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Abstract

The problem of entity factorizing versus unfactorizing is one of the main problems that face
peoples who work in the human languages technology (HLT) field. As a case study for this
problem; this thesis studies the problem of automatic Arabic text diacritization. The thesis
compares the diacritization through words factorization using the morphological analyses
versus the diacritization through the words unfactorization using the full-form words. Hence,
the thesis introduces a two-layer stochastic system to diacritize raw Arabic text automatically.
The first layer determines the most likely diacritics by choosing the sequence of unfactorized
full-form Arabic word diacritizations with maximum marginal probability via A" lattice
search algorithm and n-gram probability estimation. When full-form words are out-of-
vocabulary (OQV), the system utilizes a second layer, which factorizes each Arabic word
into its possible morphological constituents (prefix, root, pattern and suffix), then uses n-
gram probability estimation and A" lattice search algorithm to select among the possible
factorizations to get the most likely diacritization sequence. While the second layer has better
coverage of possible Arabic forms, the first layer yields better disambiguation results for the
same size of training corpora, especially for inferring syntactical (case-based) diacritics. The
presented hybrid system possesses the advantages of both layers. After a background on
Arabic morphology and part-of-speech tagging, the thesis details the workings of both layers
and the architecture of the hybrid system. The experimental results show word error rates of
7.5% for the morphological diacritization and 24.6% for the syntactic diacritization by the
second factorizing layers alone, and only 3.6% for the morphological diacritization and
12.7% for the syntactic diacritization by our hybrid system. By comparing our presented
system with the other best performing systems - to our knowledge - of Habash and Rambow
[14] using their training and testing corpus; it is found that the word error rates of 5.5% for

the morphological diacritization and 9.4% for the syntactic diacritization by Habash and

X



Rambow [14], and only 3.1% for the morphological diacritization and 9.4% for the syntactic

diacritization by our system.

From the experimental results we can conclude that; for the small training corpus size the
unfactorizing system is better since it can reach to the saturation state faster than the
factorizing one but it may suffer from the OOV problem, but for the very large training
corpus size; the two systems are almost the same, except that the cost of the unfactorizing
systems is lower. So, the best strategy is using a hybrid of the two systems to enjoy the fast
learning and the low cost of the factorizing system and the wide coverage of the factorizing

one.

XIV



Chapter 1
Introduction



The main theme of this thesis is to study the problem of entity factorizing versus
unfactorizing, and to answer the question of
the unfactorized ones in the HLTrobemefa? 0 So
Automatic Arabic text diacritization is selected as a case study of t he Af actori zi n
unf act or i z iThisg doney contpdriegrine results of a diacritizer system that is

based on factorized entities versus another one that is based on unfactorized entities.

In this introductory chapter; the problem of automatic Arabic text diacritization is defined

along with potential applications, a necessary linguistic and historical background is

presented next, the background art is then introduced, the challenging points especially those

that stimulated innovation are then manifested, afterwards the necessary components for

realizing a solution are identified, and the rest of the thesis is finally outlined.

1.1 Automatic Arabic Text Diacritization Problems and Importance

Arabic is one of a class of languages where the intended pronunciation of a written
word cannot be completely determined by its standard orthographic representation;
rather, a set of special diacritics is needed to indicate the intended pronunciation.

Different diacritics over for the same spelling produce different words with maybe
different meanings (e.g. L TAYiNZc i d nlgYatb3 atoadivt kagu 4 hANKEnge w o

€ etc.). T hhoweeer, adeitypically iomitted i® most genres of written
Arabic, resulting in widespread ambiguities in pronunciation and (in some cases)
meaning. While native speakers are able to disambiguate the intended meaning and
pronunciation from the surrounding context with minimal difficulty, automatic
processing of Arabic is often hampered by the lack of diacritics. Text-to-speech (TTS),
Part-Of- Speech (POS) tagging, Word Sense Disambiguation (WSD), and Machine
Translation can be enumerated among a longer list of applications that vitally benefit

from automatic diacritization [6].

The Arabic alphabet consists of 28 letters; 25 letters represent the consonants such as a
(pronounced as /b/) and 3 letters represent the long vowels such as A @2 @(both
pronounced as /a:/), & g(pronounced as /i:/), and z gpronounced as/u:/). The Arabic

diacritics consist of 8 different shapes and some combinations of them. These diacritics
represent short vowels, doubled case endings (Tanween), and syllabification marks.

Table 1.1 below shows the complete set of Arabic diacritics.



Di acr i Diacritic Example on a Pronunciation
type letter
Fatha b a Ibllal
Short vowel Kasra nja Ibllil
Damma b a Ibllul
Tanween Ana Iolfan/
Fatha
Doubled case Tanween .
ending L& /olfin/
Kasra
(Tanween) T aneor -
W Na Ibllun/
Damma
Sukuun Na No vowel: /b/
Syllabification Consonant
marks Shadda na doubling:
Ibl/b/

Table 1.1: Arabic diacritics set.

The diacritics shown in table 1.1 above are the basic set of Arabic diacritics, but another

set of shapes may appear as a combination of Shadda-Short vowel pairs such as na
(pronounced as /b//b//a/), and Shadda-Tanween pairs such as OFpronounced as /b//b//
un/).

One major challenge with Arabic is its rich derivative and inflective nature, so it is very
difficult to build a complete vocabulary that covers all (or even most of) the Arabic
generable words [4], [6]. In fact, while Arabic has a very rich vocabulary with regard to
full-form words, the resulting data sparseness is much more manageable when parts of
words (morphemes) are considered separatel
morphology [1], [4], [6], [7], [10], [26]. Hence, reliable Arabic morphological analysis
is crucial for Arabic text diacritization. Thanks for RDI (www.rdi-eg.com) labs by
supporting our experiments, by using their Arabic text diacritization system
(ArabMorphd ver.4) that factorizes the input Arabic text into all the possible lexemes
and case diacritics then statistically disambiguates the most likely sequence of these
entities via deep lattice search, hence infers the most likely diacritization and phonetic
transcription of the input text [3], [6]. While the virtue of this methodology is its
excellent coverage of the language; its drawback is that the search space for the correct
diacritics using the factorized word components is much larger than the original search
space of full-form words. This larger search space requires larger size of training data,
which is expensive and time consuming to build and validate. [6], [26]. Furthermore,
this approach requires much processing time due to the large size of the constructed

search lattice.


file:///C:/Users/HBadrashiny/Desktop/www.rdi-eg.com

1.2

So, we have started to try the same statistical language modeling and disambiguation
methodologies over full-form Arabic words instead of factorized ones. While this
approach proved to be faster and can produce more accurate diacritization, using a
manageable size of training data, it apparently suffers from the problem of poor
coverage. It has then been realized that a hybrid of the two approaches may gain the
advantages of each of them.

Linguistic and Historical Background

The pronunciation of a word in some languages like English is always fully determined
by its constituting characters. In these languages, the sequence of consonants and
vowels determines the correct voice of the word. Such languages are called non
diacritized languages [4].

On the other hand, there are languages, like Latin and Arabic, where the sequence of
consonants and vowels does not determine the correct voice of the word. In these
languages, we can find two or more words have the same spelling but each one of them
has a different meaning and different voice. So to remove this ambiguity, special marks
are put above or below the spelling characters to determine the correct pronunciation.
These marks are called diacritics [4].

The automatic diacritization of Arabic text is turned into an R&D candidate problem
due to the simple unfortunate fact that Arabic text is scarcely written with its full
diacritical marks.

This fact is rooted into the long history of the Arabic language whose ancient Bedouin
native speakers in the Arabic peninsula before Islam relied mainly on oral
communication rather than written text. This situation resulted into an early
orthographic system which resulted in a highly ambiguous script for even the
experienced readers [5], [6], [28], [31], [32].

With the emergence of I slam and the
holy book against all kinds of misconstruction. So they developed the Arabic
orthography to extend and disambiguate its basic graphemes set via dotting and at a
later stage adding extensive diacritical marks that clarify accurately its phonetic
transcription [5], [6], [28], [31], [32].

Even for the skilled writers it was too slow to deliver at the realistic rates needed for

official governmental documentation, especially during the grand empires like those of

revel

q



1.3

Abbasids and Ottomans, who developed slimmer versions with simpler fonts, where
spelling only is scripted in order to minimize the number of needed strokes and hence
speed up the writing process [5], [6], [28], [31], [32].

Survey

The actually implemented systems of computational processing of Arabic are mostly
Arabic diacritizer processors. These systems can be divided into two categories:

1. Systems implemented by individuals as part of their academic activities.

2. Systems implemented by commercial organizations for realizing market

applications.

The power point of the systems of the first category was that they presented some good
ideas as well as some formalization. The weak point was that these systems were mostly
partial demo systems. They gave a higher priority to demonstrating the new ideas over
producing complete mature engines capable of dealing automatically with real-life
Arabic text [4].
On the other hand, driven by the market need for applications of Arabic morphological
processing, the systems of the second category enhanced the theoretical arguments
presented by the ones of the first category to produce usable products [4].
From the first category, we review four approaches that are directly relevant to us:

a. It is found that the stat-of-the-art is for two systems that are produced by two
academic groups;  Zitouni et al. [27] and Habash and Rambow [14]. A
complete discussion about these two systems and a comparison between them
and the presented system in this thesis are found in chapter 5 below.

b. Vergyri and Kirchhoff (2004), they choose from the diacritizations proposed by
the Buckwalter Arabic Morphological Analyzer (BAMA) (Buckwalter, 2004).
However, they train a single tagger using unannotated data and expectation
maximization (EM), which necessarily leads to a lower performance. They were
motivated by the goal of improving automatic speech recognition (ASR), and
have an acoustic signal parallel to the undiacritized text. All their experiments
use acoustic models. They show that word error rate (WER) for diacritization
decreases by nearly 50% (from 50%) when BAMA is added to the acoustic
information [14].

c. Ananthakrishnan et al. (2005) also work on diacritization with the goal of

improving ASR. They use a word-based language model (using both diacritized



and undiacritized words in the context) but back-off to a character-based model
for unseen words. They consult BAMA to narrow possible diacritizations for
unseen words, but BAMA does not provide much improvement used in this
manner.

From the second category, the most representative commercial Arabic morphological

processors are Sakhré, Xerox&, and RDIG [4].

a. Sakhrd: it is an Arabic diacritizer was achieved by native Arabic speakers.

Nevertheless, it suffers from some shortcomings.

