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Abstract
The arabizi is the combination between the latine letters
and the number in the same word. The transliteration is
the process of transforming the text from one alphabet
to another. In our case, it consists to transform arabizi to
Arabic. The transliteration is considered as the first
compound of automatic translation when users combine
between different alphabets to write.
Almost all the work on Arabic Dialect Translation is
based on statistical translation and we did not get any
work on Neural translation. To bridge this gap, we
propose in this paper an approach composed of two
steps: 1) Transliteration and 2) Translation. In the two
steps we call the neural network and compare the results
with traditional statistical approach. We apply our
approach on dialect spoken by over 40 million people
and suffer from the lack of works that handle it. This
dialect is Algerian Dialect and it is recognized by a high
level of combination between Arabic and arabizi.
Experimental results show that neural approach gives
better results for transliteration when statistical
approach stay gives better results for translation.
However, these results could be justified by the fact of
the minimal number of our parallel corpus (only 6412
sentences)

1

Introduction

Machine Translation (MT) represents an active
research area (Chand, 2016). The most used
approaches for MT are respectively rule-based and
Statistical Machine translation (SMT) (Antony,
2013; Alqudsi et al., 2014). Recently, a new
approach has emerged which involves neural
networks. This approach is known as Neural
Machine Translation (NMT) (Sutskever et al.,
2014; Cho et al., 2014a; Bahdanau et al., 2014).
NMT has not been applied on Arabic and its
dialects yet except in (Almahairi et al., 2016)
where only Modern Standard Arabic (MSA) has
been dealt with.
We note that almost all works on Arabic dialects
are based on messages provided from social media.
In fact, social media users write Arabic dialects in
two different ways:
1) By using only Arabic letters: for example, “ حبيت
نسقسيكم شحال يدير ايفون6”من فضلكم, which means, “I
want to ask you, what is the price of iphone6
please, or ” ”عفسة مليحة, which means “a good
thing”. These sentences belong to a corpus

containing 18603 sentences collected by ourselves
from Facebook on January 2014.
2) By combining Latin letters and numbers: for
example: “walahi rabi ykon fi el3awn” which
means: “I swear god will help you”. These
messages were extracted from an Algerian ArabicFrench code switched corpus of Cotterell (Cotterell
et al., 2014).
This way of writing takes different names like
“Franco-Arabic”, “Romanized Arabic”, “Arabizi”,
“Arabish”,… etc, (Chalabi and Gerges, 2012). In
this paper, we use the term “Arabizi”, based on the
work of Darwish (Darwish, 2014), which proposes
an approach to identify and transliterate Arabizi.
The work in (Bies et al., 2014) considers Arabizi
as a challenge for Arabic NLP research. To address
this challenge, we consider Arabizi Transliteration
as the first module (or as pre-processing step) of
Arabic dialect treatment of the analyzed messages
combining between the Arabizi and the Arabic
letters. We survey a lot of work on Statistical
Machine transliteration (SMTR) (Van der Wees et
al., 2016; Al-Badrashiny et al., 2014; Darwish,
2014) and other combining transliteration and
translation (May et al., 2014 ; Van der Wees et al.,
2016). However, we should note that no work
related to Neural Machine Transliteration (NMTR)
of Arabizi has been achieved. To address this
problem, we propose an Arabic dialect translation
system composed of two components: The first
one for Arabizi transliteration and the second one
for Arabic dialect translation. The Arabizi
transliteration is based on the two models:
Statistical and Neural. Arabic translation could be
done on Arabizi or on Arabic dialect written with
Arabic letters. This component is also based on
both statistical and neural models.
The system is focused on an under-resourced
language variant, namely Algerian dialect, which
belongs to the Maghrebi Dialect family. Only few
pieces of work have been done on the Algerian
Dialect (Cotterell et al., 2014; Meftouh et al.,
2015). Concerning the data set, we used PADIC, a
multi Parallel Arabic DIalect Corpus (Meftouh et
al., 2015).
The present paper is organized as follows. In
section 2, we review previous work based on
translation and transliteration of Arabizi, we also
highlight the work combining the two tasks. In
section 3, we describe our proposed approach. In

section 4, we present our experiments and results.
We then conclude in section 5 where we also
present a set of perspectives.
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Related work

