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Machine translation for low-resource languages poses significant challenges, primarily due to the
limited availability of data. In recent years, unsupervised learning has emerged as a promising
approach to overcome this issue by aiming to learn translations between languages without
depending on parallel data. A wide range of methods have been proposed in the literature to address
this complex problem. This paper presents an in-depth investigation of semi-supervised neural
machine translation specifically focusing on translating Arabic dialects, particularly Egyptian, to
Modern Standard Arabic. The study employs two distinct datasets: one parallel dataset containing
aligned sentences in both dialects, and a monolingual dataset where the source dialect is not directly
connected to the target language in the training data. Three different translation systems are explored
in this study. The first is an attention-based sequence-to-sequence model that benefits from the
shared vocabulary between the Egyptian dialect and Modern Arabic to learn word embeddings. The
second is an unsupervised transformer model that depends solely on monolingual data, without any
parallel data. The third system starts with the parallel dataset for an initial supervised learning phase
and then incorporates the monolingual data during the training process.

A machine translation system as in' uses input text in one language to translate that text into another language
automatically. Researchers have played around with various content granularities, such as sentences, paragraphs,
papers, and diverse material categories, such as text and audio. Only text-based sentence-level MT (Machine
Translation) is of interest to us in this investigation.

This paper presents a novel investigation into the application of semi-supervised neural machine translation
for low-resource languages, specifically focusing on the translation of Egyptian dialects to Modern Standard
Arabic. Contrary to many existing methods, our work leverages the potentials of unsupervised learning to
overcome the significant challenge of limited data availability associated with low-resource languages. We delve
into the exploration of three different translation systems, each with its unique approach and benefits.

The first system employs an attention-based sequence-to-sequence model, utilizing the shared vocabulary
between the Egyptian dialect and Modern Arabic to learn word embeddings. The second system takes a
completely unsupervised approach, relying solely on monolingual data, without any parallel data. The third
system is a fusion of the two, starting with the parallel dataset for an initial supervised learning phase, and then
incorporating the monolingual data during the training process.

Our approach is specifically designed to handle the unique linguistic complexities associated with Arabic
languages, as outlined in “Standard Arabic and dialectal Arabic varieties” Section. We address the issues of word

!Department of Computer Science, Faculty of Computers and Artificial Intelligence, Cairo University, Cairo,
Egypt. 2Department of Information Technology, Faculty of Computers and Artificial Intelligence, Cairo University,
Cairo, Egypt. *email: m.atta@fci-cu.edu.eg

Scientific Reports | (2024) 14:2265 | https://doi.org/10.1038/s41598-023-51090-4 nature portfolio


http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-51090-4&domain=pdf

www.nature.com/scientificreports/

concatenation, character repetition for emphasis, lexical differences between Arabic dialects and MSA (Modern
Standard Arabic), and the lack of standard orthography in dialects.
There are common types of machine translation algorithms like below,

e A rule-based?® also known as a knowledge-based machine translation system converts input text into its
equivalents by applying linguistic knowledge of the source and target languages in the form of rules.

e On the other hand, statistical machine translation® creates statistical models from a set of data (usually in
the form of a sentence-aligned parallel corpus). These models are later used to translate text from the source
language to the target language. Machine translation is currently experiencing the deep learning wave. On
language pairs like French-English and German-English, many intriguing network architectures have been
presented and have performed significantly better than the ones that preceded them. The concern is that
these models need a huge amount of parallel data.

®  Neural Machine Translation (NMT) NMT* is a deep learning approach to machine translation that uses neural
networks to model the complex relationships between source and target languages. NMT has been shown to
outperform traditional SMT methods in terms of the accuracy and fluency of the translated text.

e  Unsupervised Machine Translation (UMT) UMT?" is an innovative approach to machine translation that
distinguishes itself by not requiring parallel corpora for training. Instead, UMT models use techniques like
cross-lingual word embedding to learn how to translate text in an unsupervised manner.

o Semi-supervised Machine Translation This approach leverages both labeled (parallel corpora) and unlabeled
data (monolingual corpora) in the source and target languages, thereby combining aspects of both supervised
(NMT) and unsupervised (UMT) methods. It is designed to be flexible and adaptable, capable of making the
most out of available resources.

Standard Arabic and dialectal Arabic varieties.

