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Abstract

Text Generation using Generative Adversarial Networks (GANs) has been successful in domains such as sentiment analysis using
Sentimental GAN (SentiGAN) model. We adopt a similar model to generate sentences for five regional Arabic dialects (Egypt,
Gulf, Maghreb, Levant, and Iraq). The objective is to overcome the scarcity of richly annotated Dialectal Arabic (DA) datasets by
automatic generation of such corpora. The DA generation process for a specific dialect, relies on a generator to create new text, and
a discriminator to evaluate that text, with a dynamic update that will allow the process to run automatically without supervision.
Novelty and diversity are the two metrics used to verify the consistency and quality of the generated DA text before enriching the
sought datasets. Experimental results confirm the reliability and value of the generated datasets when tested by different classifiers.
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The Generative Adversarial Networks (GANs) were introduced some years ago by Ian Goodfellow [10], the gen-
erator objective is to learn the common features for images in a dataset and generate new images of similar features,
while the discriminator job is to validate and classify these images as real or fake. Despite being thought for im-
age generation, the adversarial algorithm has been successfully deployed with different types of data such as text
[7, 11,26, 28] and sounds [9, 27].

Based on the training process, one of the most recent works in text generation is SentiGAN [26], which was
implemented and applied on several datasets, presenting good results in terms of quality, novelty, and diversity for
the generated sentences. However, it still has many limitations like the number of sentiments that can be generated
simultaneously by the generators, or the maximum allowed number of words required to obtain acceptable results.

The dataset used in this work is divided into five different regions, represented by different classes, each of which
corresponds to a different dialect. We utilize a SentiGAN-like model to populate low-resource dialects. However, we
used one generator per class instead of multiple generators. This change has several consequences that are going to be
discussed further, but the results obtained were remarkable considering the metrics and classification results. Being
the mother tongue of a population of more than 460 million [1], the Arabic language is the official language in 22
countries located primarily in the Middle East and Africa. Within each country, there are variations from the source
Arabic language projected as different dialects that can be classified at city, country, and regional levels.

In this work, five regional dialects (Egypt, Gulf, Maghreb, Levant, and Iraq) are considered due to their represen-
tative coverage among the stated population. The objective here is to build richer datasets for DA that maintain the
main features of the original colloquial text, while generating diverse novel sentences. To the best of our knowledge,
this is the first work that uses GANSs to generate dialectal text.

The remainder of this paper is organized as follows. In Section 1, we describe previous research work on the subject.
Next, we describe the dataset and the generator model in Section 2. In Section 3, we demonstrate the experimental
results. Finally, we conclude our research in Section 4.
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1. Related work

The first works on text generation were based on Recurrent Neural Networks [19]. However, RNNs-like models
suffer from bias exposure, [3], and the ill-suited loss function for the sentence generator. Similarly, other approaches
such as Bidirectional Encoder Representations from Transformer known as BERT [8], and Generative Pre-trained
Transformer else known as GPT-2 [6] and GPT-3[5], and despite their successful utilization for English language and
superior performance compared to RNN for tasks like classifications and machine translation [21], they suffer from
different structural and algorithmic limitations highlighted by the authors and else where [30, 25] in addition to the
large dataset often required for training. Therefore, GANs were proposed as a solution for the stated problems and
for being better suited for the scope of this work.

Some of the early GANs examples used for text generation are SeqGAN [28], RankGAN [17], MaliGAN [7] and
LeakGAN [11]. For this work, we adopt SentiGAN [26] that uses an LSTM layer [13] as a generator, while the
discriminator is a Convolutional Neural Network (CNN) [16] with proven effectiveness in text classification [29].

Furthermore, the generator is also optimised using policy gradient methods which incorporate signals from the
discriminator.

