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Abstract

This thesis is about optimising a rule based parser for Modern Standard Arabic (MSA).
If ambiguity is a major problem in NLP systems. It is even worse in a language MSA
due to the fact that written MSA omits short vowels and for other reasons that will be
discussed in Chapter 1.

By analysing the original rule based parser, it turned out that many parses were unnec-
essary due to many edges being produced and not used in the final analysis. The first
part of this thesis is to investigate whether integrating a Part Of Speech (POS) tagger
will help speeding up the parsing, or not. This is a well-known technique for Romance
and Germanic languages, but its effectiveness has not been widely explored for MSA.
The second part of the thesis is to use statistics and machine learning techniques and
investigate its effects on the parser. This thesis is not about the accuracy of the parser. It
is about finding ways to improve the speed. A new approach will be discussed, which
was not explored in statistical parsing before. This approach is collecting statistics
while parsing, and using these to learn strategies to be used during the parsing process.
The learning process involves all the moves of the parsing (moves that lead to the final
analysis, i.e good moves and moves that lead away from it, i.e bad moves). The idea
here is, not only we are learning from positive data, but also from negative data. The

questions to be asked:
* Why is this move good so that we can encourage it.
* Why is this move bad so that we discourage it.

In the final part of the thesis, both techniques were merged together: integrating a POS

tagger and using the learning approach, and finding out the effect of this on the parser.
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Chapter 1

Introduction

1.1

Overview

Natural Language Processing NLP is a field of Artificial Intelligence that involves any-

thing that processes written and spoken languages. It involves a range of computational

techniques that analyze and represent natural languages at several levels of linguistic

analysis [JMOQ]. These levels are:

Phonetics and Phonology: the interpretation and the study of linguistic sounds.

Morphology: the study of the meaningful components and analysis of words,

including prefixes, suffixes and roots.

Lexical analysis: word level analysis including lexical meaning and part of

speech analysis.

Syntactic analysis: the study of words in a sentence in order to uncover the
grammatical structure of the sentence i.e. the study of structural relationship

between words.

Semantics: determining the possible meanings of a sentence, including disam-

biguation of words in context.

Discourse: interpreting structure and meaning conveyed by texts larger than a

sentence or a single utterance.

Pragmatics: the study of how language is used to reach goals (understanding the
purpose and use of language in situations, particularly those aspects of language

which require world knowledge).

15



16 CHAPTER 1. INTRODUCTION

In this thesis we are interested in the syntactic and morphological analysis of Modern
Standard Arabic MSA sentences. In recent years, there has been a great need for
Natural Language Processing (NLP) resources in general, and particularly in MSA.
The interest in MSA has become increasingly important due to the lack of NLP tools
available. This research mainly aims at working with a rule based NLP engine for
MSA and apply a set of experimentations and investigate its effect on the speed of
this engine. This system is called PARASITE (PrAgmatics = ReAsoning about the
Speaker’s InTEnsions) which is a Sicstus Prolog program for performing a range of
linguistic tasks on several languages including MSA. In my research I am interested in
two elements of PARASITE:

* Lexical and morphological processing: A dictionary is used to improve the time
of retrieving the words. There exists a fairly large dictionary for English. How-

ever, there is only a basic one of 286 entries for MSA.

* Syntax and parsing: The framework used in PARASITE is somewhere between
HPSG [SW99] and pure categorial grammar [SW99] but with a rather radical

approach to extraposition. This will be explained later.

The first part of my research is to incorporate a part of speech POS tagger into the
parser and investigate its effects on the speed. The second part is to use machine learn-
ing techniques to learn tactics to be used during the parsing process. The third part is

to use both techniques at the same time.

1.2 Part of Speech tagging

Part of Speech tagging (also called word-class tagging, or grammatical tagging) is the
process of assigning a part of speech tag such as noun, verb, pronoun, preposition, ad-
verb, adjective, or other tags to each word in a sentence. It reflects the word’s syntactic
category based on its context for the purpose of resolving ambiguity. A single word
form may have more than one part of speech assigned to it. Although, most words
of English are unambiguous (i.e. they have only one Brown corpus tag), many of the
common words are ambiguous. That is, it has more than one possible part of speech
tag. For instance the English word “book™ is functioning as a verb in the sentence

] book a ticket”, or as a noun in the sentence ’the book that I have read”. Derose
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[DeR88] reports the degree of ambiguity of English in the Brown corpus as shown in
Table 111

Unambiguous (1 tag) 35340
Ambiguous (2-7 tags) 4100
Ambiguous (2 tags) 3760
Ambiguous (3 tags) 264
Ambiguous (4 tags) 61
Ambiguous (5 tags) 12
Ambiguous (6 tags) 2
Ambiguous (7 tags) 1

Table 1.1: The degree of POS ambiguity of English in the Brown corpus [DeR&8]

However, the ambiguity in Arabic is much worse due to its complex morphology,
the lack of diacritics (omitting the short vowels) and also Arabic being a free word

order language. A simple word like ‘}& {m can be interpreted as (1‘- allama (taught),
‘}z wullima (was taught), ‘J& alima (knew), (}-‘- ilm (knowledge), ‘}9 alam (flag), or

the imperative form & wilim (teach).

Given a corpus of millions of words, assigning a POS tag to each word of a text
by hand is very time consuming. That is why various techniques have been used to
automate the tagging process. POS tagging can be used in several applications such
as Text-to-Speech, Speech synthesis, Information retrieval, parsing, Machine learning,
and other NLP tasks. For instance, the word “content” can be a noun or an adjective,
and they are pronounced differently. The noun is pronounced CONtent and the adjec-
tive is pronounced conTENT. Therefore, by knowing the correct tag, we can produce
more natural pronunciations in speech synthesis systems. In my thesis, I am going to
investigate the effects of using POS tagging with the parser and see whether it may
make the parsing run faster by eliminating unnecessary parses.

The linguistic characteristics of Arabic present some interesting challenges to NLP
researchers. Like many non-European languages, Arabic is lacking in annotated re-
sources and tools, such as tokenizers and Part of Speech taggers. For languages like
English, word-level POS tagging seems sufficient since words usually correspond to
the syntactically relevant POS tag classes. However, for Arabic, the syntactically rele-
vant POS tag classes do not necessarily correspond to words. Arabic words are often
formed by concatenating smaller parts, each of which has its own POS tag as shown
in Figure The main part of the word is the stem which is often derived from a root

morpheme. The other parts are affixes and clitics.
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a4 5l (yuEal~imwnhum)

=

y

. =

Figure 1.1: Concatenating the stem with affixes and clitics to form an Arabic word

Clitics include certain prepositions, conjunctions, determiners and pronouns. The
affixes include inflectional markers for tense, gender, and number.

Incorporating a part-of-speech tagger into a system that performs linguistic analysis
was not widely exploited in MSA. Therefore, the current research aims at integrating
a part of speech tagger to PARASITE and investigating its effects on its speed. What
is wanted from this method is to make the tagger serve as front end to the parser:
the tagger assigns the tags to the incoming words, and the parser can work at the
tag level. One of the early studies to address this was Charniak [CCA™96], whose
work considered two approaches: single taggers and multiple taggers. Single taggers
return a single best tag for each work, and multiple taggers return a list of possible
tags. Charniak concluded that single taggers are better and multiple taggers do not
significantly increase the accuracy relative to single taggers.

In another study, Wauschkuhn [Wau935| used a tagger as a preprocessor for a partial
syntactic analysis in German corpora. He concluded that tagging helped reduce the
number of parse trees but at the cost of increasing the rate of unsuccessful parses.

Another study was conducted by Voutilainen [Vou98|| based on using two different
rule-based morphological disambiguators as preprocessors of a finite-state parser of
English. It was concluded that tagging helps reducing ambiguity but at the same time

increases the number of sentences that have no parse.
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In 2001 Prins and van Noord [PNO1] investigated the effects of adding an unsper-
vised tagger trained on the output of the parser. They concluded that not only did it
reduce the number of lexical categories, but also mildly increased the parsing accuracy.

Kaplan [KKO3]] described three types of shallow mark-up: part of speech tagging,
named entities, and labelled bracketing. He concluded that named-entity mark-up im-
proves both speed and accuracy and labeled bracketing can also be beneficial, whereas
part-of-speech tags are not particularly useful. With regards to Modern Standard Ara-
bic, it was claimed recently by Alabbas and Ramsay [AMI2] that for tasks where
precision is important it is worth merging a POS tagger with the parser, but you do

lose almost the same level of recall as you gain in precision.

1.3 Statistical Parsing

Machine learning and parsing is explored in the second part. Early work was done by
Brill [Bri95], Collins [Col97|] and Charniak [Cha97].

Building traditional natural language parsers requires lots of human intervention,
where sentences have to be manually examined, and grammar rules which cover the
language are written. By observing the performance of the grammar, and analysing
the errors made by this type of parsers, the rules are carefully refined. This process is
then repeated over a long period. The grammar refinement process is extremely time
consuming and a difficult task to do, and it did not succeed to accurately parse a large
corpus of unrestricted text [JLM™]. As an alternative to writing grammars, one can
use treebanks to extract the grammar. One of these studies was conducted by Charniak
(97) who presented a statistical parser that induced its grammar and probabilities from
a hand parsed corpus, and showed that its performance is superior to the previous
parsers. However, the drawback of this method, is that creating the training corpus
requires lots of efforts and manual intervention.

It is necessary to have a large annotated corpus to build a statistical parser. Acqui-
sition of such a corpus is costly and time-consuming [TLRO2]. Therefore, we thought
of using machine learning while parsing. The idea here is to carry out a series of parses
and collect useful information that can be used in the next parses, and investigate its
effects on the parsing speed.

Lots of work have been done in statistical parsing, and most of it focused on En-
glish. Several methods were used for statistical parsing such as Maximum Entropy

model for phrase structure representations [Cha] and Support Vector Machine models
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(SVMs) for dependency grammar [HNN'07].

Although many languages have developed sophisticated NLP systems, MSA is a
particularly problematic language. Taking NLP techniques that work for English and
applying them unchanged to Arabic is not going to work. The problem is that there are
number of sources of ambiguity in Arabic that are not present in Romance and Ger-
manic languages. We say some input is ambiguous if it can be interpreted in more than
one way. This problem is particularly serious for MSA because of its combination of
extremely complex morphology with the lack of diacritics (omission of vowels), and
the comparatively free word order. All this has made Arabic a very ambiguous lan-
guage, at least for computational systems. Arabic speakers, on the other hand, are able
to read any MSA text without any difficulties, because of their ability to mix various

levels of linguistic processing, which help them choose the right interpretations.

1.4 Objectives and methodology

The main objective of my project is to apply a variety of heuristics and investigate its
effectiveness on the speed of a rule based engine for MSA, rather than improving its
accuracy.

This engine currently explores all possibilities, which makes the system runs slowly if

given a long text. Our experimentations consist of three parts:

* Integrating a part of speech tagger into the parser and investigating the effects of
this on the behaviour of the parser. This is a well-known technique for Romance
and Germanic languages, but its effectiveness has not been widely explored for
MSA. These effects are mainly on the search space of using the tagger in various

ways:

— Using its suggestions directly (This may lead to a complete failure in some

cases where the suggested tag is wrong).

— Because tagging MSA is not likely to be 99% accurate we are using the
tagger to guide the parser by introducing penalties (scores). A good score
is given if the tagger and parser agrees on the tag. However if they have

different tags, then a bad score is given.

* Investigating the use of machine learning techniques to learn tactics to be used

during the parsing process. The aim of this part is to carry out a series of parses
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and collect information regarding the moves. The moves of the parsing are
divided into three types: moves that lie on the actual solution (Good moves),
moves that lead directly away from it (Bad moves), and moves that follow on

from bad moves (Neither good nor bad moves). This process is as follows:

Parsing a body of text and collecting statistical facts about it (good and bad

edges).

choosing a plausible set of features.

using Weka to learn classification rules (Weka “Waikato Environment for
Knowledge Analysis” is a popular suite of machine learning software writ-
ten in Java, developed at the University of Waikato. WEKA is free software

available online).

This initial set of analyses can be exploited to provide more statistical ev-
idence, which can be used to obtain analyses of more complex sentences,

which can in turn be used to continue this process again.

SEARCH SPACE

7N\

25/ \
PANAN

GOOD MOVE / \ % \
——  BAD MOVE /

—+— UN-INFORMATIVE MOVE ®

Figure 1.2: Good and bad edges

* Investigating the effects of using both the POS tagger and Machine learning at

the same time.
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* Investigating the extent of these techniques on the accuracy of the parser. For
this, we assume that the output we get from the original parser before applying

these techniques as our gold standard results.



Chapter 2

Background: MSA challenges

2.1 Overview

NLP involves several levels of linguistic analysis. It is not surprising that all these
levels share one common fact which is resolving ambiguity. In this chapter, it is worth
introducing the levels of ambiguity in NLP in general, and specifically for MSA. First,
the problem of ambiguity in English is introduced, including lexical and syntactic am-
biguity. Then, we describe the linguistic features of MSA, especially those that make
the language very ambiguous.

We say some input is ambiguous if it can be interpreted in more than one way. In

NLP ambiguity may occur at different levels (lexical, syntactic, and semantic).

2.2 Lexical ambiguity

Lexical ambiguity is a common problem in natural language processing. We talk about
lexical ambiguity when a single word has two or more interpretations or can be used

in different ways.

* Homonymy vs Polysemy: Lexical ambiguity is usually divided into polysemy
and homonymy. Polysemy refers to one word having several related meanings
for example the word "line” means “a thread”, ”a row”, etc, whereas homonymy
describes the fact that two words have the same lexical form, but different et-
ymologies and unrelated meanings for instance: the word “bank” has several
distinct definitions including “financial institution” and “edge of a river”. An-

other example is the adjective light” which means “not heavy” and “not dark™.

23



CHAPTER 2. BACKGROUND: MSA CHALLENGES

Example 1: Homonyms

1. I hope you are not lying to me.

2. My books are lying on the table.

3. The kids are going to watch TV tonight.

4. What time is it? I need to set my watch.
The word lying in sentence [I] and the word lying in sentence [2] are two words
that happen to share the same sound and spelling. There is no relation between
them. The word lying in |l means telling a lie whereas in [2] it means being in a

horizontal position. The word watch in [’._s’] means to look at, whereas in @ it means

a small clock worn on the wrist.

Example 2: Polysemes

1. The newspaper fired its editor.

2. John spilled coffee on the newspaper.

3. The newspaper has decided to change its format.

4. John used to work for the newspaper that you are reading.
The word newspaper in sentence [\ means the company that publishes the news-
paper. The same word has different related meanings: in[2} it means the physical

newspaper, in[3} it refers to the newspaper as an edited work and infd} it is about

the newspaper as an institution, a tangible object, and a piece of information.

Homographs vs Homophones: Homographs are words that have the same
spelling, but different pronunciations and meanings, whereas homophones are
Words that have the same pronunciation, but different spelling and different

meanings.

Example 3: Homographs

1. The wind is blowing hard.
2. I have to wind my clock.
3. I do not know if I will live or die.

4. Last night I saw the band play live in concert.
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The word wind is a homograph because one written form has two different
meanings: each is pronounced differently. The word wind in [[f means a mov-
ing air, and it rhymes with pinned. On the other hand the same written form
wind in |2l means making the clock working by turning the key or handle, and it
rhymes with find. Similarly, the word live is a homograph, since it is one written
form representing two different meanings and pronunciations. live in sentence 3|
means to have life and it rhymes with give. However in sentence [ it means in

real time performance and it rhymes with hive.

2.3 Syntactic Ambiguity

Syntactic ambiguity happens when a phrase can be parsed in more than one way. Syn-
tactic ambiguity does not arise from the range of meanings of single words, but from
the relationship between the words and clauses of a sentence.

If lexical ambiguity involves different interpretations of a word, syntactic ambiguity,
however, involves different interpretations of the meaning of the whole sentence. In
other words, in lexical ambiguity, the individual words are interpreted differently, but
the structure remains the same, whereas in syntactic ambiguity the same sequence of
words is interpreted as having different syntactic structures. One productive source of
syntactic ambiguity in English is the attachment of modifiers, especially prepositional

phrases.

* PP attachment ambiguity: Given a sequence VP NP PP”, should the "PP”
be attached to the main verb, or to the object noun phrase? For example, in
the widely used illustrative sentence: I saw the man with the telescope”. This
sentence is ambiguous in a way that attaching the PP to the object noun would
mean that the man is in possession of the telescope, while attaching to the verb
would be interpreted as seeing using the telescope. Figure [2.1] shows the two

parse trees of this sentence.

— Using a telescope I saw the man.

— I saw the man that has the telescope.
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Figure 2.1: Two parse trees of the sentence I saw the man with the telescope” [JMOO
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2.4 Linguistic aspects of Arabic

2.4.1 Overview

Arabic is considered as one of the Semitic languages. It is spoken throughout the
Arabic world and widely studied and known throughout the Islamic world. Arabic
differs from English or other European languages syntactically, morphologically and
semantically. A huge aspect of Arabic is that it has extremely complex morphology,
made worse by the lack of written short vowels, and also its comparatively free word
order.

Arabic is usually classified into three main forms, namely, Classical Arabic (CA),
Modern Standard Arabic (MSA) and Colloquial Arabic. Classical Arabic is the lan-
guage used in the old literature and religious books. It is the language of the Quran
and Sunna (Prophetic traditions). MSA is hugely used by present-day media, in pub-
lications, and academic institutions across the Arabic world. As people in the Arabic
world speak different dialects, MSA is used as the only means of communication.

The colloquial Arabic refers to the regional dialects spoken by people in the Mid-
dle East, North Africa, and other Arabic countries. MSA shares some grammatical and
Syntactical features with CA, whereas Colloquial Arabic is radically different. The
main differences between Classical and MSA are that MSA has a larger vocabulary,
and does not use some of the more complicated forms of grammar found in Classi-
cal Arabic [KhoOl]]. In addition, CA is diacriticised, where we write diacritic marks
above the consonants, whereas MSA is written without diacritics. This is like writing
English without vowels, and it is up to the reader to give the right interpretation of the

word.

Unlike in English, there are several types of vowels in Arabic:

* Long vowels: A’, ’w’and ’y’.

%4° b b 239

* Short vowels: ’a’, ’u’, ’i” and they are called diacritics.
* Other symbols:

— 'F’ which is Double ’a’ and its sound is 'an’
— "N’ which is Double ’u’ and its sound is "un’

— 'K’ which is double ’1’ and its sound is ’in’
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— ’0’ is called Sukun in Arabic where the consonant is not followed by a

vowel

There exists various approaches for romanizing the Arabic text which is often
termed as transliteration. they vary in the way they address written and spoken Arabic
in the Latin alphabet. They also use different symbols for Arabic phonemes that do
not exist in English or other European languages. In this thesis, Buckwalter [Buc04]
Transliteration standard is used. This was developed at Xerox by Tim Buckwalter in
the 1990s. The reason why we chose Buckwalter is that unlike other transliterations
where some characters are mapped with two Latin characters, Buckwalter strictly rep-
resents every Arabic character by one Latin character. The letter & § for instance, is

represented as ’sh” in Qalam transliteration, and as $ in Buckwalter transliteration.

2.4.2 Sources of ambiguity in Modern Standard Arabic

There are many factors that contribute to the problem of ambiguity in MSA. In this
section, we investigate the different sources of ambiguity that lead to the language

being very ambiguous. These factors can be described as follows:

2.4.2.1 Lack of diacritics or omission of short vowels

MSA consists of 28 letters which are explicitly present in the written form. How-
ever, the diacritics (short vowels) are optional. Therefore the NLP challenge is to first

recover the diacritics to reduce the ambiguity.

2.4.2.2 Lexical Ambiguity

Due to the complex morphology and the optional diacritization of MSA words which
may lead to a larger number of homographs, there is more ambiguity than may be

found in English. Lexical ambiguity in MSA can be divided into the following types:

* Homonymic words that have two meanings: for example the word (.1’;'
gadam (meaning foot) or r:\’;’ qgadam (meaning unit of length). Another ex-
ample is gla  lisan (meaning rongue as an organ of body) and Hlad lisan

(meaning language).

* Homonymic words that have more than two meanings: for example the word

2
J 3.2.9 fusuwl has several meanings: (chapters of a book, seasons of the year,
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academic semesters in school, acts of play, and more). To illustrate the extent of

ambiguity in MSA, the word {né wyn has the following meanings:

()L.:Jﬂ\ U ayn ala’nsan meaning the eyes.

ob £ oG e fyhma aynan tgriyan meaning fountain.

d«’_.«UJ algasws meaning the spy.

AUV |l %l albld meaning the local people.

0 g

- St 8 5 raviys algys meaning the army’s leader.

- M' S ¢ )3)‘ J}:f kbyr algwm w Sryfhm meaning the community leader.
- o a’bl..pi sabth alyn meaning He caught the bad eye.

- As s da,c‘i ¥md ynh nh meaning He ignored him.

- S O i sqt mn yny meaning he has lost my respect.

- & % qurrat ynh meaning he became happy.

* Homonymic words that have a relation in meaning: This is like polysemy in
English. For example the word C‘J: dira<might mean arm which is an organ of

body, or a unit of measurement.

* Homonymic words that have no relation in meaning: This is like homonyms
in English. They have the same written form and are pronounced the same but
they have different meanings. For example the word () j" garn might mean a
century,or a horn for instance of a rhinoceros. Other examples like: the word
Jr sn which means age, and also it means footh. Also the word 838> dqyq

means flour, precise, or thin.

* Homographs: These are words that have the same written form but have dif-
ferent pronunciation. The lack of diacritics makes MSA very ambiguous, where

the same written form has several of interpretations for example: u’.’{ ktb when
filling in the diacritics we will have J kataba, ¢.‘f‘f kattaba, g:.’( kutiba, and
'._‘,.2,’{ kutub.

* Homophones: these are words that have the same sound but are written differ-

ently. for example \35“ yahya meaning to live, and d“« yahya’ for the proper

noun Yahia.
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2.4.2.3 Morphological ambiguity

This refers to the fact that a word can be ambiguous with regard to its internal structure.
For example, in English the verb form ”look™ can either refer to the infinitive, first or
second singular, or plural. However, as soon as there are more information such as
preceding words, the ambiguity can be resolved. For example ”to look™ which refers
to the infinitive form. Morphological ambiguity is a serious problem in MSA due to its
complex morphology. Resolving this ambiguity is a major challenge for NLP Arabic
researchers. Below are the factors that contribute to this problem:

* Extremely complex derivational and inflectional morphology: In order to
have a real insight into the language, one must look for roots of words. Each in-
flection of the language is represented by means of infixes, prefixes and suffixes.
Most words are built up from roots each of which consists of three consonants.
Words are produced by following certain patterns and adding infixes, prefixes
and suffixes. Table below shows the conjugation of the verb J kataba (to
write). By inserting prefixes and suffixes to the root ._;{ ktb °ktb’ we get all the
other forms such as in Table

So the verb .._,&’{ ktb in the past has 14 different forms whereas if we consider
an English example: The verb write in the past has only one form:

I wrote (First singular)

You wrote (Second singular and plural)

He/She wrote (Third singular)

We wrote (First plural)
— They wrote (Third plural)

* The presence of many weak verbs: Roots containing one or two of the long
vowels ¢ w, (s v, Va ori >”hamza” often lead to verbs with special phonological
rules because these radicals can be influenced by their surroundings. Such verbs
are called weak verbs. These special rules are according to the position of the
long vowel in the root. Normal verbs where all letters of the root are consonants,
when conjugated or preceded by a negation, they follow certain pattern rules.
However, weak verbs when conjugated or preceded by negation will result in a
change of the written form, such as a deletion of a letter. For example the written
form Axy yd which its infinitive is s\& <dd. The middle letter is a long vowel,

and therefore it can have several interpretations as follows:
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Pronoun Past Present
Li unda m katabtu \L;,’:(f aktubu
52: nahnu Li;.‘gkatabnd g_’,:& naktubu
C.::'i anta G katabta &.’:’K&’ taktubu
&i anti c,:\.‘:( katabti u&ﬁ(ﬁ" taktubyna
[,;‘E:i antuma XS katabtuma S taktubani
iji antuma l;’:’:\,’:’?katabtumd OL‘:‘.(‘J taktubani
. (é_‘j antum 25 katabtum dr&' taktubwna
:,':'_'j antunna 3{«1‘?{ katabtunna &&" taktubna
33 huwa J kataba ._’,::’.o(; yaktubu
(s hiya c‘_‘,.i’f{ katabat gi.&" taktubu
& huma l;i"{katabd d\&’ yaktubani
G huma \i}ffkatabatd dL&‘ taktubani
‘;-3 hum ‘);.’:"{ katabuwa R 3,.‘:‘{5 yaktubwna
33 hunna u:.‘:{ katabna u&. yaktubna

Table 2.1: The conjugation of the verb ‘._,J.’{ kataba (to write) in the past and present

tenses
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- sl& <d (returned) — A% ‘} Im yawud (did not return)
— il wad (Brought back) — Ax (1 Im yuid (did not bring back)

W (prepared) — Aa (1 Im yuidd (did not prepare)
— A& add (counted) — A% (} Im yaudd (did not count)

— Asq wd (promised) — Aa) ‘) Im yadd (did not promise)

The nunation: Nunation diacritics means doubling the short vowel and can
only occur in word final positions in nouns, adjectives and adverbs, where they

describe indefiniteness. They sound like the short vowel followed by an unwrit-

99_.9%

ten ’n” sound. For instance &l’:{ kitabun (The book) where the written form in

MSA is S krab.

Shadda: If nunation is doubling the vowel, shadda is doubling the consonant.
Similarly, the ambiguity comes from the fact that this doubling is not explicit in
the written form. Many MSA words have one of the sounds doubled which is

not written. For example: {m can be interpreted as (1-9 {lama which means

teach, or ‘}& alima which means knew.

different affixes have the same written form: for instance: the prefix & ¢

can indicate third person singular feminine in w“ﬁ)‘ 2 hy tktb (she writes), or

¢
second person singular masculine in u’;(:: ool unt tktb (you write).

Is it an affix or part of the main root: this comes from the long vowels being

[ [
part of the main root, or they are affixes, such as: the letter } w in a3l usad

z
(meaning lion) where it is part of the main root and A3l -asudd meaning (I

block), where it is a prefix of the verb s sadda.

Accusative form: When it is accusative the dual is written in the same way as

the plural: u.g&)vm al-labayn (two players) 0&9)00‘ al-labiyn (the players).

the letter ¢ y: The letter (¢ y can play two roles, one possessive which cor-
responds to ”my ” in English, and the other one corresponds to “ish” in English,
When adding it to any noun it produces an adjective related to that noun. For

example:
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- OB kitab + s y — VS kitaby — My book

- ul‘:b/ kitab + ¢ y — 3\‘3{ kitabiyy — people who follow the book

2.4.2.4 Syntactic ambiguity

Although all natural languages share the fact they are all syntactically ambiguous, it is
the linguistic features of the language that contribute towards increasing or decreasing
the level of ambiguity. We consider MSA as a highly syntactically ambiguous due to

many reasons which are described below:

* Free word order:

Arabic is a free word order language, where the subject, object and comple-
ment can appear anywhere around the verb without affecting the structure of the
sentence. This results in more syntactic ambiguity, and therefore requires more

complex analysis.

The normal word order for Arabic is VSO. IL.e. the first item is the verb, then the
subject, and finally the object. However the other forms are also possible: SVO,
VOS and OVS. It is not easy for the parser to know which order is for a given
sentence. This is mainly due to the lack of diacritics, because the distinction
between a nominative subject and an accusative object is known through the last

diacritic of the word, and this is missing in MSA.

Depending on whether the first word is a verb or a noun, two types of sentences
are mentioned here: Nominal, and Verbal sentences. I.e. nominal sentences are
headed by a noun and verbal sentences are headed by a verb. For a simple verbal
sentence that contains three elements: verb, subject and object, all the different
word orders SVO, VSO, VOS, and OVS are possible.

An example of these combinations is highlighted in Table [2.2}

Word order Example Translation
VSO g NI LS kb alwld aldrs
SVO g &5 Mol alwid kib aldrs | The boy has written the
VOS Mol o, M S keb aldrs alwld | lesson
OVS M 87 o M aldrs kb alwld

Table 2.2: Arabic free word order
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* Agreement: What helps us decide the right word order is the case and agree-

ment features. The agreement features that can be considered here are: number
(singular, plural, dual), gender (masculine, feminine), and person (1st, 2nd, 3rd).
The case features include: nominative, accusative and genitive. In VSO order,
the verb agrees with the subject only in gender, and the verb is marked in singu-
lar, whether the subject is singular, dual, or plural.

L o, dl Aol S~ ktb alwld aldrs (the boy wrote the lesson)

2. gyl ol &S~ ktb alwldan aldrs (the two boys wrote the lesson)
3. gy :’9;9‘ S kib alawlad aldrs (the boys wrote the lesson)
4. oy WV ) (S keb albnt aldrs (the girl wrote the lesson)

1, 2, 3 are allowed sentences in Arabic, however 4 is not acceptable because the

verb is masculine and the subject is feminine.

In SVO order the verb agrees with the subject in gender and number. For exam-

ple:

L. s J.,U‘ J ,U)J‘ alwld ktb aldrs (the boy wrote the lesson)

2. oy S VWG alwidan kiba aldrs (the two boys wrote the lesson)

3. gyl 138 :\J’;Y‘ alawlad ktbwua aldrs (the boys wrote the lesson)

There various types of agreement relationships as shown in the examples below:

— The demonstrative pronoun in MSA agrees with the noun in number and
gender such as : > )V VAa hda alrgl, I N o\Aa  hdan alrglan and

KU‘ &\ hath almrah which respectively corresponds to “this man, these

two men and this woman”.

— Adjectives agree with nouns in number, gender, case and definiteness:
& AW o), rayt altalbayn alnaghayn (1 saw the two successful

students).
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— Relative pronouns agree with nouns in number, gender and case:
0\59'&?‘ J \‘:’.;‘.4 0{.’1’\ OQUEJ‘ ‘:":'L rayt altalbatayn al-ltayn nghata
fyal- >i’mt.h22n (I saw the two female students who passed their exam).

