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ABSTRACT

Spelling mistakes constitute a common problem for the Arabic language.
Several techniques have been used to solve this problem such as confusion matrices,
language models, and neural networks. In recent years, a neural network type called the
transformer has been introduced as a machine translation model. Since then, the
transformer and its variants has become a very popular solution for most of the natural
language processing (NLP) tasks.

In this thesis, we use the transformer to correct four types of Arabic soft spelling
mistakes, namely, confusion among various shapes of hamza, shapes of alef at the end
of the word, insertion and omission of alef after waw aljamaea, and confusion among
teh, teh marbuta, and heh at the end of the word.

We used artificial errors for training and evaluation. These errors were
generated using an approach called stochastic error injection. We used Wiki-40B and
Tashkeela datasets for training and evaluation, and Test200 dataset to report our results.
We produced two transformer models: a Wiki model and a Tashkeela model.

We used three configurations and five error injection rates. The best model is
the one that is trained on Wiki-40B set at 90 % error injection rate using 4-layer
configuration. The model can correct 97.37% of the artificial errors that are injected
into the test set, and achieves a character error rate (CER) of 0.86% on a set that
contains real soft spelling mistakes. This error rate is 32.8% lower than the best
previous reported results using bidirectional long short-term memory (BiLSTM)
networks.



Chapter 1

Introduction

Arabic is the fifth most spoken language in the world, with more than 400
million speakers (UNESCO, 2019). Similar to other languages, spelling mistakes are a
common issue in Arabic. These mistakes happen due to many reasons that will be
explained shortly. Therefore, we aim in this thesis to correct some of these mistakes
that are called soft spelling mistakes, namely, confusion among various shapes of
hamza, shapes of alef at the end of the word, insertion and omission of alef after waw

aljamaea, and confusion among teh, teh marbuta, and heh at the end of the word.
1.1 Spelling Mistakes Types

Spelling mistakes can be categorized into four types: discourse structure and
pragmatic-level errors, morpho-syntactic errors, lexical and semantic errors, and soft

errors (Abandah ef al., 2021).
1.1.1 Discourse Structure and Pragmatic-level Errors

Discourse structure errors occur when a single or multiple words with correct
form and spelling is used in a sentence but is not compatible with the sentence
meaning. Some words may have various meanings depending on the context of the
sentence if the word meaning is misunderstood within a certain context, then the error
is considered as a pragmatic. We show this error type with the following translation

example:

The sentence “The Biology test was piece of cake. I think I will pass™ has the

Arabic translation: “zails ol afie] ¢ 4SSl o dakd (e 5 )l oLl ale Lsd) (LS” The



“piece of cake” phrase is literally translated to “<lLSl 4«32k the literal Arabic
translation for this phrase is out of context for it has replaced the English phrase word
by word to refer to an actual piece of cake, whereas the proper translation should have
used the Arabic equivalent for the word easy. So, this is a pragmatic error. In the same
example, the misuse of the diacritization for the word “ale” by using fatha instead of

kasra changes its meaning from science to flag.

1.1.2 Morpho-syntactic Errors

This type of errors occurs due to the confusion between the feminine and
masculine forms, using the wrong tense for a verb, or wrong positioning of a word. An

example for this type of errors is the sentence “—iS Luwed &u 551 the word “uased”

should be written in the feminine form 4.’

1.1.3 Lexical and Semantic Errors

This type of errors occurs due to typographical mistakes. For example, writing
the word based on its phonetics rather than its typographic form. These mistakes
generate words that either do not belong to the lexicon (lexical errors), or words that are
not suitable for the sentence (semantic errors). For example, the sentence « o« g 3ball iiay
<l d”  has a lexical error in the word “g x4l as it is not a real word, for the letter

“u=" is phonetically confused with the letter “%” whereas the correct word should be

“t :g' . ”.

1.1.4 Soft Errors

This type of errors mainly occurs due to the confusion among various shapes of

a certain letter. Letters such as hamza (¢), alef ('), teh (<), and heh (°) have various



shapes depending on the position of the letter and certain rules. For example, in the
word “ds<, the hamza is written on a waw “5” when the word is a noun, but if it is

verb, the hamza will be written alone “Jel&”.

Al Ameri (2015) carried out a study that shows which errors are the most
frequent among a group of students in a teaching Institute. The number of students that
participated in the study is 100 students (40 males, and 60 females). Table 1 shows the

frequent errors that were occurred in the study.

Table 1. Soft Spelling Mistakes Based on Al-Ameri Study (Al-Ameri, 2015)

Index Spelling error type Percentage
1 Writing hamza mutwsita on an alef 73%
2 Writing alef magswra instead of alef mamdwda 71%
3 Writing alef mamdwda instead of alef magswra 70%

Omitting alef following a waw at the end of some verb
4 67%
forms
5 Writing teh instead of teh marbuta 67%
6 Writing hamza mutwsita on waw 64%
7 Writing hamza at the end of the word on alef 51%
8 Writing hamza on the line at the end of the word 47%
9 Writing hamza at the end of the word on yeh 47%
10 Dropping Lam before the “solar letter” 38%
11 Writing teh marbuta instead of teh 37%
12 Writing hamza mutwsita on yeh 30%
13 Writing hamza alq tinstead of hamza alwsl 28%
14 Inserting alef after waw at the end of a word 25%

1.2 Importance of Arabic Spelling Correction

In order to improve the performance of the systems that use Arabic language
such as optical character recognition (OCR), and automatic speech recognition (ASR),
a good spelling correct system is required. Even in communication platforms, such as
Twitter, it would be very useful to provide the user with a correction mechanism that

facilitates the communication process.



Arabic spelling correction techniques have been evolving through the years.
Various methods have been used such as confusion matrices, language models, neural

networks, and long short-term memory (LSTM) recurrent neural networks.

In this thesis, we aim to use a state of art neural network, called the transformer,
to provide a system that corrects Arabic soft spelling mistakes and help Arabic learners

and native Arabic speakers to produce Arabic text without soft spelling mistakes.

1.3 Thesis Objectives

The objectives of this thesis are:

1. Can we use transformers to correct Arabic soft spelling mistakes?

2. Is it better to use a pre-trained transformer model such as AraBERT model or build
a new model form scratch?

3. Can we develop an efficient system using transformers to automatically correct

Arabic soft spelling mistakes?

1.4 Thesis Contribution

In this thesis, we introduce a transformer model that corrects Arabic soft
spelling mistakes, namely, confusion among various shapes of hamza, shapes of alef at
the end of the word, insertion and omission of alef after waw aljamaea, and confusion

among feh, teh marbuta, and heh at the end of the word.

