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Abstract

Sense disambiguation is an “intermediate task’ which is helpful in other NLP tasks like machine
translation, information retrieval and hypertext navigation, content and thematic analysis,
grammatical analysis, speech processing and text processing. This study attempts to explore a

more general approach to develop a WSD for Amharic language.

To this end, a WSD system that identifies a sense of an Amharic ambiguous word by using
information from tagged example sentences and Word-Net is developed. The system identifies
the sense by measuring similarity between the input sentence and tagged example sentences.
Two similarity measures are explored: Cosine similarity and Jaccard Coefficient similarity
measure. We have collected 100 example sentences for each sense of the selected Amharic
ambiguous words. The Word-Net is composed of words with their sysnonyms and gloss

definition.

The performance of the system is tested using 9 nouns, 3 verbs, 3 adjectives and 2 adverbs, a
total 17 words which are selected randomly. The experiments were done for disambiguating one
target word in a given text.The experimental step is designed in such a way that, first the
performance of Cosine similarity and Jaccard coefficient are checked individually for WSD, next
Lesk algorithm is tested on the third experiment and then experiments were conducted to check
the performance of the two similarity measures as combined with Lesk algorithm. The result
showed that Jaccard coefficient combined with Lesk algorithm come up with the highest result,
which is 89.83% accuracy. The major challenge during the disambiguation process is that for
those words that are frequently collocated with similar words in their different senses the system

come up with a least accuracy.
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CHAPTER ONE

Introduction

1.1. Background

In all the major languages around the world, there are a lot of words which denote meanings in
different contexts. A normal human being has an inborn capability to differentiate the multiple
senses of an ambiguous word in a particular context, but the machines run only according to the
instructions. So it is difficult for the machine to distinguish the different sense of a word based
on the context. Unless and otherwise a word sense disambiguation(WSD) tool is integrated [1].

WSD is defined as the task of assigning the appropriate meaning (sense) to a given word in a text
or discourse [2]. In computational linguistics, WSD is an open problem of natural language
processing, which governs the process of identifying which sense of a word (i.e. meaning) is
used in a sentence, when the word has multiple meanings (polysemy). WSD is considered an Al-
complete problem, that is, a task whose solution is at least as hard as the most difficult problems

in artificial intelligence [3].

The task of WSD is a historical one in the field of Natural Language Processing (NLP). In fact, it
was conceived as a fundamental task of Machine Translation (MT) already in the late 1940s [3].
At that time, researchers had already in mind essential ingredients of WSD, such as the context
in which a target word occurs, statistical information about words and senses, knowledge
resources, etc [3]. In 1949, Zipf proposed his “Law of Meaning” theory [1]. This theory states
that there exists a power-law relationship between the more frequent words and the less frequent
words. The more frequent words have more senses than the less frequent words. The relationship
has been confirmed later for the British National Corpus [1].

In 1950, Kaplan determined that in a particular context two words on either side of an
ambiguous word are equivalent to the whole sentence of the context [4]. Very soon it became
clear that WSD was a very difficult problem, also given the limited means available for
computation. In 1957, Masterman proposed his theory of finding the actual sense of a word using

the headings of the categories present in Roget’s International Thesaurus [4].



During the 1970s the problem of WSD was attached with Al approaches aiming at language
understanding [3]. In 1975 [1] Wilks developed a model on “preference semantics”, where the
selectional restrictions and a frame-based lexical semantics were used to find the exact sense of
ambiguous words. Rieger and Small in 1979 evolved the idea of individual “word experts” [1].
However, generalizing the results was difficult, mainly because of the lack of large amounts of
machine-readable knowledge. In this respect, work on WSD reached a turning point in 1980s
with the release of large-scale lexical resources, which enabled researchers like Wilks to start
using different automatic methods for knowledge extraction in 1990s [1].

The 1990s led to the massive employment of statistical methods and the establishment of
periodic evaluation campaigns of WSD systems, up to the present days. In 1986, Lesk proposed
his algorithm based on overlaps between the glosses (Dictionary definitions) of the words in a
sentence [3]. The maximum number of overlaps represents the desired sense of the ambiguous
word. In this approach the Oxford Advanced Learner’s Dictionary of Current English (OALD)
was used to obtain the dictionary definitions. This approach had shown the way to the other
Dictionary-based WSD works. In 1991, Guthrie used the subject codes to disambiguate the exact
sense using the Longman Dictionary of Contemporary English (LDOCE) [3].

Today, Word-Net is used as an important online sense inventory in WSD research. Statistical and
machine learning methods are also successfully used in the sense classification problems.
Methods that are trained on manually sense-tagged corpora (i.e., supervised learning methods)
have become the mainstream approach to WSD. Corpus based WSD was first implemented by
Brown in 1991 [1].

Sense disambiguation is an “intermediate task” which is not an end in itself, but rather is
necessary at one level or another to accomplish most natural language processing tasks. It is
obviously essential for language understanding applications such as message understanding,
man-machine communication, etc.; it is at least helpful, and in some instances required, for
applications whose aim is not language understanding such as machine translation, information
retrieval and hypertext navigation, content and thematic analysis, grammatical analysis, speech

processing and text processing [4].



WSD task has two variants: "lexical sample™ and "all words" task [3]. The former is a system
which is required to disambiguate stricted set of target words usually occurring one per sentence.
The latter is deemed a more realistic form of evaluation where systems are expected to
disambiguate all open-class words in a text (i.e., nouns, verbs, adjectives, and adverbs). The
corpus is more expensive to produce because human annotators have to read the definitions for
each word in the sequence every time they need to make a tagging judgment, rather than once for

a block of instances for the same target word [3].

Since the 1950s, many approaches have been proposed for assigning senses to words in context,
although early attempts only served as models for toy systems [2]. Currently, as noted by [1]
there are two main methodological approaches in this area: knowledge-based and corpus-based
methods. Knowledge-based methods use external knowledge resources, which define explicit
sense distinctions for assigning the correct sense of a word in context. Corpus-based methods use
machine-learning techniques to induce models of word usages from large collections of text

examples [2].

Both knowledge-based and corpus-based methods present different benefits and drawbacks [2].
The major benefit of knowledge based WSD is that the systemsare proven to be ready-to-use and
scalable tools because they do not require sense-annotated data. While the corpus based approach
involves organizing a large number of example sentences which makes it difficult task. However,
supervised corpus based algorithms have obtained better precision than knowledge-based ones.
Researches on Amharic Word sense disambiguation has been conducted by various researchers
using supervised, unsupervised and semi-supervised approach. In this study we will investigate
application of semantic similarity measure for development of WSD system for all Amharic

word classes.

1.2. Statement of the Problem

Word Sense Disambiguation remains one of the most complex problems facing computational
linguists to date. Despite the advances in natural language processing (NLP), WSD s still
considered one of the most challenging problems in the field [3]. Ever since the field’s inception,
WSD has been perceived as one of the central problems in NLP as an enabling technology that

could potentially have far reaching impact on NLP applications in general like, machine



translation, information extraction, question answering, information retrieval, text classification,
and text summarization). For this reason, many international research groups are working on

WSD, using a wide range of approaches [4].

Ambaric is the second-most spoken Semitic language in the world, after Arabic [5]. According
to 2007 census there are more than 25 million native Amharic speakers [6] and the 1995 Federal
Democratic Republic of Ethiopia (FDRE) constitution declare Amharic as the working language
of Ethiopia. There are also speakers of Amharic language in a number of other countries,
particularly Eritrea, Canada, the USA and Sweden [7]. Nowaday’s digital resources in Ambharic
language are increasing from time to time on the World Wide Web(WWW). Despite all this, the
language is under-resourced and Amharic language processing is still an open research area.

Especially, since WSD is a central problem in NLP a lot has to be done on the area.

Some researchers have conducted research on Amharic WSD. Solomon [8]and Solomon
[9]conducted study on Amharic WSD by using five selected Amharic verbs like Am&(eTena),
avq(mesal),oovit(me sa sat),oeré-(metrat) and  +Za(qereSe). Solomon [8] employed
supervised machine learning approach whereas Solomon [9] used unsupervised machine
learning approach. Similarly, Getahun [10] conducted research based on semi supervised
approach on selected words like atena (Amn%), derese (£40), tenesa (+14), bela (NA) and ale (An).
Gashaw [11]on the other hand selected 10 ambiguous words:Ale (AA), Bela(na),
Akebere(ahns),Atena (An),Derese (L40),Melese (9rAn), Amelekete (aAgean-t), Qetere (md),
Tenesa (1) and Metrat (ev¢-t) for his research.

All researchers employed machine learning techniques and Getahun [10] has come up with the
highest result using semi-supervised approach. However, there is still a gap to fill in this
research area. The researchers have experimented only on a single Amharic word class which is
a verb using few words. However, according to Baye [12] Amharic words can be classified in to
five classes these are nouns, verbs, adjectives, adverbs and conjunctions. And in their study
they produced a model only for those words which are selected for their experiment. The aim of
this study is therefore to investigate a more generic approach to develop a WSD. For this
purpose, the study has been conducted with the intention of applying similarity measures

towards the development of WSD system for all Amharic word classes.



The following research questions are formulated to investigate and answer:

e What are the suitable similarity measures for all Amharic word sense disambiguation?

e How can we design and implement a WSD system prototype that will be applicable for
all Amharic words?

e Which similarity measure performs best for disambiguation of Amharic ambiguous

words based on a given context?

1.3. Objective of the study

1.3.1. General Objective

The general objective of this research is to explore the application of similarity measures towards

the development of WSD for all-Amharic words.

1.3.2. Specific Objectives

In order to achieve the above general objective, the following specific objectives are addressed:

e To review related researches in order to understand the problem area and different
methods that are used to solve the problem;

e To study Amharic language so as to understand the nature of the language and ambiguity
of words;

e To prepare lexical resources that are used as a knowledge source for disambiguation;

e To prepare and preprocess a data set for training and testing;

e To explore and select the suitable semantic similarity measures;

e To design and build a prototype for Amharic WSD system prototype ;

e To conduct experiment and test the performance of the system.

1.4.  Scope and limitation of the study

The aspiration of this thesis is to explore an approach to automatically disambiguate Amharic
words. To this end, the design and implementation of WSD prototype is done. Eventhough,
there are many approaches for WSD we have implemented only corpus based Lesk algorithm
with two similarity measuring techniques: cosine similarity and Jaccard coefficient. Among the

different types of word sense relationships, we have used a synonymy of the senses of the words



to identify the sense of the target word.

Because of lack of resources and difficulty of organizing example sentences for different senses
of words, we have selected 17 words for the experiments. Some of the selected words have
more than two senses that are given by a dictionory but we have been able to select only up to
three senses. In all word WSD task, the prototype is expected to disambiguate all open-class
words in a text (i.e., nouns, verbs, adjectives, and adverbs)[3]. So the words selected for the
experiment are from this four word classes. However, the experiments are limmited to
disambiguation of a single target word from a given text. This is because, tagged example

sentences were collected for only 17 words.

1.5. Significance of the Study

The result of this study produces experimental evidences that demonstrate the use of corpus
based Lesk algorithm for the development of Amharic WSD system. The study contribute for
future researches and development in the different areas of NLP specifically in machine
translation, speech processing, text processing, Information Retrieval, gammatical analysis,

content and thematic analysis as those areas require WSD as complement.

In addition, this study illustrates the application of similarity measures for disambiguating word
sense by using tagged example sentences. The experimental results shows the possibility of
applying a WSD system that would work for all Amharic word classes which will pave a way for

future researchers to investigate and study more on all-words WSD for Amharic.

1.6. Methodology of the study
Research methodology is a systematic way to solve a problem and is the procedures by which

researchers go about their work of describing, explaining and predicting phenomena. The role of
the methodology is to carry on the research work in a scientific and valid manner. The
methodology consists of procedures and techniques for conducting a study [14]. Accordingly, the
tools and techniques that are employed in this study to achieve the specified objectives is

described below.



1.6.1. Research Design

Research design is the arrangement of conditions for collection and analysis of data in a manner
that aims to combine relevance to the research purpose with economy in procedure. Research
design is needed because it facilitates the smooth sailing of the various research operations,
thereby making research as efficient as possible yielding maximal information with minimal

expenditure, time and money [15].

For this study we have used empirical research method which is data-based research, coming up
with conclusions which are capable of being verified by observation or experiment. In such a
research it is necessary to get at fact firsthand, at their source, and actively to go about doing
certain things to simulate the production of desired information. The researcher sets up
experimental designs which will manipulate the persons or the materials concerned so as to bring
forth the desired information [15].

1.6.2. Dataset preparation

To achieve the objective of the research, preparation of dataset is one important task. For this
purpose, sentences containing the ambiguous words are collected from different sources on the
internet. The sentences are taken from news, megazins, spritual scripts, opnions and reports from
govermental and non-govermental organizations.We choose these sources to be able to capture
the different senses of the selected words. As shown in table 1.1, we have selected 9 nouns, 3
verbs, 3 adjectives and 2 adverbs, a total of 17 words randomly from the Amharic-Amharic

dictionary [16] to test the WSD prototype.

Senses
Word classes | Words | 1 2 3
And AO4F 14 hed T0C
HC TO-NL HCE n&& oY R
A&t | PAhA h&A aoen.aoC eHaA TITT T -
Nouns Lhye HAT it _
a7 | AT, HE,ANGC 7449 -
4+ avnée, &+, TP e, eohe-, AP -
AL PaNs-h h4-2 VA7 -




Lo | aut oCem, M-A3T TIADP -
PD 429, TPI° +ao7y _
Verbs 240 T2 P ne _
#Lm 7a0g. o0y _
AnNd AN AhNE n& A4 -
Adjectives 70t¢ | o eU191C ThhAG CAUT -
Lo9P £24 PP _
e | e YTRE :
Adverbs OPnF | Ot 0CoF OMPts 298 -
oL4t | ATLPTAD LI hét hPaen, -

Table 1.1: list of words used for testing with their respective senses

The dataset is preprocessed before being used by the WSD system. The dataset will be first
tokenized, in order to analyze text into a sequence of discrete tokens (words). After tokenizing
the sentences, stop word removal, which is the removal of most frequently appearing words, and
stemming, a task of bringing words in to their root form is done. The other preprocessing task is
normalization which helps to bring texts in to standard forms.

1.6.3. Tools and Techniques

Python programming language is used for preprocessing the dataset and the development of the
WSD system. The system is implemented on python 2.7.11 IDE. Python is easy to learn and
powerful programming language that has efficient high-level data structures. Python has elegant
syntax and dynamic typing with its interpreted nature, which makes it an ideal language for
scripting and rapid application development in many areas [17]. This tool is chosen because of
the familiarity of the researcher to the tool, it’s language independency and freely available on

the internet.

In this research, knowledge based approach using manually constructed Amharic Word-Net is
employed for disambiguating input text. We implement corpus based Lesk algorithm which the
variation of simple Lesk algorithm that is frequently used to solve the semantic ambiguity of a
target word and relies on the calculation of the word overlap between the sense definitions of two

or more target words and manually annotated corpora [18]. The similarity between the input text



and the corpus is computed by using two similarity measures: cosine similarity and Jaccard
coefficient. This two similarity measures are selected because they are most popular similarity

measures and can easily be implemented [19].

1.6.3.1. Testing and Experimental procedure

Five experiments are conducted in this thesis. First, the selected similarity measures (Jaccard
coefficient and cosine similarity) and Lesk algorithm are experimented individually and then
combination of similarity measures with lesk algorithm are tested for disambiguation of the
ambiguous words. We have arranged dataset to test the WSD system prototype. The test dataset
incorporate 10 manually tagged test sentences for each senses of the selected ambiguous words.
The accuracy of the system is measured to evaluate the performance of the system.

1.7.  Organization of the thesis

This thesis is organized in to six chapters. The first chapter is the introduction part of the thesis
which includes the background, statement of the problem, objectives of the study, scope and
limitation of the research, methodology and significance of the study. The second chapter is the
literature review part. In this chapter the conceptual review of WSD such as the overview of
different methodological approachs and evaluation meachanisms are presented. In addition,
review of related works in the area of WSD for local languages are summerized in this chapter to
show the contribution of the current study. The third chapter introduces the Amharic language
which incorporates Amharic writing system, Amharic word classes and Ambiguity in Amharic
language. Chapter four presents the design of the WSD system prototype which embraces the
architecture of the WSD prototpe, description of preparation of Word-Net and the corpus and the
similarity measures. The fifth chapter discusses the preparation of test dataset, experimental
procedure, findings and challenges of the study in detail. And the last chapter, chapter six,

presents conclusion and recommendations.



