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ABSTRACT

The theme of this thesis is Word Sense Disambiguation (WSD) for Amharic which
addresses the problem of automatically deciding the correct sense of an ambiguous word
based on its surrounding context. WSD is essential for many applications like Machine
Translation and Information Retrieval. For the purposes of this research, we report

experiments on five selected Amharic ambiguous words.

A corpus based approach to disambiguation is used, where machine learning techniques
are applied to a corpus of Amharic sentences so as to acquire disambiguation information
automatically. A total of 1045 English sense examples for the five ambiguous words are
collected from British National Corpus (BNC) and the sense examples are translated to
Ambharic using dictionary. The sense examples are manually annotated and preprocessed
to make it ready for experiment. Corpus based approach suffers from the so-called
knowledge acquisition bottleneck. It needs large quantities of sense examples to learn
disambiguation rules .This is very challenging for linguistic resource-deficient languages

like Amharic.

Naive-Bayes classifier is employed from Weka 3.62 package in both the training and
testing phases to perform the supervised learning on the preprocessed dataset using 10-
fold cross-validation. We have evaluated the classifiers for the five ambiguous words and
achieved accuracy within the range of 70% to 83% which is very encouraging but further
experiments for other ambiguous words and using different approaches needs to be

conducted.
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CHAPTER ONE

INTRODUCTION

1.1 Background

Word Sense Disambiguation

Word Sense Disambiguation (WSD) has been of great interest and concern to the natural
language and text processing community for the past fifty-years [32]. Fundamentally,
WSD deals with choosing the correct sense (i.e., meaning) of a word in a given text from
a list of possible senses based on the content [15]. Sense disambiguation is an
“intermediate task” [61] which is not an end in itself, but rather is necessary at one level

or another to accomplish most Natural Language Processing (NLP) tasks.

WSD is regarded as one of the most interesting and longest-standing problems in natural
language processing. There are many uses for WSD. The most obvious application of
WSD is Machine Translation. The machine translation process requires at least two
stages: understanding the source language translation is done from and generating
sentences in the target language. WSD is required in both stages since a word in the
source language may have more than one possible translation in the target language. In
order to be able to correctly translate a text, we need to know which sense is intended in

the text.



Information Retrieval (IR) also benefits from WSD. Ambiguous words in the queries are
problematic for information retrieval systems. Hence, retrieval engines need WSD for

filtering out documents with senses irrelevant to the query.

Another potential area for WSD is Speech Processing. In speech synthesis, it is important
to determine the correct pronunciations of words in order to generate speech that sounds
natural. This process is difficult since there exists some words which are pronounced in
more than one way depending on their content. WSD could help speech synthesis by
identifying the correct sense of the word which will also provide the correct
pronunciation. The reverse problem may occur in speech recognition for homophones,
words that are spelled differently but pronounced in the same way. WSD can also be
helpful in this situation by recognizing different senses of the same pronunciation based

on its context.

Applications in text processing, grammatical analysis, content and thematic analysis also

benefit from WSD techniques.

Over the years, there have been several robust, stand-alone WSD systems designed to
operate with minimal assumptions about the type of information available from other
processes [15]. Each of the systems has employed several common WSD approaches
such as Artificial Intelligence (Al)-based [12, 33, 34, 41], knowledge-based [43, 52], and

corpus-based [15, 28, 60] to perform the word sense disambiguation task.

Al methods began to flourish in the early 1960’s and began to attack the problem of

language understanding. As a result, WSD in Al work was typically accomplished in the
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context of larger systems intended for full language understanding. In the spirit of the
times, such systems were almost always grounded in some theory of human language
understanding which they attempted to model and often involved the use of detailed
knowledge about syntax and semantics to perform their task, which was exploited for

WSD.

With knowledge-based approaches, the machine readable dictionaries (MRD) provide
both the means for constructing a sense tagger along with the necessary target senses that
will be employed in the system [14]. In 1986, Lesk [39] first implemented an approach in
which all of the sense definitions of the word to be disambiguated were retrieved from
the dictionary. Each of the senses was compared to the dictionary definitions of all the
remaining words in the context. The sense with the highest overlap (i.e., common senses)

with these context words was chosen as the correct sense.

In corpus-based approaches which are also called machine learning Approaches, the
systems are actually trained to perform the task of WSD [14]. After the models have been
trained on numerous examples, they are tested on unseen examples to determine the
effectiveness of the trained classifier. There are three major corpus-based approaches,
namely supervised learning, unsupervised learning along and bootstrapping. For the
supervised learning method, the WSD system is constructed from a set of unbiased
labeled instances drawn from the same distribution as the test set. The most common
supervised learning approaches include Naive-Bayes classifiers, decision lists, decision
trees, artificial neural networks (ANNSs), logic learning systems, and nearest neighbor. In

terms of the unsupervised learning approach, the WSD system is developed from a
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clustering-based idea that attempts to discover representations of the word senses from
unlabeled texts. The Bootstrapping method; it is a combination of supervised and
unsupervised methods that deals with far few resources. In essence, the initial classifier is
constructed with a small amount of labeled instances using any of the supervised methods

and then is employed to extract a larger training set from the unlabeled instances.

Ambharic Language

Ambharic is spoken by about 30 million people as a first or second language, making it the
second most spoken Semitic language in the world (after Arabic), probably the second
largest language in Ethiopia (after Oromo), and possibly one of the five largest languages
on the African continent[8]. Hudson [27] analyzed the Ethiopian census from 1994 and
indicated that more than 40% of the population understood Ambharic, while the current
size of the Ethiopian population is about 80 million based on the preliminary reports from

the census of May 2007.

As with the other languages, Amharic has many words that have multiple meanings, for
example the Amharic word “@PA@\” have three meanings in different contexts. It can be
translated into English as “to sharpen”, “to cough”, or “to vow”. When we look up a
word in any dictionary, it can be seen that a word may have many meanings some of
which are very different from the other. Given these complications, it is important for a

computer to correctly determine the meaning in which a word is used.



1.2 Statement of the Problem

Ambharic is the working language of the Federal Government of Ethiopia. Ambharic is
mother tongue for more than 30 million and second language for over 5 million people
and it is one of the widely used languages in Ethiopia [8]. It is the most used language for
text/document storage and media purposes in the country. Thus researches which are

conducted in the language will benefit a significant number of the language speakers.

Ambiguities have been an issue in researches conducted in Ambharic language.
Yehenew[69] indicated that both lexical and structural ambiguities were challenges in his
research on machine translation of English to Amharic. Yoseph[71] have also faced
problems of synonym, polysemy and homonymy in his research on Ambharic-English
cross language information retrieval. The challenge has also been noticed as Atelach, et
al[5] attempted to translate Amharic queries into English “Bags-of-words”. They were
required to perform manual disambiguation which misses domain specific senses and
also often contain rare senses and also is time taking [40]. In addition like any other

manual system the process of disambiguation may result in error.

There are also researches that were conducted to deal with ambiguities in Amharic
language. Atelach[3] and Daniel[17] tried to resolve structural ambiguity using statistical
approaches for parsing. Wube[63] also attempted to resolve structural ambiguities using a

rule based approach.



As discussed earlier, There are many uses for word sense disambiguation. The most
common are application of WSD in machine translation, Information retrieval, speech
processing, text processing, grammatical analysis, content and thematic analysis. The
absence of Automatic WSD would make it the development of such NLP and IR
applications difficult. To the researcher’s knowledge, Teshome[57] is the first research
attempt in WSD for Amharic which tries to resolve lexical ambiguity .He demonstrated
word sense disambiguation based on semantic vector analysis can improve the effectiveness
of an Amharic Information Retrieval system. Machine learning approach has been used
successfully for WSD in other language like English [15, 28, and 60], Chinese [64],
Hebrew and German [16]. To the knowledge of the researcher the approach has not been

experimented for WSD of the Amharic language.

1.3 Objective of the study

1.3.1 General Objective

The general objective of this research is to investigate the application of machine learning

techniques to word sense disambiguation of Ambharic texts.

1.3.2 Specific Objectives

To achieve the general objective, the study attempts to address the following specific

objectives:

» Review the basic writing system, punctuation marks and syntactic structure of

Ambharic language;



» Study ambiguities in Amharic language so as to understand WSD issues in the

language;

» Organize training and test corpus data;

» Review approaches of WSD adopted for other languages;

» Build and train WSD model using the selected classifier;

» Test the performance of the model;

> Forward conclusion and recommendations.

1. 4. Methodology

1.4.1. Literature Review

A study of available literature is done in the following areas:

» word sense disambiguation;

» Machine learning;

» classifier algorithms and their application;

» Ambharic Writing system, punctuation marks and its syntactic structure;

» Ambiguities in Amharic language.



1.4.2. Data collection

In this study an approach that employs a supervised learning mechanism is selected to
develop the WSD model. In this approach a significant number of sense examples are
required to make training possible for classifier which was difficult to get for Amharic
ambiguous words. For other languages like English, German and French a standard sense
annotated data are available and used for WSD research. After reviewing available
literatures, an approach that use monolingual of another language to acquire sense
examples is used for this study (see section 2.2.1).An English corpora, British National
Corpus(BNC) is used to acquire sense examples for Amharic ambiguous words and the

examples are translated to Amharic(see section 4.1).

Thus a total of five ambiguous words are selected by a linguistic expert from the list of
Homonyms collected by Girma[26]. As acquiring, translation and annotation of sense
examples is very costly and time taking, in selecting the sample words attention was
given to the usage of the words, the word class of sense of words and the representation
of different word classes. Among the list of Ambiguous words, the most widely used and
having the same word class of senses are selected. Because ambiguous words that have
senses with different word classes can be resolved using part of speech tagger by their
word class. The selected words are AMS (eTena), @A (mesal) , @o¥1”I-l* (me'sa’sat)
, a0 T4 (metrat) , and PLA (gereSe) . In addition to the basic words their variations

are also considered. Girma[26] compiled the senses of the selected words and it is

included in Appendix B . The summary of the senses is presented in table 1.1.



Senses
Ambiguous Word | Sensel Sense2 Sense3
eTena strengthen study -
Mesal cough sharp VoW
me’sa’sat taking care thin -
Metrat call clean -
gereSe record shape -

Table 1.1 Senses of selected ambiguous words

A total of 1045 sentences were acquired for the five ambiguous words and on average a

total of 100 sentences is acquired for each senses of ambiguous words (see section 4.1).

1.4.3 Tools and techniques

In building the WSD model, Naive-Bayes classifier of Weka 3.62 package is used.
Naive-Bayes classifiers are supervised learning approaches that have been employed to a
wide-variety of problems [51]. Specifically, the Naive-Bayes classifier has been a very
popular approach for WSD tasks with good performance [22, 49, 56, 59].That is why the
technique is proposed for building the model. The Weka 3.62 machine learning tool is
selected due to the familiarity of the researcher to the tool and because of its accessibility,

processing capability and language independent features.



1.4.4. Experiments

1.4.4.1. Data preprocessing

The source data, which are English sense examples are translated to Amharic, stemmed,
transliterated to English script, and manual annotation is done to enhance the training of
classifier(see section 3.3). In the experiment 90 % of the dataset was used for training and
the remaining 10% of the dataset for testing using 10-fold Cross Validation (CV) test

split (see section 5.3).