We used an approach named stochastic error injection to generate artificial
errors that were used to train our model. Stochastic error injection has been introduced
in previous work that uses BiLSTM models to correct Arabic soft spelling mistakes

(Abandah et al., 2021).



1.5 Thesis Methodology

e Survey of related work: review the related work that deals with spelling
mistakes correction for Arabic and other languages.

e Evaluation of related work: show the results of the related work and outline
the tools that been used.

e Dataset gathering and preparation: prepare the datasets namely Wiki-40b and
Tashkeela to be usable for our model.

e Applying transformers to correct Arabic Soft Spelling Mistakes: prepare the
transformer model and apply it to the datasets.

¢ Fine-tuning and accuracy improvement: test the model and fine-tuning it to
achieve better accuracy.

e Developing: using our model to develop a graphical user interface that
represents our work.

e Documentation: document our work and show the results.

1.6 Thesis Outline

The rest of this thesis is structured as follows: in Chapter 2, we review the
previous works that deal with spelling correction for both Arabic and other languages.
In Chapter 3, we review the deep neural networks that have been used in spelling
correction. In Chapter 4, we describe datasets processing along with model building
steps. In Chapter 5, we explain how we fine-tuned our model and show our results, and

lastly, in Chapter 6, we provide the conclusions and ideas for future work.



Chapter 2

Literature Review

2.1 Introduction

In this chapter, we will discuss previous works that deal with spelling correction
for both Arabic and other languages. Most Arabic spelling correction works use non-
machine learning techniques and few of them use machine learning, specifically
BiLSTM. Most recent works in other languages started using transformers for spelling

correction.
2.2 Arabic Spelling Mistakes Correction

We categorized these works based on whether they use machine learning or not.

Thus, we have machine learning approaches and general approaches.
2.2.1 Machine Learning Approaches

Azmi et al. (2019) introduced a system that detects and corrects Arabic
semantic errors. The system was trained by inserting one artificial error in the sentence
then the support vector machine classifier (SVM) will detect if the word contains an
error or not, if it has an error the N-gram language model will generate a candidate

word to replace the word with error. The system achieved an F; score of 90.7%.

Alkhatib et al. (2020) introduced word-level model with BiLSTM and
polynomial network classifier for Arabic spelling and grammatical mistakes detection
and correction. They trained the model using artificial errors that were generated using

linguistic knowledge algorithms. For testing, they used a set that contains 15 million



words with errors. These errors were manually inserted and corrected by experts. The

authors report an F-measure of 93.89%.

Abandah ef al. (2021) introduced two character-level BILSTM models that
correct Arabic soft spelling mistakes identical to the ones we target in this thesis. They
trained the models on Tashkeela and ATB3 sets. These sets are not designed for
spelling correction purposes, but they implemented two training approaches,
transformed input and stochastic error injection that allowed them to produce artificial
errors on the mentioned sets. Transformed input was designed to map a set of targeted
letters into a one-letter form. Stochastic error injection was used to replace a letter from
a certain set with another letter from the same set based on a parameter called error
injection rate p. The two models were trained using both approaches and a third set
called Test200 that contains real soft spelling mistakes was used for evaluation. The
best model was the one that trained using the Tashkeela set with stochastic error
injection approach and 40% error injection rate. This model obtained a character error

rate (CER) of 1.28%.
2.2.2 General Approaches

Mubarak et al. (2014) introduced a system with character-level correction
model and language model to correct Arabic spelling mistakes. The correction model
works by searching the lexicon for similar words to those who contain errors. The
language model is dedicated to the errors that are difficult for the correction model to

detect or correct. The system achieved an F; score of 63.43% on QALB dataset.

AlShenaifi et al. (2015) introduced a system named Arib that combines several
algorithms and tools to detect and correct Arabic spelling mistakes. The system uses

MADAMIRA tool to correct the errors that are related to the letters (s ,f). A rule based



corrector is used to convert English punctuations marks to Arabic punctuations, insert
space after (e ,l) Prepositions and the letters (3 ,3) if they merged with the next
word, and removes the letter that repeated sequentially three times or more in the same
word. The type of errors that can be corrected with more than one word is handled
using Bayes probability algorithm that uses a large dictionary constructed from various
sets. Arib also uses Ghaltawi tool that contains an external dictionary to correct errors.
Levenshtein distance algorithm is also used in this system. The final output is obtained
after the system runs punctuation recovery algorithm. Arib achieved an F; score of

57.8% on QALB dataset.

Noaman et al. (2016) introduced a system that uses both confusion matrix and
noisy channel spelling correction model to detect and correct Arabic spelling mistakes.
The system works by searching a dictionary with 35.5k words, if the word is not in the
dictionary then it considers an error and the confusion matrix will generate a candidate

word. The system achieved an accuracy of 89.69%.

Attia et al. (2016) introduced a system to detect and correct Arabic spelling
mistakes. The detection phase uses either a list that contains the correct word or two
character-level language models. One was trained on the correct words and the other on
the words that contain errors. When an error detected, an error model works to produce
a list of candidates and pass it to an N-gram language model that handles the correction.

Their system achieved an accuracy of 93.64%.

Abdellah ef al. (2020) introduced a system that corrects space omitting mistakes
in Arabic text base on Levenshtein distance algorithm. The system works by inserting a
space between two words that were merged together due to the omitting of space. If the

words contain errors after inserting space, the system corrects them using a lexicon



with 30k words. They tested the system with a set contains 1k words with errors. The

system was able to achieve a correction rate of 99.14%.

2.3 Spelling Correction in Other Languages

Zhang et al. (2020) introduced a new method called soft-masked BERT to
detect and correct Chinese spelling mistakes. The detection stage works by
implementing bidirectional gated recurrent unit network (BiGRU) to detect the errors in
the input. The correction stage uses bidirectional encoder representations from
transformers (BERT). BERT is a transformer model that consists of 12 bidirectional
encoders. Their model was able to achieve an F; score of 73.5% for detection and

66.4% for correction.

Tran et al. (2021) introduced a transformer model to detect and correct
Vietnamese spelling mistakes. They built their model with character-level transformer
encoder with four self-attention layers, word-level transformer encoder with 12 self-
attention layers, a detector and corrector classifier. The model achieved an F; score of

68.88% for detection, and a correction accuracy of 96.01%.

Kuznetsov ef al. (2021) introduced a transformer model for spelling correction.
The model was trained with a method that generates artificial spelling errors for any
input language. The authors built this method by collecting data from search engines
and applying a set of rules to generate errors. Their model was tested on four languages
and has an accuracy of 83.33% for Arabic, 93.97% for Greek, 91.83% for Russian, and

94.48% for Setswana.

