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Abstract

Dialect IDentification (DID) is a challenging task, becomes more complicated when dealing
with under-resourced and an inter-country dialects. Speech database or corpora are crucial

for both developing and evaluating accurate DID systerns.

The aims of our work are, on the one hand, to build Spoken Arabic Algerian corpora knowing
that Algerian dialects are among the most complex Arabic dialects and their study received
very title attention. On the other hand, to develop an DID system to identify Arabic intra-

country dialects.

Our three contributions are dedicated to Arabic Algerian Natural Language Processing fields.
First, concerning language resource, we have building two spoken Arabic Algerian corpora.
First, a parallel corpus ALG-DARIDJAH dedicated especially to linguistics studies. It has been
collected using a direct recording method which allow more control on the collected data
quality. It is a medium size corpus encompasses some sub-dialects spoken in 17 departments
with 109 speakers and more than 6K utterances. The second corpus is KALAM'DZ which is a
large web-based corpus dedicated to train machine learning systems. Its designed collection
and processing recipe is a generic one and it relies on many open source tools. KALAM'DZ

corpus encompasses the 8 major dialects with 4881 speakers and more than 104.4 hours.

Our second contribution concerns corpus annotation. In fact, we investigate an altruistic
crowdsourcing to validate our semi-automatic dialect annotation of KALAM'DZ corpus. From
this experiments, we have determined a list of best practices for altruistic crowdsourcing for

corpus annotations.

Finally, we have investigated two solutions to the Algerian Arabic DID (AADID), on intra-
country context, relying on the prosodic features and new machine learning techniques. For
both systems, we have focused on measuring the discriminative power of the prosody informa-
tion and deep learning modeling, especially Feed-Forward Neural Network. The first system
is based on a flat classification while the second uses the hierarchical one that employs the
hierarchy structure of Algerian dialects. The performances of our both systems are compar-
ative to those of literature despite they deal with inter-country Arabic dialects or Algerian
dialect areas. The obtained results show that the prosodic features are less discriminative
than acoustic one but its showed their superiority in performance when the test utterance
sizes are short which is a DID requirements. While, the ADID system based on a combina-
tion of prosodic and acoustic information has improved the dialect detection. However, the

hierarchical system has significant improvement the ADID.
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Résumé

I'Identification Automatique des Dialects (IAD) est une tache difficile, qui devient plus com-
pliquée lorsqu’il s’agit des dialectes parlés a 'intérieur d’un méme pays (intra-pays) et avec
des ressources linguistiques insuffisantes. Les corpus orales sont essentiels pour élaborer et

évaluer des systémes performants d’IAD.

L’objectif de notre travail a été d’une part, de construire des corpus parlés de arabe di-
alectal algérien en sachant que les dialectes algériens sont parmi les dialectes arabes les plus
complexes et que leur étude n’a pas vraiment recue 'attention. D’autre part, nous nous
sommes intéressés au développement d’TAD systémes pour identifier les dialectes arabes par-

lés & lintérieur d’'un méme pays.

Nos trois contributions sont dédiées aux domaines du traitement automatique du langage
naturel, spécialement ’arabe dialectal algérien. Premiérement, concernant la construction de
ressources linguistiques, nous avons construit deux corpus de dialecte arabe algérien parlés. Le
premier est, ALG-DARIDJAH, consacré spécialement aux études linguistiques. Il a été collecté
& laide de la méthode d’enregistrement direct qui permet de mieux contréler la qualité des
données collectées. C’est un corpus de taille moyenne qui englobe certains sous-dialectes
parlées dans 17 départements avec un total 109 locuteurs et de plus de 6 K de discours. Le
deuxiéme corpus est KALAM’DZ, un grand corpus collecté depuis le Web. 1l est dédié aux
systémes d’apprentissage automatique. La recette de collecte et de traitement est générique
et repose sur de nombreux outils open source. 1l englobe les 8 majeurs dialectes avec 4881

locuteurs et plus de 104,4 heures.

Notre deuxiéme contribution concerne ’annotation du corpus. En fait, nous avons investi le
"crowdsourcing" altruiste pour valider notre annotation semi-automatique des dialectes du
corpus KALAM'’DZ. A partir de ces expériences, nous avons établi une liste des meilleures

pratiques pour le crowdsourcing altruiste pour les annotations de corpus.

Enfin, nous avons proposés deux solutions a I’ TAD Arabe (IADA) algérien, dans le contexte
intra-pays. Nous appuyons sur les caractéristiques prosodiques et les nouvelles techniques
d’apprentissage automatique. Pour les deux systémes, nous nous sommes concentrés sur la
mesure du pouvoir discriminatoire de la prosodie et de la modélisation de 'apprentissage
profond, en particulier les réseaux de neurones & propagation avant. Le premier systéme est
basé sur une classification classique tandis que le second sur classification hiérarchique qui
utilise les informations linguistiques hiérarchiques des dialectes algériens. Les performances
de nos deux systémes sont comparable a ceux de la littérature alors qu’ils traitent des di-

alectes arabes régionales. Les résultats obtenus montrent que les caractéristiques prosodiques



X

sont moins discriminantes que les caractéristiques acoustiques, mais elles ont démontré leur
supériorité lorsque les tailles de discours sont courtes. Cependant, le systéme ADID basé
sur une combinaison d’informations prosodiques et acoustiques a amélioré la détection de di-
alecte. De plus, les résultats ont prouvé que le systéme basé sur la classification hiérarchique

a nettement améliore la détection des dialectes.

Mots clés: Arabe Dialectal Algérien, Apprentissage Profond, Identification Automatique

des Dialects, Prosodie, Corpus Orale.
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Introduction

The field of study that focuses on the interaction between human language and computers is
called Natural Language Processing, or NLP for short (Kumar 2011). NLP is a way that uses
computers to analyze, understand, and derive meaning from human language in a smart and
useful way. By utilizing NLP, developers can organize and structure knowledge to perform

tasks.

The goals of NLP are to design and build applications that facilitate human interaction with
machines and other devices through the use of natural language such as Machine Translation
used by Google Translate, Sentiment Analysis which is oriented to identify subjective infor-
mation in texts. It can be a judgment, an opinion or an emotional state. Spam filters such
as those used by Gmail to determine which emails are good and which ones are spam. Spo-
ken Language Identification is used to identify the language being spoken by some unknown

speaker using a given speech sample.

For most of the front-end NLP researches, language resources are necessary to develop and
evaluate NLP systems. Language resources are general term used to refer to corpus, plural
corpora. Corpus is a large collection of data, such as written texts or recorded speeches
(Crystal 2008). These corpora can be written or spoken only, or both (Lindquist 2009).
Moreover, such corpora have to be large to achieve NLP communities expectations especially
those working on machine learning based application. There is few corpora for Arabic, which
is considered as under resourced language, compared to English corpora, which have started
to build since the 1960s (Mansour 2013).

Geographically, Arabic is one of the most widespread languages of the world (Behnstedt &
Woidich 2013). Arabic has 290 million native speakers (ranked as the 4" language among
all) and the total speakers in the word is about 442 million (Paul et al. 2009). Actually, it
has two major variants: Modern Standard Arabic (MSA), and Dialectal Arabic (DA). MSA
is the official language of all Arab countries. It is used in administrations, schools, official

radios, and press. However, DA is the language of informal daily communication. There is
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a large number of Arabic dialects and they are grouped in five variants: Gulf, Levantine,
Iraqi, Egyptian, and Maghrebi (Versteegh 1997). Recently, DA became also the medium of
communication on the Web, in chat rooms, social media etc. This fact, amplifies the need

for language resources and language related NLP systems for dialects.

Many NLP fields have been done to study the Maghrebi Arabic dialect(Harrat et al. 2017).
In our thesis, we are interested to spoken dialect identification field. Dialect IDentification
(DID) is the process in which a dialect is identified automatically. As a task of natural
language processing, it uses two types of mediums, speech or text on which the process is
carried out. The complexity of dealing with speech is more complex than text, as speech

lacks the standardization of text (Chen et al. 2010).

Problematic

For many languages, the state of the art of designing and developing speech corpora has
achieved a mature situation. A lot of Arabic corpora focused on MSA variant. This is due
to the fact that MSA is spoken by all Arabs, it is more easy to collect data and it has a more
standard form than dialects. However, dialect speech corpora have only recently received quiet
attention. These corpora are mainly fee-based and the free ones are really rare. Zaghouani
(2014), in his recent critical survey on freely available Arabic corpora, mentions that there
is only one free corpus, namely Multi-Dialect Parallel (MDP) (Almeman et al. 2013), which
gathers MSA and three Arabic dialects (Gulf, Egypt, and Levantine).

Moreover, Harrat et al. (2017) presents an overview of Maghrebi Arabic NLP. They note
that the research in this area is at the early stage, which is mainly due to the fact that the
dialects of Maghreb region are under-resourced. Let us mention that Algerian dialects are
under-resourced: i) We can observe that there is no free corpus dedicated to Algerian dialect
variety. ii) There is very few attempts have considered Algerian Arabic dialects. In fact, just
Algerian Modern Colloquial Arabic Speech Corpus (AMCASC) Djellab et al. (2017), which
have considered 5 accents/dialectal Algerian areas by recording 735 telephone conversations

of Algerian speakers from 20 Algerian cities.

Most researches on DID have only been carried out for non-Semitic languages. Whereas,
little attention has been paid to spoken Arabic Dialect IDentification (ADID), especially
when dialects belong to the same geographical area or country. Djellab et al. (2017) and
Hanani et al. (2015) were the only relevant work that proposed ADID systems for Intra-

country context. They designed an acoustic/phonetic approaches. They experimented the
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approach on Arabic Palestinian accents from four regions, namely: Jerusalem, Hebron, Nablus
and Ramallah. Djellab et al. (2017) proposed an approach on a set of data spoken in three
Algerian areas: the east, center, and west of Algeria. We highlight the fact that a little
attention has been paid to Algerian ADID. In addition, we confirm that there is a lack of
ADID system that exploit the prosodic information. In fact, only Rouas et al. (2006) and
Biadsy & Hirschberg (2009) have considered using such information. Rouas et al. (2006)
investigated dialects within the same area, while Biadsy & Hirschberg (2009) focused on

inter-country dialects.

In addition, all of the proposed ADID systems use conventional classification method in
occurrence SVM, HMM-GMM, BayesNet. However, Deep Learning is still a novelty in the
area. Especially as result of their provided efficiency for Language/Dialect identification (Fer-
rer et al. 2016, Lopez-Moreno et al. 2016), they are not widely investigated for Arabic NLP

tasks.

Objectives and Contribution

In this thesis, our main objective is to perform Algerian dialect identification by investing
prosodic information and harnessing deep learning technique. Due to the fact there is no
free corpus dedicated to Algerian dialect variety. We have investigated to build language

resources. To achieve those objectives, we have tried to response to:

e How to build high quality language resources?
e Have prosodic feature information a discriminative power between dialects?

e What about performance of Hierarchical classification compared to flat classification?

In this thesis, our contributions are dedicated to Arabic Algerian NLP fields. Figure 1

illustrates our contributions, we summarize them in the following points:

e Building Corpora: In the first contribution, we have built two spoken Arabic Algerian
corpora. First, ALG-DARIDJAH corpus encompasses some sub-dialects spoken in 17
departments with 109 speakers and more than 6 K utterances. Second, KALAM’DZ is
web-based corpus, in which the resources are taken from YouTube, Online Radio and
TV. It encompasses the 8 major Algerian Arabic sub-dialects with 4881 speakers and
more than 104.4 hours segmented in utterances of at least 6 s. We have devised a recipe

in order to facilitate building large-scale Speech corpus which harnesses Web resources.
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Arabic Algerian NLP

Building Corpus An- Algerian ADID
Corpora notation

Flat
KavLam’DZ (Bougrine,

ALG- (Bougrine, C(IEXiizircmg Cherroun &  Hierachical
DARIDJAH Chorana, Chorcl)'ou; Ziadi 2018)  (Bougrine,
(Bougrine Lakhdari & & Abdelali (Bougrine,  Cherroun &
et al. 2016) Cherroun ‘2017) Cherroun Ziadi 2017)
2017) & Abdelali.
2018)

FI1GURE 1: Our Contributions.

e Corpus Annotation: In this contribution, we have used the altruistic crowdsourc-
ing technique to annotated the speech corpora. We narrate our experience on the
validation of a semi-automatic task for dialect annotation of KALAM’DZ corpus. Fur-
thermore, we have determined a list of best practices for altruistic crowdsourcing for

corpus annotations.

e Algerian ADID: Concerning the ADID investigation, first we have proposed a flat
classification then a hierarchical one to identify spoken Algerian dialects, which is the
exploitation of ADID on intra-country context. In the both systems, we focus on
measuring the discriminative power of the prosody in Algerian Arabic dialects. Indeed,
existing ADID systems rely mainly on knowledge extracted from acoustic/phonetic and
phonotactic cues while dismissing prosodic ones in spite of their advantages. In fact, it
has been proved that dialect variations are notably pursued in prosodic features (Wells
1982). In addition, Deep Learning is investigated because it improve their efficiency

for Language/Dialect identification (Lopez-Moreno et al. 2016).

Dissertation Structure

This thesis is organized in the following way: an introduction to Arabic natural language

processing chapter and two main parts.
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In Chapter 1, we briefly show the specifications of Arabic language, its dialects, and some
related NLP applications. Then, we give a brief overview of Algerian Arabic dialects and

their linguistic characteristics.

In Part 'T’, through three chapter, we present our contributions related to building and anno-
tating language resources. In Chapter 2, we briefly recall their classification, who collects and
distributes it, the key concepts to build it, and the main existing Arabic corpora. Chapter 3
is dedicated to describe the building methodology and the main features of our both spoken
Arabic Algerian corpora: ALG-DARIDJAH and KALAM'DZ. In Chapter 4, we review some
related work that have employed crowdsourcing for Arabic NLP tasks. Then, we explain the
designed altruistic crowdsourcing project and its deployed quality control strategy. Then,

from the altruistic crowdsourcing experiments, we extract the list of best practices.

Part ’II’ focuses on our contributions linked to spoken dialect identification and our both
contribution composed of three chapters. Chapter 5 shows some preliminaries on speech
processing and language identification fields. In addition, we review some related work that
have dealt with Arabic dialect identification. Prosodic statistic analysis of Algerian dialects
are presented in Chapter 6. Our both contributions to solve the problem of Algerian Arabic

dialect identification are described and evaluated in Chapter 7.

We recall, in the conclusion, the various works carried out and results obtained. We offer

perspectives of research at the end of this work.






Chapter 1

Arabic Natural Language and Its

Dialects
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In this chapter, we briefly show the specification of Arabic language, its dialects, and some
related NLP applications. Then, we give an overview of Algerian Arabic dialects and their

linguistic characteristics.

1.1 Arabic Language

According to Ethnologue !, there are 147 language families in the world (Lewis 2009). The
large language family is Afro-Asiatic (Hamito-Semitic)?, which includes several language
sub-families: Semitic, Berber, Chadic, Cushitic, Omotic, and Ancient Egyptian (Coptic).
In global, it encompasses about 377 languages and dialects. Figure 1.1 gives the map of
Afro-Asiatic languages. The Semitic family consists of 70 languages spoken by more than
467 million people across the Middle East, North Africa, and the Horn of Africa (Pereltsvaig
2012).
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F1GURE 1.1: Afro-Asiatic Languages Map (Ekkehard Wolfl 2018).

Arabic (al-’arabiyyah) is one of the classic well-established and the most widely spoken
Semitic languages (Al-Sharkawi 2016). Arabic language and its varieties are included in

South Central Semitic group (Pereltsvaig 2012). According to the 2017 edition of Ethnologue

! An annual reference of languages of the world that provides statistics and other information on
the living languages of the world.
’https://www.ethnologue.com/subgroups/afro-asiatic
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(Paul et al. 2009), Arabic has 290 million native speakers, which is ranked as the fourth
most widely spoken first language among all languages and ranked as the fifth most spoken

language in the word with 442 million total speakers. It is spoken in the Middle East and
North Africa.

The Arabic language defines the identity of its own people, there is no other language that
defining the identity (Suleiman 1994). In the Middle East, Arabic speakers do not originate
from the same ethnic background. The Syrians and Lebanese are from Phoenician origin while
some Egyptians are descendants of the Pharaohs. In Iraqgi, the most are of Kurdish origin, but
there is a minority Assyrian. The majority of Saudi Arabia and Gulf states population are
a Bedouins origin. In North Africa, many Moroccans, Algerians, and Tunisians are Berber
(Farghaly 2010).

Modern Standard Arabic (MSA) is the official language in most of the Arab countries, whereas
Dialectal Arabic (DA) varies from one country to another. MSA is sometimes also called
il &yl /al-’arabiya al-fusha/ (the eloquent Arabic) in order to distinguish it from the
dialects. It is used in administrations, schools, official radios, press, and some TV programs.
DA is often referred to colloquial Arabic -vernaculars-, which is described collectively with
the adjective &wl! /al-‘amiya/ (the common) (Al-Sharkawi 2016). It is used in public places,
situations of informal communications, and social media. It is borrowed words from European

languages, especially French, English, and Italian (Pereltsvaig 2012).

In the rest of thesis, we will write words/phrases in Arabic script. In order to make accessible
for who do not read Arabic, we represent the Arabic alphabet by using the transliteration,
which means the characters are represented by single Latin letters, often with diacritics.
Appendix A reports the characters used in transliteration and their equivalent in International
Phonetic Alphabet (IPA) characters has been added. The goal of IPA is to provide an accurate

presentation of the speech sounds of all human languages (Harper & Maxwell 2008).

1.2 Arabic Dialects

Islam and the Arab expansions are the most important factors in the development of the
Arabic language and its varieties (dialects), and the structures within these varieties (Al-
Sharkawi 2016).

There is a large number of Arabic dialects that are geographically classified by researches

into five major dialectal areas: Arabian Peninsula, Levantine, Mesopotamian, Egyptian,
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and Maghrebi (Versteegh 1997). Their geographical classification is relatively recent com-
pared to the sociological division classifications: nomad Bedouins, sedentary Bedouins, and
city-dwellers (Embarki 2008). Diab & Habash (2008) proposed geographical classification
illustrated in Figure 1.2.

Arabic Dialects

Eastern Western
Peninsula Northern Egyptian Maghreb Saharan
— Yemeni — Levantine Cairene — Libyan Chadian
Hadrami — North Sa'idi — Tunisian Hassaniya
Sana'ani — Lebanese Sudanese +— Algerian
Hadrami — Syrian — Moroccan
Sana'ani — South — Maltese
— Omani — Palestinian
Dhofari — Jordanian
— Saudi Maronite-
~ Cypriot
| Hijazi v
— Iraqi
L— Najdi
Southern
— Gulf
Northern
— Kuwaiti
Judeo-
— Shihhi Other
— Baharna - - | ~
Tajiki Uzbeki Khorasan

FI1GURE 1.2: Geographical Arabic Dialect Classification.

More recently, Habash (2010) and Zaidan & Callison-Burch (2014) also give a very simi-
lar geographical classification of spoken Arabic into five dialect groups: Maghrebi (MAG),
Egyptian (EGY), Levantine (LEV), Gulf (GLF), and Iraqi (IRQ). Habash (2010) notes that
the members of any dialect group are not completely homogenous linguistically. Figure 1.3
illustrates the map of major Arabic dialect groups. Appendix B gives a brief detail of each

Arabic dialect group and some of their sub-dialects.

1.3 Natural Language Processing for Dialectal Ara-
bic

Most research in recent years has focused on Natural Language Processing (NLP) for dialectal

Arabic due to the wide usage in social media. Shoufan & Alameri (2015) presents a survey
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FIGURE 1.3: Arabic Dialect Map, from Zaidan & Callison-Burch (2014);
Other refers to Arabic dialects of Mauritania, Sudan, Yemen, and Somalia.

on researches that dealing the NLP with Arabic dialects, which can be used to identify the
contributions that address to specific NLP for specific dialect. They have categorized the re-
searches that have done in this area in four main categories: basic language analysis, building
language resources, semantic-level analysis, and identifying Arabic dialects. As results for

their literature review, we can highlight some points:

e Few researchers have been addressed to this area compared to the number of speakers

of Arabic dialects, which are spoken by more than 390 million people in total.

e Little attention have been paid to dialects of some large population countries, such as
the dialects of Algeria, Morocco, and Sudan. While the Egyptian Arabic is the most
studied dialect in Arabic NLP due to the fact that it is spoken in the largest population
of the Arabic world.

e A numerous investigations are done for building language resources category due to the

fact that Arabic dialects is still under-resourced language.

Recently, Harrat et al. (2017) presents an overview of Maghrebi Arabic NLP. They note
that the research in this area is at the early stage, which is mainly due to the fact that the
dialects of Maghreb region are under-resourced. In addition, the text dialect identification of
Maghrebi Arabic dialects is more researched compared to morphological analysis. While the

syntactic analysis is totally ignored.
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1.4 Characteristics of Arabic Dialects

In this thesis, we focus on two features selected from the language/dialect information levels:
acoustic/phonetic and prosodic information for that in what follows we study the distinct

variation of Arabic dialects for these two features.

1.4.1 Phonological Variations of Arabic Dialects

Phonology is a branch of linguistics which studies the sound systems of languages. One of the
aims of phonology is to found the patterns of distinctive sound in a language (Crystal 2008).
A phoneme is the smallest meaning-distinguishing sound unit in the abstract representation
of the sounds of a language (Habash 2010).

For Arabic dialects, there are five major dialectal phonological variations in the pronunciation
of vowels and four for consonants: the three dental fricative & /t/, 3/d/, L /d/ and a
voiceless uvular stop (& /q/. Embarki (2008) gives the reflection of these phonological features
according to the geo-sociological classification of Arabic dialects. The realization of these

features is reported in Table 1.1.

GLF IRQ LEV EGY MAG
Nomadic g'ga Ea (_17 ga Ea da (_11 (_17 k7 Ea (_17 Lu g58,%,%,1, §&, Ea (_17 (_17 1,
Bedouin di, u, e o0, 1,u,e 0,a, € 0,a,i,u, u,e o0,a,i, ua,liu, a,
a, i, 1, a L, u,a a u, e, 0, a 9
Nomadic g_ga L d7 d7 g, Ea d7 (%17 L k_g7 t7 d7 d7 k7 5, Z, Z, L g, ta d7 da L
Sedentary 1, G, @, 0,4, U, 0,8,i, 1,1, 0,4, 1,00, ai, uaiia,
i,u,a u, a i, u, a u, e, o, 9
. o - s _ _
Clty_ g-g, 137 d: (;1; q, t7 d7 da L ?7 t—S, d_Zv y Sy 4, Z, 1, q, t7 d7 da 1
dwellers 1,d,e 0,4 1,860 a1l dz1,1,8¢ 1ueéo, ali ua,li.u,-a,
i, u, a u, a o,a,i,u,a u,e,o, 9

TABLE 1.1: The Realization of the Major Phonological Features According Geo-
sociological Classification.

In addition to these phenomena, Habash (2010) mentions the following phonological varia-

tions:

e The MSA alveolar affricate T /j/: for instance, o 'handsome’ is /jamil/ in MSA,
/gamil/ in EGY, /zamil/ in LEV, and /yamil/ in GLF. For that, the /j/ in MSA is
realized as: /g/ in EGY, as /z/ in LEV and as /y/ in GLF.
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e The MSA consonant (4 /k/): is realized as /§/ for GLF, IRQ and the Palestinian rural
sub-dialect of LEV. For example, ¢k~ “fish’ is /samak/ in MSA, EGY and most of LEV
but /simas/ in IRQ and GLF.

1.4.2 Prosodic Variants of Arabic Dialects

Prosody is the musical expression of speech that a speaker provides when he speaks. It
refers to the variations of physical prosodic parameters, such as the fundamental frequency of
the speech signal, the height, intensity and/or duration of the sounds. These variations are
perceived by the listener as changes in height (or melody), length, and loudness. The formal
representation of the prosodic parameters in oral expression is the intonation, accentuation,

rhythm, speech rate, and pause (Crystal 2008, Rouas 2005).

In summary, the linguistic knowledges today which we have about the discriminative power

of the prosody in Arabic dialects can be summarized in what follows:

o Arabic dialects differ in their prosodic structure: Barkat et al. (1999) evaluated the
discriminating power of prosodic pattern in Arabic dialects in a linguistic study. They
have shown that the prosodic information can be sufficient to identify Western and

Eastern Arabic dialects.

e Intonation represents a salient discriminative feature in Arabic dialects: Ghagzali
et al. (2005) studied the nature of intonation of five Arabic dialects. They observed
that the intonation patterns are different between Eastern and Western Arabic dialects.
Furthermore, Yeou et al. (2007) confirmed this result using another sample of Eastern

and Western Arabic dialects.

o Arabic dialects present significant differences at the syllable structure: Syllable struc-
ture is closely related to prosodic phenomena, such as rhythm and speech rate. Hamdi
(2007) shown that the different types of syllabic structure (or syllable weight) ob-
served in Arabic dialects can be used as a discriminative element. As results, they
find that the Moroccan characterized by heavy syllables which short vowels, Lebanon
by open syllables with long vowels; Tunisia presents an intermediary tendency. Then,
they demonstrated that rhythm variation of Arabic dialects is correlated with syllable
structure. Moreover, Bouziri et al. (1991) have early confirmed this fact by studying

the stress measured through the syllable structure.

o Rhythm and intonation are discriminant parameters for some Algerian dialects: Benali

(2004) studied the role of the rhythm and the intonation in a human identification by
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means of two Algerian dialects, which are spoken in Algiers and Oran. He noted that
rhythm and intonation are very discriminant parameters, particularly the speech rate

and the variation of fundamental frequency.

1.5 Typology of Algerian Arabic Dialects

As mentioned previously, we investigate to Arabic Algerian NLP fields for that we focus on

Algerian dialects and their characteristics.

Algeria is a large country administratively divided into 48 departments. Its first official
language is MSA. However, Algerian sub-dialects are widely the predominant means of com-
munication. Algerian Arabic is used to refer to the dialect spoken in Algeria, known as
Daridjah to its speakers. Algerian dialect presents complex linguistic features mainly due to
both Arabization processes that led to the appropriation of the Arabic language by popula-
tion from Berber origin, in addition to the deep colonization. In fact, Arabic Algerian dialect

is affected by other languages such as Turkish, French, Italian, and Spanish (Leclerc 2012).

According to the Arabization process, dialectologists show that Algerian Arabic dialects can
be divided into two major groups: Pre-Hilali and Bedouin dialect. Both dialects are different

by many linguistic features (Caubet 2000, Marcais 1986).