1.4.4.2. Training and testing

Classifiers are trained using Naive Bayes classifier of Weka 3.62 package for the five
ambiguous words using a set of annotated instances of the ambiguous words to create a
statistical model. Five experiments are carried using 10-fold Cross CV with different
features along the classifier and its parameters to train the model. And finally the

performances of the classifiers are evaluated using the accuracy of their result.

1.5. Significance of the study

The results of the study are expected to produce experimental evidences that demonstrate
the applicability of supervised machine learning methods to word sense disambiguation
of Amharic texts. It will also contribute to future researches and development in the area
of Natural Language Processing specifically in machine translation, speech processing,
text processing, Information Retrieval, grammatical analysis, content and thematic

analysis as those areas require word sense disambiguation as complement.

-10 -



1.6. Scope and limitation of the study

Though there are supervised, unsupervised and bootstrapping machine learning
techniques for WSD, due to time constraint to train, test and analyze the results, only
Naive Bayes algorithm of Supervised WSD is used to build the WSD model. Owing to
unavailability of sense annotated data and linguistic resources; the study was limited to

the experimentation of five ambiguous words.

1.7. Organization of the Thesis

The thesis is organized into six chapters comprising Introduction, Word Sense
Disambiguation, Ambharic Language, Corpus preparation and System Design,
Experimentation and Discussion, and Conclusion and Recommendations. This chapter
gives the general introduction of the thesis. The second chapter reviews different
literatures regarding Word Sense Disambiguation together with its different approaches.
It also introduces machine learning with different algorithms. The third chapter reviews
Ambharic writing system and ambiguities in the language. The fourth chapter discusses
the process of corpus preparation and the architecture of the system. The fifth chapter
discusses the experimentation and discussion of the findings. Finally, chapter Six deals

with the conclusion and the recommendations drawn from the findings of the study.

-11 -



CHAPTER TWO

WORD SENSE DISAMBIGUATION

In this chapter literature in the field WSD is reviewed and discussed in brief. The chapter
covers overview of WSD, application areas for WSD and discussion on major approaches
that have been employed for WSD research with special focus on corpus based approach
which will be used in this study. Moreover machine learning algorithms that are tested to
perform well for WSD research including Naive Bayes Classifier which will be used in
this research are discussed. The discussion on different approaches and algorithms would
help the understanding of the central problem in WSD research and also facilitates the
comparison of existing approaches to the specific solutions that are employed in this

study..

2.1. Introduction

Many words in many natural languages including Amharic have multiple meanings or
senses. For example, an Amharic word “@o1¥1-1” can mean “‘to take care” or ““to be
thin” in different contexts which leads to ambiguity. Humans resolve such ambiguity by
understanding the context of surrounding each ambiguous word in a document and its
sound. But for a machine, it will be difficult to determine the meaning of ambiguous
words. For machines, there is a need for Word sense disambiguation (WSD) which is the
task of automatically determining the meaning of an ambiguous word from its context. So

in our example above, given the ambiguous word “@o®11-1>, WSD involves interpreting

-12 -



the surrounding context of the word and analyzing the properties exhibited by the context

to determine the right sense of “@o1”-I”

According [32] WSD involves two steps. The first step is to determine all the different
senses for every word relevant to the text or discourse under consideration, i.e., to choose
a sense inventory from the lists of senses in everyday dictionaries, from the synonyms in
a thesaurus, or from the translations in a translation dictionary. The second step involves
a means to assign the appropriate sense to each occurrence of a word in context. All
disambiguation work involves matching the context of an instance of the word to be
disambiguated either with information from external knowledge sources or with contexts
of previously disambiguated instances of the word. For both of these sources we need
preprocessing or knowledge-extraction procedures representing the information as
context features. However, it is useful to recognize that another step is also involved here:
the computer needs to learn how to associate a word sense with a word in context using
either machine learning or manual creation of rules or metrics. Unless the associations
between word senses and context features are given explicitly in the form of rules by a
human being, the computer will need to use machine learning techniques to infer the

associations from some training material.

Word sense disambiguation (WSD) is an “intermediate task”, which is not an end in
itself, but rather is necessary at one level or another to accomplish many natural language
processing tasks such as Information Retrieval (IR) [58], Machine translation (MT) [29]
and question-answering [46]. For MT, WSD is important when it comes to selecting the

appropriate target language word for an ambiguous source language word. For IR, sense

-13 -



disambiguation would prevent the retrieval of irrelevant documents that contain query
words of a different sense, while use of semantic tags could help in solving the
prepositional phrase attachment problem. In question answering systems, WSD is used to
retrieve the appropriate answer from document collection for a given query containing

ambiguous words.

2.2. Approaches to Word Sense Disambiguation

All disambiguation work involves matching the context of the instance of the word to be
disambiguated with either information from an external knowledge source (knowledge
driven WSD), or information about the contexts of previously disambiguated instances of
the word derived from corpora (data-driven or corpus-based WSD) [32]. Any of a variety
of association methods is used to determine the best match between the current context
and one of these sources of information, in order to assign a sense to each word which is
called knowledge acquisition bottleneck in WSD literatures. Different WSD approaches
have been used through the evolution of WSD research. The major ones are: Corpus-
Based, Knowledge-based Approaches, and Hybrid Approaches. In this section the survey

of these approaches will be presented.

2.2.1. Corpus-Based Approaches

A major challenge facing WSD research is the ability to acquire a large amount of words
with their different contexts. Corpus-based approaches came up with alternate solution to

the challenge by obtaining information necessary for WSD directly from textual data

-14 -



which is called a corpus. A corpus provides a bank of samples which enable the
development of numerical language models, and thus the use of corpora goes hand-in-
hand with empirical methods [32].Corpus based approaches can be categorized into three
sub classes based on the form of training : Supervised Word Sense Disambiguation,

unsupervised Word Sense Disambiguation and Bootstrapping Approach to WSD.

Supervised Word Sense Disambiguation

Supervised Word Sense Disambiguation use machine-learning techniques to learn a
classifier from labeled training sets, that is, sets of examples encoded in terms of a
number of features together with their appropriate sense label (or class)[53]. The systems
in the supervised learning approach category are trained to develop a classifier that can be
used to assign a yet unseen example to one of a fixed number of senses. That means,
there is trained corpus, where the system learns to classify and a test corpus which the

system must annotate. So, supervised learning can be considered as a classification task.

Supervised learning requires a labeled training data that is every instance in the training
data is associated with an output value or label that can be thought of as a special
attribute or feature for each instance. For WSD, every instance in the training data should
be assigned a label that corresponds to the correct sense of the ambiguous word that the
instance contains or represents. Machine learning algorithms make use of the instance
attributes or features in the training data and generate a model to predict the label of any
given instance. This model can be applied to unseen instances to predict their labels.

Algorithms that can learn to predict discrete valued labels are called classification

-15-



algorithms or classifiers, whereas the algorithms that can learn to predict continuous
valued labels are called regression algorithms. As the task of WSD only involves discrete

valued labels for word senses, we use only classification algorithms.

The main problem associated with supervised approach is the need for a large sense-
tagged training set. Despite the availability of large corpora in some language, manually
sense-tagging of a corpus is very difficult limiting the number of sense tagged words to
be used and very few sense-tagged data are available now. To deal with this problem a
variety of unsupervised WSD methods, which use a machine readable dictionary or
thesaurus in addition to a corpus, have also been proposed [36], [66], [67]. Bilingual
parallel corpora, in which the senses of words in the text of one language are indicated by
their counterparts in the text of another language, have also been used in order to avoid
manually sense-tagging training data [10]. In this method, bilingual corpora are used
since different senses of some words often translate differently in another language.
Parallel corpora, especially accurately aligned parallel corpora are rare, although attempts
have been made to mine them from the Web [50].In [64] it is proposed to use Chinese
monolingual corpora and Chinese-English bilingual dictionaries to automatically acquire
sense examples for English ambiguous words and is reported that the result exceed
previous state-of-the-art comparable systems. Their approach does not rely on scarce
resources such as aligned parallel corpora or accurate parsers. In [16] the use of
monolingual corpora of English for Hebrew and German language WSD is also tested

and found the approach very useful for disambiguation.
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For this study a supervised word sense disambiguation will be used. Sense example
Ambharic words will be acquired from English monolingual corpora as it worked for
Hebrew [16] which is a Semitic language like Amharic and the senses will be translated
back to Ambharic as there are scarce resource like Wordnet, thesaurus, Sense-tagged data

and large parallel corpus for Amharic language.

Unsupervised Word Sense Disambiguation

Unsupervised Word Sense Disambiguation methods are based on unlabeled corpora, and
do not exploit any manually sense-tagged corpus to provide a sense choice for a word in
context unlike supervised method [53]. Unsupervised methods have the potential to
overcome the knowledge acquisition bottleneck [23], that is, the lack of large-scale
resources manually annotated with word senses. These approaches to WSD are based on
the idea that the same sense of a word will have similar neighboring words. They are able
to induce word senses from input text by clustering word occurrences, and then
classifying new occurrences into the induced clusters. They do not rely on labeled
training text and, in their purest version, do not make use of any machine-readable
resources like dictionaries, thesauri, ontologies,etc. However, the main disadvantage of
fully unsupervised systems is that, as they do not exploit any dictionary, they cannot rely

on a shared reference inventory of senses [19].

Like the supervised learning, even the unsupervised WSD methods strive from the data
sparseness problem, since enormous amounts of text are needed to ensure that all senses

of a polysemous word are represented in the corpus.
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Bootstrapping Approach to WSD

The bootstrapping approach is situated between the supervised and unsupervised
approach of WSD. The aim of bootstrapping is to build a sense classifier with little
training data, and thus overcome the main problems of supervision: the data scarcity
problem specially lack of annotated data. The bootstrapping methods use a small number
of contexts labeled with senses having a high degree of confidence. This could be
accomplished by hand tagging with senses the contexts of an ambiguous word w for
which the sense of w is clear because some seed collocations [32] occur in these contexts.
These labeled contexts are used as seeds to train an initial classifier. This is then used to
extract a larger training set from the remaining untagged contexts. Repeating this process
the number of training contexts grows and the number of untagged contexts reduces. We
will stop when the remaining unannotated corpus is empty or any new context can't be

annotated.

2.2.2. Knowledge-based Approaches

Corpus based approach require considerable amount of work to create a classifier for
each word in a language as discussed earlier. As a result researchers tend to work for a
few words. Knowledge-based approaches use an explicit lexon like Machine Readable
Dictionaries (MRD), thesauri, computational lexicons such as WordNet or (hand-crafted)
knowledge bases as information source to resolve lexical ambiguities for many

words[19].
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Lesk [39] created knowledge bases which associate each sense in a dictionary with a
signature composed of the list of words appearing in the definition of that sense.
Disambiguation was accomplished by selecting the sense of the target word whose
signature contained the greatest number of overlaps with the signatures of neighboring
words in its context. Because of the fact that dictionaries are created for human use, not
for computers, there are some inconsistencies [31]. Although they provide detailed
information at the lexical level, they lack pragmatic information used for sense

determination.

Thesauri provide information about relationships among words, most notably synonymy
[19]. Thesaurus based disambiguation makes use of the semantic categorization provided
by a thesaurus or a dictionary with subject categories. The basic inference in thesaurus-
based disambiguation is that semantic categories of the words in a context determine the
semantic category of that context as a whole [32]. And this category then determines the
correct senses that are used. Similar to machine readable dictionaries, a thesaurus is a

resource for humans, so there is not enough information about word relations.

