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Abstract

Machine Translation (MT) is one task in Natural Language Processing (NLP), where automatic
systems are used to translate text from one (source) language to another (target) while preserving
the meaning of source language. Since there is a need for translation of documents between
Tigrigna and English languages, there needs to be a mechanism to do so. Hence, this study
explored the possibility of developing Tigrigna — English statistical machine translation and
improving the translation quality by applying linguistic information. In this work, experimental

quantitative research method is used.

In order to achieve the objective of this research work, a corpora are collected from different
domain and classified into five sets of corpora, and prepared in a format suitable for use in the
development process. In order to realize the goal, three sets of experiments are conducted: baseline
(phrase based machine translation system), morph-based (based on morphemes obtained using
unsupervised method) and post processed segmented systems (based on morphemes obtained by
post-processing the output of the unsupervised segmenter). We work on MOSES which is a free
statistical machine translation framework, which allows automatically training translation model
using parallel corpus. Since the system is bidirectional, four language models are developed; one
for English and the other three are for Tigrigna language includes for baseline, morph-based and
the other for the post processed experiment. Translation models which assigns a probability that a
given source language text generates a target language text are built and a decoder which searches
for the shortest path is used. BLUE score is used to evaluate the performance of each set of

experiment.

Accordingly, the result obtained from the post processed experiment using corpus Il has
outperformed the other, and the result obtained has a BLUE score of 53.35 % for Tigrigna —
English and 22.46 % for English — Tigrigna translations. This research focuses on segmenting
prepositions and conjunctions because of data scarcity . Therefore future research should focus to
further improve the BLUE score by applying semi supervised segmentation to include the

remaining linguistic information.

Keywords: Machine translation, Statistical Machine Translation, Segmentation, Tigrigna —

English
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CHAPTER ONE
Introduction

1.1 Background

Natural Language Processing (NLP) is a branch of artificial intelligence that deals with analyzing,
understanding and generating the languages that humans use naturally in order to interact with
computers in both written and spoken contexts. One of the challenges inherent in natural language
processing is teaching computers to understand the way humans learn and use language. There are
theoretically motivated range of computational techniques for analyzing and representing naturally
occurring texts at one or more levels of linguistic analysis for the purpose of achieving human-like
language processing for a range of tasks or applications [1].

NLP is an area of research and application that explores how computers can be used to understand
and manipulate natural language text or speech. Natural language processing researchers aim to
gather knowledge on how human beings understand and use language so that appropriate tools and
techniques can be developed to make computer systems understand and manipulate natural
languages to perform the desired tasks [2]. Computers do not genuinely understand ordinary
language or converse naturally with us about arbitrary topics. That is a barrier separating us from
the machines. The goal of research in NLP and in natural language understanding is to break down
this barrier. In fact, any application that utilizes text is a candidate for NLP. The most frequent
NLP applications include: Machine Translation, Text Summarization, Information Retrieval,

Information Extraction, and Question-Answering [1].

Machine translation is one of the NLP applications that deals with automated translation of text or
speech from source language to target language or “translation carried out by a computer”, as
defined in the Oxford English dictionary (2016 edition). A wide variety of machine translation
approaches have been developed in the past years such as rule based, example based, statistical
machine translation and hybrid approaches [2]. Rule based machine translation is a general term
that denotes machine translation systems based on linguistic information about source and target
languages basically retrieved from (bilingual) dictionaries and grammars. Example based machine
translation is characterized by its use of bilingual corpus with parallel texts as its main knowledge,

in which translation by analogy is the main idea. Statistical machine translation (SMT) is generated
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on the basis of statistical models whose parameters are derived from the analysis of bilingual text
corpora. By taking the advantage rule based, example based, statistical based translation
methodologies, a new approach was developed, called hybrid based approach, which has proven
to have better efficiency in the area of MT systems.

In recent years there has been an enormous boom in MT research. There has been not only an
increase in the number of research groups in the field and in the amount of funding, but there is
now also optimism for the future of the field and for achieving even better quality. The major
reason for this change has been a paradigm shift away from linguistic/rule-based methods towards
empirical/data-driven methods in MT. This has been made possible by the availability of large
amounts of training data and large computational resources. This paradigm shift towards empirical
methods has fundamentally changed the way MT research is done. The field faces new challenges.
For achieving optimal MT quality, we want to train models on as much data as possible, ideally
language models trained on hundreds of billions of words and translation models trained on
hundreds of millions of words. Doing that requires very large computational resources, a
corresponding software infrastructure, and a focus on systems building and engineering [3].

This study discuss, automatic translation between English and Tigrigna languages using statistical
approach. The two languages are from different language families and this makes the machine
translation task very difficult. English is from Indo-European language family [4] and a language
that is mainly spoken on different parts of the world, for example it is the foreign language in
Ethiopia and Eritrea as a medium of instruction and communication in governmental and non-
governmental organization. And Tigrigna is from Semitic branch of the Afro-Asiatic family
spoken in northern part of Ethiopia and Eritrea, which is the official language of Tigray regional

state and one of the official languages of Eritrea [5].

1.2 Motivation
Machine Translation has widespread commercial, military and political applications [6]. For
example, increasingly, the Web is accessed by non-English speakers, reading non-English pages .
The ability to find relevant information should not be bounded by our language-speaking
capabilities. Basically researcher have been motivated to discuss and propose direction to problems
of machine translation community. The problems are [7]:
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+ Translation into morphologically rich languages: Most MT systems will not
generate word forms that they have not observed, languages like Tigrigna.

+ Translation of low-resource language pairs: The most straightforward example of
unresourced languages like Ethiopic languages.

+ Translation across domains: Translation systems are not robust across different
types of data, performing poorly on text whose underlying properties differ from

those of the system’s training data.

1.3 Statement of the Problem
Machine translation for different languages has been done so far by different researchers, but many
researches and applications have done for foreign languages using different methodologies and
approaches. Most of the works have been done on language pair of English and other foreign
languages, such as Arabic [10],Japanese [11], and French [12] etc. This is because English
languages is one of the dominant languages spoken in the world and the language of international

communication.

Tigrigna is the official and working language of Tigray region of Ethiopia and one of the official
languages of Eritrea. The language is spoken approximately by 7 million people in the northern
part of Ethiopia (Tigray region) and central part of Eritrea [8]. And English language is a language
that was first spoken in Anglo-Saxon England in the early middle Ages. It is now the most widely
used language in the world. It is spoken in many countries around the world. It is the first language
of the United Kingdom, the United States, Canada, Australia, Ireland, New Zealand and a number

of Caribbean nations [9]. So the Tigrigna speakers faces the following challenges:

» Lack of information: As English is one of the dominant language spoken in the world,
world news, journals, books, international documents and others would be written in
English language so that the speakers other than English would not be aware of the

information.

» Communication gap: Speakers of Tigrigna who couldn’t speak and understand English

cannot communicate with English speakers.
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However, only little works have been done on language pair of English and Ethiopian languages.
Some of the studies are carried out on English-Amharic language pair [13], [14] and English —

Affan Oromo language pair [15] [16].

But, to the best knowledge of the researchers, there is no prior investigation on the development
of machine translation system on the pair of English-Tigrigna or Tigrigna-English. As a result, the
way of developing a machine translation system (for these language pairs) with a reasonable
performance is not known. Because of this, people use human translation and they tend to be
slower as compared to machines. Sometimes it can be hard to get a precise translation that reveals
what the text is about without everything being translated word-by-word, so everyone needs a
well-organized and proficient translation. Those who can speak both languages need it for
confirmation purposes and those who only speak one of the languages need it for grasping
knowledge, if the translation is bidirectional. In addition, it can be more important to get the result
without delay which is hard to accomplish with a human translator, and MT allows documents to

be translated that would otherwise remain untranslated due to lack of resources.

The purpose of this research is, therefore, to investigate the ways of developing bidirectional
Tigrigna — English machine translation systems that has a reasonable performance. This will
enable the developers to easily adopt the best way and develop machine translation systems for
these two language pairs. According to Online Computer Library Center (OCLC) there are
abundant documents in English, and there is also a need to use the ever increasing amount of useful
information produced throughout the world available in English language. However, lack of NLP
resources and English language knowledge creates a problem of fully utilizing these documents.
The researcher believes that investigating the ways of developing bidirectional Tigrigna — English
machine translation makes a direction to make available these documents in local language (
Tigrigna) and is vital in addressing the language barrier thereby reducing the effect of digital

divide. The research answers the following research questions:

e Does the type and size of corpus has impact on the performance of the machine translation
system of these language pairs?
e Does morphological segmentation improve the quality of machine translation system of the

Tigrigna — English language pairs?
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e Which kind of morpheme improves the performance of the translation system for the

Tigrigna — English language pairs?

1.4 Objectives of the Study
1.4.1 General Objective
The general objective of this research is to design a bidirectional Tigrigna — English machine

translation system using statistical approach.

1.4.2 Specific Objectives
The following specific objectives are identified in order to accomplish the above general objective.

e To review related systems and literature,

e To understand the linguistic behaviors of both languages,

e To develop parallel bilingual corpus for English and Tigrigna languages,

e To prepare monolingual corpora for the language modelling purpose,

e To construct bidirectional Tigrigna — English machine translation model and

e To test and evaluate the performance of the model.

1.5 Methodology
To accomplish the research a lot of methods, tools, and techniques are applied.

1.5.1 Research Design
The research design for this study is Experimental quantitative research method. The methodology
of a quantitative research maintains the assumption of an empirical knowledge based on data, in
this case the text data called corpora is employed. For this study, statistical machine translation or
corpus based approach was employed. The reason why the researchers prefer statistical approach
is; this approach does not require linguistic preprocessing of documents and it is also data driven

i.e. it learns from the data distribution itself.

1.5.2 Data Preparation
In order to develop translation models for Bidirectional Tigrigna — English machine translation
systems, a detailed literature review has been done on machine translation on different languages
pairs in general and statistical approach of machine translation in particular with regard to

techniques used in the approach. And a parallel corpora are prepared from different sources such
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as Holy Bible, Constitution of the FDRE, and simple sentences customized from [12]. Since
Tigrigna is under-resourced language, the corpora are limited to these three different sources. And
the collected data are grouped in to five; this is used to recognize the impact of corpus size and
types on performance of machine translation. The first group of corpus is named as Corpus | and
contained 6106 relatively long sentences pairs which is collected from Holy Bible. The second

group of corpus named as Corpus Il and contains 1160 simple sentences from Amharic corpus

The third group of corpus named as Corpus Il and contained 1982 sentence pairs which are
collected from two sources; 822 sentences from Constitution of FDRE and 1060 simple sentences
customized from Amharic corpus, the reason why we decide to combine is because of the size.
From this Corpus four which is named as Corpus IV is prepared by combining Corpus | and I1.

And the fifth group of corpus is named as Corpus V and contained 3000 sentence pairs which is
prepared by combining all sentences from Corpus Il and 1018 sentence pairs randomly selected
from Corpus I. different preprocessing techniques are implemented such as : sentence level
alignment using Hunalign, splitting punctuation marks by using Perl script [17] and true-casing is

also implemented for English language.

1.5.3 Tools and Techniques
Since we have developed the bidirectional Tigrigna - English machine translation system by using
statistical machine translation approach, we have used freely available software such as : the
widely-used language modeling tool IRST Language Model (IRSTLM) toolkit is used for
language modeling because the Moses MT system has a support for IRSTLM as a language
modelling tool, and it requires less memory than other tools [17]. For alignment, the state of- the-
art tool is GIZA++, which implements the word alignment methods IBM1 to IBM5. Decoding has
been done using Moses, which is an SMT system that is also used to train translation models to
produce phrase tables., Ubuntu operating system which is suitable for the Moses environment, and
VMware workstation, a workstation that enables us to set up multiple virtual machines (VMs) and
use them simultaneously along with the actual machine have been used. In addition, unsupervised

Morpheme segmentation tool; Morfessor 1.0 is used for segmenting Tigrigna sentence.

1.5.4 Evaluation techniques
Machine translation systems can be evaluated by using human evaluation method or automatic

evaluation method. Since human evaluation is time consuming compared with automatic
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evaluation, we have used BLEU (Bilingual Evaluation Understudy) score to evaluate the

performance of the system, which is an automatic evaluation technique.

1.6 Scope and Limitation
The bidirectional Tigrigna — English machine translation system was designed using a statistical
machine translation approach which enables to translate an English text into Tigrigna text and vice
versa. Researchers try to show that integrating linguistic information to the statistical machine
translation improves the translation quality of morphological rich languages [18]. The number of
the linguistic features to be applied to improve the quality of the translation to be studied depends
on the time and resource availability. The time and resource that we have are limited to apply all
the linguistic features that can improve SMT systems. However, we tried to use morpheme
segmentation (Prepositions and Conjunctions) in the SMT systems since Tigrigna is
morphologically rich language. And the other challenge is the scarcity of Tigrigna — English
parallel corpus and this makes the systems limited to some specific domains: Holy Bible,
Constitution of FDRE, and some simple sentences. Translation performance depends on every
component of the system, so every component need to be checked. But the Language model and

segmentation components are not evaluated because of time.

1.7 Significance of the Study
Machine translation plays a great role in exchanging information among different languages in the
globe. This thesis work is believed to propose an effective model for Tigrigna to English and
English to Tigrigna machine translation. Therefore, it will have a significant contribution in the

following areas:

» For Natural Language applications, to integrate this research in other studies like speech
to speech Tigrigna - English translation,

» The research done helps to adopt for other local languages, like Tigrigna — Amharic
machine translation;

» For developing English — Tigrigna and Tigrigna — English translation systems

1.8 Thesis organization
This thesis paper is organized into six Chapters. The first Chapter describes the background of the
study, statement of the problem, objective of the study, methodology, scope and limitation, and
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significance of the study. Chapter two presents literature review on machine translation and its
approaches, and related works on statistical machine translation for different language pairs.
Chapter three presents an overview of the Tigrigna language such as; Tigrigna POS, morphology
of Tigrigna, Tigrigna phrasal classification, Tigrigna sentence structure, numbering and
punctuation, and the challenges of Tigrigna language to SMT. Chapter four presents approach
followed, corpora preparation, and design of bidirectional Tigrigna — English machine translation
using statistical approach. Chapter five presents the experimental part of the work, and finally

Chapter six presents conclusion and recommendations.

Bidirectional Tigrigna — English Machine Translation m



CHAPTER TWO

Literature Review

In this Chapter, a brief overview of machine translation (MT) and review of related works are
provided. The Chapter briefly describes machine translation approaches, which are statistical
machine translation (SMT), rule based machine translation (RBMT), example based machine
translation (EBMT) and hybrid machine translation (HMT), the alignment techniques and the

machine translation evaluation metrics.

2.1 An overview of Machine Translation

Machine translation is automated translation system. It is a computer software which is responsible
for the production of translations with or without human assistance. The ideal aim of machine
translation systems is to produce the best possible translation with or without human assistance.
To process any translation, human or automated, the meaning of a text in the original (source)
language must be fully restored in the target language. While on the surface, this seems
straightforward, it is far more complex. Translation is not a mere word-for-word substitution. A
translator must interpret and analyze all the elements in the text and know how each word may
influence another. This requires extensive expertise in grammar, syntax (sentence structure),
semantics (meanings), etc., in the source and target languages, as well as familiarity with each

local region [19].

Machine translation systems are designed either for two languages (bilingual systems) or for more
than a single pair of languages (multilingual systems). Bilingual systems may be designed to
operate either in only one direction (unidirectional), e.g. from English into Tigrigna, or in both
directions (bidirectional). Multilingual systems are usually intended to be bidirectional; most
bilingual systems are unidirectional. A translation can be human-aided machine translation
(HAMT) or it can be machine-aided human translation (MAHT). In case of machine-aided human
translation, the translation is performed by human translators with the help of computer-based
translation tools. In the case of human-aided machine translation, the translation process is
performed by computer with the help of humans. Humans are involved before the translation
process which is called pre-editing or it can be after the translation process which is called post-

editing. The boundaries between MAHT and HAMT are often uncertain and the term computer-
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aided translation (CAT) can cover both, but the central core of MT itself is the automation of the

full translation process [19].

2.2 Machine Translation Approaches

Machine translation is one of the research areas under computational linguistics with different
approaches. The basic approaches of machine translation are [20]: RBMT, SMT, EBMT, and
HMT.

2.2.1 Rule-Based Machine Translation (RBMT)

Rule based machine translation also known as Knowledge-Based Machine Translation, which is
the classical approach of MT, is a general term that denotes machine translation systems based on
linguistic information about source and target languages. It has much to do with the morphological,
syntactic and semantic information about the languages. RBMT is able to deal with the needs of
wide variety of linguistic phenomena and is extensible and maintainable [20]. In a rule-based
machine translation system the original text is first analyzed morphologically and syntactically in
order to obtain a syntactic representation. This representation can then be refined to a more abstract
level, putting emphasis on the parts relevant for translation and ignoring other types of information.
The transfer process, then converts this final representation (still in the original language) to a
representation of the same level of abstraction in the target language. From the target language
representation, the stages are then applied in reverse. And translation in rule based machine
translation system is done by pattern matching of the rules. The success lies in avoiding the pattern

matching of unfruitful rules. Knowledge and reasoning are used for language understanding.

The advantage of rule based machine translation approach is that it can deeply analyze at syntax
and semantic levels. But there are also drawbacks such as requirement of huge linguistic
knowledge and very large number of rules to cover all the features of a language. The rule based

approach can be classified as direct, transfer-based and Interlingua [20].

Direct (dictionary based) transfer, which uses a large bilingual dictionary and the translation is
done word by word. Words of source language are translated without passing through an additional
information of the language. Figure 2.1 describes the detail process and the major components of
direct methods are [20]:

v Shallow morphological analysis
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v' Lexical transfer using bilingual dictionary

v" Local reordering

v Morphological generation

Hagos(3™per sing)
Past(break)

the

window

A3 (3 %per sing)
Past(AnC)

AP

aeint

A3 %per sing)
aeihd

E

PastiNNC)

A0 (3%per sing)
Fonn T[]
anc [#]

Morphologic
al generation

Morphologic Local
al Analysis reordering

Source Text I |

Target Text

A0 eehih-EA ALCE =

Hagos broke the window.

Figure 2.1: Direct based machine translation [21]
Transfer based: uses an intermediate representation that captures the structure of the original text
in order to generate the correct translation. In transfer based approach the source language is
transformed into abstract, less language-specific representation. The process of transfer-based
translation involves analysis, structural transfer, and generation. Analysis of the source text is done
based on linguistic information such as morphology, syntax, and semantics. The semantic/
syntactic structure of source language is then transferred into the semantic/ syntactic structure of
the target language. The generation phase replaces the constitutes in the source language to the

target language equivalent [20]. Figure 2.2 shows the process.

Broke (Hagos, Window)

Semantic Semantic
structure =
transfer
Syntactic >
transfer
Lexical = Word
transfor == structure

Broke ( Hagos. Window)

Semantic
structure

Word
structure

Hagos broke the window.

Target text

420 £ oohnd ALCP =

Figure 2.2: transfer based machine translation [22]
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Interlingua: in interlingua, the source language is transformed into an intermediary language
(representation) which is independent of any of the languages involved in the translation. The
translated verse for the target language is then derived through this intermediary representation.
The representation is thus a prediction from the source text and at the same time acts as the basis
for the generation of the target text; it is an abstract representation of the target text as well as a
representation of the source text. The system requires analysis and synthesis modules. Because of
its language independency on the language pair for translation, this system has much relevance in
multilingual machine translation [20].

Event : breaking

Tense : past

Agent : Hagos

Patient : Window
Def: definite

Source text | | Target text

Hagos broke the window. 420 £ ePhbF ALCP =

Figure 2.3: Interlingua model [22]
Figure 2.4 illustrates the general architecture of RBMT. Starting with the shallowest level at the
bottom, direct transfer is made at the word level. Moving upward through syntactic and semantic
transfer approaches, the translation occurs on representations of the source sentence structure and
meaning respectively. Finally, at the Interlingua level, the notion of transfer is replaced with a
single underlying representation the Interlingua that represents both the source and target texts
simultaneously. Moving up the triangle reduces the amount of work required to traverse the gap
between languages, at the cost of increasing the required amount of analysis (to convert the source
input into a suitable pre-transfer representation) and synthesis (to convert the post-transfer
representation into the final target surface form). For example, at the base of the triangle, languages
can differ significantly in word order, requiring many permutations to achieve a good translation.
However, a syntactic dependency structure expressing the source text may be converted more
easily into a dependency structure for the target equivalent because the grammatical relations

(subject, object, modifier) may be shared despite word order differences. Going further, a
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semantic representation (Interlingua) for the source language may totally abstract away from the
syntax of the language, so that it can be used as the basis for the target language sentence without

change.

Interlingua

Target text
Semantic &
Source text syntactic structure
Semantic &

syntactic structure

Transfer Method

Direct Method

Source text Target text

Figure 2.4: Different methods of RBMT adopted from [21]

2.2.2 Example Based Machine Translation (EBMT)

Example-based machine translation is characterized by its use of a bilingual corpus with parallel
texts as its main knowledge, in which translation by analogy is the main idea. And the basic idea
of this approach is to reuse examples of already existing translations as the basis for new translation
[23]. The basic processes of EBMT are broken down into the following stages: alignment of texts
which is the matching of input sentences against phrases (examples) in the corpus, selection and
extraction of equivalent target language phrases, and the adaptation and combination of target
language phrases as an acceptable output sentences. Alignment of text is used to identify which
parts of the corresponding translation are to be reused. Alignment is done by using bilingual

dictionary or comparing with other examples.