Pre-Hilali dialect is called sedentary dialect. It is spoken in areas that are affected by the

7th century. At this time, the partially affected cities are Tlemcern,

expansion of Islam in the
Constantine, and their rural surroundings. The other cities have preserved their mother
tongue language (Berber). Marcais (1977) has divided Pre-Hilali dialect into two dialects:

village (mountain), and urban dialect.

o Village dialect is located between Trara mountains and Mediterranean sea. The central
town of this area is Nedroma, which is located in the northwestern corner of Algeria.
There is also a village dialect located in the northeastern corner of Algeria: it is between
Collo, Djidjelli, and Mila.

e Urban dialect is located in the northern cities: Tlemcen, Cherchell, Dellys, Djidjelli,
and Collo.

Bedouin dialect is spoken in areas which are influenced by the Arab immigration in the 11

century (Palva 2006, Pereira 2011). In Marcais (1986), the authors has divided Bedouin

dialect into five distinct basic dialects:
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Algerian Arabic Dialects

Pre-Hilali dialects Bedouin dialects
| | | | |
Village dialect  Urban dialect Hilalt Sulaymite Ma’qilian  Algiers-Blanks  Sahel-Tell

Saharan Nomadic  Tellian Nomadic  High plains of Constantine

F1GURE 1.4: Hierarchy Structure for Algerian Dialects.

1. Bedouin dialect of eastern Constantine, which is located in the region of El Kala and
Souf. Tt is called ’Sulaymite’ dialect because it is connected with Tunisian Bedouin

dialects.

2. Bedouin dialect of the central and western side of Oran. It is called Ma'gilian di-
alect because it is connected with Moroccan Bedouin dialects. It covers a part of the

arrondissement of Tlemcen, Oran, Sidi Bel Abbés, and Saida.

3. Bedouin dialect of the center of Algeria and Sahara. It is called Saharan Nomadic, it
covers almost the totality of the Sahara of Algeria, towards the east to Oued Righ,
towards the south to the Tademait plateau, and until the west (its limit has not been
clarified).

4. Bedouin dialect of the Tell and of the Algerian-Oran Sahel. It is called Tellian Nomadic,
that occupies a large part of the Tell of Algeria: Bordj Bou Arréridj, Sétif, El-Eulma,
and El Kantara.

5. The dialect of the high plains of Constantine, which covers the north of Hodna region,

and extends to the rough area from Bordj Bou Arréridj to Seybouse river.

In (Marcais 1986), the author gathered the three dialects (3, 4, 5) under the name of Hilal di-
alect, which takes its name from Banu Hilal tribe. In addition to that, there are other dialects
which has are originally urban dialect and have been completely influenced by Bedouin di-
alect. For that, we have classified these dialects, so-called Urban Completely Bedouin (UCB).
Regarding some linguistic differences, we have divided this last dialect into two sub-dialects,

namely Algiers-Blanks and Sahel-Tell.

In spite of the sparse and the specific linguistic studies that have dealt with Arabic dialects,
there is no efficient and complete dialect hierarchy dedicated to Algerian dialects. We have
compiled a preliminary version of such hierarchy from the above historical knowledge. We

summarize this Hierarchy Structure for Algerian (HSA) dialects in Figure 1.4. Parts of this
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HSA is also confirmed by some linguistic studies essentially phonological, lexical and mor-
phological (Marcais 1986, Palva 2006). However, this hierarchy structure has not benefited
from the deep prosodic analysis. In what follows, we review the phonetic and phonological

data of Algerian Arabic dialects.

Embarki (2008) resumes the descriptions proposed in different bibliographic sources, to iden-
tify the 'major’ discriminating phonological units for different types of Arabic dialects. He
is based mainly on the presence or absence of some phonemes of MSA in Arabic dialects,
these phonemes are four consonants: the dentals fricative /t/ ("&), /d/ (°Y), /d/ (L") and
a voiceless uvular stop /¢/ ('3’). For Algerian dialects classification, Versteegh et al. (2006)
have previously used these four consonants to discriminate the two major groups: Pre-Hilal
and Bedouin dialect, where Pre-Hilali dialect characterized by: /q/ is pronounced /k/ ('),

except in Tlemcen where it is a glottal stop /’/ ('), and the loss of inter-dentals and pass into

the dentals /t/ ('&’) , /d/ ('), /d/. For Algerian Bedouin dialect, the four discriminative

consonants are characterized by: /q/ (') is pronounced /g/ ('¥’) and the inter-dentals are

fairly preserved.

Early, Marcais (1986) presents other discriminative phonemes for two major dialect groups
and adds four discriminative features. For Pre-Hilali dialect, the phonemes /k/ (’¢’), for
instance & /keleb,/ ’dog’, is pronounced as: a palatal [k¥]?, or an affricate [K/, t/]*, or as
a fricative [[]°; /t/ is pronounced as an affricate [t%]; /j/ becomes [3] when it is single, and
[d3]® when it is doubled. In addition, the diphthongs /ay/ and /aw/ usually become /i/ and
/u/. For example, let us take the words: lee> /hayt/ "wall’ becomes /hit/, s /lawn/ color’

becomes /lun/.

The Bedouin dialect is characterized by the preservation of diphthongs /ey/ and /ow/ or
their contraction /e/ and /o/. Each group have other dialect features added to the four

discriminative consonants, which are presented in Table 1.2.

1.6 Conclusion

This chapter began by exposing the position of Arabic language and its varieties according
to the structure of the language family in the world. Second, we reported the geographical
S /kyelb/
1_La3 /tshelb/
> s /shelb/
6As in the word C\s /ndjah/ ’success’
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Dialect ’ C’ /i) é’ /g/ Diphthongs /ey/ and /ow/ The Final Vowel
Sulaymite /i/ /8/ Reduced to /e/ and /o/ /y/ becomes /i/
Ma’qilian /j/ /g/ Presented /Reduced to /e/ and /o/

Saharan i/ '@ /q/ Presented/Reduced to /e/ and /o/

Nomadic

Tellian No- /dj/ /g/ Presented /Reduced to /1/ and /u/  /u/ becomes /o/
madic

High plains
of Constan-
tine

/dj/

/8/

Reduced to /1/ and /u/

TABLE 1.2: Discriminative Consonants of Bedouin Dialects.

classification of Arabic dialects as there is a large number of Arabic varieties. For each group,

we described the main features and its sub-dialects. Third, we have reported some remarks

on NLP applications dealing with Arabic dialects and special Maghrebi group. Then, we

showed some characteristic of Arabic dialects, such as phonological and prosodic varieties.

Finally, we described the Algerian Arabic dialects and its phonological varieties.
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This chapter gives an overview of concepts and generalities on language resources. In fact,
we will speak about the main characteristics that feature the spoken corpora.For the purpose

of this thesis, we will review the main existing Arabic corpora.

2.1 Language Resources

A general term used to refer to language resources is corpus, plural corpora, which is a large
collection of data, such as written texts or recorded speech (Crystal 2008). These corpora

can be written or spoken only, or both (Lindquist 2009).

Corpus data may be used by both linguistics and Natural Language Processing (NLP) re-
searchers. In the field of NLP, the use of corpora is necessary for most of the front-end NLP
researches. In fact, they are important to build and evaluate NLP systems specially those
based on machine learning where they will use for training and evaluating models. Among
them, we cite machine translation, speech recognition, speech synthesis, speaker recogni-

tion/verification, spoken language, etc.

In the field of linguistics, corpora are also very useful to study the specific phenomena of
linguistic such as lexical ambiguities, which is the study of the presence of two or more
possible meanings within a single word, fixed expressions which refers to the study of the
standard form of expression that has taken on a more specific meaning than the expression
itself, etc. Moreover, corpora are used more in other disciplines such as cognitive science,
which is the study of the mind and its processes, or foreign language teaching that refers to

the methods of teaching to acquire a non-native language (Kurdi 2016).

2.2 Corpus Classification

In order to establish a corpus classification, many criteria can be used, such as the distinction
between spoken and written corpora, the number of languages or dialects in the corpus,

thematic representativity of data in corpora ...

Written versus Spoken Corpus

Corpus can be categorized according to the type of the collected data, which is written texts,

spoken records, or both. Written texts in corpora might be drawn from books, web pages,
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or newspaper archives, such as The Guardian (for English), Le Monde (for French) and Al-
Hayat (for Arabic). Often, the social media websites, such as twitter and facebook, and the
personal website (blogs) are recently a very popular source for written texts. These texts
are scanned or downloaded electronically. The size of written corpus depends on the specific
reasons of its building. For example, the preparation of a language dictionary required a very

large written corpus.

The spoken corpus (or speech corpus) could in principle include a set of audio recordings
only. For example, the CALLHOME Egyptian Arabic corpus contains only the telephony
conversations between native speakers of Egyptian Arabic (Canavan et al. 1997). At the other
hand, the spoken corpus can include the audio transcription such as orthographic or phonetic
ones. For example, Arabic Speech Corpus' contains the audio recording, the orthographic,
and the phonetic transcription of the south Levantine Arabic dialect (Damascian accent)
(Halabi 2016).

Corpus Language

A corpus can be expressed in one or more languages. For that, we can distinguish between:
monolingual corpora, multilingual corpora, or parallel corpora. Monolingual corpora are
corpora whose content a single language. For example, The CALLHOME Egyptian Arabic
corpus contains only Egyptian Arabic (Canavan et al. 1997). Multilingual corpora content a
different languages. For example, the KSU Rich Arabic corpus is collected for nine Arabic
dialects and MSA (Alsulaiman et al. 2013). Parallel corpora is gathering one language and
their translations into one or more other languages. For example, Multi-Dialect spoken
parallel corpus encompass MSA and their translations into three Arabic dialects: Gulf, Egypt

and Levantine (Almeman et al. 2013).

Corpus Data Representativity

The corpus can also be classified according to the data representativity that form them. There
are three types of representativity: balanced, pyramidal, or opportunistic corpus. Balanced
corpus gathered the equally data for each language or topic to guarantee the representative-
ness. Pyramidal corpora include data distributed by levels, which built for central topics

large collections and for less important topics small collections. Opportunistic corpora are

!Is free corpus which it can be downloaded at http://en.arabicspeechcorpus.com/


http://en.arabicspeechcorpus.com/
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used for under-resourced language. Therefore, it gathers all available resources and not take

on consideration data representativeness.

2.3 Spoken Corpus Usage

In what follows, we focus only on Spoken Corpus (SC). Let as mention that, each SC creation
is designed for specific purposes, which determine the content and the design of a corpus. In
fact, it can be used for research purposes or for real life technological applications (Gibbon
et al. 1997). Let us mention that some corpora created for specific field they can be used for
others fields.

Concerning SC for research purposes on linguistics, such the study of specific hypothesis
about speech production, the researchers are more exigent. In fact, they need that word are
well pronounced. These type of corpora are used for the study of phonetic; which is the
study of all aspects of speech; sociolinguistic; which is the study of the relationship between
language and society; psycholinguistic research; is the study how we develop, perceive, and

produce language.

Technological applications that use SC can be divided into four classes: speech synthesis,
speech recognition, spoken language systems, and speaker recognition/verification. FEach
application needs its specific corpus design. For example, speech synthesis requires large
speech data from only one or two speakers, whereas speech recognition requires small speech

data from many speakers.

2.4 Spoken Corpus Specification

This section gives an overview about the speech corpus specification that characterize a corpus
from another, such as: the spoken content (topics), speaker profiles, number of speakers,

speaking style, recording materials and environment ...

The Spoken Content

The spoken content is what is spoken in a speech corpus. It is the first major feature which

determines the usage of the resource. To define the content of a corpus, there are four
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methods, which can be applied alone or mixed. It can be characterized by vocabulary, by

domain, by task, or by phonological distribution.

The simplest way to specify the spoken content is by wocabulary, which is derived auto-
matically from the usage of the resource. For instance, Saudi Accented Arabic Voice Bank
(SAAVB) corpus (Alghamdi et al. 2008) is characterized by the vocabulary richness, which
is the presence of high percentage of unique words in the transcription files. Indeed, it is
designed for speech recognition systems. SAAVB corpus vocabulary includes: numbers, city

names, currencies, yes/no answer, spelling of a phonetically rich words.

Another method for controlling the contents of a speech corpus collection is by domain. It
is method that achieved a closed vocabulary without restricting the speakers. The domain
could be for instance: TV program, weather, and restaurants. For example, TuDiCol (Graja
et al. 2010) corpus contains recorded dialogs between staff and clients in the railway services

of Sfax town, Tunisia. Mainly usage is for automatic answer/response systems.

Solving a task/question can be another method to collect the spoken corpus. For example,
SAAVB corpus (Alghamdi et al. 2008) includes the spoken answers of the question "Where

is the nearest hospital?".

In some cases the contents of a speech corpus have to be specified in term of phonological units,
like phonemes, syllables, and morphemes. For instance, a general purpose dialect recognition
system will require the repetitions of discriminative phonemes. For example, SAAVB corpus
(Alghamdi et al. 2008) includes the record of two accent variation sentences, in which the

discriminative phonemes are presented.

Number of Speakers and How They are Selected

The number of speakers is one of the most important characteristics of a spoken language
corpus. Speakers can be men, women, or children, dependent on the application. Speech

corpora can be divided into three classes (Gibbon et al. 1997):

e Speech corpora, with few speakers (1 to 5), are often used to prepare phonetic elements
dictionaries (allophones, diphones, etc.), to design prosodic models, for developing syn-
thesis systems, or for basic speech research. Note that a few number of speakers does

not necessarily mean a small corpus.

e Speech corpora, with many speakers (about 5 to 50), are often used in experimental

factorial research. In general, the number of speakers and the number of repetitions of
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the speech phenomena that are investigated to allow planned statistical tests to reach

a pre-specified power.

e Speech corpora with large number of speakers (more than 50) are necessary to train

and test speech recognition, speaker verification, and dialect identification systems.

In addition, one of the major feature that fixes the corpus usage is How the speakers are
selected 7 Which means that are-they arbitrary selected? or with respect to some charac-
teristics (speaker profiles)? It is importance to specify the characteristics and distributions
of speakers. The profile of speaker includes such information: distribution of sex and age,
mother tongue, social factors (education/ proficiency,/ profession), dialectal distribution. For
instance, Modern Standard Arabic speech corpus (Abushariah et al. 2012) is recorded by 40
speakers (20 male and 20 female), which are native speakers differing in gender, age, country,
geographical region (three major regions: Levant, Gulf, and Africa), profession, educational

background, and mastery of Arabic language.

Speaking Style

Speaking style is another feature key that defines the possible uses of the speech corpus. It can
be read, answering, description, or spontaneous speech. For a corpus production, it is strongly
recommended at least to have two different speaking styles. To obtain a specific vocabulary,
often answering? and descriptive? styles are used. Descriptive speech is more spontaneous
than both read and answering style. In contrary to read, answering, and description style,
in spontaneous speech, the speaker has no restrictions of the supervisor on his speech aside

from a topic or a task. Although, most speech corpora contain read style.

Environmental Conditions and Recording Materials

The speech can be recorded in different types of acoustic environments, such as: sound proof
room, quiet office, office with 1/2/5/10 employees, corridor, restaurant, street, inside vehicle,
quiet living room (furniture, open/closed windows), etc. In addition, data can be collected
with different recording types of microphones and transmission channels, such as: single

microphone, set of microphones with different quality, mobile phone, land phone, etc.

2 Answering speech style: covers all recordings that are prompted by a question.
3Descriptive speech: is asking the speaker to describe the showing picture or graph.
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I

Arabic Speech Corpus

[ !
MSA MSA-+DA
West Point (LaRocca & Chouairi 2002) SAAVB (Alghamdi et al. 2008)
OrienTel MSA Corpus (2001-2003) ALGASD (Droua-Hamdani et al. 2010)
NetDC (Choukri et al. 2004) MDP (Almeman et al. 2013)
NEMLAR (Choukri et al. 2005) KSU Rich Arabic (Alsulaiman et al. 2013)
KACST (Abushariah et al. 2012) Al Jazeera Multi-dialectal (Wray & Ali 2015)
DA

l

CALLFRIEND Egyptian (Canavan & Zipperlen 1996)
OrienTel Modern Colloquial Arabic (2001-2003)
DARPA Babylon Levantine (Makhoul et al. 2005)
Appen’s corpora (2006-2007)

TuDiCol (Graja et al. 2010)

FiguRrE 2.1: Main Spoken Arabic Corpora.

2.5 Arabic Spoken Corpus

For many languages such as English, speech corpora has achieved a mature situation com-
pared to Arabic, which can still be considered a relatively resource-poor language. In this
section, we review the speech corpora dealing with Arabic variants. We have classified most
important Arabic Spoken Corpora according to the fact that they are built for Modern Stan-
dard Arabic (MSA) or Dialectal Arabic (DA), or both of them. Figure 2.1 illustrates the
studied existing corpora according to this taxonomy where the green color is used to indicate
free corpus. Following another classification way, we have classified them according to two
criteria: collecting method and Intra/Inter country dialect collection context. They can be
classified into five categories according to the collecting method. Indeed, it can be done by
recording broadcast, spontaneous telephone conversations, telephone responses of question-
naires, direct recording, and web-based resourcing. The second criterion distinguishes the
origin of targeted dialects in either Intra-country/region or Inter-country, which means that

the targeted dialects are from the same country/region or dialects from different countries.

First, let us briefly review some MSA corpora. It is important to mention that most existing
corpora are collected early in 2000s. For instance, LaRocca & Chouairi (2002) built the West
Point Arabic Speech corpus, which is collected by direct recording method of read speaking

style using microphone. It is available via Linguistic Data Consortium (LDC) catalogue®.

4Code product is LDC2002S02.
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The speech data are collected from 110 speakers, which are 75 speakers native (41 males) and

35 speakers non-native (25 males). The total size of this corpus is about 11.42 hours.

In addition any other, speech corpora for MSA are collected by using telephone response of
questionnaire through the OrienTel ® project funded by European Commission. It focuses
on the development of language resources for speech-based telephony applications across the
area between Morocco and Gulf States. These corpora are uttered by speakers from Egypt,
Jordan, Morocco, Tunisia, and United Arab Emirates countries, which are available via the

European Languages Resources Association (ELRA) catalogue®.

Concerning Standard Arabic corpus collected by recording Broadcast News from radio by
using receiver, we can cite NetDC Arabic (Choukri et al. 2004) and NEMLAR" (Choukri
et al. 2005) corpus, with total sizes are about 21 and 40 hours respectively. Both corpora are

collected by ELRA organization.

More recently, King Abdulaziz City of Science and Technology (KACST) (Abushariah et al.
2012), an Arabic MSA phonetic database, is collected by using direct recording. It encom-
passes speeches from eleven Arab countries. They are gathered to represent three different
Arab regions: Levant, Gulf, and Africa. The speakers read 415 sentences, which are phonet-

ically rich and balanced.

In contrast to this relative abundance of speech corpora for MSA, very few attempts have
tried to collect Arabic Speech corpora for dialects. As far as we know, the pioneer Dialectal
Arabic (DA) corpus has been collected in the middle of the nineties and it is CALLFRIEND

Egyptian (Canavan & Zipperlen 1996). Tt contains 60 conversations between 5-30 minutes.

Another part of OrienTel project, cited below, has been dedicated to collect speech corpora
for Arabic dialects of Egypt, Jordan, Morocco, Tunisia, and United Arab Emirates countries.
In these corpora, the same telephone response of questionnaire method is used. These corpora

are available via ELRA catalogue®.

The DARPA Babylon Levantine Arabic speech corpus gathers some Levantine dialects col-
lected by using direct recording of spontaneous speech method (Makhoul et al. 2005). Tt is
spoken by speakers from four Arab countries: Jordan, Syria, Lebanon, and Palestine. The

size of that corpus is about 45 hours, and it is available via LDC catalogue®.

Shttp://www.speechdat.org/0ORIENTEL/

6Respective code products are ELRA-S0222, ELRA-S0290, ELRA-S0184, ELRA-S0187 and
ELRA-S0259.

"Code product: ELRA catalog ELRA-S0219.

8Respective code products are ELRA-S0221, ELRA-S0289, ELRA-S0183, ELRA-S0186, and
ELRA-S0258.

9Code product is LDC2005S08.
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Appen company'? has collected three Arabic dialects corpora by means of spontaneous tele-
phone conversations method. These corpora uttered by speakers from Gulf (975 conversations
about 93 hours), Iraqi (474 conversation about 24 hours), and Levantine (982 conversation

about 90 hours). They are available via LDC catalogue!!.

With a more guided telephone conversation recording protocol, Fisher Levantine Arabic cor-
pus is collected, it is available via LDC catalogue'?. The speakers are selected from Jordan,

Lebanon, Palestine, Lebanon, Syria, and other Levantine countries.

TUnisian DIalect COrpus Interlocutor (TuDiCol) (Graja et al. 2010) is a spontaneous di-
alogue speech corpus dedicated to Tunisian dialect. It contains recorded speeches of 127
dialogues which represent 893 utterances. The speech data is dedicated to the travel domain.
In fact, all speeches are conversations recoded between train staff and clients in the railway

of Sfax town, Tunisia.

Concerning corpora that gather MSA and Arabic dialect, we have reviewed some of them.
Saudi Accented Arabic Voice Bank (SAAVB) corpus is dedicated to speakers from all the
cities of Saudi Arabia country using telephone response of questionnaire method (Alghamdi
et al. 2008). The main characteristic of this corpus is that before recording, a speaker and
environment selections are performed. The selection aims to control speaker age and gender

in addition to the telephone type.

In an intra country context, ALGerian Arabic Speech Database (ALGASD) corpus is collected
by direct recording of MSA sentences and dialect sentences read by Algerian speakers (Droua-
Hamdani et al. 2010). The speakers are selected from 11 regions from Algeria. This corpus
contains 300 speakers and the total number of utterances is 1080. They have 600 recordings
of dialect sentences (repetition of only both dialect sentences) and 480 MSA sentences (with

136 of the individual sentences).

Multi-Dialect Parallel (MDP) (Almeman et al. 2013) is among the rare free corpora, which
is confirmed by Zaghouani (2014) in his recent critical survey on freely available corpora.
It gathers MSA and three Arabic dialects. Namely, the dialect are from Gulf, Egypt, and
Levantine. The speech data are collected by domain (travel and tourism) and recording is
performed by direct method. The number of speakers is about 52 and the percent of dialect

utterances is about 77% of total size corpus (32 hours).

19Appen is a global company and leader in high-quality, human-annotated datasets for machine
learning and artificial intelligence.

I Respective code products are LDC2006543, LDC2006545, and LDC2007S01.

12Code product is LDC2007S02.
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King Saud University (KSU) Rich Arabic (Alsulaiman et al. 2013) corpus encompasses
speakers by different ethnic groups, Arabs and Non-Arabs (Africa and Asia). Concerning
Arab speakers in this corpus, they are selected from nine Arab countries: Saudi, Yemen,
Egypt, Syria, Tunisia, Algeria, Sudan, Lebanon, and Palestine. This corpus is rich in many
aspects, among them, richness of the spoken content by vocabulary, by solving task, by
phonological distribution, and speaking style (read, answering, description, and spontaneous).

In addition, different recording sessions, environments, and systems are taken into account.

Al Jazeera multi-dialectal speech is a free corpus with total size about 57 hours, based on
Broadcast News of Al Jazeera (Wray & Ali 2015). Its annotation is performed by crowd sourc-
ing technology. It encompasses MSA and four major Arabic dialectal categories: Egyptian,

Levantine, North African, and Gulf.

In an intra country context, there are only Algerian Modern Colloquial Arabic Speech Corpus
(AMCASC), is a corpus dedicated to Algerian Arabic dialect varieties (Djellab et al. 2017),
which is based on telephone conversations collecting method, is a large corpus about 735

speakers and more than 72 hours that takes three regional dialectal varieties.

Table 2.1 summaries our review of these major spoken Arabic corpora specially those dedi-

cated to dialects. This study leads us to make some remarks:

e We should mention the fact that these corpora are mainly fee-based and the free ones
are extremely rare. We can enumerate only two free corpora: MDP (Almeman et al.
2013) and Al Jazeera Mutli-dialectal (Wray & Ali 2015).

o Let us also observe that the direct recording method combined with a chosen text, is

less used in spite of that it exhibits better the language/dialect features.

e For some dialects, especially Egyptian and Levantine, there are some investigations in
terms of building corpora and designing NLP tools. While, very few attempts have
considered Algerian Arabic dialect. Which, make us affirm that the Algerian dialect

and its varieties are considered as under-resourced language.

e In an intra country context, only AMCASC (Djellab et al. 2017) corpus gathered Al-

gerian Arabic dialect varieties.

e The best of our knowledge, there is no Web-based speech dataset/corpus that deals with
Arabic speech data neither for MSA nor for dialects. While for other languages, there
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are some investigations. We can cite the large recent collection Kalaka-3 (Rodriguez-
Fuentes et al. 2016). This is a speech database specifically designed for Spoken Lan-
guage Recognition. The dataset provides TV broadcast speech for training, and audio

data extracted from YouTube videos for testing. It deals with European languages.

2.6 Conclusion

In this chapter, we have first given some preliminaries on language resources such their classifi-
cation aspects: the type of data (spoken or read), the number of treated languages(monolingual,
multilingual, or parallel), and the data representativity (balanced, pyramidal, or opportunis-
tic). Second, we present who collects and distributes corpora. Third, we show both usage of
spoken corpora, which are used for research purpose and for many technological application.
Then, we give quasi-exhaustive overview about the specification of speech corpus. Finally, we
attempt to provide a brief summary of the literature relating to Arabic spoken corpus. We
note from this review that no web-based spoken Arabic corpus and the Algerian dialects are
under-resourced languages. For that, the next chapter describes our first contribution: two

Algerian dialects corpus, one of them is Web-based corpus.
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Corpus Speakers Dialect Content Channel  Sampling From
rate
CALLFRIEND - EGY Spontaneous Telephone 8 KHz LDC
OrienTel  Mo- 772 MOR Response  of Telephone 8 KHz  ELRA
ToCcco questionnaire
OrienTel Tunisia 792 TUN Response  of Telephone 8 KHz  ELRA
questionnaire
OrienTel Egypt 750 EGY Response  of Telephone 8 KHz  ELRA
questionnaire
OrienTel UAE 880 Emirates  Response  of Telephone 8 KHz  ELRA
questionnaire
OrienTel Jordan 757 JOR Response  of Telephone 8 KHz  ELRA
questionnaire
DARPA 164 JOR, PAL, Spontaneous Microphonel6 KHz  LDC
Levantine SYR, LEB
Gulf Appen 975 GLF Spontaneous Telephone 8KHz LDC
Iraqi Appen 474 IRQ Spontaneous Telephone 8KHz LDC
Levantine  Ap- 982 LEV Spontaneous Telephone 8KHz LDC
pen
Fisher - JOR, LEB, Spontaneous Telephone 8KHz LDC
Levantine PAL, SYR
ANLP-
TuDiCol 127 TUN Spontaneous - - RG
SAAVB 1033 Saudi read, sponta- Telephone 8KHz KACST
neous, answer-
ing
MDP 52 GLF, EGY Translating MicrophoneS8KHz MISC
LEV
AMCASC 735 3 ALG Spontaneous Telephone MISC
KSU Rich 288 Africa & Spontaneous, Mobile, 16 KHz KSU
Middle
Arabic East answering, microphone
read
Al Jazeera, - EGY, LEV, Spontaneous Microphonel6KHz  QCRI
multi-dialectal GLF

TABLE 2.1: Speech Corpora for Arabic Dialects. (ALG= Algerian, EGY= Egyp-
tian, GLF= Gulf, IRQ= Iraqi, JOR= Jordanian, LEB= Lebanese, LEV= Levantine,
MISC= Miscellaneous, MOR= Moroccan, PAL= Palestinian, SYR= Syrian, TUN=
Tunisian)
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For many languages, the state of the art of designing and developing speech corpora has
achieved a mature situation. On the other extreme, there are few corpora for Arabic. More-
over, very few attempts have considered Algerian Arabic dialect. This chapter is dedicated to
describe the building methodology and the main features of our both spoken Arabic Algerian
corpora: ALG-DARIDJAH and KALAM'DZ.

