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Abstract

For a natural language, morphology is the very basic layer over which the higher syntactic
and semantic layers are built. So, most of the software systems concerned with the natural
text-based human-machine interaction are either direct or indirect candidates of reliable
and efficient computational morphological processors. Through out all the significant
contemporary natural languages, Arabic has the most elaborate though systematic
morphological system. It is hence an excellent candidate of modeling without which any
serious computational processing of the Arabic language, with all of its layers, is infeasible.

An industry-quality computational processor of the Arabic morphology — called
Morpho3 — along with a host of dependent applications as well as complementary utilities
have been implemented. This thesis presents the theoretical basis upon which this
morphological processor has been built as well as its domain of applications. Special
attention was given to explaining how Morpho3 approaches the main problems that
challenge any serious system for processing the Arabic morphology such as coverage,
tolerability and ambiguity.

Morpho3 may be regarded as a demonstration of how a rule-oriented knowledge base
and a statistical knowledge base can be married towards solving problems in computational
linguistics.

viii



Chapter 1
Introduction



1.1 Morphological Processing

The morphology of any natural language is the linguistic system that governs how the
words of this language are built.

For a written language, morphology is the most basic layer over which the higher
syntactic and semantic layers are built. So, most of the software systems concerned with
the natural text-based human-machine interaction are candidates of the computational
processing of morphology. Several such systems rely on morphological processing directly
such as smart search engines, spell checkers, dictionary binders, high accuracy OCR
systems, text-to-speech converters, etcl. Some others need morphological processing
indirectly, as a basis of higher linguistic layers, such as the natural language interfaces of
expert systems.

The morphology of any language is different from that of any other one. In specific,
the morphology of Arabic is distinctly sophisticated as well as regular. To produce a
practical and reliable computational processor of the Arabic morphology that overcomes
such sophistication and utilizes such regularity, one must rely on a clear, simple, coherent
and compact mathematical model of the Arabic morphology. Building such a model is the
main issue of this thesis.

1.2 Previous Work on the Arabic Morphological Processing

Since the mid 80's, when PC's started to be popular in the Arabic world, the question of
"computerizing" Arabic has become a serious one. In spite of the flood of meetings,
conferences, literature, scientific societies and even public speeches that one can find all
around, one can count only few real initiatives towards the computational processing of the
Arabic language. Amazing enough is that some of these few initiatives are majorly led by
non-native Arabic speakers!

The actually implemented systems of the computational processing of Arabic are
mostly Arabic morphological 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.

1 Chapter 3 is devoted to a detailed discussion of several such software systems.



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. Unfortunately, many significant problems do not manifest themselves unless a
real-life large scale system is intended.

On the other hand and driven by the market need for the applications of Arabic
morphological processing (specially the need for smart-search engines), the systems of the
second category enhanced the theoretical arguments presented by the ones of the first

category to produce usable Arabic morphological engines.

As the system presented here belongs to the second category rather than the first one,
the two most representative commercial Arabic morphological processors; Sakhr™'s and

Xerox™'s are discussed here.

Sakhr's Arabic morphological processor was the best system achieved by native
Arabic speakers. Nevertheless, it suffers from the following shortcomings:

1.  Each regular derivative root is allowed to combine with a selected set of forms (or
patterns) to produce only words that can be found in standard Arabic dictionaries.
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
(like ref.[3] which is regarded as the most elongated the medieval Arabic language).
Moreover, the language is a dynamic phenomenon, i.e. an unused possible word at
some time may be indispensable at a later time. Also, an unused word at some Arabic
country (e.g.: Egypt) may be famous at another Arabic country (e.g.: Syria).

2. The orthography (the writing style) of the Arabic text makes the written words
morphologically ambiguous, i.e. each word has multiple possible analyses. The
approach of disambiguation is statistical which is powerful in principle. However, the
actual implementation of statistical disambiguation at Sakhr suffers from the two
following problems:

i)  The statistical database was built from a text corpus once and forever, i.e. the
system can not be trained by another text corpus or even be extra trained by
extending the primary text corpus.

i)  Disambiguation 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 the neighboring words. Considering correlation makes

statistical correlation far more effective than overlooking it.
The morphological model is a heterogeneous one, i.e. it treats regular derivative
words in some way, the irregular derivative ones in another way, the fixed words in a
yet different one. This heterogeneity is not theoretically sound. More important is that
it unnecessarily complicates the applications built over the morphological analyzer.
As Sakhr did not publish any technical documents about its Arabic morphological
analyzer, no one knows exactly how does its model of Arabic morphology look like.
From the experimentation with its morphological analyzer, however, it can be
inferred that ad hoc's exist here and there. A lot of ad hoc's causes a lot of subtle
problems. This is specially noticed with the conjunction of affixes with the word

body (or stem).

On the other hand, Xerox's Arabic morphological processor! was the best system

implemented by non-native Arabic speakers. Also, it suffers from the following

shortcomings:

1.

1

Each regular derivative root is allowed to combine with a selected set of forms (or
patterns) to produce only words that can be found in standard Arabic dictionaries.
The morphologically possible Arabic words that are not registered in these
dictionaries are not considered. This is the same corresponding shortcoming of
Sakhr's system mentioned above.

Xerox system has no mechanism of disambiguation!

The underlying morphological model is a heterogeneous one, i.e. it treats regular
derivative words in some way, the irregular derivative ones in another way, the fixed
words in a yet different one. This is the same corresponding shortcoming of Sakhr's
system mentioned above.

This system is made by non-native Arabic speakers. Moreover, they also selected
dictionaries and references on the classical Arabic morphology written by non-native
Arabic speakers. Some concepts as well as many fine points are misunderstood or
simply overlooked. Also, a significant portion of the morphological entities (roots,

One can find a rich material (history, papers, NLP systems to test, ..., etc.) on Xerox's NLP research
reactivities on http:\\www.xrce.xerox.com/research/mltt. Materials specifically on the Arabic language are
found on http:\\www.xrce.xerox.com/research/mlitt/arabic. Also this material can be requested by paper
mail at "Xerox Research Centre Europe, Grenoble Lab., 6, chemin de Maupertuis, 38240 MEYLAN,
FRANCE".



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?.

The finite-state based morphological model is an involved one. To transform a
written rule from its classical statement to its finite-state form, one needs an
automatic tool to do so. Because Arabic does not fit this model perfectly?, one can
not automate the transformation process and have to tediously do so by hand3!

1.3 This System "*Morpho3'*

The system described here is called Morpho3. Morpho, which stands for Morphology, has

been developed in RDI labs. Morpho2 and Morpho3, developed by the author of this thesis,

can be considered as descendants of Morphol developed by Nagy Fatehy Mohammad (See

ref.[22]). Morpho3 in its final form has the following advantages over the competing

systems:

1.

1

Each regular derivative root is allowed to combine with any form as long as this
combination is morphologically allowed. This allows Morpho3 to deal with all the
possible Arabic words and removes the need to be tied to a fixed vocabulary as
shown in sections [2.5] and [2.6].

Morpho3 uses a powerful dynamic m-gram statistical disambiguation technique.
"Dynamic” means that the statistical knowledge of the system may be altered or
adjusted any time to consider any desired text corpus. M-gram means that the system
considers the statistical correlation among the words and their neighbors as detailed
in chapter 8.

The morphological model of Morpho3 is a homogeneous one, i.e. it treats regular
derivative words in the same way as the irregular derivative and the fixed ones. This
homogeneity is theoretically sound. More important is that it simplifies the

applications built over Morpho3.

Xerox developers confess that their Arabic morphological analyzer is intended to cover only modern
Avrabic (called sometimes the Arabic of press).

Xerox developed this technology originally to deal primarily with modern European languages.

Xerox developer K.R.Beesley says that Xerox started its work on the Arabic morphological analyzer in
1991 and ended with a system-under-test in 1997. Several talented people worked on its theory and
implementation. The Arabic Morphological Analyzer described by this thesis (Morpho3) took only three
years (1997 to 1999) by one man!



4.  This system covers almost the whole Arabic morphological phenomenon. It can deal
with modern Arabic text as well as ancient Arabic text. It can also deal with Arabic
business text, literature and scientific-oriented text as well.

5. The morphological model employed by Morpho3 is a consistent and coherent one
that almost contains no ad hoc's. So it is less error prone.

6. Also, this morphological model is a simple compact one. So, scripting the
morphological entities in Morpho3 is an easy straightforward task as long as one
knows the classical morphological properties of the entities as shown in chapter 5.

14 Thesis Overview

In the next chapter, Arabic morphological processing is gradually presented until it is
formally defined by the end of the chapter. In chapter 3, several interesting applications are
demonstrated. Chapter 4 puts hands on the main three challenges before Arabic
morphological processing; namely coverage, tolerability and ambiguity. These three
chapters may be regarded together as part one which presents the problem.

Chapter 5 shows how to build a consistent and compact morphological knowledge
base. While chapter 6 details the morphological analysis algorithm, chapter 7 details the
complementary morphological synthesis process. Finally, chapter 8 describes a powerful
statistical technique for disambiguation. These four chapters may also be regarded together
as part two which solves the problem.

Finally, chapter 9 presents the conclusions of this thesis and some suggestions for

future work. Good reading.



Chapter 2

The Model of the
Arabic Word



2.1 The Definition of a Word

As morphology is concerned with the analysis of words, it is primary to define the term
word. Although linguists may enjoy endless discussions about what a word definitely
means?, we fortunately follow a much straightforward and easier approach. As words are in
the form of written text, we operationally define a word as it is defined by any text editing

program:
A word is the alphanumeric string between any two non-alphanumeric characters.

Example [2.1]: Ilustrating the definition of a word.

This short paragraph illustrates the operational definition of the term “word” in Morpho3.
Each underline marks a whole word.

2.2 The Definition of an Arabic Word

As with the definition of word, Arabic linguists do not agree on what an Arabic word

definitely means. Here also, we operationally define an Arabic word as:

An Arabic word is a word, as defined above, which meets the following two

conditions:

1.  All its characters are bare or diacritized Arabic alphabets (Diacritics are introduced in

section [2.3].)

2. It belongs to either of the following two categories:

1)  The original Arabic words.

i)  The Arabized words.

Original Arabic words are divided in turn into two sub-categories:

- Derivative Arabic words: These are the verbs and nouns that are built
according to the Arabic derivation rules2. The sweeping majority of the Arabic
words belong to this category.

- Fixed Arabic words: These are a set of words molded by Arabs, anciently, and
do not obey the Arabic derivation rules. Most of these fixed words are neither
verbs nor nouns, most of them are functional words like pronouns,
prepositions, conjunctions, question words, and the like. They may be best
regarded as the glue that ties the words of the Arabic sentence together. The

1 See for example Ref.[25], ch. 28, pp. 579.
2 Derivation is detailed in section[2.5].



category of the fixed Arabic words contains a limited number of members
(While building our system “Morpho3”, we found about 260 significant fixed
words only.)
The Arabized words are nouns borrowed from foreign languages (perhaps with some
phonetic adjustments to suit the Arabic pronunciation) and have become common
among the native Arabic speakers. To preserve the purity of the Arabic language, it is
not preferable to consider a word in this category unless its meaning has no counterpart

in the category of the original Arabic words.

Figure[2.1] summarizes the definition of the Arabic word.

Arabic word

Original Arabized

Derivative Fixed

Figure [2.1]: The classification of the Arabic words.

Although the number of the derivative Arabic words is much larger than both the
fixed Arabic and the Arabized words, the frequency of the latter ones, specially the fixed
words, is considerably high that any treatment of Arabic must treat all the above categories
with the same degree of care.

Example [2.2]: The fixed words are frequent in the Arabic text.
v By e D D) sl LS ) S5 O o g 8 el 3 240 s
Aed Loz 5 Al eds (3 sl ST IST AT
Total number of words in the paragraph = 23.

Number of fixed words in the paragraph = 8.
Frequency of fixed Arabic words in the paragraph = 8/23 ~ 35%




2.3 Arabicis a Diacritized Language

The pronunciation of a word in some languages, like English, is almost always fully
determined by its constituting characters. In these languages, the sequence of consonants
and vowels determines the correct corresponding voice while pronouncing a word. Such

languages are called non-diacritized languages.

