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Abstract

The increase in large scale data available from different sources and the user’s need access to
information retrieval becomes more focusing issue these days. Information retrieval implies
seeking relevant documents for the user’s queries. But the way of providing the queries and the
system responds relevant results for the user should be improved for better satisfaction. This
can be enhanced by expanding the original queries from semantic lexical resources that are
constructed either manually or automatically from a text corpus. But, manual construction is
tedious and time-consuming when the data set is huge. The way semantic resources are built
also affects retrieval performance. Based on formal semantics the meaning is built using
symbolic tradition and centered around the inferential properties of languages. It is also
possible to automatically construct semantic resources based on the distribution of the word
from unstructured data which applies the notion about unsupervised learning that automatically
builds semantics from high dimensional vector space. This produces contextual similarity via
word’s angular orientation. There have been attempts done to enhance information retrieval by

expanding queries from semantic resources for non-Ethiopian languages.

In this study, we propose Amharic information retrieval using semantic vocabulary. It is figured
out by considering components including text preprocessing, word-space modeling, semantic
word sense clustering, document indexing, and searching. After the Amharic documents are
preprocessed the words are vectorized on a multidimensional space using Word2vec based on
the notion words surrounding another word can be contextually similar. Based on the word’s
angular orientation, the semantic vocabulary is constructed using cosine distance. After
Ambharic documents are preprocessed it is indexed for later retrieval. Then the user provides
the queries and the system expands the original query from the semantic vocabulary. The
queries are reformulated and words are searched from indexed data that returns more relevant

documents for the user.

A prototype of the system is developed and we have tested the performance of the system using
Amharic documents collected from Ethiopian public media. The semantic vocabulary based on
the word analog prediction using the cosine metric is promising. It is also compared against the
semantic thesaurus constructed with the latent semantic analysis and it increases by 17.2%
accuracy. Information retrieval using semantic vocabulary based on ranked retrieval increases

by 24.3% recall, and using unranked set of retrieval, 10.89% recall improvement was obtained.

Keywords: Word2Vec, distributional semantics, semantic vocabulary, information retrieval.
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Chapter One: Introduction

1.1 Background

Natural language processing is the ability of a computer system to understand human languages
as we speak and communicate with each other. It is an interdisciplinary field of study dealing
with computational techniques for analyzing and representing naturally occurring texts. It is an
active research area that explores how computers can be used to understand and manipulate
natural language texts [1]. Natural language processing is done with different levels of
understanding like phonetical, morphological, pragmatic, discourse, syntactic, and semantics
in which the information retrieval system is built upon it. Now a day’s information retrieval
based on semantics becomes more popular due to the language nature and understanding of
meaning is subjective. Information retrieval is the process of seeking relevant documents from
a certain source that can be a database, indexed file or web page. The performance of an IR
system may be weak and to satisfy the user's need and guarantee their searching must be
enhanced using some ready-made lexical resources that are built automatically from a text
corpus by expanding the user’s query. Query expansion is the process of reformulating the
original query into a set of additional multiple similar terms to retrieve more relevant

documents from data sources.

The increasing of large corpora and high-speed processing power of computers led to a growing
interest in automation and data-driven linguistic analysis. Using natural language texts lexical
resources like semantic vocabulary, thesaurus, dictionary, and WordNet can be constructed
either manually or automatically. For example, semantic vocabulary can be constructed
automatically from a corpus based on the assumption words distributed across a
multidimensional vector space could have the same meaning. The similarity measure can be

compared via mathematical functions [2].

Semantics is the study of meaning which is a wide subject within the general study of
languages. It investigates how to extract meaning from a given text and the way that the
meaning of words can be combined to imply the meaning of large corpus [3]. There are
different approaches that can identify the linguistic meaning for a given text. These are formal

semantics and distributional semantics.

Formal semantics is different from distributional semantics in a way that, it is based on a
symbolic tradition and centered around the inferential properties of language whereas the

distributional semantics is statistical and data-driven, and focuses on aspects of meaning related

1



to descriptive content [4]. In this concept, the meaning of words can be represented from word
contexts in which it appears and can be formalized a vector in multi-dimensional distributional

space.

Distributional semantics is one approach of semantics in which the meaning is extracted from
word contexts and its distributions across a vector space. It is a theory of meaning which is
computationally implementable and very good at modeling what humans do when they make
similarity judgment. It models computational representation of word meaning from the patterns
of co-occurrence of words in each text which can provide reliable estimates of meaning
relatedness for many semantic tasks requiring them. It extracts meaning information
exclusively from the text which states words that occur in similar contexts are semantically

similar [5].

The hypothesis behind the distributional semantics states that at least certain aspects of the
meaning of lexical expressions depend on their distributional properties in the linguistic
contexts. For instance, the degree of semantic similarity between two linguistic expressions o.
and B is a function of the similarity of the linguistic contexts in which a and B can appear. The
distributional similarity across a vector space may be weak or strong. If the similarity distance
is weak then the words are far apart and it does not further wanted for linguistic analysis. Strong
view as a cognitive hypothesis about the form and origin of semantic representations; if word
distributions in context play a specific causal role in forming meaning representations. This
assumes that there exists a strong correlation between the observable distributional
characteristics of a word and its meaning [6].

Distributional semantic models (DSMs) are computational methods that turn the distributional
hypothesis into an experimental framework for semantic analysis which is extracted from
corpora and count co-occurrences of lexical items with linguistic contexts represent lexical
items geometrically with distributional vectors built out of their co-occurrence counts and
measures semantic similarity with distributional vector similarity [7]. There is also another
meaning similarity for words like WordNet. However, WordNet contains a smaller number of
words with its relation and similarity where distributional semantics contains many words with
similar meaning and multiple relations. WordNet provides a typed semantic space whereas DS
provides automatically created vector space. The performance of distributional semantics is
better than WordNet because of large corpora with multiple dimensions. Word2Vec returns

more hypernyms, synonymy, and hyponyms which shows the probability that neighbors



separated by a given cosine distance are semantically related and many relations can be

constructed [8].

Words that are said to be similar must refer to the same contextual meaning and the similarity
distance across the vector space must be nearly related. An M by N dimension is extracted from
Ambharic document by which M represents words and N represents contexts. Words are

clustered based on their distributional similarity together in multi-dimensional space.

Once a lexical resource is built it is used for the information retrieval system by expanding the
query words automatically to other similar words and searches the reformulated terms from
indexed data sources. The users are not aware of the expanded query terms but the enhanced
information retrieval system reformulates the query from the semantic vocabulary, searches

from the indexed sources, and finally returns more relevant documents.

1.2  Motivation

The meaning of words can vary according to the contexts in which it appears and this may be
understandable by humans but may be difficult and requires an efficient model for a computer
system to understand. Manual construction of vocabularies from large corpora takes time and
it is bulky to process. Unless the meaning of words can be interpreted via its context it may
become difficult to understand. Retrieving relevant documents using semantic vocabulary as a
query expansion can be used for information retrieval. To the best of our knowledge, no
research work is done for constructing semantically related vocabulary from Amharic corpus
using distributional semantics and its use for information retrieval. This has motivated us to

conduct research on Amharic information retrieval using semantic vocabulary.

1.3 Statement of the Problem

The need access to information retrieval using query expansion from a lexical resource like
WordNet, dictionary, and thesaurus becomes a focus research area these days. These resources
can enhance the retrieval relevancy, but the nature of meaning extraction affects the
performance. Semantic vocabulary using the neural word embedding method is the new
approach for huge data size and it can be used for information retrieval by expanding the
original queries into reformulated semantic similar queries. There have been attempts done for
constructing semantic resources for non-Ethiopian languages and it is discussed the application

area where it can be applied. Distributional semantics is one approach of semantics which can



build meaning from a text. The notion “the company knows by the word it contains” works for

distributional semantics. Words surrounding other words can have similar meanings.

Previous studies on distributional semantics for automatic and semi-automatic vocabulary
construction and expansions for Japanese [9], Swedish [10], French [11], and English [12]
languages showed promising results. Distributional semantics outperformed well for
vocabulary construction for many languages so far. Some research works have also been
carried out for Amharic semantics analysis [13] to show the semantic relations of words from
a given corpus with the stored words in WordNet [14] by which contextually similar words
may be ignored from relation sets because of the limited and predetermined number of words.
Andargachew Makonnen [15] conducted research on automatic thesaurus construction for
enhancing information retrieval using latent semantic analysis (LSA) with singular value
decomposition (SVD) based on the words bag of count method. The meaning of words is
extracted based on their frequency in the corpus that less frequent words are less informal for

meaning information.

Understanding the limitation of previous studies on Amharic semantic analysis, we hypothesize
that distributional semantics can perform better in representing the meaning of Amharic text,
which in turn can be used for vocabulary construction. However, to the best of our knowledge,
distributional semantics in general and its use in vocabulary construction has not been
investigated for Amharic text. Because approaches depend on the characteristics of languages,
previous studies conducted for other languages cannot be directly applied for Amharic. Thus,
the aim of this study is to investigate the use of distributional semantics to construct

semantically related vocabulary for Amharic information retrieval.
1.4 Objective
General Objective

The general objective of this research work is to automatically construct semantic vocabulary

from Ambharic text corpus using a distributional semantics approach for information retrieval.



Specific Objective
The specific objectives of this research work are the following:

» Conducting a literature review to understand Amharic semantics
Collecting Amharic text corpus

Designing Ambharic information retrieval with query expansion
Designing the Amharic word-space model

Clustering Amharic words based on their semantic senses

Constructing Amharic semantic vocabulary using neural word embedding

YV V. V V V V

Develop a prototype for the system

» Testing and evaluating the system

1.5 Methods
Literature Review

We have reviewed the papers done in the area of natural language processing especially using
the distributional semantics. We assessed the techniques, the corpora and algorithms used to
achieve the research objectives and how the meanings can be extracted from a certain document
has been defined. It is also discussed the basic application area of semantic vocabularies and
the gaps that different researchers achieved different results, by which the approaches used
have a significant factor for the performances. As the contextual meaning extraction from text
corpora becomes popular these days, we have clearly articulated the results achieved on

different papers and all over state of the art about distributional semantics.

Data Collection

Many of the Amharic documents used for our work were collected from online free data portals
of different domains like - Ethiopian reporter, Fana broadcasting corporate, Amharic bible,

Ethiopian telecommunication, and z-habesha.com.

Prototype Development

To physically represent, illustrate and verify the aspects of conceptual design as part of the

development process the prototype development is performed.



Implementation Tools

We have used java programing language for the Amharic stemmer. But our work other than
stemming is totally implemented using python programing language for both semantic vector
API, searching and indexing due to its performance when using huge data sizes. We have

implemented our work using Spyder editor, Qt Designer, and whoosh document indexer.

Evaluation

The evaluation of our system is implemented in two ways. The first one is based on word
analog and relatedness. The word analog distance is calculated using cosine values which is
approaching 1 and this implies using cosine metric is better. We have also prepared fourteen
multiple questions with each question containing a list of associated words and the answer is
the associated score with a maximum of either five or a minimum of one. The semantic similar
words in the question are trained in the latent semantic analysis [15] and word2vec. The result

was calculated that is gained using LSA and word2vec.

The second evaluation was implemented by integrating the semantic vocabulary into an
information retrieval system as query expansion. The information retrieval system is based on
the ranked and unranked set of retrieval. Unranked retrieval has been expressed using the two

basic retrieval relevance measures called recall and precision.

We have also evaluated the system using ranked retrieval using three common term scoring
algorithms including frequency, TF-IDF, and BM25F. These scoring functions calculate the
query score based on the Boolean searches and return the relevant document with descending
order via its relevance. The BM25F with ORGroup Boolean search could return many relevant
documents than the frequency-based retrieval. We have calculated the mean average recall and
precision via its document ranks with semantic vocabulary as query expansion and without

expansion. The result for the mean average recall is increased while using semantic vocabulary.

1.6 Scope and Limitation

This work deals with the automatic construction of semantically related vocabulary from
Amharic corpus using distributional semantics for information retrieval and the contextual
meaning of words can be defined at the word level of a large corpus. In general, the work is
corpus dependent that considers only Amharic and does not work for other languages, it does

not consider the parts of speech and phrasal words.



1.7 Application of Results
In addition, with query expansion and information retrieval semantic vocabulary is used:

v In lexicography, ontology and thesauri learning and population to automatically extract
glossary terms from a large corpus based on the context that the word appears and to
automatically define the meaning of each word.

v For word sense disambiguation and relation extraction. Hence each word is referenced by

its context there is no chance of happening ambiguity.

1.8 Organization of the Thesis

The remaining section of the thesis is organized as Chapter Two presents the literature review
in the domain of semantics and its use in information retrieval. It discusses the sciences and
techniques used for contextual meaning extraction from a set of text documents. Chapter Three
discusses related works in the area of semantic lexical resources for enhancing information
retrieval, especially for semantic vocabulary construction. Chapter Four deals with the design
of Amharic information retrieval. Chapter Five presents the implementation, prototype, and
evaluation of our study. Finally, Chapter Six discusses the conclusion, contribution, and future

work.



Chapter Two: Literature Review

2.1 Introduction

This chapter discusses the state of the art about the distributional semantics and explains about
the Amharic language, its writing system, and its characteristics. It defines the semantic
vocabulary and states more about distributional semantics in detail. It also discusses the models
used to embed the words across a vector space, which includes latent semantic analysis, explicit
semantic analysis, non-negative matrix factorization, Word2Vec, Doc2Vec, and paragraph
vector. It discusses the application areas where semantic vocabulary can be applied like
information retrieval using query expansion and it informs that the documents must first be
indexed to be searched later using query expansion. The chapter also explains the semantic
similarity measurements that calculates how much the words are far apart or close in meaning
either based on angular orientation like cosine and based on the magnitude of word’s distances.
To the end, it discusses the performance evaluation metrics and the summary of the contents

presented.

2.2 Ambharic Language

Ambharic is the official and working language of Ethiopia which has dominant speakers. It is a
Semitic language that is rooted from the Ancient language called Geez (Ge'ez) which was the
official language of Ethiopia before Amharic [16]. Since the 13th-century Amharic has been
the language of courts, language of trade and everyday communications, the military, and
the Ethiopian Orthodox Tewahedo Church and remains the official language of the Country. It
is a morphologically rich and resource-limited language and it has no free data set available for
research works. It is the second-most spoken Semitic language in the world, after Arabic and
has four dialectical variations like Gojam, Gonder, Wollo, and Menz which is spoken little
different from the popular Amharic dialect. Even if it is the official and most dominant
language inside Ethiopia it has also many speakers outside the country like Israel. It is a
morphologically complex language that one word can be interpreted and expressed in many
ways. It is different from other languages in which it has its own Alphabets and syllabic
patterns. The part of speech order is differing from English having of subject-object-verb
agreement (SOV). As English has 26 alphabets, Amharic language has 34 common alphabets
from v to T including a.
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2.2.1 Amharic Writing System

Ambharic is written with a version of the Ge'ez script known as Fidel. It has 34 alphabets with
7 vowels which have more than 238 different characters. There are seven vowels in Amharic
which is used to make readable the consonants by inserting anywhere in the text. The seven
vowels include a, e, 0, u, 9, i, and &. e and & are used in the first order of the consonant lists, u
is used in the second-order, i is used in the third order, a is used on the fourth-order, o and i are
used in the sixth order where the last one, o is used at the seven orders of the consonants. For
example, sabédra to mean he broke, sdbabédrda to mean he shopped down, sabardchign or
sébarachogn to mean she broke me, etc. is written with a consonant with vowel combinations.

It is more clearly depicted in the following table 2.1.

Table 2.1: Amharic Alphabet

1%t order | 2" order | 3 order | 4" order | 5" order | 6" order | 7" order | Combination
ile u i a e ila 0 with was

Uths) |W(hu) |4(hi) |Yha 4 ha Uhi/ho | I ho

Al |[A(u |AU) [Ala A I Alifls |Alo | Alwa

T (pa) F (pu) T (pi) J pa T pe Tp/pi 7" po T pe

2.2.2 Characteristics of Amharic Language

The Amharic language is different from English due to no means of capitalization, Subject
Object Verb (SVO) patterns of speech order, has its own punctuation marks in common with a
question mark and can use geez numbering system. It has features like complex morphology

and spelling inconsistency.

Amharic has variable features and its nature leads difficulty for natural language processing
and understanding. For example, different spelling inconsistencies and homophone characters
like 2vg(tsdhay), a-h@(tsdhay), a1&(tsahay), &> (tsahay), and 8ue(tséhay) to mean sun makes
the machine difficult to decide. It is also morphologically complex that one word may have
many morphemes. E.g. fmS(yaténa), Am.5(laténa),

hm.q(kéténa), m99i(tenama),

m7ri(tenanat), mSF(tenachan), etc for the stemmed word m.§(tena) to mean health.

Like other languages, Amharic has an abbreviation. We can write the long strings in its standard

short form. The short form can be shortened using period or forward slash in the middle of the



words. For example, a/4 or 4.4 to mean Addis Ababa (Addis Ab&ba) and 4/9° or 4.9° to mean

amete mhret (amatd moahoréts) must be normalized into long-form.

The ambiguity and vagueness of the language are more complex than English. One single word
may be interpreted as too many meanings. There is the canonical and common writing system
of the languages as it is shown in the following table [15]. The different writing system of
compound words like the word palace to mean betemengst can be written in two ways (-

av vt or (bt av vk, This is clearly shown in Annex B of the last page.