3.1 ALG-DARIDJAH Corpus

First, we have created ALG-DARIDJAH corpus dedicated to Algerian dialect variety. We
have baptised our corpus ALG-DARIDJAH for ALGerian Darijah. In the Maghreb, the
term Daridjah '&5 )WV means dialectal Arabic. In the Est, they use the vocable *{wlaV
/al-‘amiya/. ’

3.1.1 Methodology

The crucial points to be taken into consideration when designing and developing relevant
speech corpus are numerous. We can mention some of them: scope and the size of the
corpus, richness of speech topics and content, number of speakers, gender, regional dialects,
recording environment and materials. We have attempted to cover a maximum of these

considerations. We will underline each considered point in what follows.

In order to build our dialect corpus, we have to resolve and fix some choices, namely: Which
text (words, sentences, and paragraphs) we have to put in the corpus that foster its richness?
Which method to use in order to collect speech data? and finally Which speaker profile we
have to adopt?

First, let us recall that collecting dialect speech data can be done by means of four ways:
straightforward recording some reports and telecasts from regional radios and TV, by tele-
phone response of questionnaire, by spontaneous telephone conversations, or by direct record-

ing. Obviously, it can be performed also by combining at least two ways.

In our case, we have selected Direct Recording method to collect speech data in order to
provide a rich corpus that can be used to display differences and similarities between dialects.
Furthermore, a direct recording compared with broadcast news-based method, allows us to

control speaker’s profile.
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3.1.1.1 Corpus Text Content

Concerning the speech material, we have adopted a handmade text. This latter with selected
and guided content allows the corpus to be parallel. So, it allows highlighting fairly dialect

features and catching speaker’s finger, ...

We prompt the speaker to utter utterance through a question sheet. Our question sheet is
composed of many words, sentences and paragraphs. We have categorized them into four
parts according to their purpose: Spontaneous speech, read sentences in MSA, translate text,

and sub-spontaneous sentences.

Spontaneous Speech —SS part—

In this part, the speaker answers 05 questions, which are:  Where are you from? What is the
time? Tell us about what do you like in your city? Tell us about the weather today? Describe

to us the last meal you have eaten? The aim of these data is to record conversations.

Read Sentences in MSA —RS part—

In this category, we have selected ten sentences, which are phonetically rich and balanced.
We have taken the tenth list from the research of Boudraa et al. (2000). This part has
twofold purposes. First, MSA speech are represented in the corpus. Second, it is shown by
Ammar et al. (2014) that the accent in MSA utterance is widely influenced by the dialect of
the speaker.

Translate Text —TT part—

The speaker has to translate 18 common words, 16 sentences from MSA to his dialect:

e Digits: from 0 through 10 and days of the week.

e Accent sentences/paragraphs: this part includes four sentences, which contain the pro-
nunciation of the main five discriminative sounds in Arabic dialects. This part gathers

between the three forms of sentences, which are normal, negative and interrogative.

The aim of adding this part is justified by the studies of Taine-Cheikh (2000) and
Holes (2004). Taine-Cheikh proves that the pronunciation of |q] and [d], which are
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in Arabic the letter '3 /qaf/ and 'Y /dal/ respectively, are discriminative sounds in
Arabic dialects, especially they are quite discriminative when we deal with Algerian
dialects. In addition, Holes adds to this list three other discriminative sounds. Two
interdentals sounds [0], and [8%], which are in Arabic the letter '&’ /ta/ and ’1’ /da

/ letters respectively, and an alveolar affricate sound [d&] which is

letter.

C’ /jim/ in Arabic

The texts of this part are selected from two different corpora. From SAAVB corpus (Al-
ghamdi et al. 2008), we have selected two accent variation sentences, this is due to two

reasons:

1. The first sentence includes the five discriminative sounds in MSA words that
rarely change their nucleus in the dialect of a speaker, it is:
B S AL D Bglall st
/ja:’ alduyu:f altala:tah bialdahab gabla ahfiuhr /

"The three guests came with the gold before noon".

2. The second sentence is an interrogative sentence. It is an indirect question intro-
duced by "why" which expresses the interrogative style:
" Al CJ@\ A& sl U
/limazda: sa:fart ’ila: alha:rij fir al‘i:d/?

"Why did you travel abroad during the festival?"

From another linguistic corpus (Ammar et al. 2014), we have selected two sentences.

They include interdental fricative sounds, with a short sentence in negative style.

e A short text story: this part includes 12 sentences, which are selected from the well
known story The North Wind and the Sun. We have intentionally added this part as this
story represents a reference text used by the Association International Phonetics (AIP)
for phonetic description of world languages!. AIP provides the record of this story in
many languages including MSA. It represents de facto standard in most corpora that
are used in language processing for phonetic research. Furthermore, it is widely used
for Arabic dialect processing. It makes performing comparative studies more easgier.
Specifically for Arabic dialects, this story is presented in the corpus of Hamdi et al.
(2004) and also in Araber Corpus for Arabic dialects collected by Barkat-Defradas

available through Corpus Pluriels of praxiling laboratory 2.

! https://www.internationalphoneticassociation. org
2 http://www.praxiling-corpuspluriels.fr
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Sub-Spontaneous Sentences —SSS part—

In this category, the speaker has to narrate, in his dialect, an image story by interpreting a set
of 24 ordered pictures selected from kid story Frog, where are you? which is called in linguistic
literature The Frog Story (Mayer 1969). This part leads to 24 utterances. It is added to the
corpus text content for many purposes. The first, is that, this story is near to daily speech
in its grammatical and lexical varieties. In addition, it contains different levels and types
of linguistic expression. Like The North Wind and the Sun story, it is frequently used in
main corpora. Furthermore, it can be used to perform prosodic measurements due to the call
of the narration style as proven by Himmelmann & Ladd (2008). In fact, for highlighting
prosodic features, a semi-guided narration style allows two antagonist criteria. First, like in a
spontaneous speech, it gives freedom to the speaker to narrate in his style. Second, it guides
the narrator to follow story events and to use a specific vocabulary, essentially the motion

verbs.

In Arabic, this story is used by Barkat et al. (1999) to sketch up the fact that the prosody
features can be discriminative for Arabic dialects. In addition, it is presented in Araber

corpus, cited bellow, which has been used in prosodic research of Rouas (2007).

Table 3.1. gives a summary of the corpus’s speech material described below. Ratio column

expresses the ratio of each part in the whole text content in term of sentences.

Part #Utterance Ratio (%)
Spontaneous Speech 05 8.8

Read Sentences in MSA 10 17.5
Translate Text 18 31.6
Sub-Spontaneous Sentences 24 42.1
Total 57 100

TABLE 3.1: Corpus Speech Material.

3.1.1.2 Speaker Profile

The speakers are chosen from adult population with an age in the range 18-50 years. We have
made sure that speakers and their parents are native from the department of the corresponding

dialect.
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Let us mention that when the department is a great metropolis, we have made sure that
the speakers are from the same area. In fact, we have noticed that for Algiers, Oran and

Constantine departments, we can have more than one sub-dialect.

The speaker’s personal information are provided by the speaker him-self. These information
are namely: first and last name (optional), date and place of birth, education level, origin of
his/her parents and their education level. The applicant has to inform about the different

places/dates where/when he lived since he/she has 2 years old.

3.1.1.3 Material and Environment Recording

Concerning the recording environment, some conditions are respected. In fact, all recordings
are performed in a quiet environment and when it is possible, we have performed recording
in a sound proof room. In order to avoid noise in the recorded speeches, all the recording are

done in nice days without wind, thunder, or rains.

Concerning the hardware configuration of the recording material, we have use a dictaphone
TASCAM DR-05 sets. The sample rate of recording is 48K sample/sec with 16 bits resolution.

In order to explain how we have got the speech data, let us sketch the procedure in these two

steps:

e Before Recording Step: First, we explain to each applicant the purpose and objectives
of the targeted speech corpus in order to reassure and give him confidence. In addition,
the applicant fills in an information form that will provides useful information related
to the speaker profile. Second, each applicant has to take notes in advance about the

whole question sheet because of the translation of some sentences in his dialect.

e During Recording Step: Many verbal trials are allowed until we and the speaker are
satisfied about the quality of dialect utterance, specially RS, TT and SSS parts. Among
the satisfaction criteria that we have looked after that the speaker avoids using inten-
sively French terminology as possible as he can. However, he can use lexical borrowing,
where the speaker use a foreign word, which is adapted to his syntactic/morphology.
Generally, each recording is performed twice. However, when the speaker feels uncom-

fortable or shy, we repeat the recording until we get an acceptable quality one.
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3.1.2 Corpus Description

Due to the lack of efficient linguistic atlas for Algeria, we have chosen to collect spoken
data from chef-lieu of departments where there are prominent population density. This fairy

fine-grained division favors efficient dialect feature captures.

Within this preliminary version, ALG-DARIDJAH covers more than one third of the whole
sub-dialects of Algeria. The covered sub-dialects are from departments of Adrar, Algiers,
Annaba, Bordj Bou Arréridj, M’sila, Constantine, Djelfa, El-Bayadh, El-Oued, Ghardaia,
Laghouat, Média, Mostaganem, M’sila, Tiaret, Tissemsilt, Tlemcen and Oran. Let us note
that dialects spoken in these departments are quite close to each other. They differ mainly

in pronunciation and some local words. For this reason, we talk about sub-dialects.

Number of targeted departments 17

Number of speakers 109

Number of utterances 6213
Average recording by speaker 2.50 mn
Total recording « 4 h 30 mn
Size of corpus 1.8 Gb

TABLE 3.2: Corpus Statistics and Details.

Table 3.2 gives a summary of some statistics of the built corpus. A sample of ALG-DARIDJAH
corpus is available online?. ALG-DARIDJAH corpus encompassed 17 sub-dialects, an average
of more than 6 speakers by sub-dialect and 109 in total. The male speaker ratio is about

44%. Table 3.3. gives more details on the distribution of speakers for each sub-dialect.

Concerning provided annotations, each utterance in ALG-DARIDJAH has time-aligned ortho-
graphic word transcription. In addition to this annotation, we have performed automatic
syllable segmentation of all utterances by using Praat tool enhanced by the script Proso-
gram V 2.9 (Mertens 2004). Figure 3.1 reports a sample of an orthographic transcription of

one utterance among Translate Text part (T'T) sentences.

As a first corpus analysis, there is a lot of lexical differences between sub-dialects. We have

captured some of them which are illustrated in Table 3.2.

3 http://perso.lagh-univ.dz/~hcherroun/Alg-Daridja.html
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Departement Gender Total
#Male #Female

Adrar 04 02 06
Algiers 04 04 08
Annaba 05 05 10
Bordj Bou Arréridj - 01 01
Constantine 01 01 02
Djelfa 05 05 10
El-Bayadh 01 03 04
El-Oued 05 05 10
Ghardaia 05 05 10
Laghouat 05 05 10
Meédéa 04 05 09
Mostaganem - 01 01
M’sila 01 09 10
Tiaret 02 04 06
Tissemsilt 02 02 04
Tlemcen 02 02 04
Oran 02 02 04
Total 48 61 109

TABLE 3.3: ALG-DARIDJAH Speakers Distribution.

3.1.3 Corpus Package Organization

In order to facilitate the deployment of ALG-DARIDJAH corpus, we have adopted the same

packaging method as TIMIT Acoustic-Phonetic Continuous Speech Corpus (Garofolo et al.

MSA LB S AL S Oyl i
/ja:’ alduyu:f altala:tah bialdahab qabla alcTiuhr/

Laghouat dialect JZJ;.H rL\s Q,Ju ‘g.;l.;.o w3 LJL.a &6 Uyls
/jawna tla:t dya:f w ja:bu: m‘a:hum dhab gudam al(Tiuhr/

Oran dialect ANl ul,a Cab o db: .f,l: F1=
/jaw tilt dia:f bidhab gbal alduhur/

El-Bayadh dialect J;J;.H rba g_,..&: = &6 u\:m
/dya:f tla:ta ja:bu: dhab guda:m aldhur/

Ficure 3.1: A Sample of Orthographic Transcription.
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1993). In fact, TIMIT is considered as de facto standard of speech corpora. In the root

directory of ALG-DARIDJAH package, we provide some textual files with .txt extension:

- Prompt.txt: Table of sentence prompts.
- Speakerinfo.txt: Table of speaker description.

- Orthocode.txt: Table of symbols used in orthographic transcriptions.

For each speaker, we have four folders, each one contains a part of text corpus. In each folder,

there are a wave file and two transcription files for each utterance.

English MSA Sub-dialects

Look for WY Adrar: gbbg /yhawtu:/
Ghardafa: j.djﬁ /yhawsu:/
Laghouat: 4394 Jydawru:/
Tiaret: ji;j /yragbu:/

Child ik El Bayadh: % /baz/
Tlemcen: X of Jwild/
Oran: :)UJ;- /guryam/

Dispute el Algiers: 4 313 /darbuz/
Annaba: j;/JL;: /ttamrku:/
Constantine: 5:)\44 /tfartnur/
Laghouat: ¢J43 /dawsuz/
Medéa: o 5Ls /da:rbu:/
Tiaret: 35;‘3 /da:gu:/
Tlemcen: 43513 /dabzu:/

FIGURE 3.2: Tlustration of Some Lexical Diflferences in ALG-DARIDJAH.

ALG-DARIDJAH corpus is a parallel corpus that encompasses Algerian Arabic sub-dialects. It
is based on direct recording method. Thus, many considerations are controlled while building
this corpus. The size of ALG-DARIDJAH corpus is restricted. In next section, we tend to
fill this gap by giving a complete recipe to build a large-size speech corpus by using Web-
based resourcing. This recipe can be adopted for any under-resourced language. It eases the
challenging task of building large datasets by means of traditional direct recording. Which is

known as time and cost consuming.
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3.2 Kalam’DZ Corpus

Turning now to the second created corpus, KALAM’DZ is Web-based dedicated also to Al-
gerian dialect variety. Our idea relies on Web resources, an essential milestone of our era. In
fact, the Web 2.0, becomes a global platform for information access and sharing that allows

collecting any type of data at scales hardly conceivable in near past.

As mentioned previously according to our review of the major Arabic dialects corpora, in
Section 2.5, there is no Web-based speech corpus that deals with Arabic speech data neither
for MSA nor for dialects. While for other languages, there are some investigations. We
can cite the large recent Web-based collection Kalaka-3 (Rodriguez-Fuentes et al. 2016) for
European languages. This is a speech database specifically designed for Spoken Language
Recognition. The dataset provides TV broadcast speech for training, and audio data extracted

from YouTube videos for testing.

3.2.1 Methodology

In this section, we first describe, in general way, the complete recipe, that we have designed,
in order to collect and annotate a Web-based spoken dataset for an under-resourced lan-
guage/dialect. Then, we illustrate this recipe to build our Algerian Arabic dialectal speech

corpus mainly dedicated to dialect and speaker identification.

Global View of the Recipe

The recipe described in the following can be easily tailored according to potential uses of the
corpus and on the specificities of the targeted language resources and its spoken community.

Figure 3.3 shows the global view of the recipe.

1. Inwentorying Potential Web sources: First, we have to identify sources that are the most
targeted by the communities of the languages/dialects in concerns. Indeed, depending
on their culture and preferences, some communities show preference for dealing with
some Web media over others. For example, Algerian people are less used to Instagram
or Snapchat compared with Middle Est and Gulf ones. Moreover, each country has
its own most used communication media. For instance, some societies (Arab ones) are
more productive on TVs and Radios, compared with west communities that are more

present and productive on social media.
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0 o Q v — script...
© &

1. Inventorying Potential 2. Preliminary Validation 3. Providing the Collection

Web sources Lists Script

: U
6. Audio Extraction 5. Cleaning 4. Downloading

Speaker A Speaker B

7. Non-speech Segments 8. Speaker Diarization

Removal

Ficgure 3.3: The Global View of the Recipe.

2. Extraction Process: In order to avoid crawling useless data, this step is achieved through

three stages

(a)

()

Preliminary Validation Lists: For each chosen Web source, we define the main
keywords that can help automatically search video/audio lists. When such lists
are established, a first cleaning is performed keeping only the potential suitable

data. Sizing such lists depends on the sought scale.

Providing the collection script: For each resource, we fix and implement the suit-
able way to collect data automatically. Open Source tools are the most suitable.
In fact, downloading a speech from a streaming or from YouTube or even from
online Tv needs different scripts. The same fact has to be taken into account

concerning their related metadata® which are very useful for annotation.

Downloading: This is a time consuming task. Thus, it is important to consider

many facts such as preparing storage and downloading the related metadata, ...

*YouTube video Metadata such as published_ date, duration, description, category. ..
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(d) Cleaning: Now, the videos/audios are locally available, a first scan is performed
in order to keep the most appropriate data to the corpus concerns. This can be

achieved by establishing a strategy depending on the corpus future use.

3. Annotation and Pre-processing: For a targeted NLP task, pre-processing the collected
speech/video can include segmentation, White noise removing. ... Some annotations
can simply be provided from the related metadata of the Web-source when they exist.
However, this task makes use of other annotation techniques like crowdsourcing where

crowd are called to identify the targeted dialect/speaker or/and perform translations.

The method can be generalized to other languages/dialects without linguistic and cultural
knowledge of the regional language or dialect by using video/audio search query based on
the area (location) of targeted dialect/language. Then use the power of crowdsourcing to

annotate corpus.

3.2.2 Corpus Building

For the context of the Algerian dialects, in order to build a speech corpus that is mainly
dedicated to dialect/speaker identification using machine learning techniques, we have chosen

several resources. This corpus building is sketched through the recipe’ steps application.

3.2.2.1 Web Sources Inventory

The main aim is to allow the richness of the corpus. In fact, it is well known that model-
ing a spoken language needs a set of speech data counting the within-language/intersession
variability, such as speaker, content, recording device, communication channel, and back-
ground noise (Li et al. 2013). It is desirable to have sufficient data that include the intended

intersession effects.

Table 3.4 reports the main Web sources that feed our corpus. Let us observe that there are
several speech Topics which allows capturing more linguistics varieties. In fact, this inventory
contains Local radio channels resources. Fortunately, each Algerian province has at least one
local radio (a governmental one). It deals with local community concerns and exhibits main
local events. Some of their reports often use their own local dialect. It is the same case for

amateur radios. Both, these radio channels and Tvs are Web-streamed live.
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Source Sample Topics
Algerian Tv
Ennahar News
El chorouk News, General
Samira, Bena Cook

Local Radios

48 departments Social, local, General
On YouTube
Algerian PodCast Anes Tina Politic, Culture, Social
Algerian Khaled Fkir Blogs, Cook
YouTubers CCNA DZ Tips, Fun
Mesolyte Advices, Beauty Technology, Vlog®

Algerian TAG
- Advices, Tips, Social discussions

TABLE 3.4: Main Sources of Videos/Radio.

In addition, we have chosen some Algerian TVs for which most programs are addressed to
large community. So, they use dialects. Finally, we have targeted some YouTube resources

such as Algerian PodCasts, Algerian Tags, and channels of Algerian YouTubers.

3.2.2.2 Extraction Process

Now having these Web sources, and as they are numerous, we process in two steps in order
to acquire video/audio speech data. First, we drawn up lists by crawling information mainly
meta data about existing data related to potential videos/audios that potentially contain Al-
gerian dialect speech. The deployed procedure relies on mainly two different scripts according

to the Web resource type.

In order to collect speech data from local radio channels, we refer back manually to the
programs of radio to select report and emission lists that are susceptible to contain dialectal

speech.

Concerning data from YouTube, the lists are fed by using YouTube search engine through
its Data API 9. In addition, the extraction of related metadata are performed using Python

package BeautifulSoup V4 dedicated to Web crawling (Nair 2014).

5YouTube Data API, https://developers.google.com/YouTube/v3/
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In order to draw up search queries, we have used three lists. The first one Dep, contains the
names of the 48 Algerian provinces, spelled in MSA, dialect and French. While the second
list Clat contains the selected YouTube categories. Among the actual YouTube categories, we
have targeted: People & Blogs, Education, Entertainment, How-to & Style, News & Politics,
Non-profits & Activism categories, and Humor. The third list Comm_Word contains a set of
common Algerian dialect words (called White Algerian terms) that are used by all Algerians.

These chosen set is reported in Table 3.5.

Sls What Sl Problems S Discussion
oL~ Journal 5 adl Injure A Maybe

S Electricity | 2y Happen <$ole Happened

:> b Colloquial Lo Algerian 5;3.0\ Village

) News g See Sl Algerian
R Algeria FN) Department AU‘ Baccalaureat
f:k{ Iy Problem (YW food ebl &g Your Opinion

TABLE 3.5: A Sample of Common Algerian Terms Used as Keywords.

Then, we iterate searching using a search query model that has four keywords. The first and
the second ones are from Dep and Cat lists respectively. The remaining two keywords are
selected arbitrary from Comm_Word. This query formulation can guarantee that speak-
ers are from the fixed province and the content topics are varied thanks to YouTube topic

classification.

Concerning Algerian TVs source, the search queries are drawn up using mainly two keywords.
The first one is the name the channel and the second word refers to the report name. In fact,
a prior list is filled manually with emission and report names that uses dialects. Easily, videos
from Algerian YouTubers/Podcasts channels are searched using the name of the corresponding

author.

For all YouTube search queries, we selected the first 100 videos (when available). When lists
are drawn up, we start the cleaning process that discards the irrelevant video entries. In fact,
we remove all list entries whose duration is less than 5s. The videos whose topic shows that
it doesn’t deal with dialects are also discarded. This is done by analyzing manually the video

title then its description and keywords.

In addition, to be in compliance with YouTube Terms of Services, first, we take into account

the existence of any Creative Commons license associated to the video.
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The whole cleaning process leads us to keep 1182 Audios/videos among 4 000 retrieved ones.
Video’s length varies between 6s and 1 hour. The cleaning task is manually carried out by

us.

Now, the download process is launched using the resulting cleaned lists. Concerning the data
from radio channels, we script a planned recording of the reports from the stream of the

radio. Here also the recording amount depends on the desired scale.

Concerning the data from Radios, we deploy, in the download script, mainly the VLC Media
Player tool” with the cron® Linux command. In order to download videos from YouTube, we

have deployed YouTube-dl’ a command-line program.

3.2.2.3 Preprocessing and Annotation

A collection of Web speech data is not immediately suitable for exploration in the same
way a traditional corpus is. It needs more cleaning and preprocessing. Let us recall, that
our illustrative corpus will serve for dialect/speaker identification using machine learning
techniques. For that purpose, we have applied the following processing for each downloaded

video/audio:

1. Audio extraction: FFmpeg'? tool is used to extract the audio layer. In addition, the
SoX! tool, a sound processing program, is applied to get single-channel 16 kHz WAV

audio files.

2. Non-speech segments removal: we have also remove all non speech segments such as
music or white noise by running a VAD (Voice Activation Detection) tool to remove as

many as possible.

3. Speaker Diarization: this step is performed to determine who speaks when, and to
assign for each utterance a speaker ID. It is achieved using VoicelD Python library
based on the LIUM!? Speaker Diarization framework (Meignier & Merlin 2010). The
output from VoicelD segmentation is a set of audio files with information about speaker

ID, and utterance duration.

"VLC media player version2.2.4, https://www.videolan.org/vlc/
8cron: is a time-based job scheduler that specifies shell commands to run periodically on a given
schedule.
%YouTube-dl version3, http://YouTube-dl.org/
OFFmpeg version3.2, http://www.ffmpeg.org/
1GoX, http://sox.sourceforge.net/
12LIUM laboratory of the University of Mans, France.
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For this preliminary version, most manual annotations are made thanks to our laboratory
team with the help of 8 volunteers. These In Lab annotations concern assigning for each
utterance the spoken dialect, validation of speaker gender (previously detected automatically
by VoiceID). During these manual annotations, we check that utterances deal with dialect.

Otherwise, they are discarded.

3.2.3 Corpus Main Features

First of all, we note that this preliminary version of our corpus is collected and annotated in
less than two months, and the building is still an ongoing process. A sample of our corpus is

available online'®. KALAM'DZ covers most major Arabic sub-dialects of Algeria.

Number of Dialects 8

Total Duration 104.4 hours
Clean Speech Ratio 39,15 %
Number of speakers 4881
Speech duration by Speaker 6s — 9hours

TABLE 3.6: Corpus Global Statistics.

Table 3.6 reports some global statistics of the resulted corpus. Clean Speech Ratio row gives
the ratio of Speeches that have good sound quality. The remaning portion of speeches present
some noise background mainly music or they are recorded in outdoor. However, they can be
used to build dialect models in order to represent the within-language variability. Table 3.7

shows the distribution of categories per dialect.

More details on KALAM’DZ corpus are reported in Table 3.8. Let us observe that some
dialects are more represented. This is due to people distribution and Web culture. For
instance, Algiers and Oran are metropolitan cities. So, their people productivity on the Web

is more abundant.

In order to facilitate the deployment of KALAM’DZ corpus, as done for ALG-DARIDJAH corpus,
we have adopted the same packaging method as TIMIT Acoustic-Phonetic Continuous Speech
Corpus (Garofolo et al. 1993).

