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Symbols

Abbreviations and symbols used

{} What is inside is an affix
/ /  What is inside is a vowel

() What is inside is optional except those used to indicate cite (source) of documents
used

\ To separate words from their tags

Abbreviations

Neg. Negative

Aff. Affirmative

Def. Definiteness

3rd. 3™ person

sing. Singular

pl. Plural

masc. Masculine

fem. Feminine

Pol. Polite

N Noun in all forms

NP A preposition not separated from a noun

NC A conjunction not separated from a noun

NV Verbal nouns

NB Noun prefixed with bald

\% Verb in all forms except auxiliary, compound and all forms of auxiliary and

compound verbs

AUX Auxiliary verbs and all their other forms

VCO Compound verbs

VP A preposition not separated from noun

vYC A verb prefixed or suffixed by a conjunction

J An adjective

JC A conjunction not separated from an adjective



JNU A numeral used as an adjective

JPN A noun not separated from a preposition and that funetion as an adjective
JP An adjective not separated from a preposion
PREP A preposition

ADV An adverb

ADVC An adverb not separated from a conjunction

C A conjunction

REL Relative clause

ITJ Interjections

AmharicText The original Amharic text
LatAmharicText  Latin version of the original Amharic text
LexicoProb Lexical probabilities matrix

TransProb Transitional probabilities matrix

ManuTaggedText Manually tagged text

TrainingSet Training set
TestSet Test set
Sampledb Sample database
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Abstract

Natural Language processing, as a field of scientific inquiry, plays an important role in
increasing computers capability to understand natural languages. Part of speech (POS)
tagging is one effort in the task of understanding natural language, the language by which

most human knowledge is recorded.

The task of POS tagging is to assign unique part of speech tags to sentences that are presented
as a linear string of words. POS tagging systems, which annotate corpora written in various
languages (e.g. English), are used as components in many applications including phrase

recognition, word sense disambiguation, grammatical function assignments and many others.

Today, taggers of different kinds have been developed for languages, which have relatively
wider use nationally and/or internationally. The same story is not true for Ambharic, the
working language of the Federal Government of Ethiopia, and one of the major languages of
Ethiopia (Bender, 1976) for there are no systems (taggers of any sort) that annotate corpora

written in this language.

This study is, thus, an attempt to develop a simple automatic part of speech tagger for

Ambharic language.

In the study, the Viterbi algorithm was used without any modification. A module for sentence
splitter was also developed in order to facilitate the preparation of texts in a file to be tagged
with appropriate parts of speech. POS tags were also designed on the basis of the review made
regarding the linguistic properties of the Amharic word classes. These tages, in fact, are the

first in their kind for this language.

VI



The study adopts the Stochastic Hidden Markov Model approach to develop a prototype,

which is a simple Amharic tagger for the language.

The thesis, in short, describes processes of automated part of speech tagging from
manually tagging texts to developing a prototype and conducting an experiment
with it. The result obtained using the small manually tagged corpus encourages
further research to be launched, especially with the aim of developing a full-fledged

Ambharic POS tagger.
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CHAPTER ONE
INTRODUCTION
1.1 Background

Natural language is any language that human beings learn from their environment and make
use of it to communicate with each other in their day—to-day activities. As Abiyot (2000)
clearly puts, natural languages are used to express our knowledge and emotions and to convey
our responses to others. English, French, Arabic and Ambharic are all examples of such natural
languages. Each of these languages have structural descriptions'. The structural description of
the Ambharic sentence astimariw lildjo¢¢u misihaf satacaw “The teacher had given a book

to the children” for instance, is shown in the next page.

' See (Culicover,1976; Brill, 1993)



Figure 1.1: An example of Amharic Structural information

Sente
NP VP
Ting
NOUN
ing. P NP \Y%
3rd_sing
NOUN
NOUN SUFFIX PREP NP pl SUFFIX  Sing
sing. 3" Sing 1. INANIMATE v
ANIMATE masc / PERFECT SUFFIX
NOUN 3" pl.
sing
ANITATE
Astimari w i 19 okt u siit adiw
(teacher) (the) (to)  (child) (they) (gave) (them)
astimariw Li1%0&¢u miisChaf satadaw
(the teacher) (the children) (a book) (gave them)

The notations in the figure are coding devices and are used in this chapter to mean the

following.

R



NP  Noun phrase PP Prepositional phrase

VP Verb phrase 3" pl  Third person plural
sing. Singular PREP Preposition
pl Plural \Y% Verb

The figure in 5.1, which is a tree-diagram, shows the structural information contained in the
Amharic sentence mentioned earlier. For instance, the diagram shows that 15jo¢¢ “children”
is the plural form of 18] “child” and that the {-u} “they” and the “Id” “to” are subject suffix
and preposition, respectively, and that the four words 14, 13j, o¢¢ and u form lélgjoc€u “to the

children”, which is a prepositional phrase.

NLP, as a field of study, studies ways on how to increase computer capabilities to process
such structural information contained in the Natural Language (NL). It, in particular, deals
with devising a mechanism (e.g. developing an algorithm) so that they capture the sort of

structural information typified in the example and contained in the natural language

NLP requires Natural Language Understanding (NLU) and modelling the Natural language so
that computer programs that act appropriately on the information contained in the text or
utterance of the language can be developed. Being a sub area of NLP, NLU attempts to
understand a NL. But the problem is that the effort to understand a natural language seems not
to be casy and straightforward. In fact, as Mao (1997) states, NLU is an extremely
complicated problem. The complexity is mainly due to the fact that natural language involves
large number of classes and relationships whose existence is not transparent from the surface

structure” of the natural language. This makes, for instance, difficult the assignment of words

? See (Stockwell, 1997)



to their appropriate classes and also to identify the relation that they have with other words in

the sentence, paragraph or document.

Inflection and derivation are also other reasons that make NLU complex. By attaching
suffixes and prefixes or by adding or removing vowels between consonants, a number of
different forms with different meanings can be formed from a single basic unit. Especially, in
highly inflected semantic Languages like Ambharic (Girmay, 1992), different word forms can
be generated from a single basic unit. The following example shows just a few of the many .

word forms that can be obtained from a single basic unit of the Amharic word géidal “kill”

by simply attaching suffixes and combination of suffixes only.

giddil-ku
giddal-ku-at
giddil-ku-1-at
gadil-at
gadal-u-l-at
gidil- ac¢

gidal- a¢¢-b-acé-w
gidil- a8¢-1-acc-w
gadil-n
gidal-a-m
géadal-u-n
giddél-u-b-n

gidil-u-b- atdiw

“I killed”
“I killed her”
“T killed( sth. or sb.)for her”
“He killed her”
“They killed sb/sth for her”
“She killed(sth. or sb.)”
“She killed (sb/sth.) of them”
“She killed (sb/sth.) for them”
“We killed (sb/sth.)”
“He killed me”
“They killed us”
“They killed (sb/sth.) of us

“They killed (sb/sth.) of them and so on.



Hence, if computers are to understand NL, they should be capable of handling such
(thousands and millions) variants of the same basic word form together with the unique
meanings and the specific interpretations that each form has. This further complicates the task

for computers to understand NL.

In general, subtle semantic properties (e.g. still used as noun, adjective and verb have
different meanings), relationships that are not apparent, inflectional, derivational and
phonological properties of the NL are major reasons that make computers capability to

understand NL a more complex task.

Although NLU by computers is a complicated problem, there are various approaches under
investigation and some are succeeding to some extent in making computers understand NL.
Part of speech Tagging (POST), which involves selecting and tagging the most likely
sequence of word categories for words in a sentence, is one instance in the effort to increase
computer capabilities to understand NL. In with this, it is the purpose of this study to explore
the possibility of developing an automatic POS tagger useful for tagging words in Ambharic

texts with their appropriate parts of speech.

1.2 Application of Natural Language Processing

NLP can be applied in a number of areas. According to Abiyot (2000), the following are some
application areas of NLP.

e Designing a friendly and flexible interface

e Structuring large bodies of textual information for the purpose of automatic  indexing

and automatic abstract generation



e  Machine translation

o Spelling and grammar checking

o Analysis of language

e  Language learning

o Speech recognition and speech synthesis

e Text compression

Other applications of NLP include term and name identification, word sense
disambiguation, morphological analysis, unknown word processing, natural language

generation, data mining and entity extraction and part of speech tagging (Mao, 1993).

1.3 POS Tagging Systems and their Benefits

To the best of my knowledge, no work has ever been reported in the area of automatic POST
for Amharic Language. Apart from the absence of researches in this area, there are many
other reasons that make such researches on POST attractive in general and in Ambharic

language in particular. These are discussed below in this section

Sentence parsing’ (e.g. syntactic or semantic) is a task of NLP. It is used to solving basic
problems (such as language comprehension and production work) that most NLP applications
face (Mao, 1997). POST is a step forward towards such approach. That is, subsequent NLP
such as syntactic and semantic representation of the language will be very difficult, if not

impossible, without first having the underlying corpus tagged with appropriate parts of

? is a technique or method that deals with the decomposition of a sentence into its major sub parts, namely noun
phrase (NP), Verb phrase (VP), Noun (N), Verb (V) etc.



speech. In other words, POST is usually taken to be the first step in processing a language at
sentence level (Mao, 1997). Before a sentence is parsed (i.e. assigned a structure and/or
meaning), the sentence must be annotated with parts of speech using a POS tagger. Then
after, the tagged or annotated sentence will be submitted to the sentence parser so that the

parser parses the sentence effectively and easily.

A POST system 1s also useful in works related to machine translation. Especially, the
increasing use of Internet in this information age makes machine translation a pressing need.
This is mainly attributed to the fact that many people (the majority) cannot make use of the
huge information available on the Internet unless translated to local languages for they are
ignorant to foreign languages. This makes, in one way or another, works on tagging (and also
syntactic and semantic parsing) more useful. Being a component in machine translation
systems, a POS tagging system serves as one important tool in the attempt to develop systems
that translate foreign languages into local languages (e.g. Ambharic) and vice versa.

A POST system is also crucial for such tasks as word sense disambiguation or ambiguity
resolution (Mao, 1997). Ambiguity resolution or disambiguation is a key task in natural
language processing. In ambiguity resolution, the disambiguator decides on the appropriate
class or POS of an ambiguous lexical item or word, and an item that is in a different context
can be classified differently. For instance, the English word “ean” is an ambiguous word for it
has the following three possible parts of speech

Can MD=Modal V=Verb N=Noun.

In the sentence “Can we can the can?”, for instance, the disambiguator should decide in
which sense “can “is used in the different positions. A part of speech tagger is one possible

answer to such problem. The tagger basically uses contextual rules and a lexicon to assign



tags to ambiguous words. If the input text is an output from a POS tagger, the problem of

disambiguation will be minimized, if not removed at all.

Automating the tagging process will also address the difﬁculty of hand tagging needed to
build large corpora useful for many phenomena. For instance, a large corpora tagged with
parts of speech is essential to study a number of linguistic phenomena (Brill, 1993). Lack of
such large tagged corpora may limit, if not completely halt, researches that heavily relay upon

large tagged corpora.

An automatic POS tagger is also a useful tool for works related to spell checking and speech

recognition and generation. Emphasizing this, Brill (1993) made the following statements.

A reliable part of speech tagger is also a useful tool in isolation. Part of
speech tags can aid systems such as spelling correctors and speech
recognition and generation systems. For instance, if a speech system is to
properly pronounce the word record it must know whether the word is being

used as a noun or a verb.

POS tagging systems are also used as component in many other applications including phrase
recognition, word sense disambiguation, grammatical function assignment and so on
(Cutting et al, no year). According to Brants (1997), POS tagging systems are also used as
component in parsing, for recognition in message extraction systems, for generation of

intonation in speech production systems and many others.



In short, an automated POS tagger is useful to increase retrieval and analysis of structural or
linguistic information contained in the NL. It forms an essential foundation for further forms
of analysis (such as syntactic and semantic parsing and also machine translation). It allows us
to distinguish between homographs. It is useful for extracting meaning from a sentence and

checking the well formedness of a sentence, which is useful in a number of applications.

1.4 Statement of The Problem

As Abiyot stated, researches made in the area of Ambharic language processing using
computers reveal that only limited number of researches are conducted in relation to computer
processing of the Amharic language. In fact, most of such researches conducted mainly focus
in the area of Character Recognition (Worku, 1997; Dereje, 1999), Text to Speech Synthesis

(Laine, 1998), Text Retrieval (Biru, 1992; Nega, 1999) and so on.

Apart from these and other limited researches in the area of computer processing of the
Ambharic Language, there is only one research conducted in the area of NLP (Abiyot, 2000).
Though not complete, this research tried to address the need for having a word parser for
Ambharic Language, which its absence, as Abiyot clearely stated in his work, will make NLP

for Ambharic difficult.

Like word parsing, POS tagging is another task that should be addressed in the area of NLP of
the Amharic Language. Researches in POS tagging will contribute a lot in the effort to
increase computers processing of the Amharic language. The absence of POS tagging systems
limits our effort to make computers understand the Amharic language. Especially, further and

higher forms of researches such as parsing (syntactic and semantic) and machine translation



that helps to quickly and easily retrieve information of the language will be difficult without

first having a part of speech tagging systems.

The absence of a POS tagging system limits also researchers who require annotated *corpora
to address different issues in linguistics and computational linguistics. The absence of a POS
tagging system limits also works related to spell checking and speech recognition and

generation in the area of Ambharic language

Thus, having mentioned all such pitfalls, it is worth to conduct a research and develop a
simple automatic part of speech tagger for Amharic language based on the property of the

Ambharic word classes.

1.5 Objective of the Study

1.5.1 General

The general objective of this study is to explore the possibility of designing a simple

automatic POS tagger for Amharic texts (sentences).

1.5.2 Specific Objectives

In line with achieving the above general objective, the study will attempt to address the

following specific objectives.

* Discussed throughly in chapter two of this study.
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1. Review the basic word categories (or POS) of the Amharic language with the aim to
derive the POS tags and hence the tag set for the language, which in turn allow computer
representations of the structural or linguistic information contained in the NL, Amharic.

2. Review the morphological property of the language to identify properties useful for POST

3. Review the structure of Amharic sentences

4. Study the type of lexicon required for Amharic POST and design the appropriate lexicon

5. Review the various techniques (or approaches) suggested (elsewhere) for the development
of a POS tagger for Amharic language.

6. Select and customize (if necessary) a POST algorithm for use with the Amharic language

7. Develop a prototype, an Amharic POS tagger.

1.6 Method

Developing an automatic POS tagger for Amharic language requires one to investigate and
identify the properties of this language. For this purpose, a Review of literature was made in
the area of Amharic word classes and its morphological property. Literatures in the area of

POST (e.g. Brill’s tagger and statistical tagger) were also reviewed for this study.

Discussion with linguists and experts in the area of Amharic language were made to better

understand the language and get suggestions that are invaluable for the study.

Based on the analysis of the Amharic language, a POST algorithm that suits the language was

selected and used with no modification. A lexicon, tagset and statistical databases were

designed and a prototype developed to tag sentences appropriately.
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The prototype developed was tested using a small sample text selected for the test purpose.
The evaluation of the performance of the tager was made based on only the percentage of
correct tag assignments. The experiment was made in two phases, on training set and test set,
and was repeated several times until the tagger performance was found to be satisfactory. Test

results achieved are finally reported together with the discussions made.

1.7 Application of Results And Beneficiaries

As outlined in section 1.3 and also presented in the statement of the problem, POS tagging
systems are useful in many areas of NLP for Amharic language. Thus, the beneficiaries of the
results of this study includes researchers involved or wants to be involved in increasing
computers capability of processing Amharic Language. Among them are researchers in the

area of parsing, spell checking and speech recognition and generation of Amharic Language.

The out put of this research may also be used in language teaching to create awareness of the
word and phrase classes of the language, the member of each class and the relationships
that holds between them. In this respect, POS tagging is useful to discover the linguistic
structure of large corpora. The part of speech information obtained using the POS tagger as a

component facilitates higher levels of analysis such as noun phrase recognition and so on.

1.8 Limitations of The Study

1. The tagger must have been trained and tested several times (at least 10 folds) on different
segments of the manually annotated corpus to see its performance. Unfortunately this was not
done due, mainly, to time constraint and arduous nature of preparing the lexical and

transitional probabilities required for the knowledge base.
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2. This study is limited to a small sample due to a lack of large corpora in the language
annotated with POS and also generating such large corpora is very laborious, expensive and

time consuming.

3. The tagger developed is purely statistical. That is, lexical( or morphological) rules are not
incorporated. These rules were useful to make reasonable guesses as to the POS category of

unknown words, rather than simply attaching them the tag UNC.

1.9 Scope

The scope of the thesis is limited to demonstrate the potential of a Stochastic Hidden Markov

approach to develop a simple Automatic Part of speech tagger for Amharic texts.

1.10 Organization of The Thesis

This section describes the organization of the rest of the thesis. Chapter two presents what
POST 1is, approaches to automatic POST, issues such as corpus annotation, lexicon for a
tagger and steps involved in POST. Terms such as tag, tagset, lexical probabilities and
contextual (or transitional) probabilities are defined. The chapter also attempts to discuss
Stochastic tagging to the level of presenting all computational works needed for developing a

Hidden Markov model tagger.

The third chapter describes in detail word classes in Amharic language. Included here are

word formation processes such as inflections (also called conjugations) and derivations.
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Chapter four, the core of this study, dwells completely to draw part of speech tags and hence
the tag set for Amharic language. The tag set drawn was obtained from the analysis of word

classes made in Chapter three.

The lexicon designed, the algorithms used to develop the automatic POS tagger and the
computations made to get the lexical and transitional probability matrixes are presented in
chapter five, which is also another core chapter in this thesis. The database designed to hold
the knowledge base, the evaluation procedures, and the experiments made and the results

achieved are also discussed in this chapter.