As in®, Today, Arabic is by far the most commonly used Afro-Asiatic language. Arabic is a Central Semitic
language that dates back to the Iron Age. With up to 422 million speakers worldwide, 290 million of whom are
native Arabic speakers, modern Arabic is a mix of dialects. Arabic is the fifth most spoken language overall, both
in terms of native speakers and total speakers.

Classical Arabic and Modern Standard Arabic are the two recognized standard dialects of the Arabic language.
The Quran is written in classical Arabic. The early Islamic era saw significant spelling alterations, including
adding dots to separate letters and diacritics to denote short vowels. Modern Standard Arabic (MSA), one of the
six official languages of the United Nations, was created from Classical Arabic in the early nineteenth century to
become the standardized and academic variant of Arabic.

Colloquial Arabic, another name for dialectal Arabic, describes a variety of regional dialects that developed
from Classical Arabic, sometimes separately from one another. They have been greatly impacted by the native
tongues that predated Arab conquest and coexisted with Arabic afterward. For instance, Levantine, Egyptian,
and Moroccan cultures were affected by Aramaic and Syrian, Coptic, and Berber, respectively. Additionally,
because most of these territories were occupied by foreign nations, the dialects of Turkish, French, English,
Italian, and Spanish were all impacted to differing degrees. These influences caused significant differences across
Arabic dialects, to the point that some varieties—like the Maghrebi dialects, for instance, are unrecognizable
to a speaker of an Egyptian dialect.

Challenges in Arabic dialects

Current Arabic is a collection of varieties, which include Modern Standard Arabic (MSA), which has a standard
orthography and is used in formal contexts, and Dialectal Arabic (DA), which also are commonly used
unofficially and have a growing presence on the internet.

Overview of Arabic Varieties
Arab dialects differ from one Arab country to another, and even within the same country, significant differences
exist®; There are huge differences between Arabic dialects, to the point where some varieties, such as Maghrebi
dialects, are unintelligible to Egyptian dialect speakers.

Many difficulties are shared between Arabic dialects and Modern Standard Arabic. complex words like The
repeating linguistic practicing of concatenating and dropping letters to combine multiple words, as in the case
of the word ‘ slyl=e” and the use of emoticons and character repetition for emphasis ‘Jsssso!””. Also, several words

> ¢

found in Arabic dialects do not have the same meaning as those found in MSA. Like ‘e M) e

Linguistic challenges
Due to the morphologically rich language of Arabic, natural language processing of Arabic faces many
challenges®, There are also differences between dialects and Arabic because there is no written set of grammar
rules. As an example, there is no standard orthography in dialects, so every dialect spells the same word differently
like (4w, 4350, sLs) for water.
The substitution of specific letters. For example, the interdental sound of the letter  is frequently replaced
by either o or ., as in s “much,” and the glottal stop is reduced to a glide, as in ;> “possible.” turned to ;.- 7
Also, the ambiguity caused by the use of diacritical marks, known as Tashkil in Arabic, changes the meaning
of the same word. Another feature is a misspelling in dialect as they spell differently in MSA; for example, the
word gold can be written as (w»3) in MSA and as (»s) in EGY’.
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This paper is organized as follows: “Related work” Section describes, in brief, the related work of translation
of Egyptian Arabic to modern Arabic, it discusses different translation algorithms. “Description of our Egyptian
dialect—standard Arabic datasets collection method” Section describes the data used in our translation models
and how we collected it. “Models Architectures” Section describes the different deep learning architectures we
have used in our experiments. “Defining measurement tool—Bleu Score” Section describes the metric used to
measure our model’s accuracy (Bleu). “Results” Section describes the results of the experiments and how our
machine translation is good in our problem and the tools we used in the experiments. “Conclusion” Section
describes the conclusion of our work and our expectation for the future.

Related work

Machine translation is a challenging task especially unsupervised learning where the goal is to learn to translate
between languages without any parallel data. While the field is relatively new, there have been several works
exploring different approaches to address this problem. Here are some of the related works in Arabic Dialectal
machine translation and unsupervised machine translation related work:

Arabic machine translation related work

In this paper®, They are proposing algorithms that try to overcome the limitations of low-resource languages
and apply them to translate Egyptian dialects (EGY) to Modern Standard Arabic (MSA). For both MSA and
EGY, monolingual corpora were collected, and a relatively small parallel language pair set was created to train
the models. Because it requires monolingual data rather than a parallel corpus, the proposed method employs
Word embedding. To create word vectors, both Continuous Bag of Words and Skip-gram were used, Word2vec
by'?. Using a four-fold cross-validation approach, the proposed method was validated on four different datasets
with the highest score of Egyptian Arabic to standard Arabic 25.35 bleu score.