CHAPTER TWO

Literature Review

A word is assumed to have a finite number of discrete senses, often given by a dictionary,
thesaurus, or other reference sources [20]. For that reason, human language is ambiguous, so that
many words can be interpreted in multiple ways depending on the context in which they occur.
For instance, the Amharic word ¢-+4 (fetena) can mean “Exam” or “challenge” depending on the
context. Therefore, a program is needed to make forced choice between these senses of each
usage of an ambiguous word based on the context [20]. The computational identification of
meaning for words in context is called word sense disambiguation (WSD) [3].

According to Manning [20], WSD refers to a task that automatically assigns a sense, selected
from a set of pre-defined word senses to an instance of a polysemuous word in a particular
context. So the goal of this task is to ground the meaning of words in certain contexts into
concepts as defined in some dictionary or lexical repository [4]. The task necessarily involves
two steps [4]. The first step is the determination of all the different senses for every word
relevant (at least) to the text or discourse under consideration. This is followed by the design of a

means to assign each occurrence of a word to the appropriate sense.

Disambiguating word senses has the potential to improve many NLP tasks, such as machine
translation, information retrieval, question-answering, text categorization and speech synthesis
[2]. Although WSD is an important task it is challenging problem in the area of NLP, because of
basically two reasons. First, dictionary-based word sense definitions are ambiguous. Even if
trained linguists manually tag the word sense, the inter-agreement is not as high as would be
expected. That is, different annotators may assign different senses to the same instance. Second,
WSD involves much world knowledge or common sense, which is difficult to verbalize in
dictionaries [20]. In the following subsections the applications, tasks, methodological approaches

of WSD and evaluation mechanisms are discussed in detail.

2.1.  Applications of WSD

WSD is a potential intermediate task for many other NLP systems. The main field of application

of WSD is Machine Translation, but it is used in near about all kinds of linguistic researches.
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Furthermore, the need of enhanced WSD capabilities appears in many applications whose aim is

not language understanding. Among others, to mention some of them [1] [3] [21]:

2.2.

Machine translation (MT): This is the field in which the first attempts to perform WSD
where carried out. WSD is required for machine translations, as a few words in every
language have different translations based on the contexts of their use. There is no doubt

that some kind of WSD is essential for the proper translation of polysemous words.

Information Retrieval (IR): WSD can be used in IR in order to discard occurrences of
words in documents appearing with inappropriate senses. An accurate disambiguation of
the document base, together with a possible disambiguation of the query words, would
allow it to eliminate documents containing the same words used with different meanings
(thus increasing precision) and to retrieve documents expressing the same meaning with
different wordings (thus increasing recall).

Information extraction (IE) and text mining: WSD plays an important role for
information extraction in different research works, where it is interesting to distinguish
between specific instances of concepts, as Bioinformatics research, Named Entity
recognition system, co-reference resolution etc.

Semantic Parsing: WSD can be applied in restricting the space of competing parses, especially,
for the dependencies, such as prepositional phrases.

Speech Synthesis and Recognition: WSD could be useful for the correct phonetisation of
words in Speech Synthesis, and for word segmentation and homophone discrimination in

Speech Recognition.

Word Sense

The meaning of a word can vary enormously given the context. We represent some of this

contextual variation by saying that the lemma bank has two senses. A word sense [3]is a discrete

representation of one aspect of the commonly accepted meaning of a word. There are various

relationships between word senses [22]:

Homonymy: The word homonym is used for two senses which share both spelling and

an orthography. A special case of multiple senses that causes problems especially for

11



speech recognition and spelling correction is homophones. Forexample, “£99%” is
homonymy having two senses (“274”) vs (“¢9°¢”).

Homophones: are senses that are linked to lemmas with the same pronunciation but
different spelling, such as wood/would or to/two/too. A related problem for speech
synthesis is homographs which are distinct senses linked to lemma with the orthographic
form but different pronunciations. But there is no such kind of case for Amharic words.
Polysemy: Sometimes, however, there is some semantic connection between the senses
of a word. When two senses are related semantically, we call the relationship between
them polysemy rather than homonymy. In many cases of polysemy the semantic relation
between the senses is systematic and structured.

Metonymy: is a subtype of Polysemy which is the use of one aspect of a concept or
entity to refer to other aspects of the entity, or to the entity itself. Thus we are performing
metonymy when we use the phrase the White House to refer to the administration whose
office is in the White House.

Synonymy: When the meanings of two senses of two different words (lemmas) are
identical or nearly identical we say the two senses are synonyms. A more formal
definition of synonymy that two words are synonymous if they are substitutable one for
the other in any sentence without changing the truth conditions of the sentence. We often
say in this case that the two words have the same propositional meaning. Words like “¢,0”
and “tav7” are related with this kind of sense relationship.

Antonyms, by contrast, are words with opposite meaning. It is difficult to give a formal
definition of antonyms. Two senses can be antonyms if they define a binary opposition or
are at opposite ends of some scale. This is the case for “T&C 718", “Ag>C"1 " &9, Or
“te®”/ 720", which are at opposite ends of the length or size scale. Another group of
antonyms is reversers, which describe some sort of change or movement in opposite
directions.

Hyponymy: One sense is a hyponym of another sense if the first sense is more specific,
denoting a subclass of the other; For example, “AZ24” is a hyponym of “.gwo7”
Conversely, we say that “.€=27 is a hyponyms of “AZa4”. It is unfortunate that the two
words (hyponyms and hyponym) are very similar and hence easily confused; for this

reason the word super ordinate is often used instead of hypernymes.
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2.3. Word Sense Disambiguation Tasks

There are two variants of the generic WSD tasks [3] [22]: the lexical sample task and the all-
word task. In the lexical sample task, a small pre-selected set of target words is chosen, along
with an inventory of senses for each word from some lexicon. Since the set of words and the set
of senses is small, supervised machine learning approaches are often used to handle lexical
sample tasks. For each word, a number of corpus instances (context sentences) can be selected
and hand-labeled with the correct sense of the target word in each. Classifier systems can then be
trained using these labeled examples. Unlabeled target words in context can then be labeled
using such a trained classifier. Early work in word sense disambiguation focused solely on
lexical sample tasks of this sort, building word-specific algorithms for disambiguating single
words like £74, $2or HL.

In contrast, in the all-words task systems are given entire texts and a lexicon with an inventory
of senses for each entry, and are required to disambiguate every content word in the text. All-
words WSD, where systems are expected to disambiguate all open-class words in a text (i.e.,
nouns, verbs, adjectives, and adverbs). The all-words task is very similar to part-of-speech
tagging, except with a much larger set of tags, since each lemma has its own set. A consequence
of this larger set of tags is a serious data sparseness problem; there is unlikely to be adequate
training data for every word in the test set. On the other hand, other approaches, such as
knowledge-lean systems, rely on full-coverage knowledge resources, whose availability must be

assured [3].

2.4.  Knowledge Sources for WSD

Knowledge is a fundamental component of WSD. Knowledge sources [3] [4] provide data which
are essential to associate senses with words. We can see the knowledge sources by classifying

them in to structured resources and unstructured resources.

2.4.1. Structured Resources

According to Robert [3] and Nancy [4], structured resources include the following:

* Thesauri
Thesaurus is structured knowledge source which provide information about relationships

between words, like synonymy, antonyms and, possibly, further relations. The most widely used
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thesaurus in the field of WSD is Roget’s International Thesaurus which was put into machine-
tractable form in the 1950's and has been used in a variety of applications including machine
translation, information retrieval, and content analysis. The thesaurus also supplies an explicit
concept hierarchy consisting of up to eight increasingly refined levels. Typically, each
occurrence of the same word under different categories of the thesaurus represents different
senses of that word,; i.e., the categories correspond roughly to word senses. A set of words in the
same category are semantically related. The latest edition of the thesaurus contains 250,000
English word entries organized in six classes and about 1000 categories. Some researchers also
use the Macquarie Thesaurus by Bernard in 1986, which encodes more than 200,000 synonyms.

« Machine-readable dictionaries (MRDs)
MRD have become a popular source of knowledge for natural language processing since the
1980s, when the first dictionaries were made available in electronic format: Collins English
Dictionary, the Oxford Advanced Learner’s Dictionary of Current English, the Oxford
Dictionary of English, and the Longman Dictionary of Contemporary English (LDOCE). A
primary area of activity during the 1980's involved attempts to automatically extract lexical and
semantic knowledge bases from MRDs. While dictionaries provide detailed information at the
lexical level, they lack pragmatic information that enters into sense determination.

« Ontologies
Ontologies are specifications of conceptualizations of specific domains of interest, usually
including taxonomy and a set of semantic relations. In this respect, Word-Net and its extensions
can be considered as ontologies. Word-Net is a computational lexicon of English based on
psycholinguistic principles, created and maintained at Princeton University. It encodes concepts
in terms of sets of synonyms (called synsets). Its latest version, Word-Net 3.0, contains about
155,000 words organized in over 117,000 synset. There are various Word-Nets constructed for
Languages other than English. Table 2.1 presents list of some Word-Nets in different languages
[23].

14



Language Resource name Developer(s)

English EuroWord-Net English University of Sheffield

French WoNeF CEA-LIST

French WOLF ALPAGE team: INRIA, Universite Paris
Diderot — Paris 7

German GermaNet Universitat Tubingen

Hindi Hindi Word-Net Indian institute of Technology Bombay

Powai, Mumbai

Arabic Arabic Word-Net Arabic Word-Net

Multilingual(200+ | Open Multilingual Word-Net | Linguistic and Multiligual Studies, NTU

languages)

Table 2.1: Some Word-Nets in the world

2.4.2. Unstructured resources

The unstructured knowledge resource is a corpora, which is collections of texts used for learning
language models. Corpora can be sense-annotated or raw (i.e., unlabeled). Both kinds of
resources are used in WSD, and are most useful in supervised and unsupervised approaches,
respectively. The most popular Raw corpora are the following: one is the Brown Corpus, a
million word balanced collection of texts published in the United States in 1961; the other is the
British National Corpus (BNC), a 100 million word collection of written and spoken samples of
the English language (often used to collect word frequencies and identify grammatical relations
between words). There is also the Wall Street Journal (WSJ) corpus, a collection of
approximately 30 million words from WSJ; the American National Corpus, which includes 22
million words of written and spoken American English; etc. Sense-Annotated Corpora are
corpora like SemCor, the largest and most used sense-tagged corpus, which includes 352 texts
tagged with around 234,000 sense annotations; MultiSemCor, an English-Italian parallel corpus
annotated with senses from the English and Italian versions of Word-Net; the line-hard-serve
corpus containing 4000 sense-tagged examples of these three words (noun, adjective, and verb,
respectively); the interest corpus with 2369 sense-labeled examples of noun interest to mention

some of them [3].
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2.5. Approaches in Word Sense Disambiguation

Since the 1950s, many approaches have been proposed for assigning senses to words in context,
although early attempts only served as models for toy systems. Currently, there are two main

methodological approaches in this area: knowledge-based and corpus-based methods [2].

2.5.1. Knowledge based approach

Knowledge-based methods use external knowledge resources, which define explicit sense
distinctions for assigning the correct sense of a word in context. The aim of Knowledge based
approach (Dictionary based approach) WSD is to exploit knowledge resources to infer the senses
of words in context. Work on WSD reached a turning point in the 1980s and 1990s when large-
scale lexical resources such as dictionaries, thesauri, and corpora became widely available. These
approaches, by exploiting the knowledge contained in the dictionaries, mainly seek to avoid the
need for large amounts of training material. Word-Net is the mostly used machine readable
dictionaries in this research field [2] [24]. There are various algorithms to knowledge based

WSD, three of them are discussed below:

2.5.1.1. The Lesk Algorithm

Lesk algorithm [1]is the first machine readable dictionary based algorithm built for word sense
disambiguation. This algorithm depends on the overlap of the dictionary definitions of the words
in a sentence. In this approach, First of all a short phrase (containing an ambiguous word) is
selected from the sentence. Then, dictionary definitions (glosses) for the different senses of the
ambiguous word and the other meaningful words present in the phrase are collected from an
online Dictionary. Next, all the glosses of the key word are compared with the glosses of other
words. The sense, for which the maximum number of overlaps occurs, represents the desired
sense of the ambiguous word. The simplest version of the algorithm, often called the Simplified

Lesk algorithm by Kilgarriff and Rosenzweig presented in algorithm 2.1. below: [18]
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(1) for each sense i of W1

(2) for each sense j of W2

3 compute Overlap(i,j), the number of words in common
between the definitions of sense i and sense j

(4) findiand j for which Overlap(i,j) is maximized

(5) assign sense i to W1 and sense j to W2

Algorithm 2.1: Simplified Lesk algorithm

The primary problem [25] with either the original or simplified approaches, however, is that the
dictionary entries for the target words are short, and may not provide enough chance of overlap
with the context. There are Variations of the Lesk Algorithm such as simulated annealing and
Augmented Semantic spaces [18].
« Simulated Annealing

The major problem with the original Lesk algorithm is it leads to a combinatorial explosion
when applied to the disambiguation of more than two words. As cited on [18] Cowie et al.(1992)
proposed simulated annealing as a solution to this problem. Cowie define a function E that
reflects the combination of word senses in a given text, and whose minimum should correspond
to the correct choice of word senses. For a given combination of senses, all corresponding
definitions from a dictionary are collected, and each word appearing at least once in these
definitions receives a score equal to its number of occurrences. Adding all these scores together
gives the redundancy of the text. The E function is then defined as the inverse of redundancy,
and the goal is to find a combination of senses that minimizes this function. To this end, an initial
combination of senses is determined ( e.g., pick the most frequent sense for each word), and then
several iterations are performed, where the sense of a random word in the text is replaced with a
different sense, and the new selection is considered as correct only if it reduces the value of the E
function. The iterations stop when there is no change in the configuration of senses [18].

Algorithm 2.2 shows how simulated annealing works [18]:
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(1) for each sense i of W

(2)  determine Overlap(i), the number of words in common
between the definition of sense i and current sentential context

(3)  find sense i for which Overlap(i) is maximized

(4) assign sense i to W

Algorithm 2.2: Algorithm for Simulated Annealing

« Corpus based Lesk algorithm

A corpus based Lesk algorithm [18]is other variation of the Lesk algorithm which is frequently
used to solve the semantic ambiguity of a target word, using manually annotated corpora. This
corpus-based variation has the capability to augment the sense-centered context of a word with
additional tagged examples. Subsequently, the most likely sense for a new occurrence of the
ambiguous target word is identified as the one with the highest dictionary overlap between the sense-
centered contexts and the new context. The steps of Corpus based algorithm are presented below
in algorithm 2.3: [18]

(1) for each sense i of W
(2) setWeight(i)to 0
(3) for each [unique] word w in surrounding context of W
(4) if wappears in the training examples or
Dictionary definition of sense i
(5) add Weight(w) to Weight(i)
(6) choose sense i with highest Weight(i)

Algorithm 2.3: Corpus based Lesk algorithm

The weight of a word is defined using a measure borrowed from the information retrieval
community: Weight (w) is the inverse document frequency (IDF) of the word w over the
examples and dictionary definitions. The IDF of a word is —log(p(w)), where p(w) is estimated as

the fraction of examples and definitions including the word w [18].
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e Augmented Semantic Spaces

Another variation of the Lesk algorithm, called the adapted Lesk algorithm [18], which was
introduced by Banerjee and Pedersen. In this algorithm the definitions of related words are used
in addition to the definitions of the word itself to determine the most likely sense for a word in a
given context. Banerjee and Pedersen employ a function similar to the one defined by Cowie to
determine a score for each possible combination of senses in a text, and attempt to identify the
sense configuration that leads to the highest score.