On the other hand, there are languages, like Latin, where the pronunciation of their
words cannot be fully determined by their spelling characters only. In such languages, two
different words may have identical spelling whereas their pronunciations and meanings are
totally different. To remove this ambiguity, special marks are put above or below the
spelling characters to determine the correct pronunciation. These marks are called
diacritics and the language that uses them is called a diacritized language. Arabic is also a
diacritized language. In fact, Arabic has the most elaborate diacritization system.

Table[2.1] shows the Arabic diacritics and the significance of each one.

10



Table [2.1]:

The Arabic diacritics and the shadda.

Diacritic Name Sounds like | Examples Comments
Q) a Fateha d=z a (ean GBS _
\"I:; 48;\;.;
@) ¢ Damma 2225 0 (B yod (IS o
J},‘C (C\J:p
(3) C Kasra s)““{ e (dige c,;\:./f o
2 Jis
4) ¢ Sokoon o S Anon Ol (Oye —
vowelized Il sl
consonant
(5) v Tanween fateha | Fateha + o &\ LS |only the last character may be
i o g o) 5 Llab assigned this diacritic
(6) E Tanween damma | Damma + O ‘3}'43 ¢ 2> |Only the last character may be
das s 3 e Sl assigned this diacritic
@ ¢ Tanween kasra Kasra + 0 ¢ sles IOy the last character may be
S S cpsS P2 (Olas assigned this diacritic
8 | Sy Vowel 2 Long (a), (e), | «J& ¢flas 58 -
or (0) vowel | b s e
T dsS s
9) & Alef leyna Long (a) vowel RELVRE ISR Only a terminal smay be
2 s (536 assigned this diacritic.
(10) i Bypassed Not Ly L) -
character pronounced w}f J }fu
&k o O >~
(1) ¢ |Hidden alef vowel| Long (a) OISR _
v’-ﬁ‘-’ s 3-; ;YjVJﬁ ad.ﬁ\,“
(12) C Shadda 52 J+d=J ér.l’u In fact, shadda is not a
s = o ol diacritic but is a mark of
R s 3 doubling the character while
34 .8 = (8 ¢
cres s pronouncing it. The character
Pt = P () with a shadda needs another
diacritic (from no.1 to no.7) to
determine its vowel.

Each character in an Arabic word must be assigned two things about diacritics:

1.  The shadda state of the character. (With Shadda/Without Shadda.)

2. The diacritic of the character.

These are called the diacritic information of the character.

11



Unfortunately, in today Arabic writing, people do not explicitly mention diacritics.
They depend on their knowledge of the language and the context to supply the missing
diacritics while reading a non-diacritized text. They only mention diacritics in writing
when a severe ambiguity is feared or for educational purposes. An automatic
morphological analyzer must consider diacritics in its model of Arabic word and must also
have some mechanism of figuring out the missing diacritics of a given Arabic word (The

mechanism of supplying the missing diacritics is presented in chapter 7.)

We conclude this section with a definition of each of the three diacritization states of

an Arabic word:

1. Full dicaritization: It is the assignment of all the diacritic information for each
character in the word including the last one. In Arabic, the diacritization of the last
character sometimes depends on the syntactic analysis of the word within its
sentence.

2.  Half diacritization: It is the same as full diacritization except for that it does not
provide the diacritic mark of the last character if it depends on the syntactic analysis
of the word. As the morphological analysis deals with words one by one and does not
analyze the sentence as a whole, it can only be hoped to provide half diacritization.

3. Partial diacritization: Any other diacritization state of the word that provides less

diacritic information than half diacritization is called partial diacritization.

Example [2.3]: An example on each of the three diacritization states of the Arabic

word.
No diacritization ¢y LAl Sl g 3o g% b3 s 1)
Partial diacritization 9‘y~ L ey b g 55 g_ab 15 s 13)
Half diacritization /s G4 Ul 36 ¢35 IS s
Full diacritization  s/se WA 2UEk, 236 Cf’ g_ab ey

2.4 The Prefix-Body-Suffix Structure of the Arabic Word

In some modern European languages like English, a word may be a verb, a noun, a
preposition, an article, ..., etc; i.e., a word in such languages is usually a single entity. In
Avrabic, the situation is more complex. Example[2.4] shows some simple English sentences
and their Arabic translations. It also tabulates the Arabic words and their English

counterparts in these statements.

12



Example [2.4]: An Arabic word may correspond to more than one English word.

Mohammad gave me many things
s e 9\.:.&? :Xi.ﬁ dUé«f

Arabic word English counterpart
sas Mohammad
ezl Gave me
sAde Many
Ll Things

He returned my book

Ql.:f skef
Arabic word English counterpart
Slef He returned
als” My book
I will do it
alosla
Arabic word English counterpart
sl | will do it

The example above shows that the Arabic word may correspond to a single entity but

can as well be compounded of more than one entity. In fact it may be a phrase or even a

complete sentence. So, the Arabic word is in general a complex. If we study a sufficiently

large sample of Arabic text, we can infer the following general simple structure of the

Arabic words!;

1

The main part, a noun or a verb, of the word occurs in the middle. Let us call this part
the word's body.

The body may be prefixed by something like the definitive article, a preposition, a
gender determiner, a tense determiner, ..., etc., or some combination of them. When a
prefix precedes a body, it may slightly modify its string and also be slightly modified.
We should note that the prefix cannot be a standalone word.

The body may also be suffixed by something like a pronoun, a gender determiner, a
tense determiner, ..., etc., or some combination of them. When a suffix succeeds a
body, it may slightly modify its string and also be slightly modified. We should also

note that the suffix cannot be a standalone word.

If the absence of a prefix is assumed as a null prefix and the absence of a suffix is

This structure of the Arabic word is in fact a refined version of that introduced in Ref.[22]
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assumed as a null suffix!, we can then generalize the aforementioned structure of the
Arabic word as:

Any Arabic word = Prefix Body Suffix

Example[2.5] shows this structure for the words of an Arabic sentence.

Example [2.5]: The prefix-body-suffix structure of the words of two verses from the

Holy Quran.
o 013 (U5 B Gy e A i
Arabic Prefix Body Suffix
word
I f =
A - o —
3 el — oV —
4 CN — B 4
5 Las’y 9 ) U
6 Sls — NG 3

From the example above, we note that not only verbs and nouns have the Prefix-

Body-Suffix structure but fixed words also do (like the words no.1, no.3, and no.6).

It is important also to note that the terms “prefix” and “suffix” here have different
meanings from that in some modern European languages. Here, the prefix or the suffix can
add an entity to the noun or the verb. For example the prefix may be a preposition and the
suffix may be a pronoun. In modern English, modern French and the like languages, the
prefix or the suffix is usually a modifier of the meaning of the noun or the verb but does
not add to them another entity.

2.5 The Structure of the Arabic Word's Body

The body part of the Arabic word has in turn an internal structure which is different for the
bodies of the derivative Arabic words from that of the non-derivative; fixed and Arabized

ones.

Let us start with the derivative bodies. Arabic has a very powerful bodies-generation

1 The null prefix or suffix is an empty string. While the prefix and/or the suffix of a given Arabic word may
be a null, our model does not permit the body to be a null.
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mechanism called derivation that makes Arabic have the richest vocabulary ever found
among all the important contemporary natural languages. Arabic has a relatively small
number, about one thousand, of derivative forms. Each form is a string of two types of
characters; fixed characters (or constants) and 3 or 4 generic characters (or variables).
Although the form carries one or more specific semantics, it cannot be a word’s body on its
own. Arabic also has a limited number, about five thousands!, of derivative roots. Each
root is a set of 3 or 4 fixed characters. Each root also cannot be a word's body on its own.
Nevertheless, the root has one or more standalone specific semantics. The derivation of a
word's body from a specific root and a specific form is made by respectively substituting
the generic characters of the form with the fixed characters of the root. The derivation
process is successful only if each constant character of the root is in the permitted range of
the corresponding generic character of the form2. The semantic of the resulting word's body
is a mix of the semantic of its form and the semantic of its root albeit the latter plays a
greater role. Example[2.6] illustrates the derivation process for several derivative word
bodies.

Example [2.6]: The derivation process of some regular derivative Arabic word
bodies from their forms and roots.

Form Root The Resulting Body
XaXo X1 =Jeb | cod | Xemo Xpme  Xg=8 = I
X3 ) X2 X1 & :J” ‘ =Jb1§.§i~‘ 2 X3=> ¢ Xo=> ¢ X1=C = D\L:)\MB :° |

X4X3X2X1%=J{:ui: o0 X4=u~cX3=;cX2=JcX1=J:>uﬂ.;Gf€;

X3 | X2 Y1 p =dlaie 3d s Xg=> ¢ Xo=J ¢ Y1 =¢—3 = s

03 X2 1 X1 é =§Ln.i e 03=L§»L X2 =p ¢ Xl:C = (G;i

Each of the forms mentioned above may be regarded as a general derivation rule and
the bodies made by combining them with roots are called regular derivative bodies.
However, there is a small set, few hundreds, of derivative bodies that are irregular. The
form of an irregular derivative body is tailored only for that specific body; i.e., such a form

1 The most elongated Arabic dictionaries document a larger number (around 8500) of these roots. While
building our system we elected the significant 4500 derivative roots and dropped the remaining almost
extinct 4000 ones.

2 In fact, “generic” is a collective word that may refer to a variable character, an altered character or an

omitted character. All the generic characters used in our system are explained in table[5.3].

15



does not have any generic characters and can hence combine with only one specific root to
produce one specific body. Irregular derivative bodies were in fact regular derivative ones
that have been deviated from its regularity. People then preferred the deviated form that
became famous and neglected the regular one which became extinct. Example[2.7]

presents some famous irregular derivative word bodies.

Example [2.7]: Some famous irregular derivative bodies

Irregular derivative The corresponding Root
body (not used) regular
body
& UL —aJf
Sl ol 447
4 5 s
& > ¢—
(5 5 s 3

On the other hand, the bodies of the fixed Arabic words and the Arabized words have
no internal structure because they are molded. The form of such a body is simply a string
with all its characters fixed. The form in this case is in fact a body on its own. Now the root
plays no role in building the body, nonetheless, we will define it in a way that gives it an
important role. One may have several fixed or Arabized words that are semantically or
functionally related to one another. In such a case they may be viewed logically as a family.
If we select the most famous or the most important member of this family to be the root of
every member of the family, this will lead to a classification that serves two purposes:

1. It makes the structure of the Arabic word bodies the same for all the Arabic word

types.

2. It is invaluable for some applications on the computational Arabic morphological
analysis such as smart search (See section [3.4] for adetailed discussion of a smart
search.)

Example[2.8] illustrates this classification for some fixed word bodies.
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Example [2.8]: The concept of the root of a family of fixed bodies.

Fixed word bodies Root of the family
G P S o
. cgil\lh cgif\:!s cg;l'.a c(:ﬂh 4L\; \;

2.6 AUnified Formal Description of the Arabic Word

In this section we will summarize the structure of the Arabic word in a compact formal

form.
Let us agree on the following symbols:
w = the string of any Arabic word
p = the prefix of w
b = the body of w
r = the root of w
f = the form of w
s = the suffix of w

Let us assume that p and s are compatible and the constraints posed by f are met by
each of r, p and s.1 Let us also define the following two operators:
1.  The conjunction operator (+): The only two operations that can be carried out using

this operator are:

p+b:=phb
where p° = p after being affected by b,
and b™ = b after being affected by p.
pb +s:=(pb)s
where (p'b’)” = p'b" after being affected by s

1 The match, or compatibility, of a prefix and a suffix within one word as well as the match of a form with a
root, a prefix and a suffix is determined by the properties stated in the descriptions of these entities.
Describing entities is the subject of chapter 5.
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and s’ = s after being affected by p'b".
This conjunction operator is neither associative nor commutative.
Now, We can compactly write:
W=p+b+s [2.1]
2. The combination operator (*): The only operation that can be carried out using this
operator is:
I. For regular derivative bodies:
r*f:=f(ry=>b
where f(r) is the string of the form f after substituting its generic characters by
the fixed characters of root r.
ii.  For non-derivative and irregular derivative bodies:
r*f:=f=0b
This combination operator is also neither associative nor commutative.
Let us finally assign a precedence of the combination operator higher than that of the
conjunction operator.
Using both of the conjunction and the combination operators defined above, we can
write:
w=p+r*f+s [2.2]
Equation[2.2] summarizes the mechanism by which any Arabic word is built out of
its constituting entities: combine the root and the form to get a body, put the prefix in
conjunction with the body and finally put the resulting string in conjunction with the suffix.
Two important facts are implicitly stated by this equation:
1. The building (or synthesis) mechanism is the same for any Arabic word.
2. The result of the synthesis process is unique, so the quadruple Q=(t: p, r,f,s)
constituting any Arabic word is a representation of this word?.
Note finally that this equation says nothing about how to analyze w into Q. The
analysis process is the subject of chapters 6, 7 and 8.

