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ABSTRACT

Dialects vary from one area to another, and some texts contain spelling
errors, which are common in the Arabic language. Researchers have used multiple
techniques to correct these spelling mistakes such as language models, confusion
matrices, and neural networks. Recently, transformers have been introduced as an
efficient neural network architecture, and since then they have been widely used to

solve many natural language processing (NLP) tasks.

This thesis investigates using machine learning techniques based on
efficient transformer model (Byt5) to correct two types of Arabic spelling mistakes:
auditory and exaggeration mistakes. We train the model using training and
validation datasets with synthetic errors inserted. These errors are created by a
method called stochastic error injection, where they are applied to the large dataset
used in this study (wiki40b/ar). For evaluation purposes, we collected from the

social media networks two small datasets: TestAud200 that has 200 sequences with



Xi

example auditory mistakes and TestExg200 that has 200 sequences with example

exaggeration mistakes.

As for the result, the model trained to correct auditory mistakes gives its
best results when trained with error injection rate (EIR) of 75%, where the accuracy
score is 79.78% on the validation set of wiki-40b/ar and the character error rate
(CER) is 1.13% on TestAud200. The model trained to correct exaggeration errors,
on the other hand, scores an accuracy of 99.78% on the validation set of wiki-40b/ar

and a CER of 0.38% on TestExg200 when trained with an EIR of 10%.



Chapter One: Introduction

The Arabic language is the official language spoken in twenty-five
countries worldwide, where approximately 313 million Arabic speakers are spoken
(Callie, 2021). In 2022, the Arabic language was ranked as the 7th most spoken
language in the world. The Arabic language has 28 letters and 12.3 million words.
Some will be mispronounced as there are similar letters but with rough or soft
pronunciation, and some words are used with exaggerated letters to show

excitement, joy, sadness, etc.

1.1 Background

There are different spelling errors Arabs fall into while typing various
words: discourse structure and pragmatic-level errors, morpho-syntactic errors,
lexical and semantic errors, and soft errors (Al-Qaraghuli et al., 2021). Our model

solves a different type of error: local dialect replacement or duplication of letters.

A type of local dialects replacement is like "Cill (& 528 Bl 43" the error
is in the word "ku" the word must be "kl but the confusion of the letter "c="

and "L" is present.

Machine Learning techniques are extremely helpful in many ways. Deep
Learning (DL) has been an effective technique in solving natural language

processing (NLP) problems, particularly when it comes to lingual mistakes.



1.2 Problem Statement

The spelling mistakes our research is going to resolve are the auditory
mistakes such as "kil" for "kila", The second spelling mistake people make while
typing specific words is when they feel extreme excitement when admiring
something. They type "2 L™ even though the correct form is "»3 W". Using a

machine learning model, the wrong form should be replaced with the correct form.

Although the Arabic auditory and exaggeration mistakes were almost
overlooked while correcting previous spelling mistakes, an evolving technique has
been used over the years, using language models, long short-term memory (LSTM)

recurrent neural network (RNN), mT5 Transformer, and even confusion metrics.

In communication platforms, exaggerated tones might be disturbing to some
or hard to read by users, especially Arabic learners. Hence, a system that corrects
this type of mistake, along with auditory mistakes, can facilitate communication.

We, in this model, are solving these two issues.

1.3 Importance of Arabic Spelling Correction

The Arabic language commands considerable reverence and prestige within
the spectrum of linguistic discourse, especially since it is the language of the Holy
Quran. This research is of great importance because it employs machine learning
techniques that have never approached exaggerating tones, correcting linguistic
issues such as auditory and exaggerated tones, which both play a massive role in
making people communicate more transparently and forwardly. This correction
method will make it easier for Arabic learners to learn the language using systems

like optical character recognition (OCR) and automotive speech recognition (ASR).



1.4 Thesis Objectives

The objectives of this thesis are to check if we can employ a machine
learning technique suitable for correcting Arabic auditory and exaggeration
mistakes and if it is possible to use it to correct these mistakes with good results

automatically.

1.5 Thesis Questions

The questions of our thesis are going to answer:

e Can we obtain good results in correcting auditory and exaggerating mistakes
using ML techniques?

e Will our model obtain better results than related work?

1.6 Thesis Contribution

In our thesis, we are creating a model (to be detailed below) that will be
resolving the dialects mistakes Jordanians’ fall into, where each city or even
villages in a city has its own way of pronunciation, such as the people from some
villages in Irbid; whereas in modern standard Arabic (MSA) the correct form of
"L is "w sal" or some of the people of Amman they pronounce "< k=" as
"w,le", as for the exaggeration in a moment of a player scoring a goal, they would
exaggerate writing the name ",IWIWLes" instead of typing " les".

We are enforcing a new token-free character-level model called ByT5 to
adjust words from the wrong form to the right one, where we found that our model
was suitable to correct such type of mistakes with high rates of accuracy and low

rates of character error rate (CER).



1.7 Thesis Methodology

The methodology stages followed for our thesis are:

Studying and surveying different types of spelling mistakes correction systems
that are based on ML.

Gathering and preparing datasets to be used for the chosen ML model.
Studying and analyzing the dataset.

Testing and evaluating the model by using standard performance metrics such
as CER, and accuracy.

Improving and developing the model by keeping the edit process of the model
for better performance.

Documenting the work to present the outcome.

1.8 Thesis Outline

The rest of this thesis is structured as follows:

Chapter 2 (Literature Review) reviews the previous work where researchers
dealt with spelling and auditory correction for Arabic and other dialects.
Chapter 3 (Data) discusses datasets processing.

Chapter 4 (Machine Transcription Models) discusses the model used and the
coding steps in detail.

Chapter 5 (Experimental Setup and Results) explains how we assembled our
model and shows the results.

Chapter 6 (Conclusion and Future Work) provides the conclusions of our

work and ideas for future research.



Chapter Two: Literature Review

This chapter examines the recent models and techniques researchers created
to solve Arabic and other language lingual mistakes. Previously, most models
worked without ML techniques, but recently, ML has become more common,
especially BERT. For other languages' lingual errors, the transformer model is

already in use.

2.1 Arabic Spelling Mistakes Correction

The following are some approaches that were used to correct Arabic

spelling mistakes in general, not only machine learning techniques.

2.1.1 Machine Learning Approaches

Azmi et al. (2019) proposed a model that detects and corrects semantic or
context-sensitive spelling errors in the Arabic language. For the detection part they
proposed using stem n-gram (n = 1-3) and ploy word beside ML.: the results were
83.5% for precision and 99.2% for recall metric. As for the correction, an accuracy
of 98% accrued using the n-gram language model. Their model was performing
well even with a high percentage of error words, so they considered their model

suitable for post-OCR recognition of the Arabic language text.

Alkatib et al. (2020) developed a system for detecting and correcting
spelling and grammar errors at the word level, using a bidirectional long-short-term
memory (BiLSTM) mechanism along with word embedding. They used a corpus
that contained 15 million Arabic words, collected by them from varied text sources
and revised by specialists. Their system outperformed Microsoft Office 2013 and

Open Office Ayaspell 3.4, with an accuracy of 93.89%.



Al-Qaraghuli et al. (2021) tried fixing four types of soft spelling mistakes
in Arabic. Their paper suggested using Transformers to resolve the confusion
between different shapes of hamza, the shape of alef at the end of words, the
insertion and omission of alef after waw aljamaea, and to fix the confusion among
teh, teh marbuta and heh at the end of words. Using artificial errors for both training
and evaluation sets, on a percentage of 30% on the wiki-40b dataset and using the
Tashkeela dataset, they achieved an accuracy of 97.37% on correcting the artificial
errors that were injected into the test set and for the set that contains factual soft

spelling mistakes they achieved a CER of 0.86%.