I.  Although this system is a factorizing system (i.e. it should be there is no
coverage problem), but it was based on the standard Arabic dictionaries (i.e.
the morphologically possible Arabic words that are not registered in these
dictionaries are not considered). The problem of this restriction is that even
the most elongated Arabic dictionaries do not list all the used Arabic
vocabulary at its time. Moreover, the language is a dynamic phenomenon,
i.e. an unused possible word at some time may be indispensable at later
time. Also, an unused word at some Arabic country may be famous at
another Arabic country [4].

ii.  The actual implementation of the statistical disambiguation at Sakhr is made
by considering only the monograms of words (the frequency of single
words) in the text corpus and does not count for the correlation among
neighboring words. Considering correlation makes statistical correlation far
more effective than overlooking it [4].

b. Xerox&: it is an Arabic diacritizer, it was the best system implemented by non-
native Arabic speakers. Also, it suffers from the following shortcomings.

i.  Although this system is a factorizing system (i.e. it should be there is no
coverage problem), but it is based on the standard Arabic dictionaries (i.e.
the morphologically possible Arabic words that are not registered in these
dictionaries are not considered). This is the same corresponding shortcoming
of Sakhrodés syst[m menti oned above

ii.  Xerox system has no mechanism of disambiguation [4].

iii.  This system is made by non-native Arabic speakers. Moreover, they also
selected dictionaries and references on the classical Arabic morphologically
written by non-native Arabic speakers. Some concept as well as many fine

points are misunderstood or simply overlooked. Also, a significant portion



of morphological entities (root, forms, prefixes, or suffixes) are absent or
mistaken. So, the coverage of the final system is not excellent, especially
when the system is tested against a literature-oriented or an old Arabic text
[4].
c. RDI&: it is a large scale Arabic diacritizer achieved by native Arabic speakers.
It has the following advantages over the above competing systems:

i. Itis a factorizing system; each regular derivative root is allowed to combine
with any form as long as this combination is morphologically allowed. This
allows dealing with all the possible Arabic words and removes the need to
be tied to a fixed vocabulary [4], [6].

ii.  This system uses a powerful n-grams statistical disambiguation technique.
This means that the system considers the statistical correlation among the
words and their neighbors [4], [6].

Although this system solved the shortcoming of the above two systems, but it

suffers from the following shortcomings:

i.  This system is a factorizing system; its drawback is its relatively sluggish
attenuation of the disambiguation error margin with increasing the annotated
training corpora which are expensive and time consuming to build and
validate [6], [26].

The existence of all the morphologically allowed combinations for a certain word led to
a large amount of possibilities for that word, which in turn led to a higher processing
time for the disambiguation process; also it increased the difficulty of disambiguation

process.

1.4 Challenges and Points of Innovation
1.4.1 Challenges
Due to the following challenges; the task of building a reliable Arabic diacritizer
is a hard one:
1- Arabic text is typically written without any diacritics [4], [5], [6], [11],
[28], [32].
2- Arabic text is commonly written with many common spelling mistakes

(¥5, (W, (o-p) [4], [6].



3- Due to the highly derivative and inflective nature of Arabic, it is very
difficult to build a complete vocabulary that covers all (or even most of)
the Arabic generable words [4], [6].

4- While the virtue of morphological analyzer to solve the problem of
coverage instead of using dictionary, its drawback is its relatively
sluggish attenuation of the disambiguation error margin with increasing
the annotated training corpora which are expensive and time consuming
to build and validate [6], [26].

About two thirds of Arabic text words have a syntactically dependent case-

ending which invokes the need to a syntax analyzer which is a hard problem

[4], [6].

1.4.2 Innovation Points in Our Work

1- It is a hybrid system of the unfactorizing system (i.e. it is a dictionary
based systems) and the factorizing system (i.e. it depends on
morphological analyzer). This achieves the advantages of the two
systems (speed and accuracy from the unfactorizing system and the
excellent coverage of the language from the factorizing ones).

2- The training cost is lower than the factorizing systems; since it depends
mainly for training on diacritized data, which are available for free most
of the times or at least with a low cost. This is better than the factorizing
systems that depend mainly on a fully manually annotated training data
(Part-Of-Speech tagged and morphologically analyzed data) which is

very costly.

1.5 The Presented System

Aiming to enhance the performance of the Arabic diacritizer of factorized Arabic text;
we developed a hybrid system that combines the morphology based diacritizer with
another diacritizer that is based on full-form words. Figure 4.2 in chapter 4 shows the
architecture of this hybrid Arabic diacritizer.

A large Arabic text corpus with a revised full (morphological & Syntactic) phonetic
annotation is used to build a dictionary of full-form Arabic words vocabulary. In the
offline phase also, this text corpus is indexed and used to build a statistical language
model of full-word n-grams. In the runtime; each word in the input Arabic text is



searched for in this dictionary by the AW
word is found, the word is called ifeanal yz
retrieved from the dictionary. A consequent series of analyzable words in the input text

is called fAanalyzable segment o. Al | t he d
analyzable segment constitute a lattice, as shown by figure 1.1 below, that is
disambiguated via n-grams probability estimation and A lattice search to infer the most

likely sequence of diacritizations [2], [16], [21].

The diacritized full-form words of the disambiguated analyzable segments are

concatenated to the input words in the un-analyzable segments (if ever) to form a less

ambiguous sequence of Arabic text words. The latter sequence is then handled by the
AFactorizing Disambiguatoro that is il ust

«Analyzable segment—  «—Unanalyzable segment—  «-Analyzable segment—

L% oo b )
= >

X< < X X
Y Y

«—Segment analyses— «—Segment analyses—

Figurel.l:AUanal yzabl e Segmentsd in input t

1.6 Thesis Outline

After this introductory chapter; the factorizing system that is used as a back-off system

in this thesis (ArabMorphd’ ver.4) is discussed in some details in chapter 2.

The mathematical foundations of statistical language modeling as well as optimal trellis
search as a basis for statistical disambiguation are established in chapter 3.

Chapter 4 introduces the hybrid system giving a clear illustration to the un-factorizing
system and all its components, and how it is connected to the factorizing system in
chapter 2 to create the hybrid system.

In chapter 5 a detailed discussion for the experiments and the results for the hybrid

system with some comparisons with the factorizing system are mentioned, also a



comparison with recent related work is held. The last chapter presents overall
conclusions, contemplations, and suggestions for future work building on what has been

done throughout this thesis.

10



Chapter 2

Background On The Arabic
Factorization Model Usec
In Our System
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The diacritization of an Arabic word consists of two components; morphology-dependent and
syntax-dependent ones. While the morphological diacritization distinguishes different words

with the same spelling from one another; e.g. | "whN3c h  me a n s | Avyffithimeansc e 0 a n

A f | theysyntactic case of the word within a given sentence; i.e. its role in the parsing tree

of that sentence, determine the syntax-dependent diacritic of the word. For example;

g @\Ahplﬁﬁiﬁ@es the syntactic diacritic of the target word -whi ch 1 s an HfAob]

the parsingtree -i s A Fat lyaoY MdvA [ FhiilabiA syntactic diacritic of

the targetwordiwhi ch i s a fAsubj-acwst d Dammale parsing t

In this chapter, the factorizing part of our presented system - RDI (ArabMorphd’ ver.4) - is
introduced and the problems of diacritizing the morphology-dependent parts of the word and
syntax-dependent ones according to its point of view are then discussed. At the end of this

chapter, we discuss how ArabMorphd ver.4 is used in the presented hybrid system.

2.1 Arabic Morphological Analysis

RDI 6s Arabic mor phol ogi cal mo d e | assume
representing any given Arabic word w to be a quadruple of lexemes (or morphemes) so

that w Y g= (t: p, r, f, s)where p is prefix code, r is root code, f is pattern (or form)

code, and s is suffix code. The type code t can signify words belonging to one of the

following 4 classes: Regular Derivativew,q), Irregular Derivative (wiq), Fixed (w), or
Arabized(ws,) [4], [6].

Prefixes and suffixes; P and S the 4 classes applied on patterns giving Fq, Fig, Fr, and

Fa plus only 3 classes applied on roots!; Ry, R, and R, constitute together the 9

categories of lexemes in this model. As shown in figure 2.1 below.

! The roots are common among both the regular and irregular derivative Arabic words.

12



Morphemes

= Body

Derivative Non-derivative
Ry Frq Fig Fixed Arabized
R F+ Ra Fa

Figure 2.1: Classifying the 9 types of morphemes in the Arabic
lexicon of ArabMorphd’ ver.4.
(With courtesy to Attia 2000 [4]).

The total number of lexemes of all these categories in this model is around 7,800. With

such a limited set of lexemes, the dynamic coverage exceeds 99.8% measured on large

Arabic text corpora excluding transliterated words [4]. The sizes of each kind of

morphemes in figure 2.1 are as follows:

1

N
1

5- R
6- Fr
7- Ra:
8- Fa:
9- S

P: About 260 Arabic prefixes.

R4 About 4,600 Arabic derivative roots.
3- Fu:
4- Fig:

About 1,000 Arabic regular derivative patterns.
About 300 Arabic irregularly derived words.
About 250 Roots of Arabic fixed words.
About 300 Arabic fixed words.

About 240 Roots of Arabized words.

About 290 Arabized words.

About 550 Arabic suffixes.

While table 2.1 below shows this model applied on few representative sample Arabic

words, the reader is kindly referred to [4] for the detailed documentation of this Arabic

morphological factorization model and its underlying lexicon along with the dynamics

of the involved analysis/synthesis algorithms.

13



5 Pattern & )
Sample Prefix & Root & Suffix &
word e e prefix code| root code pg(t)tg;n suffix code
A L Fixed 2 L B N A t 2
2 87 48 0
¢ (') b Regular 7] k O$J LJO ¢ %
Derivative
86 4077 176 8
"ALf Regular 20 @0 oA gA
g 9 Derivative
9 3354 684 27
Gn l Regular 20 y ON Gh
Derivative
9 2754 842 28
NN  Fied g Nd  NdN g
0 63 118 0
3 E N Regular 1%} t @) E 4]
Derivative 0 4339 93 0
@ } | Irregular 1%} x Ot Go
g Derivative
0 39 13 26

Table 2.1: Exemplar Arabic morphological analyses.
(With courtesy to Attia 2005 [6]).

2.2 Arabic POS Tagging

RDI 6 s POB-taghimg codel relies on a compact set of Arabic POS tags containing
only 62 tags that cover all the possible atomic context-free syntactic features of Arabic
words. While many of these Arabic POS tags may have corresponding ones in other
languages, few do not have such counterparts and may be specific to the Arabic
language [3], [6].

