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ABSTRACT

Manual diacritization demands extensive time and a profound comprehension of
Arabic grammar and morphology. While current automatic systems often suffer from
accuracy and efficiency issues and require substantial training data and computational
resources. The byte-to-byte model (ByTS), a variant of text-to-text transfer
transformers, emerges as a promising solution for automating Arabic text and poetry
diacritization within natural language processing (NLP). This thesis aims to address
these challenges, particularly focusing on poetry, where available undiacritized or
partially diacritized poetry datasets pose a significant hurdle. Leveraging the model's
byte-level processing and auto-tokenization features, along with a multi-phase training
strategy, is essential to overcome the scarcity of training data.

The study begins with training on the Clean-400 dataset to create a prose
diacritization model and evaluating it on the Tashkeela test set. Then, the poetry
diacritization model is trained on available DS1 and DS2 datasets, leveraging learned
representations and weights from the prose model. The training phases on the DS1 and

DS2 datasets aim to improve prediction accuracy for fully diacritized poetry.



Xil

The ByT5 model variants, small and base, along with optimizers Adam and
Adafactor, are investigated to enhance model performance. Results show that the base
model with Adam optimizer performs best for text diacritization, while the small model
with Adam optimizer excels for poetry. The proposed solution achieves a diacritization
error rate (DER) of 0.86% and a word error rate (WER) of 2.64% for Arabic prose.
However, automating Arabic poetry diacritization presents additional challenges,

resulting in a DER of 3.28% and a WER of 10.74%.



Chapter One

Introduction

Arabic is the native language of millions of people and is used by Muslims
worldwide in prayers and religious recitations. Both classical Arabic (CA) and modern
standard Arabic (MSA) are the two main types of Arabic text. The Qur'an and other
antique literature and poetry are written in CA. Currently, Arabic countries most
commonly use MSA for media, education, news, and formal speeches. Unlike CA, the
majority of MSA texts either have incomplete or no diacritical marks, which are
orthographic marks that affect the sound of letters and the meaning of words and help
readers understand and decode written text.

It is difficult for children and non-native speakers to remember the specific
meaning and pronunciation without diacritization, even if native speakers use context to
decipher words' meaning and pronunciation. Therefore, Arabic texts and poetry must be
available with diacritical marks to enable this particular group, in particular, to
understand and read the Arabic language.

Diacritizing Arabic text and poetry manually is challenging due to the complex
script, the unpredictability of diacritics, and the need to follow poetic standards. The
process is difficult, especially for large texts or elaborate poetic creations. The presence
of these issues has increased the demand for automatic diacritization solutions. Many
researchers have worked on researching and developing automatic techniques for
diacritizing Arabic prose and poetry.

Several diacritization techniques were devised to enable the automated processing
of Arabic prose and poetry. Automated poetry diacritization is complex compared to
prose. Poets usually use words and phrases that fit the rhyme system. There is a saying

known from the past that “a poet can do what others cannot” that is, some poets can do



what prose writers cannot. Additionally, the poet sometimes goes beyond grammatical
and morphological rules. Moreover, the automatic diacritization of Arab poetry using
deep learning is a difficult problem because of the electronic availability of Arab
poetry, either non-diacritized or partial-diacritized. According to Karim and Abandah
(2021), in order to achieve correct diacritization, the existing dataset of annotated
Arabic poetry is not enough, and a training dataset that is five times larger is necessary.
All of these reasons make diacritizing Arabic poetry much more challenging than
diacritizing Arabic prose.

This study presents a precise automated diacritization method that utilizes deep
machine learning, a byte-to-byte transfer transformer methodology, and a multi-phase
training strategy.

1.1 Background

The Arabic language is one of the best languages in the world, and it's complete
and rich. That's why many people from different nations throughout history have a great
interest in learning it. Arabic consists of 28 letters, and each letter has a specific
pronunciation depending on its position in a word. Therefore, it was necessary to
introduce marks to accurately indicate how these letters are pronounced.

Many people made mistakes in pronouncing words, especially when reading the
Quran during the Umayyad period. This led Abu al-Aswad al-Du'ali to invent eight
diacritical symbols, commonly referred to as “Tashkeel” or “Harakat”, which serve the
purpose of indicating short vowels to clarify the pronunciation of characters.

The Arabic letter can be written with no diacritics, a single diacritic, or two
diacritics. Table 1 presents the Arabic diacritical marks along with their Unicode
values, the translated Arabic name, the associated English sound description, an image

of the letter "S" with diacritics, and the resulting phonetic sound.



Table 1. Illustration the Arabic Diacritical Marks with Seen Example

Diacritic Unicode Arabic Diacritics Example “S”
Sign Name Sound Sound
U+064E fatha /a/ o sa
U+0650 kasra /i/ o Si
U+064F damma /u/ O Su
U+0651 shadda doubling m SS
character

U+0652 Sukun No sound O S
U+064B fathatan /an/ o san
U+064D kasratan /en/ o sen
U+064C | dammatan Joun/ On soun

Diacritics are crucial in determining the poetic meters of Arabic poems.
Additionally, the interpretation of Arabic text can vary based on the diacritical marks
present on the characters. In the subsequent paragraphs, we will elucidate the
significance of diacritical marks in both prose and poetry.

1.1.1 Arabic Poetry and Diacritics

Poetry is the archive and record of the history of Arab life, its aspirations,
achievements, and wars from ancient times. Arabic poetry developed in ancient times,
between the 9th and 12th centuries. The historical timeline of poetry is categorized into
several distinct periods: the pre-Islamic, the early Islamic and Umayyad periods, the
Abbasid, the Mamluk, the Ottoman, and the modern. Most of the poems date back to
the pre-Islamic era, stating their ethics through highly diverse and complex poetic forms
(Al-Musawi, 2006).

A poem in Arabic poetry follows a specific meter and rhyme scheme,
highlighting the significance of sound patterns. In Arabic poetry, each line is divided
into two equal halves in terms of metrical value. The first section of the verse is referred
to as the “sadr,” while the next part is known as the “qjuz.” Additionally, the poem
employs a rthyme scheme called "gafiyah,” in which each couplet concludes with the
same letter or phonetic rhythm, indicated by a diacritical mark. If we assume that the

poet ended the opening of the poem with the word “bakhela” “Js>2”, then the poet must



conclude the rest of the poem's verses with a “/ character with fatha” like "nakhela" and
"najeela".

There are sixteen widely recognized meters in traditional Arabic poetry. Table 2
shows types of Arabic poetic meters and their demonstrations, such as Al-Wafir and Al-
Kamil where each meter consists of a specific pattern of long and short. Although some
poets prefer not to use diacritical marks, they claim it restricts their creativity. The
placement of diacritical marks plays a critical role in indicating the length and stress of
syllables, which are essential for maintaining the rhythm of the poem.

Table 2. Types Of Arabic Poetic Meters And Their Demonstrations

Meter Metrical Pattern Sample
Al-Taweel Olelia () 28 plelia o)) 28 Drall dliegd gadll ac &l
Al-Kamel Cleliie Glelite Gleldia Jaaill 4d 5 alaall 8
Al-Wafer Ad filelia cplelia a8 Sl Y o sll J gl
Al-Madeed cidleld Gleld il JusS al &l Y
Al-Baseet el Hladiie (leld ladiig Cradll g ALl ye ) G
Al-Hazaj ohelia Glelda S EUPERAS PEN
Al-Sare’e el Gladie (el iy e b gen ey
Al-Munsareh Sleld (et 158 pdad sk Jalb
Al-Mudhare’e Fleld (lelia Sse oo ile
Al-Rajaz Olrdiise ladivee (el oy (e S8 4 e
Al-Ramal Oleld pdleld bl Lale ol alla
Al-Khafeef Oleld ladiie Gleld calag Wl L
Al-Mugtadheb Olaide &3leld el e clias
Al-Mujtath OOleld el s S e
Al-Mutakareb Amd O gad (] g8 () 52d ) g sallall Hola Al
Al-Mutadarak oleld Hleld Hleld fleld leleal Lo aie it

1.1.2 Arabic Text and Diacritics

In Arabic, vowels are represented by dashes and symbols placed above or below
the Arabic letters to ensure accurate pronunciation. However, as one becomes more
proficient in the language, these vowels are used less frequently. However, they are still
beneficial for beginners and intermediate learners to avoid any confusion when
pronouncing Arabic correctly. Table 3 displays the effect of diacritical marks on word

meaning. Let us take the word “3aI1” (grandfather) in Arabic; it is not equivalent to



“2l” (endeavor) or “3AI” (aspect). As we can see, changing the diacritical mark on the
same root word leads to entirely different meanings.

Table 3. Impact of Diacritical Marks on Word Meaning

Word English Equivalent Description
il Aljadda Grandfather
Al Aljedda Endeavor
KN Aljoudda Aspect

It is important for our reader and learner to understand that certain combinations
of Arabic letters and vowels produce distinct sounds. In addition, the presence of any of
those signs on the Arabic letter results in the word having distinct grammatical
functions.

1.2 Thesis Problem

Manual diacritization is time-consuming and requires a deep understanding of
Arabic grammar. Existing automatic diacritization systems are limited in accuracy and
effectiveness, often necessitating extensive training data and computational resources.
To address these challenges, we propose a novel method leveraging pre-trained byte-to-
byte language models and multi-phase training to enhance the precision and
effectiveness of automatic diacritical restoration in Arabic text and poetry. The aim of
this research is to develop a solution capable of handling the complexities of automatic
diacritization in Arabic and providing viable solutions for this essential task.

1.3 Importance of Arabic Diacritization

Diacritization of Arabic plays a fundamental role in enhancing the accuracy,
readability, and comprehension of Arabic text. It is essential for effective
communication, understanding, and preservation of the Arabic language and its cultural

heritage. Machine learning accurately predicts the diacritics of the Arabic language.



Using machine learning techniques for diacritization prediction can lead to
advancements in NLP technology for Arabic, which can benefit a wide range of
applications such as machine translation, speech recognition, and sentiment analysis.