The matching stage in example based machine translation finds examples that contribute to the
translation based on their similarity with the input. The way matching should be implemented is
based on how the examples are stored, there are options in the processes of matching (character
based, word based, structure based), measures of similarity (e.g. statistical and/or by reference to
thesauri), the adaptation of extracted examples and their ‘recombination’ to produce target

sentences. Recombining the reusable parts in example identified during alignment are putting
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together in a genuine way, and the design of recombination strategy depends on previous matching

and alignment strategy [20].

2.2.3 Statistical Based Machine Translation (SMT)

The idea of statistical machine translation was introduced by Warren Weaver in 1949 [24] . Itis a
machine translation process, sometimes referred to as Natural Language Processing which uses a
bilingual data set and other language assets to build language and translation models used to
translate text. Statistical machine translation deals with automatically mapping sentences in one
human language (the source language) into another human language (the target language) [20].
Since statistical machine translation is corpus based, translation can be described as finding the
most likely target sentence (such as Tigrigna) for some source sentence (such as English).

The initial model of SMT based on Bayes theorem, proposed by Peter et al. [25] takes the view
that every sentence in one language is a possible translation of any sentence in the other and the
most appropriate is the translation that is assigned the highest probability by the system. The idea
behind SMT comes from information theory. A document is translated according to the probability
distribution function indicated by p(t|e), which is the probability of translating a sentence e in the
source language E (for example, English) to a sentence t in the target language T (for example,
Tigrigna). The translation accuracy of these systems mainly depends on the domain, quantity and
quality of a parallel corpus. So, in order to have a good translation quality, the data must be

preprocessed consistently.

In statistical M T, every sentence in source language (such as English e) is a possible translation of
a sentence in target language (such as Tigrignat). Each Tigrigna sentence t is assigned a probability
P(tle). The task of translating source language (such as English sentence, e) is then to choose the
target language such as (Tigrigna sentence, t) for which P(tle) is the greatest, and this is based on
noisy channel model (T for target sentence and E for source sentence) [24]:

T = argmax P(T|E)

&N P(E|T) P(T)
T = argmax )
T = argmax P(E|T)P(T) ............. (2.1)
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Where P(T|E) the translation model for T (such as Tigrigna) to E (such as English) translation
P(E|T) the translation model for E (such as English) to T (such as Tigrigna) translation
P(T) language model for T (such as Tigrigna)
The denominator P(E) can be ignored inside the argmax, because the aim is to choose the best
Tigrigna sentence for a fixed English sentence E, and hence P(E) is a constant. The resulting noisy
channel equation shows that two components are needed. These are a translation model P(E|T),
and a language model P(T) [24]. The noisy channel model of statistical MT requires three
components to translate a source sentence E to target sentence T:
e A language model to compute P(T)
e A translation model to compute P(E|T)

e A decoder, which is given E, produces the most probable T

2.2.3.1 Language Model

A statistical language model is a probabilistic way to capture regularities of a language, in the form
of word-order constraints. In other words, a statistical language model expresses the likelihood
that a sequence of words is a fluent sequence in a language. Plausible sequences of words are given
high probabilities whereas nonsensical ones are given low probabilities. Statistical language
modeling is important for different language technology applications such as speech recognition,
machine translation, document classification, optical character recognition, information retrieval,
handwriting recognition [26]. Axelrod and Amittai [27] describes different techniques of
statistical language models, such as n-gram language model, factored language model, and
syntactic language model. From this techniques n-gram model is the most widely used statistical
language, and the factored based is an extension of this technique and their detail is presented

below.
I.  The N-gram Language Model

This is the leading technique in language modeling and the n-gram language models are based on
statistics of how likely words are to follow each other. The n-gram model assumes that the nth
word w depends only on the history h, which consists of the n—1 preceding words. The task of
predicting the next word can be stated as attempting to estimate the probability function P [28].

By neglecting the leading terms, it models language as a Markov chain method:
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P(wilhi) = P (wi |wl,w2,...,wi—1)
= Pwilwi—N+1,...,wi—1) .............. (2.2)

N-grams are essential in any task in which we have to identify words in noisy, ambiguous input.
N-gram models are also essential in SMT. An N-gram will choose the most fluent translation
sentence, i.e. the one that has the highest probability. The language model component is
monolingual, and so acquiring training data is relatively easy [27]. SMT systems are based on the

same N-gram language models as speech recognition and other applications [22].
Il. Factored Language Model

Factored Language Model (FLM) is a newer language modeling technique more sophisticated than
n-grams. Factored language models do not reduce the complexity of an n-gram model, but they
use a richer set of conditioning possibilities to improve performance. The application of factored
language models for machine translation is to layer linguistic information in the corpus, when
available, on top of the power of statistical n-gram language models [29]. This model considers a
word as a collection of features or factors, one of which may be the actual surface form of the

word. In a factored language model, a word is viewed as a vector of k factors.
we={fd fé ..., &}

Factors can be anything, including morphological classes, stems, roots, and others, such features
found in highly inflected languages [29]. The probabilistic language model of the word can depend
on the word itself and its factors [27]. For example, if POS is an additional factor to the language

model, then the representation of words in “the black cat” would look like:
the = (“the”, article)
black = (“black”, adjective)
cat = (‘“cat”, noun)

Therefore, the probability of the next factored feature being (“cat”, noun) depends on its factored
history: ((“the”, article) (“black”, adjective)). In case of n-gram the trigram probability of the next

word being “cat” depends only on its word history: (“the”, “black”).
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The challenge of factored language model is to determine appropriate set of factors to represent
the words for the betterment of the model. The simplest factored language model has only one
factor per word, the word itself, which is equivalent to an n-gram language model. A two-factor
factored language model generalizes standard class-based language models, where one factor is

the word class and the second is the word’s surface form [29].

2.3.4.2 Translation Model
Translation model deals with how likely a source sentence is translated into a target sentence. Most
of state-of-the-art translation models used for regular text translation can be grouped into four
categories [30] :
a. word-based models,
b. phrase-based models,
Cc. syntax-based model, and
d. factored based model
a. Word Based Translation Modeling
The translation model probability cannot be reliably calculated based on the sentences as a unit,
due to sparseness. Instead, the sentences are decomposed into a sequence of words. Word-based
models use words as translation units. Peter et al [25] presents five word-based translation models
of increasing complexity, namely IBM Model 1 to 5 and also IBM model 6 was proposed later.
In the IBM models, words in the target sentence are aligned with the word in the source sentence
that generated them. These models are word-based because they model how individual words in
source sentence are translated into words in target sentence. They translate the source sentence
word for word into the target language and then reorder the words until they make the most sense
[25].

b. Phrase-Based Statistical Machine Translation

The phrase-based models form the basis for most of state-of-the-art SMT systems. Phrase based
translation models are based on the earlier word-based models. Like the word-based models, the
phrase-based models are generative models that translate source language sentence into target
language sentence. In phrase based models, the unit of translation is any contiguous sequence of
words, which we call a phrase. The idea of phrase-based SMT is to use phrases (sequences of

words) instead of single words as the fundamental units of translation. Each phrase in source
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language is nonempty and translates to exactly one nonempty phrase in target language [31]. This

is done using the following steps:

v The source sentence is segmented into phrases
v' Each phrase is translated

v’ The translated phrases are permuted into final order

This set of steps govern the process contained in a phrase table, which is simply a list of all source
phrases and all their translation. The phrase table is learned from the training data. The probability
model for phrase-based translation relies on a translation probability and a distortion probability.
The factor ¢ (Ti | Ej) is the translation probability of generating target phrase T;j from source phrase
Ei. And the reordering of the target phrase is done by distortion probability. Distortion in SMT
refers to a word having a different (distorted) position in the target sentence than it had in the
source sentence; it is thus a measure of the distance between the positions of a phrase in the

languages [31].

The limitation of phrase-based translation is it treats phrases as sequences of fully-inflected words
and do not incorporate any additional linguistic information, they are limited in the following ways
[18]:

e Phrase- based models are incapable to learn translations of words that do not occur in the
data, because they are unable to generalize. Current approaches know nothing of
morphology, and fail to connect different word forms. When a form of a word does not
occur in the training data, current systems are unable to translate it. This problem is severe
for languages which are highly inflective, and in cases where only small amounts of
training data are available.

e They are unable to distinguish between different linguistic contexts. When current models
have learned multiple possible translations for a particular word or phrase, the choice of
which translation to use is guided by frequency information rather than by linguistic
information.

c. Syntax-Based Model

Syntax based translation is based on the idea of translating syntactic units, rather than single words

or strings of words [30]. The syntactic structure differs from language to language these different
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syntactic structure require the reordering of words and the insertion and deletion of function words
during translation, and this makes it difficult for machine translation. For example, re-ordering is
needed when translating between languages with subject-verb-object sentence structure such as
English, and languages with subject-object-verb structure such as Tigrigna. And it is possible to
use the syntax information in the input language, output language or in both languages by

constructing trees to model the sentence structure [30].

Syntax-based models of statistical machine translation are based on models by Yamada and Knight
[32]. And the model transforms a source-language parse tree into a target-language string by
applying stochastic operations at each node. These operations capture linguistic differences such
as word order and case marking. The model can make use of syntactic information and performs

better for language pairs with different word orders and case marking schema.
d. Factored Based Translation Model

Factored translation models, which extends traditional phrase-based statistical machine translation
models to take advantage from additional annotation, especially linguistic markup. The basic idea
behind factored translation models is to represent phrases not simply as sequences of fully inflected
words, but instead as sequences containing multiple levels of information. A word in factored
model is not a single token, but vector of factors. This enables straight-forward integration of part-
of-speech tags, morphological information, and even shallow syntax. Such information has been
shown to be valuable when it is integrated into pre-processing or post-processing steps. An
integration of linguistic information into the translation model is desirable for two reasons [18]:

e Translation models that operate on more general representations, such as lemmas instead
of surface forms of words, can draw on richer statistics and overcome data sparseness
problems caused by limited training data.

e Many aspects of translation can be best explained on a morphological, syntactic, or
semantic level.

The goal of factored model is to advance statistical machine translation by adding different
information. These information are integrated into both training data and models. The parallel
corpora used to train Factored Translation Models include factors such as parts of speech and

lemmas. For example, a configuration of a factored translation model which employs translation
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steps between lemmas and POS + morphology, and generation step from the POS + morphology

and lemma to the fully inflected words [33]

Input Output

word O word

Q_
lemma Q 0 lemma
pos  ()— —( )—{ POS
morphology O_ —O_ morphology

Figure 2.5: Factored translation model; adopted from [33]

Y

Generally, the use of factors introduces several advantages over current phrase-based approaches
such as: better handling of morphology, linguistic context can facilitate better decisions when
selecting among translations, and linguistic markup of the training data allows for many new

modeling possibilities [18].

2.3.4.3 Decoder

A good decoding algorithm is critical to the success of any statistical machine translation system.
The decoder’s job is to find the translation that is most likely according to set of previously learned
parameters (product of the translation and language model). Decoders in MT are based on best-
first search, a kind of heuristic or informed search; these are search algorithms that are informed
by knowledge from the problem domain. Best-first search algorithms select a node n in the search
space to explore based on an evaluation function f(n). MT decoders are variants of a specific kind
of best-first search called A* search [22].

A* decoding algorithm is a kind of best-first search which was first introduced in the domain of
speech recognition. The basic intuition is to maintain a priority queue which is traditionally
referred to as a A* with all the partial translation hypotheses together with their scores. The job of
a decoder is to find the highest scoring sentence in the target language (according to the translation

model) corresponding to a given source sentence. It is also possible for the decoder to output a
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ranked list of the translation candidates, and to supply various types of information about how it

came to its decision [22].

A decoder searches for the best sequence of transformations that translates source sentence to the
corresponding target sentence, decoding is the main part of the translation system. It looks up all
translations of every source phrase, using phrase translation table and recombine the target
language phrases that maximizes the translation model probability multiplied by the language
model probability. At the end, sentence which covers all of the source words and which has the
highest probability is chosen. For example if we want to translate a sentence t in the source
language T (Tigrigna) to a sentence e in the target language E (English), the noisy channel model
describes the situation in the following way [34]:

Suppose that the sentence t to be translated was initially conceived in language E as some sentence
e. During communication e was corrupted by the channel to t. Now, assuming that each sentence

in E is a translation of a with some probability, and the sentence that we choose as the translation

(e) is the one that has the highest probability. In mathematical terms [34],

e =argmaxp(e|t) ....cooiiiiiiiiiii (2.3)
e

Intuitively, p(e|t) should depend on two factors:

v The kind of sentences that is likely in the language E which is known as the language

model, p(e).
v The way sentences in E get converted to sentences in T which is called the translation
model, p(t|e).
Baye’s rule states the following [22]:
_ p(tle)xp(e)
p(elt) = T e (2.4)

Where t is the source text and e is the target.

argmax p(e|t) = argmax % ...................... (2.5)

Since t is fixed, we ignore it from the equation then we get the noisy channel equation, which is
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t = argmaxp(t|e) * p(e)
e

» taking Tigrigna as input and display English as an output.

where p(t|e)is the translation model and p(e) is the language model.
e = argmaxp(e|t) * p(t)
t

» taking English as input and display Tigrigna as an output.
where e is the source text and t is the target

p(e]t) is the translation model and p(t) is the language model.

2.2.4 Hybrid Based Machine Translation (HMT)

Hybrid systems have been developed by combining the positive sides of each of the approaches,
it takes the synergy effect of rule based, statistical and example-based MT. At present, several
governmental and private based MT sectors use this hybrid based approach to develop translation
from source to target language, which is based on both rules and statistics. The hybrid approach
can be used in several different ways. In some cases, translations are performed in the first stage
using a rule based approach followed by adjusting or correcting the output using statistical or
example based information. In the other way, rules are used to pre-process the input data as well
as post-process the statistical output of a statistical-based translation system or the matching output

of the example based system [20].

2.4 Text Alignment
Alignment is the arrangement of something in an orderly manner in relation to something else. It
can be performed at different levels, from paragraphs, sentences, segments, words and characters.
Alignment models are used in statistical machine translation to determine translational
correspondences between the words and phrases in a sentence of one language with the words and
phrases in a sentence with the same meaning in a different language. They form an important part
of the translation process, as they are used to produce word-aligned parallel text which is used to
initialize machine translation systems. Improving the quality of alignment leads to systems which

model translation more accurately and an improved quality of output.
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The objective of alignment modeling is to define a correspondence between the words of source
sentence and target sentence, given a source sentence e = e1' and target sentence t = t;). The number
of possible alignments between t and s is 2 el and increases exponentially as the sentence lengths
increase. This poses a problem for modelling due to the complexity of the models involved. The
quality of alignment is crucial to the quality of the phrases extracted from that alignment and
overall quality of the translation system [35].

All statistical translation models are based on the idea of a word alignment. A word alignment is
a mapping between the source words and the target words in a set of parallel sentences. For phrase-
based SMT, the alignment algorithms are used just to find the best alignment for a sentence pair
(S, T), in order to help extract a set of phrases [22]. There are different alignment models used in
SMT such as IBM alignment and HMM alignment. The following is a brief account of some of

them.:

2.4.1 1BM Alignment

IBM alignment models are a sequence of increasingly complex models used in statistical machine
translation to train a translation model and an alignment model, starting with lexical translation
probabilities and moving to reordering. Peter et al. [25] develops a series of five translation models
together with the algorithms necessary to estimate their parameters, numbered from 1 to 5 in
increasing order of complexity and corresponding number of parameters. Training is carried out
using a corpus of sentence-aligned parallel text. The models are trained in order, using Model 1 to
provide an initial estimate of the parameters of Model 2, using Model 2 to provide an initial
estimate of the parameters of Model 3, and using Model 3 to provide an initial estimate of the
parameters of Model 4 and so on. Model 1 and Model 2 operate by selecting, for each target word,
a source word to which it aligns. The remainder of the models, which are model 3, 4, 5 are fertility-
based models and Model 6 is by combining Model 4 with HMM alignment model in a log linear
way [35].

2.4.2 HMM Alignment

HMM alignment model is based on the HMM model. The idea of the model is to make the
alignment probabilities dependent on the differences in the alignment positions rather than on the
absolute positions. VVogal et al. [36] proposes Hidden Markov Model (HMM) word alignment in
statistical translation. The characteristic feature of this approach is to make the alignment
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probabilities explicitly dependent on the alignment position of the previous word. HMM model
for word-to-word alignment of sentences of parallel text, where the words of the source sentence
are viewed as states of the HMM and produce target words according to a probability distribution.
The sentence-level alignment model is effectively split into two components: the alignment
component models the transitions between the states of the HMM and the translation component

controls the emission of target words from those states [35].

2.5 Evaluation of Machine Translation

The evaluation of machine translation systems is a vital field of research, both for determining the
effectiveness of existing MT systems and for optimizing the performance of MT systems.
Traditionally, machine translation evaluation paradigms are: Glass Box and Black Box evaluation
[37]. Glass box focuses upon an examination of the system’s linguistic aspects, which measures
the quality of a system based upon internal system properties. Black Box evaluation, on the other
hand measures the quality of a system based solely upon its output, regardless of the internal

mechanisms of the translation system.

Machine translation systems can be evaluated by using human evaluation method or automatic
evaluation method. Automatic machine translation evaluation metrics were developed due to the
high costs, lack of repeatability, subjectivity, and slowness of human evaluation. These automatic
measures generally judge the quality of machine translation output by comparing the system
output, also referred to as candidates or hypotheses, against a set of reference translations of the
source data. And the evaluation metrics are Word Error Rate, METEOR (Metric for Evaluation of
Translation with Explicit ORdering), and BLEU which is the current standard for automatic
machine translation evaluation. BLEU is a precision-oriented metric in that it measures how much
of the system output is correct, rather than measuring whether the references are fully reproduced
in the system output [37]. And these metrics differ on what counts as translation closeness. The
quality of these evaluation metrics is usually measured by determining the correlation of the scores
assigned by the evaluation metrics to scores assigned by a human evaluation metric, most

commonly fluency and adequacy.

2.5.1 BLEU Score
The BiLingual Evaluation Understudy (BLEU) score is a metric widely used for automatic

evaluation of machine translation output. The basic premise is that a translation of a piece of text
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is better if it is close to a high-quality translation produced by a professional translator. The
translation hypothesis is compared to the reference translation, or multiple reference translations,
by counting how many of the n-grams in the hypothesis appear in the reference sentences, better
translations will have a larger number of matches. The ranking of sentences using BLEU score has
been found to closely approximate human judgement in assessing translation quality, and this is
computed based on modified n-gram precision. For a candidate sentence e, unigram precision is
calculated by finding the number of words in the candidate sentence that occur in any reference
transcription and dividing by the total number of words in the candidate sentence [35].

Ywee c(e,w)1{w occurs in some reference e;}

ZWEe C(eﬁw)

unigram precision(e) =

However, this is not an accurate measure of translation quality as the system can generate many
words that occur in the reference but not output grammatical or meaningful sentences. To
overcome this, clip the count of the number of times a word occurs so that it is not counted if it
occurs more than the maximum number of times it occurs in any reference sentence. For words in

the candidate sentence e, define:

Cmax(W) = ¢ eR(e) C(€r,W) i (2.7)
Cetip(€, W) = Min(Cpgr(W), c(e,w)) oo, (2.8)

The modified unigram precision for a sentence e is given by:

Ywee Cclip (e;w)

pl(e) = S clew) e (2.9)
Similarly, for an n-gram wi" =ws ..... .wn, define c(e, w1") to be the number of times the n-gram
appears in a sentence and define
Cmax(W1') = ¢, eR(ey C(€rW1)
Cerip(€, W) = min(Cmax (W1, c(e, wr'))
The modified n-gram precision is:
pn(e) = Ingrams whe o Caip® WD (2.10)

n
Zn—grams wlee € (e, wi)
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And the modified n-gram precision for the whole corpus is C is given by:

Yeec X, n_ o Ceiple, wi)
n—-grams W1€ e

pn(C) =

Yeec z:n—grams wie e cle, wi)

2.6 Related Works
Many researches have been conducted so far for different languages to simplify the barrier among
the languages. Some of the studies are given bellow:

2.6.1 German — English and French — English Statistical Machine Translation

Sereewattana [38], reported unsupervised approach to segment German — English and French -
English parallel corpora for statistical machine translation. The segmentation of two parallel
corpora, German -English and French — English, has shown to successfully improve the overall
translation quality. Moreover, the unsupervised approach presented requires no language nor
domain-specific knowledge in order to achieve higher translation accuracy. The segmentation
helps to effectively reduce the number of unknown words and singletons in the corpora which
helps improve the translation model. As a result, word error rates are lowered by 0.37% and 2.15%
in the translation of German to English and French to English respectively. The benefits of
segmentation to statistical machine translation are more pronounced when the training data size is

small.

In the German — English translation, most German compounds are distinct and do not appear
frequently enough to be learned correctly by a translation model. By breaking up compounds into
regular words that are consistent with the data, the number of single compounds is lessened.
Moreover, the segmented German data also promote a one-to-one relationship between German
and English words in the alignment model which ultimately results in a better translation quality.
And also, segmentation has proved to lower the French — English translation word error rate
especially when the training corpus size is limited. When more training data becomes available,

however, segmentation has shown to hurt the overall quality.

Finally the paper recommends, the application of segmentation to other translation pairs is
expected to yield a similar result. Languages with rich compounding are expected to most benefit
from segmentation because the segmented data improves the alignment of words in the source and

target sentences. And without losing its language and domain independence, the unsupervised
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segmentation for statistical machine translation presented in the paper can be enhanced in several
ways. Such as: developing a synthesizer that is more context sensitive, improving the translation
model by dividing the translation into a morphological and a lexical translation subtask, and using

a named entity recognizer to exclude words to segment and translate.