13 https://github.com/LIM-MoDos/KalamDZ
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Sub-Dialect N&P Edu. Ent. H&S P&B Hum.
Hilali-Saharan 294 - - - - -
Hilali-Tellian 3.6 - - - - -
High-plains 2.0 - - - - _
Ma’qilian 4.1 1.5 - 7.4 10.2 1.6
Sulaymite 6.7 - - - 6.9 -
Algiers Blanks 5.1 2.2 8.7 - 14 2.8
Sahel-Tell 9.1 - - - - -
Pre-Hilali 0.7 - - - - _
Total 60.7 3.7 8.7 7.4 19.5 4.4

TABLE 3.7: Distribution of Categories per Dialect (in hours). (N&P= News &
Politics, Edu.= Educations, Ent.= Entertainment, H&S= How-to & Style, P&B=
People & Blogs, Hum.= Humor)

3.3 Potential Uses

ALG-DARIDJAH and KALAM’DZ corpora can be useful for many purposes both for NLP and
computational linguistic communities. In fact, they can be used for building models for
both speaker and dialect identification systems for the Algerian dialects. For linguistic and

sociolinguistics communities, they can serve as base for capturing dialects characteristics.

In addition, ALG-DARIDJAH corpus is the first parallel corpus for Algerian Arabic dialects.
This type of corpus will help researchers to study the dialects themselves, focusing on the
differences between the dialects. Especially for those languages that show a marked difference
between the dialects. In addition, linguists can use our fine-grained spoken corpus to create

contemporary dialect atlases by gathering similar sub-dialects.

Furthermore, KALAM’DZ corpus can be deployed to build another corpus version to serve any

image/video processing based applications because all videos related to are also available.
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Dialect  Departments Speakers Web-sources (h) Total (h)  GQ (%)
vV Radios YouTube
Laghouat, Djelfa,
Ghardaia, Adrar,
Hilali- Bechar, Naama’
Saharan South 1338 12.7 16.5 - 29.4 38.5
Hilali- Setif, Batna,
Tellian Bordj-Bou-Arreridj 605 3.6 - - 3.6 32.2
High- Constantine, Mila,
plains Skikda 297 2.0 - - 2.0 42.7
Sidi-Bel Abbas,
Saida, Mascara,
Relizane, Oran,
Ain Timouchent,
Tiaret,
Mostaganem,
Ma’qgilian Naama’ North 421 4.1 - 20.7 24.8 38.3
Annaba, El-Oued,
Souk-Ahras,
Tebessa, Biskra,
Khanchela, Oum
El Bouagui,
Sulaymite Guelma, El Taref 914 6.7 - 6.9 13.6 39
Algiers Algiers, Blida,
Blanks Boumerdes, Tipaza 723 5.1 - 16.1 21.2 42.3
Meédea, Chlef,
Sahel- Tissemsilt, Ain
Tell Defla 447 3.1 6.0 - 9.1 45.5
Tlemcen
Pre-Hilali Nadrouma, Dellys, 136 0.7 - - 0.7 34.7
Jijel, Collo,
Cherchell
Global 4881 38.2 22.5 43.7 104.4 39.1

TABLE 3.8: Distribution of Speakers and Web-sources per Sub-dialect in KALAM'DZ
Corpus. (GQ= Good Quality)
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In this chapter, we review some related work that have employed crowdsourcing for Arabic
NLP tasks. Then, we explain the designed of the altruistic crowdsourcing project and the
deployed quality control strategy. Then, from the altruistic crowdsourcing experiments, we

extract the list of best practices.

4.1 Introduction

Crowdsourcing is a form of collaboration that involves the public crowd in scientific research
to address real world problems in the form of an open call (Quinn & Bederson 2011). Crowd-
sourcing takes many forms, which are typically classified along three dimensions: the motiva-
tion of human contributors (fun, altruism, or payment), the way in which individual results
are aggregated, and how quality is controlled (Sabou et al. 2014). The major crowdsourcing

genres most widely adopted by scientific communities are:

e Mechanised labour as a type of paid-for crowdsourcing, where volunteers choose to

carry out small tasks and are paid a small amount of money in return.

e Games With A Purpose (GWAP) enable human contributors to carry out computation

tasks as a side effect of playing online games.

o Altruistic crowdsourcing which refers to cases where a task is carried out by a large
number of volunteer contributors. Altruistic crowdsourcing approaches leverage the
intrinsic motivation of a community interested in a domain (Kaufmann & Schulze

2011).

The use of crowdsourcing techniques has impacted a broad range of science-related projects
especially Natural Language Processing (NLP) research (Sabou et al. 2014). The advan-
tages of crowdsourcing compared with expert-based annotation have already been discussed
in (Wang et al. 2013) which show that crowdsourcing tends to be cheaper and faster solution
for many NLP related tasks. Sabou et al. (2014) show that mechanised labour is the most
popular genre among NLP researchers, while altruistic crowdsourcing is the least frequently

used approach.

Speech corpora are crucial for both developing and evaluating NLP systems. Moreover, such
corpora have to respond to NLP communities expectations and allow to be exploited in
machine learning tasks and statistically motivated methods. For many languages, the state

of the art results have been obtained and validated through using a large and well designed
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corpora. On the other extreme, there are few corpora for Arabic (Mansour 2013). Moreover,

very few attempts have been considered for Algerian Arabic dialect (Djellab et al. 2017).

In our first contribution, we have created KALAM’DZ corpus (Section 3.2), which is developed
to cover the Arabic dialectal varieties of Algeria. This corpus is collected using web-based
sources. Despite its important size, about more than 104 hours, the bulk of its annotations
were harvested semi-automatically from the related web-source metadata. Thus, these anno-

tations need validation. Using experts, this process can take more time and can be costly.

In our second contribution, we aim to enrich and validate KALAM’DZ annotations by explor-
ing and harnessing altruistic crowdsourcing. Many reasons have guided our choice of such

crowdsourcing genre for that task.

On one hand, altruistic crowdsourcing approaches can leverage the intrinsic motivation of a
community interested in a domain that can reduce the incentive to cheat (for money or glory).
In fact, Kaufmann & Schulze (2011) prove that, for many workers in crowdsourcing platforms,
intrinsic motivation aspects are more important than extrinsic ones (such immediate payoffs),
especially the different facets of enjoyment-based motivation like working on tasks to learn

new or train existing skills.

On the other hand, micro-payment are not very popular in our targeted communities. Further,
their presence in crowdsourcing platforms as client is very modest. In addition, in spite of
their low cost, funding crowdsourcing projects is still not a common practice within the

Algerian research community.

4.2 Crowdsourcing for Arabic NLP

Crowdsourcing usage for Arabic NLP tasks can be considered as new practice compared to
others languages. In the followings, we focus on reviewing some relevant works on crowd-
sourcing usage for Arabic NLP. In fact, crowdsourcing has been used effectively for: both
corpus annotation (text-based (Zaghouani & Dukes 2014), and speech-based (Hakouz et al.
2015, Wray & Ali 2015)), speech transcription (Wray et al. 2015), text translation (Kumar
et al. 2014), and Arabic digitization with diacritics (Kassem et al. 2016).

Wray & Ali (2015) use the CrowdFlower (CF) platform to create a labeled multi-dialectal
speech. Their task was restricted to users in the Arab world. Contributors were directed to
listen to short speech segments and determine the dialect. They followed two ways to ensure

quality control. First, Quiz Mode offered by CF where contributors have to answer five Gold



Chapter 4. Altruistic Crowdsourcing for the Validation of Dialect Annotation 54

Standard (GS) tasks before entering the main portion of the task. Second, for every five
tasks, contributors were presented with a GS task. The participation of contributors is ended

if their task accuracy does not reach a given threshold.

Hakouz et al. (2015) present Lahajet, a GWAP for crowdsourcing classifications of different
varieties of Dialectal Arabic in multi-dialectal audio. Lahajet consists of players that listen

to short audio clips and select a character representing the dialect.

Wray et al. (2015) investigate different approaches using crowdsourcing for transcriptions of
Dialectal Arabic speech with automatic quality control using CF. Concerning the validation,
they modified the GS mechanism, in which at least 10% of the segments are transcribed by
experts to distinguish between trusted and untrusted transcribers, where they compared the

workers transcriptions against the automatic speech recognition system results.

Zaghouani & Dukes (2014) explore the use of Amazon Mechanical Turk (MTurk) to enrich the

I corpus. Two experiments were performed to manually annotated,

annotation of the Quranic
which are the Part-Of-Speech (POS) tagging and grammatical case-ending. In order to mea-
sure the quality of the annotation, the GS annotation is provided by volunteer annotators who
are typically Arabic linguists or Quranic experts. The whole experiments was carried over a
period of one month. The total number of interested workers in both experiments combined
was 137. To filter out potential non-qualified workers and to ensure the quality control by
non-native speakers, an Arabic language qualification test was used. As main results, they
show that annotating Arabic grammatical case is a harder task than POS tagging. For both

tasks, they show that crowdsourcing is not effective.

Kumar et al. (2014) perform the CallHome Egyptian Arabic-English speech translation cor-
pus by using crowdsourcing technique. They used Mturk crowdsourcing platform to obtain
translations. For each Arabic transcript, there obtained four English translations. As result,
838 translators participated. They used many quality control mechanisms such as: select
only Arabic speakers who have already worked on other translation tasks, GS is employed,

each utterance is compared to Google Translate, and the utterance is presented as an image.

Kassem et al. (2016) present two GWAPs: tashkeel WAP?, a two-player game and a single-
player game, that allow the digitization of Arabic text by outsourcing it to native Arabic
speaking players. Its aim is to offer an enjoyable gaming experience to players and as a

bi-product obtain Arabic digitizations of documents with diacritics.

!Quranic corpus provides annotation which shows the Arabic grammar, syntax, and morphology
for each word in the Quran, http://corpus.quran.com/
2tashkeel WAP: a web application, https://tashkeel.herokuapp.com


http://corpus.quran.com/
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TABLE 4.1: Crowdsourcing-based Approaches for Arabic Natural Language Process-

ing Tasks.



Chapter 4. Altruistic Crowdsourcing for the Validation of Dialect Annotation 56

Data
Preparation

Project Definition

- Select NLP problem

(dialect annotation) - Build and man-

. agement interfaces :
and crowdsourcing genre (Crowderaftin Project
(volunteer-based). g Execution
platform).

- Design crowdsourcing

- Run pilot studies. - Recruit contrib\
task.

utors by in.vi.ting Data

and advertising. Agpmasitem

- Manage and Evaluation

monitor crowd-

sourcing tasks. - Evaluate and ag-
gregate annotations

(TAA).
- Evaluate overall
corpus annotation

(GS).

Ficurg 4.1: Crowdsourcing Corpus Annotation Process.

Table 4.1 gives more details on these crowdsourcing usage for Arabic NLP. We observed
that the most reviewed Arabic NLP crowdsourcing tasks are done with fees by using Mturk
or CrowdFlower. While altrustic crowdsourcing has not received any attention despite its

advantages for NLP tasks (Borromeo & Toyama 2016).

4.3 Altruistic Crowdsourcing Project

As mentioned previously (Section 4.1), the dialect annotation of KALAM'DZ corpus is done
semi-automatically from the related web-based sources. Using experts, the validation of this
annotation takes more time and be costly. For that, altruistic crowdsourcing technique is
deployed. In this section, we describe our crowdsourcing experiments in which we explain the

designed of the altruistic crowdsourcing project and the deployed quality control strategy.

In order to make annotation scalable and of high quality, we have followed the crowdsourcing
engineering process defined by Sabou et al. (2014) which we have adapted to our altruistic
crowdsourcing Project. Figure 4.1 illustrates this process. It suggests designing the system
in four stages: project definition, data preparation, project execution, and data aggregation

& evaluation.
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4.3.1 Project Definition

In this step, we defined the NLP task which is speech corpus dialect labeling and validation.
The crowdsourcing genre selected is the altruistic approach, and we accordingly designed the
crowdsourcing task. Concerning the task definition, to achieve our goal, two alternative tasks
can be defined: i) The contributor will be asked to detect the spoken dialect using a proposed
multi-choice selection, i) or he will be asked to validate the available semi-automatic dialect
annotation. For the sake of ease and to avoid contributor workload, we have chosen the

second alternative.

4.3.2 Data Preparation

In this step, we build the project and manage the interfaces. One can choose among the
existing free platforms: PyBossa®, Zooniverse*, and Crowdcrafting ®>. We have opted for a
simple and open source platform, which is CrowdCrafting based on the well known PyBossa

platform.

A CrowdCrafting project, as in PyBossa, has two main components that allow requester to
customize his project: Task Presenter and Task Creator. The contributors are called crafters
while the project creator is named Requester. We have designed a form containing a question
about a given speech segment with buttons for three possible responses (Yes, No, Unknown).
In addition, this form contains a map of Algerian dialects to help the crafters. It provides
some links to the project social networks accounts (Facebook, Twitter) which can give more

details on the dialects and allow engaging and recruiting more crafters.

Our task is restricted mainly to Algerian users for that the form is written in Arabic. In
order to attract contributors of all levels and classes, the user interface design was established
and validated to work cross-platforms and devices employing BootStrap® design framework.

Figure 4.2 illustrates our desktop user interface.

Additionally, our crowdcrafting project employs stateless control where the tasks get de-
livered to the contributors regardless of the conditions of their status profile of connexion

(authenticated or anonymous). Ounly the task link is used to contribute to the project.

3PyBossa: is a free, open-source framework for crowdsourcing, developed by Sci-Fabric company,
http://pybossa.com/

4Zooniverse: is largest and most popular crowdsourcing platform for people powered research,
https://www.zooniverse.org/

5The platform is 100% open source making scientific research accessible to everyone, https://
crowdcrafting.org/

6Bootstrap, http://getbootstrap.com/


http://pybossa.com/
 https://www.zooniverse.org/
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http://getbootstrap.com/
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FIGURE 4.2: Desktop User Interface.

Regarding the tasks, for this pilot experiment, we have selected a sample of 10% of KALAM'DZ
corpus, totaling more than 10 hours which takes into consideration the inter-dialect variabil-
ity (Li et al. 2013). The utterances and segments selected are used to create our 1012 tasks

which is also the number of speakers ensuring the maximum coverage of speakers as well as
the dialects.

Table 4.2 shows general information about the tasks. We have tried to balance the contribu-
tion of each dialect to be close to the original distribution, knowing that in KALAM’DZ corpus,
some dialects (Sahel-Tell, Pre-Hilall, and Hilali-Tellian) are less represented. Each annotation
task is presented to five independent annotators. The multi tasks reading is performed to
gather more observations for each segments and it will be used to draw inter-annotator mea-
surements between the users. The contributors were asked to listen only as long as necessary

to determine the dialect being spoken before making a judgment and decision.
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Dialect # of Utterances Average time per utterance (s) Total Time
Sulaymite 222 36 2h 12 mn
Ma’gilian 126 38 1h 20 mn
Hilali-Saharan 126 38 1h 18 mn
Hilali-Tellian 112 28 53 mn
High-plains 126 38 1h 20 mn
Algiers-Blanks 126 50 1h 41mn
Sahel-Tell 98 36 99 mn
Pre-Hilali 76 32 41 mn
Total 1012 37 10h 24 mn

TABLE 4.2: Distribution of Tasks per Dialect.

4.3.3 Project Execution

In this phase the contributors must be recruited to participate with some motivation. In fact,
contrary to paid crowdsourcing, the recruitment consists in a set of primarily advertising
activities to attract contributors to the crowdsourcing project. In our case, we have relied
on two mechanisms. First, we have used Social Media power by creating dedicated Facebook
page and Twitter account. In addition, we have done an open call by posting an ad in all
Facebook groups of Algerian universities through the Facebook page. In fact, our dedicated
Facebook page contains and shares a lot of historical and linguistic information on dialects
which is an attraction for potential contributors. As a second mechanism, we have invited
directly people to participate by using mailing lists that contain students, some Algerian NLP
experts, and academic researchers. As filtering step, we have restricted the advertisement of

the project to only Algerian communities.

A core challenge of all altruistic crowdsourcing is how to motivate contributors to participate.
For that purpose, we have relied on a campaign motivation that uses a motto A Call for

Community Help to Survey Algerian dialects.

4.3.4 Data Aggregation & Evaluation

In unpaid crowdsourcing, imposing constraints to workers is not recommended. Thus, all
quality control mechanisms are applied after project execution step. In our case to eliminate
malicious works, we have excluded all contributions from outside of Algeria. In addition, all

answers from crafter who has listened to the speech less than one second.
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Concerning the data aggregation, the resulting annotations for each task are gathered using
majority voting which represents an Inter-Annotator Agreement (IAA). The evaluation of
the whole corpus resulting annotations is performed by contrasting the results with those of
Gold Standard method. For which we selected 10% of the tasks, which is about 106 tasks,

that are annotated manually by experts.

4.4 Results and Discussion

The Dz r)&_f7 project, our altruistic crowdsourcing framework, was designed and developed
between March and April 2017. It was launched on 17th April. All Annotations were com-
pleted within a period of 17 days with 218 crafters participated in the exercise. The quality
control formerly described is than applied. As such, we have ensured that all contributors are
from Algeria using IP address information. According to our advertising strategy, all invited
workers have participated from Algeria. On the other hand, a surprising result was that only
9 answers (less than 2%) were rejected due to the respect of one second listening threshold.

This fact prove that the designed task iq attractive.

In order to give some interpretation to Dz fM_f crowdsourcing results, we have targeted
to answer the following questions: i) What can be concluded on the results quality of our
system? 4z) Is altruistic crowdsourcing efficient for dialect annotation/validation corpus? How
about needed time? 7i) What we have learned from that experience in order to determine

good practices for altruistic dialect annotation crowdsourcing?

Annotation Quality

For evaluating the altruistic crowdsourcing annotation, we have compared the Inter- Annotator
Agreement (IAA) results with both the semi-automatic annotation and a baseline resource
provided by an expert. Table 4.3 illustrates these results, ADT column reports the average

time that the worker takes to get his decision.

We observe that the crowd agree with the semi-automatic annotation with more than 82%
and disagree with 12.27% while 5.53% of them give neutral judgment. This result confirms

that altruistic crowdsourcing is efficient for such NLP task.

These results provide also some interesting results on linguistic characteristics of Algerian

dialectal varieties. In fact, the Sulaymite, Ma’qgilian, and Hilali-Saharan dialects are the most

"Dz ‘,M_f: https://crowdcrafting.org/project/DZDaridjah/
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Dialect ADT (s) TAA (%) GSA (%)
Yes No NotKnown
Ma’gilian 72.2 94.44 5.56 0.0 92.8
Hilali-Saharan 74.7 93.60 6.40 0.0 85.7
Sulaymite 88.5 90.99 8.56 0.45 81.8
Algiers-Blanks 97.6 80.95 17.46 1.59 92.3
High plains 95.8 73.81 10.31 15.87 76.9
Hilali-Tellian 108.9 65.18 18.75 16.07 72.7
Pre-Hilali 90.0 62.34 27.27 10.38 55.5
Sahel-Tell 120.9 79.38 13.40 7.22 70.0
Average - 82.19 12.27 5.53 81.1

TABLE 4.3: Statistics on Average Decision Time (ADT), and Comparative Results
with TAA and Gold Standard per Dialect. (GSA= Gold Standard Agreement)

easiest to detect as the contributors validate them with more than 90%. The High-plains of
Constantine, Sahel-Tell, and Algiers-Blanks dialects are bit less identifiable. While, the Pre-
Hilali and Hilali-Tellian dialects are hard to be recognized. The measured Average Decision

Time per Dialect confirm these linguistic features of dialects.

Concerning the comparison with the expert annotation, the results show that the accuracy
of crowd annotation is about 81.1 %, where expert agree crowds in 86 gold tasks from a total
of 106 tasks.

Altruistic vs. Paid Crowdsourcing

In order to get a rough idea about altruistic crowdsourcing efficiency compared with paid
crowdsourcing genre for the targeted NLP task, we have compared our results with those of
Wray & Ali (2015). They performed a large scale speech corpus dialect annotation using the

well known paid crowdsourcing platform CrowdFlower.
Table 4.4 reports some details on this comparison.

Despite the fact that our unpaid crowdsourcing is relatively slower (see the average answers
per day), these results can be explained by the fact that our advertising scheme is limited
and modest when compared to large CrowdFlower membership. In addition, we observe that

for both frameworks the average answers per contributor are similar.

Figure 4.3 shows the distribution of answers according to connexion user profile (authenti-

cated or anonymous). The distribution of answers according to the connexion worker’s profile
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Wray and Ali Our annotation
Corpus size 57 hours 10h 24 mn
Project duration (days) 21 17
Average Answers per 23 24
contributor
Average Answers per day 2271 288
Number of segments 47696 5060

TABLE 4.4: Comparison between Wray & Ali (2015) and Dz rM_(Annotation.

is about 91% and 9% for authenticated and anonymous connexion respectively. Even Crowd-
crafting platform allows authenticated connexion, this result shows that crowd prefer working
in anonymous way. So, the requester must rethink the quality control strategies that involve
worker’ profile knowledge. In our case, we have rely on location detection technologies to

guess worker’ region.

Authenticated
9%

91%

Anonymous

FIGURE 4.3: The Distribution of Answers.

Figure 4.4 reports the distribution of crafters according to the region from where they have
participated. It confirms that all crafters are from Algeria. We observe that most crafters
are from the south of Algeria, it is predicted as the open calls are launched from this re-
gion. Concerning some crafters (19%), their IP address information allows only the country

location.

Figure 4.5 reports the distribution of answers per day according to their connexion profile.
These results show that in the five first days a highest participation rate is reported. It is due
to its closeness from the massive first open call. Then, we have observed that the number of
participation has relapsed from the sixth day. This situation has pushed us to relaunch more
calls both by emails and via Social Media posts whenever it is necessary. Thus, the requester

has to examine periodically the rate of participation.
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FIGURE 4.4: Location of Crafters.
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Figure 4.6 illustrates the distribution of answers per time of day. We note that, at least for
Algerian community, between 4 PM and 8 PM, the participations are higher. It leads us to

advice that the periodic open calls will be more efficient when launched in this time period.
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4.5 Best Practices

Relying on this experience with altruistic crowdsourcing, we propose a set of guidelines to

follow when designing crowdsourcing project using free platforms:

o Make it easier, Clear € Reduce burdens: In unpaid crowdsourcing, imposing constraints
to workers is not recommended as it is a voluntary work. The contributor must find
all instructions that should be followed to do correctly the task in both open call and
Interface. In addition, the crowd prefer to work as anonymous contributor. For that,

do not oblige them to authenticate.

o Motivation Tricks: The requester must well motivate the potential workers. For exam-
ple, the requester has to address the open call to the most motivated community to a

domain. Choosing "Community-help" motivation is often a worthwhile cause.

e Select Dialect Area and Users Skills: The requester must open call to users located in

targeted dialect Area and with the language skills needed for dialectal annotation.

o Stronger Advertising Campaign: Contrary to paid crowdsourcing platforms where work-

ers labor is rewarded which attracts a large number of contributors. The latter, large
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number of contributors, is the key of Atruistic crowdsourcing success, it can be achieved

using the power of Social Media.

e Permanent Monitoring of the Project Execution: As unpaid platform, daily observation
must be done to check the progress of completed tasks to recall new volunteers when
it is needed. In addition, the time of launching such open calls must be considered to

get large participation.

o Fill in the lack of worker’ profile information Information on worker’ profile are not
offered by unpaid platforms, for that, the requester has to consider that when designing
quality control metrics in order to avoid malicious inputs and get best annotation

results.

4.6 Conclusion

In this chapter, we have shown that using altruistic crowdsourcing with a simple quality con-
trol mechanism is an effective way for speech dialect annotation. In fact, 81% of annotations

were accurate and similar to the Gold Standard annotation done by experts.

However, dealing with altruistic crowdsourcing needs to consider its specificities. First, unpaid
crowdsourcing completes slower compared to paid crowdsourcing. Second, the requester has
to take care of many concerns such project advertising, permanent monitoring of the project
execution and implementing efficient quality control technique. For that, we have determined

a list of best practices for crowdsourcing project when using free platforms.
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This chapter recalls some preliminaries on speech processing and language identification fields.
In addition, we focus on reviewing some related work that have investigated Arabic dialect

identification.

5.1 Introduction

Language IDentification (LID) problem can be viewed as a language recognition or a language
detection (or verification) task. LID is the process where the language is identified automat-
ically, whereas the task of language detection is to decide if the claimed language is the true
language (Hanani 2012). LID can be text-based or speech signal-based. The text-based LID
is considered a solved problem compared to Signal-based one (SLID), which is an active area
of research (Rao et al. 2015). In the context of this thesis, LID is done from speech segments.
The earliest SLID system was done by Leonard and Doddington (Leonard & Doddington
1974).

Automatic Spoken Dialect IDentification (SDID) can be considered as a special case of spoken
LID, but it is featured by its complexity because it deals with the subdivisions of the same
language, as opposed to SLID (Torres-Carrasquillo et al. 2004). In fact, the dialects of the
same language basically use the same vocabulary, syntax, and semantics, while the variations
is observed only in pronunciation patterns and phonology, and a slight variation is observed
in grammar (Chittaragi et al. 2018). Most studies define dialect as accent. However, the
accent refers to the variations in pronunciation only, and is thus distinct from dialect, which

is characterized by variations in grammar, syntax, pronunciation, and lexical (Crystal 2008).

The potential applications for SDID are similar to those in the area of SLID. In fact, SDID
is useful for both academia and industry for its promising impact on society. It also provides
important benefits for speech technology. Robust SDID is used to improve speech recognition
systems, which exist in most today’s electronic devices. SDID is also enhancing the human-
computer interaction applications. In addition, it should also prove useful in new services
for e-health and telemedicine, in text-to-speech synthesis to produce regional speech, and in

spoken dialogue systems’ development (Biadsy et al. 2009, Etman & Beex 2015) .
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5.2 Challenging Issues in Automatic Arabic Dialect

Identification

In contrast to the language identification scenario, dialects typically share a common phonetic
inventory!' and written language (Shon et al. 2017). Thus for generating dialect models for
SDID, it should be important to insure that no test speaker’s information is presented in the
train set to avoid their influence on the decision. Indeed, between two utterances there may
exist differences in text, speaker, environment, and dialect. Hence, the main problem is to
find a reliable SDID system deriving the dialect differences apart from the text, speaker, and
environment differences. Rao et al. (2015) give some important issues in SLID, which are

also issues for SDID. More details are given in what follows:

e Variation in speaker characteristics: Within the same language, there is speaker vari-
ability as results of the presence of different speakers and speaking styles. For that

when creating language modeling, it is essential to ignore the speaker variation.

o Variation in environment and channel characteristics: Characteristics of speech signal
are strongly affected by where the data are collected (the environmental conditions of
recording) and on where they are transmitted (channel). Thus, to achieve the robust-
ness for SDID system, it is necessary to select the features, which are less influenced

by the channel and environment.

e Similarities between dialects: There is a lot of similarity in Arabic dialects as most
of the dialects are derived from the Arabic language. Therefore, developing an SDID

system for Arabic dialects is a challenging task.

o FEztraction and representation of dialect-specific prosody: dialects have discriminate
prosodic features, which are intonation, duration, intensity, stress, and rhythm pat-
terns. For speech processing, there are no standard proper techniques available to
represent the prosody, which is high level source knowledge. Therefore, it is difficult to

extract and represent the prosodic information of specific language/dialect.