1 The quadruple is (p, r, f, s) only. t mentions the type of the body and hence the type of the word. The four
possible types are Regular_Derivative, Irregular_Derivative, Fixed and Arabized.
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2.7 The Function of an Arabic Morphological Analyzer

Analysis means decomposition, so an Arabic morphological analyzer is a software engine
that can decompose the words of a given Arabic text into their constituting entities; i.e., it
replaces each word w in the input text with its quadruple Q = (t: p, r, f, s). If w is not a
valid Arabic word, the analyzer flags an error. Our Arabic morphological analyzer
“Morpho3” makes more than mere analysis. It reuses the quadruple it has found for each
word to resynthesize the word. The resynthesis process supplies the missing diacritics of
the Arabic word as well as it corrects common near-miss spelling mistakes. Done
computationally, this processing of the Arabic morphology is essential for building several

important Arabic software systems as will be explained in the next chapter.
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Chapter 3

Applications of the
Computational Processing
of the Arabic Morphology



Morphological analysis by itself may seem a pure academic philosophy. Through this
chapter we are showing that the availability of a computational Arabic morphological
analyzer is essential for building many important end-user Arabic software systems.
Several such systems are introduced. But first, we shed some lights on the role of text in

the modern Arabic multimedia applications.

3.1 Textas an Active Medium in Multimedia Applications

Multimedia applications employ several media such as text, printed documents, sound,
images, video, touch, etc. for smoothly transmitting/receiving information to/from the end
user. We define an active medium in a multimedia application as the one that has all, or at

least most of, the following properties:

1. It can be used easily and efficiently for both the output and the input of information
to and from the end user.
2. It can be used to efficiently navigate the whole database of the application whatever

the media contents of this database are.
3. It can be automatically transformed to the format of other media and vice versa.

4. It can be viewed at different levels of detail, clarity, or explanation according to the
instantaneous need of the end user.

For knowledge oriented multimedia applications,! if we study the above properties
and match the common media to them, we conclude that text, in principle, is graded the
most active one. Consequently, this brand of multimedia applications should be built
around their text contents. Being the central medium, the Arabic text needs more than the
Arabic text editing functions. It needs enough linguistic processing to make it truly an

active medium.

3.2 Arabic Text Enhancement

Spelling mistakes are common through the text typed on a keyboard, mainly because of
mistypos. Automatically scanning such a text by a morphological analyzer reveals a high

percentage of such mistakes.

As mentioned in section[2.3], Arabic is a diacritized language. Nevertheless, Arabs

1 Where the transfer of knowledge not the entertainment or the advertisement is the main issue. Digital
libraries, including on-line magazines, computerized books, computerized dictionaries, computerized
encyclopedias, etc., are good examples of knowledge oriented multimedia. See ref.[24] for more on
Digital Libraries and the role of each medium in them.
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nowadays are taking the easy way of writing non-diacritized text and depend upon the
linguistic knowledge of the reader that enables him to figure out the correct pronunciation
of the words. Due to a lot of cultural and social reasons, the Arabic linguistic knowledge of
the new generations is degrading. One way to aid preserving and enhancing the Arabic
linguistic knowledge among the public is to automatically convert the commonly found
non-diacritized Arabic text into half diacritized text using an Arabic morphological

analyzer.

As they increase the correctness, the clarity, and the educability of the Arabic text,
both of spell checking and automatic half-diacritization are collectively called Arabic text
enhancement.

3.3 On-line Arabic Dictionaries

An exhaustive master dictionary of modern European language—like English is mainly an
alphabetically arranged look-up table of words and their explanations for the whole
vocabulary of the language. To build a master Arabic dictionary, the previous procedure is
impractical! This is due to the structural and derivative nature of Arabic that makes its
possible vocabulary very huge in size! that no master Arabic dictionary tries to follow the
vocabulary look-up table technique. Instead, a traditional master Arabic dictionary builds
an alphabetically arranged look-up table of the constituting entities of the Arabic words,
especially the roots. This makes the table size within the reasonable range of few thousands
of entries. Each entry then leads to the explanation of the root and the usage of its
frequently used derivatives. So, to look up an Arabic word, one must have enough
knowledge to morphologically analyze the word and get its root. Unfortunately, not a lot of
Arabs today — software users are no exception — are skillful enough for such a task. To
equip a multimedia application with an on-line Arabic dictionary, an Arabic morphological
analyzer is needed to take the word in question and analyze it, on behalf of the user, for

extracting its root.

1 A master dictionary of English like “The Modern Dictionary of Contemporary English” for British
English, or “The American Heritage Dictionary” for American English contains at most 650,000 words.
On the other hand, given around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular
forms, 550 suffixes and assuming the constraints on the conjunction and the combination of these entities,
we have around (250-4500-1000-550)/10 = 6-10*° possible Arabic words!
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3.4 Smart Text Search

Searching a certain scope of text for a query composed of a given word, a given sequence
of characters, or a logical AND/OR combination of words and sequences of characters is a
basic and common text editing function. This type of text search is called exact search
because it is based on the exact matching of the text to the items of the query. Exact search
may be helpful with a text written in some modern European languages like English. On
the other hand, exact search is very restrictive with a structured and derivative language
like Arabic. A user searching exactly for some word in an Arabic text will find only its
occurrences where each of its type, prefix, root, form and suffix are the same. This is a very
strict condition on matching. In Arabic, when the user is searching for some word, he is
intuitively expecting to find the occurrences of the morphologically relevant words. The
fuzzy word (relevant) may be interpreted according to several possible search modes of the

word in the query. The most important morphological search modes are:

1.  Exact search: where the whole Q of the word in query must equal the whole Q of the
occurrences. This is the most strict and hence the weakest mode.

2. Body-level search: where only (t: r, f) of the word in the query must equal (t: r, f) of
the occurrences regardless of the prefix and the suffix.

3. Root-level search: where only (t: r) of the word in the query must equal the (t: r) of
the occurrences. This search mode allows finding the occurrences of words that are
originated from the same root and probably the same general semantic also?.

The tolerability and the flexibility provided by the search modes 2 and 3 is the reason
why we call morphological search smart search. To build an Arabic morphological search
engine, an Arabic morphological analyzer is, of course, needed. In fact, the primary reason
behind the commercial support of research in the Arabic morphology was the need to
provide the large Arabic text databases with smart search facilities. Example[3.1] shows a
paragraph as the search scope, some search queries and the results obtained using

morphological (or smart) search.

1 As we mentioned in the first part of section[2.5], the semantic of the root plays the greatest role in the
semantic of a regular derivative word.
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Example [3.1]: Examples on morphological search.

BN PR 3 & S N O W
e e S SsS dhs LB 5 G 18 Gl o 58
L a8y sty 5 o oy, o5 o i, s o el
L P « W4 Ll B Ul il a0l S50 5058
b ) o LB % e L il 8 s, oy o

-

° fats % ik e Lo
V.@J\atf g& \).,<> ol ey U

Query Search Mode Result
LS Exact-Search not found
e Exact-Search (ol
3S” Body-Level-Search | (iU, sy, @iy
e Body-Level-Search (ialally ,(aley
Bl Root-Level-Search | (Ls&dy, (&b, @i
L),
(WA Root-Level-Search | (- by, (= e, (t_,,,j;j;;f)

3.5 Support for Arabic Text-to-Speech Systems

Several reasons make automatic Text-to-Speech conversion (TTS) very attractive:

1.
2.

1

Compression: There is no need to store huge sound files but only small text ones?.
Eyes-free reading: The eyes and the hands are free for another useful activity while
the required text is being automatically read. While this feature is invaluable for
ordinary people, it is indispensable for the blind.

Hear your favorite announcer: TTS can synthesize a speech similar to the voice of
a certain person provided that it had enough recordings of his speech. So, the voice of
the famous people may be provoked for reading any time the user wants.

To store 1 hour of mono sound sampled at 8K Samples/Sec. and quantized into 255 levels (8 bits), a
storage space of (60-60-8000-8)/1024° = 220 Mbits = 27.5 MBytes is needed. Assuming a fast reader
uttering 100 Words/Min. and the diacritized word needs 15 bytes in average for storing it as a diacritized
text, the text corresponding to 1 hour of fast reading needs (60-100-15)/1024% = 0.086 MBytes of storage.
The compression ratio is hence (27.5/0.086) = 320.
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4. A reading teacher at your disposal: Those who are learning reading in some
language, specially adults learning a foreign language, may benefit very much from a

high-quality TTS in attaining the correct pronunciation of words.

As we mentioned in section[2.3] Arabic is a diacritized language, whereas Arabs
often write non-diacritized text which is not enough for an Arabic TTS to figure out the
correct pronunciation of words. Adding to the TTS a tool that can supply full diacritization
is perfect. Unfortunately, this needs a reliable Arabic syntax analyzer which is not available
so far, However, adding an Arabic morphological analyzer that can supply half
diacritization only is also acceptable?.

3.6 Support for Arabic OCR Systems

Optical character recognition OCR (or machine reading) systems are applications of the
field of pattern recognition. Although the pattern recognition techniques have become more
and more mature, there is no OCR system that has a 100% recognition accuracy.
Recognition errors most often occur due to the noise on the printed documents to be
recognized. As the noise increases, the accuracy degrades. For Arabic OCR systems, an
Arabic morphological analyzer may help as follows:

Some OCR systems are built with a backtracking feature. Given a printed word, the
OCR system provides the best interpretation of it from the viewpoint of the pattern
recognition technique it uses. If the OCR system is told, by a morphological analyzer, that
interpretation is morphologically invalid or extremely improbable, it can backtrack; i.e.,
provide the second best solution. This process is repeated until a morphologically
reasonable interpretation is found. With the companionship of an Arabic morphological
analyzer, the Arabic OCR system becomes a self error-correcting one.

Even with non-backtracking OCR systems, the existence of an Arabic morphological
analyzer that filters the recognized words into linguistically acceptable and linguistically
rejected ones makes the whole system a self error-detecting one. This is an appreciable help
for the user while checking the result of recognition.

1 Due to their limited knowledge about the Arabic syntax analysis, a lot of Arabs today pronounce the
words without the last diacritic even while delivering formal speeches. Although we do not encourage this
practice, it has become a widely accepted one.
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3.7 Extracting the Morphological Print of an Arabic Writer

Everyone, regardless of his language, has a specific writing style that an intimate friend of
him can decide whether a given written passage belongs to him or not. Like fingerprints,
iris prints and genetic prints, it is not strange to claim that every one has a linguistic print.
In fact, many researches have proven the existence of such prints for famous writers and
poets of many cultures and languages including Arabic. Researchers have even devised
several statistical measures and indices that define such linguistic prints. A lot, in fact
most, of the practically feasible, measures and indices depend on the morphological
analysis of the text under study (Ref.[7] discusses this topic in detail for the Arabic
literature). Many poems and writings having an unknown or doubted identity could be
attributed to their actual authors using computational morphological analysis.

3.8 Supporting the Higher Layers of Arabic Linguistic Analysis

The computational processing of any natural language in the aim of making machines
attain linguistic capabilities similar to those of humans is a formidable task! In fact, the
computational linguistics research is very far from realizing such an aim. To attack the
problem, computational linguists usually divide the task into phases or layers. The most
agreed-upon scheme of such layers is the one shown in figure[3.1] below (See Ref.[23],
ch.15, pp.380.)