There are limited works that have been dedicated for Arabic text generation, a good example was presented by
Souri in [22], which uses an RNN and some criteria of the Arabic language that help the network to improve the
quality of the output. A different perspective was explored by Ismail in [14] that is based on a semantic representation
of the language, and most recently AraGPT2 [12] where a combination of BERT and GPT-2 were used for modern
standard Arabic.

Despite being relatively new, research on dialectal Arabic certainly continues to gain momentum. The focus here
is on generating dialectal Arabic text, so for detection and classification, we refer the reader to a recent survey [20]
and further examples of robust classifiers used for dialectal Arabic on Colloquial Arabic datasets [18, 15].

2. Datasets and Generative Model
2.1. Datasets

The original dataset for the Arabic language used is called MADAR [4], which covers the dialects for 25 cities
from the Arab World, created by translating selected sentences from the Basic Travel Expression Corpus introduced
in [23]. The regional datasets were compiled by collecting several sources of data from the cities that makeup a
specific regional dialect. In order to prepare the datasets for training the GAN, every sentence is cleaned and limited
to a minimum length of 2 words and a maximum of 18.

The punctuation marks (Latin and Arabic), Latin characters and numbers were removed from the sentences. As
mentioned earlier, the regional group comprising of 5 specific datasets: Egyptian, Gulf Arabic, Maghrebi, Levantine
and Iraqi. The statistics of sentences for the five regional dialects are shown Figure 1.

2.2. GAN Model

SentiGAN [26] was designed to generate different sentiments by using multiple generators and one discriminator.
Although, such architecture is limited by the number of sentiments and maximum words in a sentence, high-quality
output was reported in the paper while working with 2 sentiments and a maximum of 18 words per sentence. In this
work, 5 dialects are used instead of 2, therefore, we chose to treat each dialect independently having a total of 5
generators/discriminators working independently on each specific dialect, without cross-groups mixing.

A general diagram of the model adopted can be seen in Figure 2, followed by the implemented algorithm for the
multiple discriminators.

Nonetheless, the improvements and differences between SentiGAN and other GANSs for text revolves around the
objective functions and penalties briefly explained below.
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Fig. 2. General architecture of the GAN for k independent dialects.

Penalty instead of reward for the discriminator.
A difference between SeqGAN and SentiGAN is the use of a penalty function instead of a reward for the discriminator,
which helps to generate a larger variety of sentences, the original reward function was D;(X!; OZ]) changed by the
penalty in Eq. 1, the use of this function will be shown in the next subtitle.

Vi (x =1 - Dy(x: 6 (1)

Generator objective function.
One of the most difficult problems that appear when dealing with GANs is the mode collapse of the generator [24].
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Such issue is manifested by the generation of an output without any changes through epochs. Even if the discriminator
is fooled, the quality of the output is normally very low in quality and variety.
A partial solution for this problem is changing the loss function [2]. A modified version of this function is used for
the generator in SentiGAN, Eq 2.
Jo,(X") = Gy(x;]

t+1

|St+l 9[1]) V )(S[l]’xil]) (2)

[i]

The generator is trained to generate a sequence X;., = {X [

e
given vocabulary C. G;(X,, {4 1S [, 9[”) means the probabihty that selecting the (¢t + 1) word depends on the previously

generated words (its current state), denoted as S, L = = (X}, W . x [’]} VG‘(S L, Xt[i]l) is the penalty for a sequence Xj.41,

which is calculated by the discriminator. Finally, the objective of the i’ generator G;(X [’Jl IS; [ Gm) is to minimize the
value in Equation 1. In this work, each generator is updated with its own penalty and has its own gradients. The X'
represents a token that belongs to the i dataset. As for the discriminator, the loss function to be reduced is shown in
Eq 3.

¢ m} where X” represents a word token in the

IpO)) = = Exin_pi 10g (Dt (X3 6)) = Eyua_psi log(Di(X1™; 611 3)

Where Pg] is the text generated by the i generator, Pl represents the real texts from the respective dialect.