Abandah et al. (2022) corrected some of the mistakes Arabs fall into while
writing in the Classical Arabic language. Their research suggested BiLSTM
network, and they’ve used it to correct spelling errors at the character level. This
matter was handled by treating it as a one-to-one sequence transcription matter with
a considerably light encoder-decoder architecture. BiLSTM training is done using
multiple approaches: transformed input and stochastic error injection. With an
injection rate of 40%, the best model they’ve come up with corrected 96.4% of the

real test set with a CER of 1.28%.

Laaroussi et al. (2022) proposed a method that is based on two systems, the
Viterbi algorithm, and a probabilistic model, where they combined both a distance
and an n-gram language model. Using an Arabic multipurpose corpus, the
probability model learned. This method has achieved a correction accuracy of
93.6% and they justify that percentage by the error that can be caused because of
the strong links between each word’s actual meaning and what it should be

depending on the context.



For Arabic documents’ detection and correcting, C. Zribi (2023) has
proposed a combination of three embedding techniques, FastText, SkipGram, and
BERT, -and named it “Easy” meta-embedding- these three techniques built a
system that checks the word’s semantic affinity depending on both the immediate
context and the closest context of the studied sentence. He has trained the system
on Arabic FastText, AraVec v 3.0, and AraBert v.1. This new combination has
resulted in a precision percentage of 91.2%, recall of 85.6%, and F-measure of
88.3%, which is noticeably better performance than each individual embedding

technique.

In the context of correcting Arabic spelling mistakes correction, (Hasan and
Abandah, 2023) have revealed a model that corrects seven different spelling
mistakes. This model is based on Transformers model and is implemented on two
different datasets, the wiki-40b/ar dataset, where they injected errors synthetically,
and according to the weights from this dataset results, they’ve implemented it on
their personally collected dataset which they called REALMS (uploaded to GitHub)
for both training and testing methods. The model they have proposed achieved the
result of 99.12% for accuracy, a CER of 1.14% on the wiki-40b/ar, and an accuracy

rate of 98.85% on REALMS dataset.

2.1.2 General Approaches

Shaalan et al. (2010) proposed a mechanism that implements a rule-based
edit distance algorithm. They first address the common error patterns that Arabic
learners fall into while typing and propose a two-layer spell-checking approach.
Then, they suggested an error detection mechanism that they would apply along
with Buckwalter’s Arabic morphological analyzer, all in favor of creating

something to detect the errors of spelling mistakes. As said, the suggested approach



is a rule-based approach to see the patterns of mistakes they fall into and use a
multi-filter mechanism to give the best results. Their system has achieved over 80%

in recall metrics and over 90% in precision metrics.

For the automatic correction of Arabic text shared task, Mubarak and
Darwish (2014) have proposed two models, correction models and punctuation
recovery models For the correction model, they have used a character-level model,
which is assisted by a language model (LM) to handle the letters’ insertion,
substitution, deletion and word merges and a case-specific model where LM also
handles the linguistic transformations specific types such as word as word splits

and word substitution, results of models shown below in TABLE 1.

Table 1. Mubarak and Darwish (2014) Metrics Results

The Method Precision Recall F-measure
QCRI-1 0.717 0.5686 0.6343
QCRI-2 0.6286 0.6032 0.6157
QCRI-3 0.6066 0.5928 0.5996

It is worth mentioning that QCRI-1 is character-level correction, case-based
correction, QCRI-2 is for case-based correction and statical punctuation recovery,
and the last raw which is QCRI-3 stands for case-based correction along with

statical punctuation recovery based on statical punctuation recovery.

For the punctuation recovery models, they used a statical word-based
system approach and an approach by (Lafferty et al., 2001) called conditional
random fields (CRF) sequence labeler. By implementing their models on the QALB
dataset (Zaghouani et al., 2014), they came up with the following results: For the
correction models, they found out that by combining the character-level model and

case-specific correction, they got the best results of 0.615 F-measure. In the



punctuation models, the results showed that the Stat model had an F-measure result

of 0.204, the same result the CRF model held.

The approach that AIAmri and Teahan (2019) proposed was to fix Dyslexic
Error by using the Prediction by Partial Matching (PPM) scheme for targeted text
compression, where the system predicts from the context what can be the word we
could replace instead of dyslexic one. The operations used in this system were
insertion, deletion, transposition, and substitution, also known as edit operations.
Compared with previous tools, their system achieved good results in terms of these
metrics, recall, precision, F1, and accuracy. They have achieved 43%, 89%, 58%,

and 81%, respectively.

2.2 Spelling Correction in Other Languages

A combination of the sequence-to-sequence model and the Bahdanau
Attention mechanism by Trandafili et al. (2019) was suggested to solve the spelling
mistakes in the Albanian language. The dataset with its three portions includes
several sentences as follows: The train set includes 718,812, the Test set has
143,717 sentences, and the Wikipedia dataset includes 95,812 sentences which sum
t0 958,116 in total. Where Wikipedia’s sentences are collected from numerous legal
documents, electronic books, and articles within Wikipedia. The measurement
method used for this model is accuracy and the accuracy percentage was 11.3%,
and they have mentioned that it is because of the random error injection and an

enhancement in the used Albanian dataset.

Ahmadzade and Malekzadeh (2021) proposed a sequence-to-sequence
model along with an attention mechanism for correcting Azerbaijani spelling

mistakes. The attention mechanism solves the problem of the final encoder’s state



10

because since the input is usually a long sentence in this proposed work, the encoder
can construct valuable information. This proposed model was trained on the 1200-
sentence dataset, which had both right and wrong words, and tested on 1000
misspelled words; after the testing, the scores were 75% F1 score, 0.90% for

distance one, and distance two scores were 96%.

Wang and Xie (2022) suggested an adversarial multi-task learning method
that uses Semantic detection to correct Chinese text. It focuses on improving the
modeling and detection capability of the character polysemy of the sentence
context, by applying both masked language and scoring language models as
adversarial learning tasks. As for the detection and correction technique, they’ve
applied a policy network along with a Monte Carlo tree search strategy, and their
experiment was performed on three datasets which, are Chinese Language
Understanding Evaluation Benchmark (CLUE), Chinese Grammatical Error
Diagnosis (CGED-2018), and their own dataset, Xuexi dataset Table 2. Shows the

results of the ablation results for both CLUE’s and Xuexi’s.

Table 2. Ablation and BLUE results (Wang & Xie, 2022).

Dataset Accuracy | Precision Recall F1Score | BELU
CLUE 62.9 45.0 44.9 43.3 0.629
CGED-2018 - - - - 0.643
Xuexi 61.1 44.3 43.1 41.9 0.738

Irani et al. (2022) introduced an automatic tool using a supervised deep
learning approach that gains from a conditional random field (CRF); this approach
has been used for both the Persian Language and Arabic Languages to help with
the detection and correction of spelling mistakes. The dataset they used contained

220,000 sentences in both Arabic and Persian languages, where Persian letters are
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the same as those in Arabic. While error injection, research have decided to follow
two methods, first was injecting 4 errors percent, and the second was one error
injection per sentence, the accuracy of implementing their approach was 60.26%

for 4 errors per sentence and 83.46% for 1 error per sentence.