The Arabic language has a rich literary and cultural past, with many major manuscripts
available only in print. Machine learning techniques can help digitize these manuscripts
and make them available online, allowing them to be preserved for future generations

of academics, Arabic learners, and so on.
1.4 Thesis Objectives

The main objectives of this study are:

To study and survey machine learning techniques for diacritization prediction.

To study and analyze the diacritization in Arabic text and find its main characteristics
and rules.

To study and analyze the diacritization in Arabic poetry and find its main characteristics
and rules.

To address the challenges of diacritization in Arabic, such as the ambiguity and
variability of diacritics and the complexity of Arabic morphology.

To develop a machine learning model that can automatically predict diacritics for
unmarked Arabic text. Specifically, the research aims to use the ByT5 model, a state-
of-the-art language model, to perform diacritization on Arabic text and poetry.

To improve upon existing diacritization models by leveraging the strengths of the ByT5
model, which is capable of handling multiple tasks (such as translation and
summarization) and can be fine-tuned for specific tasks.

To improve the accuracy of the proposed diacritization method using various metrics

and to investigate the impact of training set size on the effectiveness of the approach.



e To use a multi-phase training approach that allows the model to gradually learn to
predict diacritics for both fully and partially diacritic words.
e To improve the readability and comprehension of Arabic text and poetry.

1.5 Thesis Questions and Assumptions

This study will answer the following questions:

What are the main challenges and limitations of diacritization in Arabic, and how can
they be addressed using machine learning models such as the ByT5 model?

How does the performance of the ByT5-based diacritization model compare to other
state-of-the-art models in terms of accuracy, speed, and efficiency?

Can multi-phase training improve the overall quality of the diacritization process in
Arabic?

The main assumptions of this research are:

Pre-trained byte-to-byte language models can be effective for diacritization.
Multi-phase training can improve the accuracy of diacritization.

Arabic diacritization is a challenging task.

1.6 Thesis Contribution

We present a new way to automatically restore diacritics in Arabic text and poetry
using the ByT5 model and working at the byte level in this manuscript. By using the
unique features of byte-level processing to capture and restore the complex diacritical
marks found in Arabic poetic texts, our research is different from other studies that have
used the same method. We want to make diacritic restoration more accurate and faithful
than ever before by using the ByT5 model's deep understanding of textual patterns at
the byte level. This will also push the boundaries of computational linguistics for

analyzing and preserving Arabic poetry.



1.7 Thesis Methodology

The research methodology of this thesis is summarized as follows:

e Studying and surveying the state-of-the-art diacritization prediction algorithms that
are based on machine learning.

e Studying and analyzing Tashkeela's Clean-400 dataset and the second version of
Arabic poem comprehensive dataset (APCD2).

e Selecting the ByT5 model, a state-of-the-art language model, and fine-tuning it for
the task of diacritization on the training data.

e [Evaluating, assessing, and testing the model by using well-known standard
performance metrics such as WER, DER, F1-Scoor, and accuracy.

e Analyzing the results of the evaluation to identify the strengths and weaknesses of
the ByT5-based diacritization model.

e Implementing a multi-phase training technique that involves using datasets with
increasing sizes to tackle the problem of having limited training data for Arabic
poetry. We begin with a smaller dataset (Clean-55k) and gradually progress to the
full dataset (Clean-400 or APCD2). This method allows the model to develop the
ability to predict and insert missing diacritics in both Arabic text and poetry.

e Report and document our work and present the results.

1.8 Thesis Outline

The remaining part of this thesis is organized in the following manner:

e Chapter 2 reviews previous research on our thesis topic.

e Chapter 3 provides a comprehensive explanation of our proposed model and
explores the details of several key concepts in machine learning.

e Chapter 4 covers the investigation, illustration, and procedures involved in

preparing the dataset for training.



Chapter 5 presents the experiments conducted to improve the base model and the
corresponding outcomes.
Chapter 6 provides a summary of the conclusions and presents some future ideas to

enhance the performance of the model.
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Chapter Two
Literature Review

2.1 Introduction

This chapter will focus on previous studies on non-machine learning techniques
for Diacritizing Arabic text and poetry. Also, previous studies used multi-stage
techniques, and previous studies employed the ByTS model.

This chapter will provide a brief summary of previous research that focuses on
the implementation of machine learning techniques in the automated diacritization of
Arabic text and poetry. This chapter consists of five sections. The first section focuses
on papers that studied non-machine learning approaches to diacritizing Arabic text and
poetry. The second one examines papers that have investigated the process of
automated diacritization of Arabic text. The third section discusses papers that have
investigated the process of automatic Arabic poetry diacritization. The fourth section
presents research findings on multiple-phase neural network models. The final section

focuses on papers related to text-to-text transfer transformers.
2.2 Traditional Approaches to Diacritize Arabic Text and Poetry

In the past, researchers used rule-based approaches to automatic diacritization of
Arabic text and poetry that rely on a set of handcrafted rules to predict diacritics based
on the context, dictionaries, syntactic analyzers and generators, and morphology of the
word. El-Imam. (2003) assigned each letter a suitable sound using extensive Arabic-
dependent criteria supplemented by an exception word dictionary. Using a rule-based
method, Shaalan. (2010) proposed an Arabic morphological analyzer and syntax
analyzer. While rule-based approaches can be effective for simple text, they are limited

by the complexity and variability of the Arabic language.
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Different statistical techniques, including hidden Markov models (HMMs) (Gal.
2002), Conditional random fields (CRFs) (Azim et al., 2012), n-grams (Hitny et al.,
2012), and neural networks, have been employed to estimate the probability of
diacritics in unaccented text. Gal. (2002) suggested a statistical method utilizing HMM
to reconstruct Arabic and Hebrew diacritics. The Holy Qur'an served as the corpus for
the suggested system. To accomplish this, these techniques need a substantial amount
of labeled data to anticipate the likelihood of diacritics for a character sequence. The
most noteworthy benefit is that they don't rely on manually created rules to address the
problem, eliminating the need for extensive linguistic expertise. However, these
approaches may be affected by noise and errors.

Another suggested system is the hybrid approach (Habash and Rambow. 2007),
which combines the strengths of rule-based and statistical approaches for diacritizing
Arabic text. It uses rules to handle simple cases and statistical models to handle more
complex cases. This approach can achieve higher accuracy and robustness compared to
rule-based or statistical approaches alone. However, it requires a large amount of
annotated data and may be more complex to implement and maintain compared to other
approaches.

2.3 Machine Learning Approaches to Diacritize Arabic Text

In recent times, recurrent neural networks (RNNs) have been effectively utilized
to tackle the issue of sequence transcription, specifically in the context of recovering
diacritical marks in Arabic texts and poetry.

Abandah et al. (2015) proposed a novel approach that utilized RNNs for the task
of diacritization, which is the process of adding diacritical marks to unmarked Arabic
text. They used a deep bidirectional long-short-term memory network (BiLSTM) that

incorporates both forward and backward connections, enabling the network to acquire
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contextual details from both preceding and succeeding words in a text sequence. The
suggested method achieved an average WER of 5.82% and a DER of 2.09% on the
LDC, ATB3 benchmark. To enhance the accuracy and performance of diacritization,
they proposed (Abandah and Arabiyat, 2017) the MADAMIRA full morphological and
syntactical analyzer. This analyzer's high-confidence diacritics and word segmentation
output are fed only to the RNN.

Mubarak et al. (2019) proposed a LSTM RNN model that utilizes character-level
sequence-to-sequence modeling techniques to accurately add diacritics to Arabic text.
The effectiveness of the proposed method is that they trained a model with a fixed-
length sliding window of n words to address the poor handling of long-range
dependencies. They also used a voting algorithm to determine the most commonly
diacritized formula of a word in various contexts. The result shows that the LSTM RNN
model gives a WER of 4.49%, which is 64% lower than the previous work.

Fadel et al. (2019) introduced models that were built utilizing two different
approaches: feed-forward neural networks (FFNN) and RNN. These models utilized
100-hot encoding, embeddings, CRF, and block-normalized gradient (BNGQG)
techniques. The authors extracted a subset of 55K sequences from the Tashkeela dataset
and cleaned them to evaluate and compare the proposed model with automatic
diacritization tools. The result shows that the proposed models have the best results for
automatic diacritization.

Karim and Abandah (2021) utilized the extensive Tashkeela dataset to build a
cleaned corpus with about 550k sequences. In order to convert undiacritized Arabic
letter sequences into fully diacritized ones, their baseline model incorporates a deep
BiLSTM with RNN. Their method yielded an average WER of 3.89% and a DER of

1.45%.
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Madhfar and Qamar (2020) introduced the convolutional block attention module
and highway network (CBHG), which consists of three deep learning models, for the
purpose of restoring diacritics in Arabic text. This model is an extension of their prior
work in text-to-speech synthesis using deep learning. The initial model acts as a
reference point and comprises six layers, which include an embedding layer, three
BiLSTM layers, a projection layer, and a SoftMax layer. It is utilized to evaluate the
efficacy of a basic deep learning model on the corpus. The second model utilizes an
encoder-decoder architecture that has been specifically modified to address the diacritic
recovery problem. These adjustments include the incorporation of location-based
attention. The third model utilizes the encoder component from the second model as its
foundation. It was shown that the CBHG model has a quicker training speed and
delivers state-of-the-art results in all areas of measurement. The model yielded a DER
of 1.13%.

Kharsa et al. (2024) introduced a novel approach to diacritizing Arabic text by
leveraging bidirectional encoder representations from transformer (BERT) models.
They employed two datasets, namely the Arabic Diacritization (AD) dataset and the
Tashkeela Processed (TP) dataset. The suggested system attained a DER of 0.92% and
a WER of 1.91% when evaluated on the AD dataset. Furthermore, the bidirectional
encoder representations from transformers (BERT) models demonstrated a substantial
reduction in DER on the Tashkeela processed (TP) dataset, lowering the benchmark
from 4.0% to 1.11%. Furthermore, they implemented SUKOUN, a diacritization system
that operates in real-time and features a user-friendly website.

