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Abstract

Ge"ez is the classical language of Ethiopia and still used as the litrugical language of EOTC.
Many ancient literatures were written in Ge“ez. The literature includes religious texts and secular
writings. The ancient philosophy, tradition, history and knowledge of Ethiopia were being
written in Ge'ez. For automatic analysis of these documents Ge‘ez morphological analysis is
needed. Morphological analyzer is one of the most important basic tools in automatic processing
of any human language. It analyses the naturally occurring word forms in a sentence and

1dentifies the root word and its features.

In this study, we used MBL to automatically analyze the morphology of Ge“ez verbs. The system
has two components: training and analysis. In the training phase, we identified the annotation
process for our dataset in a character based representation of features. Then, these annotated
dataset are extracted in a fixed length of instance vectors using windowing method. Next,
instances are passed to the memory based learning tool (TiMBL). Finally, the learning model is
built. On the other hand, the analysis phase performs instance making by extracting features from
the given text to have similar structure of features during comparison. Then the extracted
features are passed to the morpheme identification process to be compared with individual
instances in memory and stems are extracted with their morpheme functions. Finally, the roots

are extracted from the stems.

The system was developed using python where we used TiIMBL s IB2 and TRIBL2 algorithm
for implementation. The performance of the system has been evaluated using 10-fold cross-
validation technique. Testing was done using the default and optimized parameter settings. The
overall accuracy with optimized parameters using IB2 and TRIBL2 was 93.24% and 92.31%,
respectively. Similarly, the overall precision, recall and F-score with optimized parameters using
IB2 were 55.6%, 56.3% and 59.95%, respectively. In the same manner the precision, recall and
F-score using TRIBL2 were 58.8%, 60.3% and 59.54%, respectively. Moreover, a learning
curve was drawn. The graph showed that as the number of training dataset increase, the
accuracy on unseen data can be increased. Therefore, IB2 algorithm shows better result than
TRIBL2 algorithm for Ge“ez verb morphology.

Key words:- Ge*ez Verbs, Ge“ez Morphology, Morphological Analyzer, Memory Based

Learning, Character Based Analysis, Cross Validation, Feature Extraction

VI



Chapter One: Introduction

1.1 Background of the Research

Natural Language Processing (NLP) has been developed in the 1960s, as a subfield of Artificial
Intelligence and Linguistics [37]. It is a field of Computer Science that investigates interactions
between computers and human languages, which is used for both generating human readable
information from computer systems and converting human language into more formal structures
that a computer can understand [9]. Therefore, it is important for scientific, economic, social, and
cultural reasons. It is experiencing rapid growth as its theories and methods are deployed in a
variety of new language technologies. For this reason it is important for a wide range of people
to have a working knowledge of NLP. Within the industry, this includes people in human-
computer interaction, business information analysis, and web software development. Within
academia, it includes people in areas from humanities computing and corpus linguistics through

to computer science and artificial intelligence [14].

The field of NLP was originally referred to as Natural Language Understanding (NLU) in the
early days of Al It is well agreed today that while the goal of NLP is true NLU, that goal has not
yet been accomplished. A full NLU System would be able to: paraphrase an input text, translate
the text into another language, answer questions about the contents of the text and Draw
inferences from the text. While NLP has made serious inroads into accomplishing goals one to
three, the fact that NLP systems cannot, of themselves, draw inferences from text, NLU still
remains the goal of NLP [11]. The aim of NLP is studying problems in the automatic
generation and understanding of natural languages. Natural language is understood as a
tool that people use to express themselves and has specific properties that reduce the
efficiency of textual information retrieval systems. These properties are linguistic variation and
ambiguity. NLP studies the problems of automated generation and understanding of natural

human languages [29].

While NLP is a relatively recent area of research and application, as compared to other
information technology approaches, there have been sufficient successes to date that suggest that
NLP-based information access technologies will continue to be a major area of research and

development in information systems now and far into the future [11]. Current NLP systems tend



to implement modules to accomplish mainly the lower levels of processing. This is for several
reasons. First, the application may not require interpretation at the higher levels. Secondly, the
lower levels have been more thoroughly researched and implemented. Thirdly, the lower levels
deal with smaller units of analysis, e.g., morphemes, words, and sentences, which are rule-
governed, versus the higher levels of language processing which deal with texts and world
knowledge, and which are only regularity-governed [11]. Well known problems of NLP are
morphological analysis, part of speech tagging, word sense disambiguation, and machine

translation [9].

Morphology deals with the inner structure of individual words and the laws concerning the
formation of new words from pieces, morphs [6]. Morphologies are motivated by four
considerations: (1) the discovery of regularities and redundancies in the lexicon of a language
(such as the pattern in walk, walks, walking, jump, jumps, jumping); (2) the need to make explicit
the relationship between grammatical features (such as nominal number or verbal tense) and the
affixes whose function it is to express these features; (3) the need to predict the occurrences of
words not found in a training corpus; and (4) the usefulness of breaking words into parts in order
to achieve better models for statistical translation, information retrieval, and other tasks that are

sensitive to the meaning of text [7].

Furthermore, Morphology is the field within linguistics that studies the [36] identification, analysis
and description of the structure of a given language's morphemes and other linguistic units, such as
root words, affixes, parts of speech, etc. [18]. Morphemes are the smaller elements of which words
are built. Two broad classes of morphemes are stems and affixes. Affixes that are added to the base
to denote relations of words are morphemes. Morphemes can either be free (they can stand alone, i.e.,
they can be words in their own right, are also referred as roots), e.g., dog, or they can be bound (they

must occur as part of a word), e.g., the plural suffix —s on dogs [36].

Morphology plays two central roles in language. In its first role, derivational morphology
(morphemes) allows existing words to be used as the base for forming new words with different
meanings and different functionality. Example, the noun judgment is formed from the verb judge,
and the adjective inedible has a different semantic meaning from its related verb eat. In its second
role, inflectional morphology (morphemes) deals with syntactic features of the languages such as
person (I am, you are, he is), number (one child, two children), gender (actor, actress), tense (eat,

eats, eating, eaten, ate), case (he, him, his), and degree (cold, colder, coldest). These syntactic



features, required to varying degrees by different languages, do not change the part of speech of the
word (as the verb eat becomes the adjective inedible) and do not change the underlying meaning of

the word (as cellist from cello) [20].

1.2 Statement of the Problem

Ge“ez is the classical language of Ethiopia and belongs to the Semitic language family. The other
Semitic-Ethiopian languages are Tigre and Tigrinya (known as North Ethiopic), Amharic (the
national language of Ethiopia), Argobba, Harari, and Gurage (called South Ethiopic). Although
Ge“ez ceased to be spoken in the twelfth or thirteenth century, it has remained the language of
literature and of liturgy. Our knowledge of the language derives from the vast literature written
in Ge‘ez. The literature includes religious texts (such as the Bible, Apocrypha, Pseudepigrapha,
liturgical literature, homiletic, theological, and magical texts, stories of martyrs and saints,
religious poetry, hymns in honor of Christ, the Virgin, the martyrs, the saints, and angels), as
well as secular writings (histories and romances, legal, mathematical, and medical texts) [25].
The ancient philosophy, tradition, history and knowledge of Ethiopia was being written in
Ge“ez and also there are different books which are written in this language. To keep and
transfer these identities to the next generation, citizens must know the meaning of these written
books/documents. If they don't know the idea in the documents, they will not give any
attention for these heritages. These resources can also be used as sources of philosophy,
creativity, knowledge and civilization both to Ethiopia and the rest of the world. Moreover,
If someone who wants conduct a research on issues related to the classical custom, history,
politics, tradition, and religion of Ethiopia, he/she has to explore the works handed down
from the previous generations. So he/she must investigate these literatures. To use these
resources, one must know the language itself or else these literatures have to be translated
into either of the currently spoken languages manually, which may take a long time. To
solve this problem and the previous one, studying the linguistic nature of the language in a
scientific approach with the help of Information Technology is necessary. This requires
conducting a research to develop a more efficient morphological analyzer for Ge®“ez verbs
to minimize the time to study the language and to extract automatically the documents which

were written in Ge“ez language.



1.3 Objectives

General objective

The general objective of this research is to develop a morphological analyzer for Geez verbs

using memory based learning approach.
Specific objectives

To achieve the general objective, the following specific objectives will be addressed: -

> Understanding morphological, phonological and orthographic' properties of Ge'ez verbs
and the phonological and morphological processes involved in Ge‘ez verbs formations
and conjugations.

» Assess different techniques and approaches employed so far in morphological analysis
tasks and select the ones that are appropriate to the morphological property of Ge'ez
verbs.

» Organizing training and test corpus data.

» Adopt a machine learning algorithm that is appropriate to the morphological property of
Ge“ez verbs.

» Develop a prototype of the system.

» Test the effectiveness and appropriateness of the morphological analysis technique

adopted.

1.4 Methodology

Literature Review

The first basis of information for this research are scholars of Ge‘ez in the EOTC
(Ethiopia Orthodox Tewahido Church) who have studied Ge®ez both scientifically and
traditionally. Consultations with these scholars in the area of Ge“ez language morphology
will be conducted to better understand the morphology of the language and to get
information which is helpful for the research. Other sources for the detailed understanding
of the language are the Ge®ez grammar books written by foreign and traditional scholars
such as, Memhr Dessie Keleb [19], Bender [3], Aleka Kidane Wold Kifle [69], and

Dillmann [70]. In addition to this, a number of resources such as journal articles, research

! Orthographic rules are spelling rules used to model the changes that occur in a word.



reports, manuals, and other published and unpublished thesis will be used in order to achieve the

objectives.

Corpus Preparation

A machine learning approach requires a corpus data to develop the morphological
analysis. The corpus being electronic text data consisting of list of words such as those found in
magazines, journal articles, brochures (homor, smath“dk, guba‘e kana) and books (Ge‘ez
grammar books written by foreign and traditional scholars. In addition to this, a number of
resources such as research reports, manuals, and other published and unpublished thesis will be

used for the preparation of the corpus.

Prototype Development

Based on the experiment result which is obtained from the training and testing data, the
prototype will be developed. For this purpose python and C++ programming languages will be
used. Therefore, conclusion and recommendation will be drawn from the training and testing

data and finally, the prototype result will be reported.

1.5 Scope and Limitations

The scope of this study is developing a morphological analyzer for Ge‘ez verbs and
their inflected words. It doesn‘t include the inflected words of other POS categories. Most
Ge“ez words are derived and formed from the stem or the root of verbs. There are many
nouns, adjectives and adverbs which are basically derived from verbs (Table 1.1). The study

doesn't include the inflected words of these derived words.

Table 1.1: Some Words of other POS Category Derived from a Verb “#£4”

Verb Derived word Gloss POS category

P80, /kidasi/ Praise (male) Adjective
807 /kadasiyan/ Praises(they, 3ppm) Adjective
P8t /kadasit/ Praise (fmale) Adjective
a0t /kodasiyat/ Praise (they, 3ppf) Adjective
P80, /kidase/ Praising/thanks Noun

ol P0G /kidisina/ The act of praising Noun

/kadasal Pt /kidisit/ Praised (fmale, singular) Adjective
P&t /kidusat/ Praised (fmale, plural) Adjective
POt /kidisat/ the act of praising Noun
P& /idus/ Praised (male, singular) Adjective
P87 /kidusan/ Praised (male, plural) Adjective

Source: Adopted from [19].



1.6 Application of Results

Morphological analyzer is one of the most important basic tools in automatic processing of any
human language. It analyses the naturally occurring word forms in a sentence and identifies the
root word and its features. In spite of its significance, some languages do not have any
morphological analyzers available. The absence of such a tool for research severely impedes the
development of language technologies and applications like natural language interfaces, machine
translation, etc. in these languages [36]. Traditionally, morphological analysis has been done
manually. It took linguistic experts several months to years in order to describe a single
language. More recently, computer algorithms have been applied which can automate and
therefore speed-up the process. These algorithms deploy techniques from machine learning to
improve their performance with increasing numbers of words or analyzed word examples they
have access to. Morphology and its analysis play an important role in many natural language
processing tasks. Automatic speech recognition (ASR) is concerned with the identification of
spoken words and their transformation into text. Morphologically complex languages are
especially challenging due to the combinatorial explosion of possible morpheme structures [13].
Therefore, morphological analyzer will also be an important component of the NLP to be
developed for Geez language. Thus, the beneficiaries of this research include researchers who
need to take part in achieving the goal of developing efficient NLP system for Ge‘ez language.
The research will be used to put linguistically motivated structure of Ge“ez verbs, to help Ge*ez
learners and to develop higher forms of NLP systems such as automatic dictionary (lexicon)
compilation, spell-check, machine translation, speech recognition, POS tagging, automatic

sentence construction, morphological synthesizer, etc.

1.7 Organization of the Thesis

This thesis is organized in six chapters. Chapter Two discusses about the basic concepts of
morphology, along with the various approaches employed and selected algorithms for this study.
In this chapter, we also discuss about morphology of Ge‘ez verbs and their formation process.
Related works are presented in Chapter Three. The architecture of Ge“ez verbs morphological
analyzer along with the implementation principle and algorithms used in the implementation is
discussed in Chapter Four. Chapter Five discusses the experimental results along with the default

and optimized parameters. Conclusions and future works are presented in Chapter Six.



Chapter Two: Literature Review

2.1 Introduction

Morphological analysis is the basic process for any Natural Language Processing task. It is the
first step in Natural Language Processing. As discussed in the first chapter, the main objective
of this study is to develop morphological analyzer of Ge*ez verbs. Morphology is the study
of internal structure of the word. Morphological analysis retrieves the grammatical features and
properties of a morphologically inflected word [27]. Morphological analyzer is a computer
program which takes a word as input and produces its grammatical structure as output. It will
return its root/stem word along with its grammatical information depending upon its word

category [37].

2.2 Concepts and Terminologies

The term morphology is generally attributed to the German poet, novelist, playwright, and
philosopher Johann Wolfgang von Goethe (1749-1832), who coined it early in the nineteenth
century in a biological context. Its etymology is Greek ,jnorph” which means ,shape, form®, and
morphology is the study of form or forms. In linguistics morphology refers to the mental system
involved in word formation or to the branch of linguistics that deals with words, their internal
structure, and how they are formed [31]. A primary source of information about morphology is
formed by the descriptive grammars of individual languages which usually give a description of
inflection and word formation. As stated above in Chapter one, morphology is the sub discipline
of linguistics that deals with the internal structure of words [22]. It is the study of word formation
—how words are built up from smaller pieces. When we do morphological analysis, then, we are
asking questions like, what pieces does this word have? What does each of them mean? How

are they combined?

2.2.1 Morphemes

It is clear that the words of a language are not totally separate items without any similarities
between them or regularities within their structure. It has been traditional within linguistics to
describe the regularities in the structure of words by postulating that a single word can be viewed
as made up of one or more smaller units called morphemes. These are able to act as words in

isolation and bound morphemes can operate only as parts of other words [32]. Morpheme is the



minimal meaningful unit in a word. The concept of word and morpheme are different, a

morpheme may or may not stand alone. One or several morphemes compose a word. As stated in

[36] there are four types of morphemes:

» Free morphemes: like town and dog, can appear with other lexemes (as in town hall or dog
house) or they can stand alone, i.e. “free”.

» Bound morphemes: like “un-‘ appear only together with other morphemes to form a lexeme.
Bound morphemes in general tend to be prefixes and suffixes.

» Derivational morphemes can be added to a word to create (derive) another word: the addition
of “-ness” to “happy” for example, to give “happiness”. They carry semantic information.

» Inflectional morphemes modify a word"s tense, number, aspect, and so on, without deriving a
new word or a word in a new grammatical category (as in the “dog” morpheme if written

13 29

with the plural marker morpheme “-s” becomes “dogs”). They carry grammatical
information.
Bound morphemes can also be further categorized into two groups as affixes and contracted

(clitics) forms [41].

a. Affixes

In languages with a reasonably rich morphology affix ordering is an important topic for
morphological analysis. The basic question is how we can account for the ordering in which the
different types of morphemes have to appear in multiply complex words [22]. Affixation is a
widespread process used in word formation, whereby an affix is prefixed, suffixed, infixed, or
circum fixed to some input form. A prefix is an affix that precedes a base or seed’. For example
in English, un-, dis- and -ir are prefixes in words untidy, dishonest and irregular respectively. A
suffix is an affix which follows the base or the seed. In English —s, -ed and -ize in words dogs,
kicked and nationalize are examples of suffixes. Hyphen (-) indicates the position of the
attachments of affixes. Suffixes which are applied to every word of the same POS are called
productive suffix [41]. For example, in English the —ing for verbs and the -s for nouns are gerund

and plural indicator productive suffixes respectively.

Infixes are segmental strings that do not attach to the front or back of a word, but rather

somewhere in the middle [31]. An infix is an affix which is added within the base or the seed.

? Stands for verbs without affixes.



Infixation of different vocalic patterns to the root of the seed results at different verb-forms

with varied tense-moods, person, gender, number, etc.

Circumfixes are affixes that come in two parts. One attaches to the front of the word (prefixes),
and the other to the back (suffixes). They are controversial because it is possible to analyze them
as consisting of a prefix and a suffix that apply to a stem simultaneously [31]. They will bring
different meaning from the seed or base word. Similarly Ge*ez has such type of affixations (see

Chapter Three).

Affixation (prefix, suffix and circumfix) and compounding are referred to as concatenative
morphology since their mode of operation is that of concatenating roots, stems, and affixes [22].
However, a morphology which includes infix is said to be non-concatenatative morphology.
Compounding is the joining of two or more base forms to form a new word. For instance, two

nouns foot and ball can be fused to create football. Ge“ez has non-concatinative morphology.

b. Clitic

A clitic is an element that behaves like an affix and a word. However, they are quite complicated
in that they are also part of word formation. Unlike other morphological phenomena, clitics
occur in a syntactic structure and their attachment to words isn‘t part of the word formation rules
like the rest of morphology. We will expand on this in parts. “A clitic is an element that behaves
like an affix and a word.” For example, English has an obvious clitic, the ,,’s“ used to denote the
possessive (sometimes known as the genitive grammatical case). Linguists call it an enclitic
which means that it is a clitic that attaches to the right of the word, as does a suffix. However,
they are quite complicated in that they are also part of word formation. The ,,’s is attached
(“glued on”) to the word or phrase to which the possessive is related [35]. But Ge*ez doesn‘t

have a clitic morpheme.

There is a null morpheme which is a morpheme that is realized by a phonologically null affix (an
empty string of phonological segments). In simpler terms, a null morpheme is an “invisible”
affix. It is also called zero morphemes. The null morpheme is represented as either the

figure zero (0), or the empty set symbol @ [24].



2.2.2 Morphotactics

Natural languages make use of a number of formal means for the formation of complex lexemes:
compounding, affixation, reduplication, conversion, stem alternation (also referred to as internal
modification), stress, and tone. In compounding two or more lexemes are combined into a new
one. Cross linguistically, compounding is one of the most common means for word formation, in
particular compounding in which one of the constituents is the head (so-called endocentric
compounding). The English word football is a compound, consisting of the two lexemes foot and
ball, of which the second functions as the head: a football is a particular kind of ball, not a kind
of foot [22]. The morphemes of a word cannot occur in random order. In every language, there
are well-defined ways to sequence the morphemes. The morphemes can be divided into a
number of classes and the morpheme sequences are normally defined in terms of the sequence of
classes. The order in which morphemes follow each other is strictly governed by a set of rules
called morphotactics. It is the syntax of morphemes, the smallest linguistic meaning bearing unit
of a word. It is concerned with the underlying rules that spell out the order in which affixes are
attached with respect to the stem in a word [33]. In Ge“ez, these rules play a very important role
in word construction and derivation as the words are formed by a sequence of morphemes. Rules
of morphotactics also serve to disambiguate the morphemes that occur in more than one class of

morphemes. The analyzer uses these rules to identify the structure of words [36].

2.2.3 Morphological Classification

Languages may be classified according to the role and nature of morphology in each language
[23]. A first dimension of classification is the index of synthesis: languages that do not make use
of morphology are called analytic or isolating, languages with a lot of morphology are called
synthetic. Hence, languages may be ranked on an index of synthesis. Traditionally, Chinese is
referred to as an isolating language because it has almost no inflection. Chinese is not analytic in
an absolute sense. The second index on which languages can be ranked is that of poly synthesis:
some languages allow the incorporation of stems, leading to relatively complex words. The third
dimension of classification is the index of fusion. In fusional languages, one morpheme may
express more than one grammatical feature. Latin is such a language. Such languages can be
contrasted with agglutinating languages in which each bound morpheme corresponds to one
grammatical feature. For instance, case and number in Turkish are expressed by different

suffixes, unlike what is the case for Latin. These three indices of morphological complexity are
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useful in given a global characterization of the morphology of a language [22]. Like this Ge‘ez
language is classified in second index on which languages are ranked in poly synthesis, since

Ge“ez has a complex morphology.

2.2.4 Types of Morphology

As Kumar [36] stated, morphology is traditionally classified into three main divisions: inflection,
derivation, and compounding. Inflectional morphology deals with the formation of different
forms in the paradigm of a lexeme. In it, words undergo a change in their form to express some
grammatical functions but their syntactic category remains unchanged. Many inflectional
features appear on words to express agreement (agreement in person, number, and gender) as

well as to express case, aspect, mood, and tense.

The derivational morphology is concerned with “the creation of a new lexeme via affixation”. In
English, the process of word formation through derivation involves two types of affixation: pre-
fixation, which means placing a morpheme before a word, e.g. un-happy; and suffixation, which
means placing a morpheme after a word, e.g. happi-ness. Derivation poses a problem to
translation in that not all derived words have straight forward compositional translation as
derived words. In English, for example, the same meaning can be expressed by different affixes.
Moreover, the same affix can have more than one meaning. This can be exemplified by the suffix
-er. This suffix can be used to express the agent as in player and singer. But this is not the only
meaning it can convey as it can describe instruments as in mixer and cooker. In this way the affix
can have a range of equivalents in the target language and the attempt to have one-to-one

correspondences for affixes will be greatly misguided.