This paper!! recommended a generic method for converting an Egyptian colloquial (Egyptian Dialect) Arabic
sentence to a vocalized MSA sentence. They were using a statistical approach to tokenize and tag Arabic sentences
automatically. As well as a rule-based approach for producing the target diacriticized MSA sentence.

The work was assessed using a dataset of 1 K Egyptian dialect sentences (800 sentences for training and
200 sentences for testing). Converting Egyptian Colloquial Arabic words into their corresponding MSA words
yielded an accuracy of 88 percent.

In this paper'? They presented a rule-based strategy for generating Colloquial Egyptian Arabic from modern
standard Arabic, and they provide an application case to the Part-Of-Speech (POS) tagging task, for which the
accuracy was improved from 73.24 percent to 86.84 percent on unobserved CEA text, and the percentage of
Out-Of-Vocabulary (OOV) words was decreased from 28.98 to 16.66%.

This paper'® presents ELISSA, ELISSA is a DA-to-MSA machine translation (MT) system. To generate MSA
paraphrases of DA sentences, ELISSA employs a rule-based approach that relies on morphological analysis,
transfer rules, and dictionaries, in addition to language models. When using MSA NLP tools, ELISSA can be
used as a general preprocessor for DA. It was shown that 93% of MSA sentences.

Produced by Elissa were correct. Elissa was used for pivoting through MSA in a dialect-English MT system,
and the BLEU score improved by 0.6 to 1.4%.

In this paper'* A rule-based method based on a linguistic model was employed to translate the Moroccan
dialect into MSA. The system is based on morphological analysis using the Alkhalil morphological analyzer",
which has been modified and extended to include Moroccan dialect affixes, as well as a bilingual dictionary
(created using situations from television shows and data gathered from the internet). The text is examined and
divided into annotated dialect units following an identification process that separates dialectal data from MSA.
These outputs are connected into one or more MSA corresponding units by utilizing the bilingual dictionary.
The most fluid MSA sentences are created by passing the generated MSA phrases through a language model.

Supeervised and unsupervised MT related work

In this paper’® the authors outline a research project that aims to tackle the challenge of machine translation
for Arabic dialects. The authors draw a distinction between rule-based and statistical machine translation, and
highlight the issue of dialects being less effectively translated compared to standard or modern Arabic. To address
this problem, they introduce the Idea of “automatic standardization,” which uses machine translation methods to
generate standard Arabic text from a dialect input. The authors opt to use statistical models for this approach, as
developing linguistic rules for each dialect is challenging. The ultimate goal of the study is to combine automatic
standardization software with automatic translation software to produce high-quality translations of Arabic
dialects. Additionally, the authors suggest that this could have educational implications, such as facilitating
comprehension of various Arabic dialects by transforming dialectal text into standard Arabic.

In the realm of unsupervised learning for machine translation, significant strides have been made. For
instance,

This paper'” further advanced the field of unsupervised machine translation by proposing a method that
exclusively uses monolingual corpora to learn translations between languages. Rather than relying on parallel
corpora, their approach leverages monolingual data, which is often more abundant, particularly for low-resource
languages. This method underscores the potential of monolingual corpora in enhancing machine translation for
languages with limited parallel data.

In the domain of unsupervised learning for machine translation, novel methodologies have been proposed
to address the challenges associated with low-resource languages. A significant contribution in this field is the
work in this paper'8, who put forward an unsupervised neural machine translation approach that capitalizes on
weight sharing. This innovative technique does not depend on parallel data, which is often scarce for low-resource
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languages, but instead learns translations between languages by sharing weights across different layers of the
neural network. This approach demonstrates the potential of unsupervised learning techniques in reducing the
data requirements and enhancing the scalability of machine translation systems.

Human participation

Human participants were involved in the data collection process for our study. Using a Google Form, they pro-
vided a few translations examples from Egyptian Arabic to Modern Standard Arabic. Following this, another
individuals reviewed these translations for accuracy, making necessary corrections. This human involvement
ensured the high quality and reliability of our collected data, these collected data is around 5% of human par-
ticipants the rest is by me.

Description of our Egyptian dialect—standard Arabic datasets collection method

We have collected two datasets the first one is the two monolingual Egyptian Arabic and standard Arabic datasets,
The second one is the parallel corpus of Egyptian Arabic to standard Arabic, in this section we will explain

how we collected the datasets.