Computational Lexicons are a large electronic database containing useful lexical relations
in linguistic Psycholinguistic and computational research has led to a number of efforts to
create large electronic databases of such relations [53]. Lexicon like WordNet is used for
sense evaluation and for similarity measure in WSD. For example [55] created a
knowledge base from WordNet's hierarchy and apply a semantic similarity function to

accomplish disambiguation, also for the purposes of information retrieval.
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2.2.3 Hybrid Approaches

Since they obtain disambiguation information from both corpora and explicit knowledge-
bases, Hybrid Approaches do not fall into either knowledge or corpus-based. Hybrid
systems aim to use the strengths of the both conquering specific limitations associated
with a particular approach, to improve WSD accuracy. They base both on a ‘knowledge-
driven, corpus-supported’ theme, utilizing as much information as possible from different
sources. [67] is an example of Hybrid approaches. Yarowsky[67] used Bootstrapping
approaches where initial data comes from an explicit knowledge source which is then
improved with information derived from corpora. He defines a small number of seed
definitions for each of the senses of a word (the seeds can also be derived from dictionary
definitions or lexicons such WordNet ). Then the seed definitions are used to classify the

obvious cases in a corpus.

2.3. WSD for Amharic

Though there is clearly a need for WSD for Amharic, to the researcher’s knowledge the
only research attempt is Teshome[57].He has studied the use of WSD based on semantic
vector for improving the precision and recall measurements of information retrieval for
Ambharic legal texts. The Ethiopian postal code which consisting of 865 articles was used
as a corpus in the study. He developed his own algorithm based on distributional
hypothesis stating that words with similar meanings tend to occur in similar contexts. For
disambiguation of a given word, he computed the context vector of each occurrence of

the words. The context vector was derived from the sum of the thesaurus vectors of the
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context words. He constructed the thesaurus by associating each word with its nearest

neighbors.

For evaluating WSD, he used pseudo words which are artificial words rather than real
sense tagged words reasoning that it is costly to prepare sense annotation data. He
compared his algorithm with Lucene algorithm and reported that the algorithm is superior

over the Lucene’s one.

The approach used in [57] and in this study is similar in the way that a corpus is used as a
source of information for disambiguation. The difference is, in this study a Naive-Bayes
algorithm which is a machine learning techniques is used where as in [57] an algorithm
based on semantic vector is developed. In addition, in this study a real sense annotated
data for ambiguous words is prepared unlike a pseudo words which is used in
[57].Finally the domain for[57] is a specific legal text where as the corpus in this study is

domain independent..

2.4. Machine learning

Learning can be defined as improving one’s performance on a given task with the aid of
prior experience [45]. One way of making computers learn involves training machine
learning algorithms with the help of an initial set of training data. The experience that the
machine learning algorithms gain from the training data can then be applied to make
predictions about previously unseen data. One can train a machine learning algorithm

such as the Naive Bayes classifier to disambiguate occurrences of the ambiguous a given
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word. Such a trained classifier can then takes as input previously unseen sentences

containing the word, and predict the correct sense of word in sentences.

Learning is further categorized as supervised or unsupervised. In supervised learning, a
trainer provides the correct labels or outputs for the training data. In unsupervised
learning, there is no trainer involved; the correct label for the training data instances is
not available. The advantage of supervised learning is that high accuracy can be obtained
on unseen instances given that a sufficient amount of manually labeled training data is
provided to generate a good model. The drawback of the supervised learning approach is
that manually labeled data is highly expensive to generate in terms of time as well as
money. Unsupervised methods benefit from the fact that they do not require manually

labeled data. However, they usually suffer from low accuracy values on unseen instances.

2.5. Machine Learning Algorithms

The following machine learning algorithms: Na“ive Bayes Classifier, Decision Trees,
Decision Lists, Support Vector Machines are widely used WSD research. The Na“ive
Bayes classifier, decision trees and decision lists have all been shown to perform well on
the task of WSD [22,49,59] .Support Vector Machines have been recently shown to

perform well on WSD and similar tasks [11,70].

2.5.1. Naive Bayes Classifier

Naive Bayes has proven effective in many practical applications, including Word Sense
Disambiguation, text classification, medical diagnosis, and systems performance
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management [29, 45, and 49].1t is one of the simplest and most popular machine learning

algorithms. It is based on the Bayes’ rule for conditional probabilities, which states that:

_ P(X =x5|Y =) P(Y = i)
TR P(X =2]Y = ) P(Y = )

P(Y = yi|X = z;)

This essentially states that the conditional probability or the posterior probability P(Y |X)
can be found by taking the product of the conditional probability P(X|Y ) and the
unconditional probability or the prior probability P(Y ), and dividing this product by the
total probability that X has the given value over all possible values of Y . In the case of
the Naive Bayes classifier, Y represents the output or the label for each instance of the
dataset and X represents each instance in the dataset. Since X can have multiple
attributes, we represent it as a vector hX1,X2,X3, ..., Xni with n features in general. Using
this, the Bayes’ rule equation for calculating the probability of any class value yi for a

given instance X becomes:

P(X 1, X3.. X, [Y = 4)P(Y = u,) 2.
E;‘. P{X] .X'_,}...Xnuf - U‘\\JP{]I = '.”R':I

.f'_"l_r]r = Ui X].Xj...Xn_]

According to the equation above the class value yi assigned to an instance is the one

which has the maximum probability. Since the denominator term remains the same for
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probability calculation of all class values, we can assign the class value using the

following equation:

Yout = argmax P(X 1, X2... X,
yeY

Y =u)P(Y =) -3-

that is, the class value is the one which maximizes the numerator of the Bayes’ rule

equation shown earlier.

The “Naive” part of the Naive Bayes classifier is that it makes the simplifying
assumption that all the features of an instance are conditionally independent given its
label Y . Therefore using the rule of conditional independence of probabilities, the above

equation reduces for a Na“ive Bayes classifier to:

T
Yap = argmax P(Y = ;) H P(X;|Y = u) -4-

ey j=1

Given a new unseen instance to classify, the Na“ive Bayes classifier calculates the
probability of each class value given the features of the new instance and then assigns it

the class value that has the maximal probability.

In the context of Word Sense Disambiguation, Naive Bayes relies on the calculation of
the conditional probability of each sense Si of a word w given the features f j in the
context. The sense "S which maximizes the following formula is chosen as the most

appropriate sense in context:
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Plfy... fm | 8)P(5;)

8§ = argmax P(5;|fi,..., fn)= argmax

5, =8 ersenp (i) &, e Sensespli) Fi fl: sasy fm:' -5-
= argmax Pi(§)||P(f;|S)
&; =S ensespiic) E ! |

where m is the number of features, and the last formula is obtained based on the Naive
assumption that the features are conditionally independent given the sense (the
denominator is also discarded as it is constant and does not influence the maximization
calculations). The probabilities P(Si) and P( f j | Si) are estimated, respectively, as the
relative occurrence frequencies in the training set of sense Si and feature fj in the
presence of sense Si . In the training set, there might not be occurrence of some senses for
ambiguous words which is called zero count. The zero count affects the other non-zero
conditional probabilities in the multiplication which will make the result zero. So it need
to be smoothed: for instance, they can be replaced with P(Si)/N where N is the size of the
training set [20,30]. However, this solution leads probabilities to sum to more than 1.

Back off or interpolation strategies can be used instead to avoid this problem.

W W head subj-verb verb-obj
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Figure 2.1 An example of Bayesian Network [53]

In Figure 2.1 we report a simple example of a Naive Bayesian network. For instance,
suppose that we want to classify the occurrence of noun bank in the sentence “The bank
cashed my check” given the features: {w—1 = the, w+1 = cashed, head = bank, subj-verb
=cash, verb-obj= —}, where the latter two features encode the grammatical role of noun
bank as a subject and direct object in the target sentence. Suppose we estimated from the
training set that the probability of these five features given the financial sense of bank
are P(w—1 = the | bank/FINANCE) = 0.66, P(w+1 = cashed |bank/FINANCE) =
0.35,P(head = bank | bank/FINANCE) = 0.76, P(subj-verb = cash | bank/FINANCE) =
0.44,P(verb-obj = — | bank/FINANCE) = 0.6. Also, we estimated the probability of

occurrence of P(bank/FINANCE) = 0.36. The final score is

score(bank /FINANCE) = (0.36) -(0.66) -(0.35) -(0.76) -(0.44) -(0.6) = 0.016.

This implies that the probability of the senses of the word bank to be finance in the

specific context is 0.016.

2.5.2. Decision Trees

In the last decades, decision trees have been rarely applied to WSD (in spite of some
studies), for example [9] and [37]. The decision tree classifier is one of the possible
approaches to multistage decision making. It is one of the most intuitive and popular
machine learning algorithms. They are based on the idea of information gain from

information theory. A decision tree is a top-down hierarchy of test conditions on the
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attributes of a dataset. Every node in a decision tree is a test of some attribute of the given
instance, to categorize it into some subset depending on the value of the attribute for that
instance. Every such non-leaf node in the decision tree (that tests an attribute) has as
many branches or child nodes as the number of different values for the attribute being
evaluated at that node. The tree is built starting from the root node, which tests the
attribute that provides maximum information gain for the entire dataset, and the process
continues recursively along each branch, until no further classification is required
(usually within some tolerable level of error), so that the process can stop even if the

dataset contains error).

Information gain is defined in terms of the entropy difference of a parent node in the
decision tree and the weighted average of the entropies of its child nodes. Entropy of a
node can be seen as a measure of “impurity” of a node in terms of the proportion of
instances it contains of the different classes. The more balanced the proportion of
different classes, the more the set is impure and hence the high entropy. So a set of
instances with two class values will have maximum entropy if half of the instances are of
one class and the other half are of the second class. The minimum entropy is achieved
when all the instances are of the same class (either the first or the second).
Mathematically, entropy is the weighted average of negative logarithms (to the base 2) of
the probabilities of class values in the set of data instances at the given node. Therefore

the entropy of a node N is:

E(N) = Z —pilogap;
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Where pj is the probability of class value i. For example, let us assume that for the node N
being currently processed while building a decision tree there are m instances of the
positive class (+) and n instances of the negative class (-). Then entropy at that node N is

given by:

E(N) = _( m )Eagg( m )_ ( ! )301}’2( n )
m + n m+n m—+n m + n

To define information gain, let us assume the following: node N has |N| instances and
entropy E(N) is defined as above. Information gain is evaluated with respect to some

attribute of the dataset.

Let us assume that the attribute being considered currently is A and that it has v distinct
values in the dataset. Therefore as discussed earlier, if the current node evaluates attribute
A, then we will have v branches and therefore v child nodes of N. Let us name these child

nodes Ai, 1<i <v.

Depending upon their value for the attribute A, the |N| instances are divided among the
child nodes Ai. Let us assume that the number of instances at child node Ai is |Ai| and the
entropy at the child node Ai is E(Ai). Now, we define information gain using attribute A
at node N as:

Gain(N,A) = E(N) — ZME‘{A;]

N|

i
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A decision tree is constructed recursively by evaluating the information gain of each
attribute for the set of data instances at the current node. For the root node, the
information gain of all attributes over the entire dataset must be determined. Then the
attribute with the maximum information gain is selected as the attribute to be used as the
test for the current node. For all non-root nodes, the information gain of only those
attributes that have not already been used in the parent branch of current node is
evaluated. The leaf nodes do not evaluate any attribute, and in the best case contain
instances of just one class and are therefore “pure.” In the event the dataset contains an

error or is not separable using the decision tree algorithm, the leaf nodes may not be pure.