Table 2.2: Amharic Spell Variation

Canonical Common Possible but

Ambharic Ambharic improbable

GO9I AN 0A9°, ANI°

0chg 7L, 072, Ach® AVL, &hg, 210, 258, ANL, UL, OhL,
0118, 022

280 LA, ZLA, 104, 104, SLA hLA, hLA, heA, hLA, LA, NLA

U2\, UL, ULA, 784\, 126
hBe\, h&4h\, L

A%0 ANa A%0 ANQ %4.° 0Na (not acceptable)
Ate&e hteSe Qe8P

Such type of writing system increases the difficulty of the machine to understand than the

speaker and the language experts.

2.3 Overview of Vocabulary

Semantic Vocabulary: - It is the body of similar words used in a language and known to an
individual person. It is all about similar words in a language or a special set of words we are
trying to learn. Vocabulary is the knowledge of words and word meanings. As Steven Stahl
(2005) put it, vocabulary knowledge is knowledge and the knowledge of a word not only
implies a definition but also implies how that word fits into the world. Vocabulary knowledge
is not something that can ever be fully mastered, but it is something that expands and deepens
over the course of a lifetime. Instruction in vocabulary involves far more than looking up words
in a dictionary and using the words in a sentence. Most of the time vocabulary is acquired
incidentally through indirect exposure to words and intentionally through explicit instruction
but also implicitly constructs in specific words and word-learning strategies [17]. So, this work

is mainly focused on the implicit construction of semantically related vocabulary from the
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Ambharic document. It is, used in reference to verbal expression, calls attention only to the
extent or variety of the writer's or speaker's stock of words or to the sources from which such

stock is derived. It is a collection of semantically related words.

Dictionary: - It is the usual term for a book which gives not only the words that belong to a
language but also their meanings, their accepted spelling, their pronunciation, etymology, and
the like; as Webster's new international dictionary of the English language, Oxford English
dictionary and as of our Amharic dictionary. It is also the general term applied to a book that
embodies an alphabetical list of names with explanatory information or that presents an
alphabetical list of terms with their synonyms. It may be the same as in one or another way to

the glossary term of the books with the definition of each term.

Thesaurus: It presents words as word families, listing their synonyms without explaining their
meanings or usage which can be alphabetically or conceptually. This is like vocabulary but,
orders may be a must when too many lists of words are available. List of words grouped

together according to the similarity of meanings or synonyms and sometimes antonyms.

2.4 Distributional Semantics

As it is stated in chapter one distributional semantics is one approach of semantics in which the
meaning is extracted from word contexts and its distributions across a vector space. It is a
theory of meaning which is computationally implementable and very good at modeling what
humans do when they make similarity judgment and it models computational representation of
word meaning from the patterns of co-occurrence of words in a given text which can provide
reliable estimates of meaning relatedness for many semantic tasks requiring them. It extracts
meaning information exclusively from a text which states words that occur in similar contexts
are semantically similar [18]. It is statistical and data-driven and focuses on aspects of meaning
related to descriptive content [19]. It is the way of relating linguistic entities like words, terms,
phrases, sentences, and documents to each other based on their distributional properties in a
corpus that requires no external resources [13]. Distributional semantics is the one that develops
and studies theories and methods for quantifying and categorizing semantic similarities

between linguistic items based on their distributional properties in a large corpus.

11



Dimension Reduction

It is the process of reducing the size of the original corpus under consideration by obtaining a
set of principal variables and it is about changing high dimensional vector into low dimensional
meaning representations. There are approaches for reducing the dimension of the original input
matrix-like SVD which can be used in combination with LSA language modeling and Random
Indexing (R1). Singular value decomposition is clearly defined in the LSA of section [2.5.1].
Random indexing is a computational framework for distributional semantics, based on the
insight that very-high-dimensional vector space model implementations are impractical, that
models need not grow in dimensionality when new items are encountered. The high-
dimensional model can be projected into a space of lower dimensionality without
compromising distance metrics if the resulting dimensions are chosen appropriately. The
Word2Vec algorithm is used as a dimension reduction up to a certain size as the user wants to
embed and the dimension size between 200 and 300 is advisable. We have reduced the
embedding size into 300 dimensions which brought us a better word analogy. The advantage

of dimensional reduction is to be computationally flexible and to have a one-time operation.

2.5 Distributional Semantics Models

Distributional semantic models (DSMs) approximate word meanings with vectors recording
their patterns of co-occurrence with corpus contexts [20]. Various statistical methods have been
applied to extract the semantic information from a given corpus and many computational

models have been proposed.
2.5.1 Latent Semantic Analysis (LSA)

It is a technique in natural language processing distributional semantics, of analyzing
relationships between a set of documents and the terms they contain by producing a set of
concepts related to the documents and terms. It is defined as a mathematical method that tries
to bring out latent (hidden concept) relationships between words or phrases within a corpus
that focuses on co-occurrence of terms in a document and creating a term-document matrix

which maps terms (documents) to a vector space of reduced dimensionality [13].

According to a distributional hypothesis, LSA assumes that words that are close in meaning
will occur in similar pieces of text. A matrix containing word counts per paragraph in which
rows represent unique words and columns represent each paragraph is constructed from a large

piece of text and singular value decomposition (SVD) is used to reduce the number of rows
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while preserving the similarity structure among columns. Then the meaning of words is
compared using cosine similarity measure to show how much words are close to each other or
far apart in meaning. Atypical example of a term-document matrix using LSA is TF-IDF (Term
Frequency-Inverse Document Frequency) that the weight of term frequency has a significant

effect on the relative importance of word meaning.

According to Martin et al. [21] LSA is an approach using linear algebra for effective yet
automated information retrieval that uses Vector Space Model (VSM) to handle a text retrieval
from a large heterogeneous document. It was originally designed to improve the effectiveness
of information-retrieval methods by performing retrieval based on the derived semantic content
of words in a query as opposed to performing direct word matching and it is a statistical model
of word usage that permits comparisons of the semantic similarity between textual information
[22]. It works by extending the vector-based approach using Singular Value Decomposition
(SVD) to reconfigure the data having a set of underlying latent variables which spans the
meanings that can be expressed in a particular language [23]. The core idea behind LSA is it
represents words across a multi-dimensional space based on the count of terms within a certain

document.

Probabilistic latent semantic analysis is a novel statistical technique for the analysis of co-
occurrence data, which has applications in natural language processing. Compared to standard
latent semantic analysis which stems from linear algebra and downsizes the occurrence tables
using singular value decomposition, probabilistic latent semantic analysis is based on a mixture
decomposition derived from a latent class model [24]. Its main goal is to model co-occurrence
information under a probabilistic framework in order to discover the underlying semantic

structure of the given data.
2.5.2 Explicit Semantic Analysis (ESA)

It is a variation of semantic analysis based on explicit concepts and it contrasts with latent
semantic analysis (LSA) because the use of a knowledge base makes it possible to assign
human-readable labels to the concepts that make up the vector space. In ESA, a word is
represented as a column vector in the TF-IDF matrix of the text corpus and a document which
is a string of words can be represented as the centroid of the vectors representing its words. It
is a method of representing the meaning of text fragments that mimics the way human beings
think about words, their meanings and the relationships between words and phrases which is

used for finding the semantic relatedness between text fragments [25].
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The difference between ESA and LSA is the concepts are already known and labeled in ESA,
whereas in LSA the concepts are latent and they are undefined and need to be discovered. The
explicit semantic analysis uses the knowledge base like Wikipedia to create an inverted index
that maps words to contents and then operates over this vector representation of words, where
each word is now a vector of titles with 0 and 1. Whereas LSA uses Singular Value
Decomposition principle to project the word-doc matrix into a lower-ranked space such that
dot product of word-doc vector representation of words that do not co-occur with each other in
any document, but they co-occur with a similar set of words. In contrast to LSA, ESA uses a
knowledge base to make the vector space conceptual, so that ESA is explicit. It is a novel
method that represents the meaning of texts in a high dimensional space of concepts derived
from the knowledge base [26], [27].

Explicit Semantic Analysis (ESA) has been recently proposed as an approach to computing
semantic relatedness between words and texts that has a natural application in information
retrieval, showing the potential to alleviate the vocabulary mismatch problem inherent in
standard BOW and the model has been also recently extended to cross-lingual retrieval settings,
which can be considered as an extreme case of the vocabulary mismatch problem [28].
Generally, ESA is one of the languages modeling computational techniques in which it uses a

prior knowledge base like Wikipedia for meaning or knowledge representations.
2.5.3 Non-Negative Matrix Factorization (NNMF)

Non-Negative Matrix factorization is a group of algorithms in multivariate analysis and linear
algebra where a matrix V is usually factorized into two matrices W and H, with the property
that all three matrices have no negative elements. The non-negativity value makes the resulting
matrices easier to inspect and the problem it has is not exactly solvable in general but can be

approximated numerically.

According to Yongxia et al. [29] the aim of NNMF is to classify a given N-dimensional
document into a set of separated low dimensional texts to realize text feature selection and text
feature vector representation. It is mainly used for topic modeling, text classification, and text
summarizations. This shows that the classification of the original document into N low
dimensional space can reduce the dimension of vectors and computation overhead of similarity
calculation between text feature vectors. It was proposed to solve the problem of high
computational overhead and low classification efficiency of the KNN algorithm. In

distributional semantics, it is used for dimension reduction like SVD. It was used by Baroni
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and Zamparelli (2010) which is a less commonly adopted method, but it has also been shown
to be an effective dimensionality reduction technique for distributional semantics (Dinu and
Lapata, 2010).

2.5.4 \Word2Vec

Using unsupervised learning models like Word2Vec, the distributed vector representation of
words ignores the traditional bag of words which has the values only one-hot encoded vector
either zero or one. This affects the semantic extraction by which values approximate to 1 like
0.985 will not be considered, because of the values is set either zero or one. Due to this, the
unsupervised learnings are the best semantic vector representations for achieving a certain

research goal.

Word2Vec was developed by Tomas Mikolov, et al. at Google (2013) as a response to make
the neural-network-based training of the embedding more efficient and since then has become
the de facto standard for developing pre-trained word embedding. It is an improved and
extended model of the previously known approaches for efficient estimation of semantic word
representations in vector spaces. The Word2Vec takes a text corpus as input and produces the
word vectors as output. It first constructs a vocabulary from the training text data and then
learns vector representation of words in which the resulting word vector file can be used as
features in many natural language processing applications including vocabulary construction
[30]. For example, vector operations [vector('King') - vector('Male’) + vector('Female’) is close
to vector(‘Queen’)] capturing the analogy King is to Queen as Male is to Female. Word2Vec has
two different learning architectures called the continues bag of words (CBOW) model that
learns the embedding by predicting the current word based on its context and the continuous

skip-gram model which learns by predicting the surrounding words given a current word.

2.5.4.1 Continuous Bag of Words (CBOW)

The idea behind CBOW architecture is meaning can be inferred from a word surrounding
another word and specifically the notion about it is by providing the surrounding words the
algorithm predicts the target or center words. The argument value for CBOW 0. It is better for
a small corpus size and very fast compared to skip-gram. As it is shown in figure 2.1 if the
model is learned in CBOW it predicts the ‘mat’ given the context words ‘the cat sits on the’.
Word2Vec implements binary classification for both SG and CBOW to discriminates exactly

the target words and context words.
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Figure 2.1: CBOW to discriminate the target words [The image was adepted from
tensorflow.org/

Juee = logQe(D = 1|lwy,h) +k  E  [logQe(D = 0|, h)] (1)

The objective of the binary classification is to maximize the probability likelihood of the target
or the context words to be predicted, where Qo(D=1|wy,h) is the binary logistic regression
probability under the model of seeing the word w in the context h in the dataset D, calculated
in terms of the learned embedding vectors 6. In practice, we approximate the expectation by
drawing k contrastive words from the noise distribution. When the model assigns the high
probability value it becomes the target word else it is noisy words. K number of samples is

selected from V vocabulary size when there is a large document size to make it fast training.

2.5.4.2 Skip Gram (SG)

This architecture learns the vectors in the way in which word contexts are represented across a
vector space that can predict the surrounding words given the target word. The argument value
for skip-gram is 1. According to figure 2.1, the skip-gram predicts the context words like ‘the’,

‘cat’,” sits’,” on” ‘the’ given ‘mat’ which is the target word.

Word2Vec is unsupervised learning that is capable of utilizing unlabeled data to convert a word
into its vector representation to find the semantic relationship between words by counting their
distance and the vector representation can catch the semantic similarity between words by
which the similarity feature is used for text classification [31]. It is an open-source tool that is
proposed by (Mikolov et al. 2013) which can map word to real vector and is considered as a
perfect estimation of word representations in vector space which has the main significance of
large improvements in accuracy at much lower computational cost, so meaning of words can
be represented better [32]. It can also be used in combination with other semantic models like

LSA for better accuracy.
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The performance of Word2Vec is hugely depended on the training settings like CBOW, skip-
gram, factor size, windows size, and frequency threshold. Language features are extracted
using Word2Vec by summing all the vector representation of the tokens that exist in the
document and dividing it by the total number of vectors [31]. Generally, Word2Vec is the
powerful and more accurate meaning representation of distributional semantics and the

distributional semantic models are an extension of neural networks.

2.5.5 Doc2Vec

Doc2vec is an extension of Word2Vec that learns to correlate labels and words, rather than
words with other words so, it is used to associating arbitrary documents with labels. It is used
for the distributional representation of documents which is based on the distributional
hypothesis that words in documents occurring in similar contexts tend to have similar
meanings. Proposed by Le and Mikolov (2014) to extend the learning of embedding from

words to word sequences.

The author Jey Han Lau and Timothy Baldwin [33] explained that Doc2vec was proposed in
two forms: DBOW and DMPV by which DBOW is a simpler model and ignores word order,
while DMPV is a more complex model with more parameters and DBOW is better than CBOW
and the findings reveal that DBOW, despite being the simpler model, is superior to DMPV.
When trained over large external corpora, with pre-trained word embedding and hyper-
parameter tuning, they found that doc2vec performs very strongly compared to both a simple
word embedding averaging and n-gram baseline, as well as two state-of-the-art document
embedding approaches. The doc2vec performs particularly strongly over longer documents.
Doc2vec (Paragraph2Vec) modifies the Word2Vec model into unsupervised learning of
continuous representations for larger blocks of text, such as sentences, paragraphs or entire
documents, meaning Doc2vec learns to correlate labels and words rather than words with other
words [34].

Doc2vec learns to capture not just individual words but the entire sentence and paragraph. It
uses both bag-of-words and word n-grams models producing the new state of the art results for
many natural language processing applications including vocabulary construction. It requires
the number of features to be returned (length of the vector), the size of the window that captures
the neighborhood and the minimum frequency of words to be considered into the model in
which the values of these parameters depend on the corpus for better accuracy and
performances [35].
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2.5.6 Paragraph Vector

Paragraph vector is an unsupervised distributional semantics algorithm that learns a meaning
representation from variable-length pieces of texts, such as sentences, paragraphs, and
documents that represent each document by a dense vector that is trained to predict words in
the corpus. It outperforms a bag-of-words model for text representations [36] and learns
continuously distributed vector representations for pieces of texts that can be applied for any
variable-length texts. The concept behind the paragraph vector is the vector representation can
be trained to be useful for predicting words in each paragraph. After the model is trained, the
word vectors are mapped into a vector space such that semantically similar words have similar

vector representations.

Author Ruging Zhang et al. [37] introduced a generative paragraph vector, which can be
viewed as a probabilistic extension of the distributed bag of words version of the paragraph
vector with a complete generative process with the ability to infer the distributed
representations for unseen texts. They could further incorporate text labels into the model and

turn it into a supervised version, namely a supervised generative paragraph vector.

Vector space models (VSMs) represent (embed) words in a continuous vector space where
semantically similar words are mapped to nearby points (‘are embedded nearby each other’)
and the methods depend in some way or another on the distributional hypothesis, which states
that words that appear in the same contexts share semantic meaning. The word-space model
(WSM) is a computational model of meaning to represent the similarity between words/text

and it derives the meaning of words by plotting the words in an N-dimensional geometric space.

2.6 Information Retrieval Using Semantic VVocabulary

Nowadays the need access to information retrieval becomes more likely increasing due to its
availability and a new advance in technology and possible scanning of the internet. Information
can be reached via social media like Facebook, YouTube, messenger or public media such as
radio, television, and video conferencing or Database and indexed resources. Our work is
focused on providing information search and retrieval through indexed text documents with
expanded query terms using semantic vocabulary to increase search relevance with high
document ranks. This shows that our system can be used for enhancing information search and

retrieval.
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The term information retrieval [38] can be applied for both unstructured and semi-structured
text data as opposed to database files which involve filtering of a large amount of data based
on the contents it is containing. Even though information retrieval is basically applied for text
data, but it includes multi-media files like audio, video, image, and graphics in which it enables
the users to satisfy his or her information need. It is the way in which users gain relevant results

for a given query from a data source which can be a database or indexed documents.

Basically, information retrieval is categorized into two parts. The first one is based on an
unranked set of retrieval which returns a set of relevant documents for the user's query without
prior relevance order or ranking. This may be tedious and tiresome while looking for search
results. The second one is based on a ranked retrieval system that the relevant documents are
retrieved in descending order. It returns a ranked list of relevant results instead of a set of
unordered lists for example, google applies such kinds of techniques. This enables the users to
quickly access the set of relevant documents and saves time for the users while seeking the
most relevant documents during searching. The user's happiness is more warranted while using
the ranked retrieval. We have implemented a ranked retrieval system with semantic vocabulary

as query expansion.

