standardized form, which is particularly crucial for Dialectal Arabic (DA) due

to its lack of standardized orthography (§2). Normalization plays a dual role: as an
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upstream task, it mitigates data sparsity and variation to facilitate downstream NLP

applications; as a downstream task, it enhances text readability. In this dissertation, we
explore CODAfication, the task of normalizing DA text into the CODA convention. Our
results show that conditioning NLG models on the writer’s dialect improves performance.
Chapter 6 introduces CODA and the CODAfication task, detailing our contributions in
this space. The research presented in this chapter is based on findings from Alhafni et al.

(2024a).
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Chapter 4

Arabic Gender Rewriting

This chapter introduces the task of gender rewriting and presents the Arabic Parallel
Gender Corpus, a novel dataset designed for gender identification and rewriting in
contexts where one or two target users (first-person “I”’ and/or second-person “You”)
have independent grammatical gender preferences. We develop and evaluate various
gender rewriting systems, including a joint model and a multi-step approach, both
of which combine the strengths of rule-based and neural methods. Additionally, we
benchmark open-source and commercial LLMs to assess their performance on gender
rewriting. Our models establish a strong benchmark on the newly introduced corpus,
demonstrating their effectiveness. Furthermore, we showcase a practical application
of our gender rewriting systems by post-editing machine translation outputs, ensuring
they align with users’ grammatical gender preferences and reducing gender bias when
translating from English to Arabic. Additionally, we introduce a web-based gender
rewriting system that allows users to interact with our models seamlessly. Finally, we
share insights from organizing a shared task on Arabic gender rewriting, highlighting key

challenges and lessons learned.
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4.1 Introduction

The remarkable progress in NLP has raised expectations about user experience, par-
ticularly regarding gender identity representation. Gender stereotypes, both negative
and positive, are embedded in most of the world’s languages (Maass and Arcuri, 1996;
Menegatti and Rubini, 2017) and are further propagated and amplified by NLP sys-
tems (Sun et al., 2019). This not only degrades user experiences but also contributes
to representational harms (Blodgett et al., 2020). While human-generated data used
to train NLP systems is often considered the primary source of bias, merely balancing
or debiasing training data does not necessarily mitigate these biases. This is because
most NLP systems are designed to generate a single text output without accounting for
user-specific grammatical gender preferences. To address this, NLP systems should
integrate users’ grammatical gender preferences whenever available to ensure accurate
and inclusive text generation.

Ensuring user-aware gender representation becomes even more challenging in multi-
user contexts, where different users (first, second, and third persons) have independent
grammatical gender preferences. One example of this phenomenon is the machine
translation of the sentence I am a doctor and you are a nurse. While English uses gender
neutral terms leading to ambiguous gender references for the first and second persons
(I/doctor and you/nurse), some morphologically rich languages use gender-specific terms
for these two expressions. For instance, in Arabic, a gender-unaware single-output
machine translation from English often results in 45 ¢ g_,jj b UTAnA Thyb wAnt
mmrDh ‘I am a [male] doctor and you are a [female] nurse’, which is inappropriate for
female doctors and male nurses, respectively. Alternatively, user-aware personalized NLP

systems should be designed to produce outputs that are as gender-specific as the user
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information they have access to. Users information could be either explicitly embedded

as part of the input (e.g., ‘she is a doctor and he is a nurse’) or provided externally by
the users themselves. However, contextual complexity and the lack of gender-annotated
resources in morphologically rich languages make this task particularly challenging.

In this chapter, we define the task of gender rewriting as generating alternatives of
a given Arabic sentence to match different target user gender contexts: a male speaker
with a male listener, a female speaker with a male listener, a male speaker with a
female listener, and a female speaker with a female listener. The user-specified gender
preferences are treated as part of the input to guide the rewriting process. This requires
changing the grammatical gender (masculine or feminine) of certain words referring
to the users (speaker/first person and listener/second person). Formally, given an input
X that combines both the input Arabic sentence and the target gender preferences, and
a sequence of word-level gender labels GG corresponding to the input Arabic sentence,
the goal is to generate a rewritten version Y that matches the user specified gender

preferences:
n

P(Y|X, G) == Hp(yt|y17 "'7yt—1aX7 G)

t=1

To facilitate this task, we introduce the Arabic Parallel Gender Corpus, a new dataset
designed for gender identification and rewriting. We develop and benchmark various
gender rewriting systems on this corpus and demonstrate their effectiveness. Furthermore,
we show how these systems can be leveraged to mitigate gender bias in English-to-Arabic
machine translation. Finally, we introduce a web-based application that enables users to
interact with our gender rewriting models and share insights gained from organizing a

shared task on gender rewriting.
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4.2 Background and Related Work

Several approaches have been proposed to mitigate gender bias in various NLP tasks
(Stanczak and Augenstein, 2021) including machine translation (Rabinovich et al., 2017;
Elaraby et al., 2018; Vanmassenhove et al., 2018; Escudé Font and Costa-jussa, 2019;
Stanovsky et al., 2019; Costa-jussa and de Jorge, 2020; Gonen and Webster, 2020;
Saunders and Byrne, 2020; Bentivogli et al., 2020; Saunders et al., 2020; StafanovicCs
et al., 2020; Saunders et al., 2021; Savoldi et al., 2021; Ciora et al., 2021; Savoldi et al.,
2023, 2024; Sanchez et al., 2024; Garg et al., 2024), dialogue systems (Cercas Curry
et al., 2020; Dinan et al., 2020a; Liu et al., 2020a,b; Sheng et al., 2021b,a), language
modeling (Lu et al., 2018; Bordia and Bowman, 2019; Sheng et al., 2019; Vig et al.,
2020; Kaneko et al., 2022; Kotek et al., 2023; Levy et al., 2024), co-reference resolution
(Rudinger et al., 2018; Zhao et al., 2018a; Cao and Daumé, 2021), and named entity
recognition (Mehrabi et al., 2019; Cimitan et al., 2024).

Approaches to mitigating gender bias include debiasing word embeddings (contextu-
alized or non-contextualized) before using them in downstream tasks (Bolukbasi et al.,
2016; Zhao et al., 2018b; Gonen and Goldberg, 2019; Manzini et al., 2019; Zhao et al.,
2020; Lauscher et al., 2020; Katsarou et al., 2022), classifying gender bias along multiple
dimensions (Dinan et al., 2020b), adding additional information to the input to enable
models to capture gender information correctly (Vanmassenhove et al., 2018; Moryossef
et al., 2019; StafanovicCs et al., 2020; Saunders et al., 2020; Basta et al., 2020), or training
models on gender-balanced corpora created through counterfactual data augmentation
techniques (Madaan et al., 2018; Park et al., 2018; Lu et al., 2018; Maudslay et al., 2019;
Zmigrod et al., 2019; Emami et al., 2019; Costa-jussa and de Jorge, 2020; Bartl et al.,

2020; de Vassimon Manela et al., 2021; Sen et al., 2021). In terms of rewriting, Van-
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massenhove et al. (2021) and Sun et al. (2021) presented rule-based and neural rewriting

models to generate gender-neutral sentences. Garg et al. (2024) used LLMs to machine
translation outputs to generate all possible gender alternatives.

Most existing work focuses on English and may not generalize well to morpho-
logically rich languages. Nevertheless, there have been recent studies that explored
the gender bias problem in languages other than English. Zhao et al. (2020) studied
gender bias which is exhibited by multilingual embeddings in four languages (English,
German, French, and Spanish) and demonstrated that such bias can impact cross-lingual
transfer learning tasks. Zmigrod et al. (2019) used a counterfactual data augmentation
approach and developed a generative model to convert between masculine and feminine
sentences in four languages (French, Hebrew, Italian, and Spanish). Vanmassenhove
and Monti (2021) introduced an English-Italian dataset where the English sentences are
gender annotated at the word-level and paired with multiple gender alternative Italian
translations when needed. Bentivogli et al. (2020) proposed MuST-SHE, a multilingual
benchmark for analyzing gender bias in machine translation and speech translation, con-
taining English-Spanish/French/Italian spoken data from TED talks. Nozza et al. (2021)
introduced a benchmark dataset of manually crafted sentence templates to assess gender-
stereotyped completions across six languages: English, Italian, French, Portuguese,
Romanian, and Spanish. Muller et al. (2023) developed an automated pipeline to quantify
gender representation bias in large-scale multilingual datasets for machine translation
across 55 languages. Savoldi et al. (2025) introduced mGeNTe, a multilingual extension
of the GeNTe corpus (Piergentili et al., 2023), which provides manually curated parallel
data for gender neutralization in English-Italian, English-Spanish, and English-German.

For Arabic, Habash et al. (2019) introduced the first version of the Arabic Parallel

Gender Corpus, a gender-annotated parallel dataset of first-person singular sentences.
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Each sentence was labeled according to the speaker’s grammatical gender as feminine,

masculine, or ambiguous, with corresponding gendered rewrites provided for the mascu-
line and feminine sentences. They also developed a two-step gender rewriting system:
a feature-based classifier for gender identification and a character-level seq2seq model
for rewriting. Their system was applied to machine translation post-editing to produce
gender-specific translations.

Our work extends the Arabic Parallel Gender Corpus by incorporating contexts that
involve both first and second grammatical persons, covering singular, dual, and plural
constructions, and expanding the dataset to six times its original size. In this chapter, we
detail the creation process of this extended corpus and introduce our gender rewriting

systems.

Arabic Grammatical Gender

Arabic has a rich and complex morphological system (§2) that inflects for various
morphological features, including gender, number, person, case, state, aspect, mood, and
voice, as well as several attachable clitics such as prepositions, particles, and pronouns.
Arabic nouns, adjectives, and verbs inflect for gender: masculine (M) and feminine (F),
and for number: singular (S), dual (D) and plural (P). Changing the grammatical gender
of Arabic words involves either changing the base word, altering pronominal enclitics
that are attached to the base word, or a combination of both. A base word in Arabic refers
to the stem along with its attachable affixes (prefixes, suffixes, circumfixes). Changing
the base word gender requires either a suffix change, a pattern change, or a lexical change
as shown in Table 4.1. Arabic also has clitics that attach to the stem after affixes. A clitic
is a morpheme that has the syntactic characteristics of a word but shows evidence of

being phonologically bound to another word. In this respect, a clitic is distinctly different
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Paired Gender Alternatives Rewrite Type
i Amyr (NOUN.MS, 5 el Amyrh (NOUN.FS
1 AT ( ) o myr. ( ) Suffix Change |(a)
prince princess
i AHmr (ADJ.MS, o\~ Hmrd’ (ADJ.FS,
-~ mr (. ) e Hmrd' (. ) Pattern Change |(b)
red red
-1 Ax (NOUN.MS =1 Axt (NOUN.FS
o ( ) ol Axt ) Lexical Change |(c)
brother sister
{ Amyr+km (NOUN.MS+PRON.2MP S+ gl Amyr-+kn (NOUN.MS+PRON.2FP
Fb}ﬁ mr ( ) oF el Amyrvlen ( ) Enclitic Change |(d)
your (MP) prince your (FP) prince
A\ o\ Amrd’ (NOUN.MP) o\l Amyrdt (NOUN.FP) Patiern Change +
princes princesses Suffix Change
£+ sl Amyr+km (NOUN.MS+PRON.2MP) St3 el Amyrt+kn (NOUN.FS+PRON.2FP)  |Suffix Change + ®
your (MP) prince your (FP) princess Enclitic Change
ool o Amrd*+hm (NOUNMP+PRON.3MP) | o\ ol AmyrAt+hn (NOUN.FP+PRON.3FP) Pattern Change +
- Suffix Change +{(g)
their (MP) princes their (FP) princesses Enclitic Change

Table 4.1: Examples of the changes needed to generate gender alternative forms of
gender-specific words in Arabic.

from an affix, which is phonologically and syntactically part of the word. Proclitics are
clitics that precede the word (like a prefix), whereas enclitics are clitics that follow the
word (like a suffix). Pronominal enclitics are pronouns that cliticize to previous words
(Table 4.1(d)). It is worth noting that multiple affixes and clitics can appear in a single
word in Arabic and changing the grammatical gender of such words requires changing

the genders of both the base word and its clitics (Table 4.1(f-g)).

4.3 The Arabic Parallel Gender Corpus

The first version of the Arabic Parallel Gender Corpus (APGC v1.0) was introduced by
Habash et al. (2019). It consists of gender-annotated and rewritten first-person singular
Arabic sentences, sourced from a subset of the English-Arabic OpenSubtitles 2018
dataset (Lison and Tiedemann, 2016). Each sentence is labeled based on the grammatical

gender of its singular speaker as F (feminine), M (masculine), or B (invariant/ambiguous).
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For the M and F sentences, they introduced their parallel opposite gender forms. In this

dissertation, we expand APGC v1.0 and introduce APGC v2.0 by adding second person
targets as well as increasing the total number of sentences over 6.5 times, reaching over
590K words. The new corpus consists of multiple parallel components: four combinations
of first- and second-person grammatical gender (masculine and feminine), English source
sentences, and English-to-Arabic machine translation outputs. We describe the selection
process and annotation guidelines for APGC v2.0 in (§4.3.1, §4.3.2, §4.3.3) and provide

an overview and analysis of the corpus in (§4.3.4).

4.3.1 Corpus Selection

As in Habash et al. (2019), we selected the original set of sentences from the English-
Arabic OpenSubtitles 2018 dataset (Lison and Tiedemann, 2016), which includes 29.8
million English-Arabic sentence pairs. We chose OpenSubtitles because it has parallel
sentences in English and because it is full of conversational (first and second person)
texts in MSA. We extracted all the pairs that include first or second person pronouns on
the English side: I, me, my, mine, myself, and you, your, yours, yourself. This selection
process identified 13.4 million pairs: 2.8 million (21.1%) include first and second person
pronouns, 5.7 million (42.5%) include only first person pronouns, and 4.9 million (36.4%)
include only second person pronouns.

Out of this set, we randomly selected 52,000 English-Arabic pairs to be manually
annotated, while maintaining the original first and second person sentences proportions:
10,972 (21.1%) pairs contain first and second person pronouns on the English side, 22,100
(42.5%) pairs contain only first person pronouns on the English side, 18,928 (36.4%)
pairs contain only second person pronouns on the English side. To be consistent with

APGC v1.0’s preprocessing, we ran the Arabic sentences through MADAMIRA (Pasha
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et al., 2014b) to do white-space-and-punctuation tokenization and UTF-8 cleaning.

In addition to the above, we re-annotated all of the 11,240 sentences from APGC v1.0
to include second person references and match our extended guidelines completely. In

total, this resulted in 63,240 English-Arabic sentence pairs for the next annotation step.

4.3.2 Corpus Annotation

Four professional linguists (three females and one male), all of whom are native speakers

of Arabic, were hired through a linguistic annotation firm, to complete the task.

Gender Identification First, the annotators were asked to identify the genders of the
first and second person references in each sentence, then assign to each sentence a
two-letter label, where each letter refers to the gender of the first and second person
references, respectively. Each letter in the label can have one of three values: F (feminine),
M (masculine), or B (invariant/ambiguous). Therefore, each sentence will get a label
from one of the nine different label combinations: B, 1FB, 1IMB, B2F, B2M, 1M2M,
1F2M, 1M2F, or 1F2F. Additionally, the annotators were asked to identify the dual and
plural gendered references. If present, the sub-label corresponding to the gender of the

first or second person reference would get an extra mark: “!” (e.g., BF!, M!B!, etc.).

Gender Rewriting In the case of an F or M sub-label, the annotators were asked to
copy the sentence and modify it to obtain the opposite gender forms. The modifications
are strictly limited to morphological reinflections and word substitutions as was done
in Habash et al. (2019). Therefore, the total number of words is maintained along with
a perfect alignment between each sentence and its parallel opposite gender forms. For

example, the sentence in Table 4.2(c) includes a first person gender reference and is



English ArabiS ] ] Label|Rewrite Label Rewrite

I wanna thank you Sl ot Wl B (@)
I’'m so happy for you e,Uai oo Sdean il 1FB IMB e,Uo“ R Ul (c)
We were coming to see you el § ) olosls o <| 1FB 1IMB eu§ ) gl o £1(d)
Because I'm your big brother A de=] s8] 1MB 1FB a0l el w9
We're ready O sdaius % | IMB 1FB Olasias £ (f)
I know, babe R (M B2F | B2M T (M @
I respect you [plural] Sede! Ul B2F B2M Kol )
I'm right here dad JlL s Ul Bom B2F L ks Ul )
Ilove you [plural] so much s (gj B2M|  BOF ‘JJJQ;\ i)

IM2M | 550 b & 2l Ul
Baby, I'm so scaraspberry right now| s 5 4 Llal) @5ls Ui 1F2M|  1F2F d e b Ll sk o)

IMOF | e b el s U )

IF2F | ol L abisgms 5oms Uil ()
'm glad you made it home, mom | olsl§ wbisgm; anw G| IM2F|  1M2M STl sgm dwn BT ()

1F2M o]l isgms 3anee Ul (5)

Table 4.2: Examples from the APGC v2.0 including the original sentence, its gender
label, its rewrite gender label, and its rewrite to the opposite grammatical gender where
appropriate. First person gendered words are in purple and second person gendered words
are in pink. The two-letter label specifies gender information of first person (first letter)
and second person (second letter). M is Masculine; F is Feminine; and B is invariant.

labeled by the annotators as 1FB, and therefore, the annotators would introduce its gender
cognate IMB. If the sentence includes both first and second person gender references
(1IM2M, 1F2M, IM2F, or 1F2F), the annotators would then introduce all its possible
gender cognates, as in Table 4.2(n-s) for instance.

In the vast majority of cases, the opposite gender forms of most words end up sharing
the same lemma (reinflection), e.g., .,Ub wAld ‘parent/father [M]’ and 5,\!‘3 wAldh
‘parent/mother [F]’. However, there are cases where gender-specific words have to be
mapped to different lemmas, resulting in a lexical change. For instance, d? Aby ‘my

dad’ and di Amy ‘my mom’ (Table 4.2(i)), or 4 ??Axwk ‘your brother’ and eLB;‘Axtk
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‘your sister’ (Table 4.2(e)). Furthermore, the annotators were instructed to avoid any

heterocentric assumptions during the annotation. For example, the sentence s g ; \_,u?
Ant zwjy ‘you are my husband’ is labeled as B2M (ambiguous first person, masculine
second person) and not 1F2M (feminine first person, masculine second person). The
annotators were also instructed to treat all proper names as gender-ambiguous (B), even
when they have strong gender-specific associations, and as such are not rewritten. Finally,

the annotators were asked to flag bad translations and malformed sentences.

4.3.3 Automatic Word-Level Annotations

Since the annotators were only allowed to perform grammatical inflections and word
substitutions, all sentences and their parallels are perfectly aligned at the word level. This
allowed us to obtain word-level gender annotations automatically as a byproduct. Since
gender information could be expressed at different parts of Arabic words (§4.2), we mark
the genders of both the base words and their pronominal enclitics. To do this, we look
at the original sentence and all of its parallel forms. If the word is the same across all
the parallel versions of a sentence, then we label it as B. Otherwise, we check if the
word ends with a gender marking pronominal enclitic, we label the gender of the enclitic
based on predefined rules as 1F, 1M, 2F, or 2M. If the gendered word does not end with a
gender-marking enclitic, then we label the enclitic as B. Once the enclitic is labeled, we
compare the base form of the word across its parallel forms. If the base form is the same,
we label it as B. Otherwise, we assign the base form the same label as its sentence-level
gender label. This results in 25 possible word-level gender labels (e.g., B+1F, 1F+2M).

For example, in Table 4.3(d-g), the word L‘? Ana ‘T’ is the same across all four
parallel versions of the sentence and thus labeled as B. In contrast, the words & s

ssydh ‘happy [F]” and s ssyd ‘happy [M] change across the parallel versions. By
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English Arabic Label
I want to talk to you dae ST Ol B @
B B B B
aals Ul FB )
I 'am going to my office B IF+B ]%
s Cals Ul MB (o)
" BIM+B B
Kt Bapmn Gl FM [(@)
B+2M 1F+B B
PP Uil MM |(e)
I'am glad to know you [plural] B+2M 1F+B B
RECTRERNWIRH B ¥ ()
B+2F IM+B B
S ns S U FF (@)
B+2F 1F+B B

Table 4.3: Examples of word-level gender annotation. First person gendered words are in
purple and second person gendered words are in pink.

looking at the sentence-level labels of the four parallel forms and since they do not
end with enclitcs, we can deduce that the word 3w sydh is first-person feminine
and label it 1F+B, and that the word s sqyd is first-person masculine and labeled it
IM+B. Similarly, we determine that the words (S:: > =5, bmcrftkm ‘know you [plural]
[M] and uﬁ.s > =& bmgsrftkn ‘know you [plural] [F]” are second-person masculine and
second-person feminine and only differ in terms of their enclitics, and therefore, would

be labeled as B+2M and B+2F, respectively.

4.3.4 Corpus Overview and Statistics

Original Corpus After the annotation, 8.2% of the sentences (5,205) were eliminated
due to malformed Arabic and annotation errors. This resulted in 58,035 sentences

(423,254 words), constituting our Original Corpus. Table 4.4(a) includes the statistics
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@ (b)
Original Corpus Balanced Corpus

Sentences | Label Rewrite Label Input | Target 1M/2M | Target 1F/2M | Target 1M/2F | Target 1F/2F| Sentences
36,9863.7%| B B B B B B 36,980 46.0%
1,123 1.9%| 1FB B+1M 1FB IMB IFB IMB 1FB 3063 3.8%
1,940 3.3%| IMB B+1F IMB IMB 1FB IMB 1FB 3063 3.8%
5,210 9.0%| B2F B+2M B2F B2M B2M B2F B2F 17374 21.6%
12,1621.0%| B2M B+2F B2M B2M B2M B2F B2F 17374 21.6%
68 0.1%| 1F2F | IM2F 1F2M IM2M|| 1F2F IM2M 1F2M IM2F 1F2F 618 0.8%
135 0.2%| 1F2M |IM2M 1F2F IMZ2F || 1F2M 1IM2M 1F2M IM2F 1F2F 618 0.8%
117 0.2%| IM2F | 1F2F 1M2M 1F2M || IM2F IM2M 1F2M IM2F 1F2F 618 0.8%
298 0.5%|1M2M| 1F2M 1M2F 1F2F ||[IM2M 1IM2M 1F2M IM2F 1F2F 618 0.8%

58,03 80,326

Table 4.4: Sentence-level statistics of the original corpus (a) and the balanced corpus (b)
with its five versions.

about the Original Corpus. Out of all sentences, 36,980 (63.7%) are labeled as B. There
are 17,374 (30%) sentences that include only second-person gendered references (BF and
BM). This is five times more than sentences with only first-person gendered references
(1FB and 1MB), which accounts for 5.3% (3,063 sentences) of all sentences. Moreover,
the number of sentences including first or second person masculine references is more
than the ones including feminine references (12,164 B2M vs 5,210 B2F, and 1,940
1MB vs 1,123 1FB). There are 618 (1.1%) sentences that have both first and second
gendered references. All of the sentences that have first or second (or both) person
gendered references are rewritten to introduce their opposite gender forms. This resulted
in 21,055 manually added sentences (162,055 words). The word-level statistics of our
Original Corpus are shown in Table 4.5(a). Among the newly added sentences, about

17% (27,596) of the words are gender-specific, constituting around 6.5% of all the words.

Balanced Corpus Similarly to Habash et al. (2019), to ensure equal gender repre-
sentation in our dataset, we force balance the corpus by adding the manually rewritten
sentences to the Original Corpus and using their original forms as their rewritten forms.

This constitutes our Balanced Corpus. The sentence-level statistics of the Balanced
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Corpus are presented in Table 4.4(b). This corpus has 80,326 sentences in total. Out of all

sentences, 46% (36,980) are marked as B, whereas sentences with gendered references
constituted 54% (43,346 sentences). We introduce five versions of the Balanced Corpus:
Input, Target 1M/2M, Target 1F/2M, Target 1M/2F, and Target 1F/2F. Each of these
target corpora is used to model the different target user contexts we are modeling for this
task. The balanced Input corpus, includes all the sentences from the Original Corpus
in addition to their rewritten forms. The Target 1M/2M corpus is the masculine-only
corpus and it includes sentences that are either invariant/ambiguous or have a first or
second person (or both) masculine references. Therefore, it only contains B, IMB, B2M,
and 1M2M sentences. The Target 1M/2F corpus is the masculine-feminine corpus and it
contains sentences that are either invariant/ambiguous or have first person masculine ref-
erences, second person feminine references, or first person masculine and second person
feminine references (i.e., B, IMB, B2F, and IM2F sentences). The Target 1F/2M corpus
is the feminine-masculine corpus and it contains B, 1FB, B2M, and 1F2M sentences.
Finally, the Target 1F/2F corpus is the feminine-only corpus and it contains B, 1FB, B2F,
and 1F2F sentences. All five corpora have the same number of sentences, words, and
gendered-specific words. The word-level statistics of the Balanced Corpus are shown in

Table 4.5(b).