Compounding morphology is the process of forming a new word through combining two or more
words. Compounding is a process of word formation that involves combining complete word
forms into a single compound form; dogcatcher is therefore a compound, because both dog and
catcher are complete word forms in their own right before the compounding process has been
applied, and are subsequently treated as one form. An important notion in compounding is the
notion of head. A compound noun is divided into head and modifier or modifiers. For instance,
the compound noun watchtower in which watch and tower can be represented as a head and

modifier.
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2.2.5 Prosodic Morphology

One of the classic linguistic issues is that of providing an account of the non-concatenative
morphological system prevailing in most members of the Semitic language family [83]. In non-
concatenative morphology, other formal means are involved in the creation of new
morphological forms. In the case of internal modification a stem with a different form is created,
for instance, by replacing a vowel pattern or a consonant pattern (or both) with another one.
Vowel alternations are characteristic of a number of Indo-European languages; in Semitic
languages verbal roots may appear in a number of different ,binyanim®, templates with specific
patterns of consonants and vowels, sometimes in combination with a prefix [22]. As described in
[83] Prosodic morphology was initiated by McCarthy in1981. The author noted the similarity in
the behavior of vowels introduced into consonantal roots by morphological processes and
phonological prosodies, such as tone spreading in Arabic language. He hypothesized that the
verb in Arabic has elements arranged on three independent tiers at the underlying level of
representation in the lexicon, the three tiers being the consonantal tier, also called the root
tier, the skeletal tier and the vocalic melody tier. For example the verb 7114~ /gobira/ in Ge“ez

will have the structure shown in Figure 2.1.

Root tier g b r
A 4 \ 4 \ 4
Skeletal tier C VvV C v C V
A A A
Vocalic melody tier 9 t a

Figure 2.1: CV-based formation of the Ge’ez verb 10¢- /gabira/

The above three tiers give the Ge“ez verb 1M\¢- /gabira/ (she did). As McCarthy described in
[83], these three tiers are linked together by association lines. The author noted the three
universal conventions for making associations between the prosodic templates and the auto-

segmentalized strings are as follows:

» The meaning of a verbal lexeme is signaled at the root-tier by the consonantal segments.
Usually a verb has three consonants in its underived lexical entry in the lexicon. Thus the
root /g-b-r/ in Ge“ez represents the lexeme do, which is realized by a variety of verb

forms.
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» The skeletal tier provides a canonical shape that is associated with a particular meaning
or grammatical function. The template C,;V,;C,V,C;V3;, for example, carries the
grammatical meaning perfective.

» The vocalic melody tier provides information analogous to that carried in English by
inflectional affixes like tense, aspect, number or derivational affixes. For example,
in the above Ge‘ez verb /gobira/ the vocalic pattern /o-i-a/ indicates that the tense of the
verb is perfective. The last vowel /a/ indicates that the person is third person feminine

and the number is singular.

2.2.6 Computational Morphology

Computational morphology deals with developing theories and techniques for computational
analysis and synthesis of word forms. By computational analysis of morphology, one can extract
any information encoded in a word and bring it out so that later layers of processing can make
use of it [10]. It is the branch of computational linguistics concerned with word structure. Two
kinds of processing are of interest: morphological analysis, by which a surface word form is
analyzed into a lexical representation, consisting of the words component morphemes or
grammatical features, and morphological generation, by which a lexical representation is

converted to a surface word form [28].

2.2.7 Morphological Analyzer

Morphological analyzer is essential and foremost one for any type of Natural Language
processing work [37]. It is a program for analyzing the morphology of an input word; the
analyzer reads the inflected surface form of each word in a text and provides its lexical
form [29]. Therefore, the role of morphological analyzer is very significant in the field of natural
language processing (NLP) applications like machine translation (MT), information extraction
(IE), information retrieval (IR), spell checker, lexicography, etc. So from a serious computational
perspective the creation and availability of a morphological analyzer for a language is important.
The morphological analyzer maps an inflected word into its stem, parts of speech and feature
equations corresponding to inflectional information. The morphological structure of an
agglutinative language is unique and capturing its complexity in a machine analyzable and

generatable format is a challenging job [26].
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Knowledge Required by Morphological Analyzer

Morphological analyzers should have basic knowledge which is common to most analyzers. As it
is described in [38], to analyze existing or novel word forms in terms of their components three

main types of knowledge are required by the analyzer:

» Knowledge about spelling or phonological changes consequent upon affixation (notice
we are only dealing with isolated word forms);

» Knowledge about the syntactic or semantic properties of affixation (i.e., in flexional and
derivational morphology), and

» Knowledge about the properties of the stored base forms of words (which in our case are

always themselves words, rather than more abstract entities).

Furthermore, the analyzer should have knowledge of the syntactic and semantic properties
of the vocalic patterns of the seed, particularly for Semitic words. This is because the vocalic
patterns of the seed in Semitic languages can determine the inflectional and derivational category
of a word. For example , the two Ge“ez words &N /kadasa/ of vowel pattern 111 (all first
order vowels’) and 80, /kadasi/ (3psm) of vowel pattern 143 (first, fourth and third order

vowels, respectively) are derived from the same root #&0 /kds/ but have different

syntactical functions due to the different vocalic patterns they have.

2.3 Machine Learning

Machine learning deals with techniques that allow computers to automatically learn and make
accurate predictions based on past observations. The major focus of machine learning is to
extract information from data automatically, by using computational and statistical methods. Its
techniques are being used for solving various tasks of Natural Language Processing. This
includes speech recognition, morphological analysis, document categorization, document
segmentation, part-of-speech tagging, and word-sense disambiguation, named entity recognition,
parsing, machine translation and transliteration [36]. There are two main tasks involved in
machine learning; learning/training and prediction. The system is given with a set of examples
called training data. The primary goal is to automatically acquire effective and accurate model

from the training data. The training data provides the domain knowledge, i.e., characteristics of

* See Section 2.6.1 for detail.
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the domain from which the examples are drawn. This is a typical task for inductive learning and
is usually called concept learning or learning from examples. The larger the amount of training
data, usually the better the model will be. The second phase of machine learning is the
prediction, wherein a set of inputs is mapped into the corresponding target values. The main
challenge of machine learning is to create a model; with good prediction performance on the test
data, i.e., model with good generalization on unknown data [36]. Machine learning is a
promising alternative to obtain morphological rules. This method can avoid problems such as
costly human labor, rule inconsistency and can provide additional statistical information which
can be used in morphological analysis procedure. Based on information type employed in the
machine learning task, we can usefully obtain two classes: unsupervised learning and supervised
learning [41]. Recently, machine learning approaches are found to be dominating the Natural

Language Processing field.

Machine learning is a branch of Artificial Intelligence (AI) concerned with the design of
algorithms that learn from examples. Machine learning algorithms can be supervised or
unsupervised. The input and corresponding output data are used in supervised learning. In
unsupervised learning, only input samples are used. The goal of machine learning approach is to
use the given examples and find out generalization and classification rules automatically. All the
rules including complex spelling rules can be handled by this method. Morphological Analyzer
based on machine learning approaches does not require any hand coded morphological rules. It

only needs morphologically segmented corpora [36].

2.3.1 Unsupervised Learning

In supervised learning, the aim is to learn a mapping from the input to an output whose correct
values are provided by a supervisor. In unsupervised learning, there is no such supervisor and we
only have input data. The aim is to find the regularities in the input. There is a structure to the
input space such that certain patterns occur more often than others, and we want to see what

generally happens and what does not [42].

Unsupervised learning seems much harder: the goal is to have the computer learn how to do
something that we don't tell it how to do! There are actually two approaches to unsupervised
learning. The first approach is to teach the agent not by giving explicit categorizations, but by

using some sort of reward system to indicate success. Note that this type of training will
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generally fit into the decision problem framework because the goal is not to produce a
classification but to make decisions that maximize rewards. This approach nicely generalizes to
the real world, where agents might be rewarded for doing certain actions and punished for doing
others. A second type of unsupervised learning is called clustering. In this type of learning, the
goal is not to maximize a utility function, but simply to find similarities in the training data. The
assumption is often that the clusters discovered will match reasonably well with an intuitive

classification [40].

2.3.2 Supervised Learning

Supervised machine learning is the search for algorithms that reason from externally supplied
instances to produce general hypotheses, which then make predictions about future instances. In
other words, the goal of supervised learning is to build a concise model of the distribution of
class labels in terms of predictor features. The resulting classifier is then used to assign class
labels to the testing instances where the values of the predictor features are known, but the value
of the class label is unknown. Every instance in any dataset used by machine learning algorithms
is represented using the same set of features. The features may be continuous, categorical or
binary. If instances are given with known labels (the corresponding correct outputs) then the
learning is called supervised, in contrast to unsupervised learning, where instances are unlabeled.
[45]. It is fairly common in classification problems because the goal is often to get the computer

to learn a classification system that we have created.

A supervised learning algorithm takes a set of training examples as input and produces a
classifier or predictor as output. The set of training examples provides two kinds of information.
First, it tells the learning algorithm the observed output values y; for various input values x;.
Second, it gives some information about the probability distribution D(x). For example, in
optical character recognition for ASCII characters, the training data provides information about
the distribution of images of ASCII characters. Non-ASCII characters, such as Greek or Hebrew

letters, would not appear in the training data [44].

Supervised learning is the most common technique for training neural networks and decision
trees. Both of these techniques are highly dependent on the information given by the pre-

determined classifications [40]. Machine learning approaches that use supervised learning
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approach includes support vector machine (SVM), inductive logic programming (ILP), hidden
Markov model (HMM) and memory based learning (MBL).

Support Vector Machine (SVM): It is a commonly used ,gager learning® method. It finds the
best separating hyper-plane between two sets of classes in such a way that the distance
between the two classes is maximized. Using different kinds of kernel functions, the separating
hyper-plane can be found in a space of higher dimensionality than the data itself. It performs

especially well with sparse data [46].

Inductive Logic Programming (ILP): It is the process of learning a set of rules from instances
(examples in a training set), or more generally speaking, creating a classifier that can be used to
generalize from new instances [45]. Inductive logic programming allows for the introduction of
domain knowledge in the form of predicate logic expressions as background theories to the
learning system, as a way to constrain the search for a model that covers the training examples

[30].

Hidden Markov Model (HMM): It is a popular statistical tool for modeling a wide range of
time series data. It is a powerful tool for modeling generative sequences that can be characterized

by an underlying process generating an observable sequence [47].

Memory Based Learning (MBL): It is a machine-learning method based on the idea that
examples can be re-used directly in processing natural language problems. Training examples are
stored without modification or abstraction. During the classification process, the most similar
examples from the training data are located, and their class is used to classify the new example
[30]. Other names that have been used for this kind of learning algorithm are instance-based,
exemplar-based, example-based, case-based, analogical, and locally weighted learning or lazy
learning based on the k-nearest neighbor classifier, is a supervised inductive learning algorithm
for learning classification tasks [1, 48], or it is a class of inductive, supervised machine learning
algorithms that learn by storing examples of a task in memory [2]. It treats a set of labeled (pre-
classified) training instances as points in a multi-dimensional feature space, and stores them as

such in an instance base in memory.

Memory-Based Learning (MBL) is a simple and robust machine-learning method which has
been successfully applied to a wide range of NLP tasks. Some of the tasks, with references to

some of the work in which memory-based learning has been applied are: Part-Of-Speech
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Tagging e.g., [1], Grammatical Relation Finding, e.g., [49], Shallow Parsing (combining memory
based tagging, chunking, PP finding, and grammatical relation finding), e.g., [30, 50],
Morphological Analysis, e.g., [1, 2, 30, 61], Phoneme-To-Grapheme Conversion, e.g., [51],
understanding User Utterances in Human-Computer Spoken Dialogue Systems, e.g., [52],
Disfluency Detection in Spoken Language, e.g., [53], Pitch Accent Placement, e.g., [54],
Semantic Role Labeling, e.g., [55], Word Sense Disambiguation, e.g., [56], Named Entity
Recognition, e.g., [57], PP Attachment Disambiguation, e.g., [58], Co-Reference Resolution,
e.g., [59], and Information Extraction, e.g., [60].

An example memory-based learning system is shown below in Figure 2.2. The encoder “*’maps
an input from the input space X into a set of addresses and the decoder “p” maps the set of
activated memory locations into an output in the output space Y. The look-up table for MBL

systems can be organized as hash tables, trees or full-search tables [8].

Table look-up

encoder; decoder

@ ¥>

4

Input space X Output space ¥

Memory 2

Figure 2.2: An Example Memory-Based Learning System

An instance consists of a fixed-length vector of n feature-value pairs, and an information field
containing the classification of that particular feature-value vector. After the instance base is

stored, new (test) instances are classified by matching them to all instances in the instance base,
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and by calculating with each match the distance, given by a distance function (X, Y), between

the new instance X and the memory instance Y [1,10].

Memory-based learning is founded on the hypothesis that performance in cognitive tasks is
based on reasoning on the basis of similarity of new situations to stored representations of earlier
experiences, rather than on the application of mental rules abstracted from earlier experiences (as
in rule induction and rule-based processing). The General architecture of an MBL system which
is shown in Figure 2.3, contains two components: a learning component which is memory-based
(from which MBL borrows its name), and a performance component which is similarity-based.
The learning component of MBL is memory-based as it involves adding training instances to
memory (the instance base or case base); it is sometimes referred to as ,Jazy™ as memory storage
is done without abstraction or restructuring. In the performance component of an MBL system,
the product of the learning component is used as a basis for mapping input to output; this usually

takes the form of performing classification [10].

Memory—Based
Learning - \
Architecture EXAMPLES
Learning
Storage

Computation of Metrics

INPUT CASES OUTPUT

Similarity—Based Reasoning
Performance

Figure 2.3: General Architecture of an MBL System (Adopted from [10])

Memory-based learning has been the primary machine learning method used in the present work.

It has the following advantages in contrast to most other machine learning algorithms [1]: It
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presupposes no more linguistic knowledge than explicitly present in the corpus used for training,
i.e., it avoids a knowledge-acquisition bottleneck; Learning is automatic and fast; Processing is
deterministic, non-recurrent (i.e., it does not retry analysis generation) and fast, and is only
linearly related to the length of the word form being processed [2]. Because of these advantages,

it is selected to test the morphological analysis of Ge*ez verbs.

The main disadvantage of memory-based learning, compared to most rival approaches, is its
slow classification speed. Its worst-case complexity of classification is O(nf), where n is the
number of memorized examples, and f is the number of features; each new example needs to be
compared against all of the memorized examples, each time involving a comparison of all

features [63].

Another disadvantage of the memory-based learning approach that it shares with other
discriminative classifiers is that its strength is in classification tasks with relatively low
dimensionality in the class space. In the larger context of NLP tasks with structured output
specifications, such as parsing or machine translation, it is widely recognized that discriminative
classification alone is not enough to perform these global tasks, as the class spaces that would
cover entire sequences, or large subsequences, would be too high-dimensional, thus too sparse to
allow for sufficient amounts of examples per class. Even memory-based learning, with its

insensitivity towards the number of classes, suffers directly from such sparseness [63].

2.4 Memory-Based Language Processing

Memory-Based Language Processing system is based on the idea that learning and
processing/performance are two sides of the same coin [30]. The learning component is memory-
based as it involves storing examples in memory without abstraction, selection, or restructuring.
In the performance component of a MBLP system the stored examples are used as a basis for
mapping input to output; input instances are classified by assigning them an output label. During
classification, a previously unseen test instance is presented to the system. The class of this
instance is determined on the basis of an extrapolation from the most similar example(s) in

memory. There are different ways in which this approach can be operationalized [63].

Memory-based learning (MBL) is an approach to NLP based on a symbolic machine learning
method. Memory-based learning is based on the assumptions that in learning a cognitive task

from experience people do not extract rules or other abstract representations from their
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experience, but reuse their memory of that experience directly. Memory based learning and
problem solving incorporates two principles [64]: learning is the simple storage of a
representation of experiences in memory, and solving a new problem is achieved by reusing
solutions from similar previously solved problems. This simple idea has appeared in many
variations in works in artificial intelligence, psychology, statistical pattern recognition, and
linguistics [30]. Generally, the central claim of the MBL paradigm is that decisions about new
facts are based on re-use of stored past experiences. Therefore, the main goal of an MBL model
is to extrapolate the class of new exemplars based on their similarity to stored exemplars. As
described in [30, 48, 62, 63], memory-based learning has a great future potential to analyzing
Natural language processing (NLP) tasks from spelling error correction to machine translation

and automatic extraction of knowledge from text.

All experiments with memory-based learning (e.g. Section 2.3.2) described here were carried out
using the Tilburg Memory-based Learner, or TIMBL®. This software package is developed and
maintained by the Induction of linguistic knowledge group at Tilburg University, and is a very
efficient feature rich implementation. It can be run either as a “one-shot” command line classifier
or as a server, and there is also a C++ API that makes it possible to integrate the memory-based
learning functionality into other programs such as python [63]. For example, python-TiMBL is a
Python extension module wrapping the full TIMBL C++ programming interface. With this
module, all functionality is exposed through the C++ interface that is also available to Python
scripts. Being able to access the API from Python greatly facilitates prototyping TiMBL-based
applications [34].

As described in Chapter one, TIMBL is an open source software package implementing several
memory-based learning algorithms such as IGTree, IBI, IBI-IG, TRIBL, TRIBL2, IB2, C4.5, etc.,
among which IB2 and TRIBL2 are used in this study. IB2 is an implementation of k-nearest
neighbor classification with feature weighting suitable for symbolic feature spaces, since it is an
extension of IB1, and TRIBL2 is a hybrid combination of IGTREE and IB1. IGTREE is a
decision-tree approximation of IB1. These two algorithms rely on k-nearest neighbor (K-NN)
classifier. All implemented algorithms have in common that they store some representation of
the training set explicitly in memory. During testing, new cases are classified by extrapolation

from the most similar stored cases [17, 30].

* Freely Available tool at Http://ILK.uvl.nl.
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KNN:

The k-Nearest-Neighbors (k-NN) is a non-parametric classification method, which is simple but
effective in many cases [65]. It is a case-based learning method, which keeps all the training data
for classification. Being a lazy learning method prohibits it in many applications such as
dynamic web mining for a large repository. For a data record t to be classified, its k-nearest
neighbors are retrieved, and this forms a neighborhood of t. Majority voting among the data
records in the neighborhood is usually used to decide the classification for t with or without
consideration of distance-based weighting. However, to apply k-NN we need to choose an
appropriate value for k, and the success of classification is very much dependent on this value. In
a sense, the k-NN method is biased by k. There are many ways of choosing the k value, but a
simple one is to run the algorithm many times with different k-values and choose the one with

the best performance [66].

In the performance component of an MBL system, the product of the learning component is used
as a basis for mapping input to output; this usually takes the form of performing classification.

During classification, a previously unseen test example is presented to the system. The similarity
between the new instance X and all examples Y in memory is computed using some distance
metric A(X, Y). The extrapolation is done by assigning the most frequent category within the
found set of most similar example(s) (the k-nearest neighbors) as the category of the new test
example [10]. The distance between two instances is calculated using Equation 2.1 [10] (simple
overlap metrics equation) which simply sum of the differences between the features [8, 10, 30].
A feature in morphological analysis is individual characters or classes that represent the complex

morphological analysis.

AX, Y) = Xit, 6(xi, yi) (2.1)

xi—yi . .
abs (—) if numeric, else
maxi—mint

Where: §(xi,yi)="] 0 if xi=yi

1 ifxi £ yi

—

Where A(X, Y) is the distance between instances X and Y, represented by n features, and

0 is the distance per feature.
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The value of k refers to k-nearest distances rather than k-nearest examples. With k = 1, for
instance, TIMBL"s nearest neighbor set can contain several instances that are equally distant to
the test instance [10]. In order for k-NN to be less dependent on the choice of k, look at multiple
sets of nearest neighbors rather than just one set of k-nearest neighbors [65]. K-NN kernel could

therefore be called k-nearest distances classification [10].

Even if k-NN has its own drawbacks its low efficiency - being a lazy learning method prohibits it
in many applications such as dynamic web mining for a large repository and its dependency on
the selection of a “good value” for k [65]. Daelemans and Bosch stated in [63], the k-nearest
neighbor classifier has a number of advantages that make memory-based learning the method of
choice in certain particular situations, compared to other rival discriminative supervised
machine-learning algorithms:

1. The basic version of the k-NN classifier that uses the overlap metric is insensitive to the
number of class labels, both in terms of efficiency in training and in classification. This
makes memory-based learning suited for classification tasks with very large numbers of
classes, such as word prediction or machine translation;

2. Memory-based learning is able to reproduce the classification of training data flawlessly,
as long as there are no identical training instances in memory with different class labels.
This advantage, an important component of the “forgetting exceptions is harmful” tenet,
is especially useful in NLP tasks in which much of the training data can be expected to
recur in new data, such as in word pronunciation, where a typical lexicon used for
training will already contain the pronunciation of approximately 95% of all words in a
new text;

3. Memory-based learning allows for incremental learning at no cost, or with little cost if
the similarity function uses weighting functions; this is practical in situations in which
training examples become available over time, and the classifier needs to be retrained
preferably with the availability of each new training example. Also, the algorithm is
equally easily decremental, allowing for fast leave-one-out testing.

4. Tt has been shown that the 1-nearest neighbor classifier has an attractive error upper
bound: as the amount of data approaches infinity, it is guaranteed to yield an error rate no

worse than twice the Bayes error rate.
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However, the impact of these non-parametric statistical methods (k-NN) on the development of
systems for solving practical problems has remained limited because of a number of short
comings: they were computationally expensive in storage and processing; intolerant of attribute
noise and irrelevant attributes; sensitive to the similarity metric used; and the Euclidean distance
metaphor for similarity breaks down with non-numeric and missing feature values [64]. To solve
(some of) the problems with k-NN listed before, recently, the intuitive appeal of the nearest
neighbor approach has been adopted in artificial intelligence in many variations on the basic
nearest neighbor modeling idea, using names such as memory based learning which has IBI,

IGTREE, IB2 and TRIBI2 algorithms implemented in TIMBL.

IBI:

The classification function of IB1 computes the similarity between a new instance and all stored
instances, and returns the class label of the most similar instance. It uses information gain
weights in the overlap function to define similarity. In IBI the instance base is reorganized (by
compression rather than by pruning) in such a way that access to relevant instances is faster, and

no generalization performance is lost [16].

In IBI, Instance-based learning algorithm, similarity of a new case to stored cases is used to find
the nearest neighbors of the new case. The class of the new case is predicted on the basis of the
classes associated with the nearest-neighbor cases and the frequency of their occurrences. All
features are assigned the same relevance. The similarity function in lazy learning consisted
simply of multiplying, when comparing two feature vectors, the similarity between the values for
each feature with the corresponding information gain, or in case of features with different

numbers of values the gain ratio, for that feature [67].