2.6.2 English-to-Arabic Statistical Machine Translation

The study English to Arabic statistical machine translation is conducted by [39] using
segmentation technique. The paper discuss morphological decomposition of Arabic language and
Factored Translation Models for English to Arabic translation. The languages are from different
family, Arabic has a complex morphology compared to English. Words are inflected for gender,
number, and sometimes grammatical case, and various clitics can attach to word stems. An Arabic
corpus will therefore have more surface forms than an English corpus of the same size, and will
also be more sparsely populated. These factors adversely affect the performance of Arabic to
English Statistical Machine Translation (SMT). The data used for this experiment is from two
domain text news, trained on a large corpus, and spoken travel conversation, trained on a
significantly smaller corpus. For the news language domain, 4-grams for the baseline system and
6-grams for the segmented Arabic are implemented. The average sentence length is 33 for English,

25 for non-segmented Arabic and 36 for segmented Arabic.

For the spoken language domain, trigrams for the baseline system and a 4-grams for segmented
Arabic. The average sentence length is 9 for English, 8 for Arabic, and 10 for segmented Arabic.
The scores generated by BLUE score are generally lower than those of comparable Arabic-to-
English systems, this is because of only one reference was used to evaluate translation quality. For
the news corpus, the BLUE score yields: 26.44 for the baseline and 27.30 for the factored Models
with tuning. Factored models perform better than the segmented approach with the large training

corpus, although at a significantly higher cost in terms of time and required resources.

2.6.3 Hindi to English Statistical Machine Translation

Kunal et.al [40], describe a Hindi to English statistical machine translation system and improve
over the baseline using multiple translation models. And the researchers uses multiple strategies
for translation and choose one translation as the final output. The selection was done using
prediction strategies which analyze the candidate translation and predict the best suited translation.

They initially explored phrase based, hierarchal, and factored model, taking POS as factor, but the
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result was unsatisfactory compared to the previous Hindi — English machine translation systems.
And they implement the methodology by training a regression model on features that bear a high
correlation with a better translation and the evaluation metric measure as the corresponding
regression value. The regression model thus acquired is later utilized for guided selection of the
translations from multiple models. And the system is trained over textual as well as syntactic
features extracted from source and target of the aforementioned translations. The one having
higher regression value i.e. correctness score, was taken to be the output of the system. The system
shows significant improvement over the baseline systems for both automatic as well as human
evaluations. And the proposed methodology is quite generic and can easily be extended to other

language pairs as well.

2.6.4 English-to-Czech Factored Machine Translation

The study English to Czech machine translation is conducted by [41] using factored based. The
paper discusses English-to-Czech multi-factor translation. The current state of the art for
translation model is phrase based machine translation, but there are problems with translating to
morphologically rich languages. Czech is a Slavic language with very rich morphology and
relatively free word order. The researcher conducts the experiment with 55,676 pairs of sentences.
And he uses two types of language model simultaneously: a 3-gram language model over word
forms and a 7-gram language model over morphological tags.

The result of the experiment on English-to-Czech translation with morphological tags achieves
significant improvement in BLEU score over the word forms, by explicit modelling of morphology
and using a separate morphological language model to ensure the coherence. This shows that

multi-factored models always outperform the baseline translation.

2.6.5 English-to-Thai Factored Machine Translation

The study English-Thai machine translation is conducted by [42]. The objective of the research is
to find an appropriate combination of English factors to support English-Thai translation task. The
size of the parallel corpus that used for the experiment is 319,155 sentence pairs and tools used for
this experiment are: Giza++ for alignment, SRILM for language model, Moses for decoding. Since
the work is factored based translation, feature factors are necessary, there are four English factors
those are surface, lemma, POS, and combinatory categorical grammar (CCG). Various

combinations of those factors were trained to build the most efficient model for translation, the
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combinations are: surface(baseline), surface and POS, surface and CCG, lemma and POS, lemma
and CCG, surface and POS and CCG, lemma and POS and CCG. And they measure the accuracy
using BLEU score, the result shows that the factored model which consists of lemma and CCG
produce the highest accuracy at 24.21% (1.05% superior than baseline).

2.6.6 English — Amharic Statistical Machine Translation

A preliminary experiments on English — Amharic statistical machine translation is conducted by
[14]. The researchers presents preliminary experiment using statistical machine translation. Since
it is statistical machine translation, bilingual corpus is prepared, the corpora collected consisted of
raw English-Ambharic corpus from the Parliament of the Federal Democratic Republic of Ethiopia.
The researchers conduct preprocessing task in the parallel corpus. Some of the preprocesses
include text conversion, trimming, sentence splitting, sentence aligning and tokenization. A total

of 115 parliamentary documents have been processed out of 632 collected raw documents.

After dropping sentences with more than 200 tokens and sentences that do not have matching,
18,432 English sentences aligned with Amharic sentences have been retained and used for the
experiment. The architecture proposed by the researchers includes the basic components of SMT:
language model, translation model, decoder, and evaluation metrics. Tools used to implement the
system are: SRILM for creating language model, GIZA++ for word alignment, Moses for
decoding, and Perl scripts for pre-processing purposes. The researcher conducts the experiment
with segmented and unsegmented text of the target language, and BLEU score of 35.32% for the
baseline phrase-based, and 35.66 for the morpheme segmentation have been obtained. And the
researcher improves the result using supervised segmented FSM-based with BLUE score of 41.07.

Eleni [13] conducted a study on bidirectional English-Amharic machine translation using
constrained corpus. The main reason that motivates the researcher to conduct this research is the
absence of an application that translates English texts into Amharic or the other way. And the
objective of the paper is to design and develop a bidirectional English-Amharic machine
translation using a constrained corpus. The research work was implemented using statistical
machine translation approach. In the study, the researcher prepared two different corpora i.e. one
for simple sentences and the other is for complex sentences. Since the translation is bidirectional,

two language models were developed for each language. Two different experiments were
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conducted for each corpus and the evaluation was performed using automatic and human

evaluation methods. The testing sets are prepared from the training set.

The experiments are, one for the simple sentences and the result obtained from this using BLEU
score has an average score of 82.22% and 90.59% accuracy for English to Amharic and Amharic
to English translations, respectively. And using the other evaluation method, manual questionnaire
method, accuracy of English to Amharic translation is 91% and accuracy of Amharic to English
translation is 97%. For complex sentences the result obtained was a BLEU score of 73.38% for
English to Amharic translation and 84.12% for Amharic to English translation and from
questionnaire method, accuracy of English to Amharic translation is 87% and Ambharic to English
translation is 89%.

Finally, the researcher recommended a corpus that is very large and appropriately examined, a
better translation could be achieved since more words will be available in the provided corpus with
higher probability of a particular word preceding another.

2.6.7 English — Afaan Oromo Machine Translation

Sisay [15] undertaken a study on English — Affan Oromo machine translation. The research has two
main goals: one to test how far one can go with the available limited parallel corpus for the English —
Afaan Oromo language pair and the applicability of existing statistical machine translation systems on
this language pair. The second one is to identify the challenges that need a solution regarding the
language pair. The architecture of the proposed system includes four components of SMT: language

modeling, translation model, Decoding and Evaluation.

The researcher prepared parallel corpus from different domains including Affan Oromo versions of
some chapters of the Bible, the United Nation’s Declaration of Human Rights, the Kenyan Refugee
Act, the Ethiopian Constitution, some medical documents, the proclamations and the regional
constitution of Oromia Regional State. The documents were preprocessed by using different scripts
which are customized to handle some special behaviors of the target language such as apostrophe, and
list of the abbreviations for Affan Oromo that is used for tokenization. Sentence alignment was done
manually. The researcher used 20k bilingual sentences and 62,300 monolingual sentences for training
and testing of the system. Tools used for implementation of this system are: SRILM toolkit for
language modeling, GIZA++ for word alignment, and decoding was done using Moses. The

experiment yields a BLEU score of 17.74%.
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Jabesa [16] further conducted a study on bidirectional English — Affan Oromo machine translation
system using a hybrid of rule based and statistical approaches. The study has two main goals: the first
one is to apply a hybrid of rule based and statistical systems on English — Afaan Oromo language pair
and vice versa by using available parallel corpus and the second one is to identify the better approach
from statistical, and a hybrid of rule based and statistical approaches. The researchers implemented
syntactic reordering, because English and Affan Oromo have different sentence structure with the
purpose of making the structure of source sentences similar to the structure of target sentences. So,
reordering rules are developed for simple, interrogative and complex English and Afaan Oromo
sentences. The reordering rules are applied on both the training and test sets in a preprocessing step.
Since the translation is bidirectional the researcher develops two language model one for English and
the other for Affan Oromo. Tools used to implement the system are: IRSTLM toolkit for language
modeling, GIZA++ for alignment, Moses for decoding, and Python programming language for the rule
part. Two different experiments were conducted for each approach, one for the statistical approach
and the result obtained from the BLEU score is 41.5% from Affan Oromo — English translation and
32.39% from English - Affan Oromo translation. The second experiment on a hybrid of rule based and
statistical, the result returns from the BLEU score is 52.02% and 37.41% for Affan Oromo - English
and English - Affan Oromo translations, respectively. From the result, a hybrid of rule based and
statistical approach is better than the statistical approach for the language pair and a better translation

is acquired when Afaan Oromo is used as a source language and English is used as a target language.

2.6.8 Summary

Generally, almost all of the studies have been done using statistical machine translation approach.
In most of the studies, English is used as a source language and statistical approach is used as a
base translation system. For example, in English to Thai and English to Czech factored Based
Statistical Machine Translation, they have used linguistic information in order to improve the
performance of the translation done by using statistical approach. In most of the studies, different
NLP tools such as IRSTLM, SRILM, GIZA++ and Moses are used for training and decoding
purpose and BLEU score is used for the evaluation purpose. In this research work, we have used
parallel corpus collected from different domains, statistical approach, and morphological
segmentation have been used. To the best knowledge of the researchers, there is no prior work on
Tigrigna — English or English — Tigrigna machine translation. The research is different from the
ones that are done on local languages not only because of the language pairs, but also in the
experiments. Most of the works focused on phrase based translation, but this research includes two
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different techniques in addition to the phrase based translation, the techniques are; first experiment
based on morphemes obtained using unsupervised method and then post-editing the output of the

unsupervised segmenter. These makes our research different from the other ones.
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CHAPTER THREE

The Structure of Tigrigna and English languages

3.1 Overview of Tigrigna Language

Tigrigna language is one of the Ethio-Semitic languages which belong to Afro-Asiatic super
family. Although it is mainly spoken in Tigray region of Ethiopia and central Eritrea, there are
also immigrant communities who speak Tigrigna language in the world such as: Sudan, Saudi
Arabia, USA, Canada, Germany, Italy, UK, Sweden as well as in other countries [5]. According
to the 2007 G.C population and housing census of Ethiopia, there are over 4.3 million Tigrigna
speakers in Tigray regional state [43] and according to Ethnologue [44] there are 2.4 million
Tigrigna speakers in Eritrea. As a result, there are around seven million Tigrigna language
speakers worldwide. Tigrigna language is written using Ge'ez script, which is called Ethiopic and
it is originally developed for Geez language. In writing system, each symbol represents a
consonant and vowel combination and the symbols are organized in groups of similar symbols on

the basis of both the consonant and the vowel [45].

3.1.1 The Writing System

A writing system is any conventional method of visually representing verbal communication.
While both writing and speech are useful in conveying messages, writing differs in also being
reliable form of information storage and transfer. The Tigrigna writing system uses Ge’ez syllable
or alphabet called Fidel(¢.2&) meaning letter, which was adapted from Ge’ez, the extinct classical
language of Ethiopia. Unlike Latin language, the script is far more complex because every first
letter has six suffixes. And it has thirty-five base symbols with seven orders which represent seven

vowels for each base symbol [46]. Some of the characters are described below:

)

\

U v kA 7 % v

Q iy A A 0 [ (e
ch ch ch. h ch ch ch
o g oy 0 @ PP

Q (x (L a (8 0 ('l/

Figure 3.1 Some Fidels (alphabet) of Tigrigna languages

And the full list of characters are given in Appendix I.
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3.1.1.1  Numbering and Punctuation Mark

Tigrigna number system uses Ge’ez numbering systems. It has twenty characters. They represent
numbers from one to ten (5-7), twenty to ninety (#-7), hundred (¥¢) and thousand (¢¢). However,
these are not suitable for arithmetic computation purposes because there is no representation for

zero (0), decimal points.

In Tigrigna there are words representing numbers that are called Numerals. The numerals can be
classified as ordinal numbers and cardinal numbers [46]. The cardinal numbers are numbers like
Ag(one), hat (two), addt (three), aac-t (ten), etc. and the corresponding ordinal numbers are
+497¢ (first), ndag (second), AhAg(third), a0e-e (tenth), etc.... There are also special numerals in
Tigrigna that correspond to the English like: &c¢ (half), ce(quarter) @ (one third) etc.
Punctuation marks are symbols that are used to organize and clarify the meaning of writing.

Identifying punctuation marks is vital to know word demarcation for natural language processing.

Tigrigna Symbol | English Symbol | Purpose

White space To separate words

To show the end of the sentence

g , To separate list

i ; To indicate a pause longer than a comma

? ? end of question

! ! sentence to symbolize the anger, surprise or excitement

- - to link the parts of a compound word or phrase.

““orcc o Used around direct speeches, quotations or to give

emphasis to a word or phrase

Table 3.1 : Punctuation marks used in both languages

3.1.1 Tigrigna Language Parts of Speech

Tigrigna language has eight parts of speech (POS) these are: nouns, adjectives, verbs, adverbs,
prepositions, pronouns, conjunctions and interjection. And these are further grouped as, nouns,
adjectives, verbs, adverbs and prepositions due to the role and behavioral similarity between nouns
and pronouns, conjunctions and prepositions, and because Interjection (exclamation) cannot stand

independently [45]. Therefore, although all the POS is the characteristics of Tigrigna language, we
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do not need to discuss the nouns, verbs, and adjective here ( presented on the morphology section),

and prepositions and conjunctions are discussed below.

3.1.1.1  Tigrigna Conjunction

Conjunctions are used to connect words, phrases or clauses. Conjunctions in Tigrigna are
coordinating or subordinating. A coordinate conjunction is a word that (like “and”) connects two
words, phrase, or clause that are grammatically or logically parallel. By way of comparison, a
subordinate conjunction is a word like “since” which connects two clauses but represents one of
them as an explanation or cause of the other. The main clause is stated and the other clause is
subordinated to it [46]. Here are some common coordinate conjunctions with their examples.

e 7 “and” is the most common coordinate conjunction. It is placed at the end of each word
that is to be joined. Thus in any use it must occur two or more times. For example:
£ MANH? ONCT A9°%A = Bring a table and chair.
* aoxhgn? PoHNT AL = Take your book and your exercise book.
o @} “and” (Aw-% after a word ending in a vowel) is another common coordinate
conjunction.
a. @7 and is used to bind two clauses together, and is placed after the word which is to
be emphasized.
* G0 0 HPUCE 24 Al AO<7 teo 2P = He went to school and there
he played ball.
£ G0 0T FPVCE neS ot A7 2Pk = He went to school and played
ball.
b. It is sometimes used to mean “then”
£ &0k A7 S0 M PS A7 DOE n@S = Then, the next day, he went to
the house of the owner of the cattle.
C. Itisused to mean “also”
£ 40007 e+ = My horse also is dead.

The remaining coordinate conjunctions are listed in the following Table 3.1:

No. Tigrigna English equivalent
Conjunctions
1 77 And
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2 o7 And (~h@-7 after a word ending in a vowel)
3 hA And, also

4 £ And, also

5 a2 Until (also hao) only with simple imperfect tense
6 gL or

7 el either

8 ATNTNL’ & . @7 Not only ... but also

9 17 but

10 | %A Better, rather, in preference to, sooner

11 | AP Therefore, in consequence

12 | At Not even, even

13 | L1 Therefore

14 | Mt finally

15 | 7t That is to say that means

Table 3.2: Summary of coordinate conjunctions and interjections

Subordinate conjunctions join two elements, but not in parallel. The two elements that are joined

may differ grammatically to a greater or lesser extent, along with the logical and syntactic

subordination.

No. Tigrigna conjunctions English equivalent Construction
1 aoN until H + s.impf

2 n or A7 than H + s.impf

3 il Since, because " + s.impf

4 h while h with verb and Ade
5 ng Without, before s.pf

6 PPnTTL: In order to h + s.impf

7 aa because H + s.impf

8 o that H + s.impf

9 o7° A ... A7H [ Och A, W7t | Even if s.pf

10 Al 074 Instead of H + s.impf
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11 o0 with s.pf
12 hq while s.pf
Table 3.3: Summary of subordinate conjunctions
3.1.1.2  Tigrigna Prepositions

There are two kinds of prepositions, simple and compound [46]. Simple prepositions of one

radical, e.g. 77 “by”, 2 “to”, are prefixed to nouns, pronouns, and adjectives; those of two or more

radicals, e.g. &1l “from”, 1HE “without”, are written as separate words. Compound prepositions

consist of simple prepositions (usually A1) plus another word, e.g. 47 7.# “nearby”, 411 ££°% “in

front”, &1 @0m. “inside”, 411 AdA. “above”. For example:

Examples of simple prepositions with one radical:

» 1 “by” (mainly instrumental, but notice the examples)

o INPA. 9224 = He came by mule.
e Nhdvt 0%t holh 49 = | will finish it in two hours.

o (19°N% ALY G avph Ate9° = They came to Mekelle by way of Mekoni.

» 7 “for” (to the advantage or disadvantage of something or someone)

o At 9L 7TOAW A% == The food is for the dog.
*  ATCO h@- Y4av-P = Peter struck his brother.

Examples of simple prepositions with two or more radicals:

» 9°0 “with” (signifies association)

o {Pt 9o0 770 o3k == Dawit came with Yohannes.
PLaq, “ago”, “before” (temporal)
o  PLI At N%F ADEL o3 A = My brother came two hours ago.
o  47CN G aP(C P&, 7710 k@ = Peter entered the tomb before John.
a0 “from”
e {1 ht97 av3 A :: She came from the town
G2 “of” (possessive)
o kit aPZhG GL avgPYC AR = It is the teacher’s book.
a1 “in”, “at”
o Al Lk &hét Ade == He's at the office.
NHL “without”
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e (IHE 77HN 680 heL9° = They went to the market without money.
» 9 “to”, “toward”
e G140 hes = He went to the river.
Examples of compound prepositions:
> Al ¢, “in front of”
o Aflt ¢ M A9° Ade = In front of the house is a tree.
e Al $£91, Q7h 7400 = Let’s meet in front of the bank.
» A0l @0, “inside”
o it @INC AN @G, M Ade = The chair is inside the house.
» A0l 79 “beside”, “near”
o Al AC% AN 7P bt aPXA& Ade = The pen is beside the book
» &Ml AdA. “above”, “over”, “on”, “upon”
o (1&-& A0l AOA. A7 hde = The Kettle is on the stove
» &l teht: “under”, “beneath”, “below”
o Al ®0\% Al ‘tevt: Gé-t Ade = The child is under the bed
> Al &6 “behind”, “outside”
o it %A AN &hé ™ hde = The well is behind the house

3.1.2 Morphology of Tigrigna Language

As it is clearly stated by [44] [47], Tigrigna exhibits a root pattern morphological phenomenon
like other Semitic languages such as Arabic and Amharic. Tigrigna words are created in different
forms such as: from a root of three radicals (which are called tri-lateral words), quad-literal, pen-
literal, and hexa-literal words. Words in Tigrigna are built from the roots by means of a variety of

morphological operations such as compounding, affixation, and reduplication.

As every language has its own affixes and these are placed in different positions to produce the
variants of the language, Tigrigna affixes are morphemes that can be added at the beginning,
middle or end of the root to create the inflectional or derivational Tigrigna words. These words
may be new in meaning and structure from their respective roots. Since Tigrigna affixes can also
concatenate with each other, this increases the number of affixes in the language [45] Tigrigna

affixes can be classified in to four categories:
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Category Description Example

Prefixes precede the base form 7% 0T Wt 90T Q19°
Suffixes follow the base form I o
Infixes inside the base form a:Az: g

Circumfixes attached before and after the base form | 7 and 2+ in 7ht12+F

at the same time.

Table 3.4 Tigrigna affixes

3.1.3 Derivational Morphology of Tigrigna Language

Derivational Morphology is a morphology concerned with the way in which words are derived
from morphemes through processes such as affixation or compounding. This derivation process
usually changes the part-of-speech category. Derivational morphology is the characteristics of
Tigrigna language, nouns, adjectives and verbs [45]. The derivation of verbs, nouns, and

adjectives are presented below [44].

Derivation of Verbs: Almost all Tigrigna verbs are derived from root consonants. Traditionally a
distinction is made between simple and derived verbs. Simple verbs are those verbs derived from
roots by intercalating vowel patterns whereas derived verbs are considered as derivatives of simple
verbs. Simple verbs are those verbs derived from roots by intercalating vowel patterns whereas
derived verbs are considered as derivatives of simple verbs. The derivation process can be internal

or external, and this is found in the form of causative, passive, repetitive and reciprocal verbs.

Causative verbs are derived by adding the derivational morphemes ‘a- and to the verb stem as in
the examples Néh /’beSHe’/ “arrive’ - A1éch /’abSHe’/ *cause to arrive’ and @AL /*wesed’/ ’take’
Am-0L [’awsede’/ ’cause to take’. In most cases the ‘a- morpheme is used to form causative of
intransitive verbs, transitive ones and verbs of state. Some exceptions are the verbs that begin with
‘a’, always take the morpheme ‘a’ but add the morpheme ‘I’ after the morpheme ‘a’ to form

causative e.g. A(4 [’asere’/ ‘arrest’, hAxNd [’alsere’/ ‘cause to arrest’.