Another important change made by SentiGAN to the original GAN is the addition of pre-training on both, the
generator and discriminator as detailed in the algorithm below. The generator is trained by using the Maximum Like-
lihood Estimation (MLE), while the discriminator is fed with real sentences from the dataset and fake examples from
the previously pre-trained generator. This is a common technique to speed up the training process. However, it tends
to mode collapse if the discriminator is over-trained.

Algorithm 1: Adversarial training with multiple discriminators

Input: Input noise z; Generators G;(X|S 0[’])( _1, ; Discriminators D;(X i, 9[’]) Real text dataset with the k
dialects, T =T4,...,T1» A
Output: Well trained generators, G;(X'!|S; Hl[fi])iijii
1 foriin[l:k]do
Initialize G; and D; with random weights
Pre-train G; using MLE on T
Generate fake texts F; using G;
Pre-train D;(X!7; 01[;]) using T;, F;;
while GAN is not converging do
for g-steps do
Generate fake texts using G;(z; 6’};')

e % N S U A W N

Calculate penalty Vglf

| Update G;(z; Hg]) by minimizing Eq. (2);

11 for d-steps do

12 Generate fake texts using F; using G;(X!|$!/); 6l
13 | Update D(X; 951) using 7; by minimizing Eq. (3);

[y
>

3. Experiments

The generative process provided many different sentences of different lengths. To show the effectiveness of the
algorithm, we explore a subset of 2 sentences generated in different regional Arabic dialects. To have comparable
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results, all selected examples are on the subject of reserving a room in some hotel. The generated sentences, in Table
1, reflect the use of specific words from each dialect, which makes it easy to identify each source region; superb
performance.

Table 1. Sample sentences from each regional dialect.

Region Regional Dialectal Sentence
EGY Uy syl ple

i e 201 &R S r(
GLF podl o> B BT

OLE Gl G B2 2l s
MAG Sl el 3 Jbs 640
Mae &2 Cuny
LEV e S e O B o
AT sl G2 dus 3
Al | £ B )

CU/" dgels sy 0 B8

IRQ

The number of possible generated sentences was limited by the number of sentences in the dataset. The main
reason behind this is the use of independent generators and discriminators, in order to avoid the possibility of mixing
common features between the dialects. The generated sentences are added to the original datasets to enrich each single
dialect-set by well annotated sentences. Achieving this objective enables the extension of each dataset. However, the
next step is to measure the novelty and diversity of the newly added sentences.

3.1. Novelty and Diversity

Novelty evaluation is carried out to ensure that the generator is creating new sentences instead of copying the
ones in the dataset. It is an independent metric that cannot be measured by the fluency or logic in the sentence. This
measure, [26], is expressed as follows:

i
Novelty(S;) = 1 - max{e (S, C)VZ{ @)
Where C is the sentences set, ¢ is the Jaccard similarity function and §; is a generated sentence.
On the other hand, diversity measures how different are the generated sentences from the original ones in the same
dataset. Given a collection of generated sentences, S, we define the diversity of sentences S; as follows:
. . i=IS |, j#i
Diversity(S;) = 1 — max{¢(S;, S ,)};.:'1 hi#i (5)
The average results for novelty and diversity are shown in Table 2, in both cases a higher value means more novel and
diversified sentences, and the demonstrated results are encouraging for building a new dataset.

Fluency however, is a difficult metric to obtain. It is mainly used to determine if the sentence has the right meaning.
Such metric is usually evaluated by human readers.

Another test to verify the effectiveness of the generated datasets is to build classifiers and test if they can predict
the correct dialect for a given sentence. This would confirm whether the dialect-specific features were kept through
the generation process. This will be discussed next.

3.2. Classification

We implemented four different classifiers, which are: Support Vector Machines (SVM), Multinomial Naive Bayes
(MNB), Long-Short Term Memory network (LSTM), General Deep Neural Network (DNN), and Convolutional Neu-
ral Network (CNN). The models were trained and validated 4 times, covering the following scenarios:
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Table 2. Mean values of novelty and diversity (originals — generated) metrics.