Chapter six, the last chapter, concludes the thesis presenting conclusions and
recommendations. This chapter will also indicate some pointers to future works. A
bibliography to be used for further reading is also included at the end of this chapter.
Appendices for this thesis are found separately in the Bibliographic Lab of the school of
information studies for Africa [SISA]. The appendices are not compiled with this thesis due
to the requirement that the thesis is limited all in all to 150 pages. These appendices provide
additional information on some of the topics discussed in the different parts of this thesis and

are thus compiled in the form of booklet to be used together with this thesis.
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CHAPTER TWO
Automated Part of Speech Tagging

2.1 Introduction

POS tagging, as defined earlier in chapter one, is the task of assigning an appropriate part of
speech (POS) or word category (e.g. noun, verb, adjective and so on) to each word in a
sentence, or corpora. In this task, special codes or labels will be attached (or assigned) to each
word in the corpora indicating its particular category (and other features). While the codes
attached are known as “tags” the process of attaching is called tagging. Tagging can be done
either manually or automatically. Here is an example used to elaborate these concepts using

the Amharic sentence zare himus niw “ Today is Thursday”.

The process that accepts this sentence as an input and generates an output that appears like
Zare\ADV himus\N niw\AUX

is a tagging process. The codes ADV, N and AUX are tags that indicate part of speeches of

the words in the given sentence. The tags ADV, N and AUX in the above example represent

an adverb, a noun and a verb respectively.

According to the Oxford Advanced Learner’s dictionary, a corpus (plural corpora) is a
collection of written and/ or spoken texts. The term can also refer to any collection of texts or

a body of text that is carefully sampled to maximally represent the entire corpus.
A corpus can either be annotated or unannotated. Unannotated corpora are texts that appear

in their raw form. That is, they are free or fresh or plain texts. They are not enhanced with any

kind of structural or linguistic information. An annotated corpus, on the other hand, is a text
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that is enhanced with various types of linguistic information. The difference between the two

is illustrated using the Amharic word gaddaild “he killed”.

If the word “gdddald” appears as it is, it is an unnotated or untagged. But, even in this case,
the word “giddddld”, implicitly indicates the POS and other features such as third person,
singular, masculine in the perfect tense. If the word “gédddild » appears as “giaddld\VI3sm”
then, it is annotated because it is enhanced explicitly with such structural or linguistic
information as third person (3), singular(s), masculine (m) and a verb in the imperfect tense

(V).

Such annotations of words in corpora have many advantages. Linguists, for instance, use
corpora annotated (or tagged) with appropriate parts of speech to study a number of linguistic
phenomena. In computational linguistics, annotated corpora are also useful to train part of
speech taggers and parsers. Lack of such annotated corpora limits researchers and makes also
difficult the task of quickly and easily retrieving and analyzing information about languages

contained in the corpus.

A corpus can be annotated either manually (by hand) or automatically (using computers).
Manually tagging corpora is expensive and laborious. Besides these, manual annotation
requires annotators to have knowledge of the structure of the language under consideration.
This might be a problem if such annotators are not available. In fact, even where they are
available, different experts may annotate the same corpora differently, there by creating bias

in works that later use such annotated corpora.
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On the other hand, a given corpora can be annotated automatically (e.g. with appropriate
POS) using computers with little human involvement. Computer-based Taggers and parsers
are systems that do this job of annotating a corpus. In fact, POS tagging is the most basic type

and is the first type of linguistic corpus annotation”.

Today there are many systems that annotate corpora written in various languages. This makes
annotated corpora to be widely available than before. This, in turn, has become a relief for
many researchers who make use of corpora in their work. The same story is not true for
Ambharic language for there are no systems (taggers or any other) that annotate corpora
written in Ambharic. This study aims to address this problem by developing an automated

POS tagger with a very minimal accuracy and aiming to shade light for future works.

2.2  Approaches To Automatic POS Tagging

As it can be inferred from the previous section, the need for accurately tagged texts has
increased in the past few years. As a consequence, a number of taggers have been built to tag
each word in a corpus written in different languages (e.g. English, French, Romanian and so
on)® automatically. Because of this, today, there are many approaches in developing such
automated POS taggers. The most basic, popular and competing approaches are two:
Stochastic approach and Rule-based approaches. This section discusses these two
approaches giving much emphasis to the first approach for it is the approach selected for use

in this study.

3 Anaphoric and prosodic are other examples of annotation.
% See (Chanod, no year ), ( Brill, 1993 ), (Eynde, no year )
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2.2.1 Stochastic Approach to Tagging

The term “Stochastic approach” is a generic name to such approaches that make use of
probability (i.e. statistics) to tackle the problem of POS tagging. Probabilistic approach and
statistical approach are other terms that seem to be used interchangeably with stochastic

approach both in the literature and in here.

In stochastic approach, probability concepts such as Bayes’ theorem, the notation of
independence and the Markov Assumption play important roles. The approach applies to a
great extent such probability theories in part of speech identification. The approach, for
instance, applies such probability theories to determine the most likely lexical category for
each ambiguous word in a given sentence. Understanding how probability theories are applied
in POST requires understanding the underlying probability theory related to POST. Thus, this
section and most of the other parts of this chapter are devoted in introducing the statistical

tools needed for designing a POS tagger.

Stochastic approach will be presented in this section assuming the Hidden Markov Model
approach. The Hidden Markov Model taggers are selected for they are efficient and effective

statistical taggers developed using stochastic approach.

Taggers developed using stochastic approach are classified into two depending on whether the
taggers are trained on pre-tagged or untagged (fresh) texts. Taggers that need pre-tagged
corpora throughout the learning processes are called supervised taggers and the approach is
called supervised approach. Markov-model based taggers are examples of such supervised
taggers. Those taggers that do not require pre-tagged corpus during the learning process are

called unsupervised taggers and the approach is called unsupervised approach (Guilder,
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1995,). Thus, the stochastic approach to the problem of tagging can either be supervised or

unsupervised.

In supervised approach two things are important to serve as a source of information. The first
one is a lexicon’ that lists each word with all the allowable POS (or tags) that each word can
have with its respective estimate of lexical probabilities®. The dictionary and the lexical
generation probabilities, p (word\tags), can be stored in either the same or different databases.
The presence of such dictionary with/and lexical probabilities provide information on the

possible parts of speech for a particular word.

The second one 1s a list of contextual probabilities for each tag (or POS) to occur in a
sequence of tags. In other words, the probability of a certain tag to occur in a sequence
preceded by one or more previous tags, denoted as p (Ci\ Ci.; Ci ... Ci,) or (p (tagi\tag ;. tag;.
2.... tagin) 1s the other source of information. Such list of contextual probabilities, like lexical
probabilities, is a table of statistics that provides contextual information. It indicates the

particular tag that is appropriate for a particular context.

In a supervised approach, the tagger works using such two sources of information that can
easily be generated from a pre-tagged corpus. A good and readable account on how to get
estimates for contextual and lexical probabilities using a pre-tagged corpus is found in (Alen,

1995).

Once the dictionary and the database for lexical and contextual probabilities are created and

stored, the tagging process in Stochastic approach, as any other approach, begins by looking

7 A lexicon is a linguists term for dictionary
® Lexical probability is the probability of a word to have a particular tag and is usually denoted by p(word/iag).
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up each word of the text in the lexicon. While looking up the word in the lexicon, the word
may happen to be found in the dictionary or not found in the dictionary. A word not found in
the dictionary is called an unknown word. Both Unknown words and words found in the
dictionary may be categorized into different parts of speech. For instance, the English word
still can be categorised into such parts of speech as Noun, Verb, or Adverb depending on the
context in which the word is found in a sentence. Such words or lexical items that can fit into

different categories depending on the context are called ambiguous words.

The difficult task in any tagging processes is to deal with unknown and/or ambiguous words.
Lexical items that are ambiguous and /or unknown may be tagged wrongly. Different
approaches handle such problems differently. In stochastic approach the following three

alternatives are used to disambiguate ambiguous words.

Word frequency approach: The simplest stochastic taggers are the ones that mostly use

this technique. In this approach, calculation of disambiguation is based on the probability that
the word occurs with a particular tag. Meaning, if an ambiguous word appears most
frequently with a certain tag in the training set, then that tag will be assigned to the ambiguous
tag. Although this approach yields a valid tag for a given word, it has its own problem. It may

yield sequences of tags that are not acceptable or admissible (Guilder, 1995).

n-gram Approach The n-gram approach is an alternative approach to overcome the

problem of word frequency approach in disambiguating ambiguous words. In n-gram
approach, the best tag for a given word is determined by calculating the probability that the
word occurs with n-previous tags (Guilders, 1995). The Viterbi Algorithm, to be discussed

later in this chapter, is an implementation of the n-gram approach

20



Hidden Markov Model (HMM) Approach: The HMM approach to the problem of

disambiguation combines both the word frequency approach and the n-gram approach. The
approach uses both approaches to determine the best tag for a given word. That is, word
frequency measurements, 1.e. (p (word\tag)), and tag sequence probabilities, i.e. p (tag;\tag;.
1.... lagin), are taken into consideration to yield an admissible sequence of tags besides
yielding a valid tag for a given word. As it will be discussed later in this section, this approach
makes heavy use of statistical calculation to get the most appropriate tag sequences for words

in a given sentence (or corpora).

For HMM approach to yield correct results, the basic underlying assumption often called
Markov assumption in probability theory must be valid. The Markov assumption states that in
calculating the probability of any sequence of categories, the probability of a category
occurring in the sequence must depend only on the n categories where n is an integer equal to
the number of categories before the category under consideration (Allen, 1999; Guilder,
1995). This study assumes this assumption for the study will use similar approaches that are
used to develop HMM tagger while developing an automatic POS tagger for Amharic

language.

One problem in developing all supervised taggers in general and HMM taggers in particular is
the lack of manually or automatically tagged corpus. This is mainly attributed, as explained
earlier, to the fact that tagging texts manually is expensive and time consuming. Another
problem associated with supervised taggers, taggers that need tagged text in the training
process, is the need to manually tag text each time the tagger is applied to a new type of text

or in the same language (Brill, no year). But if pre-tagged corpora are easily available, the
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HMM approach in particular and stochastic taggers in general can be adopted in new

languages with little effort.

Contrary to the supervised stochastic approach, taggers developed using unsupervised
stochastic approach do not require pre-tagged text in the training process. The unsupervised

and supervised HMM taggers are generally similar in the following respects.

e Both of them assume the same underlying HMM

e They use a large dictionary (that lists all allowable POS for each entry word) and
inflectional information to determine the possible allowable parts of speech for words in
a corpora

e Both of them involve calculation of taggers accuracy to improve performance and get
better results.

e In both cases disambiguation can be achieved using statistical, hybrid or rule based

approaches.

The unsupervised stochastic taggers differ from the supervised ones in the following respects.

e Tagged corpus is not necessary during the learning processes. That is training is on an
untagged or fresh text.

e Training is more difficult for the set of state transitions used to generate the training
corpus are not visible

e They use different algorithms called Baum-Welch algorithm while the supervised ones

use the Viterbi algorithm.
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2:2.2 Rule-Based Approach to Tagging

This is another approach to tackle the problem of automatic POS tagging. It mainly differs
from stochastic approach in that it does not make any use of probabilities (or statistics) to tag
and disambiguate words in a corpus with their appropriate POS. The following discussion on

this approach is based on Brill’s tagger reported by Mao (1997)

Brill’s tagger, a tagger developed by Eric Brill, is one of the best rule-based tagger developed
using rule-based approach. According to Mao, the Brill’s tagger system learns a set of rules
automatically based on a given corpus and then tags words following these rules. The Brill’s
tagger in particular and taggers developed using rule-based approaches in general require

different components to effectively tag each word in sentences.

A POS tagset is one of the basic components of a rule-based tagger. The tagset is a list of all
word categories that will be used in the tagging process. It provides distinct coding for all

classes of words having distinct grammatical behaviour.

A lexicon (or dictionary) is also required as a component of the rule-based tagger. This is
required because the tagger (e.g. Brill’s tagger) begins processing a sentence by looking up
each word in the lexicon. The lexicon contains a list of all possible parts of speech that the
word can be assigned. For example, the word can in English has the following possible parts
of speech.
Can N A4 MD  Where N=noun V= Verb and MD=Modal

In the sentence can\Modal we\Pronoun can\Verb the\Determiner can\Noun?, for instance,
the word Can has all the three parts of speech mentioned. These are indicated in the sentence

by attaching a backslash after each appearance of the word can (to serve as a separator) and
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following it by the POS that can have at the different positions in the sentence. Thus, the
word can in the lexicon must be stored in such a way that the dictionary provides all such

parts of speech information.

In rule-based approach, there are also techniques to tag unknown or ambiguous words. Such
techniques are commonly called tag-changing rules. These tag changing rules must be
incorporated as a component so that the tagger applies the rules as necessary while tagging
words with their appropriate POS. Such tag changing rules are necessary to provide
information that indicates the particular tag that is appropriate for a particular context (Brill,
1993). In rule-based approach, these tag-changing rules are of two types, contextual rules

and lexical rules.

The contextual rules are pre-specified as a set of transformation templates and provide
contextual information to assign tags to unknown or ambiguous words. They revise the tag of
a particular word based on the surrounding words or the tags of the surrounding words. N V
PERVTAG TO, for instance, is one example of contextual rule in English. This rule, for
instance, forces to change tag N to tag V when the preceding word is tagged (abbreviated as
PREVTAG) with the tag TO. According to this rule
to\TO draw\N would be changed to to\TO draw\V

The rule det — X - n = X\adj, in English, is an example of another contextual rule. This rule
is used to tag both unknown and ambiguous words. This contextual rule dictates that if an
ambiguous or an unknown word X is preceded by a determiner and followed by a noun, then
the unknown or ambiguous word must be tagged with an adjective (Guilder, 1995). The

abbreviations for the POS codes in the two examples are not consistent. This is to indicate
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that people use different notations for the same POS (e.g. N and n are both codes to mean
noun).
As can be seen from the two examples, contextual rules are not useful only to tag unknown

words but also to eliminate tags that are wrongly or illegally assigned to words.

The lexical (or morphological) rules are also useful components in rule-based approach. The
lexical rules provide information useful to treat words that are not in the lexicon of the
tagger. In other words, such rules are useful to make reasonable guesses as to the category (or
POS) of unknown words. For instance, assuming the English word worked is not in the
lexicon, this word will morphologically be analyzed, i.e. using the lexical rules, as work + ed
and it will be tagged as VVD (a code for past tense of the lexical verb work). This is by far

better than making a wild guess as to the category of the word worked.

In treating words that are unknown during the tagging process, some systems include rules
pertaining to capitalization and punctuation. These rules of capitalization and punctuation
are additional rules incorporated in such systems besides contextual and lexical rules. But,
such information on capitalization and punctuation may or may not be useful in the tagging
process depending on the language being tagged. In German, for instance, information about
capitalization proves to be extremely useful in the tagging of unknown nouns. On the
contrary, rule of capitalization is of no value for Amharic language as there are no such things

as capital and small letters.

Like Stochastic approach, the rule-based approach might be supervised or unsupervised. Rule

based taggers that do not require pre-tagged text are uncommon and started to appear very
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recently. That is, most rule-based taggers are supervised taggers and hence require pre-tagged

corpora. Detailed discussion on rule-based tagger may be found in (Brill, 1993)

The drawbacks or shortcomings of rule-based taggers include the following (sources).

e They require large amount of effort to write the disambiguation rules
e No unsupervised training algorithm has been presented for learning rules automatically

without manually annotated, except the one developed recently by Eric Brill (Brill, no

year)

In addition to the two basic approaches mentioned earlier, review of
literatures reads two other approaches to the problem of automatic POS
tagging. These are hybrid approach and neural networking approach.
Since the two approaches are not common and as such not widely used, no
discussion is made in this paper on such approaches. But, it should at least be
mentioned that the hybrid approach is an approach that combines both the

rule-based and stochastic approach (source).

The following diagram taken from Guilder (1995) presents a summary of the various

approaches to automatic POS tagging presented in section 2.2.
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Figure 2.1 Approaches to automatic POS tagging (Guilder, 1995)
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2.3 Stochastic Vs Rule-Based Approaches (similarities and difference)

The similarities between rule-based and stochastic approaches include the following.

e Both of them may or may not need pre-tagged corpora

o Both of them use contextual information from an already set of allowable part of speech
tags for disambiguating words

o Until recently, non of them handle unknown words in a way that is completely portable



Differences between the two approaches include the following,

e Rule-based approach uses contextual and morphological information to deal with
unknown words while stochastic approach uses probabilities to deal with such words.

e A stochastic approach has no rule-based mechanisms for disambiguation. Instead it uses
only probabilities for dealing with disambiguation (Brill, no year)

e Rule-based tagers generally perform as good as or better than that of stochastic taggers. In
fact; taggers developed using rule-based approach have the following advantages over

taggers developed using stochastic approaches.

Compactness: Taggers developed using rule-based approach require less storage than taggers

developed using stochastic approach.

Speed: Some argue that taggers developed using rule-based approach are ten times faster than

the fastest stochastic tagges (Brill, no year)

Better accuracy: Taggers developed using rule-based approach are reported to have better

accuracy than those developed using stochastic approach.

Better adaptability (easy to train): Twisting or modifying rule-based taggers for the purpose
of correcting errors is easy and straightforward. On the other hand tuning statistical taggers is

very difficult for it is hard to predict the effect of tuning the parameters of the system

Considering all such similarities and differences, i.e. advantages and disadvantages, it seems

reasonable to select the rule-based approach to deal with automatic POS tagging for Amharic

language. But, due to the reasons listed below the stochastic approach, in particular the HMM
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approach, was selected and applied in this study. Reasons for selecting the HMM approach to

develop an Amharic tagger includes the following.

e Time available for the work.

e The researcher interest in the HMM approach.

2.4 HMM Stochastic Tagging

AS mentioned earlier, the HMM approach is considered for application in this study. Some
important terms and concepts related to stochastic HMM tagging processes are presented in
this section for reasons of clarity and better understanding of the materials in this and other
chapters. Understanding such terms in advance may ease the actual work to be carried in

chapter 5, especially in preparing the statistical database required for the learning process.

This section also presents the formula needed for making calculations necessary to prepare
statistical databases. Thus, the processes involved and the calculations to be performed are
elaborated in detail considering an ideal pre-tagged corpus. The following notations are used
frequently in this chapter.

Ci C; Cs... Cyrepresent (sequence of) categories.

Eacﬁ G, i=1,2,3, ... nrepresent tags or codes for a certain POS

W W2 W3 ... Wy represent sequence of words in a sentence

Please not that most of the things presented in this section are extracted from Allen (1995).
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2.4.1 Definitions of Terms and Concepts

Tag

Tags (singular tag) are symbolic representations of word categories, punctuations, delimiters
and so on. They are distinct codes to denote the different parts of speech (or word categories)
conveniently. The codes N and J are two examples of Old English POS tags for nouns and

adjectives.