Corpus Splits To aid reproducibility when using APGC v2.0 for various research
experiments, we provide train, development, and test splits for all five balanced corpora.
Following Habash et al. (2019), all five corpora were divided randomly as follows:
training (Train: 70% or 57,603 sentences), development (Dev: 10% or 6,647 sentences)
and testing (Test: 20% or 16,076 sentences). We made sure that the splits are balanced

and all parallel versions of the sentences are in the same split.
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(a) (b)

Original Corpus Balanced Corpus

Words Label Rewrite Label Input |Target IM/2M | Target 1F/2M | Target 1M/2F | Target 1F/2F Words
395,658 93.5%| B+B B+B B+B B+B B+B B+B 538,733 90.3%
21 0.0%| B+1F B+IM B+1F B+IM B+1F B+1M B+1F 43 0.0%
14 0.0%| B+IM B+1F B+IM B+IM B+1F B+1M B+1F 43 0.0%
157 0.0%| B+2F B+2M B+2F B+2M B+2M B+2F B+2F 1,419 0.2%
1,201 0.3%| B+2M B+2F B+2M B+2M B+2M B+2F B+2F 1,419 0.2%
1,488 0.4%| 1F+B IM+B 1F+B IM+B 1F+B IM+B 1F+B 4870 0.8%
2,698 0.6%| IM+B IF+B IM+B IM+B 1F+B IM+B 1F+B 4870 0.8%
6,685 1.6%| 2F+B 2M+B 2F+B 2M+B 2M+B 2F+B 2F+B 22,655 3.8%
15,297 3.6%| 2M+B 2F+B 2M+B 2M+B 2M+B 2F+B 2F+B 22,655 3.8%
3 0.0%| IF+1F IM+1M 1F+1F IM+1M 1F+1F IM+1M 1F+1F 10 0.0%
3 0.0%| 1IM+1M 1F+1F IM+1IM IM+1M 1F+1F IM+1IM 1F+1F 10 0.0%
0 0.0%| 1F+2F |IM+2M 1F+2M IM+2F || 1F+2F IM+2M 1F+2M IM+2F 1F+2F 1 0.0%
1 0.0%|IM+2M| 1IF+2M [IM+2F 1F+2F ||IM+2M IM+2M 1F+2M IM+2F 1F+2F 1 0.0%
0 0.0%]| IF+2M | IM+2M IM+2F 1F+2F || 1IF+2M IM+2M 1F+2M IM+2F 1F+2F 1 0.0%
0 0.0%| IM+2F | IM+2M 1F+2M 1F+2F || IM+2F IM+2M 1F+2M IM+2F 1F+2F 1 0.0%
0 0.0%]| 2F+1F |2M+1M 2M+1F 2F+1M|| 2F+1F 2M+1M 2M+1F 2F+1M 2F+1F 1 0.0%
0 0.0%]| 2F+1M |2M+1M 2M+1F 2F+1F || 2F+1M 2M+1M 2M+1F 2F+1M 2F+1F 1 0.0%
0 0.0%| 2M+1F | 2M+1F 2F+1M 2F+IF || 2M+1F 2M+1M 2M+1F 2F+1M 2F+1F 1 0.0%
1 0.0%|2M+IM| 2M+1F 2F+1M 2F+IF ||2M+1M 2M+1M 2M+1F 2F+IM 2F+1F 1 0.0%
4 0.0%| 2F+2F 2M+2M 2F+2F 2M+2M 2M+2M 2F+2F 2F+2F 32 0.0%
23 0.0%|2M+2M 2F+2F 2M+2M 2M+2M 2M+2M 2F+2F 2F+2F 32 0.0%

423,254 596,799

Table 4.5: Word-level statistics of the original corpus (a) and the balanced corpus (b)
with its five versions.

Machine Translation Outputs The efforts to develop APGC v1.0 and APGC v2.0
were motivated by the observation of common gender bias in user-unaware NLP systems
targeting morphologically rich languages, specifically Arabic in our case. As part of our
dataset, we generated machine translation outputs by translating the English portion of
the Input Balanced Corpus into Arabic using the Google Translate API. We selected
Google Translate due to its widespread use, though our approach can be applied to any
machine translation system. While Google Translate has made notable efforts to mitigate
gender bias—such as generating multiple gendered translations for certain language pairs
(Johnson, 2020)—Arabic is not yet among them. To support research on bias mitigation

and corrective post-editing, we include Google Translate’s outputs in our corpus release.
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4.4 Approach

In this section, we present the gender rewriting models explored in this dissertation. We
experiment with two main approaches: joint Seq2Seq models, which perform sentence-
level rewriting in a single pass without an explicit identification step (Alhafni et al.,
2020), and multi-step word-level models, which decompose the process into separate
identification and rewriting stages for finer control (Alhafni et al., 2022b). Below, we

describe both models and evaluate their performance on APGC v2.0.

4.4.1 Joint Gender Rewriting

Our joint gender rewriting model is a character-level Seq2Seq model. The encoder
consists of a two-layer bidirectional GRU (Cho et al., 2014), while the decoder is a
two-layer GRU with additive attention (Bahdanau et al., 2014) over the encoder’s hidden
states. Unlike the multi-step approach, this model rewrites sentences without an explicit
word-level gender identification step, directly generating the target-gendered output in a
single pass. To incorporate the user target gender, we employ side constraints (Sennrich
et al., 2016a). Specifically, we prepend a special token representing the target gender to
the input sentence (e.g., ‘<IM/2F> Input Sentence’). This token is treated like any other
in the vocabulary, allowing the encoder to learn a representation for it, which the decoder
then attends to when generating the output sequence.

Additionally, we explore enriching character representations with word-level mor-
phological features. We extract functional gender features from the CALIMA g;,, Arabic
morphological analyzer (Taji et al., 2018b), which is part of CAMeL Tools (Obeid et al.,
2020). These features indicate whether a word is masculine or feminine and whether its

analysis includes spelling back-off, and they are represented as a four-dimensional one-
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Figure 4.1: The multi-step gender rewriting system. First person gendered words are in
purple and second person gendered words are in red. The user target gender is 1M/2M.
The input words glad (1F+B), know you (B+2F), and ladies (2F+B) are rewritten to their
masculine forms.

hot vector. We append these morphological features to character-level representations,
enriching each character embedding with word-level information before feeding it into

the encoder. At inference time, we use beam search to generate the output sequence.

4.4.2 Multi-Step Gender Rewriting

Seq2Seq models, while effective for many text generation tasks, often suffer from
hallucinations and lack fine-grained control over the output (Ji et al., 2023). They also
require large amounts of training data to generalize well, which can be a challenge

in specialized tasks like gender rewriting. To address these limitations, we explore a
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controlled word-level multi-step approach that combines the strengths of rule-based and

neural models. Our system consists of three components: Gender Identification, Out-
of-Context Word Gender Rewriting, and In-Context Ranking and Selection. Figure 4.1

presents an overview of our mutli-step gender rewriting model.

Gender Identification: We first identify the word-level gender label (base word +
pronominal enclitic) for each word in the input sentence. We build a word-level classifier
by leveraging a Transformer-based pretrained language model. There are many Arabic
monolingual BERT models available such as AraBERT (Antoun et al., 2020), ARBERT
(Abdul-Mageed et al., 2021a), and QARIB (Abdelali et al., 2021). However, we chose
to use CAMeLBERT MSA (Inoue et al., 2021) as it was pretrained on the largest MSA
dataset to date. Following the work of Devlin et al. (2019), we fine-tune CAMeLBERT
MSA using Hugging Face’s transformers (Wolf et al., 2020) by adding a fully-connected

linear layer with a softmax on top of its architecture.

Out-of-context Word Gender Rewriting: Given the desired user target gender as an
input and the identified gender label for each word in the input sentence, we decide if a
word-level gender rewrite is needed based on the compatibility between the provided user
target gender and the predicted word-level gender labels. We implement three word-level
gender alternative generation models: Corpus-based Rewriter, Morphological Rewriter,

and Neural Rewriter:

* Corpus-based Rewriter (CorpusR): We build a simple word-level lookup rewrit-
ing model by exploiting the fully aligned words in the APGC. We implement this
model as a bigram maximum likelihood estimator: given an input word with its

bigram surrounding context (w;, w;_1), a gender alternative target word (y;), and
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a desired word-level target gender (g), the CorpusR model is built by computing

P(y;|w;, w;_1, g) over the training examples. During inference, we generate all
possible gender alternatives for the given input word (w;). If the bigram context
(w;, w;—1) was not observed in the training data, we backoff to a unigram context.

If the input word was not observed during training, we pass it to the output as it is.

Morphological Rewriter (MorphR): For the morphological rewriter, we use
the morphological analyzer and generator provided by CAMeL Tools (Obeid
et al., 2020). We extend the Standard Arabic Morphological Analyzer database
(SAMA) (Graff et al., 2009) used by the morphological generator to produce
controlled gender alternatives. We make our extensions to the database publicly
available. Given an input word and a desired word-level target gender, the morpho-
logical generator has the ability to produce gender alternatives by either rewriting
the base word, its pronominal enclitics, or both. If an input word does not get
recognized by the morphological analyzer and generator, we pass it to the output as

it is. It is worth noting that this rewriting model does not require any training data.

Neural Rewriter (NeuralR): The word-level neural rewriter shares the same
character-level encoder-decoder architecture as the joint model described in (§4.4.1),
utilizing a two-layer bidirectional GRU encoder and a two-layer GRU decoder
with additive attention. To incorporate word-level target gender information, we
use the same side constraint technique (Sennrich et al., 2016a) applied at the word
level. Specifically, we prepend a special token representing the target gender (e.g.,
[1F+B]) to the input word and we feed that entire sequence to the model (i.e.,
[1F+B] Asw). During inference, we use beam search to generate the top 3-best

hypotheses.
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In-Context Ranking and Selection: Since the three word-level gender alternative

generation models we implement are out-of-context and given Arabic’s morphological
richness, we expect to get multiple output words when generating a single gender
alternative for a particular input word. This leads to producing multiple candidate
gender alternative output sentences. To select the best candidate output sentence, we
rank all candidates in full sentential context based on their pseudo-log-likelihood (PLL)
scores (Salazar et al., 2020). We first use Hugging Face’s transformers to fine-tune the
CAMeLBERT MSA model on the Input corpus of APGC by using a masked language
modeling (Devlin et al., 2019) objective. This helps in mitigating the domain shift
(Gretton et al., 2006) issue between CAMeLBERT’s pretraining data and APGC. We
then compute the PLL score for each sentence using the fine-tuned CAMeLBERT MSA

model by masking the sentence tokens one by one.

4.5 Experimental Setup

Evaluation Metrics We treat the gender rewriting problem as a grammatical error
correction task and use the MaxMatch (M?) Scorer (Dahlmeier and Ng, 2012) as our
evaluation metric. The M? Scorer computes the precision (P), recall (R), and Fy s by
maximally matching system edits with gold-standard edits. F,s weighs precision twice
as much as recall, to prioritize the accuracy of edits relative to all edits made by the
system. The gold edits are computed by the M? Scorer based on provided gold references.
We also report BLEU (Papineni et al., 2002) scores using SacreBLEU (Post, 2018). We

report results in a normalized space for Alif, Ya, and Ta-Marbuta (Habash, 2010).

Baselines We introduce three baseline models. The first trivially copies input sentences

to the output, highlighting the similarity between inputs and outputs. The second and third
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use the sentence-level Seq2Seq joint rewriting model (§4.4.1). To assess the impact of

word-level morphological features, we evaluate two variants: one without morphological

features (Joint) and another incorporating them (Joint+Morph).

LLMs We evaluate four LLMs: two commercial models and two open-source, Arabic-
centric models. The commercial models include OpenAI’s GPT-3.5-turbo and GPT-40
(OpenAl et al., 2024), while the Arabic-centric models are Jais-30B-Chat (Sengupta
et al., 2023) and the recently introduced Fanar LLM (Team et al., 2025). We prompt
GPT-3.5-turbo, GPT-40, and Fanar through the OpenAl API, while Jais-30B-Chat is
prompted using Hugging Face’s Transformers (Wolf et al., 2020). Our experiments use
both English and Arabic prompts, employing O-shot and 5-shot prompting strategies.
Additionally, we experiment with incorporating gender identification (GID) predictions
directly into the prompt, explicitly indicating gender-marking words. This strategy aims
to enhance performance by guiding the model to change only the gender-marking words
while preserving the original phrasing and lexical choices. Our prompt designs are

detailed in Tables A.1, A.2, and A.3 in Appendix A.1.

Multi-Step Models We explore five variants of the multi-step gender rewriting model
from §4.4.2, originally introduced by (Alhafni et al., 2022b). All five variants use the
same gender identification (GID) and in-context selection models, but differ in their
out-of-context word-level gender rewriting generation setup. The first three variants use
one word-level gender rewriting model each — CorpusR, MorphR, or NeuralR. The
fourth multi-step model uses MorphR as a backoff if the input words that need to be
rewritten are not observed by the CorpusR model during training (CorpusR»MorphR).
The fifth system uses all three word-level gender alternative generation models in a

backoff cascade: CorpusR»MorphR»NeuralR.
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Data Augmentation Given the relatively small size of APGC and motivated by work

on using data augmentation to improve grammatical error correction (Wan et al., 2020;
Stahlberg and Kumar, 2021), we investigate adding additional training examples through
data augmentation. We randomly selected 800K sentences from the English-Arabic
portion of the OpenSubtitles 2018 dataset, which was used to build APGC. We ensured
that all extracted pairs include either first or second (or both) person pronouns on the
English side: I, me, my, mine, myself, and you, your, yours, yourself. To generate gender
alternatives of the selected Arabic sentences, we pass each sentence four times through our
best gender rewriting system to generate all four user gender contexts (1M/2M, 1F/2M,
1M/2F, 1F/2F). We add the 800K selected Arabic sentences and their 1IM/2M, 1F/2M,
IM/2F, 1F/2F generated gender alternatives to the Input, Target 1M/2M, Target 1F/2M,
Target 1M/2F, and Target 1F/2F corpora of the training split of APGC, respectively. At
the end, we end up with 857,603 Arabic parallel sentences (6,209,958 words).

4.5.1 Results

Table 4.6 presents the Dev set results. Joint+Morph improves over the Joint baseline
with 1.9 increase in M? Fy 5, highlighting the usefulness of the morphological features.
We present the LLM results (Table 4.6(d—h)) using their best configurations, deter-
mined by prompt language and strategy (0-shot vs. 5-shot). Full results are in Table A.4
in Appendix A.2. Among the LLMs, GPT-40 performs best with an Fy s score of 52.8.
However, all LLMs underperform compared to the joint models, mainly due to over-
generation, making unnecessary edits beyond the intended gender-marking words, which
is reflected in the low BLEU scores. To address this, we conducted an additional ex-
periment where gender-marking words were explicitly identified using GID predictions

before prompting GPT-40. This setup, GID+GPT-4o, significantly improved perfor-
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P R Fys BLEU
(a) Do Nothing 100.0 0.0 0.0 894
(b) Joint 77.1 777 772 95.6
(¢) Joint + Morph 79.0 79.8 79.1 96.2
(d) Fanar 12.6 43.7 147 39.5
(e) Jais-30B-Chat 82 334 9.6 245
(f) GPT-3.5-turbo 219 64.8 252 69.5
(g) GPT-4o 49.2 74.6 52.8 88.8
() GID +GPT-40 771 717712 963
(i) GID + CorpusR + Selection 88.2 71.2 84.2 96.5
(G) GID  + MorphR + Selection 84.5 753 825 97.0
k) GID + NeuralR + Selection 84.6 73.3 82.1 96.8
) GID  + CorpusR » MorphR + Selection =~ | 88.6 858 88.0 98.0
(m) GID  + CorpusR » MorphR » NeuralR  + Selection| 88.5 86.7 88.1 98.0
‘(n) GIDgyg + CorpusR » MorphR » NeuralRy,, + Selection| 88.7 86.8 88.3 98.1

Table 4.6: Multi-user gender rewriting results on the Dev set of APGC v2.0. Aug
indicates using augmented data.

mance, raising the Fy 5 score by 24.4 points to 77.2. These results highlight the utility of
GID as a control mechanism to better steer LLM outputs.

When it comes to the multi-step rewriting models (Table 4.6(i-n)), The best perform-
ing system overall is the model using all rewrite components (Table 4.6(m)), henceforth,
Our Best Model. It improves over the joint models and LLMs in every compared metric.
Our Best Model’s biggest advantages seem to come from combining the three word-level
out-of-context gender alternative generation models in a cascaded setup to deal with
OOV words during the generation. Comparing (m) with (c,i,j) in Table 4.6, we observe
improvements ranging from 3.91 to 6.02 F 5.

We used Our Best Model to conduct the data augmentation experiments. The best
augmented model’s results, which benefits from augmentation in the GID and NeuralR
components, are also presented in Table 4.6(n). However, its increase of 0.19 points in
Fy s is not statistically significant with McNemar’s (McNemar, 1947) test at p > 0.05.

The results of our best models on the Test sets of APGC v2.0 are presented in
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P R Fys BLEU
Joint + Morph 79.3 80.4 79.5 96.2
GID + GPT-40 76.4 76.5 76.4 96.2
GID + CorpusR » MorphR » NeuralR  + Selection |88.7 86.1 88.2 98.0
GID,,z + CorpusR » MorphR » NeuralRy,, + Selection|88.9 86.7 88.4 98.1

Table 4.7: Gender rewriting results on the Test sets of APGC v2.0.

Table 4.7. The results on APGC v2.0 Test show consistent conclusions with the Dev
results. Our best augmented model improves over its non-augmented variant in every
compared metric, including a 0.25 absolute increase in F 5 that is statistically significant

with McNemar’s test at p < 0.05.

4.5.2 Error Analysis

We conducted an error analysis over the output of our best augmented system on
APGC v2.0 Deyv. In total, there were 1,475 (5.5% out of 26,588) sentences with errors
across the four target corpora. Table 4.8 presents a summary of the error types our best
augmented model makes. The majority of errors (67.3%) were caused by GID which
achieves a word-level accuracy of 98.9% on Dev. The gender-rewriting errors constituted
18.1% and selection errors 14.6%. Considering different target corpora, we observe that
every time an F target is added, the number of errors increases. The 1M/2M target outputs
has the lowest number of errors (268 or 18%), while the 1M/2F targets outputs has the

highest number of errors (480 or 33%).

4.5.3 Use Case: Post-Editing MT Output

We demonstrate next how our proposed gender rewriting model could be used to person-

alize the output of user-unaware MT systems through post-editing. We use the English



1IM/2M | 1F2M | 1M/2F | 1F/2F
GID 150 56%|194 70% 325 68% 324 72%
Rewrite| 69 26% | 50 18% | 82 17%| 66 15%
Select | 49 18% | 35 13%| 73 15%| 58 13%
Total 268 279 480 448
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Table 4.8: Error type statistics of our best augmented system’s performance on APGC
v2.0 Dev.

Target 1M/2M |1F/2M | 1IM/2F | 1F/2F
Google Translate| 13.6 132 | 114 | 11.0
Best Systemy, 13.7 13.6 | 13.3 | 13.2

Table 4.9: BLEU results on the post-edited Google Translate output of APGC v2.1 Test
using our best augmented system.

to Arabic Google Translate output sentences that are part of APGC v2.0. We evaluate
Google Translate’s output against all four target corpora (1M/2M, 1F/2M, 1M/2F, 1F/2F)
separately. To re-target Google Translate’s Arabic output for the four user gender contexts
we model, we pass each Arabic sentence four times through our best augmented system
(Table 4.6(n)). We present the evaluation in terms of BLEU in Table 4.9 over APGC v2.0
Test. All the results are reported in a normalized space for Alif, Ya, and Ta-Marbuta.
Again, we observe that every time an M participant is switched to F, the BLEU scores
drop for Google Translate’s output. This highlights the bias the machine translation
output has towards masculine grammatical gender preferences. The post-edited outputs
generated by our best augmented system improves over Google Translate’s across the

four target user contexts, achieving the highest increase in 2.27 BLEU points for 1F/2F.



52

4.6 The User-Aware Arabic Gender Rewriter

We develop a web-based application introduced in Alhafni et al. (2023b) that leverages
our best-performing multi-step gender rewriting model, enabling users to interact with a
fully functional Arabic gender rewriting system. The system accepts both Arabic and
English input sentences, allowing users to specify their desired first- and/or second-
person grammatical gender preferences. For Arabic input, it generates gender-rewritten
alternatives that align with the specified user preferences. For English input, it first
translates the text into Arabic using Google Translate before applying gender rewriting.
To the best of our knowledge, this is the first open-access web-based system for Arabic
gender rewriting, providing a practical tool for generating personalized, user-aware
outputs.

Figure 4.2 illustrates the web-based system. At the top, there is a text box to input
either English or Arabic text. At each side of the text box, there are two selection buttons
to indicate the desired target gender preferences for the speaker and the listener (& is for
masculine and @ is for feminine). Users can choose any combination of target genders,
including no target gender selection (i.e., requesting no rewriting). Once the user clicks
on the Translate & Rewrite button, any English input is first translated into Arabic using
the Google Translate API before generating gendered alternatives. When the gender
rewriting process is done, additional text boxes will appear: the first text box will always
contain the gender-identified Arabic inputs and the rest of the text boxes will contain
the gender rewritten alternatives. Each gender marking word in the gender-identified
input text box will be labeled as either masculine (d") or feminine (Q). First-person (i.e.,
speaker) gendered words are colored in and second-person (i.e., listener) gendered

words are colored in
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Figure 4.2: The Arabic Gender Rewriter interface showing gender rewritten alternatives
of three input sentences in four modes: (a) Target speaker @ gender rewrites, (b) Target
speaker Q@ and target listener @ and ¢ gender rewrites, (c) Target speaker @ and ¢ and
target listener @ gender rewrites, and (d) Target speaker @ and & and target listener @ and
d" gender rewrites. Speaker gendered words are in blue and listener gendered words are

m

The number of output text boxes corresponds to the selected target gender preferences.

Each box is labeled according to the gender combination it represents. For instance, in

Figure 4.2(a), two text boxes display first-person masculine and feminine alternatives,

while Figure 4.2(b) shows four text boxes containing gendered alternatives for both first-

and second-person references.
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4.7 The Shared Task on Arabic Gender Rewriting

To raise awareness of gender bias in Arabic NLP and encourage the development of
mitigation strategies, we organized a shared task on gender rewriting for Arabic as part
of the Seventh Arabic Natural Language Processing Workshop (WANLP), collocated
with EMNLP 2022. This was the first WANLP shared task in seven years to focus on

Arabic language generation. A total of five teams from four countries participated.

4.7.1 Data

Participants were only allowed to use the publicly available APGC v2.0 to build their
systems. To ensure a fair comparison between all participants, we manually annotated
a new blind test set to evaluate their systems. The new blind test set was selected and
annotated by following the same guidelines used to build the APGC (§4.3). This corpus
has 7,318 sentences in total. Out of all sentences, 38.5% (2,818) are marked as B, whereas

sentences with gendered references constituted 61.5% (4,500 sentences).

4.7.2 Participants and Systems

Table 4.10 presents the names of the participating teams and their affiliations. All
participants leveraged pretrained language models such as AraBERT (Antoun et al.,
2020), CAMeLBERT (Inoue et al., 2021), TS (Raffel et al., 2020), and AraT5 (Nagoudi
et al., 2022), when developing their systems. Some systems consisted of multiple
components to do gender identification and then rewriting as we did in §4.4.2, while
others treated the problem as a traditional Seq2Seq task. Table 4.11 presents a summary

of the different approaches used to develop the different systems.
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Team Affiliation

Cairo Team |Microsoft Egypt, Egypt

CasaNLP Archipel Cognitive; and Leyton, Morocco
Distinguishers | Taif University; and Umm Alqura University, KSA
Qaddoumi New York University, USA

UDEL-NLP | University of Delaware, USA

Table 4.10: List of the five teams who participated in the gender rewriting shared task.

Team Gender ID | Special Preprocessing |Pretrained Models

Cairo Team 4 CAMeLBERT-MSA + AraT5-MSA
CasaNLP 4 Word Side Constraints CAMeLBERT-MSA + AraT5-MSA
Distinguishers v Morphological Features |CAMeLBERT-MSA + AraBERT
Qaddoumi Romanization T5

UDEL-NLP Sentence Side Constraints | ArabicT5

Table 4.11: Approaches and techniques used by the participants. Gender ID refers to
gender identification. Special Preprocessing refers to any form of preprocessing done to
modify the data (e.g., adding side-constraints, morphological processing, transliteration,
etc.). Pretrained Models indicates the usage of pretrained models as part of the system.

4.7.3 Results

Table 4.12 presents the results on the newly annotated Blind Test set. The last row is
for the state-of-the-art system in §4.4.2. The best result in terms of F 5 is achieved by
the Cairo Team (75.4), the official winner of the shared task. This is mainly due to their
high score in precision (76.3). Qaddoumi comes in second place achieving an F; s of
59.7, followed by UDEL-NLP in third place with 59.1 in Fy 5. In fourth place, CasaNLP
achieves an F 5 score of 55.45 with the highest recall of 84.6. Distinguishers comes in
fifth place, achieving 20.5 in Fys. It is worth noting that none of the systems is able to

beat the previously published system by our system applied to the new Blind Test.
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Team | R Fos | BLEU
Cairo Team 76.3(1)|72.3 (3)|75.4 (1)|94.9 (1)
CasaNLP 51.1(4)|84.6 (1)|55.5 (4)|86.1 (4)
Distinguishers 20.9 (5)[19.0 (5)(20.5 (5)|84.9 (5)
Qaddoumi 56.5(3)|77.1 (2)|59.7 (2)|88.5 (3)
UDEL-NLP 57.1(2)]68.6 (4)[59.1 (3)|91.0 (2)

Alhafni et al. (2022b)‘ 88.5 | 85.0 | 87.8 | 97.6

Table 4.12: Results on the Blind Test set. Numbers in parentheses are the ranks.

(a) (b)
Team Word A | Metric| Correl
Cairo Team 0.80% | P -42.95%
CasaNLP -0.02% | R -77.56%
Distinguishers| 1.28% | Fys -50.86%
Qaddoumi -0.63% | BLEU |-11.86%
UDEL-NLP 0.05%

Table 4.13: (a) The relative difference in the number of generated words for each team in
comparison with the Blind Test reference. (b) The Pearson correlation of the shared task
metrics in Table 4.12 with the absolute values of Word A.

4.7.4 Error Analysis

We conducted a simple error analysis over the outputs of all system on the Blind Test set.
Given that most teams employed sentence-level Seq2Seq models when developing their
gender rewriting systems, we suspected that the outputs will be noisy since sentence-level
models will not guarantee that changes are only applied to gendered words, or maintain
the word-level parallelism between the input and output. Table 4.13(a) presents the
relative difference in the number of generated words for each team in comparison with
the Blind Test reference; and Table 4.13(b) presents their correlation with the shared task
metrics. None of the teams maintained the total number of words. We observe a strong
negative correlation between the absolute value of relative word count differences and the

evaluation metrics — almost -51% correlation with Fy 5, and -78% correlation with recall.
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4.8 Summary

In this chapter, we introduced the task of gender rewriting for Arabic. We presented
the Arabic Parallel Gender Corpus and explored different gender rewriting approaches,
including LLMs, a joint sentence-level Seq2Seq model, and a word-level multi-step
approach. Our experiments demonstrated that the word-level multi-step approach out-
performs the Seq2Seq model by providing finer control over the generation process.
Additionally, we showcased how this system can help mitigate gender bias in English-
to-Arabic machine translation. To facilitate user interaction, we developed a web-based
application that seamlessly integrates the model. Lastly, we discussed our findings from
a shared task on Arabic gender rewriting that we organized.