As shown in this figure, the lexical (or morphological) analysis occupies the very
bottom layer of the scheme. Morphological analysis is hence the basis layer for any higher
linguistic processing specially the syntax and the semantic analysis ones.
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Actions to be done are implied anc
suitable objects.

Pragmatic Analysis

Layer 5 (,y&j\ L%M e
Dependencies among the sentence

Discourse Integration

Layer 4 J;J,.\ e L) J Jﬂl’;'
r'y

Syntactic structures are mapped in

Semantic Analysis
Layer 3 6%“&“;

Syntactic structures.

Syntactic Analysis

Layer 2 (s S

Words are analyzed into their cor

Morphological Analysis
Layer 1 :3 B J‘B
EA i/p text

I

Figure [3.1]: Dividing the processing of a natural language into layers.
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Chapter 4

The Main Challenges before
the Computational Processing
of the Arabic Morphology



We start building our computational Arabic morphological analyzer, “Morpho3”, in the
next chapter and on. But first in this chapter, we put hands on the main challenges before

such a task so that effort is focused towards solving them.

4.1 Coverage

Given the Arabic morphological entities that constitute the Arabic words, and given the
conditions that govern the combination of these entities, and according to the Arabic word
model presented in section[2.6], the number of possible Arabic words is a finite, though a
huge, number®. Let us call this number N;. Assume that we have already built our
morphological analyzer and tried it on each of the Nt possible Arabic words to find that it
can correctly analyze N words only. We then define the coverage of the analyzer to be:

N

C=—o
NT

<1 [4.1]

The closer from 1, the better is the morphological analyzer. As Nt is huge, no one is
going to compute c using formula[4.1]. To practically compute an approximate value of the
coverage of an Arabic computational morphological analyzer, a reasonably large and
unbiased text sample containing My words is scanned by that analyzer. Assume M words
only from the My ones are correctly analyzed. Then, the approximate coverage of the

analyzer ¢” is computed as:

cc=—-x<1 [4.2]

A system with ¢<98% is classified as an inferior one as it is unable to deal or
incorrectly deals with more than 1 word from each 50 ones; i.e., more than 4 faults are

committed per the average page.

To compare between two Arabic computational morphological analyzers with respect
to their coverage capabilities, repeat the procedure above with both of them and find their

uncoverage ratio uj; as:

[4.3]

If ui,>1, then the coverage of the first analyzer is better u;, times than that of the

1 Given around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular forms, 550 suffixes and
assuming the constraints on the conjunction and the combination on these entities, we have
(250-4500-1000-550)/10 = 610" possible Arabic words!
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second one. If u;»<1, then the coverage of the second analyzer is better 1/u;, times than that
of the first one.

To have a high coverage, the morphological analyzer cannot try vainly remembering
the morphological analysis of each of the possible Nt Arabic words. Instead, it should build
a reasonably small morphological knowledge base composed of the few thousand
separated entities from which any Arabic word can be constituted; i.e., the prefixes, the
roots, the forms, and the suffixes!. The analyzer must also employ some algorithm to
analyze, if possible, a given Arabic word into its constituting entities. In the next chapter,
we show how the morphological knowledge base of our analyzer is built. In chapter 6, the
analysis algorithm is detailed.

4.2 Tolerability

Ideally, the given Arabic text to be morphologically analyzed should have all of its words
be half or fully diacritized. Practically, the given Arabic text to be analyzed is expected to
contain non-diacritized words, partially diacritized words, words with wrong diacritics and
may even contain words with common near-miss spelling mistakes. Such a text is called a
crude text. Example[4.1] shows a typical crude paragraph taken from an Arabic newspaper.

Example [4.1]: A crude paragraph where common near-miss spelling mistakes and
wrongly diacritized words are underlined.

5! Wl Jall & sl o2k 4 5l
staseal Josf o 5o ol 5153 I oy
S B 1 Jlasl BW 1) Jozy s3B! sl
Sl San Ly Ll Jis e 01 sl st o, "5y 55 JLS™ sl T
A \,_M O o f Ja e JL;:\ DU d) ey £ Jume 332 olaBY) # Do
Ll e o sl G el ) F L Sl 2l ol 50 53L5
eyl ety 2l e 3,2 Sl g el
The successful morphological analyzer should be able to process both ideal and crude
text. Meanwhile, this analyzer should make use of any supplied diacritics to reduce the

1 Our system employs around 250 prefixes, 4500 regular derivative roots, 1000 derivative regular forms,
300 irregular derivative bodies, 250 fixed bodies, 120 fixed roots, 300 Arabized bodies, 300 Arabized
roots, and 550 suffixes. So, the total number of entities in our system = (250 + 4500 + 1000 + 300 + 250 +
120 + 300 + 300 + 550) = 7570 entities. Compare a know-ledge base of 7570 entities to a one of 6x10%
words!
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morphological ambiguity. Such a morphological analyzer is called a tolerable one. Making
our Arabic morphological analyzer tolerable is the concern of chapter 7.

4.3 Disambiguation

Ambiguity means having multiple interpretations of the same observation. As we
mentioned in section[2.6], the result of synthesizing an Arabic word from its constituting
entities is unique. Unfortunately, the same is not true for the analysis process.
Example[4.2] shows how a given undiacritized Arabic word can have many possible
morphological analyses. As we mentioned in section[4.2], the practically successful Arabic

morphological analyzer must deal with both diacritized and non-diacritized text as well.

Example [4.2]: A non-diacritized word may have multiple morphological analyses.

i/pword: & zws | Prefix Root Form Suffix
1 A — &, | M —
2 B — 6, | LA —
3 S fo — 3, Jais _
4 gt — S, §e —
5 3 — s, | gl —

Morphological ambiguity in a word can be decreased, and even sometimes
eliminated, if the diacritics of certain characters in it are provided. Example[4.3] shows
how the word in the example above can be ambiguity-free after careful partial
diacritization. Unfortunately, careful partial diacri-tization needs a highly knowledgeable
writer. So, careful partial diacritization is not a frequent clue to rely on.

Example [4.3]: Careful partial diacritization may remove the morpho-logical

ambiguity.
i/p word: G xes | Prefix Root Form Suffix
Gli — éd ., w}—“-w‘/':a : —

Although the morphological ambiguity is decreased appreciably when the input text
is half or fully diacritized, there remain many cases where half and even fully diacritized
words are still morphologically ambiguous. Example[4.4] shows how a given fully
diacritized Arabic word can have more than one morphological analysis.

31



Example [4.4]: Even a fully-diacritized word can still be ambiguous.

i/jpword: k6 | Prefix Root Form Suffix
(5 ) Jo — Jyd Jslé —
@l o B | — Jea | b —

The examples above show that morphological ambiguity of the Arabic words is an
inherent problem that can never be ignored. There is no practical solution that can
terminate the morphological ambiguity in Arabic text but there are three approaches that
can greatly reduce the ambiguity to the level that makes the morphological analyzer a really

helpful tool:

1. Linguistic approach: In this approach, the higher syntax and semantic layers, as
shown in figure[3.1], should be built and used to reject those morphological analyses
that lead to syntactically or semantically meaningless structures.

2. Statistical approach: Statistics of the occurrence frequency of each single entity and
the occurrence frequency of sequences of entities are collected from a large and
unbiased text corpus. When a word occurs within some sentence, these statistics are
examined and used to select the most probable morphological analysis of the word.

3. A mix of the two approaches above.

The third approach is the best as it is the nearest to the one used by humans.
Unfortunately, the first approach, and consequently the third one, is very difficult to
achieve. In fact, no one, so far, can claim he has built a good-enough general syntactic or a
semantic processor of Arabic. Consequently, the second approach is practically selected for

our morphological analyzer. Statistical disambiguation is detailed in chapter 8.

Like the coverage, the disambiguation capability of a computational morphological
analyzer can be evaluated by trying it on a reasonably large crude text sample with size of
M+t words. Assuming the analyzer can decide the correct single analysis for M words only,
its disambiguation! d can be written as:

dzﬂsl [4.4]
MT

1 The value of d resulting from statistical disambiguation is typically =95%. The ambiguity of the
remaining 5% is reduced but still needs manual checking to remove it.
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Chapter 5
Building the Morphological
Knowledge Base



5.1 The 9 Types of Morphological Entities

According to the Arabic word model presented in chapter 2, we have the following types of
entities from which any Arabic word can be constituted:

1. P Prefixes.

2. Rg Roots of the derivative words.

3. Fra: Forms of the regular derivative words.
4, Fig: Forms of the irregular derivative words.
5 R Roots of the fixed words.

6. F Forms of the fixed words.

7. Ra Roots of the Arabized words.

8. F« Forms of the Arabized words.

9. S Suffixes.

Figure[5.1] classifies these types of morphological entities.

Entities

] B0y

Derivative Non-derivative
Ry Frq Fig Fixed Arabized

) IFfIIRﬁﬂ

Figure [5.1]: Classifying the 9 types of morphological entities.
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5.2

The Two Parts of Entity Description

To build the morphological knowledge base, a computational description must be

developed for each of the nine types of entities listed above. How should such an entity

description look like in general?

Analogous to the “mechano” bricks, the Arabic morphological entities are in essence word

parts that are ready to fit one another in order to construct Arabic words according to the

Arabic word model presented in section[2.6]. So, the entity description must in general be

composed of the following two main parts:

1.  Isolated part: This part describes the entity in isolation; i.e., as it exists alone before
any interaction with other entities.

2. Interactive part: This part describes how the entity can interact with other entities,
according to the Arabic word model, for building words.
Each of the remaining sections in this chapter details the description of similar types

of entities.

5.3 The Description of the P and S Entities

The isolated part of a prefix or a suffix is composed of the following items:

1.

Spelling: If common near-miss spelling mistakes are expected, the near-miss
spellings are included after the correct one, else, the correct spelling only is
registered.

Shadda states: For each character in the spelling, this item registers whether the
character has a shadda (True) or not (False).

Diacritics: For each character in the spelling, this item registers the diacritic of this
character.
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1

The interactive part of a prefix or a suffix is composed of the following items:

The IDP vector: The elements of this vector are the identification properties of the
prefix or the suffix. An identification property (IDP) is a code of a prefix
morphological functionality class (prefix IDP) or a suffix morphological functionality
class (suffix IDP). Our model needs define only 33 prefix IDP's and 52 suffix IDP'st.
The prefix IDP's form a tree and so do the suffix IDP's. An IDP vector is composed
of some terminal IDP’s plus all the predecessors of these terminal IDP’s without
duplication. The prefix IDP's tree and the suffix IDP's tree are illustrated in
figure[5.2] and figure[5.3] respectively.

Action: This item is a code that determines both the analytic and the synthetic mutual
effects between the string of the prefix and the string of the body (prefix action) or
between the string of the body and the string of the suffix (suffix action). Our model
needs define only 20 prefix actions and 26 suffix actions. Due to the space limitations
here, only some of the prefix actions and some of the suffix actions are listed in
table[5.1] and table[5.2] respectively.

As our morphological knowledge base is composed of the descriptions of the relatively few building
entities only rather than the huge Arabic vocabulary, the number of items used for describing these entities
must also be few. Otherwise, the entity descriptions quickly grow massive that the whole idea of dealing
with only the building entities loses its value.
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Prefix ITDP

Apaal Balgau

> E a0
A LDEF
4] HGRR |
GRRb
. A, el
A _:C;" i'":l’!
'\ GRRk
=l als
‘T
slas B,
VORN
Y LYoun B
ST o b
T e N

ATF
A alac

N it
. CUSE
) 212

e ANSS
sl ad

Figure [5.2]: The tree of prefix IDP's
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Suffix IDP

CNT
aaall gl
- m  MDF
: . alaa
ol NMDF
4 MIH
R GMZ
{ NMR,
E92 a2
Y MNTH
e

GMth
A Euida pas

"".‘ ELnSl‘.l I =ls

‘ NSAB

‘Lul ,L,(Mm o1 aals]

asgs

\ Aaldg oo
4 DMNT
4 ﬁ-;-n;’a

' Cont.

a
N
A
‘ MNdn
<

|

A

Y GHan

Figure [5.3] The tree of suffix IDP's (cont. on the next page)
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(Convd) > VEEB

— DMRF
ad; Ales

g
N
8
]

1 MODR
f__,l.'a.a

NTWEK
21Sgill o9

; NKHF
NEKE

Figure [5.3] The tree of suffix IDP's (cont’d)
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Table [5.1]:

Some prefix actions.