Tagset
A tagset is a set of tags. One example of tagset is the Penn Treebank tagset’. As can be seen
from the Penn Treebank tagset or the tagset in table 4.4 of this work, a tagset is a collection of

distinct coding (or tags) for all classes of words having distinct grammatical behaviour.

Transition Probabilities

These are probabilities of a tag given one or more previous tags. Transition probabilities are
denoted by p (C\Ci.i... C,). Such probabilities tell us, for instance, the probability of a noun
to be preceded by an adjective, p (C; =Noun\C;.; =Adjective). They can also tell us the
probability of a verb to be preceded by a noun, an adjective and a determiner, p (C;-verb\ C;,

=Noun C;.; - adjective C;3 = verb) and so on.

Thus, depending on the value of n, we can have bigram (n=2), trigram (n=3) or in general an

n-gram transitional probabilities. If n=2, the model is a bigram model and the notation p

(C\Ci.1... Cy) reduces to p (C\Ci.p), If n = 3, the model is called a trigram model and the

notation p (C\C;.... C,) reduces to p (Ci\Cj.Ci.2).

° The Penn Tree bank Tagset is listed in Allen ( 1995)
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The bigram model, as described, pairs two categories (or tags), C; and Ci., and calculates the
probability that a category C; will follow the category- Ci.1, written as p (C;\Ci.). This model
assumes that the probability of a particular category occurring depends solely on the one
category immediately preceding it. The trigram model pairs three categories, C;, Ci.; and Ci,,

and calculates the probability that the category (or tag) C; will follow the two immediate

preceding categories, C;.jand Ci,. This is written as p (C\C.1Ci.,).

The details for calculating such transition probabilities are presented later under step 3 of
section 2.4.2. Although trigram probabilities give better results (Alen, 1995), this study
assumes bigram transition probabilities in developing the Ambharic tagger. That is, all
estimates in this study for transitional probabilities are based on the immediate context of

words and will not consider any context further than one word away.

Lexical (or emission) Probabilities

These are probabilities of a word given a category (tag) in a given corpora. This is written as p
(word\tag) or p (word\category) or shortly as p (wi\C;). For instance, p (can\N) denotes the
(lexical) probability of can to be a noun, p (can\MD) denotes the (lexical) probability of can
to be a modal and p (can\V) denotes the (lexical) probability of can to be a verb in a given
pre-tagged corpus. Details on how to calculate lexical probabilities are presented later under

step 3 of section 2.4.2 making calculations.
Probabilities of a Particular Part of Speech Sequence

Considering the notations DT, N, MD and V as codes or tags for such POS as determiner,

noun, modal and verb respectively, then the notation DT-N-MD-V is an example of a
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particular POS sequence among the different possible POS sequences for a certain word

sequence w; Wi Wi Wy,

Thus, having this in mind, the probability of a particular POS sequence is defined as a number
(or probability) that is the product of the transitional and lexical probabilities that the POS
sequence contains. As an example to illustrate this definition, consider the sentence “the
garbage can smell” assuming it is tagged with such parts of speech as follows.

The\DT garbage\N can\MD smell\V
then
» DT-N-MD-V is a POS sequence for the case assumed.
» The probability of this particular part of speech sequence is denoted by p (DT-N-MD-V)
» Consider-ing the bigram model and using the above definition for Probabilities of a

particular part of speech sequence, the p (DT-N-MD-V) is calculated as

p (DT-NN-MD-VB)=p (N\DT)P(MD\N)P(V\MD) x p(the\DT)p(garbage\N) p(can\MD) p(small\V)........... (D
Transition probabilities Lexical probabilities

Details on the derivation of this formula are presented in section 2.4.2.

Most Likely Sequence of Tags (or Categories)

A given sequence of words w; Wz w3 ... Wy can have different allowable sequence of part of
speeches tags (or word categories). Each of these allowable sequences of categories has its
own probabilities. The most likely sequence of tags or categories is the one among these
allowable sequences but having the maximum probability. That is, the most likely sequence

of tags (or categories) is a particular POS sequence having the maximum probability
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value among the different POS sequence allowable for a given sequence of words. This point

will be made clear mathematically later in Section 2.4.2.

In HMM approach, the most likely sequence of tags is considered as the most appropriate
sequence of tags (or categories) for the sequence of words in a given sentence. It is this from

this sequence of tags that tags will finally be assigned to each word in the input sentence.

Viterbi Algorithm

This is an algorithm that generates the most likely sequence of tags for the sequence of words
in a sentence. This algorithm depends heavily on the assumption that the probability of a
particular category occurring in a corpus depends solely on the category immediately
preceding it. This algorithm helps to determine the optimal path of tags through the search
space ranging from one unambiguous tag to the text. This algorithm is emploayed for the

purpose of this study, particularly to search for the most likely sequence of tags.

24.2 Steps in POS Tagging

Three things are generally essential to automatically tag (a small) corpora using the HMM

approach, an approach selected for this study. These are,

1. Creation of a dictionary listing of the allowable POS for each word in the small corpus
2, Creation of a matrix of lexical probabilities table, and
3. Creation of a matrix of transitional probabilities table

The following steps are in turn considered essential in the creation of the dictionary and the

matrix of lexical and transitional probabilities.
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Step 1. Preparation of A Tagged Corpus

The tagging process, in this study, begins with a small pre-tagged corpus. This tagged corpus
is necessary for it serves as a base to create the dictionary and estimate the probabilities
needed for creating the matrix of lexical and transitional probability tables. For the purpose of
this study a small sample text is selected from a book by Gethahun (1989)'°. This small
sample corpus is hand tagged with POS by three annotators to make the corpus ready for the

next steps.

Step 2. Dictionary (Lexicon)

As can be seen from the formula presented earlier in equation (1), the computation of lexical
and transitional probabilities require a summary of word counts in the corpus. A dictionary
listing the allowable POS for each word in the corpus will supplement this. This dictionary
gives also a statistics on the number of times each word appears in the corpus with a certain

category. It gives also the total number of words in the corpus that falls in a certain category.

Step 3. Making the Calculation

The statistical tagger developed in this study follows a birgram-based HMM approach of the
kind described in (Allen, 1995). As such the following paragraph present details of the
calculations necessary for developing a birgam based HMM taggers and hence the Amharic

tagger.

In HMM, the model computes probabilities of co-occurrence of words based on a given
tagged corpus and tags texts using these probabilities (Mao, 1997). In calculating such

probabilities, the model uses the probability theory often called Markov assumptions. The

' See section 5.2 in this thesis for additional information of the sample corpus
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model also uses Bayes’ rule of conditional probabilities. This rule plays a fundamental role in
determining the most likely lexical category for each word in a given sentence. Thus, the
section begins with the mathematical definitions of conditional probability, Bayes’ theorem,
the notion of independence and proceeds step- by- step to more complex computations on
lexical, contextual and such probabilities as the probability of the most likely sequence of

tags.

Conditional Probability

The general form of conditional probability is given by the formula
SR AR . T T (i S —————————— T (2)
Where
1. eand e’ are two events
2. P (e\e’) is the probability of an event e occurring given the occurrence of another event
&

3. p (e &e’) is the probability of the two events e and e’ to occur together (at once)

4. P (e’) is the probability of the occurrence of event e’.

Bayes’ Theorem

Bayes’ theorem is an important theorem in that it relates the conditional probabilities of an
event A given B, written as p (A\B), to the conditional probability of B given A, written as p
(A\B). Mathematically Bayes’ theorem is written as followes. -

P(A\B)= D (BVA) * D (A): +eeveeeeeree oo 3)
P (B)
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Independent Events

The notion of independent events is also useful for making calculation needed for our task.
Informally, independent events are'deﬁned as two events in which the occurrence of one does
not affect the occurrence of the other. Formally, two events are said to be independent of each
other if and only if

P(AB) =P (A) ittt i eee e (4)
Thus, using equation (4), i.e. assuming two independent events A and B, equation (2) can be
written as

PA)=p(AB)=p(A&B)/pP(B)eeiiiiriiiiit i, (5)
Therefore, for two independent events, equation (2) reduces to

P(A&B)=P(A)*DPB)errrererrrerorrnn, [SRTRT 6

Equations (2) to (4) are, one way or another, related to the problem of POST. That is, finding
the sequence of lexical categories C;Cs.... Cn that maximizes p (C,Cp. C, \wiy.....w,,) given
the sequence of words w; ws...... ,Wn . The procedures to the solution of this problem are

exactly the procedures to be followed to develop the Amharic tagger.

P (C;...Ci\wy...wp) is exactly the probability of an event C;...Cn occurring given the
occurrence of another event wi...wy Using Bayes’ theorem, this conditional probability

equals
P W1 W\ Cr..C) *p(Croe.C) /P (Wie e e W) e (7)

Since multiplication is commutative, equation (7) can be written as

s Ol S T T o OO o T T R —— (8)
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Since the aim is to find C;...C, that gives the maximum value for p (C;C,... Cn\w;...wn) and
the denominators in expression (8) are the same for all the cases (i.e. denominators will not
affect the answer), the problem reduces to finding the sequence C;...C, that maximizes the

formula

P (CroCo) P W1 WA CLeoiC)e oo, 9)

Since calculating the probabilities of these sequences is difficult for it requires far too much
data, we turn to approximate it by using probabilities that are simpler. To do this, consider

each expression in equation (8) separately, assuming independence. That is we have

(oS o2, S (10)

BT, T o i 600 £ 0 s it iant o mrmmie s s s 808 A eSO R AR (11)

Approximating p (C,;...C,)

These are the probabilities of the sequence of categories. Assuming independence and the

bigram model, p (C;...C,) can be approximated as follows

p (C] - Cn) ) ~ p(Cl\Co)* p(.Cz\Cl)* p(C3\C2)* ...... * p(Cn\qu) ‘

. H P (C,‘\Cl'-l)

P(C1...Co) = TT P (CACL) eueeeteereeeeeeeer oo e (12)

To account for the beginning of a sentence, assumption is made to use a pseudocategory,

denoted by @, at position 0 as the value of Cy 1.e. Co= @ (Allen, 1995).



As an application of equation (12), the bigram (or transitional) probability of the sequence
DT-N-MD-V would be

p (DT-N-MD-V) =p (DT\ @) * p N\DT) * p (MD\N) * p (VAMD)

Approximating p (wy...w,\C1...C,)
Assuming that a word appears in a category being independent of the words in the preceding‘
or succeeding categories, expression (11) can be approximated by the product of the
probability that each word occurs in the indicated POS. That is,

P (wy,...... WA Cr...Co) = p (Wi\Cy) * p (Wz\Cz) e p'(wn\‘Cp)

=I1P (w\C)

Using equations (12) and (13), the expression in (9) can be approximated as
P(Ci..Co) ¥*p (Wi WA Ci...Co) = ITp (CACi) *p (WA eeevn (14)
Therefore, the whole problem of finding the sequence of lexical categories Ci...C, that
maximizes, p (C...C,\ wy...wy) is reduced to finding a sequence of lexical categories C;...C,
where
IT p (CACi)) * p (Wi\C;) is the maximum

The advantage of using the formula II p (CACi.i) * p (WG ) is that the probabilities
involved in the formula can easily be estimated from a corpus of text tagged with POS.

Expanding II p (CA\Ciy) * p (wi\C;) results in the following formula
p
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I p (CA\Ci.)*p (Wi\Ci )= p(C1\Co)*p(W1\Co) *p(Co\C1 ) *p(wo\Co) ... * P(Ca\Cra)* p(wi\Ch)

=p(C\Co)*P(CAC)*.. #p(Ci\C1)* p(Wi\C1)*p(Walea)*...* p(wilcy). .. (15)

Transitional probabilities Lexical probabilities

Computing Transition Probabilities, i.e. p (C\Cj.;)

Transitional probabilities indicate the probability of one category to follow another category
(or other categories). In practice, given a database of texts tagged with part of speech, the
bigram or transitional probabilities can be estimated simply by counting the number of times
each pair of categories occurs compared to individual category counts. Mathematically this is
written as

P (Ci=cc/ Cia= ) =count of the number of times oc and  occur together in the corpus ........ (16)

Number of times 3 occurs in the corpus

Where oc and P are parts of speech codes.

Thus, using equation 16, the probability that a V (i.e. verb) follows a N (i.e. noun) would be

estimated from the tagged corpus as follows.

p(C=V\Ci=N)=p(V/N)~ the number of times V and N occur together in the corpus......... an

Number of times N occurs in the corpus

Equation (16) is a formula that will generate bigram or transitional probabilities from the

training corpora. It is a formula that generates all the transition probabilities required in the
process of finding the sequences of categories C...C, that maximize I1p (C\C;.;) * p (Wi\C)).

The transitional probabilities that will be obtained using equation (16) will be stored in a
database (Matrix of transition probabilities) or be presented using a Markov chain, a chain

that capture and illustrate bigram (or transitional) probabilities.
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Computing lexical probabilities, i.e. p (w; \ C;)

The lexical generation probability is the probability that a given category is realized by a
specific word and is estimated simply by counting the number of occurrence of each word by

a category. Mathematically this is given by

P (Wi\C; )J=number of times W; appears in category C;  ............ (18)

total number words with category C;

For instance, assuming a certain corpus that contain the word flower, then

p (flower\V) =  Number of times flower is used as a verb in the corpus

total number of verbs in the corpus

P(flower\N) = Number of times flower occurs as a noun in the corpus

total number of nouns in the corpus

Equation (18) generates all lexical probabilities required in the process of finding the

sequence of lexical categories C;...C, that maximizes
H p (Ci\C,'_i) # P (W]‘\Cj )

The lexical probabilities obtained using equation (18) are also useful to create the matrix of

lexical probabilities.

Step 4. Computing Probabilities of A Particular POS Sequence

Once all possible lexical and transitional probabilities are computed and stored in databases
using equation (16) and (18), the next step is to compute probabilities of a particular POS

sequence, 1.e. p (C;...C;) which is approximately equal to

ITp (C,‘\Cl‘_l) * p (Wi\ci)
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The computation on how to find the probability of a particular POS sequence is clearly
presented in (Allen, 1995). That will be summarized here to clarify how values presented in
the statistical tables, LexicoProb and TransProb, of chapter five of this thesis are obtained. For
explanation purpose, consider the corpus used by Allen in (Allen, 1995) ' together with the
following lexical and transitional probabilities calculated from this corpus and obtained from

the same source.

Lexical probabilities:l

P(ﬂies\N)=0.02_5,p(1ike\V)=O..l ,p(a\ART)=0.36,p (flower\N)=0.063, p (files\V)=0.076
Contextual probabilities:

1

p (DT\D)=71, p (N\®)=29, p (N\DT)=1, p(V/N)=.43, p(N\N)=.13, p(P/N)=.44, p(N\V)=35,

p(DT\V)=.65,

Assume now that we need to compute the probability that the sequence N- V- DT-N generates

the out put flies like a flower as
Flies\N like\V a\DT flower\N  Where N= noun, V= verb DT= article

To deal with this problem, it is necessary to elaborate two terms, Markov assumption and

Markov chain.

A Markov chain is a special form of probabilistic finite state machine. It is shown in the

figure below.

11 The corpus has 300 sentences with 833 nouns, 300 verbs, 558 determiners and 307

prepositions and this counts to a total of 1998 words.



Figure 2.2: Markov chain for bigram probabilities (Allen, 1995)

P= preposition

71

13

The following are important points regarding the Markov chain (Allen, 1995).

1. The Markov chain as seen from the figure is a kind of network.

2. The nodes shown represents the possible lexical categories

3. The bigram or transition probabilities, the probability that one category followed another
category, are indicated on the arrows.

4. The network can be made to indicate lexical probabilities by allowing each node to have

an output probability (Allen, 1995). These output probabilities are nothing other than the

lexical probabilities of the category at each node. But, such probabilities are not indicted

because indicating such probabilities at each node on the network is difficult for the same

word can be in different states depending on the category it assumes. Thus, the output



probability at each node can be obtained by referring to the associated matrix of lexical
probabilities table.

5. Networks like the ones shown above with the output probabilities associated with each
node not indicated on the network are called Hidden Markov Model. The model is hidden
because for a specific sequence of words, it is not clear what the state of Markov Model is in.
For example, the word flies could be generated from state N with a certain probability or it
could be generated from the state V with a different or in rare cases with the same probability
as it is generated from the state N. This implies that computing the transitional probability of
a sequence of words from the Network alone, i.e. with out referring to the associated lexical
probabilities stored in the matrix of lexical probabilities table, is difficult because of the

ambiguity and hence difficulty to identify from which states the word could be generated.

6. The Network is useful to compute transitional probabilities of any sequence of
categories. To compute transitional probabilities using the Markov chain, simply find the path
of the intended (or correct) POS sequence through the network and then multiply the
transition probabilities indicated on the path followed. That will give the required transition
probabilities of the sequence of categories selected. The advantage of the Markov chain in this
sense is that it makes the calculation of transitional probabilities easier than using equation

(12) together with the matrix of transition probabilities.

Using the above network, for instance, we can find the tramsition probability of such
sequence of categories as DT- N- V- N as follows

P(DT-N-V-N)=p (DT\®) * p (N\DT) * p(VB\N) *p (N/V)...... ...... (19)
As explained, the values of p (DT\®), p N\DT), p (V/N) and p (N\V) can easily be obtained

following the path on the Markov chain. Such path is shown in the next page for clarity
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Thus, p (DT- N-VB-N)=p (DT\®) * p N\DT) * p (V\N) * p (N/V)

= J1 * 1 ® 43 ® 35

~ 0.107
That is, the transition probability of the particular sequence of categories DT N V N is
0.107. Similarly, transition probabilities for other sequence of categories can be computed
using the Markov chain. In all these discussions, the Marko assumption that the probability

of a category occurring depends only on the one category before it is assumed.

The entire avenue taken in this chapter are mainly for one purpose, to find the highly
sequence of categories C1Ca...Cn that are to be assigned to the sequence of words wiwa. .. wn,
respectively. But, before we come to this point, one more step is left. This is on how to find

the probability of a particular sequence categories, which is given by

IT p (C\Ci-1) * p (wWi\Ci)

44



The problem on how to find the probability of a particular sequence categories is
illustrated below considering the sentence “Flies like a flower” together with the information
on the lexical and transitional probabilities that are taken from Allen and that are already used

in this and earlier sections.