Table 4 illustrates the most significant previous studies on Arabic text

diacritization.
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Table 4. Prior Research on Arabic Text Diacritization

Study Authors Dataset Model Evalua.t 101 | Results Report
Metrics

ét(’ﬁ“s‘)lah etal. | oshkeela BiLSTM DER, WER | 2.09%, 5.82%

Mubarak et al. o

(2019) Tashkeela LSTM WER 4.49%

g‘gfé)et al. Clean-50 | FFNN,RNN | DER, WER | 2.18%, 4.44%

Madhfarand 1. o ola | Three BILSTM | DER, WER | 1.13%, 4.43%

Qamar (2020)

Karim and

Abandah Clean-400 BiLSTM DER, WER | 1.45%, 3.89%

(2021)

él(;g;"’h etal | Clean-400 | BaseByTS | DER,WER | 1.00%,2.92%

Kharsa et al. Clean-50 BERT DER, WER 0.92%, 1.14%

(2024) Tashkeela DER 1.11%

2.4 Machine Learning Approaches to Diacritize Arabic Poetry

Yousef et al. (2019) presented a model that utilized RNN trained at the character
level to acquire the ability to identify and understand the meters of 16 Arabic and 4
English poems in written form. The researchers gathered a substantial 1.5 million
verses of data, and they launched the data repository “Poem Comprehensive Dataset
(PCD),” which is publicly accessible, providing them in a cleaned, structured, and well-
documented format for use in future research endeavors. The neural networks
demonstrated high accuracy in correctly classifying poems, achieving an overall
accuracy rate of 96.38% for Arabic poetry and 82.31% for English poetry.

Abandah et al. (2022) proposed Bi-LSTM Deep RNN to diacritize Arabic poetry
and classify input verses into 16 poetry meters and prose, utilizing a big dataset
(APCD2) of 1657 k lines of poems and prose that have been updated and expanded
from APCD. The proposed network is properly adjusted and achieves a substantially
higher average accuracy (97.27%) than earlier work; it also detects 16 poetry meters

and prose.
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Abandah ef al. (2022) handled the problem of adding diacritics to Arabic poetry
verses by leveraging pattern characteristics from a pre-trained classification model via
transfer learning. Furthermore, they address the scarcity of training data by training
their diacritization model in stages (multi-phase training) using the second version of
the APCD2. When compared to the most successful previous outcomes, the solutions
they proposed yield a significant improvement in the diacritization error rate, reducing
it from 6.08% to 3.54%, which corresponds to a 42% enhancement.

Table 5 illustrates the most significant previous studies on Arabic poetry
diacritization.

Table 5.Prior Research on Arabic Poetry Diacritization

Study Evaluation Results
Authors Dataset Model Type Metrics Report
é%lisge)f et al APCD RNN Classification Accuracy 96.38%
Abandah et . . . 0
al. (2022) APCD2 | BILSTM | Classification Accuracy 97.27%
Abandah et . . DER, 3.54%,
al. (2022) APCD2 | BiLSTM Diacritics WER 12.34%

2.5 Exploring Multi-stage Neural Network Models for Diacritization

Multistage models, also known as cascaded models, are an approach to building
models that involves using multiple consecutive stages in order to make accurate
predictions and classifications.

Shahzadi et al. (2018) implemented a CNN cascade with a long short-term
memory (LSTM) network on the brain Tumor segmentation (BRATS) dataset to
classify 3D MR images of brain tumors into HG and LG gliomas. They used the LSTM
network to learn high-level feature representations from pre-trained visual geometry
group 16 (VGG-16) and classified 3D brain tumor volumes into HG and LG gliomas.

Keran et al. (2022) proposed multi-stage transfer learning for fake news detection

using the asynchronous stochastic gradient descent weight-dropped LSTM (AWD-
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LSTM) on two benchmark datasets: semEval-2017 task 8 and PHEME, in which user
comments are used to predict response tweet stances. Based on these predictions, it
detects fake news by determining whether a tweet is true or false.

Ristea et al. (2024) proposed transcribing speech using automatic speech
recognition (ASR) models and translating it into different languages using pretrained
translation models to take advantage of multimodal representations. They got an audio-
textual multimodal representation for each data sample. Then they used a novel
cascaded cross-modal transformer to combine language-specific BERT with
Wav2Vec2.0 audio features. The model uses two cascaded transformer blocks: the first
combines text-specific features from different languages, while the second combines
acoustic features with multilingual features learned by the first transformer block. The
authors also applied their framework to the Speech Commands v2 and

HarperValleyBank dialog data sets.
2.6 Sequence-to-Sequence Transformer Models

Stankeviius. (2022) utilized the recently created universal ByTS5 byte-level
seq2seq transformer model to restore diacritics and correct spelling errors. They
conduct diacritic restoration on benchmark datasets for 12 languages, including
Lithuanian. Their method successfully restores diacritics in previously unseen words,
with an accuracy rate exceeding 76%. Furthermore, their method of restoring diacritics
and correcting typos simultaneously achieves an alpha-word accuracy of over 94%
across 13 different languages.

Jentoft. (2023) utilized the ByTS5 byte-level seq2seq transformer model for
grammatical error correction (GEC) tasks in both English and Norwegian. For English,
they employed the NAIST dataset, which comprises learner texts from lang-8.com, a

language-exchange social network, and the FCE dataset, containing responses to
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prompts written by candidates who have taken the Cambridge ESOL First Certificate in
English exam. Their model achieved an F0.5 score of 0.51 for English. Additionally,
for Norwegian, they utilized the ASK dataset, consisting of approximately 50,000
sentences written by non-native language learners at two different levels of Norwegian
proficiency. With their best model, they achieved an F0.5 score of 0.581.

Al-Rfooh et al. (2023) suggested the use of fine-tuning token-free pre-trained
multilingual models, notably ByT5, to acquire the ability to predict and add missing
diacritics in Arabic text. They did the first tests using Tashkeela's dataset, namely
Clean-400. The methods they provided demonstrate a significant decrease in
diacritization error rate when compared to the most successful previous findings,
reducing it from 1.13% to 0.74%, which corresponds to a 40% improvement.

Kirov et al. (2024) conducted a study utilizing the ByT5 byte-level seq2seq
transformer model for transliteration of full sentences from informal romanization
prevalent in South Asia to their native scripts. This study covered all 12 languages
included in the Dakshina dataset. Their findings showed an overall 3.3% absolute
(18.6% relative) mean word-error rate reduction.

The purpose of our thesis is to explore the use of token-free, pre-trained
multilingual models, specifically ByTS5, by fine-tuning them through experimentation.
Furthermore, we address the issue of limited training data by utilizing a multi-phase
training approach with an incremental dataset. In this approach, the results obtained
from the Clean-400 training phase are used as input for subsequent training stages on
the APCD2. The primary objective is to enable the model to predict and incorporate
missing diacritics in Arabic text and poetry. The study seeks to evaluate the accuracy of
the trained model under various conditions and analyze how the size of the model

impacts diacritization accuracy.
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Chapter Three

Sequence Transcription Approaches

This chapter outlines the evolution of models used for automatic diacritization of
Arabic text and poetry, leading up to the model examined in this study (ByT5).
Additionally, we explore two stages in these models. In the first stage, a diacritization
text model is utilized, trained to forecast diacritics for prose based on input prose
without diacritics. In the second stage, a diacritization poetry model is employed,
predicting diacritics for input verses. The diacritization text model undergoes training
on a substantial, clean dataset, achieving high-performance diacritic prediction for text.
The second stage utilizes this text data to enhance diacritic prediction for input verses.
We propose these models under the assumption that the diacritization stage could
achieve more precise diacritic prediction when familiar with diacritization patterns;
verse diacritics are closely linked to the verse meter. Further details regarding the

investigated model are provided in Subsection 3.8.
3.1 Introduction

This section represents a crucial turning point in understanding and advancing
deep neural network models for Arabic text and poetry diacritization applications. This
chapter focuses on the utilization of deep neural networks, including RNNs and LSTM

networks, as well as the ByT5 model in diacritizing Arabic text and poetry.
3.2 RNN

According to Rumelhart et al. (1986), RNN are a model of parallel distributed
processing that performs time-dependent processing through connections based on
feedback. RNNs have a memory that enables them to capture temporal dependencies
and sequential patterns. Therefore, they are widely used in NLP tasks due to their

ability to handle sequences of variable lengths while retaining memory of previous
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inputs. Additionally, they excel at capturing context and dependencies between words
or characters in sentences.

As a result, the following figure illustrates the relationship between networks in
the recurrent processing model. Each input sequence benefits from the output of the
previous iteration to make predictions about the output of the next iteration (Zhang et

al. 2019).

RNN block

H"J:l )
S Toon

L W Win "

[
X, h,_ b,

Figure 1. Visual Representation of RNN Architecture (Zhang et al. 2019)

In a standard recurrent neural network (RNN), when given an input sequence x =

(x4, *+,x7) the RNN computes a sequence of hidden vectors h = (hq, -, hy) and an
output vector by following the below equations iteratively fromt = 1tot =T:

A hidden state h; is maintained while it receives an input x,, generates an

output y,, and keeps a hidden state. The following equations are used to characterize

the system:
he = HWypxe + Wyphe_q + bp) (1)
Ve = Whyht + by 2)

Equation 1 represents a hidden state (h; ) at time step t which is computed based
on the current input (x;), the previous hidden state ( h;_; ), and bias (by), using weight

matrices W,and Wy,,.
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Equation 2, y, denotes the output at time step t. It is calculated based on the
current hidden state (h;) using weight matrix (Wy,) and bias (b,), followed by
applying an activation function. (Zhang et al., 2019).

Recurrent neural networks can retain recent input events in short-term memory
through feedback connections. However, they may face challenges in capturing long-
term dependencies between characters or words in NLP applications such as text
generation, machine translation, and text diacritization. Moreover, they may suffer from
either prolonged training times or ineffective performance due to the vanishing gradient
problem. To address these issues, a model called long short-term memory was
developed.