— Unlike the VSO order where the verb only agrees in gender and person (the
verb is in the default singular form), in the SVO order the subject agrees

with the verb in number, gender and person: for example The girls wrote

the lesson:
« VSO order: o, U cusS” kebt albnat aldrs
x SVO order: o, A (08" UM albnat kibn aldrs

Nominal sentences In addition to verbal sentences, MSA allows for nominal
sentences, which are sometimes referred to as copular constructions or
equational sentences [HablO]. They consist of an NP and a predication (such
as another NP, an adjective or a PP ). In its simplest form the subject is a
definite noun, proper noun or a pronoun in the nominal case and the predicate is
an indefinite nominal noun, proper noun or an adjective that agrees with the

subject in number and gender. For example:

- izu Q\‘;‘Q\ alktabu mfydun (The book is new): Both nouns are singular

masculine.

— L GWWEN alralban gaiban (The two students are absent): Both

nouns are dual masculine.

- C;'*&:'“ J o hw fy albyti (He is in the house): the predicate is a PP.

In the current parser, these nominal sentences are described by using a rule in a
Categorial approach that says: NP can be considered as sentence missing a

predicate.

Construct NPs Another aspect of phrase structure in MSA is that nouns can
combine with NPs to form “construct NPs” mainly to express possession. One
example of these complex structures: an indefinite noun is followed by a
definite noun. These constructions are known as bb?\ al-vidafh. This is
roughly similar to the possession construction and noun compounds in English.

Arabic is unlike languages like English and French in that there is not explicitly
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a word for ”of” in the possessive sense. For example A }J‘ ,_,:.‘f ktb alwld
which might mean ’the books of the boy”. Because of this, one of the current
parses had the first two nouns as an NP.

The following example combine 3 NPs: (g} §aes & JNso swaryh bydh
almda (long range missiles). The last NP or the one who possesses the object

has to be definite, i.e it starts with JI al, whereas the preceding NPs have to be

indefinite (without J} al). The last NP does not require I al if it is a proper

noun, or a pronoun. For example: 1&, el lgﬂj wlayh flwryda (The state of
Florida). combining NPs with NPs to make an NP makes MSA a very
ambiguous language, because any sequence of two words where there is a
possibility of them being nouns, the parser will combine them together to make
an NP resulting in lots of unnecessary parses. Things get even more
complicated because it does not stop at two NPs combined together. This can
be extended recursively by combining several NPs to make one resulting NP.

for example:

- Zy}.&‘ lbfo\;lj g"’.’c g2 g - Cff‘ abn m ra’ys mgls nwab
brlman kwrya algnwbyh *The son of the uncle of the president of the

Council of the South Korean parliament’

Zero subject or pro drop nature of MSA [Att08] Pro drop feature in any
language means that a null category (pro) can be introduced in the subject posi-
tion. Similar to other languages, in MSA, the subject pronoun can be omitted.
Not only the missing subject by itself is a problem, but the combination of this
and the other features of MSA. For example, Arabic verbs are either transitive
or intransitive. Therefore, It is not clear whether a sequence of a verb followed
by a noun is an intransitive verb and a subject, or a transitive verb and an ob-
ject, where the subject is missing. By taking the active nd the passive form into
consideration, things get more complicated, since the same sequence of a verb
followed by a noun can be interpreted as a passive verb and its subject. Accord-
ing to [AttO8] there are two challenges: One is to decide whether a pro drop or
not, and the other one is recovering the pronoun reference after deciding that

there is a pro drop.

It is worth noting that every feature described in this chapter can contribute to the

ambiguity of MSA. However, what makes MSA extremely ambiguous is the combina-

tion of these features together.



Chapter 3
Background: POS Tagging

Several techniques have been used for building POS taggers which fall into three main

categories:
* Rule based taggers [BBG71, Vou93|.
* Stochastic taggers [STC65, BM76, Mar87,|Gar87, (Chu88, ?].
* Transformation based taggers [Bri93].

One of the main distinctions that one can see among POS taggers is in terms of
the degree of automation of the training and tagging process. Here we use the term

supervised vs unsupervised.

3.1 Supervised vs Unsupervised

Supervised taggers rely on pre-tagged corpora which are used for training, and extract-
ing information such as: the lexicon, word/tag frequencies, and set of rules, etc. The
larger is the size of the corpora, the better is the performance [HUKO7]]. The disadvan-
tage of supervised tagging is that pre-tagged corpora are not readily available for many
languages which one might want to tag.

On the other hand, unsupervised taggers do not require a pre-tagged corpus, but
instead use sophisticated computational methods to automatically induce tagsets, and
based on this information, they can calculate the probabilistic information needed by
stochastic taggers, or induce the rules needed by rule-based systems. The main benefit
of using a fully automated approach to POS tagging is that it is extremely portable,

and can be applied to any corpus of text. Unsupervised approaches address the need

37
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to accurately tag previously untagged languages, because hand tagging is a costly and
very time consuming process. There are, however, drawbacks to the unsupervised ap-
proach. The word clustering devised by automatic taggers tends to be very coarse,
i.e. one loses the fine distinctions found in the carefully designed tag sets used in the

supervised methods [Gui93].

Both supervised and unsupervised models can be of the following types: Rule-
based approach and stochastic approach. Early approaches to part-of-speech tagging
were rule-based ones. After 1980’s, statistical methods became more popular. More

recently, all of the approaches are used together to get better results.

3.2 Rule-based approach

Rule-based part-of-speech tagging is a method that uses manually written rules for tag-
ging. It is based on a dictionary or a lexicon to get possible tags for each word to be
tagged. The rules are used to identify the correct tag when a word has more than one
possible tag. Analysing the linguistic features of the word, the surrounding of the word
and other aspects will help assigning the most appropriate tag. This approach consists
of two stages. First stage assigns each word a list of potential parts of speech by using
a dictionary. Second stage uses hand written disambiguation rules to cut down the list
to a single part of speech for each word. The rule-based approach uses contextual and
morphological rules to assign POS tags to words. These rules are often called context
frame rules. A context frame rule is designed by a grammarian by observing a set of
data which give some information about a potential tag in the context of up to three
tags on either side. In addition the rule could specify the potential tag was impossible
in this context so that one of the other potential tags must be the correct one [JMOO].
For instance, an English rule might say: If an unknown word is preceded by a deter-
miner and followed by a noun, then tag it as an adjective. These rules can either be
handwritten, or automatically induced by the tagger after the training. Manually writ-
ing the rules is a repeated process over a long period because it requires analysing the
errors made by the tagger, and carefully refining the rules. Therefore, this is considered
as extremely time consuming, and difficult task to do. The first rule-based tagger was
done by Greene and Rubin in 1970 when they tagged the Brown corpus [BBG71].
They used a rule-based approach to build their tagger which was called TAGGIT. It

was a set of rules to choose the appropriate tag for each word in a given context. This
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tagger achieved an accuracy of 77%, and the remainder was later tagged manually. The
idea at the time was to provide a corpus annotated with part of speech information as
a useful tool for linguistic researchers. They used the Brown corpus which had one
million words of written American English collected in the early 1960’s, and a tagset
consisting of 77 tags. The idea was to assign each word with a set of possible tags, and
then analyse the surrounding to decide the correct one.

Another successful rule-based approach has also been used by Karlsson [Kar90]]
and Koskenniemi [Kos90] in the form of a constraint grammar. In this framework, the

problem of parsing was broken into seven sub problems or modules:

* Preprocessing

Morphological analysis

Local morphological disambiguation

* Morpho-syntactic mapping

Context dependant morphological disambiguation

¢ Determination of intrasentential clause boundaries

Disambiguation of Surface syntactic functions

The first four of these modules are related to morphological disambiguation, and
the rest are used for parsing the running text. This work has achieved a slightly more
than 90% success rate of words with unique syntactic labels. The rest have more than
one syntactical label, one of which is correct. Rule-based taggers usually require su-
pervised training, but also a good amount of work has been done in automatic induction
of rules. One way of doing this is to run an un-tagged text through a tagger, and inves-
tigate its performance. One can then go through the output, and correct any incorrectly
tagged words by hand. This tagged text is then run through the tagger, which learns
correction rules by comparing the two sets of data. Repeating these steps will make
the tagger achieve higher performance. One example of this is Brill’s tagger which
achieved an accuracy of 96%. Nearly all rule-based taggers after 1992 give reference
to Brill’s work [Bri92]]. The drawback of this approach is that it is difficult to write all

the rules required for this task. It is also a very time consuming approach.
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3.3 Stochastic approach

Stochastic approach or sometimes it is called Statistical approach refers to any ap-
proach that somehow includes frequency, probability, or statistics. The use of proba-
bilities in tagging is an old idea, since it was first introduced by [STC65]. A complete
probabilistic tagger was introduced by Bahl and Mercer [BM76]. Then later in the
1980s several stochastic taggers were introduced [Mar87, Gar87, Chu88, ?].

A large corpora is used to get statistical information. First, a corpus can be divided
into two parts: one part is used for the training phase, to get a statistical model, which
will be used to tag untagged texts. The other part is used to test the statistical model. A
very simple stochastic tagger can disambiguate words based solely on the probability
that this word occurs with a specific tag. I.e. the tag found most in the training data,
will be assigned to an ambiguous instance of that word. One disadvantage of this is
that, while it may assign a correct tag to a given word, it may also give an incorrect
tag. A better approach than the word frequency is the N-gram approach. N-gram of
size 1 is called a unigram, size 2 is called bigram, size 3 is called trigram, and size n is
N-gram. The idea here is that, if we have a sequence of words, each with one or more
potential tags, then we can choose the most likely sequence of tags by calculating the
probability of all possible sequences of tags, and then choosing the sequence with the
highest probability. This approach calculates the probability of a given sequence of
tags occurring. The most likely tag for a given word is determined by the probability
that it occurs with N previous tags. That is choosing a preferred tag for a word by
calculating the most likely tag in the context of the word and its immediate neighbours.
The best known algorithm for implementing an n-gram is the Viterbi algorithm, which
is a dynamic programming technique. It is an algorithm to compute the most likely
state sequence in a hidden Markov model given a sequence of observed outputs. By
using the Hidden Markov Model we can directly observe the sequence of words, but
we can only estimate the sequence of tags, which is ‘hidden’ from the observer of
the text; hence the term "hidden Markov model” is appropriate. A HMM enables us
to estimate the most likely sequence of tags, making use of observed frequencies of
words and tags in a training corpus. One of the earliest probabilistic taggers was called
CLAWS (Constituent Likelihood Automatic Word-tagging System), developed at the
University of Lancaster [LGB94].
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3.4 Transformation Based Tagging

This is sometimes called Brill tagging and is based on Transformation Based Learning
(TBL) approach to machine learning. Brill [Br195] combined advantages of both rule
based and stochastic taggers. TBL is based on rules that specify what tags are assigned
to what words like the rule based tagger, and is a machine learning technique in which
rules are automatically induced from data like the stochastic taggers. It uses a super-
vised learning technique which assumes a pre-tagged training corpus. An example of
TBL is:

» Sentence 1: John is expected to race tomorrow.

¢ Sentence 2: John won the race.

In sentence 1 the word race” functions as a verb, whereas in sentence 2 it func-
tions as a noun. The Brill tagger labels every word with its most likely tag from a
tagged corpus. From the Brown corpus, “race” is most likely to be a noun. Therefore
the tagger will label both instances of the word “race” as a noun (NN). This is correct
for sentence 2 but not correct for sentence 1 where race is a verb (VB). Here comes the
transformation rules which replace the tag NN with VB for all instances of “race” that
are preceded by tag TO.

TBL was first introduced by Eric Brill in 1994 and achieved an accuracy of 97.2%.
Figure [3.1]shows how TBL works. Various initial state annotators can be used, includ-
ing: the output of a stochastic tagger or labeling all words with their most likely tag.
By comparing the results of the initial state with a gold-standard corpus, an ordered
list of transformations can be learnt, which can be applied to the output of the initial
state annotator to improve its results. This learning continues until no transformation

(whose application improves the annotated corpus) can be found.

3.5 Arabic and Part of Speech tagging

The linguistic characteristics of Arabic present some interesting challenges to NLP re-
searchers. For languages like English, word-level POS tagging seems sufficient since
words usually correspond to the syntactically relevant POS tag classes [BhWO7].
However, for Arabic, the syntactically relevant POS tag classes do not necessarily
correspond to words. Arabic words are often formed by concatenating smaller parts,

each of which has its own POS tag. The main part of the word is the stem which is
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Figure 3.1: Transformation Based Learning (TBL) approach [Bri93]
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often derived from a root morpheme. The other parts are affixes and clitics.

Clitics include certain prepositions, conjunctions, determiners and pronouns. The
affixes include inflectional markers for tense, gender, and number. In Arabic before
Part of Speech tagging, the process of tokenization must be executed, which is the

process of separating clitics from stems.

3.5.1 Part of speech tagsets

Traditional Arabic grammarians used to break down the words into three categories:

* Noun (;w‘ﬂ" alasm: Nouns are names of people, animal and things. A noun can
either be masculine or feminine. Nouns can be definite such as g\iﬂ\ alktab
"the book’ and ‘}l“ alglm ’the pen’ or indefinite such as Alg wid *a boy’ and

Jg fyl’an elephant’. The following are also considered to be nouns:

— Subject pronouns: such as lfi na’l, C_‘,ui nt ’you’, ¢a hw ’he’ and .»
hy ’she’. )

— Object pronouns: such as ¢ 4 ’him’ and & ha *her’.

— Demonstrative pronouns: for example: I hda this’ and U3 dik
’that’.

— Possessive pronouns: for example: 4.3\’:‘{ ktabh *my book’ and L,.kf
ktabha "her book’.

— relative pronouns: for example: s A3 ol &)} P o, oda  hdh
alsyarh alty ardt an astry *This is the car that I want to buy.

— Adjectives: In English adjectives come before the noun they describe.
However, in Arabic, adjectives follow the noun they describe and they

agree in gender and number.
* Verb J=aIl alfi:

— Verbs in Arabic can be transitive or intransitive: Like 4. ‘yd A ).“ C"J ra-

g<alwld drsh The boy revised his lesson’ and &iJ <l namt albnt *The
girl slept’.
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— Voice: Like English, there are two voices: active and passive. G Y 3.“ ‘Fi

ukala alwld brtgalh "the boy ate an orange’, and ZJ\.%)’J}J‘ cﬁ ukilat a-

Ibrtgalh *the orange was eaten’.

— Tense: A tense indicates the time of the verb action. In Arabic, there
is only two tenses: past (perfect) and present (imperfect). for example:
oW A S kb alwld aldrs *The boy wrote the lesson” and (v, Al Aol L3S,
yktb alwld aldrs *The boy is writing the lesson’.

— Mood: The mood indicates the writer’s or speaker’s attitude toward what
he is writing or saying. In Arabic there are three types of mood: indica-
tive, imperative, and subjunctive mood. The indicative mood is used to
make a statement like auzte oo 7 59l JG  astgal alwzyr mn mnsbh
"the minister resigned from his post’. The imperative mood is used to give
instructions, orders or requests. The subjunctive mood is used in English
much less than in many other languages. The subjunctive mood is the verb
form used to express a wish, a suggestion, a command, or a condition that
is contrary to fact. The form of a verb in the subjunctive mood may be dif-
ferent from the form with the same subject which is not in the subjunctive

mood. An English example is as follows:

* | was in your position two years ago. (Indicative mood)

* If I were in your position, I would do the same. (Subjunctive mood)
* Particle & }‘ alhrf: Particles in Arabic consist of short words such as:
— Prepositions: such as :po mn *from’, ‘_“3 Sfy’in’, < bi *with’.
— Subjunctive particles: such as oi un and u’ lan.

— Jussive particles: such as ‘J Imand & Imma.

— Negative particles: such as b ma and N a.

Habash considered this traditional classification to be very coarse and therefore
cannot be used computationally [HablO]. Because of the highly complex inflected
and derivational morphology, Arabic POS tagsets can be very large. In this section, we

present some known Arabic tagsets in the field.
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3.5.1.1 The Buckwalter tagset

The Buckwalter tagset was developed by Tim Buckwalter. It is a form-based tagset
that can be used for tokenized and untokenized text [HablO]. The untokenized tags
are the output of Buckwalter Arabic Morphological Analyzer [Buc04], and the tok-
enized tags are used in the Penn Arabic Treebank PATB [MBO04]]. This tagset uses
around 70 subtag symbols such as (DET ’determiner’, NSUFF *Nominal Suffix’, and
ADJ ’Adjective) as in Table . These subtags are combined together to form over
170 morpheme tags, such as (NSUFF_FEM _SG ’feminine singular nominal suffix’
and CASE DEF_ACC ’accusative definite’. Similarly word tags are produced by con-
catenating morpheme tags together. for example the Arabic word ’4’..“{ M aldkyh *the
smart’ can be tagged as DET+ADJNSUFF_FEM_SG+CASE_DEF_ACC. Whereas a
Buckwalter untokenized tagset can have thousands of tags, the tokenized one can have
around 500 tags.

3.5.1.2 Reduced Buckwalter tagset

Reduced tagset RTS which is also called The Bies tagset, was developed by Ann Bies
and Dan Bikel. This tagset reflects number for nouns and some tense information
for verbs. However, gender, definiteness, and case information are lost for nouns and
verbs, number information is lost for adjectives and mood, future tense, and aspect
information are lost for verbs. RTS consists of 24 POS tags reduced from the 139
tags created by the Buckwalter Arabic Morphological Analyzer [SvdBNO7]. This
was created to enhance compatibility between the English and Arabic treebanks. This
tagset is considered to be very coarse since it ignores many distinctions that we have
seen in the full Buckwalter tagset. For example: JJ is used for all adjectives regardless
of their inflections, whereas in the full Buckwalter tagset there are different tags for an
adjective like (ADJ, ADJ_COMP, ADJ_NUM, ...etc). The tags in this reduced set are:

* Nominals:
— Nouns: NN singular common noun, NNS plural or dual common noun,
NNP singular proper noun, NNPS plural dual proper noun.
— Pronouns: PRP personal pronoun, WP

— Other: JJ adjective, RB adverb, WRB relative adverb, CD cardinal num-
ber, FW foreign word.
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Tag Meaning Tag Meaning
VERB verb NOUN noun
PSEUDO_VERB pseudo-verb NOUN_NUM nominal/cardinal number
PV perfective verb NOUN_QUANT quantifier noun
PV_PASS perfective passive verb NOUN_VN deverbal noun
PVSUFF_DO:<PGN> direct object of perfective verb NOUN_PROP proper noun
PVSUFF_SUBJ:<PGN> subject of perfective verb ADJ adjective
v imperfective verb ADJ_COMP comparative adjective
IV_PASS imperfective passive verb ADJ_.NUM adjectival/ordinal number
IVSUFF_DO:<PGN> direct object of imperfective verb ADJ_VN deverbal adjective
IV<PGN> imperfective verb prefix ADJ_DROP proper adjective
IVSUFF_SUBJ: <PGN> imperfective verb subject ADV adverb
MOOD:<Mood> mood suffix REL_ADV relative adverb
CvV imperative verb INTERROG_ADV interrogative adverb
CVSUFF_DO:<PGN> imperative verb object PRON pronoun
CVSUFF_SUBJ:<PGN> imperative verb subject PRON_<PGN> personal pronoun

POS_PRON_<PGN>

possessive personal pron

PREP preposition
CONJ conjunction DEM_PRON_<GN> demonstrative pronoun
SUB_CONIJ subordinating conjunction REL_PRON relative pronoun
PART particle INTERROG_PRON interrogative pronoun
CONNEC_PART connective particle NSUFF<Gen><Num><Cas><Str> nominal suffix
EMPHATIC_PART emphatic particle CASE<Def><Cas> nominal suffix
FOCUS_PART focus particle DET determiner
FUT_PART future particle PUNC punctuation
INTERROG_PART interrogative particle ABBREV abbreviation
JUS_PART jussive particle INTERJ interjection
NEG_PART negative particle LATIN latin script
RC_PART response conditional particle FOREIGN foreign word
RESTRIC_PART restrictive particle TYPO typographical error
VERB_PART verb particle PARTIAL partial word
VOC_PART vocative particle DIALECT dialect word

Table 3.1: The Buckwalter tagset components
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* Particles: CC coordinating conjunction, DT determiner or demonstrative pro-

noun, RP particle, IN preposition or subordinating conjunction.

* Verbs: VBP active imperfect verb, VBN passive imperfect or perfect verb,
VBD active perfect verb, VB imperative verb.

* Others: UH interjection, PUNC punctuation, NO_FUNC unanalyzed word.

3.5.1.3 The CATiB POS tagset

This tagset was developed for the Columbia Arabic Treebank project CATiB [HR09al.
The idea of creating this tagset was inspired by the traditional classification of words
and therefore was made up very simple. The point of making this way is to speed up

the human annotation process. The tagset only consists of 6 POS tags:
* VRB: This represents all types of verbs even incomplete verbs.
* VRB_PASS: This is for passive voice verbs.

* NOM: This is for all nominals including: nouns, adjectives, adverbs, active or
passive participle, deverbal noun ,Awe msdr, pronouns (relative, interrogative,

personal, demonstrative, interrogative), numbers and interjections.
* PROP: This is used for proper nouns.

* PRT: This is for all particles including prepositions, conjunctions, negative par-

ticles, and definite article.
e PNX: for all punctuation marks.

An automatically extended version of CATiB was created. These extensions increased
the tagset size to 44 tags. It attached the prefix or suffix to the noun for example
N} rl.l\ almimwn *The teachers’ which is tagged as NOM, will be tagged in the
extended version as AI+NOM+wn.

3.5.1.4 The KHOJA tagset

They derived their own tagset rather than using a European based tagset. Therefore,
they used the traditional three main parts of speech of Arabic: Noun, Verb, and Particle

[SKKO1]]. An Arabic noun is a person, place or thing. Proper nouns are the names of
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people, places or things. The noun class also includes what in the traditional grammat-
ical theory would be classified as: participles, pronouns, relatives, demonstratives, and
interrogatives. A verb class in Arabic is similar to that of European languages. How-
ever, the tenses and aspects are different. The verb class includes the subcategories:
perfect, imperfect and imperative. An Arabic particle is a preposition, adverb, con-
junction, interrogative particles, exceptions and interjections. It was reported that the
tagset contains 177 tags: 103 nouns, 57 verbs, 9 particles, 7 residuals, and 1 punctua-
tion. They are made by joining specific sequences followed by the relevant attributes.
That is, every base tag such as noun or verb has specific attributes that can be attached
to it. A perfective verb (past) for instance can have attributes like number, person, gen-
der, whereas the imperative verb can only have two attributes: number and gender in
addition to the second person. An example of this sequence is : VIS3F (third-person
singular feminine imperfect verb). The following is the khoja tagset which shows the
POS and the attributes relevant to them.

¢ N noun

— C common + Attributes: number, gender, case, definiteness.
— P proper. It has no attributes
— Pr pronoun. There are three types:

% P personal + Attributes: number, person, gender.
* R relative

- S specific + Attributes: number, gender.

- C common

* D demonstrative + Attributes: number, gender.
— Nu numerical

* Ca cardinal + Attribute: [Sg]-gender.
x O ordinal + Attribute: [Sg]-gender.

% Na numerical adjective + Attribute: [Sg]-gender.

— A adjecive + Attributes: number, gender, case, definiteness.
* V verb

— P perfective + Attribute: number-person-gender.

— Iimperfective + Attribute: number-person-gender-mood.
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— PV imperative + Attribute: number-[2]-gender.

P particle

— Pr preposition, A adverbial, C conjuncion, I interjection, E exception,

N negative, A answers, X explanations, S subordinates.

R residual

— F foreign, M mathematical, N number, D day of the week, MY month
of the year, A abbreviation, O other.

PUpunctuation.

Attributes:

Gender: M masculine, F feminine, N neutral.

Number: S singular, Du dual, PI plural.

Person: 1 first, 2 second, 3 third.

Case: N nominative, A accusative, G genitive.

Definiteness: D definite, I indefinite.

Mood: Iindicative, S subjective, Jjussive.

3.5.1.5 The PADT tagset

This tagset was developed for the Prague Arabic Dependency Treebank [HSZT04].
Similar to the Khoja tagset, tags consist of two parts: POS and Features. The POS are

illustrated here:

¢ Verbs:

— VI :imperfect verb.
— VP :perfect verb.

— VC :imperative verb.
* Nouns:

— N :noun.

— A :adjective.
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— D :adverb.
— Z :proper noun.

— Y :abbreviation
e Pronouns:

— S :pronoun.
— SD :demonstrative pronoun.

— SR :relative pronoun.
* Particles:

— F :particle.

— FI :interrogative particle.
— FN :negative particle.

— C :conjunction.

— P :prepositioon.

— I :interjection.
* Other:

— G :graphical symbol.

— N :number.

Then the second part (the features) consists of a 7 character string. Each character

relates to the relevant attribute:
1. Mood: I indicative, S subjunctive, J jussive.
2. Voice: A active or P passive.
3. Person: 1 (I, We), 2 (You), 3 (He,She,they).
4. Gender: M masculine, F feminine.
5. Number: S singular, D dual, P plural.
6. Case: 1 nominative, 2 genitive, 3 accusative.

7. Definiteness: I indefinite, D definite, R reduced, C complex.
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3.5.2 Current Arabic morphological analyzers

In here, we described some of NLP tools that were developed to process Modern Stan-
dard Arabic. We describe BAMA which is the Buckwalter Arabic Morphological An-
alyzer. Then, The Xerox Arabic morphological analyzer which was produced in 1996
at the Xerox Research Centre Europe. ALMORGEANA and MAGEAD are morpho-
logical analysis and generation systems. MADA is for morphological analysis and
disambiguation including POS tagging, lemmatization and diacriticization. TOKAN

is a general tokenizer that works with MADA.

3.5.2.1 The Buckwalter Arabic Morphological Analyzer

The first approach to Arabic tokenization and POS tagging is the one adopted in the
Arabic Treebank, which relies on manually choosing the appropriate analysis from
among the multiple analyses given by AraMorph (an Arabic rule-based morphological
analyzer and part-of-speech tagger by Buckwalter). The Buckwalter Arabic Morpho-
logical Analyzer [BucO4] is becoming the most respected lexical resource of its kind.
It has been used in the Penn Arabic Treebank, and the Prague Arabic Dependency
Treebank. It uses a concatenative lexicon-driven approach in which morphotactics and
orthographic rules are built directly into the lexicon itself instead of being specified in
terms of general rules that interact to realise the output. The system is composed of

three elements: the lexicon, the compatibility tables, and the analysis engine.

* Lexicon: Words are composed of three elements: prefix, stem, and suffix, where
the prefix is limited to 0-4 characters, and the suffix can have 0-6 characters. So

the prefix and suffix can be null. The lexicon contains three files:

— dictPrefixes contains all Arabic prefixes and their concatenations.

— dictSuffixes contains all Arabic suffixes and their concatenations.

— contains all Arabic stems.
All possible concatenations of prefixes and suffixes will be specified in the lexi-
con entries. Every lexicon entry determines a morphological compatibility cate-

gory, an English gloss, and a POS tag as shown in Table[3.2] The English glosses

will allow this lexicon to function as a dictionary.

* Compatibility tables: Compatibility tables should show information on which

morphological categories are allowed to concatenate with other categories such
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as noun or verb categories. For example the morphological category for the pre-
fix conjunction "w” (and) is compatible with all noun categories and perfect verb
categories. However, the same conjunction ”w” is not compatible with imperfect
verb categories because imperfect verb stems are preceded with a subject prefix.
There are three compatibility tables, each of which lists pairs of compatible mor-
phological categories. The first table lists compatible Prefix and Stem morpho-
logical categories. The second one lists compatible Prefix and Suffix morpholog-
ical categories, and the third one lists compatible Stem and Suffix morphological

categories as shown in Table [3.3]

* Analysis engine: the lexicon and the compatibility contribute to most of the hard
decisions. Analysis engine provides a simple algorithm to help make the nec-
essary decisions by producing multiple analyses as tuples of: full diacritization,

lemma, morpheme analysis and POS tags.

9 w/wa Pref-Wa and 0 lwktb /katab-u_1

4 b-/bi NPref-Bi by/with L,.:{ ktb [katab PV write

29 wb- /wabi NPref-Bi and+by/with J ktb /kotub I\% write

N a- /Al NPref-Al the ;,.:{ ktb /kutib PV _pass be written
Jl.; bia- /biAl NPref-BiAl with/by+the ;_,.':{ ktb /kotab IV_Pass_yu be written
Jlﬁ) whid- wabiAl NPref-BiAl and+with/by+the 5 147,-\‘:’{ ktab /kitAb_1

s\ -ah /ap NSuff-ap [fem-sg] ;7;\':‘{ ktab /kitAb Ndu book

OB -atan /atAni NSuff-atAn two J ktb /kutub N books
U6\ -atayn /atayoni  NSuff-tayn two 33 1-468” keabh /kitAbap-1

oG\ -atah fatAhu NSuff-atAh his/its two ._.yl‘:‘{ ktab Nap writing
ol -at /At NSuff-At [fem-pl]

Table 3.2: Buckwalter lexicon entries sample [Buc04].

Prefix-Stem Prefix-Suffix Stem-Suffix
NPref-Al N NPref-Al  Suff-0 PV PVSuff-a
NPref-Al  N-ap NPref-Al  NSuff-u PV  PVSuft-ah
NPref-Al N-ap_L | NPref-Al NSuff-a PV PVSuff-A
NPref-Al  N/At NPref-Al  NSuff-i PV  PVSuff-Ah
NPref-Al N/At_L | NPref-Al NSuff-An | PV PVSuff-at
NPref-Al  N/ap NPref-Al  NSuff-ayn | PV PVSuff-ath

Table 3.3: Buckwalter compatibility table sample [BucO4].

3.5.2.2 Xerox Arabic morphological analyzer

A morphological analyzer for Modern Standard Arabic was produced in 1996 at the
Xerox Research Centre Europe [BeeOl]. Xerox Morphology is based on solid and
innovative finite-state technology [DFO3]].
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This analyzer performs morphological analysis of orthographical words, whether
fully diacriticised, partially diacriticised, or undiacriticised. Analyses show the root,
pattern and all other affixes, together with part of speech tags which include informa-
tion like person, number, gender, etc. The system was based on dictionaries from an
earlier project at ALPNET [Bee90], and was extensively redesigned using Xerox finite
state technology, resulting in an Arabic Finite State lexical Transducer.

analysis] ——_ ———
analvsis?
analvsis3
analvsis4

analvsisn

i

Morphological Morphological English
Analyzer Generator Gloss

(FST) (FST) Buffer

fully
voweled

S G e CGI Script
output html
Browser (Perl)
(Java) -r- - - - -—-—— - =
input words
User Machine Internet Xerox Server

Figure 3.2: Xerox Arabic system [Bee98|

3.5.2.3 ALMORGEANA

ALMORGEANA is a morphological analysis and generation system that used the
Buckwalter Arabic Morphological Analyzer database. However, in the analysis stage,
it generates an output in the lexeme and feature format rather than stem and affix for-
mat. Therefore, lexeme and feature keys are added to the lexicon which are used in

analysis and generation [Hab10].