This POS tags-set has been extracted after a thorough scanning and redundancy
elimination of the morpho-syntactic features of the 7,800 lexemes in this
morphologically factorized Arabic lexicon. Completeness, atomicity, and insurability of
these scanned morpho-syntactic features were the criteria adhered to during that
process. Table 2.2 displayed below shows RDI Arabic POS tags set along with the
meaning of each tag verbalized in both English and Arabic [3], [6].

14



. S . Meaning in
t Mnemon Meaning in English h f s A
e emonic eaning | 9IS Arabic 5 . Present Present tense '[ njg A
- . 85X
22 e T NL 2%
£5% SOW Start-Of-Word marker Gt NY Ulsgs A =
S3E g5 Future Future tense 0AGO
\ ol , o~ . . A N/
E gg Padding Padding string Z NI £ Active Active sound (O 3 )A LR III
0z7 D4
) . [ Passive Passive sound .
NullPrefix Null prefix L E njae 4 @ - N
i i | ©zHA
f=3 - . . . Y 17 S -
s 32 Conj Conjunctive Zi Ut ) Imperative Imperative ANn U
) z = , =} T - < ]
% g Confirm Confirmation by Laam /EE 0z g Verb Verb ONH N
= ; g 7 - —
< Interrog Interrogation by Hamza Yy AT A Q S Transitive Transitive verb y nja
[}
= ~ =
., s MAJZ 4th Arabic syntactic case A f
S| Nunsuffix Null suffix EENgG#l = y 3 _
£E Past Past tense LD An,
w
o o G =
Ss ¥ PresImperat Present tense, or ANn LU
%; ObjPossPro Object or possession sU L P imperative )
c N ~
&L pronoun RA L D], SubjPro Subject form pronoun LBi1 zt
o >
o€ 8 —— =
52 ObjPro Object form pronoun LYENOL
N B -
s g MARF 1 Arabic syntactic case t 2z A=~ 2nd or 4th Arabic A q
é 2 ’ MANS_MAJZ syntactic case y g At 3
T o Y
5 3 Prepos Preposition RA L DZ
o8
= T -3 v = Z
sS2 MANSS 2" Arabic syntactic case azoO A Interj Interjection a0 a ZAn|
Preposition-Pronoun 4 A
PrepPronComp Compound g S Af S
< . RelPro Relative pronoun 0Z 0 Z 1y
2 % A~
Y= = NS i
5% Definit Definitive article Z A Rd¥an " DemoPro Demonstrative pronoun go AT |
1] — T -
2 g E InterrogAtrticle Interrogation article y AT A(Q
& 2 For specific articles that
D make the consequent i3
o
Noun Nominal L Y a N § JAAZIMA verb in the 4th Arabic G N, nja
7] syntactic case
- Nouns made of 5 N 2 Feature of a class of e N A
Nounlnf il gt AN =
" ouninfinit infinitives i, COndJAAZIMA Arabic conditionals G nnja A
£ L & Sog i 4 ENC ° CondNot Feature of a class of X A
NounlnfinitLike ANounllkéin @&AENQ =
& S JAAZIMA Arabic conditionals nnja AL
> _ - T~ %
S SubjNoun Subject noun LON 3 A § LAA Arabic specific article f
< - - — = =R & »
3 ExaggAdj Exaggeration adjective G8 L] = LAATA Arabic specific article LG+
c
] . . M1 A o < A S
2 ObjNoun Object noun LbzZ HAl = Except Article of exception 0AK3S
= c
2 a7 =] A class of articles that AV N A
g Ns LjU < | NosyntaEffect ; GY Nn A
L TimeLocNoun Noun of time or location . A L %” 22‘;? r:g ?g’rn;z::;negic; —
o] 2 u in ki
_ - ,J“ AJ £ DZARF of Arabic adverbs 8 NA Lll
NOSARF An Arabic feature of a N8 NAnO e A class of particles thal
specific class of nouns ° : make the subject of the N x
€ ParticleNAASI <
- = o consequent nominal N Ne A o8
PossessPro Possessive pronoun RA £ DZ =] KH sentence in 2nd Arabic
o0 — — 3 syntactic case
RelAdj Relative adjectives ALt EL L A class of auxiliary verbs
maker that make the predicate of N RE A
. .. A VerbNAASIKH the consequent verbal e
§ Femin Feminine Q E q.') u sentence in 2nd Arabic q
= _ N = 4 syntactic case
E Masc Masculine Ado @ Arabic specific class of
= ~ ParticleNAASS particles that make the ENGD A
%‘ Single Singular atAi 1B consequent verb in 2nd ANO A
[S) — Avrabic syntactic case
§ Binary Binary ?NA3 MASS?AARIYY Arabic specific article GAg A
e G
s Plural Plural 3 Nt L
%] = = = —
¢ ; ; ; Bk =
% Adjunct Adjunct 8 A LAR §§ dGn E
(5} . . > H H
e NonAdjunct NonAdjunct 8 ALR ge ; Transliterated Arabic !
o i 58 Translit string n8 s Al
q Q< ”
MANSS_MAGR syntactic case g8 A y g 5 GnE &
< e E
MAGR 3" Arabic syntactic case gs A f

Table 2.2: Arabic POS tags set. (With courtesy to Attia 2005 [6]).
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Due to the atomicity of these Arabic POS-tags as well as the compound nature of Arabic
lexemes in general, the POS labels of Arabic lexemes are represented by POS tags-
vectors. Each lexeme in this Arabic factorized lexicon is hence labeled by a POS tags-
vector as exemplified by table 2.3 below.

While the Arabic POS-tagging of stems is retrieved from the POS label of the pattern
l exeme only, P@Sttaggindho theraffixastistolstained frdmethe POS
labels of the prefix and suffix. So, the Arabic POS-tagging of a quadruple
corresponding to a morphologically factorized input Arabic word is given by the
concatenation of its POS labels of the prefix, the pattern, and suffix respectively after
eliminating any redundancy [3], [6].

While table 2.4 shows the Arabic POS-tagging of few sample words, the reader is
kindly referred to [3] and chapter 3 of [6] for the detailed documentation of this Arabic
POS-tagging model along with its underlying POS tags-set.

Lexeme | Type & Code Arabic POStags vector label
z 3 p [Definitixe] .
20 o ZAAFQb64& 04
p [Futu re, Pvresent_, A(itive] R
eEY zYHLYO §Gn Ot o
AN F, [Noun,TSubjeEtive Noun] ) R )
ON3 182 [©3Az]),&a 0Le4§
. % F [Noun, Noup Ipfinitive] R )
OAL 67 6 £0f 0] &a
N E [Noun, NoASARF,“PIu[aI]_A
ONas 2 BP USAOHE 2dn t 3
l'_ * F [Noun, Masculine, Single, Subjective PAron,ouQ] _ |
< g B3z6 Kit PAAAR (
N3 F [Noun, Masculinel\SingIe,! R2 dgyf)ij T alwC
3 39 It zzAn U8ARn UA4A
v R S [Feminine, PIurAaI]_ .’.
gAgQ 27 BP UOpun
N bl S wt NBas y i SubjactivesREondurQObjective Pronoun]
L 427 [EOp KtT U3zp Kt 7T
N A S [Relative Adjective, Femjpine, Binary, NorlAcijunct, a! wCh |
) 195 tzzAn U8ARR Kd U

Table 2.3: POS labels of sample Arabic lexemes.
(With courtesy to Attia 2005 [6]).
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Sample word

Arabic POStags vector

At

[Conjunction, Noun, Relative Pronoun, Null Suffix]

[GOgr ¢ Uozlozn L @&

¢ 0oL

[Present, Active, Verb ,Objective Pronoun]

[£O0p Kt T + BOHADt BYARY

gALa

[Definitive, Noun, Plural, Feminine]

[Onepiin 03P 0Le&a (

GnE]l

[Definitive, Noun, Relative Adjective, Feminine, Single]

[AAAn OOnmpind UAE@

NdN

[Null Prefix, Preposition, Null Suffix]
[GOgr ¢ DP8AG U0GO

3 ENf

[Null Prefix, Noun, No SARF, Plural, Null Suffix]
[GOgr ¢ U33P U8BAOGA

g Ot/

[Null Prefix, Noun, Objective Noun, Feminine, Single]
[ALtAAn UQnpirndq UozH

Table 2.4: POS tags-vectors of sample Arabic words.

2.3 Morphological and Syntactical Diacritization According to ArabMorph&

ver.4 View point

The morphological diacritization of a given word is directly extractable from the prefix,
pattern, and suffix lexemes of its morphological analysis of that word. The issue here is
to disambiguate the multiple analyses proposed by the Arabic morphological analyzer.
In the absence of deeper linguistic processing, statistical disambiguation is deployed to
infer the sequence of analyses from the Arabic morphological disambiguation trellis
shown in figure 2.2 below with maximum likelihood probability according to a

statistical language model built from a morphologically annotated training corpus [3],

[6].

— Q)

—

5 on 5 5 Bon £ 5

(With courtesy to Attia 2005 [6]).

— QM) — T e —

Figure 2.2: The Arabic lexical disambiguation trellis.
(With courtesy to Attia 2005 [6]).
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For syntactic diacritization the POS-tags vectors of a sequence of Arabic words along
with the possible syntactic diacritics of each are obtained after its morphological
disambiguation. Statistical disambiguation is deployed again to infer the sequence of
syntactic diacritics & POS tags from the Arabic POS tags and possible syntactic
diacritics disambiguation trellis shown in figure 2.3 below with maximum likelihood

probability according to a statistical language model built from a training corpus

annotated with POS tags & syntactic diacritics [3].

APOSwy) AP AFOSwy) 4.
—

Figure 2.3: The Arabic POS Tagsi Syntactic Diacritics search trellis.
(With courtesy to Attia 2005 [6]).
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2.4 Morphological and Syntactical Diacritization According to our View point

using ArabMorphd’ ver.4

Actually, the idea of making the problems of morphological diacritization and
syntactical diacritization two different problems as shown in figure 2.2 and figure 2.3
above is a smart idea. Since dealing with them as a one problem as shown in figure 2.4
below produces a huge search dimensionality, i.e. this idea decreases the size of the
search space. So, the search complexity becomes better, which results in faster search

time and higher output accuracy.