Below in Table 3 is a simple comparison between the previous article’s

results.
Table 3. Summary of the Literature Review.
Author(s) Language Method Score
Shaalan et al Rule-based Edit
(2010) ' Arabic Distance Recall = 80%
Algorithm
Mubarak and Arabic Statical Word- Recall = 56%
Darwish (2014) Based System F1=63%
AlAmri and Arabic Prediction by Recall = 43%
Teahan (2019) Partial Matching F1=81%
Sequence-to- D1 =90%
Trandafili et al. Albanian sequence Model D2 =96%
(2019) and Bahdanau Accuracy =
Attention 11.3%
Azmi et al. (2019) Arabic nécgrl\;r[] Accuracy = 98%
Alkatib et al. . . Accuracy =
(2020) Arabic BiLSTM 93.89%
Al-Qaraghuli et : Acc: 97.37%
al. (2021) Arabic Transformers CER: 0.86%
Ahmadzade & Sesclu%r;%ec-éo-
Malekzadeh Azerbaijani A guer F1=75%
(2021) ttentlpn
Mechanism
. F1=90.7%
0,
Aba(nzd(;’;lzhzt)at al Arabic BILng 40% Accuracy = 96.4%
CER =1.28%
Laaroussi et al. Arabic Levenshtein Accuracy =
(2022) Distance 93.6%
Wang & Xie . . _ 0
(2022) Chinese BiLSTM F1=93.89%
. : BiLSTM — M0
Irani et al. (2022) Persian 4% & 1% EIR Accuracy = 60%
- . Recall = 85.6%
C. Zribi (2023) Arabic BERT F.= 88.3%
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2.3 Arabic Spelling Mistakes Datasets

There was a huge lack of datasets that contained diverse Arabic Errors for
researchers and developers to use until (Aichaoui et al., 2022) gathered a corpus of
almost 1 million words where they gathered the errors from both old and new
newspapers and libraries. These errors fall into multiple categories: the addition or
multiplication of a character, the error of deleting a character, the replacement of a
character, the wrong order of characters in a word, the phonetic errors, the wrong
recognition of a character when handwriting, the error people falls into while typing
on a keyboard and mistakenly swap the meant character with a neighbor one, the
error of spacing between characters while typing on a keyboard, and the errors of

morular changing certain characters depending on their culture.
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Chapter Three: Datasets

This chapter presents the datasets used to train and test our model. We
explain how we downloaded/collected them and prepared them. Eventually, we

analyzed them.

3.1 Introduction

Our thesis used two datasets, wiki-40b/ar (a part of wiki-40b) and
TestSets200 (TestAud200 & TestExg200), detailed below.

The wiki40b is a big collection of data collected in more than 40 languages
and 40 billion characters, where it is free of errors; as the name indicates, it is from

Wikipedia’s articles (Al-Rfou et al., 2020).

TestSets200 is the most authentic way to collect real-life data by getting it
directly from the source, so the method used in our thesis is collecting data from
some internet platforms, such as Facebook, Twitter, and LinkedIn. This data set has
200 examples: 200 for the auditory errors and 200 for the exaggeration errors.

The letters focused on in auditory errors are eight, shown in

Table 4. With their Unicode Names and the correct letter opposite to it.

Table 4. Letters of Auditory Errors

The Lettfar n Unicode Name The Error Unicode name
Arabic
< heh < teh
3 thal J zain
o dad 2 dal
L zah o= dad
k tah < teh
3 gaf j alef with hamza above
o= sad o seen
E the marbuta - heh
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3.2 wiki40b

The version used in our model is the Arabic version of Wiki-40b, wiki-
40b/ar split into three parts: a train set with 220,885 examples, a test set with 12,271

examples, and a validation set with 12,271 examples.
3.2.1 Collection

The wiki-40b was imported directly online data on TensorFlow, in the

table below Table 5 are some examples.

Table 5. Examples from wiki-40b/ar.

Index Text Set
Al Tl gaal Chans ) Canlll aladian) Cainll Jilall Ao 5 Juady )
1 4 (e s Ly Lol e Train Set
el Gy il ghadall s yed g Al 5 )
2 ¥l ple s bl G N 2| Train Set
R )
3| Al 00 Jm p) (i) 58 e e i s gy | VAICEON
. ‘ aalaall ol A<= | Validation
slaa ¥l i 5 & 8 Leiagd AS pme aal (A Set
Aalice LA lisal) adad cCainiy yedl dulad dda I € jaia
5 LA laal) adad 5 el Al J. Prue Test Set
sl ke 570
1 530 L€ cculilana S oAl s SIA anle canl
6 CrOAS i€ eulilana 8 anany bl o a8l JS" e S0 Test Set
354000

3.2.2 Preparation

A. In this step, we are performing a set of steps to prepare the data after
the collection process, the steps followed are:
e Clean the set off any impurities, such as empty rows.
e Edit the wiki40b/ar to a more convenient dataset for my model.
e Inject errors, either the auditory or the exaggeration errors into the

clean text in wiki40b/ar dataset.
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B. The cleaning process differs from one dataset to another. Still, in our
case, when we downloaded the wiki40b/ar, we found that in each paragraph, there
were empty lines, which wasn’t very efficient since we were trying to reduce the
massive size of wiki40 as much as we could. That’s why we removed the line using
a Python code on google.colab environment. From the validation folder, only
155,300 lines were removed and became 71,447 lines (an almost 54% decrease).

C. wiki40b/ar offers the dataset already divided into three parts, the
training portion, the evaluation portion, and the test portion, where each one will
be used in the model to accomplish the needed process according to its name.

D. The cleaning process differs from one dataset to another, but in our case,
when we downloaded the wiki40b/ar we found that in each paragraph, there were
empty lines, which wasn’t very efficient since we were trying to reduce the massive
size of wiki40 as much as we could, that’s why we have removed the line using a
certain code, where from the validation folder only there was 155,300 lines and
became 71,447 lines (almost 54% decrease). As for the dataset we have gathered,
while gathering it, we tried our best to take the cleanest version of it from the
beginning.

E. The test set was cropped to 5,000 lines, and then, for the exaggeration
line of code, the set was edited to have ten words per line for a more efficient

evaluation.

3.2.3 Error Injection Rate

This process is one of the key steps in our thesis, where we must perform
stochastic error injection with different error injection rates and see which one gives

us a better result comparing to previous papers published with the same spelling
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mistakes or similar ones, depending on certain measuring metrices. We used two
lines of code, one for the letters people usually replace according to their dialect
and the second for the letter duplication for most of the Arabian letters caused by
exaggerated tones. In the first line of code, which is the auditory error correction,
we are following the error injection rates 25% error injection rate (EIR), 50% EIR,
75% EIR, and 100% EIR for the auditory errors, but as for the exaggeration errors,
these percentages are not suitable because the duplicated letters are frequently used
and impossible to be used with high percentages, hence the EIRs are lower, where

the rates injected are 5%, 10%, 15,% and 20%.

3.3 Test Sets

The set was collected manually with real-life errors from social media
platforms, such as Facebook and Twitter, aka X nowadays, and LinkedIn and

Mawdoo3 websites.

3.3.1 Introduction

Since correcting auditory and exaggerated spelling mistakes is our research
problem, a dataset containing these spelling errors must exist.

The most authentic way to collect real-life data is getting the data directly
from the source, so the method used in our thesis is collecting data from some social
media platforms, Facebook, and Twitter, to be precise. Another way was from
Linked In, just to prove that the rate of spelling mistakes in social media platforms

is significantly higher than in official internet platforms.
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3.3.2 Collection

Data was collected from different account fields. The data was in the form
of tweets, which are sentences or short paragraphs—not more because Twitter’s
character count is 280 per tweet—written by different public account owners.

The collection process took seven days, due to the aim of having a diverse

error for both spelling mistakes type. The quantity of this data was small, but the

main aim was to test the code on real-life examples, as shown in

Table 6 and
Table 7.
Table 6. Examples from TestAud200.