IGTREE:

IGTREE combines two algorithms: one for constructing decision trees, and one for retrieving
classification information from these trees. During the construction of IGTREE decision trees,
instances are stored as paths of connected nodes. All nodes contain a test (based on one of the
features) and a class label (representing the default class at that node). Nodes are connected via
arcs denoting the outcomes for the test (feature values). Information gain is used to determine the
order in which instance features are used as tests in the tree. This order is fixed in advance, so the
maximal depth of the tree is always equal to the number of features, and at the same level of the

tree, all nodes have the same test [16].The reasoning behind this compression is that when the
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computation of information gain points to one feature clearly being the most important in
classification, search can be restricted to matching a test instance to those memory instances that
have the same feature-value as the test instance at that feature. Instead of indexing all memory

instances only once on this feature, the instance memory can then be optimized further by
examining the second most important feature, followed by the third most important feature, etc.

Again, compression is obtained as similar instances share partial paths [10, 16].

Because IGTREE makes a heuristic approximation of nearest neighbor search by a top down
traversal of the tree in the order of feature relevance, we no longer need to store all the paths.
The idea is that it is not necessary to fully store those feature-values of the instance that have
lower Information Gain than those features which already fully disambiguate the instance

classification [16, 67].

IB2:

The IBI algorithm stores all the instances of the training data in memory. This implies that all
instances, even those that fall well within the borders of the target description, are saved in
memory. Instances like these have no effect during classification, as they do not affect the
generalization accuracy of the system; they only confirm the positions of the already existing
target descriptions. It will therefore make sense to restrict the instances in memory to those that
will have an effect (i.e., the instances that lie beyond or on the boundaries of the target
description) on the classification of other instances [10]. This is the basis of the operation of the
IB2 algorithm. The operation of IB2 is therefore identical to the operation of IBI, except that IB2
only saves misclassified instances in the training data (77). IB2 starts with an instance base
containing only a small portion of the available training instances. This initial number of training
instances in memory can be set by the user. IB2 then adds instances into memory only when they
are misclassified by the k-NN algorithm, on the basis of the instances already in memory at that

point.

Additional instances are added because they do not form part of the concept description of the
instances in memory at that particular time. They are included to expand the concept description
because we can assume that they represent a part of the instance space where there is not enough

instances contained in memory for accurate classification [10].
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IB2 does not lower or improve the generalization performance of IB1, but it lowers the
computational burden of the system since there are less training instances stored in memory. The
negative aspect of IB2 is that it is sensitive to noisy training data, since it has a strategy of only

storing misclassified instances [77].

TRIBL2:

It was designed as a combination between IB1 and IGTREE with the aim to exploit the trade-
off between the search speed of IGTREE and the generalization accuracy of' IBI. it do that
by splitting the classification of new instances into a quick decision-tree (IGTREE) traversal
based on the first (most important and most class-disambiguating) features, followed by a slow
but relatively accurate k-NN (IB1) classification based on the remaining less important features.
During search, the normal IGTREE search algorithm is used, until a feature having an IG value
below the average IG for all the features is reached. This point represents the shift from IGTREE
to IB [10].

TRIBL2 does not employ a fixed switching point like TRIBL algorithm. During the
classification of an instance it continues to use IGTREE as long as it finds matching feature
values in the weighting-governed feature ordering. It only reverts to IB1 classification when a
mismatch is found. The reasoning behind this mismatch-based switching is that the switch to IB1
is only invoked when mismatching occurs, being the typical point in which IB1 can improve on

decision-tree-style classification [10, 17].

A choice in algorithms is between using IB2 and TRIBL2. In the trade-off between
generalization accuracy, incremental and efficiency, IB2 performs best when as much as possible
of the training set was used for bootstrapping and only a few instances were incrementally added,
which suggests that the strategy was not very successful or that the data set was too small. Its
accuracy is depending on the parameter value of —b. IB2 storage requirement smaller than
TRIBL2. This reduction in storage requirements is most dramatic when none of the training
instances are noisy. Its accuracy will be decreases quickly as the level of noise increases. This
occurs because noisy instances are, naturally, almost always misclassified. Since IB2 saves only
a small percentage of the non-noisy training instances, its saved noisy instances are more
often used to generate -classification decisions. This is the huge disadvantage of the IB2
algorithm. In TRIBL2 algorithm, If the first mismatch occurs very early on in the tree, the

probability that it will find a different classification than IB1 is low (zero when a mismatch
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occurs on the first feature). The same goes for test instances that mismatch very late, because the
more matches are found, the lower the probability that there is a combination of features in other
parts of the tree that yields a smaller distance. Mismatches occurring in between will have the
highest probability of causing different classification behavior. The more consecutive matches
the faster classification will be, as each additional match decreases the size of the sub tree that
has to be searched. Accuracy and speed seem to be inversely related [84]. Therefore, TRIBL2

will have the disadvantage of both algorithms depend on the mismatch point.

In sum, it can be said that in the trade-off between incremental editing and reduction storage
memory requirements, the IB2 approach chooses to invest more time in organizing the instance
base using Information Gain and compression, to obtain simplified and faster processing during
classification, as compared to TRIBL2 algorithm [10, 16, 84]. Storing too many instances can
result in large memory requirements and slow execution speed, and can cause an over sensitivity
to noise. One advantage to an IB2 is that if instances are made available later, after training is
complete, they can continue to be added according to the same criteria. Another advantage of
IB2 algorithms is that it can be faster and use less storage during learning than non-incremental
algorithms, since it can ignore some of the discarded instances when adding others. Thus instead
of O(n?) time and O(n) storage during the learning phase, it can use O(n s) time and O(s) storage,
where n is the number of training instances and s is the number of instances retained in the
subset [85]. Therefore, Because of these advantages, IB2 algorithm techniques were selected for

this study to design the morphological analysis of Ge*ez verbs.

2.5 Morphology of Ge’ez Verbs

The main verbs in Ge*ez are perfect and imperfect. Perfect is usually past or completed action. It
includes past perfect, past continuous, past participle with the relative pronouns H (of). The
imperfect one is usually present, continuous and future action. The end of all perfect verbs is the
first order while all imperfect verbs have in the end the six orders. This is under the pronoun
@Ak (he). The other main verbs are subjunctive (with heo, -J, 0l or without), imperative,
infinitive and gerundive [3, 19]. As described in the first Chapter, verbs are the most important
part of the Ge“ez language which serves as a basis for almost all other POS categories. To

illustrate the importance of the verb some scholars [74, 19] say that the verb is the language.
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Ge“ez is studied by local and foreign scholars. Among local scholars Aleka Kidane Wold Kifle
[69], Like Hruyan Belay Mekonen [70], Memhr Dessie Keleb [19] and Memhr Zeradawit
Adhana [74], and among foreign scholars Dillmann [70], Bender [3], Leslau [25], and Lambdin
[71] are mentioned. The analysis of these scholars is used for this study to understande the
language. Nowaday, the language doesn't have native speakers, and the main resources are
books. Moreover, the linguistic work of Muluken Andualem [12] is also used to understand the
way of classification of Ge“ez verbs in the traditional schools of #% /kine/ found under the

EOTC.

2.5.1 Ge’ez Writing System

A study of the Ge"ez writing systems is essential to understanding the history of Ethiopia and the
evolution and modern usage of the language. The only language in Ethiopia which has its own
alphabets is Ge“ez. Other languages’ like Amharic and Tigrigna adopted these alphabets fully
from Ge“ez [3, 70]. An alphabet or fida/ of a language represents its sound. They are also called
hohyat /IPV£-1 in Amharic/. Ge“ez sounds can be studied by dividing them into simple-sounds
and complex-sounds [74]. Simple-sounds are represented with 182 alphabets. From these,
seven of them represent vowel sounds: A/o/, hA/u/, AJ/i/, hla/, hle/, h/i / and h/o/.

Whereas, others represents consonant sounds.

Prior to the modification performed by the first Ethiopian Bishop, Abba Freminatus, the total
number of Ge'ez alphabets were twenty six each with vowel sound A/o/. After the
modification, however, every consonant was combined with other six vowel sound alphabets to
produce six more derived alphabets [4, 74]. For example, the combination of the original
alphabet U/ha/ with the six vowel sound alphabets a-/u/, A.J/i/, h/a/, h/e/, h/i/ and h/o/
yields six more derived alphabets as: U~/hu/, ‘1/hi/, 1/hal,'t/he/, V/hi/ and U/ho/ respectively.

Generally, Ge’ez has essentially 26 main syllographs or alphabets, all consonants, and each with
six more derivations while the rest are essentially those with additional strokes and modifications
added on to the main forms to indicate a vowel sound associated with it or to make aural
adjustments in the basic consonant sound [75]. Hence, it has a total of 182 syllographs, with

twenty six alphabets and seven vowels (26x7 = 182 alphabets). Doing the same derivation for

> Ethiopia has more than eighty languages.
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every twenty six alphabets, a matrix of 26x7 size is produced. Each of the columns are
labeled as ?AH /ge“ez/ (first order), A /ka?b/ (second-order), AAN /salis/ (third-order),
&ANa /rabi?/ (fourth-order), h9°0 /hamis/ (fifth-order), ALNO /sadis/ (sixth-order), and
A /sabi?/ (seventh-order) of alphabets. The orders represent the sound of each of the
vowels. For example, if we take the verb $A® /nolowa/ (he kept), the alphabet 4/no/ is read as
7h/no/, where h/o/ is a vowel with seven-order sound. Hence, it is sorted under the seventh
column /seventh -order/ category. However, the alphabets A //o/ and @ /wa/ are read as f\h

/li?a/ and M-h /wiPa/ respectively, where A /o/ is a vowel with first -order sound. Hence, both

are sorted under the first-order group.

The complex-sounds are represented with twenty letters. The alphabets are four in number.
These are: v /k"a/, 1> /g"a/, & /k"2/, and "> /x"a/. Alphabets representing complex-sounds
have only four derived alphabets, which are produced after the combination of the simple-
sound alphabets h /ka/, 1 /gal, # /ka/ and "1 /xa/ with the vowels A /o/ and A /i/ and the
semi-vowels @ /wa/ and ¢ /ya/ in different patterns. For instance, the alphabets 7» /g"2/, T
/g"i, » /g i/, 4 /g"al and b /g"e/ are derived due to the combination of the vowel and the

semi-vowel sounds with the consonant 7 /ga/ [74]. E.g:1/ga/+h /o +@ /wa/ =1 /g"a/

The Ge“ez alphabets adopted and used in this study and detailed discussion on Ge‘ez

writing system is found in [19, 69, 70, 74].

2.5.2 Formation of Ge’ez Verbs

As described in [70], a verb in Ge“ez must pass through three stages of formation. These are:

seed formation, tense-mood formation and person-gender-number formation.

Semitic language verbs are produced as the result of the intercalation of vowels and roots in a
certain template. This fact is valid for Ge“ez verbs too. Such intercalation of vowels and
consonants in a given template produces what is called seed®. The produced seed grows up to a
more natural verb form by attaching itself to tense -mood and person-gender-number marker
affixes. Each seed has its own unique template. This essentially implies that verbs do have

different templates. Their basic difference lies on the type of vowels participating during

® Root + vocalism + template.
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the formation process. More precisely, the initial, medial, final alphabets of these seeds results at
one true difference among verbs of Geez. The following sub-sections describe thoroughly the

aforesaid difference [4].

Initial Orders of Ge’ez Verbs

As discussed in Section 2.6.1, a consonant sound combines with each of the seven vowel
sounds of the language to form /ge’ez/, /ka?b/, /salis/, /rabi?/, /hamis/, /sadis/, and /sabi?.
Among these orders, /ka?b/ and /salis/ do not occur in initial position of verbs. The other
five can occur in initial position as recognized by many of the Ethiopian scholars [69,
74]. The system of these scholars takes CV -template as a basic unit to determine the
category of verbs. Accordingly, the orders that occur in initial position include for example, A

1o/, A /la/, & /le/, N /1i/ and &= /lo/.

The Ethiopian scholars believe that the base for any verb is what they call ,relative seed*” or
father seed®. According to them, a verb is derived either from its father seed or its relative seed.

The father form is an infinitive form, like 4B /faqid/ (to like) [4].

As Kidane Wold Kifle described [69], a verb is formed only from a father seed, while
modern scholars argue that the formation process begins from the root, which is purely
consonantal. Muluken Andualem [12] argued that the ,seed*and ,root* are more or less the same.
For him, the difference of these two terms is in the vowels of the seeds. Further, he argued that if
we remove the vowels in a seed, we get the root. The researcher also agreed with the argument of
Muluken and would prefer to call the prime mover of a verb as ,yoot™ and the immediate result of

the intercalation of the root and the vowels as ,seed” [4].

Terminal Orders of Ge’ez Verbs

Some of Ethiopian scholars believe that the terminal orders in Ge“ez verbs are only /ge’ez/
and /hamis/. According to them, the only verb that ends with /hamis/ is M /yibe/’. On the other
hand, the verb /yibe/ is arguable that many scholars said differently about it. For example,

Zeradawit said that /yibe/ has the perfective form NUA /bahalo/ (he said) whereas Kidane

"1t is Hao®: HCh and it is the same as verbal noun.
8 Itis A0 HCA and it is the infinitive form of a verb which is considered as the base for other forms.
? It is a verb with a different morphology when compared to all other verbs of Ge“ez.
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Wold Kifle argued that /yibe/ is the imperfective form of (LA /bels/ (he said) and its causative

is allA /22bala/ (he caused someone to say).

Foreign scholars such as Lambdin, Dillmann, and Leslau consider /yibe/ as derived from the root
/b-h-1/. Lambdin said that /yibe/ has N1VA /bihilo/ (he said) as its perfective form, which seems to
be the same as what Zoradawit and Dillmann have said. However, all scholars agreed that all

perfective verbs end with a first-order consonant. Their only difference is on the terminal of

/yibel.

2.5.3 Classification of Ge’ez Verbs

Foreign scholars classify verbs based on the stem vowel and the root consonants, and
classification of modern linguists is based on root consonants and patterns of vowels in stem
formation [12]. However, classification of Ethiopian scholars on the basis of gemination, non-
gemination, number and position of radicals as well as the positions of gutturals and semi-vowels

in written verbs and the conjugation'® pattern of the verbs.

The basic concepts of classification of verbs employed by all scholars are used in this study. As a

result, the classification criteria is summarized into three: based on object indication, based

on number of radicals and based on ,heads™ and ,,troops““.

Based on Object Indication

Based on Ethiopian scholars, Ge‘ez verbs are grouped into three types derived from their
tendency to indicate the object in a sentence. These are copula, transitive, and intransitive verbs

[12, 19].

Transitive verbs occur with an object in a sentence. For example, the verbs #20 /kadasa/ (he
consecrated), T\& /gabira/ (he did), AL /?anibara/ (he sat something), AGh /safi?a/ (he hit),
AP LN okirabal (he brought), N&h /baraka/ (he blessed), ANL /sabara/ (he broke), and +-+h
/katala/ (he killed) are transitive verbs. These all cannot be used without mentioning the
action receiver (the object) of the verb. For example, we can have sentences like, Al& 04

ao’j(\l N7k (yosef broke this chair), where chair is the object which receives the action.

%1t means to give various inflectional endings of a verb.
' See detailed in Section 2.6.3.
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Intransitive verbs, conversely, are other types of verbs which occur without an object in
a sentence. For example, the verbs "TA& /xasora/ (he become short), a0&Xh /moasi?a/ (he came),
q°t /mota/ (he died), 1N /nabora/ (he sat), ché /hora/ (he went), 128 /nadads/ (it was fired)
and $ao /koma/ (he stand) are intransitive verbs. For example, in the sentence hé ALMN

hZ°10A "I ch70 (Juses went from gelila to John), the verb ché is used without an object.

The third type of verbs that occurs together with main verbs in a clause is called copula. @ A"k
/wi?tu/ (Am, is, are, was, were), UA= /holo/ (He existed, presented, there was), 1’1 /kona/ (It

was done), and A"TH /?axaza/ (He held, he began, he started) are examples of Copula verbs.

Conjugation means to give various inflectional endings of a verb, i.e. voice, mood, tense, number
and person. For example, in the sentences h't &1NC 2N A& (he was wont to fabricate
implements of brass) and @UA* ¢ch?0 £MI°P 1789° (John baptizingin the wilderness), Ufe
/halo/ and 01 /konal/ is copula verbs.

Based on Number of Radicals of a Root

Ge“ez verbs can be also classified into three depending on the number of alphabets their roots
have as tri-literal, quadri-literal, and multi-literal [25, 70]. Tri-literal roots are composed of three
consonants and are those which best answer to the Semitic root forming tendency [70]. Table 2.1

shows the formation of verbs from tri -radical roots.

Table 2.1: Formation of Verbs from Tri-Radical Root

Root Template Verb Gloss
k-t-1 C19C29C30 lkatala/  He killed
C10C,0C3u lkatalu/  They killed (2ppm)
C19CraCsi Ikatalil Somebody who killed (male)
h-s-s C10Cr0Cs30 /hasasal He becomes small
C19C10Csa /hasasa/  They become small (2ppf)
CiCouCs hisus/ Somebody who is small (male)

As shown in Table 2.1, a root usually consists of three radicals. However, roots possessing only
two consonants like «hA /hasa/ (he becomes small), 1€ /goyal, (he flee), a0t /mana/ (he

excommunicated himself from the world), cha® /homa/ (he ill), dhl /haga/ (he formulated a
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law), and 1% /nada/ (he/it was fired). Nevertheless, these roots are products of the later time
influences on the language. The original nature of these roots was tri-radical as chA&, 199,
ao’'y, chaoao,  hT1, and 12L respectively [70]. Dillmann continue to argue that every
original root of Ge’ez comprises of three firm letters. The researcher also believes that bi-radical
roots are only found in the latest literatures and are results of the influence of the later writers
who are not native to the language. For example, the original shapes of the verbs 0a /bo?al, ché.
Ihoral, av  [komal, and b /2els/ were MDA /bowa?s/, L. /howaral, Oad [kawamal,
and AYA /?ayalo/ respectively. Furthermore, the verbal noun hPCS /howariya/ (apostle)

could only be a derivation of a verb only if the verb is /hawara/, not /hora/. As the result, bi-

radical'® roots are not at all common and natural to Ge“ez language [4].

Quadri-literal" roots, on the other hand, are roots with four radicals. For example, the
verbs FHNA /tonibala/ (he begged), TV4h /mahiraka/ (he took captive), hhAavd |P?2Pmoara]
(he knew)and L7170 /donigasa/ (he become terrified) are verbs of Quadri-literal roots. The
occurrence of such verbs is too small compared to the tri-radical verbs. Multi-literals are also
roots of more than four letters. For example, the root of the verbs Aao7t@ /?amonitowal,
CAPAP /dolokiloka/ (he made something to shake) are a quni-literal (five-radical) root.

Nevertheless, roots with more than four letters are not common in Ge*ez at all [70].

Even if the tri-radical verbs are dominant in the language [73], the focus of this study is on all

type of verbs formulated from any radical roots.

Based on Heads and Troops

Ethiopian and foreign scholars agreed on the grouping of Ge‘ez verbs as ,heads™ and ,froops™
taking their CV-template as a basic unit. Heads are those verbs which can represent other verbs
of their type. Troops are any other verbs which can be sorted under either of the identified heads
because of their pattern (template) similarity with the head. However, these scholars do not

agree on the number of heads.

2 When a vowel appears independently in a verb, it is counted as a radical.
3 Roots with two radicals.
“ Roots with four radicals.
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The Ethiopian scholars differ each other in the number of heads. According to Zeradawit
Adhana [74], the heads are eight in number. These are - /katalo/ (he killed), P& /koddosal
(he consecrated), M1 /gabira/ (He did), -+A /tonibalo/ (he begged), Oén /baraka/ (he
blessed), mA /?ela/ (he rounded), NVA /kihilo/ (he abled), and 2L /Soda/ (he wake circular).
However, According to Kidane Wold Kifle [69], there are only seven heads. These are <A
[katala/ (he killed), &0 /kaddssa/ (he consecrated), N4n /barakal (he blessed), Lo /degonal
(he followed), GA® /nolowa/ (he kept), L7710 /donigods/ (he terrified), and “7V4h
/mahiraka/ (he took captive). Memhr Dessie Keleb [19], as he stated, he believe that verbs
classified either in eight or seven. Verbs which classified into eight heads include +-FA /atala/,
PN [kaddasal, Ve /barakal, hhavl. [22Pmaral (he knew), $ao jkoma/ (he stand), “bao /Sema/
(he sat), NNVA /bihila/ (he said) and & /gabira/. But on the other hand, he also argued that
the heads are eleven: A /kotolo/, P8O Jkoddosal, Neh /barokal, 27710 /danigadal,
VLN Imahirakal, 211 Idegonal (he followed), TAM /nolowa/, $av /komal, “hav [Semal,
ML /gobira/ and NVA /bihilo/. In the classification process, the main issue which

arguable, is on the number of the heads but not on the sameness of the verbs considered as

heads.

The foreign scholars have also classified the verbs differently from each other and from the
Ethiopian scholars. Ludolf [72] has recognized three verbs as heads: MM& /gabira/ (he
did), Mé& /gabora/ (he did) and IM& /gabira/ (he did). While, Dillmann [70] believe that
the heads are four: M4 /gabira/ (he did), 114 /nagora/ (he told), 4.Aao /fasoma/ (he
completed), and A&h /baraka/ (he blessed). However, Lambdine [71] has said that the heads
are two: 1A /katalo/ and 2.0 /kadasal.

The classification given by Memhr Dessie Keleb [19], with eight categories is adopted for this
study. Table 2.2 illustrates the ,head™ verbs and their CV-template.
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Table 2.2: ,Heads" of Ge“ez Verbs Together with Their Template

No Head Template Number of radicals and vocalic patterns Gloss

1 P10 /Ig'atala/ C10C,0C50 Tri-radical, 1-1-1 order of vocalic pattern He killed
2 PO /kaddasal  C10C,Cr0C30  Tri-radical, 1-1-1 order of vocalic pattern He

and geminated at its middle alphabet. consecrated

3 azh /barako/ C1aC0C30 Tri-radical, 4-1-1 order of vocalic pattern He blessed
4 AhIPL, C10C10C30 Quadric-radical, 1-6-1-1 order of vocalic He knew

[?9?mara/ pattern
5 $av [koma/ Ci10Cro Bi-radical, 7-1 order of vocalic pattern He stand
6 vpav/sema/ CieCyo Bi-radical, 5-1 order of vocalic pattern He sat
7 NVA/bihilo/ C11Cy1C30 Tri-radical, 6-6-1 order of vocalic pattern He said
8 1l /gabira/ C12CCs0 Tri-radical, 1-6-1 order of vocalic pattern He did

As Muluken Andualem described in [12], classification of verbs into eight heads is also
supported by some scholars of traditional school of #' /kine/ like washera". The focus of this

study lies on these head verbs and their troops including both transitive and intransitive verbs.