Our primary motivation behind this work is to enhance the inclusiveness of NLP
applications for morphologically rich, gender-marked languages. Our work aims to em-
power users by enabling them to interact with NLP systems in ways that align with their
social identities. However, we acknowledge that our approach—limited to grammatical
gender in Arabic—excludes other alternatives, such as non-binary or gender-neutral ex-
pressions. Currently, we are unaware of any published sociolinguistic research exploring
such alternatives in Arabic. Nevertheless, we emphasize the importance of adapting
Arabic NLP models to accommodate emerging gender expressions as language usage
evolves. Looking ahead, we envision a future where websites and translation systems
integrate automatic gender rewriting, allowing users to customize gender presentation

through intuitive settings, much like selecting a preferred language.
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Chapter 5

Arabic Grammatical Error Detection

and Correction

In this chapter, we present a comprehensive study on Modern Standard Arabic (MSA)
grammatical error correction (GEC). We report the first results on MSA GEC using
Transformer-based pretrained Seq2Seq models and introduce the task of multi-class
MSA grammatical error detection (GED). We show that conditioning Seq2Seq models
on error patterns by incorporating GED predictions as auxiliary input significantly
improves GEC performance. Beyond model architectures, we investigate the impact of
contextual morphological preprocessing on Arabic GEC. Additionally, we benchmark
open-source and commercial LL.Ms to assess their performance on MSA GEC. Our
models achieve state-of-the-art results on two MSA GEC shared task datasets: one
consisting of comments written by native speakers (L1) and the other of essays written
by second-language learners (L2). Additionally, we establish a strong benchmark on a

recently introduced MSA GEC dataset consisting of L1 essays.
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5.1 Introduction

Grammatical Error Correction (GEC) aims to correct errors in text, including grammatical
mistakes such as missing prepositions and subject-verb agreement mismatches, as well as
orthographic and semantic errors like misspellings and incorrect word choices. Most state-
of-the-art systems adopt neural machine translation techniques to transform erroneous
text into its corrected form. In contrast, grammatical error detection (GED) is framed as
a sequence labeling task that identifies and classifies errors. Both GEC and GED have
significant pedagogical applications for native (L.1) and second-language (L2) learners.

While GEC and GED have been widely studied in English, research on morpho-
logically rich languages remains limited due to the scarcity of annotated datasets with
standardized error types. In Arabic, the application of Seq2Seq modeling for GEC is still
underexplored, and multi-class Arabic GED has yet to be investigated.

In this chapter, we focus on Modern Standard Arabic (MSA). We benchmark pre-
trained Arabic Seq2Seq models and LLLMs on GEC and formalize the task of multi-class
MSA GED by enriching existing parallel GEC datasets with error type annotations. We
also show that conditioning models on GED predictions improves GEC performance. For-
mally, given an erroneous Arabic sentence X and its corresponding error type sequence

E, the task is to generate the corrected version Y':

Y|X E HP yt|y17"'7yt—17X7E>
t=1

Additionally, we explore the impact of contextual morphological preprocessing on GEC
performance. Our models achieve state-of-the-art results on two MSA GEC (L1 and L2)

datasets and establish a strong benchmark on a recently created L1 MSA GEC dataset.
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5.2 Background and Related Work

GEC Approaches

Early GEC efforts focused on building feature-based machine learning (ML) classifiers
to fix common error types (Chodorow et al., 2007; Tetreault and Chodorow, 2008;
Dahlmeier and Ng, 2011; Kochmar et al., 2012; Rozovskaya and Roth, 2013; Farra et al.,
2014). Such models required feature engineering and lacked the ability to correct all
error types simultaneously. Reformulating GEC as a monolingual machine translation
task alleviated these issues, first with statistical machine translation approaches (Felice
et al., 2014; Junczys-Dowmunt and Grundkiewicz, 2014, 2016) and then neural machine
translation approaches (Yuan and Briscoe, 2016; Xie et al., 2016; Watson et al., 2018b),
with Transformer-based models being the most dominant (Junczys-Dowmunt et al., 2018;
Yuan et al., 2019; Zhao et al., 2019; Grundkiewicz et al., 2019; Katsumata and Komachi,
2020; Kaneko et al., 2020; Wan et al., 2020; Yuan et al., 2021; Yuan and Bryant, 2021;
Stahlberg and Kumar, 2021; Rothe et al., 2021; Zhou et al., 2023a; Luhtaru et al., 2024).

To improve efficiency and interpretability, text editing models have emerged as an
alternative to Seq2Seq approaches (Awasthi et al., 2019; Malmi et al., 2019; Stahlberg
and Kumar, 2020; Mallinson et al., 2020; Omelianchuk et al., 2020; Straka et al., 2021;
Mallinson et al., 2022; Tarnavskyi et al., 2022; Mesham et al., 2023; Zhang et al., 2023).
Unlike Seq2Seq models, which generate corrected text from scratch, text editing models
treat GEC as a sequence tagging task, producing a set of edit operations that modify the
erroneous input. We present a novel text editing model for GEC in chapter 7.

LLMs have also been evaluated on GEC (Fang et al., 2023; Coyne et al., 2023; Wu

et al., 2023; Loem et al., 2023; Raheja et al., 2023; Kaneko and Okazaki, 2023; Raheja
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et al., 2024; Davis et al., 2024; Katinskaia and Yangarber, 2024; Omelianchuk et al., 2024;

Mita et al., 2024; Kaneko and Okazaki, 2024). In our work, we benchmark commercial

and open-source LLLMs on MSA GEC.

GED Approaches

When it comes to GED, Rei and Yannakoudakis (2016) presented the first GED results
using a neural approach framing GED as a binary (correct/incorrect) sequence tagging
problem. Others used pretrained language models such as BERT (Devlin et al., 2019),
ELECTRA (Clark et al., 2020), and XLNeT (Yang et al., 2019a) to improve binary GED
(Bell et al., 2019; Kaneko and Komachi, 2019; Yuan et al., 2021; Rothe et al., 2021). Zhao
et al. (2019) and Yuan et al. (2019) demonstrated that combining GED and GEC yields
improved results: they used multi-task learning to add token-level and sentence-level
GED as auxiliary tasks when training for GEC. Similarly, Yuan et al. (2021) showed that

binary and multi-class GED improves GEC.

Arabic GED and GEC

Although GEC has been studied in other languages (Bryant et al., 2023) such as Chinese
(Zhao et al., 2018c; Rao et al., 2020), Czech (Ndplava and Straka, 2019; Néplava et al.,
2022), German (Boyd, 2018), Japanese (Koyama et al., 2020), Russian (Rozovskaya and
Roth, 2019), and Ukrainian (Syvokon et al., 2023), most research efforts have mainly
focused on English and gained popularity through a series of shared tasks (Dale and
Kilgarriff, 2011; Ng et al., 2013, 2014; Bryant et al., 2019). When it comes to Arabic,
GEC research gained traction due to the QALB-2014 (L1) (Mohit et al., 2014b) and
QALB-2015 (L1 and L2) (Rozovskaya et al., 2015a) shared tasks that were organized

as part of the Qatar Arabic Language Bank (QALB) project (Zaghouani et al., 2014,
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2015a). More recently, Habash and Palfreyman (2022) introduced the Zayed Arabic-

English Bilingual Undergraduate Corpus (ZAEBUC) corpus, a dataset of essays written
by L1 university students. In this work, we leverage the QALB-2014, QALB-2015, and
ZAEBUC.

Arabic GEC modeling efforts ranged from feature-based ML classifiers to statistical
MT models (Rozovskaya et al., 2014; Attia et al., 2014; Bougares and Bouamor, 2015;
Nawar, 2015). Watson et al. (2018b) introduced the first character-level Seq2Seq model
and achieved state-of-the-art (SOTA) results on the L1 Arabic GEC data used in the
QALB-2014 and 2015 shared tasks. Recently, vanilla Transformers were explored for
synthetic data generation to improve L1 Arabic GEC and were tested on the L1 data
of the QALB-2014 and 2015 shared tasks (Solyman et al., 2021, 2022, 2023). To our
knowledge, the last reported QALB-2015 L2 results appeared in the original shared task.

A number of researchers reported on Arabic binary GED. Habash and Roth (2011)
used feature-engineered SVM classifiers to detect Arabic handwriting recognition errors.
Alkhatib et al. (2020) and Madi and Al-Khalifa (2020) used LSTM-based classifiers.
None of them used any of the publicly available GEC datasets mentioned above to
train and test their systems. In our work, we explore multi-class GED by obtaining
error type annotations from ARETA (Belkebir and Habash, 2021), an automatic error
type annotation tool for MSA. To our knowledge, we are the first to report on Arabic

multi-class GED.

Arabic GEC Challenges

While its orthography is standardized, written MSA suffers many orthographic incon-

sistencies (§2) even in professionally written news articles (Buckwalter, 2004b; Habash
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et al., 2012a). For example, hamzated Alifs (TA, jff) are commonly confused with the

un-hamzated letter (! A), and the word-final letters S and ¢ y are often used inter-
changeably. These errors affect 11% of all words (4.5 errors per sentence) in the Penn
Arabic Treebank (Habash, 2010). Additionally, the use of punctuation in Arabic is very
inconsistent, and omitting punctuation marks is very frequent (Awad, 2013; Zaghouani
and Awad, 2016). Punctuation errors account for approximately 40% of all errors in the
QALB-2014 GEC shared task—ten times higher than those found in the English data used
in the CoNLL-2013 GEC shared task (Ng et al., 2013).

Beyond orthography, Arabic’s rich morphology presents additional challenges for
GEC. The language inflects for gender, number, person, case, state, mood, voice, and
aspect, while also incorporating cliticized particles and pronouns. These factors sig-
nificantly expand vocabulary size and introduce structural complexity. Moreover, due
to diglossia, native speakers writing in MSA frequently code-switch by incorporating

elements from their dialects (§2).

5.3 Approach

5.3.1 Arabic Grammatical Error Detection

Most of the work on GED has focused on English (§5.2), where error type annotations
are provided manually (Yannakoudakis et al., 2011; Dahlmeier et al., 2013) or obtained
automatically using an error type annotation tool such as ERRANT (Bryant et al., 2017).
However, when it comes to morphologically rich languages such as Arabic, GED remains
a challenge. This is largely due to the lack of manually annotated data and standardized

error type frameworks. In this work, we treat GED as a mutli-class sequence labeling task.
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We present a method to automatically obtain error type annotations by extracting edits

from parallel erroneous and corrected sentences and then passing them to an Arabic error
type annotation tool. To the best of our knowledge, this is the first work that explores

multi-class GED in Arabic.

Edit Extraction

Before automatically labeling each erroneous sentence token, we need to align the
erroneous and corrected sentence pairs to locate the positions of all edits so as to map
errors to corrections. This step is usually referred to as edit extraction in GEC literature.

We first obtain character-level alignment between the erroneous and corrected sen-
tence pair by computing the weighted Levenshtein edit distance (Levenshtein, 1966) for
each pair of tokens in the two sentences. The output of this alignment is a sequence of
token-level edit operations representing the minimum number of insertions, deletions,
and replacements needed to transform one token into another. Each of these operations
involves one token at most belonging to either sentence. However, some errors may
involve more than one single edit operation. To capture multi-token edits, we extend
the alignment to cover merges and splits by implementing an iterative algorithm that
greedily merges or splits adjacent tokens such that the overall cumulative edit distance is

minimized.

Error Type Annotation

Next, we pass the extracted edits to an automatic annotation tool to label them with
specific error types. We use ARETA, an automatic error type annotation tool for MSA
(Belkebir and Habash, 2021). Internally, ARETA is built using a combination of rule-

based components and an Arabic morphological analyzer (Taji et al., 2018a; Obeid et al.,
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QALB-2014 QALB-2015
P+ R1T AER] P+ R AER/
M2 925 87.1 0.10 90.8 833 0.13

Lev. 86.8 843 0.14 845 842 0.16
ARETA 843 829 0.16 84.1 84.7 0.16
Ours 99.6 99.7 0.00 97.7 98.0 0.02

Table 5.1: Evaluation of different alignment algorithms.

2020). It uses the error taxonomy of the Arabic Learner Corpus (ALC) (Alfaifi and
Atwell, 2012; Alfaifi et al., 2013) which defines seven error classes covering orthography
(O), morphology (M), syntax (X), semantics (S), punctuation (P), merges, and splits. The
error classes are further differentiated into 32 error tags that can be assigned individually
or in combination.

ARETA comes with its own alignment algorithm that extracts edits, however, it does
not handle many-to-one and many-to-many edit operations (Belkebir and Habash, 2021).
We replace ARETA’s alignment algorithm with ours to increase the coverage of error
typing. Using our edit extraction algorithm with ARETA enables us to automatically
annotate single-token and multi-token edits with various error types. Table 5.2 presents
the error types obtained from ARETA using our alignment over the three GEC datasets
we use.

To demonstrate the effectiveness of our alignment algorithm, we compare our algo-
rithm to the alignments generated by the M? scorer, a standard Levenshtein edit distance,
and ARETA. Table 5.1 presents the evaluation results of the alignment algorithms against
the manual gold alignments of the QALB-2014 and QALB-2015 Dev sets in terms of
precision (P), recall (R), and alignment error rate (AER) (Mihalcea and Pedersen, 2003;
Och and Ney, 2003). Results show that our alignment algorithm is superior across all

metrics.
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Tag Error Description Example QALB-2014 |QALB-2015| ZAEBUC
OA |Alif, Ya & Alif-Magsura Sle — e 7,627 3% 290 2% 27 0%
OC |Char Order L i e— Ly 466 0% 45 0% 30 0%
OD |Additional Char PN — podmy 4,086 1% 283  2%| 103 2%
OG |Lengthening short vowels Pl — saids 0 0% 0 0% 0 0%
OH |Hamza errors S8 ) 90,579 30%| 1,076  8%] 1,905 32%
Orthography |OM |Missing char(s) Ol — ol 4,062 1% 361 3%| 123 2%
(0] ON |Nun & Tanwin Confusion Qe g 0 0% 0 0% 0 0%
OR |Char Replacement Ulay  Llas 8,350 3%| 762 6%| 162 3%
OS |Shortening long vowels Gl 0 0% 0 0% 0 0%
OT |Ha/Ta/Ta-Marbuta Confusion A8 jlhe — a8 jlia 14,688 5% 54 0%| 408 7%
OW |Confusion in Alif Fariqa 19S5 — S5 1,885 1% 32 0% 12 0%
OO |Other orthographic errors - 1,632 1% 38 0%| 148 2%
MI [ Word inflection Cale — iy e 1,360 0%| 400 3%| 127 2%
M“’?;,‘I‘)’l"gy MT | Verb tense i il in 76 0%| 136 1%| 4 0%
MO |Other morphological errors - 15 0% 7 0% 3 0%
XC |Case Ll il 5,980 2% 279 2%| 201 3%
XF |Definiteness O — o) 852 0%| 835 6% 51 1%
XG |Gender Al — a2 809 0% 317 2% 86 1%
Sy(‘)‘(t)“ XM |Missing word oo« Null 1375 0%| 763 6%| 68 1%
XN  [Number PR L P 1,L107 0%| 210 2%| 30 0%
XT |Unnecessary word Nulle— e 1,047 0%| 418 3%| 116 2%
XO |Other syntactic errors - 3,270 1% 122 1% 57 1%
. SF | Conjunction error Ol — Jlas 96 0% 46 0% 4 0%
Se“zg')‘t‘cs SW | Word selection error e a 4711 2%| 865 7%| 120 2%
SO | Other semantic errors - 380 0% 114 1% 27 0%
PC |Punctuation confusion JE— Ja 11,361 4%| 854 7%| 237 4%
Punctuation |PM |Missing punctuation cpabaall — alaall 97,271 32%| 2,915 22%| 479 8%
P) PT |Unnecessary punctuation Al — el 5,553 2%| 213 2%| 204 3%
PO | Other errors in punctuation - 0 0% 0 0% 0 0%
Merge MG |Words are merged A Y —aily 15,063 5%| 377 3%| 849 14%
Split SP | Words are split Jiy— JE 7,828 3% 80 1%| 49 1%
Unknown |UNK |Unkown Errors Igalls il — sl [ 2,053 1% 303 2% 93 2%
Comb. - |Error Combinations Ailad) — agils) 11,304 4%| 848 7%| 314 5%

304,886 13,043 6,037

Table 5.2: The statistics of the error types in the Train sets of QALB-2014, QALB-2015,
and ZAEBUC. The error types are based on the extended ALC (Alfaifi et al., 2013)
taxonomy as used by Belkebir and Habash (2021).
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13 12 ¢ 11 {10 9 8 7 6 5 4 3 2 1
E - . 3 Y - ! ¢l ‘W .
. rroneous alaly iadei Lo 1, [V K2 q‘k"}” el Bl (l‘Jaa«.dl o &Y
(IE' wAyjAbyh: slbyh | mnhA {AOAr 1hA f bHkmh | AlAjtmAgy | AltwASI i wsAjl | AstxdAm imn 1Abd
2
g 14: 13 12 11 10 9: 8 7 6 5 4 3 2 1
“ | Corrected | , | %)y il Lt Lo ¢ake sl Y et Bl (n\Ja’a"..d\ o & Y
wAyjAbyh: slbyh AOAr flhA bHkmh ; AlAjtmAgy | AltwASI : wsAyl | AstxdAm imn bd 1A
M R
=
g Lev. R M M K K R K S
2 | ARETA R Ki{D {R R | R R R
Ours Ii{ R KD M L
? 43-Class |PM|OH+OT Delete; OH Merge PM: OT OH OH Split
i 13-Class | P (o] Delete; O Merge Pi O (o} (o] Split
§ 2-Class E E E E E E E E E E

Figure 5.1: An example showing the differences between the alignments of the M?
scorer, a standard Levenshtein distance, ARETA, and our proposed algorithm. The edit
operations are keep (K), replace (R), insert (I), delete (D), merge (M), and split (S).
Dotted lines between the erroneous and corrected sentences represent gold alignment.
The last three rows present different granularities of ARETA error types based on our
alignment. The sentence in the figure can be translated as “Social media must be used
wisely, as it has both negative and positive effects”.

Figure 5.1 presents an example of the different alignments generated by the algorithms
we evaluated. The M? scorer’s alignment over-clusters multiple edits into a single edit
(words 6-13). This is not ideal, particularly because the M? scorer does not count partial
matches during the evaluation, which leads to underestimating the models’ performances
(Felice and Briscoe, 2015). A standard Levenshtein alignment does not handle merges
correctly, e.g., words 8 and 9 in the erroneous sentence are aligned to words 9 and 10 in
the corrected version. Among the drawbacks of ARETA’s alignment is that it does not
handle merges, e.g., erroneous words 8 and 9 are aligned with corrected words 9 and 10,

respectively.
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5.3.2 Arabic Grammatical Error Correction

Recently developed GEC models rely on Transformer-based architectures, from standard
Seq2Seq models to edit-based systems built on top of Transformer encoders. Given
Arabic’s morphological richness and the relatively small size of available data, we explore
different GEC models, from morphological analyzers and rule-based systems to pre-
trained Seq2Seq models. Primarily, we are interested in exploring modeling approaches
to address the following two questions: RQ1) Does morphological preprocessing en-
hance Arabic GEC? RQ2) Does explicitly modeling GED improve Arabic GEC? We also

evaluate LLLMs on Arabic GEC to compare their performance with specialized models.

Morphological Disambiguation (Morph) We use the current SOTA MSA morpho-
logical analyzer and disambiguator from CAMeL Tools (Inoue et al., 2022; Obeid et al.,
2020). Given an input sentence, the analyzer generates a set of potential morphological
analyses for each word and the disambiguator selects the optimal analysis in context. The
analyses include minimal spelling corrections for common errors, diacritizations, POS

tags, and lemmas. We use the dediacritized (§2.3) spellings as the corrections.

Maximum Likelihood Estimation (MLE) We exploit our alignment algorithm to
build a simple lookup model to map erroneous words to their corrections. We im-
plement this model as a bigram maximum likelihood estimator over the training data:
P(c;i|w;, w;_1,€;); where w; and w;_; are the erroneous word (or phrases in case of a
merge error) and its bigram context, e; is the error type of w;, and ¢; is the correction of
w;. During inference, we pick the correction that maximizes the MLE probability. If the
bigram context (w; and w;_1) was not observed during training, we backoff to a unigram.

If the erroneous input word was not observed in training, we pass it to the output.
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LLMs Similar to Chapter 4 on gender rewriting, we evaluate four LLMs: two com-

mercial models (OpenAI’s GPT-3.5-turbo and GPT-40 (OpenAl et al., 2024)) and two
open-source, Arabic-centric models (Jais-30B-Chat (Sengupta et al., 2023) and Fanar
LLM (Team et al., 2025)). We use both English and Arabic prompts with 0-shot and
5-shot strategies. To elicit minimal edit-style corrections, we design the prompts to
keep the LLMs’ outputs as close as possible to the original input in phrasing and lexical
choices. Additionally, we incorporate GED predictions directly into the prompts, explic-
itly marking erroneous words to guide the models further. Our prompts are presented in

Tables B.1, B.2, and B.3 in Appendix B.1.

Seq2Seq with GED Models We experiment with two newly developed pretrained
Arabic Transformer-based Seq2Seq models: AraBART (Kamal Eddine et al., 2022)
(pretrained on 24GB of MSA data mostly in the news domain), and AraT5 (Nagoudi
et al., 2022) (pretrained on 256GB of both MSA and Twitter data). We extend the
Seq2Seq models we use to incorporate token-level GED information during training and
inference. Specifically, we feed predicted GED tags as auxiliary input to the Seq2Seq
models. We add an embedding layer to the encoders of AraBART and AraT?5 right after
their corresponding token embedding layers, allowing us to learn representations for the
auxiliary GED input. The GED embeddings have the same dimensions as the positional
and token embeddings, so all three embeddings can be summed before they are passed
to the multi-head attention layers in the encoders. Our approach is similar to what was
done by Yuan et al. (2021), but it is much simpler as it reduces the model’s size and
complexity by not introducing an additional encoder to process GED input. Since the
training data we use is relatively small, not drastically increasing the size of AraBART

and AraT5 becomes important not to hinder training.
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5.4 Experimental Setup

5.4.1 Data

We report on three publicly available Arabic GEC datasets. The first two come from the
QALB-2014 (Mohit et al., 2014a) and QALB-2015 (Rozovskaya et al., 2015b) shared
tasks. The third is the newly created ZAEBUC dataset (Habash and Palfreyman, 2022).
None of them were manually annotated for specific error types. Dataset statistics are
presented in Table 5.3. QALB-2014 consists of Native/LL1 user comments from the
Aljazeera news website, whereas QALB-2015 consists of essays written by Arabic 1.2
learners with various levels of proficiency. Both datasets have publicly available training
(Train), development (Dev), and test (Test) splits. The ZAEBUC dataset comprises
essays written by Native Arabic speakers, which were manually corrected and annotated
for writing proficiency using the Common European Framework of Reference (CEFR)
(Council of Europe, 2001). Since the ZAEBUC dataset did not have standard splits, we
randomly split it into Train (70%), Dev (15%), and Test (15%), while keeping a balanced
distribution of CEFR levels. The three sets vary in a number of dimensions: domain,
level, number of words, percentage of erroneous words, and types of errors.

The three sets vary in a number of dimensions: domain, level, number of words,
percentage of erroneous words, and types of errors. Table 5.2 presents automatic error
type distributions over the training portions of the three datasets. Orthographic errors are
more common in the L1 datasets (QALB-2014 and ZAEBUC) compared to the L2 dataset
(QALB-2015), with Hamza errors constituting 30% and 32% of all errors in QALB-2014
and ZAEBUC, respectively. In contrast, morphological, syntactic, and semantic errors

are more common in QALB-2015. Punctuation errors are more common in QALB-
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Dataset Split Lines Words Err. % Level Domain
Train-L1 19,411 1,021,165 30% Native Comments
QALB-2014 Dev-L1 1,017 53,737 31% Native Comments

Test-L1 968 51,285 32% Native Comments
Train-L1 310 43,353 30% L2 Essays
Dev-L1 154 24,742 29% L2 Essays
QALB-2015 12 158 22,808 27% 12 Essays
Test-L1 920 48,547 29% Native Comments
Train-L1 150 25,127 24% Native Essays
ZAEBUC Dev-L1 33 5,276 25% Native Essays
Test-L1 31 5,118 26% Native Essays

Table 5.3: Corpus statistics of Arabic GEC datasets.

2014 and QALB-2015, compared with ZAEBUC. However, it is worth noting that the
reported inter-annotator agreement for punctuation correction was relatively low in both
QALB-2014 and 2015 (Mohit et al., 2014a; Zaghouani et al., 2015b), highlighting the
inconsistencies of punctuation usage in Arabic. Moreover, error combinations constitute

4%, 7%, 5% in QALB-2014, QALB-2015, and ZAEBUC, respectively.

5.4.2 Experiments

Evaluation Metrics GEC systems are most commonly evaluated using reference-
based metrics such as the MaxMatch (M?) scorer (Dahlmeier and Ng, 2012), ERRANT
(Bryant et al., 2017), and GLUE (Napoles et al., 2015). In our work, as in Chapter 4
on gender rewriting, we use the M? scorer because it is language agnostic and was the
main evaluation metric used in previous work on Arabic GEC. The M? scorer compares
hypothesis edits made by a GEC system against human-annotated reference edits and
calculates the precision (P), recall (R), and Fy5. In terms of GED, we follow previous
work (Bell et al., 2019; Kaneko and Komachi, 2019; Yuan et al., 2021) and use macro

precision (P), recall (R), and F 5 for evaluation.



72
Grammatical Error Detection We build word-level GED classifiers using Transformer-

based pretrained language models. From the many available Arabic monolingual BERT
models (Antoun et al., 2020; Abdul-Mageed et al., 2021a; Lan et al., 2020; Safaya et al.,
2020; Abdelali et al., 2021), we chose to use CAMeLBERT MSA (Inoue et al., 2021), as
it was pretrained on the largest MSA dataset to date.