Passive verbs are derived using the derivational morpheme -+ /te/. This derivational morpheme is
realized as -+-/te-/ before consonants and as +-/t-/ before vowels. Moreover, in the imperfect,
jussive and in derived nominals like verbal noun, the derivational morpheme -+/t-/ is used. In this

case, it assimilates to the first consonant of the verb stem, and as a result, the first radical of the
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verb geminates. Some exceptions are intransitive verbs like &.A.h /faliHu/ ’it boiled’ that form
their passive forms using the prefix -+- /te-/ as in +é.A.ch /tafeliHu/ ’it was boiled’. Such kind of

verbs can derive their passive from their causative form (a&A.h/afliHu/’he boiled’).

Repetitive verbs indicate an action which is performed repeatedly. For tri-radical verbs, such verbs
are formed by duplicating the second consonant of the root and using the a-/’a-‘/ after the
duplicated consonant as in A00¢ /seba-bere/ *he broke repeatedly’ derived from the root a-c/sbr/

break. All verb types have the same reduplicative/ repetitive forms.

Reciprocal verbs are derived by prefixing the derivational morpheme -+- /te-/ either to the derived
form (that use the vowel a after the first radical) or to the reduplicative stem. For example,
reciprocal forms of -+t /teqatelu/ ’killed each other’ and -+t /teqetatelu/ ’killed one
another’ are derived from the derived stem J+& /qatelu’/- and reduplicative stem ¢7~td

/'qetatelu’/, respectively.

Derivation of Nouns: Tigrigna nouns can be either primary or derived. They are derived if they
are related in their root consonants and/or meaning to verbs, adjectives, or other nouns. Otherwise,
they are primary. Nouns are derived from other nouns, adjectives, roots, stems, and the infinitive
form of a verb by affixation and intercalation. The morphemes -¥i/-net/, -a-t/-"it/, -4+/-"at/,-
Atlutl, -thl-tol, -wlol, -klil, -wlal, -x%an/, -K5-eNa/, -5/-Na/, -&F/-et/, a®/-awil, -+5/-teNa/, -5/-
na/ and the prefix a»-/me-/ are used to derive nouns from other nouns. From the adjectives, nouns
can be derived using the suffixes /net/ and /-et/ as in the examples @°CH971t /’merzamanet’/
’generosity” which is derived from the adjective @°CHI® /*’merzam’/ ’poison’ and &Amt /’flTet’/

"knowledge’ from the adjective 44 /’fluT’/ known’.

In Tigrigna, nouns can also be formed through compounding. For example, (+0A% / betbl'i </
‘restuarant’ is derived from the nouns (- /bet/ ‘house’ and NA% /bl'i/ *food’. As it can be seen,
no morpheme is used to bind the two nouns. But, there are also compound nouns whose
components came together by inserting the compounding morpheme &/ “e/ as in (LthCake?
/betekrstyan/ *church’ which is formed from (Lt/bet/ *house’ and hCivt£7%/krstyan/ *Christian’.

Derivation of Adjective: Adjectives in Tigrigna include all the words that modify nouns. As it is
true for nouns, adjectives can also be primary (such as a?v (kind)) or derived, although the number

of primary adjectives is very small. Adjectives are derived from nouns, stems or verbal roots by
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adding a suffix and by intercalation. For example, it is possible to derive 7&7-9°/haftam/’rich,
wealthy’, HOG®/zebenawi/’modern’ and “1aTiAg/maKelay/ ‘central’ from the nouns Ye-t/hafti/
"wealth’, H0'7/zeben/ *period’ and “1ATid /maKel/ *center’, respectively.

3.1.4 Inflectional Morphology of Tigrigna Language

Inflectional Morphology is a morphology that deals with the combination of a word with a
morpheme, usually resulting in a word of the same class as the original stem, and serving same
syntactic function. They do not change the part-of-speech category but the grammatical function.
Since Tigrigna language is a highly inflectional language, a given root of a Tigrigna word can be
found in different forms. The following is the description of the inflectional morphology feature
of Tigrigna verbs, nouns and adjective since prepositions and adverbs are unproductive as it is
stated in [47]

3.14.1
Tigrigna verbs have two tenses: perfect and imperfect. Perfect tense denotes actions completed,

Inflection of Verbs

while imperfect denotes uncompleted actions. The imperfect tense has four moods: indicative,
subjective, jussive, and imperative. Tigrigna verbs in perfect tense consist of a stem and a subject
marker. The subject marker indicates the person, gender, and number of the subject. The form of
a verb in perfect tense can have subject marker and pronoun suffix. The form of a subject-marker
is determined together by the person, gender, and number of the subject. This is illustrated in Table

3.3 to indicate the subject marker and the pronoun.

Verb Variations | Gender Person Pronoun Number
A0 Both First | - &Y Singular
NAOS Both First We -7hG Plural
Ao Male Third He - - Singular
naLe Male Third They - 1a-f9° Plural
NA.07 Female Third They - 7t7 Plural
naLhege Male Second You - 70itheg® | Plural
na.h Female Second You - 70N, Singular
A% Male Second You - 1A Singular

Table 3.5 Inflections of perfective tense
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As it can be seen from the above table, the suffixes attached are &/u/, h9°/om/, A%/en/, t9°/kum/,
nJ/ki/, n/kal, s/nal, hlael, ha/kn/, a/a/ and indicate person, gender and number of the subject and

the pronoun that indicates the person.

Imperfect tense includes indicative, subjective, jussive and imperative forms and are inflected

by adding affixes to indicate gender, person and number to the imperfective verb stem.

Person Gender Singular Plural
Third Female Ao 20a0%
Third Male L0A0 L0AC-
First Both AN §{{130)

Second Male TOAS TOAO-
Second Female TACh TOCh

Table 3.6 Inflections of imperfective tense

In the above table, “(t), &(y), A(i), and 7(n) are prefixes and A.(e), &(u), and A(a) are suffixes.
Tigrigna verbs are also found in gerundive, jussive and imperative by employing affixes in addition
to the root. The gerundive form is inflected by adding suffixes at the end of the gerundive verb to
indicate person, gender and number. For example, (éch:, Aéch™M: AGhTLE (bchvi AShT (16chGT
AShTHIPF ASMNTE 18AI°F (14hT can show how the gerundive verb aés morphologically varies.
Jussive and imperative verbs are sometimes called mood and jussive verbs are used to express a
command for first and third persons whereas imperative verb is used to express second person in

the singular and plural form [45].

3.14.2 Inflection of Nouns

Tigrigna nouns are also inflecting to show gender, person and number by adding affixes to the
noun stem. Tigrigna language specifies two types of genders: Feminine and masculine. So,
Tigrigna nouns are either male or female by nature. Therefore, in order nouns to express
possession, pluralism, tribe and gender, affixes such as -a/a/, 2~t/-tat/, a+/-at/, k7/an/, @-t/-wti/,
t/-ti/, ®/wil, §/nal, etc. are used.. Example from [47]:

Noun Stem Affix used Noun after affixation Remark
AchTY, A AAIP Pluralism
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&2A Kt PALY Pluralism
oA 2t SodIT Pluralism
avgY( K7 avIPY Ly Pluralism
™ -t MO-L; Pluralism
AL, q ARG Possession
(1é~ch t Oécht: Pluralism
Actei e P W 9P Tribe

chao- At ATt Gender

Table 3.7 Inflection of Nouns

3.1.4.3
Tigrigna adjectives inflect for number and gender. This is to mean that Tigrigna adjectives can

Inflection of Adjectives

have singular masculine, singular feminine and the same adjective to express both masculine and
feminine genders in the plural form [45]. The affixes that are used for the inflections of the
adjectives are: -H/t/, -L/ti/, a @t lawit/, h®/awi/, A t/at/, A2 lawyan/, etc.

Masculine Feminine Pluralization
on- oNp-t: o0t
Aéch. (é-ch.t Aécht:

av0/.e a0/ et av0 (@t
P P30T Pt
042 (4-et 0é.et:

Table 3.8 Inflection of Adjectives from [47]

3.1.5 Tigrigna Phrases Classification

A phrase is a sequence of two or more words arranged in a grammatical construction and acting
as a unit in a sentence. In Tigrigna languages, phrases are categorized into five categories namely
noun phrase, verb phrase, adjectival phrase, adverbial phrase and prepositional phrase [45]. Each

phrase type can be categorized into simple and complex.

Noun Phrase (NP): A noun phrase is a syntactic unit in which the head (H) is a noun or a pronoun.
It can be simple or complex. The simplest NP consists of single noun (e.g. Dawit) or pronoun such
as he (), she (71), and a complex NP can consist of a noun and other constituents (like

complements, specifies, adverbial and adjectival modifiers) that modify the noun from different
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aspects [45]. For example, et HhAd. P1 $7.8 avng (that last week’s beautiful car), is a complex
NP composed of ; get: (that) — specifier, HhAd. +1 (last week’s) — adverbial modifier, #72

(beautiful) —adjectival modifier, and evh.q (car) — noun.

Verb Phrase (VP): Verb is one classification of words in Tigrigna languages which describes
different actions of the subject. A VP is a syntactic unit composed of at least one verb and its
dependents objects, complements and other modifiers but not always including the subject. For
example, ‘601 Aé-ch @4 °(she went to work) is a VP composed of; 40 (ié-ch (to work) is prepositional
phrase (PP) modifying the verb he4 (went).

Adjectival Phrase (AdjP): The adjectival phrase of Tigrigna language is composed of an
adjective (head), and other constituents such as complements, modifiers and specifies, similar to
the NP and VP construction [45]. Its main objective is describing nouns, but also it can describe
verbs. For example: At 1M%1, $72 (That very handsome (boy)) is AdjP composed of; Ak (that) is
a specifier, NMaey, (very) is a modofer modifying the head of the AdjP, $7.€(handsome).

Prepositional Phrase (PP): Prepositional phrases are groups of words containing prepositions. PP
is constructed from a preposition (P) head and other constituents such as nouns, noun phrases,
verbs, verb phrases, etc., unlike the others the head word of the phrase cannot stand alone; at least
there must be complements with it. For example, 4@+ 9°0 @ 14 (Dawit was with his brother),
is a PP constructed from ; 4®+ (Dawit), is NP, 9°a (with) is preposition, a@- (his brother) is NN.

Adverbial Phrase (AdvP): An Adverbial phrase is constructed from one or more adverbs in the

language. For example N&'+0- 47297 (she is severely ill).

3.1.6 Tigrigna Sentence Structure

Language is a structured system of communication. Segments and features of Tigrigna form
syllables which in turn form words. Tigrigna sentence, as in any other language, can be divided
into two largest immediate constituents namely subject and predicate. The subject can be thought
as a noun phrase which is used to mention some objects or persons and the predicate is used to say
something true or false about the subject. These two elements of sentences are known as noun

phrase (NP) and verb phrase (\VVP) which are headed as noun and verb respectively [45].

The sentence structure for Tigrigna language is a Subject-Object-Verb structure unlike English

with a Subject-Verb-Object combination. Figure 3.1 shows an Example.
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BEF: RTEL 1 MALO Dawit ate enjera.

111 111

Subject Object Verb Subject Verb Object

Figure 3.2 Structure of Tigrigna and English languages
Sentences in Tigrigna can be classified as simple sentence and complex/compound sentences,
based on the number of verbs they contain [48]. Simple sentences have only one verb while
complex sentences have more than one. For example:
v Simple sentence:
A@-1 av3 k. (your brother came)
v" Complex sentence:
At AL HAZP (AL Tt (the man who stole a phone is jailed. )
The first sentence contains one noun which is “@-n” (your brother) and one verb which is “@r8 &”
(came). And the second sentence contains two verbs: “HAZ®” (stole) and “ta4” (jailed), in other
words, it contains a subordinate and main clause which have one verb each. A subordinate clause
is a clause which is dependent to another independent clause called the main clause [48]. In this
case the main clause is “&'t: 0048 TAMLS” (The man is jailed) and the subordinate clause is “OAh.
‘HaZe” (who stole phone).

3.2 Overview of English Language

English language is a language that was first spoken in Anglo-Saxon England in the early middle
Ages. It is now the most widely used language in the world [9]. English language distinguishes
seven major word classes: verbs, nouns, adjectives, adverbs, determiners (i.e. articles),
prepositions, and conjunctions. Some analyses add pronouns as a class separate from nouns, and

subdivide conjunctions into subordinators and coordinators, and add the class of interjections [49].

English forms new words from existing words or roots in its vocabulary through a variety of
processes. One of the most productive processes in English is conversion using a word with a
different grammatical role, for example using a noun as a verb or a verb as a noun. Another
productive word-formation process is nominal compounding producing compound words such as

babysitter or ice cream or homesick [50].

Bidirectional Tigrigna — English Machine Translation



Nouns and Noun Phrases : English nouns are only inflected for number and possession. New
nouns can be formed through derivation or compounding. They are semantically divided into
proper nouns (names) and common nouns. Common nouns are in turn divided into concrete and
abstract nouns, and grammatically into count nouns and mass nouns [49]. Most count nouns are
inflected for plural number through the use of the plural suffix -s, but a few nouns have irregular
plural forms. Mass nouns can only be pluralized through the use of a count noun classifier, e.g. one

loaf of bread, two loaves of bread.

Nouns can form noun phrases (NPs) where they are the syntactic head of the words that depend
on them such as determiners, quantifiers, conjunctions or adjectives [51]. Noun phrases can be
short, such as “the man”, composed only of a determiner and a noun. They can also include
modifiers such as adjectives (e.g. red, tall, all) and specifiers such as determiners (e.g. the, that).
But they can also tie together several nouns into a single long NP, using conjunctions such as
“and”, or prepositions such as “with”, e.g. “ The tall man with the long red trousers and his skinny

wife with the spectacles” (this NP uses conjunctions, prepositions, specifiers and modifiers).

Adjectives : Adjectives modify a noun by providing additional information about their referents.
In English, adjectives come before the nouns they modify and after determiners. In English,
adjectives are not inflected, and they do not agree in form with the noun they modify, as adjectives
in most other Indo-European languages do [51]. For example, in the phrases “ The slender boy”,
and “Many slender girls”, the adjective slender does not change form to agree with either the
number or gender of the noun. Some adjectives are inflected for degree of comparison, with the
positive degree unmarked, the suffix -er marking the comparative, and -est marking the
superlative: a small boy, the boy is smaller than the girl, that boy is the smallest. Some adjectives

have irregular comparative and superlative forms, such as good, better, and best.

Pronouns, Case and Person : English pronouns conserve many traits of case and gender
inflection. The personal pronouns retain a difference between subjective and objective case in most
persons (I/me, he/him, she/her, we/us, they/them) as well as a gender distinction in the third person

singular (distinguishing he/she/it) [49].

Prepositional Phrases (PP) are phrases composed of a preposition and one or more nouns [49],
e.g. with the dog, for my friend, to school, in England. Prepositions have a wide range of uses in

English. They are used to describe movement, place, and other relations between different entities,
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but they also have many syntactic uses such as introducing complement clauses and oblique
arguments of verbs. For example, in the phrase | gave it to him, the preposition to marks the

recipient, or Indirect Object of the verb to give.

Verbs and Verb Phrases : English verbs are inflected for tense and aspect, and marked for
agreement with third person singular subject. Only verb to be is inflected for agreement with the
plural, and first and second person subjects. Auxiliary verbs such as have and be are paired with
verbs in the infinitive, past, or progressive forms [51]. A phrasal verb is a phrase that indicates an
action such as turn down or ran into. The term applies to two or three distinct but related
constructions: a verb and a particle and/or a preposition together form a single semantic unit. This
semantic unit cannot be understood based upon the meanings of the individual parts, but must be
taken as a whole. In other words, the meaning is non-compositional and thus unpredictable. Phrasal
verbs that include a preposition are known as prepositional verbs and phrasal verbs that include a

particle are also known as particle verbs [51].

Adverbs: The function of adverbs is to modify the action or event described by the verb by
providing additional information about the manner in which it occurs. Many adverbs are derived
from adjectives with the suffix -ly, but not all, and many speakers tend to omit the suffix in the
most commonly used adverbs [51]. For example, in the phrase “ The woman walked quickly” the
adverb quickly derived from the adjective quick describes the woman's way of walking. Some
commonly used adjectives have irregular adverbial forms, such as good which has the adverbial

form well.

The sentence structure for English is Subject-Verb-Object combination. The subject constituent
precedes the verb and the object constituent follows it. The example below demonstrates how the

grammatical roles of each constituent is marked only by the position relative to the verb:

The dog bites the man

S \% O
The man bites the dog
S \% o)

Bidirectional Tigrigna — English Machine Translation



3.3 Challenges of Tigrigna and English Language to SMT

From the above discussion we understand Tigrigna is morphologically rich language. The variation
in morphology, writing system, affix, sentence structure and punctuation mark of the languages
pose a problem in the application of NLP tools, resources and techniques of the Tigrigna — English
machine translation. For example, Tigrigna and English have difference in their syntactic structure.
In Tigrigna, the sentence structure is Subject-Object-Verb, for example if we take Tigrigna
sentence ‘0 oAbk AP, “Ah20 IS the subject , “epabh-k” is the object and “aN.s#” is the verb
of the sentence. In case of English, the sentence structure is Subject-Verb-Object. For example, if
the above Tigrigna sentence is translated into English it will be “Hagos broke the window”,
“Hagos” is the subject, “broke” is the verb and “window” is the subject of the sentence. This pose

a problem in the translation it requires reordering.

The other issue is in morphology for example “ I love you. “ can be translated into two different
translations. The first translation can be “ e&dsh AP 7 ( yefikireka eye) it is for men , and the second
translation is “ PGP AP “ (yefikireki eye) for female. And also there is a challenge in the structure
of preposition and conjunctions of the language pairs; some prepositions and conjunctions in
Tigrigna are found in affixed form but their corresponding meaning found independently for
example if we take Tigrigna sentence : “NI0#A. @224 = ”  the preposition “ 1- ” is attached to the
word ” (A" . In case of English the sentence is translated into “He came by mule.” the
corresponding preposition “ by ” found independently. This kind of issues are also happened in
case of conjunctions. And these difference also affect one-to-one alignment in the translation
modeling.

In general, the nature of Tigrigna compared to English has unique characteristics. Tigrigna is rich
in morphology; a given headword can be found in huge number of different forms; because a given
word can be distributed in the Tigrigna vocabulary, and this leads to data sparseness and out-of-
vocabulary problem. The other problem is the Tigrigna orthography; the orthographic transcription
in the Tigrigna writing system is Ge’ez syllable, and also uses its own number and punctuations
that are different from their counterpart in the English language. And this pose problems in
applying different tools, like text tokenization, sentence splitting, segmentation tools. In addition,
the syntax structure of both languages English and Tigrigna is different, and this pose problem that

needs reordering.
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CHAPTER FOUR

Design of Bidirectional Tigrigna — English Machine Translation
(BTEMT)

This Chapter discusses the bidirectional Tigrigna — English machine translation system. The
overall system architecture and its components are all discussed in detail. As it is already discussed
in Chapter three, Tigrigna language is one of the Semetic languages with rich morphology. It is
also under resourced language. These and other property of the language makes statistical machine
translation for the language challenging. To overcome these challenges, SMT with linguistic

information is important because it solves problems like data sparseness and low training data.

4.1 Architecture of BTEMT

Statistical machine translation (SMT) paradigm is implemented for this study. SMT is a machine
translation paradigm where translations are generated on the basis of statistical models whose
parameters are derived from the analysis of bilingual text corpora. Statistical machine translation
has three components: translation model, language model and decoder. The language model
component tries to ensure fluent translation by guiding word choice and word order, and the role
of this component is to give an estimate of how probable a sequence of words is to appear in the
target language. The second component is translation model, which assigns a probability that a
given source language sentence generates target language sentence. The third component is a
decoder, it searches for the best sequence of alterations that translates source sentence to the
corresponding target sentence. It is the main part of the translation system which takes source
sentence E and produces the best target sentence translation T according to the product of the
language and translation models. The system uses phrase based translation, the decoder uses the
phrase translation table to search for all translations of every source words or phrases, and then it
recombines the target language phrases that maximizes the product of language model and
translation model probability. The tools and other necessities that are essential to accomplish using
this approach were implemented and will be explained as follows. Figure 4.1 shows the
Architecture of the system and the succeeding subsections explain the components of the
architecture in detail.
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Figure 4.1: Architecture of the proposed system
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4.2 The Corpora

4.2.1 Preliminary Preparation

The data used for this research were collected from different sources, the collected raw files were
in different formats and encodings. The researchers found digitally available Tigrigna and English
versions of some chapters of the New Testament of Holly Bible; which is aligned at verse level.
While religious material may not contain the day to day language words, it has the advantage of
being inherently aligned on the verse level facilitating further alignment. This was found in html
file format which is converted manually to Unicode text file. Another bilingual text is simple
sentences customized from [13], which was available in English and Amharic language, so manual
translation is conducted by the researchers on the Amharic part to corresponding Tigrigna
sentences. Fortunately, this text was manually sentence aligned and it was in doc file which is
pretty easy for format conversion; converted to Unicode text file. The other bilingual text is from
constitution of FDRE in PDF format; which demanded a lot of time. The first pre-process is to
convert the corpus from PDF to RTF then to Unicode text. The most challenging task was
converting from the RTF to Unicode text file. The good quality converter tool found was the Power
Geez 2010 version. The Tigrigna fonts recognized by the converter include: VG Geez Numbers,
VG2000 main, Ge’ez-1, VG2 main, VG2 Title, Visual Geez Unicode, Visual Geez Unicode Title,
and Power Geez Unicodel. The converter does not convert all characters to their respective fonts
because of some words contain more than two fonts. After automatic conversion of the full
document is complete some words with other fonts will contain odd characters. As a result, it takes
time to manually select and reconvert those words that have been wrongly converted. Since the
sentences prepared from [13] was translated by the researcher, so it needed to be checked for
correctness by a linguist. The other corpora are done by professionals since it is made for the use
of the public.