For the sentence “Flies like a flower”, the sequence of words become w = flies, w,=like,
wi=a and wy=flower. Considering also N V DT N as one possible sequence of categories for
such sequence of words, the sequence of categories become C;=N, C,=V and C;=DT and
Cs=N. Cy is assigned to @, i.e. Cy= ®. Then the probability of this particular sequence of
categories is computed as
pN-V-DT-N)~ [ [ p(C)\Ci.))* p(wi\C;)

=p (C\Co)™p (W\C)* p (C2\C1)*p(W2\C2)*p(C3\C2)*p(W3\C3)*p(Ca\C3)*p(wW4\Ca)

=p(C\Co)* P(CAC)*p(C3\Ca)*P(CACs)*p(wi\C1 Y *p(Wa\Ca)*p(w\Ca) *p(wa\C)

=p(N\@)*p(V\N)*P(ART\V)*P(N\ART)*P(Files\N)*P(Like\V)*P(a\ART)*P(Flower\N)
=(29 *.43 * 65 * 1 )¥0.025* 01 * 036* 0.063)
~0.081*5.67x107
=4.5x107®

Therefore p (N- V- DT- N)=4.5x10"°
The probability for all other sequence of categories that are permissible for the sentence flies

like a flower can be computed following similar procedures. The sequence of categories with

the maximum of such probabilities is the most likely sequence of categories we opted for.
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Note that, the transition probabilities in the calculation can be obtained either using the
Markov chain or the matrix of transition probabilities table. The lexical probabilities (the

output probabilities) can only be found from the probability table for the lexical probabilities.

Note also that, although the transitional probabilities of a sequence of categories and the
probability of a sequence of categories have the same formula, i.e. p (DT N V N), the two
are quite different (see equation 19 and 20). This difference is clear from the formula used to

compute each of them and also from the results obtained using the formula.
Finding The Most Likely Sequence of Categories (tags)

The final task in tagging a given sentence (or corpus) using the HMM approach is to find the
most likely sequence of categories among the sequence of categories that are possible for a
given sequence of words. As defined earlier, this sequence is the one with the highest
probability out of all possible sequence of categories for a given sequence of words. Finding
this sequence of categories might seem very difficult, as the number of possibilities may be
very large depending on the gumber of words and the number of parts of speech. For instance,
if there are only four parts of speech and we want to tag four sequences of words with their
appropriate POS,‘ the number of possible sequence of categories will be 4*=256. Finding the
most likely sequence of categories out of such 256 possible sequences of categories is really a
huge task. Fortunately, due to Markov assumption and the fact that sequences that end in the
same category can be collapsed together (since the next category depends on the one previous
category in the sequence) there is no need to enumerate all possible sequences to find the
most likely sequence of categories for a given sequence of words. This is well discussed in

(Allen, 1995).

46



The method on how to find the most likely sequence of categories for the given sequence of

words, as discussed in (Allen, 1995) using flies like a flower may be summarized as follows.

Sweep forward through the words one at a time finding the most likely sequence for each
ending category. In other words, you first find the four best sequences for the two words, flies
like, the best ending with like as a V, the best as an N, the best as a P, and the best as DT.
You then use this information to find the four best sequences for the three words flies like a,
each one ending in a different category. Repeat this process until all the words in the sentence
are accounted for. Even the simplified version of the process seems complicated when done
manually. Fortunately, there is an algorithm that will do this for us. This algorithm is the

Viterbi algorithm.

To this end, the whole task is reduced only to prepare the dictionary, the lexical and
transitional probabilities tables and may be modifying the Viterbi algorithm to fit for Ambharic
language. The Viterbi algorithm will handle the task of finding the most likely sequence of
categories. Once the most likely sequence of categories are identified using the Viterbi
algorithm, then that sequence will be considered as the best tag sequence and assigned to the
sequence of words in the sentence. Details on Viterbi algorithm are presented in (Alen, 1995)

and chapter 5 of this thesis. This will conclude the detailed treatment of the approach.

2.5 Conclusion

Discussions were made in this chapter on various issues. The various issues and statistical
considerations included in this chapter will practically be used in chapter five to Create a
dictionary listing, lexical probability matrix, transition probability matrix and develop the

tagger. The next chapter will discuss word classes in Amharic.
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CHAPTER THREE

The Structure of Amharic Word Classes
3.1. Introduction
As outlined in the first chapter, this chapter discusses the structure of the Amharic word
classes. Among the word classes discussed in this chapter are nouns, verbs, adjectives,
adverbs, prepositions and conjunctions. Pronouns are also discussed separately but they fall
under noun category. Other Amharic words such as interjections and numerals are also topics
discussed in this chapter. To the better understanding the material in this section the chapter

begins with a brief review of the writing system and punctuation marks in Ambharic.

The analysis and discussions made in this chapter are based on the data extracted from
Abiyot (2000), Baye (1987)", Getahun (1990) ', Hirut (1998) and Dawkins (1969). Further

details on the subject can be obtained from these sources.

3.2 The Amharic Writing System

3.2.1 The Amharic Alphabet

In this study, the Latin letters are used to represent the Amharic alphabet assuming that it is
possible to develop a program that converts Amharic texts, written using the Ambharic fidel, to
its equivalent Latin form. A list of the Amharic alphabet (fidel) adopted from Leslau and used
in this study 1s found in appendix 3.1. Detaild discussion on Amharic writing systems is found

in (Abiyot, 2000).

> The year is according to the Ethiopian calender
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3.2.2 Punctuation Marks in Amharic

Analysis of Ambharic texts reveals that different Amharic punctuation marks are used in
Ambaric to serve for different purposes. Apendix 3.2 sumeraizes such punctuation marks

together with the purpose for which they are used.

3.3 Word Categories in Amharic

For the purpose of this study, works in the area of word categorization are broadly divided

into two, namely, “ early” and “recent” works.

In early works (Mersi’hazen, 1934) '* Amharic words are categorized into the following eight
categories (or classes or parts of speech). These are the noun, Verb, Adjective, Adverb

Preposition, Pronoun, Conjunction and Interjection categories.

In recent works such as Baye (1987)" the early categorization of Amharic words is reduced
into five putting pronouns and conjunctions under the noun and preposition categories
respectively. In this categorization interjections, which are words with out syntactic

functions, are not considered as parts of speech'*.

In this study, the classification by the early scholars is adopted but treating nouns and
pronouns in the same POS category as suggested by Baye. This preference is made for the
early categorization is more exhaustive and it allows the tagger to tag words exhaustively. The

remaining sections of this chapter are devoted to discuss the different POS categories

" Date is according to the Ethiopian calendar
** See Baye for such categorization and why interjections are not considered as parts of speech
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mentioned earlier to lay a background reading for works to be carried out in chapter four and

five, which are the central and major contribution of this thesis.

3.4 The Amharic Noun Class

Like English, Amharic nouns are words used to name or identify any of a class of things,
people, places or ideas or a particular one of these. For this study, the Amharic noun class

consists of nouns and pronouns. These are discussed in some detail in appendix 3.3.

3.5 The Amharic verb class

Most of the information presented in this section is drawn from the data compiled by Abiyot
(2000). His work consists most of the information required for the purpose of this study. Due
to the requrment imposed by the Postgraguate School to limit a Masters thesis to 150 pages,
the review made on the Ambharic verb class could not be included her. The Amharic verb

Class is discussed in some detail in appendix 3.4.

3.6 The Adjective Class

Adjectives in Amharic usually precede the nouns that they modify or describe.

Example sinidf tamari niw “he is a lazy student”

In this example, the adjective sindf “lazy” precedes the noun tédmari “student” which it
modifies. But this does not mean that a word is an adjective just because it precedes a noun.
For instance, in yoh bég *“This sheep”, the word yoh “This” precedes the noun big ‘Sheep’.
Although the word yoh functionally shares the feature of an adjective (modifier), it is a
pronoun, a demonstrative pronoun. Like nouns Amharic adjectives can be either primitive or

derived. These and other features of the Amharic adjectives are discussed in appendix 3.5.
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3.7 Prepositions in Amharic

The term preposition15 refers to words, which will have meaning only when they are attached
or used together with other words such as nouns, verbs, pronouns and adjectives. Prepositions
can appear as

> a simple prepositions that stand alone as separate words

Examples sold  tomhort “because of education”

Widi bet “to the house or home”

»  asimple prepositions prefixed or attached with other words (e.g. nouns and verbs).
Example bi-mékina “by car”

lii-hizb “ to/for the public”

> As compound prepositions consisting of two parts, prepositional prefixes and post
positions put after nouns. The postpositions can either be single preposition that stand by

their owen or a preposition not separated from a noun.

Examples bii-sat’n-u wost “Inside the box”
Preposition box (noun) a postposition (noun)- inside
Ka-a gat bi-lay  “Above the neck”

PRI

Preposition noun (neck)  preposition noun

¥ Two types of prepositions can be recognized in Ambharic depending on weather they are bound or free. See
(Bay, 1987) and (Gethahun, 1990) for definitions of free and bound prepositions.

wh
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lay in the above example is not a preposition. It is a noun and the whole bii-lay is considered
as a preposition not separated from a noun. In some cases the whole bi-lay is treated as an
adverbial nouns.
d-zaf lay
~
Preposition noun (tree) preposition
Here lay is used as a preposition rather than as a noun.

Kii-windim-u gar

Preposition noun (brother) preposition

/ﬁ-wﬁg"b bii-tag

Preposition noun (waist) preposition noun (below)

The whole bé-ta¢ is a noun adverb composed of a preposition not separated from the noun

(Baye, 1986)

3.8 The Adverb Class in Amharic

In Amharic, adverbs can be found in either primitive forms (i.e. as separate words that appear
by their own) or in compound forms as combinations of prepositions and some other words
but that appear as separate or in rare cases as compound words. In each case they refer to

place, time, circumstance etc. A long list of such adverbs is found in (Dawkins, 1969).

There are also what are called adverbs of position, which may be referred to as noun adverbs.
Noun adverbs can be used either as a noun or as an adverb depending on their context.
Examples widd waost gibd “He entered inside”  wost here is used as a noun

(bd) wost’ yosdral ~ “He works in” wost’ is used here as an adverb

wn
b



As can be seen from the examples and mentioned above, noun adverbs (or adverbs of
position) such as wdst “inside” can function alone as an adverb or as a noun. But they often
have the locative particle bii when they are used adverbially. If such noun adverbs are used
alone without such prepositions (as bi, widi, ki) they are mostly treated as nouns. On the
other hand, noun adverbs prefixed with prepositions are treated as adverbs. That is, wost is a

noun while bi-wost’ is an adverb. A list of noun adverbs is also found in (Dawkins, 1969).

Adverbs can also be formed from nouns and adjectives by prefixing { béd- } as in bé-haydl
“by force” and bi-dihna “being well” respectively. Adverbs formed in this manner are short
adverbial clauses. That is, the resulting words are more of adverbs and are considered as

adverbs.

Days of the week in Amharic language may be used also either as a noun or as an adverb.

3.9 Conjunctions in Amharic

Conjunctions in Amharic are coordinating or subordinating. They coordinate words, phrases,
clause and sentences. A list of Ambharic coordinating conjunctions is found in (Dawkins,
1969) together with a detailed discussion on such coordinating and subordinating

conjunctions.

Concerning conjunctions there are two views. In early works (e.g. Marsehazn, 1934),

conjunctions were viewed as appearing in their own Category. But in recent works (Baye,

1987; Getahun, 1990), they are categorized in the same category as prepositions.
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This paper adopts the early view that conjunctions and prepositions appear in different
categories, the preposition and conjunction parts of speech categories. One problem that arises
by categorizing prepositions and conjunctions into different classes is the problem pertaining
to distinguish conjunctions from prepositions. The problem in distinguishing the two mainly
arise from the fact that the same words are mostly used as both prepositions and conjunctions.
sold, bi and ki- are, for instance, both prepositions and conjunctions. One may think that this
will create a problem during the tagging process. But this will not be a problem for the
problemit can be minimized if the manual tagging is done very carefully by good annotators,
as the two can be identified from the context thy are used. Apart from this problem,
conjunctions can be handled following the treatments or approaches discussed earlier for

prepositions.

3.10 Numerals

These are words representing numbers. They can be cardinal or ordinal numbers. A list of
the Amharic Cardinal numbers is found in (Dawkins, 1969; Leslau, 1973). In Ambharic, the

ordinal numbers are formed from the cardinal numbers by suffixing the suffix {—( &) fna }.

Example Cardinal gloss ordinal gloss
hulitt two hulit- dnina second
assor ten assor- dnna tenth

Like English, compound Amharic numerals are put separately. The following are examples to
illustrate this.
Example huldt méto sélasa and “two hundred thirty one”

hulit mito silasa and-fifia agg e
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In Ambharic, there are also numerals that indicate distribution. These numerals are called

distributive numerals.

Example hulitt hulatt “two two”

There are also special numerals in Amharic that correspond to the English “half”, “quarter”
etc.

Examples of these include gdmas “half” and siso “one third”.

3.11 Interjections
Like English, Amharic has many words or phrases used to express such emotions as sudden
surprise, pleasure, annoyance and so on. Such Amharic words are called interjections. These
Amharic interjections can stand-alone by themselves outside a sentence or can appear any
where in a sentence.
Examples go§ !

Gos ! abbate mit'ta

abbate mitta Gos !

sdah t'0ru naw Go§ ! 10je

A long list of Amharic interjections is found in (Dawkins, 1969).

3.12 Conclusion
This chapter pointed out that, based on recent and early works, Amharic words are
categorized in to eight or five parts of speech category. For the purpose of this study, words in
Amharic are categorized into seven parts of speech, namely

Nouns verbs conjunctions adverbs

Adjectives prepositions interjections
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That is, in this study pronouns are treated as nouns and hence do not have their own part of
speech category. This categorization is solely based on what is forwarded by early and recent
scholars and also considering conveniences for tagging. In some cases, there might be cases

that may not go in line with structural linguistics. The next chapter presents tages and tagset

for Amharic word classes.
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CHAPTER FOUR
Tags and TagSet for Amharic Word Classes

4. 1. Introduction

This chapter discusses the POS tags designed for the Amaharic language and the tagset
identified for the purpose. The design is mainly based on the properties of the language
discussed in chapter three but keeping in mind the Hidden Markove Model approach

discussed in chapter two.

This chapter and chapter five are the core of this study. This chapter focuses on drawing
the POS tags and the tagset required for the language and hence for the tagger. Problems
faced while attempting to tag an Ambharic corpus and possible alternatives suggested to deal

with the problems are also part of the discussion in this chapter.

The chapter begins by briefly introducing knowledge acquisition and appearances of tags in a

corpus.

4.2. Knowledge Acquisition

In order to come up with a tagger that annotates a corpus in a given language, it requires to
have a secured knowledge of the language to which the tagger is designed. Such knowledge,
among other things, may be obtained in various ways. The knowledge required for the NLP in
general and POS tagging in particular can be obtained in different ways. In this study,

statistical information obtained from analysis of NL was used as a knowledge base. Little or
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no effort was made to include knowledge of the grammar of the language. Even if the
knowledge of the grammar plays a central role in developing an efficient tagger, it is not fully

considered in this work due, mainly, to limitation of time.

4.3. Appearance of Word Class Tags

In what follows, the POS tags appear in the form of word\tag followed by a single space. The
following example illustrates the appearance or general format of a tagged sentence.

Zare\ADV hiamus\N ndaw\ Aux::\PUNC “Today is Thursday”

For the sake of clarity and convenience, tags will only be assigned to words under
consideration rather than the whole words appearing in the examples as illustrated in the
example below, which considers discussions on nouns. The punctuation mark that marks the
end of an Amharic sentence is also omitted from all examples.

Zare himus\N ndw ‘ “Today is Thursday”

4.4 Tags for Nouns

4.4.1 General Tags for Nouns

As discussed in Chapter three, nouns are considered as noun proper]6 and pronouns. Nouns
can be singular or plural. They can also indicate gender and case. Table 4.1 below shows the

attributes of Amharic nouns together with their respective values.

16 ;e all nouns that are different from any of the pronouns discussed in Chapter three
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Table 4.1: Attribute and attribute values of nouns in Amharic

Word Class: Noun

Attributes

Gender

Number

Case

Definiteness

Values

{m, f, n}

{s, plj

(Subject, object, genitive} | {-u, -wa, -itu,-wu}

For the purpose of this study, all nouns other than those treated under special tags for nouns,

discussed later in this section, are assigned the tag “ N”. That is, there is no such distinction as

noun plural, noun singular, common noun, proper noun, and so on. Not that all pronouns (i.e.

personal, demonstrative, interrogative, indefinite, impersonal, emphatic and reflexive,

reciprocal, distributive and relative pronouns) are also treated as nouns and thus are assigned

the same tag N. Here are some examples.

Ossu\N bdg\N gizi

one\N big-o¢E\N gizahu

yohéns\N bat’dam 10j\N naw

domait-it-u\N mot-ic

domiit-u\N mot-d

“ He bought a sheep(s)”
“1 bought sheep(pl)”
“Yohans is very young”
“The cat(f) died”

“The cat(m) died”

For the purpose of this study, proper nouns like personal names, geographic names, non-

personal names and non-geographic names (e.g. names of organizations, sport names,

shops etc) are assigned the tag N as in the following examples.

kassa\N tdmari ndw

“Kassa is a student”

ityoppiya bidmdsraq afrika\N togéfialac “Ethiopia is found in the East Africa”

mut bihar\N

“The Dead Sea”



Amharic initials in names such as ato “Mr.”, Wiiyziro “Mrs.”, Wiiyzirit “ Miss”, witddar
“sergon”, 18j “ prince ”, ndgdst “Queen” nogus “king” etc are all assigned the tag N as in the
following example.