While the original Lesk algorithm considers strictly the definition of a word meaning as a source
of contextual information for a given sense, this algorithm is based on the Word-Net hierarchy.
The algorithm takes into account hypernyms, hyponyms, holonyms, meronyms, troponyms,
attribute relations, and their associated definitions to build an enlarged context for a given word

meaning. Algorithm 2.4 desctibes steps followed by augmented semantic space: [18]

1. Select a context: optimizes computational time so if N is long, we will define K context around the
target word (or k-nearest neighbor) as the sequence of words starting K words to the left of the target
word and ending K words to the right. This will reduce the computational space that decreases the
processing time. For example: If k is four, there will be two words to the left of the target word and two

words to the right.

2. For each word in the selected context, we look up and list all the possible senses of both POS (part of

speech) noun and verb.
3. For each sense of a word (Word Sense), we list the following relations (example of pine and cone):

o Its own gloss/definition that includes example texts that Word-Net provides to the glosses.

e The gloss of the synsets that are connected to it through the hypernym relations. If there is more
than one hypernym for a word sense, then the glosses for each hypernym are concatenated into a
single gloss string (*).

e The gloss of the synsets that are connected to it through the hyponym relations (*).

e The gloss of the synsets that are connected to it through the meronym relations (*).

e The gloss of the synsets that are connected to it through the troponym relations (*).
(*) All of them are applied with the same rule.

4. Combine all possible gloss pairs that are archived in the previous steps and compute the relatedness by
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searching for overlap. The overall score is the sum of the scores for each relation pair.

Algorithm 2.4: Augmented Semantic Spaces algorithm

25.1.2. Selectional Restrictions and Selectional Preferences

A historical type of knowledge-based algorithm is one which exploits selectional preferences to
restrict the number of meanings of a target word occurring in context.Selectional preferences or
restrictions are constraints on the semantic type that a word sense imposes on the words with
which it combines in sentences (usually through grammatical relationships) [3]. Selectional
preferences capture information about the possible relations between word categories, and
represent commonsense knowledge about classes of concepts. Selectional restrictions are
associated with senses, not entire lexemes [25].

Selectional preferences are difficult to put them into practice to solve the problem of WSD

becuase of the circular relation between selectional preferences and WSD: learning accurate
semantic constraints requires knowledge of the word senses involved in a candidate relation, and,
vice versa, WSD can improve if large collections of selectional preferences are available
[18].The most frequently used approaches that try to overcome this circularity and automatically
learn selectional preferences are based on frequency counts, information-theory measures, or

class-to-class relations acquired from manually-crafted taxonomies [18].

Frequency counts of word-to-word relations are useful measures to account for the semantic fit
between words. Given a pair of words w1l and w2 and a syntactic relation R (e.g., subject-verb,
verb-object, etc.), this method counts the number of instances (R, wl, w2) in a corpus of parsed
text, obtaining a figure Count(R, w1, w2). Another estimation of the semantic appropriateness of
a word-to-word relation is the conditional probability of word w1 given the other word w2 and
the relation R: [3]

P (wl]|w2, R) = Count (wl,w2,R) Count(w2,R)
» Heuristic Method
The heuristics method predicts word meanings based on heuristics drawn from linguistic
properties observed on large texts. Three types of heuristics are used as a baseline for estimating

WSD system: Most Frequent Sense, One Sense per Discourse and One Sense per Collocation
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[18]. The Most Frequent Sense is very simple method which is often used as a baseline for WSD.
This apprachworks by finding all likely senses that a word can have and it is basically right that
one sense occurs often than the others. The drawback associated with this method is that sense
distributions may not always be available, and therefore the most-frequent-sense heuristic is
applicable only to those few languages for which significantly large sense-tagged corpora are
available. Moreover, a change in domain can significantly affect the sense distributions,
considerably decreasing the performance of this simple heuristic [18].

One Sense per Discourse was introduced by Gale as cited on [1], says that a word will preserve
its meaning among all its occurrences in a given text. This is a rather strong rule since it allows
for the automatic disambiguation of all instances of a certain word, given that its meaning is
identified in at least one such occurrence. And finally, One Sense per Collocation is same as One
Sense per Discourse except it is assumed that words that are nearer provide strong and consistent
signals to the sense of a word [1]. It was introduced by Yarowsky in 1993, and it states that a
word tends to preserve its meaning when used in the same collocation. In other words, nearby
words provide strong and consistent clues to the sense of a target word. It was also observed that
this effect is stronger for adjacent collocations, and becomes weaker as the distance between

words increases [18].

2.5.2. Corpus based approach

Corpus-based approaches are those that build a classification model from examples. These
methods involve two phases: learning and classification [21]. The learning phase consists of
learning a sense classification model from the training examples. The classification process
consists of the application of this model to new examples in order to assign the output senses.
Most of the algorithms and techniques to build models from examples come from the Machine

Learning area of Al, such as supervised and unsupervised approach [21].

25.2.1. Supervised Approach

In the last 15 years, the NLP community has witnessed a significant shift from the use of
manually crafted systems to the employment of automated classification methods. Supervised
WSD is an automated classification method that uses machine-learning techniques for inducing a

classifier from manually sense-annotated data sets. In supervised disambiguation, a
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disambiguated corpus is available for training [26]. Usually, the classifier (often called word
expert) is concerned with a single word and performs a classification task in order to assign the
appropriate sense to each instance of that word. The training set used to learn the classifier
typically contains a set of examples in which a given target word is manually tagged with a sense
from the sense inventory of a reference dictionary. In most cases, supervised approaches to WSD
have obtained better results than unsupervised methods [3]. There are different supervised

algorithms that are used for the task of WSD, the most common one’s are discussed below:

A. Naive Bayes
A Naive Bayes classifier [27] is a simple probabilistic classifier based on the application of

Bayes' theorem. It has been used in its most classical setting, that is, assuming the independence
of features, it classifies a new example by assigning the class that maximizes the conditional
probability of the class given the observed sequence of features of that example. Model
probabilities are estimated during the training process using relative frequencies. To avoid the
effect of zero counts, a very simple smoothing technique has been used. Despite its simplicity,
Naive Bayes is claimed to obtain state-of-the-art accuracy on supervised WSD in many articles
[27].

The Naive Bayes classifier [25] approach to WSD is based on the premise that choosing the best
sense s out of the set of possible senses S for a feature vector amounts to choosing the most
probable sense given that vector. It relies on the calculation of the conditional probability of each
sense S; of a word w given the features fj in the context. The maximum value evaluated from the
formula represents the most appropriate sense in the context [1]:

. argmax B argmax  P(fy, ..., [ml|S)P(S;)
$= s; € Sensep(w) P(Silfis ) fm) = s; € Sensep(w) P(fi, eer fin)

argmax

= YPEITIE PUGISD s 2.1)

s; € Sensep(w

Where, the number of features is represented by m. The probability P(S;) is calculated from the
co-occurrence frequency in training set of sense and P( f; | S;) is calculated from the feature in the

presence of the sense. The steps for Naive Bayes algorithm is shown in algorithm 2.5 [28]:
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1. Initialize context c, sense s, and ambiguous word w.
2. As per training context

3. P IWO= e PS)TIM™, PCF 1)
- P /s, € Sensep (w)" MW/ H=1E U IR

Calculate Maximized p(s | w,c)
4. Select one with highest value

5. Map sense according to the highest accuracy.

Algorithm 2.5: Naive Bayes algorithm

B. Decision list

Decision list classifiers are equivalent to simple case statements in most programming languages.
Decision list is an ordered set of “if-then-else” rules for categorizing test instance. In this setting,
a Decision List is a list of features extracted from the training examples and sorted by a log-
likelihood measure [27]. Using those rules few parameters like feature-value and sense score are
created. Based on the decreasing scores, final order of rules is generated, which creates the
decision list [1]. In this approach, a sequence of tests is applied to each target word feature vector.

Each test is indicative of a particular sense [25].

When testing, the decision list is checked in order and the feature with the highest weight that
matches the test example is used to select the winning word sense. When any word is considered,
first its occurrence is calculated and its representation in terms of feature vector is used to create
the decision list, from where the score is calculated. The maximum score for a vector represents
the sense [27]. Thus, only the single most reliable piece of evidence is used to perform
disambiguation. If a test succeeds, then the sense associated with that test is returned. If the test
fails, then the next test in the sequence is applied. This continues until the end of the list, where
default tests simply return the majority test [25]. Algorithm 2.6 presents the steps followed by

dicision list:
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1. Read data set and calculation POS
2. Prepare context containing various senses of word
3. Calculate frequency at context (i.e. - p- and +P+), (where P- Negative and P+ Positive)

4. Calculate information gain for calculating entropy (S) =-P+log2P+-P-log2P-

5. Gain (S,A)= Entropy(S) -Y.vep A% Entropy (S,)

6. Select highest (Entropy, Attribute ratio)

Algorithm 2.6: Decision list algorithm

C. Neural Networks

In the Neural Network [1] [2] based computational model, artificial neurons are used for data
processing using connectionist approach. Input of this learning program is the pairs of input
features, and goal is to partition the training context into non-overlapping sets. Next, a larger
activation of these newly formed pairs is produced and link weights are gradually adjusted.
Neural networks can be used to represent words as nodes and these words will activate the ideas
to which they are semantically related. The aim is to use the input features to partition the
training contexts into non-overlapping sets corresponding to the desired responses. As new pairs
are provided, link weights are progressively adjusted so that the output unit representing the
desired response has a larger activation than any other output unit. Neural networks are trained
until the output of the unit corresponding to the desired response is greater than the output of any
other unit for every training example. For testing, the classification determined by the network is
given by the unit with the largest output. Weights in the network can be either positive or

negative, thus enabling the accumulation of evidence in favor or against a sense choice.

D. Support Vector Machine
The SVM [3] [21] based algorithms are used to classify few examples into two distinct classes.

The algorithms are based on the Structural Risk Minimization principle from the Statistical
Learning Theory. This 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. The positive and negative examples which are closest to the hyperplane are called

support vector [3]. Figure 2.1 illustrates the geometric intuition: the line in bold the plane which
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separates the two classes of examples, whereas the two dotted lines denote the plane tangential to

the closest positive and negative examples. [3]

Figure 2.1: The geometric intuition of SVM

The classification of the test example depends on the side of the hyperplane, where the test
example lies in. The input features can be mapped into a high dimensional space also, but in that
case, to reduce the computational cost of the training and the testing procedure in high
dimensional space, some kernel functions are used. A regularization parameter is used in case of
non-separable training examples. The default value of this parameter is considered as 1. This
regularization procedure controls the trade-off between the large margin and the low training
error [1]. 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 [3].

2.5.2.2.  Unsupervised approach

Unsupervised 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
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word occurrences, and then classifying new occurrences into the induced clusters [24]. The
unsupervised approach needs less computing time and memory space. It is suitable for online
machine translation and information retrieval. This approach has two types of distributional
approaches; the first one is monolingual corpora and the other is translation equivalence based on
parallel corpora [1].

These algorithms generally do not assign meaning to the words instead they discriminate the
word meanings based on information, found in un-annotated corpora. By sense discrimination
we mean that one can cluster the contexts of an ambiguous word into a number of groups and
discriminate between these groups without labeling them [26]. Admittedly, unsupervised WSD
approaches have a different aim than supervised and knowledge-based methods, that is,
identifying sense clusters compared to that of assigning sense labels [24].

Unsupervised methods have the potential to overcome the knowledge acquisition bottleneck, that
is, the lack of large-scale resources manually annotated with word senses [3]. 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 [24]. However, it theoretically has worse
performance than the supervised approach because it relies on less knowledge [29]. There are

different unsupervised approaches that can be applied for construction WSD.

A. Single link and complete link clustering

In single link clustering [20]the similarity between two clusters is the similarity of the two
closest objects that are from the two different clusters and select the pair with the greatest
similarity. We search over all pairs of objects that are from the two different clusters and select
the pair with the greatest similarity. Single-link clustering has clusters with the good local
coherence since similarity function is locally defined. However, clustering can be elongated or
“straggly “which sometimes called chaining effect. Single-link clustering is closely related to
the minimum spanning tree of a set of points. A single-link clustering can be constructed top-
down from an minimum spanning tree by removing the longest edge in the minimum spanning
tree so that two unconnected components are created, corresponding to two sub clusters. The
same operation is then recursively applied to these two sub clusters.

Complete-link clustering [20] has a similarity function that focuses on global cluster quality as
opposed to locally coherent clusters as in that if single-link clustering. The similarity of two
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clusters is the similarity of their two most dissimilar members. Complete-link clustering avoids
elongated clusters. The disadvantage of complete-link clustering is that it has time complexity
(n®) since there are n merging steps and each step requires O(n?) comparisons to find the smallest
similarity between any two objects for each cluster pair( where n is the number of objects to be
clustered). Single-link and complete-link clustering can be graph-theoretically interpreted as

finding a maximally connected and maximally complete graph.

B. K-means clustering
K-means [25] [18] is a clustering algorithm that defines clusters by the center of mass of their

members. The aim of K-means algorithm is to partition n observations into k clusters in which
each statement belongs to the cluster with the nearest mean. This results into a splitting of the
data space into Verona cells. The procedure follows a simple way to cluster a given data set
through a certain number of clusters (assume k clusters) fixed a priority. We need a set of initial
cluster centers at the beginning. Then we go through several iterations of assigning each object to
the cluster whose center is closest. After all objects have been assigned, we recomputed the
center of each of cluster as the centroid or mean of its member as shown in algorithm 2.7, that is
¢j. The distance function may be Euclidean distance or manhatten distance. The time complexity
of K-means clustering is O(n) since both steps of iteration are O(n) and only a constant number
of iterations is computed.

1. Given:asetX={y,......n} R"

a distance measure d: R™ R™ R
a function for computing the mean : P(R) R™
Select Kk initial centers 4,.....«

for all clusters c; do

¢ ={al1d(i )}

2

3

4

5. while stopping criterion is not true do
6

7

8. end

9

for all means ; do

10. = ()
11. end
12. End

Algorithm 2.7: The K-means clustering algorithm
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C. Expectation Maximization (EM)
One way to introduce the EM algorithm is as a ‘soft’ version of K-mean clustering [20]. An
expectation— maximization (EM) algorithm is an iterative method for finding maximum
likelihood or maximum a posteriori (MAP) estimates of parameters in statistical models, where
the model depends on unobserved hidden variables ® of a probability distribution, given
measurement data U. EM is usually described as two steps the Expectation step and the
Maximization step. The Expectation step computes the expectation of the log likelihood
evaluated using the current estimate for the parameters, and the Maximization step computes
parameters maximizing the expected log-likelihood found on the Expectation step [30]. The two

EM steps can also be described in six steps as shown in algorithm 2.8: [30]

Step 1: pick an initial guess 8™=% for 6.

Step 2: Given the observed data y and pretending for the moment that your current guess is
correct, calculate how likely it is that the complete data is exactly X, that is, calculate
the conditional distribution.

Step 3: Throw away your guess, but keep Step 2’s guess of the probability of the complete data.

Step 4: In Step 5 we will make a new guess of that maximizes (the expected). We’ll
have to maximize the expected because we don’t know, but luckly in step 2 we made a
guess of the probability distribution of. So, we will integrate over all possible values of,
and for each possible value of, we weight by the probability of seeing that. However,
we don’t really know the probability of seeing that we made in step 2, which was. The

expected is called the Q- function:

Q(6]6™) = expected logp(x|6) = E 4, gm[l0g(X|6)]

= f log p(x16) p(x|y, 6T™)dx,
x(y)

Where you integrate over the support of x given y, x(y), which is the closure of the set
{. Note that is a free variable in the above equation, so the Q-function of, and also
depends on your old guess.
Step 5: make a new guess that maximizes the expected log-likelihood given in the above

equation.

Step 6: let m=m+1 and go back to step 2.

Algorithm 2.8: K-means algorithm
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The key property of EM algorithm [20] is monotonicity: with iteration of E and M steps, the
likelihood of the model given the data increases. This guarantees that each iterations produces
model parameters that are more likely given the data we see. However, while the algorithm will
eventually move to a local maximum, it will often not find the globally best solution. EM is
useful for several reasons: conceptual simplicity, ease of implementation, and the fact that each
iteration improves expectation. The rate of convergence on the first few steps is typically quite
good, but can become excruciatingly slow as you approach local optima. Generally, EM works
best when the fraction of missing information is small and the dimensionality of the data is not
too large. EM can require much iteration, and higher dimensionality can dramatically slow down
the E-step.