2.5.4 Affixation in Ge’ez Verbs

Affixation realizes the two next stage of verb formation: person-gender-number and tense-mood
formation. Therefore, verbs attain their maximum growth level through affixation and are verbs
of this stage which are the most common and natural verbs of Ge“ez [4]. It has all types of the
affixes: infixes, prefixes, suffixes and circumfixes. Infixation is realized that the internal
modification of the seed, which means forming seeds from root via intercalating of the vocalic
patterns with the consonants. The next sections discuss about the details of the remaining three

affixes.

Pre-fixation

As described in [4], prefixes of Ge“ez language can be categorized into two as negation marker
and affirmative marker prefixes. The affirmative marker prefixes can further be divided into two
as verbal-stem-marker and person-marker prefixes. A given affirmative verb can have a
prefix merely from among the affirmative marker prefixes. Only negative verbs can have
the possibility of having two prefixes: the negation marker being followed by one of the
positive prefixes. That is, negation marker of a verb should always be at the very beginning of

the verb. Following is the detail of the three types of prefixes in Ge“ez verbs.

* Washera is a traditional schools of Qene under the EOTC.
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a. Verbal-Stem-Marker Prefixes: This type of prefixes are attached to the front of the base-
stem form of a verb to form four more derived stems namely causative, causative-
reciprocal, reflexive and reciprocal. For instance: the base-stem verb <A /katala/ (he killed)
has A®th /?okitals/ (he caused somebody to killed), alvkPta /Pasitokatals/ (he caused
others to be killed each other), "tA /tokatilo/ (he is killed by), -+P1A /tokatalo/ (he get
killed with somebody) and as its causative, causative-reciprocal, reflexive and reciprocal

stem forms respectively.

b. Person Marker Prefixes: These are A- /?2-/, 1- /mno-/, t- /to-/ and ¢- /y;;-/]6 which
are prefixes attached in front of the indicative, subjunctive and jussive mood verbs to indicate
the subject of the action of the verb. They can also be used in their second, fourth and sixth
orders depending on the formation of the verb. With some exceptional cases like in verbs
with gutturals, the usual occurrences of these prefixes are in their sixth order forms. For
example, the verb A /katalo/ (he killed) has its indicative, subjunctive and jussive forms as
Lok liN fyikotill (he will kill), @1\ /yikitil/ (he must kill) and @A /yikitil/ (for him to
kill). These all are person indicators. Table 2.3 illustrates which of the above discussed prefixes

indicate which person.

Table 2.3: Prefixes of Indicative, Subjunctive, and Jussive Verbs

Indicative Subjunctive Jussive Person referred

h- /23 h-/20-/ h- [?a-/ A1 /?ana/ (I, 1psn')

Y- /na-/ 1-/no-/ Y- Ina-/ e /nihinal (We, 1ppn'®)

- /to-/ - +- /ta-/ nrt [?anita/ (You, 2psm)

- /ta-/ - +- Jto-/ nyhav- [onitimu/ (You, 2ppm)
+- /ta-/ - +- /ta-/ a7t /?aniti/ (You, 2psf)

+- /to-/ - - /ta-/ N7 [?onitin/ (You, 2ppf)

+- /ta-/ +- to-/ t- Jto-/ Lt /yi?ti/ (She, 3psf)

e- /lys-/ ¢- /yo-/ - lyo-/ @Ak /wi?tu/ (He, 3psm)

e- /ya-/ ¢- /yo-/ C- lya-/ @-haf-av- /wi?tomu/ (They, 3ppm)
e- lys-/ ?- /yo-/ P- /ya-/ @-~-t¥77 /wi?ton/ (They, 3ppf)

Source: Adopted from [4].

!¢ According to the Ethiopian scholars, these prefixes are called as ANG-® 4T,
Y First person singular neutral.
18 -

First person plural neutral.
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As shown in Table 2.3, the prefixes /?2-/ and /na-/ are unique to the 1psn and 1ppn respectively.
Whereas, the prefix /fa-/ is common to all second persons and to the 3psf. On the other hand, the
prefix /ya-/ is working only to the 3psm, 3ppm and 3ppf. The hyphen (-) with each of prefixes
above indicates the place of attachment. From the table (the last column) can be also noticed that

Ge“ez, as many of the other Semitic languages, has ten pronouns.

c. Negation Marker Prefix: - In Ge"ez, affirmative verb is converted into its negative form by
attaching the prefix A.- /?i-/ in front of it. For example, the intransitive verbs -+ /tokatals/
(he get killed with somebody) and -+ /toketilo/ (he is killed by) and their transitive
form A /katala/ (he killed) can be prefixed with /?i-/to produce their corresponding negative
verbs hst @ HA [Ritokatala/ (he is not get killed with somebody), st A /Ritokatalal (he
is not killed by), AP /Rikatals/ (he didn't kill) respectively.

Generally, all the possible prefixes of Ge'ez verbs along with their grammatical function

are summarized as shown in Table 2.4.

Table 2.4: List of Ge“ez verbs prefixes along with their syntactical functions

Prefixes Syntactical function

h-/22-/ Causative Stem Marker

h-1?-/ Indicative, Subjunctive and Jussive Moods Marker
hlvt- ?asita-/ Causative-Reciprocal Stem Marker

h.- 2i-/ Negation Marker

Q- /na-/ Causative Stem Marker

Q- /nasita-/ Causative-Reciprocal Stem Marker

- Ini-/ Indicative, Subjunctive and Jussive Moods Marker
Y- Init-/ Reciprocal and Reflexive Stems Marker

3 /ta-/ Causative Stem Marker

F0t- /tasitr-/
- /ta-/

Causative-Reciprocal Stem Marker
Reflexive and Reciprocal Stems Marker

- Jti-/ Indicative, Subjunctive and Jussive Moods Marker
oo [tit-/ Reciprocal and Reflexive Stems Marker

£- lya-/ Causative Stem Marker

£a-t- /yasita-/ Causative-Reciprocal Stem Marker

8- /yi-/ Indicative, Subjunctive and Jussive Moods Marker
&t lyit-/ Reciprocal and Reflexive Stems Marker

Source: Adopted from [19].
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Suffixation

Ge"ez verbs can‘t be told without having affixes which indicate at least the subject (doer of the
action) done by the verb or both the subject and object of the verbs. This is done through
affixation, particularly through suffixation and circumfixation. The subjects of the perfective,
imperative and gerundive verbs are indicated through suffixation. On the other hand, the subjects
of the indicative, subjunctive and jussive verbs are indicated through circum fixation. In Ge“ez,

eel 9

verbal suffixes are two types. These are ,subject marker™” and ,pbject marker®° suffixes [4].

The subject marker suffix (SMS) indicates subject (doer) of the action. For example, if we take
the seed -+ /katal/, certain suffixes can be attached to it to produce various inflected surface

verbs as shown in the Table 2.5.

Table 2.5: List of Ge“ez Verbal Subject Marker Suffixes along with Indicated Persons

Seed Subject Marker Suffix Inflected Verbs Subject Indicated

e /-ku/ o [kataliku/ I
-1 /~-na/ P+ [kotalina/ We
-h /-ka/ o /katalika/ You (2psm)
-hav- /-kimu/ $tahav/katalikimu/ | You (2ppm)
- /-ki/ AN, [kataliki/ You (2psf)
-n7 /-kin/ 0N /katalikin/ You (2ppf)

P - /-al P /lé?tala/ He

lotoll -t [-u/ Pl /kafalu/ They (3ppm)
-at /-ot/ Nt /katalot/ She
-k /-al Pt [katalal They (3ppf)
-0 /-yal AL [katiliyal I
-k /-0/ Ptte /katilo/ He
-av- [-mu/ Ptteav [katilomu/ They (3ppm)
-7 /-0/ Pt0e [katilon/ They (3ppf)
-W-i/ P kitil/ You (2psm)
-/-u/ o kitilu/ You (2ppm)
-hJ-i/ P kitili/ You (2psf)

Source: Adapted from [19].

Perfective, imperative and gerundive verbs cannot be told without having one of these suffixes as
subject marker. The first ten subject markers in the table are suffixes mainly for perfective

verbs. The next four suffixes are used for gerundive verbs. The last most three suffixes, however,

" It is a morpheme that indicates a subject of a verb.
%% 1t is a morpheme that indicates an object of a verb.
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are used for imperative verbs. Either of these suffixes is attached to a seed to produce a verb
of the abovementioned tense-mood types. The plus (+) sign in the table symbolizes the
,process of concatenation” of the morphemes to produce the surface verbs indicated in the fourth

column [4].

The object marker suffix (OMS), on the other hand, indicates the object (action receiver) of the
action of the verb. OMS cannot be directly attached to a seed. We show the concatenation
process of object markers to a verb to produce many more inflected verbs by taking the
verb /katala/ in the table below. Table 2.6 shows the concatenation process of object markers

to a verb to produce many more inflected verbs by taking the verb -+ /katala/ [4].

Table 2.6: List of Ge'ez Verbal Object Marker Suffixes along with Indicated Persons

Verb Object Marker Suffix Object Indicated
-1 /-ki/ Me
-1 /-na/ Us

PO | h /-ka/ You (2psm)

lkatalol | _pav- /-fimu/ You (2ppm)

-0 /-ki/ You (2psf)
-0 /-kin/ You (2ppf)
-0®/-kiwol, -u-/-hu/, -b/-o/, -P/-wol, -2/-yo/ Him
-Pav-/-womu/, -nav/-kimu/, -ov/-mu/, -Pa°</-homu/ ,-2-a° /-yomu/ | Them (3ppm)
-P /-wal,-? /-hal, -k /-al,-2/-yal Her
-P7% /-won/, -\P1 [hon/, -t /-n/, -2 /-yon/ Them (3ppf)

Source: Adapted from [4].

As shown in Table 2.6 the first persons and second persons each have only one object
marker suffix whereas third persons do have more than one. In this case, which object marker
suffix belongs to which person depends on the subject of the verb. This results in a strict rule of
suffixation that object marker suffixes can only be attached to a verb right after the subject
marker. Subject marker is mandatory for any verb whereas object marker is optional. As the
result, verbs choose an object marker suffix based on the subject marker already attached to

them.

Two central rules of suffixation that govern the concatenation process of morphemes to produce
surface verbs are [4]:

1. Seed + subject-marker = surface verb (only with SMS)
2. Seed + subject-marker + object- indicator = surface verb (with both SMS and OMS)
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Therefore, we can have two forms of surface verb forms, where the one is with subject marker
only and the other is with both subject and object markers. This is because object markers are
optional to be attached to a verb.
Example:
Rule-1: seed + subject-marker = surface verb (only with SMS)

Pt Jkatalol + i /ku/ = b+ [kataloku/ (I killed)
Rule-2: seed + subject-marker + object-marker = surface verb (with both SMS and OMS)

bt Jkatala) + tv/-kul +Pav~/-womu/ = PTANAPav- [katalikiwomu/ (I killed them)
In this case, the subject marker /ku/ points that the subject ,I* whereas the object marker
/womu/ indicates the object 'Them'. Hence, the verb /kotalikiwomu/ would able to indicate

both the killer (subject) and the one who is killed (object).

Circumfixes

In Ge'ez, circumfixes are the subject markers of indicative, subjunctive and jussive seeds. For
such type of verbs too, the object markers are attached immediately after the circumfix of the
seed. Hence, subject markers can be suffixes or circumfixes based on the type of the
tense-mood of the verb. The object markers, if they appeared, however, are always suffixes to

all verbs. Table 2.7 illustrates the circumfixes of troops of ¢£0 /kadasal category.

Table 2.7: List of Ge“ez Verbal Subject Marker Circum Fixes along with Their Moods

Circum fixes  Subject indicated Used in moods

h-t /7-7/ I Indicative, subjunctive and jussive
- /It-?/ You (2psm) & She (3ps) Indicative, subjunctive and jussive
b, /ti-?i/  You (2psf) Indicative and jussive

F-& /ti-Pu/  You (2ppm) Indicative and jussive

A-h /ti-?a)  You (2ppf) Indicative and jussive

7-4 /ni-?/ We (1pp) Indicative, subjunctive and jussive
£-A [yi-?/ He (3psm) Indicative, subjunctive and jussive
B-h Jyi-Pu/  You (3ppm) Indicative, subjunctive and jussive
£-h lyi-?a/  You (3ppf) Indicative, subjunctive and jussive

Source: Adopted from [19].

The verb analysis process is done based on the way morphemes concatenate to produce surface
verbs. In general, the type of morphemes and the way they concatenate to produce

surface verbs can be summarized as in Table 2.8.
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Table 2.8: Possible Type of Morphemes Concatenated to Form a Verb in Ge“ez

No Possible morphemes of a verb Example

1 [NegPref][PosPre]”' [Seed][SMS][OMS] [AJ[a0H][4-+ L] [RI°][ L av-]
2 [NegPref][PosPre][Seed][SMS] [AJ[AOT] (4 &][nao-]

3 [PosPre][Seed][SMS][OMS] [AH][4P L] [n7°][L ao-]

4 [NegPref][Seed][SMS][OMS] [A][¢.P L] [nI°][ L ao-]

5 [NegPref][Seed][SMS][OMS] [AdH][4 & [nao-]

6 [NegPref][Seed][SMS] [A]J[éP &) [av-]

7 [NegPref][PreCirc]*[Seed][SufCirc] °[OMS]  [a][F][§% &][Pav]

8 [PreCirc][Seed][SufCirc][OMS] [P L] [P av-]

9 [NegPref][PreCirc][Seed][SufCirc] (AT 5]

Source: Adopted from [4].
2.5.5 The Conjugation Patterns and Stems of Verbs

The final stage of verb formation process: the tense-mood formation is discussed here. This is the
third and final stage next to the person-gender-number stage of formation. The reason behind this

is the fact that tense-mood formation cannot be done without personal formation [70].

Concerning to the tense-mood formation, Dillmann said that Ge“ez, like the other Semitic
languages, proceeds from the twofold, and not from the threefold division of time. These
are the finished state (perfect) and unfinished state (imperfect) tenses [19, 70]. According to
them, the following three conditions belongs to the imperfect tense: action happening in the
present, something which is only to be realized in the future and something which is only
thought of and willed, which may or must be realized. And therefore, the imperfect is the source
of the formation of the so-called moods of the verb, through which the conditions of will and
necessity are expressed [4]. In connection to this, Ddse and Dillmann suggested that the name
"imperfect' is a general name for the indicative, subjunctive and imperative moods [19, 70]. This

idea is used in this study while naming of the tense —mood** types.

! NegPref = Negation Prefix, PosPre = Positive Prefix.

22 PreCirc = Prefix Circumfix (i.e., the prefix part of the circumfix).
* SufCirc = Suffix Circumfix (i.e., the suffix part of the circumfix).
** Tt is used to refere to all conjugation patterns (Table 3.9)
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According to the Ethiopian scholars, the types of verbs described as perfective, indicative,
subjunctive and imperative verbs are those which are called NG ASPd /Sabiyit Ponakis/
to mean verbs which can close the idea of a sentence independently without seeking a help of
other verbs. In addition to these verbs, the scholars identify 7h-07 ASPA /niPusan Ponakis/
which cannot close a sentence unless other verbs are added to them. The second types of verbs

are similar to the English auxiliary verbs. Table 2.9 summarizes the above discussion.

Table 2.9: List of Ge®ez Tenses and Moods According to Both Scholars

Tense-mood Identified by Ethiopian Scholars Tense-mood Identified by
Foreign Scholars

No Tense-mood Category Tense-mood Category

1 PATIL, /A4 KPR (perfective) Perfective Perfective

2 | hAAL /LT A& (indicative) U0t ATPE Indicative Imperfective

3 | wiewie /T (subjunctive) [Sabiyit Ponakis/ Subjunctive

4 | 0PC TAHH A7P& (Imperative) Imperative

5 0703 AP (Jussive)

6 ("H A79& (Gerundive)

7 | Achtt A74% (Infinitive) AT RTPR - -

8 | AN HC h7+% (sabizor Panikas) /niusan

9 | P& AP (Kisil Ponikos) Ponakis/

Source: Adopted from [19].

As shown in Table 2.9, the tense-mood identified by the Ethiopian scholars are the same as that
of those identified by the foreign scholars except that the Ethiopians identified extra moods
which are categorized as 7Aa-A7 AGPA /niPusan Ponakis/. This study adopts the identification
of tense-mood types according to the Ethiopian scholars. But, the last two moods in this table are
left undone in this study. Because they have a derivational morphology as they are verbal noun

and verbal adjective respectively.

The imperative verbs are command verbs as that of the subjunctive verbs except that imperatives
have only second person subject markers. Likewise, the difference between subjunctive and
jussive verbs lies on the fact that the jussive verbs with second person subject markers have the
prefix - /ta/ whereas the subjunctive verbs with second person subject markers do not

have prefixes and, hence, have got a special name: imperative verbs [4].

42




The perfective, imperative, gerundive and infinitive verbs do have SMS as a subject
marker whereas indicative, subjunctive and jussive have subject markers being circumfixed to
their seeds. However, concerning to the object marker all tense-mood types except gerundive
and infinitive verbs do have OMS being suffixed after their subject markers (suffixed or

circumfixed to them). Infinitive verbs can have SMS but not OMS.

Infinitive verbs can be spoken with and without having SMS. Those which don‘t have SMS are

common to all pronouns. For instance: A% a1 /Pokitilot/ is an infinitive verb which doesn't

have SMS.

The infinitive verbs AP L-1¢ /Pafikidotiyal and §NPY /noliwiya/, however, have an SMS ¢/ya/
which indicates that the subject is 'I'. Generally, infinitive verbs in Ge'ez may not indicate the

doer of the action of the verb.

The following sub-sections discuss the conjugation patterns and number of stems of verbs based
on the aforementioned tense-mood types by taken the #-+A /katalo/ category verbs as an

example.

The Conjugation Patterns of /katala/ Category Verbs

As described in [4], According to the Ethiopian scholars, both transitive and intransitive
troops of /katalo/ have seven conjugation patterns (excluding the other two which are not
verbs) based on the seven tense-mood identifications presented above. Conjugation patterns
are the basic templates through which the surface verbs of /katala/ category are formulated. The
templates are effectively used during the declaration process carried out to find the

inflected surface forms of the verb. Table 2.10 depicts the basic conjugation patterns and

their corresponding templates by taking the verb ¥+ /katala/ as an example.
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Table 2.10: Basic Conjugation Patterns of a Root with Their Templates and Vocalic Patterns

No | Root | Vocalic pattern (VP) | CV-Template | Conjugation patterns | Tense-mood

1 111 C19C50C30 bt Jkotals/ Perfective

2 166 yC10C,iCsi et Jyikatil/ Indicative

3 666 yC iC,iCsi e 0yikitill Subjunctive

4 |0 | 666 CiCiCsi Pro /Kkitil/ Imperative

5 |/ktl/ 666 yCl1iC2iCsi | @d¥a /yikitill Jussive

6 137 C10C,iC30 Ptte /katilo/ Gerundive
136 C10C,iCsi A Jkatil/

7 137 C10C2iC30C4i | Phaet /katilot/ Infinitive

The conjugation patterns (column-IV) are produced after the intercalation of the root with
vowels of varies patterns (column-V) in the templates given in column-III of the table. Almost
all /katala/ category verbs share the template, conjugation pattern and vocalic patterns depicted in

this table.

The Stems of Verbs

According to Ethiopian scholars, stems are also called A0?1L /Po$imad/ 'pillars', or shaft that
support the roof of building. They are pillars or bases of verbs that support the conjugations of
verbs. These scholars believe that Geez has five stem patterns which all are independent
of each other. These are perfective, causative, causative-reciprocal, reflexive and reciprocal

stems [19, 74].

However, the foreign scholars have recognized different number of stems. The stems of Ludolf
are only four in number: perfective, causative, reflexive passive and causative -reflexive stems.
Stems of Dillmann are four. As to him, there are no stems for reciprocity like Ludolf and
unlike the local scholars. Lambdin, on the other hand, recognized six stems by adding one more

stem which, according to him, is called causative of reflexive passive.

The types of stems recognized by the Ethiopian scholars are considered in this study. These are
perfective, causative, causative-reciprocal, reflexive and reciprocal stems. Table 2.11 shows the

stems of the aforementioned seven tense-moods of P /katals/.
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Table 3.11: The Five Stem Types for Each of the Seven Tense Mood Types of Ge"ez Verbs

The Five Stem Types
Tense-Mood | (LG AMe e +o0C Atvt o0 (Causative
No (Perfectve) | (Causative) | (Reflexive) | (Reciprocal) | —Reciprocal)
Perfective P10 AP TA Tt +PtA antFPta
fkatalol | Pokitala/ Ntokatila/ [tokatala/ [Pasitokatala/
Indicative (X SPTA [T IV [ZAEN 2ot Pt
Vyikitil/ Jyakatil/ Vyitikatal] Vyitikatal/ lyasitokatil/
Subjunctive | &PTA [T Stbtin [ZAEN 2ot Pt
Vyikitil/ fyakitil/ Vyitikatal/ Yyitikatal/ lyasitokatil/
Imperative ‘?"‘f‘é\ )‘\‘-f"‘f:é\ 'f“f"’f‘é\ 'f‘,g’:f‘é\ ?\(‘l’f‘ﬁ”‘f"é\
[kitil/ /Pakitil/ /tokatol/ /tokatal/ /Pasitokatil/
Jussive [XEN [T Srtbtin [ZAEZNA (ST
Yyikitil/ Jyakitil/ Vyitikatal/ Vyitikatal/ Iyasitokatil/
Gerundive P hdtie TPt + Pt alrt Pt
Ikatilo/ | Pokitilo/ /tokatilo/ /tokatilo/ /Pasitokatilo/
Infinitive(a) | ¥4 At Artite/Po | Tt TPt
/katil/ [ Pokitilo/ sitokatilo/ [tokatilo/ /tokatilo/
Infinitive(b) | #hoet kot htctdtaot/? | tetoet TPttt
/kotilot/ /Pokitilot/ asitokatilot/ | /takatilot/ /takatilot/

Source: Adapted from [4].

As can be seen from Table 2.11 each of the tense-moods has five stems. Nevertheless, as most
Ethiopian scholars suggest, only transitive verbs can have complete stem forms (five
stems) whereas intransitive verbs have less than five [69, 74]. In connection to this, the
name of the first tense-mood (perfective) seems to be confusing with the name of the first stem
(perfective). To avoid this confusion, we use the name ,base stem™ for the first column (70.C
/gabir/) stem [4]. Verbs which belong to the base, causative and causative-reciprocal stems
are transitive verbs. On the other hand, verbs which belong to the reflexive passive and
reciprocal stems are intransitive verbs. Furthermore, we call each of the seven rows stems as
perfective stems category, indicative stems category, subjunctive stems category,
imperative stems category, jussive stems category, gerundive stems category and infinitive

stems category respectively [4].