4.2.2 Corpora Preparation

Five different corpora have been developed for the purpose of this study. The first corpus was
taken from the New Testament of English and Tigrigna Bible; it contains around 6106 relatively
long sentences for each language which is aligned at verse level manually. Since religious
materials may contain words that are different from the day-to-day language words, preparing
additional corpus is required. The second corpus is prepared by customizing simple sentences from

[13] which are manually aligned at sentence level; it contains around 1160 sentences. but the
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sentences obtained was very small which is not enough for SMT. This motivates to prepare the
next corpus. The third corpus is prepared from two different source; by combining the customized
simple sentences from [13] and sentences from constitution of the FDRE. The combination made
for this two different sources are because of their size and domain. The size obtained was 1982
which is small relative to other systems, and to solve this the fourth corpus is prepared. The fourth
corpus is prepared by combining Corpus I; sentences from the Holly Bible, and Corpus llI;
sentences from constitution of FDRE and customized simple sentences. The purpose of this
combination is to solve the issue of domain specific and to increase the size of the corpora. And
their size is 6106 sentence pairs from Corpus I, 1982 sentence pairs from Corpus I1l. But the size
form Corpus | shows dominancy since the source for this corpus is form Holy Bible which pose
problem for the training and translation. From this, the fifth corpus is prepared from Corpus I and
Corpus Il by considering their size. The size from each corpus is : 1982 sentence pairs from
Corpus 111, and randomly selected 1018 sentences pairs from Corpus I. Since Corpus Il is
prepared from two domains; the amount of sentences selected from this corpus is almost twice of
Corpus I. Sample text from the corpora prepared for this study is illustrated on Appendix V and
VI.

In addition to bilingual corpora, SMT requires monolingual corpora. There are many options to
access the monolingual corpora. One of the options is to take the monolingual corpora of the target
language from the parallel corpus that are not used in the translation. Since our study is
bidirectional, two monolingual corpora are prepared; one for Tigrigna and the other for English.
In addition to the sentences extracted from the bilingual corpora, additional sentences are added
from different source; with the objective of increasing the size of the monolingual corpus that is
used to estimate the fluency of a sentence in the language. Additional sentences for English
monolingual corpora are from criminal code of Ethiopia, and English version of Tigray regional
state constitution. For Tigrigna monolingual corpora, additional sentence are added from the web.

The detailed size of the corpora are described in Section 5.1.
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4.3 Preprocessing the Corpora
There are a number of preprocessing involved to get a cleaned corpora. These preprocessing

includes sentence alignment, splitting punctuation marks, and true-casing.

Sentence Level Alignment : The alignment at the sentence level has been done using a sentence
aligner called Hunalign developed by [52]. Alignment tasks are performed on each corpus except
corpus prepared from Bible; because, sentences from the Holy Bible are aligned at verse level
manually. Since the corpora are aligned before this step using manual alignment during the
preliminary preparation of the corpora, the aligner was able to align 1160 sentence pairs for simple

sentences and 822 sentence pairs for the constitution of FDRE independently.

Splitting Punctuation Marks : This is the process of separating words from punctuation and
symbols into tokens. These tokens are words, punctuations, and numbers. Tokenizing tasks are
performed on each corpus in order to convert them into a valid format suitable for the translation
system. This tokenization is performed before aligning sentence pairs. Tokenization is performed
using a Perl script available in [53] and developed for English language. However, this does not
work for Tigrigna; because, the punctuation used in Tigrigna and English is different. So,
customization of the Perl scrip is needed in the case of Tigrigna sentences tokenization. This is
done by converting English punctuation to each corresponding Tigrigna punctuations in the script.

SIS E R N R R} €39 a0 0 g
g

The converted English punctuations are (,’, ’:’, ’;’, ’.” ) to their Tigrigna counterparts ( ‘¥’, ‘=’,” £

s c,:a)
, -

True-casing : True-casing is the process of converting the initial words in each sentence to their
most probable casing. True-casing tasks are performed on each corpus in order to convert them
into their most probable casing. This helps to reduce data being sparse. This is only for English
language; because, there is no casing in Tigrigna language. Similar to the previous one, this was
also conducted using a Perl script [53]

4.4 Morphological Segmentation

This morphological segmentation focuses on segmenting morphemes of Tigrigna words.
Morphemes are divided into two classes called roots and affixes [45]. The core meaning bearing
units are roots, and affixes are added or inserted into roots. Morphemes are considered to be the

smallest meaning-bearing elements of language. Any word form can be expressed as a
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combination of morphemes, for example: “(IFhtL@7’ as “0 + thte + @77, “IhLL” as “7 +
ALL”, “hTHLLhIPT “as “hG + ALLhI° + 7, “NRLAR “as “NG + AR , “UhAGT “as ‘7 + AT
“GOOG MY as “PORG + @7, “hGFILANT as “AG + FILAN, I, ¢ as “T + avqy, ©, “YTrARIPOY
“ a8 “T + TRARI® + @7 ) “HLODT  as “HLO + O<F ©, “TTICLIVT  as ““F + TICLI° +7 .

Many existing applications make use of words as vocabulary base units. However, for highly-
inflected languages like Tigrigna, this is not feasible, as the number of possible word forms is very
high. Literatures shows that, word segmentation plays an important role for morphologically rich
languages in many NLP applications. Tigrigna is a morphologically rich language; so, in this
research we investigate Tigrigna as the source and target language for segmentation. Although
Tigrigna is morphologically rich language, there is no segmentation system developed for the
language yet. Because of this scarcity, we look at unsupervised word segmentation systems to see
how well they perform word segmentation without relying on any linguistic information about the
language. As indicated in [54], Morfessor 1.0 works best with SMT from other unsupervised
segmentation tools. Morfessor is a general tool for the unsupervised induction of a simple
morphology from raw text data, and it has been designed to cope with languages having
predominantly a concatenative morphology and where the number of morphemes per word can

vary much and is not known in advance [55].

The Morfessor program requires a data file. The data file must be a word list with one word per
line. The word may be preceded by a word count (frequency) separated from the word by
whitespace; otherwise a count of one is assumed. If the same word occurs many times, the counts
are accumulated. The program does not perform any automatic character conversion except it
removes superfluous whitespace and carriage return characters. For instance, equivalent characters
like “ “&’, ‘0’ (&\“1t, 801T)  entails to be treated as the same character, this needs to perform
the desired conversion and filtering prior to using the Morfessor program. So in this research we
use the segmentation learner, to segment the Tigrigna sentences, it includes the training set, the

test set and the language model of the Tigrigna language. This process is described in figure 4.2:
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Figure 4.2 : Architecture of the Morphological Segmenter

4.4.1 Tokenizer and Frequency Calculator

Tokenization is the process of breaking a stream of text up into words, phrases, symbols, or other
meaningful elements called tokens. The Tigrigna corpora becomes input to this tokenizer and
frequency calculator component, and the component generates list of words with their frequency
of occurrence. Punctuation, digits and whitespaces are not included in the resulting list of tokens.
The list of tokens becomes input to the segmentation learner for further processing. The algorithm

used for the Tokenizer and Frequency Calculator is shown below:
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Load the sentences from the Tigrigna monolingual corpora
Load all punctuation list  // list of punctuation
Store all sentences in S
Store all words in W
Initialize dictionary {}
foreach i€ S do, wherei=1,2,34 ....k
for each wj in si do, where j = 1,2,3,4, ... k
if wy is digit
Remove it
else if wy is found in the punctuation list
Remove it
else if wjfound in dictionary
increment the index by 1

© oo N WNRE

o =
Aow bk o

else

[
o

store the word in dictionary

16. End for
17. Write the dictionary to a file

Algorithm 4.1: Algorithm for word tokenizing and frequency calculator
4.4.2 Segmentation Learner

The segmentation learner that we adopt for this research is unsupervised segmentation tool which
is called Morfessor 1.0. This unsupervised word segmentation system learns the segmentation
from a list of words with their frequency that are not annotated or pre-processed in any way that
helps the system to predict the correct segmentation. The output from this segmentation learner is
morph segmentations of the words in the input. This morph segmentation output becomes a
segmentation model that can be used as a model to segment Tigrigna sentences. The segmentation
was performed on the Ge’ez syllables without transliterating to Latin characters. This was done
using Morfessorl.0-utf8.perl; because, this version supports Unicode characters. Sample output

from the system are shown in Figure 4.3.
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ﬂ}ut: List of

words with output: List of\
frequency segmented words
6 AT Rt Ly
1 HE+&F0 1 g+ + 0
1 A Terye 1 ATy
1 HLF1P 1 LPwpp
1 o Ar Segmentation System L3 ouc + 75 I
1h8L Q Q 17 +A2L
2 HT™ i 2 H™+ + i
1 v 1 heed™ + fu
1 Hech 1 H+9NCcC+n
1 Heofiheanh 1 H + ihs + a&h
1 hTe 1h+T+ 2
\ 2 Fehoo-fit s /

Figure 4.3: Sample output from the Segmentation learner
The table in the left side of the figure is a list of input words to the segmentation system, and the
system produces the segmentation model i.e. similar to the table in the right side of the figure, and

the details about the segmentation model is described in the next sub topic.

Once a morph segmentation model has been built from the text data set (monolingual corpora), it
can be used for segmenting new word forms. In this segmentation model of the Morfessor program
no model learning takes place. Each input word is segmented into morphs by the Viterbi algorithm,
which finds the most likely segmentation of the word into a sequence of morphs that are present
in the existing model. The segmentation model is the model which is produced by the
segmentation learner component, by taking a list of words with their frequency similar to the table
in the right side of figure 4.3 i.e. the result becomes a model which is used as input to the

segmenter.

4.4.3 Segmenter

We use the resulting segmentation model as input to the unsupervised segmenter to segment the
available Tigrigna parallel corpus (both the training and test set) and the language model text. For
example, in the following figures (figure 4.4 and figure 4.5) shows list of sentences that are input
and output of the segmentation learner.
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XA OAL ALK hCOA) 08, 8F-
ANCYI® 7207F OAL: BOYF TPASAl ®AL: PASA
208 A Wl FATIC 74507 THET OAL: 40 ThAC .
ARSI TACLGAA DAL: ACLGAN TIANT @AL: TACT T0ATT PAR:
QA>T h(l &l 20AH @AL: OAH bl +F TATLES OAL: ATLE '}M.z.
! SR+ @AL: THY SBT 1 ANt ACF TAATT @AL:

TAhH @AL: AhH TUHFEN OAL:
©% MAL: AT TATNLN OAL:
" YhPET OAL:

Figure 4.4. Input to the unsupervised segmenter

K!mﬂvﬁfm oAL+ ALON+ hCNRN+ @8 + SR+ @8 + AICYT® = \

1 ANCY° + 7+ 80YP+ @AL:+ L0YP+ 7+ PADN+ OAL:+ PASNT + BU97+ 1hPd+ 7+ OAL:

1 804+ Nih+ e+ FATIC+ Dabl? + MHET + OAL + &6l + 7+ AICT® + @AL:+ ANCT° + 7+ ALI°+ OAL:

1 NG+ 7+ ATUG8N+ OAL:+ ATIES N+ 7+ YA0T+ OAL+ AT+ T+ NATT + OAL:

100+ oo%+ bell4 &t e+ 7+ 0NN+ ©AL:+ ONH+ D+ 4+ 7+ APLE + OAL:+ APLE + 7+ AL + @AR
1 A8+ 7+ THI+ 2T+ OAL:+ VR4 ST+ W+ A08E + ACE+ 7+ 0AT7 + DAL =

1 A0+ 7+ APOGT + OAL + APAGT+ 7+ A+ P49+ OAL + A+ 49+ 7+ MIL+ OAL:

1ML+ T+ ACAFT° + OAL:+ APAFT + 7+ AhH+ @AL:+ AW+ 7+ UNPLN+ OAL:

1 UNPEO+ 7+ P00+ OAL:+ 260+ 7+ AT+ 7+ OAL:+ AT+ 7+ 7+ APDNELN+ @OAL:

&Am’m hA+ e + °Ch+ QLAY + BANDED + 1h@E+ % + DAL = /

Figure 4.5. Output from the post-segmentation learner

Figure 4.5 shows segmented sentences which are output of the system, but the sentences are
preceded by a sentence count (frequency) separated by whitespace, and the segmented morphemes

are separated by ‘ + ¢ . so postprocessing is required.

4.4.4 Post-processor

Once the Tigrigna sentences are segmented using the post-segmentation learner, it generates
segmented sentences but the sentences contain unnecessary symbol “ +’ and ‘1’ as it is shown in
Fig 4.5. So, the post-processor is used to remove this symbols. We designed and wrote python
program to remove this symbol from the Tigrigna sentences. Finally the post processor facilitated
to get sentences that are ready for the language model and translation model like sentences in
Figure 4.6.
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1. Load all Segmented sentences

2. Store all sentences in S

3. for each si € S do, where1=1,2,3,4 ...
5. for each wj in si do, where j=1,2,3,4 ...
6. delete w;[0]

7. ifwj==“+”

8. delete wj

9. End if

10. End for

11. Store siin S’

12. End for

13. Write S’ to file

Algorithm 4.2 . Algorithm for Post processing the segmented Tigrigna sentences

Output from the post-processor that are ready for training

ﬂnﬂ‘rﬁ‘p‘- AL ALOFN WCORN @G SPT-: @G NICYI° = \

ACYI° 7 L0Y7P AL : LOYP 7 PARAl ®AL: PAL-NT L0957 1chPE 7 DAL :

209 A Wl TATIC 746607 THE T DAL 4.4kl 7 AOCI° AL ANCI® 7 Ad9° DAL :
AeF° 7 ATLGSA WAL ATLGSA 7 AN AL RO 7 AT AL

OA ao-7 Bl ¢ el 7 OAH ©AL : OXNH BA] <0 7 APLE @AL : AP(LE 7 AL DAL =
ACLE 7 TR0 SR ®AL D TR0 SPO Wl ANed ACE 7 A9 AL

A 7 AP T DAL APNET 7 A 94-9° DAL A ¢&9° 7 ANHE DAL

ANHE 7 ACAFTI® WAL ACAFTC 7 AhrH oAL 2 AhH UN® LN oAL:

UHPLO 7 9°90, @AL: I°90 7 AT° 7 @AL: A9 7 APNIPN DAL :

"y
>
Q"-ns’n HhA -NHeoy 9°Ch ALAT FANTLCT 1chPE 7 DAL = /

Figure 4.6: output from the post processor

4.5 Language Model

The function of the language model in the SMT Architecture is to give an estimate of how probable
a sequence of words is to appear in the target language. The language model helps the translation
system with selecting words or phrases appropriate for the local context and with combining them

in a sequence with better word order. N-gram model was used for this study. In order to have a
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reliable estimate for the language model probabilities, the context of the language model is usually
restricted to a few words. Another restriction on the context of language models is that the
probability of words is computed within the boundaries of a sentence. The probabilities obtained
from the N-gram model could be unigram, bigram, trigram or higher order N-grams. For example
given the following Tigrigna sentences:

Vo dih (F7 AT =

v i (7 A

v W0 QY AR

V' AIPAIP FOAh Fav(h =

v\ AA9° AIPOT THA =

The unigram probability can be calculated by:

P(wl) = count(w1)

total words observed

P(A42) == =0.2

Where 3 is the number of times the word “-?0” was used and 15 is the total words in the above
example.
The bigram probability can be calculated by:

P(w2 /wl) = count(wlw?2)
(w2/wl) = count(w1l)
__count(h (+7) — 2 -
P2 /A%) = counthn) 3 0.667

Where 2 is the number of times the words “A720” and “(+7” have been used together and 3 is the
number of times the word “?0” is used.

And the trigram probability can be:

Pew3/wiwZ) = count(wlw2w3)
(w3/wlw2) = count(wlw?2)
_ count(hiarere) _ 1
P(ﬂ’?‘ﬂ/n‘)?ﬁﬂ‘?) o count(ih (%) B 2 = 05

Where 1 is the number of times the word “A0”, “(+7” and “0-%” have been used together and 2

1s the number of times the words “0”, and “(+7” were used.
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A LM assigns a higher probability to fluent or grammatical sentences estimated using monolingual
corpora. The LM component tries to ensure fluent translation by guiding word choice and word
order. There are different Language Modeling Toolkits that are open-source. SRILM, IRSTLM,
CMU SLM or KenLM are developed and integrated with the SMT tool, Moses. From the above,
IRSTLM has been used as a language modeling toolkit for the purpose of this study. This is
because it requires less memory than others [17]. The IRSTLM supports three output format of
LM [56]. These formats have the purpose of permitting the use of Language Models by external
programs, the formats are ARPA format, gARPA format, and iIARPA format. External programs
could in principle estimate the LM from an n-gram table before using it, but this would take much
more time and memory. So, the best thing to do is to first estimate the LM, and then compile it
into a binary format (. blm) that is more compact and that can be quickly loaded and queried by
the external program.

As described in the beginning, the system is bidirectional and a language model has been
developed for both languages i.e. English and Tigrigna by using trigram language model with the
help of IRSTLM tool; trigram order is the state-of-the-art for phrase based translation. Three
language models were developed using the whole target corpora, one for English language, and
the other two are for the Tigrigna language i.e. for the baseline and segmented corpora. For
Tigrigna — English translation, a language model has been developed for English language, and

for English — Tigrigna translation, a Tigrigna language model has been developed.

Smoothing : To avoid assigning zero or low probabilities to unseen events, the maximum
likelihood estimates for the conditional probabilities are adjusted to make the distribution more
uniform. By doing so, zero and low probabilities are increased and high probabilities are decreased.
By applying this type of technique called smoothing, the estimations are improved and unseen N-
grams receive some probability. Kneser-Ney Smoothing — state of the art smoothing technique is
used [57]. It is Based on absolute discounting, but uses more sophisticated backoff mechanism.
And the basic idea is unigram probability should not be proportional to the frequency of a word,
but to the number of different words that it follows (the number of histories it has). The assumption
is words that appeared in more contexts are more likely to appear in some other new context as

well.
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4.6 Translation Model

The translation model looks for the most probable target language sentence given source language
sentence P(E|T). The translation model assigns higher probability to sentences that have
corresponding meaning estimated using bilingual corpora. Based on the above architecture two
bilingual corpora are prepared for the TM. The first bilingual corpus is for the baseline translation
which is directly inserted into the TM from the preprocessing component. And the second is from
the morphological segmentation which is segmented bilingual corpus i.e. the segmentation is for
Tigrigna only. The training corpus for this model is a sentence level aligned parallel corpus of
Tigrigna and English languages. We cannot compute P(E|T) from counts of source and targets
sentences in the parallel corpus, because sentences are novel, so we could never have enough data
to find values for all sentences. The solution is to find (approximate) the sentence translation
probability using the translation probabilities of chunks in the sentences, as in language modeling
[35]:

P(E/T) = YxPCGE/T) wooeeeeeeeeeeeeeeeeeeee (4.1)

The variable X represents alignments between the individual chunks in the sentence pair, and
chunks in the sentence pair can be words or phrases. The word/chunk alignment is done using the
Expectation Maximization (EM) algorithm, because the parallel corpus gives us only the sentence
alignments; it does not tell us how the chunks in the sentences are aligned. This means that a group
of words in the source language should be translated by a group of words in the target language

and there might not be a word-level correspondence between these groups.

4.6.1 Alignment

Word alignment is the natural language processing task of identifying translation relationships
among the words in a text, resulting in a bipartite graph between the two sides of the text, with an
arc between two words if and only if they are translations of one another. Word alignment is
typically done after sentence alignment has already identified pairs of sentences that are
translations of one another. The Expectation Maximization Algorithm is used to establish word

alignment.