Prefix The procedure of mutual effects between
Action Code | The prefix P=(p; ... pm-1 pm) and Examples
Ap The body B=(b; b; ... by)
ACtpDEF | P+B:P\B\:(p1 .. Pm-1 Pm b1 b, ... abn) P=_1
If («is not a definite diacritic) B:m;g
1 20
Then If (F, € {MNKS, NMMK}) P+B=oT
Then “bre {é (s} =
. p P=_Ju
Else abnE{bn, bn, bn} B “/i )
g =) A
Then P+B:P\B\:(p1...pm-1 [pm:“ij”][bl:“\,’] _~J J’L)'w ~
b2...bn) P:_SU
Il If (b]_E{()cdcﬁcbcubcupcubcwcjc)ciwc& cu}) B=:l
Then P+B=P B =(p; ... pm1 [Pn=J"] b1 by ... by) | P+B=-L2d1;
Else P+B=P B =(p; ... pm-1 [Prm="J"] b1 by ... bn)
ACtpDFGR I P+B:P\B\:(p1 . pm.]_ pm b]_ b2 “es abn) P:_U/
If («ris not a definte diacritic) B:@a‘\é
Then If (F,e{MNKS, NMMK}) p+B= sl
Then (an:“;g,a P_ =
Else *b,=by, B
1 If (Pma=="" AND pp==“J” AND b;== “J”) B=
Then P+B =PB= (p; ... [Pma=-J"] Jbs ... b) P+B=
P=_Ji
1 | The same as (I1) of Act,DEF B=u.l.
I\v | The same as (IIl) of Act,DEF P+B=g, L

1 F, is the Prefix Action Flag which is a component of the description of the Fq, Fig and F; entities and is
hence a component of the body. The descriptions of these entities are detailed in sections[5.4] and [5.6].
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Table [5.2]: Some suffix actions.

Suffix The procedure of mutual effects between
Action Code | the body B=(b; b, ... b,) and Examples
As the suffix S=(S; ... Sm-1 Sm)
ACtMINE | 1 B+S=B’S’=(b; ... bn2 “bn1”bn ’51) B=
If (bn==¢ AND b, has no Shadda AND a=Sokoon) |g=.
Then omit #by,, add Shadda to s; , y=Fateha a
Else If (by== """ AND f==Vowel) Bf_""w
Then y=Fateha Bt
Else If (B<Vowel) S
Then f=Kasra B+S=cle,
B:qt:s
S=—
B+S=L‘”sg}.f/§
ActDMMA | 1/B+S=B'S’=(by ... bn.1 “bn Ps15 ... Sm) B:in;f\
If (Fs==MNFT)* 5=0,
Then If (s; has no Shadda) B+S:Z>3Li;3\
Then f=Sokoon B M
Else e=Damma .
S=0,
B+S= U'yiktak
Act,MDWW | | B+S=B’S’=(by ... bn.1 “by Sy Sp ... Sm) B= L.
If (F==VWYA OR Fs==VYW2 OR F:==VERB) g 5
Then o=Damma, f=Vowel B+S=] ;L&
If (Fs==VAA OR F:==VAYW) B
Then o=Fateha, f=Sokoon o e
)
B+S= 1.
B=(
S=i,
B+S= Vs
Example[5.1] shows the description of some prefixes and suffixes.
Example [5.1.a]: The description of some prefixes.
Isolated part | Prefix IDP Vector Prefix

1 Fsis the Suffix Action Flag which is a component of the description of the F4, Fig and F; entities and is
hence a component of the body. The descriptions of these entities are detailed in sections[5.4] and [5.6].
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Action

I

[NOUN, DEF] Act,DEF
like in o7 Al
] [NOUN, HGRR, GRRb, DEF] Act,DFGR
like in 9?,2.3\»:
— [VERB, MODR, ACTV, MTKL, GM] Act,ACTV
like in &5
— [VERB, MSTK, MODR, ACTV, MTKL, GM] Act, TVMS
like in & o
Example [5.1.b]: The description of some suffixes.
Isolated part | Suffix IDP Vector Suffix
Action
— [NOUN, MINE] ActsMINE
like in W
i [NOUN, MNTH, MFth] ActsMFth
like in bz
G [NOUN, MNTH, MFth, DMNT, MFdn, GHdn, MNdn] | Act;MNDN
like in 1)
O [NOUN, CNT, GMZ, NMDF, MRF] Act,DMMA
like in o ;L
T— [VERB, DMRF, MADI, GHma, GMma, MZmd] ActsMDWW
like in 5l

54 The Description of the F4 Entities

The isolated part of a Frq is composed of the following items:

1.  The spelling: For each character in the form, this item registers either of the

following:

a)  Anordinary, constant, alphabetical letter.

b) A generic letter. Table[5.3] shows the generic characters used for representing

the F,q4 entities as well as their semantics.

If common near-miss spelling mistakes are expected, the near-miss

spellings are included after the correct one. Otherwise, the correct

spelling only is registered.
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Table [5.3]:

The generic characters.

N.B: The following notation is considered in this table:

1.  The generic character, of order k within the root, is registered at location i[K]

within the body.

2. The set Gjyq is the corresponding range of the generic character.

3. Alsthe set of all the Arabic alphabetical characters.

Generic .
manti Exampl
Character Semantic ample
Xk J)’iﬁ;
1<k<4 [ X=Cixk], u,.@
/\J ;J/L,; uf- Cirgg € A-Gig X3 9 X2 X1 ¢
il 5
Zx Zx = Ci[k]; s
2<k<4 |(cig € A-Gi) gy
s Wl 87> | AND ( (Cigy # Ciggg AND Cipg # Cig) for quad roots) =
Cina) OR (Cifz # Cifg for tri roots ) ) “zXaee
d S
2<k<3 |d=Cikp e
® @ B L0 —_— C)JJJ
Uinze > | (CiggeA-Gigg) AND (Cipz1==Cif3) i o x
4 S 302X
d Ju
s 263 283 = Cif2g3); 5
s O
.y 7 |Cipas) € A-Gipea ?
sl Oags I X1
y Yk = Cifk]s Jlase
k e
1<k<g |Cia< G- {Ginl0l} e
oy we Gigq[0] is the original character of the root and is X3! X2 Y1 ¢
Je replaced by any one of Gy - {Gipq[0]}
ikl - 1Gilk] S
2|
O The original character Giq[0] is omitted. 55
1<k<3
2 Ging = {Gipal 0]} i X3!0z Xi!

N
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2. Shadda states: For each character in the form, this item registers whether the

character has a shadda (True) or not (False).

3. Diacritics: For each character in the form, this item registers the diacritic of this
character.

4.  The character ranges: For each character in the form:
a) If the corresponding spelling letter is a constant one, a don't-care or CONS
code is registered.
b) If the corresponding spelling letter is a generic one, the code of its range is
registered.
For each generic character mentioned in table[5.3], one example of its possible
ranges is shown in table[5.4].

Table [5.4]: Some possible ranges of the generic characters.
Generic One possible range
character

Xk Gigg= WYHx = {lcse 5} = xc g {leses}

Zk Gigg= WYX = {ss} = 2 & {seo}

di Gigg = WYx ={sc s} = di g {ss}

d2&3 Gipea) = WYHX = {lcse s} = dogs & {lese s}

Yi Gitg = WHy = {lcs} = y= 51

Original letter (s here) at position i[K] within the
body and position k within the root is transformed
into (7).

Ok Gi[k]:WO:{;}:>Ok:)~L

Original letter (s here) at position i[k] within the
body and position k within the root is omitted.
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The interactive part of a F4 is composed of the following items:

1.  Relations: A relation is composed in turn of the following sub-items:

a) A prefix must-have IDP: If not null, then a prefix is permitted to precede the
form! only if the IDP vector of the prefix includes? the (prefix must-have IDP).

b)  Prefix may-have IDP vector: A prefix is not permitted to precede the form, if
any IDP from the prefix IDP vector is not mutually inclusive® with any IDP
from the (prefix may-have IDP vector).

c) A suffix must-have IDP: If not null, then a suffix is permitted to succeed the
form only if the IDP vector of the suffix includes the (suffix must-have IDP).

d)  Suffix may-have IDP vector: A suffix is not permitted to succeed the form if
any IDP from the suffix IDP vector is not mutually inclusive with any IDP from
the (suffix may-have IDP vector).

A prefix, a suffix and a form are a match if the IDP vector of the prefix matches the

IDP vector of the suffix4, and both of them satisfy the form's relation. Some forms can be
described by one relation whereas others need more than one. In case of more than one
relation, at least one of them must be satisfied by the IDP vectors of the prefix and the
suffix. Otherwise, the prefix and the suffix do not fit the form. In section[6.3] and [6.7], the
Boolean formulae[6.1] through [6.3] compact the prefix-body-suffix match verbally
expressed above.

2. Prefix action flag: A prefix action flag is a code of the morphological class of the
form when preceded by a prefix. The prefix action of the prefix that precedes a form
uses this flag to tune the mutual analytic or synthetic effect between the string of the
prefix and the string of the form. Table[5.5] lists some prefix action flags and their

semantics.

1 Or more precisely “precede the body produced by the combination of this form and a suitable root”.

2 An IDP vector includes a given IDP if at least one IDP in the vector is a descendant of the given IDP.

3 Two IDP's are mutually inclusive if one of them is a descendant of the other.

4 If one IDP in the prefix IDP vector is not compatible with one IDP in the suffix IDP vector, the prefix IDP
vector does not match the suffix IDP vector.
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Table [5.5]: Some prefix action flags.

Prefix Action Flag Semantic
pbf NMSR G Y AL 3 580 S 05 Ll
pbf NMMN (S 9‘}}1‘ e 3 L 5y O ) Al a § s L)
pof EL SE S b oy B R T

3. Suffix action flag: A suffix action flag is a code of the morphological class of the
form when succeeded by a suffix. The suffix action of the suffix that succeeds a form
uses this flag to tune the mutual analytic or synthetic effect between the string of the
form and the string of the suffix. Table[5.6] lists the suffix action flags and their

semantics.

Table [5.6]: Some suffix action flags.

Suffix Action Flag Semantic
bsf MNFT | saxy sobd G, (30, S30 i g oW 7 i 0805 a1
bsf NA .Quai\ o g L Dok fidy 05 B3l (o () Gy Dl e

bsf ELSE = T Y LR e e i

Example[5.2] shows the description of some F4's.
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Example [5.2]: The description of some F4 entities.

Description of Fq4 entity

Examples

Spell1: (MEEM, X1, X2, 23, 4) | i = 510 2
<&+ |Shadda: (FALSE, FALSE, FALSE, FALSE, TRUE) | Libi ¢ 0T, b
Diacritics: (DMMA, SOKOON, FATEHA, KASRA, UNDT) — ,apd
Ranges: (CONS, NNBS, NNBS, NNBS, NNBS) j@,‘&ﬂ
Prefix must have IDP: null ’
Prefix may have IDP vector: [VORN, NOUN].
Suffix must have IDP: null
Suffix may have IDP: [NONE, DMNT, NOUN].
Prefix action flag: NMSR
Suffix action flag: NOUN
Spelll: (ALEF, SEEN, TAA, x1, x2, ALEF, x3) Ci}%;‘ “<zot
Jbuw\ Spell2: (HMZE, SEEN, TAA, x1, x2, ALEF, x3) JU « e
Shadda: (FALSE, FALSE, FALSE, FALSE, FALSE, FALSE) Ju,w\ «JJE
Diacritics: (BPKS, SOKOON, KASRA, SOKOON, FATEHA,
VWL, UNDT)
Ranges: (CONS, CONS, CONS, WYX, NNBS, CONS, WYXx)
Prefix must have IDP: null
Prefix may have IDP vector: [VORN, KSAM, CALL, HGRR]
Suffix must have IDP: null

Suffix may have IDP vector: [NONE, DMNT, MDF, NMDF, MTH,
MRF, NMR, MNTH, MINE]

Prefix must have IDP: DEF
Prefix may have IDP vector: [VORN, NOUN]
Suffix must have IDP: null
Suffix may have IDP vector:  [NONE, NMDF, MTH, MRF, NMR,

MNTH]
Prefix must have IDP: null
Prefix may have IDP vector: [VORN, NOUN]
Sufffix must have IDP: NSAB
Suffix may have IDP vector: [DMNT, NOUN]
Prefix action flag: NMSR
Suffix action flag: NOUN
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55  The Description of the Ry Entities

The isolated part of a Ry contains a single item only:

- Spelling: The spelling of a Ry is composed of either three (triple Ry) or four (quad
Rq) alphabetical letters.