% We named the first stem type as base stem for it is the base of all the rest stems.
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2.6 Summary

In this Chapter we discussed about the various concepts and terminologies of morphology, the
approach which is used in this study for the development of Ge“ez verb morphology and the
verb formation process in Ge“ez verbs, by dividing the formation process into three stages as
seed formation, person-gender-number formation and tense-mood formation. From this one
can be know how much the Ge“ez language complex, i.e. the morphological complexity of

Ge'ez.
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Chapter Three: Related Work

3.1 Introduction

Morphological analysis has been investigated by many researchers and a number of algorithms
have been proposed and implemented through the years [5]. This is due to its importance for
other language engineering applications ranging from spelling error correction to machine
translation [2]. Memory-based learning has been successfully applied to morphological analysis
and part-of-speech tagging in Western and Eastern-European languages, like Dutch and Swedish
[1] and Arabic, and Swahili languages. It was also applied for Amharic morphological analysis.
Except Arabic language the end results of these languages were motivating and promising to

develop a morphological analyzer for other languages.

3.2 Morphological Analysis for Ge’ez Language

To the best knowledge of the researcher, Geez language morphological analyzer has been
investigated by Desta Berihu. For some languages it is difficult to address and analyze all the
morphological features of the language. Especially a language like Ge®ez, it is difficult to address
all features since it is a complex inflected language. Due to this, the author limited to Ge'ez
verbs in specific ¢4 /katala/ (he killed) category verb forms which includes dvivt /hatatal, aochn
Imahalal, ®UN /wahabal, 19® /nokows/, ®LL |woradsl, ®LEL /wadayal, &1 /sagayal verbs. The
author has analyzed the morphology of Ge‘ez verbs using rule-based approaches specifically
CV-based and Two-Level Morphology (TLM) to design the model and to implement the
prototype of the analyzer. The prototype was tested with verbs which are extracted manually by
domain experts from all twenty seven New Testament books of the Ethiopic Version Bible. The

author found an accuracy of 92.05% at feature level and of 73.98% at verb level.

Morphological analysis using memory based learning was applied in Amharic, Swedish, Dutch,
Arabic, and Swahili languages. Here we discussed the experimental results, techniques and tools
researchers used for each language. We also discussed the morphological analysis of Amharic in
detail using other methods. Amharic Language has many similar features with Ge“ez than others.
Therefore, we discussed different researches conducted so far in Amharic language morphology

using different approaches including the tools they used and their evaluation results.
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3.3 Morphological Analysis for Amharic Language

This section taken from [61], Martha Yifru [15] comes up with Morpheme-based language
models. The study does not have a direct relation with the current approach. However, the
investigation of morphological analysis of Amharic language help to understand the
morphological variations and used as a reference for this study. The model was trained on
automatically and manually segmented data using the standard research institute Language
modeling toolkit (SRILM)*. As stated there, the quality of the model has been assessed in terms
of perplexity, the probability they assign to the test set, and the improvement in word recognition
accuracy obtained as a result of using them in a speech recognition task. The author thoroughly
assessed the morphology of Amharic language and the different ways of modeling a language. It
was also compared the word base and morpheme based language modeling which the later
performs well in minimizing out of vocabulary (OOV). The results show that the morpheme-
based language models trained on manually segmented data always have a higher quality. The

work is limited to statistical language modeling using morpheme based.

Tesfaye Bayu [39] tried to design and develop a morphological analysis system for
Amharic using a Linguistica®’. Linguistica is a freely available software package which is
designed for analysis of morphology. As the author stated the package requires a large corpus
ranging from 5,000 to 1,000,000 words. However, the author used a 5,236 words corpus, the
smallest recommended corpus size, to train the morphology of Amharic using Linguistica.
Lingustica2001 is designed for concatenative morphology of languages but it is not appropriate
for non-concatenative morphology of languages like Amharic. Therefore, the author developed a
stem internal morphological parser (called Amharic Stems Morphological Analyzer ASMA)
based on the theory of auto segmental morphology to analyze the stems identified by
Linguistica into their constituent root and pattern morphemes. However, it is also stated that the
author could not integrate the stem analyzer to that of Linguistica because of time limitations.
The author also suggests that to get an efficient morphological analyzer another research need to

be conducted using different approach.

2Tt is a collection of C++ libraries and executable programs.
27 1 . .. . . . .
Linguistica is a program designed to explore the unsupervised learning of natural language.
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Wondwossen Mulugeta and Gasser [43] developed a supervised machine learning approach to
morphological analysis of Amharic verbs using Inductive Logic Programming (ILP). From this
approach hypothesis is drawn from background knowledge and examples, and represent them in
a form of logic programming. The hypothesis and background knowledge are used to evaluate
new instances. The authors tested it using CLOG”® which is a Prolog based ILP system. The
system learns first order decision lists or rules on the basis of positive example only. The rule
which is applied in the CLOG has left and right clauses. The right hand side of the rule is a

condition and the left hand side of it is the conclusion.

A rule to be true all conditions must possess true value. They manually labeled 206 simple verbs
for training, and tried to train Amharic verb stem extraction, internal alternation and roots
separately in the CLOG. Their training results 19 and 108 root and stem template extraction rules
respectively and by combining those rules they tested and found an accuracy of 86.99%. They
prepared a training set which contains 1,784 Amharic verbs. Their investigation was limited for
simple Amharic verbs, particularly for subject markers both prefixes and suffixes. As they stated
ILP is suitable for simple morphological analysis languages like English. However, if
sophisticated background predicates and more examples are prepared it is also applicable for
complex languages. Hence, as they said it is possible to make study for complex Amharic verbs
and for other word categories of the language. On the other hand, CLOG is not capable of
learning rules from incomplete examples. Therefore, ILP with CLOG needs a complete example
to learn rules of morphology to analyze new instances of a given word. In reality this is not
applicable because it is impossible to expect every one of the thousands of morpheme

combinations to appear in the training set particularly for agglutinative languages like Amharic

and Ge‘ez [43].

Gasser [85] developed a morphological analyzer and generator for the three Ethiopian languages
namely Amharic, Oromo and Tigriyna. The Analyzer and generator focus on verbs of the three
languages and including nouns for Amharic. The analyzer segments words into their component
morphemes and assign grammatical morphemes to grammatical categories and lexical

morphemes to lexemes. For example, given an Amharic word, HornMorphozg, returns the root,

% Itis freely available ILP system at: http://www-users.cs.york.ac.uk/suresh/CLOG.html ).
It is freely available at http://www.cs.indiana.edu/~gasser/Research/software.html.
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the lemma and a grammatical analysis in the form of a feature structure description for each

possible analysis. On the other hand, the morphological generation performs the reverse process.

The author derived lexicons for the three languages from online dictionaries. For Ambharic, as
the author stated the lexicon is derived from the Amharic-English dictionary of Aklilu which
contains 1,851 verb roots and 6,471 noun stems. For Oromo the lexicon of verb and noun roots
are extracted from the dictionaries of Gragg and Bitima that contains 4,112 verb roots and
10,659 nouns stems. Likewise, for Tigrinya, the lexicon of verb roots is derived from Efrem

Zacarias“ around 602 verb roots.

As it is described in Gasser [85] the system is implemented using finite state transducer. The
author developed two versions of functions; the anal word and anal file which analyzes single
and multiple words respectively. Based on those functions the author evaluated the HornMorph
with 200 Ambharic and Tigriyna verbs, and 200 Ambharic nous and adjectives. Each word was
selected randomly. The anal word function was run on those words and the results were
evaluated by a human reader who is familiar with the languages. The program made 8 (96%
accuracy) and 2 (99% accuracy) errors for Tigriyna and Amharic verbs respectively. For
Ambharic nouns and adjectives it made 9 errors (95.5% accuracy). Similarly the generator was
evaluated only with Amharic and Tigriyna verbs. Amharic nous and adjectives were not tested in
this regard. The drawback of the system is when there are multiple analyses it does not provide
information about which analyses are more likely than others. Hence, it doesn‘t control ties. As
the author said to handle such issues currently they are working on extending the weighted FST
framework to accommodate probabilities as well as feature structures on transitions so that when

there is multiple analysis results are ranked according to their weights.

Kibur Lisanu [21] studied morphological synthesis of Amharic perfective verb forms. The author
developed a prototype using rule based and artificial neural network approaches. The rule-based
approach generates all the roots successfully whereas the neural network predicts the type of
roots in the test dataset with an accuracy of 81.48%. The author classified the verbs in to three
categories as type A, B and C. Each type tested separately using the neural networks and
achieved an accuracy of 80%, 25% and 100% respectively. As stated in the paper the developed
a system named Amharic Morphological Synthesizer (AMS). The author only considered

Ambharic verbs particularly perfective forms.
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Mesfin Abate [61] developed a morphological analysis of Amharic language using MBL. The
corpus contains 1022 words of which 181 and 841 are nouns and verbs respectively. As the
author stated the number of instances extracted from nouns and adjectives are 1356 and verbs are
6719 which accounts a total of 8075 instances. Within these instances, 26 different class labels
occur. The author conducted the experiment on the handcrafted dataset on TIMBL 6.4.4 with
default settings and by tuning the different parameters. The authoe used Ubuntu 12.04.3 LTS as
working environment and ucto 0.3.5 for text tokenization, geany2.1, a C++ editor, for code
writing, GCC 4.6.4 compiler for compiling the source and Net Beans 7.0.1 for automatic feature
extraction and data preprocessing. Based on the default values of parameters of each algorithm
(IB1 and IGTREE), experimental results show that the generalization performance of IB1 and
IGTREE algorithms are 92.02% and 76.27% respectively. Similarly, with optimized parameters
93.59% and 82.26% results were obtained for IBl and IGTREE respectively. The author also
used the default parameter settings for IB1 algorithm with leave-one-out and 10 fold cross
validation and the generalization accuracy of the model obtained were 93.3% and 92.02%
respectively. This shows that generalization performance of the learned model is almost the same
by the two evaluation methods. The 10 fold evaluation results of IB1 and IGTREE on optimized
parameter settings are 93.59% and 82.26% respectively. However, as the author described on the
paper, the performance of IB1 on optimized parameter settings is raised to 96.4% when
evaluated with LOOCV. This happens since LOO evaluation uses all the dataset for training
except one which helps the model to learn better. From this we can conclude that IB1 has a better

performance than IGTREE even if it consumes more memory and time than IGTREE.

3.4 MBL Morphological Analysis for Other Languages

Bosch and Daelemans [2] have been developed a memory based learning morphological analysis
for Dutch. Their model is named Memory-Based Morphological Analysis (MBMA). They also
developed a memory based learner engine called TIMBL. They tested their approach with
morphology of Dutch which is a productive and a bit more inflected than English. The processes
of Dutch morphology include inflection, derivation, and compounding. Compounding in Dutch
1s concatenative. It doesn‘t have a non-concatenative nature like Ambharic, Ge“ez and Arabic

languages. Inflection of verbs, adjectives, and nouns is mostly achieved by suffixation.
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They drew their instances from the CELEX?" lexical database. CELEX contains a large lexical
database of Dutch word- forms, and features a full morphological analysis for 247,415
words. They took each word form and its associated analysis, and created task instances
using a windowing method. Windowing transforms each word form into as many instances as
it has letters. In this way they generated an instance base of 2,727,462 instances. Within these

instances, 2422 different class labels occur.

The memory-based learning algorithm they used within MBMA is IBI-IG, an extension of IBI.
IBI-IG constructs a database of instances in memory during learning. New instances are
classified by IBI-IG by matching them to all instances in the instance base, and calculating
with each match the distance between the new instance X and the memory instance Y.
During their experiment they used a method that gives a good estimate of the generalization
performance of an algorithm on a given instance base, which is 10-fold cross- validation. This
method generates on the basis of an instance base 10 subsequent partitioning into a training set
(90%) and a test set (10%), resulting in 10 experiments. Based on this, they performed 10-
fold cross validation experiments in an experimental matrix in which MBMA is applied
to the full instance base. The experimental analysis shows that when they discarded word-class
information, type of inflection, and spelling changes, the precision and recall of basic
segment types becomes over 94%. Precision is the percentage of morphemes predicted by
MBMA that is actually a morpheme in the target analysis; recall is the percentage of
morphemes in the target analysis that are also predicted by MBMA.

Bosch, Marsi and Soudi [1] have studied a memory based morphological analysis and part of
speech tagging for Arabic. Arabic appears to be a special challenge for data-driven approaches. It
is a Semitic language with a non-concatenative morphology. Their data source completely relies
on the Arabic Treebank’' 1(ATBI), version 3.0 more, specifically the “after Treebank” POS-
tagged data. The analysis of Treebank is organized in rule-based, and basically consists of three
steps. First, all possible segmentations of the input string in terms of prefixes (0 to 4 characters
long), stems (at least one character), and suffixes (0 to 6 characters long) are generated. Next,
dictionary lookup is used to determine if these segments are existing morphological units.

Finally, the number of analyses is further reduced by checking for the mutual compatibility of

*® Database for English, Dutch and German word features.
*! Parsed corups for professional or academical researcher.
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prefix+stem, stem+suftix, and prefix+stem + suffixin, three compatibility tables. The resulting
analyses have to a certain extent been manually checked. These separate lexicons were created
for training and testing material. The lexical entries in a lexicon were converted to instances
suitable to memory based learning of the mapping from words to their analyses [2]. Instances
consist of a sequence of feature values and a corresponding class, representing a potentially
complex morphological operation. In their initial experiments, to test the feasibility of their
approach, they first trained and tested on the full data set. TIMBL is used with its default settings
(overlap distance function, gain-ratio feature weighting, k = 1). Rather than evaluating on the
accuracy of predicting the complex classes, they evaluate on the complete correctness of all
reconstructed analyses, in terms of precision, recall, and F-score. They got results in a near
perfect recall (97.5%). The precision, however, is much lower (52.5%), indicating a substantial
amount of analysis over generation. With an F-score of only 68.1, they are clearly not able to
reproduce the training data perfectly. Next, to improve the precision and recall, they split the data
in to different training and testing parts. The k-NN classifier is again used with its default
settings. They tried to improve the recall to 99.9% for known words. However, the radical
growth of percentage in recall is at the expense of the precision which in turn lowers its result to
15.6%. From this we can say that the morphological analysis of Arabic using MBL was not

interesting and promising.

Atelach Alemu and Forsbom [5] developed a morphological analysis of Swedish words as a
classification problem using memory-based learning (TiMBL). The aim is to find citation forms
(or meaningful parts) of words rather than a detailed morphological analysis. They manually
annotated 4,189 words for their main segmentation and morphology type (inflection, derivation
and compounding). From this annotation, information on morphological features around the
segment boundary was automatically extracted, and each unique feature concatenation was given
a class label. For training, they used the top 1,000 lemmas from a frequency and dispersion
ranked Swedish base lemma vocabulary pool called Stockholm-Umea Corpus, which contains

one million word balanced corpora, and their corresponding word forms.

The full training set had 675 classes, of which 470 classes were used only once in the small
training set. In this condition the learning problem was somewhat very hard. Because of this

additionally they used a trimmed training set which contains 3,719 instances and 205 classes.
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They used the default and optimized algorithm setting IBl. IBI algorithm accounts 59.2%
accuracy on the full set and 67.98% accuracy on the trimmed set. A comparative analysis was
done with three existing morphological analyzers (SWTWOL, Lexware and Sara) for Swedish.
Even though they have used a relatively small training set, their approach gave a good

performance with 85.6% accuracy for inflections than others.

Depauw and Deschryver [68] developed a morphological analyzer for Swahili language using
character and Syllable-based memory based learning. They named their system Memory-Based
Swahili Morphological Analyzer (MBSMA). Their experiment relies on HCS (Helsinki Corpus
of Swabhili) which contains 9.7 million words. They automatically extracted a morphological
database of 97, 000 entries from the HCS. Since HCS has been lemmatized using an automated
method, quite a few erroneous and inconsistent lemmatization can be observed in the data.
Because of this they randomly extracted 10% of the data from the morphological database and
had it manually annotated according to the prefix-root-suffix. Their primary evaluation metric is
the standard approach of word-error rate (WER). It expresses the accuracy on the word-level,
i.e., how many words have not been completely correctly segmented and lemmatized. In other
words, the lower the WER, the system will be better. The experimental result shows 11.6% and
13.3% accuracy for MBSMA-s and MBSMA-c respectively. This means that it shows lower
WER, i.e., a better system. The precision and recall of the experiment on quantification of
retrievability of the lemmatizer also shows that 92.4% and 83.4% accuracy respectively.
According to their result, MBSMA-s has a better accuracy than MBSMA-c. Moreover, they
compared the accuracy of these two systems to other (Morfessor and SALAMA) morphological
segmentation and lemmatization of Swahili with the same datasets. The experimental result of
the comparison shows that the two (MBSMA-s and MBSMA-c) systems yield a better accuracy

than others.

3.5 Summary

Ambharic morphological analysis was tried by various scholars as described earlier. Wondwossen
Mulugeta and Gassar's work was limited to Amharic simple verbs particularly subject marker.
On the other hand, Tesfay Bayu was tried to cover most part of the morphological features of
Ambharic language. The author tested the analysis into two different approaches which needs
another effort to integrate as stated in the paper [39]. The only existing morphological analyzer is

HornMorpho. We have tested it with some sample data and it analyzed correctly except some
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word classes and words. Moreover, it does not able to handle words that have more than one
analysis. Mesfin Abate was tried to model and test machine learning perspective of
morphological analysis that handles inflection and derivation of each word classes of Amharic.
As the author stated in the paper [61] the morphological analyzer which developed, handles
ambiguity and covers all the morphological features of the language. Desta Berihu was tried to
develop a morphological analysis for Ge“ez verbs. The author limited to Ge“ez verbs specific to
#+0 /katalo/ (he killed) category verb forms. The current study tried to model and test machine

learning perspective of morphological analysis which includes all category verb forms.

In this Chapter we also discussed about the performance of memory based learning in different
languages which are related with our works. The Arabic morphological analysis result
discourages conducting study on morphological analysis for Semitic languages using
MBL. This unsatisfactory result happens because of the approach they followed. Their
morphological analysis starts the construction of all possible analyses of isolated consonant word
forms. However, in Amharic language morphological analysis MBL showed interesting
performances. This happened because of the approach they followed. They start analyzing the
vowelled inflected Amharic words with their grammatical functions of morphemes. Once stems
are extracted, roots can be obtained from the stem in a separate module. The most crucial part of
morphological analysis is finding the stem of the word which bears an important meaning.
Therefore, we expect a good performance like Amharic for morphological analysis of Ge“ez

language using MBL.
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Chapter Four: Design of Morphological Analyzer for Ge’ez
Verbs

4.1 Introduction

As described in [2, 30, 62] the task of performing a full morphological analysis of a word form is
usually considered as a segmentation of the word into morphemes, combined with an analysis of
the interaction of these morphemes. Segmentation of morphemes determines the syntactic class
of the word form as a whole. Morphological analysis of a language is a non-trivial task even for
languages with highly inflected. The memory based learning approach of morphological analysis
primarily concerns saving or learning of some patterns of the morpheme in memory and trying to
classifying and analyzing the newly or unseen words by analogy [61]. In this Chapter we

designed and described morphological analyzer of Ge“ez verbs.

4.2 Architecture of Ge’ez Verbs Morphological Analyzer

The morphological analyzer (Figure 4.1) has two phases. A training phase which consists of
morpheme annotation to manually annotate inflected Ge‘ez verbs, and feature extraction to
create instances in a fixed length of windows and the memory based learning to train the dataset.
On the other hand, the morphological analysis phase contains the feature extraction (instance
making) to deconstruct a given text, morpheme identification to classify and extrapolate, stem

and root extraction to label segmented inflected words with their morpheme functions.
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Figure 4.1: Architecture of the Proposed Geez Verbs Morphological Analyzer
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4.3 Training Phase

4.3.1 Morpheme Annotation

Ge"ez verb morphemes are mostly expressed by internal phonological changes in the root.
Because of this the internal irregular changes of phonemes make the morphological analysis
more complex. Even if it is a difficult task to find the roots of Ge*ez verbs, we investigated the
morphology of Ge“ez language particularly for verbs. Even though Ge‘ez verbs have more than
four prefixes and three suffixes, the morphological structure is somehow straight forward to be
learned by the system. After we identify the common property of all morphological formations
of Ge*ez verbs and grammatical features of all the morphemes, we built morphological database.
It is difficult to find a single representation or patterns of verbs as they are different in types due
to a number of morphological and phonological processes. Therefore, we consider the most
significant part of the word stem which bears meaning next to the root. In grammar, the stem of

a word is the main part of it, which remains unchanged when the ending changes.

In this study we tried to create a memory based morphological analysis for Ge‘ez which handles
all morphological productive word-classes particularly for verbs. To do this there is a need of
preparing morphologically annotated word lists manually. We were not able to get annotated
database of Ge“ez morphology. This makes us to consider building morphological analyzed
database. Therefore, we are forced to prepare manually annotated word. In doing so we
identified the different affixations of verbs. As mentioned in Chapter one, our sources of data
were different Ge‘ez textbooks, language experts and research papers. The annotations were

cross checked by language experts and a linguist.

As shown in Figure 4.1, during preparing annotated dataset for experimentation purpose the

following tasks were identified and performed in the order listed.

» ldentifying inflected words
» Segmenting the word in to prefix, stem, suffix
» Putting boundary marker between each

» describing the representation of each marker

As described by Desta Berihu [4], a verb in Ge*ez has three segments for prefixes before the
stem and three segments for suffixes after the stem as mentioned in Chapter three Table 2.8. The

positions of the affixes are also as described in Table 2.8.
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NegPref/PosPref/PreCirc + Stem + SufCirc/SMS/OMS

Analyzing all these affixes, the root template pattern of Ge“ez verbs makes morphological
analysis complex [4]. It is a challenging task representing its features in to suitable memory
based learning approach like Amharic [61]. Geez verb stems are divided into verb roots and
grammatical template. The stem is the lexical part of the verb and also the source of most of its
complexity. Instances are created from the manually annotated morphological data base for the
purpose of learning. As described in Section 4.3.2 instances consists from a sequence of feature
values and a corresponding class. The class can represent several aspects of the features like
tense, aspect, mode, voice (causative, transitive, etc.) and other grammatical functions (number,

gender, subject, object etc.), see more in Appendeix C.