!Inventory: in linguistics, this term is used to refer to an unordered listing of items that describe
a language; e.g. the listing of the phonemes of English would constitute that language’s "phonemic
inventory" (Crystal 2008).
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5.3 Overview of an Automatic Spoken Dialect Iden-

tification System

In this section, we given an overview of SLID system as described by Ambikairajah et al.
(2011), which is the same architecture for SDID system. In fact, as indicated previously,

SDID can be considered as a special case of SLID with some additional challenges.

As described by Figure 5.1, an SLID system based on machine learning is divided into two
steps: the front-end, which is the extraction of speech information that characterized the
language, thus parameterizing the speech waveform, and a back-end step that generates the
language models, {\; |l = 1,2, ..., L}, where L is the total number of languages, as illustrated
in Figure 5.1. The language models are created using a modeling technique to capture the

characteristics of each language.

| Model Training 3
Speech from Extract Speech | | Model () of Parameter 3 .
Language 1 Parameters | Patterns for Language 1 | | =
) ! S
| :
Speech from Extract Speech : Model ()\s) of Parameter 3 O;o
Language 2 Parameters | Patterns for Language 2 ! E
| |
| ! =
Speech from Extract Speech 3 Model (Ay) of Parameter 3
Language N Parameters i | Patterns for Language N |
ewlrwl ‘ o Identified | =
| . entine
Speech of Unknown ___,| Extract Speech | . — Language g
Language Parameters ! ! s
! Select Maximum Likelihood =
e 1 E
<

FI1GURE 5.1: Basic Block Diagram of an LID System.

The main purpose of the front-end step is to extract the most discriminate information be-
tween languages from the speech waveform and discard as much of the redundant information

such as as possible speaker and noise.

Like other pattern recognition problems, SLID consists of two phases (a) Training: Building
language/class model, and (b) Testing: Scoring the models and the selection of the highest
scored language. During the training phase, Figure 5.1 (a), each training speech utterance

is converted into a stream of feature vectors X, which represent the result of front-end step,
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which are distinctive features extracted from a given training dataset. These feature vectors

are then used to train a separate model, \; for each language [, by using a modeling technique.

In the identification phase, Figure 5.1 (b), the same kind of speech distinctive features are
extracted from the unknown speech utterance. This feature set is then evaluated by the
trained models, {)\; | { = 1,2, ..., L}, to extract scores. With the evaluation scores, the system

makes the language identity decisions

Although the research in recent years has focused on SLID, it is still a challenge to build a reli-
able SLID system. These latters are categorized by the features they use: acoustic—phonetic,
phonotactic, prosodic, and lexical approach (Li et al. 2013). In the following section, we

discuss the possible features that can be deployed in language identification.

5.4 Discriminative Speech Information for Language

Identification

A fundamental issue of automatic language identification is to determine the efficient dis-
criminative features to characterize languages. Humans are the best accurate LID system
in the world today (Rao et al. 2015). Simply, within a one or two seconds of listening to a
speech of their familiar languages, we are able to identify the language by using the higher
level knowledge on languages, such as vocabulary, syntax, grammar and sentence structure.
In the absence of the higher level knowledge, humans listeners relies on lower level features
such as the prosody, phonetic and phonotactics (Muthusamy et al. 1994, Van Leeuwen et al.
2008).

A dialect or a language can be distinguished from a another by means of many characteristics
extracted from the knowledge of a language: acoustic/phonetic, phonotactic, prosodic, lexical
and syntactic (Li et al. 2013). These levels are from the lowest to the highest language
knowledge. Figure 5.2 illustrates the levels of language knowledge used for an SLID. Generally,
the language knowledge can be divided into the spoken level and word level. At the spoken
level, the acoustic, phonetic, phonotactic and prosodic information are integral components
of spoken aspect of a language. At the word level, differences between languages can be
exploited based on morphology and sentence syntax. The levels are elaborated below, most

information are extracted from the tutorial of SLID (Ambikairajah et al. 2011).

o Acoustic Phonetics: Acoustic information is one of the most primitive information

which can be extracted directly from the raw speech when analyzed in physical terms,
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FIGURE 5.2: Levels of LID Features.

e.g. fundamental frequency, amplitude, harmonic structure (Crystal 2008, Wong 2004).
The acoustic information is typically done by extracting the spectral features from seg-
ments of speech (Navratil 2006). The most widely used acoustic features are Mel Fre-
quency Cepstral Coefficient (MFCC) (Davis & Mermelstein 1980), Perceptual Linear
Prediction (PLP) and Linear Prediction Cepstral Coefficient (LPCC). To add the tem-
poral aspects to the acoustic feature vector, Delta and Shifted Delta Cepstrum (SDC)
features are used (Rao et al. 2015). In linguistic system, speech sounds, as entities, are
the phonemes. Each language has its unique set of phonemes. For instance, Dutch and

German have the phoneme /x/, whereas French and Italian do not (Kirchhoff 2006).

e Phonotactics: refer to the combinations of a set of phonemes in a language. Some
phoneme sequences common in one language could be rare in another language. For
example, the phoneme sequence /st/ is very common in English, while impermissible

in Japanese.

e Prosody: As mentioned before, the prosody is the musical expression of speech that a
speaker produces when he speaks. The main aspects of prosody is the tone, stress, and
rhythm. In fact, the fundamental frequency, intensity, and duration sequence are used
for indicating tone, stress, and rhythm respectively. The prosodic information can be

used to discriminate Arabic dialects. More details are mentioned in Section 1.4.2.

e Words: At the word level, the information are extracted from the structure of words.In
fact, each different language has its own sets of vocabularies and its own morphology

rules.

e Syntar: Syntax is the study of the rules that govern the way words are combined to

form sentences. The sentence patterns vary across different languages.
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Morphological and syntactic information are currently not common used information

in LID systems.
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FIGURE 5.3: Illustration of Language Information at Different Levels of Represen-
tation.

Figure 5.3 gives an example of language information at different levels of the spoken Algerian

dialect of the sentence Llga) - o /’ana mun laqwat/ (I am from Laghouat).

SLID systems can use some or all of the above language knowledge to estimate the similarity
between a speech and different targeted language and then combined these measures to make
the final decision. Figure 5.4 reports a block diagram of a generic LID system that use all
levels of information. However, it is not necessary that an SLID system use all language
knowledge. The most popular approaches use the combination between the acoustic and

phonotactic information (Ambikairajah et al. 2011).

5.5 Spoken Arabic Dialect Identification

In the middle of nineties, Zissman et al. (1996) presented the pioneered research on SDID.

They employed a phone recognition system combined with language modeling to classify
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FI1GURE 5.4: Block Diagram of Generic LID System using the Features from Various
Levels (Rao et al. 2015).

Cuban and Peruvian dialects of Spanish. The first Arabic SDID (ASDID) system was au-
thored by Rouas et al. (2006), were carried using Gaussian Mixture Models (GMM) and
Hidden Markov Models (HMM), which has a history extending back to the 2006s. Lack of
speech datasets/corpora for Arabic dialects dedicated to scientific research purposes was the
main cause of the scarce research on ASDID (Bougrine et al. 2016, Zaghouani 2014). Fur-
thermore, there is even less standard datasets. For this reason in what follows, we describe
the studied approaches without considering their achieved performances intentionally as they

deal with different datasets.

Narrowing our focus into Arabic SDID, we could categorize prior world based on two aspects:
speech feature Level and Intra/Inter country dialect. The first aspect indicates from which
level the speech features are extracted. In general, the pre-lexical levels are the most fre-
quently used to identify dialects from speech. Hence, we consider acoustic/phonetic (Acous/-
Phone), phonotactic (Phono), and prosodic (Proso) levels that are exploited alone or com-
bined. The second criterion, distinguishes the origin of targeted dialects from either Intra-
country or Inter-country context, which means that the studied dialects are from the same
country/region or dialects from many countries. This criterion is chosen due to the level
of difficulty and complexity. Indeed, SDID dealing with dialects from the same country or
geographical area is much more difficult than cross-countries. In Figure 5.5, we categorized

the main existing Arabic SDID systems according to these criteria.

Firstly, we summarize the ASDID systems where acoustic/phonetic models are used alone (Al-
Ayyoub et al. 2014, Alorfi 2008, Biadsy et al. 2011, Lachachi & Adla 2015, Moftah et al. 2018).
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Most of the reviewed work are based on spectral features, which are Mel Frequency Cepstral
Coefficient (MFCC) or Shifted Delta Cepstrum (SDC), with Gaussian Mixture Model (GMM)
and Support Vector Machine (SVM) used for dialect modeling.

Alorfi (2008) proposed a model that exploits different acoustic/phonetic features using HMM.
The model associates two states for each dialect representing common and unique sounds

respectively. The model was used to identify two Inter-country dialects: Egyptian and Gulf.

Biadsy et al. (2011) used the phone labels segmentation to constrain the acoustic models.
The dialect models are generated using the SVM classifier with special Kernel function, and
validated the approach on four Arabic Inter-country dialects: Iraqi, Gulf, Levantine, and

Egyptian.

In Al-Ayyoub et al. (2014), an acoustic model using fixed size segmentation was used to
extract the selected wavelet features. They dealt with two dialects Jordanian and Egyptian.
The results achieved were not conclusive due to the limited size and the quality of the dataset

used in their experiments.

Recently, Moftah et al. (2018) present a technique based on pattern. In fact, they characterize
each dialect by the most repeated acoustic sequences. Then, they extract their corresponding
MFCC and use GMM as classifier. They applied their approach on two Arabic dialects:
Levantine and Egyptian.

For the context of Magrebian dialects, Lachachi & Adla (2015) deployed the reducing Univer-
sal Background Model (UBM) to support special SVM classification. They reduced the size
of dataset using the Minimal Enclosing Ball method by means of a fuzzy C-mean clustering
algorithm. They used a dataset containing five sub dialects spoken in: the three Algerian

departments (Oran, Algiers, Constantine), Morocco and Tunisia.

In contrary to other acoustic/phonetic approaches, Djellab et al. (2017) and Hanani et al.
(2015) were the only relevant work that proposed ASDID systems for Intra-country context.
In Hanani et al. (2015), the authors employed i-vectors method on acoustic information for
regional accents recognition. They experimented the approach on Arabic Palestinian accents
from four regions, namely: Jerusalem, Hebron, Nablus and Ramallah. On the other hand,
Djellab et al. (2017) designed a GMM-UBM and an i-vectors-based framework for accent
recognition. They used the implemented approach on a set of data spoken in three Algerian

areas: the East, Center and West of Algeria.

Otherwise, using phonotactic cues, few attempts were made for building ASDID by deploying
Parallel Phone Recognition and Language Modeling (PPRLM) (Akbacak et al. 2011, Biadsy
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et al. 2009), and recently Najafian et al. (2018) use the deep learning technique. In Biadsy
et al. (2009), the authors applied PPRLM using nine (Arabic and non-Arabic) phone recog-
nizers. They performed the experiments on a large dataset of four Arabic dialects (Egyptian,
Gulf, Iraqi, Levantine) together with MSA. Akbacak et al. (2011) designed an approach that
combines three models to identify four Arabic dialects (Iraqi, Gulf, Levantine and Egyptian).
The models are cepstral GMM, PPRLM, and Phone Recognition modeled via SVM. The

combination is carried-out at the score-level.

Najafian et al. (2018) proposed a novel feature representation for phonotactic approach, which
add to the same phone n-gram sequence the phone duration and it probability statistics that
characterize the phonemes. They used SVM and Convolutional Neural Networks (CNNs) as
classifiers. They applied this approach on four Arabic Inter-country dialects: Maghrebi, Gulf,
Levantine, and Egyptian.

Some other frame work exploited combinations of acoustic/phonetic and phonotactic fea-
tures to perform ASDID (Greenberg et al. 2012, Richardson et al. 2009). In Greenberg et al.
(2012), the authors based on three spectral similarities and n-grams they designed a com-
bined approach using four core classifiers. The combination is done at the back-end level of
the system using Bayes classifier. They targeted a set of 24 languages containing four varia-
tions of Arabic language, which are MSA and three dialects: Iraqi, Levantine and Maghrebi.
Richardson et al. (2009) presented a method that use the discriminative n-gram selection
algorithm. They evaluated the classifiers on different group dialects, which are English (In-
dian/American), Mandarin Chinese (Taiwan/mainland) and Arabic (Gulf/Iraqi/Levantine).

They concluded that SVM classifier has achieved best results for Arabic dialects.

Ali et al. (2016) designed an approach based on i-vectors method that combined phonetic
and lexical features. The Arabic Broadcast speech dataset was used in their experiments,

which includes four Arabic dialects Egyptian, Gulf, Levantine, and Maghrebi .

On the other side, we have observed that there are few attempts for prosody-based ASDID.
Based on a previous work of Ghazali et al. (2002), it was shown that some Arabic dialects
(Syria, Jordan, Morocco, Algeria, Tunisia and Egypt) can be grouped using rhythmic infor-
mation in three dialectal areas: Maghreb (Morocco, Algeria), Middle-East (Syria, Jordan),
and an intermediate one (Tunisia, Egypt). Rouas et al. (2006), in a folow-up work, have
designed an ASDID system for three previous dialectal areas. The approach collected all
prosodic information: intonation, rhythm and stress. Thus, they used a segmentation which
is based on consonant /vowel location to get the approximative structure of the syllable. They
have utilized a special codification to represent the duration of phonemes and the energy in-

stead of the real values. Then, they classified dialect areas using multi-gram models where
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grams are their pseudo-syllables and each area’s dialect is represented by the most frequent

sequences of n-gram. Unfortunately, they tested their system on a small dataset.

In Biadsy & Hirschberg (2009), the authors combined the prosodic and phonotactic ap-
proaches for competing each-other to perform more accurate identification, where they aug-
mented their phonotactic system, described above, by adding some prosodic features like
durations and fundamental frequency measured at n-gram level where grams are syllables.

They tested their system on four Arabic dialects: Gulf, Iraqi, Levantine, and Egyptian.

Recently, Arabic NLP shared tasks are included SDID to discriminate between five Arabic
varieties, namely MSA and four Arabic dialects: Egyptian, Gulf, Levantine, and Maghrebi,
by combined text and acoustic speech information. Those competitions include Multi-Genre
Broadcast (MGB-3) challenge (Ali et al. 2017) and VarDial evaluation campaign (Zampieri
et al. 2017).

Table 5.1 presents the literature overview of ASDID according the targeted dialect and level
of speech information. In the light of this exhaustive review of the most relevant ASDID
systems, we highlight the fact that a little attention has been paid to Algerian ASDID, only
two researches one in intra-country dialects (Lachachi & Adla 2015) and the other in inter-
country dialects (Djellab et al. 2017). In addition, we confirm that there is a lack of ASDID
system that exploit the prosodic information. In fact, only Rouas et al. (2006) and Biadsy
& Hirschberg (2009) have considered using such information. In Rouas et al. (2006), the
authors investigated dialects within the same area. While in Biadsy & Hirschberg (2009), the

authors focused on inter-country dialects.

All of the proposed ASDID systems use conventional classification method in occurrence
SVM, HMM-GMM, N-gram. However, Deep Learning is still a novelty in this research area.
Especially as result of their is not investigated despite their provided efficiency for spoken

language identification (Ferrer et al. 2016, Lopez-Moreno et al. 2016).

5.6 Conclusion

In this chapter, we have introduced the Spoken Dialect IDentification (SDID) problem and its
challenging issues. Second, we have given an overview of an automatic SDID system and we
have explored the discriminative features to build an efficient SLID system. Then, we have
attempted to provide a summary of the literature relating to Arabic SLID. It has been shown
from this review that only one research has considered intra-country Algerian dialects. In

addition, the existing literature on Arabic SDID is extensive and has particularly investigated
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Dialect Acous/Phone | Phono Proso Acoust+Phono| Phone-+Lexical| Phono+Proso
Alorfi (2008),
Biadsy et al. Biadsy et al.
(2011), (2009), Ali et al.
Al-Ayyoub Akbacak (2016), Ali
et al. (2014), | et al. (2011), et al. (2017), | Biadsy &
Moftah et al. Najafian Zampieri Hirschberg
Egyptian | (2018) et al. (2018) et al. (2017) | (2009)
Biadsy et al.
(2009), Ali et al.
Akbacak (2016), Ali
Alorfi (2008), | et al. (2011), et al. (2017), | Biadsy &
Biadsy et al. Najafian Richardson Zampieri Hirschberg
Gulf (2011) et al. (2018) et al. (2009) et al. (2017) (2009)
Biadsy et al. Greenberg
(2009), et al. (2012), Biadsy &
Biadsy et al. Akbacak Richardson Hirschberg
Iraqi (2011) et al. (2011) et al. (2009) (2009)
Biadsy et al.
(2009), Ali et al.
Biadsy et al. Akbacak Greenberg (2016), Ali
(2011), et al. (2011), et al. (2012), et al. (2017), Biadsy &
Moftah et al. Najafian Richardson Zampieri Hirschberg
Levantine (2018) et al. (2018) et al. (2009) et al. (2017) (2009)
Al-Ayyoub
Jordanian | et al. (2014)
Hanani et al.
Palestinian | (2015)
Lachachi &
Morrocan Adla (2015)
Lachachi &
Tunisian Adla (2015)
Lachachi &
Adla (2015),
Djellab et al.
Algerian (2017)
Ali et al.
(2016), Ali
Rouas et al. (2017),
Najafian et al. Greenberg Zampieri
Maghrebi et al. (2018) (2006) et al. (2012) et al. (2017)
Middle- Rouas
East et al.
AreaP (2006)
Rouas
intermediate et al.
Area® (2006)

2 The Maghrebi gathered group of dialects, we kept it because the authors of related work were not specific.
b Syria + Jordan.
¢ Tunisia + Egypt.

TABLE 5.1: Literature Overview of Spoken Arabic Dialect Identification.

on acoustic/phonetic and phonotactic based approach, contrary to the prosodic one which
has less attention. In the chapter that follows, we will describe some statistic analysis of

prosodic information for Algerian dialects.
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In this chapter, we describe some prosodic features related to intonation and rhythm phenom-
ena, which are used in the chapter that follows to build our SDID systems. Then, we explain
how we have extracted them and the used Open Source softwares. Finally, we perform some
statistical analysis of these prosodic phenomena for Algerian dialects to support their use

motivation.

6.1 Prosodic Information for Dialects

In order to identify a language/dialect, many features and measurements are developed in
literature to capture prosody inherent to a speech. In general, the pitch and duration sequence

are used for indicating intonation and rhythm respectively.

6.1.1 Rhythm Features

Rhythm derives from the repetition of elements, which are in speech: syllables, or stressed
syllables. Rhythm also refers to aspects of temporal organization of speech. Historically,
James (1940) is the first research claimed that the languages have different rhythms. Pike
(1945) and Abercombie (1967) classified languages into two rhythm groups: stress-timed and
syllable-timed languages. In stress-timed languages, as in English, Arabic, and German, the
stressed syllables are repeated at regular intervals of time (stress-timing). In syllable-timed
languages, as in French and Spanish, the syllables are occurred at regular intervals of time.
A third rhythm group was later added by Peter (1975), which is mora-timed languages, such
as Japanese and Tamil, it is due to the recurrence of mora, which is a rhythmic unit that
can be a sub-syllabic! that includes onset and nucleus, or a coda (Crystal 2008, Nespor et al.
2011).

In Dauer (1983), the authors observed that various phonological properties, such as vowel
reduction and syllable complexity, can distinguish between the two group languages: syllable-
timed languages have a smaller variety of syllable types than stress-timed languages, and
they do not display vowel reduction. These phonological properties allow to use vocalic and
consonantal durations to classify languages by rhythm phenomenon. Thus, different Rhythm
Measures (RMs) have been developed to successful classifying the languages into three groups:

stress-timed, syllable-timed, and mora-timed (White & Mattys 2007).

!Onset, nucleus and coda are component of a syllable.
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The first and the most popular RM used to classify a language is the Interval Measures
(IM) (Ramus et al. 1999). IM metrics include three separate measures: AV, the standard
deviation of vocalic intervals; AC, the standard deviation of consonantal intervals; %V, the
duration proportion of vocalic interval. The results of this study showed that the combination
of %V and AC provides the best correlate feature to separate traditional rhythm categoriza-
tions of languages (stress-timed, syllabic-timed, mora-timed). Figure 6.1 reports the results
of this combination for eight languages. Stress-timed languages, such as FEnglish and Dutch,
has full and reduced vowels. However, syllable-timed languages, such as French, and Spanish
does not have vowel reduction. In other words, the percentage of vocalic sequences (%V) of
stress-timed language is smaller than in syllable-timed language. Moreover, AC is larger in

stress-timed language and reflect more complex syllable structure.

1072
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FIGURE 6.1: %V versus AC for 8 Languages, reproduced from Ramus et al. (1999).
(CA= Catalan, DU= Dutch, EN= English, FR= French, IT= Ttalian, JA= Japanese,
PO= Polish, SP= Spanish)

Dellwo (2006) noted that AC and AV metrics were strongly correlated with speaking rate,
for that he proposed their normalized version the VarcoC and VarcoV metrics for AC and AV
respectively. VarcoV and VarcoC are the standard deviation of vocalic (AV) and consonantal

intervals (AC) divided by the mean vocalic and consonantal interval duration respectively.

Grabe & Low (2002) proposed an additional metric, the Pairwise Variability Index (PVI),
which focuses on the temporal succession between the consonantal and vocalic intervals of the
global utterance, which is used to capture the variability in syllable duration. They shown
also that, the best combination to classify languages according to the rhythm is the raw PVI
(rPVI) for the consonantal intervals and the normalized PVI (nPVI) for vocalic intervals,

rPV I and nPV I are defined by equations (6.1) and (6.2) receptively, where m is the number
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of vocalic/consonantal intervals in the global utterance, and dj is the duration of the k"

interval.

m—1
rPVI =" |dy — dgsa| /(m = 1) (6.1)
k=1
_ | dy - d
nPVI=Y" W' J(m —1) (6.2)

k=1

Figure 6.2 illustrates the distribution of intervocalic r PV I and vocalic nPV I of six languages
reproduced from Grabe & Low (2002). They found that vocalic nPV'I scores are clearly
discriminative between stress-timed and syllabic-timed languages compared with intervocalic
rPV I scores. For example, English, German, and Dutch (stress-timed) have higher vocalic
nPV I scores than for Spanish and French (syllabic-timed). Mora-timed language (Japanese)
is not clearly distinguished from syllabic-timed and stress-timed languages by using PVI

scores, in contrast with Ramus et al. (1999).

70 T I
. —a— DU
60 - A § o FR ||
Z 50| ——JA |
= -m—SP
=
=
>8 40 |- A =
30 |- [] R
20 ! ! ! ! !

30 40 50 60 70 80 90
Intervocalic rPVI

FicUurke 6.2: Intervocalic rPVI versus Vocalic nPVI for 6 Languages, reproduced
from Grabe & Low (2002). (DU= Dutch, EN= English, FR= French, GR= German,
JA= Japanese, SP= Spanish).

These RMs differ in three respects. First, the nature of targeted intervals, which can be
the durations of vocalic or consonantal intervals. Second, they assume global or local forms.
Global RMs capture the time period variation of determined intervals over an entire utterance.
Local measures focus on differences between two consecutive intervals and then average those

differences over the utterance. Third, some RMs include a normalization step, which is used
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to avoid the changes in speech tempo, while others keep raw durations (Loukina et al. 2011).

In Table 6.1, we report the used RMs, their description, and their characteristics according

to the above aspects.

RM

Description

Type of interval

Scope

Normalization Main Refer-

ence

%V

Percent of total ut-
terance duration com-
posed of vocalic inter-
vals.

Ratio

Global

Yes

Ramus et al.
(1999)

AV

The standard devia-
tion of vocalic interval
duration.

Global

Ramus et al.
(1999)

VarcoV

Coefficient of variation
of vocalic interval du-
ration (i.e., standard
deviation of vocalic in-
terval duration divided
by the mean), multi-
plied by 100.

Global

Yes

Dellwo
(2006)

nPVI-

Normalized pairwise
variability index of vo-
calic intervals. Mean
of the differences
between successive
vocalic intervals di-
vided by their sum,
multiplied by 100.

Local

Yes

Grabe &
Low (2002)

AC

The standard devia-
tion of consonantal in-
terval duration.

Global

No

Ramus et al.
(1999)

VarcoC

Coefficient of variation
of consonantal inter-
val duration (i.e., stan-
dard deviation of con-
sonantal interval du-
ration divided by the
mean), multiplied by
100.

Global

Yes

Dellwo
(2006)

rPVI-

Raw Pairwise variabil-
ity index for consonan-
tal intervals. Mean of
the differences between
successive consonantal
intervals.

Local

No

Grabe &
Low (2002)

TABLE 6.1: The Classification of Seven Used Rhythm Metrics.
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In addition, we consider an other metric: Speech Rate, which is the number of syllable per

second.

6.1.2 Intonation Features

The pitch, or fundamental frequency (Fp), is used for indicating the intonation. The statistical
modeling of intonation are used for each utterance. We take into consideration two groups of
intonation metrics: Global information and total size of pitch trajectory. Global information

metrics of the pitch are measured using quantiles of nucleus.

This group has four pitch values which are: Bottom is 2"¢ quantiles, Median is 50"

8th

quantiles,
Top is 98" quantiles of pitch nucleus in Hz, and Range is the difference between Top and
Bottom in SemiTones (ST). Concerning the total size of pitch trajectory, this group has two
metrics (Trajlntra, TrajInter) calculated using pitch trajectory, which is the sum of absolute
intervals within/between (TrajIntra/TrajInter) syllabic nuclei divided by duration (in ST/s).

Table 6.2 resumes these features.

6.2 Segmentation and Extraction of Prosodic Fea-

tures

The extraction of the prosodic features needs a consonant/vowel segmentation. However,
for Arabic dialect the problem of phoneme segmentation is not completely solved and un-
fortunately there is no related decoders such as the case for other dialects. To cope with
this problem, we rely on the specific Arabic syllable structure to perform a consonant/vowel

segment as we explain in what follows.