Given a new unseen instance to classify, a decision tree begins by evaluating the instance
for the attribute at the root node and “passes” the instance down the appropriate branch in
the decision tree, until it reaches a leaf node. If the leaf node is pure, then the instance is
assigned the same class as that of all the nodes in the leaf node. If the node is not pure,
then one approach can be to assign the new instance the class that is most frequent among

the instances at the leaf node.
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bank accoum?

bank of? bank/F INANCE
no yes
bank of COUNTRY?
no =]

bank/RIVER bank/FINANCE

Figure 2.2 An example of Decision tree [53]

An example of a decision tree for WSD is reported in Figure 2.2 .For instance, if the noun
bank must be classified in the sentence “we sat on a bank of sand,” the tree is traversed
and, after following the no-yes-no path, the choice of sense bank/RIVER is made. The
leaf with empty value (-) indicates that no choice can be made based on specific feature

values.

2.5.3. Decision Lists

Decision list learning is a rule based approach, and is similar in concept to decision trees.
The aim of the decision list learner is to discover a set of “if....then” or “switch....case”
conditions that test attributes of the data instances and assign them a class value based on
the first rule that matches or covers the data instance. If none of the discovered rules
matches a given instance, then the most frequently occurring class in the training dataset
is assigned as its class value. The rules are learned in an iterative and incremental fashion

using the features of the training data. One rule is learned at best accuracy which takes
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precedence or information gain as in the case of decision trees. The final decision list is
ordered, so that any new unseen instance to be classified is tested with each of the rules in
the decision list in order from top to bottom, and the first rule that covers the instance

decides the output class.

In WSD context, It can be seen as a list of weighted “if-then-else” rules. A training set is
used for inducing a set of features. As a result, rules of the kind (feature-value, sense,
score) are created. The ordering of these rules, based on their decreasing score,
constitutes the decision list. Given a word occurrence w and its representation as a feature
vector, the decision list is checked, and the feature with highest score that matches the

input vector selects the word sense to be assigned:

S = argmax S, eSensespiw) S€OT€(S;).

According to [67], the score of sense Si is calculated as the maximum among the feature
scores, where the score of a feature f is computed as the logarithm of the probability of
sense Si given feature f divided by the sum of the probabilities of the other senses given

feature f:

score(S;) = m;:lx log (E{D(irhgf : f J) I

The above formula is an adaptation to an arbitrary number of senses due to [2] and [67]

formula, originally based on two senses. The probabilities P(Sj | f ) can be estimated
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using the maximum-likelihood estimate. Smoothing can be applied to avoid the problem
of zero counts. Pruning can also be employed to eliminate unreliable rules with very low

weight.

| Feature | Prediction | Score |
account with bank Bank/FINANCE | 4.83
stand/V on/P ... bank | Bank/FINANCE | 3.35
bank of blood Bank/SUPPLY 2.48
work/V ... bank Bank/FINANCE | 2.33
the left!J bank Bank/HIVER 1.12
af the bank - .01

Table 2.1 An example of Decision List [53]

A simplified example of a decision list is reported in Table 2.1 the first rule in the
example applies to the financial sense of bank and expects account with as a left
context,the third applies to bank as a supply (e.g., a bank of blood, a bank of food), and

so on (notice that more rules can predict a given sense of a word).

It must be noted that, while in the original formulation [49] each rule in the decision list
is unweighted and may contain a conjunction of features, in Yarowsky[67] approach each
rule is weighted and can only have a single feature. Decision lists have been the most
successful technique in the first Senseval evaluation competitions (example: [68]).
Decision lists applied in an attempt to relieve the knowledge acquisition bottleneck

caused by the lack of manually tagged corpora [2].
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2.5.4. Support Vector Machine

Support Vector Machines (SVMs) were developed by [13] for binary classification.
SVMs are machine learning algorithms that have their roots in statistical learning theory
and can be applied to classification as well as regression problems. The SVM formulation
for classification is designed to handle only two-class problems, but there are extensions
to this basic formulation that handle the multi-class classification problems such as WSD.
The method is based on the idea of learning a linear hyperplane from the training set that
separates positive examples from negative examples. The hyperplane is located in that
point of the hyperspace which maximizes the distance to the closest positive and negative
examples (called support vectors). In other words, support vector machines (SVMs) tend
at the same time to minimize the empirical classification error and maximize the

geometric margin between positive and negative examples.

Figure 2.3 The geometric intuition of SVM [53].

Figure 2.3 illustrates the geometric intuition: the line in bold represents the plane which

separates the two classes of examples, whereas the two dotted lines denote the plane
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tangential to the closest positive and negative examples. The linear classifier is based on
two elements: a weight vector w perpendicular to the hyperplane (which accounts for the
training set and whose components represent features) and a bias b which determines the
offset of the hyperplane from the origin. An unlabeled example x is classified as positive
if f (x) = w-x+b > 0 (negative otherwise). It can happen that the hyperplane cannot divide
the space linearly. In these cases it is possible to use slack variables to “adjust” the

training set, and allow for a linear separation of the space.

As SVM is a binary classifier, in order to be usable for WSD it must be adapted to
multiclass classification (i.e., the senses of a target word). A simple possibility, for
instance, is to reduce the multiclass classification problem to a number of binary
classifications of the kind sense Si versus all other senses. As a result, the sense with the

highest confidence is selected.

It can be shown that the classification formula of SVM can be reduced to a function of
the support vectors, which—in its linear form—determines the dot product of pairs of
vectors. In general, the similarity between two vectors x and y is calculated with a
function called kernel which maps the original space (e.g. of the training and testing
instances) into a feature space such that k(x, y) = (x) - (y), where _ is a transformation
(the simplest kernel is the dot product k(x, y) = x ?y). A nonlinear transformation might
be chosen to change the original representation into one that is more suitable for the
problem (the so-called kernel trick). The capability to map vector spaces to higher

dimensions with kernel methods, together with its high degree of adaptability based on
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parameter tuning, are among the key success factors of SVM.SVM has been applied to a

number of problems in NLP, including WSD [20] .

2.6. Summary

A basic introduction to the field of WSD has been presented in this chapter. A survey of
the major approaches to WSD has been presented, emphasizing the key WSD research
problems that should be addressed by any type of solution. The field of Machine learning
with associated algorithms that are used for WSD research has also been discussed. For
this study a corpus based approach specifically supervised WSD is adopted. The

classifier will be modeled using Naive Bayes classifier.
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CHAPTER THREE

Amharic Language

Ambaric is a Semitic language used as working language in Ethiopia. It is highly
inflectional and quite dialectally diversified. With more than 20 million speakers, it is the
second most spoken Semitic language in the World (after Arabic) and today probably one
of the five largest on the African continent (albeit difficult to determine, given the
dramatic population size changes in many African countries in recent years). [38].
Manuscripts in Amharic are known from the 14th century and the language has been used
as a general medium for literature, journalism, education, and so on [4]. A wide variety of
Ambharic literatures including books, religious writings, fiction, poetry, plays, and

magazines are available both in printed and machine readable format.

Like other Semitic languages, Amharic word variants are formed from roots that are bi-,
tri- or quad radical. A phoneme represents a basic sound or unit of sound. Every glyph or
consonant form is a phoneme or unit of word. A phoneme or collection of phonemes
forms a morpheme, which is the smallest meaningful unit in a word[6].An Ambharic root
is a sequence of consonants and is the basis for the derivation of verbs; a stem, on the
other hand is a consonant or consonant-vowel sequence[44].. The Ambharic language
makes use of prefixing, suffixing and infixing to create inflectional and derivational word
form [44] .Words in Amharic can be divided into content-bearing and non content-

bearing which are also called stop words.
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3.1 The Amharic Writing System

Ambharic belongs to the Semitic language family and is one of the most widely spoken
languages in Ethiopia. Amharic has its own script that is borrowed from Ge'ez, another
Ethiopian Semitic language [18]. The script consists of a core thirty-three characters
(called ‘fidel’) each of which occurs in one basic form and in six other forms that may be
described as orders. The seven orders represent different forms of a consonant. The non-
basic forms are derived from the basic ones by somewhat regular modifications for the
first four orders and for the last two words it is irregular [1]. These seven orders (the first
basic order and the other six orders) represent the different sounds of a consonant-vowel
combination (a characterization known as syllabic).. The 33 core characters then yield
231 distinct symbols. In addition to the 231 characters, there are others that contain
special features usually representing labialization like 9 (kwa) from h (ke) and #(qwa)
from ¢ (qe). etc. .For this study the writing system of [18] and [65] will be used and

included in the Appendix A.

3.2. Amharic Punctuation Marks

Analysis of Amharic texts reveals that different Amharic Punctuations marks are used for
different purposes. In [6] it is indicated that there are about 17 punctuation marks of
which only a few of them are commonly used and have representations in Amharic

software.
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The Amharic writing system uses some indigenous and foreign punctuation marks (signs)
in addition to the Amharic characters [18]. However, only few of them are practically
used, especially in computer-written text. The word-separator (hulet neTb), two square
dots arranged like colon (:), and sentence-separator (arat neTb), four square dots arranged
in a square pattern (: :), are the basic punctuation marks in Amharic writing system that
are used consistently. Today, the use of Hulet Neteb is not seen in modern typesetting. In
typesetting its place is almost completely taken over by space. Lists in Ambharic text are
separated by an equivalent of comma, ‘netela serez’(?) followed by ASCII space and
‘derib sereze’ (f), which is the equivalent of semi-colon. The use of “...” for question
mark is not used rather a ‘?” which is borrowed from English is used. Table 3.1 lists the

most commonly used Amharic punctuation with their equivalent in English which is

adopted from [65].
Ambharic English
White Space
?

Table 3.1 Most commonly used punctuation marks with their English corresponding marks
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3.3. Syntactic Structure of Amharic

The syntactic structure is formed by combining different words. Since Amharic word
formation follows its own structure, the syntax of the language also exhibit a unique
structure. The syntactic structure of Amharic is generally SOV (Subject-Object-
Verb).The modifiers in such structure generally precede the word or the phrases they
modify. For example, the Ambharic equivalent for the English sentence “she has
understood mathematics.” is “A0, 1AON 7L 24 :: ” In the sentence “AQ.” is the
subject and the object is “2AM “ and the verb is “MI:I; 3*4\”. But usually pronouns are
omitted when used as a subject. For the above English sentence the common saying in

Amharic is “2AN M:I; 2\ by implicitly understanding the pronoun.

3.4. Ambiguities in Amharic

Getahun[25] identified five types of ambiguity in Ambharic: Phonological Ambiguity,
Lexical Ambiguity, Structural Ambiguity, Referential Ambiguity, Semantic Ambiguity,
and Orthographic ambiguity. We now summarize each type of ambiguity and the

examples are adopted from [25].

3.4.1 Phonological Ambiguity

Phonological ambiguity is a result due to the sound used for the word from the placement
of pause with in a structure which occurs in speech .It can be illustrated through the

following example:
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Example

L7 nw-
[deg + sew] neber

kind person was

In the above sentence ‘+’ sign shows where the pause is. When the sentence is
pronounced with pause it means “He was a kind man” but the meaning differs if it is

pronounced without pause .It will mean “They had preparation for a banquet”.

3.4.2. Lexical Ambiguity

Lexical ambiguity refers to a case in which either a lexical unit belongs to different part-
of-speech categories with different senses, or to a lexical unit for which there is more
than one sense, while these different senses fall into the same part-of-speech category
[10].There are three different factors that can cause lexical ambiguity which are:

Categorical Ambiguity, Homonymy and Homophonous Affixes.