18)\N eyasu mice dndd motu aytawdqm “Tt’s unknown when 18j Eyassu had died”

Days of the week in Amharic can either be used as a noun or as an adverb. When they are
used as a noun they are assigned the tag N as in.

ohud\N yérift géin niw “Sunday is a weekend”

Months of the year in Amharic are assigned the tag N as in

miskirdm\N bé-ityoppdya yi-méjémariya wir ndw “September is the first

month of the year in Ethiopia”

Directions in Amharic such as simen “North”, didbub “South”, mosrak “East”, mdrab
“West”, simen mdsrak “North East” etc are also assigned the tag N. The following are some
examples of this.

simen\N ityoppdya tirarama ndw  “The northern part of Ethiopia is mountainous”

dibubu\N yihégiritu kofl lim ndw  “The southern part of the country is fertile”
Compound nouns, which appear either as multi words'” or fused words,'® are assigned the
tag N. In case of multi words as bunna bet “bar”, the tag N will be assigned only once at the
end of the multi word rather than assigning the individual components of the multi word, as in

abbatu tol1dq bunna bet\N alaw “His father has a big bar”.

big tard\N taqitald “The sheep market place has burnt”

are two separate words formed from two words and that belongs to only one POS (eg. buna bet “bar”)
8 are words formed from two words and that they are not separated (eg. betakc‘ﬁrﬁstlyan ‘church”, which is
obtained from bet “house” and kdrdstiyan “Christian”)
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4.4.2 Special Tags for Nouns

As discussed in chapter three, there are Amharic nouns where prepositions and conjunctions
are not separated from the nouns. For our purpose, nouns affixed with such prepositions or
conjunctions are assigned special tags. The tag NP is used for nouns where prepositions are
not separated from nouns. Of particular interest here are Ambharic independent personal
pronouns attached with prepositions, for the prepositions may not be noticed from the
independent personal pronouns. The following are examples of such Amharic independent
personal pronouns preﬁxed with prepositions

(ye)(yd )(sld)( ondd)(ba)(kd)(1d)- One

(ye)(yd) (sld)( ondd)(bd)(kd)(14)-onna or nia

In the language at most one of the prepositions can be used at a time with the independent

personal pronouns as yi-one “mine”, 14-One “to me”, sold-dne “because of me”

Due to their very nature, such words may not be treated as words that can be categorized in
one of the parts of speech categories. Thus, for our purpose such words are tagged the tag NP,

a tag for prepositions that are not separated from nouns. Here are some examples

kassa bid-mikona\NP mita “kassa came by car”

hozbu lid-hdgéru\NP yomotal “Everybody will die for his mother land”
14(0)ne\NP bolo kisdw tét’ala “He quarrelled with some one in favour of me”
yé-Oras-a¢aw-n\NP bet Sdtu “They sold their house”

Another tag NC is used for nouns suffixed with conjunctions, i.e. where the conjunctions are

not separated from the nouns. Here are some examples.
bértukan lomi mango-na\NC muz ycbiqdlal “Firuits like orange, lemon mango and banana grew here”

dssu mattd windommu-m\NC “He and his brother came”
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Nouns prefixed with bald form special nouns, which show ownership. Such nouns can be
identified easily and are assigned the tag NB, as follows
balid-sugq-u\NB ydldm “The shopkeeper is not there(or here)”

bald-big\NB yoh big sont ndw ? “Bald-big ! what’s the cost of this sheep?”

All verbal nouns, nouns formed from verbs, except those formed using balé are assigned the
tag NV as in

ma-blat\NV yasdistal “Eating food is pleasant”

4.5 Tags for Verbs

4.5.1 General Tags for Verbs

Verbs in Amharic have those attributes and attribute values indicated in the table below.

Table 4.2: Attributes and values of attributes for verbs

Category: Verb

Attributes | Gender | Number | Person Tense Polarity

Values fm, f,n} | {s,pl} | {Ist,2nd,3rd} | {1,2,3,4,5,6} | {Aff, Neg.}*"

In this study, part of speech tags for verbs do not as such indicate any of the features (or
attributes) listed in the above table. That is, no special distinction is made on number, person,
gender, tense and polarity. Only two tags are used in this study for verbs other than those
indicated by the special tags, (see beyond). These tags are V and AUX. The tag V is assigned
to verbs in all forms except auxiliary and to those indicated by special tags for verbs. The

following are examples to illustrate verb tagging.

' The numbers indicate the six tenses in Amharic. For details see Baye(1987)
2 Are abbreviations for affirmatives and negatives, respectively
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aster widi bet hed-i&\V perfect, positive, third person singular feminine gender “Aster has gone to the house”
Bssu sdra al-h ed-i-m\V perfect , negative, third person singular masculine gender “He hasn’t gone to work”

la_] _o&&-u-n gﬁdéil-u-aééiw\V perfect , positive, third person plural and neuter for gender “They massacred the children”

Annant bArrédqqo t-sAbr-u\V nibir MPerest » positve, second persan plural neuter for gender “you were breaking
glasses”

kassa oncit y-falt\V nébbir “kassa was splitting wood”’
The tag AUX is used to indicate auxiliary verbs in all forms. This tag makes also no special
distinction for number, gender, tense etc. Words that are assigned the tag AUX include the

following.

» The word alld, ndw and nabbir
» All forms of allid, niw and nibbir (words presented in tables 3.10, 3.11 and 3.12 in the
appendix).
» All forms of the negatives of alli, niw and nibbér (words presented in table 3.13 in the
appendix). Here are some examples
onndssu tdmari hon-dw-al\AUX “They became students.”
mondm séw al-nédbbiir-i-m\aux “There was no one.”
onna anbidsa gadl-d-n ndbbAr\AUX  “We killed a lion.”
anti anbisa t-gadl alih\AUX “You are strong enough to kill a lion.”

Ossu obet alli\AUX “He is in the house”

In cases where the auxiliary verbs appear as multi words as in nore nibér, nordh nédbbér (see
column 4 of table 3.11 and 3.12 in the aapendix), the tag AUX is assigned once for each
component of the multi word, as shown below.

o0zzih bet nore\AUX ndbar\AUX “He used to live in this house.”
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lat'tdqit gize 0zzh hondiw\AUX ndbar\AUX *“They were here for a short period of

time.”

While tagging auxiliary verbs, problems may be encountered if the main verbs are fused with
(i.e. not separated from) the auxiliary verbs, as in the following example.

Jssu anbésa y-gadl-al “He kills a lion.”

In such cases the whole word is assigned the tag V for the auxiliary verb is attached only to
indicate tense. Thus, we have the following.

dssu anbésa y-gadl-al\V “He kills a lion.”

Please note again that, for the purpose of this work, the two tags, V and AUX, simply
identify whether the word is a verb or not. That is, the tags V and AUX are applied more
widely, and these verb tags are not made to indicate tenses, number, gender, person and

polarity.

Note also that the two tags are not used in case where the verb is affixed with either by
prepositions or conjunctions. The two tags are assigned only to such verbs that occur without
any prepositions or conjunctions attached to them. Such verbs, verbs affixed with prepositions

or conjunctions, are treated separately under special tags at end of this section.

For the sake of this study, compound verbs are treated distinctively from other verbs and are
assigned a different tag, VC Words in this category include
» All forms of alld verbs

» Compounds of adérrigd, assdiid and all their other forms



Note that compounds of alld, adérrigs, assdiid and all their other forms are multiple words.
Thus, such words are assigned the tag VC only once at the end of the multiple word
combination. Here are some examples

bérru koffot alla\VC “The door is opening wide”

tamari-"o¢&-u tdvage sitayigqg-u zim y-1-al-u\VC “The students do not utter a word when they are asked
Y

questions.”

zom i-yal-achu\VC atasc¢érsun “Don’t let us perish in vain.”
betun fors adrrigo\VC adis giniba “He demolished the farmer house and built a new one.”

19j-u-n zm assin-ac-w\VC “She made the child silent.”

Remarks
adirréigd and assaiid are neither auxiliary nor compound verbs and they are as such
assigned the tag V.

» 1If the compounds of alld, addrriigd and assifid appear with forms of the auxiliary verbs
alld and nibbir (see table 3.15 in the appendix), then such words are assigned the tag VC
while the forms of the auxiliary verbs alléi and nébbir are assigned the usual tag AUX, as
in the following.

18j-u-n siit’ assiintot\VC nibbir\AUX “He made the boy shut his mouth.”

at’orun fors adrogaw\VC al-d&\AUX “She demolish the fence.”

» Nouns formed from compounds of alld, adérrdgd and assifid are assigned the usual tag for

verbal nouns, NV, as in any other verbal nouns. The following are examples on tagging

verbal nouns derived from alld, adérrdgd and assana.

hulum sit’ bay-o¢&\NV mahon yéldb-agd-w-m  “All of them should not be silent.”
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latafitaraw &ogr sit’ bay\NV mihon yilib-n-m  “We should not be silent for the sudden problem

» One problem worth mentioning in this regard is what to do when the compounds of ald,
adéirrigi and assini are fused with (or not separated from) the auxiliary verbs alld, naw
and n#bbir, as in

dski gizzew doris sit boldw-al “They are silent for the time being.”

In such cases, the whole word is assigned the tag VC, for the auxiliary verb is attached to

indicate tense, as in

oski gizzew dords git’ boliw-a\VC  “They are silent until the time comes to speak their

mind.”

4.5.2 Special Tags for Verbs

> Verbs (main or auxiliary) suffixed or prefixed with conjunctions are assigned the tag VC,
as in for instance
oncit so-sibr\ VC nébir “T was cutting woods.”
zare andirdsm méngédu druk naw-na\VC  “We can not reach today, it is too far.”

tomohrotun dsktocirs\VC ot'dbqaldhu “I will wait until she (or you finish )the lesson”

» Verbs (main or auxiliary) suffixed with preposition are assigned the tag VP, as follows
16ju Onda-mat'ta\VP tana “The boy slept as soon as he arrived home.”
abbate kii-mét'ta\VP t'oran “If daddy comes, please do call me.”

ayiru qizqizd soli-ndbbar\VP ki-bet al-witim “Since the weather was too cold, I couldn’t come out.”
géns dyald\VP so-kirakdr\VP qoyd “He was nagging for a discount.”

widi gibdya li-hed\VP ténisa “He is ready to go to the market.”
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4.6 Tags for Adjectives

4.6.1 General Tags for Adjectives

Ambaric adjectives have the attributes and values of attributes indicated in the table below.

Table 4.3: Attributes and values of attributes for adjectives

Category: Adjective

Attributes | Gender Number Definiteness

Values {m, f, n} {s, pl} {-u, -itu, -wa}

The general tag assigned for all sorts of adjectives (sing., pl., masc., fem., etc.), for the
purpose of this work, is J. However, the tag J is used more generally and as such it does not
indicate the specific features listed in Table 4.3. The following are some examples that
illustrate tagging with J.

dig\J séw naw “He is a kind persoﬁ.”

bet-d-sib-0&¢-u dig-o¢&\] na¢dw  “His families are kind.”

dihnawa\J set Osswa nidcc “She is the kind hearted one.”
diig-it-u\J 10) matt-4c¢ “The kind hearted child(f) is coming.”
diig-u\J 10) matta “The kind hearted boy came.”
diig-o¢-u\J 10j-0¢¢ mat't-u “The kind hearted teenagers came.”

Compound adjectives, as discussed in chapter three, can either be fused words (the two
words, forming a compound, word not separated) or multiple word combinations. Compound

adjectives that are multi word combinations are assigned the tag J once at the end of the
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compound adjectives (i.e. multiple word combination) rather than to each component of the
compound adjectives. Compound adjectives that are not multiple word combinations are
assigned the tag J, like an adjective that is not compound. Here are examples on tagging
compound adjectives.

10j-u g azibozu\] naw “The lad is always having loads of luggage.”

10j-u gidi bis\] ndw “He is unlucky boy.”

Special Tags for Adjectives

» If a conjunction is suffixed to and not separated from an adjective, then the adjective
together with the conjunctions suffixed to it is assigned the tag JC, as shown below.

ddg-na\ JC ydwah séw ndw “He is kind and innocence.”

toqur-na\ JC nac¢ bég “A sheep with black and white complexion.”

drajdm-na\ JC wiifram\J 1] mittd A tall and fat man is coming.”

> An adjective prefixed with (and not separated from) a preposition is assigned the tag JP as
shown below.

10j-0¢¢-u bii-doforat\JP tdyaqeadwn aqdribu “The boys posed their question boldly.”

ki-wuhima\JP bota dérisu “They reached at watery land.”
Osrin-o&¢-u bi-tenama\JP huneta lay naCdw “The prisoners are very well.”
bé-bahlawi\JP gabéa-na bi-ziminaw\JP gaba mikakil 10yunit ald “There is a difference

between the traditional and modern way of wedding.”

% Some times a noun headed by a preposition function as an adjective. In this case, the tag

JPN is assigned to the adjective so formed as in the following.
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yi-tilla borrcdqqo giiza “Please, do buy a glass for “tella”, a local drink.”

yi- ¢ayina sidhan Sita “He sold a china made plate”

» Numerals in a corpus mostly function as an adjective. The tag JNU is assigned for such
numerals, as in the following
and\INU tdrmus t'd) t'dt’a “Do take a bottle of ‘tej’.”

hulidtt\JNU gurédno big alldw “He has got two enclosures of sheep.”

4.7  Tags for Prepositions and their Problems

In the Ambharic language, although most words appear exactly in a certain POS category,
there are a lot others that cannot be placed in a certain POS category. Most such words

contain prepositions and conjunctions.

For instance, in the sentence kassa bi-mikina mit'td “kassa came by car”, the word bi-
mikina “by car” is composed of the preposition béd “by” and the noun mékina “car”. But, the
whole word bd-mikina belongs neither to the noun nor to the preposition POS category. In
fact, the word does not belong to any of the word categories considered in this study. In other
words, the word bd-mikina cannot in particular be assigned the tag N, used for nouns, or
PREP, the tag used for prepositions, see below. This is one of the problems encountered in the

attempt of tagging Ambharic texts. Similar problem also occur for conjunctions.

The problems mentioned above arise because the prepositions and conjunctions are basically
not separated from such words as nouns, verbs and adjectives. This is not the case for the
English language where each preposition and conjunction appear separately from other words.

Thus it seems that this nature of the language makes the Amharic language to have more tags

(o)}
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than English does. This is a disadvantage for having more tags is not recommended as 1t has

overhead on the performance of the tagger.

A closer look at the grammar of the language reveals that words like bamékina are treated at

phrase level rather than at word level. That is, bamékina is a phrase, a noun phrase.

In the Amharic language, there are quite a large number of words, like bé-mékina, that must
be treated at phrase level rather than at word level. In tagging such words, two alternatives
can be considered, at least for the purpose of this work, to resolve such problems. The first
alternative is to treat words like bid-mikina as they are and assign them a special tag that
indicates that they are phrases rather than words. The other alternative is to use a pre-
processor. This pre-processor separates the preposition bé and the noun mikina, and inputs
these as equivalents of bi-mikina to the tagger so that the tagger tags the word ba-mikina

separating it as  bd\PREP mikina\N. The first alternative is adopted here in this study.

In addition to what is discussed above, other problems may also arise while tagging
prepositions. As presented in chapter three, prepositions may appear
» as separate words in a sentence as in
sola témhort torat yowayayalu “They are discussing about the quality of education.”
Oss"“a wiidi bet hed-4¢ “She had gone home.”

» prefixed with other words in a sentence as in

16ju kii-bet mitta “He just came from home.”
10ju bi-mékina head “The boy went by car.”
li-hozbu yotagilal “He is fighting for the people.”

» As special prepositions, which are -I- and ~b- as in
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windmmiwan gidalu-b-t “They killed her brother.”
zirafiwoCun géddlu-l-agaw “They killed the plunders for them.”

» Consisting of two parts as shown below

ki-abbatwa gar mit’t-aé “She came with her father.”
ki-wigib bi-tac “Dawn below waist.”
bé-satn wost’ “In a box.”

Prepositions that appear, as separate words present no difficulty during the tagging process.
Such words are prepositions and are categorized under the POS called prepositions, and are
tagged the tag PREP, as in the following.

sOla\PREP tomhort t’orat yowiyayalu “They are discussed about the quality of education.”

18ju wiidd\ PREP tomhort bet hedd “The boy went to School.”

If the prepositions appear prefixed with (i.e. not separated from the) other words (nouns) as
bi-mikina, the whole word is assigned a special tag NP, which is implemented as discussed
under special tags for nouns. If the preposition is not separated from the verb, the tag VP will

be implemented as discussed under special tags for verbs.

In this study, the prepositions -b- and -I- are treated as part of the whole word, which is
always a verb and thus assigned the tag V, as in

zirafi-wo&¢-u-n giddilu-1-4w\V ~ “They killed the plunderers.”

Tagging prepositions that consist two parts, the last case, is not straightforward. In this study

the following alternatives were considered to handle such cases.



> Treat everything, the prepositional prefix, the noun, and the postposition put after the
noun, as one word and assign a single tag at the end of the preposition, as in for instance,

k¥asu kii-tarappezaw h"ala\?? ndiw “The ball is behind the table.”

NN\

from(preposition) table(noun) behind(postposition )

homamu ki-wigib bi-tad|?? ndw  “The pain is down the waist”
Where the two question marks, i.e.??, represent an appropriate tag to be assigned.

» Tag the preposition together with the noun to which it is attached with the tag for a noun
headed by a preposition (i.e. NP), and the postposition put after the noun separately with
any appropriate tag. Here are examples

k"su kii-tarippezaw\NP h"ala\PRP naw  “The ball is behind the table”

homimu kii-wigib\NP bi-tac\NP ndw “The pain is down from the waist.”

The first alternative is forwarded based on what the early scholars thought of prepositions that
consist two parts (mersehazen, 1934). That is, according to the early scholars, prepositions
consisting of two parts are treated as one preposition rather than separate parts consisting of a
word composed of preposition not separated from the noun, verb or adjective and another
word which is a preposition only or a noun headed by preposition (i.e. a word composed of a
preposition not separated from the noun). Accordingly, for instance, kid-winddmm-u gir
“Together with his brother” should not be viewed as composed of a word consisting of two
words, ki-winddmm-u and gir. Rather the whole kii-winddmm-u gir is viewed as a

preposition.



On the other hand, scholars like Baye (1987)] and Gethahun (. 1990)l treat prepositions
consisting of two parts separately as a part consisting of a word composed of a noun headed
by a preposition and a post position which is another word formed from a preposition only or
a noun headed by a preposition. This second alternative is adopted in this study to solve the
problem in tagging prepositions that consist two parts. The following examples illustrate this

idea.