Long short-term memory is a specific variant of the recurrent neural network
(RNN) that was specifically developed to tackle the vanishing gradient problem. It
utilizes memory cells to retain the hidden states from earlier stages, enabling the model
to effectively analyze and process long-range sequences (Hochreiter and Schmidhuber,
1997).

Schuster and Paliwal (1997) proposed bidirectional RNNs because they capture
dependencies not only from past context but also from future context, allowing them to
better understand and capture temporal patterns in sequential data. The main difference
between BiLSTM and traditional LSTM lies in their architecture. While LSTM
processes input sequences sequentially from past to future, BiLSTM processes
sequences in both directions simultaneously: from past to future and from future to past,
as shown in Figure 2. Therefore, BILSTM was used instead of LSTM in some
applications to enhance the model's ability to capture long-range dependencies and
improve overall performance on tasks that require understanding both past and future

context in the data.
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Figure 2. Visual Representation of BILSTM Architecture (Madhfar ef al., 2020)

Researchers began stacking multiple RNNs, LSTM, and BiLSTM layers on top of
each other due to the need to capture complex and hierarchical features in sequential
data. These designs are called deep architectures (deep RNNs, deep LSTM, and deep
BiLSTM).

Deep RNN are formed by vertically arranging numerous RNN hidden layers,
with the output sequence of one layer being used as the input sequence for the
following layer.

£ =HWpn-14nhd ™" + Wynpnhity + by) 3)
ye = Wyn b + b (4)

Equation 3 displays the hidden vector sequences (h,) which are generated
repeatedly for all layers fromn =1 ton = N level and from t = 1 to t = T time step,
assuming a constant hidden layer function across all N levels in the stack. The
network's output ( y;) is determined by equation 4. This iterative procedure enables the
network to progressively collect more complex and organized characteristics from the
input data, resulting in enhanced performance in applications like sequence

transcriptions in hybrid HMM neural network systems (Graves et al., 2013).
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Furthermore, the majority of prior models depend on LSTM or RNN as
foundational models, which are computationally demanding and require lengthy
training periods because of their sequential structure. On the other hand, transformer
models that utilize self-attention layers provide benefits in terms of computing

complexity and the ability to parallelize tasks.

3.3 Transformers

Transformer models rely on the self-attention mechanism, which is a system that
connects distinct points inside a single sequence in order to determine the
representation of the sequence to efficiently deal with long-term contexts, making them
an ideal choice as an alternative to RNNs (Vaswani ef al., 2017).

3.3.1 Transformer Architecture

Output Probabilities
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Figure 3.Transformers Structure (Boyle and Kalita, 2023)
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The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks (CNN) that include an encoder and a decoder. The best-
performing models also connect the encoder and decoder through an attention
mechanism. Vaswani et al. (2017) proposed a new simple network architecture, the
Transformer, based solely on attention mechanisms, dispensing with recurrence and
convolutions entirely. Figure 3 illustrates the transformer structure, which consists of
embeddings, encoder-decoder, feed-forward neural network (FNN), and multi-head

attention.
3.3.2 Word Embedding

Word embedding is a technique used in NLP to represent words as dense vectors
of real numbers in a low-dimensional space. This transformation allows words to be
represented in a continuous vector space with size, where similar words are closer
together and dissimilar words are farther apart; therefore, it allows the model to
understand the relationships between words and analyze the text better. This is done by
multiplying the encoded input data with the learned weight representation trained
during the Transformer model's training. Different techniques and pretrained models
have been suggested to create compact word embeddings efficiently. Nonetheless, the
Transformer employs an embedded word layer integrated into the model architecture
and trained from the beginning.

3.3.3 Stacks of Encoder and Decoder

A transformer model's encoder is responsible for translating the input sequence
into a form that machines can understand. This form summarizes the correlation
between word similarity and its placement in the sequence. The input sequence

undergoes initial processing through input embedding and positional encoding layers.
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These operations transform the sequence into a format suitable for processing by the

encoder layer.
e Encoder

The encoder consists of N = 6 identical layers stacked on top of each other. Each
layer comprises two sub-layers: the first is a multi-head self-attention mechanism, and
the second is a basic, fully connected feed-forward network operating based on
position. After each sub-layer's operation, the input xis added to the output
sublayer(x), and then layer normalization is applied to the sum. This process, known
as “Residual Connection” helps in better preserving information flow throughout the
network (He et al., 2016). All of the model's sub-layers generate vectors of equal

length, referred to as d,y,.
e Decoder

The decoder in the Transformer model, like the encoder, comprises a series of
N = 6 identical layers. However, it introduces an additional sub-layer to conduct multi-

head attention over the encoder stack's output.
3.3.4 Attention Mechanism

In Transformers, the attention mechanism helps the model understand how words
in a sentence relate to each other. It does this by looking at the importance of each word
and how it connects to others. This is crucial for tasks like understanding text,
translating languages, and generating new sentences.

The function of attention is a process that takes a query and a set of key-value
pairs as input and generates an output. All inputs and outputs are represented as vectors.
The output is obtained by calculating the weighted sum of the values, where the weight
for each value is determined based on the compatibility between the query and its

corresponding key.
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multi-head attention sub-layer incorporates the self-attention mechanism. The
attention scores are derived by computing the dot product between the query and the
keys, which is then scaled by the square root of dimension of key. The SoftMax
activation function is then applied to the resulting values.

Suppose Q, K, V, d; and d, represent the matrices of queries, keys, values, a
dimension of key and a dimension of value respectively. Then, the attention matrix is

computed using the formula:

Attention(Q,K,V) = softmax (Q_JZ_D %4 (5)

To simultaneously consider different aspects of the input data, the multi-head
attention layer in a Transformer model employs several parallel attention mechanisms.
These mechanisms utilize linear transformations of the query, key, and value matrices
using trainable weight matrices W¢ € R4m*da WK g€ RIm>dkand WV € R4m*dv By
decreasing the dimensionality of the query, key, and value vectors (d,=dy=d,,/h), h
represents the number of attention heads, the computational load of multi-head attention
1s reduced, while ensuring that attention scores are outputted in the necessary model
dimension.

After computing the attention scores for each head, they are concatenated and
passed through a final linear projectionW, € R"@*dm to produce the final output
vector in the d-dimensional space. The equation for the multi-head attention mechanism
is represented as follows:

MultiHead(Q,K,V) = Concat(head,, ... , head;) W, (6)
where head; = Attention(QW,°, KWK, vw}) (7)
The result from the multi-head self-attention layer is directed to the position-wise

FNN.
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3.3.5 Feed Forward Network (FNN)

The position-wise FNN is described as a two-layer Multi-Layer Perceptron
(MLP), the equation is expressed in Equation 8. Where x represents the input, W1 and
W2 denote weight matrices, and b1 and b2 are bias terms.

FFN(x) = max(0,xW1+ b1) W2 + b2 (5)
3.4 Transfer model

Transfer learning, a machine learning technique, involves repurposing or
adjusting a model trained on one task as a starting point for a related task. It leverages
knowledge acquired from solving one problem (the source task) to aid in solving a
different yet related problem (the target task), showing effectiveness in enhancing
diverse tasks and reducing training time. Pre-trained models are commonly used in
transfer learning; they are initially trained on a large dataset for a specific task and then
fine-tuned on a smaller dataset for a related task. There is a growing trend of pre-
training NLP models on tasks with large datasets. Early results on transfer learning for
NLP used RNN (Peters ef al., 2018), but it has become more common to use models
based on the transformer architecture.

Transformer models can generally be classified into different types depending on
their structure and purpose. Figure 4 demonstrates three main categories of
transformers: encoder-based, decoder-based, and encoder-decoder-based. The transfer
transformer model employed in our study falls under the encoder-decoder based
category and adheres closely to its original design, as proposed by Vaswani et al.
(2017), with slight adjustments for handling byte sequences, notably pre-trained ByTS5.
ByT5 design closely resembles mT5 which is the multilingual variant of TS, introduced

by Xue et al. (2020).
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Transformer-
Based models

Encoder-Based Decoder-Based Encoder-

Decoder-Based

BERT, ALBERT,
TinyBERT, GPT1,GPT2, GPT3, ... BART, T5, mT5, ...
LongFormer, ...

Figure 4. Categorizing Transformers Based on Architecture Types (Nassiri and
Akhloufi. 2023)

3.5 Text-To-Text Transfer Transformer

b

T5, or “Text-To-Text Transfer Transformer,” is an NLP model developed by
Google researchers, as described in the study by Raffel er al. (2020). Unlike other
models, T5 approaches each language task as a text-generation task. This versatility
allows TS5 to handle various tasks such as translation, summarization, question
answering, and text classification using a unified method, as illustrated in Figure 5. This

adaptability and effectiveness make T5 highly flexible and powerful, establishing it as

one of the leading language models available.

[ “translate English to German: That is good."

"Das ist gut."

"six people hospitalized after
a storm in attala county."

"cola sentence: The
course is jumping well."

on the grass. sentence?2: A rhino

"stsh sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi..”

Figure 5.T5 Performance Across General NLP Tasks (Raffel ez al., 2020)
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In the following subsections, we will describe the architecture of TS in the first
part. Following that, in the second part, we will outline the model setup. Subsequently,
we will move on to discuss the data used to train TS. Lastly, we will provide an

evaluation of T5 performance.
3.5.1 TS Architecture

The TS5 architecture consists of an encoder-decoder transformer framework,
similar to the farmwork outlined in the transformer subsection. However, it
incorporates some key enhancements. One significant difference is the inclusion of
normalization layers and position embeddings.

The normalization layers ensure stable training and improved convergence by
standardizing activations across different layers. Additionally, T5 incorporates position
embeddings into input embeddings to encode word positions in sequences, aiding in
understanding text structure and enhancing contextual comprehension, particularly for

tasks like language translation and text summarization.
3.5.2 The Model Setup

Vaswani et al. (2017) suggested using a standard encoder-decoder transformer
for the TS model. The configuration and size of the encoder-decoder TS5 model closely
resemble that of a “BERTg 455" (Devlin et al., 2018), with both the encoder and decoder
consisting of 12 blocks. Each block encompasses self-attention, optional encoder-
decoder attention, and a feed-forward network. These networks feature a dense layer
output at 3072 dimensions, followed by a ReLU activation function and another dense
layer. All attention mechanisms have an inner dimensionality of 64 and 12 heads.
Additionally, all other sub-layers and embeddings are set to 768 dimensions. In total,
this yields a model with approximately 220 million parameters, roughly twice the count

of “BERTg4s5”, given the inclusion of two-layer stacks instead of one. To mitigate
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overfitting, dropout with a probability of 0.1 is applied throughout the model (Raffel et

al., 2020).