Zhao et al. (2021) introduced a transformer model for semantic errors correction

in Mandarin automatic speech recognition system. They used bidirectional and auto-
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regressive transformer (BART) model to correct the output of the ASR system and
improve its performance. The ASR system that was integrated with their model

achieved a CER of 6.08%.

In Table 2, we summarize the previous works based on the language that been

targeted, the method that been used, the evaluation metric that been used, and the score

that been reported.
Table 2. Summary of the Literature Review
Author(s) Language Met_hOd Metric Score
Mulz;rﬁ{‘st al. Arabic Colir;rf;f;lg:nd Fi 63.43%
Model
AlShenaifi et Arabic Algl(\)/{'liltllillilseand Fi 57.8%
al. (2015) Tools
Az(rzn(; 1egt)al : Arabic SVl\gr:E? N- F; 90.7%
e I el B N
Alkl(l%i;oc;t al. Arabic BiLSTM F-Measure 93.89%
Aba?zd(:)azhl;t al. Arabic BiLSTM CER 1.28%
Zh?;(%z%t)al. Chinese (tralllgsf“(l){r;rner) Fi 664%
Tr(z%gtl ;l L Vietnamese ( tgﬁgg&gr) Accuracy 96.01%
Kmosor | MO ot | ey |00
“Gir | M| o | PR [ oows
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2.4 Arabic Spelling Mistakes Datasets

The Arabic spelling correction field lacks a large annotated dataset that can be
used in research. Therefore, most of the previous works used various methods to
generate artificial errors for correction. However, there are some sets that contain real
errors such as Qatar Arabic Language Bank (QALB) which contains various spelling
errors collected form comments written by real users and student essays (Zaghouani et

al., 2014).

Unfortunately, QALB is not suitable for our work for two reasons: first it
contains dialectal words that were not converted to its corresponding modern standard
Arabic (MSA) format. Second is the size of the set. It contains 21k sequences, such size

is considered small and transformers require a big set in order to achieve good results

(Xu et al., 2020).
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Chapter 3

Deep Neural Networks in Spelling Correction Field

3.1 Introduction

In this chapter, we will discuss deep neural networks that are commonly used in
spelling correction. We start with brief overview for RNNs, LSTM, and RNNs with
attention then we will discuss transformer model, how self-attention works in

transformer, and model architecture.
3.2 RNNs and LSTM

Recurrent neural networks (RNNs) are a type of neural networks that can handle
sequential data quite well. Recurrent neural networks process sequences and generate
hidden state for each input sequence as shown in Figure 1. This hidden state is used in

the next step to produce the output based on the following equations:
hy = g(Why Xt + Whp he—q + by) (1)
Ve = g(Wyp he + b)) ()

where h; is the hidden state at time t, x; is the input at time ¢, §; is the output at time ¢,
h¢_1 is the hidden state at time t — 1, b is bias parameter, W is the weight parameter,

and g is the activation function (Rumelhart et al., 1986).
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Figure 1. RNNs Structure (Madhfar et al., 2020)

Some tasks like speech recognition, machine translation, and spelling correction
require a model that can capture long dependences in the input sequence. Recurrent
neural networks struggle with this kind of tasks due to the vanishing gradient problem.
The solution for this problem is to use memory cells called long short-term memory
(LSTM). Long short-term memory can preserve the hidden states for the previous steps;

thus, the model will be able to process long sequences (Hochreiter and Schmidhuber,

1997).

Bidirectional LSTM (BiLSTM) is another version of LSTM that process the
sequences in forward and backward manner as shown in Figure 2. This type of models
can learn more information from the input sequences and that leads to more

improvement in the performance (Schuster and Paliwal, 1997).
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Figure 2. BiLSTM Structure (Madhfar ez al., 2020)

3.3 RNNs with Attention

Attention mechanism can be described as a method that helps the model to
capture useful information by focusing on the relevant part in the sequence using a
context vector as shown in Figure 3 (Madhfar et al., 2020). Let’s take the following

sequence:

“Paris is the capital and most populous city of France, with an estimated population of
2,175,601 residents as of 2018, in an area of more than 105 square kilometers. Since
the 17th century, Paris has been one of Europe's major centers of finance, diplomacy,

commerce, fashion, gastronomy, science and arts.”

If the model task was question answering and it got the following question as an input:

What is France capital city?

To answer this question the model will process the sequence then outputs the word
“Paris”. But it is not necessary to go through the entire sequence, focusing on the words
(Paris, capital, city, France) by assigning high scores to them compared to other words

in the sequence can produce the correct answer.
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Figure 3. Encoder-Decoder RNNs with Attention (Madhfar et al., 2020)

3.4 Transformer

The success of attention mechanism in RNNs has led to the idea of creating a
model known as transformer that depends entirely on attention and abandons the RNNs
(Vaswani et al., 2017). One of the major advantages that transformer has is the ability

to process the input through various paths.

Let’s take the three words shown in Figure 4. These words enter the self-
attention layer in three paths. These paths are dependent in the self-attention layer but
not in the feed forward layer. Therefore, these paths can be processed through the feed
forward layer in parallel not series like RNNs. This operation improves training time

and helps the model to train faster (Alammar, 2018).
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Figure 4. Input Paths in the Encoder (Alammar, 2018)

3.4.1 Self-Attention

Transformer model is built with new concept of attention called self-attention or
scaled dot-product attention. Self-attention allows the model to search the input
sentence to find representation for a certain word or to form relations between the word
that is currently being processed and the other words in the input. We illustrate the
concept of self-attention in Figure 5. One can observe that “it” in the left-side sentence
is referring to the word “animal” due to the presence of the word “tired”. The right-side
sentence contains the word “wide” instead of the word “tired”, thus, the best

representation for “it” is the word “street”.
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Ccross Ccross Cross Cross
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street street street street
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it Mt it it l
was was was was

too too too too

tired tired wide wide

Figure 5. Example of Self-attention (van den Berg, 2020)

3.4.1.1 Calculating Self-Attention

Self-attention is calculated by the following equation:

T
Attention(Q, K, V) = softmax ( ?/Z_k )V 3)

where Q, K,V are the Query, Key, and Value matrices and dj, is the dimension of the
key vector which is equal to 64 and it is calculated by dividing the model dimension

(dmoder) over the number of heads (h).

Transformer model has eight heads (h) or self-attention layers, combine they
called multi-head attention. Using more than one head helps the model to represent

different positions in the input sentence.

There are five steps to calculate self-attention as shown in Figure 6. Step one is
to obtain the input sequence. Step two is to convert the input to embedding matrix X
this step is only for first encoder; the rest of the encoders use the output of the previous

encoder R.
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Figure 6. Self-attention Calculation Steps (Alammar, 2018)

Step three is to obtain @, K,V matrices by multiplying X or R with the weights

matrices that were obtained during the training as shown in Figure 7.