P4 n fi £ 4 I I.f’: r; £ 5 ll’;l
Morphological entities;  Possible
Components of syntactic
quadruple diaggitic
T i '\\ V‘Q\\ \‘
e O-O-0-GCQ\ | 0-0-0-e—aQ\
Wonj,/ % \'\._\ 3 l\.:\,x\‘-:f_\_;\ N S : .."-“".\\\‘-\-" \‘

§ : /
senteote A\,
Q LA A A '] te

\

174
O—0-0-0-0—8 | c-c-oo-d&

Figure 2.4: Disambiguation lattice for morphological disambiguation, syntactic diacritization.
(With courtesy to Attia, Rashwan, Khallaaf 2002 [2]).

So, we used the same morphological diacritization method of ArabMorphd ver.4 that
depends on the morphological analyses. But for the syntactical diacritization problem,

we wanted to use a syntax analyzer, but due to the weakness of the syntax analyzers of

Arabic; we had to use the statistical methods.

The statistical method that is used by ArabMorpho© ver.4 depends on the POS tags of

the words. Actually, the POS tags are necessary for syntax analyses process, and they

are sufficient for the context-free grammar languages (CFG) [19] like any programming

| anguage (ex. C, C++, V. Basic ¢é&), but
analyses process for the context-sensitive languages [19] like human languages (ex.

Ar a b i, sincean)human languages like Arabic the word sense is very important for

the syntax analyses process.
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According to the above concepts; the POS-tagging is necessary for syntactical
diacritization process, but not sufficient, since it does not carry any information about
the senses which are important for the syntactic diacritization process. So, using the
morphological analyses of the word in the syntactical diacritization process is important

since it contain the sense information inside it.

To illustrate that, consider the two highlighted words in the following two phrases ®8 U

_____

the same suffix, and the same form, so they have the same POS tags according to

ArabMorphd ver.4 methodology [3], [6]. However, they have different morphological

analyses (i.e. different semantics). So, while the word " /Eé"jin &he first phrase is a
Asubjpedt dts syntactic diact GtYiGhedemnd i Da mma

phrase i s an fAobjcecdicacamd But dccording o d dita O .
statistical method that is used by ArabMorphd ver.4 [3], [6] - that depends on the POS
tags of the word to determine the syntactic diacritic of the word 1 the two words will
have the same statistical probabilities; that will produce the same syntactic diacritic for
the two words, which is wrong.

Since for any morphological analyses there are unique POS tags as discussed in section
2.2 above. So, this means that the information of the POS tags is already impeded inside
the morphological analyses of the word, while the information of the POS tags does not
carry the information of the morphological analyses of the word, or by other ways it
does not carry the word sense. So, depending on the morphological analyses in the
syntactical diacritization process instead of POS-tagging is enough.

According to the above discussion, it has got clear that the word sense plays a big role
in the syntactical diacritization process, also Arabic is a natural language does not obey
a fixed phrase structure (ex. there is no rule to force the subject to appear before the
object, but at any time any one of them can appear before the other. And only the
semantic is the key to understand the phrase). So, depending only on the POS tags in the
syntactical diacritization problem is not the best choice. But the best strategy is to marry
the semantic information with the syntactical information while working in the
syntactical diacritization problem. Since we do not have a powerful semantic analyzer,
we decided to use the morphological analyses of the word that is already confirmed

from the morphological diacritization process instead of the POS tags alone.
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So, Statistical disambiguation is deployed again to infer the sequence of syntactic
diacritics and morphological analyses from the morphological analyses and possible
syntactic diacritics disambiguation trellis shown in figure 2.5 below with maximum
likelihood probability according to a statistical language model built from a training

corpus annotated with morphological analyses and syntactic diacritics.
Qw) — g4 — Q) — g — QW)

QO
s X E T/O\NE 25 %
OO OO0 00000
O

Figure 2.5: The Arabic morphological analysesi Syntactic Diacritics search trellis

Q

While the deployed statistical disambiguation and language modeling [2], [6] are
reviewed on chapter 3 of this thesis, the aforementioned scheme of this diacritization is

illustrated by figure 2.6 below. The performance of this architecture is analyzed on

Clnput Plain Arabic Text)

l

chapter 5 of this thesis.

Arabic
M-grams Morphological
Likelihood Diacritizer ‘6
Estimator
Morphemes
. Language
Arabic Model

Lexicon

A* Searcher Arabic Morphemes ~_
&
Morphological Diacritic O

Morphems-
Syntactic
Diacritics
Language

Model

Arabic Syntactic ]

Diacritizer

Output Fully Diacritized
Arabic Text

Figure 2.6: The architecture of Arabic diacritizer statistically disambiguating factorized
Arabic text.
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Chapter 3

Statistical Disambiguatior
Methods

22



In both architectures presented in chapter 2 above and chapter 4 below, the challenging
ambiguity of multiple possible solutions at each word of the input text lead to the composition
of a trellis abstracted in figure 3.1 below. To resolve this ambiguity and infer the most
statistically sound sequence of solutions ., we rely on the well established approach of
maximum a posteriori (MAP) probability estimation [2], [6], [15], [21], [23].

W W, W
& 0 AW ) a ,w
qQ,0 &,w ) a,w

4 4 4
a0 ;0 ) a , w

a oy A

Figure 3.1: The ambiguity of multiple solutions of each word in the input text W leadingnd to a
solution trellis of possible analyses (@ 1« @2« ...x &1).
(With courtesy to Attia 2005 [6]).

3.1 Maximum a Posteriori Probability Estimation
The maximum a posteriori probability (MAP) estimation [2], [6], [15], [21], [23]
famously formulated by:

1 arg max{P(1 | O)} = arg maxt P(OILI()CSP(I)'H =argmax{P(Q| ) P(1)} . - EGE3.1)
| o 0 y

Where (O) is the output observations and (1) is the input observations.

In other pattern recognition problems like optical character recognition (OCR) and
automatic speech recognition (ASR), the term P(Q|l) referred to as the likelihood
probability, is modeled via probability distributions; e.g. Hidden Markov Model
(HMM) in ASR.

Our aforementioned language factorization models and/or dictionary retrieval enable us
to do better by viewing the formal available structures, in terms of probabilities, as a
binary decision; i.e. a decision of whether the observation obeys the formal rules or not.
This simplifies MAP formula above into:

I_7U= arg rgax{P(l_)} . . E043.2)

Where A is the space of factorization model or dictionary, and P (1) is the independent
probability of the input which is called the statistical language model (SLM). The term
P (1) then expresses the n-grams probability estimated according to the distributions

computed from the training corpus.
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Using the chain rule for decomposing marginal into conditional probabilities, the term P

() may be approximated by:

& .
P(@@QP(M@-‘.‘L . . E433)

Where N is the maximum affordable n-gram length in the SLM.

These conditional probabilities are simply calculated via the famous Bayesianformula.
However, the severe Zipfian sparseness [23] of n-grams of whatever natural language
entities necessitates more elaboration. So, the GoodTuring discount and backoff
techniques are also deployed to obtain reliable estimations of rarely or never occurring
events respectively [2], [6], [15], [16], [23]. These techniques are used for both building
the discrete distributions of linguistic entities from labeled corpora, and also for

estimating the probabilities of any given n-gram of these entities in the runtime.

3.2 Probability Estimation Via Smoothing Techniques
Any entity in the language vocabulary must have usage in some context; but it seems
impossible to cover all entities in a certain training set. The process of biasing the
uncovered set on the expense of discounting the other covered set is called smoothing.
If there is no smoothing technique is used with the disambiguation system it would

refuse the correct solution if any of its input entities was unattested in the training

corpus.
One of the effective techniques widely adopted today, namely Back-Of f o , i's bri
below?.

1 This brief is quoted without modification from [4] . I n this t he slirisg Dischuet, BicBay e s 6,

Of fo techni que (Wihcolriesytb Attéa2000d4)p | ai ned.
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The off-line phase; building the statistical knowledge base:

1. Build the m-grams W," and their counts c(w,") forall1 ¢ m¢ M.
Where M is the maximum size of the m-grams.

2. Getthe counts nymforalll¢r ¢k +1;1¢me M.

k; is a constant with the typical value k;=5.
nr m=number of m-grams that occurred exactly r times.
3. Compute

+1) O,
dm:w;mmctm. . . E®(3.4)

1,m

4. Sort all the mgrams in ascending order using the quick-sort algorithm for
later fast access using binary search.

5. Compute the a parameters as:

1- 4 P(Wm‘wlm'l)
a(wmty = oD v mel .. Eg(3.5)]
1- 4 P(Wm‘wg“'l)
Wpic(W")>0
6. Discard W"and the corresponding &(W™*) for whichc(w") ¢k, .
ko is a constant with the typical values k,=1.

The run-time phase; estimating them-gram conditional probabilities:
if c(w") >ky,
Apply Bayesodo rul e:

¢ it m>1, Plw )= %)
aw; )
1
W,
if m=1, P(Wm|wlm'1): % ;
N=Total number of the occurrences of monograms
} . . E&(3.6)

it (n=1ANDc(W") ¢ k,JOR (m>1ANDK, <c(w") ¢ k,),
Apply Good- Turing discount:
X (c(wlm) +1)c"m

m ( )+1,m
{ cw"= ol

c(w"),m

-d

m) m

d - c(w
c(wy") 1- dm

it m>1, Plw, jw™)= dm G
if m=1

{if (C(Wll)z kz), P{w, ™) = Ao O

nl,l
if (C(Wll) < kz), P(w, [w™)= —A"l

¥
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} .. E®(3.7)
it (c(w™) ¢ k,)JAND (m>1),
Apply the back-off recursive procedure
{oirdw) >k
it m>2, Pl o) = 2o )Pl jur
it m=2, Plw,Jw")= a(w )P(w,)
i}f c(w™) ¢k,
{ifm>2, P( W, W™ ) (w |W;“'1)
if m=2, P( m|W”‘1) P(WZ)

}
} .. E@(3.8)

3.3 Disambiguation Technique
Using a variant of A -based algorithm; e.g. beam search, is the best known way for
obtaining the most likely sequence of analyses among the exponentially increasing
space S =aji1xaxx..xa_of possi ble sequences (paths
topology in light of the MAP formula by obtaining:

70

Q=argmax{Play;! } =

é A (- Dy 9 _
arg ;naX:,O P(&,ji | )5- . . E¢&3.9)
i=1
gl ,
arg maXi, a. Iog P( i | a(' rl1)) JJ(Iu rj))
S [ix y

To obtain the sequence realizing this maximization, the A" algorithm follows a best-first
path strategy while selecting the path (through the trellis) for expanding next. This best-
first strategy is interpreted in the sense of the statistical score of the path till its terminal

expansion node a; given by:
ka )=atgPla, a2k ) eq
g ’ak,l a 9 - N+, jioneny /- - qu(SlO)

To realize maximum search efficiency; i.e. minimum no. of path expansions, a heuristic
function (typically called h') is added to the g function while selecting the next path to

expand during the A" search so that:

f (k’ak,ik ’ L): g(k’ak,jk )*h* (k’ A, '—) . . E43.11)
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To guarantee the admissibility of A" search; i.e. the guarantee for the search to terminate
with the path with maximum score, the h™ function must not go below a minimum upper
bound of the probability estimation of the remainder of the nodes sequence in the path
being expanded. For our problem this function is being estimated according to:

-
TAlog(P,, )= (L-KGog(Py ) LZNkZN-1
iiTF+1 N1
% 5 Iog( I:)maxN) + a IOg( PmaX|)

kg, L)=1"™" S L2 Nk<N-1

=(L- N+2)Qog(P,, )+ & log(R,,);

i=k+1

i

i

T L

} a log(P); L<N

.. E(3.12)

Where P, , = rpv%kx P(w, |W™); 1¢ k ¢ N which can be obtained from the n-gram
statistical Ianguaée model that is already built.. . Eq(3.13)

For proofs and full details on the statistical disambiguation methods reviewed here, the
reader is kindly referred to [2], [6], [16], [21], [23].