In our GED modeling experiments, we project multi-token error type annotations to
single-token labels. In the case of a Merge error (many-to-one), we label the first token
as Merge-B (Merge beginning) and all subsequent tokens as Merge-I (Merge inside). For
all other multi-token error types, we repeat the same label for each token. We further
label all deletion errors with a single Delete tag. To reduce the output space of the error
tags, we only model the 14 most frequent error combinations (appearing more than 100
times). We ignore unknown errors when we compute the loss during training; however,
we penalize the models for missing them in the evaluation.

Since the majority of insertion errors are related to missing punctuation marks rather than
missing words (see Table 5.2), and due to inconsistent punctuation error annotations (Mo-
hit et al., 2014b), we exclude insertion errors from our GED modeling and evaluation.
We leave the investigation of insertion errors to future work. The full GED output space
we model consists of 43 error tags (43-Class).

We take advantage of the modularity of the ARETA error tags to conduct multi-class GED
experiments, reducing the 43 error tags to their corresponding 13 main error categories
as well as to a binary space (correct/incorrect). The statistics of the error tags we model
across all datasets are in Table B.5. Figure 5.1 shows an example of error types at

different granularity levels.
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Grammatical Error Correction We explore different variants of the above-mentioned

Seq2Seq models. For each model, we study the effects of applying morphological
preprocessing (+Morph), providing GED tags as auxiliary input (+GED), or both
(+Morph+GED). Applying morphological preprocessing simply means correcting the
erroneous input using the morphological disambiguator before training and inference.
When applying morphological preprocessing and providing GED tags to the models
(+Morph+GED), both the GED and GEC systems are trained and tested on morphologi-
cally preprocessed text. To increase the robustness of the models that take GED tags as
auxiliary input, we use predicted (not gold) GED tags when we train the GEC systems.
For each dataset, we run its respective GED model on the same training data it was
trained on and we pick the predictions of the worst checkpoint. During inference, we
resolve merge and delete errors before feeding erroneous sentences to the model. This
experimental setup yields the best performance across all GEC models.

To ensure fair comparison to previous work on Arabic GEC, we follow the same
constraints that were introduced in the QALB-2014 and QALB-2015 shared tasks:
systems tested on QALB-2014 are only allowed to use the QALB-2014 training data,
whereas systems tested on QALB-2015 are allowed to use the QALB-2014 and QALB-
2015 training data. For ZAEBUC, we train our systems on the combinations of the three
training datasets. We report our results in terms of precision (P), recall (R), Fy, and Fys.
It is worth noting that F; was the official metric used in the QALB-2014 and QALB-2015
shared tasks. However, we follow the most recent work on GEC and use F; 5 (weighing

precision twice as much as recall) as our main evaluation metric.
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43-Class 13-Class 2-Class

P R F0.5 Acc.| P R F0.5 Acc.| P R F0.5 Acc.
Dev-L1 56.7 48.4 53.3 94.169.0 58.7 65.3 94.7|95.8 92.7 95.1 96.1
Test-L1 55.0 45.5 50.6 93.6|58.1 54.2 56.8 94.1/95.4 91.5 94.5 95.5
Dev-L2 39.0 35.0 36.9 84.5|55.1 47.3 51.7 85.3/87.0 80.4 85.2 88.9
QALB-2015 Test-L1 51.8 45.3 49.4 95.666.5 56.2 60.7 89.9|96.2 93.9 95.7 96.7
Test-1.2 37.0 35.4 35.8 85.5|52.8 48.6 51.0 94.9 88.6 81.3 86.6 86.5
Dev-L1 50.9 43.7 47.5 92.6|57.1 52.9 55.7 93.3/95.7 92.8 95.1 95.5
Test-L1 54.9 43.3 49.8 91.9|69.2 56.6 62.4 92.6|95.5 92.5 94.8 95.2

QALB-2014

ZAEBUC

Table 5.4: GED results on the Dev and Test sets in terms of macro precision, recall, Fy s,
and accuracy.

5.4.3 Results

GED Results

Table 5.4 presents the GED granularity results. Unsurprisingly, all numbers go up when
we model fewer error types. However, modeling more error types does not significantly
worsen the performance in terms of error detection accuracy. It seems that all systems
are capable of detecting comparable numbers of errors despite the number of classes, but

the verbose systems struggle with detecting the specific class labels.

GEC Results

Table 5.5 presents the GEC results on the Dev sets.

Baselines The Morph system which did not use any training data constitutes a solid
baseline for mostly addressing the noise in Arabic spelling. The MLE system claims the
highest precision of all compared systems, but it suffers from low recall as expected.

LLMs We present the LLMs results using their best setups, optimized for average F 5
across all datasets based on the prompt language and strategy (0-shot vs. 5-shot). Full

results are provided in Table B.4 in Appendix B.2. GPT-40 consistently achieves the best
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QALB-2014 QALB-2015 ZAEBUC  Avg
P R Fps| P R Fps| P R Fos| Fos

B&B (2015) - 567 348 s504| - - - | -
W+ (2018) 80.0 625 758| - - - | - - o | -
Morph 76.5 30.6 589|562 9.4 282|78.0 369 63.8]|50.3
MLE 89.2 41.5 725|737 20.1 48.090.1 556 80.1 | 66.9
+Morph 88.5 44.9 74.1|683 22.0 48.0|89.1 61.8 81.968.0
Fanar 69.7 63.7 684580 40.7 53.5|763 73.6 75.8 | 659
Jais-30B-Chat 53.8 445 516|463 19.1 36.0|51.5 29.4 44.8 ]| 44.1
GPT-3.5-turbo  70.6 54.8 66.7|59.6 39.6 54.1|70.8 70.3 70.7 | 63.9
GPT-40 80.7 65.7 77.2|70.6 49.2 65.0 | 86.5 76.8 843|755
+GED? 82.1 622 772|744 412 64.0|90.4 723 86.1|75.8
AraT5 82.5 663 78.6|69.3 394 60.2|84.1 674 80.1|73.0
+Morph 83.1 65.8 78.9|69.7 40.6 60.9|85.0 71.3 81.8|73.9
+GED® 82.6 67.1 79.0|69.5 419 614|857 66.7 81.0|73.8
+Morph +GED® 83.1 67.9 79.6 684 41.5 60.6 852 712 82.0|74.0
AraBART 832 649 78.7|68.6 42.6 612|873 70.6 83.4 | 74.4
+Morph 824 672 78.8|68.5 443 61.7|872 71.6 83.6| 747
+GED® 833 659 79.1 682 453 61.9|872 729 83.9|75.0
+Morph +GED® 834 663 79.3 | 682 46.6 62.4 87.3 73.6 84.2|75.3

Table 5.5: GEC results on the Dev sets of QALB-2014, QALB-2015, and ZAEBUC.
B&B (2015) and W+ (2018) refer to Bougares and Bouamor (2015) and Watson et al.
(2018a), respectively. The best overall results are in bold. Results of our best systems are
underlined.

performance across the LLMs on all datasets, surpassing previous work as well as our
MLE and Morph baselines. Notably, GPT-40 also ranks as the top-performing system
overall on QALB-2015 and ZAEBUC. Indicating erroneous words using our binary GED
systems before prompting GPT-40 (GPT-40 + GED?) improves precision but reduces
recall on all datasets. This strategy results in the best performance on ZAEBUC, while
having no effect on QALB-2014 and leading to a drop in performance on QALB-2015.
Although GPT-40 achieves the best performance, these results should be interpreted with
caution, as the model is closed-source and cannot be replicated. Additionally, the lack

of transparency around the training data used to build GPT-4o raises concerns about
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QALB-2014 QALB-2015 ZAEBUC Avg.

P R Fps| P R Fps| P R Fos| Fos

43-Class 85.5 73.3 82.8 | 739 57.2 69.8 |89.8 82.0 88.1 | 80.2
13-Class 85.4 73.2 82.6|73.5 559 69.2|89.4 82.2 879|799
2-Class 84.2 72.1 81.4|71.6 545 674 86.6 80.0 852 | 78.0

Table 5.6: GED granularity results when used within the best GEC system on the Dev
sets of QALB-2014, QALB-2015, and ZAEBUC. Results in grey indicate using gold
GEC labels (i.e., Oracle). The best results are in bold.

potential data contamination, making it unclear whether the model has been exposed to

the datasets we test on during training.

Seq2Seq Models AraT5 and AraBART outperform previous work on QALB-2014 and
QALB-2015, with AraBART being the better model on average.

Does morphological preprocessing improve Arabic GEC?  Across all models (MLE,
AraT5, and AraBART), training and testing on morphologically preprocessed text im-
proves the performance, except for MLE+Morph on QALB-2015 where there is no
change in Fs.

Does GED help Arabic GEC? We start off by using the most fine-grained GED
model (43-Class) to exploit the full effect of the ARETA GED tags and to guide our
choice between AraBART and AraT5. Using GED as an auxiliary input in both AraT5
and AraBART improves the results across all three Dev sets, with AraBART+GED
demonstrating superior performance compared to the other models, on average. Applying
morphological preprocessing as well as using GED as an auxiliary input yields the
best performance across the three Dev sets, except for QALB-2015 in the case of
AraT5+Morph+GED. Overall, among our models, AraBART+Morph+GED achieves

the best average performance in terms of Fy5.. The improvements using GED with GEC
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systems are mostly due to recall. To study the effect of GED granularity on GEC, we

train two additional AraBART+Morph+GED models with 13-Class and 2-Class GED
tags.

The results in Table 5.6 show that 13-Class GED was best in QALB-2014 and ZAEBUC,
whereas 43-Class GED was best in QALB-2015 in terms of Fj 5. However, in terms of
precision and recall, GED models with different granularity behave differently across
the three Dev sets. On average, using any GED granularity improves over AraBART,
with 13-Class GED yielding the best results, although it is only 0.1 higher than 43-Class
GED in terms of Fy 5. For completeness, we further estimate an oracle upper bound by
using gold GED tags with different granularity. The results (in Table 5.6) show that
using GED with different granularity improves the results considerably. This indicates
that GED is providing the GEC system with additional information; however, the main
bottleneck is the GED prediction reliability as opposed to GED granularity. Improving

GED predictions will most likely lead to better GEC results.

Test Results Table 5.7 presents the Test results. GPT-40 outperforms previous work on
QALB-2014, QALB-2015-L1, and QALB-2015-L2. Incorporating GED predictions by
marking erroneous words further improves its performance on QALB-2015-L1, QALB-
2015-L2, and ZAEBUC. Notably, it is the best-performing system overall on QALB-
2015-L2 and ZAEBUC. However, as previously noted, its results should be interpreted
with caution due to the model’s closed nature and potential data contamination concerns.
Turning to our models, we observe that different GED granularity levels yield optimal
results across the three Dev sets when combined with AraBART+Morph. Therefore,
we evaluate all GED variants on the Test sets. On QALB-2014, using Morph, GED,

or both improves the results over AraBART, except for 2-Class GED. AraBART+43-



QALB-2014 QALB-2015-L1 QALB-2015-L2 ZAEBUC  Avg.

P R Fys| P R Fos| P R Fos| P R Fos|Fos
B&B (2015) - - - - - - [541333 481 - - - | -
S+ (2022) 79.1 65.8 76.0/78.4 704 76.6| - - - | - - - | -
GPT-4o 81.5 65.5 77.7|81.1 74.3 79.6 |69.1 50.0 64.2|84.4 75.9 82.5(76.0
+GED? 82.9 62.0 77.7|/82.8 71.1 80.2|75.2 425 65.1 89.0 73.2 85.3|77.1
AraBART 84.0 64.7 79.3|82.0 71.7 79.7|69.6 435 62.1/86.0 71.6 82.7|75.9
+Morph 83.3 67.4 79.5/81.7 73.0 79.8 |68.7 43.6 61.6 853 71.8 82.3|75.8
+GED* 84.2 654 79.6|81.2 72.4 79.3|69.0 454 62.5|85.4 72.6 82.5|76.0
+Morph+GED* 83.9 65.7 79.5|82.6 72.1 80.3 |67.6 452 61.5|85.4 73.7 82.7|76.0
- +GEDP® 841 65.0 79.4|81.5 72.7 79.5[69.3 449 62.5(85.9 73.4 83.1|76.1
+Morph+GED'® 83.9 65.3 79.4|81.1 73.4 79.5|68.2 44.8 61.8 852 73.7 82.6|75.8
- +GED* 838 645 79.1|81.4 71.5 79.2[69.1 449 624857 71.5 82.4|75.8
+Morph+GED?  83.0 67.0 79.2|81.3 73.8 79.7 |68.1 453 61.9 |85.7 72.4 827|759

Table 5.7: GED granularity results when used within GEC on the Test sets of QALB-
2014, QALB-2015, and ZAEBUC. B&B (2015) and S+ (2022) refer to Bougares and
Bouamor (2015) and Solyman et al. (2022), respectively. The best overall results are in
bold. Results of our best systems are underlined.

Class GED is the best performer with a 0.3 increase in F 5, although this difference is
not statistically significant. Statistical significance was determined using a two-sided
approximate randomization test (Graham et al., 2014; Dror et al., 2018). It is worth
noting that AraBART+Morph achieves the highest recall on QALB-2014 (2.7 increase
over AraBART and statistically significant at p < 0.05).

For QALB-2015-L1, using GED by itself across all granularity did not improve over
AraBART, but when combined with Morph, the 43-Class GED model yields the best
performance in Fy 5 (0.6 increase statistically significant at p < 0.05). When it comes
to QALB-2015-L2, Morph does not help, but using GED alone improves the results
over AraBART, with 43-Class and 13-Class GED being the best (0.4 increase). Lastly,
in ZAEBUC, Morph does not help, but using 13-Class GED by itself improves over
AraBART (0.4 increase). Overall, all the improvements we observe are attributed to

recall, which is consistent with the Dev results.
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QALB-2014 QALB-2015 ZAEBUC
AraBART Best System | AraBART Best System | AraBART Best System
Delete 39.8 40.6 33.0 36.4 475 51.9
Merge-B 91.2 93.1 84.2 86.0 96.7 96.7
Merge-1 91.0 93.1 83.7 85.8 96.7 96.7
M 25.5 28.4 37.0 40.8 48.9 48.6
M+O 54.8 37.7 17.2 15.2 100.0 55.6
0] 94.1 94.4 80.2 80.1 93.9 94.3
O+X 67.7 73.9 0.0 0.0 0.0 0.0
P 76.2 77.3 64.8 63.5 66.8 62.8
S 43.7 453 33.2 31.9 36.1 40.4
X 59.6 62.3 58.4 63.7 69.5 71.2
Split 88.0 87.4 78.9 78.9 88.2 88.2
UNK 49.8 56.1 35.0 31.6 55.0 63.1
C 96.3 96.8 90.3 91.3 95.4 96.1
Macro Avg 67.5 68.2 53.5 54.3 68.8 66.6

Table 5.8: Specific error type performance of AraBART and our best system on the Dev
sets of QALB-2014, QALB-2015, and ZAEBUC. Results are reported in terms of F s.
The best results are in bold.

5.4.4 Error Analysis

To investigate which error types benefit from using GED information within GEC, we
perform a detail error analysis over Dev sets. Table 5.8 presents specific error type
performance of AraBART (baseline) and our best system (AraBART+Morph+GED'?).
Our best system is the better performer on average in QALB-2014 and QALB-2015 but
not in ZAEBUC. However, in the case of ZAEBUC, it is worth noting that AraBART’s
2.2 average macro F(s improvements over our best system is coming from fixing the

M+O errors, which only appeared once in the ZAEBUC Dev set.
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5.5 Summary

In this chapter, we conducted a comprehensive study on MSA GEC. We presented the
first results using Transformer-based pretrained Seq2Seq models and benchmarked both
open-source Arabic-centric and commercial LLMs. We introduced the task of multi-
class MSA GED and showed that incorporating GED predictions as auxiliary input
improves GEC performance for both Seq2Seq models and LLMs. This demonstrates the
importance of control in tasks where the input and output are largely similar, such as
GEQC, as explicitly modeling error types guides both model families toward more precise
corrections. Additionally, we explored the role of contextual morphological preprocessing
in improving error correction within Seq2Seq models. Our models achieved SOTA results
on two Arabic GEC shared task datasets and established a strong benchmark on a recently
created dataset. Finally, while commercial LLMs such as GPT-40 achieved impressive
performance, these results should be interpreted with caution due to the closed nature of
these models and the lack of transparency around their training data, raising concerns

about reproducibility and potential data contamination.



81

Chapter 6

Dialectal Text Normalization

Dialectal Arabic is the primary spoken language used by native Arabic speakers in
daily communication. With the rise of social media, its use in written form has grown
significantly. However, the absence of standardized orthographies for Arabic dialects,
coupled with the inherent noise in user-generated content, poses major challenges for
NLP applications dealing with Dialectal Arabic. In this chapter, we present a comprehen-
sive study on the final language generation task explored in this dissertation: dialectal
text normalization. This task, known as CODAfication, involves normalizing Dialectal
Arabic into the Conventional Orthography for Dialectal Arabic (CODA). Similar to
GEC, we benchmark pretrained Seq2Seq models on CODAfication and demonstrate that
conditioning these models on dialect identification predictions enhances performance.
Additionally, we benchmark open-source and commercial LLMs to assess their perfor-
mance on CODAfication. We present results using a unique parallel corpus covering

multiple Arabic dialects, focusing on five cities: Beirut, Cairo, Doha, Rabat, and Tunis.
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6.1 Introduction

Arabic exhibits a diglossic (Ferguson, 1959) linguistic situation where a non-standard
variety, Dialectal Arabic (DA), coexists with Modern Standard Arabic (MSA), the
standard form of the language. Complicating matters, DA consists of multiple regional
dialects, such as Egyptian, North African, Levantine, and Gulf Arabic, that differ from
both MSA and each other in phonology, morphology, and lexicon (§2.1). While primarily
spoken, DA has increasingly been used in written form on social media, where the lack
of a standardized orthography (Habash et al., 2018) leads to highly variable and noisy
text. This high degree of noise poses major challenges for NLP systems as it increases
data sparsity. Such noise can be handled using modeling techniques that normalize DA
if it is used as an input to the system, e.g., in machine translation from dialects to other
languages. However, challenges arise when the dialect itself is the desired output, for
example, in automatic speech recognition systems (Ali et al., 2019; Sahyoun and Shehata,
2023). Consequently, evaluating and optimizing these systems can become problematic.

To mitigate the lack of orthographic standards for DA, several efforts in Arabic NLP
introduced a common convention for DA spelling, named Conventional Orthography for
Dialectal Arabic (CODA) (Habash et al., 2012a, 2018). However, CODA has largely been
treated as a secondary task in areas such as morphological disambiguation, diacritization,
and lemmatization, rather than as a main, primary task.

In our work, we explore the task of CODAfication, normalizing DA text into the
CODA convention as a standalone task. We work with a unique parallel corpus of multiple
Arabic dialects (Eryani et al., 2020), focusing on five cities: Beirut, Cairo, Doha, Rabat,
and Tunis. We benchmark pretrained Seq2Seq models and LLMs on CODAfication and

show that conditioning Seq2Seq models on dialect identification predictions improves
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CODA(fification performance. Formally, given a dialectal Arabic sentence X and its

corresponding dialect D, the task is to generate the CODAfied version Y according to:

P(Y|X,D) =[] Pwlvs, .. 41, X, D)
t=1

6.2 Background and Related Work

Dialectal Arabic Text Normalization

DA NLP research has been receiving a considerable amount of attention, mainly due to
the availability of monolingual and multilingual DA corpora (McNeil and Faiza, 2011;
Zaidan and Callison-Burch, 2011; Zbib et al., 2012; Cotterell and Callison-Burch, 2014;
Jeblee et al., 2014; Al-Badrashiny and Diab, 2016; Zaghouani and Charfi, 2018b; Abdul-
Mageed et al., 2018a; Bouamor et al., 2019). While MSA has well-defined orthographic
standards, none of the Arabic dialects do today. As a result, almost all DA corpora were
created without following any spelling conventions or standards, which are necessary for
building robust DA NLP applications, e.g., machine translation (Erdmann et al., 2017).
To mitigate this problem, several efforts have been introduced to standardize and de-
velop orthographic conventions for Arabic dialects. Habash et al. (2012a) introduced the
Conventional Orthography for Dialectal Arabic (CODA), the very first attempt to create
guidelines and spelling conventions for Egyptian Arabic orthography. The convenience
CODA offered by providing a standardized orthography led to the creation of many
CODA extensions covering various dialects including Tunisian, Algerian, Palestinian,
Moroccan, Yemeni, and Gulf Arabic (Zribi et al., 2014; Saadane and Habash, 2015; Jarrar

et al., 2016; Turki et al., 2016; Khalifa et al., 2018). Each of these extensions tended to
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curate its own list of exceptional spellings for closed class words. Habash et al. (2018)

introduced a unified set of guidelines for Arabic Dialect orthography — dubbed CODA*
(CODA Star). CODA has been used in the creation of a number of resources for DA
NLP (Habash et al., 2012b; Eskander et al., 2013; Maamouri et al., 2014; Diab et al.,
2014; Pasha et al., 2014b; Jarrar et al., 2016; Khalifa et al., 2018; Eryani et al., 2020).
Most relevant to this paper is the work of Eryani et al. (2020) who extended a portion
of the MADAR Corpus (Bouamor et al., 2018) to create the MADAR CODA Corpus, a
collection of 10,000 sentences from five Arabic city dialects (Beirut, Cairo, Doha, Rabat,
and Tunis) represented in the CODA standard in parallel with their original raw form.
We use this corpus to train and test our models.

In terms of modeling approaches to CODAfication, the first work was proposed by
Eskander et al. (2013) where they introduced CODAFY, a feature-based machine learning
classifier to normalize Egyptian Arabic into CODA. Al-Badrashiny et al. (2014) and
Shazal et al. (2020) targeted CODA output for dialectal Arabizi (Romanized Arabic)
input. Most other approaches attempted to normalize DA texts into CODA as part of
morphological analysis and disambiguation (Pasha et al., 2014a; Zalmout et al., 2018;
Khalifa et al., 2020; Zalmout and Habash, 2020; Obeid et al., 2022). Our work is most
similar to the one of Eskander et al. (2013) where we consider the task of CODAfication
as a standalone text normalization task.

There has been some work on normalizing DA into MSA (Shaalan et al., 2007;
Salloum and Habash, 2011, 2012; Alnajjar and Himéldinen, 2024). While all this work
is similar to ours in that dialectal input is processed, our output is still dialectal and
not in MSA. Moreover, CODAfication has some similarities to GEC for MSA (§5).
However, CODAfication is different from GEC for MSA since GEC assumes a standard

orthography that the writer is also assumed to aim for.
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Dialect Identification

Dialect Identification (DID) is the task of determining the dialect of a given speech
or text fragment (Etman and Beex, 2015). As informal conversations in both real-
world and online settings are predominantly conducted DA, there has been a growing
interest in developing and scaling automatic Arabic DID systems. This is reflected in
the organization of multiple shared tasks (Malmasi et al., 2016; Zampieri et al., 2017,
2018; Bouamor et al., 2019; Abdul-Mageed et al., 2021b, 2022, 2023, 2024). In terms
of datasets, several mono-dialectal corpora covering different Arabic dialects were built
and made available (Gadalla et al., 1997; Diab et al., 2010; Zaidan and Callison-Burch,
2011; Al-Sabbagh and Girju, 2012; Sadat et al., 2014; Smaili et al., 2014; Cotterell and
Callison-Burch, 2014; Jarrar et al., 2016; Khalifa et al., 2016b; Al-Twairesh et al., 2018;
El-Haj, 2020). Over time, datasets have expanded to include multi-dialectal resources
at various levels of granularity, such as region, country, province, and city (McNeil and
Faiza, 2011; Zaidan and Callison-Burch, 2014; Elfardy et al., 2014; Bouamor et al., 2014;
Salama et al., 2014; Abdul-Mageed et al., 2018b; Bouamor et al., 2018; Zaghouani and
Charfi, 2018a). More recently, research has shown that many instances in existing DID
datasets could have multiple labels as opposed to a single label (Keleg and Magdy, 2023).
This has led to the development of metrics that assess the degree of dialectness in Arabic
text, moving beyond single-label classification (Keleg et al., 2023).

Besides its obvious use for profiling (Rangel et al., 2019), DA identification has
proven beneficial for various NLP tasks, including machine translation (Salloum et al.,
2014), code-switching detection (Elfardy et al., 2014; Solorio et al., 2014; Molina et al.,
2016), and morphological tagging (Obeid et al., 2022). In our work, we leverage sentence-

level DID to enhance CODAfication.
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CODA

As discussed earlier (§2.3), DA lacks a standardized orthography, leading speakers to
write words in ways that often reflect either their phonological or etymological character-
istics. This phenomenon, known as spontaneous orthography, means that no spelling of a
dialectal word can be considered strictly “incorrect”. CODA, proposed by (Habash et al.,
2012a) addresses this challenge by proposing a set of guidelines aimed at unifying the
writing of DA, providing a consistent and systematic approach to representing dialectal
variations. CODA* (Habash et al., 2018)—pronounced CODA Star, as in, for any dialect—
consolidates and standardizes several prior dialect-specific CODA conventions (Habash
et al., 2012a; Saadane and Habash, 2015; Turki et al., 2016; Khalifa et al., 2016a; Jarrar
et al., 2016).

CODA*, henceforth CODA, is an internally consistent and coherent convention that
strives to regulate some of the DA natural spelling tendencies in an internally consistent
system and (generally) according to a MSA reference, more or less familiar to everyone.
As (Habash et al., 2018) explain, CODA’s design tries to “strike an optimal balance
between maintaining a level of dialectal uniqueness and establishing conventions based
on MSA-DA similarities,” following a sense that the success of such optimization would
ensure CODA stays easily learnable and seamlessly readable to the average Arabic
speaker without compromising their ability to interpret a written form in their own dialect.
For instance, the Beirut dialect word ngU' -5 27yyry /zBimi/ ‘small [feminine singular]” is
written in a form reflective of MSA etymology: s Syyrh. Other examples of CODA
from the MADAR CODA Corpus (Eryani et al., 2020) appear in Table 6.1. Note that
foreign words pose a particular challenge to CODA due to the ambiguous phonological

signals in the Arabic raw text. Consequently, Eryani et al. (2020) adopted a minimalistic
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Dialect Raw CODA

Beirut | .L_,uo,.u.T‘:;,\f.;}JAob:,f'J}me-:‘,\g;u_\;\; .gﬁyJ\&T‘:;,y.S)éqd\}fﬁ@ﬁ_\c,\iﬂ\S\
AzA btryd « thAn hmbryr wtnAn Ahwh . bdy Axdwn mgy . AOJA btryd « AOnyn hmbryr wAOnyn ghwh . bdy Axohn mgy .