3.5.3 Colossal Clean Crawled Corpus (C4)

The C4 sourced from Common Crawl is a valuable asset for training NLP models.
Common Crawl provides a vast repository of text data obtained through web scraping,
totaling around 20TB monthly. Despite containing various non-textual content like
gibberish and aggressive language, Common Crawl has found extensive use in NLP
applications such as language modeling and machine translation. To prepare the dataset
for NLP tasks, it underwent cleaning processes. The resulting dataset is C4, contains
approximately 750 GB of clean and natural, unlabeled English text. It is publicly
available via TensorFlow Datasets (Raffel et al., 2020).

3.5.4 TS Evaluation Performance

Raffel et al. evaluate the performance of TS5 across multiple domains, including
language translation, question answering, text summarization, and text classification.
These evaluations involve utilizing benchmarks such as GLUE and SuperGLUE for text
categorization, CNN/Daily Mail for text summarization, and SQuAD for question
answering. Additionally, they examine T5's translation capabilities from English to
German, French, and Romanian using WMT datasets (Raffel ez al., 2020).

The TS pretrained model is well-known for its unique approach, using a single
“text-to-text” format that covers various text-based NLP tasks like translation and
summarization. Instead of just giving a class index, T5 directly produces the actual text
of the label, making training more straightforward with a consistent objective, namely
teacher-forced maximum likelihood. However, TS5 has limitations. It is trained
exclusively in the English context, restricting its effectiveness in multilingual contexts.

To address these limitations, the mT5 model emerges. mTS5 builds upon T5's strengths
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but overcomes its weaknesses by being multilingual, allowing it to perform well across

different languages.
3.6 Pre-Trained mT5

Xue et al. (2021) introduced the mT5 model, “Massively Multilingual Pre-
Trained Text-to-Text Transformer”, which shares similarities with TS5 in architecture
and training approach. mT5 is based on the “T5.1.1” formula, enhancing T5 by
integrating  GeGLU nonlinearities, adjusting dpoqe; and dfy dimensions, and
conducting dropout-free pre-training exclusively on unlabeled data (Shazeer, 2020).

As a multilingual model, mT5 faces the challenge of effectively selecting data
from diverse linguistic contexts. Over-representing low-resource languages might cause
overfitting, whereas overlooking high-resource languages might cause underfitting. To
address this, the model employs the boost lower-resource languages approach, sampling
examples based on the probability P(L) a |L|* , where P(L) represents the probability
of selecting text from a specific language during pre-training and L denotes the number
of samples in that language. The hyperparameter (typically with a < 1) enables to
manage the extent of boosting on languages with limited resources. Researchers found
the optimal value for a to be 0.3 (Xue et al., 2021).

Given that the mT5 model spans over 100 languages, it requires a larger
vocabulary, which has consequently been extended to 250,000 wordpieces.
Furthermore, the model utilizes SentencePiece as T5 (Xue ef al., 2021).

3.7 mC4

The mC4 dataset is a multilingual expanded version of the C4 dataset and a
crucial resource for training models like mT5 and ByT5. These models leverage the

diverse text data from mC4, advancing NLP tasks. They include text data collected
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through monthly data collection efforts by Common Crawl in over 100 different
languages.
The dataset is significantly larger than C4, amounting to 6.6 billion pages and 6.3

trillion tokens (Xue et al., 2021).
3.8 Pre-Trained ByT5

In 2022, Xue et al. introduced the byte-to-byte Model (ByT5), a token-free
adaptation of the multilingual mT5 model. ByT5 simplifies the NLP workflow by
eliminating the need for vocabulary creation, text preprocessing, and tokenization.
Trained on the mC4 dataset, ByT5 has demonstrated exceptional performance across
various community benchmarks. Available in five sizes” small, base, large, xI, xx1”
comparable to TS5 and mTS5, it supports over 100 languages. ByT5 proves particularly
beneficial for tasks involving short to medium-length text sequences.

The following subsections outline the ByT5 architecture. The first subsection
delves into key modifications in ByTS architecture, while the second subsection

explains the token-free concept.
3.8.1 Key Modifications in ByTS Architecture

Xue et al. (2022) introduced several modifications to mT5 to create ByT5. These
modifications are present in Figure 6, which includes:
e ByT5 eliminates the use of SentencePiece vocabulary, opting to directly process
UTF-8 bytes into the model without prior text preprocessing (auto-tokenization).
e ByTS5 changes how it trains compared to mT5. Instead of corrupting spans of tokens
as mT5 does, ByTS5 replaces spans with the final 100-byte IDs. It also introduces
masking for longer byte-spans by using a mean mask span length of 20 bytes, which

is different from mT5's average span length of 3 sub-word tokens.
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e ByTS5 adjusts its architecture by increasing the depth of the encoder compared to the
decoder, aiming for a more robust encoder similar to architectures like BERT. This
change enhances performance in classification and generation tasks.

e To comply with the UTF-8 standard, ByT5 excludes any illegal byte sequences
from the model's output, although such instances are infrequent in real-world
scenarios.

‘ByT5 retains several settings from mTS5, including a sequence length of 1024

(measured in bytes) and training for 1 million steps over batches consisting of 220
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Figure 6. Comparing Pre-training Methodology and Network Structure: mTS5 vs.
ByTS5 (Xue et al., 2022)

tokens.
In Japan cloisonné enamels are known as shippd-yaki (£ = %%).
mT5 : UTF-8 ByT5
Pre-trained Encode
SentencePiece ' \
Model !
V73110327497 11297 110 32 99 108 111 105 115 111 110 110 195 169 32 101 110 87
! 109 101 108 115 32 97 114 101 32 107 110 111 119 110 32 97 115 32 115 104 105 112
563 9466 42452 48805 1220 29171 9617 418 259 15965 | 112197 141 45 121 97 107 105 32 40 228 184 131229 174 157 231 132 188 41 46
527 150911 4370 264 129213 274 15390 9913 43105 483 !
. . H In Japan cloisonné, é, enamels are known a
_In _Japan _clo ison né _enam els _are _ H R . o
known as _shipp 6 - yaki (£ = ). : s shipp®d,8,-yaki (£, 4, €, %, £, 5, #, ).
|
1
Inputs Targets ! Inputs Targets
S ~ ; S ~
_In _Japan _clo ison (X} {X) né _enam els H In Japan clois{X)e (X)onné é, enamel
N = H . R
_are _known _as _shipp & Y)Y E 8). (D) ! known as shippg,0, sar(NE, £, % 5,
- yaki Y H i
yaki _( £ <Y} E -yaki (t£,{Y> =, 0 B8 (D
H
H
H
i
|
|
H
H
H
H
H
H

3.8.2 Evolution from Token-Based to Token-Free Models in NLP

Tokenization refers to the process of assigning unique token identifiers to words
within a predefined vocabulary, which facilitates the transformation of text into
sequences of tokens. Nevertheless, challenges arise due to the presence of words not
included in the vocabulary and various undesirable behaviors observed with subword
tokenizers. In response to these challenges, the concept of token-free NLP models has
emerged, which operate directly on raw text without relying on predefined

vocabularies. These models, such as byte-level models, process text sequences as
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sequences of individual bytes, providing benefits in terms of model size, adaptability to
different languages, and variations in orthography. However, byte-level models often
result in longer sequences, which can lead to higher computational costs. Nonetheless,
recent research indicates that transformer architectures can be effectively adapted to
handle byte sequences, mitigating some of these challenges.

The sequence-to-sequence design of the ByT5 model overcomes the constraints
of the most recent advanced diacritics restoration model, which relies on BERT (Kharsa
et al., 2024). The latter model operates as an auto-encoder, conducting classifications
for individual tokens. Specifically, it predicts the correct classes for each token
correction, defined by position and diacritic type. However, this system is confined to
its predetermined set of instructions (correction classes), which is heavily influenced by
language and focuses solely on diacritic restoration. In contrast, our sequence-to-
sequence approach with ByT5 enables us to address various grammatical errors and
learn to generate output sequences in a more universal and language-independent

manner.
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Chapter four

Datasets Preparations and Experiments

In Chapter 4, the focus is on preparing the necessary datasets and developing the
model required for the study. This chapter begins with an introduction to the datasets
used, namely the Clean-400 and the APCD2, followed by an outline of the training
methodology. Additionally, it covers the ByT5 model selection, training
hyperparameters, experimental environment, and performance evaluation metrics such
as accuracy, DER, and WER. Through this comprehensive approach, Chapter 4 aims to
provide a thorough understanding of the dataset preparation process and the model
setup employed in the study.

4.1 Clean-400

The Tashkeela dataset is a collection of Arabic vocalized texts that comprises
both modern and CA languages. It contains about 75 million fully vocalized words
sourced from 97 novels and organized in text files. The corpus is primarily derived
from Islamic canonical texts with a semi-automatic web crawling approach. Only a
small portion, approximately 1.15% of Tashkeela, consists of MSA texts, so it is
considered a CA dataset (Zerrouki and Balla, 2017).

Fadel et al. (2021) isolated 55,000 sequences from the Tashkeela dataset with a
diacritic-to-character rate of at least 80%. The subset was cleaned using various
procedures, including the removal of English letters and whitespace, correcting
diacritics, and isolating numbers from words. Karim et al. (2021) employed Fadel's
filtering and cleaning methodologies to extract a larger dataset, ensuring an 80%
diacritization-to-character ratio. Subsequently, they wrapped the sequences to 400

characters per sequence maximum.
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In the initial stage of our investigation, we utilized the Clean-400 dataset, which
was created and supplied by Abandah and Abdel-Karim. This dataset comprises
roughly 496,000 sequences, each of which is formatted into 400 characters per
sequence. The decision to employ this formatted dataset stemmed from its capacity to
reduce memory consumption and training time. Table 6 illustrates various
characteristics of the dataset, such as its size, word count, letter count, letters per word,
and words per sequence. For the purpose of training and assessing our model in each
experiment, we partitioned the dataset into 489,000 lines for training, 3,060 lines for

validation, and an additional 3,120 lines for testing.