Query expansion is necessary to improve the information relevancy which can guarantee the
need of the users while seeking relevant documents. Instead of retrieving the documents based
on a single query it is better to extend the query terms to its corresponding semantic words.
The query can be extended using the semantic thesaurus, WordNet or semantic vocabulary.
These expansion resources can be constructed either automatically or manually from large

corpora.

Document indexing and searching are one side of the same coin. A set of documents are
preprocessed and indexed for later search and retrieval. Indexed data is structured and easy to

handle and retrieve. It is briefly discussed in the following sections.

2.6.1 Document Indexing

In the concept of all information retrieval systems, the central idea of indexing and searching
documents for efficient result lookup is common nowadays which enables rapid searching and
processing. Indexing and searching are dependent on each other. They are like the two sides of

the same coin. Once the document is indexed it must be imported and be searched. Whoosh is
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a pure python library that is used for indexing and searching text documents. It is not a full-
fledged application in which users cannot directly download and install, but it is an API. Users
can install it via python command prompt and import using any python editor to index or search

text documents.

As Apache Lucene is a common implementation for document indexing and searching in java,
whoosh is common for full python implementation of text document indexing and searching.
Using whoosh does not require Java made indexing tools to python like pylucene. It is used
directly with python programing language. Hence our work is implemented in python, we
preferred to use whoosh. It is fast when indexing and basically used for increasing document
score rankings, especially when using query expansions, the result for document ranking

becomes more reasonably increasing.

Features of Whoosh

v’ It is a search engine entirely written in python which is more likely the same as Apache
Lucene has written fully in Java.

v" It is quite flexible as compared to other searching and indexing engines.

v' Even it has a little limitation like accurate results may not be recorded as it is expected for
other languages other than English, it has more features like regex searching, substring
searching, rank searching and sorting

v Itis an offline search engine as opposed to others like scout which is server-based on
SQL.ite database

v Using whoosh, we can search even keywords and date or time, because it allows as to

index parts of strings as field values.

It can add documents to the reverse index by examining the corpora.

It is also possible to reference the URL of the file.

Suggestion to mistyped words and spell correction.

It highlights the text matching in the document documents.

Built-in Analysis and elimination of stop lists for the English language.

AN NN N NN

It is also possible for n-gram searching.
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Whoosh is fast, easy to use and implement, has high performance, fits with full-text search
with a high probability of gaining results for a query and advisable for fewer duty tasks like

offline data searches.

Before indexing of the documents, the schema must be defined. Schema is the high-level
structure of data in which the field elements are mapped and defines which kind of field is
going to be indexed. For example, it defines field elements like keyword, ID, path,
DATETIME, text, and title. So, after the index is written into the index writer all the

information becomes commit to writing and permanently saved in the disk.

2.6.2 Document Searching

Searching is the way of looking for relevant documents by feeding the query into the system
which makes the resource available. Documents can be searched from structured sources like
a database or semi-structured sources like indexed system. Users can search for information
from unstructured sources like multi-media files e.g. audios and videos. Our work is focused
on retrieving information from an indexed document by providing queries expanded from the

semantic vocabulary which increases search relevance.

There are three main Boolean query searches called OrGroup, AndGroup and Not. Using
OrGroup best results can be retrieved. For example, let the query be Africa Olympic the
document containing either Africa or Olympic or containing both words can be retrieved. The
notion behind ORGroup Boolean search is if the query terms match in any one of the field
elements the relevant documents will be retrieved. In the case of AndGroup it searches the
documents exactly containing Africa and Olympic will be retrieved. In this case, results will
be less relevant and retrieved. It is mostly used in the case of authentications like password and
username matching which is not advisable for information retrieval. Using Not Boolean
searching documents containing Africa but not Olympic will be retrieved. After matching for
query terms is found the rank of relevant documents, the path of the file, the term scoring, the
title, and the text data is retrieved for the users.

During searching, users can provide the query to the system and the terms are expanded with

the semantic vocabulary and finally, the matched results will be returned for the users.

The relevance of documents is query-based in which the similarity of the query with the
matched documents can be calculated and ranked by which Google applies such types of

techniques. There are three common term scoring algorithms called frequency, TF-IDF, and
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BM25F. So, the relevant documents are retrieved according to the ranking function by

expanding the terms to semantic vocabulary.
1. Frequency

It returns the relevant documents based on the count of terms found in the document. This

scoring method is basically used when no weighting and normalization required.

2. TF-IDF

TF-IDF is the simplest and the most common intuitive term scoring function containing two
basic parts called term frequency (TF) and inverse document frequency (IDF). The first one is
defined as the number of query terms how often occurring in each document and IDF dictates
that the frequency of terms that are occurring in a document. It defines the numerical values
that show how a certain query term is important to a document. It is becoming more popular
term weighting function mainly used in a text-based recommender system, text mining and
user modeling. It is interpreted separately like:

TF(t, d)=(number of times term t appears in a document)/(total number of terms in the

document)
IDF(t, D):Iog(tOtaI number- of QIOCumems/number of documents term t appears). To

discriminate the bias towards longer document size TF(t, d) is added and multiplied by />

B . ft,d

TF(t,d)=0.5+0.5 Max(ft' d:tred} (l)
N

IDF(t, D)_Iogm ’ ”

where N is the total number of documents and |{d € D:t € d}| is the number of
documents t appears in. Finally, the TF-IDF is calculated as TF-
IDF(t,d,D)=TF(t,d)*IDF(t,D) and the relevant documents are returned for the
respective query terms using TF-IDF values in descending order.

3. BM25F

It stands for best matching version 25F which is a ranking function used by the information
retrieval system. It is used to rank a document according to their relevance for given query

terms and implements state-of-the-art TF-IDF ranking function.

f(qi,D)*(k1+1) (3)

; _ _1bl
f(qi,D)+k1x(1 b+b*Avgd1)

BM25F(D,Q)=Y.~_, IDF(qi) *
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,where f(qi, D) is the query term frequency in document D, |D| is the length of document D
in words, Avgdl is the average document length in the text collection, k1 and b are free
parameters as k1€ [1.2,2.0] and b=0.75 and IDF is the inverse document frequency computed

(4)

N-n(qi)+0.5

as IDF(qi)=log Q) +05

The minimum requirement to score the searching relevance is the searcher, field number, text
document number, and weighting. Using BM25F term scoring is smoothly weighted and the
IDF is taking the length of each document into consideration in which the same terms appearing
in short document will score higher. It supports the scoring of terms across multiple weighted
fields like path, 1D, title, body, text, and URL.

Semantic vocabulary can be integrated into an information retrieval system and the users can
search the most relevant documents for their queries. Too many numbers of documents can be
retrieved by expanding the queries into the semantic vocabulary. Expanding with the semantic

vocabulary can increase the recall of searching.

2.7  Similarity Measurement

Semantic similarity is a metric defined over a set of documents or terms, where the semantic
distance between words is based on the likeness of their meaning or semantic content as
opposed to similarity which can be estimated regarding their syntactical. The term semantic
similarity is often confused with semantic relatedness. Semantic relatedness includes any
relation between two terms, while semantic similarity only includes is-a relation. Our work is
focused on semantic relatedness, especially for contextual meaning. Semantic similarity
measures are techniques used to estimate the strength of the semantic relationship between
units of documents, concepts or instances, through a numerical description obtained according

to the comparison of information supporting their meaning or describing their nature.

There are three types of similarities known as string-based, corpus-based and knowledge-
based, where the first one is operating on string sequences and character composition and the
second one is determining the similarity between words according to information gained from
large corpora. The third determines the degree of similarity between words using information
derived from semantic networks. The followings are the most common and known similarity

measures.
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2.7.1 Cosine Similarity Measurement

Semantic similarity between words is usually measured by the cosine similarity of their
corresponding vectors. This metric finds the normalized dot product of the two inputs then
calculating the angle between input vectors. It is about a judgment of orientation and not
magnitude. Two vectors with the same orientation have a cosine similarity of 1, two vectors at
90° have a similarity of 0, and two vectors diametrically opposed have a similarity of -1,
independent of their magnitude. It is particularly used in positive space, where the outcome is
neatly bounded in [0, 1]. It is the popular similarity measure because of very efficient to

evaluate, especially for sparse vectors [39].

Given two vectors of attributes, A and B, the cosine similarity, cos(0), is represented using a
AB N | AiBi
All||B . .
llalllBI| \/ZévzlAlz\/Zzivlelz

, Where Ai and Bi are components of vector A and B respectively. Cosine similarity

dot product and magnitude as Similarity(cos 8)= (5)

distance is calculated as Dc (A, B) =1-Similarity (Cos®8).

According to the author Anna Huang [40] when documents are represented as term vectors, the
similarity of two documents corresponds to the correlation between the vectors and this is
quantified as the cosine of the angle between vectors, that can be applied for text documents,
such as information retrieval (R. B. Yates and B. R 1999, modern information retrieval). Each

dimension represents a term with its weight in the document.
2.7.2 Jaccard Similarity Measurement

It’s a measure of similarity for the two sets of data, with a range from 0% to 100%. The higher
the percentage, the more similar the two text strings and it is easy to interpret. It is extremely
sensitive to small sample sizes and may give erroneous results, especially with very small
samples or data sets. The Jaccard coefficient measures the similarity between finite sample sets
and is defined as the size of the intersection divided by the size of the union of the sample sets.

YN | Min(xi,Yi)
YN Max(XiYi)

It is computed as J(X, Y)= (6)

Jaccard distance as dj(X,Y)=1-J(X,Y). @)

, Where X=(X1, X2, Xs,..., Xn) and Y=(Y1, Y2, Ys,..., Yn) are two vectors with all real
Xi, Yi,
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The Jaccard algorithm measures the similarity between finite numbers of documents sets like
to find out the matching between training and testing set for opinion mining of roman texts
based on the clustering system [41]. This is not the best semantic measure when using
distribution representation of words, because the vectors are not learned based on the number

of terms that the document contains but based on its surrounding of words.
2.7.3 Euclidean Distance Similarity Measurement

The Euclidean distance or Euclidean metric is the ordinary straight-line distance between two
points in Euclidean space. Using this distance, the Euclidean space becomes a metric space and
is referred to as the Pythagorean metric. The Euclidean distance between point’s p and q is the
length of the line segment connecting them (pq). In Cartesian coordinates, if p = (p1, p2,..., pn)
and q = (g1, g2,..., gn) are two points in Euclidean n-space, then the distance (d) from p to g,
or from q to p is given by the Pythagorean formula:

d(p, 0) =d(q, p)=/(q1 — p1)? + (q2 — p2)? + ...+ (qn — pn)?

- [Ziai - p)? ®)

According to the author Anna Huang [40] Euclidean distance is a standard metric for
geometrical problems and it is the ordinary distance between two points which can be easily
measured with a ruler in two- or three-dimensional space. It is widely used in clustering text

clustering. It is also the default distance measure used with the K-means algorithm.
2.7.4 Gensim Similarity Measurement

The two basic semantic measures that the python gensim library provides and the Word2Vec
implements are most_similar() and most_similar_cosmul(). Both metrics implement the
concept of cosine metric which operates using the word’s orientation or angular distances rather
than their magnitude with additional smoothing and averaging to increase the cosine distance
values. The most_similar() method calculates the mean projection of a weighted vector
between the query word and the words in the vector space. The most_similar_cosmul()

implements the argmax(cos(A, B)) with an additional parameter called epsilon.
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2.8 Performance Evaluation Metrics
The performance of the system is tested by considering two basic folds.
2.8.1 Evaluating Unsupervised Learning

The quality of unsupervised learning is determined by the end goal after it is learned.
Word2Vec is an instance of unsupervised learning that performance and accuracy cannot be
directly measured using precision and recall. But it can be measured using either extrinsic or

intrinsic methods which are discussed as follows.

Extrinsic: - it is an indirectly measuring technique that can increase the performance of the
system like using parts of speech tagging and named entity instead of using the entire
documents. It may be better to learn the model using specific parts of speech like nouns or
verbs.
Intrinsic: - It implies measuring the performance of the system using methods like word’s
syntactic or semantic relations. Syntactic relation is based on the grammatical structure and
certain rules whereas semantic relation focusing on the meaning of words. It is more discussed
based on the following measures.
2.8.1.1 Analogical Measure
As it is proposed by Miklove et al 2013 we can measure the Word2Vec accuracy using analogy
semantic relations. The notion behind analogy is to find a word m for a given word n so that
m: n best resembles as a sample relationship w: w” or in a simple expression if aisto b as c is
to d.
2.8.1.2 Relatedness

It defines cosine values between a set of words approaching 1 is highly related. For example,
the cosine similarity of city and united is 0.998855307698038 which means City is highly
related to the term United than other words else in the vocabulary. So generally, Word2Vec by
itself can be evaluated using intrinsic evaluation. But to make it visible and clearer how much
our semantic vocabulary is used, we have implemented in the area of information retrieval by
expanding the original query into a set of reformulated similar words.

2.8.2 Evaluating the Semantic Vocabulary with Information Retrieval System with

Query Expansion.

It is possible to evaluate the recall and precision by integrating into an information retrieval
system. The metrics are primarily based on four concepts of (True Positive, True Negative,
False Positive, False Negative) which can be abbreviated as (TP, TN, FP, FN). It is emphasized
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on increasing the number of relevant documents to be retrieved when using the semantic

vocabulary as query expansion.
Precision: - It is the fraction of the retrieved documents which is relevant.

TP relevant N retrieved

P= or, 9)

- TP + FP retrieved

Recall: - It is the fraction of the retrieved documents which has been retrieved.

TP relevant N retrieved
R= or, (10)
TP + FN relevant
2.9 Summary

We have discussed the insight about Amharic language and the application of distributional
semantics with respect to the models and some similarity measure of meaning representations.
Latent semantic analysis with SVD is suitable for linear meaning understanding and Word2Vec
is advisable for distributional representation. Even if the Jaccard similarity measure is not
common and even has the same advantages as cosine similarity cosine is advisable for
distributional distance calculation. Explicit semantic analysis is commonly used for a
structured knowledge base for meaning inferring. Doc2Vec and Paragraph vectors are

commonly used for term-document representations.

Before representing the semantics of the words, the input corpus must be properly tokenized
and preprocessed because representing the meaning of words in its raw text leads to an error.
The dimension of the text is minimized using a dimension reduction algorithm for better
accuracy and reducing computation time. We have examined each technique for how to build
lexical resources automatically from a text corpus and its use for enhancing the information

retrieval system.

The reason why we preferred to apply the semantic vocabulary for information retrieval is to
make it available a result for searching query terms and to increase recall. Instead of searching
with only in the unexpanded query, searching with expansion brings more relevant results with

a high probability of gaining a matched document.
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Chapter Three: Related Work

3.1 Introduction
This chapter discusses problems and solutions proposed for semantic lexical resources
construction automatically or semi-automatically from a corpus using unsupervised techniques.
We have focused to review research works done using corpus-based because it is possible to
construct semantic vocabulary automatically from Ambharic corpus. This section also informs
how and where the corpus is collected. It also discusses the application domain where lexical

resources can be applied.

Although many approaches have been proposed to identify the semantic relatedness of terms,
it is still very hard to identify which is the best method to use and, in this part, many works
regarding thesaurus and vocabulary construction using distributional semantics is reviewed. In
addition, to what extent the authors achieved their works and the application program interface

(API) used during the implementation and experimentation of the research works is assessed.

There are many works done using distributional semantics like automatic construction and
expansion of vocabularies and thesaurus for both local and Non-Ethiopian languages like
English, Japanese, Swedish, French, and Amharic.

3.2 Information Retrieval
Once a lexical resource is built it is used as expanding the user's query for information retrieval
and it can better improve the user’s satisfaction while looking for relevant documents. But the
nature of the semantics, the size and the analogy of terms affect the retrieval performances. The
resources constructed using distributional semantics approach is better, especially for large data
size. Lexical resources using a distributional semantic approach is used for information
retrieval and extraction for non-Ethiopian languages so far. There is an attempt done for
automatic thesaurus construction for Amharic using the traditional count of words approach
using LSA with SVD. It doesn’t consider contextual similar words. The following section talks

about lexical resource construction for Ethiopian and non-Ethiopian languages.

3.3 Vocabulary Construction for Non-Ethiopian Languages
Non-Ethiopian languages are languages speaking outside the country. It is the language that
the natives outside Ethiopia speak. It includes English, French, Spanish, Nepal, Kiswahili.
Chinese, Swedish, etc. Many of the people speak English as a second language in addition to

their mother tongue. Because money of the curriculum is drafted in English and people all over
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the world become communicated using English. It is an international language that many of
the research papers and projects are written in English. There is an attempt for lexical resources
construction for foreign languages like a thesaurus, WordNet, and semantic vocabulary for

information retrieval created either manually or automatically from a large text corpus.