Expectation Maximization (EM) : An expectation maximization algorithm is an iterative method

for finding maximum likelihood or maximum a posteriori (MAP) estimates of parameters in
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statistical models, where the model depends on unobserved latent variables. The EM iteration
alternates between performing an expectation (E) step, which creates a function for the expectation
of the log-likelihood evaluated using the current estimate for the parameters, and maximization
(M) step, which computes parameters maximizing the expected loglikelihood found on the E step.
EM algorithm works as follows [57]:
e Start with some uniform word translation probabilities and calculate alignment
probabilities, and
e These alignment probabilities to get (hopefully) better translation probabilities, and keep
on doing this, we should converge on some good values.

let's take the following phrase as an example:

v’ red car the car
v’ $eihoong h3 oo g
The vocabularies for the two languages are E= {red, car, the} and T= {$2ch, aoh.q, h3}. We will

start with uniform probabilities:

t (P2ch|red) = 1/3 t (erh.q|red) = 1/3 t (nF|red) = 1/3
t (¢&eh|car) = 1/3 t (evh.g|car) = 1/3 t (aJ|car) =1/3
t (+Lchjthe) = 1/3 t (eoh.qthe) = 1/3 t (a2|the) = 1/3

E-Step 1: Compute the expected counts E [ counts (t (f, €))] for all word pairs (fj, €a)

E-Step la: we first need to compute P (a, f |e), by multiplying all the t probabilities,

red car red car
FEh oG +8.4 oo g

P (a, f|e) =t (¢&eh, red) * t (eoh g, car) P (a, f|e) =t (¢&ch, car) * t (evh.q, red)

=1/3*1/3=1/9 =1/3*1/3=1/9
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the car the car

>

A+ g h+ g
P(a fle) =t (ad, the) * t (ooh g, car) P(a fle) =t (ad, car) * t (ooh.g, the)
=1/3*1/3=1/9 =1/3*1/3=1/9

E-Step 1b: normalize P (a, f| e) to get P (a | e, f), using the following

P(alef) = % ................................... (4.2)

The resulting values of P (a | f, e) for each alignment are as follows:

red car red car
#Bh g #8¢h oohg
1/9 1/9
P(a|f,e)=2—j9:1/2 P(a|f,e)=2—j9:1/2
the car the car
A+ ag h amng
P(alfie) =372 =112 Palfe) =35 =112

E-Step 1c: compute expected (fractional) counts, by weighting each count by P (a |e, f)
tcount (#&¢h | red) = 1/2 tcount (eoh.g |car) = Y% +%  tcount (A |red) =0

tcount (#&¢h | car) = 1/2 tcount (eoh.g | red) = 1/2 tcount (a2 | car) =1/2
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tcount (¢&¢h | the) =0 tcount (evh.q | the) = 1/2 tcount (a7 | the) = %
total(red)= 1 total(car)= 2 total(the)= 1

M-Step 1: compute the MLE probability parameters by normalizing the tcounts to sum to one

t(‘1"f'r?f1|Fe‘d):l/Tz=1/2 t("”hﬁ|CaI’)=%:1/2 t(}\,d~|red):%:()
t@emlcan ==y t(ens|red=L=y e[ =L=y
t(4’£,an|the):%:0 t(ﬂDhﬂthe)zilZ:l/z t(hﬂ‘“h&):%:l/z

Note that each of the correct translations have increased in probability from the assignment; for

example, the translation “#&h” for “red” has increased in probability from 1/3 to 1/2.

E-Step 2a: we re-compute P (a, f| €), again by multiplying all the t probabilities, t (f; | ea)

J
Pafle)= 1_[ LG TD R — 4.3)
j=
red car red car
+8:h oong 8 oG

P (a, f|e) =t (¥ech, red) * t (evh.q, car) P (a, f|e) =t (¥&ch, car) * t (ooh.g, red)

=1/2*1/2=1/4 =1/4*1/2=1/8
the car the car
ha oG hat g
P(a f|e) =t (ad, the) * t (oong, car) P(a, f|e) =t (ad, car) * t (evh.q, the)
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=1/2*1/2=1/4 =1/4*1/2=1/8

Note that the two correct alignment are now higher in probability than the two incorrect

alignments.

4.7 Decoder

The decoder is the major component of the Moses besides LM and TM, and is used as a means for
the experiment with Tigrigna - English parallel corpus. As it has been discussed in Section 2.5.3,
decoding is a search problem which finds the sentence which maximizes the translation and
language model probabilities. Since the system is phrased based translation, the decoder uses the
phrase translation table to search for all translations of every source words or phrases, and then it
recombines the target language phrases that maximizes the language model probability multiplied
by the translation model probability. For example if we want to translate a sentence t in the source
language T (Tigrigna) to a sentence e in the target language E (English), the best translation is the
probability that maximizes the product of the probability of Tigrigna — English translation model

p(tle) and the language model of English p(e), this is expressed using formula:
e = argmaxp(t|e) x p(e)
e

Since the system is bidirectional, there is also translation from English — Tigrigna, the best
translation is the probability that maximizes the product of the probability of English — Tigrigna
translation model p(e|t) and the language model of Tigrigna p(t), mathematically :

t = argmaxp(e|t) * p(t)
t

4.8 Evaluation

The final output of the translation systems needs to be evaluated against references. The evaluation
is made by comparing the translations of a set of sentences to the correct translations. As it was
discussed in section 2.5, we can evaluate machine translation systems using human evaluation and
automatic evaluation, but human evaluation is expensive, too slow, and subjective, therefore
automatic evaluation is reliable. There are many popular automatic evaluation techniques that are
available today. BLUE score is one of them and which is the current standard for automatic

machine translation evaluation and it is a precision-oriented metric in that it measures how much
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of the system output is correct, rather than measuring whether the references are fully reproduced

in the system output.

4.9 Morphological Concatenation

Since the system is bidirectional the target language is both Tigrigna and English. But in case of

English to Tigrigna translation the output is segmented Tigrigna sentences, which is not human

readable, so concatenation of morphemes is required in order for the output to be readable by

human beings. The concatenation is based on the specific target characters that has been conducted

on the segmentation. The algorithm used for the concatenation is shown in Algorithm 4.3 below.

© © N o g &~ w w D RE

-
ro

e
= o

Load the translated sentences

Store all sentences in S

Load all List of Tigrigna words

Store all words in X

for each si € S do, where1=1,2,34 ...

for each wj in si do, where j=1,2,34 ...

if wj is not found in X
delete wj+1
End if
End for
Store siin S’
End for
Write S’ to file

Algorithm 4.3 :  Algorithm for concatenation the Tigrigna target sentences

Based on this design, bidirectional Tigrigna — English Statistical Machine Translation experiments

are conducted on the next chapter. And also it includes the evaluation of each experiment.
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CHAPTER FIVE

Experiment

Based on the design presented in Chapter Four, bidirectional Tigrigna — English machine
translation systems were developed by using SMT approach. This Chapter presents experimental

results of our bidirectional Tigrigna — English statistical machine translation.

5.1 Experimental Setup

In this study three groups of experiment conducted to come up with bidirectional SMT for Tigrigna
— English language pair. The first group of experiment focuses on baseline statistical machine
translation, the second focuses on segmented system and the third group of experiment is with
segmented post processed system. Each group of experiment was conducted with Five different
corpora; the detail is presented in Section 5.2 . The resources needed for the Tigrigna — English
experiment are a monolingual corpus for building the LM and the bilingual Tigrigna — English
parallel corpus to build a translation model. Since the translation is bidirectional; a language model
is developed for both languages. English monolingual corpora are built from the bilingual corpora
and additional sentences are from English version of criminal code of Ethiopia and constitution of
Tigray regional state are used. And the Tigrigna monolingual corpora are prepared from the
bilingual corpora similar to English, and some texts from the web. The following table summarizes

the amount of bilingual and monolingual data used in this research.

Corpus Bilingual Monolingual
Units
Name Tigrigna English Tigrigna English
Corpus | 6106 6106
8506 16016
Corpus Il € 1160 1160
o Sentences Sentences
Corpus 111 S 1982 1982
Corpus IV % 8088 8088 107657 268978
Corpus V 3000 3000 tokens tokens

Table 5.1: summary of the size of the total data used in the research

The Tigrigna — English SMT systems include, baseline, morph-based, and post-processed

segmented systems, which are all developed using the freely available open-source toolkits. These
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tools are: Moses used to train the system in both directions, IRSTLM for building the language
model, GIZA++ for word alignment, Morfessor 1.0 for morpheme segmentation, and BLEU score

for evaluation.

5.1 Parallel corpora

Corpus I : As it has been described in the above table, Corpus | was made of about 6106 relatively
long sentences; because they are aligned at verse level, that had been prepared from the New
Testament of Tigrigna and English Bible. Corpus | was divided into two training set and test set.
Out of 6106 sentences 90% were used for the training set, and the rest 10 % of the corpus is used
for testing. This random classification is done using Perl script. The translation system was trained
both ways, that is from Tigrigna to English and vice versa. The same steps were followed for the
translation process. The same training and test set are used to test both systems.

Corpus Il : Corpus Il includes 1160 simple sentences, prepared from [13]. The experimentation
process for Corpus Il is similar to Corpus I; the corpus is classified in to training set and test set.
Out of 1160 sentences 90 % of the corpus were used for the training set, and the rest 10 % were
used for testing. Similarly, the translation system was trained in both directions, that is from

Tigrigna to English and English to Tigrigna.

Corpus 111 : Corpus Il includes 1982 sentences, prepared from the Constitution of FDRE and
simple sentences of corpus Il. The experimentation process for Corpus Il is also similar to Corpus
I and Il; the corpus is classified in to training set and test set. Out of 1982 sentences 90 % of the
corpus were used for the training set, and the rest 10 % were used for testing. Similarly, the
translation system was trained in both directions, that is from Tigrigna to English and English to
Tigrigna.

Corpus IV : Corpus IV was made of 8088 sentences, prepared from Corpus | and Corpus I11, with
size of 6016 and 1982 sentences respectively. The experimentation process is similar to the other
corpora. The corpus is divided into training and testing set. Out of 8088 sentences 90% of the
corpus is used for training set and 10 % of the corpus were used for testing. Like the other corpora
the translation system was trained both directions. The same steps were followed for the translation

process, and the same training and test set have been used in both translation systems.
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Corpus V : Corpus V includes 3000 sentences, prepared from Corpus I and Corpus I, with size
of 1018 and 1982 sentences respectively. The experimentation process is similar to the other
corpora. The corpus is divided into training and testing set. Out of 3000 sentences 90% of the
corpus is used for training set and 10 % of the corpus were used for testing. Like the other corpora
the translation system was trained both directions. The same steps were followed for the translation

process, and the same training and test set have been used in both translation systems.

5.2 Training the System

The training process includes creating language model, translation model, and conducting
decoding using the help of GIZA++ and IRSTLM. The created language model is built with the
target language model, that is, for Tigrigna as well as English separately since it is bidirectional
translation system, both the languages become a target language at some point. As it has been
stated, IRSTLM toolkit was used. A trigram language model, smoothing with Kneser-Ney and

adding sentence boundary symbols were built.

The word alignment, phrase extraction and scoring were used and lexicalized reordering tables
and Moses configuration files were created with the training translation system. Mainly this step
creates a “moses.ini” file, which is used for decoding and the phrase table is also created which
basically contains the probabilities of a word following another. But there is a couple of problems
with the file “moses.ini”. It is slow to load and also not optimized. The first problem fixed by
binarizing (a format that can be load quickly); the phrase table and reordering table. The second

problem is solved by tuning, the translation system is tuned.

As mentioned above, while training the translation system, a “moses.ini” file were created which
is used for decoding. The querying process could be started right away but the weights used by
Moses to weight the different models against each other are not optimized. Therefore, to find better
weights, the translation systems needs to be tuned. This process produces another “moses.ini” file

that is used for decoding.

5.3 Experiment I: Baseline SMT
This is the first group of experiment conducted on Tigrigna — English language pair for each corpus
by using a statistical approach. As it was mentioned in Chapter Two, statistical machine translation

is an approach which tries to generate translations using statistical methods based on bilingual text
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corpora. The baseline systems have been trained using the five different Tigrigna — English parallel
training sets and tested using Tigrigna and English source sentences as new sentences that gives
an output target Tigrigna and English sentences of . The output then has been checked with the
reference sentences, and scored using the BLEU score. The result obtained from the BLUE score

is shown in Table 5.2 and snapshot of the result from the system is described in Appendix II.

- Translation Accuracy in BLUE score
o Corpus Name . — — .
IS English - Tigrigna Tigrigna - English
(%2)

o g Corpus | 10.59 18.09

c

3 % Corpus I 2055 42.75

o 3 Corpus 11 18.65 36.40
2 Corpus IV 12.41 24.69
<
o Corpus V 13.94 23.81

Table 5.2: Summary of BLUE score from the Baseline System

The result obtained for each corpus was different, and this is because of the size and type of the
data. The data in Corpus I is from Bible which is difficult for machine translation, because the
words and phrases in Bible are less probable to found in other sources i.e. the frequency of phrases
or words in the corpus are rare. This affects the language model to compute the probability of the
next word to follow by predicting one word at a time and the translational model; word translation
probabilities. The training and testing sentences were relatively long sentences. This affects the
alignment; because as the length of the sentence increase, the possible alignments between source
and target sentences increases exponentially. The BLUE score recorded for Corpus Il is relatively
better, because this corpus contains only simple sentence and the sentence pairs contain almost the
same number of words; which is pretty easy for one-to-one alignment. The other corpus is Corpus
I11 prepared from the Constitution of FDRE and simple sentences customized by the researcher
from [13], and the result recorded from this corpus was lower than Corpus Il and better than Corpus
I. This was because of the data; the phrases and words of this corpus are more frequent than Corpus
I. The average length of this corpus is almost shortest than Corpus | and longest than Corpus I,
and this affects the alignment. Moreover, the fact that most of the sentences are from Corpus I,
which are simple sentences, has also effect on the performance. The accuracy recoded from Corpus
IV was lower than Corpus Il and 111, and better than Corpus I, the performance degradation is due
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to the data from Corpus I, since the corpus is prepared from bible. Finally the score from Corpus
V is recoded and it outperforms Corpus | and 1V, this shows preparing the corpus from the average

each source is good instead of using all from bible.

The result recorded for English — Tigrigna translation was relatively poor compared to the Tigrigna
— English translation. This is because of the following problems observed during the translation
such as: non translated words, deletion, wrongly translated, and morphological variations. Sample
of the errors are described in Table 5.3. However, this does not mean the errors are not occurred
in Tigrigna — English translation, rather the coverage of the errors in the English — Tigrigna
translation is high. The errors are occurred because of the following reasons; low training data,
morphological complexity of Tigrigna language, and sparse training data. And literatures shows
that segmentation of the morphological rich languages solves the problem to some extent. So the
second experiment is based on segmentation; described below.

Sample from the English — Tigrigna translation: using
Type Error Type
P Corpus IV yp
Input And when you go in, say, may peace be on this house.

Wrongly
Output AT 2 AchQIARI® AL =

translated
Reference | 91l (bt 9°0 AFTr9°: AATP (A=
Input The grace of the lord jesus christ be with your spirit.
Output &0 LG h 20 hCh-fa o0 = Deletion
Reference | 29 12246 ALkO hCh-fa 9°0 ovr0hg® 8T 7 hoD 7=
Input He was sentenced 20 years of jail.
Output 76 sentenced h-0 20 Gooit jail = Non translated
Reference | 70 720 Gov gt ThACE 14689 =
Input Ethiopian airlines is comfy. _

Morphological
Output a8, APC ATER P av-E@t: hE =
error

Reference | av714, APC A& avE@- e =

Table 5.3 Sample of translation errors
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5.4 Experiment I1: Morph-based System

This is the second group of experiment which was conducted by segmenting the Tigrigna sentences
of the training set, test set and language modelling text. The segmentation is performed using a
segmentation model which was created for this purpose with the help of Morfessor 1.0 tool. The
segmentation model was created using 24251 Tigrigna vocabularies. The segmentation of the
Tigrigna corpora has been performed before training and testing steps, using the created
segmentation model as input for the unsupervised segmentation model. Table 5.4 describes counts
for vocabulary and tokens of the baseline system (unsegmented) and morph-based systems :

Size of Tigrigna Tokens Size of Tigrigna Vocabulary
Corpus Baseline Segmented Baseline Segmented
Corpus | 86523 107084 20973 11889
Corpus Il 4982 5334 1461 1351
Corpus 11 15134 16584 4016 3192
Corpus IV 101657 123668 24251 13955
Corpus V 37831 44377 11011 8154

Table 5.4 : Summary counts of token and vocabulary

As it is shown in Table 5.4 the morph-based system contributes to the overall reduction of
vocabulary size and increasing the token size of the corpora. The decrease in vocabulary size adds
to the overall reduction of rare or unknown words so that we finally get richer vocabulary by
solving the data sparsity problem. The percentage decrease of the corpora is 43.4%, 7.52%,
20.5%,, 42.45 % and 26 % for Corpus I, Corpus Il, Corpus Ill, Corpus IV, and Corpus V
respectively. Since the segmentation tool is language independent which is unsupervised, the only
properties stored for a morph in the lexicon was the frequency (number of occurrences) of the
morph in the corpora and the string of letters that the morph consists of. The representation of the
string of letters naturally incorporates knowledge about the length of the morph, i.e., the number

of letters in the string. This causes a problem of over segmentation and under segmentation.

The translation system have been trained using five segmented different Tigrigna — English
training set, and tested using English and segmented Tigrigna source sentences as new sentences

that gives an output target Tigrigna and English sentence of. The output has been checked with the
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reference sentences, and scored using the BLEU score. The result obtained from the BLUE score

is shown in Table 5.5 and snapshot of the result from the system is described in Appendix IlI.

Translation Accuracy in BLUE score
Corpus Name i _ _ i
English - Tigrigna Tigrigna — English
Corpus | 2.50 3.37
Morph-based
) Corpus Il 18.25 38.85
Translation
Corpus 11 13.44 35.66
Corpus IV 12.52 23.68
Corpus V 12.55 26.48

Table 5.5 : Summary of BLUE score from the Morph-based System

The reason behind the difference between the records was that there is a difference in the type and
size of data. The accuracy obtained using this system shows some degradation. Over and under
segmentation problems are observed in the translated output in addition to the problems observed

in baseline system. For Example:

No. Sentences with Sentences with under-segmentation
over-segmentation
1 ANEC 4 O A TP AA = Al 048 Al Nlhd @8, APAH 184 (A=
2 avy18, AOC ATXP av B @ h: | AL DI° NALA N%N% LA, ehCoh: 16 (k
£a) O3t

3 7 9 CL T aAAQ TooZh AL AP A0t AFRILT HLD avhg PeAIP
4 éo O 7 rO0 TCh. APx O Nh@7 LPPhENLDY aPAAT =

5 | AR HOE 0270~ Al @ = Abh TRGLE: P20t 18CP =

Table 5.6 Sample of over and under segmented morphems

From the above table almost the Tigrigna prepositions and conjunctions found in affix are
unsegmented. Since the segmentation learner is unsupervised, the segmentation is based on
frequency of the morphs. Because of its language independency, those problems were observed
during translation other than problems in Experiment I. Over and under segmentation rises the

problems observed in Experiment I, and this makes lower the accuracy of the system compared to
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the Baseline system. Based on this result the next experiment is conducted, and the main target of

the experiment is to solve under and over segmentation of morphemes.

5.5 Experiment I11: Post-Processed Segmented System

This is the third group of experiment conducted on Tigrigna — English language pair by using Post-
Processed segmentation model. The segmentation model used in the Morph-based experiment
pose problem of over and under segmentation. As it is already discussed in Chapter three, there
are Tigrigna Prepositions and Conjunctions that are found in the form of affixes in Tigrigna words,
but this are found separately in English. The post-processing focused on segmenting these Tigrigna
conjunctions and prepositions by post processing the segmentation model created in the above

experiment.

5.5.1 Post-Processed Segmentation Model

The post-processing focused on segmenting these Tigrigna conjunctions and prepositions that are
found in the form of affixes in Tigrigna words, and words other than these forms are dissegmented
to their original form. Segmenting the conjunctions and prepositions, and dissegmenting words
other than these, solves the issue of over-segmentation and under-segmentation to some extent.
List of Tigrigna prepositions and conjunctions that are found in affixes forms with other words

and their examples are shown on table 5.7:

Tigrigna lists English Meaning
K For
1 By
h While
77 And
oy Also

Table 5.7 : List of Tigrigna conjunctions and prepositions found in affixes form

And the following bullets shows the relationship between the languages :
> “7% 7% “and” is the most coordinate common coordinate conjunction.it is placed at the
end of each word that is to be joined:

e MLOHT @OINCT A9°%A = Bring a table and chair.
» “@7% “is used to mean “also”
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o 4.L08 @7 -k :: My horse also is dead.
> “h” “while” for an action that is simultaneous with the main verb

e h0Ad hAT- CafL == while | was eating he saw me.
> “f” “by” (mainly instrumental, but notice the examples )

e 10PN, P2 A == He came by mule.
» <7 “for” (to the advantage or disadvantage of something or someone)

o it oo, THA( A% = The food is for the dog
To process the model using the above list of conjunctions and prepositions Algorithm 5.1 is

developed. The algorithm first accepts the list of words from the segmentation model. And check
for the target characters weather segmented or not. Characters other than the target characters are
dissegment to their original form.

Load the words from the segmentation model
Store all words in W

1
2
3. for each wjin W do, where j=1,2,3, 4...k

4 if wj starts with 7’ or «01” or ‘i’

5. Insert © * “ at wj[1] // after the first character

6 Store wjin W’

7 End if

8 if wj ends with ‘@7’

9. Insert © *  at wj [n-3] // before the last two characters
10. Store wjin W’

11. if wjends with “7” and wj [n-2] is not equal to ‘@’

12. Insert  * * at wj [n-2] // before the last characters
13. Store wjin W’

14.  Endif

15. End for

16. Write W’

Algorithm 5.1: Algorithm for processing the segmentation model

Table 5.8 shows list of input words and output words. The input words are from the segmentation
model which are in the left-hand side of the table and the other side of the table shows the output

ek

from the system. The “*” was used to identify the character form the word, and a number preceding

the word and characters indicates the frequency of the words :
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Input: List of segmented | Output: List of segmented
words (before processed) words (after processed)
6 AT 6 AT

1 HEet + &P 1 HR &P

1 \he0g® 10 * henge

1 P s 1 nprs

1+9°uC + A+ + 1 +ouctrt

17+hee 17* hee

2 Heot + & 2 NPt

11eC9° + T 1 18.C9 .

1H+90Cc+h 1 nanch

1 1+ °0hs + A 1 ngeahs-a

lh+h+& 1h*'h&

27 + chavirt 27 * hav it

Table 5.8 : Sample of the processed segmentation model

Once the model is post-processed, sentences are segmented using the post-segmentation learner,
it generates segmented sentences but the sentences contain unnecessary symbol © * * and ‘1’ as it.
So, the post-processor algorithm developed in section 4.4.2.5 implemented to remove this

symbols.