Table 6. Clean-400 Corpus Characteristics After Wrapping

Criteria _ Clean-4.00 c.lataset

Training Validation Test
Size (MB) 263 1.59 1.66
Number of samples (X 103) 489 3.06 3.12
Word count (X 10°) 19 0.12 0.13
Character count (X 10°) 130 0.79 0.82
Letters per Word 3.97 3.97 3.97
Words per sequence 40.08 39.18 40.13

4.2 Arabic Poem Comprehensive Dataset (APCD2)

The primary dataset conducted in diacritization Arabic poetry is the second
version of the Arabic poem comprehensive dataset (APCD2), which was extracted from
the original APCD by removing overly short and long verses based on specific criteria
and taking out incomplete verses. It comprises 1,657 thousand Arabic poems, and the
prose dataset includes 16 poetry meters and some Arabic prose (Abandah et al., 2020).

The table below displays the poetry meters class distribution in APCD2.
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Table 7. Poetry Meter Class Distribution and Relative Verses Ratio

No. Meter Meter Ratio
1 Al-Tawil 24.35%
2 Al-Kamil 22.04%
3 Al-Basit 14.42%
4 Al-Khafif 9.41%
5 Al-Wiafir 8.04%
6 Al-Rajaz 6.19%
7 Al-Ramal 4.39%
8 Al-Mutagarib 3.81%
9 Al-Sart 3.47%
10 Al-Munsarih 1.70%
11 Al-Mujtathth 0.95%
12 Al-Madid 0.46%
13 Al-Hazaj 0.41%
14 Al-Mutadarik 0.27%
15 Al-Mugtadab 0.04%
16 Al-Mudari 0.01%

The dataset contains different poetry periods, each contributing differently to the
overall collection. Below, the figure shows how poetry is distributed across these
periods. The modern era has the most poetry, making up around 39.55% of the dataset;
so that there is a lack of diacritization in APCD2. In the modern era, poets are not
obliged to employ diacritical marks. Given that the bulk of the dataset originates from
modern eras, we can deduce the underlying cause for the absence of diacritical marks
within the data. Conversely, the Islamic era constitutes the smallest proportion,
comprising only approximately 0.13% of the dataset. This variety in period
representation underscores the dataset's inclusiveness, covering poetry from various

historical times.
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Arabic Era Percentage on APCD2
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Figure 7. The Distribution of Poetry Eras in the Dataset

Although the dataset plays a significant role in our modeling, there are several
shortcomings that complicate our learning tasks, including: (a) the absence of diacritics;
(b) the presence of more than two diacritics on a single character; and (c¢) inconsistent
Unicode representation. In the next subsection, we outline data preparation to overcome

these issues.
4.2.1 Preparing APCD2 For Training

In the data preprocessing phase, we began by excluding the prose dataset, which
represents 1.73% of the total APCD2. Subsequently, we shuffled the APCD2 dataset to
ensure that each mini-batch during training contains a diverse mix of data samples,
thereby improving generalization performance. Also, we remove diacritics from the
available dataset to create input. The following table provides examples of input and
target entries.

Table 8. A Poetry Example of Input and Target

Input Target ]
il e 1T U e ey del slS g | Caaliy A e 1T O Jiea Je) Je il sl Gh g




38

Finally, we derived two datasets using the methodology outlined in the paper by
Abandah et al. (2022), which categorizes them based on the diacritics-to-letters ratio to
address the initial issue we mentioned earlier. Thus, as presented in the table below, we
introduce three datasets: APCD2, DS1, and DS2. This table offers a comparative

summary of these datasets, including their sizes, diacritics-to-letter ratios, and average

ratios.
Table 9. Characteristics Of the APCD2 Dataset
And Two Datasets Derived from It

Criteria APCD2 DS1 DS2
Size (KB) 437 MB 36.9 MB 8.71 MB
Number of samples 1,467,119 313,325 76,034
Dla‘crltlcs to letter All >0.50 > 0.667
ratio
Average ratio 0.27 0.61 0.75

Thus, this study employs both datasets for training and testing the model: the
Clean-400 dataset, along with the training set proposed by Karim et al. (2021), and the
APCD?2 dataset developed by Abandah et al. (2020).

4.3 Experiments

Our model underwent experimentation with several variable modifications

throughout the process, including:

e Model Size Modification: We altered the model's size to observe its impact on
performance.

e Dataset Variation: Different datasets were utilized for training and evaluation to
gauge the model's adaptability to varying data sources.

e Training Steps Adjustment: The number of training steps was tweaked to optimize
both model training and performance.

e Learning Rate Variation: We adjusted the learning rate to fine-tune the training

process and improve model convergence.
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e Optimizer Type Change: Experimentation with different optimizers was conducted

to assess their effectiveness in efficiently training the model.
4.3.1 ByT5 Model Selection

We selected the small and base size of the ByT5 model, guided by Al-Rfouh et al.
(2023) findings, which suggest that base models yield better results for Arabic
diacritization tasks than small size. In the table below, we outline the specifications of
the ByT5/small and ByT5/base models.

Table 10. ByTS Model Specifications

Criteria Small Base
Parameters 300M 582M
Encoder/Decoder 12/4 18/6
Layers
Feed Forward
Dimension (dy) 3584 3968
Model Dimension 1472 1536
(dmodel)

4.3.2 BytS Model Hyperparameters

Training hyperparameters are crucial for adjusting the weights of artificial neural
networks. The Byt5 primary hyperparameters include:

e Batch Size: This parameter indicates the sample number processed before weight
updates occur. While values of 256 or higher are typical, larger batches may exhibit
diminishing returns in terms of performance improvement.

e Maximum Sequence Length: it refers to the limit on the number of bytes permitted
in a sample. Two key considerations arise: firstly, the transformer model's time
complexity. Secondly, our model operates at byte granularity, requiring more tokens
to represent the same text compared to word-level models. Consequently, the

maximum sequence length for the ByT5 model is capped at 1024 tokens.
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Learning rate (n): it regulates how much parameters of the model are adjusted
throughout the optimization process. Smaller values of 1 lead to slower adjustments
to the model's weights, promoting gradual convergence and ensuring training
stability. In contrast, higher learning rates result in larger weight updates, speeding
up the training process but increasing the likelihood of weight oscillations, which
can lead to training instability and higher final loss. Optimal values, such as 0.001
for the T5 family with the Adafactor optimizer, ensure a smooth convergence
process.

Optimizers: the choice of optimizers plays a crucial role in the efficiency and
effectiveness of the training process. The primary optimizers used in our model are:
Adam Weight Decay Optimizer: It is an optimizer built on the Adam algorithm and
adds a function to reduce L2 weight. It uses Adam as a base and adds an L2 weight
reduction function to avoid overfitting the model.

Adafactor Optimizer: It is the primary optimizer used in pre-trained models based
on the Adafactor algorithm. It provides a way to automatically set learning rates

based on parameter size and performs well for a variety of models.

4.3.3 Experimental Frameworks and Platforms

This section outlines the experiment platform. The proposed models are

employed using two platforms: Google cloud platform (GCP) and Google colab pro

plus. We partition the training process across multiple” slices” of TPU v2 units

available in Colab Pro Plus. TPU v2 units are part of a set of interconnected units via a

high-speed 2D mesh network, supported by host machines running on the central

processing unit (CPU). The remaining details are outlined in the table below.
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Table 11. Colab Pro Plus Platform Computing Environment

Hardware

Specification

CPU

Intel(R) Xeon(R) CPU @ 2.20GHz, 4
cores, 56 MB cache

TPU

v2

GPU

Nvidia-Tesla V100-SXM2 @
1.32GHz, 16 GB Nvidia-Tesla P100-
PCIE @ 1.32GHz, 16 GB

Memory

50 GB

Libraries

Python 3.7.13,
TensorFlow 2.12.0
Tensorboard 2.12.0, Tensor2tensor
1.15.7
Jax 0.4.25, NumPy 1.23.5
Pandas 1.5.3, Datasets 2.5.0

To facilitate parallel processing of both models and data, we utilize the Mesh
TensorFlow library. Additionally, we leverage cloud memory to store the data and

models trained on specific tasks.

4.3.4 Byt5 Training

We adopt the methodology outlined in Al-Rfooh et al. (2023) to train our text

diacritization model. Our poetry diacritization model undergoes three phases of training

to predict diacritics in verses based on the input, which is without diacritics.

From the following table, it can be concluded that the ByT5 model utilizes 2
bytes to represent Arabic letters and diacritics, predicting an expectation of 8 classes in

the model. However, the combinations of diacritics, such as shadda and fatha, are

treated individually.
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Table 12. Predicted Diacritics and Their Ids in The BytS Model

The.Pre'd ?cted Diacritics The Predicted Diacritics Diacritics ID
Diacritics ID

No diacritics - Kasratan [220, 144]
Fatha (©) [220, 145] Shadda with Fatha [220, 148,220, 145]
Damma (%) [220, 146] Shadda with Damma [220, 148, 220, 146]
Kasra () [220, 147] Shadda with Kasra [220, 148, 220, 147]
Shadda (%) [220, 148] Shadda with Sukun [220, 148, 220, 149]
Sukun () [220, 149] Shadda with Fathatan [220, 148, 220, 142]
Fathatan (<) [220, 142] Shadda with Dammatan [220, 148, 220, 143]
Dammatan (&) | [220, 143] | Shadda with Kasratan [220, 148, 220, 144]

datasets DS1 and DS2 are divided into 85% for training and 15% for testing,
consistent with previous studies (Abandah et al., 2020). We exclusively utilize the
training data for training, progressing through a series of checkpoints. During each
checkpoint, 85% of the training data is used to train the model, while the remaining
15% 1s used to assess its learning progress. Subsequently, after each checkpoint, we
evaluate the model's ability to predict diacritics accurately based on the validation data.
Additionally, we employ dropout during training to enhance the model's performance.
To assess the network's performance, we employ the weights obtained from the most
optimal step to predict diacritics for the test dataset.