\

with (preposition) brother(noun)-his together(preposition)

l}ﬁ—wﬁndamm-u\NP gar\PREP “Together with his brother”

)(ﬁ-wéigéib\NP bii-tal\NP “Down below the waist.”

S S

ffom(preposition) wasit(noun) twoards(preposition)  below(noun)

kﬁ-zif \NP la)\ “Up on the tree.”

from(preosition) tree(noun) on(preposition)

kii-.':mgéit\NP bi-la “Above the neck.”
/ t \ Y\

From (preposition) neck(noun) towards(preposition) above(noun)

Note that, in some works (Dawikins, 1969) bii-ta¢, bi-lay and so on are treated as adverbial
nouns. Such view is against what is proposed by Baye, where such words are not adverbs but

noun phrases composed of prepositions not separated from nouns.

: years are according to the Ethiopian calender

~
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4.8  Tags for Adverbs

As discussed in chapter three, Amharic adverbs can appear as

» distinct primitive or compound adverbs appearing as one word (e.g. géna “Yet”, tolo “in
a hurry.”, ondégina “Again”, sldzzih “Therefore”, zare “Today.”)

> As compound adverbs which are multi words (e.g. tokit tokit “A small amount”, tonns
tonng “Small” )

> As compounds of preposition and other words appearing as one whole word, called noun
adverbs (e.g. widitad= widd(PREP) “to” + tat(noun) “down”).

» As short adverbial clauses.

» As gerunds used as adverbs and so on

In the first two cases, tag assignment is straightforward: all adverbs are assigned the tag
ADV, with compound adverbs that appear as multi words assigned the tag ADV only once at

the end of the compound adverb. Here are some examples.

zare\ADV ginna ndw “To day is charismas”
16ju tonnantona\ADV kihigiru matta “He came yesterday from his country.”
tornétu bihulum sofra\ADV Oyatisfafa ndw “The battle went allover the

place.”
andand gize\ADV yimibrat méq"arit yokisital — “Some times the light went off.”

fitdinawun dndigina\ADV ondisira tizizd “They ordered him to take a re-exam.”

The treatment discussed under prepositions consisting of two parts is applied in the third case.
This is for the purpose of consistency with earlier discussion on nouns, verbs and adjectives
headed by prepositions. Thus, instead of treating such words as adverbs, they are treated as

nouns headed by prepositions and they are assigned the tag NP.The following illustrates this.
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kiitorniitu bihuwala\NP widi 1dmat tésdmaru “After the battle is over they are engaged in development work”

Which should not be done as

kitornitu bih“ala\ADV wiidi 10mat tdsimaru  “They engaged in production after the battle went off.”

Short adverbial clauses (prep + noun or prep + Adjective) can either be assigned the tag ADV
or the tag for a noun or adjective headed by preposition, i.e. NP or JP. In this thesis, short
adverbial clauses are assigned the tag NP or JP depending on whether the preposition is
attached with a noun or an adjective. Examples on these are already given under special tags

for nouns and adjectives. The following are additional examples but using short adverbial

clauses.
fbﬁ-de'ista\J P ridddhu “I helped with joy.”
Preposition adjective
bii-ddhna\JP gébu “They arrived in safe.”
bal
Preposition Adjective
bé-hayol\NP ydrot'alu “They are running fast.”
preposition Noun

Adverbs suffixed with conjunction are assigned the tag ADVC, as in

gibdrew ahun-m\ADVC zim ald ~ “Even now, the farmer does not give any response.”

Days of the week will be assigned the tag ADV if they appear as an adverb in a corpus, as in

chud Shud\ADV sdra yildwm “His day off is every Sunday.”

If adverbs derived from gerunds21 appear in a corpus, they are assigned the tag ADV, as in

= see(Dawkins, 1969)
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kihulu gadmo\ADV miitta “He arrived first.”

lizare amit digmo\ADV yaginaiidn “May God bless us to next year.”

Similarly as with such tags as N, V, J etc., in this work, the use of ADV is applied more
widely, and as such it does not differentiate among such adverbs as adverbs of time, place,

manner and so on.

4.9 Problems With Multi Words

In Ambharic language nouns, adjectives, adverbs, verbs and conjunctions can appear as multi

words. Here are some examples.

bunna bet “Bar”, a noun

négar gon “However ” , a conjunction

tollok tollok “Massive kind”, an adverb or an adjective
koffot alla “It opens wide” , verb

Because multi words of the sort typified in the above examples function as one word, only
one tag should be assigned to such multi words. Such cases for nouns, adjectives and verbs
are already considered when dealing with compound nouns, adjectives and verbs. But, there is
a need to generalize such special cases. For instance, the multi word bunna bet “bar” in the
sentence Kassa t0llok bunna bet\N aliw  “Kassa has a high standard bar.” should not be
tagged as Kass 0110k bunna\N bet\N aldw. Similarly, niigir gon in abbatu tdimdw nibbér
nigir gon\ADV ahun donéwal should not be tagged as abbatu timdw nibbir

nigir\ADV gon\ADV ahun dondwal.
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Unless there are especial cases to consider, in this study, multi words in any part of speech are
treated as explained above. That is, the space between the multi words are retained and the

tags are attached only once at the end of the multi words.

4.10 Tags for Conjunctions

Among the problems that will be encountered while tagging conjunctions are the following.

» Most of the conjunctions are also prepositions. That is, the same word can be used as both

conjunction and preposition (see conjunctions and prepositions under chapter three).

» Conjunctions may be found attached with other words (e.g. nouns, verbs, adjectives and

adverbs). Here are some examples.

windémm-na\NC chot naciw “They are brother and sister”

f t

noun conjunction
Zare andédrsom méngéddu ruk n?w- \VC “It is far for us to reach to day.”

Verb conjunction

gibdrew ahun-m\ADVC zim ali “The farmer still rested not to give a response.”
Adverb Conjunction

In such cases, the tag NC, VC or ADVC are assigned as discussed per the discussion under

verb tagging and special tags for nouns, and adverbs.

»  Conjunctions may appear distinctively as separate single words. Such conjunctions pose

no problem and are assigned the tag C, as in the following.

~J
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Say yofilgalu wiydss\C bunna? “Would you like tea or coffe.”

abbatu alu dnatu gén\C motéwal ““His father is alive but his mother has passed away.”

» Conjunctions may appear distinctively as multi words. Such cases may be treated as per the
discussion for multi words. That is, the multi word is tagged the tag C once at the end of the

multi word rather than tagging the components separately, as in the following.

baldéwa timo nibdr nigir gon\C ahun donoal “Her husband was ill, but he has now
recovered” which should not be tagged as

baldwa timo nibir nigir\C gdn\C ahun donoal “Her has band was sick but he recovered now.”

» Conjunctions may appear as compound conjunctions which consist of two parts, as for
instance, in
bi-mattu\VP gdze\ barun koffit “at the moment when they came, open(m) the door” (b... gdze)
abbatadiw ka-motu\VP ba-h"ala\NP betun &itu “After their father passed away, They sold
the house” (k... ba-h"ala)

bi-mitta\VP qut’dr\N betun yodrdbSal “Whenever he comes he disturbs the family.” (bi ...qut’dr)

In such cases, the solution suggested for prepositions consisting of two parts may be applied,

as shown in the examples above.
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411 Tags for Numerals

Numerals are mostly used in the sense of an adjective or a noun. If the numerals are used in
the sense of adjective, they are assigned the tag JNU. If they are used as a noun indicating the
English dozen, gross, one, two, three, four and so on they are assigned the tag CRD, as in

biatorndtu arat\JSU sdw moti‘“‘Four men were killed in the batlle.”

The tag ORD is assigned to the Amharic ordinals such as andifina “first”, hulitfinna
“second” and so on, as in
16ju bifitina andéiinna\ORD hond  “He stands first by the exam.”

Compound numbers such as hulétt mitto sdlasa ammdsot “two hundred thirty five” or assord
ammostinfa “fifteenth” may require special treatment. Two alternatives where considered in
this study to handle such cases. The first alternative is to treat such numerals as multi words
and hence assign only one tag appropriate form JNU, ORD or CRD, at the end of the multi
word. The second alternative is to assign each component of the numeral an appropriate tag.

In the following examples, (a) refers to the first and (b) the second.

1 a. hulitt métto sdlasa ammosot\INU sdw alld “There are two hundred and thirty five people.”
b. hulit\CRD mitto\CRD sélasa\CRD ammsat\CRD siw alii “There are two-hundred and thirty-five people.

2 a. haya anddiia\ORD honé “He stands twenty first.”
b. haya\ORD andéria\ORD hond “He stands twenty first

From the two alternatives, the first (option) is used to tag such compound numerals.

Prepositions may also appear being not separated from numerals as in the examples below.
ld-hulitt géin sora fétoto nébbér “He was idle for two days.”

ki-hulitt si’at bih“ala head “He had gone after two hours.”



In such cases, since the words function as an adjective, they are assigned the same tag as
numerals that function as an adjective, as in the following.
Examples li-hulatt\JNU gin sora fitdto nidbar “He hadn’t do any thing for two days.”

Ki-hulitt\JNU si’at bih"ala head “He had gone to after two hours.”

The case of distributive numerals, as in below may require special treatment.

hulétt huliitt bortukan satacaw “Share them two oranges for each.”
In such cases, distributive numerals are assigned the tag CRD once at the end of the multi
word for the distributive numerals are more of nouns as they indicate the English one, two,
three and so on as in

huliitt hulétt\N bortukan sitd¢iw  “Do give each of them two oranges.”

4,12 Tags for Interjections

According to Baye, interjections are not treated as words that are at word or phrase level, and

as such they do not fall in any of the Amharic POS categories.

Options were also considered to handle this situation. The first alternative is to assign
interjections with the tag for unrecognized words??, which are denoted by UNC. The second
alternative is to assign them a special tag for them denoted by ITJ. The later option is
preferred for the purpose of this study. The following is an example of tagging interjections.

GoS\ITJ ! tolo na “Please come soon.”

22 are words that are not in the lexicon of the tagger

80



4.13 Tags for Punctuation

In this study, the following characters are considered as a delimiter to identify individual
words in a corpus written in Ambharic: the white space, the colon (:), the square formed by
four dotes (::), the question mark (?), the exclamation mark (!), tab, carriage return, line feed

characters and such orthographic signs as £, {, +and so on.

Besides serving as delimiter for words, the punctuation mark:: (the four dotes or double
colon) marks also the end of an Ambharic sentence. With no exceptions, all these punctuation
marks or characters are assigned the tag PUNC, although it is possible to assign each a unique

tag. The following are examples on tagging punctuation markes.

nigi sora ald wiyos ydlam?\PUNC “Is there a job tomorrow or not?”

go§ '\PUNC tolo na “Please come soon.”

lijabina \PUNC ldssoni {\PUNC libdrredqqo ~\PUNC lisk“arna + \PUNC libunna-+\PUNC assor +\ PUNC bdrr A\PUNC

kifilu:\PUNC  “They pay ten birr for kettle, cup, glass, sugar, coffee.”

4.14 The Tag Set

The tag sets discussed in the preceding section are summarized in Table 4.4 below.

Table 4.4: A tentative POS tag set for the Amharic language

No. TAG | DESCRIPTION

1 N Nouns including all pronouns, invariant for number, gender and case
except for verbal nouns and such nouns formed using the prefix bali(e.g.

10j “chiled”, 15j-0&¢ « Children™, dssu “He” ,dégonit “kindness’ )

2 NV Verbal nouns (e.g. méblat “Eating”, matatat “ Drinking.”

3 NB Noun formed by prefixing the prefix bald to nouns (e.g. bali-bdg “The
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Sheep owner”, bald-suq “Shop keeper”, bald-lobs “owner of the

clothing”)

A word with a preposition not separated from a noun (e.g. bimikina

“By car”, soldhédgér “a bout a country™)

NC

A noun suffixed with a conjunction, i.e. a word with noun not separated
from a conjunction (e.g. lomina bortukan “Lemon and orange”, ziyts

“how about 0il”)

Verb in any form except auxiliary verbs, compound verbs and other
forms of the auxiliary and compound verbs (e.g. gidddild “He killed”,

géddlo “after he killed”, gaddalag “she killed™)

AUX

Auxiliary verbs and all their other forms. This does not include
compounds of alld, adérriigd, assdnd and all their other forms (e.g. ald
“He, It present” ,nidbbir “He, It was”, niw “It is”, nid¢ “She is”,nac¢iw

“They are”)

VCO

Compound verbs, i.e. compounds of alld, adarrdgd, assdnd, and all their
other forms (e.g bdq alld “He appears”, zom assdnto “In a way of

making them silent”, boddg adérrdgé “He take it up.”)

VP

Any verb (main or auxiliary) headed by a preposition. The preposition
not separated from the verb (e.g. soldmétta “Since he came”, kihedd

“If he went™)

10

VC

Any verb suffixed or prefixed (i.e. headed) by a conjunction. That is, a
word with the conjunction not separated from the verb (e.g. méttana
“He come and” , sométta “When he comes”, sdzdnb “when it rains”,

Osktdeédrs “Until you finish™)

L

An adjective which is preceded by neither prepositions nor conjunctions

(e.g. ddg “Kind”, kofuna “Dangerously”, tollok “Big”)

12

IC

An adjective not separated from a conjunction (e.g. digdna ydwah “Kind

and Innocent”, toqurna na¢éo “Black and white™)

13

A numeral that function as an adjective (e.g huldt bdorrécdqqo * two

glasses”, ammdst gurdno “five Sheds™)
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14 JPN A preposition not separated from a noun but that function as an adjective
(e.g. yitidla borrocoqqo “A glass for “tella” ”, yd€ayna sahon “A china
made plate™)

15 JP A word with a preposition not separated from the adjective. That is, the

adjective is headed by a preposition (e.g. bdddhdna “In a fine way™)

16 PREP | A preposition that appear being not attached with other words (e.g. ki
“From”, 14 “To”, sold “For Sb/Sth.”, ond4 “Like”)

17 ADV | An adverb (e.g. tolo “In a hurry”, tolantonna “Yesterday”, zare “Today”,
hulgoze “Always™)

18 ADVC | An adverb which has a conjunction suffixed to it (e.g. ahundm “Even
now”

19 & Coordinating conjunctions that appear being not attached with other

words (e.g. nidgér gon “However”, wiydss “Or”)

20 REL A word which is a relative clause (e.g. yatdsdrdqdbdt “one who is

stolen”, ydqomut “those that stand”)

21 ITJ Interjections (e.g. go§! “Wonderful”, wa! “Take care! Be careful! Watch
out!”)

22 ORD | Ordinal number (e.g. ammostana “The fifth” ,assordfia “Tenth”)

23 CRD | Cardinal number (e.g. ammdst “Five”, assor “Ten”)

24 PUNC | Punctuation (e.g. +, 3, 1,?)

25 UNC | Unrecognized word, i.e. a word not found in the lexicon of the tagger

The total number of word class tags in this study is 24, plus one tag for all punctuations.

4.15 Conclusion

This chapter (also the next chapter) is central to this study and has discussed the tags drawn
for Amharic language based on the analyses made in chapter three. These tags are not
exhaustive as many more tags can be drawn (e.g. tags for abbreviations and contracted forms).

But these tags were enough for they included the main categories that should be addressed.
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These tags are useful for knowledge acquisitions, i.e. to represent the structural or linguistic
information contained in the NL considered, and they are useful to generate the statistics

required on lexical and transitional probabilities discussed in chapter two and five.

The next chapter discusses issues on POS algorithms, interface design, creation of database

(the knowledge base), and the actual experiment conducted.
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CHAPTER FIVE

Part of Speech Algorithm and the Experiment

5.1 Introduction

The previous Chapter presented the parts of speech tags designed to serve as a tool for the

preparation of the lexical and transitional probability matrices in this chapter.

This chapter discusses the actual and major tasks involved in the process of automated POS
tagging. Among the tasks discussed in this chapter are preparation of the knowledge base,

design of the database and the interface and the development of the prototype.

Discussions in some detail are also made on the POS tagging algorithms, the experiments

conducted and the results achieved on the small sample corpus used for the experiment.

The chapter begins with a discussion on the sample text used for the experiment and the

manual tagging process.

5.2 The Sample Corpus and The Manual Tagging Process

For the purpose of the experiment conducted, a small sample of a narrative text in Amharic
was obtained from modern Amharic grammar book by Getahun (1990). This sample was
selected since it was prepared with the aim of testing students’ knowledge of Ambharic

grammar and, thus, it is comprehensive and has also a direct relevance to this study. This
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original text with its phonetic transcription (Leslau,1973)* are found in the appendix by the
name AmharicText and LatAmharicText, respectively. The study was limited to such small
sample for no text annotated with parts of speech was available and it was also laborious,
expensive and time consuming to manually tag a large corpus. In addition, preparation of the
LexicoProb and TransProb for a large corpus requires expense and time apart from the fact
that it is arduous. The corpus LatAmharicText, with the inclusion of few statements and
words, was then manually annotated with parts of speech tags by three independent

annotators.

As there were no standards to measure what the three annotators annotate, a majority vote of
the three annotators was taken as a base for the experiment made in this research. Where there
were some problems, they were resolved by consensus. The final manually tagged corpus is
found in the appendix by the name ManuTaggedText. It is this manually tagged text that was

used to get the training and test set used for the experiment.

5.3 Preparing the Sample Data for the Experiment

This corpus, ManTaggedText, was then divided into two sets, the training set and the
testing set. The training set was used to estimate the lexical and transitional probabilities
required for the knowledge base. This set, the training set, consists of 90 percent (261 words,

excluding punctuation marks) of the total data, ManuTaggedText, to be tagged.

The test set used in the experiment consists of 10 percent of the total data to be tagged. Since
the performance of the algorithm was evaluated using cross validation techniques, the test set

and the training set for this study were obtained as follows

 Minor Changes are made in this transcription for convenience.
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The test set was obtained by repeatedly removing different parts of the corpus,
ManuTaggedText, until it constitutes a test set of 10 percent of the data to be tagged. The
remaining corpus constitutes the training set. A Random sampling was used to obtain the
Test Set from ManuTaggedText simply by assigning numbers to each sentence and then

drawing a lot.