X wa

X =
X

X =
X wv

X =

Figure 7. Query, Key, and Value Matrices Calculation (Alammar, 2018)
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Step four is to calculate the output of each head (Z° ... Z7) using Equation 3 as

shown in Figure 8.

softmax

Figure 8. Attention Head Calculation Using Equation 3 (Alammar, 2018)

Lastly, the outputs of the heads are concatenate and multiply with W° matrix as
shown in Figure 9. In result, the output of the encoder is obtained after the Z matrix go

through the feed forward network (Alammar, 2018).

1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained
jointly with the model

EEET T TR [T T T T X

3) The result would be the © matrix that captures information
from all the attention heads. We can send this forward to the FFNN

-

Figure 9. The Output of Self-attention Layers (Alammar, 2018)
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3.4.2 Transformer Architecture

Transformer is built with encoder-decoder architecture, embedding and
positional encoding to handle the input, and linear layer with softmax to handle the
output. In Figure 10, we show an example of 2-layer transformer architecture that

consists of two encoder-decoder stacks.

.........................................

: ( Softmax )
.p( Add & Normalize ) 7 )

; Linear )
( Feed Forward ) ( Feed Forward ) '. LY

............................

,.;( Add & Normalize ) *(
: L

Add & Normalize )

:‘ ( selrAttention ) ( Feed Forward ) ( Feed Forward )

,o( Add & Normalize ) ,*( Add & Normalize )
'
o, | 4 L 4
et ] .
( Feed Forward ) ( Feed Forward ) . ( Encoder-Decoder Attention )
_____________________________________ - -}
,-b( Add & Normalize ) ,-b( Add & Normalize )
: ) ) : 1 L)
' 1 3
' ( Self-Attention ) :‘ ( Self-Attention )
S P
POSITIONAL é é é é
ENCODING
X1 X2
Thinking Machines

Figure 10. 2-Layer Transformer Architecture (Alammar, 2018)

3.4.2.1 Embedding

The embedding layer task is to convert the input into vectors of dimension
dmoder then stores these vectors in embedding matrix of dimension (vocabulary size,

dmoder)- The embedding happens once for both encoder and decoder (Alammar, 2018).

3.4.2.2 Positional Encoding

Transformer model does not have recurrence. Therefore, positional encoding is

the method that transformer is used to represent the order of the words in the input.
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The model creates vectors of dimension d,,,q.; based on the following

equations:
. pos
PE(pos 2ty = sin(—5——) 4)
10000 '%model
pos
PE(posis1) = €05 (—5——) 5)
10000 ’%model

where pos is the position and i is the dimension. The even positions use the sine and
the odd positions use cosine. These positions vectors are added to the embedding
vectors to make the words in the embedding matrix represented by their meaning and

how close they are to each other in the input (Vaswani et al., 2017).

3.4.2.3 Encoder

The encoder contains self-attention layer and feed forward layer as shown in
Figure 11. These layers have residual connection and layer normalization to help the
model keeps the information that was obtained from the input when the data travel to

the upper encoders.

4 4
‘*( Add & Normalize )
1
: ( Feed Forward ) ( Feed Forward )
R 4
111 111
A 4
K LayerNorm( BEBH + H:H:)
Y Y
' ] 11
E ( Self-Attention )
: 4 A
". _______ - o m W OEm E Em O o omom
POSITIONAL @ é
ENCODING
x+ BT b1 I |
Thinking Machines

Figure 11. Encoder Structure (Alammar, 2018)
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There are N encoders in the transformer and the default value of N is six. Self-
attention layer depends on the previous encoder output to generate its key, value, and

query (Alammar, 2018).

3.4.2.4 Decoder

Similar to the encoder part, there are N decoders in the transformer with N = 6,
a self-attention layer and a feed forward layer with residual connection and layer
normalization as well. However, there is an additional layer called encoder-decoder
attention. This layer contains the key and value matrices from the encoder stack and
generates the query matrix in the decoder. This layer helps the decoder to see the input

from the encoder and form a better understanding with its own input.

Self-attention layer works diffrently in the decoder. It is only allowd to use the

previous words from the decoder inputs to predict the current word (Alammar, 2018).

3.4.2.5 Linear Layer

The linear layer is the final layer in the transformer. It converts the output vector
from the decoder into logits vector. The softmax converts logits into probabilities. The
highest probability will be selected and its index will turn back into a word (Alammar,

2018).
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Chapter 4

Datasets Preparation and Model Building

4.1 Introduction

In this chapter, we will describe the datasets that were used and how we
prepared them for the model. Although, these sets are not related to spelling mistakes
correction, the training approach that we used made it possible to correct spelling
mistakes using these sets. We also will discuss how we built our transformer model and
why we did not use a pre-trained model form Hugging Face library. Lastly, we will

state the evaluation metrics that we used to evaluate our model.

4.2 Datasets

In this work, two sets were used, the Wiki-40B and Tashkeela.Wiki-40B is a set
that contains cleaned articles from Wikipedia for over 40 languages. The Arabic
version contains 220,885 articles for training, 12,271 articles for testing, and 12,198
articles for validation written in modern standard Arabic (MSA). The set was released
as part of multilingual language modeling research that introduced a language model
for over 40 languages (Guo et al., 2020). Table 3 shows a sample text from the Arabic

version.

We used the training and validation subsets as are and for testing, we randomly
selected 2000 sequences from the test subset. The reason for that is to reduce the testing
time since it takes approximately 100 hours for the entire test subset and Kaggle only

offers 30 hours per week to use its accelerators.
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Table 3. Sample Text from Wiki-40B Arabic Version

Index

Text

Wikidata_id

_START ARTICLE »sSJusl START SECTION s

=3 START PARAGRAPH sl 1894 sle i Jusl «ul}
o LA joa (8 i AT () g yon 3 ) 53) Laall g5 65 ) g B 1896
o iilula ¢ g A NEWLINE (e a5 55 ¢1923 ale 4
ple B gl olad) 23 oSV (1932-1856) 35S el s 58 T
C)PMLCJ‘AG d\.}}\ k_\Lac} ‘c.l.\;@).c éc u\A})S\d.L: 1929
BonS aa Ll i adley die 5 adls 48,

Q7095545

_START ARTICLE lwsis S« START PARAGRAPH
& ol ol (e o giall Coaill (B ) ja Ao gana (o L g S
Lie 15 e oml) sl 8 L 923 5 el 5 5Sae a2 () ulil)

AN o giall dakaiall ) sl g9 e giadl () LBl 5 Bagaal)
&85, START SECTION  Lél s

_START PARAGRAPH gl JJa dud )l (ana Lt s Saa ol

O 3uaall i 6 5 il Ll il (e JLal) ) o5 LeSe 438,30
o &8 ) e e pane Lt s (1s3) L il (R 20 (ol Lt sl
- & 1408 4 (A LS e j2 5 (oS 1234 |5 dalosa i L8 )5

fans all 380 s » 1988

Q3359409

The second set that we used is a cleaned version of the Tashkeela set that

contains text written in classical Arabic (CA) and text from the Holy Quran as shown in

Table 4. The set is split into 50k lines for training, 2.5k lines for validation, and 2.5k

lines for testing. The set was released as part of Arabic text diacritization research

(Fadel et al., 2019).