TheA\'al gorithmo is illustrated bel ow

1. Initialize by creating a stack SSholding nodes of type Q (path |, score s) and
push the root node (a fake node) with score s=log 1 = 0 and empty path.

2. Pop up the surface node Q.
3. If length of path in Qis L, exit with the most likely path |.

4. Expand Q to nodes of next column with scores calculated from equations (4.10),
(4.11), (4.12), and (4.13), and push them into SS

5. Reorder SSin a descending order according to the sfield.

6. Go to step 2.
One of the advantages of this search process is that not only the 1% most likely path can

be obtained, but also the 2", the 3, etc., and in general the m™ most likely path can be
obtained using the following modification.

1 This illustration is quoted without modification from [6] since it is one of the best representations for the A’
search algorithm. (With courtesy to Attia 2005 [6]).
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7.
8.

Initialize by creating a stack SSholding nodes of type Q (path I, score s) and
push the root node (a fake node) with score s=log 1 = 0 and empty path. Set a

counter c to zero.

If SSis empty, exit with the ¢ most likely path |..
Pop up the surface node Q.

If length of path in Qs L, increment c.

If ¢ is equal to m, exit with the m" most likely path I

Expand Q to nodes of next column with scores calculated from equations (4.10),
(4.11), (4.12), and (4.13), and push them into SS

Reorder SSin a descending order according to s field.

Go to step 2.

The number of nodes in the stack could increase quickly that it may become impractical

to hold them all in. Fortunately, we know that only a few best-scoring nodes at any

column will most probably contribute to the most likely path, hence deleting some least-

scoring nodes from the stack is very unlikely to miss the most likely solution. This

practical modification leads to the Beam search listed below.

1.

7.

Initialize by creating a stack SSholding nodes of type Q (path I, score s) and
push the root node (a fake node) with score s=log(1) = 0 and empty path.

Pop up the surface node Q.

If length of path in Q is L, exit with the most likely path |.

Expand Q to nodes of next column with scores calculated from equations (4.10),
(4.11), (4.12), and (4.13), and push them into SS

Reorder SSin a descending order according to sfield.

Truncate bottom nodes from SSaccording to some criteria R (e.g. predefined
number of best scoring paths, predefined ratio of the score of the top scoring
path on the stack, €) k e ept lbegmsiteh
within the processing power and storage capacity of the target hardware.

Go to step 2.

S Z €

Finally we present bel ow" most tkelynpats Beamp r act i

Searcho

fBe&®marcho one.
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Initialize by creating a stack SSholding nodes of type Q (path I, score s) and
push the root node (a fake node) with score s=log 1 = 0 and empty path. Set a

counter c to zero.

If SSis empty, exit with the ¢ most likely path |..
Pop up the surface node Q.

If length of path in Qs L, increment c.

If ¢ is equal to m, exit with the m" most likely path I

Expand Q to nodes of next column with scores calculated from equations (4.10),
(4.11), (4.12), and (4.13), and push them into SS

Reorder SSin a descending order according to s field.

Truncate bottom nodes from SSaccording to some criteria R so that the number

of remaining nodes equals the maximum allowable stack size (beam size).

Go to step 2.
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Chapter 4

Disambiguating a Hybrid of
Unfactorized and Factorized
Wor dsodé S
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The performance of the architecture shown in figure 2.6 above that is presented later in
chapter 5 of this thesis shows a sluggish attenuation of the disambiguation error margin,
especially for the syntactic diacritization, versus the increase of expensive annotated training
corpus.

A disambiguation of full-form words instead of factorized ones has been tried in figure 4.1
below. The experimental results of this system in chapter 5 show a faster decrease of the error
margin, but it suffers from a deficient coverage over the huge Arabic vocabulary.

Note: all components of figure 4.1 are described below while talking about figure 4.2 below.

M-grams
likelihood

estimator
Unanalayzable
segments
(oov)

A* Searcher

Analyzable Words Diacritized
segments disambiguator segments

wWord Words
Lo m-grams
analyzer and Dictionary lanquage
segmentor guag
model
—
Words m-grams
language model
builder
Dictionary
builder Converted text

v

Text to
index
converter

|‘|T Offline phase |

Figure 4.1: The hybrid Arabic text diacritization architecture disambiguating
factorized and full-form words.

To capture both a high coverage and a rapid attenuation of the error margin, the hybrid
architecture of both approaches illustrated by figure 4.2 below has been tried and illustrated in
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this chapter. The hybrid system consists of two phases, the offline phase and the runtime

phase; each of them is discussed below.

Unanalyzable

segments /

"

M-grams

estimator
Analyzable Words Diacritized
segments disambiguator segments

Word Words Factorizing
- m-grams . -
analyzer and Dictionary language disambiguator
segmentor m?)degli system

—

Diacritized
Words m-grams text

language model
builder

=

Dictionary
builder Converted text

Text to
index
converter

9 Offline phase

v

Figure 4.2: The hybrid Arabic text diacritization architecture disambiguating factorized
and full-form words.

4.1 The Offline Phase
In the disambiguation in the full-form words, a huge dictionary of words is required;
this means a huge search time may occur, which is a big problem; since this dictionary
will be used and called many times during the offline phase to build the language model
and also during the runtime phase to analyze the input word to its possible analyses.
So, it is clear now that the dictionary should be built in such smart enough way that
decreases the search time as much as possible to speed up the whole process of

diacritization.
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4.1.1 Dictionary Building Process
The presented way for building the dictionary requires the alphabets to have
serialized IDs to increase the search speed, so all keyboard characters are
collected and divided into groups, and then using the ASCII code of each
character; a tabulated function that maps the ASCII code to its ID is implemented.
Table 4.1 below represents the characters distributed over the groups with their
ASCII! codes, the mapping key and the new IDs for the characters.

As shown in table 4.1 below; we have 35 ASCII code ranges. This means that to

map a certain character to its ID, we search for its ASCII code range using the

famous binary search algorithm [21]; which means that the maximum number of

iterations is Log; (35) = 5 iterations as maximum. Then we add the mapping key

to the charactero6s BASKKatl kbaset (el SICd L h
6 1 + S B0

Given the mapping table mentioned above; the design of the dictionary structure is

easy where each word is represented as follows:

Number of word Sum of tt]e The word without The word with
1st letter ID wor dos L R
letters IDs diacritization diacritization
eg.t he WweEQWElI | be represented as foll ow:
3 8 48 QDb L ALOQL

Using the representation mentioned above for the words; the dictionary is

implemented as shown in figure 4.3 below.

1 The codes that are mentioned here is signed characters. i.e. their range is varying from -127 to 127
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Cat. Characters ASCII Range | Mapping key | New IDs
B -19 +19 0
S .2)y -29 A -26 +30 1A 4
Arabi 0 -31 +36 5
rabic -
letters Vo, a8 -35A -33 +41 6A 8
comeat h, t Of -40 A -37 +49 9A 12
thestartof [ '5 " { 5 a,8624pdz3 0 § -54A -42 +67 13A 25
the words —
a, a -57A -56 +83 26A 27
U -59 +87 28
U U -62A -61 +91 29A 30
Arabic ? -20 +51 31
letters g -55 +87 32
does not 0 58 +91 33
come at
the start of u -60 +94 34
the words 0 -63 +98 35
C -6 +42 36
N ¢ -8 +45 37
Diacritics =
, & -11A -10 +49 38A 39
C,, A, -16 A -13 +56 40A 43
i -9 +53 44
2 -36 +81 45
_ A -41 +87 46
Arabic v 65 112 47
signs z
U -70 +118 48
0 -95 +144 49
ijJ -111A -110 +161 50A 51
Numbers 0,1,2,3,45,6,7,8,9 48A 57 +4 52A 61
Tab, New line 9A 10 +53 62A 63
Delimiters Enter 13 +51 64
Space 32 +33 65
Arab|c !!"1 #l $y %l &l 'l (1 )1 *1 +1 1 1 / 33A 47 +33 GGA 80
and 052,20 58A 64 +23 81A 87
English LV 91A 96 -3 88A 93
signs LI h~ 123A 126 -29 94A 97
Capital
English AAZ 65A 90 +33 98A 123
letters
Small
English aAz 97A 122 +27 124A 149
letters

Table 4.1: Characters mapping table.
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. word
. Binary P
(| op ] Search 41D
no. of letters 2 Binary wor
B 1 3 . |Search ; Word Analysis
L : : Array
33 Word Diction
2 34 Sum
sy word
1% letter group
array
word group
3 array
n-2
( 1p
n'l 2
3
n ﬁ 33 Binary '
34 Search
L Binary word
- . St30: X — Search Tj """
Dictionary 1% letter Sum Word Diction word 1D
Array word group word Word Analysis
array group Array
array

Figure 4.3: Dictionary structure.