ByTS5 implements a step-by-step training process where model parameters are
updated based on batches of data. Checkpoints are strategically utilized to save the

model's state at intervals, including weights and parameters, for the purpose of
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resuming training or evaluating performance. In our training, the model underwent
43,100 steps to achieve optimal weights.

Mini-batch training was utilized, where each training step comprises a batch of
256 verses. This batch size was determined through experimentation, leading to faster
training and improved outcomes. Additionally, a learning rate of 0.003 was employed,
also determined through experimentation. Furthermore, two optimizers were conducted
for training the network parameters. Among these, the Adam Weight Decay Optimizer

demonstrates superior accuracy compared to Adafactor (Kingma and Ba, 2014).
4.3.5 Post-Processing of Output

In the post-processing stage, we implement corrections to address certain errors in
the model's output, focusing on adhering to Arabic diacritic usage rules. Similar to
Abandah et al. (2015), our approach involves Sukun correction and Fatha correction.

Sukun correction involves the removal of Sukun, which denotes the absence of a
short vowel. Its presence or absence is not considered an error. On the other hand, in
Fatha correction, any diacritic other than Fatha preceding Alef, Alef Maksura, and Teh
Marbuta is corrected to Fatha.

4.3.6 Performance Evaluation

We evaluate diacritic restoration capabilities using the metrics below, which
capture their performance.

e Accuracy is a common metric for evaluating NLP and speech recognition tasks,
which measures the percentage of correct predicted diacritics in all outputs. Higer
accuracy indicates that the model is better at reliably predicting diacritics. While
lower accuracy indicates that the model struggles with diacritic prediction.

Diacritics Error Rate (DER): is a percentage of incorrect Arabic letter diacritics

predicted to all diacritics count.
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Word Error Rate (WER): is a percentage of incorrectly predicted diacritic words
compared to target verses. The presence of one diacritic error in the predicted word is
sufficient for it to be considered incorrect.

When evaluating the poetry model, we customized DER and WER metrics. Due
to variations in the ratio of diacritics to letters across verses in the dataset, the model
predicts additional diacritics on letters that were originally undiacritized. The model
sometimes predicts additional diacritics on originally undiacritized letters. When
applying DER/WER to evaluate the poetry diacritization model, it inaccurately
considers these additional diacritics as errors. Hence, we chose to exclude the originally

undiacritized letters from the dataset when computing DER/WER.
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Chapter Five

Experiments and Results

5.1 Introduction

In this chapter, we will outline the experiments conducted for both prose and
poetry diacritization task. Next, we will present the main results, analyzing the overall
performance, accuracy, DER and WER of the models. We will also explore the effect
of model size on performance, examining the balance between accuracy and
complexity.

Following this, we will analyze the time efficiency of the models, investigating
the time required for predictions and ways to optimize it. We will then provide a
comprehensive comparison of the different models, highlighting their strengths and
weaknesses. Finally, we will analyze prediction errors, exploring their potential causes
and how to mitigate them for more accurate and reliable results.

5.2 Experiments

In this section, we will detail the experiments conducted to evaluate the
performance of our diacritization models. Two primary models were developed: one for
prose diacritization and another for poetry diacritization. We will discuss the
performance of each model in detail.

5.2.1 Prose Diacritization Model

Our diacritization model successfully applied diacritization to Arabic text. In the
first experiment, we used the pretrained Small ByT5 model with a maximum sequence
length of 1024 for input and 2048 for target.

In order to determine the optimal steps containing the best weights for evaluating

the test set based on accuracy metrics, we compared results across checkpoints up to
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25k, as depicted in Figure 8. We observed stabilization after the 18k checkpoint, with
no further accuracy improvements for the validation set. Notable results were achieved,
including a peak accuracy of 51.78% at the 18,000th checkpoint. The best DER on the

validation set was recorded at 0.81%, along with a corresponding WER of 2.46%.

Accuracy On Small-ByT5
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Figure 8. The Accuracy Throughout the Training of The Small Diacritization
Prose Model

Notable results were achieved, including a peak accuracy of 51.78% at the
18,000th checkpoint. The best DER on the validation set was recorded at 0.81%, along

with a corresponding WER of 2.46%.

5.2.2 Poetry Diacritization Model

Our diacritization model successfully applied diacritization to Arabic poetry
These assessments were conducted using a sequence length of 250 for the input and 400
for the target.

We performed an assessment of the six experiments by training small Byt5 on the

clean-400 train set, as outlined in the preceding subsection, DS1 and DS2, and
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subsequently evaluating their diacritic and WER using the DS2 test set. As elaborated
in Chapter 4, the BytS model undergoes training in one phase, two phases, and three
phases. Table 13 encapsulates this evaluation, providing details on the dataset trained in
each experiment and the accuracy of the validation set on DS2, DER, and WER.

Table 13. Comparison Of Experiments Trained Using
Different Methods and Evaluated

Phase 1 Phase 2 Phase 3 Accuracy DER WER
DS1 - - 9.48% 4.18% 14.02%
DS1 DS2 - 12.39% 3.45% 11.74%
DS2 - - 8.37% 4.55% 14.53%

Clean_400 DS1 - 9.67% 4.08% 13.66%
Clean_400 DS2 - 8.79% 4.41% 14.13%
Clean_400 DS1 DS2 12.56% 3.42% 11.20%

After examining the outcomes of the six experiments, we determined that the
three-phases experiment produced the best results, demonstrating the best weights for

evaluating the DS2 test set.
5.3 Results

We present the outcomes of our diacritization experiments on both Arabic prose
and poetry texts. Each task involved distinct model configurations and optimization
strategies aimed at achieving optimal performance in handling Arabic text
diacritization.

Our prose diacritization base model successfully applied diacritization to Arabic
text. Through a comparison of results across checkpoints up to 25k, as depicted in
Figure 10, we observed stabilization after the 19k checkpoint, with no further accuracy
improvements for the validation set. At that checkpoint the model achieved notable
results, including a peak accuracy of 55.30%. The DER and WER values obtained from

the model's evaluation on the Clean-400 validation set at the 19th checkpoint step were
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0.74% and 2.29%, respectively. We achieved the best result at the same checkpoint for

the Clean-400 test set, with a DER of 0.86% and a WER of 2.64%.

Accuracy On Base-ByT5
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Figure 9. The Accuracy Throughout the Training of The Base Diacritization Prose
Model

In diacritizing Arabic poetry, as discussed in the previous section, the three-
phases experiment yielded the optimal results, demonstrating the best weights for
evaluating the DS2 test set. Figure 11 illustrates the training progress of the ByT5 Small
model across the three-phases, demonstrating the DER of the validation set at each

training step.
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Figure 10. The DER Of the Poetry Diacritization Model Across Validation Sets for
The Three Datasets Throughout Training

As shown in Figure 11, phase 1, which initiates the training process, is previously
discussed. During phase 2, the model is trained on the DSI train set, reaching its peak
accuracy of 9.67% at step 25,000. However, step 25,000 also records the highest DER
at 4.28%, resulting in the conclusion of training at step 26,000. Phase 3 involves the
retraining of all layers on the DS2 training set, leading to a notable improvement in
DER. The model swiftly adjusts to DS2 within 100 steps, with step 100 displaying the
highest DER at 3.42% and WER at 11.20% and training concluding at step 400.
Optimal model weights are achieved at the 43,100th checkpoint step, where evaluation

on the DS2 test set yields a DER of 3.28% and a WER of 10.74%.
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5.4 Effect of Model Size

we employed both the small and base ByT5 models to train on text and poetry
datasets, aiming to assess how variations in model size influence performance.

Our analysis Showed that while the Base ByT5 model demonstrated a slightly
lower DER of 0.74% on the Clean-400 dataset compared to the Small ByT5 model's
0.81%, as shown in figure 12, And the small ByT5 model exhibited a lower DER of
3.42% compared to the base ByT5 model's 3.45% for Arabic poetry context. These
results emphasize the necessity of considering both model size and dataset

characteristics when optimizing text diacritization models for varying linguistic tasks.

DER On Validation Datasets
5%

4%

3.42% 3.45%

3%
2%

1% 0.81%  0.74%

. 1l

Prose Diacritization Model Poetry Diacritization Model

®m Small-ByT5 m Base-ByT5

Figure 11. The Effect of Model Size on Different Tasks
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5.5 Time Analysis of Models

When selecting the most suitable model for diacritizing Arabic text and poetry, it
is crucial to factor in the time required for model training. Our training methodology
involved saving training weights at checkpoints every 1000 steps, allowing us to
measure the time investment for each training phase. The figure below presents a
detailed analysis of the training duration, covering the Small Prose model, the Base

Prose model, the Small Poetry model and the Base Poetry model.

Total Training Time (hrs)

60
52.43
50
44.7

40 36.53
30 28.8
20
10

0

Prose Diacritization Model Poetry Diacritization Model

m Small-ByT5 m Base-ByTS5
Figure 12. Analysis of Training Time for Diacritization Models

For instance, the small prose diacritization model required 1.36 hours for every
1000 steps. Since the optimal checkpoint is set at 18,000, every step took approximately
96 x 60 x 60 / 1000 = 5.76 seconds per step. To calculate the total training time, we
multiply the number of steps by the time per step: 18,000 x 5.76 / 60 / 60, resulting in a
total training time of 28.8 hours.

During the prediction phase, the prose diacritization model demonstrates a

satisfactory response time, managing to diacritize each test sequence in 0.13 seconds.
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Although the base model requires one and a quarter time longer training for prose
datasets compared to the small model, it demonstrates a 10.5% improvement in
performance. However, for poetry datasets, the small model achieves comparable
results to the base model. As a result, we will employ the base model for prose dataset

testing and utilize the small model for diacritizing poetry datasets.