By following the survey of (Shoufan and Ameri
2015), we can regroup works on Arabic dialect
into four families: 1) Basic analysis, 2) Resources
construction, 3) Identification and 4) semantic
analysis. Lot of works have been done in each
category. Basic analysis consists of orthographic,
syntactic and Part of speech analysis (Guellil and
Azouaou 2017a; Habash and Rambow 2006).
Resources construction consists of the construction
of lexicon and corpora (Meftouh et al. 2015).
Identification is the process of determination the
type of dialect in a set of dialect (Guellil and
Azouaou 2016). Semantic analysis means
Automatic translation (MT) and sentiment analysis
(Guellil and Boukhalfa 2015).
In this section, we survey the work that has been
done on MT by distinguishing between the work
on Arabic language and dialects and those done on
other languages. We also present the work on
transliteration,
by
considering
Arabizi
transliteration. We finish by discussing works that
deal with transliteration for the purpose of
translation, which is our goal.
2.1

The works on Machine Translation

Based on the two surveys of (Antony, 2013) and
(Alqudsi et al., 2014), the most famous approaches
of MT are the rule-based (Salem et al., 2008) and
the statistical approach (Lopez, 2008; Och and
Ney, 2004). Moreover, statistical phrase-based MT
is the most used statistical approach, because it
maximizes the translation probability (Koehn et al.,
2003 ; Costa-Jussa and Fonollosa, 2016). Some
researches combine the two approaches (rule-based
and statistical) in a hybrid translation model
(Langlais and Simard, 2002; Groves and Way,
2005). Some of these works concern Arabic
(Alqudsi et al., 2014 ; Salem et al., 2008).
A lot of works have been done also on NMT
(Sutskever et al., 2014; Cho et al., 2014a;
Bahdanau et al., 2014). For Arabic, it has been
presented in (Almahairi et al., 2016), the first
results concerning NMT in the two directions

(Arabic to English and English to Arabic). For
Arabic dialects translation, many works have been
carried out (Sadat et al., 2014; Zbib et al., 2012;
Sawaf, 2010). However, there is no work that
investigated NMT for these under-resourced
dialects.
2.2

The work on Machine Transliteration

There are many works on transliteration that have
been achieved for languages like: Hindi, Punjabi or
Chinese. Other works have been done on Arabic
(Habash et al., 2007; Al-Onaizan and Knight,
2002).
Almost all works handling Arabizi transliteration
considered this problem as a Statistical Machine
Translation problem, based on the character level
(Van der Wees et al., 2016; Al-Badrashiny et al.,
2014; Darwish, 2014). In these works, all
sentences have been divided to a set of words, so a
word is considered as a sentence. Then, each word
has been divided to a set of characters. Each
character is considered as a word.
Recently, transliteration has taken a new direction,
where neural networks have been applied (Shao
and Nivre, 2016; Jadidinejad, 2016; Rosca and
Breuel, 2016; Guellil et al 2017b). In (Shao and
Nivre, 2016), a comparison between NMTR and
SMTR for Chinese-English transliteration. In
(Jadidinejad, 2016), the authors present a
character-based model for NMTR. They obtained
better results than baseline, which is calculated
using “Moses” toolkit (Koehn et al., 2007).
However, the baseline does not contain Arabic or
Arabizi. In (Rosca and Breuel, 2016), sequence to
sequence models have been used. Transliteration
has been achieved on three pairs of languages:
English-Japanese, English-International Phonetic
Alphabet (IPA) and English-Arabic.

used. However, there is no work in which NMTR
and SMT or NMT have been combined for
Arabizi.
Our contribution in this paper is firstly to present
results concerning NMTR from Arabizi to MSA
and compare them to results obtained by SMTR.
We also present the SMT and the NMT results of
the transliterated messages.
3

The

Arabic

dialect

translation

framework
The main purpose of this paper is to present an
approach for Arabic dialect translation. We
highlighted the fact that social media users write in
different manners (with Arabic letters and
Arabizi). Before making this translation, we have
to transliterate an Arabizi text (or comments, in the
case of social media) to Arabic script. As a
consequence, the general idea of this approach is to
transliterate an Arabizi corpus with SMTR and
NMTR techniques and translate the transliterated
texts into MSA.