We considered perfective, indicative, subjunctive, gerundive and jussive verb forms and all of its
voice forms for testing our morphological analysis model. That is simplex, passive, transitive and
causative forms of perfective and imperfective verbs. Because all the voice forms have perfective
Tense Aspect Mood and have stems of the same pattern C;VC,VC; which makes the learning
process similar for all forms. The Memory based learner is expected to store and memorize these

patterns including all the other affixes [61].

To study all morphologically inflected verb types, we need a morphologically annotated word
list with its possible inflection forms. Then, the tokens are manually annotated like prefix, stem
and suffix pattern. The sample annotations for verbs are illustrated as shown in Table 4.1 (see

more in Appendeix A):

Table 4.1: Manually Annotated Sample Verbs

Posito | 3 fakad S a F hu Q -
Posito | 3 fakod S a F homu |V -
Posito | 3 fakod S a F ha C -
Posito | 3 fakod S a F hon G i
£ 4 fokod S ikan |J |- - -
to 4 gabir S ) A no Z -
to 4 gabir S 9 A ka M |-
- - nolow S ) A - - -

In order to easily make our data readable by the learner tool (TiMBL) the source data is

translated to their equivalent Latin representation (see more in Appeix D) and tokenized. When
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our source of data is paragraph (s) a toknizer is necessary to segment each word independently
and pass them to the feature extractor. For this purpose we used the English Unicode toknizer

called ucto’? without modification.

4.3.2 Feature Extraction

After the annotated verbs are stored in a database, features are extracted automatically from the
manually created morphological database to make instances using an Algorithm 4.1 based on the
concept of windowing method in a fixed length of left and right context which is the average
word length in the database. As described in [2], windowing method is dividing the windows
where the instances are placed in the left and right context to hold fixed-length string of features,
which describe the linguistic context of the token to be classified. Each instance is associated

with a class. The class represents the morphological category in which the given word possesses.

Instances consisting of a fixed number of features are created by windowing methods-by sliding
each character down as a focus letter for each character in the left and right context. Each
example focuses on one letter, and includes a fixed number of left and right neighbor letters, in
this case using a 10-1-10-1 window which yields twenty two features. The input character in
focus, plus the ten preceding and ten following characters are placed in the windows. As stated in

[1, 63] the complex morphological analysis is placed at the right most part as a class.

Like Amharic language Ge“ez is a syllabary writing system, since in the orthography consonants
and vowels do not exist independently of each other. However, feature extraction can be
represented in character and syllable based ways of the word. Ge“ez memory-based
morphological analysis can be designed in a character or syllable representation of features.
However, in Ge‘ez syllabic representation of morphemes to be analyzed in memory based
approach seems not feasible because during orthography vowels give their phonological
behavior to consonant and eliminate themselves from that position which in turn makes the
learning process difficult. Therefore, in this study we used the default one which is character

based feature extractions representation.

*? Freely available at http://ILK..uvt.nl.
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Character Based Analysis

In memory based learning character based analysis is implemented in Bosch and Daelemans [2]

work of Dutch morphological analysis. It gives concern for each character or letter to be

considered. In this method each character is placed as instances in the left and right context.

From the annotated database, instances were automatically extracted, to be suitable to memory

based learning by sliding a window over the word in the lexicon.

AN D

Input: Inflected words

Output: -Instances in a fixed-length of vector size
1.
2. Fix the middle positions of arrays as a focus letter (the focus character represents where a

Define the length of window size.

character is started from that position on words).

. Read from the DB and push one step forward each character until the right context

Reached.

. Put zero at the class if there is no any number and capital letters, next to the characters

placed in the focus letter; if any one of those symbols exist put the value as a class(in last
index)

. Push the previous focus letter to the left and start putting each letter (as in step 3)
. Go until it finishes that line
. Go to the next line and repeat 3,4,5,6.

Algorithm 4.1: Feature Extraction (Adapted from [61])

For example, based on the above algorithm the character based representation of the word

'nasitofakidokimu' 'GO-H4-PLAao- is as follows:
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Table 4.2: Character Based Representation of the Word ,50-t4-¢2hav

No Left context Focus Right context Class
1 ========= == n a s ito fak id 0
2 ==========1 a s i to f ak i d 0
3 =========n a s i to f ak i do k 0
4 === === ==mna s i to fakid o k i 0
5 =======mnas 1t t o fakido kim 0
6 ======mna s t t 3 f akidokimu 7
7 =====nasitosa f akidokimu-= 0
8 ====nas itof a kidoskimu-== 0
9 ===mnas t tof a k t d okt mu == = 0
10 ==na s itof ak i d o ktmu == == 0
11 =na s it of a ki d o kitmu == == = S
12 na s it ofakid 3 kimu== == = = w
13 a s itof akido k tm u == == = = = 0
14 s it of a kido k i m u == == = = == 0
15 it ofakido ki m u=========
16 t of akido kim wu = ========= K

The equality mark (=) is used as a filler symbol for positions beyond the beginning or end of the
word. Table 4.2 shows the structure of features to make sixteen (16) instances associated with
their classes, which are derived from the word ,nasitofakidokimu® (9lvth4-PLnav~). For
example, The class of the sixth instance is ,,7*, which indicates the morpheme ending in ,9“ is a
prefix which represents the Indicative, Subjunctive and Jussive causative reciprocal stem marker
,nasito” (Q0rt). This shows the character based representation of words transcribes their deep

structure of phonological process and segments each letter one at a time.

In this study we tried to develop a corpus based morphological analysis for Ge“ez verbs which
handles all morphologically productive verb classes. But there are irregular verbs that need to
mange spelling changes by insertion and deletion methods. However, due to time and lack of

detail knowledge of the language, we did not consider such type of operations in this study.
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The dataset for the learner consists of description of instances in terms of fixed number of feature
values. Each character is used once as a focus character (F) and associated with the ten
characters to its left (L1—L10) and the ten characters to its right (R1—R10). The morphological
representation is placed as a class at the right most part as shown in Table 4.2. Each feature is
separated by comma to be used as input for the learner. Different formats for the training and test
files are supported by TiMBL, including Compact, C4.5, ARFF, Columns, Sparse and Binary. In
this study, the C4.5 format is the default method by which the training data is presented to
TiMBL. C4.5 format implies that feature values are separated by commas and that the last
feature value denotes the class of the instance (see more in Appendixes B). Therefore, it requires

feature values and classes [63].

Table 4.3: Feature Extraction of the Word ,kadosomu®* “¢£aao

L1 12 13 14 IS5 L6 L7 L8 19 L10 F R1 R2 R3 R4 R5 R6 R7 R8 R9 RI10 Class
= = = = = = = = = = %k o2 d o2 s o m u = = = 0
= = = = = = = = %X a9 d o s o m u = = 0
= = = = %k o5 d a2 s o m u = = = 0
= = = = = = = %X 5 d 9 s o m u = = = = = = 0
= = = = = = Lk o d 5 s o m u = = = = = = S
= = = = k ) d ) S o m u = = = = = = = = Q
= = = = k ) d ) S O m u = = = = = = = = = 0
= = = ) d ) S o m u = = = = = = = = = = A"

ee_ ee o

The class of the fifth instance ,S* in Table 4.3 indicates that the morpheme ending in‘s*is a stem.
In identifying the class knows the corresponding focus letter is end of a certain affixation of
morpheme. Hence, in this example ,S* indicates the character corresponding to the focus letter is
the end of stem and ,Q* and ,,V* indicates the character corresponding to the focus letter is the
end of accusative (object marker) suffix. Characters that do not mark the end of a morpheme are
classed with the default category 0. In order to prepare Table 4.3 for training and testing data, the
morphological features must be separated by a comma (C4.5 format) and the others (L1...L10

and R1 ... R10) must be removed and the following instances are left.
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The number of classes which represents the complex morphological analysis in our dataset
are 31 (see Appendix C with their description). These classes are extracted from the
morphologically annotated word lists. But if our dataset increases with different affixations, the
number of classes will increase. Each class represents the complex morphological analysis which

represents the grammatical functions of the morphemes.

4.3.3 Memory Based Learning

Memory-Based Learning (MBL) is founded in the hypothesis that the extrapolation of behavior
from stored representations of earlier experience to new situations, based on the similarity of the
old and the new situation. MBL algorithms take a set of examples (fixed-length patterns of
feature-values and their associated class) as input, and produce a classifier that can classify new,
previously unseen, input patterns [76]. Our MBL system is based on the use of TIMBL. It is
implemented in C and C++. It has also a Python version.We used both versions interchangeably
because the python version has the capability to classify individual instances with simple scripts
[61]. It implements several memory-based learning algorithms (IB1, IB2, IGTREE, TRIBL and
TRIBL2). All implemented algorithms have in common that they store some representation of
the training set explicitly in memory. During test, new cases are classified by extrapolation from
the most similar stored cases. The main differences among the algorithms incorporated in
TiMBL lie in the definition of similarity, the way the instances are stored in memory, and the

way the search through memory is conducted [76].

There are different optimized parameters to be tuned in TIMBL. These are the MVDM (modified
value difference metric) from distance metrics, IG (information gain) from weighting metrics, ID
(inverse distance) from class voting weights, and k= 3 and 5 from the nearest neighbor. They are
used together with the different classifiers (algorithms). The classifier engines used here are

TRIBL2 and IB2 which construct a database of instances in memory during learning. In those
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classifier a training instances are represented by tree structures which is similar with 1Bl and

IGTREE algorithms.

TRIBL2 is designed as a combination between IB1 and IGTREE with the aim to exploit the
trade-off between the search speed of IGTREE and the generalization accuracy of' IBI. In other
words, it is built to capture the best of both algorithms. It splits the classification of new
instances into a quick decision-tree (IGTREE) traversal based on the first (most important and
most class-disambiguating) features, followed by a slow but accurate K-NN (IB1) classification
based on the remaining less important features. During the classification of an instance it
continues to use IGTree as long as it finds matching feature values in the weighting-governed
feature ordering. It only reverts to IB1 classification when a mismatch is found. The reasoning
behind this mismatch-based switching is that the switch to 1Bl is only invoked when
mismatching occurs, being the typical point in which IB1 can improve on decision-tree-style
classification. It has no parameter which determines a switching point from IGTREE to IBI like

TRIBL [77].

The operation of IB2 is identical to IBI, except that IB2 only saves misclassified instances in the
training data [77]. It starts with an instance base containing only a small portion of the available
training instances. This initial number of training instances in memory can be set by the user. IB2
then adds instances into memory only when they are misclassified by the k-NN algorithm, on the
basis of the instances already in memory at that point. Additional instances are added because
they do not form part of the concept description of the instances in memory at that particular
time. They are included to expand the concept description because we can assume that they
represent a part of the instance space where there is not enough instances contained in memory
for accurate classification [17]. Generally, the procedure of building a tree and how IB2 and

TRIBL2 work is shown in Algorithms 4.2 and 4.3.
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Input: Training Set (TS)
Output: Concept Description (CD)
CD =0;
For each x € Training Set do
1. for each y € CD do
Sim[y] = Similarity(x, y)
2. Ymax=somey € CD with maximal Sim[y]
3. if class(x) = class(Ymax)
then classification = correct
else
3.1.classification = incorrect
32CD=CD U { x }
End if
End for
End for
return CD

Algorithm 4.2: IB2 Algorithm (Adopted from [77])

As described in [77], concept descriptions are determined by how the IB2 algorithms selected

similarity and classification functions use the current set of saved instances.

Similarity Function: This computes the similarity between a training instance i and the

instances in the concept description. Similarities are numeric-valued.

Classification Function: This receives the similarity function's results and the classification

performance records of the instances in the concept description. It yields a classification for i.

Concept Description Updater: This maintains records on classification performance and decides
which instances to include in the concept description. Inputs include i, the similarity results, the
classification results, and a current concept description. It yields the modified concept

description.
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Input:
g e A training set T of instances with their classes (start value: a full instance base),
e An information gain ordered list of features (tests) Fi...Fn (start value: F1...Fn)
Output:
1. If T is unambiguous (all instances in T have the same class c), or i = (n+1), create a leaf
node with class label c.
2. otherwise, until i = n( the number of features)
e Select the first feature (test) Fi in Fi...Fn, and construct a new node N for feature

Fi, and as default class c (the class occurring most frequently in T).
e Partition T into subsets T1...Tm according to the values V1...Vm which occur
for Fiin T (instances with the same value for this feature in the same subset).
e For each j an element of {1,...m}:
- Ifnot all instances in Tj map to class ¢, BUILD-IG-TREE (Tj, Fi+1...Fn),
- Connect the root of this sub tree to N and label the arc with Vj.

Algorithm 4.3: Algorithm for Building IGTREE (Adopted from [16])

Basically TRIBL2 starts out as IGTREE and switches to IB1 when a mismatch occurs,
committing however to the matches found before the mismatch occurred. The advantage of being
that much speed can be gained for instances that have a consecutive match on many features,
while test instances that mismatch early on in the tree, will not be classified on the basis of these
few matching features alone, instead the remaining tree will be searched according to the IB1
search method. It built a complete tree. The tree is ordered on the basis of feature weights
(highest weighting features highest in the tree). The tree is searched top-down (Algorithm 4.4).
Matches are committed to. When a mismatch occurs, search continues exhaustively for the

remainder of the tree, identical to the search method applied by IB1.

Input:
e The root node N of a sub tree (start value: top node of a complete [GTree),
¢ An unlabeled instance I with information-gain-ordered feature values fi...fn (start value:
fl...fn).
Output: A class label.
1. IfNis a leaf node, output default class ¢ associated with this node.
2. Otherwise, if test Fi of the current node does not originate an arc labeled with fi, output
default class c associated with N.
3. Otherwise,
- New node M is the end node of the arc originating from N with as label fi.
- SEARCH-IG-TREE (M, fi+1...fn)

Algorithm 4.4: Algorithm for Searching IGTREE (Adopted from [16])
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From the training phase, we get a memory based learning model which will be used during the
morphological analysis phase. Therefore, the implementation of the memory based
morphological analysis relies on this learning model including training our dataset. The output of

the trained dataset is taken as a tree files to be used during implementation [61].

4.4 Morphological Analysis

The training phase is the base to implement the morphological analysis phase. In this phase the
instance making to make the input words to be suitable for memory based learning classification,
the morpheme identification to classify and extrapolate the class of new instances, the stem
extraction to reconstruct and insert identified morphemes, and finally the root extraction to get

root forms of verb stem with their grammatical functions are described in detail.

4.4.1 Instance Making

As described in Section 4.3.2, instance is a sequence of features (characters) separated with
comma. When unknown word is given to be analyzed by the system, it accepts and
deconstructs® as instances to make similar representation with the stored instance in memory.
Feature extraction in this section is different from that described in the training phase. It states
how to make instance to be analyzed here. The word is deconstructed in a fixed length of
instances without identifying the class labels at the last index. For example, when a new
previously unseen word needs to be segmented, the words are similarly deconstructed and
represented as instances using the same information. For instance if we want to segment the
word ,tokodosomu "4 LAan-" the system accepts the word and extract its feature as shown in
Table 4.4.
Table 4.4: Instance to be Classified

10 9 8 7 6 5 4 3 2 1 F 1 2 3 4 5 6 7 8 9 10 class

4.4.2 Morpheme Identification
Morpheme identification is a process of identifying each morpheme of a given verbs. A new
inflected word is deconstructed as instances and given to the system to be classified by the

classifier. In classification process, if there is an exact match in the memory, the classifier

*? The verbs are extracted as instances by making class question mark (?) to show the morphological representation
of the instances (class).
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returns the class of that instance to the new instance. If it is misclassified by the algorithm, on the
basis of the instances already in memory at that point, it will be added into memory.
Extrapolation is performed to assign the most likely neighborhood class with its morphemes
based on their boundaries. This will be done based on the similarity metric applied on the

training data.

For example, to find the class of the new instance in Table 4.4, the instance is compared to each
and every instance in the memory-based learner. The classifier tries to find that training instance
in memory that most closely resembles it. So this might be instance six in Table 4.3, as they
share almost all features (LS, L4, L3, L2, L1, F, R1, R2) except L6 and L.7. The memory-based
learner then extrapolates the Q class of this training instance and predicts it to be the class of the
new instance. Instances which are only misclassified by the classifier will be stored in the

memory based model for farther analysis [68].

4.4.3 Stem Extraction

After morphemes are identified, the next step is the stem extraction process. In stem extraction
process reconstruction of individual instances into a meaningful (their original word forms) and
morpheme insertions in their segmentation point are performed. The steps of this post-
processing phase (the recompilation of words and insertion of the predicted classes in their

proper morpheme boundaries) are performed based on an Algorithm 4.5.

Input: - Ge"ez word
Output: - Stem with morpheme functions
De-construct the given word
For each instances given
Read TRIBL2/IB2tree
If similar /related instances exist in memory
Assign the right most part to the new instances as class
If more than one related instances exist
Select the nearest-use distance metrics
End if
Reconstruct and insert the morpheme boundary
Return segmented word
Else
Add to training data/learning model
End if
Fnd for

Algorithm 4.5: Extraction of Stems from a Given Word (Adapted from [61])
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The system tries to search similar, that resembles from previously stored instances in memory
and tries to find a match after extracting it. If there are no similar instances in memory, it uses a
distances similarity matrix to find more nearest neighbor. Modified difference metric (MVDM)
a method which determines the similarity of the values of a feature by looking at co-occurrence

of values with target classes. It can be computed by Equation 4.1 [10, 62].

V)| (4.1)

n) — P(C;

fj(i:'l:i.‘g) - Z |P(Cl.
i=1

Where, v; and v, are feature values, C;...n (C)) are class labels of the feature-values and
P (Ci/v1) is an example of a conditional probability which, expressed in words, means the

probability of class C, occurring, given feature value v.

For instance, the reconstruction and morphem insertion of the whole instances of the word

e+ LAao- ' tokodosomu' could be as shown in Figure 4.2.
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Figure 4.2: Reconstruction of the Morphological Analysis of the Word +2ta>- ' tokadasomu'
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As shown in Figure 4.2, reconstruction of the morphological analysis of the word ' tokadesomu’,
four non-null classes are predicted in the classification (1), the letters of the four identified

morphemic segments are concatenated (2) and in the third step root extraction can be performed.
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4.4.4 Root Extraction

e

To extract the root of the verb reprocess will be taken. For example, consider the verb ,kodaso*
in Figure 4.8: reprosse was taken in order to remove the vowels and to get the root ,kds® In our
system we assumed that the root of Ge*ez verbs can be deduced from the stems by removing the
vowels. Because like Amharic language root in Ge'ez is represented by only with the sixth
characters of consonants which we called in Ge“ez 'sads' except some words that begin with
vowel. Therefore, any characters which are vowels in the stem (which were given to the system
to be analyzed) are removed. The root of the word is returned with its segmentation and

grammatical features.

There is an exception that we must consider. Whenever the system finds some verbs that start
with vowel, it doesn't remove the vowel immediately rather it ignores and passes it as analyzed
root. Moreover, mono and bi-radical verb types should also be considered not to remove their
vowels since those verb types have valid meaning when they exit with vowels. For example we

can consider the three inflected words as shown in Table 4.5.

Table 4.5: Stem and root extraction of verbs ,fokodiku®, ,$emoni*and ,Ze$0”

Word Stem Root
1 fokediku [fokod]perfective  [1KU]ips [fkd]perfective (1K 1ps
2 semoni [Sema]perfective [n1] object
3 geso [geSalperfective

Source: Adopted from [19].

The morphological analysis process of some bi-radical verbs will end in stem extraction. For
example, as shown in Table 4.5 the last two verbs end in stem extraction. Because when we
remove vowels ,e-0" from “Aa® /Semo/ and B /geso/ gives another meaning A9° /$m/ 1/~
/g§/ which have different meanings respectively. Therefore, to get the roots of such type of verbs
first we have to change into three radicals like “Aa® /$§emo/ and B /geso/ will be changed to
weao and 1YW respectively. This will be done by spelling insertion with the other regular
formations of morphological analysis. It is possible to make the memory based learner to learn
spelling insertion/changes if proper re-framed representation of the annotation is performed.

Such exceptions should be considered during the implementation process [10, 60].
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4.5 Summary

In this Chapter we discussed about the designing of morphological analysis of Ge*ez verbs by
dividing in training and analysis phases. In the training phase we described about the annotation
process for our dataset in a character based representation of features; then how those annotated
dataset are extracted in a fixed length of feature vectors using windowing method. Next instances
are passed to the memory based learner tool (TiMBL) to be learned by the machine. In the
analysis phase we described the general processes of morpheme identification, stem and root

extractions.
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Chapter Five: Experiment

5.1 Introduction

Memory-based learning (MBL) has been successfully applied to a wide range of NLP tasks as
described in chapter two and for most of the tasks it shows an interesting result. In this Chapter,
the experimentation environment (tool used), the corpus (datasets), some of different algorithm
optimization parameters which are used here, the evaluation using the selected algorithms and
techniques, and the different experimentations and results obtained from the experiments are

presented in detail.

5.2 Experimentation Environment

Experiments with memory-based learning described here were carried out using the Tilburg
Memory-based Learner, or TIMBL. This software package is developed and maintained by the
Induction of Linguistic Knowledge group at Tilburg University, and is a very efficient and
feature rich implementation. It can be run either as a “one-shot” command line classier or as a
server, and there is also a C++ API that makes it possible to integrate the memory-based learning
functionality into other programs [48]. We trained and tested our dataset on TIMBL that runs on
Unix machine. It provides options to tune some of the parameters depending on the nature of
tasks. The experiment conducted here is on the handcrafted dataset on TiMBL 6.4.4 with
selected settings and by tuning the different parameters. We used Mint Linux as working
environment and ucto 0.3.5 for text tokenization, geany2.1 a C++ editor for code writing, GCC
4.9 compiler for compiling the source. NetBeans 7.0.1 was for automatic feature extraction and

data preprocessing. Moreover, the experiment has done with IB2 and TRIB2 algorithms only.

5.3 The Corpus

In order to train a classifier that can predict the class of new, previously unseen words correctly,
a set of training examples that are manually prepared with the correct input format are needed.
Because the basis of classification in TIMBL is the storage of all training examples in memory, a
test of the classifier's accuracy must be done on a separate test set [10]. In our case we call these
datasets Geez.train and Geez.test files respectively. Each of these file contains a number of
instances in the same format. The only difference between the files is that the training file

usually contains more instances than the test file. The training set Geez.train contains 90% of the
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words from the total numbers and the test set contains 10% of the words, none of which are
present in the training set. The total of our corpus contains 1105 words which counts 12135

mstances. Within these instances, 31 different class labels occur.