The training and test set obtained in this manner are found in the appendix by the name
TrainigSet and TestSet, respectively. As a preparation for the experiment, the punctuation
marks ::,? and : that appear in AmharicText are coded by #, * and ~ respectively in the

ManuTaggedText as well the TrainigSet and TestSet.

For the purpose of this research, only the percentage of correct tag assignment (although
there are other measures like the complexity of a text) was used to measure the performance

of the tagger.

5.4 Evaluation Procedures

The following were the procedures followed during the experiment to evaluate the

performance of the tagger.

1. The tagger was first trained on the training set obtained earlier, TrainingSet. The Vitrbi
and the sentence extraction algorithms (where necessary) were then run on the training set to

see how well the tagger performs on the training set, TrainingSet.
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2. The result obtained on the training set was then evaluated by comparing it with the
manually tagged corpus used as a training set, TrainingSet. Aiming to improve the tagger
accuracy, causes of error were identified and corrected and step one was repeated again. This
processes of correcting errors and repeating step one was done until the result obtained was
found to be satisfactory, i.e. tag assignments of the manually and automatically tagged

corpora were more or less the same.

3. The tagger was then tested on the test set, TestSet, obtained earlier but with its untagged
version. This test was essential for it helps to see the generality of the technique used. That 1s,
it helps to see how well the algorithms and hence the tagger performs on the new or unseen

data.

4. The output of the tagger in step 3 was then evaluated by comparing it with the manually

tagged test set, TestSet.

5. Step 4 (and also step 2 and 3 if found necessary) was repeated by identifying and
correcting errors until the test set tagged manually and automatically were fond to be almost

the same.

5.5  Data Preparation and Component Building

This section discusses the actual data preparation processes carried out to create the

knowledge base for the tagger and the components built to hold the knowledge.
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55.1 The Lexicon

Based on the analysis of the TrainingSet, the lexicon designed in figure 5.1 was prepared.
This lexicon serves as a base for preparing the matrix of lexical probabilities required in

section 5.5.2.

Figure 5.1: Lexicon of the summary of word counts in the corpus

N NV NP ... v AUX JNU... REL... CRD... TOTAL
d 0 0 0 o o (3 0 1 4
ourinno 3 0 0 0 0 0 0 0 3
biig 0 0 0 0 0 0 0 7
gito 0 0 0 1 0 0 0 0 1
nibbiru - 0 0 0 1 0 0 0 1
TOTAL 80 3 14.. 30 19 Giﬁf).. 4. 3.... 261

The lexicon in figure 5.1 is part of the entry of the entire lexicon; named here on Lexicon,
design ed for this study. From the lexicon above or the entire lexicon designed, we see that the
horizontal total provides information on the use of words in the training corpus, Training Set.
For instance, there were seven uses of the word biig “sheep” and three uses of the word and
“one”. The vertical total provides information on the number of words in each part of speech
category. Thus, categorizing the words into the different parts of speech, for instance, there

are 80 nouns, 30 verbs, 19 auxiliary verbs and so on in the TrainingSet.
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The Lexicon also shows that the corpus used for the training, TrainingSet, consists of 261
words, excluding punctuation marks. In this study only 23 (excluding the UNC and PUNC)
word categories listed in Table 4.4 of chapter four were used in preparing the lexicon in
figure 5.1. Dotes in the figure indicate the presence of words and categories that are not

displayed but that are in the Lexicon.

5.5.2 The Lexical Probabilities

The lexicon presented in figure 5.1 was then used to approximate the lexical probabilities of
each word for each of the 23 categories. The entire lexical probabilities thus obtained using
the information in figure 5.1 is known by the name LexicoProb here on. A sample extracted

from the sample LexicoProb attached in the appendix is presented in Figure 5.2 below.

Figure 5.2 : The Lexical probabilities matrix

p (and\JUN) = 0.636 P (yatdsaraqdbat\REL) = 0.025
p (and\CRD) = 0.333 P (3dt o\ V)=0.033

p (gurdnno\ N)=0.038 p (vdgojam\NP)=0.071

P (bdg\N)=0.088 p (wdda\PREP)=0.444

P (leba\N)=0.013 p (bat am\ ADV)=0.026

The probability values in Figure 5.2 (and hence in the Lexicoprob) were computed using the
information in Figure 5.1 and the formula

P(Wi\Ci) = number of times Wi appears in categary Ci as discussed in equation (18) of chapter 2
total number of words with category Ci

In other words, lexical probabilities il Figure 5.2 and hence in the LexicoProb were

estimated simply by counting the number of occurrences of each word by category. For
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instance, the probability of bidg “sheep” to be used as a noun in the TrainingSet, i.e.

p(big\N), was computed as follows.

Since for biig “sheep”, Wi= biig and C;=N, the formula above becomes

p(big \N) = number of times biig appears in category N

total number of words with category N

From figure 5.1, the numerator is 3 while the denominator is 80. Substituting these values in

(1) above will give 0.038 as an approximate value of p (bdg \N).

5.5.3 The Transitional Probabilities

The transitional probabilities to be used as a knowledge base for this study were obtained

using the information in Figure 5.3.

Figure 5.3: Transitional (or bigram) probabilities generated from the corpus named

TrainingSet
Category Number of times | Pair Count of the number | Bigram Bigram estimate
the category of times the pairs
appears in the occurs in the corpus
text
) 23 $, N 5 P (N\¢) 0.217
¢ 23 ¢, NC 1 P (NC\p) 0.043
o 23 ¢, NP 3 P (NP\¢) 0.130
® 23 o, V 0 P (V\}) 0
N 80 N, NP 2 P (NP\N) 0.025
N 80 N, N 6 P (N\N) 0.2
N 80 N, NC 2 P (NC\N) 0.25
N 80 N, NB 0 P (NB\N) 0
N 80 N,V 17 / P (VAN) 0.213
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N 80 N,VC |5 P(VCWN) | 0.063
N 80 N, ] 5 P (I\N) 0.063
NV 3 NV,N |0 P(NNV) |0

v 30 V,N 7 P (NWV) 0.133
% 30 V.NV |1 P(NVWV) | 0.033
% 30 A 2 P (V\V) 0.067
v 30 V,AUX |2 P (AUX\V) | 0.067
Y 30 V,C 2 P (C\V) 0.67
] 16 TN 9 P (NV) 0.563

Figure 5.3 gives only some bigram frequencies computed using the TraingSet, the sample
corpus used as a training set. The values for the bigram in figure 5.3 are obtained using the

formula

P(C= o\ C;_| =) = count of the number of times o and 8 occur together as discussed in equation 16 of chapter two

number of times 3 occurs in the corpus

Where (o and B are parts of speech).

For instance, the probability of a verb to follow a noun, i.e. p (VIN), was computed as
follows.
Since for p (V\N), o=V and B=N, the formula above becomes

p(VA N) = count of the number of times V and N occur together in the corpus................. (2)

number of times N occurs in the corpus

From Figure 5.3, it is clear that the numerator is 17 while the denominator is 80. Substituting
these values in (2) gives 0.213 as an approximate vale for p(V\N). If the full information in
figure 5.3 is prepared, it helps to get the transitional probability values required for the
knowledge base. A sampleof the transitional probabilities is found by the name TransProb in

the appendix. Please note in this table that, where the transition probabilities are 0.0001, the
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actual probability values were zero. The value 0.0001 was used in place to account the

problem of sparse data®®.

5.5.4 Database Design
To store the lexical and transitional probabilities in LexcoProb and TransProb, a database
with four tables was constructed. Figure 5.4 shows the database schema designed for the

Ambharic part of speech tagger developed as a prototype.

Figure 54  Lexical and Transitional matrices database schema: primary fields are
underlined

WCODE

Weode Word

CCODE

Ccode | Category

LEXICOPROB

Wecode | f1 |2 [f3 | .....o... 21 | 22 | 23
TRANSPROB

Cecode | f1 |F2 |3 | .....o.n. 21 (22|23 |10

Note that the LexicoProb and TransProb actually prepared for the study are the last two

tables respectively, but filled with data obtained from the Training Set, TrainingSet. In this

24 The actual probabilities in such cases are zero for we used not a large corpus (Allen, 1995: 194)
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figure Weode is a code for each of the distinct words in the TrainingSet and Ccode is a code
for each of the 23 tags in Table 4.4 of chapter 4, excluding UNC and PUNC, and including

the pseudocategory. The table WCODE and CCODE field with data are founed in the

appendix.

A database designated by the name Sampledb was then created to store the information in the
four tables using Micro Soft Access. The structure of the four tables is shown in Figur 5.5

below.

Figure 5.5: Part of speech tagger table designs

Table name: TransProb

Attribute Data Type Length/format Description

Ccode Integer 3

fl Number Double, 3 decimal

2 Number Double, 3 decimal

3 Number Double, 3 decimal

21 Number Double, 3 decimal

22 Number Double, 3 decimal

0 Number Double, 3 decimal For the pseudocode

Table name: LexicoProb

Attribute | Data Type Length/format
Wcode | Integer 3

fl Number Double, 3 decimal
2 Number Double, 3 decimal
3 Number Double, 3 decimal
21 Number Double,3 decimal
22 Number Double,3 decimal
f0 Number Double,3 decimal
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Table name: Wordcode

Attribute Data type Length
Wecode Integer 3
Word Text 20

Table name: Category code

Attribute Data type Length
Ccode Integer 3
Category Text 4

5.6 Part of Speech Algorithms

This section presents the Viterbi and other algorithms used to develop the Amharic part of
speech tagger. Figure 5.1 is the Viterbi algorithm used in this study. A detailed discussion on
how this algorithm works is found in (Allen, 1995). Below Figure 5.6 are discussions on
codes written, see appendix, for the Viterbi and sentence extraction algorithm. A module is

also discussed for the part that actually performs the POS tagging.
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Figure 5.6 : The Viterbi algorithm, extracted from (Allen, 1995)

Given word sequence wi,....wr, lexical categories Li....,Ln, lexical probabilities PROB

(WdLi), and bigram probabilities PROB (Li , L;), find the most likely sequence of lexical
categories Ci,...,Cr for the word sequence-

Initialization Step

Fori=1to N do
SEQSCORE (i, 1)= PROB (W1\ L) * PROB (Li \ ¢)
BACKPTR (i, 1)=0

Iteration Step

Fort=2to T
Fori=1toN

SEQSCORE (i, t)=MAXj-1,n (SEQSCORE (j, t-1)*
PROB (Li \ Lj))*PROB (W¢\ Li)
BACKPTR (i, t)=index of j that give the max above
Sequence Identification Step
C (T) =i that maximizes SEQSCORE (i, T)
Fori=T-1to1do
C (i)=BACKPTR(C (i+1), i +1)

5.6.1 The Sentence Extraction Algorithm

To extract the first sentence from a file

1. Initialize a variable, inputstring, to hold the whole content of the file.
2 Initialize a variable, SentenceCounter, to hold location.
3. Assign the whole content of the file to the variable initialized, i.e. inputstring, using

the built in string manipulation function.
4. Starting from the first character in the inputstring, extract all characters up to and

including the hash mark (#) from the inputString

ND
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=4 Assign what you extract in step 4 to a variable, inputsentence, which holds only the
sentences extracted. Not at this stage one sentence is extracted.

6. Update the SentenceCounter by 1

7 Assign the sentence extracted in step 5 to an input box, untagged sentence text box, to
display the first sentence extracted

8. Disable start.

9. Enable tag, if you want to tag the sentence extracted and displayed in step 7

To extract the second sentence from the same file

1. Press the continue button
2. Empty the content of the untagged sentence text box in step 7, above.
3. Empty the tagged sentence text box if the sentence displayed in the untagged

sentence text box is tagged and displayed in the tagged sentence box

4, Deactivate the tag button
5. Check if all sentence in the file are extracted
6. If not then

6.1  Assign the variable inputsentence with all characters between the hash mark
(#)
and the sentence counter
6.2  Update the sentence counter by 1
6.3  Assign thesecond sentence stored in inputsentence to the untagged sentence
text box, to display the second sentence extracted.
6.4  Enable tag button

7 If yes, display a massage, file is exhausted
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These steps, i.e. 1-7, will be done iteratevely until all sentences in the corpus are exhausted.

5.6.2 The Word Extraction Algorithm

When a start button is pressed, a function that uses the built in string manipulation is used to
extract the first sentence from the input text. Then the following procedures will be executed

to identify all words of the sentence

1. Initialize a variable to hold the individual word

2. Extract one character at a time

3. Check if the character is a word delimiter

4. If the character is a word delimiter, then put the word in the array declared to hold
i.  words of the sentence extracted

5. Else concatenate the character to the variable that hold the word

6. If there is more data to process, go to step 2

5.6.3 The Viterbi Algorithm

When the tag button is pressed, the viterbi algorithm is executed in three steps, initialization,

iteration and sequence identification steps*

he)
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5.6.3.1 The Initialization Step

The initialization step will use the following steps for each word identified using the word
extraction algorithm discussed above.

1. The next word identified will be searched in the wcode table

2. If the word is found, then its code will be put in a variable, wordcode

3. Then for each category the following steps will be done

3.1 Checking will be made whether the word exists in the LexicoProb

3.2 Ifthe word is found in the category, then the probability of the word with that
category code will be put in a variable, p1.

3.3 Using the category code checking is then made from TransProb table

3.4 Using the category code, checking is then made from TransProb table and the
corresponding probability value will be put in another variable, p2

3.5 Then the product of the two variables, pl and p2 will be stored in its respective
row of the array SEQSCORE and the first column

3.6 The first column and the respective raw of the BACKPTR, an arry, will also
be set to zero

3.7 If there is another category in the array the process starts again from step 3.1,
else it will proceed to the iteration step

4 If the word is not found in the category table then the next word will be read and the

procedure will start again from step 1
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5.6.3.2 The Iteration Step

The iteration step follows the following procedures.

1.  Initialization a variable, T, with value 2

2. Starting from the next word, i.e. next to the word identified in the initialization step, to

the last word the following steps will be executed iteratively.

21

2.2

2.3

The next word will be read from the word array
The existence of the word in Wcode table will be checked
If it exists in the Wcode table, then its code will be read into a variable,
wordcode, and the following steps will be done for each Category
2.3.1 Again for each category the following steps will be executed iteratively
2.3.1.1 The category will be checked in Transprob table
2.3.1.2 If it is found then the probability found in that column and
raw will be assigned to a Variabel, pl
2.3.1.3 If the category is the first category, then calculate max
value and assign the location where the max value is
obtained accordingly.
2.3.1.4 Else calculate max value and compare with the max value
computed in 2.3.1.3
2.3.1.5 Exchange the value if it is less and also change the
location to the current location where the max value is
obtained
2.3.1.6 If there is another category start again from 2.3.1.1
2.3.1.7 Searching is made to check the existence of the word code

in the LexicoProb table and assign the probability, value



that it finds from the respective row and column to a
variable, p2
2.3.1.8 Assign the product of max value with the value of p2
obtained above to the corresponding row and column cell
of the array SEQSCORE
2.3.1.9  Assign the location of the max value in the corresponding
raw and column of the BACKPTR array
2.3.2 if'there is another category continue from step 2.3
2.3.3 Increment the value of T initialized in step 1 above
2.3.4 Ifthere is another word to process start again from step2.1 above
2.3.5 Assign to a variable, last index, the value one minus the number of

words
5.6.3.3 The Sequence Identification Step

The sequence identification step follows the following steps
1.  Assign the value in the first row and last index column to a variable called max
2. Assign location one to another variable named loc.
3.  Starting from the next category to the last category it will execute the following steps
iteratively
3.1 Assign the value in the raw of the current category column last index to a
variable max1.

3.2 if the value of max1 is greater than the value of max compared in step 1 of this
phase, above, then change the value of max with max1 and assign the index of
the category to the variable loc.

3.3 if there is another category start again from step 3 of this phase

3.4 in another array called C it does the following procedures
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3.4.1 assign the loc. value of lastword +1 found above at the place of
last index in the array C

3.4.2 for each word string from lastword-1 up to the first, assign the
corresponding location value from BACKPTR array to a

corresponding place in array C

5.6.4 Tagging Procedures

Finally, the tag-text function will execute to produce words with their appropriate tags
1.  Initialize a variable, i, that holds the current word category location in the array C to 1
2. Assign the next word from the words array to a variable

3.  Check if the word is found in Wcode table

4.  If the word is found then check the corresponding category location code in category

code table to a variable category 1.

5. Concatenate the word and its category along with a separator (‘“\”) into the text box

| (output box) that will hold the output file
6. Increment the value of'i,

7.  If the word is not found then

8.  Chick if it is a punctuation mark. If so concatenate the word along with the code for

punctuation (PUNC) separating them with “\”

9. Else concatenate the word along with the code for unrecognized (UNC) separating

them by II\S!

The source code for the Amharic part of speech tagger is found in the appendix by

the name SourceCode.
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5.7 The Interface Designed

A sample of the interface designed for the part of speech tagger application program is found
in the appendix by the name Interface. When the Amharic part of speech tagger application
program run, the Amharic Parts of Speech Tagger window will be displayed. This is in fact
the main interface that will be displayed when the application program runs for the first time
and it persists until the program is exited. This window has four buttons at the top, just below

the menu bar. Below is a brief description of each of these four buttons

The Tag From File button

Clicking this button displays the Tag From File dialog box. This dialog box allows a user to

tag a text written and saved in a file.

1.  The Drive, Director and File boxes in the dialog box allow the user to specify the path

and file name of the file to be tagged.

2. Pressing the Tag button tags each word in the specified file starting from the beginning of
file (BOF) to the end of file (EOF) and displays the tagged text in the output box, labeled
Tagged Sentence.

3. Pressing the Save button allows to save the tagged text in a file by the name and path
specified.

4. The progress bar indicate the progress of tagging while the tagger tags sentences in the
file specified

5. The Back button returns the user to the main interface

—
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The Tag Sentence-by-Sentence button

Clicking this button displays the Tag from File Sentence by Sentence dialog box. This
dialog box allows the user to tag sentences in a specified file starting from the BOF to the

EOF, but displaying one sentence at a time.

1.  The Drive, Directory and File List boxes works as described earlier

2. Clicking the Start button, activates the continue button and display the first sentence
extracted from the file in the Untagged Sentence Box (USB).

3. Pressing Tag, tags the sentence in the USB and display the tagged sentence in the
Tagged Sentence box (TSB) and also writes the tagged sentence by opening a file

4.  Pressing continue, clears the content of the USB and TSB and then displays the next
sentence extracted from the file.