Example Error Corrected Channel
lalall OIS HLE (e il Elalall ezl Twitter
lall Ja ¢ L5 Al 2Y) o g oal Facebook

A pgaa b S 53y g4 Y Cige g b Facebook
Jad) ) Al guii 5 S8 Ll (300 Ja (3l (Bdal Facebook
e gia s cilend M il < &l Facebook

Table 7. Examples from TestExg200.
Example MSA Error | Corrected | Channel
& g ale Ian J) ) 2 g ale laa Jl gl
il > Jd Hsele b didl oy Jisall | Facebook
s s
1 i€ @ i Ul .
- ysale | 588 @ yi g3 Ul
L ) 385 (55955l Cssle )Mis L.::J O Ossssle Osile Facebook
44 M DL
o s
Al allall gl Uy 5l ] G e L
e iy
Lifls (o 53 L olSall : .

Ve Jad s Ui 85l plSall | gy 05mal | Inst
efﬁg 5 s Ll S 5 JaY Ui, | saa nstagram
Gl i Mg gggsmaal | 1 7T 7 T

A | A g (L) g
A 55500 3l laall e saa 81kl Ac 55 gme de sue | Facebook
Dl o laad lia 0 Laad BrllIEsy il Instagram
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3.4 Datasets Analysis

As for wiki-40b/ar datasets, below is Table 8, are some characteristics.

Table 8. Comparison between used Datasets

wiki-40b/ar
Criterion
Training Validation Test
Size 278MB ~40MB 39MB
Sequence count 514,799 71,447 71,092
Word count 27,405,965 3,889,671 3,854,820
Word Per Sequence 53.24 54.44 54.22
Letters per Word 4.89 4.90 4.91
Sequence < 300 372,875 51,425 51,399
chars
Character count 134M 19M 70K
Maximum Sequence 47,638 20,914 30,887
Length

In Table 9 and Table 10, a new column labeled "Train for Evaluation (Eval)

Subset" has been introduced, derived from the Train Set for the purpose of

evaluating metrics. This subset was created due to the large size of the Train Set,

ensuring compatibility with our TensorFlow evaluation model.

Table 9. Auditory and Exaggeration Model Datasets Comparison

wiki-40b/ar (Edited to Suit My Model)
oo Train for ot
Criterion | . <. |  Eval Validatio | L o, |TeStAud200 | TestExg200
n Set
Subset
Size 20MB | 2.07MB | 205MB | 1.03MB | 10KB 10KB
Sequence | g 409 | 4000 4,000 2000 200 200
count
Word | 1978.2 | 507,115 | 202,846 | 100,459 | 1258 | 1,300
count 46
Word Per 50.75 51.77 50.7 50.2 6.26 6.5
Sequence
Letters 4.84 4.79 4.84 4.90 4.36 4.42
per Word
Character | 11,556, 19M 1,185,49 592.834 6564 6648
count 221 4
Max
Sequence | 300 300 300 300 200 200
length




As for the errors we are fixing, here are some statistics about the characters

20

in Table 10.
Table 10. Dataset characteristics.

The Character in data Percentage in data

Character Trainset |  Testset Trainset | Testset
The Auditory Letters

& 135,302 6,669 0.68% 0.71%

2 114,115 5,464 0.58% 0.58%

U= 119,809 5,744 0.61% 0.61%

L 40,801 2,033 0.21% 0.22%

L 189,430 8,433 0.96% 0.89%

A 394,620 18,264 1.99% 1.94%

o= 174,805 8,247 0.88% 0.88%

5 676,029 31,828 3.42% 3.38%
Total 1,844,911 86,682 9.32% 9.20%

The Exaggeration Letters
\ 2,879,548 136,296 14.55% 14.46%
s 1,102,655 53,379 5.57% 5.66%
S 15,721,99 75,776 7.95% 8.04%
Total 5,554,402 265,451 28.07% 28.17%
All Characters 45,249,246 2,159,629 -
Thecount |19 767 629 942,321 :
without spaces
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Chapter Four: Machine Transcription Model

In this chapter, we will be presenting the chain of AI’s NLP and how it

developed until the scientist reached ByT5.
4.1 Machine Transcription

In NLP, a lot of models are proposed to solve various language issues; one
of the models is Machine Transcription (MT), which is used to translate the slang
language to MSA. As known, slang has no specific dictionary because of the
diverse ways a human can either pronounce a word then write it accordingly, hence,
this process of correcting slang to MSA is considered challenging. That’s why
researchers have been proposing many solutions in ML to train models where it can
correct the slang to MSA with the highest rate of accuracy.

Despite these challenges, MT systems can still be trained to translate slang
to MSA by incorporating a large amount of training data that includes slang
expressions and their corresponding MSA translations. Additionally, domain-
specific models and customized training data can be used to improve the accuracy
of the translations for specific applications, such as translating social media posts
or chat messages. However, it's important to note that even with the best MT
systems, there may still be errors or inaccuracies in the translations, particularly

when dealing with informal language such as slang.

4.2RNN and LSTM

Recurrent neural network (RNN) is a simple system and is a Neural
Network (NN)’s general class that includes Long-Short Term Memory (LSTM),

(Hamza, 2019).
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4.3.1 RNN

The concept of RNN is shown in Figure 1 below. It can process sequential
data well and create hidden states (h,) for each inserted sequence (x;), where the
(h;) is again used at the step after to create an output (¥,), the following equation
will clarify the process.

hy = gWhyx x¢ + Wy he_q + bp)
Ve = g(Wyh h; + by)

h; is the hidden state at time ¢

X, is the input at time ¢t

y: is the output at time t

h;_ is the hidden state at time t — 1
b is bias parameter.

W is the weight parameter.

g is the activation function (Rumelhart et al., 1986).

Unfold

v - (| . | hﬂ !7\ - 17\ = !v‘--

Figure 1. RNN’s Structure (Srinivasan, 2023).
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43.2LSTM

As for the LSTM network, it’s one type of RNN, and it is created to address
the problem of vanishing gradients, where it is designed to maintain the hidden
states for the exact previous steps -etc. epoch- (Hamza, 2019). An updated version
of LSTM is Bidirectional LSTM (BILSTM), from the name itself, it processes the
sequence from both directions, forward and backward (Schuster and Paliwal,

1997), leading to an improved performance shown below in Figure 2.

B-ORG 0 B-MISC O

forward

backward

EU rejects German call
Figure 2. BIiLSTM network (Huang et al., 2015)

4.3Transformers

Vaswani et al. (2017), have introduced Transformers, shown in Figure 3, to
solve the issues of language models and MT, where they called their paper
“Attention Is All You Need” in preference to the attention mechanism that relates
to multiple positions of one single sequence to calculate a representation of the
sequence. The self-attention method has proved its efficiency in various tasks,
which is why they have reused it to create transformers, but in their proposition,

they are the first to rely entirely on it.
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Qutput
Prababilities
Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

f

/ Decoder-encoder attention:

target token looks at the source

. gueries - from decoder states; keys
and values f.'fJ T encoder states

Feed-forward network:

after taking information from
other tokens, take a moment to

think and process this information

f

Multi-Head
Attention

Add & Norm

Encoder self-attention: Sl
Multi-Head Multi-Head - i :
tokens look at each other Attention Attention Decoder self attemlor' (masked):
) T F 1 ) tokens look at the previous tokens
k.]L.liEI |e3+\eys wa\ue: N = o queries, keys, values omputed
are computed from Positional Positional e e
e e et : ] { : from decoder states
encoder states Encoding Encoding
Input Output
[ Emibedding [ Embedding
Inputs Qutputs
(shifted right)

Figure 3. An overview of Transformers Architecture (Chew, 2023).
4.3.1 Embedding

In transformers, the embedding layer is where the input words are first
processed, for the raw words get converted into vectors of size d. In NLP, it’s a
common process to embed the word from a discrete version to a continuous space
of real numbers, which in a normal case of language translation model, every single
embedded word corresponds to a certain recurrent neural network (RNN)/ long-
short term memory (LSTM)/ gated recurrent unit (GRU) cell, here is Figure 4, to a

simple example of text embedding.
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that is good

melon cat is melon Ci
good that good

W LW W

~ | 7

012 | -0.1 | 041
Sentence | Sequence
; 0.26 | 0.79 | -0.29 ! Gimension
Embedding L
0.94 | 0.01 | 0.07

embedding

0.