3.3.1 Thesaurus Construction for English

Curran and Moens [42] conducted research on how to improve automatic thesaurus
construction using different techniques in which the document was collected from the British
National Corpus (BNC), containing 114 million words and 6.2 million sentences. The research
was focusing on both semantic and syntactic patterns of a text corpus. They articulated that the
system can extract related terms directly by recognizing linguistic patterns that link synonyms
and hyponyms (Hearst, 1992; Caraballo, 1999) relations. The context relation was defined as
a tuple of (w, r, w’) where w is thesaurus term, r is the relation and w’ is words found in the
corpus. After tagging and chunking using Naive Bayes POS, the noun phrase separated by
preposition can be concatenated and finally the relation extraction algorithm is applied. Then
the semantic relatedness of the words with its relation is compared with the words from the
WordNet and terms that are close to semantic distance can be considered as a thesaurus. The
authors implemented Jaccard similarity measure for semantic distance calculations that showed
the best performance with high accuracy. To evaluate the system, they considered 70 thesaurus
terms and the words are randomly selected from the WordNet. Then the contextual similar
meaning of words that are randomly selected from the WordNet and terms from the corpus was

compared and many semantically related thesauri were constructed.

Claveau and Kijak [43] proposed distributional thesauri for information retrieval. The corpus
was collected from AQUAINT-2 composed of articles in English containing a total of 380
million of words. For a given input word these thesauri identify semantically similar words
based on the assumption that they share a similar distribution than the input word’s one. They
have considered only common nouns for the thesaurus construction that words that appear
above 20 times of the frequency threshold were relevant and performed their work based on
probabilistic methods using latent semantic indexing (LSI) and latent Dirichlet allocation
(LDA). The random projection was selected for dimensionality reduction and they have tested
the performance of the thesaurus for query expansion. For 50 number of queries and over more
than 170,000 English documents were considered. By selecting the top 10,50,100 thesaurus
terms resulted to have the best gain and the precision was above 14% by considering the

intrinsic measure. Intrinsic means taking sample words from WordNet and determines how
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much it is similarly based on the words co-occurrences. Using the intrinsic measure, a total of
38 neighbors were found from 12243 common nouns using and they used the cosine and mutual
information similarity and weighting measures respectively. But using intrinsic measure is not
advisable because the neighboring words are limited to a certain synonym set or totally may be
absent from the WordNet or Moby reference lists, but extrinsic comparisons are better for
accurate query retrieval and expansion. The evaluation of distributional thesaurus through
information retrieval tasks has been explored and the performance was tested using different

cut-offs using information retrieval and high gain and precision were achieved.
3.3.2 Medical Vocabulary Mining for Japanese

Magnus et al. [9] conducted research on medical vocabulary mining using distributional
semantics on Japanese patient blogs and random indexing was chosen for extracting terms from
the corpus. By segmenting, the corpus into semantic units using a semantic role labeler, and
different pre-processing techniques, the authors tried to achieve the goal of the research. Hence
Japanese languages are highly agglutinative they first segmented the document to individual
lexemes and words into white space so that it is becoming easy for constructing semantic
models in which the language requires more window size than Germanic languages. The corpus
was collected from TOBYO cite which has three categories medical finding, pharmaceutical
drug, and body part. It was contained 270 million characters and 50 million semantic units (2.5
million unique). In addition, with preprocessing they have normalized the syllable writing
characters by transforming half-width forms into the corresponding full-width form. Then the
corpus was segmented into semantic units by applying the dependency parser CaboCha on the
corpus (CaboCha, 2012) and using semantic role labeler ASA (ASA, 2013). There was a total
of 12 semantic spaces constructed. Due to its computational efficiency, random indexing was
chosen for a distributional model and the cosine similarity measure was used for similarity
distance calculation. The performance of the system was not expressed in number but the
consistency between recall and precision increases their confidence and the result was

promising using distributional semantics.
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3.3.3 Medical Vocabulary Expansion for Swedish

Rahman et al. [10] conducted research on Swedish medical vocabulary expansion using
distributional semantics as a tool to classify the medical terms. The corpus was collected from
the journal of the Swedish Medical Association. The authors developed a user interface using
a tool that enables them to classify terms from a corpus to a vocabulary list of categories and
can facilitate the expansions. The system first checks whether it is a medical term or not yet
included in the list of vocabularies using the traditional count method of term frequency-inverse
document frequency (TF-IDF) and the semantic relation of the terms were done by the
distributional model called random indexing with 1000 dimensions of 2 by 2 context window.
Using random indexing terms that are far in the semantic distance is rejected. They have
evaluated the recall and precision of the new system by comparing it with the previously
developed medical vocabularies. By selecting the top 50 candidate terms and compared with
other single candidate terms so that the result of the semantic relationship was improved with
a recall of 13% than the previous. Therefore, the authors concluded that increasing the top N

candidate terms increases the recall and decreases precision.

Skeppstedt et al. [44] conducted research on automatic vocabulary expansion of Swedish
medical terms using distributional semantics to enhance the development of semi-automatic
terminological resources which is very important for medical text processing systems like
information extraction and word sense disambiguation. The authors used the Swedish medical
text and the subsets of the Swedish version of the medical vocabulary called MeSH. The task
was identifying terms that are belonging to a certain semantic category of medical findings and
pharmaceutical drugs. Ninety of the terms were correctly classified under the given taxonomic
classes. They have implemented a random indexing distributional semantics model for
dimensionality reduction as well as for semantic space modeling. The word to word or word to
context mapping are assigned a unique identification in the index vector and randomly selected
elements are assigned to 0, 1 or -1 in the context vector. Finally, the semantic distances of each
word are calculated using the cosine similarity measure. They have extracted the terms using
different window sizes like 1+1,2+2,4+4 and 50+50 and it was proved that using large context
windows like 50+50 is effective for sentence-level context meanings but it ignores the context
definition from adjacent sentences definition. They used term replacement and cosine addition
for semantic element extraction by which candidate terms occurring less than 50 times in the
document were rejected. Using term replacement with 2+2 window size was showed the best

results for medical finding and 1+1 was better for pharmaceutical terms. The context window
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size using 2 by 2 dimensions was performing better results for both recall and precision. When
retrieving the top n terms, it increases the recall for both the medical finding and pharmaceutical
terms in general and results were recorded using the top 1000 retrieved elements with 53% of
the 90 expected medical findings and 88% of the 90 expected pharmaceutical drugs.

3.3.4 Distributional Thesaurus Construction for French

Henestroza and Denis [11] conducted research on the automatic construction of distributional
thesauri for French-language using FreDist which is a freely available software package for
implementation. They have used the freely available L’Est Republican corpus containing 125
million words of journalistic texts. The authors have preprocessed the corpus like tokenization
and sentences segmentation using tools, POS tagging using MEIt part of speech tagger with
more than 97.7% tagging accuracy, lemmatization and morphological analysis using Lefff
with words + POS pair to obtain a corresponding lemma and using MaltParser, the fastest and

accurate parser.

FreDist has flexibility parameters like - context relation, type extraction, weighing and
measuring function, term frequency handling, part-of-speech tagging and filtering of numerical
terms. The authors extracted the related contexts as a tuple of three (w, r, w’), where w is the
terms in the context and r is the relation of each word and w’ is another word that has a similar
meaning with w. The first terms in the tuple may be dependent on the other words in the third
tuple list. After this, w is represented as a frequency vector v € RY, where d is the number of
unique contexts and v} = freq(w, r,w’), where i corresponds to the context ¢; = (r,w’). The term
similarity between w; and w, can be calculated based on the relative frequency of v"*and v"?
that contains two basic parts called weight and measure function. The former describes the
frequency of context relation whereas the second one explains the similarity distance between
each candidate terms. The authors used different weight functions like RELFREQ, TTEST,
and PMI and measure functions like Cosine similarity, Jaccard similarity, and Line similarity.
Even if they used many measures PMI weight function and cosine similarity measure were
selected using four parts of speech categories. Once they automatically annotated the corpus
with lemmas, POS tags, and syntactic dependency the context relation was extracted and finally
unique bigram contexts above the frequency threshold were selected as relevant terms. For
evaluation they used two French WordNet as a reference, FREWN which was manually
validated and woOLF not manually validated. The first covers verbs and common nouns and the
second one contains adjectives and adverbs in addition to the first one. During the evaluation,

the author considered only primary lexical terms appearing in both the distributional thesauri
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and the WordNet references. It gave them 3,018 common nouns and 1,426 verbs for the
FREWN evaluation, and 374 adjectives and 195 adverbs for the WOLF evaluation. During
testing the synonyms that are common to the WordNet terms were considered as relevant, and
in order to have efficient query retrieval they have used, the combination of bigram and

syntactic contexts pairs for better similarity estimates.

3.4 Vocabulary Construction for Ethiopian Languages
Ethiopian languages are languages that the people inside the country speak and communicate.
It is known that Ethiopia has more than 80 nation nationalities who speak their mother tongue
languages. It includes many local languages like Geez, Amharic, Affan Oromo, Tigrigna,
Hadygna, Welaytgna, etc. Many of the people speak Amharic as a second language in addition
to their mother tongue and to the reverse there are persons who cannot listen and speak Amharic
without their own languages. In some rural areas of the country, people speak their own Mather
tongue language. Many of the languages have dictionary lexical resources that are manually
built from a corpus, but semantic vocabulary using distributional semantics for enhancing the
information retrieval has not been propped so far in any one of the local languages even

including Amharic. But there is an attempt done on Amharic thesaurus.

3.4.1 Automatic Thesaurus Construction for Amharic

Andargachew Mekonnen [15] developed automatic thesaurus for information retrieval and
query expansion using the Amharic bible. Before the thesaurus terms were extracted, the
authors have preprocessed the corpus like stemming, numeric removals and stop words were
handled. The author used the stemmer developed by Nega Alemayehu and Willet (2002). In
order to generate the thesaurus terms, the word-space model is first searched and the similarity
of the terms was done using cosine similarity measure. Latent semantic analysis with SVD was
used for semantic modeling and meaning representation. 78% and 22% of the corpus is used
for training and testing respectively. The system was tested using information retrieval (IR) for
searching and query retrieval. A random selection of terms was showed an encouraging result
of 58% accuracy. By integrating the thesaurus with the information retrieval system as query
expansion, the recall is increasing with 73.34% and without using it the recall of the system

performance is 37.29%.
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3.5 Summary
In order to construct Amharic semantic vocabulary, the major areas associated with
distributional semantics are briefly reviewed. To accomplish our work the different approaches,
techniques, algorithms, models, and APIs are reviewed. Ways how to preprocess and smooth
raw texts are assessed. Proper organization and dimension reduction of the raw text corpus are
processed for better accuracy, and efficiency. According to the papers reviewed word
similarities can be inferred via machine learning, syntactic contexts and term frequency-inverse

document frequency (TF-IDF).

Many research works are reviewed in this part. For example, the authors have constructed
thesaurus automatically for English but the time complexity was very high and it is not
practically scalable for very large corpora. We recommend that using other semantic modeling
and dimensionality reduction like Word2Vec may perform better results with relatively less
computation time. Some of the researchers worked using common nouns and other parts of
speech like adjectives, verbs and adverbs were not considered. It is known that Chinse,
Japanese and Arabic languages are highly agglutinative by its nature that the works done for
one language cannot be directly applied for other languages including Amharic. The
researchers have worked on medical vocabulary expansion for Swedish that the candidate
terms were selected by the traditional count method of term frequency-inverse document
frequency (TF-IDF) which is totally different from meaning extractions using distributional
semantics. Once the lexical resource is constructed, it is used for information retrieval by

expanding the original query into a set of similar semantic words.

Generally, over the past few years, there have been attempts to use distributional semantics for
various natural language processing applications like automatic construction of semantic
vocabularies from a given corpus for many languages. Because of the language morphology
and its complex nature, research worked for Non-Ethiopian language cannot be applied directly
for Amharic. Constructing Amharic semantic vocabulary using a distributional approach and

its use for information retrieval is not proposed so far.
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Chapter Four: Design of Amharic Information Retrieval

4.1 Introduction

This chapter covers the system architecture that includes components called text preprocessing,
word-space modeling, word-space grouping, document indexing and searching with query
expansion. The algorithm of some components is briefly described. It also explains about the
architecture that defines the system in terms of computational components and interactions
among them. The system contains two parts. The semantic vocabulary construction and
information retrieval with semantic vocabulary as query expansion. Once the semantic

vocabulary is constructed and the documents are indexed it can be accessed offline.

4.2 System Architecture

The system architecture for Amharic semantic vocabulary is composed of text preprocessing,
word-space modeling, word-space clustering, document indexing and searching with query
expansion. The text preprocessing component takes the Amharic documents and performs
preprocessing like tokenization, normalization and stop word removal. Special characters,
HTML tags, and non-Ambharic alphabets are deleted. After preprocessing, words are tokenized
and the spell inconsistency and abbreviated words are normalized into stable units. Stemming
is applied to transform the inflectional words into its base words. Then the preprocessed and
stemmed words are feed into the word-space modeling which embeds the words across a
multidimensional space via the contexts of the words. In order to vectorize the words the
parameter like context window size, minimum occurrence count of words, dimension size,
workers, architecture, mean value, hierarchical softmax, and negative sampling is considered.
Based on these parameters the words are embedded in the vector space. The word-space
clustering component calculates the word’s angular orientation of cosine distances and clusters
the words in certain groups based on their score. It computes the cosine score alongside the
words inside the model. Once the semantic vocabulary is constructed it is saved offline to be
accessed for information retrieval by expanding the query. The users can search both the

semantic vocabulary itself and information retrieval using vocabulary as a query expansion

When the user searches the query, words are compared with the nearest neighbor from the
word-space model based on the cosine values, then the top n number of semantically related
words are retrieved back to the user. The users are not aware of the expansion of the queries

but the system itself reformulates and provides more relevant documents.
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4.1 Preprocessing
A document is anything that can be searched or crawled which contains information in different
forms like text, image, HTML or XML or plain-texts but, our concern is focusing on text
documents known as a corpus. A text document is described in natural language (NLP). The
idea here is we take a raw Ambharic electronic text documents which are manually crawled from
Fana broadcasting corporate, Ethiopian reporter, Z-habesha, Ethiopian broadcasting corporate
and Amharic bible.

It is the task of smoothing the raw text documents to make the computation easy and accurate.
The reason why we preprocess the data is to increase accuracy, remove noise words and
keeping of consistency, to make the data easily understand and interpretable for the models of
computations. Normalization and spelling correction are considered especially for

alphabetically reach languages like Amharic. It includes the following sub-components.
4.1.1 Tokenization

The individual words are identified as candidates to be used as a feature set for performing a
natural language task. A tokenized block of text, usually consisting of indivisible characters
are called tokens that do not mean the whole tokenized words of the original text can be used
for vocabulary construction. First, the collection of documents in each domain is encoded to
UTF-8 texts and then the documents are chopped into individual words. The reason why
tokenization is the model is based on the word level embedding and it must build with a set of

split words. It is also easy to handle influential words by ignoring the noise words.
4.1.2 Normalization

Alphabets of the same sound or phone but different characters are normalized into one common
and probable alphabets. For example, v, h, -1, and 7 are normalized to v, for every word having
those alphabets in the corpus. As compared with other languages, Amharic is rich in many
varieties of different characters sets but has the same meaning anyone has the chance to write
using alternatives as for example ‘a’ and *A’ has same meaning in English (4, &, 0, %), (U, 7,
, 4,71, 2),(C0, v) and (e, &) etc. has similar meanings even with different letter inconsistency.
Even if the language has its rule of using each character the users are always writing based on
their need which makes a challenge for the researchers.

The words are normalized to the same form as “124, 224, 184, 124, 2840, USA, 780, 780 124\,
h2A, hed, heA and L4 to ULA. There are many homophone character in Amharic which
includes ch, ch, ch., ch, dvu, ch, b, 7, 7L, 2,8, 0, TR, W VL YL B 2P0, 00 9 Gy %, 0, 88, B
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2,2 % %, 20099199, 6,2 Toavoid the spelling variation problem of Amharic the characters
must be mapped into one and common writing alphabets. Not only spell inconsistency but
abbreviation like 9.9° or %/9°, A.A O A/k, &.C OF &/C, @v.C Or a°/C, @.C OF @/, A Or A/F, 8.7 Or
4/7%, +.0F or F/0+ must be written to their corresponding long forms.

Table 4.1: List of Abbreviations and Its Normalization

List of abbreviations | Normalized to
Al 9P | havt PPUCT
HA | %0 ANQ
Hod g | NGt a eI SCPT
Ablh | W1 WCTO-L7 AENMC
Al | CRTERE BS AT
A6lNla | &5 NCehit € hC7 et
AlP| Are&e
2040, | USA DAL
g4 | Pht havt
gin7 | &vést 0t
2lc | &t
al 77/ | mPAL TLINTC

etc | et cetera

4.1.3 Stop Word Removal

Stop words are not considered for vocabulary construction. They are non-content bearing
words which have fewer discriminations about a certain document, but useful for the grammar
construction of texts (Baeza-Yates and Ribeiro-Neto, 1999). Usually, it has a high frequency
occurring in the documents. Stop words like 1@, 10C, PT9, AT, 106, HANPA, AOFOP, TGUPA,
NAPA, h, A, ®L, etc are common in the document that is not considered as seed terms. None-
letter characters like special symbols $, %, &, and extra white space characters, numerals, Non-
Ambharic characters, and HTML hyperlinks are considered as stop words.

Stop words are extracted automatically from raw text documents based on the number of word
frequency up to a certain occurrence and it is manually assessed whether it is a stop word or
seed terms. If it is stop word it is stored into a file. Then the content bearing words are filtered
out by ignoring the stop lists read from a file.
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Input: Amharic documents

Output: list of stop words

1.