We used the test subset as is. The training and validation subsets were merged

then redistributed and split into 80% training and 20% validation.

Table 4. Sample Text from Tashkeela

Index

Text

d.\&\.@éﬂjsu.m\.cb.a_)\‘);\}SB.LJWLMSBJBYUUA‘)S\SJM\Q;&M?&LA\J

LA‘;\UAJY\&_BA‘)OAA.“&_MASJ\\Jbb)hy\mdkuy"&‘)muﬂ}‘e}%m
&_ILQ‘}.‘}‘\.PJ\‘;\J})—\SL@SAS\FU@JJAMJ.\&UM&JAU‘}S}‘JSJJLJA‘)H
,s\dh,uu;u,dﬁesu\,us,x\e;,asssmqmuﬂq},q&m




25

Lastly, we used the Test200 set for evaluation. This set contains 200 sequences
with real soft spelling mistakes and an average of 6.5 mistakes per sequence (Abandah

et al.,2021). Table 5 shows the characteristics of Test200 set.

Table 5. Test200 Set Characteristics (Abandah etz al., 2021)

Criterion Count
Sequence count 200
Word count 2,443
Character count 24,002
Number of mistakes 1,306
Mistakes per sequence 6.5

4.2.1 Wiki-40B Set Preparation

The text in this set contains four special tokens. These tokens are start article,
start section, start paragraph, and newline. Alongside the dot these tokens were replaced
with the new line character (\n) then the text split at (\n). This process transformed the
set from long articles based set to short and understandable sentences based set. The
text also contains unnecessary characters such as punctuation marks, numbers, and
English letters, all these characters were removed. Finally, all the lines longer than 300

were wrapped in order to get the maximum benefit from all the text.

4.2.2 Tashkeela Set Preparation

The first step in preparing this set is to remove the diacritics from the text
alongside punctuation marks and numbers. The second step is to wrap the lines longer

than 300.

Table 6 shows the characteristics for both sets in term of sequence count, word
count, Arabic letter count, words per sequence, letters per word, and the portion of

sequences that are shorter than or equal to the maximum sequence length.
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Table 6. Wiki-40B and Tashkeela Sets Characteristics

Criterion Wiki-40B Set Tashkeela Set
Sequence count 4,015k 55k
Word count 73,525k 2,312k
Arabic letter count 354,047k 9,189k
Words per sequence 18.31 42.05
Letters per word 4.82 3.97
Sequences < 300 chars 95.78% 78.06%

Table 7 shows the occurrences of the target characters. Character (') is the most
occurring character with 14.27% and 11.37% for Wiki-40B and Tashkeela sets,
respectively. Character (s) is the least occurring character for Wiki-40B with 0.04%,

and characters (1) are the least occurring characters for Tashkeela with 0.05%.

Table 7. Target Characters Occurrences in Wiki-40B and Tashkeela Sets

Character(s) Wiki-40B Set Tashkeela Set

c 0.04% 0.09%

i 1.94% 3.27%
G 0.40% 0.25%

) 0.75% 1.26%

5 0.09% 0.08%

| 14.27% 11.37%

| 0.10% 0.10%
i 3.41% 1.65%
S 0.81% 0.91%
5 0.46% 0.92%
G 1.16% 0.55%
|5 0.07% 0.05%
A 0.70% 3.49%
¢ 0.27% 0.25%
Total 24.47% 24.24%

4.3 Training Approach

In this work, we base the training approach on stochastic error injection
(Abandah et al., 2021), an approach that built entirely on the concept of artificial errors.

The errors are injected onto the set randomly using a parameter called error injection
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rate p. The authors in (Abandah et al., 2021) reported best model results using an error
injection rate of 40%. Thus, we used it as a baseline when evaluating the error injection
rate. We also adopted the one-to-one mapping approach in (Abandah et al., 2021),
where certain two-letter combinations and the letters that appear at the end of the word

are represented by one special token each, as shown in Table 8.

Additionally, our target characters are split into four sets based on which
characters are often confused in place of others. The first set contains the various
shapes of hamza (¢) ¢ s ,5,1 ) J ,)), the second set contains the two shapes of alef at the
end of the word (s ,)), the third set contains the two shapes of waw at the end of the
word ()5~ ,5), and the fourth set is for the teh, teh marbuta, and heh at the end of the
word (4 ,A- <), Each character in these sets is randomly replaced with another

character from its own set in the stochastic error injection approach.

Table 8. Target Characters and their Corresponding Tokens

Character(s) Corresponding Token
>
|
a

-

—

—~|3|-|>»>|O

¢l

4.4 Model Building

In NLP domain, models usually are word-level or character-level. To show

which type of models is suitable for our work, we will take this simple example: in the

\,’

word “c=”, the letter (') may be randomly replaced with any letter in its represented set.

.\,’

Thus, the word “C»”” may become one of these words (Cue! ,cns ,cre 08 ,0nl o) ,oﬁ) some
of these words are not even a real words and a word-level model can’t recognizes it

since this type of model is trained on a huge amount of Arabic text from various
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sources and any word that does not recognized will be mapped to an unknown token
(UNK). On the other hand, a character-level model can handle this type of variations
quite well due to the fact that these changes are only applied in one character which is
(") and the model already knows all the other characters that character (') may change to
it. Therefore, the nature of our training approach obligates us to use a character-level

model.

There are two options to use transformers either by using a pre-trained model or

by building a model from scratch.

4.4.1 Using Pre-Trained Model

Hugging Face transformers is a library that provides a collection of state of the
art transformers models such as AraBERT, an Arabic version of BERT. It achieved
splendid results in various tasks like sentiment analysis, named entity recognition, and
question answering (Antoun et al., 2020a). ARAGPT2, an Arabic version of GPT2, the
model was able to generate a readable Arabic text similar to the human text (Antoun et
al., 2020b). These models are word-level and they are not suitable for our work and to
the best of our knowledge there is no pre-trained character-level transformer for Arabic

language.