* Analysis: like the BAMA engine, words in ALMORGEANA are segmented

into the format prefix-stem-suffix. The difference is in the step that uses lexeme
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and feature keys that are associated with stem, prefix and suffix string sequence
to generate the lexeme and feature format. Let us compare between the analysis
of BAMA and ALMORGEANA on the same phrase V::(l llktb. we will have

the following analysis:

— ALMORGEANA: lilkutubi=[kitAb_1 POS:N1+Al+PL+GEN]=books
— BAMA: li/PREP+Al/DET+kutub/NOUN+i/CASE_DEF_GEN

the word lilkutubi is fully diacriticized which consists of the preposition (J /i

’for’, the definite article J‘ al ’the’, the main lexemeg:;l‘:’f kitab *book’, the
features PL for plural and GEN for genitive. It is worth noting that the feature
PL is not present in BAMA because it is embedded in the word itself ._,:.{’{ kutub
’books’. So the feature PL is part of the extension done in ALMORGEANA in
processing the BAMA database.

* Generation: The generation is the opposite process. The analyzer takes as an
input a lexeme and feature set, and produces as an output a fully diacriticized

word.

3.5.24 MAGEAD

MAGEAD is a morphological and analyzer and generator for Arabic and its dialects
[HROG]. It takes a lexeme and a set of linguistic features and produces surface word
form through a sequence of transformations. In a generation perspective, the Arabic

word is produced by:

* First creating a word stem from templatic morphemes.
* Then affixational morphemes are added to this stem.

* Applying the morphological and phonological rules. The process of combining
the affixes with the stem involves a set of morphological and phonological rules.

For example: applying the pattern rule iVItV2V3 to the root ,a; zhr will first
give: 7 )‘ azthr. However for pronunciation reasons, this is not allowed in
Arabic. Therefore applying the rule will change & finto » d, so the resulting

word will be a5 j‘ azdhr *Flourish’.
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3.5.2.5 MADA+TOKAN

MADA (stands for Morphological Analysis and Disambiguation for Arabic) is a toolkit
that takes as an input a raw Arabic text and recovers as much lexical and morphological
information as possible. It produces in one operation POS tags, lexemes, diacritisations
and full morphological analyses [HRO9b]. A morphological analyser such as the ones
we described (ALMORGEANA or MAGEAD), produces the different readings of a
word regardless the context. However, a morphological disambiguation system such
as MADA aims to produce the correct reading of a word in a specific context. Once
a morphological analysis is decided, MADA can decide its full POS tag, lemma and
diacritisation. ALMORGEANA is used internally to produce a list of potential anal-
yses for each word of the sentence regardless their context. In order to choose the
right analysis for each word, MADA makes use of up to 19 features to rank the list
of analyses. Then, MADA uses a Support Vector Machine (SVM) classifier to create
a prediction for the value of 14 features for each word in its context. The remaining
features capture information such as spelling variations and n-gram statistics. Those
analyses that more closely agree with the weighted set of feature predictions receive
higher ranking scores. The correct analysis for each word in its context is the one with
the highest score.

TOKAN: It is a general tokenizer for Arabic that takes MADA’s output and tokenise
it into a large set of possibilities. For example, MADA can decide whether a word is
attached to a conjunction clitic. However, only until it comes to TOKAN, the tokeni-
sation of the clitic is done. So TOKAN takes as an input a MADA disambiguated file
and a tokenisation scheme that specifies the tokenisation target. If we are given the

following specification:
* "w+ f+ b+ k+ 1+ s+ Al+ REST +/ + POS +P: +O: -DIAC”

¢ wand & fare clitic conjunctions. & b, 8 k, J [ are prepositions. . s is a verbal
particle. JI al is the definite article.

So given the above specification and the phrase ﬁa.l‘.,.«j wsydmhm “he will teach
them’, it would be tokenised like: “wa+sa+yu‘allim/V +hm”

3.5.3 MXL tagger

This is a tagger for undiacriticised MSA but was first trained on the fully diacritised

Quran. This involved applying a rule based tagger on the Quran. A set of the output
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is then manually corrected. The results of this correction is then used as a training
data for an undiacriticised text. The rule based tagger involves matching the beginning
and the end of a word. Since Arabic is highly inflectional and derivational language,
matching the start and the end of the words means that the prefixes, suffixes and clitics
will help in deciding the tag. A Transformation Based Learning (TBL) approach was
used to improve the original set of rules [RS09]. We have converted the application of

this tagger in prolog so that it can be integrated with the parser.



Chapter 4

Background: Parsing

4.1 Overview

This chapter consists of two parts:

1. First we describe Natural Language Parsing in general including the different
models and algorithms. We then investigate and compare between different al-
gorithms such as (top-down vs bottom up), (Breadth-first search vs depth-first
search), and (Early vs CYK) algorithms. By describing the properties of these
algorithms, we can show the appropriate one for our task. Then we describe sta-

tistical parsing and compare between two famous models Charniak and Collins.

2. The second part introduces Modern Standard Arabic parsing.

4.2 Parsing algorithms

Parsing is an important step in Natural Language Processing. Parsing is the process of
recognizing an input string and producing some sort of structure for it [JMOO]. There
are different types of parsing, and this is solely based on the type of structure that can
be produced: morphological, syntactic, semantic and pragmatic parsing, in the form
of a string, a tree, or a network. In other words, the task of the parser is to take a
sentence as an input and return a syntactic representation that corresponds to the likely
semantic representation of that sentence. For example: given a sentence like : “The

boy is sleeping” would return a parse tree as shown in Figure
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- S %
NP VP
The boy AUX VP
\
is Vv
sleeping
% J

Figure 4.1: An example of a parse tree [JMOO]]

4.2.1 Parsing as Search

The parsing task can be viewed as a search problem. For instance, in syntactic parsing,
the parser can be viewed as searching through the space of all possible parse trees to
find the correct parse tree for the sentence [JMOO]. For example given an English
sentence like "Book that flight”, and the small grammar and lexicon below, then the

correct parse tree that would be assigned to this sentence is shown in Figure

This is regarded as a search because we are trying to find all trees whose root is the
start symbol S, and cover exactly the words in the input.

4.2.2 Chart parsing

General search methods are not best for syntactic parsing because the same syntactic
constituent may be rederived more than one time as a part of different larger con-

stituents, for instance, an NP could be part of different VPs or PPs. To solve this
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S — NP VP

S — Aux NP VP

S — VP Det — that | this | a

NP — Det Nom Noun — book | flight | meal | money
NP — Proper-Noun Verb — book | include | prefer

VP — Verb Aux — does

VP — Verb NP Prep — from | to | on

Nom — Noun Proper-Noun — Houston

Nom — Noun Nom

Nom — Nom PP

Table 4.1: English grammar and lexicon [JMOO]

3
VP
NP
/\Nom
Verb Det Noun
Book that flight

Figure 4.2: An example of parsing

59
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problem, chart parsing uses a chart to keep track of partial derivations.
There are two kinds of search strategies for tree search: breadth-first search and

depth-first search.

4.2.2.1 Breadth-first vs depth-first search

Breadth-first search: an uninformed search strategy whereby the search space is ex-
plored by visiting all neighboring (sister) nodes first, before going deeper into the tree.
i.e. it explores all branches at each level before going to the next level, whereas depth-
first search is an uninformed search strategy whereby the search space is explored by
going deeper and deeper (down a branch of the tree structure) until backtracking is

required.

4.2.2.2 Top-down parsing

Top-down parsing is a strategy that searches for a parse tree by starting with the root
node (for example S in our previous example), and progress towards the leaves. For
example, in our previous example, the parser assumes that the input can be derived by
the start symbol S. By looking at all grammar rules with S on the left-hand side, there
are three rules that expand S. Therefore the next level has three partial trees. We then
expand the new items of the tree (NP and VP) just as we originally expanded S. At
each level of the search space we use the right-hand sides of the rules to provide new
sets of expectations for the parser, which are then used to recursively generate the rest
of the trees. When the tree is fully built, leaves which fail to match all words in the
input will be rejected.

In other words, parsing the sentence ”The boy sleeps”, the parser says:

* I am looking for an S.

* To getan S, I need an NP and a VP.

To get an NP, I need a DET and an N.

To get a DET, I can use "The”.

To get an N, I can use "boy”.

This completes the NP.

To geta VP, I need a V.
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* To get a V, I can use "sleeps”.
* This completes the VP.

* This completes the S.

s
NP VP AUX NP VP \[p
g = : : ; i
NP VP NP VP AUX NP VP AUX NP VP \[P VP
[Ss I N I P I
Det Nom PropN Det Nom PropN v NP Vv
/Fom
Det Noun
[
Book that flight

Figure 4.3: An example of top down parsing [JMOO]

4.2.2.3 Bottom-up parsing

Unlike the top-down parsing, a bottom-up parser starts with the words of the input, and
tries to progress towards the goal (the full parse tree). The parse is successful only if
the parser succeeds in building a tree whose root is the start symbol S and covers all of
the input. The basic operation of bottom-up parsing is to take a sequence of symbols
and match it to the right-hand side of the rules, then replace these sequence of symbols
by its left-hand side symbol. Figure {.4] shows the bottom-up search space beginning
with the sentence ”Book that flight”. The parser starts by looking up each word in the
lexicon (book, that, flight). Because book is an ambiguous word (it can be a noun or a
verb), the parser will consider two sets of trees. We then, apply the rule NOM — Noun
to both of the nouns (book and flight) to produce the third level. We do the same in the

next levels, by looking at the rules and see if the right-hand side of some rule might fit
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Book that flight

N?un ?et Noun
Book that flight
NOM N?M
NPun ?et Naoun
Book that flight
NP
N?M N?M
Noun Qet Noun
1 1
Book that flight
VP NP
V?rb Det
i
Book that

VP

!

Verrb Det
!
Book that

NOM

Noun

flight

V?rb Det
!
Book that

Verb Det
!
Book that

NOM

T

Noun

flight

Noun
flight
NOM
Noun
flight
NP
NOM
V?rb Det Noun
Book that flight
VP
NP
N?M
Vﬁrb D?t Noun
Book that flight

Figure 4.4: An example of bottom up parsing
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4.2.2.4 Top-down parsing vs Bottom-up parsing

The main difference between bottom-up and top-down parsers is the way the grammar
rules are used. Each of these two search strategies has its own advantages and disad-
vantages. The top-down strategy does not waste time in exploring parses that cannot
result in an S, whereas in the bottom-up strategy, trees with no hope of leading to an S
are generated and later on abandoned. This is considered as wasted effort. For exam-
ple, considering “book ” as a noun at the beginning of a sentence, despite the fact that
there is no rule in the grammar that will lead to an S based on this grammar. However,
if the top-down approach does not waste time in exploring trees that do not lead to
an S, it does spend a considerable effort on trees that will not match the input. This
inefficiency in top-down strategy is due to the fact that the parser generates trees even
before examining the input. On the other hand bottom-up strategy never produces trees
that are not at least existent in the actual input.

There are three problems that face top-down and bottom-up parsers: left recursion,
ambiguity, and inefficient reparsing of subtrees [JMOO]. An example of left recursion is
(NP — NP VP), which will lead to indefinite expansion of trees for top-down parsing.
Ambiguity is when words may have more than one part of speech (lexical ambigu-
ity), when the grammar assigns more than one possible parse to a sentence (structural
ambiguity), when a particular constituent can be attached in more than one place in a
parse tree (Attachment ambiguity), or when different constituents can be formed from
a conjunction (Coordination ambiguity). Inefficient reparsing is when the parser builds
valid trees, and then discards them during backtracking, only to find that it has to re-
build them again, or attempts to build invalid ones .

Lexical ambiguity is worse for bottom up parsing whereas structural ambiguity is
worse for top-down parsing

In order to solve these problems, dynamic programming algorithms are used.
Dynamic programming is a method used to discover solution to subproblems along
the way to the solution of the main problem. It is generally good for problems with
overlapping subproblems. The most famous dynamic programming algorithms for
parsers are: the Early algorithm and the CYK algorithm.

4.2.2.5 Early algorithm

Early’s algorithm [Ear70] is considered as a breadth-first top-down parser with bottom-

up recognition. This algorithm reduces an apparently exponential-time problem to a
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polynomial-time one by eliminating the repetitive solution of subproblems. The Early
algorithm produces a table called ’chart” that has N+1 entries, each of which contains
a list of states representing the partial parse trees generated so far. By the end of the
sentence, each possible subtree is represented only once and can therefore be shared

by all the parses that need it.

repeat until input is exhausted
a = /* current input symbol */
k = /* current state index */

repeat until no more states can be added
foreach state (X ::= A«YB, j) in state[k] // prediction
foreach rZule (Y ::= C)
state[k].add( state (X ::= «C, k) )

foreach state (X ::= AeaB, j) in state[k] // scanning
state[k+1].add( state (X ::= Aa«B, j) )
foreach state (X ::= As, j) in state[k] // completion

foreach state (Y ::= A«B, i) in state[]j]
state[k].add( state (Y ::= AsXB, i) )

Figure 4.5: Early algorithm [JMOO]

4.2.2.6 CYK algorithm

The Cocke-Younger-Kasami (CYK) is a bottom-up dynamic programming parsing al-
gorithm. The standard version of CYK recognizes languages defined by context free
grammars written in Chomsky Normal Form CNF. Because any context free grammar
can be converted to CNF, CYK can be used to recognize any context free language.
The standard algorithm can also be extended to accept forms that are not CNF, but at

the cost of making the algorithm more difficult to understand.

However, both Early and CYK algorithms are not suitable to handle Modern Stan-
dard Arabic, because of its relatively free word order. What is suitable for languages
with free word order including MSA is a variation on chart parsing implemented by
Allan Ramsay [Ram99|]. This will be discussed later in the thesis.
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int N = /* number of input tokens */
int R = /* number of rules in CNF grammar */

bool array[N][N][R];

foreach token T at index I in the input
foreach ruleR->T
array[I][1][R] = true

foreach I = 2..N
foreach ] = 1..N-I+1
foreach K = 1..I-1
foreach ruleR->ST
if P[J1[K][S] and P[1+K][I-K][T]
P[I]III[R] = true

Figure 4.6: CYK algorithm [JMOO]

4.3 Statistical parsing

An important aspect of this thesis is to collect statistics about edges and use these to
guide a rule based parser. That is why exploring the approach of statistical parsing is
introduced in this section.

Syntactic ambiguity is a serious problem and also it is very hard to manually define
a grammar whose rules determine a single parse for any given sentence. That is why
statistical models were introduced as they provide methods for selecting between the
alternative parses. In the early days, this involved the use of manually parsed train-
ing material to obtain scores for local tree configurations, which were combined to
obtain a score for a complete parse-tree. The release of the Penn Treebank led to a
large interest in Statistical parsing, and started a parsing competition among the NLP
community. Since then, There has been a great deal of interest in exploiting corpus re-
sources for different Natural Language Processing (NLP) tasks. Magerman [Mag95]
was one of the earliest to release parsing accuracies on the Penn Treebank. His parser
was called SPATTER which is based on decision-tree learning techniques. A decision
tree is a decision-making device which assigns a probability to each of the possible
choices based on the context of the decision [Mag95[]. These probabilities are esti-
mated using statistical decision tree models. The probability of a complete parse tree
of a sentence is the product of each decision conditioned on all previous decisions.
SPATTER achieved an accuracy of 84.3 percent labeled precision and 84.0 percent la-
beled recall [CELI10]. In 1996 this score was improved by Collins to 85.7 percent and

85.3 percent labelled precision and recall. A year later, Collins improved his results
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further by introducing a new motivated approach based on a generative model [Col97].

4.4 'Treebanks

A Treebank is a text corpus in which each sentence has been annotated with syntac-
tic structure. This structure is usually represented as a tree structure, hence the name
Treebank.

Treebanks are very important resources for building statistical parsers and evaluating
them. Natural language processing, speech recognition, and other linguistic tools are in
great need of large annotated corpora. The latter can be valuable for providing statisti-
cal data to probabilistic parsers and other natural language processing tools. Treebanks
may also be beneficial for information retrieval and other traditional linguistic research.
They can also serve in computational linguistics for training or testing parsers. Tree-
banks are often created on top of a corpus that has already been annotated with part of
speech tags. But treebanks are sometimes enhanced with semantic or other linguistic
information. They can either be created completely manually, where linguists annotate
each sentence with a syntactic structure, or semi automatically where a parser assigns

some syntactic structure which linguists can check and where necessary correct.

4.4.1 The Penn Treebank

One of the largest and widely used English-language treebanks is ”the Penn Treebank”,
which was developed by Mitchell Marcus and his team at the University of Pennsylva-
nia. It has played a great role in creating or improving many English natural language
processing resources. Since it is well-documented, it has served as a solid methodol-
ogy for researchers attempting to produce similar treebanks in other languages. The
Penn Treebank is a large annotated corpus consisting of over 4.5 million English words
annotated with both part-of-speech and syntactic tree information [MMS93]. It pro-
vides a large corpus of syntactically annotated examples mostly from the wall street

journal.
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4.5 Statistical parsing models

This section reviews the concept of probability theory which is the basis of the models
used in statistical parsing. Some statistical models will be discussed. Statistical lan-
guage models are used to capture some important properties of a natural language by
collecting statistics from corpora of that language. For this purpose, various language

models have been used such as: word N-grams.

4.5.1 N-grams model

As some of the parsers discussed later will use N-gram models to compute the prob-
abilities, a brief introduction will be introduced in this section. The N-gram model
is one of the most important tools in NLP. By assigning a conditional probability to
possible neighboring words, N-grams can be used to assign a joint probability to an
entire sentence [JMOO].

One way of computing the probability is from relative frequency counts. P(w|h) is the
probability of w given some history 4. l.e. answering the question: ”Out of the times
we saw the history h, how many times was it followed by the word w””. While estimat-
ing probabilities directly from counts works fine in many cases, It turns out that this is
not enough to give good estimates. Therefore cleverer ways of estimating probabilities

were introduced.

4.5.1.1 Chain rule of probability

One way is to use the chain rule of probability to decompose the probability of an

entire sequence of words [JMOO].

P(w}) = P(w1)P(wa|w1)P(w3|wp)...P(wa|w{~")
n B 4.1)

= [TPOwelwi™)

k=1

The chain rule shows the relationship between computing the joint probability of a
sequence and computing the conditional probability of a word w given previous words.
However this is not enough, because it is hard to estimate by counting the number of
times every word occurs following every long string. Natural languages are creative

and any particular context might have never occurred before.
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Therefore the notion of N-grams is introduced here. Instead of estimating a probability
given the entire history, we will approximate the history by just the last few words. The
Bigram for instance only computes the conditional probability of the preceding word.

Formally, using a bigram model the probability is estimated as follows:

P(wy|w'™1) = P(wy|wn—1) 4.2)

So a bigram looks one word into the past, and trigram looks two words into the

past, and thus, N-gram looks N — 1 words into the past which gives the equation:

P(wlw} ) = P(walw! "y ) (4.3)

4.5.1.2 Maximum Likelihood Estimation

One of the simplest way to estimate probabilities is by dividing the counts for one item
by the total counts, then normalising it so that it lies between 0 and 1. For example, if
you have a corpus of 1 million words, and the word chinese appears 400 times. The
probability estimate here is simply 0.0004. Estimating a bigram probability of a word

w given a previous word h:

C(Wn—1wn)

P(wy|wy—1) = —ZWC(wn_lw) 4.4)
The problem with MLE is that it predicts that the probability of a word that we have
not seen is exactly zero. Also MLE is not going to give us a very useful estimation
because it is simply using relative frequency counts. The problem gets worse if we are
trying to use counts of one corpus to estimate observations of a different corpus. From
the previous example the probability of any random word selected out of this corpus
being the word chinese is % = (0.0004 which might not be accurate enough in an
other corpus.
The trouble with MLE can also happen when we are dealing with a language that has
lots of rare words. If we consider a language with 10000 rare words, and in a corpus
we only encounter 10 rare words. This means that we have not seen 9990 rare words.

That is why, MLE will be modified slightly to get better estimates.
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4.5.1.3 Smoothing

Sparse data problems in statistical parsing arise from the fact that the training data
cannot cover all of the cases the parser will face [JMO00]. A parser might encounter
a word used as the head of an NP, but previously was only seen as an adjective. Any
corpus is limited and it is possible that a perfectly accepted English sequence of words
is going to be missing from it. This will result in many cases of Zero probability N-
grams. Just because an event has never been observed in training data does not mean it
cannot occur in test data. Therefore smoothing these probabilities is used to solve such
problems. Smoothing is the process of flattening a probability distribution implied by a
language model so that all reasonable word sequences can occur with some probability.

There are different algorithms for smoothing:

* Laplace smoothing: One way to do smoothing is to add one to all the count

before normalising.

Pue(wi) = sy = 57
C(w;j)+1 _ C(wi)+1
PLaplace(Wi) = Zj(é(w)j)+1) - §V+)V

* Good Turing Discounting: The idea here is to use the count of things we have
seen once to help estimating the count of things we have never seen. These
estimators are based on theory which is correct for a large corpus of a large
language. The Good Turing algorithm is based on computing N,, the number
of N-grams that occur ¢ times which is refered to as frequency of frequency.
Formally: Ne = Xy.coum(x)=c 1. Given that The MLE count for N is ¢. The
Good-Turing estimate replaces this with a smoothed count ¢*, as a function of

N,y as shown:

¢ = (c+ 1)

Estimating probabilities of things that had zero counts Ny as:

Ny

PG (things with zero counts in training) =

where N is things with 1 count.

* Interpolation: If we are trying to compute P(w,|w,_1 w,_2), but this particular

trigram w,_» w,_1 w, does not exist, we can estimate its probability by using
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the bigram probability P(w,|w,—1). Similarly, if we do not have counts to esti-
mate this bigram P(w,|w,_1) , we can look to the unigram P(w,,). Interpolation
combines the different order N-grams by linearly interpolating all the models.
Formally estimating P(w,|w,—1 w,—2) by adding together the unigram, bigram,

and trigram probabilities, each weighted by A:

p(wn|wn—l Wn—2) ~ }VIP(Wn|Wn—1 Wn—2)+
MP(wywy—1)+ (4.5)
A3P(wy)

such that: A +A, +Az =1

4.5.2 Collins parsers
4.5.2.1 Collins first statistical parser

After the invention of the Penn Treebank, one of the most influential work was in-
troduced by Collins [Col96]. This was a statistical parser based on probabilities of
dependencies between head-words in the parse tree. This parser takes a tagged sen-
tence as input and produces a phrase-structure tree as output. The statistical model
assigns a probability to every parse tree for this sentence. In a formal way, given a sen-
tence S and a tree T, the statistical model estimates the conditional probability P(T|S).

The most likely parse is the one with the highest probability:

Thest = argmja}xP(T|S) (4.6)

The idea of this statistical model is that any parse tree such as the one in Figure
can be represented as a set of baseNPs B and a set of dependencies D. In other words:
T =(B,D)

So the formula P(T'|S) will be represented as follows:

P(T|S) = P(B,D|S) = P(B|S) x P(D|S, B) (4.7)

Then given a sentence S and baseNPs B all punctuation will be removed and the
baseNPs will be reduced to their head-word alone such as in Figure §.8] Each con-
stituent of the parse tree will get its head-child from its children using some simple

rules. For example the rule:
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NP — DET NN

would identify NN to be the head-child of NP.
And the rule:

S—NPVP

would identify V P as the head-child of S.
Each parent will receive its head-word from its head-child. For example: given the

rule
S—NPVP

S would get its head-word announced from its head-child V P.
Head-modifier relationships can be extracted as shown in Figure @, where each con-

stituent contributes a set of dependency relationships.

4.5.2.2 The Generative Models

These are three generative, lexicalised Probabilistic Context-Free Grammar(PCFQG)
parsing models [Col97]. Model 1 is a generative version of the one described in
[Col96]]. PCFGs were extended to lexicalised grammars that associate a head word (a
word and a POS tag) with each non terminal in a parse tree. In Model 2, the parser
was extended to make the complement/adjunct distinction by adding probabilities over
subcategorisation frames for head-words. In Model 3, wh-movement was introduced
using a method similar to the slash feature in the Generalized Phrase Structure Gram-
mar [GKPS&3].

4.5.2.3 Collins probability model

The basis in statistical parsing is associating probabilities with grammatical rules. The
probability of any given parse tree is the product of the probabilities of all the rules
applied in creating this parse tree. Formally, for each rule LHS — RHS:

count(LHS — RHS)
count (LHS)

P(RHS|LHS) = (4.8)
The product of the probability of individual rules is used to calculate the joint

probability of a tree 7" and a given sentence S:

P(T,S) = ﬁP(LHSi|RHSi) (4.9)
i=1
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John/NNP  Smith/NNP., the/DT president/NN of/IN IBM/NNP,

(1) announced/VBD his/PRPS resignation /NN yesterday /NN .
=
NP ve
—— e s - -.-""‘-\_‘
NP NP i SRR
41 S T - & .\M"*-.
2 \ - - : '
2) _./ i NP P VED NP NP
\I L S i I
N NP :
NNE NNP DT NN | PRPS NN NN
| | | | g | | |
John  Sputh the president of IBM announced hus resignation vesterday
NP 5 VP VBD VP NP
(3) NP HP NP KFHNPFF INFPNP } VED VP NP
¥ I T i | ¥vrE

[John  Smirh] [the president] of [IBM] announced [his resignation ] [vesterday ]

B={ [John Sputh] . [the president]. [IBM], [lus resignation], [vesterday] }
(4)

NP 5 WP NP NP NP NP NP PP INPPNP VBD VB NP

[ 1 —

D={ Snuth announced . Smuth president . president of, of IBM ., announced resignation

VED VP NP

announced yesterday }

Figure 4.7: A representation used in Collins model. (1) is a tagged sentence, (2) is a
parse tree, (3) is a dependency representation, (4): B is the set of baseNPs, D is the set
of dependencies
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John/MNP Smith/ NMP, the,/DT president/N N of/IN IBM/NN P, announced/VBD his/PRP resignation,

NN yesterday/NN

MNP P

M
NP MP
/\ ‘_,_,-'ﬂ\-..\_\
MF PP VBD MF NF
GG e /\

NNF  NNP DT NN IM NP

NMP PRP NN NN

lohn  5mith the president of IBM announced his resignation  yesterday

5 [announced)

NP [Smith) WP [announced)
NP [Smith) NP [ president)
/\ NP B (of) VBD MF [resignation) NP
iy s
NNP  NNP oT NN IN NP
Nfl'vlF FFi\F Nflﬂl NT

John  5mith the president of IBM announced his rezignation  yesterday

Figure 4.8: A parse tree with Head-Child dependencies [Col96]
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The best parse tree is the one with the highest probability:

P(T,S
Thest = argmj@xP(T]S) = argmax I()(é)) = argm]@xP(T, S) (4.10)

Given the rule S — NP NP VP and using equation 4.8 we can estimate the probability:

count(S — NP NP VP)
count(S)

P(NP NP VP|S)= (4.11)

When the grammar is lexicalised, i.e. associating each non-terminal with a head-
word and a pos tag. Given the example mentioned in [[Col03]] “Last week IBM bought
Lotus” which its parse tree is in Figure [4.9]

TOP
S(bought)
NP(week) NP(IBM) VP(bought)
/\ NNP /\
1] NN VBD NP(Lotus)
IBM ‘
Last week bought NNP
Lotus
TOP -> S(bought)
S(bought) -> NP(week) NP(IBM) VP (bought)
NP (week) -= JJ(Last) NN (week)
NP (IEM) -> NNP(IBM)
VP (bought) -> VBD(bought) NP(Lotus)
NP (Lotus) -> NNP(Loctus)

Figure 4.9: A parse tree example from [Col03]



4.5. STATISTICAL PARSING MODELS 75

The rule S — NP NP V P would become:
S(bought,VBD) — NP(week,NN) NP(IBM,NNP) VP(bought,VBD) (4.12)

By applying equation the probability is estimated as follows:

P(TIS) = count (S(bought,VBD) — NP(week, NN) NP(IBM,NNP) V P(bought,VBD))

count (S(bought,VBD))
(4.13)

The use of lexicalisation in this way will result in an inaccurate estimation of the prob-
ability. Because for PCFG estimating the probability is simply counting the number
of times LHS is seen expanded as the RHS divided by the total number of times the
LHS is seen in the training corpus. However, lexicalisation will give a huge a number
of non-terminals resulting in a severe sparse data problem. A lexicalised PCFG may

result in two problems:

* The LHS of a rule associated with a head word may not appear in the training
data.

* Even if the LHS appears in the data, it may never expand to the RHS.

An example of this problem:

The rule S headed by the verb bought which results in an NP headed by week, an NP
headed by /BM and a VP headed by bought is not going to appear very often in the
corpus. The addition of lexical heads will result in a huge number of rules of this type.
Therefore the numerator of most rules of this kind is likely going to be O.

Collins solution to this problem is to break up the generation of the rule into parts and
calculate the probability of each part separately. The RHS is generated from the head
outwards, with first-order Markov processes separately generating the modifiers to the
left and right of the head [Col03]:

PR(h) — Ln(ln)...Ll (ll ) H(l’l) Ry (1’1 )...Rm(rm) (4.14)

H is the head child of the phrase which inherits the head-word 4 from its parent P.
L,...Ly are its left modifiers, and R;...R,, are its right modifiers. Taking the rule in
the generation of the RHS given the LHS can be decomposed into three steps:
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1. Generate the head constituent label of the phrase, with probability:

Py(H|PR, h) (4.15)

2. Generate modifiers to the right of the head with probability:

1
PR(R,'<I‘,')|PR,h,H) (416)
1

m

+

1

where R 11 (rm+1) is defined as the stop

3. Generate modifiers to the left of the head with probability:

n+1
[T Pe(Li(li)|PR,h,H) (4.17)
i=1

where Ly 1(ly,+1) is defined as the stop

Applying these equations to the rule:
S(bought ,VBD) — NP(week,NN) NP(IBM,NNP) VP(bought,VBD), the proba-
bility will be estimated as:

P,(VPS, bought) x P,(NP(IBM)|S,V P, bought) x
P;(NP(week)|S,V P, bought) x P;(STOP|S,V P,bought) x (4.18)
P.(STOP|S,VP,bought)

This will result in a useful and more effective probability. So Collins work here allows

including lexical information while still estimating a useful probability.