10.

11.
12.

O 0 J o U s w N

Begin
Read files from a directory
Determine the top N number of words be filtered out
Make a split of words in the document
Find the words and its frequency up to N
Concatenate the words of each file into one array
Display the words with its frequency
Manually assess whether it is the stop word or not
if stop word:

Jump
else:

delete the words
Store the list of stop words into the disk
End

Algorithm 4.1: Filtering Stop Words

Input: Amharic text document

Output: Purified Documents

1

. Begin
. Read the documents from a directory
. If read:

3.1 Perform tokenization

3.2 Perform normalization

. Read stop words from a disk

. Goto to step 3.1

. Goto to step 3.2

. If word found in normalized words at step 3.2:

7.1 Remove the word

. Else:

8.1 End of file
Write the file into the disk
End

Algorithm 4.2: Stop Word Removal
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4.2 Stemming
The inflectional words must be transformed into the base words which are the usual and prior
tasks for natural language processing for morphologically rich languages like Amharic. A
stemmer is developed by Nega and Willet [45] that removes the inflectional and derivational
affixes. For example, the document “eA% MAF77 hAh 271.eamPar@- FhTAE, WOBhThd GhT
OASTF7 P7L30C +hGoes” stemmed to “NF-F77 hAh LamPor@- HhTAS WSk T OhT S
+theaeg.”. Hince the stemmer is no much efficient some of the incorrectly stemmed words must
be transformed into its associate forms. For example, @m.# is transformed into @m.+. Words
like A&, 18, 8.£78, DPTO-FC, £INF, aopaee, A7, AGTRE, RTC, A6, F0AF, NCE, TP,
420 must be transformed into its normal words by changing the last letter into the six-order

character of its corresponding ‘sads’ word.

4.3 Word-space Modeling

This component contains computational tasks called vectorization, vector normalization, and
similarity measure. After the Amharic text document is preprocessed and stemmed the words
are extracted across a row, and documents across a column of the vector space with a reduced
dimension of the contextual window. The minimum frequency occurrence count is set to an
integer number to consider the words in the model. The dimension of the word-space model is
determined by the number of words to be plotted across the N-dimensional space. To get the
most important features of the document dimension reduction is performed. Even though the
largest dimension size has fewer performances for large document sizes, but for a better vector

representation, the dimension size must be between [200,300].

Center Word and Context Word Identification

CBOW extracts the target or center words for given context words based on the context
windows sizes. The meaning of words is extracted based on the window size. Increasing
window size gives more context words. The Word2Vec model has the arguments of the input
text, sample size, context windows size, and occurrence count that enables for semantic
distance calculations. There are different notions of contexts like windows around the word
and dependency-based features Tim Van de Cruys (2015). The first is based on the number of
words surrounding in related meaning and the second is based on the syntactic patterns of the
words with similar meaning with similar cooccurrences. After the content bearing words are
identified it is learned with the model based on its contexts with the assumption semantics can

be extracted by words surrounding the words. Finally based on semantic distance calculation
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top most similar number of words across each word are clustered into a set of sense groups.

The word space modeling considers the following three processes.
4.3.1 Vectorization

It represents word contextual occurrences in the document in the form of numerical values
across N-dimensional spaces. It is done with a continuous bag of words (CBOW) architecture,
due to its applicability for small document size. To vectorize the words across N-dimensional

space the following parameters are considered.

v Frequency Weighting
It is the measure of how often and how many times a term is occurring in a certain text corpus.
The computing of term frequency is identifying how many times of each word happen in the
document collection. This concept touches the minimum occurrences of terms in a document

to be considered for vector representations.

v" Dimensionality Reduction

It improves the utility in memory-constrained devices, especially when running on the user’s
personal computer which has limited space and computation power. To reduce the size of
embedding it is possible to use the Word2Vec dimensionality reduction up to a certain size. It
saves memory space but affects the analog information. For example, to save memory for 2.3M

data using a 300-dimension vector on a 64-bit system it consumes over 6 GB memory.

v' Context Window Size

It determines how many words before and after a given word would be included as context
words of the given word. For words in the row, the matrix is mapped within the context window
of the column matrix to calculate the maximum value of word co-occurrence contexts. The size
of the context windows can be one window, two windows like 2+2, several windows e.g.
3+3,4+4 or the range of several context windows like 1-10. We can increase or decrease the
sizes to get a better match for the target or context word extraction from a set of documents.
For example, assume the source text document is “PAAe%e AAI®Th hoik 435 oo Gav 3¢
MmPAA HN%07 OHTIL0T ov&lh oo 1@+ eHHOE®?" after performing the text operation the
source text becomes “AA% hoik mPAA 0k av&sh oo, Then the Word2Vec model learns

the context words like in the following table with windows size two.
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Table 4.2: Example of Context Word Vectorization

Atee

ot

mPAA

™Mk

ag:ih

av’f

Implies

Training when window size=2

Atee

ATERE

Ate&e

ATERE

ATERE

Ate&e

0t

ot

0t

0t

0t

0ot

mPaa

meaa

mPAA

mPaa

mPAA

meaa

Tk

Tk

Tk

MMk

Tk

Tk

av @l

ang:éh

av @l

av @l

aog:lh

aol:lh

av’f

oo’

av’f

av’f

=
=

=

(A58, nolE)
(A P2, mPAA)
(0ok, hAC%E)
(hoE, mPaa)
(h91k, T0A,)
(mPAA, AFERE)
(mPaA, na k)
(méaa, H0k)
(mPaA,aoL:2h)

(P&, noE)
(P0k,mPAA)
(PQh,av&4h)
(0k,aF)
(av2:¢h, mPAA)
(o840, M0k)
(o0&, V)
(9, T0k)
(a0, a0 4 h)

All the documents from different domains learn as in the same way this table shows above.

Word2Vec embedding parameters are not limited to frequency weighting, dimensionality

reduction, and context window size but also considers the following.

v' Training Architecture: the continuous bag of words (CBOW) architecture is fast and

basically used for frequent words than skip-gram which is slow and better for infrequent

words. Hence Amharic is morphologically rich language and the words can be transformed

into many stemmed words from a single root word it applies the CBOW architecture.

v Training Algorithm: applying the negative sampling enables to remove noise words. It is

better for frequent words and low dimensional vectors than hierarchical soft-max which is

better for infrequent words.

v' Sample: the higher-frequency words are normalized into a set of average integer numbers.
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v" Workers: this is how to use multiple threads to fasten the training algorithm with parallel
processing. It is also possible to use worker value equivalent to the core of the system.

v’ lteration: is the number of epochs over the corpus to speed up the training. Instead of
learning the entire document at once, dividing for a certain iteration of integer numbers can
fasten the training.

v Sorted Vocabulary: semantic vocabulary is a lexical resource that users can search similar
words. To save their time of searching and looking of relevant results the vocabulary must
be sorted in the descending order.

4.3.2 Vector Normalization

It implies computing the semantic distances between vectors by forgetting the previously
learned vectors and it is performed after the training is finished. If the vector is not normalized
it will be trained iteratively without ignoring the original vectors in addition to the recent words.

So, we must apply normalization for better performances and memory use.
4.3.3 Similarity Measurement

After the words based on their context is learned and normalized, a semantic similarity measure
is applied. It is based on the cosine values which are implemented with vector orientation, not
magnitude. The higher the score the higher word relatedness will be built. VValues approaching
1is highly related and values when it is O it is totally opposite. Based on their orientation words

close to each other are grouped into a certain semantic cluster.

4.4 Word Sense Clustering
This component works automatically clustering of vectors of similar terms across the n-
dimensional spaces. It is performed after the words are mapped on the vector spaces and the
semantic closeness is calculated. In this sense, it is defined as the clustering of semantically
related words based on cosine values into a set of sense groups without predefined labels or

categories. It is performed after vectorization and normalization are done.
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Input: The learned word-space vector files

Output: list of similar words

1. Begin
. Import the learned vector space

. Determine the topn semantic word-groups

. Write to the disk

2
3
4. Calculate the semantic distance values
5
6. Commit writing

.

. End

Algorithm 4.3: Semantic Vocabulary Construction

4.5 Information Retrieval
It is looking for relevant items by providing a query from a collection of lexical resources like
semantic vocabulary and form indexed data sources. This section basically talks about semantic
vocabulary searching and information retrieval from indexed data files expanding the query

terms to enhance retrieval relevancy.

4.5.1 Vocabulary Searching

Once the semantic vocabulary is constructed from different domains the words can be searched
either in the help of graphical user or command-line interface. But using a graphical user
interface makes the system easy and interactable for the users. Users have also the option to
select the top n number of similar words and the domains. First, the user provides the query
words then it is applied text operation. Then words are searched from the semantic vocabulary

based on their nearest neighbor of the terms using cosine distances.

Figure 4.2: Architecture for Vocabulary Searching
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Input: Query word

Output: List of similar words

1. Begin
2. Enter the query word
3 Determine the topn similar words to be returned
4 Select the domain #Sport, Technology, Religious, General
5 Applying text processing
If words exist in the semantic vocabulary:
Calculate similar words based on cosine measure
Return similar words
Else:
The query word is not in the vocabulary

6 End

Algorithm 4.4: Semantic Vocabulary Searching

4.5.2 Information Retrieval with Semantic VVocabulary

Information retrieval is the intent that the user seeks relevant information for his or her query
terms by expanding from the semantic vocabulary to retrieve matched results from indexed
sources. First, the query words are split into unique tokens and it expands the words into its
corresponding contextual similar words from the semantic vocabulary. Then the score of the
query in the documents is calculated based on its frequency, TF-IDF, and BM25F, then most
relevant documents could be retrieved according to its rank in the descending order. Expanding
the information retrieval system with semantic vocabulary increases the number of relevant

documents to be retrieved.

Text Processing

Firstly, the Amharic text documents are read from the directory and applied text operations like

tokenization, normalization, stop word removals and stemming.

4.5.3 Document Indexing

It is the process of associating the information with a file to make the retrieval system efficient.
Search with indexed data saves time and easy to handle search results. The values in the index
are associated with the filed elements. Before the documents are indexed the metadata or the

field elements must be considered. Because the filed elements make the searching easy. For
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example, searching the name of the book via google is better to consider the ISBN-number or
the title and topic rather than a silly reading of the entire contents in the book. So the documents
can be indexed by considering the field elements like path, title, content, and date or time. Then
after the documents are indexed it is accessible offline for later retrieval.

Input: Amharic text document collections

Output: Indexed file

1. Begin
2. For file in reading text document from a directory
2.1 If successfully read:
2.1.1 Apply text preprocessing
2.1.2 Specify the field elements
2.1.3 Associate the field elements with each file in
a directory
2.1.4 Write into the indexer
2.2 Else: End of file
3. Commit writing

4. End

Algorithm 4.5: Document Indexing

4.5.4 Query expansion

The original query is reformulated to retrieve more relevant documents. It adds more query
terms from the semantic vocabulary. Queries can be expanded from WordNet, thesaurus,
database, ontology and any lexical resources either automatically created or manually built.
But manually built resources takes time and are laborious. The nature of the resource and
queries also matters to the retrieval system when it is expanded. Phrases or sentence level
queries can retrieve better than a single word. Because at the phrase level when the words are
split and expanded the number of query words becomes increasing. Semantic vocabulary is
created based on the assumption that words surrounding anther words tend to have similar
words. This is essential when the size of the data is huge and meanings can be extracted
contextually. After the documents are indexed the user provides the query terms by expanding
automatically from the semantic vocabulary. Then, the expanded query terms are searched
from the index and relevant documents are retrieved for the user based on the score for query

terms and document ranks.
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4.5.5 Document Searching

Once documents are indexed it is searched. First, the users provide the query then the system
applies test processing. When using ranking based information retrieval, the relevance of the
query terms in the documents is calculated to retrieve the top relevant documents in the
descending order of its ranks. The scores are based on Boolean search approaches. It includes
OrGroup, AndGroup and Not. Using OrGroup best results can be retrieved. Unless all the query
terms do not much it can return a result. If the query terms match in any one of the field
elements the relevant documents will be retrieved. Using AndGroup it searches the documents
exactly containing the query terms and results will be less relevant and retrieved. Using Not
Boolean searching documents containing certain query but not any other will be retrieved.
After matching for query terms is found the rank of relevant documents, the path of the file,
the term scoring, the title, and the text data is retrieved for the users.

Input: Amharic text queries

Output: List of relevant documents

1. Begin
2. User enters query
3. Split the query terms
4. Applying text processing
5. Check whether the query term is much to the semantic

vocabulary?

5.1 if doesn’t match:

continue to next query terms
5.2 else:
. Expand the queries from semantic vocabulary

Search from indexed data

Calculate the query score in the documents

5.2
5.2
5.2.
5.2 Rank the documents based on their score
5.2

g s w N

Display relevant documents in descending
order

6. End

Algorithm 4.6: Document Searching
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Chapter Five: Experiment

5.1 Introduction

This chapter discusses the system implementation, document collection, prototype and
evaluation of the study. Automatic construction of semantic vocabulary is implemented in nine
domains containing documents collected manually from Ethiopian public media like Fana
broadcasting corporate, Ethiopian reporter, Ethiopian Broadcasting corporate, Z-habesha.com,
Ethiopian telecommunication, and Amharic bible. Many of them are article documents other

than the religious domain.

Since stemming plays a vital role in vocabulary construction, we have applied these text
operations done by other researchers. The stop words are filtered out automatically from the
documents for each domain and manually assessed. Hence the stemmer is not much efficient
we filtered out the incorrectly stemmed words from each domain and it is transformed into the

correct form.

It also explains the visualization of similar and dissimilar words across a vector. Because
visualizing using figures is more appropriate and easier to understand. We have done an
evaluation of the system in terms of intrinsic and in the area of information retrieval which can

enhance the number of relevant documents to be retrieved.
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5.2 Corpus Collection

It is undoubtedly known that the web is the most important source of texts for different

languages as it is for Amharic too, and the documents were collected manually from

unstructured Amharic news articles of different domains from the Ethiopian public media like

Fana broadcasting corporate, Ethiopian reporter, Amharic holy bible, and Ethiopian

telecommunication. 8,759 Amharic documents are collected as shown in the following table.

Table 5.1: Collected Amharic Documents from Different Domains

Domains

Number of documents

Total documents

Religious: Amharic

Old Testament (929)

Bible New Testament (260) 1,189
Fanabc.com General Domain (519) 519
Ethiopian Reporter Business (1,317)

Sport (700)

Politics (1,002)

Law (1,037) 5,344

Art (1,016)

Health (272)
Ethio Telecom Technology (978) 978
Z-habesha Health (529) 729

Sport (200)

Total Documents 8,759

5.3 Implementation

The system is implemented using python programing language it is fast and efficient for data-

oriented processing. We have applied the Word2Vec semantic API of the gensim library, the

Spyder editor and the Qt-designer for a graphical user interface (GUI).
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Stop Words Filtration

The stop words are filtered out on the assumption that high frequently happened words are
insignificant to the semantic understanding of documents rather than the grammar formation
of the syntax. There are no standard and ready-made stop words for the Amharic language.

1200 stop words are extracted from nine different domains as shown in the following samples.

MR Pe: 1264 ATATC: 727 CFm::: 637 PFANIn: 34
{IAPa: 1262 AF: 71 0+A8: 604 BTz 30
B99™: 1200 ATE: 10 FmE i 377 AANOL::: 29
T+ 1204 MAPPH: 648 BNAd::: 68 BHdzn 23

Figure 5.1: Sample Stop words

Amharic Stemmer

As it is discussed so far, we have implemented the Amharic stemmer developed by Nega and
Willet [45] that some of the incorrectly stemmed words are transformed into its proper forms.
Some of the words containing the last letter in the six orders of the Amharic alphabet is changed
to seventh order. For example, epqoee, a7h, 0&TBE, RTC, A4, FN0F, hc& from the
Ethiopian telecommunication domain is transformed into erhieec, a%h, A& FRC, RTC, A1,
A0At, c& which is shown in the following table.

Table 5.2: Incorrectly Stemmed Words

Domains Number of incorrectly stemmed words
Technology 70
Religion 40
Politics 87
Law 30
Sport 27
Art 200
Business 61
Health 43
General Domain 20
Total 578
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54 Word Embedding Parameters

Word2Vec implements parameters that affect both training speed and quality of word

representations. Among these, we have considered the following parameters.

v

Training Architecture: we have implemented the continuous bag of words (CBOW)
architecture because of its fast and basically used for frequent words than skip-gram which
is slow and better for infrequent words.

Training Algorithm: we have implemented negative sampling. Because it is better for
frequent words and low dimensional vectors than hierarchical soft-max which is better for
infrequent words.

Vector Size: we have implemented with 300-dimension size, but possible to use up to 400
and it depends on the size of the corpus. Usually, more is better but not always.

Window Size: It is the maximum distance between the target word and the context word
and we have implemented the size into 10. The default values for CBOW=5.

Minimum Count: it is the frequency of words that how many times it appears in the corpus
and words above 5 integer values were considered.

Sample: to downsample higher-frequency words we set the threshold 1e-4 which can be
possible values 0 up to 1le-5 and default 1e-3

Workers: this is how to use multiple threads to fasten the training algorithm with parallel
processing. It is advisable to use the worker value equivalent with the core of the system
and in our case, we have applied the multiprocessing.cpu count () which
automatically runs threads parallel with the number of the system CPU.