The objective of this experiment is to solve the problems occurred in Experiment I1. Because the
Post Segmented system uses some linguistic information of the Tigrigna language which are
conjunctions and prepositions. Since the system is bidirectional the target language is both
Tigrigna and English. But in case of English to Tigrigna translation the output is segmented
Tigrigna sentences, which is not human readable, so concatenation of morphemes is required in
order for the output to be readable by human beings. The concatenation is based on the specific
prepositions and conjunctions morphemes that has been conducted on the segmentation. The

algorithm used for the concatenation is shown in Algorithm 5.2 below.
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1. Load the translated sentences

2. Store all sentences in S

3. foreachsje S do, wherei=1,2,34 ...

4, for each wj in sido, where j=1,2,3.4 ...
5. ifwj == “7” and wj+4 == ‘7’

6. delete wj.1 and wj+3

7. Else if wj==7

8. delete wij+1

9. End if

10. if wj == or wj == ‘i’

11. delete wij+1

12. End if

13. if wj == “o7

14, delete wj.1 form the word
15. End if

16. End for

17. Storesiin S’
18. Write S’ to file

Algorithm 5.2 :  Algorithm for concatenating the Tigrigna target sentences

The post-processed segmented experiment normalize number of vocabulary of the baseline and

morph-based experiments. Table 5.9 describes counts for vocabulary and tokens of the baseline

(unsegmented), Morph-based and the Post processed segmented corpora.

Size of Tokens Size of Vocabulary
Corpus
N Baseline | Segmented Post- Baseline | Segmented Post-
ame
Segmented Segmented
Corpus | 86523 | 107084 92080 20973 | 11889 20104
Corpus 11 4982 5334 5299 1461 1351 1417
Corpus 111 15134 | 16584 16870 4016 3192 3626
Corpus IV | 101657 | 123668 108950 | 24251 13955 22962
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Corpus V 37831 | 44377 40875 11011 | 8154 10283

Table 5.9: Summary counts of token and vocabulary

As it is shown in Table 5.9: the counts of tokens and vocabulary size of the post-processed
segmented corpora is found at an average level. This solves the problem of over segmentation and
under segmentation. The data sparseness problem has significantly improved as the vocabulary
size decreases.

The trainings have been conducted on Tigrigna — English language pairs by segmenting the
Tigrigna sentences includes the training set, test set, and language model using the post-processed
segmentation model. And tested using source sentences of English, and Tigrigna sentences
segmented using the post-segmentation model as new sentences that gives an output target
Tigrigna and English sentences of. The output has been checked with the reference sentences, and
scored using the BLEU score. The result obtained from the BLUE score is shown in Table 5.10

and snapshot of the result from the system is described in Appendix IV.

Translation Accuracy in BLUE score
Corpus Name i _ — i
3 English - Tigrigna Tigrigna - English
(%2}
S g Corpus | 12.92 22.38
5 5 Corpus Il 22.46 5358
C
g E Corpus I 20.05 39.76
g Corpus IV 14.84 2554
Corpus V 15.44 31.03

Table 5.10 : Summary of BLUE score from the Post-processed segmented system

The final experiment shows an improvement in BLUE score for each corpus of the Post-
Segmented System over the other two experiments as it is shown in the above table. This clearly

shows that the Post segmented system outperforms all the other systems.

The experiments are conducted by using three different systems with similar corpora. From the
result of the experiments we can see that the result recorded from a BLEU score shows that the
result returns by the post processed segmented system is better than the baseline and segmented
systems for Tigrigna — English language pair. We can also see that better translation accuracy is
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acquired when Tigrigna is used as a source sentences and English is used as a target sentence in
each experiment, this is because of the morphology. Tigrigna is a language that is morphologically
rich and it could produce more accurate results if it is the source language rather than being the
target language. Since translating to a more morphologically complex is a more difficult task,
where there is a higher chance of translating word inflection incorrectly. Comparison between
Tigrigna — English and English — Tigrigna translation using the same sentence; from the post-

processed segmentation system:

» English — Tigrigna translation
e Input sentence: He has an exam.
e Output sentence: 7 &5 AAP: // this is for women
e Correct translation: 7t &-+5 &AP:: // this is for men
» Tigrigna — English translation
e Input sentence: ¥ 15 AAP =
e Output sentence: He has an exam.

e Correct translation: He has an exam.

5.6 Finding

We understand that the vocabulary size reduction from the baseline system and increment of
vocabulary size from the segmented system has contributed for the overall performance of the post
segmented system that has shown better performance compared to the other systems. Post
processing has played a major role for the improved performance of the post segmented system
by reducing the vocabulary size and increasing the frequency of the tokens. And the reduction of
vocabulary size contributes to address the data sparseness and absence of one to one

correspondences between source and target words.

Despite the fact that there is not any existing MT system for Tigrigna — English language pair with
which one can compare the result of this system, the researchers believes that comparing the score

among the three systems (fair comparison). Accordingly, the result

obtained from the post processed experiment using corpus Il has outperformed the other

experiments. And Tigrigna — English translation shows better accuracy than English — Tigrigna
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translation. Therefore, one can conclude that translation based on processed segmentation can

achieve better translation accuracy.

Bidirectional Tigrigna — English Machine Translation



CHAPTER SIX

Conclusion and Recommendation

6.1 Conclusion

The Statistical machine translation research for many languages is getting more attention than the
other machine translation approaches. Since the statistics based approach requires limited
computational linguistic resources compared to the other approaches that might take much time to
develop some linguistic resources. So it is recommended for resource scarce languages like
Tigrigna. The purpose of this study is to investigate the development of a bidirectional Tigrigna —
English machine translation system using statistical approach. Therefore, this research has been
conducted by developing thirty types of experiments all based on Tigrigna - English and English

— Tigrigna Statistical based Machine Translation.

In this research, the basic research questions have been addressed and the output results have been
reported. A Tigrigna — English and English — Tigrigna translation using a baseline experiment
was conducted by collecting parallel corpora in both Tigrigna and English language. In order to
answer the research questions, this experiment has been conducted and served as the basis for the

other experiments.

The first research question was “ Does the type and size of corpus has impact on the performance
of the machine translation system of these language pairs ? “. To look the size and type of the
corpus has an impact on the translation system, Tigrigna — English parallel corpora have been
collected from different sources. The collected sentences were 6016 from bible, 1160 from [13],
and 822 from the constitution of FDRE. From this five parallel corpora have been prepared; by
combining one with the other. The corpus prepared from simple sentences perform better than the
other; this shows that the type of the corpus has an impact on the translation. Corpus IV and V are
prepared from similar sources with different size. And the result obtained from Corpus IV was

promising than Corpus V.

This research question was the basis to answer the other research questions. Accordingly, more
experimentation on the application of different methods to these corpora includes morph-based,
and post-processed segmented systems have answered the rest research questions. We also see

potential of unsupervised word segmentation to improve the translation, and is very close to
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outperform the baseline system. To improve this post-processing was applied on Tigrigna
morphemes incudes; prepositions and conjunctions. The result obtained from this post-processing
method outperforms the other systems. And better translation accuracy achieved when Tigrigna
used as a source sentences and English as a target sentences. Since the post-processing method
only segments prepositions and conjunctions of Tigrigna, we propose that semi-supervised

segmentations for Tigrigna has more potential to improve the Tigrigna — English translation.

The challenge that faces in this work was to get Tigrigna — English bilingual corpus. As Tigrigna
is one of the language that suffer severely from lack of computational resources. And it also hurdle
to process the available Tigrigna resources because of the format; the most challenging task was
converting from the RTF to Unicode text file due to the characteristics of the Tigrigna writing

system that uses the Ge’ez script.

Finally, it is important to give a direction for future experiment. The direction should be in the
application of methods that help to get semi-supervised segmentation model to segment Tigrigna
morphology as the processed segmentation experiment outperformed the other experiments
(baseline and morph-based experiments). Since this method only segments prepositions and
conjunctions, there should be a mechanism to apply more techniques to segment the other parts-
of-speech as well.

6.2 Recommendation
Based on the findings of this study and the knowledge obtained from the literature, the following

recommendations are forwarded for future work.

*

%+ The segmentation of only preposition and conjunctions has led to a huge gain in BLUE
score. Supervised segmentation of other derivational and inflectional morphs of Tigrigna
language may lead to further improvement of the translation quality. This can be an area
of study towards improving performance of a translation system for this language pair.

e

% Extending the approach using factored based translation. Factored based translation models
helps to represent phrases not simply as sequences of fully inflected words, but instead as
sequences containing multiple levels of information, and this is better for languages like

Tigrigna to handle the effect of morphology.

K/
L X4

Further results can be accomplished by increasing the size and domain of the data set used

for training the system. Due to the challenge in preparing the corpus, we have prepared a
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corpus of limited size, on the other hand, statistical approaches are data greedy. So, by
increasing the size of the training data set and integrating the linguistic information one

can develop a full-fledged bidirectional Tigrigna -English machine translation.

%+ Further researches in machine translation on Tigrigna to other languages, even using
languages in Ethiopia such as Amharic, Affan Oromo or so could be performed while
preparing a large corpus. Because the Tigrigna part is available, especially for Tigrigna —

Ambharic and Amharic Tigrigna translation.
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Appendices
Appendix | : Tigrigna Alphabet (Fidel)

Figure 1.1: Tigrigna Alphabet (Fidel)
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Appendix 11 : Snapshot Result From Baseline System
Corpus |

Cumulative N-gram scoring
i1-gram 2-gram 3-gram 4-gram 5-gram G-gram T-gram 8-gram S-gram

NIST: 1.6914 1.7834 1.7963 1.7903 1.7963 1.7903 1.7903 1.7983 1.7583 "moses"

BLEU: @.2137 0.1425 8.1859 0.0800 0.0589 B.0454 0.0359 0.0268 0.0008 "moses"”
MT evaluation scorer ended on 2017 May 10 at 17:24:48

Cumulative N-gram scoring
1-gram  Z-gram 3-gram 4-gram 5-gram  6-gram T-gram 8-gram  9-gram

NIST: 1.7173 2.01060 2.0434 2.0469 2.0488 2.0488 2.0488 2.0488 2.06488 "moses”

BLEU: ©.3359 6.2379 0.1809 0.1450 0.1188 0.0981 0.0799 8.0621 0.8494 ‘“"moses”
MT evaluation scorer ended on 2017 May 10 at 17:85:40

Figure 11.2: Tigrigna — English BLEU score result from Corpus |
Corpus 11

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 2.5874 2.6819 2.6819 2.6819 2.6819 2.6819 2.6819 2.6819 2.6819 "moses"

BLEU: 0.3816 0.2455 0.2055 0.0748 0.0000 0.0000 0.0000 0.0000 0.0000 "moses"
MT evaluation scorer ended on 2017 Jun 8 at 02:15:06

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 3.8046 4.3284 4.3643 4.3696 4.3778 4.3778 4.3778 4.3778 4.3778 "moses

BLEU: 0.6202 0.4978 0.4275 0.3686 0.3113 0.2542 0.1793 0.0000 0.0000 "moses'
MT evaluation scorer ended on 2017 Jun 8 at 23:02:50

Figure I1.4: Tigrigna — English BLEU score result from Corpus II
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Corpus 11

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram T-gram B-gram 9-gram

NIST: 2.3441 2.4522 2.4522 2.4522 2.4522 2.4522 2.4522 2.4522 2.4522 "moses”

BLEU: ©.3286 ©.2119 ©.1865 ©.8850 ©.0592 0.0441 ©.0000 ©.0000 0.0000 “"moses”
MT evaluation scorer ended on 2817 May 16 at 17:51:06

Cumulative M-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram G-gram 7-gram 8-gram S-gram

NIST: 3.3884 3.7346 3.7578 3.7776 3.8045 3.8045 3.8045 3.8045 3.8045 "moses”

BLEU: ©.58:28 9.4160 0.3640 8.3151 B.2626 8.2079 B.1553 8.0000 0.0008 "moses”
MT evaluation scorer ended on 2017 May 10 at 17:45:45

Figure 11.6 Tigrigna— English BLEU score result from Corpus 111
Corpus IV

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 2.1026 2.2148 2.2209 2.2224 2.2240 2.2261 2.2261 2.2261 2.2261 "moses"

BLEU: 0.2526 0.1650 0.1241 0.0895 0.0704 0.0551 0.0413 0.0296 0.0000 "moses"
MT evaluation scorer ended on 2017 Jun 9 at 17:12:15

Figure I1.7: English — Tigrigna BLEU score result from Corpus IV

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 2.3815 2.8947 2.9494 2.9619 2.9712 2.9737 2.9737 2.9737 2.9737 "moses"

BLEU: 0.3866 0.2997 0.2464 0.2071 0.1750 0.1481 0.1251 0.1068 0.0918 "moses"
MT evaluation scorer ended on 2017 Jun 9 at 08:56:14

Figure 11.8 Tigrigna — English BLEU score result from Corpus IV
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Corpus V

Cumulative N-gram scoring
l-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 1.5419 1.5934 1.5934 1.5934 1.5934 1.5934 1.5934 1.5934 1.5934

BLEU: ©.2034 B.1571 B.1394 B.8853 0.8508 0.0429 0.8374 9.0318 8.0080
MT evaluation scorer ended on 2017 May 18 at 18:19:48

Cumulative N-gram scoring
1-gram 2=gram 3-gram d4-gram S-gram G-gram T-gram g-gram G-gram

NIST: 1.9747 2.2535 2.2714 2.2811 2.2942 2.2942 2.2942 2.2942 2.2942

BLEU: ©.3336 B.2714 8,2381 B.2119 8.1847 8.1593 8.1358 8.1144 8.0934
MT evaluation scorer ended on 2817 May 18 at 18:10:60

Figure 11.10: Tigrigna — English BLEU score result from Corpus V

"moses”

"moses"”

"moses”

"moses"
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Appendix 111: Snapshot Result from the Morph-based System
Corpus |

Bl e mc i c i mccaaccacaaacaacmasssasmmeemEesAecmEeeaseeSSaasmaesmeesasemaaaaea
Cumulative N-gram scoring

1-gram  2-gram  3-gram 4-gram 5-gram G-gram 7-gram 8-gram
NIST: @.BB76 B.9398 8.9390 0.9390 0.9398 B.93%99 6.9390 0.9398
BLEU: @.1187 B8.08545 6.0250 0.8000 0.0088 B.0089 0.0000 0.8008

MT evaluation scorer ended on 2017 May 10 at 19:32:08

e ———
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram S-gram G-gram 7-gram B-gram
NIST: ©.2438 0.26B6 6.2701 ©.2701 8.2761 ©.2791 8.2701 8.2701
BLEU: ©.1249 0.8599 8.8337 ©0.8222 B.8143 ©.809% 0.08080 @.B0808

MT evaluation scorer ended on 2817 May 10 at 19:12:47

Figure 111.2: Tigrigna — English BLEU score result from Corpus |

Corpus 11
# ........................................................................
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram
NIST: 2.2203 2.3195 2.3195 2.3195 2.3195 2.3195 2.3195 2.3195
BLEU: 0.3174 0.2393 0.1825 0.0997 0.0000 0.0000 0.0000 0.0000

MT evaluation scorer ended on 2017 Jun 10 at 01:42:23

G s i B 0 B G < O . B G 1 G <0
Cumulative N-gram scoring

1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram
NIST: 3.6488 4.1810 4.1974 4.1974 4.1974 4.1974 4.1974 4.1974
BLEU: 0.5293 0.4520 0.3885 0.3181 0.3404 0.2698 0.1914 0.0000

MT evaluation scorer ended on 2017 Jun 10 at 01:39:50

Figure 111.4: Tigrigna— English BLEU score result from Corpus Il

9-gram
6.9398 “moses”
8.00808 “moses”
9-gram
0.27861 "moses"
0.8088 "moses"
9-gram
2.3195 "moses"
0.0000 "moses"
9-gram
4.1974 "moses"
0.0000 "moses"
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Corpus 11

B o e e R
Cumulative N-gram scoring
1-gram Z-gram 3-gram 4-gram 5-gram G-gram T-gram B-gram 9-gram
NIST: 1.5489 2.0156 2.08156 2.8156 2.0156 2.0156 2.8156 2.8156 2.0156
BLEU: ®©.2538 0.1591 6.1344 ©.8493 0.0800 O.0000 ©.0006 6.0000 @ O.0000
MT evaluation scorer ended on 20817 May 10 at 22:46:22
Figure 111.5: English — Tigrigna BLEU score result from Corpus I
v g
Cumulative N-gram scoring
i-gram 2-gram 3-gram 4-gram 5-gram 6-gram T-gram S-gram 9-gram
NIST: 3.2117 3.6686 3.6887 3.6975 3.7088 3.7088 3.7088 3.70B8 3.7088
BLEU: ©.5283 ©.4241 0.3566 ©.2946 ©0.2356 ©.1846 ©0.1513 @8.1255 ©.1851
MT evaluation scorer ended on 2817 May 18 at 22:48:51
Figure 111.6: Tigrigna— English BLEU score result from Corpus Il1
Corpus IV
# ........................................................................
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram
NIST: 3.2093 3.8719 3.9326 3.9458 3.9526 3.9553 3.9553 3.9553 3.9553
BLEU: 0.3924 0.3116 0.2368 0.1959 0.1438 0.1593 0.1322 0.1126 0.0975
MT evaluation scorer ended on 2017 Jun 10 at 09:21:17
Figure 111.7: English — Tigrigna BLEU score result from Corpus IV
# ........................................................................
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram
NIST: 2.3061 2.4677 2.4727 2.4742 2.4759 2.4780 2.4780 2.4780 2.4780
BLEU: 0.2615 0.1727 0.1252 0.0927 0.0703 0.0525 0.0339 0.0000 0.0000

MT evaluation scorer ended on 2017 Jun 10 at 09:44:30

Figure 111.8: Tigrigna— English BLEU score result from Corpus IV

Corpus V

"moses"”

"moses”

"mases”

"moses”

"moses

"moses

"moses”

"moses"”

Bidirectional Tigrigna — English Machine Translation



# 5 ) e ] e e ] ) ) ) ) ) ] ] ) ] ) ] ) ) ] ] ] e ] ) ) e e e e e e

Cumulative N-gram scoring

1-gram 2-gram 3-gram 4-gram  S5-gram  G-gram f-gram B-gram 9-gram

NIST: 1.9014 1.9970 1.95Fe  1.9970 1.99786  1.9970 1.9976  1.9970 1.9978

BLEU: ©.2392 8.1553 0.1255 ©.0648 0.0478 0.8329 0.0000 0.0000 O.0000

MT evaluation scorer ended on 2017 May 10 at 23:16:49

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 2.8925 3.2964 3.3139 3.3193 3.3259 3.3259 3.3259 3.3259 3.3259

BLEU: 0.4181 0.3272 0.2648 0.2099 0.1602 0.1207 0.0950 0.0756 0.0607
MT evaluation scorer ended on 2017 May 10 at 22:59:32

Figure 111.10: Tigrigna— English BLEU score result from Corpus V

"moses"

"moses"

"moses”

"moses”
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Appendix 1V: Snapshot Result From Post-processed segmented system

Corpus |

Cumulative M-gram scoring
1-gram 2-gram 3-gram 4-gram S-gram G-gram T-gram B-gram 9-gram

NIST: 1.B411 1.59663 1.9735 1.9755 1.9755 1.9755 1.9755 1.9755 1.9755 "moses”

BLEU: ©.25308 8.1603 6.1292 B.0630 0.9373 0.booe 0.0oo8 B .0800 B.0088 "moses”
MT evaluation scorer ended on 2017 May 10 at 23:47:33

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram G-gram T-gram B-gram S-gram

NIST: 1.8719 2.2532 2.2931 2.2998 2.382B 2.3851 2.3851 2.3051 2.3851 "moses"

BLEU: 8.3624 B.2755 0.2238 9.1859 B.1562 B.1338 G.1148 9.8993 B.0872 "moses"”
MT evaluation scorer ended on 2017 May 16 at 23:31:59

Figure 1V.2: Tigrigna— English BLEU score result from Corpus |
Corpus Il

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 2.4801 2.6278 2.6278 2.6278 2.6278 2.6278 2.6278 2.6278 2.6278 "moses"

BLEU: 0.3577 0.2877 0.2246 0.1415 0.0000 0.0000 0.0000 0.0000 0.0000 "moses"
MT evaluation scorer ended on 2017 Jun 10 at 16:39:35

Figure 1V.3: English — Tigrigna BLEU score result from Corpus Il

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram 9-gram

NIST: 4.0087 4.5754 4.5937 4.6017 4.6132 4.6132 4.6132 4.6132 4.6132 "moses"

BLEU: ©0.6692 0.5976 0.5358 0.4681 0.3814 0.2899 0.0000 0.0000 0.0000 "moses"
MT evaluation scorer ended on 2017 Jun 10 at 16:37:32

Figure IV.4: Tigrigna — English BLEU score result from Corpus |1
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Corpus 11

oo
Cumulative N-gram scoring

1-gram 2-gram 3-gram 4-gram S5-gram G-gram 7-gram B-gram
NIST: 2.6870 2.8228 2.8228 2.8220 2.8220 2.8228 2.8228 2.8220
BLEU: ©.3442 0.2322 8.2005 8.1329 0.8849 0.8715 B.0634 9.0554

MT evaluation scorer ended on 2817 May 11 at 00:05:85

# ........................................................................
Cumulative M-gram scoring
1-gram 2-gram d-gram  4-gram S-gram G-gram T-gram B-gram
NIST: 3.5912 4.0691 4.9%44 4.1134 4.1388 4.1388 4.1388 4.1388
BLEU: ©.5531 6.4598 B.3976 0.3402 ©0.2794 B.2216 B.1727 B, 0000