Metric Include Definition
Global Information Bottom 27 quantiles pitch nucleus
Top 98" quantiles pitch nucleus
Median 50" quantiles pitch nucleus
Range Difference between Top and Bottom
Total Size of Pitch Trajlntra Pitch trajectory of nuclei / duration
Trajectory TrajInter Pitch trajectory between nuclei / duration

TABLE 6.2: The Used Intonation Metrics.
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A syllable is the unit of pronunciation between a phoneme and a word. It is divided into
three components: the opening Onset, the central Nucleus and the closing segment Coda. The
nucleus and coda are called rhyme (or rime) (Crystal 2008). In Arabic dialect, each syllable
contains at least a nucleus while coda, and onset are optional. The nucleus is imperatively
one or many vowels, and the others are consonants. Thus, an Arabic syllable structure can
be modeled by the regular expression C*VTC* where C is a consonant and V is a vowel.
We exploit this fact to perform a consonant/vowel segmentation. Thus, we sketched up these
measures by considering nuclei as vowel segments and what remains as consonant segments.
We name this segmentation by coarse-grained segmentation. For example, we consider the
following sequence of the three syllables (a). The syllable structure segmentation is presented
in (b). Then, we get our coarse-grained segmentation (c), where VS (resp. CS) represents

vowel (resp. consonant) segment.

1 Syllablet Syllable2 Syllable3 | a)Syllable Sequence

| cuvhc | ct:v".C* | cvhc | b) Syllable structure segmentation

[C*:Vi C* V% C* ViC"| c)Coarse-grained C/V segmentation

[ )
CS VS

Once the consonant/vowel segmentation is performed, our prosodic features are extracted
at utterance level. Whereas, previous prosodic-based ADID researches leveraging prosody
extracted prosodic features at pseudo-syllable level (Biadsy & Hirschberg 2009, Rouas et al.
2006).

6.3 Used Tools

In order to extract prosodic information, we have involved a set of Open Source softwares. We
have used Praat tool? to remove noise. Qur coarse-grained segmentation is done automatically
using Praat tool enhanced by Prosogram? script. The latter performs syllable segmentation
using the intensity of the band-pass filtered signal. The syllable’ nuclei are delimited using
spectral and amplitude changes. The script can achieve over 80% according to segmentation

accuracy (Salselas & Herrera 2011).

The intonation metrics and speech rate are extracted using Prosogram script. While, rhythm

features are calculated using Correlatore?, which is mainly designed for rthythm analysis.

2 Praat v 5.3.47, Online: http://www.fon.hum.uva.nl/praat
3 Prosogram v 2.9, Online: http://bach.arts.kuleuven.be/pmertens/prosogram/
1 Correlatore v 2.1, Online: http://www.lfsag.unito.it/correlatore/


http://www.fon.hum.uva.nl/praat
http://bach.arts.kuleuven.be/pmertens/prosogram/
http://www.lfsag.unito.it/correlatore/
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In addition, we have scripted the combination of all these tools by using Python® language

and the statistical analysis tests is done by using R® language.

6.4 Prosodic Statistic Analysis of Algerian Dialects

In this section, we first described our selected Algerian Arabic dialects data. Then, we describe
and analyze the statistic analysis of prosody in Arabic Algerian dialects utterances on both
prosodic phenomena: rhythm and intonation. In order to study the discriminative power
of prosody, we present in this section the description of our statistic analysis of prosody in
Algerian dialects. we have used two statistical analysis tests: one way ANalyses Of VAriance
(ANOVA) and Tukey HSD (Tukey Honest Significant Differences).

6.4.1 Speech Material

The Algerian dialects are under investigation in this study. As mentioned in previous Section
2.5, there is no standard corpus available for Algerian Arabic dialects such as for some other
Arab countries (Alsulaiman et al. 2013). For this reason, we have collected own corpora

ALG-DARIDJAH and KALAM'DZ.

For this statistical analysis, we have chosen ALG-DARIDJAH corpus, described before in Sec-
tion 3.1, as test bed as it provides a representation of phonetic, prosodic, and orthographic
varieties of Algerian Arabic dialects. It contains six Arabic Algerian dialects: Algiers-Blanks,
Hilali, Ma’qgilian, Pre-Hilali, Sahel-Tell, and Sulaymite. Table 6.3 gives more details on the
sample chosen for the current analysis. The total number of utterances is 1892, each one is

about 6s duration in average.

The speakers are chosen from adult population from 18 to 50 years old. The 41 talkers are
native from their dialect region, and both parents of each speaker were also native from the

same dialect region. The speeches gather both spontaneous and sub-spontaneous utterances.

6.4.2 Prosodic Statistic Analysis

In this statistical analysis, we have considered the prosodic features presented in the previ-

ous.After their extraction, we identify the rhythmic class of each Algerian dialects. Finally,

® The used packages are subprocess, os, sys, and shutil.
6 The used functions are aov and TukeyHSD.
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Dialect #Utterances #Speakers  #Female Department

ALgiers-Blanks 51 01 - Algiers

(ALB)

HILali (HIL) 657 14 09 Adrar, Djelfa,
Ghardaia, Laghouat

MA’Qilian (MAQ) 351 08 06 Sidi Bel Abbés, Mosta-
ganem, Oran

PRe-Hilali (PRH) 143 03 02 Tlemcen

SAhel-Tell (SAT) 187 04 04 Médéa

SULaymite (SUL) 503 11 05 El-Oued, Annaba

Total 1892 41 26

TABLE 6.3: Speech Material Details.

we have performed two statistical analysis tests: one-way ANOVA and Tukeys HSD. ANOVA
gives a single answer to the question Do the data sets differ overall? While, Tukeys HSD test

can be run afterwards to answer the individual questions Does data set A differ from data
set B? Does data set A differ from data set C? (Omer et al. 2018).

Table 6.4 presents the results of one-way ANOVA testing with oo = 0.057 (p-value®).

The results also reports the mean values and the standard error (in parentheses) calculated for
each rhythm features: average proportion of the duration of vocalic intervals (%V), the aver-
age standard deviation of the duration of consonantal intervals (AC) and of vocalic intervals
(AV) and their normalized version VarcoAC and VarcoAV respectively, raw pairwise vari-
ability index in consonantal interval duration (rPVI-C), and normalized pairwise variability
index in vocalic interval duration (nPVI-V) and speech rate calculated across all utterances

of each dialect.

Cross-dialectal comparison shows that the proportion of vocalic intervals (% V) represents less
than 50% of the total duration of an utterance in all Algerian dialects. This result supports
the claim of Hamdi et al. (2004) that all Arabic dialects have less than 50% of vocalic intervals
(%V).

Particularly, Pre-Hilali dialect exhibit the smallest proportion of vocalic intervals (%V) and
the greatest variability in consonant interval duration (rPVI-C). This fact shows that it has

the highest degree of vowel reduction and more complex syllable structure. The findings

Ta is the significance level.
8Probability value (p-value), when the p-value < « indicates the reject the null hypothesis that
all the data are sampled from populations with the same mean.
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Feature ALB HIL MAQ PRH SAT SUL F p-value

%V 47.5 404 43.3 39.1 442 43.6 F(5,1886) = 17.1 p< .000
(1.1)  (0.5) (0.3) (0.7) (0.6) (0.3)

AC 55.4 97.1 58.3 86.5 59.8 46.7 F(5,1886) =10.3 p< .000
(3.3)  (8.3) (1.3) (7.2) (24) (1.2)

AV 44.0 36.7 40.9 38.7 45.7 33.9 F(5,1886) —14.8 p< .000
(2.6)  (0.7) (12) (14) (16) (0.7)

VarcoC 62.9 63.2 63.1 71.0 63.8 58.1 F(5,1886) =13.5 p< .000
(2.6)  (0.7) (0.8) (L7) (13) (0.7)

VarcoV 50.7 50.2 527 52.4 57.0 49.5 F(5,1886) =6.8 p< .000

(2.3)  (0.6) (1L0) (14) (L3) (0.7)

1
rPVI-C 61.4 99.1 62.1 88.7 63.4 51.5 F(5,1886) = 9.8 p< .000
(3.8) (82) (1.3) (6.2) (23) (1.1

nPVI-V 540 5186 519 539 56.2 49.5 F(5 1886) =59 p< .000
(24) (0.6) (0.8) (1.3) (1.2) (0.7)

(
Speech 6.1 68 63 63 65 7.2  F(5 1886) =140 p< .000
Rate (0.1) (0.1) (0.1) (0.1) (0.1) (0.1)

TABLE 6.4: Mean (Standard Errors) Values of Rhythm Feature for Arabic Algerian
Dialects and the Results of One-way ANOVA Testing Effect of Dialects.

of the current study are consistent with those of Marcais (1986) who found that Pre-Hilalt

dialect characterized by the presence of vowel reduction.

However, Sulaymite dialect shows the smallest variability in consonant intervals duration
(AC, VarcosC, rPVI-C) and in vocalic intervals duration (AV, VarcosV, and nPVI-V). Thus,
Sulaymite dialect is characterized by the absence of vowel reduction and simple syllable
structure. These findings further support the note of Hamdi et al. (2005) that Tunisian
dialect has a simple syllable structure. Sulaymite dialect shared many characteristic with

Tunisian dialect because they are geographically close.

The vocalic interval measure (AV, VarcosV, and nPVI-V) resulting of the Sahel-Tell dialect

are higher than the rhythm metric scores of others dialects.

According to the speech rate metric, we noticed a faster overall articulation rate for Sulaymite

dialect, whereas a slower articulation rate for Algiers-Blanks dialect.

In addition to this attempt study to identify the rhythmic class of each Algerian dialects, we
have compared these results to other languages (Algerian-MSA, English, and French) existed

rhythmic features.
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FIGUuRE 6.3: Distribution of languages & Algerian dialects over the %V and AC

plane (top left), AV and AC (top right), and %V and AV plane (bottom). Error

bar represents £1 Standard Deviation. (DU= Dutch, EN= English, FR= French,
SP= Spanish)

Figure 6.3 demonstrates the classification of the Arabic Algerian dialects with Dutch, FEnglish,
French, and Spanish languages by plotting the graph with the values of %V, AV, and AC.
English, French, Spanish, and Dutch languages features are taken from White & Mattys
(2007).

As mentioned in Section 6.1.1, the (%V, AC) plane is very popular in the rhythmical cat-
egorization of languages/dialects. In this study, we observe from the (%V, AC) plane, that
Algerian Arabic dialects can be classified into two groups. The first dialect group has the
highest AC and the lowest %V such as English and Dutch languages where those are clas-
sified as stress-timed. It includes Pre-Hilali and Hilali dialect. The second group represents
the syllable-timed rhythm class, such as Spanish and French language. It has lower values
of AC but higher values of %V, which includes Ma’gilian, Algiers-Blanks, Sulaymite, and
Sahel-Tell dialect. The other two graphs illustrate more scattered patterns and, thus, do
not show language groupings as clearly as the %V-AC graph does. For example, Sulaymite

dialect is not grouped with other dialects.
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Figure 6.4 shows the Algerian dialects and four languages plotted on (rPVI-C, nPVI-V) plane.
English, French, Spanish, and Dutch languages values of features (rPVI-C and nPVI-V) are
taken from White & Mattys (2007). All dialects are clustered only on one group close to
syllable-timed rhythm class, such as French and Spanish languages, which is characterized by

having lower nPVI-V scores than for syllabic-timed (Duch, English) rhythm class.
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FIGURE 6.4: Distribution of Languages & Dialects along the rPVI-C (x axis) and
nPVI-V Dimensions (y axis). Error bar represents £1 Standard Deviation. (DU=
Dutch, EN= English, FR= French, SP= Spanish)

In order to find whether the rhythm features and speech rate were significantly different
between Algerian dialects, ANOVA tests were performed followed by the post-hoc (Tukey
HSD) test.

In fact, the results of one-way ANOVA (a = 0.05) that test for differences in rhythm metrics
for six Algerian dialects, reported in Table 6.4, mention that the seven rhythm metrics: the
three interval measure metrics (%V, AV, and AC), both time-normalized metric (VarcosC
and VarcosV), and both pairwise variability indices (rPVI-C and nPVI-V), are sensitive to

speaker’ dialect.

Statistical analysis, one-way ANOVA, shows significant effects of rhythm features and speech
rate between these Algerian dialects (all p-value < «). In one-way ANOVA test, a significant
p-value indicates that some of the dialect means are different. To determine which dialects

are different, we rely on Tukey test for performing multiple pairwise-comparison.

The summary from the plots for Tukey test on all vocalic interval features of Arabic Algerian
dialects is reported in Table 6.5. We observe that the pair dialect (SAT-ALB) has not
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Feature %V AV VarcoV nPVI-V AC VarcoC rPVI-C Speech Rate
HIL-ALB v
MAQ-ALB v
PRH-ALB v

SAT-ALB

SUL-ALB v v v
MAQHIL v v v v v
PRH-HIL v v
SAT-HIL v v v v v v

SUL-HIL v v v v

PRH-MAQ v v

SAT-MAQ v

SUL-MAQ v v v
SAT-PRH v v v

SUL-PRH v v v v v v
SUL-SAT v v v v v

TABLE 6.5: Summary of Significant Differences in the Rhythm Features between
Algerian Dialect Pairs.

significant difference in all rhythm metrics and speech rate. While, the both pairs (SAT-
HIL) and (SUL-PRH) have significant difference in six metric. In addition, the feature that
is discriminate between the most pairs (ten from fifteen pairs) is the proportion of vocalic
interval (% V). For that, it can be used for binary classification. While, the less discriminative

feature (only two pairs) is VarcoV feature.

To analyze cross-language differences according to pitch variation, the following distributional
measures were calculated per utterance: four global pitch information (Bottom, Top, Median,
Range) and both total size of pitch trajectory (Trajlntra, Trajlnter). Table 6.6 reports the
mean and standard error (in parentheses) of these intonation features and the results of one-
way ANOVA testing effect. The main observation is that all p-value are smaller than .005
for each ANOVA test, which means that all the intonation features have signification effect

of speakers’ dialect.

In addition, Algiers-blanks dialect exhibits the smallest variability in three pitch features,
which are Bottom, Mean, and Trajlntra of pitch information. In contrary, the highest
variability in both pitch global information features (Bottom and Mean) for Sahel-Tell dialect
and in pitch TrajIntra for Hilalh dialect. Pre-Hilali dialect has the highest variability in pitch
Top and in Mean feature. In addition, Ma’qilian is characterized by the highest variability
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Feature ALB HIL MAQ PRH SAT SUL F p-value
Pitch 12.7 9.0 14.7 12.8 9.6 8.0 F(5, 1886) = 99.3  p< .000
Range (4.9) (4.8) (5.8) (5.0) (5.52)  (3.9)

Pitch Top 213.0 2677 3158 330.3 299.5 259.0 F(5, 1886) — 50.1 p< .000
(55.3) (79.4) (76.5) (109.7) (50.0) (67.2)

Pitch 100.4 1598 1358 1563 175.1 163.7 F(5, 1886) = 41.6 p< .000
Bottom  (14.8) (46.7) (37.1) (54.1) (40.2)  (46.0)

Pitch 148.2 2067 2089 231.9 231.4 2114 F(5,1886) = 29.8  p< .000
Mean (19.3)  (52.2) (40.8) (74.2) (21.0) (49.7)

Pitch 6.9 9.9 74 8.2 8.8 9.9 F(5, 1886) = 18.5  p< .000
Trajlntra  (6.7)  (6.2)  (27)  (5.1)  (47)  (4.8)

Pitch 141 99 9.8 9.9 102 18.2  F(5,1886) =81  p< .000

Trajlnter (38.5) (5.8)  (3.5)  (4.3)  (44)  (4.4)

TABLE 6.6: Mean (Standard Error) Values of Intonation Features for Arabic Algerian
Dialects and the Results of One-way ANOVA Testing Effect of Speakers’ Dialect.

in pitch Range and by the smallest variability in pitch TrajInter, contrary to Sulaymite
dialect. Furthermore, Sulaymite dialect exhibits the highest variability in pitch TrajlIntra
and by the smallest variability in pitch Top.

In summary, it is clear that for all prosodic features has a significant different of dialect by
using ANOVA test. To determine which dialects are significant, we have computed the Tukey
test.

According to Tukey test of the significant differences in the intonation features between
Algerian dialects, reported in Table 6.7. We observe that the pair dialect (PRH-MAQ)
has the less significant difference. While, the both pairs (HIL-ALB) and (SUL-MAQ) have
significant difference in six intonation features. In addition, the feature that is discriminate
between the most pairs (twelve from fifteen pairs) is all global information (Bottom, Top,
Median, and Range). For that, it can be used for binary classification. While, the total size

features of pitch trajectory are discriminative features for more than half dialect pairs.

As a global summary, it is clear that for almost all prosodic features are a significant differences
between dialect by using ANOVA test. As results, the global pitch information (Range, Top,
Bottom, and Mean) are the highest features (twelve from twelve) that have discriminative

power effect of dialect pairs compared to other prosodic information.
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Feature Range Top Bottom Mean Trajlntra TrajInter
HIL-ALB v v v v v v
MAQ-ALB v v v v
PRH-ALB v v v v
SAT-ALB v v v v v
SUL-ALB v v v v v

MAQ-HIL v v v v v

PRH-HIL v v v

SAT-HIL v v v

SUL-HIL v v v
PRH-MAQ v v

SAT-MAQ v v v v

SUL-MAQ v v v v v v
SAT-PRH v v v

SUL-PRH v v v v v
SUL-SAT v v v v v

TABLE 6.7: Summary of the Significant Differences in the Intonation Features be-
tween Algerian Dialect Pairs.

6.5 Conclusion

In this chapter, we presented the targeted prosodic information (rhythm and intonation) for
dialects. First, we presented the different rhythm measures, which are developed in literature
to successful language classification into tree groups: stress-timed, syllable-timed, and mora-
timed. Second, we described both groups of intonation metrics. Then, we explained how we
have segment and extract these prosodic features and then the used Open Source softwares.
Finally, we analyzed statistically Algerian dialects in order to capture their specificities related

to prosody information using two statistical analysis tests: one way ANOVA and Tukey tests.
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In this chapter, we present our third contribution, which is the development of Arabic Spo-
ken Dialect IDentification (ASDID) systems on intra-country context, specially for Algerian
dialects. We start by describing the first system: a flat classification-based approach. Then,
we present our second system that relies on hierarchical classification. For both systems, we

leverage prosodic information.

The majority of Arabic SDID work, presented in previous Section 5.5, are mostly based
on acoustic/phonetic, phonotactic, or lexical information. Moreover, they need a massive
amount of data for experimentation. Algerian dialects are under-resourced language, it is
necessary to think outside the box. For that, we will exploit the prosodic information to
identify Algerian dialects. As results from the statistic analysis, as previously described in
the previous chapter, the prosodic information can be used for binary classification between

Algerian dialects.

In addition, most researchers investigating ASDID have deployed the shallow or traditional
machine learning methods, such as: Support Vector Machine (SVM), Hidden Markov Model
(HMM), or Gaussian Mixture Model (GMM). Deep learning methods have already made
impressive advances in fields, such as computer vision and pattern recognition. Following
this trend, recent NLP research is increasingly focusing on the use of deep learning methods.
For example, the percentage of deep learning papers in the Association for Computational
Linguistics! (ACL) conference is more than 70% of accepting papers (Young et al. 2017).
This is yet to happen for Arabic NLP (Al-Ayyoub et al. 2018).

Before presenting our proposed systems, let us introduce and recall the deep learning classi-

fication method.

7.1 Deep Learning

Deep Learning (DL) is also sometimes called feature or representation learning. Du & Shanker
(2009) mentioned that DL has emerged as a new area of machine learning research since
2006s. DL tries to mimic the human brain, Figure 7.1 reports biological neural network,
by constructing an architecture that consists of input layer and an output layer with many
hidden layers between them (Al-Ayyoub et al. 2018).

When compared DL with traditional approaches, or shallow machine learning such as SVM,

two point are required to be clarified. First, traditional approaches require samples with

Ts the international scientific and professional society for NLP community.
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F1Gurg 7.1: Biological Neural Network (Aggarwal 2018).

well-studied discriminative features extracted by experts (Pasupa & Sunhem 2016). Also, a
single layer feed-forward network is a shallow learning. In contrast, deep learning is known
as representation learning, which has been shown to perform better at extracting global
relationships in the data (Di et al. 2018). Figure 7.2 illustrates the comparison of shallow
and deep machine learning architectures. Second, the learning capacity of deep learning
algorithms is proportional to the size of data, the performance of deep learning models just
keep on improving with additional data, whereas, for traditional learning algorithms, the
performance reaches a plateau after a certain amount of data is provided (Di et al. 2018,

Goyal et al. 2018). Figure 7.3 gives a better representation of this comparison.

There are different types of Deep Neural Networks (DNNs). It can be classified according on

Input layer Hidden layer Output layer

Shallow

Input layer Hidden layer 1 Hidden layer 2 Hidden layer 3  Output layer

Deep

)‘ &iﬁo
0

L K /
/7Y /
o Y ( )//’

FIGURE 7.2: Comparing Deep and Shallow Architecture (Di et al. 2018).
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FIGURE 7.3: Scaling Data Science Techniques to Amount of Data (Goyal et al.
2018).

architecture and usage. If the neurons are taking the form of cycles, they form networks such
as recursive neural networks. Else, they form networks such as feed-forward and convolutional

neural networks (Goyal et al. 2018).

A. Feed-Forward Neural Networks

Feed-Forward Neural Networks (FFNN) —also called MultiLayer Perceptron (MLP)— is
an artificial neural network that has more than one hidden layer? between its inputs and
outputs. The name feedforward comes from the fact that layers feed into one another in the
forward direction from input to output (Aggarwal 2018). Figure 7.4 reports an example of

Feed-Forward neural network with three hidden layers.

hidden layers
input layer h, h, h,

FIGURE 7.4: Feed-Forward Neural Network (Beysolow 2018).

2Hidden Layer: Because the computations performed are not visible to the user.
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B. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are well adapted for image recognition and handwrit-
ing recognition. Their architecture is based on sampling a window or portion of the input data
(image, speech), detecting its features, and then using the features to build a representation
(Goyal et al. 2018).

Figure 7.5 illustrates a sample of CNNs architecture. CNNs is widely used in image problems,
such as: object, image, handwriting recognition, and other computer vision problems. It also

achieves state-of-the-art results in NLP problems, such as speech recognition (Manaswi 2018).

-, Dog (0.3)
Cat (0.96)
Duck (0.03)
Bird (0.07)

FIGURE 7.5: Sample of CNNs Architecture (Di et al. 2018).

C. Recursive Neural Networks

Recursive Neural Network (RNN) architecture a deep feed-forward neural network with ad-
dition of loops to the architecture. It is best suited to recognizing patterns in sequences of
data, particularly time series and text. This architecture can be used for the detection of the
sentiment of a sentence, in which the results is not dependent on the individual works only,
but also on the order in which the words are syntactically grouped in the sentence (Goyal
et al. 2018).

Figure 7.6 reports the structure of an RNN and its time-layered representation. This kind of
architecture ensures that the output at time "t" (o¢) depends on the inputs at time "t" (),
"t-1" (z4-1), ..., and "1" (x1). In other words, the output depends on the sequence of data

rather than a single piece of data (Manaswi 2018).

In most recent studies in Language IDentification (LID), Deep Neural Networks (DNNs)

has been deployed in different architectures. We chosen for our system the Feed-Forward
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FIGURE 7.6: The Structure of an Recurrent Neural Network (Beysolow 2018).

2]

Neural Network (FFNN) architecture, because the prosodic features are not images and are

not correlated in time.

FFNN architecture is considered as the state-of-the-art in LID (Koolagudi et al. 2017, Lopez-
Moreno et al. 2016). Lopez-Moreno et al. (2016) extract the acoustic information to identify
24 languages. They showed that DNNs system improves their superiority compared to i-
vector system. For Dravidian language, Koolagudi et al. (2017) exploit the DL method by
modeling the cepstral coefficients and prosodic features. As results, they mentioned that DL

are considered to classify the four Dravidian languages.

Let us recall that Feed-Forward Neural Network (FFNN) belongs to the category of feed-
forward neural networks and are made up of three types of layers: an input® layer, one or

more hidden layers, and a final output * layer (Goyal et al. 2018).

Figure 7.7 shows a full-connected FFNN with only one hidden layer, which means every
neuron of one layer is connected to all neurons of the next layer. Every connection between
neuron j in layer k and neuron m in layer k£ + 1 has a weight denoted by wj,,. Each neuron
really computes two functions within the node: pre-activation (z) and post-activation (o)

function.

The pre-activation function of z;; at neuron i from layer j is represented by Equation (7.1).
For example, the zoomed neuron (neuron 3 from layer 2) reports the pre-activation function

of Z23.
Zij = bj + Zwij Yi (71)

where ¢ is an index over the units of the layer below and b; is the bias of the unit j.

3The number of neurons present across the input layer is equal to the number of features.
4The number of neurons present across the output layer is usually equal to the number of classes
we want to classify the target value.
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FIGURE 7.7: A Simple Feed-Forward Neural Network (Skansi 2018).

The result of this pre-activation function is mapped to its corresponding post-activation
function y;; represented by Equation (7.2). The activation function in each neuron decides
whether the incoming signals have reached the threshold and should output signals for the
next level (Di et al. 2018).

vij = o(zij) (7.2)

Equation 7.3 reports a few common activation functions, such as: Sigmoid, Tanh, and Rec-
tified Linear Units (ReLU).

. 1 e — 1
Sigmoid(zi;) = T e Tanh(z;;) = pETaE ReLU (zj) = max(0, z;;) (7.3)
For classification problems, the post-activation function of the output layer is a softmax out-
put function, which converts the outputs of the final hidden layer y,; into a class probability

p; of the following form:

_ exp(¥my)
22:1 exXp(Yna)’

where k is an index over all of the target classes and n is number of the output layer.

P; vVie{l,.. k} (7.4)

In order to measure how far the output of softmax function to the true target class, the
loss function of the network, also called the objective function, is used to compute a distance

score, capturing how well the network has done on this specific parameters. For classification,
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as cost function for back-propagating gradients in the training stage, cross entropy can be

the useful loss function, defined as:

- Z t; log(p;) (7.5)
N

where t; represents the target probability of the class j for the current evaluated example,

it takes a value of either 1 (true class) or 0 (false class).

The fundamental trick in deep learning is to use the loss score as a feedback signal to adjust
the value of the weights a little, which the optimization step, which is the key to how a network
learns (Chollet 2017). The most common optimization approach to minimize the Loss score
is still Stochastic Gradient Descent (SGD) and its variations, for example, momentum-based
methods, AdaGrad, Adam, and RMSProp (Di et al. 2018).

Figure 7.8 reports the graph that gives the relationship between the network, layers, loss
function, and optimizer.

Input X

:

Layer
[E (data transformation)

Layer
[E (data tran sformation}

Weight F'redwtmn-; True targets
update Y

Dpllml?_er '/LDSS functlon

Loss score

F1GURE 7.8: Relationship between the network, layers, loss function, and optimizer
(Chollet 2017).