Sorted Vocabulary: we have sorted the vocabulary, so the most frequent words have the
lowest indexes.

Iteration: is the number of iterations or epochs over the corpus to speed up the training.
We set the values to 20 but Word2Vec is not limited to the above parameters but also there
are others like mean averaging for enabling better vector representations.

Negative Sampling: we have used the integer values of negative sampling to be 10 for

specifying how many noise words should be ignored.
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Table 5.3: Learning Time Taken

Domain Learning Time
Politics 10 seconds
Business 14 seconds
Sport 08 seconds
Art 15 seconds
Law 11 seconds
Technology 12 seconds
Health 09 seconds
Religious 12 seconds
General Domain | 07 seconds

Vector Representation of Word

The way in which words with its context is represented using real numbers across a multi-
dimensional space and the meaning of similarity of words is calculated from their appearance.
For example the word “Az%€” is represented across a vector space via 300 dimension
contextual vectors like: &se&® [0.22846702 -0.18636888 0.37463588 -0.39620417
0.06327345 0.27090612 -0.02564 -0.08138988 -0.31631055 -0.33241597 -0.08660156
0.22223112 -0.17032604 0.08228066 -0.14271669 0.22033538 -0.17548716 0.023884868
0.07955296 0.22194546 0.043573804 -0.05689095 -0.043901976 -0.030364705 -0.14126454
-0.08972345 -0.09260801 -0.08430293 0.38275287 -0.072490625 0.09843942 0.07864776
0.26113772 0.047812853 -0.2324682 -0.13765712 0.13860032 0.0564319 0.36669126 -
0.4215609 0.11712133 -0.1097 -0.08198221 0.005150028 -0.6395629 0.44110343 -
0.09969088 0.19976714 0.21972564 0.21426888 0.13665165 -0.18646276 -0.5661503
0.08119833 -0.23518856 0.5245922 -0.006311839 0.11442948 0.33685833 -0.4472682
0.14937675 0.019622786 0.08172888 -0.4614889 -0.0331291 0.24178408 -0.44752008 -
0.3320526 -0.17595649 0.19702989 0.24322465 -0.44135997 -0.059035245 -0.3639248 -
0.016715415 0.11519881 -0.061159894 0.12039552 -0.27031842 0.21330291 0.29706654 -
0.48732874 0.08427961 -0.109723516 0.17713596 -0.123053715 -0.15194054 -0.35676602
0.09761115 -0.45297745 -0.1700975 0.034428008 -0.1282237 0.4602612 0.16188802
0.08635316 0.19495748 0.40158692 -0.20867911 -0.28360382 0.034472506 -0.01613345 -
0.089673825 0.16306269 0.28832775 0.006294617 -0.58605134 -0.24795212 -0.3071882 -
0.28161737 0.31483188 -0.33917677 -0.033043537 0.019884286 -0.09990305 0.09698222 -
0.56061876 0.18900803 -0.1873427 0.06999493 -0.5538926 0.17531055 -0.10930416 -
0.19572714 -0.16587967 -0.2134034 0.12141156 0.53872615 0.15840912 -0.08756662
0.08972515 -0.22902273 -0.3773744 -0.2546918 0.38887897 0.59770423 0.17608327 -
0.28503403 0.33630255 0.05659163 0.27847502 0.12224267 -0.0102872765 -0.4059241 -
0.25153035 -0.19720684 -0.32420614 0.14603814 0.098454416 -0.34335777 0.010991277
0.21577989 -0.54554373 -0.37783274 0.30433914 0.028718902 -0.21841204 0.001716722 -
0.026639825 0.2039842 -0.033317316 -0.04912324 -0.12318634 -0.3067145 0.28923675 -
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0.08171267 0.2288205 0.17652266 0.29787025 0.41852096 -0.2430533 0.04617029 -
0.07332684 -0.29282156 -0.1310922 0.105451316 -0.69727415 0.17842904 -0.69105357
0.32440943 -0.30494258 0.02200511 0.19290456 0.18123962 -0.21798196 0.52945226 -
0.52420014 -0.1801077 -0.29652873 0.1194064 -0.23854184 -0.006795387 0.27029416 -
0.010333688 -0.00013160828 0.24778005 0.0069759665 -0.28492466 0.45527098
0.030055199 0.22923505 0.30260134 -0.35357565 0.050794534 -0.14784622 0.13801818 -
0.03827206 0.14471923 -0.3578073 -0.08733592 0.038370155 -0.14262515 -0.14457095
0.4241994 0.3510078 -0.4278105 0.5275858 0.48712322 -0.10989516 0.47417527 -
0.1704997 -0.08501538 -0.11221606 -0.25410908 0.44532162 -0.27760726 -0.19585255
0.29126456 -0.15276703 -0.19725555 0.029256536 -0.24701335 0.25828868 -0.2257213 -
0.082018726 -0.26193357 0.28266144 -0.09618708 -0.09462489 0.14584225 -0.2180487 -
0.038949974 0.069947176 -0.4171325 -0.058855712 0.16912185 0.21025158 -0.39612174 -
0.29776782 -0.48376587 -0.3887403 -0.038175043 -0.2769305 0.018514274 0.021224244
0.46774945 0.4967832 -0.06437573 0.06749164 0.064404614 0.4440048 0.009197
0.012561805 -0.17443249 -0.3103287 0.026123893 -0.094862826 -0.22791566 0.23518895 -
0.54600954 0.5051063 -0.18003993 -0.32822096 0.06843247 -0.65230954 0.015825689
0.04142233 0.109396845 0.047601365 -0.4369641 -0.016632654 -0.16340087 0.3530912 -
0.26066202 -0.4191187 0.3576366 -0.100643255 -0.34647936 -0.08448479 -0.08563565
0.08858384 0.30538854 0.39992473 -0.16235532 -0.060552225 0.10500662 0.23440412
0.29167837 -0.25117168 0.18234825] and to make simply visible it is represented words by
context like the following.

A2 [0.22846702 -0.18636888 0.37463588 -0.39620417 0.06327345 0.27090612.............. ]
@-£:£:¢ [0.28687748 0.096131936 -0.22931051 -0.1902187 0.18935864 0.11344301.............]
0 [0.122336544 -0.01815366 0.28075188 -0.17352425 -0.054913472 0. 028958626...........]
(+£7 [0.0027367843 0.40312245 0.026420604 -0.025145505 0.08414483 -0.0131022..........]
4026017 [0.17593175 -0.47367355 0.16456302 -0.32902747 -0.2203794 0.047293644..... ..... ]
a0 9°Th [0.17748585 -0.3580443 -0.15674385 -0.30170944 0.05036655 0.08042107.............. ]

Word Vector Visualization on a Two-dimensional Plane

Visualization is essential to make big data easier for the human brain to understand, view in
naked eyes, detect patterns and trends. It can also clearly inspect how big data is vectorized
using machine learning approaches. We have implemented the distributed stochastic neighbor
embedding(t-SNE) algorithm. Because of t-SNE can handle nonlinear data efficiently than
others like principal component analysis (PCA). The vector representation for 200 sample

words from the model across a vector space is shown in the following figure.
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vector visualization using t-SNE
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Figure 5.2: Word Vector Visualization using t-SNE

5.5 Vocabulary Construction

A semantic vocabulary is constructed after the parameters of Word2Vec is clearly defined and
the words are vectorized across a vector space using 300 dimensions of different domains. Then
based on the word’s orientation or appearances the semantic clustering is performed. This is
done by calculating the angular occurrences of words by applying the cosine implementation
by which the model has the most_similar() and most_similar_cosmul() methods that are better
than cosine, but still implements cosine metrics and words with similar or nearly similar
contexts are became under a certain group. For example, the semantic distance value for
‘aah‘is closer to the words 'age -1, 'aota0s#, 19, 'L, After the vocabulary is constructed
users can search by providing the queries and determining the top n similar words. Then the
system responds the semantic similar words for the user’s query. The full searching and
accessing of the semantic vocabulary are clearly depicted in figure 5.7 and the following figure
shows sample similar words for the query words with the top fifteen number of words to be

searched.
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Figure 5.3: Groups of Semantically Related Words

[OAR: [AgedF, lavtaNgf@, (Y, 1T, R, PARA, TS, Btoch’, 'aemdd™, FTA, e s
'aot188, P77, 'RING, 'IPNC'), 'aRLE: [T0%E, Thar T, (R, ThEA, @, A, 'R TC, A TTCET,
P, ALY, 'HAPGE, K&, RO, 'O, '0A], 1A' [0t L@, '0AAY, 1, "LLET, ThEd,
'oh, kT, leond™, A TrECET, PP, 0Ae-, THE, PG, Thert, 'PhC], 'ATRéh': [Tt
"W FE, D1GE, hh T, EhT eSO, 'R PC, (PG, P, ALY, ThTTNe T, (vl 0E, TIU0EE,
'A@, '0Aav-2'), ‘@G [P mPd™, AN, PG, 'PY, NGEN, 'AD, 'RPPC, 'aO AN LD, ' hav F T,
e HE, 'y, CR&TY, AR, 'PAPA, 'ARRT), 'BAC: ['aPmPI, havdF, NHeT, 'dARh, 'sToch,
'PALA, TG, T, OLAD, 'av(S L@, DR, 1AL, ALY, 'PY, TAP], hIPTOC': ["TCAI,
WP, WP, VT, PO, APEY, ‘a1, AL, 'NPT.OH, 'O, 1AL, 4, "hae e, aaet,
W], KT [AAG>-, 'K38., " hav T, "FAP, "7, A, 'DARY, 'aemPg®, 'avta(4 8, ol 'kaka,
"PCF, VT, 'L, EhT AR |}
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5.6  Semantic Clustering

The system returns the corresponding semantically related words based on the cosine values
after specifying the top N number of similar words for the input query terms. Clustering in this
concept defines grouping of semantically related words into a set of one semantic fold without
specifying the label or category of the data. So, we have clustered the semantic vocabulary
using gensim distances. As it is discussed in chapter two, there are a few semantic distance
calculations but the gensim semantic distance is the one which is a cosine implementation of
Word2Vec that has better results than Jaccard and Euclidian as it is discussed in table 5.4. The

following picture shows sample semantically related groups of words for topn= 12

{OTFRMC: [97o0f, 'RGR+L 0L, 'RCAGA, BAN,, ATCTEA, 'FITT0HC, BTEHE, RoThg, 'O,
AT, GPA, FTEH: [071EmE, 'CSAL, 'l hehhPT, 'H, FAA, "hiC, hiictT,
WK, ATINEmc, 'HIEE, haC 7], "ReNGA: [EA,, ATThE, 'TIYFENFC, \OH', ATCRA, 'evherg
QpeLe OIS, Fhang, hed, REEAE. 'ANT], AN [w@hdtd’, &Y, 'CITELFC, T
PAAT, hehb’ AF AT, ST, ATEN, 'C07, 'G0h'], '{ el [Alovsap AdovARF | A1A0
Hev', "ROAY, e, ermehc, '8anT, "HOHC, 'tr+EL4P . '@hAS, 44, 'heLEIC: [AUd, AR,
‘maRRY, TS, R0, PEL0@, AANLE. AETE. 'RR, 'FC, '®RLY, '101], AP [APA
NeNar, '¢Ha9%, oM, FATCTE, 'PIAG, R, ‘A, 'THY, TLLE, Nevmet, ‘o],
heovg: [TINA, HEOY | CAMATH, PTLELTE, R THPA, 'ARE, 'AT9F, B, A, GNC, TheR',
Areal']} for terms in [OTHAHC. FTEH, 'ACAGH, 'Tadl,. '4%&607. MOLAIC, BT hovl']}

Figure 5.4: Semantically Related Groups of Word
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Table 5.4: Semantic Distance Values Between Words

Metrics | Cosine Euclidian Jaccard | similarity() most_similar() most_similar_cosmul()
Words
ot pae & | 0.9966782888565162 | 0.9184928042850455 | 0.0 0.9966782888565155 | 0.9966784119606 | 0.9983382225036621
018
ta Pt | HO-@C | 0.9582914049854455 | 0.7111796614828165 | 0.0 0.9582914049854449 | 0.9582913517951 | 0.9791446924209595
965
ocP “240.L | 0.9993390272711175 | 0.9636414298402286 | 0.0 9993390272711162 0.9993390440940 | 0.9996686577796936
857
CAY (477 0.9649903627026328 | 0. 7353884587325511 | 0.0 0.9649903627026328 | 0.9649903774261 | 0.9824941754341125
475
85 1 0.9032567669142901 | 0.5601290314661848 | 0.0 0.9032567669142895 | 0.9032567143440 | 0.9516274333000183
247

The Euclidian distance is based on the magnitude of vectors but the cosine distance is based on the angle between vectors. The angle measure of
vectors is more resilient to the frequency of term counts which are semantically related and the magnitude measure is affected by frequency
occurrences. Measuring semantics of high dimensional data using Euclidean distance is useless relative to cosine similarity. Jaccard distance is
not advisable to use in vector comparisons. But there are gensim vector distance calculations like most_similar and most_similar_cosmul methods
which are provided by the Word2Vec implemented with python by which the second one is better than the rest of others as the values are specified

in the table above.
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The cosine, Euclidian and Jaccard distances are an extension of scipy.spatial.distance but
most_similar() and most_similar_cosmul() are the gensim Word2Vec implementation.
Word2Vec also implements directly the cosine metric using similarity() methods when we
want to compare a set of words. Hence the most_similar_cosmul() similarity method is better
and some of the Word2Vec distance is an implementation of cosine values which works on
vectors, not magnitude. We have considered and implemented the gensim distances for

vocabulary construction.

The distance measure does not affect the number of semantically related words, but the higher
the values the more it is semantically close or the degree of closeness becomes high. For
example for the term ‘400’ the top 5 number of semantically related words when using
most_similar() are: [('r470', 0.998961329460144), (‘+1z4', 0.9960207343101501), (‘“%t+c',
0.9956890940666199),(‘Ad\711',0.9944643974304199),('e1¢-#7',0.9942078590393066)  and
using most_similar_cosmul()are:[('14-70',0.9994797110557556),('+1za',0.998009443283081)
(‘3+c',0.9978436231613159),('AA“TH',0.9972312450408936), ('"14-+7',0.9971029758453369)
]. This shows only the values are different but the words are still the same and occurring in the

same context.

Table 5.5: Sample Terms with Similar and Non-similar Words

Vocabularies

Terms Related words Non-related words

h&sh ‘aage, FY, g, 1Y, SO, TRACC, TIRC 'NAae<Q' a0 ao-@hg
AT o A S R P L P/ R B VO S X L A U - W TR L
'WATGOET, e, ', 'What, kg
‘G848, "0 PR, N

AMIPTH | ARt @884, HLAAR "R T, A, (07, A, 1T, oo
'nAd, "aad, e, "PFOTC, RTIC, (804, 'RCASA', "thAahg,

'TRNA' TRIPC, TICET, ThbE, | P,
“Nahat, '6f, Eh P, e,
"WIHANSC
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oCcP ‘LALLM, 'TLRC, 1T, T, ', 'avang @' @Ay, L, 'avarCe, AN, hRLB R,
900", RS, VB, TRATIH', 'TETT, | FAIC, U, TR, e, 90T, Y, 'aoek | e,
WY, '0A7TL), 'PPGR", AT, 'aPashd,

ACTLE A P2 (G T S (o | BT A "R P T, BTIC, R TAC, AT, AT,
‘aoyav @’ 1L ENPTE, "HO-O-C','9°7 ACATA', NPT, A, 'TN2ET,
Rl i | g V VA AN 6 4 Y (YA W ‘('Y
'AATY, 'tLacACt, on','verq
P

L Qe AACTFN, AT, | hOlt, A ARG, ANLATL Lol T HHATT,
'YEOEC T ROC, 'IPCR, "hebE', "HA, 4Ll 0T, TLLOEC,
QP ATE IS WTINH, | 'hAOaPsRY
N T RCATA AN,
“thahe'

For the term A&¢h, AA9°Th, @CP, hCo1e, and At after splitting and searching from the model
the top most similar words and totally non-related words can be retrieved. This shows for a
given word there are words that are occurring on the same orientation. The cosine values which
are approaching to -1 or zero are totally far in meaning and not considered for semantic

information. For example, for the word &A.9°Th, the following figure shows the top 10 similar
and non-similar words.

1-SMFE, visualization for .!"\!‘l_':lm'l.'l'l

o . Y ¥
T, .
L ] anmidy o
. . 1.5
O,
= o LU
T hacth
oM * -
it L] Liu - ikl - .
- AT o
- il A - hATh . i
TamifC
hibi M} -
. i *
.
. i} . Thye
e
2 3 i it ™ 1 B =

Figure 5.5: Sample Related and Non-related Words for AA.9°ThH
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As it is shown in the above figure the word colored with red is the query word and words
colored with blue are related words and green colored words are completely opposite words

which are non-related words according to the vector distances.

Searching

After the system is successfully implemented in Word2Vec the users can directly search the
semantically related words using the graphical user interface. The GUI is first designed by the
Qt Designer and implemented in python. The user selects the domain and determines the top n
number of words then by clicking the search button the results will be displayed on the text
field.