2.3 The work combining between transliteration
and translation
In (May et al., 2014) and (Van der Wees et al.,
2016), a Statistical Machine Translation from
Arabizi to English has been presented. In the first
work a transliterated corpus has been constructed
semi-automatically, and weights of characters are
learned from an Arabizi-Arabic text. While in the
second work the corpus has been built
automatically, and uniform weights have been

Fig.1: Arabic dialect translation framework

3.1

The transliteration step

The main idea of this step is to transliterate a given
text written in Arabizi to the same text written in
the Arabic script. To achieve this task, we follow
four main sub-steps:
1) We construct a parallel Arabizi corpus
containing 6233 sentences. We used PADIC
(which is written in Arabic letters), and we
transliterated it to Arabizi. We achieved the
transliteration by defining a rule-based algorithm
to automatically transliterate Arabic Dialect
written in Arabic letters to Arabizi form. This
algorithm transforms the letter ( )عto the number
(3), the letter ( )غto the two letters (gh),…etc. For
establishing this convention or rules, we analyze a
set of Arabic dialect messages. We finish by
manually reviewing the transliteration. At this
stage, we could only correct 1300 sentences.
2) Based on the work of (Darwish, 2014), we
divided each sentence to a set of word and each
word to a set of characters, so we work at the
character level.
3) We apply a phrase based SMT on our data.
These data are first trained using a language
model. The language model is built with the target
language (in our case, Arabic Dialect written with
Arabic letters). For training the transliteration
model, we run a character based alignment. We
finish by the tuning process, for determining the
best results for each transliteration pair.
4) We also Apply to the same data an NMT model.
In this paper, we used RNN Encoder-decoder
model proposed by (Cho et al., 2014a) and
(Sutskever et al., 2014). The choice of RNN
Encoder-decoder is mainly due to the fact that it is
considered as the simplest version of neural
machine translation. The idea of the Encoderdecoder is to read word by word from the input
sentence (in our case character by character of the
input word), and encode the words to a sequence of
hidden states. Then the decoder computes all the
possible translations based on the context (in our
case all transliterations) and generates the
corresponding
translation
(transliteration)
(Jadidinejad, 2016; Kikuchi et al., 2016; Cho et al.,
2014b). To train this model, we firstly replace
some unknown characters by the term “unk”. We
used a development set separated from the training
set to measure how well the model generalizes
during training. Finally we use an external lexicon

indicating the mapping between characters and
their probabilities. To create this lexicon, we used
a word alignment tool (character-based) (Neubig,
2016).
3.2

The translation step

The main idea of this step is to translate Arabic
Dialect into MSA. This allows us, in the future, to
consider MSA as a pivot for translating into
English or French. We assume that each sentence
is written in Arabic letters only or Arabizi only.
We do not treat, in this paper, the case where we
find an Arabic letter and Arabizi in the same
sentence. We leave this problem for future
research. This component could take as an input
arabizi messages after transliteration or the
messages written with Arabic letters. So it can
receive as the input messages provided from our
Arabic dialect corpus or a set of messages that we
transliterated before (the output of the
transliteration component). In this step, we follow
three main sub-steps.
1) We begin by reassembling the words of the
transliterated corpus. This is due to the fact that
transliteration is word-based level and translation
is phrase-based level. However, we do not need to
reassemble in the case of Arabic dialect translation
(when corpus is written with Arabic letters), as
shown in Figure 1.
2) We apply an SMT model to the resulting
sentences. As in the transliteration task, we have to
build the language model, train it by running a
word-level alignment and call the tuning process.
3) We apply an NMT model to the same
sentences. We also use the RNN Encoder-decoder
model. We follow the same steps as the
transliteration, so we detect the unknown words
and train the model and create an aligned lexicon.
The only difference compared to transliteration is
that the model is phrase-based and not word-based.