Categorical Ambiguity

Categorical ambiguity is a result from lexical elements which have the same phonological
form but belongs to different word class. This will be more described using the following

ambiguous word:

-40 -



Example

ARCT OmTF
ekrma seT-ec-N

?  gave-she-me

In the above example the underlined word ““ekirma’ is ambiguous since it has both

nominal and a verbal meaning. It has two interpretations:

i.She gave me Akirma(a kind of grass).[With nominal meaning]

ii.She gave me something after delaying it for sometime.[With verbal meaning]

Homonymy

Homonyms are those lexical items with the same phonological form but with different

meanings which will cause ambiguity.It can be illustrated with the following example:

Example:

s A4 A9°

bewerE elfetam

In the example the underlined ““bewerE” is an ambuigous word having the following two

different structures and readings shown below:
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i. be-wer-E el-feta-m

with-month-my Neg-released-Neg

In this sense it means that “I will not be released in a month”

ii. be-wer-E el-fata-m

Neg-release-Neg

It means that “I will not get frustrated by any rumor”

Homophonous Affixes

This ambiguity result when affixes serve as different word classes. The following

example show how homophonous affixes cause ambiguity.

Example:

| X A

bEt-u ferese

The above sentence is ambiguous because the suffix /-u/ serves as a definite article or as a

third person masculine marker. It has two different meanings:

1. The house is destroyed. And

il. His house is destroyed
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3.4.3. Structural Ambiguity

Structural ambiguity resulted when a constituent of a structure has more than one
possible position. By a structure we mean the way syntactic constituents are organized.

The following is an example of such ambiguity:

Example:

PUNT Fch hnto7e
ye-Hebexa tarik estemari

of-Abyssinia history  teacher

The above sentence can have two different interpretations:

i.a person who teaches Abyssinian history

ii an Abyssinian who teaches history

It can be further illustrated using structural organization of the sub-constituent /tarik/

‘history’. It is shown in the following labeled representation:

i [ [ [ye-Hebexa tarik] [estemari] 111

““Abyssinian history teacher”
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ii.[ ye-Hebexa [ [tarik] [ estemari]]]

3.4.4. Referential Ambiguity

This ambiguity arise, when a pronoun has more than one possible antecedents , thus
having as many reading as there are antecedents .The following sentence is an example of

such ambiguity.

Example

a9 NNtaodt ALt

Kasa sletemereke tedesete

The above sentence has two different readings:

i.Kasa was pleased because he graduated and

li.Somebody was pleased because Kasa graduated

3.4.5. Semantic Ambiguity

Semantic ambiguity is caused by polysemic , idiomatic and idiomatic and metaphorical

constituents.
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The following sentence is an example Polysemic constituent which has multiple

meanings.

Example:

aofldf M4
Mebrau tefa

The above sentences have two interpretations:

i. The light went off.

ii. Mebratu(a person) disappeared

Idioms refer to an expression that means something other than the literal meanings of its
individual words. Idioms ambiguity can be illustrated using the following example:

Example:

e wnk
berE welede
The literal meaning of the above example is ““An ox gave birth to a calf” but the

idiomatic expression refers to “impossible “to happen.

Metaphors have literal or non-literal (metaphoric) senses. The following is an example of

metaphoric ambuigity:

Example:

a0 1
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eras nebr

It has two different interpretations:

i.”inascible, hot tempered’

ii.”leopard with new-born cubs’

3.4.6. Orthographic Ambiguity

Orthographic Ambiguity is resulted from geminate and non-geminate sounds. The
ambiguity can be resolved using context. Though in some cases it might not be possible

like the following example:

Example

ao01, 5 CN-A
Mekinaw ysral
The word “ysral “ is the cause of ambiguity. The sentence is ambiguous between the

following meanings.

1.The car works(*““ysral’)

ii. The car will be repaired(“‘yssaral™)

For this study, lexical ambiguity which is believed to be resolved by word sense

disambiguation will be dealt among the type of ambiguities that are discussed.
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CHAPTER FOUR
CORPUS PREPARATION AND SYSTEM ARCHITECTURE

4.1. Acquisition of Sense Examples

As discussed in the literature review part, one of the mechanisms to acquire sense
examples is to use monolingual corpora of second language and translate the sense
examples to the original language. For this study an English text corpus will be used for
acquisition of sense examples. English is selected for the reason that it has been used
successfully for Hebrew WSD research which is a Semitic language like Amharic [16]
and the researcher is familiar with it. As the mechanism is used for this study, a total of
1045 sense example sentences for the five ambiguous words are acquired from the British
National Corpus. BNC contains a total of 100 million word collection of samples of
written and spoken language from a wide range of sources, designed to represent a wide
cross-section of current British English, both spoken and written. Its vast contents, having
a variety of sources and its searchability are the reasons to use the corpus as a source of

data.

The Acquiring process started from translating the senses of the Ambiguous words to
their equivalent English words using Ambharic-English Dictionary. Then using the
translated English word sense example sentences containing the word is acquired from
the English corpus .For example the Amharic ambiguous word “@PAé\” has three senses

that are *‘cough”, *“vow™, and ““sharp”. Using these three senses, sense example
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sentences are acquired. The English sentences were examined thoroughly to check that it
correctly represents the right sense of the Amharic word. For instance the Amharic word
“PLA” has two senses “record” and ‘“shape”. But the English word “record” is
ambiguous by itself. It has eight senses in English WordNet. But only sentences that have

“record” senses that match to the word “PLA” are selected.

Agirre & Martinez [2] have reported that accuracy of classifiers degrade significantly
when the training and testing samples have different distributions for the senses. In this
study we tried to use a balanced distribution of senses for the ambiguous words to
maximize performance when enough sense examples are available. On average, about
100 example sentences were acquired for each sense of ambiguous words with the
exception of two senses on which enough example senses were not acquired from the

corpus. The distributions of senses are summarized in table 4.1.
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Ambiguous Word | Sense Count
eTena strengthen 100

study 100 200
mesal cough 100

sharp 72 245

VOW 73
me’sa’sat taking care 100

thin 100 200
metrat call 100

clean 100 200
gereSe record 100

shape 100 200

Table 4.1 Distribution senses of Ambiguous words

4.2. System Architecture

The architecture of the system is depicted in Figure 4.1.The system takes sentences that
contain the ambiguous words as an input .The sentences will be preprocessed to make
them suitable for further processing. Then the classification algorithm (Naive Bayes)
builds classifier from the training set and applies the built classifier to test new instances
and displays performance evaluation of the classifier. The detailed explanation of the

processes is given in the next subsections.
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Figure 4.1 Architecture of WSD system for Amharic
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4.3. Preprocessing

4.3.1. Translation

Once the English sense examples are acquired for the selected Amharic ambiguous
words, the next step is to translate the sense examples to Amharic. Most researches that
use second language corpora use either machine translation or machine readable bilingual
dictionaries to translate the senses to the original language. However the researcher was
not able to access to both resources for Amharic. Therefore a manual translation of the
sense examples using English-Amharic dictionary is done by the researcher. The
translation of the sense examples is carried out in such a way that the translated senses
will have a clear meaning in Amharic. Except names of people, places, materials and
words that don’t have equivalent Ambharic translation, all words are translated to

Ambharic.

The following is an example of translating the “cough” sense of “@pAN”:

The commonest symptom for the disease is coughing persistently, with frequent chest

infection. (English sense)

PN D PAAaol I°ART CATILLT aol ho9.L 979" PLLT Vavd® I rb-::

(Translated Amharic Sense).

The word “apAg\” has the senses of “vow”, “‘sharp”, and ““cough” but in the above

sentence it refers to only the “cough’ sense.
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4.3.2. Tokenization

Tokenization refers to the process of splitting stream of characters in to raw terms or
tokens. This process detects the boundaries of a written text. Tokenizing of a given text
depends on the characteristics of language of the text which it is written. The Amharic
language has its own punctuation marks which demarcate words in a stream of characters
which includes ‘hulet neTb’ (:), ‘arat neTb ‘(: :), ‘derib sereze’ (), ‘netela serez’(?) ,

G"

exclamation mark and question mark’?’. These punctuation marks don’t have any
relevance to identify the meaning of ambigous words using WSD. Therefore except ‘arat

neTb ‘ and © question mark’ which are used to detect the end of the sentence, all other

punctuations are detached from words in tokenization process.

4.3.3. Stop Word Removal

Like other languages, Amharic has non content bearing words which are called stop
words. Usually words such as article (e.g. ‘5@, ‘&%), conjunctions (“’A%’, ‘“11C77,
‘@BI™) and prepositions (e.g. MNT,AL ).Since stop words do not have a significant
discriminating power in the meaning of ambiguous words , we filtered the sense
examples with a stop-word list, to ensure only content words are included. In addition to
stop words, names of people and places are also filtered from the sense examples as they

are not related to the meaning of words.
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4.3.4. Stemming

The Amharic language makes use of prefixing, suffixing and infixing to create
inflectional and derivational word form. A stemmer is a system that tries to reduce
various forms of a word to a single stem. In morphologically complex language like

Amharic, a stemmer will lead to significant improvements in WSD systems [36].

For this study, automatic removal of suffix and prefixes is done using adopted
algorithm'. And infixes are removed manually. The algorithm is applied in our corpus
and worked well with about 12% error. After the semi-automatic removal, a manual
inspection of the corpus is carried out in a way to correct a few errors in exceptional
cases. For example, Amharic uses a suffix ‘e’ and in the algorithm this suffix is removed
after checking whether the word is not in exception list that contains words that has ‘G’ at
the end but which is not a suffix. And if it is in exception list the algorithm will not
remove the suffix since it is part of the word. However there might be some words that
contains ‘G’ at the end and not included in the exception list. In such cases the algorithm
removes ‘G° from the word which is not a suffix. Such errors are manually inspected and

corrected. The suffix and affix removal algorithm is depicted in figure 4.2.

1 The algorithm is developed by our research group members Alemu Kumilachew and
Zeleke Abebaw.
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1. open corpus, exception list and Normalization list files
2. While not end of corpus file is reached do
Read tokens
for each token in token list
If token starts with prefix
If token not in exceptional list then
Remove prefix
End if
else If token ends with suffix
If token not in exceptional list then
Remove suffix
End if

If token ends with sadis? alphabet
Normalize?