D. BIRCH algorithms

Balanced lIterative Reducing and Clustering using Hierarchies (BIRCH) [31] [32] incrementally
and dynamically clusters incoming multi-dimensional metric data points to try to produce the
best quality clustering with the available resources (i. e., available memory and time constraints).
BIRCH can typically find a good clustering with a single scan of the data, and improve the
quality further with a few additional scans. BIRCH is also the first clustering algorithm proposed
in the database area to handle “noise”. It introduces two concepts, clustering feature and
clustering feature tree (CF tree), which are used to summarize cluster representations. A CF tree
is a height-balanced tree that stores the clustering features for a hierarchical clustering. CF tree
consists a branching factor (maximum number of children per none leaf node) B and threshold T.
Each internal node contains a CF triple for each of its children. Each leaf node also represents a
cluster made up of all sub clusters represented by its entries and contains a CF entry for each sub
cluster in it. A sub cluster in a leaf node must have a diameter no greater than a given threshold

value (maximum diameter of sub-clusters in the leaf node).

An object is inserted to the closest leaf entry (sub cluster). All the entries in a leaf node must
satisfy the threshold requirements with respect to the threshold value T, that is, the diameter of
the sub cluster must be less than T. If the diameter of the sub cluster stored in the leaf node after
insertion is larger than the threshold value, then the leaf node and other nodes are split. After the

insertion of the new object, information about it is passed toward the root of the tree. The size of
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the CF tree can be changed by modifying the threshold. These structures help the clustering
method achieve good speed and scalability in large databases. BIRCH is also effective for
incremental and dynamic clustering of incoming objects. This algorithm can find approximate
solution to combinatorial problems with very large data sets [31].The figure 2.1 below represents
an overview of BIRCH algorithm [31].

Data l |

Phasel: Load into memory by building a CF tree

Initial CF tree l ——

Phase 2 (Optional) : Condense into desirable range

by building a smaller CF tree

smaller CF tree l I

Phase 3: Global Clustering

Good Clusters * —

Phase 4: (optional and off line) : Cluster Refining
Better Clusters *

Figure 2.2: Overview of BIRCH algorithm

E. CURE Clustering algorithm
Clustering Using REpresentative(CURE) [32] [18] is improved clustering algorithm which

employs a novel hierarchical clustering algorithm by adopting a middle ground between the
centroid-based and the all-point extremes. Instead of using a single centroid or object to
represent a cluster, a fixed number of representative points are chosen. The representative points
of a cluster are generated by first selecting well-scattered objects for the cluster and then
“shrinking” or moving them toward the cluster center by a specified fraction, or shrinking factor.

At each step of the algorithm, the two clusters with closest pair of representative point are chosen.
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Having more than one representative point per cluster allows CURE to adjust well to the
geometry of non-spherical shapes. The shrinking or condensing of clusters helps dampen the
effects of outliers. Therefore, CURE is more robust to outliers and identifies clusters having non
spherical shapes and wide variance in size. That’s why it scales well for large databases without
sacrificing clustering quality.

First, instead of pre-clustering with all the data points, CURE begins by drawing a random
sample from the database. Second, in order to further speed up clustering, CURE first partitions
the random sample and partially clusters the data points in each partition. After eliminating
outliers, the pre-clustered detail each partition is then clustered in a final pass to generate the
final clusters. Once clustering of the random sample is completed, instead of a single centroid,
multiple representative points from each cluster are used to label the remainder of the data set
[18].

Data ‘ Draw random sample ‘ Partition sample ‘ Draw random sample

!

Output Label data in the disk - Cluster partial - Eliminate outliers

Figure 2.3: Overview of CURE algorithm
2.6. Evaluation of WSD system

Comparing and evaluating different WSD systems is extremely difficult, because of the different
test sets, sense inventories, and knowledge resources adopted [3].The assessment of word sense
disambiguation systems is usually performed in terms of evaluation measures borrowed from the
field of information retrieval. The measurement methodologies are Precision, Recall and F-
measure. Precision determines how good the answers given by the system are being assessed.
The precision P of a system is computed as the percentage of correct answers given out of the
total answer probided by the WSD system, that is:
correct answers provided

P= et (2.2)

total answers provided

On the other hand the recall, R is defined as the number of correct answers given by the

automatic system over the total number of answers to be given:
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# correct answers provided

ReE——""""""2+/" ||| 2.3
# total answers to provide 2.3)

Where we indicate with € the case in which the system does not provide an answer for a specific
word w;. The total number of answers is given by n=|T |. Finally, a measure which determines the
weighted harmonic mean of precision and recall, called the F1-measure or balanced F-score, is
defined as

2PR

It has been argued that the above measures do not reflect the ability of systems to output a degree
of confidence for a given sense choice. In this regard different evaluation metrics were proposed,

however, precision, recall and F-measures are mostly used evaluation methodologies [3].

2.7. THE SENSEVAL/SEMEVAL COMPETITIONS

Senseval (now renamed Semeval) [3] is an international word sense disambiguation competition,
held every three years since 1998. The objective of the competition is to perform a comparative
evaluation of WSD systems in several kinds of tasks, including all-words and lexical sample
WSD for different languages, and, more recently, new tasks such as semantic role labeling, gloss
WSD, lexical substitution, etc. The systems submitted for evaluation to these competitions
usually integrate different techniques and often combine supervised and knowledge-based
methods (especially for avoiding bad performance in lack of training examples). The Senseval
workshops are the best reference to study the recent trends of WSD and the future research
directions in the field. Moreover, they lead to the periodic release of data sets of high value for
the research community.

The first edition of Senseval took place in 1998 at Herstmonceux Castle, Sussex. Senseval-1
consisted of a lexical-sample task for three languages: English, French, and Italian. A total of 25
systems from 23 research groups participated in the competition. The English test set contained
8400 instances of 35 target words. The best systems performed with between 74% and 78%
accuracy. The baseline, based on the most frequent sense, achieved a 57% accuracy. Decision
lists with the addition of some hierarchical structure were the most successful approach in the

first edition of the Senseval competition [3]. Senseval-1 produced a set of benchmarks for WSD
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system performance. It set out to establish the viability of WSD as a separately evaluable NLP
task [33].

Senseval-2 [3] [33] took place in Toulouse (France) in 2001-2002 and its goals were to
encourage tasks in new languages and to broaden the range of tasks. Two main tasks: all-words
and lexical sample WSD were organized in 12 different languages (such as Czech, Basque,
Dutch, English, Estonian, Italian, Japanese, Korean, Spanish and Swedish) and translation task
on Japanese language only. Overall, 93 systems from 34 research groups participated in the
competition. The Word-Net 1.7 sense inventory was adopted for English. The best lexical sample
task systems performed with between 39% and 78% accuracy and the best all-word task systems
performed between 67% and 94%. The Czech language resuled the hight performance in
Senseval 2. On the other hand, the best translation task systems for Japanese language have
scored 79% accuracy. The performance was generally lower than in Senseval-1, probably due to
the fine granularity of the adopted sense inventory. Supervised systems outperformed
unsupervised approaches.

The third edition of the Senseval competition took place in Barcelona in 2004 [3]. It consisted of
14 tasks, and, overall, 160 systems from 55 teams participated in the tasks. These included
lexical sample and all-words tasks for seven languages as well as new tasks such as gloss
disambiguation, semantic role labeling, multilingual annotations, logic forms, and the acquisition
of sub-categorizations. Most of the systems were supervised. The performance of the best 14
lexical sample task systems ranged between 72.9% and 70.9%, suggesting that this task seems to
have reached a ceiling which is difficult to overcome. Most of the top systems used kernel
methods. Other approaches include the voted combination of algorithms and the use of a rich set
of features, comprising domain information and syntactic relations. The English all-words task
saw the participation of 26 systems from 16 teams. The test set included 2037 sense-tagged
words. The best system attained a 65.1% accuracy, whereas the first sense baseline achieved 60.9%

or 62.4% depending on the treatment of multi-words and hyphenated words.
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2.8. Review of Related Works
2.8.1. Local Researches on Word Sense Disambiguation

Solomon [8], applied a corpus based WSD so as to acquire disambiguation information
automatically. This study reported experiments on five selected Amharic ambiguous words;
these are AmG(eTena), aead(mesal), eo»i+(me sa sat), aoré-i+(metrat), and +Za(qereSe). A total
of 1045 English sense examples for the five ambiguous words were collected from British
National Corpus (BNC). Solomon used five selected unsupervised algorithms such as Simple k
means, EM and agglomerative single, average and complete link clustering algorithms. In this
research total of four experiments has been conducted. The first experiment was to check the
effect of stemming and stop word removal, the second one was to investigate the effect of
different context sizes, the third was to see the effect of sense distribution and the last experiment
was to compare the accuracy of selected algorithms. The researcher achieved accuracy within the
range of 65.1 to 79.4 % for Simple k means, 67.9 to 76.9 for EM and 54.4 to 71.1 for Complete
Link clustering algorithms for the five ambiguous words.

Getahun [10]have conducted a research with the main objective of the research was to design a
WSD (word sense disambiguation) prototype model for Amharic words using semi-supervised
learning method to extract training sets which minimizes the amount of the required human
intervention and produce considerable improvement in learning accuracy. The researchers
incorporated unlabelled data by combining some seeds instances directly into the data
representation (features), so that unsupervised algorithms can be directly applied for clustering
based on instances similarity. They used a python program which they made it in line with their
preprocessing tasks. The experiment of semi-supervised methods using bootstrapping algorithms
was conducted on the five Amharic WSD datasets following semi-supervised clustering
assumption. These words were atena (Amn%), derese (&4a), tenesa (+14), bela (01A) and ale (AA).
Separate data sets using the five ambiguous words were prepared for the development of this
Amharic WSD prototype. The experiment showed that the average performance results of
Adaboost, Bagging and ADtree algorithms are 84.90%, 81.25% and 88.45%. And the researchers
concluded that Semi-supervised learning using bootstrapping algorithm performs better in their
study and it is more adaptive on WSD for Amharic. They also found that, a window size of 3-3

can be a standard window size for Amharic WSD systems development.
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Gashaw [11] has used unsupervised corpus-based approaches to Amharic word sense
disambiguation. For the research he has collected 4000 untagged sense examples from the web.
The researcher used simple K-means, EM, single link, CURE and BIRCH from partitional,
model-base, agglomerative, and hybrid clustering algorithms. He has experimented 10 selected
ambiguous Amharic words; Ale (aA), Bela(na), Akebere(ahns),Atena (Am%),Derese
(&40),Melese  (9vAn), Amelekete (hoeAht),Qetere (¢mé),Tenesa (+1) and Metrat (9orét)
using WEKA 3.7.9 package for disambiguation and for document preprocessing purpose he used
python 3.1. To evaluate the system the researcher used manually tagged text and selected “class
to cluster” evaluation mode. For the 4000 training dataset the average accuracy obtained was
65.1%, 58.5%, 66.6% and 85.1% using K-means, single link, CURE and BRICH algorithms

respectively.

Feyisa [34]conducted a research work on Word Sense Disambiguation for Afaan Oromo using
unsupervised corpus based approach. He tested five clustering algorithms (simple k means,
hierarchical agglomerative: Single, Average and complete link and Expectation Maximization
algorithms) in the existing implementation of Weka 3.6.11 package. Due to lack of sense
annotated text, he collected a total of 1500 Afaan Oromo sense examples for selected seven
ambiguous words namely sanyii, karaa, horii, sirna, goghii, ulfina and ifa. To make the sense
example sentences ready for experimentation, the researcher has performed activities like
tokenization, stop word removal and stemming. He used contextual co-occurrence feature which
indicate word occurrence within some number of words to the left or right of the ambiguous
word. The researcher conducted two major experiments; the first was evaluation of the effect of
stemmed data versus un-stemmed which showed that stemming is good to improve the accuracy
of the algorithms and the second was evaluated with the window size dataset of one-one to eight-
eight find that window size three-three is enough for EM and complete link algorithm while
four-four is enough for simple K Means algorithm to identify the sense of the words. “Cluster via
classification” evaluation mode was used to learn the selected algorithms in the preprocessed
dataset. In general, the system performs with average accuracy of 81.9% for simple K Means,

79.8% for EM and 76.1% for complete linkage respectively.

Samrawit [35] carry out a thesis to investigate the effectiveness of using semantic similarity

measure in WSD for query expansion. The study presented approaches to determine the sense of
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words in queries by using Amharic lexical resource. For this purpose the researcher constructed a
simple Word-Net composed of words with their synonym and gloss definitions. The WSD performed
with two methods; gloss to gloss and synset to gloss by comparing information associated with its
synonyms and gloss definition with reference to Amharic Word-Net. The combination of the two
disambiguation methods formulates the modified query and used for expanding the original query.
Finally, the query expansion module is integrated with Information Retrieval system to show the
enhancement of Amharic IR system performance. The method using synset for query expansion
register performance of 59% F-measure. The study has reported that this method registered 6%

improvement from original query.

The researchers conducted a study on selected words from similar word classes using machine
learning techniques. Solomon [8], Getahun [10] and Solomon [9] used 5 words class and Gashaw
[11] selected 10 words from verb word class. All the researchers come up with a promising result
and Getahun [10] resulted the highest accuracy employing semi-supervised machine learning
algorithm which is 88.45%. From their study a WSD model is developed for those selected
words only. Samrawit [35] on the other hand, showed the performance of Lesk algorithm for
WSD using Word-Net. In this thesis, the aim is to investigate a more generic approach for
developing Amharic WSD system that would work for all-word classes by combining knowledge

from a tagged corpus and lexical resource.

Summary

WSD is a historical task in NLP that involves the automatic assignment of meaning to words
based on their context. There are two variants of the generic WSD tasks: the lexical sample task
and the all-words task. Many approaches have been proposed for the task but the main ones are
Knowledge based and corpus based approaches. The knowledge based approach uses external
knowledge sources to disambiguate words and the corpus based approach on the other hand
employee different machine learning techniques to automatically assign meaning to words.
Different researchers conducted research on Amharic WSD, in this thesis a more generic

approach for Amharic is investigated.
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CHAPTER THREE
Amharic Language

Ambharic language started to be used in Ethiopia as early as the 14™ century. Now, Amharic is the
working language of the FDRE. Ethiopia includes many ethnic groups with nearly 89 languages
and approximately 200 dialects [36]. The Ethiopian languages are divided in to four major
language groups, such as Cushitic, Omotics, Nilo-Saharan and Semitic. Among these Amharic
belongs to Semitic family of language. It is the second most spoken Semitic language in the
world, next to Arabic. Amharic is estimated to be the mother tongue of more than 17 million
people, with at least additional 5 million second language speakers. The language of Amharic is

spoken in the Ethiopian government, court system, and on all official documents [36].

3.1. Amharic Writing system

Modern Ambharic has inherited its system of writing from ancient Arabic by way of the
Geez(Ethiopic) of the old kingdom of Axum, which latter is still the classical and ecclesiastical
language of Ethiopia. The root, then, of Amharic orthography, like those of the language itself,
are Semitic, the characters being designed to express the typical Semitic sounds used in the
speech of ancestor [37]. The language is related to Arabic and Hebrew languages. Unlike the
Arabic and Hebrew, the Amharic writing system is written from left to right. Amharic writing
system has no upper and lower case latter variations and has no conventional cursive (i.e. written

in a connected letters) form [38].

Ambharic has its own writing system, a semi-syllabic system called FIDEL [38]. When we say
Ambharic writing system is semi-syllabic because of the fact that represents a consonant followed
by a vowel. Since there are seven vowels in Amharic, it follows that there are seven different
ways of writing a given consonant, depending on what vowel accompanies it [36]. Amharic
language imposes 34 primary characters, each representing a consonant and each having 7
variations in form to indicate vowel which follows the consonant giving 238 distinct symbols.
Beside them there are also forty “diphthong characters” that contain a special feature usually

representing labialization e.g. #, .
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3.2. Amharic word classes

There are debates among scholars in classifying Amharic words. Previous scholars have
classified Amharic words in to eight categories, which are Nouns, verbs, pronoun, adverbs,
conjunctions, exclamation, and adjectives. However Baye [12]has classified in to five as noun,

verbs, adjective, conjunction and adverbs.