4

Experiments and results

Our System is composed of two components:
transliteration and translation, for which we
applied statistical and neural models. Concerning
the statistical model, we used Moses toolkit, with
KenLM (Heafield, 2011) for language modeling

and GIZA++ for alignment (Och and Ney, 2000).
Concerning Neural model, we used Lamtram
toolkit (Neubig, 2015), which is the combination
of the of the two aforementioned models
(Bahdanau et al., 2014; Luong et al., 2015). Before
using lamtram toolkit, we had to install DyNet
library, formerly known as CNN, developed by
Carnegie Mellon University.
We tested our Approach on Algerian Dialect, so
we the Algerian and MSA parts of PADIC. After
having built our transliterated corpus, we manually
checked it, so we could review 1300 sentences.
Based on these sentences, we constructed different
training, development and test corpora to test the
transliteration algorithm.
After testing the transliteration, we applied SMT
and NMT techniques described below (on the same
test corpora). We present in the Table 1 the
different results concerning the different
combination of SMTR/ NMTR and SMT/NMT

Training
Accuracy
size
level
Sentences/
words
100/1078
Character
Word

SMTR

71.47
57.81

67.24
59.63

250/2208

76.83
65.95

75.73
69.37

500/3537

1000/6444

Character
Word

NMTR

Character
Word

78.63
67.55

78.23
70.87

Character
Word

80.01
71.48

80.97
73.66

Table 1: SMTR Vs NMTR of Arabizi

maximum size of training corpus, so 1000
sentences for the transliteration step and 5500
sentences for the translation step. However, we
observe that this corpus is too small, what it
justifies the minimal score of translation.
We also observe that SMTR leads to improve the
translation comparing the NMTR (by knowing that
SMTR gave better results that NMTR, show the
Table 1).
Trainig
corpus size

Transliteration

Reference
10%

25%

50%

SMTR

0.00

NMTR

0.00

Reference

1.71

SMTR

0.00

NMTR

0.0

Reference

2.34

SMTR

0.0

NMTR

0.0

Reference
100%

Neural
Translation
BLEU score
0.00

SMTR
NMTR

6.25
4.54
4.13

Table 2: Neural Machine Translation of Arabic
dialect
We clearly observe that Neural transliteration gives
better results than Statistical transliteration. The
best results that we achieved are on the biggest
training set, 1000 sentences. Then, we kept the best
transliteration (SMTR and NMTR) and translated
the giving sentences to MSA. Table 2 shows the
different results of NMT models evaluation.
Through Table 2, we observe that neural
translation begins to give results with the

To compare our results, we lead the same
experimentations with SMT model (used by almost
all works of the state of the art). We present the
obtained results on Table 3.
In contrast of NMT, SMT begins to give results
with only small training corpus (10% of the
general corpus size, show Table 3). We also
observe that SMT didn’t give the “Zero” score.

Training
corpus
size

10%

25%

50%

Transliteration

Reference

Statistical
Translation
BLEU score
6.31

SMTR

2.65

NMTR

2.40

Reference

8.02

SMTR

3.47

NMTR

4.49

Reference

10.02

SMTR

5.21

NMTR

4.21

Reference
100%

SMTR
NMTR

10.74
6.01
3.94

By comparing the Table 2 and 3, we observe that
SMT gives better results than NMT. Moreover,
SMT is well performing where combined with
SMTR. However the work in state of the art
showed that NMT gives better result that SMT for
rich-resources languages like English. The best
problem that we highlight for Arabic and its
Dialect through these experimentations is the lack
of resources. We are convinced that if we raised
the training corpus size, we could improve these
results.
We also study the impact of transliteration before
translation, to show it, we conducted SMT on the
Arabizi corpus test without making transliteration.
We carried out this experiment for the biggest size
of training corpus (100% of the total size). We
obtained a BLEU score=4.26 where the score after
SMTR=6.01 and the reference=10.74. We
conclude that transliteration before translation
improve the final resuts.

5

Conclusion and Perspectives

The main idea of this work is to present a system
for Arabic Dialect translation. The big challenge
that we face is that Arabic dialect could be written
with Arabizi or Arabic letter. Before making
translation, Arabizi have to be standardized. For
this purpose, we presented and implemented an
approach composed by two components:
transliteration and translation. Through this paper,
we noticed that for a small Arabizi corpus, NMTR
provided better results than SMTR, whereas SMT
still gives better results than NMT. This is mainly
due to the fact that NMT needs a huge training set.
This can be noticed in the case of small sizes of
training corpus, where the BLEU score of NMT is
equal 0.0.
In perspective, we aim to generalize this idea by
testing our system on other corpora like that of
Cotterell et al. (Cotterell et al. 2014). We also plan
to merge different Arabic dialect corpora to
improve statistical and neural translation.
However, our first perspective is to concentrate on
resource construction and enrichment for Algerian
Dialect.
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