Cairo .éb‘a;r.éllc.w)ﬁs)éw‘}ﬁ)ﬂu[)}f‘ .L_gj\:,\;ra;ntc.w)lasjéogbﬁyuqd
Atnyn hAmbwrjr wAtnyn ghwh « lw smHt . cAyzhm tyk AwAy . |AOnyn hAmbrjr wAOnyn ghwh « lw smHt . cAyzhm tyk Awy .

Doha el hy eadal s S J By Oty S ) ~L_§;‘¢«\£rbii—1~w)‘%€5a‘fbﬁﬁdf‘

AOnyn hmbrgr wAOnyn qhwh « Iw smHt . bAxohm tvk Awy . |AOnyn hmbrjr wAOnyn ghwh « lw smHt . bAxdhm tyk Awy .

Rabat . L.c'la.» (')K‘-“\‘ L_;ch bl ¢ Q‘xéj Eak. f)}w\.h <l L_;Lm r.n..\: L_§5L° bl ¢ Q\)ﬁ} T f);.»hb <
jwj hAmbwryr wiwj qghywAt « GAfAk . yAdy ndyhwm mgAyA . |jwj hAmbwryr wiwj qhywAt « GAfAk . yAdy ndyhm mgAy .

Tunis e eait (2 i ¢ ol Dl o ) sl e o Sl ¢l D)y B )
zwz hmbryr wzwz qhAwy « yeysk . nHb nhzhm mgAyA . zwz hmbryr wzwz ghAwy « ygysk . nHb nhzhm mgAy .

Table 6.1: An example sentence from the MADAR CODA Corpus in its raw and CODA
parallel forms across five city dialects. The DA sentences are provided along with their
transliterations in the HSB scheme (Habash et al., 2007). The sentence in the table can
be translated as “We would like two hamburgers and two coffees. To go, please.”

strategy for CODAfying these words, resulting in some plausible but inconsistent variants.
For example, the word for ‘hamburger’ in Table 6.1 appears as both < asa hmbryr and

- sea hmbrjr.

6.3 Approach

We frame the CODAfication task as a controlled text generation problem. Formally,
given a dialectal input sentence X and its dialect D, the goal is to generate the CODAfied
sentence Y according to P(Y'| X, D). One way to condition text generation models on
the desired dialect, D, is to represent it as a special “control” token appended to the input
sequence [D; X|, which acts as a side constraint (Sennrich et al., 2016a). In Seq2Seq
models, this allows the encoder to learn a representation for this token as any other token
in its vocabulary, and the decoder attends to this representation to guide the generation of
the output sequence. This is similar to what we did in the joint gender rewriting modeling
experiments (§4.4.1) discussed in Chapter 4. This simple strategy has also been used

in various controlled text generation tasks such as machine translation (Sennrich et al.,
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Dialect| City |MSA Phrase| DA Phrase |Digit

Beirut | 2% | I8 Cam @ | D2 oS |
byrwt | fy byrwt ngwl | fy byrwt mngwl!
Cairo 5 2l | Jo5 SJALEJ\L} J sy SJ.ALB\L} )
AlgAhrh|fy AlgAhrh ngwl | fy AlgAhrh bngwl

Doha | 2 | dst asdl & | dyg 2yl 3 | 5
AldwHhn | fy AldwHh ngwl| fy AldwHh nqwl

Rabat | S | 9% SN G | s B G [
AlrbAT | fy AlrbAT ngwl |fy AlrbAT kngwlw
twns fytwns ngwl | fy twns ngwlw

Table 6.2: The four different types of control tokens we use in our experiments.

2016b; Sennrich and Haddow, 2016; Johnson et al., 2016; Agrawal and Carpuat, 2019),
style transfer (Niu et al., 2017, 2018), and text simplification (Yanamoto et al., 2022;
Agrawal and Carpuat, 2023).

Just like our experiments in GEC, we experiment with both AraBART (Kamal Eddine
et al., 2022) and AraT5-v2 (Nagoudi et al., 2022; Elmadany et al., 2023). We explore
using four different control tokens to pass the dialect information to the models. Table 6.2

presents the control tokens we considered in our experiments:

 City: The name of the city where the Arabic dialect is spoken.

* MSA Phrase: An MSA phrase that follows the template (} 32 <city> 3
(‘in <city> we say’), where <city> represents one of the five cities whose dialects
we are modeling.

* DA Phrase: A DA phrase that follows the template <we-say> <city> 3
(‘in <city> we say’), where <city> represents one of the five dialects we are
modeling, and <we-say> represents a spontaneous orthography of the dialectal

version of the phrase ‘we say’.
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* Digit: An ad hoc unique numerical value for each dialect.

During training, we use the gold dialect for each sentence to induce its control tokens. To
obtain the dialect during inference, we use the DID system that is available in CAMeL
Tools (Obeid et al., 2020). The system is an implementation of Salameh et al. (2018)’s
best-performing model on the MADAR shared task on DID (Bouamor et al., 2019). The

system models DID for the five city dialects and MSA.

6.4 Experimental Setup

6.4.1 Data

We use the manually annotated MADAR CODA Corpus (Eryani et al., 2020), a collection
of 10,000 sentences from five Arabic city dialects (Beirut, Cairo, Doha, Rabat, and Tunis)
represented in the CODA standard in parallel with their original raw form. The sentences
come from the Multi-Arabic Dialect Applications and Resources (MADAR) Project
(Bouamor et al., 2018) and are in parallel across the cities (2,000 sentences from each
city).

The corpus is originally split into train and test, with each split consisting of 5,000
parallel sentences (1,000 per dialect). In our setup, we combine the original train and
test splits and then divide the data randomly into separate training (Train), development
(Dev), and testing (Test) sets. We use a 70/15/15 split, resulting in 1400, 300, and 300
sentences, respectively, per dialect. In total, we end up with 7,000 sentences for Train,
1,500 for Dev, and 1,500 for Test. Table 6.1 shows an example of a sentence from the
corpus in its raw and CODA parallel forms across the five city dialects.

Table 6.3 presents the top 10 character-level edit changes from raw text to CODA in

the five city dialects. It is noteworthy that while there are many shared transformations,
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BEI CAI DOH RAB TUN
RAW |CODA |FREQ| RAW |CODA|FREQ| RAW| CODA |FREQ| RAW |CODA|FREQ| RAW | CODA|FREQ
<SPC> 863 |<SPC> 1166 Al 150 Al | 548 Al | 458
Al AV | 409 | Al AV | 608 | Al A) 124 | A) 352 | Al AV | 288
Al | AV | 405 | ho hs | 323 he 82 |<SPC> 324 | AV | AV | 189
AV | 324 | te | o0& | 257 | 83| A8 62 Al | AV | 256 |<SPC> 175
te | 0 | 204 | A) | AV | 146 | jz | tom | 33 te | e | 190 <SPC>| 148
he | 173 <SPC>| 142 | jz | k< 31 <SPC>| 168 | A | ns | 115
ws | he | 138 | d> | a3 | 95 :sslfcci 28 | AV | ns | 160 | A 109
Al | qa | 129 | ys | ys | 80 | Al Al 25 Al | A) 84 14 | 100
ds 8 | 119 A) 73 | Al Al 23 ds | 83 68 | ws | he 97
<SPC>| 106 | A 68 | ys!| jz 20 1d 67 ny | 85

Table 6.3: The top 10 character edit transformations from raw to CODA in the entire
MADAR CODA dataset across the five dialects. <SPC> indicates an explicit white
space; whereas an empty cell indicates a null string.

they appear with different distributions. This suggests that a model making use of DID
could learn dialect-specific preferences. At the same time, the shared phenomena can aid

in learning dialect-independent general patterns.

6.4.2 Experiments

Evaluation Metrics Just like we did in Chapters 4 and 5, we use the MaxMatch (M?)
scorer (Dahlmeier and Ng, 2012) to assess the edits made by the system against the ‘gold

standard’ edits in the target CODA, calculating precision (P), recall (R), and F, 5 scores.

Baselines The first baseline simply copies the input sentences to the output (Do Noth-
ing). This baseline highlights the level of similarity between the inputs and outputs. For
the second baseline, we build a simple word-level lookup model to map input words to
their CODAfied versions. We first obtain word-level alignments over all the training
data from all the dialects (Joint) by using the algorithm introduced in §5.3.1. We then

exploit the alignments to implement the lookup model as a bigram maximum likelihood
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estimator: given an input word with its bigram surrounding context (w;, w;_1), and a

CODAfied target word (y;), the model is built by computing P(y;|w;, w;_1) over the
training examples. During inference, we generate all possible alternatives for the given
input word (w;). If the bigram context (w;, w;_1) was not observed in the training data,
we backoff to a unigram context. If the input word was not observed during training, we

pass it to the output as it is.

LLMs Similar to Chapters 4 and 5, we evaluate four LLMs: two commercial models
(OpenAI’'s GPT-3.5-turbo and GPT-40 (OpenAl et al., 2024)) and two open-source,
Arabic-centric models (Jais-30B-Chat (Sengupta et al., 2023) and Fanar LLM (Team
et al., 2025)). We use both English and Arabic prompts with 0-shot and 5-shot strategies.
Additionally, we experiment with dialect-aware prompting (DAP), where the LLM
is prompted with dialect-specific examples and an explicit dialect tag; in this setup,
inference is performed separately for each dialect, and predictions are later aggregated

for evaluation. Our prompts are presented in Tables C.1, C.2, and C.3 in Appendix C.1.

Seq2Seq Models We train both AraBART and AraT5 on all the dialects’ training data
jointly with and without using DID information. We refer to this modeling setup as Joint.
Moreover, to examine the effect of the joint dialectal training, we train five separate
models, one for each dialect. During inference, we combine the separate models in
an ensemble setup where we use the DID predictions for each sentence to select the

appropriate model. We refer to this setup as Ensemble.
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6.4.3 Results

Overall Results Table 6.4 shows the results on the Dev set. We present the LLMs
results using their best setups, optimized for average F; 5 across all datasets based on the
prompt language and strategy (0-shot vs. 5-shot). Full results are provided in Table C.4
in Appendix C.2. Among the LLMs, GPT-40 achieves the best performance and benefits
from dialect-aware prompting (GPT-40+DAP), which improves precision, though not
recall, resulting in a higher Fys. This suggests that explicitly specifying the dialect in the
prompt can help LLMs better control their outputs. However, despite this improvement,
none of the LLLMs surpasses the simple MLE baseline in Fy 5, largely due to the MLE’s
strong precision.

Among the Seq2Seq baselines, both AraBART and AraT5 demonstrate superior
performance compared to the MLE model. In terms of training setups, Joint training
outperforms Ensemble models for both AraBART and AraT5, with AraT5 being the
better performer achieving 84.72 Fys.

When we train the AraBART Joint variants with DID control tokens, the performance
increases compared to the AraBART Joint baseline, except when training with the DA
Phrase DID control token. All the AraT5 Joint variants benefit from training with DID
control tokens compared to the AraT5 baseline, with the City control token being the
best performer with 85.80 Fy 5 (1.08 increase over the AraT5 baseline and statistically
significant at p < 0.05). Statistical significance was determined using a two-sided
approximate randomization test (Graham et al., 2014; Dror et al., 2018). Notably, the
AraT5 variants outperform their AraBART counterparts across all experiments. We
suspect this is due to the fact the data used to pretrain AraT5 consisted of a mix of MSA,

DA, and CA compared to only MSA in the case of AraBART’s pretraining.
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Model Training | Control Token P R Fos

Do Nothing - - 100.0 0 0
MLE Joint ; 668 446 60.8
Fanar - - 245 288 252
Jais-30B-Chat ; ; 128 134 129
GPT-3.5-turbo _ ] 355 297 34.1
GPT-40 ; ; 537 544 53.8
GPT-40 + DAP ; ; 578 529 567
: 868 774 847
Cit 87.6 793 858
y 875 793 858
874 79.1 856
Joint MSA Phrase | oo 591 gs6
AraT5 873 786 854
DA Phrase | o 3 06 854
Dieit 874 790 856
121 87.4  79.0 85.6
857 728 827
Ensemble ) 855 73.1 827
- 854 744 829
Cit 857 744 832
y 85.6 745 832
855 745 83.0
Joint MSA Phrase | ¢oo 245 830
AraBART 850 74.6 827
DAPhrase | oo 746 827
. 86.1 740 834
Digit 86.1 740 83.4
846 679 3806
Ensemble ) 844 685 807

Table 6.4: Dev set results for multiple systems. Results in grey indicate using gold DID
labels (i.e., Oracle). Best results are in bold. Best oracle results are underlined.

Since AraT5 performed better than AraBART across all experiments, we present the
results on the Test set using AraT5 and its variants in Table 6.5. Training AraT5 with
the DA Phrase control token yields the best performance on the Test set with 86.29 F 5

(1.06 increase over the AraT5 baseline and statistically significant at p < 0.05).
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Model | Training | Control Token P R Fos
- 873 78.0 852
City 88.0 783 859
AraT5 Joint MSA Phrase | 88.2 78.85 86.1
DA Phrase 884 79.0 86.3
Digit 87.7 783 85.6

Table 6.5: Results on the Test set.

AraT5 (Baseline) AraTs + City
Dialect P R Fys P R Fos
Beirut 86.1 79.7 84.71 | 89.3 824 87.8
Cairo 89.5 854 88.7 | 89.1 854 88.36
Doha 835 679 798 | 853 723 823
Rabat 852 727 824 | 864 76.0 84.1
Tunis 86.1 704 824 | 842 71.6 81.3

Table 6.6: Dialect-specific results of the best system (AratT5 + City) against the baseline
(AraT5) on the Dev set.

DID Efficacy We estimate an oracle upper bound by using gold DID labels during
inference on the Dev set (Table 6.4). We do not notice significant improvements across
all variants compared to the models that use predicted DID labels. In some cases, using
gold DID labels results in identical performance to models using predicted labels. This
can be attributed to the robustness of our CODAfication models and the reliability of the
DID system we are using, which achieves a high accuracy of 92.1% on the Dev set.

Most of the prediction errors made by the DID system occur in sentences lacking
distinctive cues that would allow clear assignment to a specific dialect. Therefore, these
errors cannot be considered true errors, but rather stem from the MADAR dataset’s
limitation of not having multi-dialectal labels. This is consistent with the findings of
Keleg and Magdy (2023) where they manually analyzed the errors of a single-label DID
system and found that ~66% of the errors are not true errors and could be resolved with

multi-dialect labels.
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AraT5 (Baseline) | AraT5 + DA Phrase
Dialect P R Fys P R Fos
Beirut 856 785 84.1 | 87.0 80.0 85.5
Cairo 89.7 834 8833 | 89.6 844 88.5
Doha 859 708 824 |898 733 859
Rabat 87.1 739 84.1 | 873 73.6 84.2
Tunis 86.7 756 843 | 89.2 76.6 86.4

Table 6.7: Dialect-specific results of the best system (AratT5 + DA Phrase) against the
baseline (AraT5) on the Test set.

Dialect-Specific Results We present the dialect-specific results on the Dev and Test
sets in Tables 6.6 and 6.7, respectively. Our best system on the Dev set, AraT5 trained
with the City DID control token, improves over the AraT5 baseline for all dialects (with
the largest increase seen for Beirut at 3.11 F5), except for Cairo and Tunis, where the
performance drop is attributed to decreased precision rather than recall. This suggests
that our best system may be making unnecessary extra rewrites. On the Test set, our best
system, AraT5 trained with the DA Phrase DID control token, improves over the AraT5

baseline across all dialects, with the largest increase for Doha at 3.58 F 5.

6.4.4 Error Analysis

To gain insights into the errors present in our best performing system on the Dev set,
we conducted an error analysis on a sample of 100 cases, which accounted for 21% of
the total 471 erroneous instances in the generated output. We classified these errors into

specific categories, with results and examples provided in Table 6.8:

* Non-CODA: These are cases characterized by having plausible spontaneous
spelling but incorrect CODA. This is the largest group of errors.
* Hallucination and Related Hallucination: Hallucinations refer to word rewrites

that are implausible under any circumstance as a CODA correction or non-CODA
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Category ‘ % ‘ Error ‘ CODA
Non-CODA  |46% | Cawrs o
tHdst tHdot
Hallucination | 19% L2y 423>
dyqh. dqyqh.
Valid 13% | > ,ssld | > sla
hAmbwrjr | hAmbrjr
Deletion 9% FWY d Jeos!
AwSIh AwSI [h
Related 9% O S
Hallucination Srf Alsrf
Punctuation | 4% dwb""”"""" dl::\é""”
fAl‘tl’ly””"””"" fAll‘I’ly”"”

Table 6.8: Distribution of errors in the Dev set with one example per error type.

spelling. We distinguish cases that seem morphologically related to the input
but are actually unrelated forms. We observe that 2/3 of the cases were largely
unrelated to the reference.

* Valid: This category encompasses valid alternative spellings, particularly those
associated with proper nouns and foreign words.

* Deletion: Deletions refer to omitted words. 55.6% of these are non-CODA
spellings, e.g., a missed split (Table 6.8 example), while the rest are divided
between gold errors and hallucinations.

* Punctuation: Punctuation generation errors.

The error analysis highlights that CODA issues constitute a significant portion of the
remaining errors, potentially accounting for half of the cases between non-CODA words
and deletions. Hallucinations, whether minor or severe, make up nearly a third of the
errors. This suggests the need for more training data and improved models to address
these problems. The presence of valid variants, which represent one-eighth of the errors,

indicates the need to adopt a multi-reference approach for text normalization evaluation.
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6.5 Summary

In this chapter, we presented a study on CODAfication, the task of normalizing Dialectal
Arabic (DA) text into the Conventional Orthography for Dialectal Arabic (CODA). We
benchmarked Arabic pretrained Seq2Seq models and LLMs on the task of CODAfication.
We demonstrated that conditioning these models on dialect identification information
significantly improves normalization performance. We reported results on a unique
parallel corpus covering multiple Arabic dialects, focusing on five cities: Beirut, Cairo,

Doha, Rabat, and Tunis.
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Chapter 7

Text Editing

So far, this dissertation has introduced and explored three Arabic NLG tasks: gender
rewriting, grammatical error correction, and dialectal text normalization. Across these
tasks, our controlled NLG approaches have relied on an explicit identification step to
extract linguistic traits, such as gender, error types, or dialect, which are then used to
condition generation models. In this final chapter, we introduce a novel, unified text
editing framework that reframes all three tasks as sequence tagging problems. Instead of
generating text autoregressively, our approach assigns edit tags to input tokens, and ap-
plying these tags transforms the input into the desired output, ultimately combining both
identification and generation into a single step. These edit tags are automatically derived
from data, eliminating the need for hand-crafted or language-specific edit operations.
We show that this text editing approach achieves state-of-the-art or highly competitive
performance across all three tasks, surpassing prior models on most benchmarks, and
offering substantial efficiency gains. Furthermore, we explore ensemble strategies and
show that combining different models can lead to further performance improvements

across tasks.
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7.1 Introduction

Neural Seq2Seq models offer a powerful framework for translating source texts into
target texts (§3.1.3). Since their introduction in machine translation (MT) (Sutskever
et al., 2014), they have become the standard approach for nearly all conditional text
generation tasks. Raffel et al. (2020) further demonstrated that even tasks not traditionally
framed as sequence transduction problems can benefit from large-scale pretraining when
reformulated in the Seq2Seq paradigm. However, for tasks like those explored in this
dissertation, gender rewriting, grammatical error correction (GEC), and dialectal text
normalization (CODAfication), the input and output often share substantial overlap. In
such cases, using a full-sequence autoregressive model can be inefficient, as most tokens
are simply copied from the input to the output.

A highly efficient and competitive alternative to Seq2Seq models is text editing,
which frames generation tasks sequence tagging problems. Text editing is tailored
towards problems that require only small changes to the input. Rather than generating
the target sentence autoregressively as a series of tokens, text editing models predict a
sequence of edit operations that, when applied to the source sentence, yields the target
sentence. However, most commonly used sequence tagging approaches require effort to
design language-specific edit tag sets (Awasthi et al., 2019; Omelianchuk et al., 2020;
Mesham et al., 2023). This limits the adaptability of current text editing approaches for
morphologically rich languages like Arabic (Kwon et al., 2023), where the number of
possible edits can be vast.

In this chapter, inspired by recent advancements in text editing (Awasthi et al., 2019;
Malmi et al., 2019; Omelianchuk et al., 2020; Straka et al., 2021; Mesham et al., 2023),

we introduce a novel text editing approach that eliminates the need for language-specific
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edits. Instead, our method derives edit tags directly from data, making it more adaptable

and scalable across different linguistic settings. We demonstrate the effectiveness of
our approach on the NLG tasks we study in this dissertation: gender rewriting, GEC,
and dialectal text normalization. Our models achieve SOTA or highly competitive
performance across all three tasks, surpassing prior models on most benchmarks. In
addition to strong performance, they are over six times faster than previously introduced
models, making them more practical for real-world use. Finally, we show that ensemble
strategies can further boost performance, as different models capture complementary

strengths across tasks.

7.2 Background and Related Work

Text editing has gained increasing attention in recent years, especially for tasks like
GEC, due to its efficiency in scenarios where most of the input text remains unchanged.
At the heart of text editing is the process of edit extraction, which aligns input-output
pairs to identify the minimal sequence of operations (e.g., keep, delete, insert, replace)
required to transform the input into the target output. These edit operations are then
assigned to individual tokens, enabling direct generation via tagging. Several approaches
have implemented this framework with varying edit schemes and architectures. Malmi
et al. (2019) introduced LaserTagger, which uses three primary operations (keep, delete,
prepend) and a BERT encoder, optionally paired with an autoregressive decoder. They
demonstrated its effectiveness on tasks such as sentence fusion, splitting, summarization,
and GEC. Around the same time, Awasthi et al. (2019) proposed PIE, a model that uses
a BERT encoder to predict edits (keep, delete, append, and morphological inflections)

without a decoder, and applied it to GEC and OCR post-editing. Building on this work,
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Omelianchuk et al. (2020) introduced GECToR, expanding the tag set to capture more

complex grammatical transformations, such as verb forms and noun number. Mesham
et al. (2023) extends GECToR further by introducing more general transformation edit
tags. Straka et al. (2021) moved beyond word-level tagging by introducing a character-
level text editing model operating at the subword level, making it especially suited for
morphologically rich languages. They applied their model to English, Czech, German,
and Russian GEC. Beyond token-level approaches, Stahlberg and Kumar (2020) proposed
Seq2Edit, a span-based model leveraging a Seq2Seq architecture and applied it to text
normalization, sentence fusion and splitting, simplification, and GEC. Mallinson et al.
(2022) introduced EDITS5, a semi-autoregressive text editing model that combines the
efficiency of tagging with the flexibility of generation, yielding strong results in low-
resource settings for GEC and sentence fusion.

Despite growing interest in text editing, most existing approaches have been de-
veloped for English, with limited success in applying them to morphologically rich
languages like Arabic. To our knowledge, Kwon et al. (2023) are the only ones to at-
tempt Arabic text editing by adapting GECToR to Modern Standard Arabic (MSA) GEC.
However, their system performed significantly worse than standard Seq2Seq models,
likely due to the challenge of handcrafting edit tags that adequately capture Arabic’s
morphological complexity. In this chapter, we introduce a novel text editing framework
that addresses this limitation by deriving edit tags directly from data, eliminating the
need for predefined, language-specific operations. Our approach is general, scalable,
and particularly well-suited for morphologically rich languages. We demonstrate its
effectiveness across the three Arabic NLG tasks explored in this dissertation: gender

rewriting, GEC, and CODAfication.



102

7.3 Approach

We adopt a text editing approach for the three generation tasks explored in this dissertation:
gender rewriting, GEC, and CODAfication. Rather than generating output from scratch,
we frame each task as a sequence tagging problem. Formally, given an input sequence
T = 1,9, ..., Ty, the goal is to assign a sequence of edit operations e = ey, €, ..., €,;
e; € F/, where F is the edit vocabulary, such that applying edit e; on the input token x; at

each position ¢ would result in the output sequence y = y1, Y2, ---, Ym-

7.3.1 Edit Extraction

We begin by aligning input and output sentence pairs at the word level using a weighted
Levenshtein edit distance (Levenshtein, 1966), which computes the minimum number
of insertions, deletions, and replacements required to transform the input sentence into
the output, with each edit affecting a single word. However, some transformations span
multiple words. To handle such cases, we follow the approach introduced in §5.3.1 by
extending the alignment process with an iterative algorithm that greedily merges or splits
adjacent words to minimize the overall cumulative edit distance. After obtaining the
word-level alignment, we apply the algorithm again, this time to each aligned word pair
rather than the entire sentence, to determine character-level alignments. This process
identifies the minimal character edits in terms of keep (K), delete (D), merge before (M),
insert (I_[c]), and replace (R_[c]) that are needed to transform each erroneous word into
its correction, where the inserted or replaced character (c) is explicitly specified.

Figure 7.1 presents an example from GEC of an aligned erroneous-corrected sentence
pair along with the corresponding edits. For instance, in row b, the erroneous word

ru.a:ﬂ AlAhtmAm (word 1) requires the edit KKR_ [ |] KKKKK (row c¢) which consists
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Corrected + ] ov.al e | Y dovall, plaza Yl <% (a)
Alnfsyh AISHR symA wiA bAISHA AlAhtmAm yjb
7 6 5 4 3 2 1 0
Erroneous - ..\ ‘ ‘:3 e < (’Lf'uy\ % (b)
Alnfsyh AISHh f wilAsymA ISHh b AlAhtmAm yjb
Word Edits |KKKKKKR []A [.]| KKKKR [5] |DD|KKKI_[ JKKKK | MI []KKKR [5] | K | KKR_[IJKKKKK |[KKK|(c)
Word Edits
o . s D*| KKKI [ ]K* s K* K*
(Compressed) K*R_[6]A_[.] K*R_[5] 1] MI_[']K*R_[s] KKR_[I]K* (d)
7b 7a 6b 6a 5 4 3b 3a 2 1b la 0
Tokenized ottt il | ot Cﬂ.]\ ] LYy ott# C,A o rL«:A## ol ©
Erroneous #th Alnfsy #ith | AISH | fy wilAsymA #th ISH #htmAm:  AlA | yjb
Subword Edits|R_[5]A_[.] KKKKKK| R [3] | KKKK|DD| KKKI_[ JKKKK | R_[5] MI_['JKKK| K | KKKKK KKR_[']|KKK| (f)
Subword Edits
s . K* o K* |D*| KKKI []K* 5] 0 MI ['K* |K* K* K*R [1]| K*
(Compressed) REIAL R [e] _[1 R [e] [ M (&

Figure 7.1: An example showing the different edit representations: words, words (com-
pressed), subwords, and subwords (compressed). The edit operations are keep (K/K¥*),
delete (D/D*), merge before (M), replace (R_[c]), insert (I_[c]), and append (A_[c]).
Solid lines indicate word alignments between the corrected and erroneous sentences,
while dotted lines denote erroneous subword boundaries. The sentence in the figure can
be translated as “Health, especially mental health, must be taken care of ”.

of eight character edits—one replacement and seven keeps—to produce its corrected form
TL&JAW AlAhtmAm. Similarly, a=.a) ISHh (row b, word 3), must be merged with the
word before it, in addition to one insertion and one replacement (MI__ [ ] KKKR__ [3],
oW C).