4.5.3 Charniak’s model

Charniak presents a statistical parser that induces its grammar from a hand-parsed cor-
pus. Charniak claims that although the common wisdom has it that grammar obtained
from treebanks do not perform well, his parser outperforms all other non-word-based
statistical parsers. Charniak parser takes a sentence and returns the most probable
parse (the parse with the highest probability). It is trained on the Penn treebank. It

reads a Context Free Grammar as described in [CCA™T96], then collect statistics used
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to compute the empirically observed probability distributions. A new test sentence is
parsed to obtain a set of parses using the context free chart parsing technique. There
is no attempt of finding all parses. Only constituents that promise to contribute to the
most probable parse are selected (the improbable parses are ignored). This parser was
improved in 1999 to achieve 90% precision/recall for sentences of length 40 and less,
and 89.5% for sentences of length 100 and less, when trained on the standard sections
of the Wall street journal treebank. Charniak used a technique called "Maximum-
Entropy-Inspired” model for conditioning and smoothing [Cha]. The advantage of
this technique is that the features used for encoding the different conditional proba-
bility events do not have to be statistically independent of each other. In addition, the

generation of a modifier is conditioned on its two previous sisters.

4.5.3.1 The probability model

The probabilistic model presented by Charniak takes a sentence s and returns the parse

with the highest probability p(m|s). Formally, the parser returns P(s) where:

P(s) = argmax = argmax p(m,s) 4.19)
L L

We consider the example mentioned in [Cha97]: “Corporate profits rose” which

one of its parse trees is in Figure 4.10}

s:rose
//N
np:profits vp:rose fpunc
adj:corporate n:profits virose
Corporate profits rose

Figure 4.10: A parse tree

Since this is a PCFG, the tree in Figure [@] can be rewritten as a set of CFG rules
specifying how each constituent is expanded. Each non-terminal is headed by a word
which is the head. The head can be determined by some simple rules in a bottom up

way, such as the head of an np is the main noun, the head of a vp is the main verb, and
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the head of a sentence is the head of the sentence’s vp. Estimating the probability of a

constituent in a top down fashion will include:
1. Calculate the probability of the head
2. Calculate the probability of a constituent given the head
3. Recurse down in parse tree to estimate probabilities of sub-constituents.

Given the np “corporate profits”’and assuming the head s, its type ¢, the head of its
parent 4, and the type of the parent /, we need to compute p(s|h,t,l). For example:
corporate profits:np will be p(profits|rose,np,s).

Approximating p(s|h,t,1) using the deleted interpolation formula will give:

p(slh,t,1) = M (e)p(s|h,t,1)+
Aa(e)p(slen,t,1)

A3(e)p(s \ )
Aa(e)p(slr)

_|_

(4.20)

+

4.5.4 Comparison of Charniak and Collins work

Both Collins and Charniak used the Penn Wall Street Journal Treebank to train their
parsers. They both used the same training and testing data. They both collected statis-
tics from the training corpus, using the notion of lexical heads. Both works restrict
head information to two levels, 1.e. collecting statistics about the head and its parent.
In addition both parsers take the correct parse the one with the highest probability.
However, there are some differences in terms of grammar, the statistics collected and
smoothing. Charniak estimate p(s, ), whereas Collins compute p(7,s). Charniak has
an explicit grammar which is extracted from a treebank. They are also different in the
way smoothing was conducted.

4.6 Modern Standard Arabic (MSA) parsing

After we have introduced NLP parsing in general, in this section we illustrate parsing
MSA and compare the few tools available for the language. This includes comparing
the different MSA treebanks and parsers.
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4.6.1 Arabic treebanks

The most well known Arabic treebanks are The Penn Arbic Treebank (PATB), The
Prague Arabic Dependency Treebank (PADT) and the Columbia Treebank (CATiB). It
is worth noting that both PATB and PADT employ very complex linguistic representa-
tions that require a lot of human efforts. This makes the representations of these two
treebanks full of details, which is useful when producing POS tags, in tokenisation,
syntactic structures, and other specific details.

CATiB, on the other hand was produced for the purpose of speeding up the annotation
process through representation simplification.

In this section, we present a brief discussion of these treebanks and do some com-
parison between them. Let us take the same sentence and see its representation in
each of the three treebanks. dwl.l\ J}U ‘3 G e o 0L 13,15 éL. il O yend
hmswn Alf sazih zarwa lbnan w swrya fy >ylwl almady ’Fifty thousand tourists visited

Syria and Lebanon last September’

4.6.1.1 The Penn Arabic Treebank (PATB)

PATB was a result of a team work of Maamouri, Ann Bies, and Hubert Jin. They
have started with the assumption that the existing methodological principles of the
previous Penn treebanks could be very beneficial in constructing the Arabic Treebank
[MBO4]]. The Buckwalter analyzer is used for the morphological annotation and POS
tagging of the Arabic newspaper text. Therefore, for every input string, the analyzer
provides a fully diacriticised solution in Buckwalter transliteration. At this step, human
intervention is necessary to disambiguate many orthographically identical forms. An
example of tree representation in the PATB is given in Figure .11} The creation of the
PATB was very important for Arabic research. All other treebanks that were produced
after the PATB have used it or at least used some of the tools developed for it. In fact the
PADT and CATiB both converted the PATB representation to their own representation.

4.6.1.2 Prague Arabic Dependency Treebank (PADT)

PADT is a project of the Institute of Formal and Applied Linguistics at Charles Uni-
versity in Prague.lt is a younger sibling to Prague Dependency Treebank for Czech

[HSZ"04]. It consists of morphologically and syntactically annotated newspaper texts
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Figure 4.11: ThePATBtreeofd\aLﬂ J).Lo\ d G e o oI 13,15 él..« i O g

hmswn AAf saih zarwa lbnan w swrya fy ’ylwl almady " Fifty thousand tourists visited
Syrla and Lebanon last September” [Hab10]

of MSA, which originates from resources published by the Linguistic Data Consor-
tium, University of Pennsylvania, Arabic Gigaword and plain data of Penn Arabic
Treebank. The morphological and syntactic annotations in PADT is different from that

of the PATB. An example of the same sentence in the PADT representation is given

in Figure ¥4.12, The head of the sentence is the verb " J‘j zarwa ’visited’. it has

three children: A subject Sb’, a coordinating conjunction ’coord” ¢ w ’and’, and an
auxiliary prepositional phrase *AuxP’. The subject itself is a number word modified by
another number word, which is also modified by a noun é L g..eJi ) ,.“J’ hmswn Af
saxh "fifty thousand tourists’. The second child of the verb ¢ w and” heads two proper
nouns with the composite relation Obj_co, which means two nouns ara coordinated by
their parent ¢ w and they are both objects of their grandparent verb. The last child of
the verb is ¢ fy ’in’ which heads a proper noun Jd Jlf.\ aylwl Sl September with
the relation Z&dv (Adverbial) which in turn heads an adjective d\bl:.l\ almady *past’ in
attribute relation Atr.

4.6.2 The Columbia Arabic Treebank (CATiB)

Another work that resulted in a database of annotated sentences is the Columbia Ara-

bic Treebank. CATiB is different from the previous treebanks in putting an emphasis
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on annotation speed with some constraints on linguistic richness [HRO09a]. CATiB
approach was to avoid annotation of redundant linguistic information, for instance:
nominal case and state in Arabic can be determined automatically from the syntax and
morphological analysis of the words. Therefore, it is not necessary to be annotated by
humans. Also CATiB uses dependency structure representation and relational labels
induced from the traditional grammar. The idea behind this, is to make it easier to train
annotators who do not need to have degree in linguistics.

Although CATiB uses the same basic tokenisation scheme, the POS tagset was
reduced to only 6 POS tags.

NOM: Non proper nominals including nouns, pronouns, adjectives, adverbs.

PROP: Which is proper nouns.

VRB: Active voice verbs.

VRB-PASS: Passive voice verbs.

PRt: Particles such as prepositions and conjunctions.

PNX: Punctuation

An example of the sentence d\aLﬂ J).b‘ J G, o oL 13,15 él..« <l O genl

hmswn Af saih zarwa lbnan w swrya fy >ylwl almady " Fifty thousand tourists visited
Syria and Lebanon last September” 1in the CATiB representation is given in Figure

4.6.3 Comparing the three treebanks: PATB vs PADT vs CATiB

* In terms of syntactic representation PABT uses phrase structure PS and both
PADT and CATiB use Dependency Structure DS. Phrase Structure is a tree rep-
resentation where the words appear as leaves and the internal nodes are syntactic
categories like NP (Noun Phrase) or VP (Verb Phrase). Dependency Structure,
on the other hand is a tree representation except that the words are the nodes on

the tree.

* In terms of syntactic structure, it is worth noting that both PADT and CATiB ex-
plicitly annotate heads and the spans implicitly; whereas PATB annotates heads

implicitly and spans explicitly.
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* Empty pronouns are explicitly annotated in PATB, whereas in PADT and CATiB,
this can be assumed to pro drop (implicit annotation).

* Word morphology: all PATB, PADT and CATiB use the same tokenisation scheme.
However for POS, PATB uses over 400 tags that covers every morphological fea-
ture of Arabic words such as definiteness, case, gender, number, person, mood
and voice. PADT morphology is also highly complex, for instance it makes
more distinctions between nominal and adjectival definiteness, number and gen-
der. CATiB, on the other hand only uses 6 POS tags.

4.6.4 MSA parsing

When it comes to parsing, Arabic faces similar challenges to other morphologically
complex languages. There are several parsers used for parsing Arabic: Bikel parser
(phrase structure) [KGMO6]], MALTParser (dependency structure) [NHNTO07] and
Stanford parser [SGMO09]. All of these parsers require the presence of a treebank. An

example of the parsers that do not require a treebank is the Attia’s rule based parser.

4.6.4.1 Attia’s parser

This parser was built within the Lexical Functional Grammar LFG framework using
XLE (Xerox Linguistics Environment) which is a platform used for developing large-
scale grammars using LFG formalisms. This consists of a parser, transfer and gener-
ator components. XLE can handle UTF-8 file format, and therefore it is suitable for
languages that have non-Latin alphabet like Arabic. This system is split into different

modules or processes:

* The normalisation process takes the input text and corrects any misplaced white
spaces and diacritics. It produces an output that can serve as a predictable text to

the system.
* The second process is splitting the words into tokens.

* The morphological transducer provides morphological information for these to-
kens such as: their POS tag, and other morpho-syntactic features related to tense,
aspect, voice, mood, gender, number and person. If the word is not in present
in the core morphological analyser, there is a component called morphological

guesser which provides estimates.
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* With a combination of rules, notations and constraints, the system makes the
decision about the correct parse. If a complete analysis is not found, then a

partial parse is produced.

His approach to ambiguity was not to allow morphological choices to be made too
early, and not to allow all valid and invalid solutions to appear which produces a large
number of analyses that are maybe grammatically correct but make no sense in the
language. So all verbs were manually reviewed taking into consideration the fact that
intransitive verbs (with a small exceptions) do not have a passive, and verbs that denote
perception or entity-specific change of state do not inflect for the imperative. Although
this has covered lots of the ambiguity taking into consideration the precision, it re-

quired lots of human manual intervention.

4.6.4.2 MALTParser

It stands for: Models and Algorithms for Language Technology Parser. It is a language-
independent data-driven system with several transition-based parsing algorithms that
derives dependency trees from a treebank which then can be used to parse new data for

that language [NHNT07]. MALTParser consists of three essential components:
1. Deterministic parsing algorithms for building dependency graphs [YMO3] [NivO3]
2. History-based feature models for predicting the next action of the parser [EBR92].

3. Discriminative learning to map histories to parser actions [NivO4]. Machine
learning is used to derive a classifier given a set of transition sequences from a

treebank.

MALTParser parsing algorithms can be divided into two families:

» Stack-based: including arc-eager and an arc-standard variant.

 List-based: including a projective and non-projective variant.

For a full description of the different algorithms used in MALTParser see [NivOS]].

MALTParser can be run in two modes:

1. Learning mode: where the system takes as an input a dependency treebank
and induces a classifier for guiding the parser, given specifications of a parsing

algorithm, a feature model and a learning algorithm.
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2. Parsing mode: with the same induced classifier, parsing algorithm and feature
model that were used in the learning mode, the system can take as an input a set

of sentences and produce a projective dependency graph for each sentence.

The format of the input should be represented in the MALT-TAB format, i.e each token
is written in a line, where tabs separate the word form, POS tag, head, and dependency

type. A blank line means a space that separates the sentences:

This DT 2 SBJ
is VBZ 0 ROOT
an DT 4 DET
old JJ 4 NMOD
story NN 2 PRD
2 p
S0 RB 2 PRD
is VBZ 0 ROOT
this DT 2 SBJ
2 P

However the output can be produced in MALT-TAB format or an XML format. The
same sentences in MALT-TAB, in XML they would look like:

<sentence>

</sentence>
<word form="This" postag="DT" head="2" deprel="SBJ"/>
<word form="is" postag="VBZ" head="0" deprel="ROOT"/>
<word form="an" postag="DT" head="4" deprel="DET"/>
<word form="o0ld" postag="JJ" head="4" deprel="NMOD"/>
<word form="story" postag="NN" head="2" deprel="PRD"/>
<word form="." postag="." head="2" deprel="pP"/>

<sentence>
<word form="So" postag="RB" head="2" deprel="PRD"/>
<word form="is" postag="VBZ" head="0" deprel="ROOT"/>
<word form="this" postag="DT" head="2" deprel="SBJ"/>
<word form="." postag="." head="2" deprel="P"/>

</sentence>
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4.6.5 Why is it different to our work?

In this thesis, we are collecting statistics and using them in a different way than the
traditional statistical parsing. First, we do not require a treebank, and the statistics we
collect are different from the statistics traditional parsers collect. We divide the edges
into good and bad edges. The good ones are the ones that took part in the final analysis.
The bad moves are the ones that lead directly away from the solution. We believe that

what we are doing is a good thing to do because of the following:

* In MALTParser they are extracting their grammar from a from a hand-parsed
corpus, where there was an implicit linguistic theory, so they already had a gram-

mar.

* There are not many treebanks to choose from, therefore the variety of parse types

generated by such systems is limited.
* Creating treebanks is a time consuming and costly task.

* There is a huge amount of manual efforts in building a treebank, whereas, in this

thesis there is nothing done by hand.

The point of this thesis is that if one has a parser that they can trust their grammar,
they can explore different ways in improving its speed. We already have a grammar and

we are trying to learn how to use it and get the most of it, with no manual intervention.



Chapter 5
Machine Learning: Background

An important aspect of this thesis is to investigate the effects of using machine learning
techniques on the speed of a rule based MSA parser. That is why a brief overview about

machine learning is explored here.

5.1 Machine Learning

A central problem to Artificial Intelligence is to understand how animals and people
can learn from experience to improve their skills and achieve new goals. Therefore
Machine Learning is trying to find ways and program systems to automatically learn
from experience. That is, to make a machine able to learn to do new things and to
adapt to new situations. Machine Learning is recognising complex patterns and mak-
ing intelligent decisions based on data. The problem is that the set of all possible
decisions based on all possible inputs is a complex task to describe. That is why algo-
rithms were developed to discover knowledge from specific data and experience given
sound statistical and computational principles. The learning in this context is to take
advantage of examples (data) to capture characteristics of interest of their unknown
underlying probability distribution. A major focus of machine learning research is to
automatically learn to recognize complex patterns and make intelligent decisions based
on empirical data. The idea here is by observing a given data we can predict a useful
output in new cases. [Mit77] provided a definition as: A computer program is said to
learn from experience E with respect to some class of tasks T and performance mea-
sure P, if its performance at tasks in T, as measured by P, improves with experience E.
In general, machine learning is about learning to do better in the future based on what

was experienced in the past. Figure shows a typical learning problem.

88
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Figure 5.1: A typical learning problem [Mit77]]

5.1.1 Concept Learning Approach

Concept learning refers to a learning task in which a human or machine learner is
trained to classify objects by being shown a set of example objects along with their
class labels. To simplify this, Mitchell [Mit77/] used an example task of learning the
target concept “days on which my friend Aldo enjoys his favourite water sport. Table
describes on which day Aldo enjoys his favourite water sport or not. This deter-
mined by the last attribute EnjoySport. The task is to predict the value of EnjoySport

for an arbitrary day.

Day | Sky | AirTemp | Humidity | Wind | Water | Forecast | EnjoySport
1 | Sunny | Warm Normal | Strong | Warm | Same Yes
2 | Sunny | Warm High Strong | Warm | Same Yes
3 | Rainy Cold High Strong | Warm | Change No
4 | Sunny | Warm High Strong | Cool | Change Yes

Table 5.1: Positive and negative training examples for the target concept EnjoySport
[Mit97]

5.1.2 Decision Tree Learning

Decision Tree Learning is a method that uses inductive inference to approximate a

target function, which will produce discrete values. It is widely used, robust to noisy
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data, and considered a practical method for learning disjunctive expressions [Mit97]].
The goal of a decision tree is to create a model that predicts the value of a target vari-
able by learning simple decision rules inferred from the data features. It classifies
instances by sorting them down the tree from the root to the leaf nodes. For example,
one that enjoys playing Tennis in a comfortable weather, specifies the uncomfortable

conditions that stop him from playing Tennis in a tree as in Figure[5.2]

Outlook
sunny Owvercast Rain
Humidity Yog Wind
High Mormal Strong Weak
Na Yes No Yas

Figure 5.2: A decision tree for the concept playTennis [Mit97]
Decision trees can be represented in tables or as a set of boolean expressions (Dis-
junctions of conjunctions):

(Outlook = Sunny N Humidity = Normal
V Outlook = Overcast
V Outlook = rain N\ Wind = Weak)

Decision trees are best suited to problems with the following characteristics:

* Instances that are described by attribute-value pairs. For example an attribute

Temperature which has three values (hot, mild, cold).

* The target function has discrete output values. The decision tree in Figure [5.2]

assigns a classification yes, can play sport or no, cannot play sport.

* Disjunctive hypothesis may be required.
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* The data might possibly be noisy, i.e. it may contain errors.

* The training data may contain missing attribute values. Decision tree methods

can be used even when some training examples have unknown values.

5.1.3 Decision Tree Algorithms

Having discussed the decision tree technique, the next step was to select the most ap-
propriate algorithm for our experiments. We are learning facts about edges which has
a lot of missing values. Therefore, the chosen algorithm has to deal adequately with
this missing data. The algorithm that satisfies this requirement was J48, which is a
Java implementation of the well known C4.5 decision tree algorithm. We chose J48
mainly because C4.5 is one of the best known and most widely used learning algo-
rithms. Also because J48 handles the missing values in the data. C4.5 was preceded
by ID3 and produces a comprehensible classification model in a decision tree form.
The implementation of J48 was produced through WEKA (Waikato Environment for
Knowledge Analysis) which is a popular suite of machine learning software developed
at the University of Waikato. Below is a brief discussion of ID3 and C4.5.

» ID3: which stands for Iterative Dichotomiser 3, is an algorithm used to generate
decision trees invented by Ross Quinlan [Qui92]]. It constructs decision tree by
employing a top-down, greedy search through the given sets of training data to
test each attribute at every node. ID3 uses a statistical property called Informa-
tion Gain to decide which attribute is the best. Information Gain measures how
well a given attribute separates training examples into targeted classes. The best
attribute is the one that provides the greatest information gain. This best attribute
is placed as a root node of the tree. Repeating this process on each partition of
the divided data, will create sub trees until the training data is divided into sub-
sets of the same class. Entropy is used to determine which node to split next in
the algorithm. It is computed as follows [Mit77]:

Z J)log, fs(J) (5.1)

E(S) is the information entropy of the set S.

n is the number of different values of the attribute in S.
fs(j) is the frequency of the value j in the set S.

log, is the binary logarithm.
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For example, if we are given § as a set of 16 examples with 10 positive examples,

and 6 negative examples, then the entropy is calculated as follows:
E(S)=—(10/16)1log,(10/16) — (6/16)1log,(6/16) = 0.954

From this equation we can notice that entropy will be 0 if all members of §

belong to the same class. When this happens, the data is perfectly classified.

After computing the entropy we can now compute the information gain to esti-

mate the gain produced when splitting the data over an attribute:

(ngE

G(S’A) = E(S) - fS(Ai>E<SAi) (5.2)

1

~.

G(S,A) is the gain of the set S after splitting over the A attribute.
E(S) is the information entropy of the set S.

m is the number of different values of the attribute A in S.

fs(A;) is the frequency of the items possessing A; as value for A in S.
A, is i'" possible value of A.

Sa; 1s a subset of S containing all items where the value of A is A;.

for instance, let us consider a sample set S of 16 examples in which one of the
attributes is wind speed (with values Weak/Strong). Classifying these resulted in
10 positive and 6 negative examples. Assuming that there are 9 occurrences of
Wind = Weak and 7 occurrences of Wind = Strong. For Wind = Weak there are
6 positive and 3 negative examples. For Wind = Strong there are 4 positive and

3 negative examples. Computing the gain G(S,Wind) is as follows:

Entropy(Sweak) = —(6/9)102,(6/9) — (3/9)log,(3/9) = 0.918

Entropy(Ssirong) = —(4/7)10g,(4/7) — (3/7) log,(3/7) = 0.985

Gain(S,Wind) = Entropy(S) —(9/16) x Entropy(Sweax) — (7/16) X Entropy(Sstrong)
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Gain(S,Wind) = 0.954 — (9/16) x 0.918 — (7/16) x 0.985 = 0.007

These calculations are done for every attribute to calculate the information gain

and the highest gain is the one used in the decision node.

* C4.5: One trouble of ID3 is that it is overly sensitive to features with large
numbers of values. Also Id3 of WEKA only runs on nominal attributes. C4.5
is an extension of the earlier ID3 algorithm. It builds decision trees from a set
of training data in the same way as ID3 does using entropy concept. There are

some improvements in C4.5 over ID3, some of them are:

— Handling both continuous and discrete attributes.
— Handling training data with missing attribute values.

— Pruning trees after creation. Once the tree is created the algorithm attempts

to remove branches that do not help by replacing them with leaf nodes.

5.1.4 Learning from solution paths

Our approach involves learning from moves that lead to the final analysis, and from
moves that lead away from it. This idea was first employed by Mitchell [SLMS82]|
in his LEX system. He discussed learning from domains where search was involved.
He introduced his system LEX which is a computer program that acquires problem
solving heuristics in the domain of symbolic integration. LEX operates in the domain
of symbolic integration in which it solves integration problems by searching through
a space of mathematical expressions containing indefinite integrals. The operators for
traversing the search space are standard integration rewriting rules. If the problem
state contains a subexpression of one of the left hand side of the rule, then this will be
replaced by the right hand side, for example: [ r.f(x)dx — r [ f(x)dx which means if
the problem state contains a subexpression of the form [ r.f(x)dx (where r is any real
number, and f is a function), then that subexpression can be rewritten with the real
number outside the integral. The problem solving goal is to derive a problem state that

contains no integrals.

LEX learns heuristics (conditions under which operators should be applied). It as-
signed credit when a correct operator was used and assigned a blame when an incorrect

operator was selected. Therefore, there were two types of instances:
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1. Positive instances: They are the steps that lie on the solution path.

2. Negative instances: they are the search steps that lead from some state on the

solution path to some state off the solution path.

The idea of Mitchell was that once a solution path has been found, this can be used to
assign credit and blame to instances of these operators. On the one hand any move that
leads from a state on the solution path to another state on the solution path, is labelled
as a positive instance. On the other hand, A move that leads from a state on the solution
path to a state not on the path is labelled as a negative instance.

In this thesis, we are investigating a similar idea to Mitchell learning from solution
paths. The first step is to learn to distinguish desirable from undesirable moves, and
to determine what features are responsible for these moves. This approach involves
parsing a set of sentences and learn from all the solution paths. Moves leading to
states on the solution path are good moves (desirable), since they lead to a solution,
while moves directly going off the path are bad moves (undesirable). The third type of
moves are neutral, they are moves that follow on from bad moves, since they are not
responsible for going off the solution path, and the parser should never have reached

these states in the first place.



Chapter 6
Optimising the rule based parser

In order to discuss the optimisation of the parser, let us first introduce the details of the
syntactic framework. The general syntactic framework lies somewhere between HPSG

and pure categorial grammar, but with a rather radical approach to extraposition.

6.1 Head-Driven Phrase Structure Grammar (HPSG)

A considerable amount of work have been done on linguistic theories based on con-
straints. The notion of constraints is generally used to represent properties that an
object must satisfy. Most linguistic theories currently use this approach, particularly
constraint-based approaches. This includes the three theories: Lexical Functional
Grammars (LFG), Generalised Phrase Structure Grammars (GPSG), and the most re-
cent and widely accepted HPSG. The grammar used in this thesis has a great deal in
common with HPSG. Therefore, an introduction to HPSG is presented here.

HPSG is a constraint-based approach to grammatical theory, which was developed as a
non-derivational grammatical framework. Non-derivational means that HPSG has no
notion of deriving one structure from another one. Instead, different representations are
just sub-parts (features) of a single larger structure related by declarative constraints
of the grammar [Pol]. HPSG is also described as highly lexicalist in that it makes use
of a rich and complex lexicon in its representations. These representations use fea-
ture structures, often written as attribute-value-matrixes (AVM), to represent grammar
principles, grammar rules and lexical entries. A fundamental concept in HPSG repre-
sentations is that of a sign, which is a collection of properties or information, including
phonological, syntactic, semantic, and contextual constraints. Both words and phrases

are represented as signs. All signs must have at least two attributes: PHONOLOGY
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(abbreviated to PHON) whose values represent a list of phonological descriptions, and

SYNSEM for syntactic and semantic constraints. Phrase signs specify the attribute
DTRS (for DAUGHTERS) which represents the constituent structure of the phrase. As
an illustration, a partial HPSG lexical sign for the word put may look like:

(o)

word

PHON

SYNSEM

LOCAL

CAT

CONT

verb
HEAD
AUX non
SUBJ  (NPy)
VAL
COMPS <NP PP>

put-relation
PUTTER
THING-PUT

DESTINATION

An AVM sign consists of attributes (written in capital letters), and their values

which can be atomic such as verb or complex as nested AVMs. In the above example,

PHON (phonological description) is represented as a list with the word put. SYNSEM
(syntactic and semantic constraints) is divided into LOCAL and NONLOCAL. As this
is only a partial representation only LOCAL is shown. LOCAL is in turn divided into
CAT (category), and CONT (content). CAT holds syntactic information about the sign
and is divided into HEAD and VAL (valence). The HEAD value is generally thought

of as syntactic category which contains information about the sign itself, i.e. in this

example the word put is a non auxiliary verb. VAL states what arguments the word

put takes. CONT contains the semantic relation for the word put, and the roles of its

arguments.

6.2 The grammatical framework

In this thesis, we use an HPSG-like grammar [Ram99]], where an individual sign con-

tains information about the structure and appearance of a given phrase in addition to

the usual phonology and syn-sem. The parsing algorithm was adapted to work with
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free word order languages, especially the treatment of extraposition which will be dis-

cussed later.

6.3 Chart parsing

Because we are dealing with a very ambiguous language (MSA) a chart parser is the
choice. A chart consists of a collection of vertices, one between each word of the input,

connected by edges, labelled with grammatical information as shown in Figure

Vv NP PP
4 N kv ™
! e : baby l it} telescope
1 Sa.n'_l 9 SAW_ 3 the 4 Y & v-,:ltl_l 6 the; - 18
%,
NP
P

VP

Figure 6.1: An example of a chart [[Arnl]

In general the advantages of a chart parser can be summarised as:

* Avoiding duplication where everything is represented but only once. The idea
here is that before trying to parse any part of the input as a PP for example, we

look in the chart and check if it was parsed as a PP before.
* Providing a local representation for local ambiguity.

* Providing a representation for partial parses.

6.4 Active Chart parsing

A passive chart is used to keep a record of complete constituents that we have found,
whereas in an active chart, we record what it is we are actually looking for and how

much of it we have found so far. An active chart consists of :
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* A chart which may contain incomplete edges.

* An agenda which shows the order in which tasks are carried out.

Dotted rules are used to represent stages in the parsing process. The rule: NP —

DET N PP corresponds to the following rules:
1. NP — o DET N PP
2. NP — DET o N PP
3. NP — DET No PP

4. NP — DET N PP o

For example rule 3 means part of an NP has been found (the DET and the N), and a
PP remains to be found to complete the NP. In order to see how the parser in this thesis
provides a way of dealing with free phrase order, we will first review the standard
version of chart parsing. The main benefit of using chart parsing is to avoid parsing
items that have already been parsed, and to keep track of all phrases and sub-phrases
that have been considered. The Fundamental Rule of Chart Parsing (FRCP) is: if X
and Y are adjacent structures, where X is unsaturated and adding Y to it will saturate
it, then X and Y can be merged to form a saturated structure. The following example

explains this principle:
1. 1,2,DET, [1, [], ...
2. 2,3, N, [, 11, -
3. 1,2, NP, [DET], [N], ...

4. 1,2, NP, [DET], [N, PP], ...

rule 3 and rule 2 can be merged together to make:
1,3, NP, [DET, N, [], ...

6.5 Refining the Fundamental Rule of Chart Parsing

In a sentence like ”Jack and Jill went up the hill”, the implementation of the sign

holding information of the word “and” may look something like this:
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{sign(structure (positions(start(1l), end(2), text(and))),
syn (nonfoot (head (cat (U), ...)),
subcat (args ([sign(structure (dir (+right, -left)),
syn (nonfoot (head(cat (U), ...),
meaning(...)),
sign(structure(dir(-right, +left)),
syn (nonfoot (head(cat (U), ...),

meaning(...)),
foot (slash=defval (value([]), EM),
focus=defval (value([]), EN),
wh=defval (value([]), EO))),
meaning(...))}

A lot of information can be embedded within a sign. Two important ones here are:
positional feature, and arguments. The positional information is explicitly encoded
inside the sign (the word ”and” start at position 1 and end at position 2). ”and” is ex-
pecting two arguments: first one should appear to the right and the second one should
appear to the left. "and” with both arguments should form an item of the same type as
the arguments.

The FRCP allows appropriate items to be combined only if their start and end points
are identical. In order to cope with situations where items can be displaced, most
grammatical theories introduce some sort of empty items. If an item is thought to be
expecting an argument, and this argument is not there, a trace can be introduced. When
finding an item that does not appear to be doing anything useful where it is, and can
fill in the empty item, it is assumed that it is the wanted argument.