Egyptian dialect and standard Arabic monolingual corpora

We started collecting Egyptian Arabic dialect data from several different sources on the Internet, such as the
social networking site Fatakat, Facebook, and Twitter, and we were able to collect more than 15 million sentences
and perhaps more from social networking sites, each sentence ranging from five words to 50 words.

Also, we have begun to collect data from the modern Arabic language from official pages such as national
newspapers, for example, the Al-Youm Al-Sabaa website, and from Wikipedia documents in Standard Arabic.
We have been able to collect up to 20 million sentences, and each sentence ranges from ten to 50 words More
statistics are shown in Fig. 1. That introduce information about the dataset used in our experiments.

Egyptian dialect and standard Arabic parallel corpus

We have collected our parallel data set of Egyptian dialect and modern Arabic, and we have translated more than
40,000 Egyptian colloquial sentences into modern Arabic using social communication methods and our friends,
and Arabic language teachers to help us translate these sentences. To speed up the translation process from
Egyptian dialect to Standard Arabic in the unsupervised setting. A few examples are shown in Table 1 Above.

Models architectures

In this section, we will present our Egyptian—Standard Arabic machine translation methods, the first sys-
tem is the Supervised Sequence-to-Sequence RNN with node type LSTM") Encoder-Decoder with Attention
Mechanism?’. (RNN), a class of artificial neural networks where connections between nodes form a directed
graph along a temporal sequence. The second mechanism is an Unsupervised Encoder Decoder?'. The last one is
the combination of Supervised and Unsupervised mechanisms, a parallel corpus of Egyptian Arabic to standard
Arabic is used to boost the quality of the model then continue with the unsupervised settings.

In our research, we employ a Transformer-based Neural Machine Translation (NMT) model, renowned for its
proficiency in handling machine translation tasks, notably for low-resource languages. The architecture includes
a three-layer encoder and decoder, capitalizing on an attention mechanism to concentrate on distinct segments
of the input sentence while formulating the output sentence.

The chosen hyperparameters include an embedding dimension of 512, a standard size for Transformer
models. To enhance the model’s generalization ability and reduce its complexity, parameters between the encoder
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Figure 1. Number of sentences of combined Egyptian and Standard Arabic.
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Table 1. Egyptian to standard Arabic sample pairs.

and decoder’s initial three layers are shared. This sharing extends to language embeddings, output embeddings,
encoder-decoder embeddings, and decoder pre-output embeddings.

For training, we utilize all available sentences in both monolingual and parallel datasets. We apply regulari-
zation via word shuffling, dropping, and blanking during training. Optimization is achieved using Adam with
a learning rate of 0.0001, and cross-entropy loss weights are adjusted throughout training. We conduct our
training with a batch size of 16 and limit each epoch to 500,000 iterations. Additionally, we maintain a maxi-
mum sentence length restriction of 100 tokens during training. We trust that these methodological choices and
hyperparameters provide a comprehensive understanding of our approach and serve as a valuable reference for
future work in this area.

A detailed description of every mechanism in the rest of the paper.

Supervised sequence-to-sequence LSTM encoder-decoder with attention for
Egyptian-standard Arabic translation

The central concept of LSTM" is the use of a special memory to control how much information is passed or
blocked from the recurrent neural unit. The memory cell is made up of three gates (input gate, memory gate,
and output gate)?.

With the problem of bias of context vector in RNN to the last words in the sentences. And the vanishing
problem of the long words, the Attention mechanism* appears As depicted in Fig. 2 to solve this problem and
help the decoder part to predict the next word in long sequences as the decoder utilizes the context vector of the
encoder (the encoded vector) and the weighted sum of the hidden states of the words in the source language.

We trained the LSTM" model (normal RNN) with 4 layers in the encoder and 4 layers in the decoder with a
learning rate of 0.001, batch size of 16, and the dimensionality of embedding is 512 with the same configuration
in several hidden nodes in the hidden layers.

The same setting was applied with 300-word embedding and 300 hidden neurons in every hidden layer.