We started the experiment executing TiMBL by specifying the two files, Geez.train and
Geez.test together with selected algorithm and default metrics. Upon completion, a new is
created which is identical to the input test file. The selected TiMBL algorithm and the default
metrics used during the experiment are appended to the new output file name. The process as a
whole can be divided into three phases: Phase [ - Examining the training file; Phase 2 -
Learning from the training file; and Phase 3 - Applying the classifier to the test set. Phases 1 and
2 can be viewed as the construction of the classifier, with Phase 3 as the evaluation phase. The
first two phases of the process will proceed if a training file in the correct format is present.
Phase 1 entails the examination of the contents of the training file, followed by the computation
of a number of statistics based such on this examination. These statistics include entropy, the
information Gain and Gain Ratio of the attributes. Entropy in this case is a probability-based
measure used to calculate the amount of uncertainty. As the data become purer and purer, the
entropy value becomes smaller and smaller. The goal in machine learning is to get very low
entropy in order to make the most accurate decisions and classifications [61, 62]. Phase 2 is the
learning phase and this merely consists of efficiently storing instances to memory according to
the algorithm specified earlier. The system will exit at this point if a test file was not specified at
the start, writing the results of the first two phases to an output file. Unless otherwise stated, the
name of this output file is a combination of the training file, the chosen algorithm and parameter

settings.

If test file was indeed specified, the process will continue to Phase 3, which consists of applying
the classifier created in the two previous phases to the evaluation data, and writing the results to
the output file. The results to be reported can be customized by the user, but TIMBL will by
default report the accuracy obtained (percentage of correctly classified test instances). We can

illustrate these processes in the following ways (Figure 5.1).
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Figure 5.1: The Working of TIMBL

The Three Process Phases of the TIMBL Output:

Phase 3: Learning from Datafile: Geez.train

Start: 0 @ Tue Sep 16 07:35:28 2014

Finished: 11029 @ Tue Sep 16 07:35:28 2014

Size of InstanceBase = 93582 Nodes, (3743280 bytes),

Examine datafile 'Geez.train' gave the following results:
Number of Features: 21

InputFormat : C4.5

Phase 1: Reading Datafile: Geez.train

56.07 % compression
Start: 0 @ Tue Sep 16 07:35:27 2014 . i
Fi?lgshed‘ 110@29 g TEIZ: Sep 16 07:35:28 2014 Learning took 0 seconds, 345 milliseconds and 725
Calculating Entropy ~ Tue Sep 16 07:35:28 2014 puicroseconds , .
Lines of data: 11029 Examine datafile 'Geez.test' gave the following results:
DB Entropy: 2.2107963 Number of Features: 21
Number of Classes: 31 Input.Format : C4.5
Feats Vals InfoGain GainRatio Starting to test, Testfile: Geez.test
1 11 0.19631971 0.19331920 Writing output in: Geez.test. TRIBL2.0.gr.k1.out
. coo o . Algorithm : TRIBL2
Phase 2: Building multi index on Datafile: Geez.train Global o - Overl
Start: 0 @ Tue Sep 16 07:35:28 2014 obal metric : Qverlap

Deviant Feature Metrics:(none)

Finished: 11029 @ Tue Sep 16 07:35:28 2014 Weighting  : GainRatio
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5.4 Algorithm Parameter Optimization
A good choice of parameter settings can have a large effect on accuracy in TIMBL. In our

experiment, the following algorithm parameters could be optimized:

5.4.1 The Distance Metrics

There are different types of distance metrics such as including overlap and MVDM. As described
in [10, 63], the most basic metric that works for patterns with symbolic features is the Overlap
metric which is the default metric in TIMBL. But it is limited to exact matches between feature
values. All values of a feature are seen as equally dissimilar. To optimize this we used modified
value difference. Logically, we know that some feature values are more similar than others.
Modified Value Difference Metric (MVDM) was defined to include this information about
similar feature values. It determines the similarity of a feature by looking at the co-occurrence of
values with target classes. The distance between two values v; and v, of a feature is computed
through the difference of the conditional difference of the classes C; for those values.

The way in which the nearest neighbor sets are composed in MVDM differs from the way in
which it is done in Overlap-based metrics. It causes an abundance of ties in the nearest neighbor
position; this problem is reduced or completely resolved by using MVDM. For example, if a test
instance differ one mismatch from the nearest neighbor, Overlap will yield all the instances
which have different feature values in the mismatch position as nearest neighbors. Contrary to
this, MVDM will only propose the nearest neighbor with the lowest delta in the mismatch
position. This means that MVDM vyields a much smaller nearest neighbor set than the Overlap-

based metrics [10].

5.4.2 Feature Weighting Metrics

Feature weighting in supervised learning concerns the development of methods for quantifying
the capability of features to discriminate instances from different classes [78]. The K-NN
performance can be improved by identifying the significant features and finding the feature
weights. It includes Gain ratio, Information gain, shared variance and chi-square and the last
three parameters can be optimized [80]. As described in [79], a K-NN classifier in its most basic
form operates under the implicit assumption that all features are of equal value as far as the
classification problem at hand is concerned. When irrelevant and noisy features influence the

neighborhood search to the same degree as highly relevant features, the accuracy of the model is

76



likely to deteriorate. It is a technique used to approximate the optimal degree of influence of
individual features using a training set. When successfully applied, relevant features are
attributed a high weight value, whereas irrelevant features are given a weight value close to zero.
It can be used not only to improve classification accuracy but also to discard features with
weights below a certain threshold value and thereby increase the resource efficiency of the
classifier. Therefore, feature weighting is a measure, which assigns higher weights to more

important features.

5.4.3 Number of Nearest-Neighbor

Nearest-neighbor sets are useful in explaining the behavior of the classifier; the distance of the
nearest neighbor can be used as a certainty factor [10]. Optimizing of nearest neighbor
representing the number of nearest distances in which memory items are searched. In the
experiments, it varied between 1(default), 3, 5, 7, 9, 11, 15, 25, 35 and 45 [80]. Using a larger
value of k can often lead to higher accuracy for discrete classes and larger training set. On the
other hand, small value of k captures fine structure of problem space better and may be necessary
with small training sets [10, 63]. Our training dataset is relatively small among the large set of
inflected Ge*ez words. We examined our dataset by varying the value of k to 1, 3 and 5 to see
the effect of the k value in extrapolating the class of new instances and to get better

generalization by setting all the parameters the same. When k=1 gives this result:

=====baroka==========CF {R0.775647, F 0.775647 } 1.2892466208571
# k=1, 2 Neighbor(s) at distance: 1.2892466208571
# ===t0fak,0,da,=========={R 1.00000, F 1.00000 }

morpheme boundary marker. It is coded as class ,,C* (3psf object marker). But the class predicted
by the classifier is ,JF* because there are no other options and ,R* has same weight. When the

value of k equals to 3 the classifier finds more than one nearest neighbor instances.
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# k=1, 2 Neighbor(s) at distance: 1.2892466208571

# ===to,fak,0,da=========-={R 1.00000, F 1.00000 }
# k=2, 1 Neighbor(s) at distance: 1.5563009330755

# ===tofak,ida==========1{D 1.00000 }

# k=3, 2 Neighbor(s) at distance: 1.7091889088213

# =y.itifakoeda==========1{G 1.00000 }

# =titifako,da=========={R 1.00000 }

There are five neighbors at distance 1.2892466208571 which have different verb markers (R-
2ppf marker, G-3ppf object marker, D-3psf marker and F-3ppf). The k-NN classifier selects the
class with the highest feature weight and assign for the test instance. As shown in the result “R”

gets higher weight (1.36072) than other classes and it is assigned to the tested instance.

However, when the value of k becomes five the k-NN predicted the exact class of the test
instance. There are thirteen neighbors at distance 1.2892466208571, six of which have 3psf
object marker “C”, while others ( two: R-2ppf marker, one: G-3ppf object marker, two: D-3psf
marker and two: F-3ppf) which have low feature weight's than “C”. Hence, the K —NN classifier
selects the class with the higher feature weight (2.83471) and assigns for the tested instance.

=====b,aroka==========C,C { R 1.36072, C 2.83471,
G 0.585073, D 1.10418, F 1.30219} 1.2892466208571
# k=1, 2 Neighbor(s) at distance: 1.2892466208571
# ===t0fak,0,da,=========={ R 1.00000, F 1.00000 }
# k=2, 1 Neighbor(s) at distance: 1.5563009330755
# ===tofak,ida=========={D 1.00000 }
# k=3, 2 Neighbor(s) at distance: 1.7091889088213
# =yitifakoda==========/{G 1.00000 }
# =titifako,da=========={R 1.00000 }
# k=4, 2 Neighbor(s) at distance: 1.8991721698954
# a,s,i,t,3,f,a,k,3,d,a,=,=,=,=,=,=,=,=,=,=,{ C 1.00000, F 1.00000 }
# k=5, 6 Neighbor(s) at distance: 2.1662264821139
# a,s.itafakida=========={C 2.00000 }
# asitafakida==========/{C 3.00000 }
# a,s.it9,fakida=========={D 1.00000 }
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5.4.4 Class Voting Weights

They are used for extrapolation from the nearest neighbor set, which includes normal majority
voting (default), inverse distance weighting, inverse linear weighting, and exponential decay
weighting. The most straightforward method for letting the k-nearest neighbors vote on the class
of a new case is the majority voting method, in which the vote of each neighbor receives equal
weight, and the class with the highest number of votes is chosen [10, 63]. It is the basic method
used to determine the class to be assigned to a query. It consists of doing a frequency count of
the classes occurring in the nearest neighbor set, and then assigning the most frequently
occurring class to the query. This means that all instances in the set of nearest neighbors
contribute equally to the decision about which class to assign to the query, irrespective of their
distances from the query point. It is the default setting. However, using majority voting for our

learning approach misleads identification of some of the morphemes.

==2,0,f1ko,d,o,t,i,=========D,D { C 1.00000, D 3.00000 } 0.45356618230956
# k=1, 2 Neighbor(s) at distance: 0.45356618230956

# ==t0,f0,ko,doti========={C 1.00000 }

# ==t0a,fako,doti========={D 1.00000 }

# k=2, 1 Neighbor(s) at distance: 0.69095981454974

# ====f0ko,doti=========1{D 1.00000 }

# k=3, 1 Neighbor(s) at distance: 0.86583095625387

# sito,fake,doti========={D 1.00000 }

neighbors and finds two neighbors; three with ,D* (3psf subject marker) and one with ,,C* (3psf
object marker). Therefore, the class predicted by the classifier is ,[D* (3psf subject marker),
because this is the majority class in the NN-set. If the number is reversed (three C class and one
D class), the classifier will assign class C for the tested instance instead of D because it is the
majority class. So, even if a part of the correct solution is present in the NN-set, simple majority
voting prevents it from surfacing in the output. In Figure 5.6 the classifier assigned the correct

class for the tested instance.

Sometimes when the value of k is small, and the data is very sparse, or the class labels are noisy,
the probability estimation is very unreliable to use this method. When the radius of the k-NN
region can get extended far beyond the local neighborhood of the query point, but the far

neighbors will have the same influence in voting as the close neighbors. This can result in
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classification errors. To remedy this, distance weighted voting can be used [10, 63]. In our
experiment both inverse distance weighting and inverse linear weighting are used. Inverse
distance weighting implies that weights, inversely proportional to the distance from the query
instance, are awarded to the neighboring instances. On the other hand, inverse linear weighting
assigns a heavier weight to a neighbor that is a smaller distance away from the query than a
neighbor that is a greater distance away [63]. A neighbor with smaller distance is weighted more
heavily than one with a greater distance: the nearest neighbor gets weight of 1, the furthest

neighbor a weight of 0 and the other weights are scaled linearly to the interval in between [10].

5.5 Evaluation and Results
In this section we discussed the evaluation technique, testing results and comparison with related

work which are done using MBL approaches.

5.5.1 Evaluation Technique

The memory-based classier has been trained and tested by the more common method called 10-
fold cross-validation technique. In it each data set was split into 10 parts of equal size. Each of
these parts was used as test set once and the remaining parts were concatenated to be the training
set. This testing have been applied in two batches, the first one using TiMBL®s default
parameter settings (Table 5.1) and the second one with a limited form of parameter optimization.
This optimization procedure consists of manually selecting a few values for each input parameter

of the machine learning algorithm and testing all combinations of these values.

Cross-validation is a computer intensive technique, using all available examples as training and
test examples. It mimics the use of training and test sets by repeatedly training the algorithm K
times with a fraction 1/K of training examples left out for testing purposes [81]. It has two
possible goals: to estimate performance of the learned model from available data using one
algorithm and to compare the performance of two or more different algorithms and find out the
best algorithm for the available data. The basic form of cross-validation is k-fold cross-
validation. In this form the data is first partitioned in to k equally (or nearly equally) sized
segments or folds. Subsequently k iterations of training and validation are performed such that
within each iteration a different fold of the data is held-out for validation while the remaining k-1
folds are used for learning. In data mining and machine learning 10-fold cross-validation (k= 10)

is the most common [82].
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In the 10-fold cross-validation experiments, the system is trained on approximately 90% of the
corpus and then tested on the remaining 10%. This is repeated 10 times (i.e., for 10 folds), with a
different part of the corpus being used as a test corpus each time. All instances in the corpus are
entirely included in either the test corpus or the training corpus. In other words, the split between
training and test corpora is always located at instance boundary. The overall accuracy is the
average of the sum of each training and test set as illustrated in Tables 5.4 and 5.7. There is a
certain variation in the sizes of the training and test corpora used in the different folds. Figure 5.2
demonstrates our 10-fold cross validation evaluation. The darker sections of the data are used for

training while the whiter sections are used for validation (testing data).

Experiment 1

Experiment 2

Experiment 3

Experiment 4

Experiment 10

Figure 5.2: Procedure of 10-fold Cross-Validation
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Table 5.1: Default Parameters with Their Values and Descriptions

Parameter Default values Description
Nearest neighbor K=1 K=1 number of nearest neighbors used for
extrapolation
Feature-weighting -m0 The distance between two patterns is simply the

sum of the differences between the features (overlap)

Distance metrics -w0 No weight. All features have the same importance
Class voting -dz Normal majority voting-all neighbors have equal
weight

5.5.2 Testing Results

Testing was done using TIMBLS default and optimized parameter settings. Based on the default
values of parameters of each algorithm (IB2 and TRIB2), we obtained results** shown in Tables

5.2 and 5.3 in each training and testing experiments (10-fold cross validation).

Table 5.2: 10 Fold CV Experiment on IB2 with Default Setting and b=5330

No of experiment 1 2 3 4 5 6 7 8 9 10
No instances 11029 10739 10629 11017 10727 11042 10935 10979 10963 11155
Seconds taken 0.211 0.193 0.175 0.116 0.157 0.159 0.118 0.114 0.244 0.279
Size of instance

base (byte) 1869800 1889840 1790880 1862720 1973680 1936880 1951320 1933120 1922840 1850960
compression 56.65 55.98 57.30 56.73 55.28 56.29 56.07 56.07 56.20 58.18
Accuracy 94 94.9 95 93.5 94.4 94.9 96.5 92.1 77.3 84.5

In Table 5.2 b=5330 is the number of instances, to be taken from the top of the training file, to
act as the bootstrap (sample with replacement) set of memorized instances before IB2 starts
adding new instances. It is only applicable in conjunction with IB2 algorithm. The value (5330)

here is the average value of b from the 10 fold experiments which scores high performance in

each fold.

** The syntax how to use those parameters is described in [10].
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Table 5.3: 10 Fold CV Experiment on TRIB2 with Default Setting

No of experiment 1 2 3 4 5 6 7 8 9 10
No instances 11029 10739 10629 11017 10727 11042 10935 10979 10963 11155
Seconds taken 0.0738  0.0565 0.060 0.046 0.089 0.0707  0.0765  0.0473  0.0814  0.117
Size of instance

base (byte) 3743280 3705960 3757200 3756240 3836560 3769840 3804200 3833800 3709760 3693920
compression 56.07 55.82 55.50 55.96 55.20 56.21 55.83 55.65 56.42 57.09
Accuracy 96.1 97.9 96.8 96 93.1 93.9 97.9 93.9 75.9 70.5

The overall performance of the experiment is the average value of each fold experiment results.
The average experiment result of the two algorithms with default parameter and optimized

parameter setting described in Table 5.4 and Table 5.7 respectively.

Table 5.4: Average Performance of 10 fold CV Experiment With Default Parameter Setting

Evaluation Compression Time taken Size of instances Accuracy
method | Algorithm (%) (seconds) base (byte) (%)
IB2 56.48 0.177 1898204 91.72
10 fold CV | TRIBL2 55.98 0.0725 3761076 91.19

As we observe from Table 5.4 IB2 algorithm perform a little bit better generalization of the
accuracy of the model than TRIBL2 algorithm. Moreover, IB2 algorithm used much less

memory storage than TRIBL2. But IB2 consumes much more time than TRIBL2 to process.

Many classifiers are parameterized and their parameters can be tuned to achieve the best result
with a particular dataset. In most cases it is easy to learn the proper value for a parameter from
the available data [82]. After tuning a number of parameters along with the algorithms, we
identified the parameters with high performance as optimized parameters. These are nearest
neighbor: k=5, distance metric: modified value difference metric (-mM), feature weighting:
information gain (-w2) and distance-weighted class voting: inverse distance (-d ID). We did the

experiments with those parameter settings and we have got the results shown in Tables 5.5 and

5.6.
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Table 5.5: 10 Fold CV Experiment on IB2 with Optimized Parameter Settings and b=5330

No of experiment 1 2 3 4 5 6 7 8 9 10
No instances 11029 10739 10629 11017 10727 11042 10935 10979 10963 11155
Seconds taken 0.288 0.229 0.254 0.188 0.232 0.213 0.185 0.188 0.373 0.484
Size of instance

base (byte) 1817120 1873200 1926200 1833400 1944720 1905360 1922640 1900320 1885440 1813480
compression 57.22 56.16 56.23 57.03 55.56 56.57 56.37 56.42 56.50 58.50
Accuracy 98 98.7 97.1 96.9 97.9 95.8 98.5 92.6 78.7 78.2

Table 5.6: 10 Fold CV Experiment on TRIBL2 with Optimized Parameter Settings

No of experiment 1 2 3 4 5 6 7 8 9 10
No instances 11029 10739 10629 11017 10727 11042 10935 10979 10963 11155
Seconds taken 0.055 0.069 0.068 0.053 0.098 0.081 0.087 0.079 0.089 0.143
Size of instance

base (byte) 4033800 4003320 4060320 4084440 4158480 4079720 4128040 4115320 4010960 3988600
compression 52.66 52.28 51.91 52.12 51.44 52.6 52.07 52.39 52.88 53.66
Accuracy 97.7 99.1 98.3 96.6 94.2 94.6 98.1 95.8 75.4 73.3

Table 5.7: Average Performance of 10 fold CV Experiment with Optimized Parameter Setting

Evaluation Compression Time taken Size of instances Accuracy
method | Algorithm (%) (seconds) base (byte) (%)
1B2 56.66 0.263 1882188 93.24
10 fold CV | TRIBL2 52.4 0.082 4066300 92.31

As shown in Tables 5.4 and 5.7 the generalization performance of IB2 algorithm with default
and optimized parameter setting is 91.72% and 93.24% respectively. Similarly, the
generalization performance of TRIBL2 algorithm with default setting is 91.19% and with
optimized parameters is 92.31%. Therefore, IB2 shows better general performance than TRIBL2
in both default and optimized parameter settings. It also performs better in compression the
instance trees and uses less memory than TRIBL2. On the other hand, TRIBL2 processes within

short seconds than IB2 on the same number of instances.

Aside from the percentage of correctly classified test instances, we used some more evaluation
metrics that have become common in information retrieval and machine learning namely
precision, recall, and F-score (f-measure). Precision can be defined as the percentage of correct
morph boundaries among all morph boundaries suggested by the system and recall is the

percentage of correct boundaries discovered by the classifier. F-score or f-measure is a harmonic
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mean of precision and recall. It is a commonly used metric to summarize precision and recall in
one measure [10]. The precision, recall and F-score for unknown- words with default and
optimized parameters described in Table 5.8.

Table 5.8: 10 folds CV Results of Average Precision, Recall and F-score with Default and
Optimized Parameter Settings

With default parameters With optimized parameters

Algorithm | Precision Recall F-score Precision Recall F-score
1B2 52.9 52.1 52.49 55.6 56.3 59.95
TRIBL2 55.4 56.6 55.99 58.8 60.3 59.54

As shown in Table 5.8 optimizing some of the parameters achieved better result than default
parameter settings on both algorithms. This result is achieved with small dataset (1105- which
doesn‘t include all verb categories complete inflection). We observed that the ill-balanced
distribution of dataset matters the extrapolation of new instances. On the other hand, it has
negative impact on the general performance of the system. Our data set contains complete
derivation of one verb and some sample verbs from the remaining categories. Thus we believe
that if our dataset contains more inflected verbs which include complete inflected verbs of each
category, the system will achieve better result than this. So it is possible to say that, the result
obtained here is acceptable to implement the system in large scale examples and words with

more complexity.

In memory based learning the minimum size of the training set to begin with is not yet specified.

However, as stated in many literatures the size of the training data matters the learning
performance of the algorithm. Hence, it is crucial to draw learning curves in addition to reporting
the experimental results [62]. We perform series of experiments on systematically increased
amounts of training material up to the currently available total dataset which is 1105. In most
cases to draw a learning curve, the learning can be measured by fixing the test set against which
the increased model is systematically tested. We took the test set by calculating the average of

10% of each number of training set and set here to be 70.
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Table 5.9: Generalization Accuracy with Increasing Number of Words

No of instances 49 885 1949 3325 4313 5225 6409 7310 8220 9230 10146 11116 11924

Training words 5 90 180 270 360 450 540 630 720 810 900 990 1080
Performance(%) 69.9 78.5 812 829 86.8 86.7 86.1 864 864 86.1 893 94.5 99.8

Figure 5.3: Learning Curve with Increasing Number of Words

The learning curve displays on the Ge“ez verbs morphology test set, with increasing amounts of
instances in the training set (subsets which was labled in the X-axis were simply created by
taking the n first instances of the full training set). To include all the dataset we start simply
taking 5 and 90 as initial training set and the rest taking multiple of 90. The x axis has a
logarithmic scale. The curve shows that at the maximal amount of training material currently
available (1080 words in the 10% split training set) the curve has not flattened; with larger
amounts of training material better generalization accuracies on unseen data can be expected.
The curve suggests that if the training set is doubled in size about three or four times more, a
100% score on the test set appears to be in reach. In general, we can infer from the learning

curve that more training data gives better generalization.
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5.5.3 Comparison with Related Works

As described in chapter three, to the best knowledge of the researcher, Ge‘ez language
morphological analyzer has been investigated by Desta Berihu. The study limited to #ta /katalo/
(he killed) category verb forms. The author has analyzed the morphology of Ge“ez verbs using
rule-based approaches specifically CV-based and Two-Level Morphology (TLM) to design the
model and to implement the prototype of the analyzer. The experimental result the author found

an accuracy of 92.05% at feature level and of 73.98% at verb level.