To allow this to happen the FRCP needs to be refined and assume that: if X is a sen-
tence that has a trace within itself and Y is an adjacent item of the same type, then
they can be merged to form a sentence which is not missing anything. The problem of
this theory is that empty traces are introduced everywhere, which can result in a huge
number of edges to be considered. In addition if the wanted argument is not found then
this trace will never be canceled. To improve this theory and avoid introducing traces
everywhere, it was suggested by Johnson and Kay [JK94] cited by [Ram99]) that a
trace can be inserted only if you find a sponsor for it. However, the disadvantage of
this theory is that you allow items to be sponsors, then they turn out to be irrelevant. It
was proposed that you can make a search for sponsors, but this makes the search for

sponsors more expensive. Ramsay’s approach to situations where items can appear out
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of positions is retrieving those items directly rather than introducing empty items and
sponsors. Instead of using sponsors to guide us whether we can introduce empty traces
or not, why not just use this sponsor without introducing empty items? To make this
work, the FRCP should be revised to:

if X and Y are non-overlapping structures, where X is unsaturated and adding Y to it
will saturate it, then X and Y can be merged to form a saturated structure covering the
combined spans of X and Y. Here is the explanation of the notion “overlapping”: a span
of an edge is represented by a bit-string as shown in Figure For instance: "I wear
clothes which she bought”, the edges corresponding to the single 'I’, *wear’, ’clothes’,
which’, ’she’ and "bought’ would have spans 1, 10, 100, 1000, 10000, 100000 respec-
tively.

BITWISE AND
0000000

|  wear clothes which she bought

1 10 100 1000 10000 100000

5
1110000

BITWISE OR

VP1010000

Figure 6.2: An example of overlapping items using bitwise ”AND” and "OR”

We use bitwise "AND” to check whether two items are overlapping or not. if
X AND Y gives 0, they are non-overlapping. bitwise "OR” is used to combine two
items. In the example in Figure [6.2] "bought” and “which” can be combined because
1000000 A 10000 gives 0. The span of the combination is 1000000 V 10000 which
gives 1010000.
In order to define constraints on extraposition, some features are introduced here,
mainly: compact, xstart, and xend. A phrase is compact if it contains all the words
that appear between its extreme left and right ends. It is easy to check whether a

phrase is compact or not. If I is the extreme start of a phrase and J is its extreme end,
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and SPAN is the bit string encoding its span then the phrase is compact if and only if
SPAN equals ((1 < (J-1))-1) < I. If we consider the example: “who he gave it to”.
The phrase “gave it” consists of a verb ”gave” that is attached to its direct object "it”

to form a compact phrase. The resulting sign would look like:

sign(structure (positions(start(2),
end(4),
span (01100),
+compact,
xstart (2),
xend (4))),

syn (nonfoot (head(cat ([xbar (+v, -n)l), ...), ...),
subcat (args (["PP", "NP"1))),
meaning(...))

Checking whether this phrase is compact or not is described in Figure [6.3]

-

‘0 who 1 he 2 gave 3 it 4 to 5

U
(1 << (J-I)1) =<1

J=4 and 1=2

1 << 2 = bitwise 100
subtracting 1 would give bitwise 11
11 =< 2=1100

Figure 6.3: Checking whether a phrase is compact

We can note here that a phrase is compact if simply its extreme start is the same as
its natural start, and also its extreme end is the same as its natural end. For example
the preposition ’to” will combine with ”who” to form a non-compact phrase whose
extreme start is 0 which is the start of ”’to””, and whose natural start is 4 which is the

start of the head. The extreme and natural ends are both 5. So the sign would look like:
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sign(structure(positions(start(4),
end(5),
span (10001),
—compact,
xstart (0),
xend (9))),

syn (nonfoot (head(cat(pp), ...), ...),
subcat (args([]))),

meaning(...))

So far we have discussed the syntactic framework and the parsing algorithm that dealt
with situations where items can appear out of their canonical position. The next section

will discuss the lexicon and its limitations.

6.6 Improving the parser and extending the dictionary

The parser has got a fairly small dictionary (about 295 words). Therefore building a
large lexicon was necessary to run these experiments. As most words are built up
from roots by following certain patterns and adding infixes, prefixes and suffixes,
there are large numbers of words that comprise semantically related variants of a

common core. If we consider the root J ktb, adding the diacritics, infixes, prefixes
, ,

and suffixes, we get various aspects of writing: ;,.‘2{ kutub (books), ;.,L:{ kitab

(book), g_,&'{ kataba (wrote), g_j{{ kattaba (made write), &‘:ﬁo maktabh (library),

LB kitabh (writing), C3Ks maktab (desk), € katib (writer), 68 kurtab
(writers),...etc. Each of these words share the 3 consonants .._,.’.’f ktb and they even
have related meaning which is something to do with writing.

The question was whether we should store all the inflected forms separately in the
lexicon or only store the root, and add more information to derive the inflected forms
including derivational affixes and diacritics. In this lexicon, all the affixes that can
attach to a root are listed explicitly. Words are stored as variations on a single lexical
entry together with information about what derivational affixes can be attached to it,

as well as the diacritics that are associated with each affix.
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6.6.1 Nouns

Nouns are stored as roots and the affixes that can be attached to it are specified. For
example, if we consider the root 4, drs can accept the derivational prefix (’ mu and

the diacritics a, and i, in addition to the sound g r being doubled to make the noun

doj.\; mudarris. The noun entries in this thesis are represented in a prolog form as
follows:

"k?t?b" lextype regular (nominal,

("7 ["i", "A"]:[_]:broken(’’):book: [masculine, translation (book)],
["u", "u"]:[_]:broken(’’):book:[third plural_only, translation (book)],
["i", "A"]:[_]:regular: "living:[feminine, translation(writing)],
["a", "y"]:[_]:regular: "living:[singular, feminine, translation(armyl)],
["A", "i"]:[_]:regular:human: [translation(writer)],
["u", "A"]:[C2,C2]:broken(’’):human:[third_plural_only, translation(writers)]
1,
PIV[["ti", "A"]:[_]:regular: "living:[]],
Trristi’ [ ["o", "A"]:[_]:broken(’’):thing:[not_plural,masculine,translation(dictation)
["o", "A"]:[_]:broken(’’):thing:[third_plural_only,translation(dictation)]],
{m,a}:[["o", "w"]:[_]:reqular: "living:[], % written (?)
["o", "a"]:[_]:reqular: "living:[masculine, translation (maktab)],
["o", "a"]:[_]:reqular: "living:[feminine, translation(maktabp)] ]
1, 1)

: noun delayed ntype (simpleArabic).

The characters between the square brackets replace the question marks to make a

diacriticised word. For example: the entry "k?t?b” and [’u”,”u”’] will result in the

diacriticised word “kutub”.

6.6.2 Verbs

Most MSA verbs consist of three consonants and a diacritic pattern specifying what
goes in between the consonants, and also a pattern that determines whether one of the
root consonants should be duplicated. This information is stored so that there is an
interaction between the stem and the affixes that can attach to it. For instance, the
form of the present prefix depends on the specific stem it is attached to and also on the

verb being either active or passive. There are 4 derived forms, for example the two

roots .._,&’{ ktb and g_»’:'{ kttb:
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1. Active present — M’:’Ki yaktub and u&ﬁé yukattib
2. Active past — J kataba and v’:‘{ kattaba

3. Passive present — O yuktab and t_,.‘:’iz yukattab
4. Passive past — .__,:.’,{ kutiba and g:,;:’{ kuttiba

. . 2 g’ . . . .
The two active derived stems J ktub and J kattib take their third singular

prefixes as g ya and % yu respectively. The passive forms of the same verbs g,.':{

ktab and V.‘“{ kattab both take the present prefix % yu.

6.6.3 The challenge

In the absence of MSA lexicons, the challenge was to automatically create a fairly big
dictionary that at least can be used to run the experiments. Extending the dictionary
revealed a number of weaknesses in the morphological analysis in the original
system. This include the presence of weak letters ( IWENS a,V a) in verbs.

Arabic triliteral verbs are divided into:

» Strong verbs: They are formed by the pattern CVCVC (C refers to the

consonants and V refers to short and long vowels). Strong verbs have three

types:

— regular: when there is no i 1, the shadda ’~’ (doubling the consonant), or

weak letters. For instance: g drs ’to learn”

— Hamzated: One of the radicals is a hamzai u, for example ﬁ ukal "’to

el

eat

— Doubled: One of the radicals is doubled for example: 3 5 radda ”’to reply”.

* Weak verbs: When one of the radicals is a weak letter (¢ w, (s v, (§ @, I a).

Depending on the position of the weak letter This is divided into:

— Assimilated: The first radical is either ¢ w or (5 y, €.g. A § wagad "to
find”.

— Hollow: The middle radical is a weak letter, e.g. JG gala ’to say”.
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— Defective: The last radical is either | @ or ¢ a, e.g. @ ska ’to

complain”.

— tangled: Both the first and third are weak letters, e.g. ‘j § wafaa , or the

second and third radicals are weak letter, e.g. (¢ § j rawaa.

The problem with these weak verbs is that they do not follow the same patterns a

regular verb would follow as shown in Table 6.1}

JG gaala (convert } ato W)

J55 yaquwl

Past tense Present tense | Imperative
P4
&S kataba (This is regular) v’:‘ﬁ‘: yaktub ._,.‘i(i uktub
£5 wagqafa (remove ¢ W) i yaqif 28 gif

J;' qul

OS 5 ramad (convert (g ato s y) | ¢ g yarmy < J! Army
é § wafad (remove ¢ W) s vafy i

Table 6.1: An example of the irregularity of weak verbs




Chapter 7

Integrating the POS tagger and edge
classifier into PARASITE

This thesis is concerned with running a variety of experiments on the original rule
based parser, and investigating their effects on the speed of this parser. These experi-

ments are divided into three main parts:

* Investigating the effects of using a POS tagger with the original parser.

* Investigating the effects of using machine learning and WEKA on the speed of

the original parser.

* Investigating the effects of using both the POS tagger and Machine learning at

the same time on the speed of the original parser.

In order to illustrate how the POS tagger was integrated into the parser and how the
classifier was used, let us first describe the system before applying the experiments.
The system used in this thesis is a Sicstus prolog program used to perform a range of
linguistics tasks including parsing. It is a chart parser where all the information we
know about a word is stored in a sign. The following shows the form of part of a sign
of the word ’A'.ol’:{ ktabh (writing):

{"syntax (nonfoot (head (cat (xbar (-v, +n)),
agree (person (first (num(-singular, -dual, -plural)),
second (num(-singular, -dual, -plural)),
third(num(+singular, -dual, -plural))),

count (_A, _B, _C, generic(def(-value, usedef(_D)))),
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gender (-masculine, +feminine, -neuter),

_E),
nform(case (-caseDefault, -voc, -pcase), -date)),
mcopy (type ([noun, -pronoun | _F]), -bracketed),
-clitic))),
meaning (semantics (noun(’'k?t?b’))),
remarks (translation(writing), sense(ktbn2), score([20 | _G]))'}’

This sign holds all the information we know about the word LL’:’{ ktabh, in par-
ticular, +feminine, +singular, +n means it is a feminine singular noun. The last line
which is the remarks feature contains an important feature called score which assigns
a score to all entries in the agenda. In this example the word Ll‘:’{ ktabh was assigned
a score of 20. The lower the score the better. The parser is a chart parser, with edges
asserted in the Prolog database, where the score is used for deciding which edge should
be extended next. The score of the resulting word can be computed in different ways

such as:
1. Choosing the minimum of the individual edges.
2. Choosing the maximum of the individual edges.
3. Just adding both scores.
4. Computing the average of the individual scores.

The original parser simply added the scores when combining the edges. Therefore
choosing different ways of combining weighting factors is a potentially useful thing to
do. The first two above are not good for this purpose, since combining one very good
with one very bad will not give an accurate score. We found out the one that gives
good results is computing the average. It was noted that combining scores by using
the average of the penalties associated with the edges being combined is substantially

better than adding them as will be shown in the next chapter.
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Figure shows the overall architectural chart of the system, which can be sum-

marised as follows:

The system takes a sentence as an input.

* The next step is pre-processing which is about manipulating the text before even
starting looking in the dictionary. The things included in this step are dealing
with elisions such as can’t and isn’t, dealing with numbers and spotting if the
commas and dots used are part of the number.

* Lexical lookup: Here the surface forms that we get from the pre-processing are
looked up in the dictionary. Words may be known to have good or bad properties

which are expressed in terms of scores.

* In this step clitics and affixes are separated from the main stem. This is a signif-
icant step for Arabic because it includes dealing with the definite article JI al

”Al” as well as clitic pronouns, prepositions and conjunctions.

* Parsing and combining fragments together. In this step we note that individual
edges have scores. The process of combining two edges may contribute to the

score for instance agreement failure, marked order, or zero subject.

7.1 Integration of the tagger into the parser

As shown in Figure words are passed to the tagger to be tagged. The tag assigned
by the tagger is compared to the tag assigned by the parser. A good score is given if
they agree, and a penalty is applied if they disagree.

scoreTags (PTAG, NTAGS, WORD) :-
(tagPenalty (TPEN) —->
(cmember (PTAG:N, NTAGS) ->
J is -1*TPEN*N;
J = TPEN);
true),
penalisel (WORD, J).
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Pre-processing

List of surface forms [ [“wktb”, “AImEImwn”] ]

Lexical lookup

Words & compounds [ [“wktb”, “AlmEImwn”] ]

Decliticisation

A 4
A 4
A 4
A 4

upp
s Al
“ »
“etb” mEIm
-

Parse & combine
fragments together

Spanning edge

[ Ogabaadl S 5 “wkth AImEImwn” ]

Figure 7.1: The architecture of the original system
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[ Osaladl iS5 “wktb AlmEImwn” ]

Pre-processing

List of surface forms [ [“wktb”, “AlImEImwn”] ]

Lexical lookup

Words & compounds [ [“wktb”, “AlImEImwn”] ]

Decliticisation

& < » <&
<% < < < <

" app
“etb” “mElm”
i

Pass words to tagger

»
|

Parse & combine
fragments together

Spanning edge

Figure 7.2: A modified architecture of the system after using the tagger
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7.2 Integration of the edge classifier into the parser

WEKA (Waikato Environment for Knowledge Analysis) is a popular suite of machine
learning software written in Java, developed at the University of Waikato [HFHT09].
WEKA is a free software available online. It is a collection of machine learning algo-
rithms. It contains tools for data preprocessing, classification, regression, clustering,
association rules, and visualization. After parsing the training set, the facts about edges
were stored in an ARFF format (Attribute-Relation File Format), since WEKA reads
this type of files. An ARFF file consists of a header that describes the attribute types,
and a data section which is a comma separated list of data. An example of an ARFF is
shown in Appendix B.

In this thesis, ARFF files were used to store facts about edges and classify their
status whether good, bad or neutral. For this purpose J48 was selected as classifier.
Edges that appear on the actual solution path are classified as good edges, edges that
lead directly away from the solution path are considered to be bad edges, and edges that
follow on from bad edges, they are considered to be neutral because it is their parents
fault that diverted away from the solution path. For this purpose, if an edge is classified
good, a good score is given. However, if an edge is bad then a penalty is applied. For
example, the code below shows the way we assign these penalties. Smaller penalties
are better. As will be shown in the next chapter, the range of penalty N is from -200 to
0. Therefore, if a move is classified good, it will be assigned a penalty of N. However,

if it is classified as bad, it will have a penalty of -N as shown in the code below.

goodOrBad (Z) :-
(\+ \+ (call_residue (getBaseARFF (Z, ARFF), _),
tryj48 (ARFF, STATUS)) ->
(useJ48 (N) —>
((STATUS = good) —->
penalisel (Z, N);
(STATUS = bad) ->
penalisel (Z, -1*N);
true);
true);

true).



Chapter 8
The experiments and results

In this chapter we explore the effects of using the tagger only, the WEKA classifier
only, and both the tagger and the classifier at the same time. We also investigate the
effects of these on the accuracy of the parser.

In order to run the experiments, we created a corpus of Arabic sentences. By pars-
ing these sentences , we are interested in the time it takes and the number of edges it
makes. The settings for this experiment is shown in Table 8.1]

The sentences used were extracted from several Arabic websites of children stories. To
get the sentences, the text was split on the full stop. As the text was written in Arabic
script, the sentences were then transliterated using the Buckwalter Transliteration. The
reason why we chose Buckwalter is simply because every Arabic character is repre-

sented by one and only one Latin character. A sample of these sentences is attached in

Appendix C.
Size of the training corpus 800 sentences
Size of the testing corpus 200 sentences
Source of the corpus Children stories from different web sites online
Metrics Number of edges and Time(Millisecond Ms)

Table 8.1: Experiments settings

In order to investigate the effects of using the tagger and machine learning on the
speed of the parser, one will measure the time taken to parse a sentence. When mea-
suring the time, there are some fluctuations in the timing that are due to other things
happening in the computer at that time which are unpredictable. Therefore counting

the number of edges is something we can do very precisely. As we will see later on,

112
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there is a strong correlation between the number of edges and the time taken to parse
a sentence. That is why, the number of edges is considered to be a surrogate for time
in a reasonably reliable way. If there are fewer edges, one would expect the time to be

less.

8.1 Integrating the tagger

This section describes integrating a part of speech tagger into the parser and investi-
gating its effectiveness on the speed of the parser. The biggest problem one would face
when parsing MSA is ambiguity, which leads to a very large number of analyses being

produced, for instance a small sentence like: 4,5 '.,.‘;{ ktb drs, whose most plausible

translation is ”"He wrote a lesson”, will produce around 19 edges. The word J ktb
-~ & s ws .
can be \,;:{ kataba, Q.‘:{ kattaba, U‘:f kutiba, J kuttiba which are verbs or

2 C. . ..
gg,::{ kutub which is a noun, and the word ags? drs can produce oL darasa, RIL
darrasa, Rz 43 durisa, dsz durrisa as verbs, or o JS dars as a noun. This technique
has worked well for English, and here we are looking at its effects.

This experiment includes parsing a test set of 200 sentences in two ways:
* Parsing the test set without the use of the tagger.

» Using the tagger to guide the parser by introducing penalties (scores). A good
score is given if the tagger and parser agrees on the tag. However if they have
different tags, then a bad score is given. Here we give a weight to tagger’s

suggestion which encourages the edges that the tagger suggests.

8.1.1 The results

The average time taken to parse a sentence before integrating the tagger is 1186.23 ms.
However, the same experiment and integrating the tagger resulted in 1065.90 ms as the

average time per sentence.

8.1.2 Analysis

Integrating the tagger resulted in an improvement from 1186.23 ms to 1065.90 ms,
approximately 10% improvement on time taken per sentence. By analysing the trees

in both tests, it is worth noting that only 2 out of the 200 that parser succeeded in



114 CHAPTER 8. THE EXPERIMENTS AND RESULTS

producing an analysis without the tagger, but failed when using the tagger. Also, on
one hand without using the tagger, the parser produced 1950 good edges, 5152 bad
edges and 9897 neutral edges. On the other hand when using the tagger, it constructed
1885 edges, 4766 bad edges and 9022 neutral edges, as shown in Figure [8.1]

12000

10000

8000

£000 W Using the tagger
W Not using the tagger

4000

2000

Good edges Bad edges Meutral edges

Figure 8.1: The number of edges created by the parser: Using the tagger vs Not using
the tagger

8.2 Experiments using different parameters

We run a set of experiments with different parameter settings as arguments. These
parameters are whether we use hand-coded penalties (score) or not, whether we use
tagging or not, and the type of combining the scores (average or sum). These combi-

nations are described in the following experiments:

1. Using Hand-coded penalties, no tagging, combine penalties by averaging them:

runTest ((retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
unset (ignorePenalties),

unset (sumScores),
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retractall (tagPenalty(_)),
set (unknownWords) ),

arabicTest).

GOOD 2008, BAD 5536, NEITHER 11105
Total number of edges used: 18649

2. Using hand-coded penalties, no tagging, combining penalties by addition:

runNassimTest ( (retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
unset (ignorePenalties),
set (sumScores),
retractall (tagPenalty(_)),
set (unknownWords) ),

arabicTest).

GOOD 2018, BAD 5824, NEITHER 11332
Total number of edges used: 19174

3. Ignoring hand-coded penalties, no tagging, combining penalties by addition

runTest ( (retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
set (ignorePenalties),
set (sumScores),
retractall (tagPenalty(_)),
set (unknownWords) ),

arabicTest).
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GOOD 1871, BAD 5466, NEITHER 16814
Total number of edges used: 24151

4. Ignoring hand-coded penalties, no tagging, combining penalties by averaging

runTest ( (retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
set (ignorePenalties),
unset (sumScores),
retractall (tagPenalty(_)),
set (unknownWords) ),

arabicTest) .

GOOD 1871, BAD 5466, NEITHER 16814
Total number of edges used: 24151

5. Using Hand-coded penalties, tagging with a score of 40, combining penalties by

averaging

runTest ((retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
unset (ignorePenalties),
unset (sumScores),
retractall (tagPenalty(_)),
assert (tagPenalty (40)),
set (unknownWords) ),

arabicTest) .

GOOD 1960, BAD 4969, NEITHER 9198
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Total number of edges used: 16127

6. Ignoring Hand-coded penalties, tagging with a score of 40, combining penalties

by averaging

runTest ( (retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound (1000)),
set (ignorePenalties),
unset (sumScores),
retractall (tagPenalty(_)),
assert (tagPenalty (40)),
set (unknownWords) ),

arabicTest) .

GOOD 1840, BAD 4813, NEITHER 13452
Total number of edges used: 20105

7. Using Hand-coded penalties, tagging with a score of 40, combining penalties by

addition
runTest ( (retractall (soft(_, _)),
assert (soft(_, 77))

'

retractall (bound(_)),

assert (bound (1000)),

unset (ignorePenalties),

set (sumScores),

retractall (tagPenalty(_)),
assert (tagPenalty (40)),

set (unknownWords) ),

arabicTest) .

GOOD 1894, BAD 6819, NEITHER 15385
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Total number of edges used: 24098

8. Ignoring Hand-coded penalties, tagging with a score of 40, combining penalties

by addition

runTest ( (retractall (soft(_, _)),
assert (soft(_, 77)),
retractall (bound(_)),
assert (bound(1000)),
set (ignorePenalties),
set (sumScores),
retractall (tagPenalty(_)),
assert (tagPenalty (40)),
set (unknownWords) ),

arabicTest) .

GOOD 1830, BAD 6214, NEITHER 19047
Total number of edges used: 27091

8.2.1 Discussion of the results

After running the experiments with three different parameters: using or not using tag-
ging, using or ignoring hand-coded penalties, and averaging or adding the penalties
when combining edges. We are looking for the number of edges created depending on

the different parameters. The results are shown in Table 8.2

8.2.1.1 The effects of the type of combining edges: Adding penalties vs Averag-
ing penalties

Figure [8.2] clearly shows that using the average of penalties when combining edges
is better than adding them. When we used hand coded penalties, and no tagging,
averaging penalties resulted in 18649 edges whereas adding them resulted in 19174
edges. When we used tagging and hand coded penalties, adding the penalties gave
24098 edges, whereas averaging penalties resulted in 16127 edges which is about 33%

improvement. Even if we do not use hand-coded penalties, and only use the penalties
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Experiment Hand-coded penalties Tagging Average or Sum Number of edges

1 Y N Average 18649
2 Y N Sum 19174
3 N N Does not matter 24151
4 Y Y Average 16127
5 Y Y Sum 24098
6 N Y Average 20105
7 N Y Sum 27091

Table 8.2: The effects of tagging and different parameters on the number of edges
created

25000 1~ —

20000 | er—

= Hand-coded

15000 A penalties+Averaging

Py Hand-coded penalties
10000 1 +adding

s000 |~

T
Mo tagging Tagging

Figure 8.2: Adding penalties vs Averaging penalties

suggested by the tagger, using the average method will improve the result from 27091
edges (when adding penalties) to 20105 edges, which is about 26% improvement.

8.2.1.2 Using hand-coded penalties vs Ignoring hand-coded penalties

Figure 8.3 shows that ignoring the hand-coded penalties makes things worse. Without
the use of the tagger, and assuming we use the average method of combining edges,
ignoring the hand coded penalties would result in 24151 edges whereas if we use the
hand-coded penalties, it would improve to 18649 edges which is nearly 23% improve-
ment. Using the hand-coded penalties will also help improving the result when we use

the tagger, which is about 20% improvement.
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Figure 8.3: Using hand-coded penalties vs Ignoring them
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Figure 8.4: The effects of using the tagger
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8.2.1.3 The effects of using the tagger

Figure [8.4] shows that using the tagger sometimes makes things worse and other times
improves the result. It all depends on the other parameters. It seems that using the
tagger improves things when using the hand-coded penalties and combining scores by
averaging, but when combining scores by adding it makes things worse: : from 19174
edges when not using the tagger to 24098 edges when using the tagger. However
using the average method of combining edges improves the result from 18649 edges to
16127 edges which is about 13.5%. Therefore, we can conclude that using the tagger
does help if we use the right parameters: hand-coded penalties, and averaging when
combining items.

By going through the analyses to find out why tagging and adding penalties did not
improve the results of the parser, It seems that there are several sentences that tagging
makes things worse, i.e. the number of edges created increases dramatically. This is
because there are loads of instances where the tagger suggested good scores to nouns.
This resulted in the parser starting with these edges. Combining the score of two
edges is simply adding the score of each one. If the tagger was confident about some
edges being nouns, combining them to make other nouns will lead to a huge number

of unnecessary edges.

8.3 Integrating the edge classification

8.3.1 Experiment

The aim of this experiment is to investigate the effects of using machine learning tech-
niques on the speed of the parser. This involves a set of 800 sentences which is divided
into a training set of 600 sentences, and a test set of 200 sentences. We then run the
first parse of the training set and collect information about the moves. The moves of
the parsing are divided into three types: moves that lie on the actual solution are called
good moves, moves that lead directly away from it are called bad moves, and moves
that follow on from bad moves (neither good nor bad moves) are called neutral. The
aim here is to encourage the good moves and discourage the bad moves. One can
do this by introducing a notion of penalty or score. Every edge is associated with a
score which is represented in a sign. The parser gives preference to lower scores. By
analysing the output of the original parser, and why it is slow when given long sen-

tences, it was noted that many edges were created which were not used in the final
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analysis. The aim here is to learn facts about edges and use these to guide the parser
by giving preference to good edges (by providing it with a negative score) and also

dis-preferring bad edges (by penalising it with a positive number) as follows:

goodOrBad (Z) :-
(\+ \+ (call_residue (getBaseARFF (Z, ARFF), _),
tryj48 (ARFF, STATUS)) ->
(useJ48 (N) ->
((STATUS = good) ->
penalise(Z, N);
(STATUS = bad) ->
penalise(Z, -1*N);
true);
true);

true).

The experiment involves:

* Parsing the training set of sentences and collect information regarding the moves

as described above. These are statistical facts about good and bad edges.
* Using decision trees from WEKA to learn classification rules.

As mentioned in Chapter 6 the general syntactic framework lies somewhere between
HPSG and pure categorial grammar, but with a rather radical approach to extraposition.
An edge is represented as a sign which contains a set of features. Some of these
features we are learning about are mentioned below:

"{’"structure (positions (start (0),
end(3),
span(7),
+compact,
xstart (0),
xend (3)),

core ('’ {"structure (positions(start(2), end(3), _C, _D, _E, _F),
forms (text ('."),

underlying([character (_G,



8.3. INTEGRATING THE EDGE CLASSIFICATION 123

surface(’.”),
_0),
tag(tag(ptag(_P), _Q, _R, _S, ntag([]))),

syntax (nonfoot (head (cat (punct),

_Al,

syntax (nonfoot (head (cat (punct),

meaning (semantics (mood(_F5, _G5, -interrogative, _H5, -irreal, _I5, +main)),

_L9,
uses (_M9, _N9, -predicative, -modifier, _09, _P9, _Q9, _R9, _S9),
sort (_T9)),

remarks (_U9,

_V9,
failures ((_W9 + (_X9 + _Y9))),
score(([20 | _Z29] + ([20, 4, 4 | _A10] + [20 | _B101))))"}’

8.3.2 Parsing using machine learning but not using the tagger
8.3.2.1 The effects on the total number of edges

Our aim here is to reduce the number of bad edges created, hence the total number
of edges. Before applying the classification rules, 27861 edges were created. After
applying the rules, this number was reduced and the result depends on the value of the
score (penalty). We got the optimal result of 25264 edges when the penalty was -45.
This gives us 9.32% improvement. Varying the score did not have a radical change as
shown in Figure[8.5]

8.3.2.2 The effects on the average time per sentence

Our aim in this experiment is to see whether applying the rules will speed up the parser,
and also the relationship between the edges created and the speed of the parser. Without

applying the rules, the average time per sentence was 1529.39 ms. The optimal speed
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Figure 8.5: The effects of machine learning on the the total number of edges

up was when the penalty was -45 (1036.88 ms) which is approximately a 32% increase
in speed. By comparing the two graphs [8.5] and [8.6] we can note here that less edges

created the faster the parser is.
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Figure 8.6: The effects of machine learning on the average time per sentence
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8.3.3 Parsing using machine learning with the tagger
8.3.3.1 The effects on the total number of edges

The third part of these experiments is to investigate the effects of combining both the
tagger, and the learning from WEKA. Before applying the classification rules, 27557
edges were created. After applying the rules, we can note that there is some improve-
ment and this depends on the value of the score (penalty). The optimal result is with the
penalty -55 where 26504 edges were produced as shown in Figure This represents
approximately 4% improvement. This is understandable because the tagger already
improved the speed, and that is the reason why when applying machine learning the

improvement is not as good as when we use machine learning and no tagging.

Number of edges when using the
tagger and WEKA
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26400
0 -50 -100 -150 -200 -250
Penalty

Figure 8.7: Combining both machine learning and the tagger

8.3.3.2 The effects on the average time per sentence

This is to investigate whether that relationship between the number of edges created
and the average time per sentence still applies when combining both the tagger and
WEKA during parsing. Without applying the machine learning rules, the average time
per sentence was 1183.88 ms. The optimal speed up was (1138.14 ms) approximately

4%an increase of speed as shown in Figure 8.§]
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Figure 8.8: Combining both machine learning and the tagger

8.4 The effects of experiments on the accuracy

We are trying to improve the speed of a parser. By doing this, we recognise that
because we are changing the decisions that this makes, we might lead it to come to a
different overall analysis (this can be seen as a decrease in accuracy). As the the aim
of this project is not about improving the accuracy, but about the speed of a parser,
the last thing you want is considerably speeding up the parser, but the accuracy is
affected badly. That is why the aim of this chapter is to investigate the extent of the
effects of these experiments on the accuracy of the parser. We are not interested in
improving the accuracy, but at least we want to know that if we speed up the parser
by these experiments, what is the tradeoff on the accuracy. One way of doing this is
to assume that the output of the original parser before applying the experiments is our

gold standard.