MT evaluation scorer ended on 2917 May 16 at 23:59:36

Figure 1V.6: Tigrigna— English BLEU score result from Corpus Il1

Corpus IV
# ........................................................................
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram
NIST: 2.0524 2.2156 2.2218 2.2233 2.2250 2.2271 2.2271 2.2271
BLEU: 0.2609 0.1869 0.1484 0.0832 0.0619 0.0486 0.0389 0.0325

MT evaluation scorer ended on 2017 Jun 10 at 16:17:11

Figure 1V.7: English — Tigrigna BLEU score result from Corpus IV

# ........................................................................
Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram 6-gram 7-gram 8-gram
NIST: 2.4844 3.0013 3.0544 3.0647 3.0711 3.0736 3.0736 3.0736
BLEU: 0.3910 0.3019 0.2554 0.2038 0.1697 0.1416 0.1193 0.1012

MT evaluation scorer ended on 2017 Jun 10 at 15:56:06

Figure 1V.8: Tigrigna— English BLEU score result from Corpus IV

2.8220

0.0008

9-gram

4.1388

0. B8

9-gram

2.2271

0.0277

9-gram

3.0736

0.0861

"moses”

"moses”

"moses"

"moses”

"moses"

"moses"”

"moses”

"moses"”
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Corpus V

Cumulative N-gram scoring
1-gram 2-gram 3-gram 4-gram 5-gram G-gram T-gram B-gram 9-gram

NIST: 2.0615 2.2183 2.2183 2.2163 2.2183 2.2183 2.2183 2.2163 2.2103 ‘'moses”
BLEU: ©.2739 B0.1925 ©.1544 0.19011 ©.0000 O.00686 ©.0000 O.0000 0.0000 “moses”
MT evaluation scorer ended on 2817 May 11 at 00:28:14

Cumulative N-gram scoring
i-gram  2-gram  3-gram 4-gram  5-gram 6-gram 7-gram 8-gram  9-gram

NIST: 3.1433 3.6405 3.6679 31.6786 3.6919 3.6919 3.6919 3.6919 3.6919 “"moses”

BLEU: ©.4538 0.3685 B6.3183 0.2601 f.2183 0.1679 ©0.1333 06.1069 0.0827 “moses”
MT evaluation scorer ended on 2017 May 11 at 00:20:19

Figure IV.10: Tigrigna — English BLEU score result from Corpus V
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Appendix V: Sample Parallel Corpus for training from Corpus |

avZhq OAL A L0-0 hCOPO D8, SP1: @, ANCYIP::

The book of the generations of Jesus Christ, the son of David,
the son of Abraham

ANCYI° 200Y7P OAL: ROYP T8RSN OAL: PhS
RU4T7 1chPET OAL:

The son of Abraham was Isaac; and the son of Isaac was
Jacob; and the sons of Jacob were Judah and his brothers;

Lu-4 TiA N FATIC 14607 THET DAL §60 ThOCIP
DAL: AACT® Thé9° DAL:

And the sons of Judah were Perez and Zerah by Tamar; and
the son of Perez was Hezron; and the son of Hezron was
Ram;

AGI° ThTLGE OAL: ATLGE TTAOT OAL: TANT
AT DAL:

And the son of Ram was Amminadab; and the son of
Amminadab was Nahshon; and the son of Nahshon was
Salmon;

(Aa>7 0l &l I0RH @AL: OAH N 4ot ThT L
DAL: ATNL TAMLL DAL::

And the son of Salmon by Rahab was Boaz; and the son of
Boaz by Ruth was Obed; and the son of Obed was Jesse;

AL TN AT OAL: T AR v ANgt ACP
AT DAL

And the son of Jesse was David the king; and the son of David
was Solomon by her who had been the wife of Uriah;

A7 1CNA DAL CNAIC TAa(1f DAL: AP ThO
MAL.:

And the son of Solomon was Rehoboam; and the son of
Rehoboam was Abijah; and the son of Abijah was Asa;

A0 TALAGT OAL: ATAGT TATEI® DAL: AP C-9° THHE
MAL.:

And the son of Asa was Jehoshaphat; and the son of
Jehoshaphat was Joram; and the son of Joram was Uzziah;

AHE ThPR T DAL: APTAFI° TANH OAL: AlH
THPLO DAL

And the son of Uzziah was Jotham; and the son of Jotham
was Ahaz; and the son of Ahaz was Hezekiah;

UHPLO 79760, DAL: PG, TATPT OAL: AT°7 TheOLA
MAL.:

And the son of Hezekiah was Manasseh; and the son of
Manasseh was Amon; and the son of Amon was Josiah;

AT0L0 A HaPT I°Ch QLT TANTET 1ch PET DAL

And the sons of Josiah were Jechoniah and his brothers, at
the time of the taking away to Babylon.

Lché P°CHh ALNT £97 ADTE MNATAA DAL: NATHRA
THEO00 DAL:

And after the taking away to Babylon, Jechoniah had a son
Shealtiel; and Shealtiel had Zerubbabel;

AHC 702P OAL: ALP TANLI® DAL: AN ThARL
MDAL:

And Azor had Zadok; and Zadok had Achim; and Achim had
Eliud;

HORL TAORHC DAL ANRHC 771377 OAL: 7137
WhEN OAL:

And Eliud had Eleazar; and Eleazar had Matthan; and
Matthan had Jacob;

PhB( 10T AL TICET® DAR: Nl & Ak NCATD
HOVA Hee L0 +00L::

And the son of Jacob was Joseph the husband of Mary, who
gave birth to Jesus, whose name is Christ.

APOACA. Trh @A T ANCYI° had 4T ANCHD-
ACOOT @AL: 1 AL+ had 9°Ch QLA G0CH ACAo+
@AL: 1l 9°Ch ALAeT had heata &9 anc+o-
ACOOT DAL W

So all the generations from Abraham to David are fourteen
generations; and from David to the taking away to Babylon,
fourteen generations; and from the taking away to Babylon
to the coming of Christ, fourteen generations.

ALt A LA hCOFO h9PH. A%: A9k TICLI 10T
+h&P NA: NeFe 0 Navyd.a P40 miza +4 D0t

Now the birth of Jesus Christ was in this way: when his
mother Mary was going to be married to Joseph, before they
came together the discovery was made that she was with
child by the Holy Spirit.

PG hAf: AP ANAL 104 ATP: Noh(Fh Nch:D AN
APP0C: NLIAR A4 DY

And Joseph, her husband, being an upright man, and not
desiring to make her a public example, had a mind to put her
away privately.
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70 AL TLhOA Dde: A7 aPART ACTLANC (ch 1,
tehe: NI Ak P0G @4 {PT: Al MRS TICLT°
MLA HA Al a07d 0 G0 AR ATP: 19PD-08 AR TGV

But when he was giving thought to these things, an angel of
the Lord came to him in a dream, saying, Joseph, son of
David, have no fear of taking Mary as your wife; because that
which is in her body is of the Holy Spirit.

@8, FOAL: AP: 0 TR TWH A A hFI°
NL&MTI® AP h°: (oo A L0 AT AT

And she will give birth to a son; and you will give him the
name Jesus; for he will give his people salvation from their
sins.

AR Tr0e At AIHANLC NTN% AFHZN TLEAIP et h9PH.
HoA1N:

Now all this took place so that the word of the Lord by the
prophet might come true,

ATP: &0 htmin 09,07 F@AL: Af: (av Tia
AT RO NLANAP AP9IP: CTaP<: AIPAR 924G AR

See, the virgin will be with child, and will give birth to a son,
and they will give him the name Immanuel, that is, God with
us.

20L& il &P To0LA: AR AMANEC NP HAHH
MNE: TTICLI° h&X Lk D9

And Joseph did as the angel of the Lord had said to him, and
took her as his wife;

0Tts @4 NAd ATOAL A ALLANT: (a0 £ A L0
(gog-::

And he had no connection with her till she had given birth to
a son; and he gave him the name Jesus.

THY BCEN ATL0- ATP0L: A ALTANICDT POk

And when it came to the ears of Herod the king, he was
troubled, and all Jerusalem with him.

LhCH, 3L 700 PO Nch(tA A0-2L9°: WO FFg° €99
Hov7 bt hhe-he9° o Toll AALE T2k

Then Herod sent for the wise men privately, and put
guestions to them about what time the star had been seen.

70R9° A N TR ATLE9° NG RIP: Aot A P0G
NEALYP Tl AN MDA A Ak h&7 HAP 0 F 008 A
L@ nAd HAN aPChgo::

And after hearing the king, they went on their way; and the
star which they saw in the east went before them, till it came
to rest over the place where the young child was.

Tk heTel P°0 AQP: AHEIP (Hch A Hchd(r:

And when they saw the star they were full of joy.

G (L AFe90: TE &7 9PN TICLI° A%l LALP: Go19P
AP L0 4180 AZTI° N&AI° hh OCPT 6NTT ey
18 0T UL

And they came into the house, and saw the young child with
Mary, his mother; and falling down on their faces they gave
him worship; and from their store they gave him offerings of
gold, perfume, and spices.

G0 5220 NEIPAN: NhATL ION AT L9T: NHAA
a8, G0 71C9° tavd-:

And it was made clear to them by God in a dream that they
were not to go back to Herod; so they went into their country
by another way.

ht: ATMLANEC N10%: 70LL - 1A, APOhP: H e
PORTE TLEAIR L97: B0 had Hov®-F Ak A7

And was there till the death of Herod; so that the word of the
Lord through the prophet might come true, Out of Egypt
have | sent for my son.

220 P 9O AP A M0A 9PARR AIHANLC
T0G NhATL TE-hP:

But when Herod was dead, an angel of the Lord came in a
dream to Joseph in Egypt,

WPI° UROT AH. ch&7 LLAR TPLAI° AP° AT°: H0A:
TH h&77 1ohT e G0 PL6 hld-hobh 1L (e

Saying, Get up and take the young child and his mother, and
go into the land of Israel: because they who were attempting
to take the young child's life are dead.

70 £ 0L T h&TT 1987 duH G P46
ANc-bob\ PR

And he got up, and took the young child and his mother, and
came into the land of Israel.

Table V.1: sample parallel data from Corpus |
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Appendix VI: Sample Parallel Corpus for training from Corpus II

8ofol-f\ 1967 DM 4,260, I°NENEP 677 N1AN
AAee

Federal negarit gazeta of the federal democratic
republic of Ethiopia

hd AP 13T

General provisions

Al ch1 92NN E T YTY] 6oLl A DT LN OLE D7
a vt &chl =

This Constitution establishes a Federal and
Democratic State structure.

(i aP0Lot a0t AP 8ol-AP LTPhE-(LER
670N AR L HNA PP RoPH =

Accordingly, the Ethiopian state shall be known
as the Federal Democratic Republic of Ethiopia.

&A1 At AP

Ethiopian territorial jurisdiction

&A1 THAT A& 180 AOAT Ak 48l HMFPON
e+ it Nav( T GAT° AAR (19°9°0 DT AR =

The territorial jurisdiction of Ethiopia shall
comprise the territory of the members of the
Federation and its boundaries shall be as
determined by international agreements.

(78P 047 AR

The Ethiopian flag

0'78P 6ATT A AEXE A AdAL POAPLS AN TIATIA
8 T Al el P20 DR AN TIRT V16 ACTT
LUAD =

The Ethiopian flag shall consist of green at the
top, yellow in the middle and red at the bottom,
and shall have a national emblem at the center.

AAOTAT® h(1CHTF 710 F18.9°9° LPavm =

The three colors shall be set horizontally in equal
dimension.

A0t A2LP dAT] HPaOTP V4P ACTT NBe-T 7
N22A0T F vHNFT7 72995 37 A& 1AhNCT
NTSCTTT 19°0C HAPI® +0g- H100CP & N7 =

The national emblem on the flag shall reflect the
hope of the Nations, Nationalities, Peoples as
well as religious communities of Ethiopia to live
together in equality and unity.

ROAT At 6,860\ 152 000°9° 128D OATTT KCITY
huAP9° & AAA = Tk HCHC A0 158 Q6e° (L
g L@ =

Members of the Federation may have their
respective flags and emblems and shall
determine the details thereof through their
respective legislatures.

716-® aPHI>-C A H08F

National Anthem of Ethiopia

714-® aPHa>-C A &P 10ATI T AL chl a0
VHOPT AP Al &IPSR AC%T 19°70C
HAPI® A9°rt NIOh AD<7 §& a2k, AP OLMT°
H?00CP Do+ hbdd h1 LO-OT =

The national anthem of Ethiopia, to be
determined by law, shall reflect the ideals of the
Constitution, the Commitment of the Peoples of
Ethiopia to live together in a democratic order
and of their common destiny.

rted® K12t AR 019104 PPN FP AGAM
LUOPI®

All Ethiopian languages shall enjoy equal state
recognition.

APPACT T £ Odech PP 4ol DT

Ambharic shall be the working language of the
Federal Government.

ANAT At 4.8607 198 000e9® £ (é-ch AIchl.
LOOF :=

Members of the Federation may by law
determine their respective working languages.

w23t 09k, 716 Bt AAC%P NeGa4 &Rk =

Foreign nationals may acquire Ethiopian
nationality.

werr THPANT At HCHC bl L0017 =

Particulars relating to nationality shall be
determined by law.

98 P2 WA Gender reference
QDL DHMT A = My brother is a journalist.
DOCE 190 RO TELRTY Worku do not understand me.
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&0 0 ANR-E 0AN Afe =

Theodros is fighting with his wife.

av-(v AR FPOA AA = Mulu is taking an order.

A6 aOTOC AAP = Sara got cancer.

Tk SHLORN = Micheal is talking.

AANELI® ACv NAPP AP Ibrahim need to quit his job.

0 105 1,07 NGk AL TR He will never see his kid again.
Y7004 TR AA = Hanan is smoking cigarette.
TAVTAAR AR = Tilahun is a lair.

A1t v DA T PNAL T | do not need to know the truth.
ACTHAN T4.Ch AP = Saraon is afraid of dogs.

V&N TavA (- SN TIRACT A8 = Hailu is back to the prison.
Aao<pA\ OAI° A9LSNP AR = Samuel is black American.

hG AR PDPTRG = We are Ethiopian.

AAP° G2 WY AN ATEA = Selam murdered a guy.

a9+00 0PN UL TR 11LCP = Matyas told Bekelle to stop walking.
TAGU-TING Alecht G A = Tesfahun is a hard worker.
13U0168:0 08I°H Al Getahun is listening to the radio.
MM &1PTPT Ade = Gebre is shaking.

T4 P4 hHP = Tesfu is in love.

ANN HTGLL LavAA = Abebe looks angry.

Ahar GO UG hes. = Alemu went to school.

ANTTH 1Pch AP = Almaz is tall.

0 hIPCP AP He is getting married.

T RTE G Tk R = She loves enjera.

DAL, VENLNZ, = Wolde gave me a gift.

ANav P, TN AR = Alemu is a murderer.

DAL, DLA AP = Wolde is fat.

A9/ 19k A& RHG(HP = Amare talked to his mother.
A00 19K AP = Abebe trusted her.

ANTTH BTICHT K = Almaz is a gambler.

ANTYk aPAhG Och 4 = Alemitu wrote a book.

04 9770 AP =

Tesfu is a student.

TR 13 ANLE ANPLTLA PhAeoT =

They killed his wife in front of him.

AP Pt avn G JPHPC FHRAN AP =

Samrawit can drive a car.

SPt vt 9Ch- hlovh.§ TRLMoA T1LCP =

Dawit told his friend not to get out of the car.

&P ANOUm. 019° Al = Fikadu is in trouble.

(AL 1 h@- PLAP = Belay killed his brother.

a0e-t 10 1MNA-6-C AL = Moges’s wife is pregnant.

TICH TOAAP Al = Marta is sick.

aAG7NNP%0E ANC AP = Mesfin gets drunk everyday.
Aao-p 0\ 79070t BACH AR = Samuel works for the government.

Table VI.1: Sample Parallel data from Corpus Il
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Appendix VII: Sample translated output from Post Segmented System

English — Tigrigna Translation
N.O English Input Sentences Tigrigna Output Sentences

1.| Ebriham is building a house. A&7 M LACH Al =

2.| The doctor saved aster’s life. &t &htC A0EC VROt Até4A T

3.| She will come back on friday. 7 terAd heis NG come Al friday

4.| The students are preparing for | &P9® TTIHTEAN? LHOLM. AN
presentation.

5.| He is working on the company. e £1R A =

6.| Alex had a reason to get mad. Adhh NGLe: PNt 18CP =

7.| My sister leaves outside addis Q7R &t HP/(r outside A&OH ANO AR =
ababa.

8.| She is an information science M 68 ATECTRNT AR UYL hR
student.

9.| The flood has left a lot of At flood ATIL 0l +HHEOL TVHIL
people homeless. homeless

10 He was sentenced 20 years of M 7 20 sentenced 124 =
jail.

11| The wedding is tomorrow. At ooCh PING B0 AR =

12| Her fiancé was angry with her. ¢ fiancé Nhh T9%% 124 =

13| The economy has gone down at ADST WiPhRN AFPPI® 7 corruption
because of corruption. =

14| The movie is not scary. Al 40Tl HECh ARDhTT =

15| People died because of the car | VN MO hLD NG, .
accident..

16/ Sorry i have to go, you can ebed K1 Whge hAL T WM hibak Thhd A
come 1in. #

17| My family are calling me. Gte O 198 LAMOL AAD- :

18 Meaza enjoys watching football. | Meaza hof 9°CAL PhTa =

19 Haymanot wants to be a VRTITT TLHATE P07 LRA. AR =
president.

20| Addis wants to be a teacher. A%0 aegPyYC 9PRT TLA. AP =

21| Human and democratic rights. A7 L&PPheALO7 aPhAT =

22| Human rights and freedoms, ANAR ANt G817 emanating fl A
emanating from the nature of mankind 7 62 inviolable 7
mankind, are inviolable and inalienable =
inalienable.

23 Separation of state and Separation ¥t T/LNITT =
religion.

24| Religion shall not interfere in | Y2919t Al A0l 148¢ interfere hddh =
state affairs.

25| Every person has the right to HAT Al QWeOTt G 9°NC aPAdh AAP =
life.

26/ Rights of persons accused. a0t aah Psnge =

27| Right to privacy. AN YOt =

Table VI1.1: Sample English — Tigrigna Translation
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Appendix VIII: Sample translated output from Post Segmented System

Tigrigna — English Translation

N.O Tigrigna Input Sentences English Output Sentences
1.| A0&7° M LACH Al = Ebriham is building a house.
2.| &t &htC G&  AEC VRDT AtsdaA The doctor saved aster for life.
3.0 ™M acn. tevda tavgh ke oz She %CM. will come back on tuesday.
4. | &P HWWCT TLHYENT SHOE@. hA@. : The +9WC are preparing for
presentation..
5. | M Aftt £CET LACH Al = He is in £CPF is working on it.
6. | Adhh 7ThGLe NPT 18CP = Abhft had a reason to get mad.
7.1 G718 A%t AN 0l A%0 ANO ORA My sister AtMldhe from addis ababa
he = D3A. .
8.| MM G8 AI6ECTAT AN ATIYeT hE She is an information science is
a student.
9. | &t @Y At AOT M AND 104 = The a and AlH-hT people house hAN
peoples.
10| - 7 20 GeeRt TIRACTE T4LLP = He 20 9ovg~t wards T4489.
11| OINCYT At aPCh 60 AR = For the the @°C% is tomorrow.
12| ¢ e Nak +GLG 104 Her candidate was angry with her.
13 &t ADTUL NRICT WOHLT  ArIBARA = The ADG9L a “10HLGT RidhR(x-.
14| 471 9t A0 AHGHP Amare talked to his father AHSOP.
15| At &AL H&Ceh ARNTY: The movie is not scary.
16| AF° a0t QFNILT ALY oG PRI The people a of a car accident.
17| P& A1 WL AAL: A hikkk thhd Sorry i: you can come in.
R
18 0&c8 748 LAMOL AND- i 0&4L are calling me.
19| 19 hedn I°ChL PhTa : T9H enjoys watching football.
20| VeIt T&NATE PR AL AP = Haymanot wants to be a president.
21| A&h @PuC PNT HLA. AP = Addis wants to be a teacher.
22| A NAd7 LPPhe(LLf@7 avaAt = Human and democratic rights.
23 AR eeaAt? Gort 7 bl +4PC HCA Human rights and freedoms of
A0 HFAFA HEMhA 7 HROYG 7 APPP natural race and collect HEMh(k
and HRDIY0 and are
24| PPFAAL P PINET YIS T = PTAAL state and religion.
25| YeTITt A®Y AQl TR @It WS Religion, the internal affairs of
ARWT@-7 government A& APhTO-7.
26| 11 AN WeoF §8 9°NC PO AAP = Every person has the right to
life.
27| Pah MGG a0F The H+hGk persons.
28 9°0h PROCT HAPT D0 VLD = To the right to protection to.
20| Wit AN NHEe HHT AL AhFOt HovAke Any without any interference MOt
AChh® Dl &hh = opinion haH may
30 “rPé 38 Article 38

Table VII1.1: Sample Tigrigna — English Translation

Bidirectional Tigrigna — English Machine Translation

104



Declaration

I, the undersigned, declare that this thesis is my original work and has not been presented for a
degree in any other university, and all source of materials used for the thesis have been duly

acknowledged.
Declared by:

Name : Mulubrhan Hailegebreal

Signature :

Date : June, 2017

Confirmed by advisor :

Name : Martha Yifiru (PhD)

Signature :

Date : June, 2017

Bidirectional Tigrigna — English Machine Translation 105