5.5 Comparison

We will now compare our results with the state-of-the-art results for diacritical
Arabic text and poetry models.

Karim and Abandah (2021) utilized the extensive Tashkeela dataset to build a
cleaned corpus with about 550k sequences. In order to convert undiacritized Arabic
letter sequences into fully diacritized ones, their baseline model incorporates a deep
BiLSTM RNNs. Their method yielded an average WER of 3.89% and a DER of 1.45%.

Al-Rfooh et al. (2023) suggested the use of fine-tuning token-free pre-trained
multilingual models, notably ByTS5, to acquire the ability to predict and add missing
diacritics in Arabic text. They conducted two phases of experimentation, utilizing
Tashkeela's dataset in the first phase and the Clean-400 dataset in the second phase,
with both small and base sizes of the ByT5 and Adafactor optimizers. The methods they
provide demonstrate a significant decrease in diacritization error rate when compared to
the most successful previous findings, the detailed results are presented in the following
table.

Abandah et al. (2022) handle the problem of adding diacritics to Arabic poetry
verses by leveraging pattern characteristics from a pre-trained classification model via
transfer learning. Furthermore, they address the scarcity of training data by training

their diacritization model in multi-phase using the second version of the APCD2. When
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compared to the most successful previous outcomes, the solutions they propose yield a
significant improvement in the diacritization error rate, reducing it from 6.08% to
3.54%, which corresponds to a 42% enhancement.

Our study explores the application of ByT5 for diacritizing two types of Arabic
text: prose and poetry. For Arabic prose diacritization, our model includes two sizes,
small and base, both employing the Adam weight decay optimizer. The base size model
outperformed the small size, yielding a DER of 0.86% and a WER of 2.64%. In
comparison to the findings of Karim et al. (2021), our approach resulted in a notable
reduction in DER from 1.45% to 0.86% and WER from 3.89% to 2.64%, reflecting a
significant DER enhancement of 41% when evaluated on the Tashkeela test set.
Additionally, in contrast to the outcomes reported by Al-Rfooh et al. (2023), when they
trained ByT5 base using two phase training approach, our utilization of the Adam
weight decay optimizer coupled with a single-phase training strategy led to superior
performance for prose diacritization tasks on the test Tashkeela set. Specifically, our
approach achieved a reduction of 14% in DER and 10% in WER.

As for the Arabic poetry diacritization model, it was trained using six
experiments, each trained at different stages and datasets. Additionally, two sizes of the
model, small and base, were utilized. The results obtained from the Clean-400 training
phase are used as input for subsequent training stages on the APCD2 with the small size
of ByTS. Evaluation of the model's performance was carried out on the DS2 test set,
resulting in a DER of 3.28% and a WER of 10.74%. our approach resulted in a slight
reduction in DER from 3.54% to 3.28% and WER from 12.34% to 10.74%, reflecting a
DER enhancement of 7% and a WER enhancement of 13% when evaluated on the

Tashkeela test set.



Table 14. Diacritics Restoration Results Comparison

No Model Evaluation
Authors Data Used Phases | Size Used Set DER WER
Abandah et 0 0
al. (2022) DSI1, DS2 Two TL-All DS2 test 3.54% 12.34%
Karim and
Abandah, | <1400 1 oo | BiLSTM Tasg;fela 145% | 3.89%
(2021)
Al-Rfooh Tashkeela Tashkeela | 1.00% | 2.92%
et al. Clean-400 Two Base test
(2023)
Clean-400 Base Tashkeela o o
One Byt5 test 0.86% 2.64%
Our Work
Clean- Small
400, DS1, Three Byt5 DS2 test 3.28% | 10.74%
DS2

5.5 Discussion

As the T5 family typically employs a learning rate of 0.001, we opted for a higher
learning rate of 0.003 in our study. To investigate the impact of learning rate on the
outcomes, a final experiment was conducted. The Poetry diacritization model was re-
trained using learning rates of 0.0003, 0.001, 0.003, and 0.01 with the DS2 dataset,
respectively. The results obtained from the DS2 test are illustrated in Figure 13. A

learning rate of 0.003 yields superior outcomes compared to others.
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DER On DS2 Validation Set
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Figure 13. Impact of Different Learning Rates on DER During DS2 Training

As the TS5 family typically employs a train batch size of 128, we opted for a
higher train batch size of 256 in our study. To investigate the impact of batch size on
outcomes, a final experiment was conducted. The poetry diacritization model was re-
trained using batch sizes of 128 and 256 with the DS2 dataset, respectively. The results
obtained from the DS2 test are illustrated in Figure 15. A train batch size of 256 yields

superior outcomes compared to others.
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DER On DS2 Validation Set
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Figure 14. Impact of Different Train Batch Size on DER During DS2 Training

Considering that Abandah et al. (2022) utilize a maximum sequence length of
256, whereas in our study, we employ a sequence length of 400 for the output, we
conducted a concluding experiment to assess the impact of sequence length on the
results. We proceeded to re-train the poetry diacritization model using maximum
sequence lengths of 256 and 400. The outcomes of the DS2 test are illustrated in Figure

15. a sequence length of 400 yields superior outcomes compared to another.
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Figure 15. Impact of Different Maximum Sequence Lengths on DER During DS2
Training

In the context of diacritizing Arabic poetry, the superior performance of the small
model size over the base model size lies in the relatively smaller and less complex
nature of the dataset. This reduced dataset size enables the small model to more
effectively capture and interpret the unique linguistic nuances and structures prevalent
in Arabic poetry. With fewer data points to process, the small model can allocate its
learning capacity more efficiently, allowing it to better handle the complexities and

subtleties of poetic forms.
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5.6 Predictions’ Errors

In this section, we analyze the performance of our diacritization model in
predicting Arabic diacritics for both prose and poetry sentences. We compare the

model's predictions to the target sentences to assess its accuracy and effectiveness.
5.6.1 Arabic Prose Diacritization

When comparing the predicted word “3” in the table below with the target word
“a3” it confirms a prior inference by researchers: The ByT5 model relies on
understanding texts and understanding the relationship between the word's position and
the diacritic mark. So, if the proposed model understands the word differently, it will

also add diacritics differently, leading to errors in more than one diacritic mark in the

same word.
Table 15. An Example of Prose Model's Predictions
Example
Arabic prose sentence gho chailasl ddadde ciny 2 ol
Target gla Cilai b3d JS 4ile Cas 3 2l
Our model prediction gla dalai gl IS adle Caagda 2l

5.6.2 Arabic poetry diacritization

When comparing the predicted word “4:%” with the target word ~4x: “, and the
predicted word “ s with the target word” sé: “, there are additional diacritics that the
model predicted, so we use custom DER and WER evaluation metrics as we mentioned
in chapter 4.

In the second example, when comparing the predicted word “33;\-'\3” with the target
word” ad-\-u “, the model commits similar errors to those observed in Arabic prose, but
with a greater degree. Arabic poetry composition presents a challenge for linguistic and
computational models due to its linguistic complexity and poetic diversity, requiring

extensive study and a profound understanding of the Arabic language and culture, as
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previously discussed. The model requires a sizable dataset with a high occurrence of

diacritics to achieve significant enhancements.

Table 16. Examples of Poetry Model's Predictions

Examples

e Gl (e dellay el A pad g

Arabic poetry input aloas o5 3) o s Jal Canat Sl
2o 350 cpfladelay  gagn Sl 4n £33N
Arabic poetry target e gl gpmiadelley i ) G ga doas,

aliaa 3NE 3 & s Jay Eucad Y

Sie 30 Cafila Aty a0 Sl 405 $3 A3
plas 8 ) b da) et S

Our model prediction
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Chapter Six

Conclusion and Future Work

This final chapter is to write the thesis summary along with what we think can be

added to our model to enhance its results.
6.1 Conclusion

We conducted a study aiming to develop a precise solution for automatic
diacritization of Arabic text. Our investigation involved the utilization of pre-trained
models, notably the ByT5 model. We examined two variations of the ByT5 model size,
both of which were trained on the Clean-400 dataset. We achieved the best result using
the base ByT5 model, with a DER of 0.86% and a WER of 2.64%.

Despite the proficiency of the base ByT5 model in diacritizing Arabic text, it
encounters challenges when tasked with diacritizing Arabic poetry. This difficulty
stems from the linguistic and morphological complexity inherent in poetry, as well as
the tendency of poets to deviate from conventional Arabic grammar and morphology
when adding diacritics to their verses. Given the artistic nature of poetry, it may be
more effective to utilize models specifically trained on poetic datasets rather than those
trained on general Arabic prose. However, a significant difficulty arises from the
scarcity of high-quality datasets specifically designed for Arabic poetry, making it
challenging to train such specialized models.

We have presented another precise solution for automatically diacritizing Arabic
poetry. We utilized the pre-trained ByT5 model, specifically a model employing
transfer learning. This model benefits from a prose diacritization model trained on a
large and clean dataset. Additionally, we explored training this model through multiple
training phases on two datasets of diacritized poetry. Firstly, the model is trained on the

DS1 dataset, which is larger than the DS2 dataset and contains a lower diacritic ratio.
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Secondly, the model is trained on the DS2 dataset, which has a higher diacritics ratio, to
enhance its ability to predict fully diacritized poetry. These solutions provide a model

with a DER on the test set of 3.28%, and a WER of 10.74%.

6.2 Future Work

To enhance our diacritization models, future work could focus on several paths.
Firstly, exploring larger and more diacritizing training datasets may help improve
model performance, especially the datasets of general Arabic poetry. Moreover,
considering the integration of advanced training techniques such as custom loss
functions, this may contribute to further advancements in diacritization accuracy.
Finally, efforts to extract our best-performing model into smaller, more efficient models
suitable for deployment in edge-compute applications. This aims to broaden the
practical applicability of our approach, allowing these models to be used in resource-
constrained environments such as smart devices, sensors, and internet-connected
devices that rely on processing data locally at the application site rather than sending it

to the cloud.
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