7.2 Flat Dialect Identification Approach

Our first proposed Algerian Arabic Spoken Dialect Identification (AADID) is baplised the flat
approach, which is a machine learning based method that leverage prosodic information and

deep learning technique.
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7.2.1 Approach Overview

Figure 7.9 gives an overview of this approach. It processes as follows. Given a dataset of
speech from different dialects, first a preprocessing step is performed where we remove almost
noise and silence from all speeches of the dataset. After that a coarse-grained segmentation

is performed, as shown in Section 6.2.

Then, prosodic information are extracted. Let us recall, we have used two prosodic informa-
tion: intonation and rhythm, which are measured by using the pitch and duration sequence
respectively. We have selected seven rhythm metrics: %V, VarcoV, nPVI-V, AC, VarcoC,
rPVI-C, and Speech Rate. In addition to that, six intonation features: four global information
and two pitch trajectory features. We have already detailed these features in Table 6.1 and
6.2.

Our Prosodic Features (Pf) are extracted at utterance level. Whereas, previous prosodic-
based ADID researches leveraging prosody extracted prosodic features at pseudo-syllable
level (Biadsy & Hirschberg 2009, Rouas et al. 2006).

After that, the dialect models are generated using Deep Neural Networks (DNNs), specially
Feed-Forward Neural Network (FFNN) architecture, which is considered as the state-of-the-
art in language identification (Koolagudi et al. 2017, Lopez-Moreno et al. 2016). The resulting
Algerian Arabic ADID system, we call AADID-DNN.

The input to the DNNs classifier consists of the prosodic features described above (14 Pf) and
the output layer size is 4 (number of dialects). Figure 7.10 reported details on DNNs topology
and description. For complete this architecture, we need to fix the: i) Number of layers in
a network, ii) Number of neurons in the hidden layer, iii) Neurons Activation function. iv)
Optimizer to updating the model parameters. These parameters are tuned empirically. More

details on that are given in the experiment section.
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FicUrE 7.9: Overview of the Flat System.
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Figure 7.10: DNNs Topology and Description.

7.2.2 Experiments

In order to evaluate the performances of our AADID-DNN approach, we have performed a

batch a number of experiments:

1. The evaluation of our proposed AADID-DNN performances using a number of features

and settings.

2. The comparison between DNN and SVM classifiers. For that, we designed a prosody-
based using SVM modeling (AADID-SVM).

3. The comparison between the prosodic and acoustic speech information, which is the
most used information to identify ADID. Our baseline acoustic-based approach is based

on Djellab et al. (2017) that identify Algerian areas.

4. The sensitivity measurement of the utterance size variation for prosody-based and

acoustic-based systems systems.
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Before presenting our experiments and results, let us first present the dataset, the DNNs

tuning, the used tools, and the baseline system.

7.2.2.1 Data

As mentioned in the literature review of Arabic speech corpus, as presented in Section 2.5,
these studies indicate that more attention has been focused on some Arabic dialects, such as
Egyptian and Levantine, compared to Algerian dialects. For that, to evaluate our AADID-

DNN approach, we have selected the data from our KALAM’DZ corpus.

As described on the previous pages, KALAM'DZ is a large speech corpus dedicated to Algerian
Arabic dialectal varieties. It covers eight Arabic dialects spoken in Algeria. This corpus is
collected from web sources namely YouTube, Online Radio stations, and TV channels. The
size of the corpus is about 104 hours with 4881 speakers. This corpus provides a representation
of phonetic, prosodic and orthographic varieties of Algerian Arabic dialects. It represents a
good sample for within-language variability, among these aspects: scope and the size of
the corpus, the richness of speech topics and content, number of speakers, gender, regional

dialects, recording environment, and content (Li et al. 2013) .

A sample of 42 hours was chosen from the aforementioned collection. The selection was
based on the most commonly spoken dialect, coverage for all dialect varieties as well and
the maximum number of utterances. The dialects include: Hilal, Sulaymite, Ma’qgilian, and
Algiers-Blanks.

Table 7.1 provides further details on the selected sample for the current study. The total

number of utterances is 17036, with an average duration of 8.1 s.

Dialect # of Utterances Average time (s) Total Time
Algiers-Blanks (ALG) 4845 6.7 09h 06min
Ma’qilian (MAQ) 3470 8.9 12h 03min
Hilali-Saharan (SAH) 4560 8.7 10h 57min
Sulaymite (SUL) 4152 8.4 10h 37min
Total 17036 8.1 42h 43min

TABLE 7.1: Speech Data Composition.
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7.2.2.2 DNNs Implementation

The problem of DNNs architectures optimization is to find the optimal number of hidden
layers in the network, the number of neurons within each layer, the good activation function
and optimizer, in order to maximize the performance of DNNs. For that, we have used is
Genetic Algorithms (GA) which is commonly used to generate high-quality solutions to solve

optimization problem (Beasley et al. 1993).

GA is an optimization meta method that applies three operators similar to natural genetic
operators: reproduction, crossover, and mutation, in order to archive the best solutions
(Sheppard 2018).

To find the optimal topology, the GA has been successfully applied in several domains for the
purpose of solving problems with various degrees of complexity. Chiroma et al. (2017) give a

summary of DNNs topology optimization through a GA search.

The explored parameters of the problem must be defined for the GA, Table 7.2 reports the
range of DNNs hyper-parameters, such as: activation functions, number of of hidden layers
and neurons per layer, optimizer, and the GA parameters, such as: the number of population
in each generation (PopSize), the maximum number of generations (MaxGeneration), and

fitness function (Cost-Fen).

GA Hyper-parameters  Explored Values

Activation Function ReLU, Sigmoid, Tanh

Hidden Layers 2,3,4,5,6,7,8,9, 10

# of Neurons 64, 128, 256, 512, 768, 1024, 2000, 2560, 3000, 3500, 4000, 4500,
5000

Optimizer rmsprop, adam, SGD, nadam, adagrad, adadelta, adamax

PopSize 20

MaxGeneration 10

Cost-Fen Accuracy

TABLE 7.2: Explored Hyper-parameters for Genetic Algorithm Modeling.

We have modified the Python codes® implement by Matt Harvey that evolve a neural network
with a genetic algorithm, more details are found in this blog post®. The steps of genetic

algorithm to evolve the network are as follows:

Shttps://github.com/harvitronix/neural-network-genetic-algorithm.
bhttps://blog.coast.ai/lets-evolve-a-neural-network-with-a-genetic-algorithm-code-included-8809!


 https://github.com/harvitronix/neural-network-genetic-algorithm
https://blog.coast.ai/lets-evolve-a-neural-network-with-a-genetic-algorithm-code-included-8809bece164
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1. Initialize 10 random networks to create our population.

2. Score each network by using a fitness function, which is in our case the accuracy for

clagsification task.
3. Sort all the networks in our population by score of fitness function (accuracy).

4. Selects and breeds the best members of the population to produce more like them: Keep
40% percentage of the top networks to become part of the next generation and to breed
children. Also, randomly keep a 10% of percentage of remaining (non-top networks)
in the population, which helps to find potentially lucky combinations between worse-
performers and top performers, and also helps keep us from getting stuck in a local

maximum.

5. Mutates randomly some of the parameters on some of the networks (20 %) to attempt

to find even better candidates.
6. Kills off the rest, to keep our population at 10 networks.
7. Repeats from step 2 until 20 generation. Each iteration through these steps is called a

generation.

As results of the genetic algorithm execution which predicted the best hyper-parameters
values, Table 7.3 illustrates the optimal parameters that we have archived to complete the

DNNs architecture.

Hidden Layers # of Neurons Activation Function Optimizer

4 64 Sigmoid SGD

TABLE 7.3: Hyper-parameters Values Predicted for Deep Neural Networks.

7.2.2.3 Acoustic-based Baseline System

In order to contrast our AADID-DNN approach, we have chosen the most used speech in-
formation, to identify ADID in literature, which is the acoustic one. There is a panoply of
acoustic-based approaches, our baseline system is based on Djellab et al. (2017) because they
identify Algerian area dialects. They extracted the basic acoustic feature, Mel-Frequency
Cepstral Coefficients (MFCCs), with the commonly utilized additional features of the tem-
poral aspects, which is Shifted Delta Cepstral (SDC) coefficients. This approach has carried
out using Gaussian Mixture Models-Uniform Background Model (GMM-UBM) modelings.
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To extract MFCCs acoustic features, a given input utterance gets segmented into windows
of 25ms with 10ms overlap. Then, Mel-scale filter bank analysis is applied to the signal,
respectively before converting the obtained log-energy filter bank trajectories to Cepstral co-
efficients. The first 7 Mel-frequency cepstral coefficients, including C0, are computed on each
frame (for more details see Appendix C). These MFCCs are subject to some normalization

(vocal tract length and cepstral mean) in addition to other filter (RASTA).

After the normalization of MFCCs features, additional features, which are SDC coefficients,
are added, the temporal aspects of the speech signal, to each feature vector. These coefficients
are extracted, using the conventional 7-1-3-7 scheme, and appended to the MFCC features

to produce a 56-dimensional feature vector.

Then, a dialect-independent Universal Background Model (UBM) is constructed from the
training data from each of the dialects. MAP adaptation of means and weights is then
performed on the UBM to generate dialect dependent Gaussian Mixture Models (GMMs),
one for each dialect. These GMMs are used to evaluate the likelihood of test utterances
as belonging to a particular dialect. In our case, we have deployed UBM-GMM with 1024
mixtures. For more details on these features extraction, normalization and reduction refer

to Djellab et al. (2017).

7.2.2.4 Used Tools

In addition to tools that extract prosodic information, we have involved a set of Open Source

softwares.

e To tune the DNNs architectures and other hyper-parameters, we have adopted the
Python code of Matt Harvey” which is developed to evolve a neural network with a

genetic algorithm.

e Our DNNs learning models were implemented using Keras®, an open source deep learn-

ing library written in Python.

e For implementing the acoustic system, we use SIDEKIT?, a publicly available Speaker
and Language Recognition toolkit for acoustic feature extraction, and the UBM-GMM
modeling is done using Spear'? (Khoury et al. 2014), an open-source speaker recognition
toolbox based on Bob tools (Anjos et al. 2012).

"https://github.com/harvitronix/neural-network-genetic-algorithm
8https://keras.io/

% http://www-lium.univ-lemans.fr/sidekit/

10 https://pypi.python.org/pypi/bob.bio.spear/3.1.1


https://github.com/harvitronix/neural-network-genetic-algorithm
https://keras.io/
http://www-lium.univ-lemans.fr/sidekit/
https://pypi.python.org/pypi/bob.bio.spear/3.1.1
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7.2.2.5 Results and Discussion

For all experiments, we use speaker-independent DID. This means that the speaker set used for
training is disjoint from speaker set, used for testing which leads to real dialect characterization
capture to avoid potential speaker characterization capture. The dataset is split into training
(3/4) and testing (1/4) sets.

Our discussion of the results begins with the study of the performance of our AADID-DNN
system. To evaluate this system, we use the k-fold cross validation technique. To be more
confident in our system performance, we create five different models and test it on five different

test sets, results are reported in Table 7.4.

From Table 7.4, we observe that AADID-DNN reaches an average precision of 41.6%. We
highlight that prosody gives a precision acceptable compared to state-of-art of ADID system.
In fact, Ali et al. (2016) worked on inter-country dialects identification, they reached, with
lexical-based system, 45.8% and when they combined with the acoustic information they have
reached 60%. While, Djellab et al. (2017), who works on intra-country context (only 3 regions
dialect) with acoustic they reached 57%. For our case prosodic-based gives similar result if

we take only 3 dialects.

System ALG SAH MAQ SUL Average
Fold 1 26 37 18 100 47
Fold 2 34 33 24 97 41
Fold 3 36 32 00 99 34
Fold 4 37 32 26 98 42
Fold 5 36 31 32 100 44
33.8 33 20 98.8

TABLE 7.4: AADID-DNN System Performance on Different Cross-validation Folds.

The confusion matrix, got from the best AADID-DNN fold systen, is shown in Figures 7.11. In
general, the AADID-DNN system performs worst in case of MAQ and SUL dialects which are
most often confused with ALG and SAH, let mention that SAH is part of Hilali group, that
is related to the greater prosodic similarity between these pair dialects, which is confirmed
by our prosodic statistic analysis. In fact, we have shown that the dialects pairs: MAQ-ALG,
MAQ-SAH, SUL-ALG, and SUL-SAH, have less discriminative features (less than eight from

fourteen).
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Figure 7.11: Confusion Matrix for the AADID-DNN System.

AADID-DNN vs. AADID-SVM Performances

In order to measure the power of DNN classifier, we have compared our approach with
the robust SVM classifier (AADID-SVM). This later system uses similar pre-processing and
prosodic features extraction to AADID-DNN, while it uses SVM classifier to build dialect
models. To reach the optimal hyper-parameters for the SVM (hyperplane and penalty), the

grid-search method is used, which is a meta-classifier in Weka tool (Braga et al. 2013).

We have selected the data of train and test from the Fold-1, which is the best performance of
AADID-DNN system, to created and evaluated the AADID-SVM system. Table 7.5 gives the
performances in term of precision and recall for both systems AADID-DNN and AADID-SVM

per dialect.

System ALG SAH MAQ SUL Average

AADID-DNN Precision 26 37 18 100 47
Recall 60 63 2 7 32

AADID-SVM Precision 25.9 34.5 37.0 100 47.8
Recall 40 21.9 66.1 7.0 33.5

TABLE 7.5: AADID-DNN vs. AADID-SVM.

We observe that both approaches have reached comparable performances with 47% and 47.8%
of precision for AADID-DNN and AADID-SVM respectively. However, the performance of
AADID-SVM system is more suitable as there is no precision less than 26% contrary to AADID-
DNN system (MAQ is about 18 %).

In addition, SVM-based system recognizes well MAQ dialect. This is due certainly to the size

of dataset as we shown that DNNs reaches an improvement with additional data compared
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to traditional classifiers such as SVM classifier. As result, we mention that we need more

data to implement the AADID-DNN system.
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Ficure 7.12: Confusion Matrix for the AADID-SVM System.

Looking at results, shown in the confusion matrix (Figure 7.12), it can be inferred that only
SUL is the most challenging ones, which is confused with MAQ, contrary to AADID-DNN
which is confused with SAH. This highlights difficulty to distinguish the SUL dialect using

prosody. In addition, their recall is very low regardless of their precision for both systems.

Prosody vs. Acoustic Characterization

Turning now to the comparison between the prosodic and acoustic information, note that we
use the AADID-SVM for prosodic-based system which is more suitable compared to AADID-
DNN one.

Table 7.6 reports results of acoustic-based and AADID-SVM system in term of precision and
recall. We observe that acoustic system reaches an average 57 % for both precision and
recall. It is clear that acoustic-based system outperforms prosody-based one. The SUL is
also the less identified dialect, which out up that this dialect share may acoustic and prosodic

information to other dialects.

Figure 7.13 reports the confusion matrix of the acoustic-based system. It shows that the sys-
tem recognizes relatively well the instances of the SUL and MAQ dialects. Contrary, the ALG
dialect is less identified compared to the AADID-DNN system. This leads to conclude that for
the case of dialect identification, the acoustic-based system has better discriminative power.
However, a combination can be considered to exploit their complementary discriminative

power.
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System ALG SAH MAQ SUL Average
Acoustic-Based Precision 51 79 51 42 57
Recall 43 76 57 45 57
Prosodic-BasedAADID-SVM Precision 25.9 34.5 37 100 47.8
Recall 40 21.9 66.1 7 33.5
Combination Precision 52 51 41 85 59
Recall 43 57 53 71 57

TABLE 7.6: Acoustic-based, Prosodic-based, and Combination Systems in Term of
Precision and Recall.
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FiGUrE 7.13: Confusion Matrix for the Acoustic-Based system.

As a supplementary investigation, we fused both AADID-SVM and acoustic-based systems.
In the fusion step, we have applying the random forest classifier as top layer models by
using the predictions of the both bottom layer models (AADID-SVM and acoustic-based).
This approach reaches an average precision of 59% and recall of 57%, which is the best

performance we achieved.

Comparing the performances of the three systems (see Table 7.6), it can be seen that the
SUL dialect archives an average of 58% and 71 % for precision and recall respectively for
combined system, which is better compared to the other systems. Surprisingly, the SAH and
MAQ dialects have less performance than acoustic system, which means that the prosodic

information has a negative effect.

Prosody vs. Acoustic: Test Utterance Size Sensitivity

For any DID system, the optimal performance would be its accuracy on shorter utterances.

For that, we have measured the sensitivity of to the size of the utterance our prosodic-based
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and acoustic systems.

Table 7.7 reports performance in term of precision of both AADID-DNN and Acoustic-based
systems and their deviation from the average precision (measured above) according to test
utterance sizes. Where Short column represents utterances with a size less than 3 seconds,
Medium size represents utterances with a size between 58 and 10s and Long for utterances

with a size that exceeds 10 seconds.

Short (Len < 3s) Medium (3s < Len < 10s) Long (10s < Len)

Acoustic  Prosodic  Acoustic Prosodic Acoustic  Prosodic
Precision 42.5 57 51.3 44 60.9 06
Deviation —14.5 +6 —5.7 -3 +3.9 —41

TABLE 7.7: AADID-DNN vs. Acoustic-based System According to Utterance Size
Variation.

For Acoustic-based approach, it is obvious that the system needs longer utterances to get an
accurate identification. For shorter utterances, the precision drops by —14.2. Contrary to the
Prosody-based system, it behaves well for short utterances which is a requirement for real-live
applications. The performance for Short utterances is +6 above the average precision. The
drawback of such system it that is degrades rapidly with the length of the utterances (—41)
which is quite large. Such features of both approaches lead to believe that a combination can
be envisaged in which Prosody characterization improves the performances when acoustic one

fail to identify short utterance.

7.3 Hierarchical Arabic Algerian Dialect Identifica-
tion
In the flat approach, we haven’t harness the hierarchy structure for Algerian dialects, men-

tioned in previous Section 1.5. For this fact, in the next section, we will present our Hierar-

chical Arabic Algerian Dialect Identification system.

7.3.1 Approach Overview

Many classification problems are cast as Hierarchical Classification (HC) problems, where

the classes to be predicted are organized into a class hierarchy, where classes which are more
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Fiqure 7.14: Overview of the HADID system.

similar to one another are grouped together. HC is a machine learning method that consists
of placing new items into classes on the light of a predefined hierarchical structure of such
classes Silla et al. (2011). It follows a divide to conquer technique, where the classification is
divided into many sub-problems in a hierarchical way where classes that are more similar are

grouped together in groups.

To our knowledge there is no deployment of HC in Arabic DID. However, Hierarchical LID
(HLID) have been already proposed for others languages. For Indian languages, Jothilakshmi
et al. (2012) designed a two level classification system using acoustic features. On the other
hand, Yin et al. (2007) proposed a HLID framework where speech signal is characterized
at acoustic level and some prosodic features. The fusion of these classifiers is performed
using modern GMM fusion system. Likewise, Wang et al. (2009) suggested a hierarchical
system using bayesian logistic regression models as score generators. The final identification is
performed by a score based-likelihood merger. For Philippine languages, Laguna & Guevara
(2015) developed a HLID system via GMM, in which speeches are characterized by means of

acoustic and prosodic features.

Our proposed approach relies on prosodic features to identify Arabic dialect in intra-country
context. In order to deal with the large dialectal varieties, our approach employs the dialect
hierarchy structure to efficiently derive well training models. Figure 7.14 sketches the global
scenario of our HADID approach. As inputs, we provide a database of speech from different
dialects. Within the preprocessing phase, we remove noise and silence from all the database
speeches. Afterward, the coarse-grained consonant/vowel segmentation is applied and then
prosodic information are extracted. The latters processes are explained in Section 6.1. For
the extraction of HADID models, we have used as an input our derived hierarchical structure

for Algerian dialects which is presented in Figure 1.4.
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FicUrE 7.15: An Example of a Classifier per Parent Node Hierarchical Classifica-
tion.

In order to build HADID models, many hierarchical classification methods can be taken into
consideration. The most used are global and top-down approaches Silla et al. (2011). We opt
to use the last one. It is also called local classifiers approach, where the hierarchy is taken
into account using local information. More precisely, we built a set of dialect models, a Local
Classifier per Parent Node (LCPN) from the top to down according to the dialect hierarchical
structure. We consider for each model only discriminative features. Hence, a different Set of
Features(SF{jevel, #node)) and different Classifier (Clieper, #node)) can be tuned separately for
each node in order to reach the best performances. Figure 7.15 illustrates such hierarchical

classification. This tree shape follows the hierarchical structure.

In other words, we choose among prosodic features those that have the best discriminative
power for the embedded dialects by the node. Thus, each LCPN model dedicated to a node

X is trained using the dataset that represents dialects for which X is an ancestor.

During the identification phase, an utterance is determined by passing through the different
DID systems within the Hierarchical DID models. The target utterance is firstly classified
to the most likely dialect group, proceeding level by level from the top until the final dialect

becomes identified.

LCPN dialect models are generated using the state-of-the-art in language identification, Deep
Learning technique (Ferrer et al. 2016, Lopez-Moreno et al. 2016), in this case Deep Neural
Networks (DNNs).



Chapter 7. Flat Arabic Algerian Dialect Identification 120

7.3.2 Experiments

In order to evaluate the performances of our HADID approach, we have performed various
experiments. First, we evaluate and analyze the performance of our HADID system. Secondly,
we measure, also here, the effect of using DNNs for dialect modeling. In fact, we compare
HADID performance to HADID system that uses SVM instead of DNNs modeling. Finally,
we perform comparison of HADID with a baseline Flat classification approach, such done in
the flat approach, which is built without considering hierarchical dialect structure. Before
presenting our experiments and results, we present the dataset, used tools, and evaluating

metrics.

7.3.2.1 Dataset and Tools

For the current analysis purpose, Table 7.8 provides details on the selected samples extracted
from KALAM’DZ corpus. One can observe that we have dealt with a supplementary dialect
(Pre-Hilali). This firth dialect allow us to deal with the hierarchical structure of our studied
dialects. We recall that we have performed speaker independent DID system. This means
that the speaker set used for training is disjoint from speaker set used for testing which leads

to real dialect characterization capture.

Dialect # of Utterances Average time (s) Total Time
Pre-Hilali (PRH) 449 8.7 01h 05min
Algiers-Blanks (ALG) 4845 6.7 09h 06min
Ma’qilian (MAQ) 3470 8.9 12h 03min
Hilali-Saharan (SAH) 4560 8.7 10h 57min
Sulaymite (SUL) 4152 8.4 10h 37min
Total 17458 8.3 43h 48min

TABLE 7.8: Speech Data Details.

As indicated previously, we have deployed a set of Open Source softwares to implement
and evaluate our HADID system. To extract prosodic features, we have used the same tools
13)

(Praat'!, Prosogram'2, and Correlatore'®) as mention in the previous chapter (Section 6.3).

Concerning the SVM dialect models generation, we have used Weka tool'?, which is one of

the most commonly tools in Machine Learning. The SVM kernel deployed is a Radial Basis

UPraat v 5.3.47, Online: http://www.fon.hum.uva.nl/praat

2Prosogram v 2.9, Online: http://bach.arts.kuleuven.be/pmertens/prosogram/
Correlatore v 2.1, Online: http://www.lfsag.unito.it/correlatore/

MWeka v 3.7.13, Online: http://www.cs.waikato.ac.nz/ml/weka/


http://www.fon.hum.uva.nl/praat
http://bach.arts.kuleuven.be/pmertens/prosogram/
http://www.lfsag.unito.it/correlatore/
http://www.cs.waikato.ac.nz/ml/weka/
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Function. We have got the best C' and v parameters of SVM, thanks to GridSearch script,
which is a meta-classifier (Braga et al. 2013). In other side, for DNNs dialect modeling and

test purposes, we have used H20'5 deep learning package scripted with R language'.

7.3.2.2 HADID Implementation

According to the available hierarchical dialect structure, presented previously in Figure 1.4,
and the selected dialects, we have built two LCPNs based on DNNs classifier (DNNsy,
DNNsy). Figure 7.16 illustrates the deployed hierarchical dialect models: DNNs; and DNNs,.
DNNs; classifier is used to classify the first level dialect groups (Pre-Hilali, Bedouin). It can
be seen as a regional dialect identification. Whereas, DNNsy classifier is used to classify
the four Bedouin sub-dialects: Hilali-Saharan (SAH), Sulaymite (SUL), Ma’qilian (MAQ),
Algiers-Blanks (ALB) dialect.

! l
Pre-Hilali DNNSs,
(Urban dialect) (Bedouinl dialects)
l ! l l
Hilali-Saharan Sulaymite Ma’qilian Algiers-Blanks

F1GURE 7.16: Hierarchical Dialect Models.

In order to choose the appropriate prosodic feature set for each classifier, we have used the
feature selection method: ANOVA ranking (Wu 2009). The features with smallest p-values

are selected to be part of the feature set:

1. For DNNs; classifier, six features are selected. These features are: the duration pro-
portion (% V'), the standard deviation of vocalic interval (A V'), and four pitch values
(Range, Mean, TrajIntra, TrajInter). Thus, the input layer has 6 linear units. Whereas,
the output layer has two units (Pre-Hilali, Bedouin).

2. For DNNsy classifier, seven features are selected. These features are: the duration
proportion (%V), the standard deviation of consonantal interval (AC'), and five pitch
values (Range, Top, Bottom, TrajIntra, Trajinter). Thus, the input layer has 7 linear

units. Whereas, the output layer has four units.

15H20, Online: http://www.h20.ai/
16R is a language and environment for statistical computing.


http://www.h2o.ai/
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Now let us describe both topologies within DNNs; and DNNsy. Figure 7.17 illustrates the
generic DNNs topology and its related description. Each DNNs has four hidden layers with
560 units. A dropout factor of 0.5 is used for each hidden layer. These hyper-parameters are

chosen using genetic algorithm.

- Topology
- v : # of input Prosodic features (Pf).
- j : 4 hidden layers.
- h : 560 hidden Rectified Linear Units
in each hidden layer.
- N : number of output dialects.
- Softmax output layer.
- Training
- Stochastic Gradient Descend.
- A dropout factor of 0.5 in each

hidden layer.

Figure 7.17: DNNs Topology and Description.

7.3.2.3 Evaluation Metrics

Concerning the performance measure of HADID system, we use the extended version of the
well known metric Precision, but tailored to the hierarchical classification scenario, namely

hierarchical Precision (hP) proposed by Kiritchenko et al. (2006). It is defined as follows:

> 1Cn T
Zz’Cl|

where C; is the set consisting of the most specific class(es) predicted for test example i

and all its ancestor classes, 7} is the set consisting of the true most specific class(es) of test

example ¢ and all its ancestor classes.