According to the structure shown in figure 4.3 above the dictionary carries the
word and its anal@@sanfet ge bANIHERND as
LYEHQIMNIQeNGc 6) . So to find the thBbinary a cel

searchisusedtwice; t he first one is i nofindtte AUNdI
|l ocation of the analyses of the Undiacrtr

anal yses arrayo to find the I D of the di
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u = D[n].F[i].S1].W. FD (uw) ... 841Eq (

ID = D[n].F[i].91].WMu]. FA (dw) ... €42FEq (
Where:
T D: is the ADictionaryo array.
T F: is the AFirst Letter Word Groupo :
T S: is the ASum Word Groupo array.
T W: i s tbecfiwWomd array.
1 FD : is a function that apply the binary search technique on the A Wo r d

Di ct i o toéindan undianitized word.
1 FA :is a function that apply the binary search technique on the i Wo r d

A n a |l yarsagts find a diacritized word.

u : is the location of the undiacritized word inthed Wor d Di c.t i ono a|
n : is the number of letters in the undiacritized word.

i :is the first letter ID.

I : is the summation of all letters IDs in the undiacritized word.

uw : is the undiacritized word string.

dw : is the diacritized word string.

= =4 4 A4 -4 -2 -

T h e operatar means that the right side of the fi . i®an element of a
structure (ex. A.B: this means that A is a structure and B is an element of
A).

exto find thet/MmbObjid® the word #

u = D[3].F[8].9[48].W. FD (VE(Q@)0

ID = D[3].F[8].5[48] W[u]. FA (ft. /B}. O Ljb
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Figure 4.4 below showsh ow t h & Askdxlgd fiound in the
no. of letters | 1% letter ID Sum of Undiecritized| Diecritized
letters ID word word
3 48 AD YHD)
] ‘ .
Binary Binary
Search Search L
1 0 ’—’F{ || D |
2 :
3 a8 Word Analysis
! : Array
— 8
zi Sum Word Diction
L[ 30 word
1% letter group
n-2 word group array
n-1 array
n
Dictionary
Array

Figure 4.4: Dictionary searching criterion.

In the corpus of (3,250K words) that is used in this thesis and discussed in details
in chapter 5; it is found that the total unique words are about 260,909 words, the
maximum number of the undiacritized words that have the same number of letters,
same first letter and the same sum of letters is 173 words, and it is found also that
the maximum number of analyses per word is 25 analyses. So considering the
worst case we find that the maximum number of iterations to find a word will be
about Log, (173) + Log, (25)
applying the binary search on all words that will have a number of iterations of
Log, (260,909)
increase is about (27%); but for the practical cases it is found that the average

13 iterations. This method is used instead of

18 iterations. This means that the worst-case performance

number of the undiacritized words that have the same number of letters, same first
letter and the same sum of letters is 10 words, and the average number of analyses
per word is 8 analyses. This means that the average number of iterations to find a
word will be about 7 iterations; i.e. the average performance increase is about
61%.
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4.1.2 Language Model Building Process
Since it is easier to deal with numbers than strings in software programming, so
all training corpus words are converted to their | Ds u s i n gto-indédxe A Te X
converter o mod ufigue 4.2, thaa uses the uiltglibtionarynaboven
in the conversion process.
After corpus conversion, the cogamerted
| anguage model b u ifigurd £2rt®built &ta-gramilasguage h o wn i
model for the given corpus according to the criterion that was discussed in chapter

3 above..

4.2 The Runtime Phase

Inthisphase,t he i nput text is passed to the AWor
is shown in figure 4.2 to search for each word of the input text in the dictionary. If the
word is found, the word is called fAanalyz:
word analyses) are retrieved from the dictionary. A consequent series of analyzable
words in the inputtextis cal |l ed Aanalyzable segment o a

Auamanal yzable segmento. The next example il

Assume that the input text is:

- A AN

aazeéjas YLAOtLt Yo QgAT Al oas 6 A

A AAKAG A

Thenbypassing this text to the fAWord analyze

be as follows: ( not e: AAO0O means Anal yzabAhabzab®e g ment

Segment).

U A U A U A
adAladaz Yt NgAT {6 At gA EAz0Y cbraAcOs Ad| o AN A£DJ
nja 41 Y Nt oL LgtnE/ dbsNdLaALD An =l
tot NgttEZ Ljosbdt aAno: L E

njo N Ng t Lt E/ njo s Nd nja A

All the diacritization occurrences of the words in an analyzable segment constitute a
lattice, as shown by figure 4.5 below, that is disambiguated via n-grams probability
estimation and A’ lattice search to infer the most likely sequence of diacritizations in the
oWord di sambil[gls]i[2lk 6 modul e
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«Analyzable segment—  «—Unanalyzable segment—  «—Analyzable segment—

{97 o o )
& o

X X X X
Y

Y

«—Segment analyses— «—Segment analyses—

Figure 4.5: Phrase segmentation

The diacritized full-form words of the disambiguated analyzable segments are
concatenated to the input words in the un-analyzable segments to form a less ambiguous
sequence of Arabic text words. The latter sequence isthenhandledby t he f@AFact or
Di sambi guatoro module that is illustrated
By applying that on the above example; it is found that the new text that will be sent to

the fAFactorizing Disafollowsguat or 6 modul e bec
nja & £z QNA LjiAT aiiegs A LN 6 AL jORE B AMGIEVRE A s
"AAAKAGE
After the AFactori zing Di beecomebadsipllowst or 6 m
na &z NeLjiT04dts UYNEALOL:TYNO NgALT A
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Chapter 5
Experimental Results
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At the beginning of this chapter, a comparison with recent related work is held. Then the
specifications of the training and testing corpus that are used for our experiments are
discussed, after that some useful statistics that are found during the training phase are
mentioned, a detailed discussion for the experiments and the results for the hybrid system
with some comparisons with the factorizing system are then mentioned, at the end of this

chapter complete error analyses for the results are discussed.

5.1 A Comparison with the Recent Related Work
Among the other recent attempts on the tough problem of Arabic text diacritization, two
groups have made remarkable attempts.

1 Zitouni et al. [27] follow a statistical model based on the framework of
maximum entropy. Their model combines different sources of information
ranging from lexical, segment-based, and POS features. They use statistical
Arabic morphological analysis to segment each Arabic word into a prefix, a
stem, and a suffix. Each of these morphemes is called a segment. POS features
are then generated by a parsing model that also uses maximum entropy. All
these features are then integrated in the maximum entropy framework to infer
the full diacritization of the input words' sequence [27].

2 Habash and Rambow [14] use Morphological Analysis and Disambiguation of
Arabic (MADA) system [13]. They use the case, mood, and nunation as
features, and use the Support Vector Machine Tool (SVM Tool) [12] as a
machine learning tool. They then build an open-vocabulary SLM with Kneser-
Ney smoothing using the SRILM toolkit [27]. Habash and Rambow made
experiments using the full-form words and a lexemes (prefix, stem, and suffix)
citation form.

The best results are the ones; they obtain with the lexemes form with trigram SLM [14].
The Arabic diacritizer of Zitouni et al. and that of Habash and Rambow are both trained

and tested usingthe LDCO6s Ar abi c Tr e ecWwsastories, taxtipartd,i acr i t

v10.Thi s text corpus which includes 600 doc
news paper text is split into a training dat
[14], [27].

To our knowledge, their systems are the best performing currently, and we have set up

our experiments to allow a fare comparison between our results to theirs.
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So, in order to allow a fair comparison with the work of Zitouni et al. [27] and that of
Habash and Rambow [14], we used the same training and testing corpus; and also we
adopt their metric.
1. Counting all words, including numbers and punctuation. Each letter (or digit)
in a word is a potential host for a set of diacritics [14].
2. Counting all diacritics on a single letter as a single binary choice. So, for
exampl e, i f we caor datt! yepr @ ciectvoavei F:
as a wrong choice [14].
3. We approximate non-variant diacritization by removing all diacritics from the
final letter (Ignore Last), while counting that letter in the evaluation [14].
4. We give diacritic error rate (DER) which tells us for how many letters we
incorrectly restored its and word error rate (WER), which tells us how many
words had at least one DER [14].
We use the following terms during the rest of this chapter:
1. "AQuadrupl e citati on ftlatrismkstrated i cbapted e scr i b
two above that makes the morphological analyses in the form of (Prefix, Root,
Form, and Suffix).
2. ilLexemes citation formo to describe tF
analysis in the form of (Prefix, Stem, and Suffix).
3. ATagging model 0: is an Arabic diacrit

citation formo  themliacritization process. This system is illustrated in chapter

two above.
4. itTaggi ng model 0: is an Arabic diacrit
citationf or mo in the diacritization proces

stems dictionary, it backs-o f f t el atghge nfigQ model 0o

5. AHybTTaglgi ng model 0: is an Arabic diac
citation form in the diacritization process and if there exists (OOV) in the
words' dictionary, it backs-o f f t o-Ta dhegei nigQ model O. Thi
illustrated in section four above.

6. AWLHTagging model 0: i s an Arabic diacri
form in the diacritization process and if there exists (OOV) in the words'

dictionary, itbacks-o f f t oF atglge nfigL. mode |l 0O
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The results in table 5.1 below show that our presented hybrid system has the best results.

All Diacritics Ignore last
Model
WER DER | WER | DER
Habash and Rambow [14] 149% | 4.8% | 55% | 2.2%
Zitouni et al. [27] 18.0% | 55% | 7.9% | 2.5%

Q-Tagging model with trigram SLM:
An Arabic diacritizer systemthat uses t he @AQ
formo in thpeocesi acritizatio
L-Tagging model with trigram SLM:

An Arabic diacritizer system t h a't uses the 22 10 6.9% | 6.9% | 2.5%
formo in the diacritization ) ’ ) '

stems dictionary, itbacks-o f f t el atghge nfigQ mo d ¢
WL-Tagging model with trigram SLM:
An Arabic diacritizer that uses the Full word citation form in the 0 0 0 0
diacritization process and if there exists (OOV) in the words 17.1% | 58% | 3.8% | 2.1%
dictionary, itbacks-o f f t ol atglge nfgL model 0
Hybrid -Tagging model with trigram SLM:
Arabic diacritizer that uses the Full word citation form in the 0 0 0 0
diacritization process and if there exists (OOV) in thewvords' 125% | 3.8% | 3.1% | 1.2%
dictionary, itbacks-o f f t oT & dhegei Mid model
Table 5.1: Propose Hybrid diacritizer morphological & syntactical (case ending)
diacritization error rates versus other state-of-the-art systems; our best results are shown in
boldface.

31.8% | 10.3% | 7.2% | 2.7%

u
n

By studying a sample of (2,243 words) from the corpus that is used in the above comparison,
we found that:
1. Around 4.99% of the words do not have a syntactic diacritic, but most of them are
Arabic and transliterated proper names.
2. Around 2.98% of the words do not have a syntactic diacritic, but most of them are
Arabic and foreign names.
The reader should take into consideration the drawbacks of the above corpus when reading
the results.
Following, a comprehensive study for the comparison between the factorized and the

unfactorized systems.