End if
End if
End for

3. end while
4. Write the list of tokens to corpus file
5. Close files

Figure 4.2 Prefix and Suffix removal algorithm

2 Sadis refers to the sixth order in Amharic Alphabet.

3 Normalization is used to correct a variant of a word to its stem after suffix is removed for
some words (e.g. for a word “a2F” “I” will be removed as affix and “02” will be
normalized to “0@-” which is the stem).
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4.3.5. Annotation

Annotation is the process of tagging each training example with the label of its
corresponding class. For this study different senses of ambiguous words are taken as a
class and each training sentence is labeled manually with a class corresponding to its

senses. Table 4.2 shows the list of classes for the selected ambiguous words:

Classes
Ambiguous Word | Classl Class2 Class3
eTena strengthen study -
mesal cough sharp VOW
me’sa’sat taking care thin -
metrat call clean -
gereSe record shape -

Table 4.2 Classes of selected ambiguous words

The following example illustrates the annotation process:

Raw sentence

PONF@ P1Aanl J°ANT CLATILLT avdd n91.L.919° PLLT Vand® IC 10-::
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In the example the ambiguous word “@pAf” can belong to classes cough, vow and sharp
of mesal. But in the example the word has a sense of cough. So it will be annotated as

follows:

eONF@ PHhool °AnT PA%TILLT avd < cough> h97.L.219° ¢LL4T Vaod®

2C 1o

4.3.6. Context Extraction

Context in WSD refers to the words surrounding the ambiguous words which are used to
decide the meaning of the ambiguous word. For instance, for the sentence: “CTiJ@-
PhAovl AN PATIRLT aoAN hLliT vaod® IC i@ After stop word
removal and stemming it will be “FTAooL I°ANT TILLT avd L4 Vo09™ The
contexts are the word surrounding the ambiguous word “@pA”  which are
{+AaoL 9°N\nT o1 LT, L4, Va09°) . In this study the contexts of the ambiguous

words are extracted using the algorithm in Fig 4.3 which is adopted from [24] and

customized to fit to this study.
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1. initialize array buffers of strings
2. =1
3. open corpus file
4. while not end of file is reached do
read sentence |
i=1
while end of sentence marker is not reached do
read word i from sentence j
if word iis the target word
assign word i in to an array buffer
assign the meaning(label) of word i to an array buffer

if the n previous and following words from word i are within the sentence

read the n previous words from the target word (word i) and assign
them to array buffer

read the n following words from the target word (word i) and assign to
array buffer

if not
assigh empty value to array buffer
end inner while
if not
increment i by one
end inner while
increment j by one

5. end outer while
6. write the content of the array to file
7. close file

Figure 4.3 Context Extraction algorithm
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4.4. Training and Testing Datasets

Once all the necessary preprocessing tasks are done on the corpus, 90% of the data is
allocated for training and the remaining 10% is allocated for testing. In table 4.3 the
description of attributes in the data set is presented. In the table Rcontext(i) and
Lcontext(i) refers to the words that surrounds the ambiguous word to the right and left
respectively where i € {1, 2, ..., 10}, the target word holds the ambiguous word and
Word class takes the senses of the ambiguous word. If the ith left or right word from the
target word doesn’t exist, an empty value will be assigned to mean that there is no
context. We have found that, the longest sentences in the corpus constitute a maximum of
ten words to the left and the right of the ambiguous word. So we used 10 words to the left
and the right of the ambiguous word as possible contexts. It can be further explained

using the following example which is extracted from the corpus.
Lc6

L¢7 5 Lc4 Lc3 word class Rcl Rec2

welaj 1j guroro bexta t1tane7hyo tkgk mesgl <cough> kufN rubEla mgkelakeya ktbat

at mek\

In the example the target word is “mesal” which is the ambiguous word and its word

Lcl  target word Re3 Rc4

class is “cough” that is its sense in this context. LC refers to the left context where as RC

refers to right context. There are seven left contexts and six right contexts surrounding
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the target word which are labeled as is shown in the example. But there are no three right

contexts (8,9,and 10) and there are no four left contexts (7,8,9,10) which will be assigned

as empty.

NO. Attribute Description value

1 Lcontext(i) | used to hold the ith left word Any word in the corpus
from the ambiguous word

2 Rcontexti(i) | used to hold the ith right word Any word in the corpus
from the ambiguous word

3 Target word | Holds the ambiguous word Ambiguous words

4 Word class | Holds the label of the target word Different senses of the

ambiguous word

Table 4.3. Description of attributes used for this study

4.5 Summary

In this chapter, the design of the WSD system for Amharic is presented and discussed.
Using the design, the process of corpus preparation of training and testing set for
experimentation is illustrated. The next chapter deals with the experimentation and

discussion on the results of the experiment.

-59-



CHAPTER FIVE

EXPERIMENTATION AND DISCUSSION

5.1. Introduction

As discussed in section 2.1.1 supervised word sense disambiguation is selected for this
study. In the classification paradigm of supervised machine learning, a classification
procedure is induced from a set of data for which the true classes are known, for a set of
pre-defined classes. For WSD, learning such classification procedure requires the
availability of sense-tagged data, where each training example is described by a feature
vector and a corresponding class label. The feature vector comprises of attribute-value
pairs, where the attributes are those contextual clues important for classification. The
supervised learning task, as discussed in the preceding section, thus involves capturing
important dependencies in the training data and representing these in a parametric model,
from where the joint probability distribution can be defined. Once all the required model
parameters have been estimated, the learned model can then be used as a classifier for
WSD i.e. given a particular instantiation of the feature variables for a test sentence, the
classifier predicts the value of the classification variable. It is the expectation that the
learned classifier should perform well in classifying test examples, and its prediction
accuracy is used to measure how well it has been able to generalize from the training data

to unseen data.
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For this study five classifiers namely Mesal, Qeretse, Atena,Metrat and Mesasat will be
trained for each ambiguous words with their corresponding data sets that are defined in
Chaper four of this thesis. In this chapter the experimental procedures with the analysis of

the experiment results will be presented.

5.2. Experimentation Procedure

In this study a total of five experiments are conducted using Naive Bayes classifier of
Weka 3.62 Package. The first experiment was conducted to check to what extent
stemming of Ambharic words in the corpus will affect the accuracy of the WSD
classifiers. Then an experiment is conducted to find out the best training and testing split
options that performs better for this study and 10-fold cross validation and 66% split test
options, which are defaults in Weka package, are investigated. The third experiment was
carried out to compare the accuracy of 10-fold cross validation with different percentile
split option other than the default 66% split test option. The study also seeks to
investigate the effect of different context sizes on disambiguation accuracy for Amharic,
and to find out if the standard two-word window applicable for other languages and
especially English [35] holds for Ambharic. In this regard, different training data sets
where the contextual information is obtained from 1-left and 1-right to 10-left and 10-
right consequent surrounding words are prepared for each classifier. Finally
experimentation is conducted to see the effect of sense distribution on the performance of

the classifiers.
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5.3. Discussion of Results

We now present and discuss the experimentation outputs for five of the experiments that

are mentioned earlier.

Experiment I: The effect of stemming on the accuracy of the classifiers

As discussed earlier, stemming has been found a significant improvement on
performance of WSD classifiers for morphologically complex languages. This
experiment is performed to test whether this applies to WSD for Ambharic. Both the
default 10-fold cross validation(CV) and 66% split test options are used to test the
experiment. In 10-fold CV the data is iteratively divided into training (90%) and testing
(10%). Then the classifier is evaluated 10 times and the average result is reported.
Whereas in 66% split test option as name indicates, it allocates 66% of the data for

training and the rest 34% for validating the model.

The result of this experiment is presented as follows:
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Accuracy
Classifiers | Before stemming | After stemming
eTena 65.3% 66.8%
mesal 70.2% 78%
Me'sa'sat | 72.1% 73.8%
metrat 71.2 % 3%
gereSe 69.8 % 69.9%

Table 5.1 The effect of stemming on accuracy using 10-fold CV test split option

Accuracy
Classifiers Before After

stemming stemming
eTena 59.7% 61.8%
mesal 55.6% 70.7%
Me'sa'sat 71.1% 12.7%
metrat 69.7 % 70.6 %
gereSe 66.2 % 69.7%

Table 5.2 The effect of stemming on accuracy using 66%b test split option

As is shown in table 5.1 and table 5.2, for all words, stemming improved the accuracy of
all the five classifiers in both 10-fold CV and 66% test split options. The reason behind
the enhanced accuracy might be that stemming brings variants of a word into their

common stem which will minimize the consideration of the variants of a word as
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different word by WSD model. As it is stated earlier, WSD models determine the
meaning of a word by learning the pattern of surrounding words. So if stemming is done
the variants of a word is taken as the same pattern which will improve the accuracy of the
classifiers. For example, before stemming, a surrounding words “027E” and “02 T will
be assumed as different words but basically they are the variants of the same word *
@~ But after stemming these words will be taken as the same pattern that will increase
the accuracy of the classifiers. Therefore in subsequent experiments the dataset that is

stemmed will be used as it enhances the performance of the models.

Experiment I1: Determining the appropriate test option

It is argued by [62] that 10-fold cross validation (CV) test split option is appropriate for
small datasets. The dataset used in this study has on average 210 instances per classifier
which is a small data set. In order to test whether 10-fold CV outperforms the default
66% test split option in Weka, an experiment is conducted ten times for each classifier

and an average accuracy is taken.
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Classifiers Accuracy

10-fold CV 66% split
eTena 66.8% 61.8%
mesal 78% 70.7 %
Me’sa’sat 73.8% 72.7%
metrat 3% 70.6%
gereSe 69.9 69.7%

Table 5.3 Comparison of 10-fold CV and 66%b split test options

As presented in Table 5.3, 10-fold CV performs better than 66% split in all of the five
classifiers. This is due to the appropriateness of 10- fold CV for small dataset like we
used in this experiment. It is because it performs the training 10 times increasing the

training dataset by ten fold.

Experiment 111: Comparing 10-fold CV test option with other test split options

In experiment II it has been found that 10-fold CV works better relative to 66% test split
option for dataset used in this study. A further experiment is conducted ten times and an
average accuracy is calculated to compare 10-fold CV with other test split option. The
test split options are randomly taken with five ranges which are 70%, 75%, 80%, 85%,
and 90%.The percents refers to the portion of the data that is allocated for training and

the rest is for testing.
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Classifiers Accuracy

70% 75% 80% 85% 90% 10-fold

split split split split split Ccv
eTena 60 % 62 % 60 % 56.7 % 60 % 66.8%
mesal 68.1% 68.3% 70.8% 75 % 75 % 78%
Me'sa sat 67.2% 69.4% 71.8% 72.9 % 68.4% | 73.8%
metrat 70 % 72 % 75 % 76.7% |70 % 73 %
qgereSe 70.7% 73.1% | 744% | 724% |73.7% |69.9%

Table 5.4 Comparison of 10-fold CV and different percentile split test options

As it is indicated in table 5.4 10-fold CV performs better in three of five classifiers
(Mesal,atena,and mesasate).Where as for classifiers “queretse” and “metrat” 80% split
and 85% split options achieved better result than 10-fold CV. But still 10-fold CV
performs better for the majority of the classifiers (three out of five).So for the following
experiments 10-fold CV will be used as it achieved a better result relative to other test

split options.

Experiment 1V: Determining optimal context window

In other languages an optimal context window size which refers to the number of
surrounding words that is sufficient for extracting useful disambiguation is obtained
through research. For example in English a standard two-word window on either side of
the ambiguous word is found to be enough for disambiguation [35].But, this hasn’t been

established Amharic. For this study an experiment is carried out ten times for each
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classifier to determine an average optimal window size from one-one window to ten-ten

window on other side of the ambiguous word.