In some cases, transformations require the insertion of entirely new characters,
forming additional words in the input. Since we frame the task as a sequence tagging
problem, we represent these insertions as appends (A_[c¢]) to existing edits rather than
introducing standalone edits. This ensures that all edits, including word insertions, remain
within the tagging framework. For example, to insert a period at the end of the erroneous
sentence in Figure 7.1, we append the tag (A__[ . 1) to the edit of the final word (row c,

word 7).
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7.3.2 Edit Representation

The edit representation directly influences the size of the edit vocabulary (| E|), creating
an important trade-off: a larger vocabulary offers more precise transformations but
increases model complexity, whereas a smaller vocabulary enhances learning efficiency
at the cost of expressiveness. Controlling | F| is crucial to avoid the explosion of possible
edits, which is particularly important when working with morphologically rich languages
like Arabic. We explore four methods for controlling | F'| while maintaining sufficient

coverage.

Edit Compression Once we obtain character-level edits for each word, we compress
them into a more compact representation. The motivation behind this transformation is
that while different words may undergo the same type of correction, their character-level
edits can differ due to variations in word length. For example, in row b of Figure 7.1,
both words 0 and 2 share a keep edit, yet they receive different edit labels because of
their length differences (row c¢). To address this, we introduce a generalized notation for
common edit patterns. Consecutive keep (K) and delete (D) operations are represented as
K* and D¥*, respectively. Similarly, consecutive insertions and appends are merged into a
single operation, represented as I_[c*] for insertions and A_[c*] for appends, indicating
the insertion or appending of multiple characters.

Since there are multiple ways to compress an edit sequence, we select the optimal
strategy based on the frequency distribution of edit patterns in the training data. This
approach ensures that the most common transformations are encoded in a way that
balances expressiveness with efficiency, resulting in a more structured and learnable edit

representation.
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Input Unit Since Transformer-based models operate at the subword level, we project

character-level edits onto subwords while maintaining their boundaries to ensure proper
alignment. This not only ensures consistency with the model’s input representation but
also helps reduce the edit vocabulary size. Our approach is inspired by the method of
Straka et al. (2021), but it differs in several key aspects: (1) Straka et al. (2021) tokenize
the erroneous and corrected sentence pairs before aligning them to extract the edits at the
subword level. In contrast, our method extracts edits at the word level and then projects
them onto subwords; (2) They limit the number of character-level edits per subword edit,
while our approach imposes no such restrictions, allowing for broader coverage.

Figure 7.1 presents the subword-level edits in both their uncompressed (row f) and
compressed (row g) forms. In the uncompressed subword-level edits, we observe that
two subwords (3b and 6b in row e), which belong to different words, share the same edit
(R_[3]). In the compressed representation, we notice that several subwords—such as 0,

1b, 2, 6a, and 7a—end up sharing the same edit (Kx).

Edit Segregation The MSA GEC datasets we report on exhibit high frequencies of
punctuation errors, as detailed in §5.4.1: : 40% in QALB-2014 and 15% in ZAEBUC
training sets. To reduce the number of edits that the MSA GEC models must learn, we
segregate punctuation edits from non-punctuation edits. This results in two versions
of the data: one where only non-punctuation errors are tagged, and another where all
non-punctuation errors are corrected, leaving only punctuation errors for the model to
focus on.This separation is applied only to the MSA GEC datasets, not to APGC v2.0
(gender rewriting) or MADAR CODA (CODAfication). Additionally, this approach
requires training two systems to be applied sequentially during inference: the first system

fixes non-punctuation errors, while the second system addresses only punctuation errors.
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Edit Pruning In tasks like GEC and CODAfication, morphologically rich languages

such as Arabic often exhibit a long tail of infrequent edits in the training data. To improve
the model’s learning ability, we analyze the distribution of edits in the training data for
each task and prune those that occur less frequently than a threshold 7', replacing them
with the “keep” edit. This pruning is applied exclusively during training, enabling the

model to focus on frequent and informative edits.

7.3.3 Edits Coverage

QALB-2014 QALB-2015 ZAEBUC
Input  Comp. Subset Prune| Edits OOV% Fys|Edits OOV% Fys|Edits OOV% Fs
Word X All - 16,221 1.00% 98.413,289 5.77% 92.211,097 2.94% 96.2
Subword X All - 9,060 0.36% 98.7|2,896 4.33% 92.0| 905 1.85% 96.5
Word v All - 10,410 1.00% 98.4|2,425 5.77% 92.2| 687 2.94% 96.2
Subword v/ All - 6,170 0.36% 98.7|2,125 4.33% 92.0| 563 1.85% 96.5
Subword v/  NoPnx - 4799 0.27% 98.8/1,906 3.93% 91.0| 498 1.74% 96.2
Subword v/ Pnx - 160 0.01% 99.4| 40 0.01% 99.3] 23 0.06% 99.9
Subword v/ All 10 683 0.75% 98.1| 120 6.77% 88.0| 58 3.71% 93.9
Subword v/ All 20 442 1.02% 97.7) 80 7.86% 86.4| 35 4.67% 92.6
Subword v/ All 30 329 1.24% 974| 58 8.83% 84.6| 27 526% 91.8
Subword v/ NoPnx 10 520 0.56% 98.2| 103 6.15% 86.0| 52 3.39% 93.7
Subword v/ NoPnx 20 335 0.75% 97.8| 71 7.04% 84.1| 30 4.31% 92.3
Subword v/ NoPnx 30 250 092% 97.5| 50 790% 81.7| 22 490% 91.4
Subword v/ Pnx 10 48  0.02% 99.4| 15 0.11% 99.1| 6 0.11% 99.9
Subword v/ Pnx 20 35 0.05% 994 10 0.30% 989, 6 0.11% 99.9
Subword v/ Pnx 30 29 0.05% 993 9 034% 989| 6 0.11% 99.9

Table 7.1: Edit statistics on QALB-2014, QALB-2015, and ZAEBUC. Input is the input
unit representation (word or subword). Comp. indicates whether the edit is compressed.
Subset specifies whether the edits capture all errors, punctuation-only errors (Pnx), or
non-punctuation errors (NoPnx). Edits represents the total number of unique edits in
the training set of each dataset. OOV % is the percentage of out-of-vocabulary edits
(non-unique) in the Dev set of each dataset.

Table 7.1 presents edit statistics for the GEC datasets: QALB-2014, QALB-2015, and

ZAEBUC. Table 7.2 shows the corresponding statistics for the CODAfication dataset,
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MADAR CODA APGCv2.0
Input  Comp. Prune|Edits OOV% F,s|Edits OOV% F,s
Word X - 1,228 1.52% 98.0/1,106 0.07% 99.3
Subword X - 677 0.55% 98.1| 844 0.05% 99.3
Word v - 741 1.52% 98.0| 588 0.08% 99.3
Subword v/ - 454 0.55% 98.1| 514 0.07% 99.3
Subword v/ 10 84 1.33% 96.2| 127 0.12% 984
Subword v/ 20 52 2.02% 94.1| 92 0.17% 97.7
Subword v/ 30 45 228% 934 74 021% 97.0

Table 7.2: Edit statistics on MADAR CODA and APGCv2.0. Input is the input unit
representation (word or subword). Comp. indicates whether the edit is compressed.
Edits represents the total number of unique edits in the training set of each dataset.
OO0V % is the percentage of out-of-vocabulary edits (non-unique) in the Dev set of each
dataset.

MADAR CODA, and the gender rewriting parallel corpus, APGC v2.0. These tables
illustrate the impact of our strategies to reduce the edit vocabulary size |E| on edit
coverage and upper-bound (oracle) performance on the development (Dev) sets. Edit
coverage measures the proportion of training edits found in the Dev sets, while oracle
performance is evaluated using the MaxMatch (M?) scorer (Dahlmeier and Ng, 2012)
Fos. We use AraBERTV02 (Antoun et al., 2020) for subword tokenization, as it yielded
the best results among our tested models (more details in §7.4.3).

For the GEC datasets, and specifically QALB-2014, switching from word-level to
subword-level edits reduces unique training edits by 44% (16,221 to 9,060) and lowers
the Dev set OOV rate from 1% to 0.4%, yielding a 0.3-point F;, 5 gain. Edit compression
further reduces unique edits while preserving OOV % and oracle performance. Segregat-
ing punctuation (Pnx) from non-punctuation (NoPnx) edits reduces combined training
edits (4,799+160 from 6,170). However, NoPnx results are not directly comparable
since punctuations are explicitly removed before the evaluation. Pnx F;s scores are

higher as they are evaluated on a Dev set with non-punctuation errors already corrected,
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making the test easier. To assess the impact of pruning, we apply frequency thresholds

of 10, 20, and 30 to remove low-frequency edits. As expected, pruning reduces the
number of unique training edits and increases the OOV % in the Dev set, yet Fj, 5 remains
largely unaffected. This suggests that the majority of the 6,170 compressed subword
edits occur infrequently and contribute little to the model’s upper-bound performance.
A similar trend is observed for both Pnx and NoPnx edits, reinforcing the idea that
many low-frequency edits can be pruned without degrading oracle performance. Similar
conclusions hold for the QALB-2015 and ZAEBUC datasets.

For both MADAR CODA and APGC v2.0, we observe similar trends to those found
in the GEC datasets. Switching from word-level to subword-level edits significantly
the number of unique training edits while also lowering the OOV rate on the Dev sets.
However, unlike GEC, the shift to subword-level edits does not lead to improvements
in oracle F 5 scores, suggesting that the benefits of subword modeling are primarily in
vocabulary compression rather than correction potential. Applying edit compression

further reduces the number of edits without affecting OOV % or Fs.

7.4 Experimental Setup

7.4.1 Data

We use the same datasets introduced in earlier chapters for each task. For gender rewriting,
we use the Arabic Parallel Gender Corpus v2.0 (APGC v2.0) (§4.3). For GEC, we use
the QALB-2014, QALB-2015, and ZAEBUC datasets (§5.4.1). For CODAfication, we
use the MADAR CODA corpus (§6.4.1).
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7.4.2 Experiments

Baselines For GEC, we compare our text editing approach to the best-performing
vanilla Seq2Seq models introduced in Chapter 5, as well as to enhanced variants that
incorporate morphological preprocessing and are conditioned on grammatical error
detection (GED) predictions (§5.3.2). A similar comparison is made for CODAfication,
where we compare against the top vanilla Seq2Seq model from Chapter 6, along with a
variant conditioned on dialect identification (§6.3). For gender rewriting, we compare
against the joint and the best-performing multi-step rewriting systems introduced in

Chapter 4 (§4.4). For all tasks, we also report results from the strongest LLM setup.

Edit Taggers To investigate the impact of the edit representation design on performance
(§7.3.2), we build several edit taggers with different configurations. For word-level
tagging, we use the representation of the first subword of each word and pass it through
the subsequent layers. For subword-level tagging, we use the representation of each
subword individually. Several Arabic pretrained transformer encoders based on BERT
(Devlin et al., 2019) have been developed (Antoun et al., 2020; Abdul-Mageed et al.,
2021a; Inoue et al., 2021; Ghaddar et al., 2022). We select the three best-performing
Arabic BERT models, as identified by Inoue et al. (2021) across various sentence and
token classification tasks: AraBERTv02 (Antoun et al., 2020), ARBERTV2 (Abdul-
Mageed et al., 2021a), and CAMeLBERT-MSA (Inoue et al., 2021).

Ensembles We construct majority vote ensemble models by aggregating the outputs of
multiple GEC systems. This is enabled by our edit extraction algorithm (§7.3.1), which
allows us to align and extract edits from models with different architectures. Using this

algorithm, we first align each model’s output with the input text, extract the proposed



110

QALB-2014 QALB-2015 ZAEBUC
P R Fys P R Fys P R Fys
AraBART 832 649 787 | 686 426 612|873 70.6 834

AraT5+Morph+GED*? 83.1 679 79.6 | 682 46.6 624|876 739 845
AraBART+Morph+GED** 834 663 793 | 68.2 46.6 624 | 873 73.6 842
AraBART+Morph+GED'? 839 657 79.5 | 68.0 46.6 623 |87.6 739 845

GPT-40 80.7 657 772|706 49.2 65.0 | 865 76.8 843
GPT-40+GED 82.1 622 772|744 412 640|904 723 86.1
SWEET 81.8 68.8 78.8 | 648 406 579 | 8.8 723 82.7
SWEET? 819 704 793|659 433 59.7 | 858 733 83.0
SWEETZ p, + SWEETp,,  83.7 68.8 80.3 | 69.6 374 59.4 | 867 739 838
3-Ensemble 849 68.8 81.1| 740 399 632 |89.6 728 85.6

+GPT-40 89.1 61.6 81.8 | 812 331 629|933 683 86.9

+GPT-40+GED 894 610 81.8 | 813 324 625|933 677 86.7

Table 7.3: MSA GEC results on the Dev sets of QALB-2014, QALB-2015, and ZAEBUC.
Best non-ensemble results are underlined. The best overall results are in bold.

edits, and then determine the final edit sequence through majority voting. Following
Tarnavskyi et al. (2022), we retain an edit only if at least £ — 1 models out of k£ models

predict it; otherwise, we leave the input unchanged.

7.4.3 Results

Table 7.3 presents development set results for GEC, while Table 7.4 shows corresponding
results for CODAfication and gender rewriting. Full edit tagging results on the Dev
sets, including experiments with different edit design choices using CAMeLBERT-MSA,
AraBERTv02, and ARBERTV2, are presented in Tables D.2 and D.1 in Appendix D.1.
AraBERTVO02 consistently achieves the best performance. For GEC and CODAfication,
using subword-level edits alongside compression and pruning leads to improved results.
The most effective pruning threshold is 10 for QALB-2014, QALB-2015, and MADAR
CODA, and 30 for ZAEBUC. In the case of gender rewriting, AraBERTV02 also performs

best. Although subword-level edits do not outperform word-level edits in this task,
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MADAR CODA APGCv 2.0
P R Fps | P R Fys
AraT5 86.8 774 84.7 - - -
AraT5+City 87.6 793 8538 - - -
Joint - - - 79.0 79.8 79.1
Multi-Step - - - 88.7 86.8 88.3
GPT-40 537 544 538|492 746 528
GPT-40+DAP 57.8 529 56.7 - - -
GPT-40+GID - - - 771 777 172
SWEET 89.1 755 86.0 | 89.7 873 89.2
SWEET? 875 735 843 |89.7 874 89.2
3-Ensemble 917 774 884|910 89.1 90.6
+GPT-40 93.8 725 88.6  92.1 86.5 90.9
+GPT-40+DAP 93.8 723 88.6 - - -
+GPT-40+GID - - - 92.2 863 90.9

Table 7.4: CODAfication and gender rewriting results on the Dev sets of MADAR CODA
and APGC v2.0. Best non-ensemble results are underlined, best overall results are in
bold.

applying compression and pruning still proves beneficial, with a pruning threshold of 10
yielding the best results. The optimal setup for each dataset is presented in Tables 7.3
and 7.4. We henceforth refer to this system as SWEET (Subword Edit Error Tagger).
SWEET achieves an Fy 5 of 78.8 on QALB-2014, 86.0 on MADAR CODA, and 89.2
on the AGPCv2.0, outperforming AraBART on QALB-2014 and setting a new SOTA
on MADAR CODA and APGC v2.0. On ZAEBUC and QALB-2015, it scores 82.7 and
57.9 Fy s, respectively, trailing behind AraBART. Consistent with previous work on text
editing (Awasthi et al., 2019; Omelianchuk et al., 2020), we find that iterative correction
improves GEC up to two iterations (SWEET?), achieving 79.3 Fy 5 on QALB-2014, 59.7
on QALB-2015, and 83.0 on ZAEBUC, with the highest overall recall on QALB-2014
(70.4). However, it degrades CODAfication and does not help gender rewriting.
Separating non-punctuation edits (SWEETnopnx) from punctuation edits (SWEETp,y)

improves GEC performance on QALB-2014 and ZAEBUC but not QALB-2015. The best
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setup applies these systems in sequence: two iterations of non-punctuation correction

followed by one iteration of punctuation correction (SWEET%.p,, + SWEETp,,). This
setup achieves the highest F( s score among text editing models, setting a new SOTA on
QALB-2014 with 80.3 (driven by a precision improvement of 83.7). Its performance on
ZAEBUC leads other edit tagging techniques but trails behind GPT-40.

For our ensemble models (3-Ensemble), we combine the outputs of the top three
non-LLM models per dataset. For QALB-2014, QALB-2015, and ZAEBUC, the en-
semble includes the best Seq2Seq model incorporating morphological preprocessing
and GED predictions, SWEET?, and the cascaded setup SWEETZp,, + SWEETp,,. For
MADAR CODA, we combine AraT5+City, SWEET, and the second-best SWEET model
using CAMeLBERT-MSA (see Table D.2 in Appendix D.1). For APGC v2.0, the ensem-
ble includes the Multi-Step model, SWEET, and the second-best SWEET variant using
AraBERTVv02 with word-level edits and no pruning (Table D.1, Appendix D.1).

The 3-Ensembles outperform single models, achieving SOTA results across all
datasets except QALB-2015, primarily by improving precision at the cost of recall.
Adding GPT-40 to the ensemble (3-Ensemble+GPT-40) further boosts performance,
reaching Fy 5 scores of 81.8 on QALB-2014, 86.9 on ZAEBUC, 88.6 on MADAR CODA,
and 90.9 on APGC v2.0. Notably, incorporating GPT-40 outputs generated using control
prompting, such as GPT-40+GED for GEC, GPT-40+DAP for CODAfication, or GPT-

40+GID for gender rewriting, offers no gains over the standard 3-Ensemble+GPT-4o0.

Test Results: Table 7.5 presents test results for GEC, while Table 7.6 reports corre-
sponding results for CODAfication and gender rewriting, using the best setups identified
on the Dev sets. For GEC, the cascaded setup SWEET% p,, + SWEETp, sets a new SOTA

on QALB-2014 with 80.5 F 5, outperforming all Seq2Seq models introduced in Chapter 5.
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QALB-2014 | QALB-2015-L1 | QALB-2015-L2| ZAEBUC
P R Fops| P R Fo5| P R Fo5| P R Fys
AraBART 84.0 64.7 79.3/82.0 71.7 79.769.6 435 62.1|86.0 71.6 82.7
AraBART+GED* 84.2 654 79.6|81.2 724 79.3|69.0 454 62.5|85.4 72.6 82.5
AraBART+Morph+GED* 83.9 65.7 79.5|82.6 72.1 80.3 |67.6 452 61.5|85.4 73.7 82.7
AraBART+GED!3 84.1 65.0 79.4|81.5 72.7 79.5|69.3 449 62.5|859 73.4 83.1
GPT-40+GED 82.9 62.0 77.7/82.8 71.1 80.2|75.2 42.5 65.1|89.0 73.2 85.3
SWEET? 82.6 69.5 79.6/80.0 74.3 78.8|66.1 42.5 59.5|855 74.4 83.0
SWEETZ py + SWEETp,,  84.5 67.7 80.5|82.2 73.6 80.3|70.0 37.3 59.6 |85.7 74.1 83.1
3-Ensemble 85.7 67.4 81.3(83.7 733 81.3|73.3 39.2 62.4(89.7 73.7 85.9
+ GPT-40+GED 89.9 59.7 81.6|88.5 66.2 82.9|81.5 319 62.2|93.5 69.5 87.5

Table 7.5: MSA GEC results on the Test sets of QALB-2014, QALB-2015 (L1), QALB-
2015 (L2), and ZAEBUC. Best non-ensemble results are underlined. The best overall
results are in bold.

This improvement is statistically significant at p < 0.05, based on a two-sided approxi-
mate randomization test, compared to the best Seq2Seq baseline (AraBART+GED*). On
QALB-2015-L1, the same setup matches the performance of AraBART+Morph+GED*
with an Fy 5 of 80.3, and on ZAEBUG, it achieves 83.1, on par with AraBART+GED'?.
However, on QALB-2015, it underperforms relative to all Seq2Seq baselines.

For CODAfication and gender rewriting, SWEET achieves SOTA performance, reaching
86.5 Fy5 on MADAR CODA and 89.8 on APGC v2.0. Both results are statistically
significant improvements over the strongest previously introduced systems: AraT5+DA
Phrase for CODAfication and the Multi-Step model for gender rewriting.

Our ensemble models further enhance performance across all datasets, achieving F 5
scores of 81.6 on QALB-2014, 82.9 on QALB-2015-L1, 87.5 on ZAEBUC, 88.9 on
MADAR CODA, and 91.3 on APGC v2.0. Notably, we incorporate outputs from the
best performing GPT-40 control prompting setups: GPT-40 with GED for GEC, GPT-40
with DAP for CODAfication, and GPT-40 with GID for gender rewriting. This addition
improves performance across all GEC datasets except QALB-2015-L2 but yields no

further gains for CODAfication.
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MADAR CODA APGC v2.0
P R Fys | P R Fos
AraT5 873 78.0 852 - - -
AraT5+DA Phrase 884 79.0 86.3 - - -
Joint - - - 79.3 804 79.5
Multi-Step - - - 88.9 86.7 884
GPT-40+DAP 59.3 55.1 584 - - -
GPT-40+GID - - - 764 765 764
SWEET 89.4 76.6 86.5 | 90.3 87.6 89.8
3-Ensemble 922 7777 889 | 914 89.1 90.9
+ GPT-40+DAP 94.0 73.1 88.9 - - -
+ GPT-40+GID - - - 929 852 913

Table 7.6: CODAfication and gender rewriting results on MADAR CODA and APGC
v2.0 Test sets. Best non-ensemble results are underlined, best overall results are in bold.

7.4.4 Runtime Performance

Table 7.7 compares our text editing models to the Seq2Seq models from Chapter 5
in terms of model size, initialization time, and inference runtime. Initialization and
inference times were averaged over 10 runs on the QALB-2014 Dev set using a single
A100 GPU with a batch size of 32. The reported values for AraT5+Morph+GED?*? reflect
the combined size, initialization, and inference times of all its components. Our SWEET
model is 4x smaller than AraT5+Morph+GED* , while the cascaded system SWEETZ p,,
+ SWEETp,, is about half the AraT5+Morph+GED* model size. In terms of speed,
SWEET initializes 19x faster than AraT5+Morph+GED*, while the cascaded system
achieves a 9x initialization speedup. For inference, SWEET is also 19x faster, SWEET? is
9x faster, and the cascaded setup is 6x faster. Compared to the vanilla AraBART model,
SWEET runs 6x faster, SWEET? is 3x faster, and the cascaded system is twice as fast.
Although the 3-Ensemble setup achieves the best performance, it is the largest in model

size and the slowest overall.
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Params Time

Init. | Run
AraBART 139M | 1.7 70.7
AraT5+Morph+GED43 502M | 24.7 | 218.5
SWEET 135M | 1.3 11.6
SWEET? 135M | 1.3 | 232
SWEETZ py + SWEETp,, 270M | 2.7 | 34.8
3-Ensemble 908M | 28.7 | 276.4

Table 7.7: Number of parameters (Params.), initialization time (Init.), and runtime for
different models on the Dev set of QALB-2014. Init. and runtime are in seconds and
averaged over 10 runs on a single A100 GPU using a batch size of 32.

7.4.5 Error Analysis

GEC: Table 7.8 presents specific error type performance of the best Seq2Seq model
(AraBART+Morph+GED'?), our best SWEET system (SWEET3p,, + SWEETppy), and the
best ensemble (3-Ensemble+GPT-40). SWEET outperforms the Seq2Seq baseline on most
error types in QALB-2014 and ZAEBUC, achieving macro-average improvements of 3.6
and 4.5 F 5, respectively. However, the Seq2Seq baseline remains the best-performing
model on QALB-2015, both on macro-average Fy s and most error types. Notably, on
ZAEBUC, although SWEET improves error-type performance over the baseline, it does
not surpass it in overall GEC performance (Table 7.3). This is primarily due to the
skewed error distribution in ZAEBUC, where O/C/Merge-related errors dominate, and
both models perform comparably on these types. The error types where SWEET excels are
relatively infrequent (Table 5.2). The ensemble model yields modest gains over SWEET

on QALB-2014 and QALB-2015, but not on ZAEBUC.

CODAfication: In Table 7.9, we revisit the 100 erroneous cases sampled in Chapter 6
(§6.4.4). We replicate our manual error analysis over the outputs of our best SWEET model

and the best ensemble system (3-Ensemble+GPT-40), comparing them to the baseline
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QALB-2014 QALB-2015 ZAEBUC
Seq2Seq SWEET Ensemble|Seq2Seq SWEET Ensemble|Seq2Seq SWEET Ensemble
Delete 40.8 44.3 45.2 45.3 48.6 64.6 51.9 63.6 62.5
Merge-B 93.0 93.7 93.8 86.6 87.1 90.4 96.7 96.9 96.6
Merge-I 93.0 935 93.6 86.4 87.0 90.5 96.7 96.9 96.6
M 27.6 33.6 28.6 40.8 18.8 21.6 48.6 50.0 41.7
M+O 37.7 61.0 60.6 15.2 0.0 0.0 55.6  100.0 0.0
o 94.3 94.5 94.4 80.2 72.5 76.5 94.4 944 94.1
O+X 73.9 81.5 83.3 0.0 333 0.0 0.0 0.0 0.0
P 77.4 75.6 76.8 63.7 65.0 64.8 62.8 71.9 70.4
S 44.5 57.1 574 34.1 27.3 26.4 404 47.6 46.9
X 61.1 61.4 62.4 63.9 60.2 65.0 72.9 74.1 74.1
Split 87.1 83.8 87.6 78.9 70.7 76.7 88.2 90.0 95.2
UNK 57.2 55.0 56.0 352 29.6 29.6 63.1 44.6 47.6
C 96.8 96.4 94.7 914 88.4 87.1 96.1 96.0 93.9
Macro Avg  68.0 71.6 71.9 55.5 53.0 53.3 66.7 71.2 63.1

Table 7.8: Error type performance (Fys) on the Dev sets of QALB-2014, QALB-2015,
and ZAEBUC for the best baseline Seq2Seq model, our best SWEET system, and the best
ensemble. Best non-ensemble scores are underlined, best overall scores are in bold.