5.2 Experimental Setup
The annotated DB used to train our aforementioned Arabic diacritizers consists of the
following packages:
. A standard Arabic text corpus with
numerous domains over diverse domains as shown by table 5.2 below. This
package is called TRN_DB _|I.
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Domain Size % of total size
General news 150,000 20.0%
Political news 120,000 16.0%
Qur 6an 80,000 10.7%
Dictionary entries explanation 57,000 7.6%
Scientific press 50,000 6.7%
Islamic topics 50,000 6.7%
Sports press 50,000 6.7%
Interviews 49,000 6.5%
Political debate 35,000 4.7%
Arabic literature 31,000 4.1%
Miscellaneous 30,000 4.0%
IT Business & management 20,000 2.7%
Legislative 20,000 2.7%
Text taken from Broadcast News 8,500 1.1%
Phrases of common words 5,500 0.7%
Total: 750K words 100%

Table 5.2: Distribution of TRN_DB_I over diverse domains.

It should be noted that the text of each domain is collected from several
sources. This text corpus is morphologically analyzed and phonetically
transcripted. All these kinds of annotations are manually revised and validated
[26].

II. An extra standard Ar ab b0OK wordsxthoseaeor pus
only phonetically transcripted in full without any extra annotation. This corpus
is mainly extracted from classical Islamic literature. This package is called
TRN_DB_II*. This kind of annotation is done manually but with just one
revision. So, it might contain some errors that could be a source of some
errors.

I1l.  The test data is rather challenging. It consists of 11K words that are manually
annotated for morphology and phonetics. This test text covers diverse domains
as shown by table 5.3 below. This test package is called TST_DBZ. The text of

TST _DB is collected from several domains other than those used to obtain the
text of TRN_DB_l and TRN_DB _II.

1 http://www.RDI-eg.com/RDI/TrainingData is where to download TRN_DB 1.

2 http://www.RDI-eqg.com/RDI/TestData is where to download TST_DB.
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Domain % of total size
Religious-Heritage 17.4%
Religious-Contemporary 17.1%
Legislative-Contemporary 13.0%
Social-Contemporary 9.1%
Sports- Contemporary 8.8%
Social-Heritage 8.5%
Arts-Contemporary 9.0%
Scientific- Contemporary 6.7%
Political- Contemporary 5.5%
Historical-Heritage 2.7%
Literature-Heritage 2.2%

Total: 100%

Table 5.3: Distribution of TST_DB over diverse domains.

The error counting conventions in the following experiments are as follows:

1. The wordissaidtohasa A Mor phol ogi cal erroro if
wrong.
2. Thewordissaidtohasa A Syntactical erroro -if the

ending) of the word is wrong.

3. |If the word has a AMorphol ogi cal error
counted in the ndlyraq it will oogbe coanted inether or s 0
ASynt acto.ca3 o eatr osanmof theteirora & thd shnenation of
the morphological errors and the syntactical errors.

5.3 The effect of the corpus size on the system behavior
During the implementation of the dictionary and the language model of the un-
factorizing part of the hybrid system; some useful statistics are found, and they are
stated here.!

I.  The increase of the training data the increase of the unique words in the
dictionary as shown in table 5.4 below. Actually, the data used is balanced
from (64K words) to (750K words), so we notice a real growing rate in the
dictionary size; but after that the data is biased to the Islamic domain, so we
notice that the growing rate decreased especially from (3,250K words) to
(14,000K words).

1 The maximum used training size was the 3,250K but just to see the effect of increasing the training size on the

dictionary, so the 4,000K and 14,000K training corpora were tried. But they did not be used for the training
because they are mainly Islamic domain; which will make the training data very biased.
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Corpus siz€K words) | Dictionary size(words)
64 21,105
128 34,785
256 60,491
512 97,449
750 136,602

1,000 157,854
2,000 216,835
3,250 260,909
4,000 297,026
14,000 506,690

Table 5.4: The effect of the training corpus size on
the dictionary size.

To study the effect of the corpus size increase on the possible analyses for
words ((e. g . t h&E@awarndd itshef abnfiQES @M QNb e i
v AENOQ Bt is found that by increasing the corpus size the possible analyses

per words increase too; But again the saturation is occurred by the excess
increase in a single domain (this is clear from 3,250K to 14,000K words) in
table 5.5 below.

. Maximum number of

Corpus siz¢K words) analyses per word
64 9
128 11
256 13
512 15
750 16
1,000 19
2,000 23
3,250 25
4,000 25
14,000 30

Table 5.5: The effect of the training corpus size on the
number of analyses per word.

Although the increasing of the corpus size increases the number of analyses
per word, but the Out Of Vocabulary (OOV) did not become small as shown
in figure 5.1 below. This means that the many increases in a single domain
may cover most of the words in that domain, but still there are more
uncovered analyses for the words in other different domains. So may be a
medium corpus size (about 5,000K words), but it has a balanced distribution
on all domains will decrease the ratio of the OOV and will increase the

coverage ratio.
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Figure 5.1: Corpus size versus the out of vocabulary OOV.

5.4 Experiments Design and Results Analysis
The experiments that are discussed below have been conducted to evaluate the

performance of Arabic text diacritization via both the two architectures presented in this

thesis; the one disambiguating factorized text features-c a |l | e d
AHybr i d

-and the hybridoneical | ed

5.4.1 Experiment no. 1:

Di

acrit

AnFactori

i zer o.

This experiment compares the diacritization accuracy of the two architectures with

both relying

on

SLMb6s

bui

|t

from

diacritization accuracy of both with the gradual increase of training corpus size is

also sensed. All these measures are registered in table 5.6 below.

- . Morphological errors Syntactical errors
Training corpus size P . — .
(words) Factorizing Hybrid Factorizing Hybrid
iacritizer iacritizer iacritizer iacritizer
diacriti diacriti diacriti diacriti
128K 11.5% 9.2% 25.9% 20.8%
256K 11.8% 7.9% 24.8% 18.2%
512K 9.9% 6.5% 22.7% 16.3%
SizeONTRILOBD | 7,506 7.0% 21.6% 15.8%

Table 5.6: Morphological & syntactic diacritization accuracies of the factorizing

diacritizer versus the hybrid one.

These results show that the hybrid diacritizer outperforms the factorizing one with

the mentioned training and test data. While the difference between the syntactical

diacritization errors' rate is clearly wide, the difference between the morphological

errors' rate is much closer and is vanishing with the increase of training data.

So, one may also speculate that the accuracy of the factorizing diacritizer may

catch that of the hybrid one with a much more increase in the size of the training
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5.4.2

data that is needed to capture the more complicated behavior of the Arabic

syntactic phenomenon than the Arabic morphological one.

Unfortunately, at the moment there is no more annotated data of the type of
TRN_DB _| that is needed to build language models for the factorizing diacritizer

to compare at a higher training corpus size.

Experiment no. 2:

As the training data of type TRN_DB_II is less expensive to afford than that of
type TRN_DB_1, we could afford a training corpus of the former type of size
2,500K words. So, the un-factorizing part of the hybrid diacritizer can rely on
SLM6és from ubpOKwards.750K + 2

The factorizing diacritizer can of course not benefit from training data beyond that
of the annotated 750K words of TRN_DB _|I.

This experiment hence aims to study the effect of increasing the training data size
in the un-factorizing SLM on the error rate of the hybrid Arabic diacritizer. Table

5.7 below shows the obtained measured error rates.

Hybrid diacritizer
Training corpus size (words) Morphological | Syntactical
errors errors
SizeOf(TRN_DB_I) = 750K 7.0% 15.8%
SizeOf(TRN_DB_I) + ¥ SizeOf(TRN_DB_II) = 2000K 4.9% 13.1%
SizeOf(TRN_DB_1I) + SizeOf(TRN_DB_|Il) = 3250K 3.6% 12.7%

Table 5.7: Morphological and syntactic diacritization error rate of the hybrid diacritizer at
large training data.
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This experiment reveals that the syntactical diacritization accuracy seems to
asymptote its saturation at training corpora exceeding 2000K words (This may be
due to the biasing in the training data).

Experiment no. 3:
From the above experiment, we wanted to test the effect of the training data on the
different domains, so the experiment is done over the Islamic domain which is the
dominant in the training corpus and the news domain for its importance. From
table 5.8 below, we can deduce that:

i.  Across domains, there is some improvement for the Islamic domain over

the others (because most of the training data is Islamic data).
ii.  This experiment reveals that the syntactical diacritization accuracy

seems to asymptote its saturation at training corpora exceeding 2000K
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words even on the Islamic domain. It seems that it is hard to get further
significant enhancement via statistical means alone by increasing the
training corpus. Achieving error rates below that 12.7% or so seems to

need some genuine merger with more linguistically informed tools.

Training corous Hybrid diacritizer
1ning corp Test data domain Morphological Syntactical
size (words)
Errors Errors
. Islamic part in TST_DB 5.4% 14.1%
S'Zeoi(Tss'\ékDB—') News part in TST_DB 4.3% 16.3%
Total TST_DB 7% 15.8%
SizeOf(TRN_DB_1) [ Islamic partin TST_DB 5.2% 10.9%
+% News part in TST_DB 4.2% 15.5%
SizeOf(TRN_DB_1I
' :(2,005}( -1 Total TST_DB 4.9% 13.1%
SizeOf(TRN_DB_1) [ Islamic partin TST_DB 3.7% 10.8%
+ News part in TST_DB 3.7% 15.4%
SizeOf(TRN_DB 1l
:(3,250_K -1 Total TST_DB 3.6% 12.7%

Table 5.8: studying the effect of the training data size changing on different domains

5.4.4 Experiment no. 4:
The architecture of the hybrid diacritizer has been explained in chapter 4 above
where input words not found in the full-form words' dictionary (also called OOV
words) are handled by the factorizing diacritizer within the statistical context of
neighboring diacritized words retrieved from that dictionary. The diacritization
word error rate of the hybrid diacritizer (WER,) has hence two components; the
un-factorizing one (WERn+ac) and the factorizing one (WERyo);
WER, = WERa. + WER nfac . . é.5H)g (

As it is insightful to know the share of both WERntac and WERs¢ in WER,, all
these rates are measured for the hybrid diacritizer running on SLM built from the
largest available training data sets; i.e. TRN_DB |+ TRN_DB_II.