4.4.2 Building the Model from Scratch

We built our character-level model based on the original transformer paper
(Vaswani et al., 2017). The model has encoder-decoder stacks with number of layers
N = 6, self-attention layers or heads h = 8, point wise feed forward network with

dimension dfy = 2048, dropout rate pg,op = 0.1, and model dimension d ;540 = 512.
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We used sparse categorical crossentropy as a loss function and adam optimizer with

custom learning rate scheduler based on the following equation:

-0.5

Learning rate = d,25,; X min(step_num~%5, step_num x warmup_steps ') (6)

where the warmup_steps = 4000.

4.5 Model Training

In order to train the model, we need to prepare the input pipeline and make the
data suitable for the model. The data consist of input sequences which contain text with
soft spelling errors, and target sequences which contain the correct text. The first step in
preparing the data is to insert a start token (S) and end token (E) for both input and
target sequences, then insert a pad token (P) for the sequences that are shorter than the
maximum sequence length which is equal to 300. We chose this value to avoid crashing
the model when it operates on GPU environment. The second step is to convert the
input and target sequences into Ids, where each Id represents a letter in the sequences.
The last step is to prepare the encoder input, the decoder input, and the labels. The
encoder input is the input sequences, the decoder input is the target sequences without
the end token, and the labels are the target sequences without the start token. For
training, we used TPU accelerator on Kaggle to reduce the training time. Training with
a GPU is slower (22 vs. 0.8 hrs. per epoch for the model that was trained on Wiki-40B

set). Table 9 shows the specifications of kaggle platform that was used for training.

Table 9. Kaggle Platform Specifications

Aspect Specification
CPU Intel(R) Xeon(R) CPU @ 2.20GHz, 2 cores, 56 MB cache
TPU v3-8
GPU Nvidia P100 @ 1.32GHz, 16 GB
Memory 16 GB
Libraries Python 3.7.9, TensorFlow 2.4.1
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In result, we produced two models, the first one called Wiki model that was
trained on Wiki-40B set for 20 epochs. Figures 12 and 13 show the model performance

in term of loss and accuracy on the training and validation sets.
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Figure 12. Wiki Model Loss on Training and Validation Sets
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Figure 13. Wiki Model Accuracy on Training and Validation Sets

The second model called Tashkeela model that was trained on Tashkeela set for
88 epochs. Figures 14 and 15 show the model performance in term of loss and accuracy

on the training and validation sets. We can observe that after epoch 40 the model is
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overfitting the training data due to the small size of the Tashkeela set and the large size

of the model. Yet, the model is able to stabilize after epoch 70.
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Figure 14. Tashkeela Model Loss on Training and Validation Sets
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Figure 15. Tashkeela Model Accuracy on Training and Validation Sets

4.6 Evaluation Metrics

We evaluate our models with the following metrics: accuracy, BLEU score,

CER, WER, and FP/Changes. Accuracy is a general metric that measures the overall
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performance of a model. CER, WER, and BLEU are more specific metrics that measure
the performance of the model for specific tasks such as speech recognition, machine

translation and spelling correction.

4.6.1 Accuracy

Spelling correction can be considered as a classification task. In this kind of
tasks, four types of predictions can be produced by a model. These types are true
positive (TP), true negative (TN), false positive (FP), and false negative (FN). When a
letter x is correctly predicted as letter x this is a TP prediction, when a letter is not x and
correctly predicted as not x this is a TN prediction, when a letter is not x is incorrectly
predicted as x this is a FP prediction, when a letter x is incorrectly predicted as not x

this is a FN prediction.

The accuracy is calculated using Equation 7 and the higher value, the better the

performance of the model.

TP+TN
Accuracy = Fp TN T FPIFN )
4.6.2 BLEU Score

Bilingual Evaluation Understudy (BLEU) is a metric often used in machine
translation tasks to measure how close the translated text that was generated by a model
to the reference translation. In this work, spelling correction can also be considered a

translation task, when a model translates an error text into a correct text.

Post (2018) introduced a unified version of BLEU called SACREBLEU to

facilitate comparison between results from different papers. Thus, we used
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SACREBLEU in our work. Like accuracy, the higher BLEU score, the better the

performance of the model.
4.6.3 CER

Character Error Rate (CER) is the ratio of the incorrect characters in the text. It

can be calculated using the following equation:

_ S+D+I
CER = > (8)

where S is the number of substitutions, D is the number of deletions, I is the number of

insertions, and N is the number of characters in the target sequences.

The performance of the model is better when CER value is low.

4.6.4 WER

Word Error Rate (WER) similar to CER but it works on word-level. It

calculated using the following equation:

S+D+I

WER = — )

where S is the number of substitutions, D is the number of deletions, I is the number of

insertions, and N is the number of words in the target sequences.

4.6.5 FP/Changes

Abandah et al (2021) introduced this metric in order to obtain the error rate in
the predicted text. It is calculated by dividing the false positive cases in the predicted

text over the number of changes (artificial errors) in the input text.
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Chapter 5

Experiments and Results

5.1 Introduction

In this chapter, we will discuss the experiments we conducted in order to
achieve the optimal results. We used accuracy and BLEU score to show the models’
ability to produce a well-structured and understandable text. As for the ability to
correct, we used the remaining metrics CER, WER, and FP/Changes. We also used
confusion matrix to show the FP, FN, TP, and TN for each of our targeted characters in
the test set. We compared our results with the ones reported in (Abandah ef al., 2021).

Lastly, we represent our work using graphical user interface.
5.2 Data Scarcity

In general, the model task is to correct a character with error and to output the
correct character without any modification. Wiki model does that with no issues but
Tashkeela model does not. The reason for that is the size of the set, when the Tashkeela
set is considered a small set. To illustrate this problem, Table 10 contains a simple
sentence with no errors and we modified it by inserting seven errors. Tashkeela model
corrected five errors out of seven but it also modified four characters that were
supposed to stay as they are. Wiki model corrected five errors out of seven with no

modification.

The solution for this problem is to use transfer learning. We trained Tashkeela
model to output the same input that was provided to it. In this case we used the target

sequences that contain the correct text. Later on, we transfer the model weights into a
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new one and train it to correct the text. Using transfer learning did not change the five
corrected characters by Tashkeela model but it helped reducing the modified characters

from four to one.