The performance of the whole HADID system is measured using Hierarchical micro-precision,
which is the average of hP on the entire test utterances. The performance of the baseline

Flat classification approach is measured using the standard micro-Precision.

7.3.2.4 Results and Discussion

For all experiments, we use speaker-independent DID and k-folds cross-validation technique

(k =5), in order to ensure that our results are reliable.
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Our results discussion begins with the performance study of our HADID system. Table 7.9

gives the Hierarchical micro-precision of five folds for HADID-DNN.

Level-1 (%) Whole System (%)
Fold 1 98.8 67.1
Fold 2 98.9 97.5
Fold 3 98.7 62.2
Fold 4 98.8 62.3
Fold 5 98.3 56.8
Average 98.7 61.2

TABLE 7.9: HADID-DNN System Precision on Different Cross-validation Folds.

These results confirmed that prosody is suitable to separate region dialects (according to
results in Level-1). In fact, DNNs; classifier separates between Pre-Hilali dialects and Bedouin
ones with hP = 98.7 %. The average precision remains acceptable (61.2 %) for all the five
dialects in spite of their closeness. We can also observe that the precision of the system
is quite stable. In fact, the deviation between the precision for each fold and the average

precision doesn’t exceed 4.4 %.

HADID-DNN vs. HADID-SVM System

Turning now to the comparison of HADID-DNN with HADID-SVM system. This latter de-
signed as HADID system where dialect modeling uses conventional SVM classifier. Table 7.10

gives the comparative results in term of their hP for 5-fold cross-validation.

Concerning the first level, regional dialect identification, HADID-SVM precision is of the same
magnitude as HADID-DNN system. However, it is apparent from that HADID-SVM system is
better than HADID-DNN system with an improvement of 5.9% in term of precision. However,
detailed results by dialects (see Figure 7.18) proves that HADID-SVM is more suitable than
HADID-DNN system. In addition, the precision of all dialects is more than 56%. Indeed, the

deviation between best and worst precisions by dialect is about 32% for both HADID systems.

HADID-DNN vs. Flat System

The designed baseline Flat classification system is built using the same preprocessing and

segmentation phases as for HADID approach. The speech is also characterized using the best
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Level-1 (%) Whole System (%)
HADID-SVM 99.4 67.1
HADID-DNN 98.7 61.2

TABLE 7.10: HADID vs. HADID-SVM Performance in Term of Precision.

prosodic features according to ANOVA ranking method. However, one model is generated
for all targeted dialects. We have built two flat systems by using DNN and SVM modeling

respectively.

Table 7.11 reports comparative results of both Flat classifications and HADID-SVM system

in term of precision.

The average precision is about 40% and 27.1% for Flat-SVM and Flat-DNN system, respec-
tively. It is clear that HADID-SVM outperforms this baseline Flat classification system by
an improvement more than 27.1%. This main finding proves that for ADID, Hierarchical
classification is more suitable than Flat classification. Furthermore, from Figure 7.18, we can
observe that the precision of Maagqilian dialect is the less for Flat-SVM system. In addition,
we can note that the Flat-SVM classifier confused between Ma’qilian, Hilali-Saharan and
Algiers-Blanks utterances. While, Pre-Hilali and Sulaymite dialects can be discriminated to

others ones because they have their own characteristics.

System Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average
Flat-SVM 46.3 36.5 45.6 36.4 35.6 40.0
Flat-DNN 30.9 30.7 34.9 05.3 33.8 27.1
HADID-SVM  67.2 67.3 67.2 66.8 67.2 67.1

TaBLE 7.11: Flat Classification vs. HADID System Precision on Different Cross-
validation Folds.

Results by Dialect: HADID-SVM vs HADID-DNN vs. Flat System

Figure 7.18 reports more details on both HADID systems and Flat-SVM results. In fact, it
reports average hP by dialect.

The best result for HADID-SVM system is observed for Hilali-Saharan and Pre-Hilali di-
alects with 89% and 82% precision respectively. While, for HADID-DNN| Algiers-Blanks and
Sulaymite are the best classified, compared to HADID-SVM, with 70% and 69% precision
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Ficure 7.18: Comparative Results of Flat Classification, HADID-DNN, and HADID-
SVM Systems by Dialect. (SAH= Hilali-Saharan, SUL= Sulaymite, MAQ=
Ma’qgilian, ALB= Algiers-Blanks)

respectively. The worst classification result is observed for Pre-Hilali dialect with 38% preci-
sion. This result can be explained by the fact that the DNN classifier need more data. while,
for HADID-SVM, it gives better results about 82% precision, which means an improvement

of more than 44% compared to HADID-DNN.

A deep examination of results of Flat-SVM classification shows that Ma'gilian utterances
are mis classified in others Bedouin dialects (Hilali-Saharan and Algiers-Blanks). This fact
suggests a refinement of the hierarchical dialect structure which needs more dialectologists

efforts.

7.4 Discussion and Conclusion

In this chapter, first, we have described our proposed Algerian Arabic Dialect IDentification
system (AADID-DNN) that identify Algerian Arabic dialects from a speech characterized at ut-
terance level and leveraging prosody. AADID-DNN was evaluated on Algerian Arabic dialects
corpus totaling 42 h. We demonstrated that prosody can be used for Algerian dialect iden-
tification. Our system showed its superiority to acoustic-based system in performance when
the test utterance sizes are short. When compared with SVM modeling, the AADID-DNN
system achieved roughly the same precision, which proves that both SVM and DNN model-
ing are robust for ADID. In addition, a contrastive acoustic-based system using occurrence

UBM-GMM, which is considered as state-of-the-art, has shown that acoustic characterization



Chapter 7. Flat Arabic Algerian Dialect Identification 126

outperforms prosodic for almost dialects. But both systems can be complementary to each

other.

In another investigation, we have designed a prosody-based Hierarchical Arabic Dialect IDen-
tification (HADID) that identifies Algerian Arabic dialects from a speech. Within HADID
system, a top-down method is involved where a Local Classifier per Parent Node (LCPN)
is built according to the given predefined hierarchical dialect structure. The LCPN dialect
models are constructed using Deep Neural Networks method. HADID-DNN performances are
evaluated on Algerian Arabic dialects corpus with 17458 utterances, each one is about 8.3 s
duration in average. For region dialects identification, HADID reaches a precision of 98.7%
while for dialect identification it gives 61.2%. These results prove its suitability for Arabic
Dialect IDentification (ADID). In addition, we have also implemented HADID by using SVM
classifier, which gives about 67.1 % of precision for dialect identification. Then, we have
compared with Flat-SVM classification system, HADID-SVM gives an improvement of 27.1%

in term of precision.

Certainly our dataset covers only a part of Arabic Algerian dialects and the hierarchical
dialects structure needs more refinement, this framework can be considered as a kernel for
more complete systems. It can deal with all Arabic dialects identification, as long as, we have

an efficient hierarchical dialect structure.



Conclusion and Perspectives

Arabic Natural Language Processing (NLP) has received little attention compared to other
languages. We have addressed especially to Arabic Dialect IDentification (ADID) problem,
when dialects are under resourced and belong to the same country (intra-country), such
Algerian one. First, we have investigated the resources language building. In fact, language
resources (corpora) are necessary for most of the front-end NLP researches. Such corpora
have to be large to achieve NLP communities expectations. In fact, the notion of "More
data is better data" was born with the success of modeling based on machine learning and

statistical methods.

In our first contribution, we have built two spoken Arabic Algerian corpora: ALG-DARIDJAH
and KALAM’DZ. First, ALG-DARIDJAH is a parallel rich corpus that provides a representation
of phonetic, prosodic and orthographic varieties of Algerian dialects. The rich text content
of the speech is designed to highlight the features of the dialect. Indeed, a well chosen words
to express all discriminative phones. Text narrations in dialect variations to reflect features
of dialects. Second, KALAM'DZ is Web-based corpus. In fact, the used methodology makes
building a Web-based corpus that shows the within-language variability. In addition, we have
devised a recipe in order to facilitate building large-scale speech corpus which harnesses Web

resources.

In the second contribution, we have used altruistic crowdsourcing technique to validate the
dialect annotation of KALAM’DZ corpus, which is semi-automatic one created by using web-
source meta-data. The results shows that the annotation of crowds agree with 81% to this
done by expert. From this experience with altruistic crowdsourcing, we have determined a

list of guidelines to follow when using free platforms and crowdsourcing.

In the third contribution, we have addressed the problem of Arabic Dialect IDentification
(ADID) in an intra-country context where dialects are very similar and close. First, we have
explained which speech information are selected and how we have extracted to characterize

Algerian dialects. Then, we have performed two statistical analysis tests: one way ANOVA

127
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and Tukey tests. As results, we observed that the intonation information are more discrimi-
native than rhythm one. Then, on the light of this analysis, two Algerian ADID systems are

proposed by using prosodic information:

1. We designed a flat Algerian Arabic Dialect IDentification system (AADID-DNN) that
identify dialects from a speech characterized at utterance level leveraging prosody.
AADID-DNN was evaluated by using a part from KALAM’DZ corpus (42 h). Then,
we have compared the obtained results of DNN classifier with SVM one AADID-SVM.
We observe that both approaches have reached comparable performances. To compare
the discriminate power between Prosodic information and Acoustic one, we have built
the acoustic approach, as Djellab et al. (2017), which is based on spectral features
and Gaussian Mixture Models-Uniform Background Model (GMM-UBM) for dialect

modelings. Finally, we have combined the both approaches.

2. We have also designed a prosody-based Hierarchical Arabic Dialect IDentification (HADID)
that identifies Algerian Arabic dialects from a speech. Within HADID system, a top-
down method is involved where a Local Classifier per Parent Node (LCPN) is built
according to the given predefined hierarchical dialect structure. The LCPN dialects

models are constructed using SVM classifier.

The main findings of our whole study are:

1. The prosodic features are discriminative information for ADID.

2. Compared to acoustic features, the prosodic ones are less discriminative than acoustic
one but its showed their superiority in performance when the test utterance sizes are

short.
3. The combination of acoustic and prosodic features improves the ADID systems.
4. SVM modeling is still robust compared to DNNs modeling at least for our data size.

5. The HADID system beats flat ones and can be gives better results.

This research has thrown up several improvements such as:

e Our both corpora include only Algerian Arabic dialects, which is used by 70 to 80% of
the population. In addition to Arabic dialects, the Algerian’s population speaks also
the Tamazight (Berber language) with its different varieties, which is mother tongue of
25% to 30% of population (Saadane & Habash 2015). We will extend our corpora by

collecting Algerian Tamazight uttered by berber native speakers.
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e Algerian dialects is included to Maghrebi ones which has been affected by the same both
Arabization and colonization phases and share many linguistic features. We will built
Web-based corpora for each Maghrebi dialect. Then, we will apply our intra-country
ADID approaches to Maghrebi dialects to exploit inter-dialect context.

e Ali et al. (2017) perform the combination of lexical and acoustic approach to evaluate
ADID for inter-country context, which reaches an average about 75.1% of precision.
We will investigate to combine the lexical, prosody, and acoustic approach where the

combination is performed at the scoring level.

e We have performed our HADID approach by using top-down method, which is involved
Local Classifier at each Parent Node (LCPN). There are more than one possible ways
to perform HADID implementation. We plan to investigate other global hierarchical
methods (Silla et al. 2011) .
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Appendix A

Note on Transcription

In our thesis, we adopt for transliteration of sentences the following transcript of Arabic

characters.

TABLE A.1l: Transcription of Arabic Characters (Jabbari 2013, Versteegh, K. 2014).

Name Arabic Transliteration  Arabic Example Meaning IPA
script sign
"alif ! ’ Gl Sana/ I [2]
(hamza)
ba’ o b _~ /bahr/ sea [b]
ta’ ) t < /tamr/ dates [t]
ta’ ) t M /tallaja/ refrigerator  |6]
jim c j Je fjamal/ camel 5]
ha’ d h > /habib/ friend [h]
ha’ e h J& /hal/ uncle [x]
da’ > d > /dars/ lesson [d]
da’ 3 d U3 /dalika/ that [9]
ra/ 3 r & Jruh/ soul [r]
zay 3 z A /zahr/ bloom |z]
sin o s 8,lw /sayara/ car [s]
Sin o 8 Cod [Bay’/ thing ]
sad o : CL“’ /sabah/ morning [57]

Continued on next page
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Name Arabic Transliteration  Arabic Example Meaning IPA
script sign
dad o d s [dayt/ guest ]
ta L t I /talib/ student [t7]
da’ L d b /darf/ envelope [0%]
‘ayn ¢ ‘ (s /fayn/ eye [4]
gayn & g las /gadan/ tomorrow [v]
fa’ =) f L p /faransa/ France If]
qaf %) q w~ _# /qarib/ relative [q]
kaf g k LS /kitab/ book K]
lam J 1 A /laka/ for you 1]
mim ; m op /man/ who [m]
nun ) n b /nas/ people [n]
ha’ > lia /hada/ this [h]
waw 9 w a3y /waqt/ time [w]
ya’ S y oed! Jalyaman/  Yemen [i]

TABLE A.2: Additional Sign Used in Arabic Dialects Used in Transcription (Ver-

Trandcription sign IPA sign
g [g]

Z [3]

g |dz]

g [ds]

steegh, K. 2014).
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Vowel Arabic letter Arabic Example Meaning IPA sign

Short /a/ i o% /mahnu/  we B
/i/ 5 S o /min/ of, from  [i]
Ju/ e UJ; /gurfa/  room [u]

Long /a/ ‘ oL /bab/ door la:]
Ju/ ) O gle /sabun/  soap [u:]
/1/ S J i/ in, at [i:]

TABLE A.3: Arabic Vowels (Jabbari 2013).

Diphthong Arabic Example Meaning
Jaw/ p st /yawm/ day
Jay/ il /dayt/ guest

TABLE A.4: Arabic Diphthongs (Jabbari 2013).






Appendix B

Arabic Dialects

B.1 Maghrebi Dialect

Maghrebi (Western or North African) Arabic is the colloquial language spoken in the Maghreb
region. Speakers of Maghrebi Arabic call their dialect Derja, Derija, or Darija ("5 JuI" ).
It includes the dialects of Morocco, Algeria, Tunisia, Libya, and Mauritania (Hasé:iniya)
(Versteegh, K. 2014).

Historically, the origin of Maghreb populations are from Berber origin. The arabization
process of this region is related to the Muslim expansion from the east. It took place in two
waves: first in the 7** century, and then in the 11*" century, which is a marked separation in

time between both arabization processes compared to other areas of the Arabophone world.

From a linguistic perspective, Maghrebi dialects may be divided into two main groups: the
Pre-Hilali and Bedouin dialects. Pre-Hilali dialect is called sedentary dialect. It is spoken in
areas that are affected by the expansion of Islam in the second half of 7" century. The only
affected regions by the Arabic language are the urban centres and in some cases in newly
established military camps, for that, the greater part of this region remained entirely Berber-
speaking. Bedouin dialect is spoken in areas which are influenced by the Arab immigration
in the 11*" century of Arab tribes. Banu Hilall is the biggest tribe among them. During this
process, the Arabic language reached the countryside and the nomadic areas of North Africa,
but it never replaces the Berber language completely (Pereira 2011). Figure B.1 illustrates
the Berber-speaking areas in North Africa.

The -Maghrebi dialects shared a certain common features (Pereira 2011, Sayahi 2014, Ver-
steegh, K. 2014), such as:
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SPAIN ITALY GREECE TURKEY
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@ Encyclopeedia Britannica, Inc,

F1cURE B.1: Berber-speaking Areas in North Africa.

A very simple vowel system: Only two short vowels /o/ (merge /a/ and /i/) and /u/,
and three long vowels: /a/, /1/, /u/.

Morphological feature in the verbal system: In imperfect verb, the prefix n— for the

15! person singular ( e.g. sl /nol¥ab/ 'I play’) and n— plus suffix —u for the plural
(e.g. sl /nalfbu/ "we play’).

The stress: In words of the form J.-.e /fa‘al/, the original primary stress in MSA was
on the penultimate, which is contrary unstressed short vowel for these dialects, such
as: zbel ('mountain’, MSA: Ji% /jabal/ ), & 3¢ ‘rob ("Arabs’ MSA: o 5 /‘arab/),

Syllable Structure: The type CVCC was changed to CCVC, where C is consonant and

V is vowel , for instance: s /sqof/ (‘roof’, MSA: ;.b_ga.&/saqf/)

Maghrebi Arabic is unintelligible by speakers from other regions in the Middle East because it

is heavily influenced by the French and Berber languages (Zaidan & Callison-Burch 2014). Tt

is affected by other languages that were introduced into the region, such as: Turkish, Spanish,

I[talian, and to a greater degree French (Sayahi 2014). For that, it uses frequently borrow
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words from these languages and conjugate them according to the rules of their dialects. In
addition, the French borrow words are used in Algeria, Morocco and Tunisia, the Spanish
borrow words in Morocco, and the Italian borrow words in Libya and Tunisia. For instance,
the Algerian dialect uses French borrowing words, such as: | ¢i9s /mutur/( 'moteur’ in French,
motor), y sewsby /latisyin/ ('la tension’, blood pressure), BJL: /8arja/(’charge’, to load),
and \JG /gara/ (’garer’; to park) (Harrat et al. 2016).

B.2 Egyptian Dialect

Egyptian Arabic (or Masri) is the colloquial language spoken in Egypt, which is the largest
population country in the Arab world. For that, its dialect is the most widely spoken Arabic
dialect. In addition, it is the most widely understood dialect due to the influence of Egyptian
television and cinema throughout the Arabic-speaking world (Haeri 2003, Thompson Irene
2016).

In the deserts of eastern Egypt, there are Arabic-speaking Bedouins in pre-Islamic times
(Holes 2004). In the other region, the Egyptians speak Coptic before the Arab expansion of

7" century. With the Arab expansions, Arabic progressively displaced Coptic.

Egypt in the
Its dialects have common features with the dialects of the Levant than with the dialects of the
Maghreb (Khan et al. 2012). Some Egyptian Arabic keywords are: &b ;! /’azayak/ ("how are
you ?’), _8¢)s /dlwaqty/ (mow’), and aex'l /ithamed/ (’sleep’) (Al-Walaie & Khan 2017).
Egyptian"Arabic borrowings words from Greek, Italian, French, and English. At present, the
primary source of borrowing is English. Some examples of borrowing are as follows: j,\sﬂ‘
/interfiew/ (interview’), &g~ /grub/ (’group’), i~ /garas/ (‘garage’), and ¢S e
/mizzd kaul/ (‘missed call’) (Thompson Irene 2016, Yacoub 2016).

The Egyptian Arabic can be divided to the following dialect (Versteegh, K. 2014):

e The dialects of the Delta; these are subdivided into two groups: the eastern Delta
dialects in the garqiyya and the western Delta dialects.

e The dialect of Cairo.
e The Middle Egyptian dialects (from Gizeh to Asyut).

e The Upper Egyptian dialects (from Asyut to the south); these are subdivided into
four groups: the dialects between Asyut and Nag Hammadi; the dialects between Nag
Hammadi and Qena; the dialects between Qena and Luxor; and the dialects between

Luxor and Esna.
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The Egyptian Arabic dialects shared certain common features, which distinguish its dialects

from other dialect groups (Versteegh, K. 2014), such as:

e Short Vowel: Three short vowels of Classical Arabic, but /i/ and /u/ are elided in open

and unstressed syllables.

e Long Vowels: there are five (/a/, /1/, /u/, /e/, /o/), which are shortened in unstressed

position.

e The position of the demonstratives: The demonstratives always occur in postposition.
The demonstratives of Cairene are da, di, dol, for instance: |5 Jo!J| /ir-ragil da/ (this
man) and J s> (el /il-fellahin dol/ (these peasants).

e The position of the interrogatives: The position of the interrogatives is remarkable
at the end, while the most Arabic dialects front the interrogatives. For example,

T e cadgd /3ufti min/ ("Whom did you see?”).

B.3 Levantine Dialect

Levantine (or the Levant), al-magriq in Arabic, Arabic dialect is spoken across a vast area
covering Syria, Lebanon, Palestine, Jordan. The term ’Levant’ meaning ’east, orient’, it
refers to the east region of the Mediterranean, or to the eastern part of the Arab world (I(han
et al. 2012). In pre-Islamic times, the Arabic-speaking is presented in the Syrian desert
and in some of the sedentary areas. The arabization of the Levantine area began during
the first campaigns of the expansions in the 7" century (Versteegh, K. 2014). Its dialects
have distinctive features from the west or in the Arabian Peninsula (Khan et al. 2012). The
borrowed words in Levantine Arabic dialect, are either borrowed from Persian and Turkish
(neighboring languages) or influenced by European languages (English and French). Some

examples of borrowing are: 345 & e6, /rimut kuntrul/ (remote control), Ll /baga/ (sir)

is borrowed from Turkish, and UA.L.:L /ba’sis/ (tip) is borrowed from Persian (Jabbari 2013).

The Levantine Arabic dialect can be distinguishes three groups (Versteegh, K. 2014):

e Lebanese and Central Syrian dialects: consisting of Lebanese (e.g., the dialect of Beirut)

and Central Syrian (e.g., the dialect of Damascus and Druzes).

e North Syrian dialects (e.g., the dialect of Aleppo).
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e Palestinian and Jordanian dialects: consisting of the Palestinian town dialects, the

central Palestinian village dialects, and the south Palestinian/Jordanian dialects.

The Levantine Arabic dialects shared a certain common features (Jabbari 2013, Versteegh,

K. 2014), such as:

e Long vowels: Presence of the three long vowels /a/, /1/, and /u/.

e Initial two-consonant clusters are frequently formed in Levantine dialect, such as: oo
/byakyub/ (He writes, MSA: _a< /yaktubu/), (aw /mnin/ (Where ... from? , MSA:

o) o /min’ayn/).
e Loss of gender distinction: In the second- and third-person plural of pronouns and

verbs, for example:

MSA Levantine Meaning
f"\;{/katabtum/ 45 /katabu:/ You (pl. mas.) wrote
S /katabtunna/ 38/ katabu:/ You (pl. fem.) wrote

ls8” /katabu/ 95/ katabu:/ They (pl. mas.)
oS /katabna/ 5/ katabu:/ They (pl. fem.)

B.4 Gulf Dialect

Gulf (or the Arabian peninsula) is the least-known dialect area of the Arab world. Old
Arabic developed in the north of the Peninsula, which is the homeland of the Arab tribes
(Versteegh, K. 2014). It includes the dialects of Saudi Arabia, Yemen, Oman, the United
Arab Emirates, Bahrain, Qatar, and Kuwait (Khan et al. 2012). The borrowed words from
various languages throughout different historical periods, for example: «tliy /bistak/ (cloak)
is borrowed from Fares, s, 9=J| /altijuri/ (storage) is borrowed from India, &\&Ys /dlagat/
(socks) is borrowed from :furkey, and o, 9= | /abajurat/ (Rolling shutters) is borrowed from
France (Abuata & Al-Omari 2015).

Linguistically, the Peninsula can be divided into four groups (Palva 1991):
e North-east Arabian dialects: these are the dialects of the Najd, in particular, those

of the large tribes ’Aniza and Sammar. This group is divided into three subgroups.

First, the ’Anazi dialects include the dialects of Kuwait, Bahrain and the Gulf states.
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Second, the Sammar dialects include some of the Bedouin dialects in Iraq. Finally, the
Syro-Mesopotamian Bedouwin dialects include the Bedouin dialects of North Israel and

Jordan, and the dialect of the Dawagrah.

e South(-west) Arabian dialects: refers to the dialects of Yemen, Hadramaut and Aden,

and the Shi’ite Baharna in Bahrain.

e Hijazl (West Arabian) dialects: to this group belong the Bedouin dialects of the Hijaz
and the Tihama.

e North-west Arabian dialects: It comprises the dialects of southern Jordan, the eastern

coast of the Gulf of ’Aqgaba, and some regions in north-western Saudi Arabia.

B.5 Iraqi Dialect

The Mesopotamian (or Iraqi) dialect encompass the Arabic dialects spoken in Iraq, north-
eastern Syria, south-eastern Turkey, and Iranian Khuzestan (Khan et al. 2012). The Ara-
bicisation of this area, it took place in two stages. First, the Arab expansions of urban
varieties sprang up around the military centres, such as Basra and Kufa. Later, the migra-
tion of Bedouin tribes from the peninsula are affected the same area of the first layer of urban
dialects (Versteegh, K. 2014).

It includes two major dialects: qoltu and gilit dialects, the names are deriving from the
equivalent for the MSA word =J3 /qultu/ (T said’) in the two dialect types. Qoltu dialect
is spoken by non-Muslims and sedentary Muslims in the northern part of the area. While,
gilit dialect is spoken by the Muslims of Bedouin origin and of the southern cities. Table B.1
reports the distribution of these dialects (Khan et al. 2012).

Muslims non-Muslims
non-sedentary sedentary
Lower Iraq gilit gilit goltu
upper Iraq gilit goltu goltu
Anatolia gilit goltu goltu

TABLE B.1: Geographical Distribution of Gilit and Qoltu Dialects in Iraq.

It used a borrowed words from Persian, Turkish, or English. These words are also found
in the Gulf but not always with the same meanings. For example some borrowed word in

Mesopotamian dialect such as: bazzuna 'cat’; xo0§ 'good’; and temman 'rice’ Postgate (2007).
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Acoustic Features

Acoustic Features are one of the most primitive information which can be extracted directly
from the raw speech when analyzed in physical terms, e.g. fundamental frequency, amplitude,
harmonic structure (Crystal 2008, Wong 2004). The acoustic information are typically got by
extracting the spectral features from segments of speech Navratil (2006). The most widely
used acoustic features are Mel Frequency Cepstral Coefficient (MFCC) (Davis & Mermel-
stein 1980), Perceptual Linear Prediction (PLP) and Linear Prediction Cepstral Coefficient
(LPCC).

MFCC is determined from speech using the following steps Rao et al. (2015):

1. pre-emphasize the speech signal, which refers to filtering that emphasizes the higher

frequencies.

2. Divide the speech signal into sequence of frames with a frame size of 20 ms, because
the speech signal is a slowly time-varying or quasi-stationary signal, and a shift of
10 ms. Then, apply the Hamming window over each of the frames to enhance the
harmonics, smooth the edges and to reduce the edge effect while taking the Discrete

Fourier Transform (DFT) from the signal.
3. Compute magnitude spectrum for each windowed frame by applying DFT.

4. Mel-Spectrum is computed by passing the Fourier transformed signal through a set of

band-pass filters known as mel-filter bank.

5. Discrete Cosine Transform (DCT): Since the vocal tract is smooth, the energy levels
in adjacent bands tend to be correlated. The DCT is applied to the transformed mel

frequency coefficients then it produces a set of cepstral coefficients.
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