Seq2Seq model (AraT5+City). Errors are categorized using the taxonomy introduced in
§6.4.4. These 100 cases represent 21% of the 471 total erroneous predictions made by the
Seq2Seq model. SWEET reduces the number of errors by 27%, correctly rewriting 27 out
of the 100 cases, whereas the ensemble reduces the number of errors by 16%. Both models
show reductions across all error categories when compared to the Seq2Seq baseline, with
notable improvements in non-coda and hallucination errors. These gains underscore the
enhanced controllability offered by the text editing approach over traditional Seq2Seq

models.

Gender Rewriting: Table 7.10 presents the distribution of erroneous sentences in the
outputs of the best Multi-Step model, the best SWEET model, and the best ensemble
(3-Ensemble+GPT-40). The SWEET model reduces the proportion of erroneous sentences
across all four target corpora, except for 1F/2M, with the largest reduction observed

for 1F/2F (0.4%). The ensemble model further lowers the error rates across all target
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Error Type Seq2Seq SWEET Ensemble
Non-Coda 46% 2% (-33%) 46% (-15%)
Hallucination 19% 22% (-16%) 20% (-11%)
Valid 13% 16% (-8%) 14%  (-8%)
Deletion 9% 11% (-11%) 10% (-11%)
Related Hallucination 9% T% (-44%) 10% (-11%)
Punctuation 4% 1% (-75%) 0% (-100%)
Correct 0 37% 20%

Table 7.9: Distribution of errors over a sample of 100 cases from the MADAR CODA
Dev set for the best Seq2Seq model, the best SWEET model, and the best ensemble.
Percentages in parentheses indicate the reduction in errors relative to the Seq2Seq model.

SWEET Ensemble

Target Multi-Step SWEET Ensemble Fixed Shared Error|Fixed Shared Error

IM2M  3.8% 3.7% 3.3% 14% 24% 13%|11% 2.7% 0.6%
1F/2M 4.0% 4.1% 4.4% 14% 25% 1.6%|0.7% 32% 12%
1M/2F 7.1% 7.0% 7.0% 22% 48% 21%|14% 5.6% 1.4%
1F/2F 6.6% 6.2% 5.7% 21% 45% 17% |17% 4.9% 0.8%

Table 7.10: Distribution of erroneous sentences from the APGC v2.0 Dev set across
the four target corpora for the Multi-Step model, the best SWEET model, and the top
ensemble. The second half of the table reports the distribution of Fixed, Shared, and
newly introduced Errors by the SWEET and ensemble models.

corpora except 1F/2M, where it increases the error rate by 0.4%. The most substantial
improvement is again seen in the 1F/2F setting, with a 0.9% reduction compared to
the Multi-Step model. Table 7.10 also reports the distribution of fixed, shared, and
newly introduced errors by the SWEET and ensemble models relative to the Multi-Step
baseline. Across all four target corpora, both models achieve notable gains by correcting
a substantial portion of the baseline’s errors. While SWEET fixes more errors than the
ensemble, it also introduces more new errors. In contrast, the ensemble introduces fewer
errors and retains a higher proportion of shared errors with the baseline, suggesting a

more balanced trade-off that improves over the baseline with fewer regressions.
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Multi-Step SWEET Ensemble
Error Type 1M/2M 1F/2M 1M/2F 1F/2F 1M/2M 1F/2M 1M/2F 1F/2F | 1M/2M 1F/2M 1M/2F 1F/2F

No Change 25% 32% 52% 37% | 17% 20% 37% 26% | 18% 25% 44% 30%
Rewrite 43% 47% 35% 40% | 16% 31% 22% 14% | 18% 36% 23% 16%
Gold 2% 21% 13% 23% | 26% 17% 13% 21% | 27% 19% 13% 21%

Correct 0 0 0 0 ‘41% 32% 28% 39%‘ 37%  20% 20% 33%

Table 7.11: Error type distribution for a sample of 100 Dev sentences from APGC
v2.0, comparing the Multi-Step model, the best-performing SWEET model, and the top
ensemble system.

Table 7.11 presents a manual error analysis of 100 erroneous Dev sentences from APGC
v2.0 for each of the four target corpora across the three systems. We categorized errors
into: (1) No Change errors, where the system failed to make a necessary change (false
negatives), (2) Rewrite errors, where incorrect changes were made (false positives), and
(3) Gold errors, where the output was correct but did not match the reference due to
annotation inconsistencies. We began our analysis with the errors made by the Multi-Step
model and then examined how the SWEET and ensemble systems performed on the
same set.

The Multi-Step model’s errors are dominated by Rewrite errors across all contexts,
indicating a tendency to over-correct. The SWEET model reduces errors across all target
corpora, with the most substantial improvement in the 1M/2M setting, cutting errors by
41% through reductions in both No Change and Rewrite categories. The ensemble model

also improves over the Multi-Step baseline but underperforms compared to SWEET.
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7.5 Summary

In this chapter, we introduced a text editing framework that reframes gender rewriting,
GEC, and CODAfication as sequence tagging tasks. Unlike traditional Seq2Seq models,
our approach assigns edit operations directly to input tokens, effectively combining
identification and generation in a single step. These edit tags are automatically derived
from data, removing the need for hand-crafted or language-specific operations and
enabling adaptability to morphologically rich languages like Arabic. We demonstrated
that our models achieve SOTA or highly competitive results across all tasks while being
substantially more efficient, over six times faster than previously introduced approaches.

Additionally, we showed that ensembling diverse models further boosts performance.
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Chapter 8

Summary and Conclusions

In this dissertation, we explored three NLG tasks for Arabic: gender rewriting, grammati-
cal error correction, and dialectal text normalization. For each task, For each task, we
introduced controllable modeling approaches that incorporate linguistic traits to enhance
the controllability of NLG systems. Our models achieve state-of-the-art results across
all tasks. In this final chapter, we highlight the main findings and contributions of the

dissertation and discuss promising directions for future research.

8.1 Arabic Gender Rewriting

We first presented the task of Arabic gender rewriting as generating alternatives of a given
Arabic sentence to match different target user gender contexts: a male speaker with a
male listener, a female speaker with a male listener, a male speaker with a female listener,
and a female speaker with a female listener. This requires changing the grammatical
gender (masculine or feminine) of certain words referring to the users (speaker/first
person and listener/second person. Formally, given an input X that combines both the

input Arabic sentence and the target gender preferences, and a sequence of word-level
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gender labels GG corresponding to the input Arabic sentence, the goal is to generate a

rewritten version Y that matches the user specified gender preferences:
PY|X,G) =[] Pwlyr. . ve—1, X, G)
t=1

To facilitate this task, we introduced the Arabic Parallel Gender Corpus v2.0, a new
dataset designed for gender identification and rewriting. We also developed and bench-
marked various gender rewriting systems and LL.Ms on this corpus and demonstrated

their effectiveness.

The Arabic Parallel Gender Corpus We presented the Arabic Parallel Gender Corpus
v2.0 (APGC v2.0), which extends APGC v1.0 by adding second person targets as well
as increasing the total number of sentences over 6.5 times, reaching over 590K words.
The new corpus consists of multiple parallel components: four combinations of first- and
second-person grammatical gender (masculine and feminine), English source sentences,
and English-to-Arabic machine translation outputs. We selected English-Arabic sentence
pairs from the OpenSubtitles 2018 dataset for manual annotation. The annotation process
involved gender identification followed by rewriting to generate all parallel gender
alternatives corresponding to the target user gender contexts studied. In total, the corpus
includes 80,326 parallel sentences (596,799 words), with gender annotations provided at

both the sentence and word levels.

Gender Rewriting Approaches We introduced two gender rewriting approaches: joint
Seq2Seq models, which perform sentence-level rewriting in a single pass without an
explicit identification step, and multi-step word-level models, which decompose the task

into separate identification and rewriting stages for finer control. We also evaluated
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four LLMs: two commercial (OpenAl’s GPT-3.5-turbo and GPT-40) and two open-

source, Arabic-centric models (Jais-30B-Chat and the recently introduced Fanar LLM).
Our results showed that the multi-step approach outperforms joint models due to its
controllability. Furthermore, we demonstrated that incorporating word-level gender
identification when prompting LLMs improves their performance on gender rewriting.

We further demonstrated how gender rewriting can be used to personalize the output
of user-unaware machine translation systems through post-editing. To facilitate real-world
use, we introduced the User-Aware Arabic Gender Rewriter, a web-based application
that integrates our best-performing model, enabling seamless user interaction.

Lastly, we summarized our findings from the Shared Task on Arabic Gender Rewrit-

ing, which we organized as part of the Seventh Arabic NLP Workshop.

8.2 Arabic Grammatical Error Detection and Correction

We presented a comprehensive study on grammatical error correction (GEC) for Modern
Standard Arabic (MSA) and formalized the task of Arabic grammatical error detection
(GED). We demonstrated that conditioning models on GED predictions enhances GEC
performance. Formally, given an erroneous Arabic sentence X and its corresponding

sequence of error types F, the goal is to generate a corrected sentence Y':
PY|X, E) =[] Pwly, 1. X, E)
t=1

Additionally, we explored the impact of contextual morphological preprocessing on
model performance. Our systems achieved state-of-the-art results on two MSA GEC
datasets (L1 and L2) and established a strong benchmark on a newly introduced L1

dataset.
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Arabic Grammatical Error Detection (GED) GED has received little attention in

Arabic NLP due to the absence of manually annotated corpora and standardized error
type framworks. To address this, we proposed an automatic method that extracts edits
from parallel GEC corpora and assigns error types using an Arabic error type annotation
tool. We framed GED as a multi-class sequence labeling task and evaluated models under

three levels of granularity: 43-Class, 13-Class, and 2-Class (binary).

Arabic Grammatical Error Correction (GEC) We were the first to benchmark pre-
trained Seq2Seq models on Arabic GEC, experimenting with AraBART and AraT5. We
also benchmarked both open-source Arabic-centric and commercial LLMs including.
We investigated whether conditioning these models on GED predictions could improve
correction performance and whether contextual morphological preprocessing offers addi-
tional benefits. Our findings show that GED predictions consistently enhance Seq2Seq
model performance, and morphological preprocessing further improves results in some
cases. Moreover, we found that commercial LLMs like GPT-40 perform remarkably well
on certain GEC datasets. However, we emphasized that these results should be inter-
preted with caution due to the models’ closed-source nature and the lack of transparency
regarding their training data, raising concerns about reproducibility and potential data

contamination.

8.3 Dialectal Text Normalization

We presented the task of dialectal text normalization, known as CODAfication, which
involves converting Dialectal Arabic (DA) into the Conventional Orthography for Di-
alectal Arabic (CODA). DA represents the non-standard variety of Arabic and comprises

multiple regional dialects, such as Egyptian, North African, Levantine, and Gulf Arabic,
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that differ significantly from both MSA and from one another in terms of phonology,

morphology, and lexicon. While DA is primarily spoken, it is increasingly used in written
form on social media. However, the lack of standardized spelling leads to noisy, highly
variable text, creating challenges for NLP systems due to increased data sparsity. To
address this issue, CODA was proposed as a unified spelling convention. Nevertheless,
CODA has largely been treated as a secondary task, supporting applications like morpho-
logical disambiguation, diacritization, and lemmatization, rather than being studied as a
primary NLG task.

In this dissertation, we framed CODAfication as a standalone generation task. We
worked with the MADAR CODA Corpus, a unique parallel dataset covering five major
dialects spoken in Beirut, Cairo, Doha, Rabat, and Tunis. We benchmarked pretrained
Seq2Seq models and LLMs on the task, and showed that conditioning these models on
dialect identification predictions leads to improved normalization performance. Formally,
given a dialectal Arabic sentence X and its corresponding dialect D, the task is to

generate the CODAfied version Y according to:
P(Y|X,D) =[] Pwlvs, ... 41, X, D)
t=1

This work provided the first comprehensive evaluation of modern generation models on

CODAfication.

8.4 Text Editing

All the introduced controlled NLG approaches for the tasks we explored in this desser-
tation have relied on an explicit identification step to extract linguistic traits, such as

gender, error types, or dialect, which are then used to condition Seq2Seq models. A key
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observation across the three NLG tasks we explored is that the input and output sequences

often share substantial overlap. As a result, full-sequence autoregressive models can be
inefficient, since most tokens are simply copied from the input to the output.

To address this, we introduced a novel, text editing framework that reframes all
three tasks as sequence tagging problems. Instead of generating text autoregressively,
our approach assigns edit tags to input tokens; applying these tags transforms the input
into the desired output, effectively combining both identification and generation into a
single step. Formally, given an input sequence z = x1, Zo, ..., T, the goal is to assign a
sequence of edit operations ¢ = ey, eq, ..., €, Where e; € I/, and E is the edit vocabulary,
such that applying each e; to x; produces the output sequence y = 41, yo, ..., Ym. These
edit tags are derived automatically from data, removing the need for hand-crafted or
language-specific edits.

We demonstrated that this text editing approach achieves state-of-the-art or highly
competitive performance across all three tasks, surpassing prior models on most bench-
marks. In addition to strong performance, they are over six times faster than previously
introduced models, making them more practical for real-world use. Lastly, we showed
that ensemble strategies further improve performance by leveraging complementary

strengths across different models.

8.5 Future Work

Building on the findings and contributions of this dissertation, several promising direc-
tions emerge for future research in Arabic NLG. In this section, we outline three major
avenues: extending controlled NLG to additional Arabic tasks, building personalized

writing assistants, and developing human-centered evaluation frameworks.
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Expanding Controlled NLG to Additional Arabic Tasks This dissertation laid the

foundation for controlled Arabic NLG by introducing linguistically grounded approaches
for gender rewriting, grammatical error correction (GEC), and dialectal text normalization
(CODAfication). These contributions open the door to adapting our frameworks to other
Arabic NLG tasks where linguistic traits matter. One promising direction is Arabic
text simplification, a significantly underexplored task. In fact, our recent work on the
SAMER corpus (Alhafni et al., 2024b), the first publicly available Arabic simplification
dataset annotated with readability levels for school-aged learners, provides a concrete
starting point for building controllable simplification systems that adapt to users’ reading
proficiency. Similarly, tasks such as code-switching or style transfer across Arabic

dialects could benefit from trait-conditioned generation models.

Personalized Arabic Writing Assistants The NLG tasks explored in this dissertation
serve as key building blocks for designing user-tailored writing assistants for Arabic. A
typical Arabic user may benefit from personalized outputs across multiple dimensions:
receiving grammatically correct text tailored to their dialect, reading content rendered in
their gender form, or being offered corrections that adapt to their specific error patterns.
In Chapter 4, we demonstrated a proof of concept with the User-Aware Arabic Gender
Rewriter, which aligns system outputs with user-specified gender preferences. This lays
the groundwork for personalized assistants that can evolve with users, potentially through
adaptive learning. Moreover, these systems could be used as data collection interfaces in
an active learning setup, where user interactions trigger targeted annotation campaigns.
Such strategies can help mitigate the scarcity of annotated Arabic NLG data and close

the loop between model deployment and dataset expansion.
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Human-Centered Evaluation Human-Centered Evaluation. Traditional automatic

metrics in NLG, such as the M? scorer or BLEU, fall short in assessing how well a model’s
outputs align with users’ specific needs or preferences. This is especially important when
building systems that condition generation on user-specific linguistic traits. For example,
in our gender rewriting experiments, we used BLEU to demonstrate reduced gender bias
in machine translation outputs; however, a thorough human evaluation is still needed
to verify that the rewritten outputs meet users’ expectations. The same applies to our
GEC and CODAfication systems, where user-centered evaluation could provide more
meaningful insights into system effectiveness and usability. Future work should prioritize
incorporating human feedback, user studies, and task-specific satisfaction metrics to

assess NLG systems beyond traditional reference-based scores.

Beyond Arabic Although this dissertation has focused on Arabic, many of its insights
and the challenges it addresses are broadly applicable to other languages, particularly
those that are morphologically rich.

For instance, the gender rewriting task, motivated by gender bias in machine translation,
is directly relevant to other gender-marking languages such as Spanish, Italian, and
French. One promising direction for future work is to extend the Arabic Parallel Gender
Corpus (APGC) to other languages by leveraging multilingual parallel corpora such as
OpenSubtitles, from which APGC was originally drawn.

In the context of GEC, we showed that conditioning models on error types can sig-
nificantly improve performance, a finding that aligns with previous results in English
(Yuan et al., 2021). Crucially, we were only able to enable this line of work through
the availability of ARETA, an automatic error typing tool for Arabic. This highlights

a broader need: for other languages, developing similar tools and annotation schemes



128
is essential not only to advance GEC but also facilitate related tasks such as GED and

error-aware feedback generation.

In the case of dialectal text normalization, our work demonstrates that conditioning
Seq2Seq models on dialect labels can significantly improve performance. While efforts
in multilingual dialect normalization exist (Kuparinen et al., 2023), they typically treat
dialect as an implicit factor rather than an explicit modeling signal. Our approach
differs in that it leverages dialect identification as an attribute to guide normalization.
This technique is easily transferable to other languages with dialectal variation: given
a parallel normalization corpus and a dialect classifier, one could replicate our setup
to build dialect-aware normalization systems that are more accurate, controllable, and
linguistically informed.

Finally, our text editing framework offers a promising direction for language-agnostic
applications. By deriving edit tags directly from data, it eliminates the need for language-
specific resources. Its underlying edit extraction algorithm is language-agnostic and
requires only monolingual parallel corpora, making it well-suited for a wide range of
languages. Future work could explore applying this framework to other languages with

NLG tasks that exhibit high input-output overlap.
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Chapter 4 Appendix

A.1 LLMs Prompts

Prompt Lang

Prompt

EN

You are an Arabic text rewriting tool that can rewrite gender-marking words
based on the user needs. Please rewrite the following sentence marked with
the tag <input> SRC </input> such that the speaker is {speaker-gender} and
the listener is {listener-gender}. Only change the gender marking words. Do
not rephrase any parts of the sentence. If the sentence does not have any
gender marking words, do not rewrite it. Once you are done, output the
revised sentence directly without providing any explanations. Remember to
format the rewritten output with the tag <output> Your Rewritten Version
</output>. Please start: <input> Input Sentence </input>

AR

Sl JZ F U 1 5sle) &S o ol o gl Bebos 83l 15T i
<input> ol 3ol LI k) RE Boe] G poid| Slalim) o ol uid
b, {speaker-gender} A 0 ez <input/> Jo ) 2l

4.cL¢ Ao ¥ i) ot ol (J# T;\ Sl jews L 2 . {listener-gender}
cw&\ﬂubﬁc‘}f'uu{ écd,\}-\s},é 13) "\u‘\u”dj“‘ \f“d‘
o) Gl $5 O ks L;\ f.m 095 EAWSARNY M—\ C\f-b (..a LB skl r.m
=) <input> ) sl ) <output/> Jasll _adl <output> (w;\ Jtsels Jaall
<1nput/> Jedl

Table A.1: 0-shot prompts used to evaluate LLMs performance on gender rewriting.
Prompt Lang is the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang

Prompt

EN

You are an Arabic text rewriting tool that can rewrite gender-marking words
based on the user needs. We will provide you with example sentences
marked with the tag <input> SRC </input>. These sentences are followed by
their rewritten versions, marked with <output> TGT </output>, as reviewed
and rewritten by human experts.Please rewrite the following sentence marked
with the tag <input> SRC </input> such that the speaker is {speaker-gender}
and the listener is {listener-gender}. Only change the gender marking words.
Do not rephrase any parts of the sentence. If the sentence does not have any
gender marking words, do not rewrite it. Once you are done, output the
revised sentence directly without providing any explanations. Here are some
in-context examples:

(1) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(2) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(3) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(4) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(5) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
Please feel free to refer to these examples. Remember to format the rewritten
output with the tag <output> Your Rewritten Version </output>. Please start:
<input> Input Sentence </input>

AR

Sl JZ F SN LK s3le] e S B Wl (o pad) Bl 3k 5151
<1nput> (w)L 8aast! U &) AJK sale] rspdidl Slales ) o ely uidl d
AL {speaker—gender} A0S Gz <input/> Jaaall Gaill

©loo A Vo ik el Ol J# %\ S i Ladd 2 {listener-gender}
'cwd-\jdubﬁkdﬁul«{ d;al}-\sj& 13} A}\wdf\ \f‘é\
A.LA\/\ ol uU\ & s 6‘ f.u; u}.\ bﬂLﬁ rARY a,H-\ C\f-b r.a L‘,VK c;\sb V.a.,
QL..J\ o2

<output/> Juall Ladl <output>: <input/> j>ul adl <input>(y)

<output/> Juall Ladl <output>: <input/> j&ul| _adl <input> (¥)

<output/> Jual) Ladl <output>: <input/> Al L2l <input> (¥)

<output/> Jual) adl <output>: <input/> J&-Al| adl <input> (¢)

<output/> Juall 2l <output>: <input/> J,.\L\ ol <1nput> ( )

o= <output> o el Jaall Ll Gt S5 2oV 0ds J) gt Gl
<input/> J>Jll 2l <input> el olo )l <output/> d_w.\

Table A.2: 5-shot prompts used to evaluate LLMs performance on gender rewriting.
Prompt Lang is the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang|Prompt

You are an Arabic text rewriting tool that can rewrite gender-marking words
based on the user needs. We will provide you with example sentences
marked with the tag <input> SRC </input>. These sentences are followed by
their rewritten versions, marked with <output> TGT </output>, as reviewed
and rewritten by human experts. The words that need to be changed are
marked with distinctive parentheses ((#word#)). Rewrite the sentence marked
with the tag <input> Input Text </input> such that the speaker is
{speaker-gender} and the listener is {listener-gender}. Change only the
marked words without rephrasing any other part of the sentence. If no
marked words are present, return the sentence as is without any modification.
Once you are done, output the revised sentence directly without providing
any explanations. Here are some in-context examples:
(1) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(2) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(3) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(4) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
(5) <input> Input Sentence </input>: <output> Rewritten Sentence </output>
Please feel free to refer to these examples. Remember to format the rewritten
output with the tag <output> Your Rewritten Version </output>. Please start:
<input> Input Sentence </input>
i) e Sl JE ) OUSN Kt Lot B W) o gl Bl w5l 3151
<input/> Jodll Ladl <input> ol s3a2 & Dsyhe r.x;u“l\ Sl ol
os LSJ\ «<output/> Jual| L2l <output> o J ssa2 L& sles EA Jeleds b
J‘y‘y‘wob-&dﬂhﬂmv;d‘u‘«&u\.wﬂ ‘PJ‘QJ J}}Lr:o-\‘/
2 <input/> Jodll Sl <inpuf> ol ssad) d| L& el J((HUSIH)) 50l
552 U L e . {listener-gender} (LI, {speaker-gender} g&:l\ N9
6‘ Qs P K k) el caus &.)LK do g e 13) vl upf-\ s 6‘ &lao d5le) Oy
(w)” Tl S O s 6\ £ 09> ofuLa Wl ! Cf.\ c;LrAJ\ Lo o
AR J,.\l\ o)) <input> Al o Jll o2l Geid <output/> Juall Ladl <output>
(3Ld) 22 ACA] wan S| <input/>
<output/> Juall L2dl <output>: <input/> Jo-ull 2l <input> O
<output/> Juall Ladl <output>: <input/> |sul| 2dl <input> (¥
<output/> Jaxal) y=ill <output>: <input/> Jo-Al) _adl <input> (
<output/> Jaall 2dl <output>: <input/> J&-All L2l <input> (¢
<output/> Juall ,adl <output>: <input/> ‘_},.\l\ o)l <1nput> ( )
o)l <output> fwjl\ szl Jaall ) g §76 2V ol Qg gopy
<input/> J=l Ladl <input> ) <l )| <output/> Joall

EN

)
)
Y)
)

Table A.3: 5-shot prompts with gender identification used to evaluate LLMs performance
on gender rewriting. Prompt Lang is the prompt language either in English (EN) or
Arabic (AR).
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A.2 LLMs Results

Model P-Lang Shots| P R Fys BLEU
GPT-3.5-turbo EN 0 194 654 226 61.5

Jais-30B-Chat EN
Jais-30B-Chat EN
Jais-30B-Chat AR
Jais-30B-Chat AR

82 334 13.1 245
72 293 11.6 212
7.8 322 125 182
6.9 279 11.0 165

GPT-3.5-turbo  EN 5 146 378 16.6 592
GPT-3.5-turbo AR 0 189 59.8 21.9 64.5
GPT-3.5-turbo AR 5 |21.9 648 252 69.5
GPT-40 EN 0 |38.1 732 42.1 844
GPT-40 EN 5 |44.6 732 483 88.8
GPT-40 AR 0 [38.8 75.8 43.0 844
GPT-40 AR 5 149.2 746 52.8 88.8
Fanar EN 0 9.1 31.8 10.6 423
Fanar EN 5 119 412 13.8 41.7
Fanar AR 0 9.9 360 11.5 40.6
Fanar AR 5 12.6 43.7 14.7 395

0

5

0

5

Table A.4: LLMs results on the Dev sets of APGCv2.0. P-Lang is the prompt language
either in English (EN) or Arabic (AR). Best F 5 results for each LLLM are underlined.
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Chapter 5 Appendix