=
N

dimensicn

Figure 4. Flow-graph of Sentence Embedding (Phung, 2021).
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4.3.2 Encoder/Decoder

As for the model of Transformers, as shown in Figure 3, it includes encoder
and decoder stacks, attention, position-wise feed-forward networks, embedding and
SoftMax, and positional encoding. In the following part we are explaining the
model by detailing the previous components. Let us first mention TensorFlow,
which is an open-source software made by google as a deep learning (DL) open-
source library that uses data flow graphs as the computational procedures. In some
cases, when TensorFlow can’t process a specific code, for multiple reasons such as
weak development processing certain applications, colab.google diverts the process
to be resolved by Keras, which takes the computational graph in a simpler way
compared to other frameworks. Both the encoder and decoder are simply shown in
Figure 5 below, where the hidden state are all the Neural Network processes are

made.

. Hidden state

Figure 5. Transformers Encoder/Decoder (Fiagbor, 2023).
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4.3.2.1 Encoder

The encoder in the transformers model is created using the concept of a
layer, with six identical layers, each containing two sublayers. The first sublayer
contains the multi-head self-attention mechanism, and the second sublayer is a

position-wise connected feed-forward network.

4.3.2.2 Decoder

The decoder also contains 6 identical layers, each having the same as the
encoder’s sublayers. Still, in addition to the first two, there is a third sublayer that

executes the multi-head attention over the output of the decoder stack of layers.

4.4.3 Self-Attention

As for the self-attention operation, it’s well known that the architecture of
Transformers is based on learning the correlations between the input segments
utilizing the dot product. When {x,;}"—,,x € R% where n is a set of words in a
sequence, and 4 represents vector x; ‘s position, the word’s position in the
sentence’s sequence. Here comes the definition self-attention, which is the

weighted dot product of vectors x; with one another.

Self-attention is divided into two processes, where step one calculates a
normalized dot product between all vector’s pairs in the given input sequence, and

step two is finding a new representation of x; called z;,which holds the summed
weight of all {xj}:=1 input segments, where j < n. So, the result of vector z; is like

the input x; with the highest attention weight, <, ;. Below is Figure 6, that shows

the self-attentions more clearly.
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g SOftmax ,dim=—1

Va

i o | | |
v
}

HHHHHHEH )
NTNTNTNTNT N7

quic! brown fox jumps over the lazy ___

Input: X € RN*dx [ Dense Layer | s Output: ¥ & R

Figure 6. Self-Attention Architecture in Transformers
(Sharma, 2023).

4.4.4 Feed Forward.

Feedforward (FF) layer is a layer connected directly with the residual
connections and the layers of normalization within the encoder and decoder blocks.
This layer includes two linear layers, which also contains an activation function
called Rectified Linear Unit (ReLU), ReLU’s function is to output the positive input
and set the negative one as a zero output, below shown Figure 7, for a clear concept

of FF.
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Hidden
layer

Input

Output
layer

[nputs
Outputs

Figure 7. Feedforward’s basic concept (Vaswani et al., 2017).

4.4.5 SoftMax
SoftMax is an activation function that holds the highest relative
probability score for a certain classification, calculated in the following formula:

eyi

SO0 = | =—
IiV:1 e

Since it is extremely important to incorporate the order of the sequence in
sequential data processing, transformers implement the concept of positional
encoding to add the information of the input’s position, then process the modified
input parallelly, this way it dodges the challenges of the data being processed
sequentially. This technique uses the calculation of n PE vectors (p € R%),

adding the previous vectors to the input {x;}7-, .
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4.5 Pre-Trained Transformers Models

Pre-trained transformers models are the core of modern NLP, where it
enhances the transformers architecture and is very effective in various tasks such
as summarization, translation etc. Here are some models of pre-trained

transformers:

4.5.1 Bidirectional Encoder Representative BERT

Bidirectional Encoder Representative from Transformers (BERT) is a
recent state-of-the-art NLP method, which is a stack of multiple encoders of
transformers. It was considered the best in all various NLP tasks such as questions
answering (QA), natural language understanding, sentiment analysis, and language
inference (Ghojogh et al. 2020). A version of BERT called AraBERT was created
for the Arabic language and has been used for the previous NLP tasks too as shown
below Figure 8, explaining an example of where AraBERT is located when using

sentiment analysis in NLP.

| Offensive Speech Hate Speech Dense

Dense Layer Layer

\/

- ™

AraBERT

?

Preprocessing

*

3 LSl Sl La e

Genl Latd e dud e
Figure 8. Sentiment Analysis using AraBERT
(Djandji et al., 2020).
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4.5.2 Text-to-Text Transformer (T5)

T5 is an architecture of language model developed by google Al languages
(Roberts et al., 2020), which is built on the transformer architecture, and it masters
the NLP tasks processing. In our thesis we are using the NLP task, machine
translation. Machine Translation is usually defined as the process of translating
from one language to another, but having a text influenced by dialects and

correcting it to MSA falls into this category too.

As the architecture’s name indicates, in Text-to-Text, the input is a text, and
the output is produced as a new text, as shown in Figure 9, which is inspired by
NLP tasks, but in T5, they have developed it to be easier to implement where for
instance the fine-tuning can be implemented individually on each task. While
developing Transformer and creating T5, they were considered implementing
models that directly process the input with an encoder and the output with a
different decoder and chose transfer learning instead of zero-shot learning. They

have also adopted generative tasks like MT and abstractive summarization.

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

"cola sentence: The
course is jumping well."

"Das ist gqut.”
"not acceptable"

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

on the grass. sentence2: A rhino

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

dispatched emergency crews tuesday to
survey the damage after an onslaught
of severe weather in mississippi..”

[; "summarize: state authorities

Figure 9. Diagram of Text-to-Text Framework (Raffel et al., 2020).
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453 mT5

mT5 is a multilingual variant of Text-to-Text Transformers (T5) pre-trained
on a data set covering 101 languages. mT5 inherits many of T5’s benefits, such as
its scale, design based on visions from a large-scale tentative study, and general-
purpose text-to-text format. mT5 was trained on a dataset called mC4, which
compares text drawn from a public web scrape called Common Crawl. mT5 is
based on the T5 recipe “T5.1.17, in which the T5 version is improved using GeGLU
nonlinearities. To validate how this model is efficient, researchers evaluated the
model on the following tasks: XNLI, which covers 14 languages; XQUAD, which
covers ten languages; MLQA, which covers seven languages; and TyDi and QA,
which covers 11 languages. The mT5 model was pre-trained on 1 million steps on
batches of 1024 input sequences, corresponding to a total of about 1 trillion input

tokens.

4.6 ByT5

ByT5 was created as a branch of T5 and it’s competitive with a sub-word-
level baseline. The architecture of ByT5 is very close to mT5 with some
differences, such as token-free models, and embeddings. The following Figure

shows an example of concepts for mT5 and ByT5 in Figure 10.
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In Japan cloisonné enamels are known as shippa-yaki (= §).