Table 10. Example on Models Performance

Source Text
Oriainal T 8350 2m ) Al plad L ppamas o Sl (5l
riginal Text Koo 51 ) A sy 8 ngiltie o S o) (e
et it B 8250 2 o5 4l gl Ll a1 (ol il
ext with Errors SN ?“‘Y‘ FRW ‘53 ?&31 Alia pe & e ol Gue )
.. 250 3m 532l 4d s L jamad i) (3l 1y
Tashkeela Model Prediction s V) (,.J\j\ A shay b agiliiii e | Sl () umm‘
Tashkeela Model with Transfer Ba5e a5 A gladd il yaaat 4y 5alaiV) (5 all cilay
Learning Prediction AnsY) a4l ghay 3 agilAtia aa ) S LS (Al (e S
iy - 8350 2ay (552l Al shaul Ll jpmn 4y SlaiV) (3l il
Wiki Model Prediction Ay V) ) Al gy 8 gkt e | oS L () (e DU
5.3 Model Size

The two models were able to correct soft spelling mistakes. The CER on
Test200 set for Wiki model was 3.21%, and for Tashkeela model was 2.18%. These
results are not better than the 1.28% that was reported in (Abandah et al., 2021).

Therefore, fine-tuning is required to achieve better results.

We began by reducing the model size from six layers to four and two layers.

Table 11 shows the rest of the model parameters.

Table 11. Model Configurations with Various Numbers of Layers

Parameter Conf. 1 Contf. 2 Contf. 3 (base)
N 2 4 6
Amodel 64 128 512
dss 128 512 2,048
h 8 8 8
pdrop 0.1 0.1 0.1
Batch Size 128 128 128
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In Figure 16, we observe that Tashkeela model performance using four-layer
configuration is nearly identical to six-layer configuration with an accuracy of 99.65%
for the four layers and 99.62% for the six layers. With similar behavior Wiki model
performance using four-layer configuration is nearly identical to six-layer configuration

with an accuracy of 99.75% for four layers and 99.77% for six layers.

Accuracy
100.0%
99.9%
99.8% 99-75% 99.77%
99.7% 99.65%
99.62%
99.6% 99.58%

99.49%

99.5%

99.4% -

99.3% -

99.2% -

Tashkeela Model Wiki Model

B2 Layers M4 lLayers [M6 Layers

Figure 16. Tashkeela and Wiki Models Accuracy Results with Various Numbers of

Layers

In Figure 17, the Tashkeela model with four layers performs better in term of
BLEU with a score of 95.79% for four layers and 95.35% for six layers. Wiki model
scores 96.58% for six layers and 96.33% for four layers. Both models achieved high
results in accuracy and BLEU, which indicates that the models can produce a well-

structured text like the one provided in the target sequences.
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Figure 17. Tashkeela and Wiki Models BLEU Results with Various Numbers of

Layers

The two models behave differently with the various numbers of layers due to
the different size of each set. Thus, we cannot decide which size is best based on these
results only. Therefore, we used CER on Test200 to determine the best model size. In
Figure 18, we observe that the four-layer configuration achieves the lowest CER for
both models with a score of 2.05%, and 3.11% for Tashkeela model and Wiki model,

respectively. Therefore, we adopted four-layer model size.
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Figure 18. Tashkeela and Wiki Models CER Results on Test200 Set with Various

Numbers of Layers

5.4 Error Injection Rate

The results on Test200 that we obtained after reducing the model size were also
not better than 1.28% that was reported in (Abandah ef al., 2021). So we start changing
the 40% error injection rate. We decreased the error injection rate to 30%, the results on
Test200 weren’t better than the ones of 40% error injection rate, so we went for
increasing instead. We increased the rate to 60% — 80% — 90%. The results on Test200
started to improve with the increasing of the error injection rate. The models achieved
the best results on Test200 at 90% error injection rate. In Figures 19 and 20, we show
the accuracy and BLEU score for both models with various error injection rates. The
models at 30% error injection rate achieved best results. Both accuracy and BLEU

score decrease with an increase in the error injection rate.



39

Accuracy
100.0%
99.9% X
RR
99.8% &9

D9.670%
98.65%
99.69%
99.66%
98.65%

99.7%

99.6%

99.5%

99.4%

99.3%

99.2%
Tashkeela Model Wiki Model

m30% m40% m6e0% mB80% mo0%

Figure 19. Tashkeela and Wiki Models Accuracy Results with Five Error Rates

BLEU Score
100%
99%
98% R
2% S 2 .
97% S Q@ - S
O : ok N
o3} 3 Ty
[9)]

96%

94.89%
95.18%
95.08%

95%

94%

93%

92%

91%

Tashkeela Model Wiki Model

H30% W40% m6e0% mMB80% MO0%

Figure 20. Tashkeela and Wiki Models BLEU Results with Five Error Rates
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This behavior extends to the CER and WER metrics as shown in Figures 21 and
22. It also like the behavior of the BiLSTM models that reported in (Abandah et al.,
2021). The reason behind this behavior is the fact that these metrics are calculated for
the entire set of characters. Therefore, we used FP/Changes metric to show that
increasing the error injection rate helps the model to correct better. The CER results on
Test200 also support this assumption since the models achieved the best results at 90%

error injection rate.

In Figure 23, we show the results of FP/Changes metric to assert the observation
that increasing the error injection rate helps the model to correct better. One can
observe that both models trained with 90% error injection rate have the lowest values.
While the ones trained with 30% error injection rate have the highest values even

though they have fewer errors.
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0.53% g 509
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0.0%
Tashkeela Model Wiki Model

H30% W40% m6e0% mMB80% MO0%

Figure 21. Tashkeela and Wiki Models CER Results with Five Error Rates
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Figure 22. Tashkeela and Wiki Models WER Results with Five Error Rates
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Figure 23. Tashkeela and Wiki Models FP/Changes Results with Five Error Rates
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The results on Test200 in Figure 24 show that the Wiki model shows lowest
CER of 0.86% with 90% error injection rate. This is a reduction of 72.35% compared to
the 3.11% that is obtained with 40% error injection rate. The Tashkeela model does not
show this large improvement with the error injection rate increase. The score is 1.88%
with 90% error injection rate, it is only 8.29% reduction compared to the 2.05% CER
with 40% error injection rate. These results demonstrate the importance of the dataset
size that is used in transformer model. Small sets like Tashkeela are likely to work

better with LSTM models rather than transformer model.

Lastly, we tested whether increasing the error injection rate to 100% will
improve the results of the Wiki model. The CER was 0.89% which is not better than the

one obtained using 90% error injection rate.

CER for Test200
3.5%
3.18% 3.11%
3.0%
2.5%

2.16%
1.90% 1.94% 1 gg%
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0.5% -
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Tashkeela Model Wiki Model

H30% W40% m6e0% mMB80% MO0%

Figure 24. Tashkeela and Wiki Models CER Results on Test200 Set with Five
Error Rates
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5.5 Confusion Matrix

In Figure 25, we show the confusion matrix of Wiki model that was trained with
90% error injection rate. The matrix shows that most confusion occurs with the letters
("), (), and (!). We can observe that letter (') got confused with all letters that belong to

its set except the letter (¢).