5. Clicking the Tag button again does what is described in step 3 above but this time
appending the tagged sentence in the file opened in step 3.

6.  Step 3 and 4 will be repeated until all sentence in the file are exhausted.

7.  Pressing the Save button allows the content of the file opened in step 3 to be saved by
the name and the path specified.

8.  The Back button returns to the main screen from anywhere.

9.  The Progress Bar functions as described earlier
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The tag Typed Sentence Button

Clicking this button displays the Tag Typed Sentence dialog box, which allows to type a
sentence directly into the input box and tag it. The buttons in this dialog box works as

follows.

L. The input Box labeled Sentence to Tag is where the user types the sentence (or word)

to be tagged.

2. The output Box labeled Tagged Sentence is where the Tagged Sentence (or word) is
displayed.
: Pressing the Tag button tags the sentence (or word) in the input box and displays the

tagged sentence (or word) in the output box

4. The Refresh button, clears both the input and output boxes.
5 The Back button and the progress bar function as explained before.
The Exit button

Clicking this button closes and exists the Part of Speech Tagging application program

5.8 The Experiment

As outlined in the evaluation procedure the experiment for this study was carried out in two

phases, experiment on the training set and test set.
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5.8.1 Experiment On The Training Set

In this phase the tagger was first trained on the whole corpus, i.e. TraingSet, and was then
run on the same data, 1.e. TraingSet. Assuming that errors obtained in this phase are more of
human made errors (errors in manually tagging the ManuTaggedText and preparing
LexicoProb and TransProb), the ManuTaggedText, LexicoProb and TransProb were
reviewed making corrections where necessary. The tagger was then retrained and the test
redone again on the TraingSet. The final result obtained before and after such corrections

were made were then reported under results of the experiment, section 5.9.

5.8.2 Experiment on The Test Set

In this phase the model of the language in 5.8.1 above was used to test the remaining 10% of
the corpus left for the testing purpose, i.e. TestSet. The final result achieved on testing the

tagger on the unseen part was then reported under results of the experiment.

5.9 Result of the Experiment

5.9.1 Result on the Training Set

The result obtained when the tagger was trained and run on the same data, TraingSet, is
shown in table 5.1.

Table 5.1 Tagging result before making no error correction

Data No of words No of errors Accuracy

TraingSet 261 32 88%
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As one would expect the accuracy achieved should be high when a tagger is trained and tested
on the same data. But, due to human made errors the accuracy was not as high as it was

expected

The final accuracy obtained after human made errors are identified and corrected is shown in

Table 5.2 below.

Table 5.2 Final tagging result on the training set after human made errors are corrected.

Data No of words No of errors Accuracy

TraingSet 261 i 97%

As can be seen from fig 5.2 the result achieved after correcting human made errors indicates a
better, in fact a high, accuracy.
5.9.2 Result On The Test Set

The test on the unseen part of the training corpus provides the result shown in table 5.3.

Table 5.3: Tagging result on the test data, i.e. TestSet

Data No of words No of errors | Accuracy

TestSet 29 3 90%

The result obtained when testing the tagger on the test set is approximately 90%. This
experiment indicates that the accuracy level achieved using the small amount of training set is
rather accaptable. Thus, the tagger developed seemed acceptable with such accuracy assuming

the ManuTaggedText as the whole of the world knowledge.
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5.10 Discussion

5.10.1 Error Analysis

During the experiment the following causes of errors were identified

1. Human made errors during the manual tagging process were identified to be one cause for
wrong tag assignments. The words limigozat “to buy” and bédtam “very” are examples of
this case. These words were originally assigned the tag V and J by the annotators,
respectively. Later they were identified as words that should be tagged VP and ADV,

respectively.

2. Some times a word assigned a wrong tag might raise the error rate significantly. Iimiigozat
“to buy”, which is a verb with a preposition not separated from it, is an example of this case.
This word and all the nine words after it up to the hash mark (#) were assigned the tag N by
the tagger during the first experiment. This results in 9 words, including limigozat, to be
wrongly tagged. Removing this word and repeating the experiment results in all the nine

words to be assigned with their correct tages.

3. Human made errors made while preparing and storing the lexical and transitional
probabilities stored in the database are other causes ofwrong tag assignment. limiigozat and
niit “she is” were two examples of this case. These words were wrongly tagged for their
probability value, p (limigozat\category), and p (nit\category), for each of the 23
categories was wrongly recorded to zero. Correcting these errors, and replacing the word
limigozat in the TrainingSet and doing the experiment again results in all the nine words

including lamigozat and néw to be assigned with their correct or appropriate tags.
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4, Spelling the same word differently in the database, weode and TrainingSet, as for instance
bérédqqo and borédggo to mean “glass™ was another cause of error. This accounted for six

errors encountered in the experiment. Such errors were easily corrected.
5.Thirteen errors during the experiment on the training set were accounted due to compound
words that are multi words. These errors were corrected by joining such compound words

using hyphen both in the TrainingSet and the database table, Wcode.

6. Some errors persist throughout the experiments (e.g. and “one”

5.10.2 Dealing With Wrongly Marked Up Words

The following were some of the ways used in the experiment to deal with wrongly marked up

words

1. Review of the manually tagged corpus for human made errors and correcting them

2 Review of the large statistics used as a database (or knowledge based), which
otherwise seriously affect the performance and hence the accuracy of the tagger, and
correcting errors.

3. Avoid or correct words that are assigned wrong tags and that raise the error rate

significantly

4. Avoid spelling the same word differently in the TrainingSet and the table named

Weode

5. Preprocess multi word compound words both in the TrainingSet and the Wcode
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5.11 Conclusion

In this chapter, detailed discussions were made on the data prepared for the knowledge base,

the database designed and the algorithms used.

Based on the algorithms, a program was written in Visual Basic and a prototype was

developed with an interface easy to be used by any individual.

An experiment was also conducted using the prototype and the small sample corpus selected
for the experiment. The results achieved and the discussions made out of the experiment are

also reported in this chapter.

From what has been discussed in this chapter, the prototype developed has high accuracy, 97

percent for the training set and approximately 90 percent for the test set.

The next Chapter closes this thesis work providing conclusions and recommendations.
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CHAPTER SIX
CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

In this thesis, I described how to develop an Automatic part of speech tagger for Amharic

language using the Viterbi algorithm, and developed a prototype.

The thesis begins with a brief discussion on the role NLP plays in enhancing computers
capability to process NL. POS tagging is one approach to understand NL. Being a central
issue in my attempt to develop the Amharic POS tgger, POS tagging is a task which assigns a
unique syntactical category or part of speech tag to sentences that are presented as a linear
string of words. In this study important concepts and terms in relation to POS tagging have
been made clear from the outset. Attempt was made to illustrate application areas where the
outputs of a POS tagger are useful. The different Approaches to automated part of speech
tagging have also been described in some details. Rule based and stochastic approaches,
which are the major approaches to POS tagging, were briefly reviewed and the relative

advantages of each approach have been included in the discussion.

The stochastic HMM approach was adopted in this research to develop the Amharic tagger.
Reasons for such preference and, the step-by-step procedures followed to prepare the lexical
and transitional probability matrices are discussed. The probability concepts and the

mathematics related to this approach were also discussed in some detail.
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Literature in the area of Amharic word classes was reviewed and discussed, as the knowledge
of the grammar of the language is useful to design the POS tags and tag set required for the

tagger.

The thesis then dwells wholly in chapter four, the major and central part of the thesis, drawing
the POS tags using the properties of the language studied and presented in chapter 3. Almost
all tags derived for this study were applied more widely. That is, the part of speech tags do not
indicate such features as gender, number, person, tense, case, polarity, definiteness and so on.
The tags developed indicate only the POS category in which the words are categorized. In
cases when it is not possible to categorize words in a particular POS category, special tags

were introduced.

Some of the major problems that the researcher faced in the process of drawing the POS tags,

which are linguistic labels, and the steps taken to deal with the problems were also presented.

Steps in preparing the actual transitional and lexical probability matrices and the
computations made to get such probabilities were presented in full details. The lexical and
transitional probabilities obtained were presented in two tables, which form the knowledge
base of the tagger, LexicoProb and TransProb. A database with four tables was then

designed to hold the information in LexicoProb and TransProb.

The thesis then presented the algorithms and modules required by the tagger to access the
knowledge base and annotate incoming sentences with appropriate parts of speech. For this
purpose an interface, which allows a user to tag texts in three different ways, was created and

a prototype was developed using Visual Basic.
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Experiments were conducted in two phases, one on the training set and the other on the test
set, obtained from a small sample using the cross validation method. Evaluation of the tagger
performance was made based on the evaluation procedures outlined in the thesis. In the study
only one parameter, the percentage of correct tag assignment, was used to measure the

performance of the tagger.

The results achieved based on the small sample were high, 97% on the training set and
approximately 90% on the test set. Before achieving such accuracy, the experiment was
repeatedly done on both the test set and the training set but identifying errors and making
corrections. The Viterbi algorithm was used in this study with no modification. All errors
identified were due to human made errors rather than the algorithms used. Finally, the
experiments conducted, the results achieved and a discussion on the possible causes of errors

were presented with their solutions before winding up the thesis.

Although the accuracy of the tagger developed in this study is somewhat acceptable it may
not have an immediate practical application for the tagger was not trained on large quantities

of data.

In this study, the tagger developed was not trained on such huge data for various reasons. The

reasons for not being able to train the tagger on such data are:
1. Lack of large corpora in the language annotated with POS tags.
2. Manually tagging and generating such quantities of data is very laborious, expensive and

time consuming.
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3. Financial constraint to carry out such huge research
4. Scope of the thesis, which is limited to demonstrate the potential of stochastic HMM

approach to develop an automatic POS tagger to Amharic language.

Apart from such limitations, the research has indicated the possibility to construct or develop
an automatic part of speech tagger for Amharic language. That is, it appears to be feasible to
develop an efficient tagger for the Amharic language provided that enough training data is

available.

Lastly, it is hoped that this thesis has described a new approach to study the Ambharic
language, which in future answers the growing desire for annotated corpora by researches

addressing different issues in Amharic language.

It is also hoped that this first work in POS tagging will encourage Ethiopian students and
researchers to take part in POS tagging which ultimately lend to a higher level and more
demanding research endeavors such as parsing and machine translations, which all are tasks

of NLP in general and NLU in particular.



6.2 Recommendations

There are a number of exciting future research directions in which similar studies (to the

present ) could be pursued. These are presented below as recommendations.

1.  Launching big project to develop an efficient automatic POS tagger for Amharic
language, which in its kind will be similar to taggers developed for others languages,
like English and French.

2. Organizing a NLP team, which will be responsible to carry out such huge project in
particular, and researches in NLP in general. As NLP requires expertise from different
fields of study, the team for such project should consist of at least linguists,
programmers and information professionals.

3.  Experts and researchers in the area of Amharic language should be encouraged to
manually annotate large quantities of data in the language to help researchers who wish
to address a number of linguistic phenomena and also train taggers and parsers.

4.  The school of information studies (SISA) should think of also offering such courses as
syntax and semantics, which are useful to understand NL. Offering such courses might
create interest among students and encourage them to be involved in research related to
NLP in general and NLU 1n particular.

5.  The two-departments, SISA and the Department of Linguistics, should work in close
collaboration, especially in conducting research in the area of Natural Language

Processing.
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6.3 Future Research Areas

This research has many shortcomings. These are gaps that future researchers should address

to come up with an efficient POS tagger for Amharic language. Thus, the following are

suggested as possible research areas.

1. Replicate this work using a large corpus and incorporating such attributes as case,
number, gender, person, tense, definiteness and so on for the tags used in the different

part of speech - categories.

2. Conduct similar researches in other local languages by adopting the procedures followed

in this study.

3. Develop taggers for Amharic and other local languages using other approaches (e.g.
rule-based approach) and compare the results obtained using the stochastic approach, the
approach followed in this thesis.

4.  Syntactic parsing, semantic parsing and machine translations are other possible future
research areas worth conducting as a continuation of a full ledged Amharic tagger

6.  Replicate this work using trigram transational probabilities rather than bigram
probabilities and compare the two for higher accuracy.

7. Conduct research on tagging Amharic texts and identify the problems associated with it

which, I think, will provide an exhaustive tag set list for the language which will be

useful for researchers that require annotated corpora.
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Appendix

Due to the requrment imposed by the Postgraguate School to limit a Masters thesis to 150
pages, the appendices mentionedin this thesis could not be included here. The Appendix for
this thesis is compiled in the form of a booklet and is available in the Bibiliograpic Lab of
the School of Informaion Studies for Africa [SISA]. Readers of this thesis are higly
recommended to use this thesis together with the appendix. Only the autput of the Amharic
tagger developed, which is a tagged text, is attached here together with the interface desigined

for the tagger.
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An Amabhric text tagged using the Aharic POS tagger

And\INU guridnno\N bdg\N leba\N yisiriqibdt\REL and\INU yigojam\NP gibdre\N amm?st\JNU ?g?r\N
gesowocun?nna\NC huldtt\JNU kuntal\N s?nde\N $ito\V batdragqamaw\VP ginzidb\N widd\PREP gibadyd\N
hedo\V amm?stJNU yir?bbi\] bigocc?n\N limigzat\VP fill?go\V kisafirut\NP bitam\ADV ~ ?rugVJ
widdhond\VP t?112q\J gibiyd\N guzowun\V jimmira\V #APUNC kihulatt\NP qdn\N guzo\N bidhwala\NP
2gibiyaw\NP bota\N dirrdsi\V #PNUC ?gibiyaw\NP bota\N yidérasiw\VP bitam\ADV bitwat\ADV
s?lAnabbir\ VP m?7n?m\N siw\N alndbiarim\AUX #\PUNC wifram\J yat?t\JPN gabiwun\N  tdkdnanbo\V
bigibiyaw\NP dar\N balli\VP yid?ngiy\lPN kab\N lay\PREP quc-ali\VCO #PUNC kiizziyam\C mistu\N
wiy?ziro\N almaz\N kizigajac?llit\VP and\NU agilg?I\N yis?nde\NP dabbo\N andun\CRD awitanna\VC
gimiss-addrgo\VCO qur?sun\N méblat\NV jimmira\V #APUNC y?hun-?nji\C aydru\N ?ndd\PREP (?q?mt\J

wurc\N bitam\ADV giizqaza\J s?1inibbir\VP dabbowun\N aldmto\V mawat\N'V alcalim\V #APUNC

LihulattNP siat\N  yah?\N tiqimto\V kiqoyyd\VP bihwala\NP  t?qit\ADV siwwoc\N  yitildyayyu\J
giqitoce’n\N  ?yyidyazu\VP kiarattum\NP aq?tacawoc\N b?q-b?qQ\ADV mald\PREP jimmiru\V #PUNC
yimisatiw\REL aynit?m\N yann?nu\J yah?I\N ayyile\] honi\AUX #\PUNC gibdrew\N huldtinna\ORD gize\N
wiidd\PREP big-tira\N sigwaz\VC fit-lafitt\ADV ydginnaw?n\VP §iqit\N waga\N y?tiyqal\V #PUNC
qin?s?nna\VC ?nnizih?n\N yitillaJPN b?rcqqowoc\N $2¢217n\V #PUNC ?yyald\VP sikéirakkar\VC ~\PUNC
me\N  tinkarra\] yicayna\JPN b?rcqgowoc\N allun?na\VC yiénen\JPN b?rcqgowoc\N g?za\V ?yyald\VP
kigon\NP  bikkul\PREP yalliw\VP néggade\N y?tirawal\V #PUNC bamdcrriga\ADV  huldtt\INU
yiplastik\JPN kubbayawoc\N b?ca\ADV gizto\V widd\PREP big-tiraN head\V #PUNC big-tira\N
ndadarrisim\VC yitiliyayya\J qilim?nna\NC m?tan\N yillaciw\VP batam\ADV b?zu\] bigoc\N ayyina\VC
b?zatacaw?n\N ?yyadindqi\VP ass?'\INU gurinno\N y?honall\AUX #APUNC ay\ITJ haya\INU gurinno\N
y?honalll\AUX ?yyald\VP kirasu\NP gar\PREP sinigiggar\VC qo?yto\V wiadd\PREP andit\INU big\N tiga-
b?lo\VCO bimiyaz\NV biliy?c\NB big\N 7\PUNC b?0\AUX tiyydqd\V #PUNC bildbetum\NB yine\NP
nat AUX aliw\AUX #APUNC s?nt\ADV nic\AUX N\PUNC aliw\AUX gibdrew\N ato\N kassa\N #\PUNC and-
mito\JNU b2r'\N ali\AUX baldbet\NB #PUNC gibirew'\N z?m-b?lo\VCO lihed\VC siNAUX na\V y?ci\N

t?gin?sallic\V b?1o\AUX andit\CRD t?qur\J bag\N asdyydw\V #APUNC



Gibirew\N ahun?m\ADV z?m-ali\VCO #\PUNC yac?nawam\NC t?ru\J nic\AUX b?10\AUX lela\ADV qayy\J
big\N asiyyiw\V #PUNC gibirew\N ?ne\N yard\J big\N alfall?g?m\V b?lofAUX wiididmiqat?law\VP
allifi\V #\PUNC kizziyam\C batimasasay\JP huneta\N y?h\N big\N s?nf\ADV naw\NX 7\PUNC ?niizzih\N
biigoc\N s?7nf\ADV niiciw\AUX 2\PUNC ?niizziya\N bigocsNC NPUNC  ?yyald\VP sizor\VC qoyy?to\V
and\CRD bota\N sidirs\VC ding?to\V qomid\V #APUNC gud\ITJ] N\PUNC ali\AUX #PUNC lika\IT] \PUNC
fitlifitn\N  biiqaca\JPN gimdd\N tis?raw\V yiqomut\REL yitisiriquf\REL yiisu\N bigoc\N nibdrt\AUX

#HPUNC
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The Interface desigined for the Amharic part of speech
tagger

#¥: Amharic Parts of Speech Tagger




W= postagger

gi. Amharic Parts of Speech Tagger

TestSet.bxt
TrainingSet.txt




i Amharic Parts of Speech Tagger




ii: Amharic Paits of Speech Tagge!

To nts
ags any lyped text and diplay the tagged text
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