The current study tried to model and test machine learning (MBL) perspective of Ge‘ez
morphological analysis which includes all category verb forms. During the experiment we used
10-fold cross-validation technique. The experimental result shows that the generalization

performance of IB2 and TRIBL2 algorithms are 93.24% and 92.31% respectively.

Comparison of morphological analysis of similar natural languages which developed by using

memory based learning approach shown in Table 5.10.

Table 5.10: Comparison of Ge’ez Morphological Analysis with Others

Size of
Morphological Evaluation | Dataset
Analysis of Techniques | (in words) Word Class Algorithm | Accuracy (%)
Dutch language 10 fold CV | 247,415 Verbs, Nouns, Adjectives | IBI 94
Arabic language 10 fold CV | 16,626 Verbs, Nouns, Adjectives | IBI 15
Swedish language | 10 fold CV | 4,189 Verbs, Nouns, Adjectives | IBI 85.6
Swahili language WER 9,700 Verbs, Nouns, Adjectives | IBI 13.3 (86.7)
IBI 93.59
Ambharic language | 10 fold CV | 1022 Verbs, Nouns, Adjectives | IGTREE | 82.26
Ge“ez language IB2 93.24
(our work) 10 fold CV | 1105 Verbs TRIBL2 92.31

As shown in Table 5.10, except Swahili morphological analysis, the evaluation techniques are
similar. Swahili morphological analysis was evaluated using word error-rate (WER) technique.

The lower the WER means the system will be better.

It is difficult to address and analyze all the morphological features of the languages like Ge“ez.
Ge"ez is a complex inflected language. Due to this, in this study, we addressed the morphological
analysis of Ge“ez verbs only. Verbs are morphologically the most complex POS in Ge“ez. The

experimental result shows that the generalization performance of IB2 and TRIBL2 using
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optimized parameters 93.24% and 92.31%, respectively. This result is achieved with small
dataset which doesn‘t include all verb categories complete inflection. We observed that the ill-
balanced distribution of dataset has negative impact on the general performance of the system.
Our data set contains complete derivation of one verb and some sample verbs from the remaining
categories. This due to time limitation to collecte all complete inflected verbs. Thus, we believe
that if our dataset contains more inflected verbs which include complete inflected verbs of each
category, the system will achieve better result than this. So it is possible to say that, like other
languages, the result obtained here is acceptable to implement the system in large scale examples

and words with more complexity.

5.6 Summary

We experimented the proposed morphological analysis with 10 fold cross validation. The system
is trained on approximately 90% of the corpus and then tested on the remaining 10%. The
performance of the system in terms of accuracy, classification time and memory usage was
determined by evaluating the morpheme identification by training the system with the default
and optimized algorithmic parameter settings. The evaluation criteria used for morpheme

identification were accuracy, recall, precision, and F- score.

The accuracy of the model with default settings are 91.72 % and 91.19% for IB2 and TRIBL2
classifiers respectively. After a number of experimentations of one parameter against the other;
the nearest neighbor is 5, the distance metrics is MVDM, the feature weighting metric is IG and
the class voting weight is inverse-distance, taken as optimized parameters for both IB2 and
TRIBL2 results better performance. Therefore, using those optimized parameters the

generalization accuracy of IB2 and TRIBL2 becomes 93.24% and 92.31% respectively.

IB2 algorithm showed significant performance even though it takes more time than TRIBL2.
Like Amharic morphology, we believe that the problem of speed may not be a serious problem
for Ge“ez morphological analysis because the fundamental concern is obtaining a morphological
analyzer which performs better in terms of accuracy. Therefore, IB2 classifier is better than

TRIBL2 regardless of more processing time.

The precision, recall and F-score were also calculated by taking the average of the 10 fold cross
validation. The results using IB2 algorithm with default parameter settings are 52.9%, 52.1% and

52.49 %, respectively. Similarly, TRIBL2 classifier was also evaluated in the same manner with
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IB2 and obtained 55.4%, 56.6%, 55.99% precision, recall and F-score, respectively. These
algorithms are also evaluated using optimized parameters to obtain good result than the default
ones. Therefore, we obtained 55.6%, 56.3% and 59.95% precision, recall and F-score
respectively using IB2 algorithm. In the same manner we obtained 58.8%, 60.3% and 59.54%
precision, recall and F-score respectively using TRIBL2 algorithm. In general, both algorithms

have insignificant difference. Therefore, they are suitable for Ge*ez morphological analysis.
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Chapter Six: Conclusion and Future work

6.1 Conclusion

In this study the memory-based learning for Ge“ez verbs is achievable. Based on the experiment
results obtained in the previous chapter, memory based learning showed a good result for
morphological analysis of Ge*ez verbs relative to small number of datasets. The unavailability of
complete inflection verbs of all Ge“ez categories verbs and annotated morphological database
forced us to spend much more time in preparing dataset. This is also the main reseaon for the
small number of our datasets. We annotated manually 1105 verbs to be suitable to TIMBL
algorithms. From these annotated verbs, we extracted 12135 instances automatically. This data
set was divided into training and testing data from which 90% for training and 10% for testing.
The training data is used to assess how much the model is able to learn and the test (unseen) data

used for evaluating the performance of the algorithms.

By adjusting the default and optimized parameter settings of TIMBL tools, we trained and tested
our dataset. To do this we used both IB2 and TRIBL2 algorithms. We found that IB2 is good at
memory usage on both default and optimized settings (with 91.72% and 93.24% accuracy) but it
has low processing speed which in turn takes more time. On the other hand, TRIBL2 algorithm
performs a little bit different from IB2. It performs 91.19% and 92.31% with default and
optimized parameter settings respectively. TRIBL2 classifier needs more memory usage and
high speed during training and test of dataset. Therefore, there is tradoff between both algorithms
is respective of their advantages. In summary, memory storage and speed may have a matter in

choosing from both algorithms for Ge“ez morphological analysis.

6.2 Future Work

Future works based on shortcomings of the current study are outlined here. In other words, the

tasks which were not included in our work are described as a recommendation for future works
to make a complete full flagged morphological analysis.

» This study addressed the morphological analysis of Ge‘ez verbs and with relatively very

small datasets. This can be extended to nouns, adjectives, compound- words and complex

verbs. The use of a large training data has huge importance in enhancing the performance

of the system. In other words, initiation of a big project to develop an efficient full-
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fledged automatic morphological analyzer for Ge“ez language which works for all POS
categories is required.
The complex nature of Ge“ez like Amharic morphology the system can‘t segment some
words. So managing spelling changes (inserting, deleting) and extracting roots are
possible project areas.
A comparative analysis for Ge*ez and other local languages, using other approaches (e.g.,

HMM, SVM, MBL, ILP and finite state morphological analysis) can be done.
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Appendix A Sample Manually Prepared Verbs

kodoasSoA
kodosSoAniJ
kodosSoAnoZ
kodosSoAkoM
kodosSoAkimuK
kodosSoAkiL
kodasSoAkinRi
kodasSoQ
kodesSoQmuV
kodoasSaC
kadasSoQnGi
todkodosSeA
todkodosSoAniJ
todkodosSoAnoZ
todkodosSoAkoM
todkodosSoAkimuK
todkodosSoAkiL
todkodosSoAkinR
todkadasSoQ
todkadosSoQmuV
todkodosSaC
to4kodosSoQnGi
gabirSoA
gabirSoAniJ
gabirSoAnaZ
gabirSoAkaM
gabirSoAkimuK
gabirSoAkiL
gobirSoAkinRi
gabirSoQ
gobirSoQmuV

gobirSaC
gobirSoQnGi
to4gobirSoA
to4gobirSoAniJ
todgobirSoAnoZ
tod4gobirSoAkoM
todgobirSoAkimK
todgobirSoAkiL
todgobirSoAkinRi
todgobirSoQ
todgobirSoQmuV
todgobirSaC
todgobirSoQnGi
barakSoA
barokSoAniJ
barokSoAnaZ
barokSoAkaM
barakSoAkimuK
barakSoAkiL
barokSoAkinR#
barokSoQ
barokSoQmuV
barakSaC
barokSoQnGt
todbarokSoA
todbarokSoAniJ
todbarokSoAnaZ
todbarokSoAkoM
todbarokSoAkimuK
todbarokSoAkiL
todbarokSoAkinRi

todbarakSoQ
todbarokSoQmuVvV
to4barokSaC
todbarokSoQnGi
nolowSoA
nolowSoAniJ
nolowSoAnoZ
nolowSoAkoM
nolowSoAkimuK
nolowSoAkiLL
nolowSoAkinR#
nolowSoQ
nolowSoQmuV
nolowSaC
nolowSoQnGi
to4nolowSoA
to4nolowSoAniJ
to4nolowSoAnaZ
to4nolowSoAkoM
tod4nolowSoAkimuK
todnolowSoAkiL
todnolowSoAkinRi
todnolowSoQ
todnolowSoQmuV
tod4nolowSaC
todnolowSoQnGi
hokSoA
hokSoAniJ
hokSoAnsZ
hokSoAkoM
hokSoAkimuK



hokSoAkiL
hokSoAkinRi
hokSoQ
hokSoAmuV
hokSaC
hokSoQnGi
todhowikSoA
todhowikSoAniJ
todhowikSoAnoZ
todhowikSoAkoM
todhowikSoAkimuK
todhowikSoAkiL
todhowikSoAkinR#
todhowikSoQ
todhowikSoQmuV
to4howikSaC
todhowikSoQnGi
tonibolSoA
tonibolSoAni
tonibolSoAnaZ
tonibolSoAkoM
tonibalSoAkimuK
tonibolSoAkiLL
tonibolSoAkinRi
tonibalSoQ
tonibalSoQmuV
tonibalSaC
tonibolSoQnGi
todtonibalSoA
todtonibalSoAniJ

todtonibalSoAnoZ
todtonibalSoAkoM
todtonibalSoAkimuK
todtonibalSoAkiJ
todtoniboalSoAkinRi
to4tonibalSoQ
todtonibalSoQmuVv
to4tonibalSaC
todtonibalSoQnGi

to4$oyimSoQnGt

semSoA
semSoAniJ
semSoAnaZ
semSoAkaM
semSoAkimuK
semSoAkiL
semSoAkinR#
semSoQ
semSoQmuV
semSaC
semSoQnGi
tod$oytmSoA
tod$oyimSoAniJ
tod$oyimSoAnoZ
to4soyimSoAkoM
to4soyimSoAkimuK
to4soyimSoAkiL
to4soyimSoAkinRi
to4soyimSoQ
to4soyimSoQmuV
to4$oyimSaC



Appendix B: Sample Extracted Features

=,==,=b,a,r,0,k,0,n,0,=========,0
==,=b,a,r,0.k,o,n,0,=========="7
========,==b,a,1,9,k,0,k,0,=,=,=,0
===,=====,=b,a,r,0,k,9,k,0,=,=,=,=,0
======,==b,ar,0,k 0k, 0,=====,0
======,=b,ar,9,k0,k,0,======,0
===,===b,ar,0k,0k0=======S
=,==,==b,a,1,9,k,0,k,0,========A
==,=,=b,a,1,0.k,0.k,0,=========0
=,==b,a,r,0,k,0,k,0,=,=========M
==========Db,a,1,9,k,0,kimu,=0
=========Db,a,r,9,k,9,k,i,mu,==,0
==,======Db,a,1,9,k,9,k,imu,===,0
==,==,==,=b,ar,9,kokimu====
=,=,=,=,=,=,b,a,r,9,k,9,k,i,m,u,=,=,=,=,=,S
==,==,=b,a,r,9k o kimu======A
==,==,b,a,1,9,k,0,k,i,m,u,==,=====,0
==,=b,a,r,9,k,0,ktmu,========,0
==b,a,r,9,k,0,k.imu,=========,0
=b,a,r,0,k0.ki,mu,==========K
==========b,ar,9,kok,i===,0
=========b,ar,0k,0k,i====,0
========b,ar,9,k0ki=====,0
===,===,=b,a,r,9,k 0k i======,0
===,===b,ar,0k0ki=======S
=,==,==b,ar,9,k0ki========A
==,==,b,a,1,9,k,9,k,1,=,=,=,=,=,==,==,0
=,==b,a,r,9,k,0.k,i,==========L
==,=======,=b,a,1,9,k,9,k in,i=,0
=========b,a,1,0,k 9k ini==0

=========n,0,l0,w,a,======,0
========n,0,l0,w,a,=======,0
=======n,0,l9,w,a,========,0
======n,0,l0,w,a=========1S
=====n0l,o,w,a==========,C
=========,=,1n,0,9,w,0,n,t,===0
==,=======n,0,l0,w,0,n,i,====,0
=======,=,n,0,l,0,w,0,n,1==,===,0
====,===1,0,l,0,w,0,nt,======,0
===,=,==n,0lo,w,0,n1,=======S
=,===,=n,0,l,0,w,0,n,i,========Q
=, n,o0,l,o,w,0,n,t,=========0G
=,==,n,0,l,0,w,0,n,1,=,==,==,=====,0
==,========1,,0,0,1,0,w,9,=,=,=,0
=========ton,0L0,w,0,====4
========19,n,0,l0,w,0,=====,0
=======t0o,n,0,0,w,0,======,0
======t9,n,0,Lo,w,0=======,0
=====t,9,n,0,l,0,w,0,=,=======0
====t0,n,0,l,0,w,0,=========S
===t9,n,0,l,0,w,0,==========A
=========51t9,0,0,l,0,w,9,n,1,=,0
==,=======.,9,1,0,1,0,w,0,n,1,=,=,4
==,=====,=1,9,n,0,9,w,9,n,1,=,=,=,0
==,=====.t,9,0,0,1,9,w,0,n,1,=,=,=,=,0
==,==,==1,9,n,0,1,0,w,9,n,i,=,=,=,=,=,0
==,==,=t,9,n,0,1,9,w,0,n,1,=,=,=,=,=,=,0
==,=,=,t,9,n,0,l,0,w,9,n,1,=,=,=,==,==,S
==,=t,9,n,0,1,0,w,9,n,1,=,=,=,=====A
===,=====h,0k0ki=======S
=======h,0koki========A



=======t0,h,0,w,ik,0k,ini==0

===,===1,0,h,0,w,1,k,0,k t,n,i,==,=,0
=,=,===t9h9w1k9k1n,1,=, ,=,=,0
=,==,=1,0,h,0,w,1,k,0,k,i,n,i,=,====S
=t,0,h,0,w,i,k,0.k,i,ni,======A
t9h9w1k9k1ni=::,:,=,=,=,0
tah9w1k9k1n1==:,=,=,:,=,=,0
t,0,h,0,w.1.k,0,k,i,n,1,=========R
a,h,o,w.1,k,0.k.1,n,i,==========,0
==========1.h0w,k,0,===0
=========t,9,h,0,w,1.,k0,====4
========t9,h,0,w,i,ko0,=====0
=======t0h,0,w,tk,0,======,0
======t9,h0,w,,ko0=======,0
=====t9,h,0,w,tko,========,0
====t0,h,0,wt,k,0,=========S
=,=,=,t,s,h,9,w,i,k,o,=,=,=,=,=,=,=,=,=,=,Q
========t9,ho,wika=====,0
=======t0h0,w,tka======0
========t9,t,9,n,ib,0,l,0,==,=,0
==,=====t,9,t,0,n,1,b,9,1,0,=,=,==,0
======t9,t,9,nib,0,l0,=====,0
=====t,0,t,9,n,1,b,9,l,0,====,==,0
==,==1,0,t,9,n,1,b,9,1,0,=,=,=,==,==,0
===19,t,9,n,1,b,9,l,0,=,=======,0
=1t,9,t,9,1,1,b,9,1,0,=,=,=,===,==,=S
=1t,9,t,9,1,1,b,9,1,0,=,=,=,=======A

=========1,1t,9,nb,3,1,0,n,i4

===,=====_9,t,9,n,1,b,0,1,0,n,1,=,0

==,=====t,9,t9,ntb,9,1,0,n,1,=,=,0
===,===1,9,t,0,n,1,b,9,1,0,n,1,=,=,=,0
==,===t,9,t,0,n,1,b,9,1,0,n,1,=,=,=,=,0
==,==1,0,t9,n1b,9,1,9,n,i,=====,0
=,=1,0,t,0,n,1,b,9,1,0,n,1,=,==,===,0
=t,9,t,9,n,1,b,9,1,0,n,1,=,=,=,==,==S
tetenibs19n1===,=,=,=,=,=,A
t,0,t,9,n,1,b,2,1,0,n,1,=,=,=,======0
a,t,9,n,i,b,0,Lo,n,i,==========]
==, t,9,t,9,n,1,b,2,1,0,n,9,=,=,=,=,=,0
===t0.,t,0,n,1,b,2,,0,n,0,======,0
=1,9,t,9,n,1,b,9,1,9,n,9,=,=,=,===,=,S
=,=,=,=,t,9,t,a,n,i,b,s,l,o,n,i,=,=,=,=,=,0
==,=1,9,t,0,n,1,b,9,1,0,n,1,=,==,===,0
====.t9,5,9,y,t, m9,k,1,=,=,=====,S
=,=,=19,8,0,y,t,mo,k,i,========A
=t,9,$,9,y,1,m,0,k,1,=,========,0
=1,9,$,9,y,,m9,k,i,.==========1L

==========9,%,9,y,1,m,9,k,1,n,0
:::======tsse,y,1m9k1ni4

=======1,9,$,9,y,t,m,0,k,1,n,i,=,=,0

=,=’=’=’=’t,9, é,s,y,i,m,9,k,i,n,i,=,=,=,=,

====1,9,5,9,y,,m,d,k.t,n,i,=,=,===,S
,=49,8,9,y,5,m,0,k t,nt,======A
=1,9,§,9,y,1,m,0,k.1,n,1,=,======,0
=1,9,$,9,y,t,m,9,k,t,n,t,=,=,======,0
t,9,,9,y,1,m,0,k,t,n,3,=,=,=,==,====R



Appendix C: Boundary Marker Symbols

S — Stem marker

I — First person singular subject marker/ nominative

W — First person plural subject marker/ nominative

Y — Second person singular masculine subject marker/ nominative
U — Second person plural masculine subject marker/ nominative
H — Second person singular feminine subject marker/ nominative
E — Second person plural feminine subject marker/ nominative
A — Third person singular masculine subject marker/ nominative
B — Third person plural masculine subject marker/ nominative

D — Third person singular feminine subject marker/ nominative
F — Third person plural feminine subject marker/nominative

J - First person singular object marker/accusative

Z - First person plural object marker/ accusative

M - Second person singular masculine object marker/ accusative
K - Second person plural masculine object marker/ accusative

L - Second person singular feminine object marker/ accusative
R - Second person plural feminine object marker/ accusative

Q - Third person singular masculine object marker/ accusative
V - Third person plural masculine object marker/ accusative

C - Third person singular feminine object marker/ accusative

G - Third person plural feminine object marker/ accusative

N — Negative marker

X — Infinitive indicator

0 — nothing indicates

2 — Perfective, indicative, jussive and gerundive causative stem marker

3- Perfective, indicative, jussive and gerundive causative reciprocal stem marker



4 — Perfective, subjunctive and gerundive reflexive and reciprocal stem marker
5- Indicative, subjunctive and jussive base stem marker

6 — Indicative, subjunctive and jussive causative stem marker

7 — Indicative, subjunctive and jussive causative reciprocal stem marker

8 — Indicative, subjunctive and jussive reflexive and reciprocal stem marker



Appendix D: Transliteraions used in the study (adapted from [19])

No | 1 2 31 4" 5" 6" 7" fe=k"o | t=k" | n=k"i | b=k"a | =k"e
1 |v=ho |v=hu |[%Y=hi |[Y=ha |%=he |v=hi |w=ho ¢=k"o | ¢=k"i | #=k"i | 2=k"a | #=k"e
2 |[a=lb |&=lu |A=li |A=la |A=le | &=l |d&e=lo T=g"o | P=g"t | n=g"i | a=g"a | p=g"¢
3 | h=ho |d=hu |dh=hi | A=ha | h=he |h=hi | h=ho To=x"0 | =x"1 | “r=x"1 | A=x"a | B=x"e
4 | a>=mp | o*=mu | 99.=mi | “7=ma | “%=me | °=mi | °=mo
5 |w=$ |w=$u |v=$81 |vi=Sa |vi=Se | ~=§t |¥»=S0
6 |{4=ro |4%&=ru é=ri é=ra |é=re |C=ri |(C=ro
7 |a6=so |(=su |aA=si |A=sa |=se |0O=st |(=so
8 |#=ko |[®=ku |¢=ki |F=ka |¢=ke |#=ki |&=ko
9 |0=bs |+=bu |N=bi |A0=ba |N=be |N=bi | 0=bo
10 | +=to | +=tu t=ti | d=ta |-b=te |T=ti |-P=to
11 [*=xo |"=xu |71=xi |2=xa |7=xe |T1=xi | 'T=x0
12 | =nod +=nu 1=ni | 9=na | 5=ne 7=nt | $=no
13 |A=P0 |A=Pu |A=?1 |A=7a |h=7e | h=7% |A&K=70
14 |h=ko |h=ku |h=ki |h=ka |h=ke |h=ki |bh=ko
15 | o=wa | @=wu | P=wi | P=wa | B=we | @=wi | P=wo
16 |0=S5 |0=Su |a=Ci |%=Fa |%=Ce |o=Ci |Z#P=SCo
17 |H=z0 |H=zu |H=z1 |H=za | H=ze | H=zi | H=z0
18 |P=yo |f=yu |®&=yi |f=ya |%=ye |L@=yi |P=yo
19 [ =do | %&=du |4=di |%/=da | L%=de | £&=di | &=do
20 |1=go |Tt=gu |1=gi |)P=ga |1=ge |°I=gi |1=go
21 |m=ts | m=tu |m=ti | M=ta | m=te | T=t1 | Mm=to
22 | %=Po | &=Pu |&=Pi | 4=Pa | &=Pe | %=Pi | 2=Po
23 |2=s0 |&=su |&=sl |4&=sa |&=se |&=st | 2=s0
24 |=dd |e=du |9=di |9=da |9%=de |oé=di |~P=do
25 |é=f |¢=fu |é=fi |4=fa |d=fc |&=fi |&=fo
26 | T=po |F=pu |T=pi |J=pa |F=pe | T=pt |7=po
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