Predicted Letter
lg- a el > o c T [ 5 | I3 | ] I3
|3_ 105 0 0 7 4] 0 0 0 0 0 0 0 4] 0
a4 0 1131 0 0 19 0 0 0 0 0 0 0 74 0
Gl 0 0 484 0 4] 0 0 0 0 0 0 2 4] 0
o 3 0 0 853 4] 0 0 0 0 0 0 0 4] 0
- S 0 13 0 0 2313 0 0 0 0 4] 0 0 23 0
]
=
L e 0 0 0 0 0 60 0 0 0 0 0 0 4] 0
Q
- -
— | 0 0 0 0 0 0 157 11 0 1 0 6 4] 0
©
=1 R
=1 | 0 0 0 0 4] 0 15 3552 1 60 5 58 4] 0
Q
< 3 0 0 0 0 4] 0 1 2 164 0 3 3 4] 0
| 0 0 0 0 4] 0 1 44 0 1306 0 76 4] 0
Y3 0 0 1 0 4] 1 0 1 7 4] 745 2 4] 0
] 0 0 4 0 4] 0 8 219 4 88 7 26430 4] 10
5 0 29 0 0 19 0 0 0 0 0 0 0 6462 0
I3 0 0 0 0 4] 0 0 0 0 0 0 17 0 1515

Figure 25. Confusion Matrix of Wiki Model Trained with 90% Error Injection
Rate

5.6 Model Timing

In Figures 26 and 27, we show the training time and the number of epochs for
Wiki and Tashkeela models. The longest time was 24.9 hours and 28.2 minutes for
Wiki model and Tashkeela model, respectively, using 4-layer configuration with 40%
error rate. The largest number of epochs was 89 and 145 epochs for Wiki model using
4-layer configuration with 40% error rate and Tashkeela model using 2-layer

configuration with 40% error rate, respectively.
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Figure 26. Wiki Model Timing
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5.7 Comparison

We compared our results on Test200 with the ones reported in (Abandah et al.,
2021) using the Tashkeela and ATB3 datasets and BiLSTM network as shown in
Figure 28. Our Wiki transformer model achieves a CER of 0.86%, which is lower than
the 1.28% obtained by Tashkeela BiLSTM model. On the other hand, our Tashkeela

transformer model does not outperform Tashkeela and ATB3 BiLSTM models.

CER for Test200

2.0%
1.8%

1.6%

1.4%

1.2%
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0.8%
0.6%
0.4%
0.2%

0.0%

Tashkeela BiLSTM ATB3 BiLSTM Tashkeela Wiki Transformer
Model Model Transformer Model Model

Figure 28. Our Tashkeela and Wiki Transformer Models CER Results on Test200
Compared to Tashkeela and ATB3 BiLSTM Models in (Abandah et al., 2021)

5.8 Discussion

Given that the work in (Abandah ef al., 2021) uses a maximum sequence length
of 400, while in this work we use a sequence length of 300, we conducted a final
experiment to test the effects of sequence length on the obtained results. We re-trained

the Tashkeela transformer model with maximum sequence length of 200 and 400, and
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we used 90% and 40% error injection rates, since these are the best rates for
transformer and BiLSTM, respectively. The results on the Test200 are shown in Figure

29.

CER for Test200
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Figure 29. Tashkeela Model CER Results Using Various Maximum Sequence
Lengths

At 40% error injection rate, a maximum sequence length of 400 has a better
result than a maximum sequence length of 300. Yet, this result is still not better than
1.28% of the BiLSTM Tashkeela. Using a 90% error injection rate lowered CER values
for all lengths. Moreover, a maximum sequence length of 300 seems to be suitable
more than 400 and 200 for our Tashkeela transformer model at 90% error injection rate.
From these results, we can say that the maximum sequence length is not the reason
behind the performance of our Tashkeela transformer model. The main reason is the set

size that is not suitable for a transformer model that was built from scratch.
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As for Wiki model performance, we can say that using transformer model,
which accepts high rates of error injection and utilizes self-attention mechanism, is the

reason behind the good performance of the model.

5.9 Work Representation

We designed a graphical user interface to represent our work using Tkinter
library. It takes an input sentence that contains only Arabic letters with max length of
300 as shown in Figure 30. After pressing the correct button, our Wiki model will be

initialized and correct the sentence that was given as an input as shown in Figure 31.

Arabic Spelling Mistakes Corrector

da ) 3U) e Al gl b 5SS ) e 1 525 s 5 53l 4l shad 1) a4 et 50
Correct
Clear

Figure 30. Input Sentence in the Graphical User Interface
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Arabic Spelling Mistakes Corrector

sy g1 aeYl Al glay A 6S LSl e S 3350 day (5 5l Al shad Ll paans 4 el 5 il iy
Correct
Clear

A Y ) Al ghay 4158 5L 0l e S 83 g day g sl Al shad Ll s 4 syl 5 A il

Figure 31. Model Prediction after Pressing Correct Button
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Chapter 6

Conclusions and Future Work

In recent years, transformer models have proven to be powerful neural networks
that can handle many NLP tasks quite well. Spelling correction is one of these tasks
where transformers started to replace LSTM models and language models in the

correction process.

In this thesis, we implemented a machine learning approach based on the
original transformer to correct Arabic soft spelling mistakes in modern standard Arabic
and classical Arabic. We handled four types of soft spelling mistakes, namely,
confusion among hamza shapes, both shapes of alef at the end of the word, insertion
and omission of alef after waw aljamaea, and confusion among teh, teh marbuta, and

heh at the end of the word.

The previous work lacks a large annotated dataset designed for Arabic spelling
correction systems. To overcome this problem, we used artificial errors that were

generated using a stochastic error injection approach that was proposed in (Abandah et

al., 2021).

We used Wiki-40B and Tashkeela sets for training and evaluation, and Test200
set to report our results. We produced two transformer models: a Wiki model and a

Tashkeela model.

We compared our results on Test200 set with the ones that were obtained using
BiLSTM models in (Abandah ef al., 2021). Our Wiki model achieves a CER reduction

of 32.8% compared with the best BILSTM model that has been reported.
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Additionally, the Wiki model can correct 97.37% of the artificial errors that

were injected into the test set.

For future work, we suggest looking at more advanced transformer models such
as BART (Lewis et al., 2019) and TS5 (Raffel et al., 2019). These models contain
encoder-decoder architecture and may be useful in spelling correction. We also suggest
the proposed model to correct other types of Arabic spelling mistakes such as semantic

CIrors.
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