The interactive part of a Ry also contains a single item only:

- “Ella” flagl: Many triple Ry's have one or more “Ella” characters. Although the
constant characters of such Ry's may obey the corresponding ranges of the generic
characters of a given Fq, the Ella flag may ban the combination of such a Ry and the

given F. Our system needs define only 10 Ella flags, some of which are explained

in table[5.7].
Table [5.7]: Some Ella flags.

“Ella” flag Explanation like in
VERB @e s p o BNy H ) | 2 Jg
VLAA el By ol 3 il W B s s

) e
giij.oj @"*‘i
VLAWY N IR WX UR Y, RN S Y Bt PR
Saadl e el @ Gid o e T Ls
2l g Ll & G G N A ey
VMAA @uai\ Syl gL L e e B e
VMWY WL o gy ol 5 calliL Bl el sl s sy ¢
S el g Gl e kL o Loy
> - J}&_g

Example[5.3] shows the description of some Ry's.

1 In the Arabic morphology, “Ella” means the replacement of an original vowel character by another one in

order to make the resulting word phonetically plausible.
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Example [5.3]: The description of some Ry entities.

Spelling | (RAA, FAA, DDAD) (_> < )
Ella flag| VERB

Spelling | (EIN, RAA, FAA) (& ¢)
Ella flag| VERB

Spelling| (TTAA, YAA, RAA) (, s &)
Ella flag VMWY

Spelling| (EIN, LAM, WAW) (5 J ¢)
Ella flag| VLAWY

Spelling | (WAW, HA, BAA) (< —» 1)
Ella flag| VFFT

5.6 The Description of the Fiy, Ff, and F, Entities

Eal A

The isolated part of a Fig, F; or F4 entity is composed of the following terms:

Spelling: As that of the Fq entities but with no generic characters.
Shadda states: As that of the Fq4 entities.
Diacritics: As that of the F.q entities.

Root spelling: As these entities do not have a built-in derivation mechanism that
enables the analyzer to automatically extract the root (whether is a Ry, Rf or Ry) from

the body, the root spelling must be explicitly mentioned in the description.

The interactive part of a Fig, F; or F5 entity is composed of the following items:
Relations: As that of the F,q4 entities.

Prefix action flag: As that of the Fq entities.

Suffix action flag: As that of the Fq entities.

Example[5.4] shows the description of one Fig, one Fr and one F,.
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Example [5.4]:

The description of one Fiq, one F¢, and one F, entities.

Type of entity Description of the entity
Fig Spell: (TAA, ALEF, RAA, YAA, KHAA) (= 915)
Shadda: (FALSE, FALSE, FALSE, FALSE, FALSE)
Diacritics: (FATEHA, VOWEL, KASRA, VOWEL, UNDT)
Root: (HMZA, RAA, KHAA) (+ 1)
Prefix must have IDP: Null.
Prefix may have IDP vector: [VORN, KSAM, CALL, HGRR]
Suffix must have IDP: Null.

Suffix may have IDP vector: [NONE, DMNT, MDF, NMDF, MTH,
MRF, NMR, MINE]

Prefix must have IDP; DEF
Prefix may have IDP vector: [VORN, NOUN]
Suffix must have IDP: Null.

Suffix may have IDP vector: [NONE, NMDF, MTH, MRF, NMR]

Prefix must have IDP: Null.
Prefix may have IDP vector: [VORN, NOUN]
Suffix must have IDP: NSAB.
Suffix may have IDP vector: [DMNT, NOUN]
Prefix action flag: NMSR.
Suffix action flag: NOUN.
Fs Spell: (HA, ZAL, ALEF) (i)
Shadda: (FALSE, FALSE, FALSE)
Diacritics: (Hidden Alef vowel, FATEHA, VOWEL)
Root: (ZAL, ALEF) (i3)
Prefix must have IDP: Null.
Prefix may have IDP vector: [VORN, KSAM, HGRR]
Suffix must have IDP: Null.
Suffix may have IDP vector: [NONE]
Prefix action flag: ELSE.
Suffix action flag: ELSE.

50



Example [5.4]: The description of one Fig, one Fz, and one F, entities. (cont’d)

Type of entity Description of the entity
Fa Spell: (GEEM,, HA, NOON, MEEM) (.%s>)
Shadda: (FALSE, FALSE, TRUE, FALSE)
Diacritics: (FATEHA, FATEHA, FATEHA, UNDT)
Root: (GEEM, HA, NOON, MEEM) (¢>)
Prefix must have IDP: null
Prefix may have IDP vector: [VORN, HGRR, KSAM]
Suffix must have IDP: null.
Suffix may have IDP vector: [NONE]
Prefix must have IDP: null
Prefix may have IDP vector: [VORN, NOUN]
Suffix must have IDP: NSAB.
Suffix may have IDP vector: [DMNT, NOUN]
Prefix action flag: NMMN.
Suffix action flag: NOUN.

5.7 The Description of the Rfand R, Entities

The isolated part of a R; or R, entity is composed of the following items:

1. Spelling: Only the correct spelling of the entity is stated here.

2.  Shadda states: As that of the Fq4 entities.

3. Diacritics: As that of the F.q entities.

No interactive part is needed for these types of entities.

Example[5.5] shows the description of one Rs and one R,.

Example [5.5]: The description of one R¢ and one R, entities.

Type of entity Description of the entity
Ry Spell: (ZAL, ALEF) (%)
Shadda: (FALSE, FALSE)
Diacritics: (FATEHA, VOWEL)
Ra Spell: (GEEM, HA, NOON, MEEM) (%)
Shadda: (FALSE, FALSE, TRUE, FALSE)
Diacritics: (FATEHA, FATEHA, FATEHA, FATEHA)
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5.8 Notes on the Authory of the Morphological Entities

Through out this thesis we are working out a computational model of the Arabic
morphology not the Arabic morphology itself. Books about the Arabic morphology written
by the traditional Arabic linguists are presenting the Arabic morphology to ordinary human
students and are not concerned at all with computational modeling. These books are
speaking about neither morphological entities, isolated part, interactive part, IDP's, actions,

etc, nor about a lot of the terms we have coined to describe our computational model.

To build the morphological knowledge base, we had to read, understand, filter and
then convert the contents of these traditional books on the Arabic morphology (See
references from [1] to [15]) into the form required by our model. Both the filtering and the
conversion processes are delicate ones because they very often require selecting one from
several opinions as well as answering fuzzy questions not normally discussed among the
traditional Arabic linguists.! To be honest and scientific enough, we'd like to conclude this

long chapter with the following statement:

Although systematic entity descriptions have been developed, subjective factors like
the Arabic linguistic background, taste, sense and feel of the developer played a major role
in the quality of the resulting morphological knowledge base which is in turn reflected on
the performance of the whole system.

1 When should two similar entities be considered as one entity and when should they be assumed different?,
Which entities should be considered and which ones should be ignored?, How can we be sure that we
have satisfactorily collected all the members of one type of entities?, ..., etc.
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Chapter 6
The Morphological Analysis
Algorithm



The morphological analysis alogrithm accepts the spelling of an input word® W; and tries to

find all the quadruples, if any, that can represent this undiacritized word. Each of the

following sections details a step of the algorithm and applies this step to the following

example:

Example [6.1]

Given an input string Ws = 1 sheza] ;
Get all the possible morphological analyses of this input string.

6.1 Extract All the Possible Prefixes

- Prepare an empty list L.

- Match the spellings, the correct one and the near misses, of all the P entities in the

morphological knowledge base against W; from the beginning and forwards.

- Put the codes of the matching prefixes in L.

- If L, is empty, exit declaring the input word as an invalid Arabic word.

After applying step 1 to our example, the contents of L, are as follows:

L, array index Code Prefix
0 0 () Gl Y
1 82 1% near-miss spelling () 31 Caf

6.2 Extract All the Possible Suffixes

- Prepare an empty list Ls.

- Match the spellings of all the S entities in the morphological knowledge base against

W, from the end and backwards.

- Put the codes of the matching suffixes in Ls.

- If Ls is empty, exit declaring the input word as an invalid Arabic word.

1 The analysis algorithm processes the spelling part of the input string only. Shaddas and diacritics are

considered in the synthesis phase presented in the next chapter.
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After applying step 2 to our example, the contents of L are as follows:

Lsarray index| Code Suffix
0 0 () 3=y Y
1 81 (V) g b el 20 Gt
2 251 (1) W & o L
3 253 () w2l & asld by
4 375 (1) pas of sl gl 4
5 377 (V\))pg\jgﬁ;&\ig@\’ég@\}\j

6.3 Match the Possible Prefixes with The Possible Suffixes

A prefix IDP can be compatible with a suffix IDP or not according to the following binary

function:

C(prefix IDP, suffix IDP) :{

1ifthe IDP's are compatible.
0 if the IDP's are not compatible.

[6.1]

A part of the binary table that defines the C function is shown in the following figure:

pVORN

pQUES

pTWK

PNONE | pATF

SNNMN

SNNMH

SNNGZ

SNNGN

SDMRF

SMODR

SsGUNM

sNGmd

sRFmd

sGZmd

PR (R, Rr|IRP[RPRRPRRP P[P

P, |lo|lr|lkr|r|lolo|lo|lo|---

=R R R R e S =

R ok | OolRr kPR |IFRPR|FR|[FR|FL|---
R R R R S S = =

Figure[6.1]: A part of the binary table that defines the C function.
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If any IDP in the IDP vector of a prefix P is not compatible with any IDP in the IDP

vector of a suffix S, then P and S can not coexist (do not match) within the same word.

Otherwise P and S match. This may be expressed by the following Boolean logic

expression:

MatchPS :ﬁﬁC(IDPp[i], IDR[j])

-1 j=1

Now, step 3 of the analysis algorithm is as follows:

- Prepare an empty list L.

- Match each prefix in L, with each suffix in Ls.

- Put the code pairs of the matching prefix-suffix pairs in Lps.

[6.2]

- If Lps is empty, exit declaring the input word as an invalid Arabic word.

After applying step 3 to our example, the contents of L, are as follows:

Lps array The matching Prefix-Suffix pairs The FOde
index pairs

0 OO @Y NE- Y (0,0)
1 () 34 el 0 WhGl ) (0,81)
2 (1) (2 & 30 GG Yy (0,251)
3 (15)() (W & 2L Y Gile )| (0,253)
4 (D) o) o o ¢ lall & 20 LGl vy (0,375)
5 (1)) (s of sl ¢ jlal) el )Gl Yy (0,377)
6 O GY NI | (82,0)
7 (D) Ga) o st ¢ lall & 250 G L | (82,375)
8 (1) (a5 wsall ¢ jall & 2l YR Lty (82,377)
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6.4 Extract All the Possible Body Strings

- Prepare an empty list Ly,
For each prefix-suffix code pair Lps[i]:

- Using the prefix's spelling string and the analytic part of the prefix's action,
dissolve the prefix string away from Ws. Put the remaining strings in a
temporary list W',

For each W' [j]:

- Using the suffix's spelling string and the analytic part of the suffix's
action, dissolve the suffix string away from W',[j]. Put the remaining
strings in a temporary list W' .

For each W' [K]:

- Add W [K] to Ly, associated with the index i of the corresponding Prefix-
Suffix pair in Lps.

After applying step 4 to our example, the contents of Ly, are as follows:

Ly array
index

Index of the corresponding Prefix-Suffix
pair in Lps

0

Body string

o

O© | 0 N | o~ w DN

[EN
o

0| 0NN OO O bh | W IN |-

[EEY

[EEY

gE/
f
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6.5 Unify the Similar Body Strings

Lr, may contain similar body strings corresponding to different elements in Lps. For the sake
of efficiency, each group of similar body strings is reduced to a single item b; contaning a
single body string and a group of pointers to the corresponding elements in Lys. Put the by
items in a list called Lp;.