B.1 LLMs Prompts

Prompt Lang

Prompt

EN

You are an Arabic grammatical error correction tool that can identify and
correct grammatical and spelling errors in written text. Please identify and
correct any grammatical and spelling errors in the following sentence marked
with the tag <input> Input Sentence </input>. Make the minimal changes
necessary to correct the sentence. Do not rephrase any parts of the sentence
that are already grammatically correct, and avoid altering the meaning by
adding or removing information. After making the corrections, output the
revised sentence directly without providing any explanations. Remember to
format the corrected output with the tag <output> Your Corrected Version
</output>. Please start: <input> Input Sentence </input>

AR

5y 2l S S il B 3 Ry ol sV et 3151 i

)\ e slasf 5\ s AL oy .4;,.(.1\ o2 padl 3 Y1 D ) ;U::-\H
NPT r’ «<input/> sl Lall <input> fw)L Y mJU\ Al g X

B s LN (O W dm

2 \fL CUW\ el Ay ool glas Lg\ R }\ 45\.,4\ J)M- o LS’M

<0utput> ﬁr\u\wb fml\ uaJ\ Gawadl? f..\a & s 6‘ U9 cﬂLﬁ Aoeeaall

<input/> |&dl| 2l <input> )l cls )| <output/> el 2l

Table B.1: 0-shot prompts used to evaluate LLMs performance on GEC. Prompt Lang is
the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang | Prompt

You are an Arabic grammatical error correction tool that can identify and
correct grammatical and spelling errors in written text. We will provide you
with example sentences marked with the tag <input> SRC </input>, which
contain grammatical and spelling errors. These sentences are followed by the
corrected versions, marked with <output> TGT </output>, as reviewed and
edited by human experts. Please identify and correct any grammatical and
spelling errors in the following sentence marked with the tag <input> SRC
</input>. Make the minimal changes necessary to correct the sentence. Do
not rephrase any parts of the sentence that are already grammatically correct,
and avoid altering the meaning by adding or removing information. After
making the corrections, output the revised sentence directly without
providing any explanations. Here are some in-context examples:
(1) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(2) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(3) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(4) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(5) <input> Input Sentence </input>: <output> Corrected Sentence </output>
Please feel free to refer to these examples.
Remember to format the corrected output with the tag <output> Your
Corrected Version </output>. Please start: <input> Input Sentence </input>
5y 2oL S Lo i) Bl 3 ALY 3 s Y1 e 3151 i
4;)4 ollas | dessd 42 Ds e 1 u’}ﬂ-ﬂ” S Yl @l s Y1
(Aol C“”d ‘_}}-\ oda & <input/> Jedl 2l <input> )L sod2 (Ml
I or b2y Ll o 22 «<output/> C’“A‘ o)l <output> (wjb 55!
)Lc;AA\MJU\M-\é 3&»\)\4,)4;&’\6\ 59 WAL ) ol
3 203 M o d;\!\ Al AL V3 <1nput/> ,J&A) p2dl <input>
! u.x,.,\ aL;\d)&,stA\M‘,&, cbfiw;\f\s\ Bl J Y ol
JJ\ S s 5\ 833 5 ale dowmall Wi C\fb (’3 cu\ae.anﬁ.“ \f\ day uL«}Lu
<output/> cz,.a.u o=dl <output>: <input/> J.,.\L\ o) <input> () )
<output/> pewall Ladl <output>: <input/> oAl adl <input> (¥)
<output/> rall Ladl <output>: <input/> {sdll ,adl <input> (v)
(¢)
)

EN

<output/> Cz.al\ o2l <output>: <input/> Jsdl| 2l <input> (¢
<output/> Cxﬂal\ o=l <output>: <input/> ‘_},Ji\ ol <1nput> (o
d.,LAV‘ oda ‘_L\ Cy)\ L3 S50 Y

| ¢l> )l <output/> all adl <output> )\ Iy pomsall ) (s Sk
<1nput/> JsA 2l <input>

Table B.2: 5-shot prompts used to evaluate LLMs performance on GEC. Prompt Lang is
the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang|Prompt

You are an Arabic grammatical error correction tool that can identify and
correct grammatical and spelling errors in written text. We will provide you
with example sentences marked with the tag <input> SRC </input>, which
contain grammatical and spelling errors. These sentences are followed by the
corrected versions, marked with <output> TGT </output>, as reviewed and
edited by human experts. The words that need to be corrected are explicitly
marked with double parentheses and hash symbols ((#word#)). Please correct
only the marked words while keeping the rest of the sentence unchanged.
Make the minimal changes necessary to correct the marked words. Do not
rephrase any parts of the sentence that are already grammatically correct, and
avoid altering the meaning by adding or removing information. If there are
no errors, output the sentence as-is. After making the corrections, output the
revised sentence directly without providing any explanations. Here are some
in-context examples:
(1) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(2) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(3) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(4) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(5) <input> Input Sentence </input>: <output> Corrected Sentence </output>
Please feel free to refer to these examples.
Remember to format the corrected output with the tag <output> Your
Corrected Version </output>. Please start: <input> Input Sentence </input>
ety 4 IS oo il B 3 AL, B ) s Y e 315
4.0)4 dl::-\écg,&dﬁ_h}ﬂ mj&l\ ,aJ\L;uMA/\} nb)>;.” ;LL.’-Y\
ol c.wd\ J,%-\ oda &J <input/> JoAll Ladl <input> f.u)L o342 (Al
I8 oo by Ll o o3 (3l c<output/> cmu =il <output> ol ssadl
((#A«Kl\#)) spell \y‘}!\ o 8302 0SS e U] CLA S ol ~uv}x! o) o
oY) k) ¢ \J\L'Vﬁjwda&\ébéc‘k L3 521 O s 57
g}}(bf:&uf;\f\é‘mw.&uy ch\SL-‘u \@»ﬁﬂu)vd\u)ku\d\
a&! C\f-b (” ¢ Sloeenad] sl o] day o Sl glae 5\ Sl ol Blo) I ‘_SA\JW
AR oLl uc" A&.ﬁ\/\ Ul g,U\ S s L;\ 035 5 Sle deall
<output/> pewall adl <output>: <1nput/> Jb.ﬂ.\ =)l <input> (1)
<output/> Cz.,a.\\ o)l <output>: <input/> |&Al) adl <input> (¥
<output/> cz..al\ =l <output>: <input/> j&ull adl <input> (¥
<output/> C""“‘u 3! <output>: <input/> |&Al| ) <input> (¢
<output/> C’“"l\ o=l <output>: <input/> |>ul) Lall <1nput> (e
AMY\ oda &\ Cf-)\ LB 204 N
2\ ¢l I <output/> =all (=) <output> )\ el pomall (2l s Sk
<input/> |>u| 2l <input>

EN

)
)
)
)

Table B.3: 5-shot prompts with binary GED used to evaluate LLMs performance on GEC.
Prompt Lang is the prompt language either in English (EN) or Arabic (AR).
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QALB-2014 QALB-2015 ZAEBUC Avg.
Model P-Lang Shots| P R Fys| P R Fgs| P R Fys5|Fps
GPT-3.5-turbo  EN 0 [70.6 54.8 66.7/59.6 39.6 54.1|70.8 70.3 70.7|63.9
GPT-3.5-turbo  EN 5 |68.6 58.6 66.3/57.2 39.5 52.5|71.0 63.5 69.4|62.7
GPT-3.5-turbo AR 0 |70.0 58.5 67.3|58.2 39.2 53.1|68.3 71.3 68.9|63.1
GPT-3.5-turbo AR 5 |68.1 58.0 65.8/56.9 394 52.2|71.4 63.7 69.7/62.6
GPT-40 EN 0 [82.1 56.4 75.2|72.1 45.0 64.3/80.2 75.5 79.2|72.9
GPT-40 EN 5 [80.7 65.7 77.2/70.6 49.2 65.086.5 76.8 84.3|75.5
GPT-40 AR 0 |789 62.8 75.1169.4 47.8 63.6|77.4 77.7 77.4|72.0
GPT-40 AR 5 179.5 66.8 76.6|70.1 49.7 64.8/82.6 75.7 81.1|74.1
Fanar EN 0 [57.4 31.4 49.2/51.1 18.9 38.1|58.4 18.6 40.9|42.7
Fanar EN 5 [63.3 58.8 62.4/54.4 35.4 49.1/69.2 63.5 68.0/59.8
Fanar AR 0 1624 57.3 61.3|52.1 29.4 45.1157.5 33.9 50.4|52.3
Fanar AR 5 169.7 63.7 68.4/58.0 40.7 53.5|76.3 73.6 75.8|65.9
Jais-30B-Chat EN 0 [53.8 445 51.6/46.3 19.1 36.0/51.5 29.4 44.8|44.1
Jais-30B-Chat EN 5 |54.6 45.8 52.6|43.0 18.4 34.0/48.2 23.9 40.142.2
Jais-30B-Chat AR 0 |51.4 43.6 49.6|43.5 15.9 32.3/48.8 16.9 35.4|39.1
Jais-30B-Chat AR 5 |50.0 43.6 48.6|42.5 17.0 32.7/47.3 15.8 33.8|38.3

Table B.4: LLMs results on MSA and DA GEC on the Dev sets of QALB-2014, QALB-
2015, and ZAEBUC. P-Lang is the prompt language either in English (EN) or Arabic
(AR). Best average F s results for each LLLM are underlined. Best overall results are in

bold.



137

B.3 Error Type Statistics

QALB-2014 QALB-2015 ZAEBUC
2-Class |13-Class |43-Class | Train Dev  Test (Train Dev  Test-L1 Test-L2|Train Dev Test
Delete | Delete |6,442 346 540 |584 339 250 309 305 64 66
Merge-B [Merge-B |15,063 797 795 377 231 625 199 849 180 133
Merge-1 | Merge-1 {15296 812 807 (390 241 629 200 851 180 133

M |30 0 0 14 3 4 4 6 2 2

M MI 1,360 69 59 400 220 56 169 12730 25
MT |76 0 4 136 72 2 40 4 0 1
M+0O | MI+OH |243 17 15 9 9 8 5 7 1 8

O 3,255 166 164 |75 52 144 70 296 64 68
OA 7,627 313 252 290 136 514 138 27 4 6
OC |466 27 19 45 23 17 26 30 7 7
OD 4,086 207 204 283 167 146 166 103 24 21
OH (90,579 4,785 4,632 |1,076 599 4,499 587 1,905 401 451
OM (4,062 228 217 361 215 188 184 123 23 30
OR (8,358 425 446 763 415 369 362 162 32 36
OT |14,688 758 623 |54 37 733 26 408 101 138

oW 1,885 149 107 |32 12 77 9 12 4 2

O OA+OH (480 19 12 4 1 23 0 1 1 1
OA+OR 215 8 6 4 4 11 3 0 1 0
OD+0G (573 32 32 22 15 23 9 11 4 2
OD+OH (317 11 17 13 2 10 2 8 1 1

E OD+OM (104 4 5 12 7 1 6 0 2 1
OD+OR |675 33 26 61 32 22 32 8 2 2
OH+0OM 2,339 134 123|231 106 114 109 54 15 13
OH+OT |1,468 56 65 2 1 71 1 31 9 9
OM+OR |382 15 19 62 27 23 15 17 0 4
OR+OT |193 10 7 4 4 2 1 7 0 0

O+X |OH+XC 323 24 18 6 3 15 2 20 0 4
P P 11,379 598 687 (855 453 446 483 237 51 36
S 536 41 19 188 125 26 103 44 14 21

S SF 196 5 4 46 33 2 21 4 0 2
SW 14,804 201 229 887 502 186 422 121 22 28
X 3,668 216 182 |144 59 161 57 106 26 17
XC 5,980 373 369 279 180 289 141 201 31 46
XC+XG 296 23 40 0 3 1 0 1 0 0
XC+XN |500 18 41 29 13 23 9 24 3 3
X XF |852 63 25 835 494 35 463 51 12 14
XG (809 38 30 317 175 35 158 86 20 24

XM 225 15 6 151 91 12 68 14 6 3

XN 1,107 47 41 210 115 47 84 30 9 2

XT |155 16 9 46 26 6 24 15 3 4

Split Split 7,828 432 399 |80 42 382 34 49 10 10
UNK UNK 16,835 331 300 (969 454 257 416 361 78 6l
C C C 795,510 41,875 39,690(33,007 19,004 38,063 17,651 |18,411 3,839 3,683
1,021,165 53,737 51,285|43,353 24,742 48,547 22,808 25,127 5,276 5,118

Table B.5: The statistics of the different GED granularity error types we model across the
three datasets. The description of the labels in the 13-Class and 43-Class categories are
in Table 5.2. For the 2-Class labels, E refers to erroneous words and C refers to correct
words.
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Chapter 6 Appendix

C.1 LLMs Prompts

Prompt Lang|Prompt

You are a dialectal Arabic text normalization tool that can normalize
dialectal Arabic text into the Conventional Orthography for Dialectal
Arabic (CODA). CODA provides a standardized system for writing
Arabic dialects, which are often written informally or phonetically.
By using CODA, your task is to convert these informal, dialectal
texts into a consistent, standardized orthographic form, making them
more uniform while retaining the nuances of the original dialect.
EN Please standardize the following sentence marked with the tag
<input> Input Sentence </input> into the CODA convention. Avoid
altering the meaning by adding or removing information. Make sure
the normalized output sentence is in Arabic script. Output the
normalized sentence directly without providing any explanations.
Remember to format the CODA standardized output with the tag
<output> Your CODA Version </output>. Please start: <input> Input
Sentence </input>
all o gl S L cialal) B o) 2 gl e 3151
W& N 5o E[:L‘EODA j)‘ (CODA) %, o)l dslall L3 0&»‘}}\ dl
«CODA plisial 4350 o) dery & 4 oy Lk vzﬁsﬂ 4 A ulu@,\l\
CGude g o g0 d}b\ L,K“‘L;\ el MU\ uo}.,a..‘\ °~\AC~>=~“L5° é«‘\iﬂ»
AR fwjb 5 el P e M-\Cam:@,, W\J‘M@N'""A\ G A e blad)
Gk F gs’i\f"‘ % .CODA Ll W, <input/> |s>ull (adl <input>
02l e ¢ SE O s Lg\ NPERPAWEACY Cf‘ Sleghe W) ,\ Blo)
;J.J\ ;l,)\ <output/> =l (all <output> o (.\.\ML Cz.al\
<input/> J>u| ,2d) <input>

Table C.1: 0-shot prompts used to evaluate LL.Ms performance on CODAfication. Prompt
Lang is the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang|Prompt

You are a dialectal Arabic text normalization tool that can normalize dialectal Arabic
text into the Conventional Orthography for Dialectal Arabic (CODA). CODA provides
a standardized system for writing Arabic dialects, which are often written informally or
phonetically. By using CODA, your task is to convert these informal, dialectal texts into
a consistent, standardized orthographic form, making them more uniform while
retaining the nuances of the original dialect. We will provide you with example
sentences marked with the tag <input> Input Sentence </input>, which are written in
dialectal Arabic. These sentences are followed by their CODA versions, marked with
<output> Corrected Sentence </output>, as reviewed and edited by human experts.
Please standardize the following sentence marked with the tag <input> Input Sentence
EN </input> into the CODA convention. Avoid altering the meaning by adding or removing
information. Output the normalized sentence directly without providing any
explanations. Here are some in-context examples:
(1) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(2) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(3) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(4) <input> Input Sentence </input>: <output> Corrected Sentence </output>
(5) <input> Input Sentence </input>: <output> Corrected Sentence </output>
Please feel free to refer to these examples.
Remember to format the corrected output with the tag <output> Your Corrected Version
</output>. Please start: <input> Input Sentence </input>
Tolall L1 ¢S ) a2yl g A o Ball Bl (2 ) et 3151
}\ WJJ\C w)lm Uk =S 4 2 Ol 1K i 50 Lillss CODA 3y o CODA) Ege]
do g0 d‘)&n\ u&w Jl w)\fc Tl o sl oda Gkt &hiays «CODA (-\JML Ao
ol <input> “«}SL ot e e Doy WY\ gl 323 G, Jo LU e ¢ gudag
5342y (CODA [Lal Zalball s &) odn o g Al el 3 K6 Ao c<1npu§ > el
G uu)’.! s 8 o La,ﬁ, Wl 8 Gy c<output/> rosal) Ll <output> r«}!b
@l w if \CODA hed 85 <input/> ol adl <input> fwjb 5 el Ul 2]
6Ll u,ea AL.»\H ol JJ\ S s (_;\ O OJ-.MLA AT f\ o begas 4\\) }\ ML,a\ u‘fj
<output/> ?‘al\ o)l <output>: <1nput/> Jedl L) <input> ()
<output/> C>ml‘ o)) <output>: <input/> Jsull 2l <input> (Y)
<output/> ?“"‘U o3l <output>: <input/> |~ 2dl <input> (v)
)
)

AR

A/_\AA
- —

<output/> Czﬂl\ o2l <output>: <input/> s} 2l <input> (¢

<output/> C>=..al\ o=l <output>: <input/> Ja.\l\ ol <1nput> (o

RTINS dl Cf-)\ L;;;Jm Y

<input> el ¢l J| <output/> rall adl <output> fw)\ plasmial pomall adl s Sk
<input/> j&ul 2l

Table C.2: 5-shot prompts used to evaluate LL.Ms performance on CODAfication. Prompt
Lang is the prompt language either in English (EN) or Arabic (AR).
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Prompt Lang |Prompt

You are a dialectal Arabic text normalization tool that can normalize dialectal Arabic
text into the Conventional Orthography for Dialectal Arabic (CODA). CODA
provides a standardized system for writing Arabic dialects, which are often written
informally or phonetically. By using CODA, your task is to convert these informal,
dialectal texts into a consistent, standardized orthographic form, making them more
uniform while retaining the nuances of the original dialect. We will provide you with
example sentences in the {city} dialect marked with the tag <input> Input Sentence
</input>. These sentences are followed by their CODA versions, marked with
<output> Corrected Sentence </output>, as reviewed and edited by human experts.
Please standardize the following sentence marked with the tag <input> Input

EN Sentence </input> into the CODA convention. Avoid altering the meaning by adding
or removing information. Output the normalized sentence directly without providing
any explanations. Here are some in-context examples:

(1) <input> Input Sentence </input>: <output> Corrected Sentence </output>

(2) <input> Input Sentence </input>: <output> Corrected Sentence </output>

(3) <input> Input Sentence </input>: <output> Corrected Sentence </output>

(4) <input> Input Sentence </input>: <output> Corrected Sentence </output>

(5) <input> Input Sentence </input>: <output> Corrected Sentence </output>

Please feel free to refer to these examples.

Remember to format the corrected output with the tag <output> Your Corrected
Version </output>. Please start: <input> Input Sentence </input>

Table C.3: 5-shot prompts with specified dialect used to evaluate LLMs performance on
CODAfication. Prompt Lang is the prompt language either in English (EN) or Arabic
(AR).
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C.2 LLMs Results

Model P-Lang Shots P R Fos
GPT-3.5-turbo EN 0 228 17.7 21.5

Jais-30B-Chat EN
Jais-30B-Chat EN
Jais-30B-Chat AR
Jais-30B-Chat AR

97 98 9.7
128 134 129
94 92 94
12.1 125 122

GPT-3.5-turbo EN 5 35,5 29.7 34.1
GPT-3.5-turbo AR 0 242 227 239
GPT-3.5-turbo AR 5 27.0 265 269
GPT-40 EN 0 28.8 255 28.1
GPT-40 EN 5 53.7 544 53.8
GPT-40 AR 0 36.4 335 358
GPT-40 AR 5 50.1 48.6 49.8
Fanar EN 0 137 146 13.9
Fanar EN 5 224 268 23.1
Fanar AR 0 172 19.0 17.5
Fanar AR 5 24.5 288 252

0

5

0

5

Table C.4: LLMs results on the Dev set of MADAR CODA. P-Lang is the prompt
language either in English (EN) or Arabic (AR). Best Fys results for each LLM are
underlined.
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Chapter 7 Appendix

D.1 Edit Tagging Results

MADAR CODA APGC v2.0

Model Input Comp. Prune] P R Fys5 | P R Fys
AraBERTv02 Word X - 87.9 66.5 82.6 |{89.1 85.3 88.3
AraBERTv02 Subword X - 87.6 76.8 85.2 |89.2 86.7 88.7

AraBERTv02 Word
AraBERTv02 Subword
ARBERTv2  Word
ARBERTv2  Subword
ARBERTv2  Word
ARBERTv2  Subword
CAMeLBERT Word
CAMeLBERT Subword
CAMeLBERT Word
CAMeLBERT Subword
AraBERTv02 Subword
AraBERTv02 Subword
AraBERTv02 Subword
CAMeLBERT Subword
CAMeLLBERT Subword
CAMeLBERT Subword
AraBERTv02 Word
AraBERTv02 Word
AraBERTv02 Word
CAMeLBERT Word
CAMeLBERT Word
CAMeLBERT Word

- 1856 769 83.7 |89.3 88.3 89.1
- 1869 79.2 85.2 |88.9 88.2 88.7
- 1864 61.0 79.8 |87.9 82.4 86.7
- 1845 69.0 80.8 |87.4 84.9 86.9
- |81.8 684 78.7 |87.5 86.4 87.2
- 1842 70.8 81.2 |87.2 86.7 87.1
- 883 664 82.8 889 85.1 88.1
- 187.1 76.8 84.8 |88.1 87.5 88.0
- 185.6 76.0 83.5 |88.5 87.7 88.3
- 187.0 788 85.2 |88.2 87.4 88.0
89.1 81.7 86.0 | - - -

20 |87.7 73.1 844 | - - -

30 (883 72.1 845 | - - -

10 (884 763 857 | - - -

20 882 72.6 846 | - - -

30 |88.7 713 84.6 | - - -

10 - - - 189.7 87.3 89.2
20 - - - 189.4 86.3 88.8
30 - - - 189.7 85.6 88.9
10 - - - 188.6 87.0 88.3
20 - - - 1889 86.3 88.3
30 - - - 189.4 853 88.5

ANANANA A NN NN VA A R AR NN
S

Table D.1: CODAfication and gender rewriting results on the Dev sets of MADAR
CODA and APGC v2.0. Input is the input unit representation (word or subword). Comp.
indicates whether the edit is compressed. Pruning experiments were conducted using the
top two models (AraBERTv02 and CAMeLBERT). Best results are in bold.
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QALB-2014  QALB-2015 ZAEBUC

Model Input Comp. Subset Prune| P R Fo5| P R Fos| P R Fys
AraBERTv02 Word All - |81.0 64.3 77.0/63.0 36.5 55.0|84.8 69.5 81.2
AraBERTv02 Subword All - |81.0 67.8 77.9/63.8 37.1 55.8|84.4 71.3 81.4
AraBERTv02 Word All - 180.8 66.6 77.5/61.3 41.5 55.9|83.8 71.4 81.0
AraBERTv02 Subword All - |81.1 69.1 78.4|62.6 40.4 56.4|84.3 72.9 81.7
ARBERTvV2  Word All - 1789 57.7 73.5|58.0 32.5 50.2|82.2 54.8 74.8
ARBERTvV2  Subword All - |78.7 60.8 74.3/60.0 33.1 51.6|79.7 58.1 74.2
ARBERTv2  Word All - |77.8 61.4 73.8/57.9 35.5 51.4|80.7 62.8 76.3
ARBERTvV2  Subword All - |78.6 60.0 74.0159.8 36.7 53.1|82.7 62.1 77.5
CAMeLBERT Word All - |81.2 61.5 76.3]63.0 35.1 54.3|84.6 66.4 80.2
CAMeLBERT Subword All - 1804 65.2 76.9/63.2 37.5 55.6/83.5 69.3 80.2
CAMeLBERT Word All - 1799 654 76.5/62.3 39.9 56.0|84.2 69.3 80.7
CAMeLBERT Subword All - 180.6 67.4 77.6/63.2 42.0 57.4|84.6 70.8 81.4

AraBERTv(02 Subword
AraBERTv(02 Subword
AraBERTv02 Subword
CAMeLBERT Subword
CAMeLBERT Subword
CAMeLBERT Subword

AraBERTv02 Subword
AraBERTv02 Subword
AraBERTv02 Subword
AraBERTv(02 Subword
AraBERTv(02 Subword
AraBERTv(02 Subword
AraBERTv02 Subword
AraBERTv02 Subword

All 10 |81.8 68.8 78.8|64.8 40.6 57.984.5 71.9 81.6
All 20 |81.4 68.6 78.5|65.4 38.7 57.5|85.3 72.0 82.2
All 30 |81.6 68.1 78.5/65.7 39.0 57.8|85.8 72.3 82.7
All 10 |81.2 67.4 78.0|65.1 39.9 57.8|85.1 71.0 81.8
All 20 |81.3 66.7 77.9|67.6 36.7 57.9|84.4 70.1 81.1
All 30 |81.1 67.5 77.9|65.6 39.2 57.8|84.7 70.0 81.3

NoPnx - [88.3 77.7 85.9]62.5 35.3 54.2|87.2 77.0 85.0
NoPnx 10 |88.8 78.1 86.4|69.1 30.7 55.2|87.6 76.1 85.0
NoPnx 20 [89.0 77.8 86.5|70.4 30.1 55.5|87.9 75.8 85.1
NoPnx 30 |89.4 77.5 86.7|70.9 28.7 54.8|88.1 76.8 85.6
Pnx - |90.6 83.0 89.0/90.5 85.6 89.5]96.8 94.0 96.2
Pnx 10 [89.5 83.6 88.3/90.5 85.1 89.4]/96.9 93.8 96.3
Pnx 20 [90.7 82.8 89.0/90.7 84.9 89.596.7 93.6 96.1
Pnx 30 [90.1 83.6 88.7/90.5 85.0 89.4|96.5 94.0 96.0

SN NN NN NN NSNS NRNRNSN S SIXXYNNIXXNN\X%¥X

Table D.2: MSA GEC results on the Dev sets of QALB-2014, QALB-2015, and ZAEBUC.
Input is the input unit representation (word or subword). Comp. indicates whether the
edit is compressed. Subset specifies whether the edits capture all errors, punctuation-only
errors (Pnx), or non-punctuation errors (NoPnx). NoPnx models are evaluated after
removing punctuation, while Pnx models are evaluated on a version of the Dev set where
all non-punctuation errors are corrected. Pruning experiments were conducted using
the top two models (AraBERTv02 and CAMeLBERT), while punctuation segregation
experiments used the best model (AraBERTv02). Best All results are in bold. Best
NoPnx and Pnx results are underlined.
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