Wir_1dow Accuracy
size

eTena mesal me sa sat metrat gereSe
1-1 76.4% 77.1 % 76.9 % 81.5 % 72.%
2-2 70.4 % 82.6 % 81.3 76.5 % 73.6%
3-3 70.1% 83.2% 81.5% 75 % 76.2 %
4-4 67.8% 82.4 % 77.4% 73 % 74.6%
5-5 68.3 % 80.9 % 75.4 % 73 % 75.7%
6-6 66.8% 81.3% 74.4 % 74 % 74.6 %
7-7 66.3% 80.9% 74.6 % 72 % 73.1 %
8-8 66.8 % 80.5 % 72.8 % 72.5% 72. %
9-9 66.8% 78.4% 73.9 % 73 % 71.1 %
10-10 66.8% 78.% 73.8 73 % 69.9%

Table 5.5 Summary of experiment in different window sizes

As is shown in the table 5.5 for the three of the classifiers (mesal, gereSe, and me'sa’sat )
the maximum accuracy is achieved on three-three word window. Where as for “Metrat”
and “eTena “ the highest accuracy is attained on one-one window .The result agrees
with the findings in other language that the nearest words surrounding the ambiguous
words give more disambiguation information than words far from the ambiguous

word[35].For this study, since in all classifiers, the accuracy of windows after 3-3
-67 -




window are less than that of a 3-3 window. Window size of 3 is considered to be

effective.

Using a 3-3 window size the final accuracy of the classifiers can be summarized in table

5.6:
Classifiers Accuracy
(3-3 Window)

eTena 70.1%

mesal 83.2%
Me'sa’sat 81.5%

metrat 75 %

gereSe 76.2 %

Table 5.6 Summary of Accuracy of classifiers using 3-3 window size

As indicated in table 5.6 the accuracy of the classifiers is achieved within the range of 70
to 83%.Mihalcea et al.[48] have shown that supervised WSD methods can yield up to
72.9% accuracy on words for which manually sense-tagged data are available. So the
accuracy of this experiment can be considered very promising.

Experiment V: Effect of Distribution of training data on accuracy

WSD performance can be affected by the distribution of training data for each sense. In
this study a balanced distribution of training data has been employed to maximize

performance. But naturally the sense distribution might vary for each sense. To test the
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effect of distribution of senses on accuracy an experiment using three-three window size

has been conducted ten times and average accuracy is taken. We intentionally vary the

distribution of senses and compare the result with balanced distribution of senses.

Classifiers | Sense Balanced Accuracy | unbalanced | Accuracy
Sense Sense
Distribution Distribution
eTena strengthen 100 70.1% 100 69.5%
study 100 | 200 40 140
mesal cough 100 84.7% 100 68.9 %
sharp 72 | 245 40 | 160
VoW 73 20
Me'sa’'sat Taking care | 100 81.5% 40 70.8%
thin 100 | 200 100 | 140
metrat call 100 75 % 100 | 140 74.1%
clean 100 | 200 40
gereSe record 100 76.2 % 100 | 140 74.7%
shape 100 | 200 40

Table 5.7 Effect of sense distribution on accuracy

As presented in table 5.7, the accuracy of unbalanced sense distribution resulted in less

accuracy for all the five classifiers. The finding supports the findings in other studies that

the accuracy of classifiers degrade significantly when the training sample have different
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distributions for the senses as there will be bias to the high number of sense distribution

[2].

5.4. Summary

In this chapter the experimentation procedure together with presentation and discussion
of five experiments are covered. In the first experiment it has been shown that stemming
significantly improved the accuracy of the classifiers. In successive experiment 10-fold
cross validation test split option has been found to perform better relative to other
percentile test split options. Using 10-fold CV an experiment was also conducted to
determine optimal window size for the classifiers and three-three window size has been
found as most favorable window size. Using three-three window, the final accuracy of
the classifiers has attained within range of 70% to 83% which is a very encouraging in
supervised WSD. Finally, experimentation has been carried out to test the effect of sense
distribution on the accuracy of the models and it has been found that balanced sense
distribution can give better result in increased accuracy than unbalanced sense

distribution.
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CHAPTER SIX
CONCLUSIONS AND RECOMMENDATIONS

6.1. Conclusions

The overall focus of this research is Word Sense Disambiguation (WSD) which addresses
the problem of automatically deciding the correct sense of an ambiguous word based on
its surrounding context’s. WSD is essential tool for NLP and IR applications .WSD is
considered to be one of the most challenging of all NLP research areas due to its reliance

on a varied range of linguistic and statistical knowledge.

The problem of WSD is addressed for Amharic which is one of less studied language.
Though Amharic has many ambiguous words due to knowledge acquisition bottleneck,
five ambiguous words are selected and a classifier for each ambiguous word has been

built. The words are eTena, mesal ,me"sa’sat, metrat , and gereSe.

The most popular approaches to WSD rely on supervised machine learning methods,
where a machine learning classifier is required to be trained on manually labeled training
instances, to generate a classifier model that can be used to classify future instances. In
this study, supervised machine learning approach using Naive Bayes algorithm is used.
These methods, however, face the problem of knowledge acquisition bottleneck, where
the amount of labeled data provided to the classifiers is limited. For this study, a

monolingual corpora of English language has been used to acquire sense examples and
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the sense examples are translated back to Amharic which is one approach of tackling

knowledge acquisition bottleneck.

Based on our Naive Bayes algorithm experiments on Weka 3.62 package, we conclude
that Naive Bayes methods achieve higher accuracy on the task of WSD for selected
ambiguous word, provided that the quality of the labeled data is good. We have achieved
accuracy within the range of 70% to 83% for the five classifiers which is an impressive

accuracy for supervised WSD.

We have also found that stemming of the Amharic words in the corpus can enhance the
accuracy of the classifiers as Ambharic is a morphologically complex language. The

accuracy is increased after stemming is applied to words in the corpus.

For Ambharic, there is no standard optimal context window size which refers to the
number of surrounding words that is sufficient for extracting useful disambiguation.
Based on our experiment we have found that three-word window on other side of the

ambiguous word is enough for disambiguation for the five classifiers.

We also found that the sense distribution of an ambiguous word is a crucial factor in
improving the accuracy using Naive Bayes methods. The best accuracy in our experiment

1s seen for words that have a balanced sense distribution.

In total, the chosen methodology which is supervised word sense disambiguation has
been justified in terms of its theoretical foundations as well as the results obtained in our

experiments for selected Amharic Ambiguous words.
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6.2. Recommendations

Researches in Word Sense Disambiguation require a variety of linguistic resources like
thesaurus, WordNet, machine readable dictionaries, and machine translation software in
which we faced a significant challenge as Amharic lacks those resources. The other
challenge was lack of sense annotated data for the language which makes the study to be
limited for five ambiguous words. In this study we have only experimented with
supervised machine learning (Naive Bayes) approach but there are other approaches
which performed well for WSD in other language. Therefore; we have the following
recommendations which include the development of resources and future research

directions for WSD for Ambharic text:

1. Researches in WSD for other language use linguistic resources like
Thesaurus, Lexicon like WordNet, machine readable dictionaries and
machine translation software. For Ambharic those resources are not
available. Taking into account their contribution to WSD and other

researches concerned institutions should develop these resources.

2. For other language a standard sense annotated data are available for WSD
research and also for testing a WSD systems. We don’t have such data for
Ambaric. So there need to be an initiative to prepare the data for WSD

research.

3. Future research directions for WSD in Ambharic include:
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1.

ii.

iil.

1v.

Extending this experimentation using Supervised WSD for other

ambiguous words in addition to those covered in this research.

Due to time limitation in this study only Naive Bayes algorithm
has been used. But other algorithms like decision tree, decision
lists and support vector machines are used and found achieve
impressive results for other languages .These algorithms should be

experimented for WSD in Ambharic.

As supervised WSD requires manually labeled sense examples
which is time taking. A research should be conducted using

unsupervised WSD and bootstrapping approach for Amharic.

In addition to corpus based approach there are also knowledge
based and hybrid approach which are used for WSD for other
language. These approaches need to be investigated for Amharic as

well.
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APPENDIX A. The Amharic alphabet (*fidel") adopted from Dawkins [18] and Yacob [65].

Ordinary characters Diphthong (‘digala’) characters
1 |V U % 7 A v v
he |hu |[hi |ha |hE |h ho
2 1A Q. A, | A (8 A | .,
le lu li la lE [ lo Wa
3 ch e d, | <h v ch ch h,
He |Hu |Hi |Ha |HE |H Ho HWa
4 | oo | oo | | T 9 |’ |1 A
me 'mu [m |ma |[mE |m | mo mWa
5 w w. “, “l “L Vadi i o y
'se |'su |'si |['sa |'SE |'s |'so ‘sWa
6 l % 4 - b C (64 pA
re ru ri ra rE r ro rWa
7 | a 13 a | A 0N 0 0 .
se |su si sa |sE |s SO sWa
8 |n fi- n, | a i, o .
xe Xu Xi xa |XE |x X0 xWa
9 | ¢ 4 ¢ | & + ¢ | ) P ® * P~
qge qu qi ga |qgE |q qo | qWe | gWu | gWa gqWE | qWi
10 | N - a |a a, AN |0 q,
be | bu bi ba |bE |b bo bWa
1|0 - n, |a o a | a;
ve vu Vi va |VE |v VO vWa
12 | -+ I €| + | N
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te tu ti ta tE to tWa
13| | | | F|E ¥ E
ce |cu ci ca |cE co cWa
14 | 1 I g A “t . o g3 a o e
‘he | 'hu | *hi | ha | hE ‘ho | hWe | hWu | hWa hWE | hWi
15 | 7 e 1, ) % & )
ne nu ni na | nE no nWa
6|7 |7 |LO|EF | 7 g
Ne [Nu |[Ni |Na |NE No NWa
17 | A h A, | A h h ‘A
e u i a E o] ea
18 | h (2 h |4 (8 n e = B, 0 (0
ke | ku ki ka | kE ko | kWe | kWi |kWa kWE | kWu
1900 [ [T TR | T i
ke | 'ku | ki | 'ka | kE ko
20 | o . 2 | P ? »
we |wu |wi |wa |wE wo
21 |0 0 d@ |9 % ?
e u i ‘a E 0
22 | H- H, H {8 H H,
ze zu Zi za zE z0 zWa
23 | ' I M | s e .
Ze |Zu |Zi |Za |ZE Zo ZWa
24 | ¢ 13 58 £ f '
ye |yu |vyi |ya |VE yo
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25 | & & 4. 4 £ &L & L.
de du di da |dE |d do dWa
26 | & 2 % |® [ & | E 2
je ju ji ja |IE ] jo jWa
27 | 1 * 1 2 (3 i 1 T ™ - ) 2
ge gu gi ga |gE |g go | gWe | gWu | gWi gWa | gWE
28 | m ax m, | M m, r m m,
Te |Tu |Ti |Ta |TE | T To TWa
29 |6l |6k | 6R, | B | g | OB | v 6h),
Ce |[Cu |[Ci |Ca |CE |C |Co CWa
30 |4 % A |4 % & |2
Pe | Pu Pi |Pa |PE |P Po
31 | & & A A A X A A.
Se |Su |Si |[Sa |SE |S So SWa
32 |0 0- 2 ? 2 o 2
'Se |'Su |'Si |'Sa |'SE |'S | So
33 | 4 4 és % és & 6 4:
fe fu fi fa fE f fo fwa
4 |T |F | |7 |F | |7 )
pe pu pi pa PE | p po pWa
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APPENDIX B. Selected ambiguous words and their Amharic meaning adopted from Girma (26).

£:9°0-9°n0 Lo

PAT

aovv)t aoPm7: HCHS @PI° 227 av'iiy
aovvy-| Nt e9° N1Tr9e avfH
ap\)\ avav’} i ao PP

av\ )\ av av 90

av\ )\ avdrdesm, MEHT T

g Pl WAL VA

ao Pl X St 112 O+, avAdP
LA &I°RT P84

LA I°0A A

ams PGt hLL1: L5 avlavl
hms aminéd: ands
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Appendix C. Sample list of English sense examples used with their Amharic equivalent translation.