UTF-8 ByT5

Encode \

731103274 97 112 97 110 32 99 108 111 105 115 111 110 110 195 169 32 101 110 97
109 101 108 115 32 97 114 101 32 107 110 111 119 110 32 97 115 32 115 104 105 112
112197 141 45121 97 107 105 32 40 228 184 131 229 174 157 231 132 188 41 46

In Japan cloisonné,é, enamels are known a
s shippo,6,-yaki (£, €, t,F, =,%, 5, 5, 5,).

mT5

Pre-trained
SentencePiece
Model

563 9466 42452 48805 1220 29171 9617 418 259 15965
527 150911 4370 264 129213 274 15390 9913 43105 483

_In_Japan cloisonné enamels are
known _as _shipp &-yaki_(t = ).

Inputs Targets Inputs Targets

_In_Japan _cloison (X} (X} né _enam els In Japan clois{X)e (X)onné,é, enamel
_are _known _as _shipp d (YY) E8). D known as shippd,d, s ar(Y)t,t, %, &,
-yaki (£ (Y -yaki (£,¢Y) ) AD
Light Decoder
Encoder Decoder Heavy
Encoder

Figure 10. Pretrained Example on mT5 and ByT5’s Model Concept

(Raffel et al., 2020).

Token-free models that operate directly on the raw text, such as bytes or
characters, have different benefits; where they can process languages considered
“out of the box,” they minimize the technical weight by removing complexity and
the error-prone text processing pipelines. They are also very robust to noise. That’s
why researchers took a model from Transformers and modified it as minimally as
possible to process byte sequences. Then, they showed that the byte-level models
are more robust to noise than token-level models and perform way better on spelling

and pronunciation-sensitive tasks.

Models with fixed vocabulary usually complicate the adaptation to new
terminology and new languages, but token-free models, by definition, can process
any text sequence. There are a few drawbacks in byte-level models, but the main
one is that byte sequence tends to be way longer than token sequences. Still,

character-byte-level models have learned ways to process long sequences using
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convolutions with pooling or adaptive computation time. As for the embeddings,

byte-level models require 256 embeddings.

Below, specifying the architecture of ByT5 for each of the sizes: small,

base, large, XL and XXL in Table 11.

Table 11. Comparison Between Byt5 Sizes (Xue et al., 2022).

Size

Vocab Aimodet/dff Encoder/Decoder
Small 0.3% 1472/3584 12/4
Base 0.1% 1536/3968 18/12
Large 0.06% 1536/3840 36/12
XL 0.04% 2560/6720 36/12
XXL 0.02% 4672/12352 36/12

4.6.1 Byt5and mT5 comparison

Even though byT5 is a better and more enhanced version of T5 (an

architecture designed to handle the NLP tasks), both byT5 and mT5 are encoder-

decoder-based transformer models, which google Al models generate. Below is

Table 12, that compares between the byT5 and mT5 models.

Table 12. Comparison between byT5 and mT5.

Characteristics

mT5

byT5

Tokenization

SentencePiece subword

UTF-8

Pre-Training Objective

Group of tokens masking

Masking on byte-level

Architecture layout

Equal depth of Enc./Dec.

Arch.: Encoder-heavy

Data Efficiency

More pre-trained data
that byT5

Less pre-trained data,
same performance as
mT5

Noise Robustness

Great tolerance to inputs
that are noisy or
corrupted.

Strengths

Large tasks: High acc.

Small size: More efficient

Weaknesses

Low efficiency @ small

Expensive on large seq.

Use Cases

Perfect for large-scaled

Ideal for limited training

From this comparison we are assured that byT5 is more suitable to our

model especially that our training data is limited.
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Chapter Five: Experimental Setup and Results

This chapter details the environment used to run our code, presents the
results we have achieved from testing on collected datasets, and discusses the

results compared to previous ones.

5.1 Experimental Environment

Our entire model ran on colab.google hosts the Jupyter Notebook service
with no required setup. They are using the runtime specified to colab.google, TPU,
which is quicker to work than GPUs, the model works smoothly (Bisong, 2019),
specifications mentioned in Table 13.

As for the storage of the data, for the wiki40b/ar, we have done nine folders,
three for training, three for validation, and three for testing, with sizes that vary
from eighty thousand kilobytes to one and a half gigabytes. As for the small dataset
we have gathered manually, it is twenty-seven kilobytes. The storage of the data
was on both Google Drive and Google Cloud bucket (smadi2456) where we have
created an account there for more storage, TPU’s, Google Compute Engine Virtual

Machine (GCE VM).

Table 13. Experimental Platform Specifications.

Aspects Specifications
Environment Google Colab Pro.
Designed by Google, TPU version 3 that
TPU contains two systolic arrays (128*128 ALUs),
a single processor, and a single board
comniitor
Memory 35.24 GB
0S Linux 5.15.120+

Libraries Eager 0.0.1, Jaxlibrary 0.4.20, keras 2.12.0,
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5.2 Evaluation Metrics

To assess how well our model performed, evaluate our model’s outputs, and
see how good the predicted output is, we use metrics. These metrics are Accuracy,

and CER.
5.2.1 Accuracy

Since spelling correction is considered a classification task, there is a sure
way to produce predictions by this model, and there are four: true positive (TP),
true negative (TN), false positive (FP), and false negative (FN). When the case is
that a letter x is predicted to be as letter x, this is classified as TP prediction, but
when a letter is not x and expected not to be a letter X, that is FP prediction; when
a letter x is mistakenly predicted to a letter x, this is FP, and when a letter x is
expected to something other than the letter x, then this is classified as a FN

prediction.

The calculation of accuracy is calculated using the following equation:

TP+TN
TP+TN+ FP +FN

Accuracy =
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5.22 CER

Character Error Rate (CER) calculates the ratio of the wrong characters in

the text. Using the following equation, the ratio is extracted:

S+D+1
N

CER =

Putting into consideration that S is the number of substitutions,
D is for the number of deletions.

| is for the number of insertions,

N is for the number of characters in the target sequence.

The lower the results of CER, the better the performance of model is.
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5.3 ByT5 Model Used

The size used in our model is small; we chose it not only because the
datasets used are relatively small but also because it has been shown that the smaller
the model of ByT5 is, the better the results are (Xue et al., 2022). Below are
Byt5/small characteristics in Table 14.

Table 14. Byt5/Small Characteristics.

Size Byt5/Small
Vocab 0.3%
dmodel 1472
der 3584
Encoder/Decoder 12/4
CER 9.8

5.4 Experiments

Our model’s experiment was conducted with different variables that have

changed through the entire process, such as:

e Change of Error Injection Rate.

e Change of Finetune (Training) number of steps, we choose how
many steps we want the system to train our model on. And according
to the results we see what the best number of steps is to have the best
results. It is not conditional that the more steps we train on, the better
the result is. In fact, the model can be over trained and might affect
the result negatively.

e Change of Testing Datasets Used.
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5.5 Hyperparameters

Our model’s primary hyperparameters include:

Batch Size: This parameter denotes the number of samples processed before
weight updates take place. Although values of 256 or more are common, larger
batches might show decreasing performance enhancement benefits. We decided
that the suitable batch size is 256 for our model, which is the standard for the
small-byT5.

Maximum Sequence Length: sets the boundary for the number of tokens
allowed in a sample. This restriction is influenced by two main factors: the time
complexity of the transformer model and the byte-level granularity of our
model, which necessitates more tokens to represent text compared to models
operating at the word level. As a result, the ByT5 model imposes a limit of 1024
tokens for the maximum sequence length. The sequence per line was set to 300
in our model.

Learning Rate: The learning rate set for this model is 0.003; this LR is set
according to the researcher’s (Al-Rfooh et al., 2022), where the paper shows
that this learning rate produces the best results for CER.

Optimizer: Adafactor serves as the primary optimizer utilized in pre-trained
models, employing the Adafactor algorithm. This optimizer offers a method to
automatically adjust learning rates according to parameter size and

demonstrates effective performance across a range of models.
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5.6 Results

This is the step where we evaluate our model and show in the figures

below, the models’ performance according to our metrics.