These measurements are given by table 5.9 below:
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Morphological Errors (%) Syntactical Errors (%)
Training corpus size Test data Rgt(l)o\;)f WER, = V\YVEERF%:
(WOI'dS) domain (%) WERaC WERmfac WERac+ WERac WERJnfac + a
WE Rm»fac WE Rln—fac
Islamic part
SizeOf(TRN_DB_I) | in TST DB 13.3 1.9 1.8 3.7 53 55 10.8
+ News part
SizeOf(TRN_DB_II) | in TST_DB 17.9 26 11 37 104 S 154
=3,250K Total
TST DB 13.7 2.1 15 3.6 7.8 4.9 12.7

Table 5.9: Shares of the factorizing & un-factorizing diacritization error rates in the hybrid
diacritization error rate.

From table 5.9 above, we can deduce that:

I.  Thereis a clear correlation between better results and lower OOV.

ii. If we imagined that we can get enough diacritized data with negligible
OOV (which might not be easy, but we like to predict the asymptotic
performance of the system), the results will approach 1.5% (or a little
less) morphological diacritization errors and 4.9% syntactical
diacritization errors. (The performance of the unfactorized for the seen
vocabulary only).

iii.  The OOV could be considered a good reference for the unfactorized
system performance; i.e. if we build a system that diacritize the complete
words directly without any need to back-off to the factorizing system,
the errors of this system are partially from the OOV (the higher

percentage) and from the internal errors for the seen vocabulary.

5.4.5 Experiment no. 5:

This experiment is to study the system performance, so the memory (for the
language models) and the processing time needed for each system are recorded to
evaluate the cost of the gain in results shown above.

As shown in table 5.10 below, there is some increase in the memory for the hybrid
system compared to the factorizing one. The more data used by the hybrid system
the more memory size is needed. The size of the memory increases linearly with
the increase of the data size. This increase of the required memory is not that

serious with nowadays computer resources.
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Training corpus size Language model size (byte)
(words) Fa}CtOr'.ng Un-!:act_quzmg Hybrid diacritizer
diacritizer diacritizer
64K 15.7M 2.3M 18M
128K 33.3 M 4M 37.3M
256K 60.3 M 8M 68.3M
512K 113M 157 M 128.7M
SizeOf(TRN_DB_I)
— 750K 167M 242 M 191.2M
SizeOf(TRN_DB_I)
+ %
SizeOF(TRN_DB._II) 167M 46.3 M 213.3M
= 2,000K
SizeOf(TRN_DB_I)
+
SizeOf(TRN_DB_II) 167M 60M 221M
= 3,250K

Table 5.10: studying the effect of the increase of the training data on the memory size.

Regarding the time needed by the two systems; the hybrid system outperforms the
factorizing system considerably. This is noticed in all the experiments; however,
we recorded one of these experiments as shown in table 5.11 below. Our
explanation for that is as follows: The hybrid system uses the unfactorized words
which form a more compact set for the A" search than the factorizing system
which make the search process faster, but if the right word is not in the search set,

this may results in a wrong solution.

Testing time(min.)
[for the TST_DB (11079 words)]

Training corpus size (words) Zﬁ;ﬁ:ﬁz‘g? Hybrid diacritizer
Size Of(TRN_DB_1) = 750K 21.5 9.7
Table 5.11: studying the time consumption by the factorizing and the hybrid

systems
From the above experiments, it is found that; in the two systems, the morphological errors are
near to each other; which mean that the factorizing and the un-factorizing systems almost
acting the same in the morphological diacritization; but the syntactical errors in the two
systems are slightly high; however, it is higher in the factorizing system than the un-

factorizing one.

5.5 Errors Analysis
Although the presented hybrid system produces low error margins as discussed above
(3.6% for the morphological errors and 12.7% for the syntactical errors) which is a

good result; since it competes with the stat-of-the-art systems, but the error margins
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need to be decreased especially for the syntactical errors. So the produced errors from
the presented hybrid system using the test set (TST_DB) are deeply studied below.

It is found that the errors can be divided into two categories, but before talking about
these categories, we should revisit the concept of Out-Of-Vocabulary again.

According to chapter 4 the dictionary can be simulated as a set of containers, each

containeris labeledby an wundi acr iZ@0z ean dvoirmsi(cde gt hifis

possible analyses of this word that appeared during the training phase are put (e.g.
WMEQA i t At QUABNON@eONG ¢ . ). So accor difthey t o t

dictionary, the word is said to be OOV if there is no container labeled with the
undiacritized string of that word; so, for the above example if the container that is

named@didoes not ex/EDO,i st hdeenc |tahree dwoarsd afin OO

Now back to the above two categories of errors:

1. The first category is from the factorizing system, since if the word is declared
as an OOV word, the hybrid system will back-off to the factorizing system.
This category is responsible for 2.1% of the total morphological errors (will be
named Morpho_WER) and 7.8% of the total syntactical errors (will be
named Synta_ WER,) as discussed in experiment no. 4 above. These errors are
due to the statistical disambiguation.

2. The second category is from the un-factorizing system. This category is
responsible for 1.5% of the total morphological errors (will be named
Morpho_WER. o) and 4.9% of the total syntactical errors (will be named
Synta_ WER.a0) as discussed in experiment no. 4 above. In this category, we
have three types of errors:

i.  Morphological and syntactical errors due to the statistical
disambiguation. About 1% of the total morphological errors (will be
named Stat_Morpho WER+.) and 1.4% of the total syntactical errors
(will be named Stat Synta WERia). These errors are due to the
statistical disambiguation.

ii.  Morphological errors due to the wrong declaration of the word to be in

vocabulary word although it should be declared as an OOV one. For

example assumet hat the iAQGandomadsiumefithat
diacritizati oNVBIpONOh &I 9r wbFk dmi s fihap
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contai nefEQ@Bansedexii st ed, butrit ddeshnet di ct i
cont ai n N/blie§ebidoincdesiit Aot DAFNDIHD ¢t c .
so the module of word analyzing and segmentation will not declare the

word MEQ@G as an ,ubitwvillwetum tthe found analyses in the

dictionary which does not contain the right solution, hence the word will
be mistakenly diacritized giving a morphological error. The percentage
of this type of errors is about 0.5% of the total morphological errors (will
be named OOV_Morpho_WER ta0).

lii.  Syntactical errors due to the wrong declaration of the word to be in

vocabulary word although it should be declared as an OOV one. For

exampl e assume thﬁE@(;)ahd Bepumewbhdt
diacritizati oNVBIpINGhBi pr wbt dmi ssfhap
contai neff@hiasmedxiist ed i n shohcentaidi ct i or
t he vNotingehdiit includes (At Aot , G) AR, D ABBO Nbsodhe

module of word analyzing and segmentation will not declare the word

AME@OG as an OOV word but it will ret

dictionary which does not contain the right solution, hence the word will
be mistakenly diacritized giving a syntactical error. The percentage of
this type is about 3.5% of the total syntactical errors (will be named
OOV_Synta_ WERfao).

Tables 5.12 and 5.13 below can summarize the above discussion.

Total morphological errors
Morpho WERt4¢
Morpho_WER. Stat_Morpho WER,. |OOV_Morpho WERufac
1% 0.5%
2.1% 1.5%
3.6%
Table 5.12: Morphological errors analyses.
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Total syntactical errors

Synta WER tac

Synta. WER. Stat_Synta. WER.. OO0OV_Synta WERyac
1.4% 3.5%
7.8% 4.9%
12.7%

Table 5.13: Syntactical errors analyses.
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Chapter 6

Conclusion and Future
Work
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6.1 Conclusion
It has got clear after extensive research and experimentation on the tough problem of
entity factorizing versus unfactorizing that:

1. The unfactorizing systems are faster to learn but suffer from poor coverage
(OQV).

2. The fast learning of the unfactorizing systems and the low preprocessing
needed for the training corpus reflect the low cost of these systems; since by
using a small corpus size with a small preprocessing, good results can be
obtained.

3. The unfactorizing systems need a lower memory size. For example; to build a
2-grams language model for unfactorizing systems, this is corresponding to
building (2*k)-grams in the factorizing systems; while (k) is the factorization
depth.

4. Although the factorizing systems need a large training corpus size, but the
problem of the (OOV) does not exist.

5. Both factorizing systems and unfactorizing ones almost have the same
performance when using a large training corpus size.

From the above observations; our recommendation for this problem is to use a hybrid
combination of factorizing systems and unfactorizing systems to enjoy the advantages
of each of them.

For the problem of Arabic text diacritization; the best strategy to realize usable results is
to marry statistical methods with linguistic factorization ones; e.g. morphological
analysis. Fully non factorizing statistical methods working on full-form words are faster
to learn but suffer from poor coverage (OOV) which can be complemented by linguistic
factorization analyzers.

Moreover, there seems to be an asymptotical error margin that cannot be squeezed by
the state-of-the-art systems including the presented system in this thesis, especially for
the syntactical diacritization without some assistance of a higher-level NLP layer(s);
e.g. semantic analysis [1]. After all, syntactic diacritization (case ending) is a projection
of a hierarchical grammatical phenomenon that cannot be fully modeled via the
statistical inference of linear sequences whatever long is its horizon [6], [23].

The presented hybrid system shows competent error margins with other state-of-the-art
systems attacking the same problem. It has a clear plus with morphological

diacritization. Moreover, when one account for the sophistication of our training and
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6.2

test data versus the reported training and test data used with the other systems, some

extra credit may be given to ours, especially under realistic conditions.
Future Work

For the problem of entity factorizing versus unfactorizing; we need to increase the size
of the training data of type TRN_DB | to study the effect of this increase on the
factorizing system.

For the problem of automatic Arabic text diacritization:

1. To decrease the errors of types Syinta WERO a MarphoiWERO the
training set size of type TRN_DB_| should be increased and to be balanced.

2. To decr ease tO®_Merpho WERsh agthe trdinyngset siza
of type TRN_DB_ Il should be increased and to be balanced.

3. For t he eroov systa WHR.Ot yapse dii scussed
this type of errors is that the right word is not in the existed analyses in the
dictionary; the direct solution for this problem is to increase the training set
size of type TRN_DB_II to cover all possible syntactical cases to all words,
but actually this is difficult, and we will not be able to cover all possible words
in Arabic. So it is suggested to design a system that can generate the possible
syntactic diacritics for each word depending on the context that is containing
the word, and then choose the most relevant diacritic according to the
statistics.

4. Furthermore, it is suggested to add some syntactical linguistic rules and to add
a semantic layer to increase the accuracy of both morphological and

syntactical diacritizations.
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