Unsupervised encoder-decoder approach for Egyptian-standard Arabic translation

According to* They proposed a translation model comprised of an encoder and a decoder, with the encoder
responsible for encoding source and target sentences to a latent space and the decoder responsible for decoding
from the latent space to the source or target domain. In addition, they use a single encoder and decoder for both
domains®. The only difference when applying these modules to different languages is the choice of lookup tables
as we depend on BPE byte pair encoding according to* which has two major benefits: they reduce the size of the

Decoder

Long-range dependency
Attention

X X X3 Xg

Figure 2. RNN encoder-decoder with an Attention mechanism.
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vocabulary and eliminate the presence of unknown words in the output translation. Second, rather than learning
an explicit mapping between BPEs in the source and target languages, we define BPE tokens by.

Processing both monolingual corpora concurrently. If two languages are related, they will naturally share a
large number of BPE tokens.

This section details an unsupervised machine translation algorithm designed to facilitate translation between
Egyptian and Standard Arabic, particularly useful where parallel corpora are limited. The algorithm utilizes an
Encoder-Decoder model combined with Byte Pair Encoding (BPE) to manage the vocabulary size and eliminate
unknown words, while processing both monolingual corpora concurrently to leverage shared linguistic features.

The algorithm of training unsupervised machine translation as in Fig. 3 below,

(1) Append the monolingual corpora to one corpus.
(2) Apply BPE tokenization on the resulting corpus.
(3) On the same corpus, learn token embedding as in'’.
(4) Learn two language models the first one to translate.

Egyptian Arabic sentence from a noisy Egyptian sentence, the second to translate a modern Arabic sentence
from the noisy version of it using auto-encoder architecture as described in the below paragraph, the encoder
encodes a noisy version of a sentence and the decoder decodes the output of the encoder to the original sentence.

(1) Using the learned language models, learn two initial.

Poor translation models one From Egyptian to Arabic.
And the other from Arabic to Egyptian.

(2) Tterate over the monolingual sentences of the two corpora

(a) Pick arandom Egyptian sentence from the monolingual Egyptian corpus.

(b) Generate Arabic sentences from Egyptian sentences using the initial Egyptian- > Arabic translation model.

(c) Pick arandom Arabic sentence from the monolingual Arabic corpus.

(d) Generate an Egyptian sentence from the picked Arabic sentence using the initial Arabic- > Egyptian Trans-
lation model.

(e) Train the translation models (Egyptian- > Arabic and Arabic- > Egyptian) using the generated sentences
from the previous translation step.

Autoencoders are a type of artificial neural network used for learning efficient codings of input data as in*,
typically for the purpose of dimensionality reduction or denoising. They work by encoding input data into a
compressed representation, and then decoding this representation back into the original format. The aim is
to minimize the difference between the original input and the reconstruction, often using a loss function that
measures this difference.

In the context of your unsupervised machine translation model, the autoencoder is used to learn language
models for Egyptian Arabic and Standard Arabic. The encoder part of the autoencoder takes a noisy sentence
as input and encodes it into a latent space. The decoder part then attempts to reconstruct the original sentence
from this latent representation. Through this process, the autoencoder learns a mapping from sentences to a

Arabic Corpus

Egyptian Modern Arabic
Corpus

N

Merged
Corpus

l

Translation
Alogrithm

backpropagate the
error of s1 and s1’

Apply BPE

transiate

n " learn transiate
v ick e tian Modern Arabic .
Apply BPE p it Egyptian Arabic s1

Tokenization

language | —  ontence s1 . Sentence o1
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Figure 3. The unsupervised learning part begin by joining the corpus Then preprocessing it after that BPE
Tokenization applied At the end the process of unsupervised learning begins.
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compressed representation and back that captures the underlying structure of the language. The learned repre-
sentations can then be used as a basis for translation between the two languages.

Hybrid approach: Combining supervised and unsupervised mechanisms for Egyptian-standard
Arabic translations
The main contribution of this work is the use of the unsupervised technique with the supervised one.

A subset of machine learning is semi-supervised learning, It refers to a learning problem (and algorithms
created for the topic) where a model must learn from a limited number of labeled instances and a large number
of unlabeled examples to generate predictions about new examples.

It is directly applicable to a variety of real-world problems* when labeled data production is very expensive
and only a small number of labeled training points are accessible, but a big number of unlabeled points are
provided.

We first speed the learning of the model with labeled data (40 thousand sentence pair) after that the model
start unsupervised learning as in Fig. 3.

Defining measurement tool—Bleu score
Bilingual evaluation Understudy is what BLEU? stands for. It is a metric used to assess the text quality produced
by a machine by contrasting it with a reference text that was intended to be produced. Typically, a manual evalu-
ator or a translator creates the reference text®.