Dialect | Novelty Diversity
EGY 0.770 | 0.594 — 0.400
GLF 0.771 | 0.579 — 0.399
MAG 0.771 0.617 — 0.427
LEV 0.768 | 0.636 — 0.406
IRQ 0.794 | 0.632 — 0.488

Table 3. Classification results of the 4 experiments on the testing datasets.

Classifier 1st 2nd 3rd 4th

Loss | Acc. (%) | Loss | Acc. (%) | Loss | Acc. (%) | Loss | Acc. (%)
SVM 0.46 83.35 0.45 83.02 0.26 90.20 0.26 90.65
MNB 0.54 84.50 0.52 84.38 0.39 92.12 0.36 92.38
DNN 1.17 81.75 0.80 82.15 0.44 91.20 0.65 89.95
LSTM 1.30 81.63 1.28 82.73 0.62 90.93 0.61 90.55
CNN 1.28 82.17 1.16 82.65 0.54 90.18 0.72 89.42

1" scenario: Trained and validated on original sentences; tested on original sentences.

2" scenario: Trained and validated on original + generated sentences; tested on original sentences.
37 Scenario: Trained and validated on generated sentences; tested on original sentences.

4" Scenario: Trained and validated on original + generated sentences; tested on generated sentences.

The 1% scenario shows the initial expected performance for a classifier trained only using the original dataset. This
information is helpful to study the impact of adding the generated sentences (2’ scenario). Similarly, we study the 3"
and 4 scenarios but testing on the generated dataset.

It should be noted that the amount of available data for regional dialects is satisfactory for building robust classifiers.
However, our aim here is to study the quality of generated sentences. Therefore, we created a dataset that is composed
of original and generated sentences. We have conducted the following experiments:

o [ experiment: 10000 original sentences per regional dialect for training and validation; 1000 original sentences
per class for testing.

o 2" experiment: 5000 original and 5000 generated sentences per regional dialect for training and validation;
1000 original sentences per class for testing.

o 3" experiment: 10000 original sentences per regional dialect for training and validation; 1000 generated sen-
tences per class for testing.

o 4™ experiment: 5000 original and 5000 generated sentences per regional dialect for training and validation;
1000 generated sentences per class for testing.

The resulting performance of all classifiers using accuracy and loss metrics are demonstrated in Table 3. The results
confirm that the generated dialectal sentences are of similar high-quality of original ones. For example, 1* experiment
(that uses original dataset) and 2" experiment (that uses original and generated datasets) report comparable accuracy
scores between 81% and 85% while testing on the original dataset only. In fact, the three deep learning models of the
2"d experiment outperform the scores of the 1’ experiment. On the other hand,the 3" experiment (that uses original
dataset) and 4" experiment (that uses original and generated datasets) reported a comparable but higher accuracy
scores between 89% and 93% while tested on the generated dataset only. The nearly 8% jump when testing on the
generated sentences compared to the original ones confirms the efficiency of the generator in preserving key features
of each dialect.
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4. Conclusions

In this paper, we utilized a modified SentiGAN to enrich low-size datasets by generating a diversity of high-quality
sentences for twelve different Arabic dialects obtained from MADAR dataset. The number of generated sentences
was higher than the number in the original dataset. The procedure reduces the vocabulary size and only uses the most
common words. Although the reduction affects marginally the diversity of the generated text, the detected features
are key to each dialect, which results in robust classification performance. The novelty score is very satisfactory for
all the generated datasets, which suggests that the generative process is capable of producing new sentences based
on the detected key features. Experimental results demonstrate not only the consistency and effectiveness of the gen-
erator process, but also the enhancement of classification results when using the original and generated datasets.The
improvement in the accuracy score is significant as shown in the experiments.

An extension of this work will be to generate country-level dialects with data augmentation for the DA datasets.
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