1. Imade a vow to St.Gabriel to fast for two days
APSO MCHN VAT 7 Agop9° +AARN-
2. Over and above this, men might vow individuals or possessions to God as a thank-offering.

Y 0Fan214 @727 APT7 089 PATFO7 LT A LNNCT  A%ToonT7 LAk
ne

3. This harmony might be expressed as an offering which accompanies a vow of some kind or as a
thank-offering or free-will offering.

2V QA9 POLIN®- PP TIC NEPLTT Aoodmt @90 A%Too1T NovAA -

4. Jacob vowed a vow, saying, “If God will be with me, and will keep me in this way that I go, and
will give me bread to eat, and clothing to put on, so that I come again to my father’s house in
peace, and Yahweh will be my God,

PLadN AM.aNMC NLLh0T hnNPNT: PI°0A®-F AT PI°ANND7 hamiT: @fL
Ak b AooAAA® ATHANGCI® A9°AN SU-SA N A

5. I am the God of Bethel, where you vowed a vow to me. Now arise, get out from this land, and
return to the land of your birth.

Ak 0T PHAANANT POEANI® APAR TTiAUT DY 9°LC 1106 oL +ongaT
7°LC toohn::

6. Now, after years of hard work, we are in sight of immunizing all the world's children against
polio, tuberculosis, diphtheria, whooping cough, tetanus and measles.

ik mhe 24 A U790 £909° M5 h TAS T PA70 14CAT P1CC NTig:
et AN T E20 AS e kO oot TFAGA i

7. In the United Kingdom, parents are advised to have their children immunised against diphtheria,
tetanus, polio, whooping cough, measles and rubella .

NATI0UH OALT ALFT@7 h 1CC NGz E210 (27087 ¢Fath Al ey
$NA P9%hAhA a0t Ave.eantn- -taohé. ::

8. The days of being forced to get out of it on cough medicine are well behind.

PAA a5 AP P FTICNT LR AdGA
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10.

11.

12.

13.

14.

15.

16.

17.

18.

Greenough and colleagues showed that babies who did not require respiratory support had a high
prevalence of wheeze and cough in the first year of life.

LR AG ALTE Cav34 0 AhAT ACSH P91PNAAITO® VIS T 219116 AA
NooCovl @ Gao 3~ Tm ATL9LLITVF@ hAk::

The commonest symptom for the disease is coughing persistently, with frequent chest infection.
PONF @ PTAavs FPANTT (FFL.D.29, avAN AG £91.L.019° PLLT Vood® SF@- ::
Charlton applied a sharp knife, carving it into steaks in the kitchen.

FCNFT 7ML 0 00T TAANT Aoonta PHAA (A Fmdao i

A terrific place to have breakfast in, not a knife sharp enough to cut a lemon.

+Ch AovNAT PU18o T (1F 4@-: A1, Aol T POLPT ATNT PHAA 1A PAPC
The film's sharp sword has many edges.

bfao- AL AT PHAM 14-LPT AN MCHT hAT@- 3

‘Even now, the memories are sharp as broken glass.

Avg FHF2E An AL P0G NCEE A ST i

Again do not round over the sharp edges when sanding.

AvI AGP O340 0FAA MCHTF AL ATHC i

To call Graf and Kohde-Kilsch a team on this showing is a misnomer.

2475 e hANT? (LY TFCSHTFa- (-7 N> oo Tét Tl LU 39°

Azeglio Vicini, can call on an almost full-strength squad for a game in which he hopes Italy will
prove his assertion.

A0 LT PMALTT NPT PALA TNA* Po9mNe Mm7aé- HNd> Amé- PoLTFA
&7 SHA

The house was fall of memories; but even to call them memories was to imply that Jack had put
them behind him; and he had not.

0k OFHS OFPA Y0+ 1A7209° HHD A PULmé-@- Bn hECI@: hCHF@- 10
NN 10-: 77 ALLAI =
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19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

‘All the words he uses are what you would call anti-feminist,” said a police officer.

700 AN Al PULMPTVFD PAT Noo-p 00T ANAD AMS POLTA ST
Sorry, that's what we call the Monday morning meeting where we discuss what's going on.
LPCH U-AI° 1IC PIOLNT AT mPE ANAN NAT PICIME-@- NN LY NG
A man is only ‘acceptable’ to females if he is ‘nice and clean’.

O COTT AP0RYE PTLETIO TS AT mé- £A AT - i

It was poorly and sparsely furnished; a brave effort had been made to keep it tidy and clean.

T AAPIS N Ted-d VB 10 APPFE CthPboomTi P05%5 ¢ms AT1LT Té Tt
TLCAN

In our minds ‘eating everything that is placed in front of us’ is associated with ‘well done, that's a
nice clean plate’.

N009°CF 7 FN&FTF PPLOANTT 9° oo AT T4 hbNe-S mé- £ NCEANN OC
LELHA

Her hair flew out behind her, and the clean air struck her face.

01 WIAP LO-ANANA: A18.U-9° Mé- hPC bild Lav3PA
It's quite a job, keeping the windows clean.

22l Paohp i} Tl aomd -

Curled up on his armchair, thin as a wood shaving, he looks far too slight to carry this immense
spectacle.

NASE OINC AL TmPAA: AN AL AT ad 4.8 PI172F: QG107
A%IACF NH P999L@ LavhAA ::

Above all the accounts, technical and economic, of the lift's operation, are quite incredibly thin.

hU-A-9° 1AL U-A9° Zh@-7F BRLhe A4S AhSTLeP PP 24P N7U1C9° VL3
fAN STm ::

armed with a thin red and white linen cloth.

0“1l 8 A 19 ARY7 AN I TPPA =
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30.

31.

32.
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34.

35.

36.

37.

38.

Higher than predicted gravity values occur over the oceans because they are underlain by thin and
relatively dense crust.

1o t@ AL NWWET AL Povdrl T POLERI°LD- N¥1%1 AS 0706C TPTE 0
PCT NATLNLT 10~ i

These colours are so strong that you have to thin quite a bit to gain softer tones.

ALY PATT AET7 m7hé- ST@: PANAN 7 ACITTH B0 oot halT ::

“You're very good at taking care of people,’
ANLTF oo 11+ NMI° T4 1Y =

Wilson taking care of me and treating me like a lady — because there was a little something
between us.

PANT AR AL (T APUIPINT AS APTThANNT 1@ 907k NeoUnATF LT 1IC
ne

It may be decorating a flat for a person, to taking care of the cat of an elderly hospitalised lady.
POTHN LATT PO Lot oo¥1Plh: AN@- 1977 WIL7LENDT AT LFAN
Her husband Barry's taking care of the other two kids — he's a real capable boy.’

nAN:E 06 ANTET U AZT APHPINT O 10 NAdTE API° LAD- AE 10~
She was given the special responsibility of taking care of me, and I owe her my life.

AA'L Coo¥1Pl T AR UAGTT FATLEAD AS WeoE7 AT

until we study the life cycles of animals in fine detail, we cannot know precisely which creatures
depend upon what.

PAINANTT Cch@@ T 0-27F N AE-¢- U ASMTE A2% STLIT 97 TIF WIUT
(R TN TO T L A VANEE

their Social Class and Educational Opportunity gave a new impetus both to the study of these
themes and to action upon them.

TPUNLNAN PAT@- N3 AS 15T PHI°VCT 0&A LU7 HCTE AS £7L0%T7 &CLT
AT8.LeMT DL NTLTPA i

If they can make us more aware of the Earth and our relationship with it then their study will have
been worthwhile.

NAZ°EC AS ho°LC OC 0ANT 1T A A7LSo-+ hir? TSHTFo- meol,
LUGA =
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43.

44,
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47.

The study of Scripture, he suggested, did nothing to hinder an inquisitive man's delight in the
study of nature.

PavdUE P50 TGT PO@ AL AN +H4TC gvavld-ovC GATTT AIL71LLGPE AANN

It is also particularly easy to study, because sound can be recorded and reproduced by a tape-
recorder.

ACITG T NMI° PAN 1@-: N1 EEI° L9PTF BT oodd ALt AR &AM

Setting out Labour's case for international co-operation to strengthen world security and combat
environmental degradation

POLATTT 188 av®NT GNI°heE NG PINI°T AAI°TF AS ATITST AS Pahan,
NAAT7 AgvhAhd::

saving and investment, and to strengthen private and public institutions; and steps to protect the
poor during the transition.

&m0 AS AANNTIFE PN AS COHN ART1TT ACITST AT 0774 M &U7
AaohAhA::

Ministry of Higher Education, aims to strengthen teacher competence at local level by
encouraging teachers.

PheHE T9°UCT LLNEC ANT1EPTET 0N T CanT214PE T hd9® (hhONa-
LB ATITST APSA

all listed companies have an active audit committee will strengthen the auditor's position vis-a-vis
client management.

CHHLNG T CCEPT PhsT¢7 03 ALMG PYLTA 1 Pa8 1t bk aAT@- i
‘He will strengthen our squad and give us a lot more options this season.

P57 D& PMGAGTA A74.U-9° NNV Foot A A%14-6~T SOMGA

Chances are that it won't make an ideal radio record any more than ‘Candle in the Wind.
740 AL hA 197 AR PN T4 PL8E PLA aohilt hGTFAI®

millions of journalists have begun a record Christmas break.

N7LA7 PoLPME IHMET 0197 ALeT aoPlRh oo i
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52.

53.

54.

55.

Since leaving the ranks of a solo career, John Cale has gone on to record a catalogue of solo work
that is both voluminous and impressive.

oA ao-f@7 D@ A €7 A Am9° NH Poovhm: POA 2246-LPT7 APLR 10

During the hearing Mike Morley had tricked his way into the prison to record the interview with
Nilsen.

ate N0 F LR 9°CA. PLANTT PhaomPd Aaodli ao'l8.77 1l

Ironically, David Guest's victory came on the day that television cameras were allowed for the
first time to record proceedings in a Scottish court.

oL P@ CL&ILE M EA CooM@- BANATT COTALLT GCL 0 1871
a8 CAh N FLPLATFD ovavld e +7 INC ::

In spite of the many things it has achieved over the last hundred years — and we have all been
shaped by that — it has got itself boxed in by one issue.

WA oot Good A TIC N.LANI°: AT5U-9° (1 NTPLAI AT 188 NF 10
G007 foNIm-

The rapid growth of film and media studies in colleges and schools has been dominated and
shaped by the cultural theories of the left.

NhALTS 0 FVC AT 4N P4AI°G £71.5.2 TGT NMARD: P75 A70hAN
PhPLAT FORT LLANT 10 i

Drug laws are shaped by vested economic interest, and the real reason that some drugs remain
illegal is to allow the law to intervene in the lives of those the state perceives as threatening.

Pav &5 VT ChPlAht CanSolam? AT QISHN aoAir 10-F A8 U-9°
AOE® W81 a5 T VIOT PO A0 9°RTe T av it Al
N4 @ ALT '+C 0T MAP Aaot Ar8.ooT o 10

The stories were generally shaped by his values and his literary genius allowed every social detail
to be authentic and appropriate.

FEE NAamPAL ChLAaT NaFES 00197% 70000 T2P7 1ICT LA
CAOUE Thed ANFOIUTES RS ooPY - i

These pupils are shaped by many other factors than their schooling

+ePF N9 FIPVCT Han1é NN ANH 005 PF HPCAPA
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