5.6.1 The Auditory Errors Correction Model

This model corrected the auditory errors. The best accuracy result is 79.78%
on the EIR 75%. The best CER result on the test set of Wiki-40b is 0.07%, and for
the TestAud200 set, it is 1.13%.

We changed the EIRs four times with the EIRs mentioned previously: 25%,

50%, 75% and 100%.
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e The Results of the Auditory errors correction model to fix 25% EIR:

This part is to set the weights that we are evaluating the test sets on based

on accuracy metrics.

After comparing between the results on checkpoints upto 40k as shown in
Figure 11, we noticed that after 24k checkpoints, the results stabilized, and there
was no enhancement in accuracy for both the Train Set and Validation Set. Hence,

the following EIR's maximum checkpoints will be at the 24" checkpoint step.

Auditory Model Accuracy for 25% EIR

100%
90%
80% O
70%
60%
50%
40%
30%
20%
10%
0%
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40

= Train Set Validation Set

Checkpoint Step x1000

Figure 11. Accuracy Results for Auditory Model on 25% EIR.

Below is the value of CER according to the model’s evaluation on wiki-

40b/ar Test Set and our personal TestAud200:

Test Set evaluation on the 24" checkpoint step: CER: 0.07% and on the

TestAud200 evaluation on the 24th checkpoint step: CER: 1.91%.
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e The Results of the Auditory errors correction model to fix 50% EIR shown in

Figure 12:

Auditory model to fix 50% EIR on wiki40b/ar edited datasets.

Auditory Model Accuracy for 50% EIR

100%
90% —

80% // -
70%

60%

50%

40%

30%

20%

10% e Train Set == \/alidation Set

0%
0 2 4 6 8 10 12 14 16 18 20 22 24

Checkpoint Steps x1000

Figure 12. Accuracy Results for Auditory Model on 50% EIR.

According to the accuracy metric results, we noticed that this model's best
accuracy was at the 24th checkpoint step. So below is the value of CER according

to the model's evaluation on wiki-40b/ar Test Set and our personal TestAud200.

Test Set evaluation on the 24" checkpoint step: CER: 0.098% and on the

TestAud200 evaluation on the 24™ checkpoint step: CER: 1.44%.
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e The Results of the Auditory errors correction model to fix 75% EIR shown in

Figure 13:

Auditory model to fix 75% EIR on wiki40b/ar edited datasets.

Auditory Model Accuracy for 75% EIR
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Figure 13. Accuracy Results for Auditory Model on 75% EIR.

According to the results of the accuracy metric, we have noticed that the
24" checkpoint step had the best accuracy this model can get, so below is the value
of CER according to the model’s evaluation on wiki-40b/ar Test Set and our

personal TestAud200.

Test Set evaluation on the 24" checkpoint step: CER: 0.12% and on the

TestAud200 evaluation on the 24™ checkpoint step: CER: 1.13%.



45

e The Results of the Auditory errors correction model to fix 100% EIR shown

in Figure 14:

Auditory model to fix 100% EIR on wiki40b/ar edited datasets.

Auditory Model Accuracy for 100% EIR
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Figure 14. Accuracy Results for Auditory Model on 100% EIR.

According to the results of the accuracy metric, we have noticed that the
24" checkpoint step had the best accuracy this model can get, so below is the value
of CER according to the model’s evaluation on wiki-40b/ar Test Set and our

personal TestAud200.

Test Set evaluation on the 24" checkpoint step: CER: 0.14% and on the

TestAud200 evaluation on the 24th checkpoint step: CER: 1.25%.
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e The results of Test Set wiki on the Auditory errors correction model in Figure

15 and Figure 16 below:

CER Results for Wiki Test Set

0.16%
0.14%
0.14%
0.12%
0.12%
0.10%
0.10%
0.08% 0.07%
0.06%
0.04%
0.02%
0.00%

25% 50% 75% 100%

Error Injection Rate

Figure 15. CER Results for Auditory Model on wiki40b/ar Test Set.

CER results for TestAud200
2.50%

2.00% 1.91%

1.44%

1.50%
1.21% 1.25%

1.00%

0.50%

0.00%
25% 50% 75% 100%

Error Injection Rate

Figure 16. CER Results for Auditory Model on TestAud200.
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5.5.2 Exaggeration Errors Model Results

This model corrected the exaggeration errors. The accuracy result is 99.39%
for the EIR 15% and got the best CER score which is 0.38% .These results were
conducted on a sequence length of 810 since the errors injection is done by

duplicating letters here for the input, and 575 for the output.

We have changed the EIRs four times, with the EIR’s mentioned

previously: 5%, 10%, 15%, and 20%.

As previously set in the auditory errors correction model, the learning rate
set for this model is 0.003, this LR is set according to the researcher’s in (Al-Rfooh
et al., 2022) where the paper shows that this learning rate produces the best results

for CER.
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e The Results of the Exaggeration errors correction model to fix 5% EIR:

As for the exaggeration errors correction model, setting the model to run on

52,000 checkpoint steps (ckps). The results as shown in Figure 17. On a train batch

size of 256.
Exaggeration Model Accuracy for 5% EIR
100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
=@—Train ==@=\alidation
30.00%

2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

Checkpoint Step *1000

Figure 17. Accuracy Results for Exaggeration Model on 5% EIR.

Test Set evaluation on the 18k checkpoint step: CER: 0.19%, on the
TestExg200 evaluation on the 18k checkpoint step: CER: 0.98% and on the

TestExg200 evaluation on the 40k checkpoint step: CER: 0.52%.

After observing that the percentage of accuracy does not increase higher
than the 18" k step, we have decided that in the upcoming EIRs, we will be

conducting fine tuning until 24" k steps.
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e The Results of the Exaggeration errors correction model to fix 10% EIR:

As for the exaggeration errors correction model, setting the model to run

on 24,000 ckps. The results as shown in Figure 18.

Exaggeration Model Accuracy for 10% EIR
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2 4 6 8 10 12 14 16 18 20 22 24

Checkpoint Step *1000

Figure 18. Accuracy Results for Exaggeration Model on 10% EIR.

Test Set evaluation on the 20k checkpoint step: CER: 0.013% and on the

TestExg200 evaluation on the 20k checkpoint step: CER: 0.38%.
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e The Results of Exaggeration errors correction model to fix 15% EIR:
As for exaggeration errors correction model, setting the model to run on

24,000 ckps. The results as shown in Figure 19.

Exaggeration Model Accuracy for 15% EIR
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2 4 6 8 10 12 14 16 18 20 22 24
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Figure 19. Accuracy Results for Exaggeration Model on 15% EIR.

Test Set evaluation on the 22"k checkpoint step: CER: 0.75% and on the

TestExg200 evaluation on the 22"k checkpoint step: CER: 6.95%.
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e The Results of the Exaggeration errors correction model to fix 20% EIR:
As for the exaggeration errors correction model, setting the model to run

on 24,000 ckps. The results as shown in Figure 20.

Exaggeration Model Accuracy for 20% EIR
100.00% ) L 3

90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%

=@=Train ==@=\/alidation
20.00%

2 4 6 8 10 12 14 16 18 20 22 24

Checkpoint Step *1000

Figure 20. Accuracy Results for Exaggeration Model on 20% EIR.