8.4.1 The experiments

The way we are conducting these experiments is that every time we are producing
analyses we store the tree information in a conll data format, so that we can compare
the tree analysis of the original parser with those of the output after using machine
learning. The comparison is between a pair of words. For a given sentence of N

words, there are N-1 comparisons, because every word except the head is a daughter
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in a tree. For example: out of the 1000 words there are 181 comparisons to be made.

total number of comparisons 819
total number of sentences 181
number of right heads 780 0.952380952
number of right labels 772 0.942612943
Segmentation is different 3 0.016574586

4 N

v vV
S o) S o
N1 N2 N1 N2
e w

Figure 8.9: Comparing two trees

Figure@involves comparing the words, their head, and the label. So the questions

we are asking here are:
1. How many words have the right head?
2. What is the number of the right labels?
3. How many times a word is present in the gold standard but not in the test set?

4. How many times a word is present in the test set but not present in the gold

standard set?

5. How many times a word is segmented differently?

8.4.2 Using machine learning and not using the tagger

It is worth noting that improving the speed using machine learning and the tagger has
a tradeoff of a slight decrease in the accuracy. This decrease varies depending on the

value of the penalty. For instance when the penalty was -5 the number of equal heads
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scored 95% accuracy and the number of equal labels with 94%. Figures [8.10]and [8.11]
show this variation. There are no words at all that appeared in the gold standard and
not in the test set, and vice versa. Different segmentation in the table means that the
same surface form may be interpreted in more than one way because of the clitics.

For instance the word A ¢ wgd maybe interpreted as A § wagada *found’ or the

conjunction ¢ w ’and’ followed by the verb as ¢d "worked hard’.

| Penalty | comparisons | sentences | right heads| _head accuracy | right labels | Iabel accuracy
-5 730 2 3

819 181 0.952380952 77 0.942612943
-10 803 181 734 0.938978829 743 0.925280199 6
-15 790 181 734 0.929113924 723 0.915189873 8
-20 777 181 717 0.922779923 706 0.908622909 9
-30 749 181 692 0.923898531 683 0.91188251 13
-35 745 181 688 0.923489933 679 0.911409396 14
-40 737 181 679 0.921302578 670 0.905090909 15
-45 732 181 672 0.918032787 663 0.905737705 16
-30 717 181 037 0.916317992 b48 0.90376569 17
-35 692 181 631 0.911849711 622 0.898843931 22
-60 680 181 616 0.905882353 607 0.892647059 25
-65 675 181 611 0.905185185 602 0.891851852 26
-70 669 181 602 0.899850523 593 0.886397608 A7)
-75 675 181 608 0.500740741 599 0.887407407 26
-80 675 181 602 0.891851852 593 0.878518519 26
-85 675 181 601 0.89037037 592 0.877037037 26
-90 675 181 o01 0.89037037 292 0.877037037 26
-95 669 181 295 0.889387145 286 0.87593423 28
-100 664 181 589 0.887048193 580 0.873493976 29

Figure 8.10: The effect on the accuracy when using machine learning and not the
tagger

8.4.3 Using machine learning and the tagger

Again the improvement of the parser by using the tagger and machine learning has a
slight tradeoff which varies depending on the value of the penalty. This variation is
shown in Figures [8.12] and [8.13] We can note that the accuracy decreases when the
penalty is reduced. From approximately 97% on the number of heads accuracy when
the penalty is -5 to 92% when the penalty is -100.
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Figure 8.11: Comparing heads, labels, and segmentations when not using the tagger

Penalty Sentences Comparisons Right heads Head accuracy Rightlabels  Label accuracy Segmentation

-3 179 789 764 0.968314322 762 0.965773468 3
-10 179 7N 738 0.957198444 734 0.952010376 3
-15 179 759 722 0.951251647 17 0.944664032 7
-20 179 749 707 0.943925234 702 0.937249666 8
-30 179 718 675 0.940111421 670 0.933147632 12
-35 179 718 674 0.938718663 669 0.931754875 12
-40 179 714 670 0.93837535 665 0.931372549 13
-45 179 686 646 0.941690962 641 0.934402332 18
-50 179 675 635 0.940740741 630 0.933333333 20
-35 179 667 624 0.935532234 6138 0.926536732 22
-60 179 658 617 0.93768997 611 0.928571429 23
-63 179 B39 617 0.936267071 bl1 0.927162367 23
-70 179 653 611 0.93568147 605 0.926433109 24
-75 179 654 609 0.931192661 603 0.9220183439 24
-80 179 654 609 0.931192661 603 0.922018349 24
-85 179 654 605 0.925076453 599 0.915902141 24
-90 179 651 602 0.924731183 596 0.915514593 25
95 179 651 602 0.924731183 596 0.915514593 25

-100 179 651 601 0.923195084 595 0.913978495 25

Figure 8.12: The effect on the accuracy when using machine learning with the tagger
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Figure 8.13: Comparing heads, labels and segmentations when using the tagger



Chapter 9
Conclusion

My aim throughout this thesis was to investigate ways of optimising a rule based parser

for MSA. In order to run such experiments we had to do the following:

* As the previous lexicon only had 295 manually coded entries, and in the absence
of MSA lexicons, I extracted a lexicon of 63339 words in a prolog format without
any manual intervention. MSA is highly inflectional and derivational, i.e words
are produced by following certain patterns and adding the affixes. Therefore
creating the lexicon in this way resulted in many weaknesses especially du to
large number of weak verbs which they do not follow the same pattern as regular

verbs.

* Dealing with the weak verbs by changing or adding some spelling rules. Again,
this resulted in conflicting spelling rules and overcoming this one may consider

in the future.

* The next step was integrating the output of a tagger with the parser. These initial
experiments were awkward to carry out because the original tagger was written
in Python, and incorporating it into the Prolog-based parser required us to run
it as a server, with the parser as a client. This was inefficient, but more impor-
tantly it made the integration very inflexible. Therefore we have converted the

application of the tagger in prolog so that it can be integrated with the parser.
* Integrating the classifier with the parser
* Investigating these effects on the accuracy of the parser.

131
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CHAPTER 9. CONCLUSION

It was noted that adding the tagger to the parser improved the parser’s speed. The

tagger was tried in two ways:

* Here we trust the tagger, so if the tagger is confident about a tag, we use

suggestion directly. In many cases this led to a complete failure where the

suggested tag was wrong. For example parsing this sentence:

o J.U‘ u’.’{ ktb aldrs can have the following interpretations:

1.

Rz me g.,&’{ kataba alddarsa (He wrote the lesson). This is in the active
form, and the subject is hidden.

03 J.‘U‘ J kutiba alddarsu (The lesson was written). This is in the

passive form

Rz me g.ff{ kattaba alddarsa (He made someone write the lesson). The
verb is active and the subject is hidden.

03 J.‘U\ vf'{ kuttiba alddarsu (The lesson was made written) The verb is

passive.

d: me g.,&'{ kataba alddarsu (The lesson wrote). The parser is not

interested in the meaning.

03 J.‘U\ V.’:{ kattaba alddarsu (The lesson made someone write). Again

the parser is not interested in the meaning.

o Jf\ﬂ d»’:’{ kutubu alddarsi (The books of the lesson). The parser mad a

construct NP

All these are possible outputs of the parser. However, if the tagger is confident

enough that ,._,3.’{ ktb is noun and 4 J.\.“ aldrs 1s noun, the only interpretation

we get is number 7. In a long sentence assigning all constituents as nouns will

lead to a complete failure.

» Using the tagger together with a confusion matrix that indicates the likelihood

of a word actually having a tag Ti given that the tagger has suggested Tj.

In the second part of the thesis, we used a novel approach (learning from the solution

path: bad and good moves). This resulted in a 9.32% improvement on the total

number of edges being produced, and 32% speed up. However by taking the

assumption that the original parser is the gold standard, there is a tradeoff in
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decreasing the accuracy of the parser. This approach can be useful for under

resourced languages.
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Appendix A

The decision tree

J48 pruned tree

cat2 = noEdge

catl = interrog: bad (0.0)

catl = noEdge

cat0 = interrog: good (8.19/0.08)

cat0 = xbar(v(+),n(-))

| start0 <= 0: good (368.46/127.46)

| start0 > 0: bad (1258.98/436.58)

cat0 = where: good (1.02/0.01)

cat0 = xbar (v(+),n(+)): bad (705.67/51.36)
cat0 = xbar(?,n(+)): bad (0.0)

cat0 = punct: good (405.58/4.2)

cat0 = yA: bad (3.07/1.04)

cat0 = interjection(?): bad (133.15/1.77)
cat0 = xbar(v(?),?): bad (167.97/49.23)
cat0 = whichphrase: bad (0.0)

cat0 = xbar (v(-),n(+))

start0 <=7

end0 <= 4: good (1703.44/651.11)
end0 > 4

start0 <= 4: bad (626.0/251.49)
start0 > 4
end0 <=
| wh0 = -: good (463.16/152.67)

| wh0 = +: bad (3.0)

endd > 7

displ0 = dir(moved(?),?,?)

start0 <= 6: bad (68.62/23.6)

start0 > 6

| end0 <= 8: good (184.34/85.54)

| end0 > 8: bad (18.34/6.87)

displ0 = dir(?,after(-),?): bad (12.52/3.47)
displ0 = dir(moved(-),?,?): bad (0.0)

-

|
start0 > 7

wh0 = -

start0 <= 9

end0 <= 10: good (249.88/76.0)
end0 > 10

| start0 <= 8: good (2.0)

| start0 > 8: bad (16.0/3.0)
start0 > 9: good (159.6/31.0)

| whO = +: bad (2.0)

catl = xbar (v(+),n(-))

| offsetl <= -1

| | start0 <= 2: neither (31.54/4.78)

| | start0 > 2: good (20.07/7.65)
|
|

offsetl > -1
| span0 <= 504
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end0 <= 4: good (21.0/5.0)
end0 > 4

start0 <= 2

| cat0 = interrog: bad (0.0

| cat0 = xbar(v(+),n(-)): bad (0.0
| cat0 = where: bad (0.0)

| cat0 = xbar(v(+),n(+)): bad (0.0)
| cat0 = xbar(?,n(+)): bad (0.0)

| cat0 = punct: bad (0.0)

| cat0 = yA: bad (0.0)

| cat0 = interjection(?): bad (0.0)
| cat0 = xbar(v(?),?): bad (0.0

| cat0 = whichphrase: good (2.0

|

start0 > 2

| end0 <= 7: good (10.0/2.0
| end0 > 7
|

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| | start0 <= 5: bad (65.0/23.0

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

|

| | | | start0 > 5: good (3.0)
| span0 > 504

| | compact0 = -: good (2.0)

| | compact0 = +: bad (980.0/58.0)
| catl = where: bad (0.0)

| catl = xbar(v(+),n(+)): bad (0.0)

| catl = xbar(?,n(+)): bad (0.0)

| catl = yA: bad (0.0)

| catl = xbar(v(?),?): bad (0.0)

| catl = whichphrase: bad (0.0)

| catl = xbar(v(-),n(+))

| offsetl <= -1

| start0 <= 1: neither (22.46/2.87)
| start0 > 1

| mod0 = -

| end0 <= 8: good (20.07/2.39)
| end0 > 8

| | start0 <= 2: neither (2.87)
| | start0 > 2: good (11.95/2.87)
| mod0 = +: bad (4.3/0.96)

| offsetl > -1

|

|

|

|

|

|

start0 <= 0

| end0 <= 4: bad (256.0/31.0

| end0 > 4

| | end0 <= 5: good (79.0/34.0
| | end0 > 5: bad (64.0/6.0)

| start0 > 0: bad (2173.0/86.0)

cat2 = xbar (v(+),n(-))

| mod0 = +: good (11.0/4.0)
endl > 6: good (194.0/7.0)

start0 > 0

| start0 <= 2

| | offsetl <= -10

| | | end0 <= 12: bad (12.0)

cat0 = xbar (v(-),n(+)): bad (389.0/68.0)

: good
: good
: good
: good

| start0 <= 0

| | endl <= 6

| | | startl <= 1: good (378.37/77.37)

| | | startl > 1

| | | | displl = dir(moved(+),after(+),before(?))
| | | | displl = dir(moved(+),after(?),before(+))
| | | | displl = dir(moved(-),after(-),before(?))
| | | | displl = dir(moved(+),after(-),before(+))
| | | | displl = dir(?,after(-),?): good (0.0)

| | | | displl = dir(moved(?),?,?): good (0.0)

| | | | displl = dir(moved(-),after(?),before(?))
| | | | | end0 <= 3: neither (140.0/47.0)

| | | | | endd >3

| | | | | | spanl <= 32

| | | | | | | mod0 = -: good (103.0/32.0)

| | | | | | | mod0 = +

| | | | | | | | startl <= 2: good (6.0)

| | | | | | | | startl > 2: neither (15.0/6.0)
| | | | | | spanl > 32

| | | | | | | mod0 = -: neither (34.0/10.0)
| | | | | |

| |

|

|

|

|

(
(
(
(

0
0

24.0/3.0)

.0
.0
0

0.

)
)

)
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| end0 > 12

| | mod0 = -: good (3.0)

| | mod0 = +: neither (12.0/1.0)
offsetl > -10

start0 <=1

catl = interrog: neither (0.0)

catl = noEdge: neither (0.0)

catl = xbar(v(+),n(-))

| end0 <= 4: good (7.42/1.0)

| end0 > 4: neither (123.0/11.0)
catl = where: neither (0.0)

catl = xbar(v(+),n(+)): neither (0.0)
catl = xbar(?,n(+)): neither (0.0)
catl = yA: neither (0.0)

catl = xbar(v(?),?): good (20.0/2.0)
catl = whichphrase: neither (0.0)

| cat0 = interrog: good (0.0)

| cat0 = xbar(v(+),n(-)): good (70.0/20.0)
| cat0 = where: good (0.0)

| cat0 = xbar(v(+),n(+)): good (0.0)

| cat0 = xbar(?,n(+)): good (0.0)

| cat0 = punct: good (0.0)

| cat0 = yA: good (0.0)

| cat0 = interjection(?): good (0.0)

| cat0 = xbar(v(?),?): good (0.0)

| cat0 = whichphrase: good (0.0)

| cat0 = xbar (v(-),n(+)): neither (4.63/0.84)
end2 > 2: neither (307.0/57.0)

|
|
|
|
|
|
|
|
|
|
|
| catl = xbar(v(-),n(+))
|
|
|
|
|
|
|
|
|
|
|

end2 > 5
span2 <= 1016
spanl <= 768
end0 <= 6: neither (16.0/6.0
end0 > 6
endl <= 5: good (12.0)
endl > 5

| catl = interrog: good (0.0)

| catl = noEdge: good (0.0)

| catl = xbar(v(+),n(-)): neither (4.0)
| catl = where: good (0.0)

| catl = xbar (v(+),n(+)): good (0.0)

| catl = xbar(?,n(+)): good (0.0)

| catl = yA: good (0.0)

| catl = xbar(v(?),?): good (0.0)

| catl = whichphrase: good (0.0)

| | catl = xbar(v(-),n(+)): good (30.0/9.0)
spanl > 768: neither (5.0)

span2 > 1016: neither (32.0/1.0)

| end0 <= 8

| | end2 <= 3: neither (9.4/3.0)

| | end2 > 3: good (15.0)

| end0 > 8

| | spanl <= 1984: neither (26.0/2.0)
| | spanl > 1984: good (2.0)
start0 > 1

endl <= 4

| zs0 = -

| | span2 <= 48: good (43.03/13.24)
| | span2 > 48: neither (12.35/3.0)
| zs0 = +: neither (102.7/12.16)
endl > 4: neither (716.88/66.68)

|
start0 > 2
| compact0 = -

| | xend0 <= 7: good (2.0)

| | xend0 > 7: neither (26.0/2.0)

| compact0 = +

| | displl = dir (moved(+),after(+),before(?)): good (0.0)
| | displl = dir (moved(+),after(?),before(+))



start2 <= 7

| start0 <= 5

| | span2 <= 128: good (24.0/7.0

| | span2 > 128

| | | offset2 <= -3: neither (2.0/1.0)
| | | offset2 > -3

| | | | span0 <= 240: bad (3.0/1.0)
| | | | span0 > 240: good (4.0)

| start0 > 5: bad (4.0)

start2 > 7

| start2 <=9

offsetl <= -4:

offsetl > -4

| catl =

| catl =

| catl = xbar (v(+)

| catl = where: ne

| catl = xbar(v(+

| catl = xbar(?,n(+)):
| catl =

| catl = xbar(v(?),?):
| catl =

| catl =

| end0 <= 9: good (2.0)
| end0 > 9: neither (26.0/2.0)
start2 > 9: good (5.0/1.0
displl = dir(moved(-),after(-),before(?))

good (2.0)

interrog: neither (0.0)

noEdge: neither (0.0)

,n(-)): neither (0.0)
ither (0.0)
,n(+)): good (4.0/1.0)

neither (0.0)

yA: neither (0.0)

neither (0.0)

whichphrase: neither (0.0)

xbar (v(-),n(+)):

neither (40.0/1.0)

displl = dir(moved(+),after(-),before(+))
wh0 = -:
wh0 = +: good (3.0/1.0

displl
displl
displl
start0 <= 4

dir(?,after(-),?):

neither

(27

.0/2.0)

good (0.0)

dir(moved(?),?,?): good (0.0)

dir (moved(-),after(?),before(?))

catl

catl
catl

interrog: neither (0.0)

noEdge: neither (0.0)

xbar (v
endl <=

(+)
6

/n(=))

start2 <= 5: good (3.56/0.28)
start2 > 5: neither (9.0/1.0)

where

xbar (v(+),n(+)):
xbar (?,n(+)):

: ne

endl > 6: good (21.82/0.28)

ither (0.0)
neither (0.0)
neither (0.0)

yA: neither (0.0)

xbar (v(?),7?)

| startl <= 4: good (8.0/1.0)

| startl > 4: neither (25.0/11.0

whichphrase: neither (0.0

xbar (v(=),n(+))

end0 <=

6
end0
end0
=+
star
star

<= 5: good (12.72/4.12)
> 5: neither (60.08/32.08)

t0 <= 3: neither (9.14/0.14)
t0 > 3: good (3.16/1.0)

end0 <=7
| offsetl <= -3: neither (5.0)
| offsetl > -3
| | offsetl <= -2: good (17.0/6.0)
| | offsetl > -2
| | | start0 <= 3: good (13.0/5.0
| | | start0 > 3: neither (16.14/3.14
end0 > 7
start0 <= 3

| startl <= 6: neither (3.0)
| startl > 6: good (3.0/1.0)
start0 > 3: good (7.14)
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| | | | mod0 = +: good (2.0)

| | | end0 > 8: neither (84.7/25.7)

start0 > 4

startl <= 9: good (138.46/32.53)

startl > 9

mod0 = -

offsetl <= -4: good (3.0)

offsetl > -4

| start0 <= 9: neither (26.98/9.98)
| start0 > 9: good (4.42)

| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| | mod0 = +: good (6.14/1.14)

|
|
| |
| |
| |
| |
| |
| |
)

offsetl <= -4
| end0 <= 7: neither (7.0/1.0)
| end0 > 7

= xbar (v(+),n(+)): neither (0.0)
= xbar(?,n(+)): good (1.01/0.01)
= yA: neither (6.06/1.03)
= punct: good (400.23/2.52)
= xbar (v(=),n(+))
start0 <= 0
| span2 <= 6
| | cat0 = interrog: good (0.0)
| | cat0 = xbar(v(+),n(-)): neither (7.27)
| | cat0 = where: good (0.0)
| | cat0 = xbar (v(+),n(+)): good (0.0)
| | cat0 = xbar(?,n(+)): good (0.0)
| | cat0 = punct: good (0.0)
| | cat0 = yA: good (0.0)
| | cat0 = interjection(?): good (0.0)
| | cat0 = xbar(v(?),?): good (0.0)
| | cat0 = whichphrase: good (0.0)
| | cat0 = xbar(v(-),n(+))
| | | end0 <= 8
| | | | modd = -
| | | | | end0 <= 3: good (197.73/45.73)
| | | | | end0 > 3
| | | | | | spanl <= 12: neither (11.0/1.0)
| | | | | | spanl > 12: good (21.73/2.73)
| | | | mod0 = +
| | | | | end0 <= 2: good (56.0/8.0)
| | | | | end0 > 2
| | | | | | end0 <= 3: neither (49.0/18.0)
| | | | | | end0 > 3: good (17.0)
I 1 | endd>38
| | | | mod0 = -: neither (13.0/4.0)
| | | | mod0 = +: good (3.0)
| span2 > 6: good (458.0/6.0)
start0 > 0
| start2 <=1
| | startl <= 2: good (177.73/77.45)
| | startl > 2
| | | end0 <= 5
| | | | mod0 = -: neither (4615.0/351.0)
| | | | mod0 = +: good (12.0/4.0)
| | | end0 > 5
| | | | startl <= 5
| | | | | spanl <= 32
| | | | | | mod0 = -: neither (8.0/4.0)
| | | | | | mod0 = +: good (6.0/1.0)
| | | | | spanl > 32: good (15.0/2.0)
| | | | startl > 5
| | | | | modd = -
| | | | | | startl <= 7: neither (9.0)
| | | | | | startl > 7: good (11.0)
| | | | | mod0 = +: neither (34.0/1.0)
| start2 > 1
| span2 <= 1984
| span0 <= 896
| start2 <= 4
| offset2 <= -1: good (41.0/6.0)
| offset2 > -1
|
|
|
|

| | span0 <= 496: good (54.0/1.0)
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span0 > 496
startl <= 6: nei

offsetl <= -
offsetl > -6

|
| startl > 6
|

|
|
|
|
| |

offsetl > -4

catl = interrog: neither
catl = noEdge: neither (
catl = xbar(v(+),n(-))

| start0 <= 2: neither
| start0 > 2: good (10
catl = where: neither (0
catl = xbar (v(+),n(+))
start0 <= 3: good (2
start0 > 3

| spanl <= 192: ne
| spanl > 192: goo
catl = xbar(?,n(+)): nei
catl = yA: neither (0.0)

catl = xbar(v(?),?): nei

catl = xbar (v(-),n(+))

|
|
| end0 > 8: ne

span2 <= 16

| startl <= 3: goo
| startl >3

| | end0 <= 8

| | | spanl <=
| | | | mod0
| | | | |

| | | | |

| | | | |

| | | | |

I 1 mod0
| | | | |

| | | | |

| | | spanl >
| | | end0
| | | end0
| | |

| | |

|

span2 > 16

mod0 = -

startl <= 6

| span2 <=
| | span
| | span
| span2 >

startl > 6:

startl <=5
end0 <=
| star
| star
end0 > 6
startl > 5

| startl <
| startl >

start2 > 4

span2 <= 256

| mod0 = -: good (209.64/56.18
| mod0 = +

| | start0 <= 7: good (55.09
| | start0 > 7: bad (8.0/2.0
span2 > 256

| mod0 = -

| | span2 <= 384: neither (2
| | span2 > 384: good (7.0)
| mod0 = +: bad (2.0)

span0 > 896
start0 <= 5

spanl <= 2032: neither (530.82/3

ther (4.0)

6: neither (4.0/2.0)
: good (7.0/2.0)

(0.0)
0.0)

(33.64/3.55)
L77/2.77)

.0)

1.0)

ither (5.03/1.0)
d (4.0)

ther (0.0)

ther (0.0)

catl = whichphrase: good (1.0/0.0)

d (208.18/96.09)

96

end0 <= 6

| spanl <= 32: good (235.73/104.0)
| spanl > 32: neither (77.36/37.36)
end0 > 6: good (31.36/5.0)

=+

offsetl <= -2: good (21.0/9.0)
offsetl > -2: neither (116.36/35.36)
96

<= 7: neither (59.0/9.0)

> 7

offsetl <= -2: neither (2.0)
offsetl > -2: good (23.36/7.0)
ither (46.0/10.0)

48

1 <= 64: neither (142.94/25.0)
1 > 64: good (10.0/2.0)

48: neither (32.0/6.0)

good (18.0/4.0)

6

t0 <= 2: bad (6.0/2.0)
t0 > 2: good (5.0/1.0)
: bad (39.0/1.0)

= 6: good (12.0/2.0)
6: neither (5.0)

)

/22.73)

)

1.0/7.0)

4.45)
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| | | spanl > 2032

| | | | startl <= 3: neither (18.0)

| | | | startl > 3: good (10.18/2.09)

| | start0 > 5

| | end0 <= 10

| | | startl <=8

| | | | end2 <= 7: good (6.55/1.45)
| | | | end2 > 7: neither (24.0/2.0)
| | | startl > 8: bad (4.0/1.0)
| |

| |

| |

| |

| |

| |

| |

| |

| |

| |

|

| | |

| | |

| | |

| | |

| | | |

| | | |

| | | |

| | | |

| | | |

| | | | end0 > 10

| | | | | mod0 = -: good (131.64/26.18)

| | | | | mod0 = +

| | | | | | end0 <= 11

| | | | | | | span2 <= 128: bad (5.0/1.0)

| | | | | | | span2 > 128: neither (22.0/5.0)
| | | | | | end0 > 11

| | | | | | | end0 <= 12: good (25.0/1.0)

| | | | | | | end0 > 12

| | | | | | | | startl <= 10: bad (2.0)

| | | | | | | | | startl > 10: neither (5.0)
| | | span2 > 1984

| | | | offsetl <= : bad (12.0)

| | | | offsetl > -8: good (52.09/7.36)

Number of Leaves : 266

Size of the tree : 431

Time taken to build model: 1.58 seconds

Time taken to test model on training data: 0.36 seconds

=== Error on training data ===

Correctly Classified Instances 18527 82.6066 %
Incorrectly Classified Instances 3901 17.3934 %
Kappa statistic 0.7391

Mean absolute error 0.1681

Root mean squared error 0.289

Relative absolute error 37.8322 %

Root relative squared error 61.2963 %

Total Number of Instances 22428

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.939 0.059 0.888 0.939 0.913 0.975 neither

0.744 0.127 0.746 0.744 0.745 0.886 good

0.795 0.075 0.841 0.795 0.817 0.952 bad
Weighted Avg. 0.826 0.087 0.825 0.826 0.825 0.938

=== Confusion Matrix ===

a b ¢ <= classified as
7022 450 4 a = neither
791 5565 1120 | b = good

92 1444 5940 | c = bad

=== Stratified cross-validation ===

Correctly Classified Instances 18329 81.7237 %
Incorrectly Classified Instances 4099 18.2763 %
Kappa statistic 0.7259

Mean absolute error 0.1723

Root mean squared error 0.2966

Relative absolute error 38.7765 %

Root relative squared error 62.9097 %

Total Number of Instances 22428



149

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.928 0.062 0.882 0.928 0.904 0.971 neither

0.732 0.133 0.733 0.732 0.733 0.874 good

0.792 0.079 0.834 0.792 0.812 0.947 bad
Weighted Avg. 0.817 0.091 0.816 0.817 0.816 0.93

=== Confusion Matrix ===

a b c <-- classified as
6935 534 71 a = neither
830 5472 1174 | b = good

96 1458 5922 | c = bad



Appendix B

Part of the ARFTF file

@RELATION status

@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@ATTRIBUTE
@DATA

H,2,2,2,2

[P
[P

e wgw o

compact0 {"-","+"}
compactl {"-","+"}
compact2 {"-","+"}

displ0 {"dir(?,-,?)","dir(-,?,?)","dir(?,?,?)"}

displl {"dir(+,-,+)","dir(-,=,2)", "dir (+,2,+)", "dir(-,2,2)", ...

displ2 {"dir(?,-,?)","dir(?,?2,?)"}

cat0 {"interrog","xbar(-,+)","xbar (+,+)","xbar(?,+)",
catl {"interrog","xbar(-,+)","xbar (+,+)", "noEdge",
cat2 {"xbar(-,+)","noEdge", "xbar(?,+)", "xbar (+,-)",
gerund0 {"-"}

mod0 {"-","+"}

specO {"+"}

specl {"+"}

spec2 {"+"}

start0 NUMERIC

startl NUMERIC

start2 NUMERIC

end0 NUMERIC

endl NUMERIC

end2 NUMERIC

xend0 NUMERIC

xendl NUMERIC

xend2 NUMERIC

span0 NUMERIC

spanl NUMERIC

span2 NUMERIC

offsetl NUMERIC

offset2 NUMERIC

wh0 {"-","+"}

whl ("=", "sn}
wh2 {"=n, meny
zs0 {"=", "4y

status {"neither","good", "bad"}

2,2,2,7,"xbar (-, +) ", "noEdge", "noEdge", "-", "=", "+",?,2,6,2,2,7, .
2,13,2,2,14,2,

2,2,2,9,2,2,11,

"xbar (+,-) ", "xbar (-, +) ", "noEdge", "~=", "=", "+, "+",
"xbar (+,-) ", "xbar (-, +) ", "noEdge", "=, "-", "7, 14"
“Xbar(+,*) “, "Xbar(*,+) ", “noEdge", ""', “"', "*", "
"xbar (+,-)", "xbar (-, +) ", “noEdge", R

?2,3,3,
3,3,2
3,3,

2,2,2,2,
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"good",
, "good",

, "good",

"bad",

L "bad",
bad",

., "bad",



151

Mmoo Men 2 ndip (-,
WM 2 Mem 2 i (=,2,2)", 2, "xbar (-, +) ", "xbar (=, +) ", "xbar (=, +) ", "=, M= wgn wew o Wpeithert,

man 9, M 9 Ny (-,

2)", 2, "xbar (-, +) ", "xbar (-, +) ", "xbar (=, +)", =", "= "iv . "peither",

,2)", 2, "xbar (-, +) ", "xbar (-, +) ", "xbar (-, )", =", "=0, wen wiw o wpeither",