3.2.1. Ambharic Noun

Nouns [12] may denote gender, number, definiteness, case, and direct object status by affixes:
prefixes and suffixes, predominately suffixes. Amharic nouns have two genders; masculine or
feminine gender. The masculine gender can also serve as neuter for in animate objects. But
occasionally in animate objects are treated as feminine. In particular there are no rigid rules as to
when this should be for the same word way sometimes can be made masculine and sometimes
feminine, according to fancy of the speaker. There is also a special “diminutive use” of feminine
gender, by which nouns. Normally masculine, are treated as feminine in order to introduce the
idea of littleness. Suffixes are added to denote a masculine or feminine noun gender. Most Nouns
are made plural by addition of the suffix —oc¢(“47) [37]. Some words inherited from Geez still
use the Geez plural forms. These are found especially in religious and literary language [37].
There are words that denot more than one meaning in this Amharic word class. For instance

words like 7¢-46”, “£28”, “hd” or “724” are nouns with multiple meanings.

3.2.2. Amharic verbs
Verbs are the most essential part of speech in Amharic language next to noun [39]. The original

idea of the verbs is exhibited as a thing of time, found in a certain conditions and undergoing or
producing various actions and changes. Verbs are derived from roots and affixes to inflect
person, number, gender, aspect, mood, voice and polarity. Verbs must agree with their subjects,
but verbs agreement with objects is optional. Verbs are placed at the end of the sentence. The
root of Amharic verb consists in a number of “root letters” or “radicals” (most commonly three).
To indicate person, tense, mood etc the forms of these radicals can change, prefixes and suffixes
also can be attached but the radical themselves remains. The simplest part of a verb is its 3"
masculine singular simple perfect tense. The conjugation of an Ambharic verb divides into three”
moods”: the indicative Mood, imperative mood (ordering) and the infinitive mode (verbal nouns)

[12]. Words like “Aa”, “aAh0s”, or “t+14” are classified under the category of Amharic verb
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which are ambigous.

3.2.3. Amharic Adjective
Adjectives are descriptive words that come before nouns and show the character, size, color and

shape of the noun. For example in the phrase “?0H +974” the word “I0H” shows the character of
the noun “+74” which indicates braveness of the student. Word that can replace the word “¥0H”
and can describe the noun can be classified as Adjective [12]. Words like “7a-+5>, “n0L” or

“La9¢”are some words that are classified under this class and denote multiple meanings.

3.2.4. Amharic Adverb
Ambharic adverb is a word class that comes with a verb in a sentence and magnifies the verb. The

word class has no many words like other class, Baye listed some main Adverbs like gmNa (19°%),
jINa (&4%), mnNa (9°7%), kfuNa (h¢-%), Endegena (4172£19) and gena (79). In the sentence “AfvkC
ATt 94 NAT” the word ““FA7” is an adveb that indicates the time that the action “0AT” was
take place. And any word that can replace the word “tA7t” can be classified as an Adverb [12].

3.2.5. Amharic conjunction
A conjunction is a word used to linkclauses within a sentence. Amharic conjunctiondonot

undertake change of forms for any grammatic reasons like number, gender, level and etc ;or can
not be a base for derivation of new words. Based on this criterias words like sle(ha), wede(@X),
ke(h), le(a) and etc are classified under the word class conjunction [12]. Amharic conjunctions
can be either separable or inseparable. There are different categories of conjunction in Amharic
language: copulative conjunction like 299°(again or also); Adversative conjunctions like
T(“however” or “but”); disjunctions like @eg® (“either” “or”); cuasal which include:
AL (that),n28(inorder to); conditional containing words like a7&vt (if) and conclusive
conjunctions like aarLv(therefore) [39].

3.3. Ambiguity in Amharic language
Getahun [13] has described sources of ambiguity in Amharic language. Even though it is

difficult to distinguish the sources of ambiguity, he has presented about six different sources of
ambiguities which are: phonological ambiguity, Lexical ambiguity, structural ambiguity,

referential Ambiguity, semantic ambiguity and orthographic Ambiguity.
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Phonological ambiguity: structure may be ambiguous because of differences in the placement
of pause within them. For instance in the phrase "£ a@- 10" the word "29 a@-" can have two
meanings depending on the placement of the pause like these:
1. [ea])+[a@-]i0<  meaning: " he was a kind man”
Kind man was
2. [.?."Ila)-] 'II meaning: "They had made a preparation for a banquet.’
banquet

as

Lexical Ambiguity: there are different sources which are considered as a factor for
lexical elements that could cause ambiguity in a given construction. Getahun discussed
three of them as an example:
« Categorical Ambiguity: Lexical elements can be considered as categorically
ambiguous if they have identical phonological form but different word class. For
example in the sentence "Ahce? amFi" the word Ahce? is ambiguous between the

interpretations:

a. She gave me Akirma (a kind of grass).

b. She gave me something after delaying it for some time.

e Homonymy: There are a number of lexical items with the same phonological form
but different in meanings. Such forms lead to ambiguity in structures like the
sentence ACl m4 is ambiguous because the word "Ac-1" can mean "Friday" or "

weavers of frame"

e Homophonous affixes: homophonous affixes are another source of ambiguity in
the language which is considered as factor of lexical elements based ambiguity.

Consider the sentence "t 4.2-40" which has the following two readings:
L T+he 4840

a. The house is destroyed.
b. His house is destroyed.

The sentence is ambiguous because the suffix /-&/ serves as a definite article

or as a third person masculine marker.
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« Structural Ambiguity: the most common type of ambiguity in Amharic language is
structural ambiguity which is related with the way syntactic constituents are organized.
This ambiguity arises when a constituent of a structure has more than one possible
position. Structurally ambiguous sentences have one surface realization that derives from
more than one underlying representations. The sentence "?A(LA.Le Féh Ahteis" has two

readings:
a. A person who teaches Abyssinian history.
b. An Abyssinian who teaches history.
The ambiguity of this sentence can be explained in terms of differences in the structural

organization of the sub-constituent /J-¢h/:

a. [ [ [eanazereh][antas] ] ] ——>  'Abisynian history teacher'
NP NP N

b. [ [fAMAIL][ Féh Aato14]]]A teacher who teaches Abyssinian history.
NP N NP N

« Referential ambiguity: Ambiguity may arise when a pronouns has more than one
possible antecedents, thus having as many readings as there are antecedents. Let us
consider the following example sentence:"ha aa-+aese +2a+" has the following three

possible readings:
a. kassa; was pleased because he; graduated.
b. kassa; was pleased because he; graduated

c. He was pleased because kassa graduated

e Orthographic Ambiguity: some structures could be ambiguous because of orthographic

reasons since the system does not show distinctions between geminate and non-geminate
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sounds. The intended meaning of a word could be understood from the context. The
examples like "ooh.s@- £0¢-A" is ambiguous between the following readings:
e the car will be repaired.

e The car works
e Semantic ambiguity: are ambiguities caused by polysemic, idiomatic and metaphorical
constituents.

e Example for ambiguity caused due to polysemic constituents is “e@>1¢<k m4”. This
statement is ambiguous between the interpretation of :
a. The light went off
b. Mebratu( a person) disappeared
e Idiomatic constituents:
(& @AL can be interpreted as:
a. an ox gave birth to a calf
b. an idiomatic expression' unheard of' or 'impossible to happen'.
e Metaphors may have literal or non-literal (metaphoric) senses as in the following
phrase “hé TC”, which can be interpreted as:
a. hot tempered

b. leopard with new born cubs

Summary

Ambharic language is working language of FDRE. The Language is from semetic family that has
semi-syllabic writing system. Amharic has five word classes nouns, verbs, adjectives, adverbs
and conjunctions. And there are six types of ambiguities in the language which are Phonological
ambiguity, Lexical ambiguity, Structural ambiguity, Referential ambiguity, Orthographic

ambiguity and Semantic ambiguity.
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CHAPTER FOUR

Word Sense Disambiguation System Design and Architecture

Ever since the WSD field inception, different approaches have been proposed by different
researchers [1]. Among the different WSD approaches one of the variations of Lesk algorithm
which is corpus based Lesk algorithm is implemented. The corpus based Lesk algorithm uses
manually annotated test examples and weight from Word-Net. For this research Amharic Word-
Net is used as knowledge source. There is no well-constructed Amharic Word-Net; the Word-
Net constructed by [35] is adopted with some modification in order to make it suitable for our
experiment. In addition to the Word-Net manually tagged corpus also used in order to train the

system.

The system accepts input and disambiguates a given ambiguous word in the text by measuring
similarity between the senses of the ambiguous word and words around it. The similarity
indicates the closeness or separation of a given objects. There are different ways to measure the
degree of similarity; however the most common ones: cosine similarity measure and Jaccard
coefficient [19] are selected for this study. In the next sub sections, the Architecture of the WSD
system, Word-Net preparation, corpus preparation, the two similarity measures and the WSD

system evaluation method are discussed in detail.

4.1.The Architecture
As shown in the figure 3.1 below, the system first accepts text containing ambiguous words as
an input and then preprocesses the text. The preprocessing task involves tokenization, stop word
removal, stemming and normalization. After that the system use similarity measure to
disambiguate the words in the input text. To do so the system uses information from tagged

corpus and Amharic Word-Net.
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Sentences with ambigous words

Stop word
removal

normalization

\

Semantic Similatiry

Measurement

Figure 4.1: WSD system Architecture
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4.2.Word-Net preparation

The origin of Word-Net is to build a lexical-conceptual model, consisting of both lexical units
and the relations between such units, structured into a relational semantic network [40]. For
Amharic language we don’t have well-constructed Word-Net, so we adopted the Word-Net from
Samrawit [35], the Word-Net consists of about 39 words with their synsets and gloss definitions

for each sense of a given word.

By using Samrawit's Word-Net we have constructed a simple Word-Net by adding some lexical
units and their relations in order to make it suitable for our experiment. We have used Amharic
Dictionary that was prepared by Ethiopian Linguistics and research Institute [16], and Zergaw's
Ambharic Context Dictionary [41]. There are different relationships between words, for this
research we have only used synonymy relationship to identify the meaning of an ambiguous

word.

The structure of the Word-Net is the same as Samrawit's Word-Net. The Word-Net is composed
of three major elements which are the words, their synsets and gloss definition, see figure 4.2.
The Word-Net entries are organized in such a way that, after each word there is "@" sign that
separates it from its senses and each senses are separated by semi-colon. The colon is used to
separate the synonyms and the gloss definations. The Word-Net is organized this way in order to

make it suitable for coding.

4AG @E AT P A 1L ND-ANATLELTDATTICTIDOPANTIOER TN TIHATIPVCTHOHFNEFAD-OATNO -G D LI P
APTLPCNTLE; TICaPNENPL:NATATTICIFICaP A POt

h&d@arars @ heEAFPUCT (T P9LTT T hP181E Paaise hedeT A7 haoP? AR 7E haoP?y
AW TT PANA CAD1T PUIC heATIPUCT LLE0+D0T FPUCT OO £48S SHT +avTq e9.a0+
SFIPUCT 9°L1; P0C- ANA:NATLE: aP0SP (LT @OT P99TY P0d- ANA

HC@®T? HovL: +@-0\L +OAT: PHD-AL V47 071300t (1LI° ATFF PHANL PHIPLT AN heé
PILTE: AOGATL TICT ATPAA(ALC @Y APC aoPT) LTLNPA Phe aos0

720@NCHT T TANFATLT T90C ATTGO7 P1L.eATA FANT AP T7:RTLT +90C P71.4.69°
(&AM E:HE CATTA ANIAE 14T

Figure 4.2:Sample Amharic Word-Net
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The set of near-synonyms for a Word-Net sense is called a synset (for synonym set); synsets are
an important primitive in Word-Net. As it can be seen from the figure 4.2, the synsets of the
words are placed before the colons in the Word-Net. For example the entry for the word “4.+¢”
includes synsets like “avhé- +4 peE 9°Caes” and “F9C avhe- aPe”; and for the word “724” the
synsets are “0CAt T AN (27 and "A0148 .

Other part of the Word-Net is the gloss definition which is located after the colon. The gloss is a
dictionary styled textual definition of the synset possibly with a set of usage examples that
express the concepts in each synsets. The gloss definition for the first sense of “4-+4"which is
“avfg. €Fq PPE JPCovs” IS ‘WL A NAATLE PTOAT TIC TIOP AATIOET AGPTIHA FIPUCT (LT
hedet o-ar N6v-& OEI° NPA 7.+CN TP+ and for the second one “FaC avhe- AL is “0AP AP
11C o> FIC O PPT.

4.3. Corpus Preparation

Since corpus based Lesk algorithm relies on manually annotated example sentences in addition
to Word-Net or other lexical resources, we need example sentences for the different senses of the
selected words. Therefore, tagged corpus that contains example sentences has been prepared for
senses of 17 selected Amharic words from 3 Amharic word classes in order to train and test the
WSD system prototype. A total of 9 nouns, 3 verbs, 3 adjectives and 2 adverbs are selected

randomly from Amharic Dictionary [16] as presented in table 3.1.

Eventhough most of the selected words have more than 2 senses, we have selected atmost 3
senses for each words. We couldn’t use all the possible senses of the words because, some senses
of the words appear rarely. So we selected senses that appear dominantly. Example sentences are
composed for the selected senses. The example sentences are collected from news, reports,
spritual manuscripts, posts from governmental and non-governmental organizations as well as

from different poeple opinions.

The corpus is preprocessed before being used by the system. The preprocessing involves
tokenization, stop word removal, stemming and normalization. A tool for tokenization, stop word
removal and normlization is developed in this thesis using python code. For the stop word
removal process, the stop words are taken from the list identified by Amanuel [42], who
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conducted a research on probablistic information retrieval system for Amharic language. In

addition a code for stemming process is also adopted from Amanuel [42] with some modification.

The corpus contains 100 example sentences for each sense of the selected words. We used only
100 example sentence because we were able to collect up to 100 sentences for each senses. The
corpus is organized in to different documents in such a way that a document have set of example

sentences for a single sense of a word. For instance for the word @278 we have two documents:

» documentl- containing example sentences of sensel: A7+ H& ANd-C

« document2- containing example sentences of sense2: av%g avavAA{ av-+AAL S

Table 4.1 shows the number of possible senses of the selected word which is taken from
Ambharic dictionary [16], senses selected for the experiment and number of sentences in the

corpus for the selected.
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Word classes | Word No. of possible Senses No. of example
senses sentences
2O0@-11 hed 100
A 3 h&d A0A 100
Tnc 100
PANA h&d aogn,arC 100
AL 2 PTAN ST 100
Nouns TOAE TGP 100
HC 5 hes 07117 100
HAT 100
£hge 2 T 100
NAY T H A(G-C 100
a8 3 av'y 8 avavA\Q av+ANLS 100
av-ng. &8 PLE JoCave. 100
4tq 2 Fc avng. 0 $L 100
Pa1ch héL 100
AL 6 V97 100
6oV T 100
£9°0 2 @43 T9AOP JOCR 100
42,9 PPI° 100
Pp 3 t+avy 100
LN +4.2a0 P 100
8 ng 100
$lm 1908 100
12
Verbs oay 100
AhNeg NAA AhOd 100
* h& A841 100
o0t P7LEC 100
Yo tg 2
Adjectives Thha% eavt 100
[ P74 100
2 e9op 100
Tht avp 100
2 A0 D 100
(ICEN 2 aHas ncox 100
Adverb OHPTG &9og 100
L4 T 3 ATLPPAD LI, 100
hét hpmen, 100
Total number of sentenses 3500

Table 4.1: Example sentences in the corpus

48




4.4. The Amharic WSD system

Knowledge based methods for WSD are usually applicable to all words in unrestricted text. The
objective of knowledge-based or dictionary-based WSD is to exploit knowledge resources (such
as dictionaries, thesauri, ontologies, collocations, etc.) to infer the senses of words in context.
Among the knowledge based technique’s overlap of sense definitions,Selectional restrictions,
and structural approaches, in this study overlap of sense definitions is used, which is a simple
and intuitive knowledge-based approach that relies on the calculation of the word overlap
between the sense definitions of two or more target words. This approach is named Lesk
algorithm [3]. As mentioned earlier corpus-based Lesk algorithm is employeed for this study.