After applying step 5 to our example, the contents of Ly; are as follows:

Lb'l array Body string Indeces of the corr.esponding Prefix-Suffix
index pair in Lps

0 | sheaos) 0

1 shean) 1,2,4

2 o) 3,5

3 | sheaor 6

4 NWE 6

5 | ot 7

6 shazos) 7

7 s 8

8 Jozs) 8
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6.6 Dissolve the Bodies into Roots and Forms

- Prepare an empty list L.
For each body string in Lp;:
- Match all the Fq entities in the morphological knowledge base with the body
string.
For each match with an F.4 entity having code f:
- Extract the corresponding root.

- If the extracted root exists in the Ry entities and has a code r, add to L
the pair (t = RegularDerivative: r, f) and a pointer to the body in Ly;.
- Match all the Fiq entities in the morphological knowledge base with the body
string.
For each match with an Fiq entity having code f:
- Get the corresponding Ry root with code r.
- Add to L the pair (t = IrregularDerivative: r, f) and a pointer to the body
in Lp;.
- Match all the F¢ entities in the morphological knowledge base with the body
string.
For each match with an F; entity having code f:
- Get the corresponding Ry root with code r.
- Add to L the pair (t = Fixed: r, f) and a pointer to the body in Lp;.
- Match all the F, entities in the morphological knowledge base with the body
string.
For each match with an F, entity having code f:
- Get the corresponding R, root with code r.
- Add to L the pair (t = Arabized: r, f) and a pointer to the body in Lp;.

- If Lyt is empty, exit declaring the input word as an invalid Arabic word.
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After applying step 6 to our example, the contents of L, are as follows:

Lt Indeces of the
array The root-form pairs (t: r, f) corresponding
index bodies in Ly;

0 (RegularDerivative: 3806 (J 5 #), 41 (X3 Y2 X1 < 1)) 2

(RegularDerivative: 3806 (J 5 ), 41 (Xs Y2 X1 & - 1))

(RegularDerivative: 3817 (J s ¢), 42 (X3 Y2 X1 & 1))

(RegularDerivative: 3817 (J « ), 42 (X3 Y2 X1 & L+ 1))

(RegularDerivative: 3806 (J 5 ¢), 43 (X3 Y2 X1 = 1))

(RegularDerivative: 3806 (J 5 #), 43 (X3 Y2 X1 & 1))

(RegularDerivative: 3817 (J s ¢), 44 (X3 Y2 X1 & 1))

~N (o o B W DN
o [N |00 N |00 | N |

(RegularDerivative: 3817 (J  ¢), 44 (X3 Y2 X1 & 1))
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6.7 Match the Forms with The Corresponding Prefix-Suffix Pairs

- Prepare an empty list L,
For each item in L

- Using pointers, go to the corresponding item in Ly; and whence go to the
corresponding prefix-suffix code pair (p, s) in Lps.

- Using the relations of the form and the two IDP vectors of the prefix and the
suffix, test whether the prefix and the suffix match the form. The condition of
the prefix-body-suffix match or pbsMatch expressed verbally in section[5.4],
while explaining the relations, can be expressed formally by the following
Boolean logic expression:

Defining:
X, + X0 = X ORX,
X, - X,0= X AND x,
~ X = NOT X
where x; and x, are Boolean logic variables, and:

TRUE or 1if IDP, is a descendant of IDP,

in the prefix or suffix IDP's tree.
SonOf (IDR,, IDPR,) =
FALSE or 0 if IDP, is not a descendant of

IDP, in the prefix or suffix IDP's tree.

For a prefix having an IDP vector pIDPvec with length I,, a suffix having an
IDP vector sIDPvec with length |5, and a form having R relations; let

lP
pMustMatch(r, pIDPvec) = > SonOf (pIDPved]i], pMust[r])
i=1
L Tlr] SonOf (pIDPved]i], pMaylDP j
pMayMatch(r, pIDPvec) =~ > »" ~ (SonOf (pIDPvedi] pViay vecr['j])+
SonOf (pMayIDPvec,[ j], pIDPvedi]))

i1 j

Is
sMustMatch(r,sIDPvec) = ZSonOf (sIDPvedi], sMust[r])
i=1
L 3 ((SonOf (sIDPvedi], sMaylDPvec, | j
sMayMatch(r,sIDPvec) =~ > " ~ ( (sIDPved] hadnild '[.J])+
= <= | SonOf (sMayIDPvec,[ j],sIDPvedi]))

therefore:

pbsMatch = >° [6.3]
sMustMatch(r, sIDPvec) - sMayMatch(r, sIDPvec)

r=1

R (pMustMatch(r, pIDPvec) - pMayMatch(r, pIDPvec)]

- If the ppsMatch is TRUE, add the quadruple (t: p, r, f, s) to Lg.
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- If Ly is empty, exit declaring the input word as an invalid Arabic word. Else,

the contents of L, are all the possible quadruples that can represent Ws.

After applying step 7—the last step, to our example, the contents of L are as follows:

L‘i‘nadrgjy Quadruple
0 (t=RegularDerivative: P=0 (’Qu,/u Y), r=3806 (J 5 o),
f=41 (X3 Y2 X & [+ 1), $=253 (2l & el 513))
. (t=RegularDerivative: P=0 (Gl V), r=3817 (J & ¢),
f=42 (X3 Y2 X1 & 1), $=253 (oWl i aslidl )
, (t=RegularDerivative: P=82 (>3 Luf), r=3806 (J 3 2),
f=43 (xa Y2 X1 & [+ 1), S=377 (521 5 el ¢ L) w0 2eld1 1))
5 (t=RegularDerivative: P=82 ( {:i;\ Lif), r=3817 (st 2,
=44 (X3 Yo X & 1), S=377 (321 of oo ¢ 5l 10 20600 1)
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Chapter 7

Morphological Synthesis



7.1

The Purpose of Morphological Synthesis

By the end of the previous chapter, we explained how an input word W is analysed to get

all the quadruples, if any, that can represent only its spelling part Ws. The next phase is to

resynthesize these quadruples and compare the resulting half diacritized words?! to W. This

process enables the morphological system to achieve the following two goals:

1.

12
1.

Ambiguity reduction: If W is partially diacritized?, we reject those quadruples which

represent words that do not match the partial diacaritization of W, hence the

morphological ambiguity of W is reduced. Utilizing the partial diacritization, if any,

of W for this purpose is governed by the following two rules:

i)  The diacritics, if any, of W are not considered if W contains a common near-
miss spelling mistake, a shadda-state mistake or a diacritics mistake.

i)  The shadda states, if any, of W are not considered if W contains a common
near-miss spelling mistake or a shadda-state mistake.

Automatic half diacritization, and correction of near-miss spelling mistakes:

When a single quadruple gpest is elected after the disambiguation phase?, the input

word W is replaced by the half-diacritized word Wyt Synthesized from gpest. Note

also that as Wyest 1S synthesized from Qpest USing the correct spelling of each entity in

Obest; Whest IS Void of any common near-miss spelling mistakes.

The Morphological Synthesis Algorithm

Make an empty list L.

For each quadruple Lg[i] in the Lq list:

2. According to formula[2.2], synthesize the diacritized word L,[i] corresponding
to Lgfi].

3. Compare the spelling of L,[i] with the spelling of W. If they do not match?,
mark Lq[i] as Spell_Match and jump to step 7.

4.  Compare the shadda states? of L,[i] with those of W. If they do not match, mark
Ly[i] as Spell_Match and jump to step 7.

1 Review section[2.3] for the definition of half diacritization.

2 Review section[2.3] for the definition of partial diacritization.

3 Disambiguation, which is statistical in this thesis, is the last phase of the morphological processing of an

input word. The next chapter is devoted to discuss Statistical Disambiguation.

4 This mis-match occurs when W contains one or more common near-miss spelling mistakes.
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5. Compare the diacritics? of L,[i] with those of W. If they do not match, mark
Ly[i] as Shadda_Match and jump to step 7.
6.  Mark Lq[i] as Diacritics_Match.

7. If one or more quadruples in Lq are marked Diacritics_Match, then:

Only the quadruples marked Diacritics_Match are the possible analyses of W.

Other quadruples are rejected from L.
- Exit.
8.  If one or more quadruples in Ly are marked Shadda_Match, then:
- Only the quadruples marked Shadda_Match are the possible analyses of W.
- Other quadruples are rejected from L.
- Exit.
9.  All the quadruples in L4 are possible analyses of W. Exit.

After applying the algorithm above to the L, list obtained in section[6.7] for

example[6.1], the possible analyses of W are:

i Lqi] L[]

0 (Regular-Derivative: 0, 3806, 41, 253) i ;l«w\
1 (Regular-Derivative: 0, 3817, 42, 253) ey
2 (Regular-Derivative: 82, 3806, 43, 377) \)LM\
3 (Regular-Derivative: 82, 3806, 44, 377) \jl-vw\

Note how the common near-miss spelling mistake “ is corrected to “” in each of

Lw[i]’s above.

1 If the shadda state of some character in W is not supplied, it is assumed in match with the corresponding
shadda state of L,[i].

2 If the diacritic of some character in W is not supplied, it is assumed in match with the corresponding
diacritic of L,[i].
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Chapter 8
Statistical Disambiguation



8.1. The Disambiguation Scheme

Given an input word string W, we concluded the previous chapter with all its possible

morphological analyses, quadruples, put in a list Ly In this chapter, our task is to

disambiguate these quadruples; i.e., choose only one; the most likely one from them. Our

general scheme for disambiguation is:

Prepare an empty scores list L.

Consulting some morphological statistics! and according to some statistical criteria,
assign each quadruple Lq[j] a score Lg[j]. (Review section[4.3] for why the statistical

approach is chosen.)

Get the maximum score in the Ly array;
St = MaX(Lo[])= LicL e
- Get

S e %o =

(L[]

J

If (Smax = Trust threshold) AND (Smax% = AutoSelect threshold), declare Lg[jmax]
disambigeously as the best analysis of the input word. Else, ask a human operator to
select the right quadruple itself.

Whereas comparing with the Trust threshold detects statistically feeble best

quadruples, comparing with the AutoSelect threshold detects the statistical ambiguity

among the top scoring quadruples?.

The rest of this chapter discusses how to build the morphological statistics as well as

the statistical scoring criteria of the quadruples in L.

1

These statistics are built from a morphologically analyzed and disambiguated large-enough text corpus.
As the untrained system then is still unable to disambiguate automatically, the disambiguation of the
training text corpus cannot but be made manually. Having a care-fully diacritized text corpus, as was
fortunately the case with this system, limits the number of possible quadruples per word hence
considerably simplifies such a manual task.

For a delicate text the AutoSelect threshold should be set high, say 0.99, which raises the ratio of the
words that need manual checking. A less delicate text, on the other hand, may be disambiguated with a
lower threshold, say 0.97, which lowers the ratio of the words that need manual checking.
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8.2 The Correlation Neighbourhood

In any language (a natural language, a computer language, Mourse's signals, ..., etc.), words
(the units of the language) are not occurring randomly if meaningful context is to be
expressed. This non-random occurrence phenomenon is responsible of what is called the
correlation between the neighbouring words in a sentence; i.e., the likeliness of some word
to occur gets higher when some certain words occur as neighbours and gets lower when
some other words occur as neighbours!. Example[8.1] illustrates the idea with two Arabic

sentences.

Example [8.1]

Sentence 1: s ol Al e
The occurrence of (& Ji) implies that (_Ju5) is the most likely solution of ().
Sentence 2: Sl A A Wb i

The occurrence of (& &15) implies that (J&) is the most likely solution of (J).

Assume our word of interest, being disambiguated, W, occurs within a sentence (...
W, Wy Wo Wiy Wiy ...); where W.'s are the previous neighbours and W.i's are the
subsequent ones. Now, W, is correlated to both its previous neighbours as well as to its
subsequent ones. If one is going, naturally, to scan the text in order (from the start of the
text toward its end), then the disambiguated analyses Q.i's of W.j's are not available while
W, is being examined, and we have to consider the correlation with Q.'s only. How can a
possible quadruple Lq[j] of Wy be scored based on the correlation of Lg[j] with Q.i's?