Appendix C

A sample of the sentences

tests (arabicWordsl,

arabic,

"gAl Alrjl AlEjwz.’>0,

’1qd OSbHtu EAjzA 1A Oqdr ElY HrAvp AlOrD.’>0,

'w 1A E1Y Hml AlOvgAl.’>0,

"hl ObgY rhn Albyt.’>0,

’Om Om$y hA}mA E1Y wjhy HtY OsqT mn AltEb.’>0,

" fkr kvyrA.’>0,

't*kara OyAm Tfwlth.’>0,

"kyf kAn yqgfz kAlOrnb mn mkAn IlY Axr.’>0,

"wySEd kALQTT I1Y OELY AlO$3Ar.’>0,

’t*kra $bAbh Hyn kAn ydxl fy ErAk mE zmlA}h.’>0,

'wkyf kAn yfwz Elyhm.’>0,

'wlknh lm ykn yxASm OHdA wlA yEtdy ElY OHd.’>0,

’$rd TwylA mE *kryAth.’>0,

’kAnt HyAtuh xSbp mly}p bAlEml wAln$AT.’>0,

'whA hw AlAn $yx kbyr.’>0,

"1A tsAEdh SHth E1Y AlgyAm bOEmAl tHtAj jhdA kbyrA kAlzrAEp Alty zAwlhA TwylA.’>0,
"kAn OHfAduh ylEbwn Hwlh bSxb.’>0,

’f£j0p xTrt lh fkrp jElth ybtsm wystygZ mn $rwdh.’>0,
"qAl.’>0,

"knt OzrE AlgmH wAl*rp.’>0,

’wjinyt Alkvyr mn *lk wAlywm sOkwn mzArEA jdydA.’>0,
"wsOb*r.’ >0,

"bdl AlgmH wAl*rp.’>0,

'AlklmAt AlTybp.’>0,

’nAdY AlOwlAd.’>0,

" xAld.’ >0,

'mHmd. " >0,

" fATmp.’ >0,

'wA}l.’>0,

"tEAlwA yA ObnA}y.’>0,

’AjtmE AlOTfAl qrb Aljd wtsA&l yrtsm E1Y wjh k1l mnhm.’>0,
"BAbtsm.’>0,

"Abtsmwh.’ >0,

"qAl.’>0,

’Endy Sndwq mn AlHkAyAt.’>0,

’rkD wA}l nHw Sndwq Aljd Almwjwd fy Sdr Albyt wHAwl ftHh.’> 0,
'DHk Aljd wgAl.’>0,

"I*A ftHt AlSndwqg thrb AlHkAyAt.’>0,

'tEAL.’>0,

"tEAl yA wA}l mEy HkAyp xbOthA fy Sdry sOHkyhA lkm.’>0,
’vm bd0.’>0,

"kAn yAmAkAn fy gdym AlzmAn.’>0,

’tjmE AlOwlAd Okvr Hwl Aljd ystmEwn k1l klmp yqwlhA.’>0,
’Al0$JAr tnhD mn jdyd wgf Obw HmdAn E1Y $AT} AlbHr.’>0,
"yHdg fy AlOmwAj AlSAxbp why tSfE wjh AlSxwr bgswp.’>0,
'wtsA@l fy nfsh.’>0,

"1mA*A ygDb AlbHr.’>0,
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’hl ygDb mn AlmHtlyn Al*yn dnswA wjhh bbwArjhm AlHrbyp.’>0,

’Om Onhu gADb mnA.’>0,

"km 1EbnA mEh.’>0,

’wArtmynA fy HDnhi AlrA}E.’>0,

’wkm gnynA mEh AlOgAny AlsEydp.’>0,

’Astrsl Obw HmdAn fy xwATrh.’>0,

'kAn wihh AlHzyn JAfA.’>0,

"brzt fyh 1Hyth AlnAmyp KALESb AlyAbs.’>0,

’wkAnt AlbsAtyn mn x1fh msAHp mn AlswAd AlgAtm.’>0,

"1qd OHrghA AlShAynpu bHjp AxtbA@ AlfdA}yyn AlErb fyhA.’>0,

’wwjwd mstwdEAt *xA}rhm AlHrbyp.’>0,
’1m ykn yHznh AHtrAq bstAnh Al*y Onfg Emrh fy AlEnAyp bh
’1lknh t*kr OwlAdh.’>0,

"km wEdhm bAlmlAbs Aljmylp wAlOlEAb wAlHlwY wAlgSS AlmSwrp.’>0,

"bEd byE AlmHSwl AlgAdm.’>0,

'mA*A ystTyE On yEml.’>0,

’Al0$jAr tqgf mHrwgp mtfHmp.’>0,

’AlfwAkh Outlft.’>0,

’AlOwlAd hAjrwA En Alqryp.’>0,

’wAlShAynp yEyvwn fsAdA fy k1 mkAn.’>0,

"hAhw yqf wHydA jAnb AI1$AT}.’>0,

’1A ydry mA AlEml.’>0,

' jJARt mwjp qwyp 1Tmt AlSxwr bEnf.’>0,

'Amt10 wjh Oby HmdAn bAlr*A* AlbArd.’>0,

'msH wjhh.’>0,

’1Amst OSAbEh Almbllp $ftyh Alm$qqtyn.’>0,

’$Er bmlwHp gArSp.’>0,

"kz ElY $ftyh.’>0,

’vm Altft bEynyh AlgA}mtyn Swb AlbsAtyn.’>0,

’frk Eynyh kOnh yxfy dmwEh.’>0,

"twjh I1lY bstAnh.’>0,

'wgAl bSwt msmwE.’>0,

’AlydAn AlltAn tHsnAn AlzrAEp tHsnAn HmAyp mA tzrEAnh.’>0,
’Aqtrb mn AlO$jAr AlmHrwgp wAlOsY yEtSr qlbh.’>0,
'kAnt AlO$JAr tbdw gAmAt dAknp mgrwsp fy h*h AlOrD.’>0,
'ngl bSrh mn $jrp I1Y OxrY.’>0,

'mvl mn ybHv En $y@ mhm fqdh.’>0,

’£3j0p Artsmt AbtsAmp EryDp ElY $ftyh.’>0,

"mA*A Hdv.’>0,

’1lqd kAnt bDE $jyrAt Sgyrp gDp trfE r&wshA End OqdAm h*h AlO $jAr AlswdAQ@ AlmtfHmp

"Im ydri mA*A yfE1.7>0,

"kAn mvl mn msahu sHr.’>0,

'dh$.’>0,

'rkE jAnb $jyrp.’>0,

"HDnhA brfq.’>0,

"wgblhA kOb ygbilu Abnh AlSgyr bEd gyAb Twyl.’>0,
’AltmEt EynAh knSl skyn.’>0,

"whw yqwl.’>0,

’AlOS$JAr tnhD mn jdyd.’>0,

'wEly On OnhD OyDA.’>0,

’vm twjh nHw Alqryp ybHv En rjAl AlmgAwmp.’>0,
’Hyrp AlOzhAr OHsato EulA bAlDiyg.’>0,

' fAl1AntZAr SaEob wgAs.’>0,

"kAnt tnZr mn zjAj AlnAf*p I1Y bAb AlHdygp.’>0,
"1Elh yufotaHu wtrY ObAhA qd EAd mn Alsafr.’>0,
"kAnt k1 dgygp tmDy bbT@ bAlg.’>0,

"gAlt 1hA OmuhA.’>0,

" mAbk.’ >0,

’tbdyn mnzEjp.’>0,

Ohk*A tstgblyn wAldk.’>0,

"ArtAHt lklAm OmhA.’>0,

’vm nZrto HwlhA fy OrjA@ Algrfp.’>0,

’xTrt 1hA fkrp.’>0,

’jrt msrEp ltnfy*hA.’>0,

"gAlt fy nfshA.’>0,

’sOjmE TAgp mn OzhAr Almrj Aljmylp.’>0,

’ODEhA fy InA@ E1Y TAwlp wAldy.’>0,

’xrjt EulA bEd Ono Oxbrto OmhA.’>0,

’kAnt AlOzhAr AlbyDA@ tbdw mvl bHyrp mn Alvlj AlnASE.’>0,
'xfq gqlbu Eul2d bfrH why tqtrb mn Almrj.’>0,
"$dhA h*A AlmnZr AlrA}E.’>0,

’SArt AlOzhAr wADHp OmAm EulA kAnt ttl010 kEgd mn Allé&ls.

wHsb.’>0,

’>0,
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’xTrt OfkAr kvyrp fy *hn EulA.’>0,

’sOJE1lhA tZhr mvl krp jmylp mn AlOzhAr.’>0,

’syfrH bhA Oby kvyrA.’>0,

’sOSnE mnhA EqdA.’>0,

'EqdA mn Alzhr wOTwq bhA Eng Oby.’>0,

"wqft EulA bjAnb OzhAr Almrj.’>0,

'kAnt OzhAr kvyrp mtfrqp tHyT mkAn wqwfhA.’>0,
"jlst 1tqTf DEDhA.’>0,

’wHyn mdt ydhA 1tqTf Owl zhrp rOt zhrp OxrY Okbr wOjml.’>0,
"gAlt.’>0,

"tlk Alzhrp Ojml mn h*h.’>0,

’vm nhDt wdnt mn Alzhrp AlvAnyp.’>0,

’1knhA Im tqgTfhA 10nhA $Ahdt Ojml mnhA OyDA.’>0,
’whk*A kAnt tmDy mn zhrp IlY OxrY.’>0,

"tEbt wlm tqTfo Oy zhrp.’>0,

"hAhy End AlTrf Algrby mn bHyrp AlOzhAr.’>0,

’Olgto nZrp Twylp ElyhA.’>0,

’kAnt EynAhA tlmEAn bfrH wADH.’>0,

’rOt AlOzhAr Ojml mn gbl.’>0,

'naqlato EynyhA fymA HwlhA.’>0,

'wEAdt tHdq fy bHyrp AlOzhAr.’>0,

"klmt nfshA bSwt wADH.’>0,

"h*h AlOzhAr mvl AlOsmAk stmwt I*A xrjt mino mrjhA.’>0,
'EAdt EulA dwn On tgTf Oyp zhrp.’>0,

"wbynmA kAnt tm$y fy Tryq AlEwdp.’>0,

'0dh$thA r&yp AlOzhAr AlbyDAR Aljmylp E1Y Twl AlTryg.’>0,
’rOatohA EulA wkOnhA tm$y x1fhA.’>0,

'kAnt msrwrp JjdA wtsA@lt.’>0,

"hl tm$y AlOzhAr HgA.’>0,

’$y@ wAHd kAn ydwr fy *hnhA.’>0,

’On tdEw ObAhA lzyArp bHyrp AlOzhAr.’>0,

’s0l wlyd Omh.’>0,

"1mA*A Oglg AlSahAynp mdrstnA.’>0,

’1mA*A qgtlwA Abn xAlty HsAm.’>0,

’1mA*A fg&wA Eyn rfyqy xAld.’>0,

"kAn yryd On ysOl wysOl wysOl.’>0,

’1kn Omh DAqgt *rEA mino Os}lth fqAlt.’>0,

"Owh.’>0,

'Ink tkvr mn AlOs}lp yA wlyd.’>0,

'gAl wlyd.’>0,

'Oryd On OErf k1 $y@.’>0,

"kl $y@.">0,

"yA Omy.’>0,

"wkAnt Om wlyd trgb On tjyb E1Y kl Os}lp AbnhA.’>0,
"gyr OnhA 1m tfE1.’>0,

‘bl HAwlt On tbEdh En h*h Alm$Akl Almxyfp.’>0,
'Alty tHdv k1 ywm.’>0,

"wbdOt tHky lh HkAyp Hwryp AlbHr Alty OETt AlSayAd Alfqgyr knzA E1Y On yEydhA I1Y wTnhA AlbHr.’>0,
'wmA In Onht AlOm AlHkAyp HtY kAn wlyd gd nAm Hyv bdOt HkAyp OxrY.’>0,
’rOY wlyd fy Hlmh Hwryp jmylp kHwryp AlHkAyp.’>0,
"gAlt lh AlHwryp.’>0,

’OhlA bk OyhA AITfl ALlTyf.’>0,

'hl j}t tbHv En Alknz.’>0,

'AT1b mA t$A@ 1OHggh 1lk.’>0,

’SAH wlyd frHA.’>0,

'hl tHqgyn ly mA OTlb fEIA.’>0,

'gAlt AlHwryp.'>0,

'nEm wfwrA.’>0,

"gqAl wlyd.’>0,

’Oryd On tftHy ObwAb mdrstnA.’>0,

’1nEwd IlyhA.’>0,

"ngr0 wnlEb.’>0,

’Oryd On yEwd HsAm IlY AlHyAp.’>0,

'wOn tEwd Eyn rfyqy xAld slymp kmA kAnt.’>0,

"£30p rOY wlyd Onh ydxl I1lY Almdrsp mE zmlA}h vm rOY Abn xAlth HsAm ynAdyh 1ylEbA mEA.’>0,
’w$Ahd xAldA ynDm IlyhmA.’>0,

’wkAn slymA mEAfY mn k1 sw@.’>0,

’1lknh Hyn AstyqgZ Erf Onh kAn yHlm.’>0,

’wtmnY lw kAn AlHlm Hqygp.’>0,

'mAzAl wlyd ysOl 1mA*A.’>0,

’sykbr ywmA wyErf k1 $y@.’>0,

’Allyl wAlOTfAl mn gdym AlzmAn kAn Allyl HzynA jdA.’>0,
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"kAn ysmE OTfAlA yqwlwn.’>0,

’1A nHb Allyl.’>0,

’wAxrwn yqwlwn.’>0,

’Allyl mwH$ wmxyf.’>0,

’wAlAbA@ wAlOmhAt yHAwlwn IbEAd Alxwf.’>0,
’dwn jdwY wyTlbwna mn AlOwlAd Al*hAb I1Y Alnwm.’>0,
’fAllyl mxSS 11lrAHp wAlnhAr 11Eml.’>0,

"wtuTf£O AlODwAR.’>0,

' fyzhr Allyl x1f AlnwAf* gAtmA ygTy k1 $y@.’>0,
'Al0$3Ar wAlbywt.’>0,

'wAlSwArE.’ >0,

’fyjzE AlOwlAd wyOwwn IlY AlfrA$ mkrhyn.’>0,
'wdA}mA yqwlwn.’>0,

'Allyl mxyf.’>0,

’nHn 1A nHb Allyl.’>0,

’tjwala Allylu kvyrA.’>0,

"HkY gSth 1kl mn SAdfh.’>0,

’gAl lh Algmr.’>0,

"1A tHzn yA Sdyqy.’>0,

" sOsAEdk.’>0,

’wsyHbk ALOTfAl.’>0,

’frH Allyl Hyn smE *1k.’>0,

"wbEd mdp OT1 Algmr wsTE bbhAG.’>0,

’smE Allylu AlOTfAla yqwlwn.’>0,

'mA Ojml Allyl fy Dw@ Algmr.’>0,

'wlkn Algmr 1A ystTyE On ybgY TwylA.’>0,
'wEndmA ynthy mn Emlh kAn y*hb I1Y mkAn Axr lybdO EmlA jdydA.’>0,
/fy$Er Allylu On AlOTfAl EAwdhm Alxwf.’>0,
'wgbl Ono ybHv En H1l kAnt Alnjwm tlmE fy bHr AlsmA@.’>0,
'wAlDfAdE tnqu mgnyp Ojml AlOgAny.’>0,

’wkAn ysmE Swt Albwmp why ttmtm.’>0,

’Allyl jmyl wrA}E.’>0,

’wOntm OyhA ALOTfAl jmylwn fA*hbwA I1lY AlfrAS.’>0,
’SAr AlOwlAd yntZrwn Algmr.’>0,

’wbEDhm yntZr Alnjwm fybdO yEdhA mn nAf*th HtY ygfw.’>0,
’wAxrwn kAnwA ysEdwn bOgAny ALIDfAdE whHkmp Albwmp.’>0,
’wEndmA y*hbwn I1Y AlfrA$ ybdswn rHlp ALOHIAm.’>0,
’1lw knt HSAnA EndmA dxl sEyd IlY Albyt.’>0,
"kAn mlTx AlvyAb bAlwH1.’>0,

’wmlwv Alwjh OyDA.’>0,

'nZrt Omh Ilyh nZrp xASp.’>0,

" fwgf mrtbkA.’>0,

’gAlt AlOm.’>0,

'mA*A fE1t bnfsk.’>0,

"hyA I1Y AlHmAm.’>0,

"kAn sEyd ykrh AlAstHmAm kvyrA.’>0,

’wgAlbA mAkAn yhrb I1Y AllEb.’>0,

’EndmA yS$Er On mwEd AlAstHmAm gd HAn.’>0,

' fhw 1A yTyg AlSAbwn.’>0,

’10nh yxr$ Eynyh.’>0,

’wyqrsh bgswp.’>0,

’wkAnt Om sEyd tSbr Elyh whw ynT wySrx.’>0,
’1A Oryd On OstHm.’>0,

’1A Oryd 1A Oryd.’>0,

’"wAlAn Erf Onh 1A x1AS mn AlAstHmAm.’>0,

"bEd On lwv wjhh wydyh wmlAbsh bAlwH1.’>0,

’dxl I1Y AlHmAm wrAH yHdv nfsh.’>0,

’lw knt HSAnA SgyrA OnT wOlEb Hyv OS$AQ.’>0,
'OnAm fwq AlwHl AlTry.’>0,

’0jry bsrEp kbyrp.’>0,

’0gDm AlES$b AlgD.’>0,

"1A tibrny Omy E1Y AlAstHmAm.’>0,

" f1A ydxl AlSAbwn fy Eyny.’>0,

’1lkn 1A.’>0,

’1A 1A Oryd On Okwn HSAnA.’>0,

’fA1HSAn AlSgyr sykbr.’>0,

'wsyjr Erbp.’>0,

’wyHml AlOvgAl.’>0,

’lqd rOyt HSAnA yjr Erbp AlmAzwt.’>0,

’wAlrjl yDrbh bAlswT bgswp.’>0,

’OnA 1A OHb On yDrbny OHd.’>0,

1w knt k1bA SgyrA.’>0,
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"1A.'>0,

"1A.">0,

"1A Oryd On Okwn klbA.’>0,

"bED AlOwlAd yE*bwn AlklAb AlSgyrp.’>0,
’y$dwnhA mn A*AnhA.’>0,

"wyjrwnhA mn O*nAbhA.’>0,

"lgd $Ahdt klbA JA}EA yOkl mn ALfDIAt Almrmyp fy mjmE AlgmAmp.’>0,
/Oryd On Okwn nmrA quwyA 1A OxAf mn Sy@.’>0,
"1A.">0,

"1A.">0,

"1A Oryd.’>0,

"rOyt nmrA mHbwsA fy gfS fy Hdygp AlHywAn.’>0,
"gAl ly Oby.’>0,

"lgd ASTAdh rjl gwy wwDEh fy h*h AlHdygp.’>0,
’ymkn On yTlg Ely OHd AlSyAdyn AlnAr fOmwt.’>0,
’1A Oryd On Omwt 1A Oryd.’>0,

’dxlt AlOm wsEyd mAyzAl wAqfA yHdv nfsh.’>0,
’wkAnt qd smEt k1 mAnTq bh mn* AlbdAyp.’>0,
"gAlt.’>0,

'mAbk Oalamo txlE mlAbsk bEd yA HSAny AlSgyr.’>0,
"HAIA.'>0,

"HAIA yA mAmA.’>0,

’lkny OxAf AlSAbwn.’>0,

’Inh ykwy Eyny.’>0,

’gAlt AlOm m$jEp.’>0,

"1A txf.’>0,

"hyA OgmD Eynyk wtSwr nfsk HSAnA SgyrA 1TyfA.’>0,
'Ow jrwA mh*bA.’>0,

"1kn IyAk On ttSwr nfsk nmrA *A mxAlb Twylp wHAdp txb} AlOwsAx tHthA.’>0,
'wtxyf rfAgk bhA.’>0,

! fynfDwn Enk.’>0,

'x1E sEyd mlAbsh.’>0,

'wOgmD Eynyh bsrEp.’>0,

’rOY nfsh HSAnA SgyrA yjry bsrEp.’>0,

’vm jrwA ylHs blsAnh yd Omh.’>0,

"bynmA kAnt AlOm gd gmrt jsdh AlTry brgwp AlSAbwn kAn sEyd yrgb On yrY nfsh nmrA.’>0,
’wHyn hama btglyd Swt Alnmr.’>0,

’ftH fmh wEynyh.’>0,

"w$d OSAbE ydyh.’>0,

'Srx bSwt gqwy mn 1*E AlSAbwn.’>0,

'wOTbg Eynyh bqwp.’>0,

'DHkt AlOm wgd qdrt mAxTr lsEyd.’>0,

’fqAlt bEd IzAlp AlSAbwn bAlmA@ AlfAtr.’>0,

"hl rOyt nfsk nmrA.’>0,

’Smt wlm yjb.’>0,

’vm ftH Eynyh.’>0,

" frkhmA jydA.’>0,

'kAn AlmA@ mnESA.’>0,

’sr sEyd wOx* ylEb bAImA@ wtmnY On yxrj IlY AlsAHp lylEb mE rfAgh.’>0,
’wlm yrgb bEd *1k On ykwn gyr sEyd AlInsAn.’>0,
’wtElm kyf 1A yxAf mn AlSAbwn.’>0,

'AlbTp *At AlEjlAt.’>0,

’Alklb *A A1SEr AlTwyl wAldb SAHb mETf Alfrw.’>0,
"wAlsayArp AlHmrA@ wAlbyAnw AlSgyr.’>0,

’gAl n$wAn 10lEAbh.’>0,

'AlAn.’ >0,

’nHn OSdgA€.’>0,

’ sOElmkm AlrgSa.’>0,

’vm nHtfl bSdAgtnA.’>0,

"gAlt AlbTp *At ALEjlAt.’>0,

"OnA bTp 1A OErf gyr AlsbAHp.’>0,

"wlA OHbu gyrhA.’>0,

"gAl n$wAn.’>0,

‘wh*h AlEjlAt.’>0,

'mA*A tEmlyn bhA.’>0,

"gAlt AlbTp.’>0,

’OsAbg bhA rfygAty.’>0,

'SAH Alklb *w AlSEr AlgSyr.’>0,

’wOnA Ojls hnA.’>0,

’OHrs OSdgA}y.’>0,

'wlA Otgn gyr *1k.’>0,

"hz Aldb mETafhu Alvqyl gA}1A.’>0,



157

’wOnA 1A Otrk mETfy Alvgyl.’>0,

'OxAf Albrd kvyrA.’>0,

’rbmA OSAb bAlzkAm.’>0,

’0Tlgt AlsyArp AlHmrA@ SwtA TwylA mn mzmArhA.’>0,
’wOnA jAhzp 1ITfA@ AlHrA}q.’>0,

’OmA AlbyAnw AlSgyr fqd z1 SAmtA.’>0,

"gAl n$wAn.’>0,

‘wont yA SAHb AlSwt Aljmyl.’>0,

"mA*A tqul.’>0,

"wlm yql AlbyAnw AlSgyr $y}A.’>0,

’dh$ n$wAn mn Smt AlbyAnw.’>0,

’lknh srEAn mA 1AHZ mTrgtyn Sgyrtyn jAnb AlbyAnw.’>0,
70x*hmA n$wAn wTrq bhmA TrgA xfyfA fwg SfA}H AlbyAnw AlSgyr fAnbvgt OngAm E*bp.’>0,
'rgS Aldb wAlklb wrqgSt AlbTp.’>0,

’1kn AlsyArp rAgbt sEAdp 0SdgA}hA bsrwr.’>0,

“dwn On tTlg Swt mzmArhA wbqy n$wAn yEzf OLHAnA jmylp tbEv fy Alnfs AlfrH.’>0,
’w*At lylp 1lm tstTE On tnAm.’>0,

'wbqgyt JjAlsp fy sryrhA.’>0,

’kAn OxwthA ynAmwn I1Y jAnbhA.’>0,

'nZrt IlyhA bwd wfy nfshA tsA&l En Alnwm wsrh.’>0,
’1mA*A ynAm AlnAs.’>0,

’0lA ystTyE Almr@ On ybqY mstyqzA.’>0,

'nZrt mn AlnAf*p.’>0,

"kAn Algmr yskb Dw@A rA}EA.’>0,

"ghlt.’ >0,

"1mA*A yshr Algmr k1 AllyAly.’>0,

'wlmA Im tjd OHdA mstyqZA fy mvl h*h AlsAEp.’>0,
’0zAHt AlgTA@ EnhA.’>0,

'bhdwl wgAdrt Algrfp.’>0,

’fqd $Ert OnhA bHAjp IlY glyl mn AlmA@.’>0,
"tsllt E1Y r&ws OSAbE gdmyhA.’>0,

"HtY 1A tzEj OHdA.’>0,

’1knhA dh$t Hyn wjdt OmhA jAlsp tnsj AlSwf.’>0,
’f£sO1thA.’ >0,

'mAmA.’ >0,

’1mA*A Ilm tnAmy bEd.’>0,

’gAlt AlOm.’>0,

’$Ert Onny 1A OstTyE Alnwm.’>0,

’fjlst 10kml h*h Alknzp.’>0,

’EAdt Ebyr IlY frAS$hA wbdOt tklm nfshA.’>0,
'Algmr yshr.’>0,

"yskb Dweh lyr$d AlnAs fy Aldrwb AlbEydp.’>0,
’wyslyhm lynswA tEbhm.’>0,

’Omy tshr ltnsj AlSwf wtmnHnA Aldf@.’>0,

’wOnA Oshr wHydp Ofkr fy h*h AlHyAp Aljmylp.’>0,
'nAmt Ebyr fy sAEp mtOxrp.’>0,

’nAmt nwmA EmygA wHlmt OHlAmA jmylp.’>0,

'wfy AlSabAH jAQt AlOm wmsHt bydhA AllTyfp wjha Ebyr.’>0,
" ftHt Ebyr EynyhA.’>0,

"kAnt OmuhA tbtsm l1hA wtdEwhA lttnAwl AlfTwr.’>0,
' fAlwgt ymr bsrEp.’>0,

'nhDt Ebyr.’>0,

'nZrt mn AlnAf*p.’>0,

'kAnt Algywm tgTy wjh AlsmA@.’>0,

’ybdw On Al$tA@ yTrq AlObwAb.’>0,

"t*krt lylp AlbArHp.’>0,

'AlsmA@ AlSAfyp bnjwmhA AllAmEp.’>0,

’wgqmrhA AlwAsE Almnyr.’>0,

’gAlt AlOm.’>0,

'AlTgs tgyr bsrEp.’>0,

’Inh ymyl IlY Albrwdp.’>0,

"1A txrjy gbl On trtdy knztk Aljdydp.’>0,

'Erft Ebyr On OmhA shrt Allylp AlmADyp mn Ojl InjAz h*h Alknzp.’>0,
"km kAnt Alknzp jmylp.’>0,

’1bst Ebyr knzthA Aljdydp.’>0,

'nzrt fy AlmrAp.’>0,

"Abtsmt wtmtmt.’>0,

’km Ont jmylp yA knzty.’>0,

’1knhA 1m tns On tS$kr OmhA.’>0,

’0$rqg wjh AlOm why trY AbnthA trtdy Alknzp.’>0,
'wfy Almdrsp bdA AltlAmy* yzhwn bmlAbshm AlSwfyp Aljdydp.’>0,
’Im tql Ebyr h*h Almrp.’>0,
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’km Ont jmylp yA knzty.’>0,

bl gAlt.’>0,

’km hy jmylp Oydy AlOmhAt Alty HAkt h*h AlknzAt.’>0,
’wOdrkt On k1 AlOmhAt yshrn mE Algmr ySnEn $y}A jmylA.’>0,
'kAnt ndY tnZmu wgthA fy OyAm AlET1.’>0,

’tHDr wAjbAthA Almdrsyp.’>0,

’wtsAEd OmhA fy bED AIOEmAl AlbsyTp.’>0,

'vm t1lEb glylA mn Alwqgt.’>0,

’fy OHd AlOyAm nsyt On tHfZ drwshA.’>0,

"wtktb wZA}£hA.’>0,

'wrAHt tlEb mE gThA f1f1.’>0,

'wfy Alywm AltAly sOlt AlmElmp ndY En wZyfthA.’>0,

'wgft ndY xjlp wgAlt.’>0,

'nsyt On OktbhA.’>0,

"gAlt AlmElmp.’>0,

"hl yrDyk On thmly wAjbk yA ndY.’>0,

’Smtt ndY wlm tjb.’>0,

’wEndmA EAdt IlY Albyt kAnt Hzynp.’>0,

’tnAwlt TEAmhA wjlst tqrO drwshA bSmt.’>0,

'Agtrb mnhA f1fl whw ymw@.’>0,

’gAlt ndY 1f1£1.7>0,

’A*hbo wAbHvo En krp tlhw bhA.’>0,

’OmA OnA fOryd On OqrO 10SbH mjthdp wtHbny mElmty.’>0,
"Hzn f1£1.7>0,

'wAnzwY bEydA yfkr.’>0,

" 1mA*A Trdtny ndY.’>0,

'werf Onh yjb Ono ytrkhA bED Alwqgt.’>0,

"1tktb bwZA}fhA.’>0,

'wElyh On yEml hw OyDA.’>0,

’wmn* *lk Alywm tElm f1f1l OlA ytrk AlHSrAt AlDArp wAlf}rAn Alm&*yp thrb mn mxAlbh OmA ndY fkAnt tmsH $Erh AlnAEm brfq.’>0,
’wtHmlh I1Y AlHdygp.’>0,

"x1Al AstrAHthA.’>0,

'wt1lEb mEh bsrwr.’>0,

'wEdp OsrAb mn AlfrA$ AllTyf.’>0,

’kAnt JjmAEAt AlOzhAr wAlwrd tstmE 1HkAyAt AlfraA$.’>0,
'wtn$r ETrhA tEbyrA En frHthA bSdAqp AlfrA$ wHyn y$td AlHr.’>0,
"kAnt AlfrAS$At tTyr wtHT.’>0,

’trfrf bOjnHthA.’>0,

Tt1TE Aljw.’>0,

’1txff mn gsAwp AlHr En 0SdgA}hA.’>0,

"wI*A JAG Allyl.’>0,

'wtEbt ALfrA$At tnAm fy OHDAn Alwrd wAlOzhAr bhdw@ mE yrgAthA AlSgyrAt.’>0,
’*At ywm tErD Hql mjAwr lHryg.’>0,