4.4.1. Corpus-Based Lesk Algorithm

As described in the literature review section 2.6 , the corpus-based Lesk algorithm is used to
disambiguate one target word provided that a set of annotated training examples is available [18].
The algorithm uses weight from a tagged corpus and lesk algorithm. To compute the weight of
senses from the tagged corpus, similarity measures are used. For this purpose, set of training
example sentences for each senses of a word are considered as a single document and each

document j may be represented as [40]:

Djz{tfllj ,tfz,j, tfgﬁj, ..... tfi’j}
Where tfi, j is the term frequency of the word wjin document j. Similarly, an input text may be
represented as:

T:{ tfl,t ,tfz,t, tf3’t, ..... tfi’t}
Because we deal with annotated corpus, we need to add other factor which is inverse document
frequency. Inverse document frequency idf assigns more weight to words which are more

specific for the given document. IDF can be calculated as: [19]

Where N is the total number of documents in the collection and dfjis the number of documents
containing the word wj. So the weight of the sense can be computed by using the tf-idf of words
contained in the document containing example sentences of that sense as an input and measuring

the similarity between the document and the input text [40].
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4.4.2. Similarity measures for WSD

Similarity measure reflects the degree of closeness or separation of a document and the given
statement. Variety of different similarity measures can be used to calculate the similarity
between the input text and the documents containing tagged example sentence. This similarity
measure are used for WSD. A characteristic of a similarity formula is that the results of the
formula increase as the items become more similar. The value is zero if the items are totally
dissimilar. The similarity measures employed to extract information from the tagged corpus.
Among the different types of similarity measures, cosine similarity and Jaccard coefficient

similarity measures are chosen and implemented because they are most popular similarity

measures and can be easily implemented for WSD [19].

Cosine Similarity
The simplest approaches are based on the bag-of-words (multiset of words) model. In such a
model the correct sense of the input text is determined based on the cosine of appropriate vectors.
Cosin similarity is a widely implemented metric in information retrieval and related studies. This
metric models a text document as a vector of terms. By this model, the similarity between the
words can be derived by calculating cosine value between documents and the input text term
vectors [43].

The cosine measure calculates the similarity between two documents as the cosine of the angle
between their corresponding word vectors [43]. An important property of the cosine similarity is
its independence of document length. As the Cosine approaches "1," the two vectors become
coincident. If the two are totally unrelated, then they will be orthogonal and the value of the
Cosine is "0." What is not taken into account is the length of the vectors [19].

The Cosine similarity between input text and a document is calculated as:

Ywer,d tfw,j(idfw)?

Jz;;l(tfi,ridfi)Zx Jzz';l(tfi,,-idfi)z

sim(f,@) =

Where,

» tf, 1 is term frequency of the word w in Text T but tf; r is term frequency of word w; in the

input text.
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« tfy;term frequency of the word w in document d;.

« idfyis inverse document frequency of the word w in document j.

« nand m are number of the different words in Text and document j respectively.
The numerator represents the dot product (also known as the inner product) of the vectors (d1)
and (T), while the denominator is the product of their Euclidean lengths [44].The above equation
can be used to calculate the best word sense as following: suppose the word we wanted to
disambiguate in an input text contains two senses, which means we have two documents to
compare with the sentence. The cosine similarity between the query and each of the two
documents will be computed and the sense represented by the document that resulted highest
value will be returned as the best sense of the ambiguous word.
Jaccard co-efficient
The Jaccard co-efficient, which is sometimes referred to as the Tanimoto coefficient, is a
statistic used for comparing the similarity of two sample sets and is defined as size of
intersection divided by size of union on sample data sets [45]. For text document, the Jaccard
coefficient compares the sum weight of shared terms to the sum weight of terms that are present
in either of the two documents but are not the shared terms [44]. The Jaccard coefficient between

documents i and input query j can be calculated as:

Yk=1(DOC;  XTEXT j k)

SIM(DOCi’ TEXTJ') - Yk=1DOCix+ X}_ TEXT;—(DOC;  XTEXT )

where,

» DOC; is the tf-idf of word in document i
« TEXT; is the tf-idf of word in input text j

« nis the total number of descrite terms in either the document or the query

The Jaccard coefficient is a similarity measure that ranges between 0 and 1. It is 1 when the
DOCi=text and 0 when DOC; and term are disjoint, where 1 means the two objects are the same
and 0 means they are completely different. The Jaccard coefficient will be used in the same way

as that of Cosine similarity to identify the best sense of an ambiguous word in a give sentence.
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4.4.3. Lesk Algorithm

The Lesk algorithm is one of the first algorithms developed for semantic similarity [18]. The
algorithm uses dictionary entries for each possible word senses. The Lesk algorithm, in which
the most likely meanings for the words in a given context are identified based on a measure of
contextual overlap among dictionary definitions pertaining to the various senses of the
ambiguous words [1]. Given a two word context (w1, w2), the senses of the target words whose
definitions have the highest overlap (i.e., words in common) are assumed to be the correct ones.
Formally, given two words wl and w2, the following score is computed for each pair of word
senses S1 €Senses(w1) and S2 €Senses(w2):
scoreLesk(S1, S2) =| gloss(S1) N gloss(S2) |,

For example, for the text “a»®34¢ h&” both having three senses:

“apaq49” has three senses
o aoZYq LATCTIPVCT AGPTIC PTLLNLANT aPALEP T,
o aTSQ FIYCTE (W TSP 0TLTR0T CHIPUCT (1) hed,
o CAC% THBF LPCUINT: b POLA AL JPVLF LPCH hT19.L8LNT,

o av940 N&EA hAATFPUCT (L 0TLT T APT87E PavaIsP ha et
o héA AL haowr? Wt 1T PhAhA POa@-1F CUIC e,
o aD\P PPLRGIPRVET LATT AL Pie aPlEPT (ATPE DLI° (I°heG (LNLA;

Lesk(a9142 h&d) | sensel:ap¥isfe | sense2:aP714P | sense3.aP7149
sensel:h&d 1 3 0
sense2:h&d 0 1 0
sense3:h&d 0 0 0

Table 4.2: Example for Lesk algorithm

To determine the sense of “h&d” the algorithm counts the number of words that the gloss
definitions have in common and the sense with the highest overlap is considered as the correct
sense for the ambiguous word. As shown in table 4.1, there are 9 possible combinations of senses
and among those combinations the first definition for “h&d” and the second definition for
“ava4¢” have the largest overlap among all possible sense combinations, with three words in
common:+°uct, av148, and h&d, and therefore the meaningselected by the Lesk algorithm for

the given pair “a?994¢ h&d” will be "ava1sehednhan”.
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Since corpus based Lesk algorithm involves combination of information from tagged example
with Word-Net, the Lesk algorithm is combined with the two similarity measures. For this the
result from the Lesk algorithm is added with the score from the similarity measures. The result
from the similarity measures ranges between 0 up to 1, while the Lesk algorithm may come up
with score greater than 1. So while combining the two, the result from the similarity measures
become insignificant, therefore there is a need to normalize the score from Lesk algortihm. In
order to normalize logarithm of the result is used. In cases when Lesk algorithm resulted 0, the
result will be replaced by negative one (-1). Consequetly for combining, logarithm of the result
from the Lesk algortihm is added with the results of the similarity measures. Equation 4.4
presents the formula for combining the Lesk with similarity measures.
C(S)=logL(s) +SIM(S) evevrvarininaninnnnnn (4.4)
Where C is combination of the two results for sens s, L the result from the Lesk algorithm of

sense s, S is the result from the similarity measures of sense s.

4.5.System Evaluation

The goal of any WSD system is to identify sense of ambiguous words in a given context. The
system is evaluated based on number of times that the system gives the correct sense of a
particular ambiguous term given different sentences. The accuracy of the system is calculated as

follows:

Accuracy = % X 1000 o e (4.5)

Where, n is the number of sentences correctly annotated, and N is the total number of sentences

in the test examples

Summary

In this chapter the design and architecture of the WSD system is discussed. And, the methods
and techniques used to develop the WSD system prototype are presented. The main parts of the
WSD system are Word-Net, tagged corpus and the similarity measure. The chapter discussed the
Word-Net and tagged corpus preparations and the two similarity measures: Jaccard coefficient
and the Cosine similarity that are employed to automatically identify the sense of a word in detail.
And in the next chapter, the result, experimental findings and challenges of the study are
presented.
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CHAPTER FIVE

Experimentation and Discussion

The main goal of any WSD research is to resolve ambiguity of different senses listed in a
dictionary, thesaurus or another source of a given word [46]. Accordingly, this research attempts
to find a way to automatically determine the sense of ambiguous Amharic words in a given
context. For this purpose, an Amharic WSD system prototype is developed. As described in the
literature review section there are different approaches for WSD, however the corpus based lesk
algorithm to have been selected to develop the system.

In this thesis, the WSD system prototype developed has three main parts: the Word-Net, tagged
corpus and the semantic similarity measure. As discussed in the previous chapter, the sense of an
ambiguous word in a given sentence can be identified by measuring the similarity between the
example sentences of the word and the input sentence. To calculate their similarity cosine

similarity measure and Jaccard coefficient are used.

In this study total of 5 experiments have been conducted on selected 17 ambiguous words.The
first experiment is done to test the performance of the cosine similarity measure for WSD, the
second one is on Jaccard coefficient similarity, the third experiment is conducted to test the Lesk
algorithm and the last two experiments done on corpus based algorithm using cosine similarity
and Jaccard coefficient similarity measure. The result and detail discussion of the experiments
are presented in the preceding sections.

5.1. Preparation of Test Dataset

Five different expiriments have been carried out to test the performance of the developed system.
For testing task test dataset is prepared for the selected words. The test dataset is composed of 10
sentences for each sense of the 17 ambiguous Amharic words. Table 5.1 shows test sentences for

the two senses of the word "Ag7t+:"
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Word : ALt Test sentences

AZT MG AhA h& 1T 047 10

PARIPC A& @07 AANT

PANA h&A aPenavC PAD-1F ALt AD-T TIAP T+ Pavl

AT W AL 16T hAD-

PURTHT PAL T hLtT NHCHC AhParm
PATHOLG PTIVNEP hudet AT AAP

PAY0 A& 4 L8 hAD-

eI UAAT AL T ENLANIN

(99ch087 @-QT X730 W1 LRCIA

ALt Navt AN 914 AThON0, LOLATPA

AOG AL @-LC L4

Pchh9Pq@- avan AL 1T APAP 10

HO-OC G RLE AL 1T ATT

AADGSTL A& 1T IVF b AT

Wt K81 § ASIT7 TI0TA 100

MG A1 § AT POLAIA

NI W& AEPOA AAD-

PHIPUCT HCS A& 1T TI0aPHI Bavl,

neM7 SENT O, A& 1T IC hNC aog-av8: hANT
av 718 AR7E: UIC A& 047 10+

e+AA TITT T

Table 5.1: Sample test sentences for the word “A81+*

5.2. Experimental procedure

In this study, total of five experiments are done to test the performance of the WSD system. As
mentioned earlier in the previous chapter, we have selected corpus based Lesk algorithm for
developing Amharic WSD. This algorithm identify senses by combining the weight from Lesk
algorithm and the sample examples. However since we don't have well-structured Word-Net, the
performance of similarity measures without the Lesk algorithm is tested to see the possibility of
using similarity measures alone for WSD. For this purpose, the performance of 4 similarity

measures: Euclidean distance, Cosine similarity, Jaccard coefficient and Dice were tested.
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The WSD based on Euclidean distance resulted a very small accuracy which is 12% and the
WSD based on Dice come up with a result the same as that of Jaccard coefficient. As a result, the
experiments in this study focused on the Cosine similarity measure and Jaccard coefficient. So
the first two experiments are done to test the performance of the two selected similarity measures:
individually. Then Lesk algorithm is tested and in the last two experiments the performance of

combination of the similarity measures with Lesk algorithm is checked.

5.2.1. Experiment 1: Applying cosine similarity for WSD

As discussed in the previous chapter section 4.5, Cosine similarity is a measure of the cosine
angle between two vectors. The two vectors in our case are: the documents containing example
sentences; and the input sentence containing the ambiguous word. The documents and the input
texts are represented by the weight of the words incorporated in them which is the tf-idf of the
words. The cosine angle between the given statement and the documents containing the sense
examples of the ambiguous words are measured and the one with highest score is taken as the
sense of the word. For example, to disambiguate the word “A&7t" in an input text "?AAIC ALt
o7k AAOT"

SIM(T gppgme ner warvir naai Genna ey o) =0 7286

SIM(T ¢ppgme aerir aerei anai Qe enorsa) =0.526

As we can see the input statement is more similar to the document containing the example
sentences of the first sense of the word “A7t". So the algorithm decides that the sense of the

word in the give context is "eAhd h&d avgp.aoc” as shown in figure 5.1.

RESH TIC FATMr: PARTC AT+ o031+ ANNT
TCHo>3 PANTTT P FOTYF: AT
POATT PO FCTFF™ : fAh& h&a orvgnorC

>>>

Figure 5.1: Example of WSD using Cosine similarity measure

As we can see from the result summary table 5.1, the accuracy of applying cosine similarity for
WSD ranges between 55%-100% and the average accuracy of the similarity is 81.94% for nouns ,
88.67% for verbs, 90% for adjectives and for adverbs 77.5%. The total average accuracy of the
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WSD system based on cosine similarity is 84.52%. WSD based on this similarity measure
produced highest accuracy for adjectives and lowest accuracy for adverbs. And the similarity
resulted the highest performance for the words “HC” and “#Zm”, which is 100% and come up with
the least accuracy for the word “A2”, that is 55%.

The WSD based on Cosine similarity measure resulted high for the words that have senses that
donot appear frequently with the same words. And produce least accuracy for the word like “a%”
which have senses that share common collocated words. The same is true for the least

performance of this approach for adverbs.

Accuracy of cosine similarity measure
Word classes Words Accuracy Average accuracy
éts 85.5%
A1t 80%
a8 95%
HC 100%
Ahd 75% 81.94%
Nouns ) 80%
Y3 55%
Lhye 73%
[S2) 90%
L0 88%
Verbs $sm 100% 88.67%
ahneg 78%
709 92%
Adjectives La1P 88% 90%
T 90%
Adverbs nea s 65% 77.5%
L4t 90%
Total average accuracy 84.52%

Table 5.2: Accuracy of Cosine similarity measure for WSD

5.2.2. Experiment 2: Applying Jaccard coefficient for WSD

To compute the similarity between the input text and the documents the Jaccard coefficient have

been employed which measures similarity as the intersection divided by the union of the objects.
The Jaccard coefficient similarity ranges between 0 and 1. The document with the highest

Jaccard coefficient value is considered more similar to the query than the other. For instance the
sense of the ambiguous word "e 712" in the query "°Ct NQVAP o718 havl-E" can be identified

by using Jaccard coefficient similarity measure as follows:
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SIM (T\’hw-?c FIUCT a0LL 4T DAGS d*?d-?T 'I‘,?‘i,’) =0 O 12 1 13

SIM(T gygeri o avang 2 o Aac aon. ave) =0.00127824

The result from the similarity measure indicates that the document containing example sentences
of "0AY+ H& Add-¢" has highest jaccard coefficient value, so the algorithm decides that the sense
of "ao1&" in the given context is "N\7T HE AGc-¢-".

RES+ TIC PANYF: Phe 4T FFUCT Oo°9LF 415 DNS-
TCHo=3 PEANTTF FO PONY: 415

POTOHT+ PO TCFF™ : S48 TFF

>

Figure 5.2: Example of WSD using Jaccard Coefficient

Summary of the performance of the Jaccard coefficient is presented in the table5.2. The accuracy
of the similarity measure ranges from 55% - 100% with average accracy of 83.68%, 90.67%, 87%
and 82.5% for nouns, verbs, adjectives and adverbs respectively. And the total average accuracy
of Jaccard coefficient is 85.96%. The Jaccard coefficient similarity generated least performance
for adverbs as that of cosine similarity and performs high for the verb word class. And the
similarity measure produced the highest performance for the words “Hc” and “#Zm” and the least

performance for the word “A% as that of the cosine similarity.