Nesrmber of wordls 1 the Sport Dormain: 5483

GUI for Searching Words Clear
TermM'ard Fr | Search
Mumber of Similar Words 20 = Distance Metric most_similar_co: ~
Architecture CBOW -
= Domains Sport -

List of Similar Words Vocabularies

[(mmes’, 0.994423508644104), ('«=~2’, 0.9932311177253723), ('n~',
.088930881023407), ('mns’, 0.9887755513191223), ('msn’,
.0857897758483887), ('ascn’, 0.9857563376426697), (‘rnnt’,
.983526885509491), (‘=as=a’, 0.9829649329185486), ('=n=",
.0825215339660645), ('=>', 0.9700840148925781), ('mrsa’,
.078885293006897), ('~z7a', 0.9788222312927246), ('~n',
.977837324142456), ('se=n’, 0.97621089220047), ('=a=’,
.9737553596496582), ('seEcs’, 0.9733823537826538), ('ecs’,
.0729127287864685), ('=am’, 0.9719274044036865), ('h1',
.9705929160118103), ('nuc’, D.9699701070785522)]

oo0oooOo000

Figure 5.6: GUI for Semantic Vocabulary Searching Using Score

Nerrmber of wordls &1 the Sport Dorriain: 59483
GUI for Searching Weords Clear With Out Scare

Term M ord Ty | Search

Mumber of Similar Words 20 = Distance Metric most_similar_co: ~

Architecture CBOWW =
= Domains Sport -

List of Similar Words Wocabularies

' g "ses’ ma' ransg' 'meEn’ Tasman' Tand’ zaza' s’ ‘Mreva’
T T T

"ons' fwenl 'emen' 'saem' ‘seEsf' 'Boe’ 'mhes’ vt nud

hEF

Figure 5.7: GUI for Semantic Vocabulary Searching without Score
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5.7 Evaluation

Evaluation is a standard measuring technique that basically discusses or shows how much the
research objective is achieved. It may be increasing the accuracy or efficiency of the system by
comparing it with the previous researches worked in a domain or make resources accessible
for a certain client. It depends on the research objective and idea. And, it can be expressed with
or without numbers. For example, the intrinsic evaluation of unsupervised learning cannot
directly be expressed using numbers rather than predicting certain contextual words based on
the model is learned to predict the words surrounding the target word. The techniques for

evaluating our system are discussed and implemented hereunder basically into two folds.
5.7.1 Word2Vec Model Evaluation

Intrinsic: - It implies measuring the performance of the system using the word’s semantic
relations. We have tried to show the semantic relation and implemented some of the intrinsic

methods based on the following measures.
1. Analogical Measure

The notion behind analogy is to find a word m for a given word n so that m: n best resembles
as a sample relationship w: w’ or in a simple expression if a is to b as c is to d. For example the
query term containing words like ["adh avZ8 190", "ATLsh av+a08f &AC", "DIPTOFC AT
£97¢"] and the semantic relation become like 'aAh' is to 'evZ8" as 191" is to "thTa=2", 'A%sn' is
to ‘o048 as '&AC' is to ‘0o and 'hIPT@-HC IS 10 'ATA' as '&9P8' is to 'arhaht.

By applying this notion, we have prepared 14 sample questions to measure the word analog
similarity. Comparatively, with the words vectorized with latent semantic analysis (LSA) for
seven sample questions that are answered by 10 linguistic experts, 51.1% similarity value was
obtained, but using Word2Vec 68.3% average score was recorded. This shows using
Word2Vec embedding was increased the score by 17.2 which enhances efficiency for vector
representation. The reason for decreasing results in LSA may be due to improper handling of
stop words, the embedding parameter consideration and the way words are vectorized.
Embedding based on context words is better than embedding based on bag of word count using
LSA as it is shown in Annex C.
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2. Relatedness

It has high cosine values between a set of words approaching 1. For example, the cosine
similarity of a-t and 242+ is 0.998855307698038 which means A.t: is highly related to the
term 24e-& than other words else in the vocabulary. So generally, Word2Vec by itself can be
evaluated using intrinsic evaluation. It is also evaluated in the area of information retrieval

using query expansion which can increase the number of relevant documents to be retrieved.
5.7.2 Evaluation Using Information Retrieval

Information retrieval using whoosh is an alternative to Apache Lucene which is a java
implementation and it is a pure python library together with many term scoring algorithms that
are basically used in document indexing and searching. Retrieval relevancy can be based on
either ranked or unranked measures.

5721 Based on Unranked Retrieval Relevance Measure

The unranked set of retrieval returns the relevant documents without considering the relevance
order. Even if it has been the relevance measure before some years ago when the indexed data
is huge and the users are looking for a result for their query it may be tedious to find the relevant
documents. The researchers have developed the semantic thesaurus with latent semantic
analysis [15] and they have tested in an information retrieval system that has obtained 73.34%
recall. We have compared with their work and our system has been improved to 84.23% recall.

It is more depicted in the following table 5.8.
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Table 5.6: Precision and Recall for Document Searching Unranked Set of Retrieval

Using Semantic VVocabulary

Without Using Semantic Vocabulary

Queries REL RET RET NRET RET R P RET RET NRET RET R P
REL REL NREL REL REL NREL

T AL 1. &N

haha ¢amc | 10 55 9 1 46 0.9 0.2 40 9 1 31 0.9 0.22

a8

AL ADd.TC

A& 10 43 9 1 34 0.9 0.21 29 8 2 21 0.8 0.27

U0 06

UNCT OC 12 49 7 5 42 0.60 0.143 33 2 10 31 0.17 0.06

T00C

AP APC

av' g 11 168 10 1 158 0.91 0.1 84 10 1 74 0.91 0.12

FAP Va0, 10 23 10 0 13 1 0.45 11 9 1 2 0.9 0.9

9L

%8 HavF 10 39 9 1 30 0.9 0.231 7 7 3 0 0.7 1

7%V a°o T 10 18 9 1 9 0.9 0.6 5 5 5 0 0.5 1

-7

OC AT 10 71 9 1 62 0.9 0.12 37 8 2 29 0.8 0.21

APA NAL 7 43 4 3 39 0.571 0.093 29 4 3 39 0.571 0.18
Average 0.8423 | 0.2386 0.69 0.44

63



Description v RETNREL — Documents retrieved
but not relevant
v REL — The number of relevant
v" P —Precision, R — Recall
documents

. v" The formula for Recall= (relevant
v RET — Total number of retrieved (

N retrieved)/ (relevant) or
TP/TP+FN

v, Precision= (relevant N
retrieved)/retrieved, or TP/TP+FP

documents
v RETREL - Documents retrieved
and relevant
v" NRETREL — Documents not
retrieved but relevant
We have implemented the information retrieval system with semantic vocabulary with 9
queries and a total of 90 relevant and 518 indexed documents expanded with the top 5 humber
of similar words. When increasing the number of expanded words, the probability of returning
the relevant documents becomes increasing. Due to this the recall becomes increasing. Hence
the retrieval system is based on an unordered list of relevance, when the indexed documents
are large it may be difficult for the users to look for relevant documents. Precision becomes
decreasing, this is expected due to the increasing number of retrieved documents, but what is
suggested is using semantic vocabulary for information retrieval system, provides more
searching results that are relevant to be gained and be accessible. Using semantic vocabulary
as a query expansion we have achieved 84.23% recall, and 23.86% precision respectively.
Without using semantic vocabulary 69% recall, and 44% precision were obtained respectively.
Generally, a recall is never decreasoning while using semantic vocabulary and our system is

better for recall oriented applications.

unranked set of retreival using semantic vocabulary as

=—f— RWSV
1.5 query expansion
Pwsv
Rwosv
1 p \/Nﬂ_‘
\—‘\/ SN Pwosv
05 Y
0
1 2 3 4 5 6 7 8 9

Figure 5.8: Information Retrieval Using Semantic Vocabulary Unranked Set of Retrieval

Description
Rwsv recall with semantic vocabulary Rwosv recall without semantic vocabulary
Pwsv precision with semantic vocabulary precision without semantic vocabulary
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5.7.2.2 Based on Ranked Retrieval Relevance Measure

Retrieving relevant documents are query-based in which the similarity of the query with the
matched documents can be calculated and ranked, by which Google applies such types of
techniques. User happiness is warranted while using the ranked retrieval. We have focused on
retrieving the number of relevant documents based on the relevance of query terms. Using
query expansion of semantic vocabulary there is a high probability for the relevant documents
to be retrieved in descending order. We have implemented the three ranking function called
Frequency, TF-IDF, and BM25F values. Firstly, the score of the query terms are calculated,
then the relevant documents are retrieved in descending order via its ranks. For example, for
the query term, v-A701 104 VNOC Q¢ “IVNC using Semantic vocabulary as a query expansion a
total of seven relevant documents using BM25F metrics are matched and two relevant
documents are matched without using query expansion. So, from saving the searching time

point of view using query expansion it is advisable and initiative.

Table 5.7: Information Retrieval with Query Expansion Ranked Retrieval

input your gueries that you want to search: “v-A1 10& vN0C Oé- T0N0C”

Do you want query expansion (QE)? Yes Do you want query expansion? No

How many similar words to expand? 5 topN=5

The expanded semantic words from the input | No expanded semantic words. it is just the query
A 10& UNC 0 “nc are ‘R4, 'Gds, | word itself. input=v-ar 104 v0C hé- VNG
AN, ‘€486, 'OAL, 'v-AT, 'WAC, 'ACH,
'TALT, ATIC, AT, 08, 9T, 'S, hhdy,
‘e, 'PON, 'PA, 'O AT, AN, "TT0NC

Search Results Found Search Results Found:
Total Number of Retrieved Documents: 49 Total Number of Retrieved Documents: 33
Total Number of Indexed Documents: 518 Total Number of Indexed Documents: 518

The first five retrieved documents with score | The first five retrieved documents with score

Document_Rank: 1 Document_Rank: 1
Title General Domain Text Files Title General Domain Text Files
IPath: C:/Users/Pc/testing_data/102.txt| Path: C:/Users/Pc/testing_data/ 102.txt|
Term Score 17.90287130424752 Term Score 9.45098542200743
Document_Rank: 2 Document_Rank: 2
Title General Domain Text Files Title General Domain Text Files
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Path: C:/Users/Pcl/testing_data/130.txt
Term Score 16.71196728412747
Document_Rank: 3
Title General Domain Text Files
| Path: C:/Users/Pc/testing_data/ 99.txt |
Term Score 15.479970769652581
Document_Rank: 4

Title General Domain Text Files

| Path: C:/Users/Pc/testing_data/ 92.txt |

Term Score 14.911731205520626
Document_Rank: 5

Title General Domain Text Files

|Path: C:/Users/Pc/testing_data/ 94.txt |

Term Score 8.962728621348434
Average_BM25F is 14.793853836979327

Path: C:/Users/Pc/testing_data/2.txt
Term Score 7.901016313469223
Document_Rank: 3
Title General Domain Text Files
| Path: C:/Users/Pc/testing_data/ 92.txt|
Term Score 7.901016313469223
Document_Rank: 4

Title General Domain Text Files
Path: C:/Users/Pc/testing_data/gen (334).txt
Term Score 7.2795174984541635
Document_Rank: 5
Title General Domain Text Files
Path: C:/Users/Pc/testing_data/gen (265).txt
Term Score 6.734892836326503
Average BM25F is 7.853485676745308

For reducing search complexity, we have determined the semantic words to be expanded and

retrieved to the top five. Users can also determine the number of documents to be searched for

the queries, but when increasing the number of documents, it becomes tedious and cumbersome

for the searchers to refer to the relevant documents when using an unordered set of retrieval.

The following table shows the relevant documents retrieved with the three basic query terms

scoring.

Table 5.8: Term Scoring for Indexed Document Using Different Ranking Functions

Users Query: input: = v-A11 104 VNG e~ “0NC

Ranking Without query expansion With query expansion
Function Avg Retrieved | Relevant Avg Retrieved | Relevant

Score Docs Documents | Score Docs Documents
Frequency 1.00 10 2 3.6 10 3
(avg)
TF-IDF (avg) | 4.6 10 2 194 10 3
BM25F(avg) | 6.8 10 2 11.54 10 6

We have implemented the query scoring algorithm with the first ten retrieved documents. As

it is clearly shown in the table above even the value for term scoring is increased when using
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TF-IDF, but from retrieving the relevant document point of view the BM25F function is the

best. Using BM25F with ORGroup Boolean search retrieves the relevant documents in the high

priority ranking orders. Due to this the mean average recall becomes increased because the

relevant documents have a high probability of being retrieved as shown in table 5.9 below.

Table 5.9: Sample Recall and Precision at K Values for v-n741 714 V1IC (1~ “7U00

Query Precision at K Sample Ranks | Recall at K Sample Ranks
P@1 | P@2 | P@5 | P@7 | P@9 | R@1 | R@2 | R@5 | R@7 | R@9
W A . With 1 1 1 1 089(01 |02 |05 |07 |08
R0 semantic
aoAnA vocabulary
aEMM( Without 0 05 (08 |[071/08 |0 0.1 |04 |05 |07
avye: Semantic
vocabulary

It is usually known that the mean average recall and precision for ranked documents are

calculated using randomly selected K values. When using semantic vocabulary as a query

expansion 46% and 97.8% mean average recall and precision were recorded respectively. 34%

and 56.2% mean average recall and precision was recorded without using semantic vocabulary.
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Table 5.10: Mean Average Precision and Recall for Ranked Document Retrieval

Query | Query List Using Semantic Without Using Semantic
No Vocabulary Vocabulary
Recall Precision | Recall Precision
1. T AL Tl k&0 0.75 0.70 0.56 0.67
aonAnd aoSMMC
a8
2. AL AAGTC (1hd 0.70 0.43 0.60 0.9
3. v M6 T0NC 0.69 0.841 0.11 0.72
4, Q&L hEC P 0.671 0.85 0.45 0.60
5. AP v8&Q, AL 0.71 0.87 0.65 0.92
6. A et 0.68 0.60 0.54 0.97
7. ALP L0 N9 0.61 0.99 0.53 1
8. ACA ALC 0.55 1 0.31 0.32
9. &L HovF 0.78 0.834 0.40 1
10. 2.9 T 07 0.74 0.59 0.3 1
Mean Average | 0.6881 0.7705 0.4451 0.81

When the size of the input query increases the corresponding expanded query terms and the
relevant documents have a higher probability of being retrieved. This enables the information
retrieval system to retrieve the most relevant documents according to its rank in descending
orders. This saves the searching time for the users while they are seeking the information they
want. The mean average recall and precision are calculated depending on the number of
retrieved documents via its rank. By implementing the ranked retrieval system expanded with
the semantic vocabulary, we have achieved 68.81%, and 77.05% mean average recall, and
precision respectively. Without semantic vocabulary, it was recorded 44.51%, and 81% mean
average recall, and precision, respectively. We have suggested that semantic vocabulary with

ranked information retrieval is better to use and implement.
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Chapter Six: Conclusion, Contribution, and Future Work

6.1 Conclusion

Nowadays the need to use and access lexical resources to enhance information retrieval using
query expansion become more fundamental in natural language including Amharic. The
resources made available for query expansion may be either manually build or automatically
created from large document collections. Contextual meaning extraction also becomes more
essential these days. Creating resources manually is labor-intensive, and time-consuming when
the dataset is huge. To solve such kinds of difficulties an automatic option has been proposed

and using distributional semantics is the new approach to use and implement.

The proposed approach is implemented in the Word2Vec algorithm that could able to construct
the semantic vocabulary and it is used for information retrieval system. To achieve our
objectives, we have performed the natural language processing tasks and we have implemented
the word-space modeling based on the fundamental parameters. We have manually crawled
8,759 Amharic documents from different domains and after smoothing the text corpus we have
built the list of words that are ready for learning. Using the Word2Vec algorithm we have
constructed a total of 44,497 lists of semantically related vocabulary from nine domains. But
we can increase the number of words by decreasing the minimum occurrence count of less than
five. Once the word vector is successfully learned and get trained it can be used for searching.
To search the semantic vocabulary, we have built the graphical user interface so that the users
can easily interact with the system and similar words will be retrieved based on their cosine

orientation.

The incorrectly stemmed words and stop words affect the training as well as the word quality.
Alphabets like @, ¢, v are sometimes useful but not always been considered in the semantic
vocabulary list. Our semantic vocabulary is better than the thesaurus constructed by
Andargachew Mekonn using latent semantic analysis (LSA) with singular value decomposition
(SVD) dimension reduction as the human linguists verified it with fourteen sample questions
prepared for testing analog questions. Hence no WordNet developed for Amharic we have
measured the word similarity based on the user prepared lists. 51.1% analogy similarity was
achieved using LSA and 68.3% performance was obtained using word2vec. So neural word
embedding using word2vec is better than other traditional embeddings. Performance of
unsupervised learning is not directly measured which depends on the end goals of a certain task

but possible to test based on the intrinsic evaluation and it was compromising.
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Our semantic vocabulary is performed better for information retrieval by expanding the query
terms with the top five most similar terms. It was tested based on a ranked and unranked set of
retrieval. Even if the recall becomes relatively increasing when using semantic vocabulary as
a query expansion based on ranked and unranked retrieval. Using unranked information
retrieval 84.23% recall was achieved and this is increased by 10.89% recall than the semantic
thesaurus built by Andargachew Makonnen. We conclude that ranked retrieval is better than
unranked retrieval. Using ranked retrieval many relevant documents were retrieved in their
priority relevance based on the ranks in descending order. When the indexed documents are
too huge ranked retrieval could save searching time than an unranked retrieval system. By
applying ranked retrieval 68.81% and 44.51% mean average recall was recorded using and
without using semantic vocabulary as a query expansion respectively. It was improved by
24.3% recall.