Test Set evaluation on the 6"k checkpoint step: CER: 0.6% and on the

TestExg200 evaluation on the 6™k checkpoint step: CER: 0.58%.
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e The results of Test Set wiki on the Exaggeration errors correction model:

CER Results for Wiki Test Set
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Figure 21. CER Results for Exaggeration Model on wiki40b/ar Test Set.
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Figure 22. CER Results for Exaggeration Model on TestExg200.
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5.7 Model’s Fine-Tune and Prediction Timing

In our created model, we saved a checkpoint for the fine-tuning process
every 1000 steps. Each checkpoint took around 36 minutes for the model that
corrects auditory mistakes and 51 minutes for the model that corrects exaggeration
mistakes.

As for the prediction, for the auditory and exaggeration errors correction
model, checking the prediction process on the test sets takes 66 seconds, so for each

sequence, it takes 0.33 seconds.

5.8 Discussion

The model trained to correct auditory errors performed its best on the
EIR of 75%, with an accuracy score of 79.78% on the validation set and a
CER of 1.13% on TestAud200. After evaluating four different EIRs, we
noticed that there was not that big of a difference between the CER results,
whether the EIR was low or high. For the highest CER, the result was 1.91%
for the 25% EIR. We think the explanation for that is that byT5 is pre-trained
well, but these mistakes are new to it, and the more mistakes it has, the better

it learns from them.

The model trained to correct exaggeration errors on the other hand,
scored an accuracy of 99.78% on the validation set and a CER of 0.38% on

TestExg200 for an EIR of 10%.
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After conducting the previous results in 5.5.2 Exaggeration Errors Model
Results, we have adjusted the sequence length of the model from 810 to 900
hoping to have a less noisy and better results and achieved the following results in

Figure 23:

Exaggeration Model Accuracy for 15% EIR for SEQ=900
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Figure 23. Accuracy Results for Exaggeration Model on 15% EIR on
Sequence Length of 900.
Where the results of the test sets were as following:

Test Set evaluation on the 18thk checkpoint step: CER: 34.44% and the

TestExg200 evaluation on the 18thk checkpoint step: CER: 2.69%.

Considering previous results, this is insufficient. The rise in sequence length
for the exaggeration errors correction model will only result in higher CER scores,

which are not preferred in our model.
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After conducting the previous results in Accuracy Results for Auditory
Model on 75% EIR., we have changed the sequence count from 80,000 to 200,000
in the train dataset wiki-40b/ar in the fine-tune step hoping to have a better

accuracy, results in Figure 24.

Auditory Model Accuracy for 75% EIR for 200,000
Count Sequence

90%
80%
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50%
40%
30%
20%
10%

0%

== Train Set Validation Set

0 2 4 6 8 10

Checkpoint Steps x1000

Figure 24. Auditory Model Accuracy for 75% EIR for 200,000 Count
Sequence.

Comparing results of the 80,000-sequence count of the train dataset wiki-

40b/ar, we’ve noticed that it is less in accuracy from 2-3%.

5.9Related Work Comparison

Although we cannot directly compare our model to any previous model

because the models correct different types of spelling mistakes, data below in
Table 15, compared our model to some Arabic mistake correction models.

Al-Qaraghuli et al. (2021) tried fixing four types of soft spelling mistakes

in the Arabic Language. Their paper suggested using Transformers and on a
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percentage of 30% on the wiki-40b dataset and using Tashkeela dataset, they
achieved an accuracy of 97.37% achieved a CER of 0.86%. Using a TPU on
Kaggle, they needed 100 epochs, each epoch took 48 minutes, so for their model to

come up with these results, it needed 80 hours.

Abandah et al. (2022) using BiLSTM network, they corrected the errors of
spelling at the character level. They corrected 96.4% of the real test set with a low
character error rate of 1.28% on an EIR 40%. To reach these results, the model

needed 30 epochs, that needed 25 hours, where each epoch took 50 minutes.

Hasan and Abandah (2023) proposed model is to correct seven different
spelling mistakes. Based on Transformers model and using the wiki-40b/ar dataset,
and REALMS (their own new dataset uploaded to GitHub) they achieved the result
of 99.12% for accuracy and a CER of 1.14% on the wiki-40b/ar, and an accuracy
rate of 98.85% on REALMS dataset. These results were obtained after a training of
106 epoch, each epoch needed 19 minutes, so the system needed approximately 34

hours to come up with these results.

Our model studied the possibility of using Byt5 to correct two mistakes in
the Arabic language, auditory and exaggeration. Our auditory mistakes correction
model had several EIRs, but the best results was on the percentage 75 and achieved
an accuracy of 79.78%, and even though it not the best accuracy among the other
three papers, but the CER result of 1.13% overcomes Abandah et al. (2022) and
Hasan and Abandah (2023). As for our exaggeration mistakes correction model, the
best result was achieved on the EIR of 10%, where the accuracy reached 99.78%
and the CER was 0.38%, which is better than Al-Qaraghuli et al. (2021), Abandah

et al. (2022) and Hasan and Abandah (2023).
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As for the model timing, both our models overcame Al-Qaraghuli et al.
(2021), Abandah et al. (2022) and Hasan and Abandah (2023). Where our model
that fixes auditory errors took 14 hours, 44% better than least timing of these
papers is Abandah et al. (2022), for 25 hours. As for our model that fixes
exaggeration errors, it took 17 hours which is 32% better than Abandah et al.
(2022).

Table 15. A Comparison Between our Model and Multiple Published

Research.
Author(s) & Data Set
Method Used EIR Results
Al-Qaraghuli et al. (2021), wiki-40b & 30% Acc: 97.37%
Transformers Tashkeela ° CER: 0.86%
Tashkeela &
Abandah et al. (2022), Arabic 40% Acc: 96.4%
BiLSTM Treebank CER: 1.28%
Part3
Hasan & Abandah (2023), 0 Acc: 99.12%
Transformer REALMS 30% CER: 1.124%
Our Model That Fixes o o Acc: 79.78%
Auditory Errors wiki-40b 5% CER: 1.13%
Our Model That Fixes o o Acc: 99.78%
Exaggeration Errors wiki-40b 10% CER: 0.38%
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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

The power of transformers models has been proven especially in the NLP
field in the last couple of years. While the world is taking more interest in correcting
spelling mistakes, which is a component of NLP, transformers have improved
significantly over LSTM models and other models in the correction process.

In this master’s thesis, we have studied the ML approach and chose Byt5,
introduced by google’s research team, to correct two spelling mistakes: the auditory
mistakes -the replacing technique of a letter with another for the reason of an accent
influence- and the exaggeration mistakes -which is the duplication technique of a
letter due the influence of a certain feeling like excitement- by converting the text
to a correct MSA.

Previously, no one used the model we have used which is based on the byte-
level models and are more robust to noise than token-level models and perform way
better on spelling and pronunciation-sensitive tasks.

In our model we used wiki-40b/ar for both finetuning and evaluation and
our personal TestSets200 for the testing process to register our results. These
datasets were used for auditory and exaggeration models.

Even though it is not possible to compare our model with previous models
because of different error types and error injection rates, we have compared our

model to some Arabic mistake correction models.
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In conclusion, our auditory errors correction model can fix artificial errors
with a 79.78% accuracy, 1.13% CER and our exaggeration errors model can fix

with an accuracy of 99.78%, 0.38% CER.

6.2 Challenges
The challenges we faced during our thesis process are:

e Lack of knowledge of Al and NLP. When we first started working on our
thesis, we had zero knowledge of Al and its types, so it took us time to
educate ourselves and be able to work with it.

e Our knowledge of Python and TensorFlow was also poor.

e The environment we worked in (google.colab) offered a costly TPU (we
paid monthly from 10$-803).

e The storage environment was also online and owned by google, and it
expired every 90 days. So, more experiments meant more time to create new

google Cloud Consoles and buckets.

6.3 Future Work

Researchers can try using the emerging newer large language models such
as GPT and LLaMA. They can insert in the training process more datasets collected

from social media on a wider range.
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