Like that of the WSD based on Cosine, the Jaccard is also affected by words that have senses
that share common collocated words. In most of the cases Jaccard coefficient performs the same
as that of Cosine similarity, however the WSD based on this similarity produced 1.44% better
accuracy than the Cosine similarity. This is because of the fact that both similarity measures have
normalization factor, the denominator in the Cosine formula is invariant to the number of terms
in common and produces very small numbers when the vectors are large and the number of
common elements is small. Jaccard change the normalizing factor in the denominator to account
for different characteristics of the data [43]. This may be the reason for the better performance of

Jaccard coefficient than Cosine similarity.
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Accuracy of Jaccard coefficient

Word classes Words Accuracy Average accuracy
4q 86%
ALt 90%
avy)e: 90%
HC 95%
Ahé 80%

Nouns Pp 85%
0g: 55% 83.68%
Lhage 84%
2908 90%

Verbs LN 88%
$im 100% 90.67%
ahne 84%

Adjectives Y0y 92%
Lo 88% 87%
T 81%

Advers nea 75% 82.5%
OL4t 90%

Total average accuracy 85.96%

Table 5.3: Summary of accuracy of Jaccard coefficient for WSD

5.2.3. Experiment 3: Applying Lesk algorithm for WSD

The third experiment is conducted to test the performance of applying Lesk algorithm for WSD.
Here for employing Lesk algorithm, the system searches for the lexical entries of the collocated
words in the Word-Net. If there is a lexical entry for the word, the overlap between the gloss
definitions of each senses of the target word and the words that are collocated with the target
word is counted. The sense of the target word with the highest overlap is considered as the
correct sense of the word in the given context. For instance to disambiguate the word “4-+¢” in a
sentence “Ph&+4 FIPUCT oL 449 A4S, the lesk algorithm first looks for words that have
lexical entries in the Word-Net. We have Word-Net entries for the words "+euct", "ava0.2" and

"¢-+5". Here, the Word-Net entries for the words are presented to illustrate this method.
The Word-Net entry for the word:

"FOUCTH" iS: "A@PTAIPUCT (W (900 § NaPTIC @RI DA ATPL 0TLTY WDt

. IIUDO—I(L'QII:
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*sensel -NC:@L @O\ 7 L9LLNTANS: NC;
*Sense2- avPavs P ML AA h&d TIPUCTH LL8 aPHPDLL 44T
The word "4-+¢" has two senses:

o sensel- ¢+a PPPATL A®- ANATLE PTOAT TIC TIDP AATIDOET AGPTIHA TI°VCT (LF hed
Név-& OLI° NP L71PCN TOB

e sense2- FeC avhe. APLNAL AP 11C aPFIC av( P

The word "+¢°vct" has "tPvct”, "0+, and “A@-++" in common with sense 1 of “4-¢" and has
no common word with sense 2 of "4-+4". And since the word "o»91(L.¢" has two senses we will have
four combinations. Sensel of "eo9N.¢" has no common word with both senses of "¢-+6". Sense2 of
"avo(L " has"hed"”, and "FIPuCt" in common with sensel of “¢-+¢"; and has no common words
with sense 2 of "z-4¢". So the lesk weight of sensel would be the sum of the results from the two

combinations which is 5 and sense2 is O.

L (S1,.¢) Sygmycs) =3 L (S2,.1¢) Sygmycs) =0
L (Slé.'f‘q' Sl”""m.f) = O L (52&.'?‘9" Sl”""?ﬂ.?) = 0
L (Slé.'f‘q' SZ”""m.f) = 2 L (82&.'?‘9" 82‘7""70.!’): O

Hence, sense 1 of the target word has a total of 5 common words with the collocated words while
sense 2 has no overlap the algorithm assign sense 1 (“¢+4”, “rf#”) for the word “4-1G” in the

given sentence.

VSt TIC PO : Phe+HT FFUCT ovoLf 445 DNAS
FCHRO™T PAARTT PO POTIF: 445
NIF PO FCH® @ 44 TFP

»>>

Figure 5.3: Example for Lesk algorithm

Summary of the performance of the Lesk algorithm for the selected words is presented in the
table 4.4 below. The algorithm resulted total average of 43.65% accuracy with the highest
accuracy of 65% and lowest accuracy of 30%. As indicated in table 4.4 the Lesk algorithm
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performed with an average accuracy of 50.1% for nouns, 47% for verbs, 40% for adjectives and
37.5% for adverbs. The performance of the algorithm is highly dependent on the content of the
Word-Net. Because few words are included in the Word-Net the performance of the Lesk

algorithm resulted average accuracy less than 50%.

Accuracy of Lesk algorithm
Word classes Words Accuracy Average accuracy
4 14q 61%
A1t 40%
ae 65%
HC 45% 50.1%
Ahd 33%
Nouns ) 50%
Y3 50%
Lhye 57%
[S2) 50%
L0 44%
Verbs $sm 50% 47%
Ahne 47%
7015 50%
Adjectives LaP 30% 40%
et 41%
Adverbs neas 40% 37.5%
oL4T 35%
Total average accuracy 43.65%

Table 5.4: Accuracy of Lesk algorithm

5.2.4. Experiment 4: Applying combination of Cosine similarity with Lesk

In the forth experiment, the combination of Lesk algorithm with the cosine similarity is
employed for WSD. In this approach the weight of a sense is identified by adding result from the
lesk algorithm with the result from the cosine similarity measure for a given query. And the
document with the highest weight will be considered as the sense of the ambiguous word. Given
a phrase "é¢ @mst 0" to disambiguate a word "4-+6" using the corpust based lesk
algorithm will be as follows: We have already seen the Word-Net entries for the word "é-+5™ above

when the Lesk algorithm is discussed. So, here lexical entries of “@m " is presented:
The word "@m. 1" also has two senses:

+  Sensel(T4 1C §6):h78 PPNt MRI° LUt Hvtde Porm 00 vz @RI 11C
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+  Sense2(P4.S 11N):ATL Q@ tPUCT (LT heEd FAM@- 4G LTTO- 17N OLI° LaPAND- T0E
Ht

And there is no lexical entry for the word "+#0A™ on the Word-Net. So the system considers only
the two words that has dictionary definitions in the Word-Net and counts the overlap between the
gloss definition of the two senses of the word "¢.+¢" and "@m.". The system ignores stop words
from the gloss definitions since stop words has less significance to discriminate, so the word the

"oeg"will be discarded. Therefore the number of overlap between sensel of the word "™
and sensel of "o-m 4" is 2 ("A2&" and ""1c") and overlap between sense2 of the word “2:A4¢™

and sensel of "@m/+" is 6 which are("A2&" "a@" " rouct",", A", "hed " e ) . The

third combination which is the first sense of word "4-19” and the second sense of "@mt" gives

one over lap and the forth combination results O overlap.
L (514.+¢l Sla»m,»‘r)zz L (Slg.rma Sza%m,f‘r):6
L(SZA.'M‘! Szarm,%): 0 L (Szmm Slawn,f‘r) = 1

As we can see from the result above, we have two lesk weight for each senses of the ambiguous
word (for sensel 2 and 6; for sense2 0 and 1). But the highest ones which means weight of
sensel “6” and for sense2 “1” are taken. From the cosine similarity we have got the following

weight:
cos(s1, ... )=0.4434852871
cos(s2,..,q)=0.323396021655

And then the results from the lesk algorithm will be added to the weight of the sense from cosine

similarity.
C(e14 7£P) =0.4434852871m +log 6 C(Fac evhe- 0.92)=0.323396021655+ log 1

=1.22160405 =0.323396021655
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AREST TIC FOTF: 415 @O-mT TPON
TCHo>% PAATTT PO FONY: 419
FOIT PO TCH® : &4 TP
>>>

Figure 5.4: Example of WSD using combination of Cosine with Lesk

Applying cosine similarity combined with lesk algorithm resulted total average accuracy of
86.69%. This similarity produced accuracy of 84.1% for nouns, 90.67% for verbs, 92% for

adjectives and 80% for adverbs. In this approch we have got accuracy in the range of 60% -

100%. Here again the system performs less for the adverb word classes and resulted the least

accuracy for the word “A%” which is 60% and resulted highest accuracy for the words “HC” and

“#.m”. Like that of cosine similarity, the approach come up with the highest accuracy for the

adjecitve word class.

From the result we can see that the cosine similarity measure combined with lesk algorithm

produced better accuracy as compared with applying cosine similarity alone. However, the

algorithm performed less for the word “4.+4”. The approch improved the performance in 2.17%.

Accuracy of cosine similarity measure with lesk

Word classes Words Accuracy Average accuracy
étq 81%
ALt 90%
avy18: 95%
HC 100%
Ahd 80% 84.1%
Nouns ) 85%
Y3 60%
Lhye 73%
L9080 95%
L0 88%
Verbs $lm 100% 90.67%
Ahne 84%
7ats 92%
Adjectives L3P 94% 92%
e 90%
Adverbs (T 70% 80%
oL4t 90%
Total average accuracy 86.69%

Table 5.5: Summary of accuracy of cosine with lesk for WSD
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5.2.5. Experiment 5: Applying combination of Jacard coefficient similarity with Lesk

The fourth experiment is carried out to test the performance of applying lesk algorithm with
Jaccard coefficient similarity for WSD.The combination of Jaccard coefficient with lesk
algorithm is the same way as that of combining the cosine similarity. For example the sense of
"¢AG" in the sentence ""eATIANE UG g6 et can be identified by using this approach as

follows:

There is Word-Net entry for the words "+g°vuct" and "é-+6". Word-Net entries for both words have
been shown already above while discussing the Lesk algorithm. The word "t¢°vct" has "+7°uCT",
"0, and “a@-t+" in common with sense 1 of "¢+¢" and has no common word with sense 2 of

"¢-+5". Then this weight will added to the weight of the senses from the jaccard coefficient.
C(Fac aohe- 0.2e) =0.0+(-1)= -1
C(¢+d T7¥) = 0.00974022+l0g 3

= 0.4868614

Since the weight of sensel is greater than sense 2 the algorithm will return "+ +¢¢ " as the

sense of the ambiguous word "¢-+4" in the given context.

RESE TIC POTMF: PRAPIAHT FFPUCT 445 +44%
TCHo™3 PAAMTT PA POF: 445

PO PO FCH : &+A THF

>>> |

Figure 5.5: Example of WSD using combination of Jaccard with Lesk

Jaccard coefficient combined with Lesk algorithm come up with a total average accuracy of
89.83%, which is 2.65% greater than the accuracy of Jaccard coeffiecient alone. This approach
resulted 85% accuracy for nouns, 92.33% accuracy for verbs, 92% accuracy for adjectives and
90% accuracy for adverbs. Like other approachs this approach performs less for nouns. Come up
with the highest accuracy for adjective word class. The word “#4m” disambiguated with 100%

accuracy. As that of WSD based on Jaccard similarity, this approach also produced highest
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accuracy for verbs. And the WSD based on Jaccard similarity combined with Lesk give the

highest accuracy.

Accuracy of Jaccard coefficient similarity with Lesk

Word classes Words Accuracy Average accuracy
étq 86%
W&t 90%
e 90%
HC 95% 85%
Ahd 80%

Nouns ?o 85%
o 60%
£hge 84%
L9080 95%

Verbs L0 88%
$sm 100% 92.33%
ahne 89%

Adjectives 70H5 92%
La1P 94% 92.0%
e 90%

Adverbs nen 80% 90%
L4t 100%

Total average accuracy 89.83%

Table 5.6: Summaryof Accuracy Jaccard coefficient similarity with Lesk for WSD

5.3. Findings and challenges
This thesis demonstrated the implementation of Lesk algorithm with annotated corpus for
Ambharic WSD. For this, WSD system is developed which is composed of tagged example
sentences and Word-Net. Information from the tagged example is extracted by using similarity
measures; and from the Word-Net Lesk algorithm is employed. So, the end result of this study
illustrates the performance of combining this two information sources for identifying the correct

sense of a target word based on a given context.

A corpus based Lesk algorithm disabmiguate one target word combining example sentences and
dictionary definitions. However, in this study before combining the two, the performance of the
WSD based on each knowledge sources are tested individually. The performance of the Amharic
WSD based on example sentences alone have been tested by applying two similarity measures:
Cosine similarity and Jaccard coefficient. And to test the performance of WSD based on

dictionary definition simple Lesk algorithm alone is utilized.

65




Experimental results shows that the Amharic WSD developed based on cosine similarity, Jaccard
coefficient, Lesk algorithm, cosine combined with Lesk and Jaccard coefficient with Lesk
resulted an average accuracy of 84.52%, 85.96%, 43.65%, 86.77% and 89.83% respectively.

The comparison interms of average accuracy scored by the semantics measures is summarized

below in table 5.6.

Summary of Average accuracy
Word classes Cosine Jaccard | Lesk Cosine Lesk | Jaccard Lesk
Nouns 81.94% 83.68% 50% 84.1% 85%
Verbs 88.67% 90.67% 47% 90.67% 92.33%
Adjectives 90% 87% 40% 92.33% 92.0%
Adverbs 77.5% 82.5% | 37.5% 80% 90%
Average Accuracy 84.52% 85.96% | 43.65% 86.77% 89.83%

Table 5.7: Summary of Average accuracy of the four methods

The system developed has been tested with 17 words that are taken from noun, verb, adjective
and adverb word classes. In all of the experiments the system performs with lowest accuracy for
adverbs. This is because, most of the adverbs appear with similar words in the example sentences
of the different senses. Cosine with or without Lesk resulted higher accuracy for adjectives and
Jaccard coefficient with or without Lesk resulted higher accuracy for verbs.

As shown in the above table 5.6, Jaccard coefficient similarity performs better than Cosine
similarity except in case of adjectives. The two experments evidenced that similarity measures
can be used for distinguishing the sense of a target word in a given context. The selected
similarity measures disambiguated the chosen words with average accuracy of more than 85%.
This indicates that the two similarity measures promising performance if we employee them
using a tagged corpus. The Jaccard Coefficient performed 1.44% better than Cosine similarity
for WSD.

The performance Lesk algorithm alone is also tested for Amharic WSD. The Lesk algorithm
performed less for every word and come up with average accuracy of 43.65%. However, as
depicted in table 5.6, both of the similarity measures performs better when combined with Lesk

algorithm. The Cosine similarity combined with Lesk algorithm performs 2.17% better than
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Cosine similarity and Jaccard combined with Lesk performs 3.87% better than Jaccard
coefficient similarity. The Lesk algorithm uses dictionary definitions and semantic similarity
between the target word and the collocated words. So combining this information with the

information from the example sentence helps the system to identify the sense of a target word.

The major challenge in conducting this research was organizing example sentences and the
Word-Net. The main sources of information for the WSD system developed are Word-Net and
example sentences, however there is no well organized Word-Net and corpus for Amharic
language.Therefore, we have tried to construct a simple Word-Net and organize corpus. As
stated earlier the Word-Net constructed by Samrawit is used by adding some words. The Word-
Net is composed of words with their synonymy and gloss definition. Two dictionaries are used
for adding on Samrawit [35] Word-Net, on those dictionaries for some of the words there is no
synonym list and for some of them there is no gloss definition. So it was difficult task to

organize words with their synonym and gloss definitions.

As a result, very small number of words are included on the Word-Net and the lesk algorithm
works only for those words included on the Word-Net. Hence, we get less performance using
Lesk algorithm and little improvement combining lesk algorithm with the similarity measures.
The other limitation of the Lesk algorithm is that, it strictly considers the definition of a synonym
as a source of contextual information for a given sense. Employing adapted Lesk algorithm that
takes in account related concepts and their definitions would be helpful to increase the accuracy.
According to report of Senseval-2, the adapted Lesk algorithm doubled the accuracy of the WSD.
This algorithm is not employed for this study because of lack of dictionaries that incorporate

hypernyms, hyponyms, troponyms and their associated definitions.

The attempt of the study was to develop a WSD system that will work with any text from
different domain. Therefore, it was expected to collect example sentences from different sources.
Even if texts in Amharic language are more available than any other local language on WWW, it
is still very challenging, difficult and time consuming to collect and organize example sentences
for each senses of the words. In addition, for some of the words one sense has dominant
frequency of occurrence than other senses and some senses occur very rarely. This makes it so

hard to find equal number of example sentences for every senses of a word. The other
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challenging thing while organizing the corpus was to manually tag the senses, because
sometimes it is so confusing and difficult to differentiate the correct sense of the words in the
example sentences. And some of the words have senses that are difficult to understand and
differentiate.

Consequently, only 100 sentences are collected for each sense of the words. The accuracy of the
system based on both similarity measures is dependent on the frequency of words that occur with
the senses of the target word in the example sentences. The system identifies the sense of a
target word by comparing the similarity between the documents contianing example sentences of
the target word and the input text. So the system works only if the input sentence includes words

that are contained in the 100 example.