As experimental results show the BM25F ranking function outperforms better than other
ranking functions like frequency-based retrieval and relevant documents have a high degree of

probability being retrieved.

6.2 Contributions

The main contribution of our work is summarized as follows.

v We can construct contextually similar Amharic semantic vocabulary using Word2Vec.

v" We have integrated the semantic vocabulary into an information retrieval system and we
could retrieve many relevant documents by expanding the query words into a set of its
corresponding semantic words. The output of this system is a cluster of semantic words and

which used as an input for information retrieval systems to expand the user’s query.

v' We proved that ranked retrieval can better perform search relevance than the standard

unorder set of retrieval.

v" Our own architecture
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6.3 Future Work

This research work can be further extended and enhanced:

v Using the word-space of different domains by specifying the word relations and using
parts of speech contextual WordNet can be automatically constructed.

v Using the web and by considering the parts of speech semantic vocabulary can be
accessed online for any user like visual thesaurus developed for English.

v' The information retrieval system can be enhanced by expanding the queries with

semantic vocabulary combined with manually built WordNet.
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Annex A

AL
Ot+ag
+tavh et
(-+avaag,
(BaE
nh-a
nao-ap
nmge
né-t
-1rA
w7
LA,
NAPA
F
A+
NH+F
+0LP
TO%
+0A
+102
TIASA

T 16

Sample Stop Word

T6n16
T4t
TS

114
Nt
104
10~
12
7C
et
S

S Fm-
AU
Al
At
At
Adh

ha,

A0ty
Ah-

AP

A0hv

76

Anht

A0h?

hq
W7k

W89
WU
W7,

W
W%
ARG T,
W78,

h

hha

nag

harhhd
naqer

ha T
ho-ar

no¢

hét

OH-+

og,

me.g°
L4t
-,
@A
PILTT
o7
AT
eTALP
PTALR
X
L@.NT
£I¢
2
£9°
Ldn
oy
2C
17
Tt
&t



Annex B Sample Compound Words
Politics Business | Sport Art Law Health
aP et L&l PP | hr(id @Oy £l 1% Ch® T hAT° | 04 TVPOLT
99,79 (L L UA | 14 VLA TP 10 KDL ChE 0%t oaN
AP0, VI h0Z 0AA | 904 A58 hé. 0% U1 OF 7PA +hA
&CL N+ YA VA L AC 0 qavt g9t | ACO ALC 01 Ah9PC
ovét 0t PC9 PCo A% 0 nr 0N (Lt Havg: a1 ANG
onc 0t av/A1 A 270 U4 &J° 71C Veért 14
T-0Ah ACLO ANI® Ade G09° hP& Il aPdO OCaT 2
ao(y MG M4 QG PLav F4h (VA () OCAT o
a @A TCt: TrFOtC 68 | AaMm 10 PO 0% aCht davt
190 OE T rFatC At OHt OHtTl4. | PO PmeP | L A&I°
MG N4 P40 1.SCLA 210Gt a8 0+
hea htay 2o cet '@ ch NchC V1 ot
ACAF ALC APC CPT gt 1ot a7t ot
A1 aSOCT GO0 T h1 PNt AP a1
HCE. NP Vet (L aNc Be ch1 OF
LUL IoCom, #71 A%t RGP P
av Y+ av et -+ oot
.9t VLS 981 (\@C
981 I°L:C
981 NCh?
Con av(v 8 8:C
Con aogPyC
haye 7ivk
7 TG
a7 Quce
Annex C  Word Analogy Prediction using Word2vec and LSA
Similar Total Mean Similar words Total Mean Number of
words pair Score Score | pair using Score | Score | Linguists
No | using (LSA) (Word2Vec)
1. (M°1,7LHT) 11 1.1 (01, h-¢-) 34 3.4 10
2. (1,71 Pma) | 14 1.4 (41, xrvt) 38 3.8 10
3. (A704, £04) | 43 4.3 (A704, A704) 31 3.1 10
4, (A0, AOLAC) | 12 1.2 (A0, hI°L) 29 2.9 10
5. (4L, HZEC) | 19 1.9 (4.0, MC) 32 3.2 10
6. (47, PA) 39 3.9 (A7, T97%) 35 3.5 10
7. | Wietrg) |41 4.1 (W, ) | 40 4.0 10
Total | 179 17.9 239 23.9
Average | 51.1% 68.3%
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Ambharic Alphabets Normalized into One Consistent Letter

Annex D
Alphabet Normalized Words
7,71, 2, ch, ch v
dv, U
v, "L kA
ch, b 2
ch, 1 v
h, ¢ v
w a
w- -
e (L
vy q
vy, 0
Vool 0
b d
K 0,% A
o ke
) A
% 8
] h
b h
A 0
S &
a. 1
2 9
% 9
& 0
2 b
To 7
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Annex E

Score

1=Far
2=Poor
3=Good
4=Very Good

5=Excellent

Name:

Sample Questions Answered by the Linguists

Occupation:

Education Level:

Answer the following questions based on the associated word score?

1.

The word 01 is associated with 247 with a
score? (LSA)

A 1 D.4
B. 2 E.5
C. 3

The word 41 is associated with 1 $mé& with a
score? (LSA)
A 1
B. 2
C. 3
The word 0 is associated with A@<¢- with a
score? (Word2Vec)
A 1
B. 2
C. 3
The word (91 is associated with A%t with a
score? (Word2Vec)
A 1
B. 2
C. 3
The word A704 is associated with £0A with a
score? (LSA)

D.4
E.5

D.4
E.5

D.4
E. 5

A 1 D.4
B. 2 E. 5
C. 3

The word A704 is associated with 2204 with a
score? (Word2Vec)
A 1
B. 2
C. 3

D.4
E. 5

The word 20t is associated with h(LAC with a
score? (LSA)
A 1
B. 2
C. 3
The word 20t is associated with A9°€ with a
score? (Word2Vec)
A 1

D.4
E. 5

D.4
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10.

11.

12.

13.

14.

B. 2 E. 5

C. 3
The word 4.0 is associated with HZEC with a
score? (LSA)

A 1l

B. 2

C. 3
The word .40 is associated with m¢ with a
score? (Word2Vec)

A 1l

B. 2

C. 3
The word h.47 is associated with & with a
score? (LSA)

A 1

B. 2

C. 3
The word W47 is associated with +474- with a
score? (Word2Vec

A 1

B. 2

C. 3
The word AT is associated with 7 with a
score? (LSA)

A 1l

B. 2

C. 3
The word AT is associated with He10 with a
score? (Word2Vec)

A 1l

B. 2

D.4
E. 5

D.4
E. 5

D.4
E. 5

D.4
E. 5

D.4
E. 5

D.4
E. 5



Sample Code about Word2Vec Vectorization
import sys, 0s
from os import listdir
from gensim.models import Word2Vec
from multiprocessing import cpu_count

input_stop_list=open("'F:/class AAU/research
dsm/Stop_List/my_list_of stop_words.txt",encoding="utf-8")

input_stop_list=input_stop_list.readlines()
s=[x.split() for x in input_stop_list]
class MySentences(object):
def __init__ (self, dirname):
self.dirname = dirname
def _iter__ (self):
for fname in os.listdir(self.dirname):
for line in open(os.path.join(self.dirname, fname),encoding="utf-8"):
i=0
for i in range(len(s)):
files=line.replace(str(s[i]),"")
yield files.split()
file_dir = MySentences('C:/Users/Pc/sport_stemmed’) # a memory-friendly iterator

model_bible =
Word2Vec(file_dir,size=300,alpha=0.025,window=10,min_count=5,sample=1e-
4,workers=cpu_count(),min_alpha=0.0001,sg=0,hs=0,negative=25,cbow_mean=1,sorted_voc
ab=1,iter=15)

model_bible.wv.save_word2vec_format('model_sport.vec',binary=False)
model_bible.train(file_dir,total_examples=model_bible.corpus_count,epochs=25)

model_bible.init_sims(replace=True) #vector normalization
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Sample Code about Vocabulary Construction
from gensim.models import Word2Vec
from gensim.models.keyedvectors import KeyedVectors

w2v_sport =KeyedVectors.load_word2vec_format('C:/Users/Pc/
model_sport.vec',encoding="utf-8',unicode_errors='strict’)

similar_words = {search_term:[item[0] for item in
w2v_sport.wv.most_similar_cosmul([search_term],topn=15)]

for search_term in y} #words are compared with each other inside the model.

sp = open("F:/class AAU/research dsm/vocabulary/new one/semantic vocabulary
offline/w2v_sport.txt","w" ,encoding="utf-8")

sp.write(similar_words)

sp.close()

Sample Code about Vocabulary Searching

import sys, PyQt5, re

from PyQt5.QtWidgets import QApplication,QDialog,QMainWindow
from PyQt5.uic import loadUi

from gensim.models.keyedvectors import KeyedVectors

model_sport=KeyedVectors.load_word2vec_format('C:/Users/Pc/model_sport.vec',encoding
='u f-8',unicode_errors="strict’) #unicode_errors="ignore'

model_sport.init_sims(replace=True)
sp =sorted(model_sport.wv.vocab.keys())
class ui_class(QMainWindow):
def __init__(self):
super(ui_class,self).__init_ ()
loadUi('C:/Users/Pc/Desktop/python_GUI/qt_sample.ui',self)
self.setWindowTitle("qt_desine sample gui searching™)
self.pushButton_1.clicked.connect(self.on_pushButton_clicked)
def clear_buton(self):
self.textBrowser_1.setText("™")
self.lineEdit_1.setText("")

def without_score(wordList):
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Expanded_words=str(wordList)
Expanded_words = re.sub(r'[@,",[,],?.\,.,$,%,_./,]", ", Expanded_words)
Expanded_words = re.sub(r'[0-9]+,"",Expanded_words)
return Expanded_words
if dom_text == 'Sport"
if (words in list(model_sport.vocab)):
self.label_5.setText("Number of words in the Sport Domain: "+str(len(sp)))
if sim_metric=="most_similar_cosmul":
w2vec_list=model_sport.wv.most_similar_cosmul(words,topn=topn_words)
listofwords=ui_class.without_score(w2vec_list)
else:
w2vec_list=model_sport.wv.most_similar(words,topn=topn_words)
listofwords=ui_class.without_score(w2vec_list)
self.textBrowser_1.setText((listofwords))
else:

self.label_5.setText(" The Word "+words+" is not in "+dom_text+" domain of the
model Model:")

else:
self.label_5.setText("Invalid Domain:")

app=QApplication(sys.argv)
widget=ui_class()
widget.show()
sys.exit(app.exec )
Sample Code about Stop Word Filtering
from string import punctuation
from operator import itemgetter
N = 2500
words = {}

words_gen = (word.strip(punctuation).lower() for line in open("C:/Users/Pc/Desktop/amharic
bible/biblefile.txt",encoding="utf-8")

for word in line.split())
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for word in words_gen:

words[word] = words.get(word, 0) + 1

top_words = sorted(words.items(), key=itemgetter(1), reverse=True)[:N]
for word, frequency in top_words:

print("%s: %d" % (word, frequency))

Sample Code about Spell Inconsistency and Normalization
new_contents=re.sub(r"[h,"1,sh,2,7]","v" texffile)

new_contents= re.sub(r"[,"]", "v-",new_contents) #normalizing - and -1 alphabet
tov

new_contents= re.sub(r"[.,2]", "Z",new_contents)
new_contents= re.sub(r"[dv,"]", "4",new_contents)
new_contents= re.sub(r"[h,4]", "v",new_contents)
new_contents= re.sub(r"[,€]", "*",new_contents)
new_contents=re.sub('&/c','&h-+C',new_contents)
new_contents=re.sub('a/x','a4.0-AN0",;new_contents)
new_contents=re.sub(-+/av/&:''e+avR' new_contents)
new_contents=re.sub('a/k/h','hkhk',NneW_contents)
new_contents=re.sub('aA/i/A’'a.i4',;new_contents)

new_contents=re.sub('a&/0L/A,'AF0LA ,new_contents)

Sample Code about Document Indexing
import os,re
from whoosh.index import create_in
from whoosh.fields import Schema, TEXT, ID
from whoosh.writing import AsyncWriter
from datetime import datetime, timedelta
from whoosh import fields, index
import sys
def createSearchableData(root):

Stop_word = open("F:/class AAU/research
dsm/Stop_List/my_list_of stop_words.txt",encoding="utf-8")

sp=[x.split() for x in Stop_word]
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schema =
Schema(title=TEXT (stored=True),path=1D(stored=True,unique=True),content=TEXT textdat
a=TEXT(stored=True),date=fields.DATETIME)

if not os.path.exists("indexdir_bible"):
os.mkdir("indexdir_bible™)
ix = create_in("indexdir_bible",schema)
writer = AsyncWriter(ix)
y=Il
filepaths = [0s.path.join(root,i) for i in os.listdir(root)]
for path in filepaths:
i=1
fp = open(path,'r',encoding="utf-8")
text = fp.read()
text = text.strip()
text=re.sub([x.split() for x in Stop_word],",text)
text=text

writer.add_document(title="Religeous domain text file",
path=path,content=text,textdata=text,date=datetime.utcnow())

++i
print(text)
fp.close()
writer.commit()
root ='C:/Users/Pc/bible/'

createSearchableData(root)

Sample Code about Document Searching using Query Expansion
from __future__ import division
from whoosh.gparser import QueryParser,OrGroup
from whoosh import scoring,qparser
from whoosh.index import open_dir
from whoosh.fields import *
from whoosh.scoring import *

from whoosh.gparser import *
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from whoosh.query import *

from gensim.models.keyedvectors import KeyedVectors
import re,I3

from whoosh import index

from whoosh.qgparser import QueryParser

from whoosh.qgparser.dateparse import DateParserPlugin
Average_BM25F=0

start = time.time()

model_sport =KeyedVectors.load_word2vec_format('C:/Users/Pc/model_sport.vec',encoding="utf-
8',unicode_errors='"strict") #unicode_errors='ignore'

model_sport.init_sims(replace=True)
y=list(model_sport.vocab)
query_not_in_model=[]
def get_expanded_query_w2v(model, g0, K):
og = gparser.OrGroup.factory(0.9)
qe=1l
for word in q0.split(" "):
if wordiny:
expanded_words = [pair[0] for pair in model.most_similar(word)[:k]]
expanded words.append(word)
ge.append(expanded_words)
else:
guery_not_in_model.append(word)
continue
return ge
print("*\nThe words "+query_not_in_model+ " are not in the model:\n")
stemmed=[]
text="F:/query.txt"
text2="F:/query2.txt"
g1 = open(text,"w",encoding="utf-8")
query=input("Enter the query you want to search: any query\n")
query=query.replace('r[0-9]+',")
query=query.replace("*[\:A\?1[\"O\]]* *',")
guery=query.split()
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for x in query:
if len(x)>1:
ql.write(x+" ")
gl.close()
I3.anal_file('am' text,text2)
with open(text2,encoding="utf8") as f:
for line in f:
parts = line.rstrip(\n").split(" ")
i=0
for x in parts:
if x=="stem:"
stemmed.append(parts[i+1])
i=i+1
unique_words=[]
for k in stemmed:
if k not in unique_words:
unique_words.append(k)
print("unige words from the input query \n",unique_words)
words=str(unique_words)
input_topn=int(input('Enter topN number of similar words to be searched :\n"))
input_topn=str(input_topn)

print("*Select your domain you can use the following Hints:")

print("#== Sport=S or s #'")
input_Domain=input()
if (input_Domain=="S" or input_Domain=="s"):
model_sport=model_sportt
expanded_words_list=str(get_expanded_query_w2v(model_sport,words,input_topn))
unique_words=[]
Expanded_words = expanded_words_list
ixreader = open_dir("indexdir")
earcher=ixreader.searcher()
with ixreader.searcher(weighting=scoring.BM25F(B=0.75,K=1.5)) as searcher:
doc_count = str(searcher.doc_count_all()) #document count

doc_num = searcher.document_number() #document number
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yes=input("do you want query expansion ?")

if(yes=="y" or yes=="Y"):
print("the expanded semantic words from the input ",words," are \n",Expanded_words)
query = QueryParser("content”, ixreader.schema,group=0rGroup).parse(u(Expanded_words))
text=query
results = searcher.search(query,limit=input_topn)
else:

query = QueryParser("content",
ixreader.schema,termclass=Variations,group=OrGroup).parse(u(words))

results = searcher.search(query,limit=input_topn)
print("Without query expansion is the query itself: ", words)
print(""Search Results Found")
a=int(format(len(results)))
print("Total Number of Relevant Documents : "+str(a))
print("Total Number of Indexed Documents : "+doc_count)
print("{} files matched: ".format(len(results)))
print("Total Number of Relevant and Retrieved Documents : "+str(input_topn))
for i in range(topN):
rank_score = str(results[i].score)

print("Document_Rank: ",results[i].rank+1,"\n","Title" results[i]['title’],"\n",
"Path:",results[i]['path’],"\n"," Term Score "+str(results[i].score),"\n")

Average_Frequency=(Average_Frequency)+(results[i].score)
i=i+l
Average_Frequency=Average_Frequency/input_topn

print("Average_ BM25F is",Average_Frequency)
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