Machine translation reviews by humans are accurate but expensive. Human evaluations might take months
to complete and require disposable human labor.

We decided to use BLEU Score for evaluating automatic machine translation that is quick, affordable, and
language-independent, has a strong correlation with human review, and has a low marginal cost per run.

As Machine Translation is one of the use cases of the BLEU Score as it determines how closely the model-
generated translation adheres to the source language.

Bleu Formula as in*:

In the Bleu score, we calculate the number of correct predicted n-grams/Number of total predicted n-grams
from 1-g through n-gram.

And give a penalty to the short predicted sentences as below in Egs. (1) and (2).

BLEU = BP % exp(1/n x (log(p_1) + log (p_2) + - - - + log(p_n))) (1)

BP = min(1,exp(1 — reference_length/output_length) ) ()

where BP is the brevity penalty, which is a correction factor that reduces the score for translations that are shorter
than the reference translations.

N is the maximum n-gram size considered in the evaluation.

p_1l, p_2, ..., p_n are the n-gram precisions, which are calculated as the ratio of the number of matching
n-grams in the machine-translated output to the total number of n-grams in the output.

To quantitatively evaluate our models, we used BLEU score?®, which is a commonly used metric for machine
translation. BLEU score compares the output of a machine translation system against human (reference) transla-
tions, with a higher score indicating greater correspondence. It calculates n-gram precision between the candidate
and reference translations, along with a brevity penalty for shorter output. BLEU score provides an automated
way to evaluate translation quality and has been shown to correlate well with human judgements. Consequently,
we report BLEU scores to compare the performance of our different models.

Results

Throughout this study, an extensive range of experiments were conducted to investigate the optimal neural
machine translation (NMT) system for the Egyptian dialect of the modern standard Arabic language. Various
network architectures, learning rates, and encoder-decoder configurations were explored and compared, as
detailed in section IV.A, to identify the most promising parameters. Three distinct models, namely the super-
vised setting, unsupervised setting, and semi-supervised setting, were thoroughly examined to determine their
effectiveness in handling the translation task.

The supervised setting involved training the network on a dataset consisting of 40,000 manually prepared par-
allel sentence pairs, covering both the Egyptian Arabic and modern standard Arabic languages. The unsuper-
vised setting, on the other hand, relied on training the network using approximately 20 million monolingual
sentences in both languages, which were sourced from websites such as Wikipedia and other online resources.
The semi-supervised setting sought to combine the advantages of both supervised and unsupervised learning by
balancing the need for parallel data and the demand for larger monolingual datasets.

A meticulous evaluation of the models using BLEU scores, as presented in Tables 2 and 3, revealed that the
semi-supervised setting outperformed the other approaches. Furthermore, Table 4 showcases examples of the
output generated by the system, comparing the translations with reference sentences to provide a better under-
standing of the system’s performance.

In light of the comprehensive analysis conducted in this research, it can be concluded that the semi-supervised
approach is the most effective strategy for the development of an NMT. system specifically designed for the
Egyptian dialect of the modern standard Arabic language. This finding not only contributes valuable knowledge
to the field of NMT but also has the potential to significantly enhance the translation quality for this particu-
lar language pair.
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Training data RNN (LSTM) with attention | Transformers settings
Supervised Settings, 40,000 parallel sentences paired in Egy and Modern Arabic 19 Point 19.07 Point
Unsupervised Settings, 20 million sentences of monolingual corpora in both Egy and Modern Arabic 12 Point 14 Point

Supervised + Unsupervised Settings, In both datasets, the first is 40,000 parallel sentences paired in Egy and Modern Arabic,
and the second one is 20 million sentences

22 Point 24 Point

Table 2. MT results on Egyptian—standard Arabic—300 word embedding.

RNN (LSTM) with
Training data ATTENTION Transformers settings
Supervised Settings, 40,000 parallel sentences pair in Egy and Modern Arabic 22 Point 24 Point
Unsupervised Settings, 20 million sentences of monolingual corpora in both Egy and Modern Arabic 18.7 Point 18 Point
Supervised + Unsupervised Settings, In both datasets, the first is 40,000 parallel sentences pair in Egy and Modern Arabic, . .
X ety 25 Point 29.5 Point
and the second one is 20 million sentences

Table 3. MT results on Egyptian—standard Arabic—512 word embedding.