In some cases, words that are collocated with the target word in the input text may appear with
nearly equal frequency in the example sentences of each senses of the target word. In such cases
the system become confused to identify which sense of the word occurred in that particular
context. So, the system come up with a least accuracy for those words that are frequently
collocated with similar words in their different senses.

In this study a more generic approach was explored for Amharic WSD which can disambiguate
any ambiguous word. However, since the system developed works given a tagged example
sentence and tagged corpus was collected for only 17 words, the system can not identify the
ambigous word and can not disambiguate all ambiguous words in the input text. So, in the
experiments the system is tested for disambiguating a given targetword selected by the user from

an input text.

Summary
This chapter presented the experiments conducted and results obtained from the experiments.

Five experiments were conducted using 10 test examples for each sense of the selected 17
ambiguous words. The experiments was done on Cosine similarity measure, Jaccard coefficient,
Lesk algorithm, combination of Cosine with Lesk and Jaccard with Lesk and resulted average
84.52%, 85.96%, 43.65%, 86.69% and 89.83% respectively. Jaccard combined with Lesk come
up with the highest accuracy. And the system come up with a least accuracy for those words that

are frequently collocated with similar words in their different senses.
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CHAPTER SIX

Conclusion And Recommendation

6.1. Conclusion

The main aspiration of this research work is to investigate a more generic approach for all-words
based Amharic WSD. Previous thesis works in the area of WSD conducted a study on lexical
sample task and their experiments was on verbs using machine learing approach. In this research
a new methode is explored towards all words task by using Lesk with annotated corpus. To this
end, a WSD system developed based on implementation of Lesk algorithm with similarity

measures.

WSD system that disambiguate an ambiguous word based on context is implemented using
python programming language. The system uses mannually tagged example sentences and
Word-Net as a knowledge source. And to identify the sense of the word the system measures
similarity between the input sentence and the documents containing example sentences of the
different senses of the target word. In addition, the system employees Lesk algorithm. To
measure similarity, Cosine similarity measures and Jaccard Coefficient are selected. The WSD
system is tested using 17 Amharic ambiguous words which are selected randomly from different

domain. The selected words are from noun,verb, adjective and adverb word classes.

In this study, a new method is designed for developing Amharic WSD that uses similarity
measures to extract information from corpus and Lesk algorithm from Word-Net to disambiguate
words from different classes. The performance of the WSD based on Cosine similarity and
Jaccard Coefficient alone achieved 84.52% and 85.96% accuracy respectively. For most of the
cases the two similarity measures have equal performance but as we can see from the total
average accuracy the Jaccard performed a little bit better than the cosine. From this we can
conclude that both the similarity measures can be employeed for WSD.

The Lesk algorithm alone performed with total accuracy of 43.65% which is less than the
performance of the similarity measures. The less performance of the Lesk algorithm is because,
the Word-Net incorporate small number of words. And the average accuracy of performance
Cosine similarity with Lesk resulted 86.69% and Jaccard Coefficient with Lesk resulted 89.83%
total. On the average, the Amharic WSD performs better when Jaccard coefficient combined
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with Lesk algorithm with total average accuracy of 89.83%. The result showed that the similarity
measures performed better when they are combined with Lesk algorithm and from this we can
conclude that it is better to use the similarity measures combined with Lesk to come up with
enhanced result.

In general, this study shows that given tagged example sentences and Word-Net entries for a
given ambiguous word from any Amharic word classes; we can use this system to identify the
sense of the word by measuring the similarity between input sentence in which the ambiguous

word is in and the Lesk algorithm.

6.2. Recommendation
Based on the findings of the study, the following recommendations are formulated as a future

research direction in the area of Amharic WSD:

e The Amharic WSD developed identifies word senses using information from Word-Net.
We have tried to constuct a simple Word-Net that incorporate only words with their
synonyms and gloss definitions . And the Word-Net is not as much well-structured and
contains small number of words which affects greatly the performance of the Amharic
WSD. Hence we recommend to work more on constructing an Amharic Word-Net.

e Even though, there are different types of sense relationships between words that will help
to identify the sense of a word, the Word-Net constructed incorporate only synonmous
relationship. For the future it would be better if the Word-Net incorporate other word

sense relationships like Hyponymy.

e The other major soure of information for the WSD system developed in this thesis is
tagged example sentences. We have collected and organized only 100 sentences for each
senses of selected 17 Amharic ambigous words. It is obvious that as the number of
examples increases the accuracy of the system will increase becuase when we use more
sentences we can get more words that are related to the target word. Therefore, we
recommend that corpus containing more words and more tagged example sentences
would be organized.

e We have used a simple Lesk algorithm, which identifies word senses by finding the sense

that leads to the highest overlap between its dictionary definition and the current context.
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There are other variation of simple Lesk algorithms like Adaptive Lesk algorithm which
Access a dictionary with senses arranged in a hierarchical order.This extended version
uses not only the gloss/definition of the synset but also considers the meaning of related
words. We suggest for researchers who will work on the field of WSD using this method
to employee Adaptive Lesk algorithm instead of simple Lesk algorithm and check the
performance.

The WSD protoytpe developed in this research works for a single word in the given text
and could not identify the ambiguous word from the given text. In the future it is better to
incorporate a way to identify the ambiguous words in the given text and disambiguate all
the ambiguous words in that given text.

Since WSD is a central problem in the field of NLP, different attempts are being done in
this area for other local languages using different approaches. For the future we suggest
for researchers who are interested to work on WSD for other local language to follow this

approach and to explore more.
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APPENDIXES
Appendix 1. Amharic Alphabets
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Appendix 2: Amharic Word-Net

LI @ebsVT:N97GC (TIRI° (ATPAL A ATTNL YT P714MC EC A.ATT P7LTA ACAT P sV O-ATATLT 148
(192216 @LI° (1P POI° 04077 DA% I°CR, (184 DLI° NTLAMC T1ADP

AVL@hhN EI°NC:°%TS AT TARPT He-PT PTLHC NCY7 o 29T

705 @@-GF PULTIC:U-ALE 2ULPT VAT PULGIC AN9PAL AD+TRNAT LAY AT CAPT TIHA T (1 avl8
aFOEL@avNL NCL:APAN 1PSPT AT aPAL W14 P7 607G ANdALD: a0l 20T 271.AT NCE 0L DLt
Q12 @PHTN:AAATL 8L al8 PPH KU-§ TINLE

O&L@HSG:A%0 271071 1IC;PO-O-T:0APT avhd P91.84 SB@-D-F 79 P74 AD-D-P

POA@LLIX PPANTATLT 70 74 AN LI O OLI° NRU-F P0LL oA RINTE Phie T 11C
&A%, 7aM:0A AP472L T1C 020 114 0124, 74N AtEeT avhaht

1LPF@POLLET G4 AT P VAT @L & APT ALCH PTLTFADT 11C AQPLIP P71.51C A+
AETIS@aPIPUC:NTINTTIC (191D P av-@ AL eHATIE- (-

PANC@ATTT:NAAPD- AAATIO- TIC VDR AP 03 $CO NoPYA AT £oAT (D

PPAN@IPAN:ATPGIC AaPPar AGPAN P, L10I0 (IAF OOT P7LTT LAD-1 T Ahd

AO-@ANAREMC:HA § A LAD- 7900 TINAGA PTLTA §n-C

ANNZ@NE ALLT:0°1 TIn2 NIC Am;NAA TThOC:NAA HIE-F NINCKT AL taT4,

HQ@av:15 DAt POLL O P (16 AL;A%0 AD:AIPAT b H OLI° (g LA AP PALE TANT
HG@D&:NAD A7L0F P7L.00M A4.0 PASP 27107 11C

ONF@ONF AB:hLILD- NANG AP Al AAG AdPF P97 A+ MmN NCE:ALO PALLE 16 A2
LAP@LIN:0° LA TAY PF 099,32 PAI® aPAh FPNA A7L CYT @ITLRPP:0HIIA P el NAA NP Lo TP
PAP@ALTTE DL ATIPP 195 PRCAR AP aPAN PAD- PHbavap AaPRG AGPAA ATPPOT P71, LI0TN TG
ALMAR@LYE AP0 havt (AN:ATRTY FAP £C1LT ORI U323 AZINFON 1979 Aovt L71NOC NAA
SLM@19°L:ATL TIC 1L MNA;OAT:AZE: T1C AT1L47 et 7 P O

LLA@ TR0 P1:h28 TIC AP Ah(E ALLITI° ANGOT0P:ATALE CALTT P L8 AR av@in

aNC@4.1G B AFPL:NANA NARICC AL BT T9IC Varg® TARAG (LLITI°

77




ANA @14 A A@-TEALTE e AD-TE NN TINC B ALY HI0C P91.4.69° (87 AN NFN:PUPT PAZL: T1C hGFA

ALTF@PANA hGA aoavC: CAT T PARIPC S 7F davt @RI AA AD-T heEd 9189010 T35 F:.aoNAhe] YNt
ADSTL ATHE (- NG AP PA LLE avg i

HC@OT? HavL: F@-AL:FD-AL VLA 291 70P0F (1LI° ATF I PHA0L PHIPLS AT AP +OAB LT 271.0PA
GCANLATL TICT ATPNA (ALC @Y ARC avpt) PT1NPA

78A@NCHT TG TANTATLT T0C ATTNGOT 271.00FA TANT APT°; (& 7:R7&T HI0C 271.4.69° (+&7;ANTAE:HE,
fathta AN1SE: <14t

P& @NAYT HE ANGC- U1 NG-0aP0GT 2T1.MPI° AT TO;285:008E avavANT ao+AALL (-
AZ@UATNPCAN L PFOAL (ALTE PAT4;PA NN héL:hANdh Pom

LAC@ETA TPP:AYE (D AAATE PADY AP AdPavlT 49PUCT (LT hGA TOT N60-G NFPA P91PCN T TIC aohe-
APL:NAL AP TIC T9IC 0P8 (LI TP

TG @FT1:TIVCT (W MR 19PTIC AL PA A@-empty

D NT@Té T1C §6:A7L A8 PN @RI° &1t ke Pavd) 3¢ v @RI° T1C;04-1G 17: A7 A@- TI°UCT T
h&d oAt O HAM@- 4G LTTD 17 ORI° Lav\(D- TLE NHF

a9 @NC:DL OAT L7.LATANG (1C; aPEaPsP: ML MA W& TIPUCT £LF PHPDLE 41T
OLPT@OVET aPASL: R TR NAT N1AN éBCP NEPAANT TICT P9L0E- dULA aPALEL; A% 0:TTHH
NWA@ D AJPL hPr:PUNLAAN PAGSC HE NAYT @9 ATPL: K91

ARIPC @UAS:ATINNATIISHA 27.mP9° A1 Ahd hed

NAGIS @ VNI 1A DT, W&t

ATIT@171 AAT: 200 avA Rhi

ATTEF@P0) A0 @PC:NAT (P4 ¢-HLID m7e U1 A@-rF hed

AFT@TILG hEL TINT: ATONT LH O TIVCT TALF P718L0T L1,

LNP@APITINT: (1 HALP (1¢- TIPVCT DLIP Yyard® PNTeF eoLnAE PaPHA OTLH; TR0 11C ATIT T+ @RI° 9
ATIaNt 0TLLLA Tt AT

PO@+a0T:h 7L TIC LTLMHOE @RI° LTLATPNT A28 (¢ AT DL AFAMNTF A1010T 29Lhé.A P77HA a°m? Ah
+av7:4.0.8 PPIOANPT PULAMTF MPTLF PAFD T4 PPYP

78




Appendix 3: Example sentences from the corpus
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Appendix 4 : python code for WSD based on Cosine Similarity
def cosine(phrase, amb):
folders=[f for f in listdir ("corpus processed" ) if isdir(join("corpus processed", f))]
N=len(folders)
foriin folders:
if trans(i).__eq__(amb):
folder=i
files=[f for f in listdir ("corpus processed\\"+folder ) if isfile(join("corpus processed\\"+folder, f))]
vector_similarity={}
dot_product={}
tf_query={}
for word in phrase.split():
if word not in tf_query.keys():
tf_query._ setitem__ (word,1)
else:
c=tf_query.get(k)+1
tf_query.__setitem__ (k,c)
df={}
tf_doc={}
foriin files:
tf={}
dot=0
corpus=codecs.open("corpus processed\\"+folder+"\\"+i,"r",encoding="utf-8")
read_corpus=corpus.readlines()

forjin read_corpus:
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for k in j.split():
if k not in tf.keys():
tf._ setitem__(k,1)
else:
c=tf.get(k)+1
tf._ setitem__(k,c)
for s in tf.keys():
if s not in df.keys():
df.__ setitem__ (s,1)
else:
d=df.get(s)+1
df.__ setitem__ (s,d)
tf_doc.__ setitem__ (i, tf)
for d in df.keys():
idf=log(N/df.get(d))
df._setitem__ (d, idf)
vector_query=0
vector_doc={}
forjintf_doc.keys():
vector=0
dot=0
foriin tf_doc.get(j).keys():
tfidf_doc=tf_doc.get(j).get(i)*df.get(i)
vector+=pow(tfidf_doc,2)

if i in tf_query.keys() and il=amb:
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tfidf_query=tf_query.get(i)*df.get(i)
dot+=tfidf _query*tfidf_doc
dot_product.__setitem__(j, dot)
vector_doc.__setitem__ (j,sqrt(vector))
for key in tf_query.keys():
if key in df.keys():
vector_query+=pow(tf_query.get(key)*df.get(key),2)
for doc in vector_doc.keys():
similarity=0
for key in dot_product.keys():
if doc.__eq__(key):
similarity=dot_product.get(key)/float(sqrt(vector_query)*vector_doc.get(doc))
vector_similarity.__setitem__(doc, similarity)
value=vector_similarity.values()
value.sort()
value.reverse()
sense=""
for j in vector_similarity.keys():
if vector_similarity.get(j)==value[0]:
foriinj.split(".")[0].split():
sense+=trans(i)
index=j.split(".")[0].split().index(i)
if index<len(j.split(".")[0].split())-1:

sense+=

return sense
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Appendix 5 : python code for WSD based on Jaccard combined with Lesk
def lesk_alg(phrase, amb):
dic_syn={}
dic_glos={}
weight=0
weight_jacard=jacard(phrase, amb)
foriin phrase.split():
senses={}
forjin line:
token=j.split("@")
ifi. __eq__ (token[0]) and token[1]!=None:
id=1
for syn in token[1].split(";"):
if syn[ :len(syn)-2]!="empty":
gloss_syn=[]
gloss_syn.append(syn.split(":")[0])
gloss_syn.append(syn.split(":")[1])
senses.__setitem__ (id, gloss_syn)
id+=1
dic_glos. _setitem__(i,senses)
syn_amb=dic_glos.get(amb)
weight_gloss={}
weight_syn={}
for words in dic_glos.keys():

for sense_amb in dic_glos.get(amb).keys():
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count=0
for sense in dic_glos.get(words).keys():
for word in dic_glos.get(words).get(sense)[1].split():
if word in dic_glos.get(amb).get(sense_amb)[1].split() and words!=amb:
if word not in stop:
count+=1
if weight_gloss. __len__()!=0 and dic_glos.get(amb).get(sense_amb)[0] in weight_gloss.keys():
if weight_gloss.get(dic_glos.get(amb).get(sense_amb)[0])<count:
weight_gloss. _setitem__ (dic_glos.get(amb).get(sense_amb)[0],count)
else:
weight_gloss. setitem__ (dic_glos.get(amb).get(sense_amb)[0],count)
sense_weight={}
foriin weight_jacard.keys():
if weight_gloss. _len_ ()!=0:
if weight_gloss.get(trans(l,split(“.”)[0])) != O:

«n

sense_weight.__setitem__(trans(i.split(“.”)[0]), weight_jacard.get(i) + logl0
weight_gloss.get(trans(l,split(“.”)[0]))))

else:
sense_weight.__setitem__(trans(i.split(“.”)[0]), weight_jacard.get(i) +(-1))
value=sense_weight.values()
value.sort()
value.reverse()
foriin sense_weight.keys():
if sense_weight.get(i)==value[0]:
sense =i

return sense
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