The well established answer used in automatic recognition systems, especially
Speech Recognition, is to use the m-gram conditional probability for expressing
correlation?. So the score Lg[j] given to a possible quadruple L4[j] of Wy is given by the

following expression:
L [i1= P(Ly LT Q oy Qg Q2 Q) (8.1

where m is called the width of the Correlation Neighbourhood. As the correlation of Lg[j]
to Q.i decreases quickly with i increasing, m needs not be large. In fact, the most typical

values of mis 2, 3 and 4.

1 See Ref. 19, chapt.5, pp. 411 through pp. 435 for a discussion of the correlation of signals in general.
With respect to correlation, a text stream (sequence of words) may be regarded as a digital signal.

2 In automatic recognition systems, m-gram conditional probabilitiy is just an auxiliary scoring mechanism
that supports the main recognition technique which may be Hidden Markov Models or Neural Nets for
example.
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In short hand notation, Eq.[8.1] is rewritten as:

Lol i1=P(LLiT| Q) (8.2

8.3 Two Hard Difficulties

Two important statistical features of any real text corpus are important to mention here:

1.

Any finite-size text corpus, whatever large, is sparse. Sparseness means that; from all
the possible m-gram combination of the vocabulary words, a lot, in fact most, of

these combinations occur rarely or do not occur at all within the text corpus.
Sparseness increases as m gets larger.

So, if a direct, and naive, m-dimensional array is devoted to accomodate the

occurrences of each of the possible m-grams in a training text corpus, the following two

tough problems are encountered:

1.

The needed storage for such an array is proportional to Vm; where V is the vocabulary
size. If, for example, V=10000 (which is typically considered a small vocabulary
size) and m=3, then the needed storage is prohibtively, and wastefully, large.

Due to sparseness, most of the elements of such an array, if ever implemented, will
be either zeroes or unusefully very small. The minority of the elements which register
considerable occurrences (neither zeroes nor very small numbers) can be regarded as
reliabale estimates of the actual frequency of the corresponding m-grams, whereas the
majority zero or very small elements can not be regarded as reliable (See ref.[21]). As
computing m-gram probabilities directly relies on the frequency estimation, these

estimates must be reliable enough.

How can these two problems be overcome?

Amongst several good techniques designed to economically and reliably compute the

m-gram conditional probabilities, the one employed in the IBM's speech recognizer is

selected here (See ref.[21]). This technique, which will be called here The Bayes Turing-

discount Back-off technique, works in general as follows:

1.

1

When the occurrence of the required m-gram is high enough, the Bayes' rule! is
applied directly for reliably estimating the m-gram conditional probability.

When the occurrence of the required m-gram is rare, the conditional probability is
reliably estimated via the Turing-Good discount procedure?.

The Bayes' rule is the very basic law of conditional probability. It states that P(x, [x;)= P(x1, X2)/P(xy). For
-1 -1
m-grams it is written as P(Wm|ern )= P(Wlm)/P(Wlm ).
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3. When the required m-gram occurs once or does not occur at all, the conditional
probability is estimated recursively via the Back-off procedure using the occurrence
statistics of (m-1)-grams.

As the Back-off procedure compensates for the unseen and seen-once m-grams, this
technique needs only store the occurrences of those m-grams which occurred more than
once. Hence the storage requirements are vastly reduced. Also, this technique switches
(according to the frequency of the m-gram) among three procedures, or modes, for
estimating the conditional probability as reliable as possible.

84 The Bayes Turing-Discount Back-off Technique
The mathematical derivation of this technique is presented in ref.[18].

The run-time phase (Estimating the m-gram conditional probabilities)

if c(w") >k,
Apply Bayes’ rule

{
. e c(w"
if m>1, P(Wm|w1 1):0($N—51))
1
if m=1, P(Wm|wl’“‘1)= %
} Eq. Set[8.3.1]

if (m=1ANDc(W") <k, JOR (m >1ANDK, <c(w") <k,),
Apply Turing-Good discount

{
*(Wlm _ (C(Wlm) +1)' nc(w{”)+l,m
c(wf")m
c m
Aoy = C(mlll_)g
m

if m>1, P(w, [w")= Aoy CC(fNV\ﬁm_l))
1

if m=1
{
cwy)

if c(w") =k, , P(w, i )=d_, - ¥

if C(VVil) < k2! P(Wm|W{n_l): nlin(];

1 For a thorough mathematical derivation and discussion of Turing-Good discount procedure, see ref. 21.

70



}
Eqg. Set[8.3.2]

if (c(w") <k, )AND(m>1),
Apply the back-off recursive procedure

{

}

if c(w™") >k,

{
if m>2, P( )=0!(W1ml) ( )
|fm2P(| )a(l)P()
}
if c(w"™) <k,
{
it m>2, P(w, W)= P(w, [wi?)
if m=2, P(Wm|wlm’1)= P(w,)
}

Eqg. Set[8.3.3]

ki & ks are constants with the typical values k;=5 & k,=1

N=Total number of the occurrences of monograms.

nr m=number of m-grams that occured exactly r times.

The off-line phase (Building the statistical knowledge base)

1.
2.

3.

Build the m-grams w;" and their counts c(w;") forall 1<m<M.,
Get the counts ny, for all 1<r<k;+land 1<m<M.
(kl +1) ’ nk1+l,m

rll,m
Sort all the m-grams ascendingly using the quick-sort algorithm for later
fast access using binary search.
Compute the o parameters as:

1- > P(Wm w )

;1<m<M.

Compute 6, =

a(Wm—l) — Wy oWy )>0 ‘m > 1
' 1- P(wm‘w;“‘l)
Wy, e(w")>0
Discard w;"and the corresponding a:(W;" ) for which c(w;") <k, .

Eq. Set[8.4]

85 Entity 4m-grams Instead of Word m-grams

To simplify the discussion in sections[8.2] through [8.4], we assumed the word as the basic
unit of text. To consider the internal structure of the word as W=Q=(t: p, r, f, S), entity 4m-
grams are built instead of word m-grams and the following conditional probability is

computed:
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4m
= P(ezl(m—l)ﬂ €

P(Qm ‘leil ) = P((e4m—3 ! e4m—2 ' e4m—1 ! e4m )‘ (e4m—7 ! e4m—6 ' e4m—5 ’ e4m—4 ) 1 (el’ ez ’ e3 ' e4 ))

4Am

j-1

14(m—1))_ P(elztm) _ lj_!l:’(eielJ )
4(m-1, 4(m-1]

") el

j=1

Note: To make each entity have unique ID, we set:

= P(e4m ‘efm_l)' P(e4m71‘e14m_2 ) I:>(e4m72 ‘efm_S ) P(e4m—3 ‘efm_A)

Any type : p = e=p; epmax=Pwmax

Regular_Derivative : r = e=€ymaxt; Errmax=€pmax+Rrmax

Regular_Derivative : f = e=€rmax+f; eirmax=€rrmaxtFrmax

Irregular_Derivative : f = e=€eqrmaxtf; €irmax=€irmax+Fimax

[8.5]

Example[8.2] shows the statistically disambiguated morphological analyses of the

word of example[6.1] at two different contexts. The highest m-gram statistics used for this

example is bigram; i.e., M=2.

Example [8.2]: i- Disambiguating o ) ¥
j Lqli] Lolil | L«[]1%
0 (Regular_Derivative: 0, 3817, 42, 253) bty | 90.34
1 (Regular_Derivative: 82, 3817, 44, 377) [} 8.20
2 | (Regular_Derivative: 82, 3806, 43, 377) (v} 1.21
3 (Regular_Derivative: 0, 3806, 41, 253) () 0.25

ii- Disambiguating L akde | gl

j Lqli] L] | Lelil%
0 (Regular_Derivative: 82, 3817, 44, 377) [} 49.67
1 (Regular_Derivative: 0, 3817, 42, 253) (RO 40.30
2 (Regular_Derivative: 82, 3806, 43, 377) (AW 8.41
3 (Regular_Derivative: 0, 3806, 41, 253) (e 1.62
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Chapter 9
Conclusions and Suggestions
for Future Work
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9.1 Conclusions

As stated in chapter 4, the main three challenges before a successful computational Arabic
morphological analyzer are coverage, tolerability and ambiguity. While the tolerability of
an analyzer is somewhat qualitative, equations[4.2] and [4.4] define quantitatively both the
approximate coverage ¢ and the disambiguation d respectively. For our analyzer Morpho3,
the following table shows ¢ and d after two experiments:

Table [9.1]
. . Disambiguation
Experiment Size of the training Coverage trust threshold=99%
text corpus M| M [c=M/M| M7 | M | d=M/M
1 15,000 words 5,000 | 4,900 98% 5,000 | 3511 | 70.21%
2 50,000 words 10,000 | 9,873 | 98.73% | 10,000 | 7934 | 79.34%

Although training Morpho3 on larger text corpus and trying it on other large text
samples are necessary for a more reliable evaluation, the table above suggests that
Morpho3 is promising. Based upon table[9.1], we may expect, or “hope”, the following

results after larger experiments:

Table [9.2]
; . Disambiguation
Experiment Size of the training Coverage trust threshold=99%
text corpus M | M ¢ | M| M d
1 250,000 words 10,000 | 9,890 | 98.9% | 10,000 | 8800 88%
2 500,000 words 10,000 | 9,905 | 99.05% | 10,000 | 9430 | 94.3%

Besides producing Morpho3, working on the computational analysis of the Arabic
morphology founded three essential principles that we think invaluable while working on

natural language processing in general:

1. Modeling the linguistic phenomenon is crucial to the success of its computational
analysis. The model has to own the following properties:

- The model has to be general; i.e., it has to cover all, or the sweeping majority

of, the cases of the phenomenon. Otherwise ad hoc violations of the model will

be inevitable which in turn will drive the system towards uncontrollability.

- The model has to be clear and simple enough. This allows developing concepts
and mental images around the model and hence producing a reliable and
efficient implementation of the system.
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Dealing with the basic entities of the linguistic phenomenon is a primary key towards
producing a clean, compact, economic, extensible, deep and almost complete
solution. Dealing with the combinations of these basic entities, if ever feasible, will
most probably produce a dirty, fat, limited, superficial and partial system.

Marrying rule-oriented methods and statistical methods is a promising approach
towards solving problems in computational linguistics where neither methodology

alone can produce satisfactory performance.

9.2 Suggestions for Future Work

Apart from working on other direct applications on morphological analysis than the ones

mentioned in chapter 3, we foresee the future work of this thesis as follows:

1.

Although our statistical disambiguation technique based on m-grams works alright, a
more involved technique based on maximum entropy models® has the following
important added feature:

- It can utilize simple syntactic or/and semantic constraints besides the mere
statistical entity correlations for disambiguating the multiple morphological
analyses of a given word within some context.

Hence, the employment of such a disambiguation technique will result in two

important benefits:
I. The disambiguation d of equation[4.4] will be much better.

ii.  Gradually merging more and more simple syntactic or/and semantic constraints
with statistical entity correlations may at some point cover a considerable area
of the huge syntactic or/and the semantic analysis problem.

A computational processor of Arabic morphology may be used to easily and quickly
develop some useful task-oriented systems belonging to higher linguistic layers. One
such system belonging to the semantic layer is proposed here. Given an Arabic word,
the task of this system is to search some text for those words whose meaning is
synonymous, opposite or irrelevant to that of the given word. Inspired by ref.[2], we
claim that each entity has a general lexical semantic (or a small set of possible lexical

semantics?) and that the number of unrepeated general lexical semantics for some

See “Maximum Entropy Models for Natural Language Ambiguity Resolution”, By Adwait Ratnaparkhi,
1998, Ph.D. thesis in Computer and Information Science, University of Pennsylvania.

Similar to ambiguous morphological entities, the ambiguous semantics may also be statistically
disambiguated.
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type of entities is smalll. Hence, manually devising a “semantic similarity score”
table for each type of entities is a feasible task. If some way is found to satisfactorily
combine the similarity scores of the corresponding pairs of entities of two words and
get the similarity score of the two whole words, semantic search can be readily
implemented.

1 For our 4500 R4 entities, we can claim that there are at most 500 general lexical semantics.
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