'wAmtd Allhb I1Y Hgl AlOSdgA@.’>0,

"bsrEp smE AljmyE xbr AlHryq.’>0,

"OsrEt OsrAb AlfrAS.’>0,

'w$klt HAjzA mn OjsAdhA lHmAyp AlOSdgA@.’>0,

'kAn Allhb ylfH wjh Alwrd wAlOzhAr wAlESb.’>0,

'BHtrq kvyr mn AlfrA$ gbl On ytlA$Y Allhb.’>0,

’wynTf} AlHryq OmA Alwrd wAlOzhAr.’>0,

' fqd AHtDnt AlyrgAt AlSgyrAt HtY OSbHn frASA ymlO AlHgql sEAdp wjmAlA.’>0,
’dxl AlmElmu IlY AlSaf £jOp.’>0,

’Smt AljmyE wsAd hdw@ tAm.’>0,

"kAn wAJjmA wbdt E1AmAt AlgDb wAlAnzEAj E1Y wjhh.’>0,

'nzr fy wjwh AltlAmy* wAHdA wAHdA wkOnh ybHv En $y@ ODAEh.’>0,
"tnfs bEmq wgAl bSwt y$bh Alhms.’>0,

’lqd ET1wA AldrAsp

fhm AljmyE On AlIsrA}ylyyn OmrwA bIglAgq Almdrsp.’>0,

"wbEd 1HZAt gAl bSwt wADH wqwy.’>0,

’sntAbE Aldrws fy Albywt

wgf wlyd wgAl.’>0,

’1dynA grfp kbyrp.’>0,

’sOT1lb mn Oby On ysmH 1nA bOn ndrs fyhA.’>0,

"xrj AltlAmy* mn AlSfwf.’>0,

'vm gAdrwA bhw Almdrsp kAn jnwd AlEdw yml&wn AlSArE Alr} ysy.’>0,
'wEnd mdAxl AlOzqgp AlmtgATEp mE h*A AlSArE.’>0,

’kAnt bED AlOmhAt yntZrn OTfAlhn.’>0,

’1m ytwjh AlOwlAd I1Y mnAzlhm.’>0,

'bl twzEwA IlY mjmwEAt.’>0,

"kl mjmwEp Atjht IlY zqAq frEy mtslHyn bAlHjArp wAlmgAlE wAlzjAjAt.’>0,
‘mn Oyn zhrt k1 h*h AlOS$yA@.’>0,

’1qgd kAnwA yxfwnhA fy mHAfZhm.’>0,
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'wtHt AlvyAb.’>0,

‘mr OHdu AlmElmyn wrOY mA yHdv.’>0,

’Omra AlOTfAl AlSgAr.’>0,

"A*hbwA I1Y Albyt OyhA AlSgAr

rda Tf1.’>0,

'nHn kbAr

Abtsm AlmElm wtAbE Trygh.’>0,

"kAn yErf On mErkp stHdv wkAn msrwrA.’>0,

’jdty AsmhA AlHAjp Amnp.’>0,

'kl AlnAs fy jbAlyA yErfwnhA.’>0,

'why tErf k1l OhAly jbAlyA.’>0,

’jdty AlHAjp Amnp tHb k1 AlnAs fy jbAlyA.’>0,

’whm yHbwnhA.’>0,

"kl AlSbAb wAlOTfAl.’>0,

’wHtY AlrjAl ynAdwnhA.’>0,

’jdty 1OnhA sAEdt OmhAthm fy OvnA@ wlAdthm.’>0,

'why Owl mano Hamala OjsAdhm AlSgyrp fy Owl 1HZp mino HyAthm.’>0,
'why Owl mano tTlg zgrwdpa frH.’>0,

’wdA}mA nrAhA mbtsmp lm tbki mrp fy HyAthA fhy tzgrd End AlwlAdp 10n gAdmA jdydA H1 fy jbAlyA ftqwl.’>0,
’AlHmd Allh zAd EddnA wAHdA.’>0,

’wtzgrd EndmA ymwt wAHd mn Almxym $hydA mn Ojl AlwTn ftqwl.’>0,
’AlHmd 11h.’>0,

’1lgd SEd wAHd mnA I1Y AlsmA@ wI*A sOlhA OHdu AlOwlAd.’>0,

'mA*A yfEl Al$hyd fy AlsmA@ yA jdty.’>0,

"tqwl 1h.’>0,

’AnZr IlY h*h Alnjwm Alkvyrp.’>0,

’InhA OrwAH Al$hdA@ tDy@ 1nA OyAmnA.’>0,

’qlt 1hA *At ywm.’>0,

’Oryd On OSEd IlY hnAk 10SbH njmA.’>0,

'mA*A OEml.’>0,

‘nZrt Ily wkAnt tSnE mn AlxyTAn mqlAEA.’>0,

"qAlt.’>0,

"h*A mqlAE sOdrbk kyf tDrb bh mn srq OrDnA wqgtl ObAk

qlt.”>0,

'hl SEda Oby IlY Alnjwm.’>0,

"hzt rOshA gA}lp.’>0,

"nEm.’ >0,

’kAnt ydAhA tEmlAn bn$AT wmhArp.’>0,

’lqgd Onht AlmglAE.’>0,

"kAn jmylA fqd rsmt bAlxywT Almlwnp AlEIm AlwTny.’>0,

"knt Orgb On tETyny h*A AlmglAE 10Drb bh jnwd AlEdw.’>0,

’1lkn ybdw OnhA wEdt IHdY Alfrq AlDArbp bEdd mn h*A AlslAH.’>0,
"fqd sHot mn tHt AlfirA$ EddA kbyrA mn AlmgAlyE Alty HAkthA.’>0,
’xbOthA fy SdrhA wxrjt bsrEp gdA sylby OhAly jbAlyA ndA@ AlAntfADp bAlIDrAb AlEAm.’>0,
’wsySEd bEDhm I1Y AlsmA@ wstzgrd jdty.’>0,

'nZrt AlHAjp Amnp I1lY Swr ObnA}hA AlvlAv mElgp fy Sdr Albyt wgAlt.’>0,
’AlHmd 1lh Al*y $rfny bAst$hAdhm@  kAn Tfl Sgyr ynAm fwg Alsryr Alkbyr.’>0,
'wgd lufa jsdh bAlkwfyp AlflsTynyp.’>0,

/Inh Abn wldhA Hsn Al*y Ast$hd gbl wlAdp Tflh bvlAvp OyAm.’>0,
’Osmth Aljdp Amnp Hsn wgAlt HynhA.’>0,

'AlHmd Allh

lqgd EAd Hsn.’>0,

'Aqtrbt Aljdp Amnp mn HfydhA Aljdyd wELY wjhhA AbtsAmp Jjmylp.’>0,
’gAlt bSwt hAms.’>0,

'nmo yAHbyby nmo lqd shr Obwk lynAm AlOTfAl namo yA Hbyby stkbr wtshr mvl Obyk.’>0,
‘nmo hnAk mn yshr AlAn mn Ojlk.’>0,

’stnhD ywmA Hyn t$rq $ms AlwTn.’>0,

’wtkwn kbyrA OmA OnA fsO*hb AlAn.’>0,

'rbmA 1n OrjE.’>0,

’stkbr wtgny blAdy.’>0,

’blAdy.’ >0,

’xrjt Aljdp Amnp bEd On Oxft $y}A fy SdrhA wkAn Hsn ynAm bhdw@.’>0,
’jls nSwAn.’>0,

’jAnb AlnAf*p Almglgp.’>0,

’y1lEb bOlEAbh.’>0,

"Inh 1A ystTyE Alxrwj I1lY AlS$ArE.’>0,

' fAImTr yhTl fy AlxArj.’>0,

’Rkt$fa n$wAnu $y}A OEjbhu.’>0,

’Rkt$fa Swt HbAt AlmTr AlmtsAqTp brtAbp wkOnhA tgny.’>0,

’wrAH yuSgy bfrH IlY hsys AlmA@ AlmnsAb mn AlOsTHp OyDA.’>0,

"£3j0p qTEt Elyh OSwAt qwyp ISgAGahu.’>0,

’wkAnt gyr mOlwfp 1ln$wAn.’>0,
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" £xAf wrkD IlY AlmTbx Hyv kAnt Omuhu tHDr AlTEAm.’>0,
"wSAH.'>0,

'mAmA.’ >0,

'mAmA.’ >0,

'mAh*h R10OSwAt Algwyp.’>0,

"OnA xA}f.’>0,

’1kn AbtsAmpa Omih hdaOt mn xwfh wADTrAbh

1A txf yAbny.’>0,

"h*h OSwAt AlrEd.’>0,

"mAhw AlrEd.’>0,

'AlrEd OSwAtu Algywm fy AlsmA@.’>0,

"wlmA*A tSrx Algywm bOSwAt mxyfp.’>0,

"hl tt$Ajr Algywmu yA Omy.’>0,

nEm.’ >0,

’InhA tt$Ajr glylA.’>0,

’wlknhA txjl mn tSrfhA ftSmt wtnzl mTrA.’>0,
"mAma.’ >0,

’hl AlmTr hw dmwE AlgymAt.’>0,

'ThEA Inh dmwE AlgymAt *rfthA ndmA E1Y AlS$jAr.’>0,
'mAmA mn Oyn tOty AlgymAt.’>0,

'mn AlbHr yA bny.’>0,

'EAd n$wAn I1Y jAnb AlnAf*p.’>0,

'wOSgY TwylA I1Y HbAt AlmTr.’>0,

'why trqS E1Y AlsTwH.’>0,

"wfy ALSArE.’>0,

'wkAn ysmE.’>0,

" OHyAnA.’ >0,

!Swt Alrkd.’>0,

/fyDHk 1Onh yErf On AlgymAt tt$Ajr glylA.’>0,
'wOn dmwEhA tsqy AlOrD wAlOzhAr wAlESAfyr.’>0,
’*At mrp HAwlt On Omsk ESfwrA HyA.’>0,

71j0t IlY AlHylp kmA yfEl k1 AlOwlAd.’>0,

" jhztu Hfrp tsE ESfwrA kbyrA.’>0,

'wOHDrt gTEp mn AlSxr E1Y $k1 rgAgp.’>0,

’vm OsndthA bAlEydAn b$kl mnAsb.’>0,

’wlm Onsa Ono Ovbt dwdp Hyp mn dydAn AlOrD.’>0,
vm mkvt.’>0,

"dwn HrAk.’>0,

'bEydA En AlHfrp.’>0,

’OrAgb AIESAfyr trwHu wtjy@u.’>0,

'tHT hnA.’>0,

"tnTu hnAk bAHvp En TEAmhA wTEAm OwlAdhA.’>0,
"wlm OT1li Almkwv.’>0,

/10n ESfwrA JA}EA.’>0,

"kAn gd $Ahd dwdp AlOrD ttHrku dAxl AlHfrp.’>0,
" fAngDa E1Y Aldwdp.’>0,

'wlm ydri Onh wqgE fy Alfx.’>0,

’I* OTbgt Elyh rgAgp AlSxr wHbsth fy AlHfrp.’>0,
’tsArEt dgAt glby Hyn $Ahdtu AlESfwr ygE fy AlmSydp Alty rtbthA lh.
'wOsrEt Ilyh.’>0,

1m Okno frHA.’>0,

bl kntu mDTrbA.’>0,

"XA}EA.7>0,

’1A OErf 1mA*A.’>0,

'txylt nfsy ESfwrA wgE fy mSydp.’>0,

'wlA ystTyE Alxrwj mnhA.’>0,

’smEtu DrbAti jnAHy AlESfwr dAxla AlHfrp.’>0,
"kAnt ydAy trtjfAn Hyn bdOtu Emlyp AlgbD E1Y AlESfwr.’>0,
'b*1ltu jhdA HtY 1A yflt mny.’>0,

"knt Oryd On yrY rfAqy AlESfwr fy ydy.’>0,
’10vbt lhm Onny SyAd mAhr mvl Oy wAHd mnhm.’>0,
"Hfrt Hfrp Sgyrp jAnb AlHfrp Alkbyrp.’>0,
'wOdx1lt ydy.’>0,

'bl tsllt OSAbE kfy AlSgyrp bxwf kbyr.’>0,
’wkOnny sOgbD ElY jmrAt mn nAr.’>0,

"hAhy OSAbEy tlAms Alry$ AlnAEm.’>0,

"bdO AlESfwr ydwr.’>0,

’yhrb mn OSAbEy.’>0,

'why tlAHgh.’>0,

"HtY Omskt bh.’>0,

’1m ystslm AlESfwr.’>0,

"kAn yntfD bqwp.’>0,

v
=3
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' fOHTth bkltA ydy wSrxt bSwt EAL.’>0,

"ESfwr.’>0,

"ESfwr.’>0,

’lqd ASTdt ESfwrA.’>0,

’1m ysmEny OHd.’>0,

'bdOt Odwr fy mkAny wAlESfwr ytxbT byn ydy AlmHkmtyn Elyh.’>0,
’kAnt AlESAfyr AlOxrY tTyr mn $jrp I1Y OxrY tgfz fwg AlOrD.’>0,
"tft$ En g*A}hA.’>0,

’HynhA $Ertu Onny fEltu $y}A bS$SEA.’>0,

' fArtjfto ydAy bSdp.’>0,

'wArtxto OSAbEy.’>0,

'wrOyt ESfwry ymDy kshm fy AlfDAEG.’>0,

'mAzlt O*kr *1lk klmA rOyt ESfwrA fOhms h*A hw ESfwry.’>0,
"kAn frAs ynAmu bEmg Hyn gAdrt Omh Albyt.’>0,

’1t$try ALHAjAt AlDrwryp.’>0,

'kEAdthA k1 ywm.’>0,

'wtEwd gbl On ystyqZz.’>0,

’1kn frAs Ilmo yTli Alnwm h*A AlSbAH.’>0,

’fqd AstyqZ bEd Ono gAdrto Omh bglyl.’>0,

'nzr fy OrjA@ Algrfp flm yjdo OHJA.’>0,

'frk Eynyh.’>0,

'OnSta qlylA.’>0,

’rbmA ysmE OSwAt AlOTbAq Alty tgslhA Omuh k1 SbAH.’>0,
’lkn 1A Swt yOty mn nAHyp AlmTbx.’>0,

’HtY AlqT Al*y ylEb mEh k1 ywm gyr mwjwd.’>0,

"SAH frAs.’>0,

'mAmA.’ >0,

'mAmA lknh 1m ysmEo jwAbA.’>0,

’nAdY bSwt OqwY.’>0,

’1lknh lmo ysmEo OHdA yrd Elyh.’>0,

" fbd0 ybky bSwt gwy ltsmEh Omuh.’>0,

"dAr fy Algrfp.’>0,

’wkOnh ybHv En $y@ ODAEh.’>0,

’£3j0p $Ahd Swrth fy AlmrAp Alkbyrp Almwjwdp OmAm AlxzAnp.’>0,
’$Ahd Swrth tbky mvlh.’>0,

’dh$ mn wjiwd wld fy AlmrAp.’>0,

' ftwqf En AlbkAQ.’>0,

’wAqtrb mn AlmrAp.’>0,

'wgAl 1lwld Al*y fy AlmrAp.’>0,

"hl trktk Omuk mvly.’>0,

’$Ahd kyf tHrkt $ftA Alwld fy AlmrAp.’>0,

’lknh Imo ysmEo Swth.’>0,

" fEAd yqwl 1h.’>0,

’hl ODEt Swtk.’>0,

'wlm tjdoh.’>0,

’wkAn yrY $fty Alwld ttHrkAn fy k1l mrp yHdvh.’>0,
'nsy frAs gyAba Oumih.’>0,

"wrAH yHdv Tfla AlmrAp wkAn ALTfl yHdvh dwn Swt.’>0,
’wklmA Agtrb mn AlmrAp.’>0,

"kAn yS$Ahd Tfl AlmrAp yqtrb mnh Okvr.’>0,

’wHyn wDE kfah E1Y wjh AlmrAp.’>0,

'kAn Alwld yDE kfh fwq kf frAs OyDA.’>0,

'wI*A DHk frAs kAn Alwld fy AlmrAp yDHk OyDA.’>0,
’EAdt AlOm mn Alswq.’>0,

’daxalato bhdw@ HtY 1A twqgZ AbnhA.’>0,

’fqd Znt Onh mAzAl ygTa fy nwm Emyq.’>0,

’wmA Ino dxlto HtY smEto Swt frAs wDHkAth wkOnh yHdvu OHdA mA.’>0,
'wAEtgdto On ObAh gd EAd 10mr mA fwjdh mstyqzZA.’>0,
’1knhA fwjlt EndmA rOt AbnhA ylAEb Swrth fy AlmrAp.’>0,
"wyDHk fgAlt.’>0,

"hA OnA qd Edt.’>0,

"tEAl wAnZr mA*A OHDrt 1lk.’>0,

"fgAl frAs dwn On yltft.’>0,

’lys AlAn.’>0,

’OnA OlEb mE Sdyqy.’>0,

’Aktfti AlOmu bAbtsAmp jmylp.’>0,

’trktohu ylEbu mE Swrthi w*hbto I1Y OEmAlhA.’>0,
’wykrr nSyHth Alty HfZnAhA En Zhr glb.’>0,

’AStrwA O$yA@ mfydp.’>0,

’wkAn k1 mnA ysEd jdA EndmA yDE Alngwd fy jybh.’>0,
"wyrsm fy *hnh mgAmrp Sgyrp tnAsb gymp h*h AIQTE.’>0,
’s0$try AlTbASyr Almlwnp.’>0,
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’wOqdmhA 1lmElmp.’>0,

’s0$try SHnA mn Alfwl mn Oby mHmwd.’>0,

’1kn Oxy wA}1li kAn ysrE I1Y Almktbp Alx$byp.’>0,

’Alty wDE.’>0,

'ELY 0sfl rf mnhA.’>0,

"HSAlth Alty OhdthA Ilyh OmunA.’>0,

’fnsmE Swt AlqTE Alngdyp AlmEdnyp AlmtsAqTp fy AlHSAlp.’>0,
’wkAn h*A yvyrny HqA.’>0,

'wOtsA@l.’>0,

’lima ystTyE wA}1 AlSgyr Ono ywfr ngwdh.’>0,

’wlA tgryh bAlS$rA@ mn dkAn AlbgAl.’>0,

"wkvyrA mA $Ertu bAlHsd wAlIEjAb bgdrth E1Y AlSbr btwfyr xrjyth bynmA.’>0,
"nHn AlkbAr.’>0,

"1A nstTyE mgAwmp IgrA@ AlHlwY All*y*p.’>0,

'wAlOSyA@ Aljmylp Alty tlmEu x1fa zjAj AlmEArD AltjAryp.’>0,
'wgrrtu mrp Ono O$try HSAlp wqlt fy nfsy.’>0,

’sODEu fyhA kla mA OHSlu Elyh mn nqwd mno Oby wOmy wjdty.’>0,
'wlknny Ilm OstTEo $rA@ AlHSAlp.’>0,

’fqd tbxrt ngwdy gbl On Odxl bAHp Almdrsp.’>0,

710n AlbxAr AlmtSAEd mn Erbp AlEm Oby mHmwd.’>0,

"bA}E Alfwl Hrk Alrgbp dAxly.’>0,

'On Ot*wq TEm Alfwl mE AlHmD.’>0,

'w$Ert bAlndm wlkn bEd fwAt AlOwAn.’>0,

"w$glny *1k kvyrd.’>0,

"HtY Ony $rdtu OvnA@ $rH Aldrs wnbhny AlmElm.’>0,

'mAlka yArbyE.’>0,

'hl t$Eru bSy@.’>0,

'mA*A y$glu *hnk h*A Alywm.’>0,

'wSErtu bxjl $dyd.’>0,

'wHsbt On kl zmlA}y ynZrwn Ily.’>0,

'wfy Albyt glt 1Omy.’>0,

"mAmA.’ >0,

’Oryd HSAlp kHSAlp wA}l.’>0,

’1AHZt Omy ElAmAt AlAnzEAj bAdyp E1Y wjhy fgAlt.’>0,

"hl h*A mA y$gl bAlk wyzEjk.’>0,

"qlt.’>0,

"sOHAwWl On Owfr mvl wA}l.’>0,

’Abtsmt Omy qA}lp.’>0,

"1A tqlgo.’>0,

"sykwn lk HSAlp h*A Alywm wgbl mgyb AlS$ms.’>0,

'FE1A. >0,

’1lgd brto Omy bwEdhA.’>0,

"wAStrto ly HSAlp t$bh HSAlp wA}l.’>0,

’1knhA txtlf bAllwn.’>0,

’Hmltu AlHSAlp bydyn mrtE$tyn.’>0,

’wkOny OHml knzA.’>0,

'wdArt fy *hny OHlAm kvyrp.’>0,

’stmtl} HSAlty bAlnqwd.’>0,

'wsOStry mA O$thy mn ALOLEAb wAlHIwY.’>0,

’sO$Ark fy AlrHlp Almdrsyp dwn On Oklf Oby dfE Almblg AlmTlwb.’>0,
’sOS1H drAjty AImETlp.’>0,

'wOlEb bhA fy OwgAt frAgy.’>0,

'wtwAlti A1OfkAr wAlOHlAm.’>0,

’kAnt Omy trAgbu AnfEAlAty AlbAdyp E1Y wjhy wAlAbtsAmp tDy@ wjhhA.’>0,
"gAlt why tETyny Edp qTE mn Alngwd AlmEdnyp.’>0,

'DEo h*h Alnqwd fy HSAltk Aljdydp.’>0,

'wHAwlo On tDyf IlyhA k1l SbAH.’>0,

’0sqTt AlqTE Alngdyp dAx1 HSAlty qTEp qTEp bynmA kAnt tdwr Swr kvyrp fy mxylty.’>0,
"drAjty Alty tntZr ALIS1AH.’>0,

'AlrHlp Almdrsyp.’>0,

"Erbp Alfwl wAlbxAr AlmtSAEd mnhA.’>0,

'AlgSS AlmSwrp fy wAjhp Almktbp Algrybp mn bytnA.’>0,
’Axt1Tt k1 h*h AlSwr wOnA ODE HSAlty Aljdydp I1Y jAnb HSAlp Oxy wA}l.’>0,
"mA*A ygwl AlbHr

wqft SbA E1Y $AT} AlbHr.’>0,

'nZrt I1Y AlbEyd Hyv yltqy AlbHr bxT AlOfg.’>0,

"kAn AlmnZr mdh$A Hrkt EynyhA fy jmyE AljhAt rOt zwrgA bEydA.’>0,
'kAn ybdw SgyrA jdA.’>0,

’tmnt fy nfshA lw OnhA trkb h*A Alzwrqg.’>0,

’wtjwb OnHA@ AlbHr AlrHb.’>0,

’wt*krt OnhA 1lm ttElm AlsbAHp bEd.’>0,

'fI*A sqTt fy AImA@ mA*A yjry lhA.’>0,
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’1Amst mwjp gdmy SbA b1Tf.’>0,

’wjElthA tntbh mn $rwdhA.’>0,

'wjlst ky trAgb md Almwj wjzrh.’>0,

’Aqtrbt Okvr Hyv t1TmhA AlmwjAt AlmtlAHgp.’>0,

’0dh$hA hsys Almwj fwq Alrml fy tqdmh wtrAjEh.’>0,
"wtsARLt.’>0,

'mA*A yqwl AlbHr 1lrml.’>0,

'wmA*A yqwl Alrml 1h.’>0,

’wxTr 1hA On tktb AsmhA fy dftr AL$AT}.’>0,

"ktbt SbA jAGt yd AlbHr wmHthA.’>0,

’OEAdt SbA AlktAbp.’>0,

’Amtdto ydu AlbHr mrp OxrY wmHthA.’>0,

"1Ebt SbA mE AlbHr TwylA.’>0,

"banato bytA kbyrA mn Alrml.’>0,

'wjElt lh swrA mn Alrml OyDA lkn AlbHr Orsl mwijp kbyrp hdmt 1hA Albyt wAlswr.’>0,
’Ilm tstslm SbA bl OEAdt bnA@ Albyt Alrmly wAlswr OyDA.’>0,
’1kn h*h Almrp.’>0,

’fy mkAn bEyd En yd AlbHr wEndmA Onht bnA@ bythA Alrmly nfDt ydyhA mn AvAr Alrml wgAlt mwihp k1AmhA IlY AlbHr.’>0,
"hyh.’>0,

’1A ymknk hdm byty h*h Almrp kAnt AlOmwAj trkD wtrkD.’>0,
’1knhA 1m tS1 IlY Albyt Al*y bnth SbA.’>0,

"kAnt SbA sEydp lgd 1Ebt mE AlbHr TwylA.’>0,

"kAn OsAmp yqgfz whw ytrnm trllA.’>0,

"trlla.’>0,

"trllA Hyn smE hdyr TA}rp fy AlsmA@.’>0,

'wgqf wrfE rOsh IlY OElY.’>0,

'mHAwWlA On yrY h*h AlTA}rp.’>0,

'wt*kr s&Al mElimh 11tlAmy* fy ALSf.’>0,

'mA*A tHb On tkwn fy Almstgbl.’>0,

’wHynhA fkr OsAmp.’>0,

"hl Ogwl.’>0,

"OHb On Okwn mElmA.’>0,

"Ow 1AEbA ryADyA.’>0,

’t*kr SyAH AltlAmy* OnA OHb On Okwn sA}qg syArp OnA Oryd On Okwn $rTy mrwr.’>0,
"wOnA sOkwn fnAnA.’>0,

'OnA.’">0,

'OnA.’">0,

"kAnt AlTA}rp qd gAbt En Eyny OsAmp wSwt mHrkhA t1A$Y OyDA.’>0,
"1kn mAzAl SdY *1k AlSwt fy *hn OsAmp.’>0,

'SAH OsAmp bSwt EAL.’>0,

'OHb On Okwn TyArA.’>0,

'"wDAE Swth fy AlfDAG mvl Swt AlTA}rp.’>0,

’wbdO xyAlh ySwr lh nfsh TyArA ygwd TA}rp Hrbyp tHmy smA@ AlwTn.’>0,
’vm TyArA yqwd TA}rp zAxrp bAlrkAb.’>0,

"kAn yqf wyrAgb AlsmA@ $Ahd gywmA mtfrgp wbDE HmAmAt tTyr fy srb wAHd.’>0,
"EAd yqfz frHA whw yrdd.’>0,

"trllA.’>0,

"t1A11A.'>0,

"OnA TyAr.’>0,

’OnA TyAr.’>0,

’dh$ AlOwlAd Hyn ElmwA On mAhr symlO slth bAlkrz.’>0,
"£$3r Alkrz 1A yvmr fy ALStAR.’>0,

'gAlt swsn.’>0,

‘mn Oyn stmlO sltk bAlkrz.’>0,

’OSAr mAhr bydh IlY AlsmA@.’>0,

"AnZrwh.’>0,

"h*h $jrp qws qzH tHml krzA kvyrA.’>0,

‘ngr AlOwlAd I1Y Aljhp Alty OSAr IlyhA mAhr.’>0,

"kAn qws gzH bOlwAnh Almmyzp ybdw rA}EA.’>0,

"gAl mjd.’>0,

' fy bstAn qws gzH 0$JjAr tHml brtgAlA nADjA.’>0,

’Sfgto njwd wSAHto bSwt EAL.’>0,

‘mA 0jml h*h AlHbAL Almlwnp.’>0,

’sOxtAr AlHbl AlOSfr 10lEb 1Ebp nTi AlHbl

wgAl mnAr.’>0,

’OnA OrY HglA OxDr.’>0,

’sAx* xrwfy lyrEY wjbp mn AlES$b AlTry.’>0,

'gAlt tymA@.’>0,

’Inh glmy AlOzrq.’>0,

'SEd lylwn AlsmA@.’>0,

’OmA fATmp.’>0,

’fgd t*krt On OmhA Tlbt mnhA On t$try OgrAS nyl 1ltjml Algsyl.’>0,
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" fgAlt.’ >0,

’sOHml Algsyl IlY bHyrp gws gzH Alnylyp.’>0,
’1ySbH Algsyl zAhyA.’>0,

"kAnt Ebyr tnZr IlY gqws qzH mE rfAghA wrfygAthA fgAlt.
’Olmo t$AhdwA OzhAr qws qzH Albnfsjyp.’>0,
"AnZrwhA.’ >0,

'mA OjmlhA.’>0,

"gAl OHdu AlOwlAd.’>0,

’sOrsm qws qzH fy dftry ky 1A OnsAh.’>0,
'wHyn gAb qws gzH Hzn AlOwlAd kvyrA.’>0,
"gAlt swsn.’>0,

"rbmA rkb OwlAd gws gzH Zhr gymp w*hbwA 1yHDrwA 1nA AlhdAyA Aljmylp.’>0,
'wtmnY mjd On yhTl AlmTr bgzArp lysqy AlHgwl wkAnt njwd tqwl 10SdgA}hA.’>0,
'mA Ojml On OHS1 E1Y mndyl 1Ogdmh hdyp 1Omy fy EydhA.’>0,

"wOxyrA qrr AlOwlAd On ylEbwA 1Ebp mfydp.’>0,

"gAl mAhr.’>0,

’tEAlwA yA O0SdgA}y nkwn gws gzH.’>0,

’tjmE AlOwlAd frHyn.’>0,

"qAlt swsn.’>0,

'wkyf *1k.’>0,

"gAl mAhr.’>0,

’OnA Alkrz AlOHmr.’>0,

"gAl mjd.’>0,

'OnA AlbrtgAl.’>0,

’AljmyE yErfny.’>0,

"gAlt njwd.’>0,

’OnA Allymwn AlOSfr.’>0,

"tHtAjwn Ily dA}mA.’>0,

"gAl mnAr.’>0,

’OnA AlES$b AlOxDr.’>0,

r1toti k1 AlxrAf wtrEY.’>0,

’OmA tymA@ fgd Sfgt DAHkp why tqwl.’>0,

’OnA AlbHr yHbny AljmyE.’>0,

’wytmtEwn brzqty AlSAfyp.’>0,

’fy AlSyf OHml AlmrAkb AlSgyrp.’>0,

'wAlsfn Alkbyrp wysbH AlOTfAl fy myAhy mE AlOsmAk Almlwnp.’>0,

’gmzt fATmp bEynhA mbtsmp.’>0,

’sOTyr I1Y AlbHr wOgmr Algsyl fy myAhh AlzrgAG lyktsb zrqgp AlsmA@ AlSAfyp.’>0,
'Zhr qws qzH mrp vAnyp.’>0,

"kAn AlmTr yhT1l mb$rA bETA@At AlHqwl.’>0,

'wkAn AlOwlAd yrgSwn tHt AlmTr.’>0]) :-

set (firstOneOnly),

v
=)

set (softTypes),
unset (justWords),
unset (soft (_, 77)),

set (translationorm) .
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