Index Egyptian English Reference Generated
0 Llass s M il Jo Can you really do it? i Lyled mahares o Wy el i g Jo
1 Shib Y Gusls oSas Can you help me find my bag? el ol @ Basla da Giial o ystsll § Guslus Sg o
2 ol ol @ This is the best thing cb dozl 5 s csb dozl 5 s
o L You are very smart, Gamal, you L L o .
3 azle IS Byle Sl Joz L oz §3 &3 knoweverything dysi e IS L oz b e $3 ) et JS By il olel Jboo b oz §3
4 Bowsd Bymiy Do you know how to drive? 3Ll S Jo o3l S o
5 oaslus gl glize Do you need any help? oaslua ol 15 U o b suslus ¢l gl o
. L China is striving hard to reverse
6 ’“I”J' J;:;: N "L:T L““'?__JS‘* ‘?’ ﬁ‘ the traditional growth model that | il gudisl seil g3sé oSl ouale ipall doss | s3I Galit] sadl 354 puSa) ouale Geall o
":gffjm 5 Shstal e azme I oo relies on exports and large capital | oSl alloull @libly Ghslall e taze oS alol ) ylils Oholall e aeisy
o projects
When a person realizes they’ve
7 gl puis § 3V gassl @il Byle 355 sl U | been deceived, they must at the 456 o3lel aule iz g oase @) pasdl] elay Losis| oolel dile ) 9o @il pasdl] aly Lois
e (e dudadisd] bl dyyz5 e Sk same time assure themselves of olodl § adidiod] aiy 25 olodl § dudiadiod] 25 A

experiencing real life anew

Table 4. Sample of system output with a comparison of reference sentences.

Conclusion

In this study, we have addressed the unique challenge presented by Arabic dialects, such as the Egyptian
dialect, which do not possess the systematic rules found in modern standard Arabic. To overcome this issue, we
explored the application of advanced deep learning techniques, aiming to investigate potential mathematical
solutions through the use of deep learning methodologies. Our research involved experimenting with three
distinct deep learning approaches, including supervised, unsupervised, and semi-supervised techniques. The
semi-supervised method, in particular, focused on training the model with parallel corpora initially, followed
by further learning using monolingual corpora.

The supervised approach involved training a model with a dataset consisting of parallel sentence pairs in both
languages. The unsupervised approach involved training a model using monolingual sentences in both languages.
The semi-supervised approach combined the strengths of both supervised and unsupervised learning, starting
with training on parallel corpora and then further learning with monolingual corpora.

From our experiments, we found that the semi-supervised learning approach outperformed both the super-
vised and unsupervised approaches as per the results above Table 3. This demonstrates the effectiveness of
combining both labeled (parallel corpora) and unlabeled data (monolingual corpora) in the training process. It
also shows that our work successfully managed to leverage the potentials of both supervised and unsupervised
learning for the task of machine translation in this context.

To mitigate the problem of out-of-vocabulary words, we incorporated byte pair encoding during the word
embedding phase, ensuring a more comprehensive representation of the language. We conducted a series of
experiments with various models, ultimately discovering that the semi-supervised technique consistently
achieved the highest BLEU scores compared to both the supervised and unsupervised methods. This improved
performance was attained by training the system on parallel corpora consisting of the Egyptian dialect and
modern standard Arabic.
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In terms of future work, we are determined to enhance the system’s performance through two primary
strategies. Firstly, we will delve into the potential of the GPT architecture, as referenced in?’, to further improve
translation quality. Secondly, we aim to expand the Egyptian dialect—modern standard Arabic dataset by incor-
porating a wider range of complex sentences, thereby enriching the training data available for the model. In
addition to these strategies, we are interested in extending our research to include experiments on other Arabic
dialects, such as Moroccan Arabic and Algerian Arabic, with the goal of broadening the scope and applicability
of our findings to a more diverse set of language pairs. By pursuing these avenues, we hope to make a significant
contribution to the field of neural machine translation for Arabic dialects and beyond.

Data availability

The datasets generated during the current study are available to download though the first author email. The
source code is available from the corresponding author on reasonable request at the following link https://github.
com/mohamedatta93/EGY_MSA _Translation.git. We confirm that all experimental protocols were approved by
the Faculty of Computers and Artificial Intelligence—Cairo University. We confirm that all methods were carried
out in accordance with relevant guidelines and regulations. We confirm that we obtained informed consent from
all subjects involved in the study.
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