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Abstract

Natural language processing is the ability of computers to generate and interpret natural
language. Machine translation is a sub-field of natural language processing that investigates the
use of computer software to translate text or speech from one natural language to another.
Ethiopia needs to cope up with the technology others are pursuing. Thus, the purpose of this
study is to develop a bidirectional English-Amharic machine translation system using constrained
Ccorpus.

This research work implemented the statistical machine translation approach. In order to realize
the goal, two different corpora were prepared and collected; the first corpus consisted of simple
sentences and the other, complex sentences. Two language models were developed, one for
Amharic and the other for English so as to ensure a bi-directional translation. Translation models
were built which assigns a probability that a given source language text generates a target
language text. A decoder was used which searches for the shortest path and expectation
maximization algorithm was used for aligning words in the accurate order.

Experiments were carried out based on the dataset and results were recorded. The experiments
were taken separately, one for the simple sentences and the other for complex sentences. The
result obtained for the simple sentence using BLEU Score had an average of 82.22% accuracy for
the English to Amharic, 90.59% for the Amharic to English and using the manual questionnaire
preparation method, the accuracy from English to Amharic was 91% and from Amharic to
English was 97%. For the complex sentences, the result acquired from the BLEU Score was
approximately 73.38% for the English to Amharic, 84.12% for the Amharic to English and from
the questionnaire method from English to Amharic was 87% and from Amharic to English was
89%. From this, we can see that the difference with the BLEU score and the questionnaire
preparation method is not that visible so we can use both methods as reference.

As a result, with 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.
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CHAPTER ONE

INTRODUCTION

Ever since the emergence of modern technology, most of the day-to-day activities of man
have been performed with the assistance of different kinds of machines. Countries all over
the world are utilizing these machines to make life easier. Ethiopia is one of the countries
that have been trying to cope-up with the new technology the world has reached.

Ethiopia is a multi lingual country with over 80 distinct languages [1], and with a
population of more than 84,734,262 as authorities estimated on the basis of the 2011 census
taken from World Bank. Amharic being the official language of Ethiopia is spoken by a
substantial segment of the population and it is ranked as the second language that has
native speakers, which is preceded by the language Oromifa. In the 2007 census, 21.6
million speak Amharic which is 29.33% of the population. Owing to political and social
conditions and the multiplicity of the languages, Amharic has gained ground throughout
the country. The language is used in business, government and education. Newspapers are

printed in Amharic as are numerous books on many subjects.

Although Ethiopia is the oldest independent nation in Africa [2], the country has not been
using the technology as well as it should. Therefore, it becomes a necessity for the users to
have a clear understanding of the communication media used in these devices in order to be
competitive in the aspect of technology. Despite of the fact that almost all devices use

English language, there must be a way to facilitate the implementation of every application.



Most important data such as literatures, e-books, research documents, papers and other raw
facts are written in English. As a developing country, Ethiopia needs this information.
Since it is inconvenient to document all the data in hard copies by translating them to
Ambharic, people need a way to access the data only when necessary. The people also
demand to have clear understanding whenever they come across letters and personal e-
mails written in English or whenever they want to express themselves in English.
Nevertheless, it gives them a hard time looking for human translators as they might have
private issues they usually do not want others to know about. Therefore, it is a necessity to
come up with a solution that solves the problem they face especially with the
confidentiality of their information. One way to meet their need is developing a
bidirectional English Amharic machine translation system.

Translation is not a word-for-word substitution. A translator must interpret and analyze all
of the elements in the text and know how each word may influence another. In order to
achieve a better quality from a translation, a combined effort of the machine and the human
mind is used. Machine translation is a sub-field of computational linguistics that
investigates the use of computer software to translate text or speech from one natural
language to another [3]. Machine translation performs substitution of words in one natural
language for words in another, but that alone usually cannot produce a good translation of a
text, because recognition of whole phrases and their closest counterparts in the target

language is needed.

Translation as an art of rendering work of one language into another is as old as written
literature. In this modern civilization of ours, the need for translation is ever growing and
its importance in the field of business, economics and industrialization can’t be ignored.
These needs coupled with the modern scientific advancements paved the way to the

conception of modern machine translation.

The term 'machine translation' refers to computerized systems responsible for the

production of translation with or without human assistance. It excludes computer-based



translation tools which support translators by providing access to on-line dictionaries,
remote terminology databanks, transmission and reception of texts, etc. The boundaries
between MAHT (Machine-Aided Human Translation) and HAMT(Human-Aided Machine
Translation) are often uncertain and the term CAT (Computer-Aided Machine Translation)
can cover both, but the central core of machine translation itself is the automation of the
full translation process.

With the emergence of Personal Computers, machine translation gained a strong
momentum giving birth to commercially available software and hardware with translation
tools and powerful dictionaries. But relentless research on the development of MT is going
on to tackle problems in the various fields of application.

Ideally, machine translation is a batch process which is applied to a given text which
produces a translated text which then only needs to be printed out. There are always the
possibilities of multiple translations of the same text of requirements. MT is different; there
cannot be a perfect automatic translation. The use of an MT system is contingent upon its

cost effectiveness in practical situations [18].

Many countries are utilizing the machine translation system as a way of using and
providing services for the public and paving a way to make themselves familiar to the ever
growing technology. Ethiopia is a developing country that is working its way up to the top.
Although the country is not accustoming to the technology as well, it’s a necessity to
follow the footsteps of others. And one feature to be acquainted to the technology is
machine translation. It covers all branches of computational linguistics and language

engineering, wherever they incorporate a multilingual aspect.

The main goal of this study, Bidirectional English-Amharic machine translation, is to
translate English texts into Amharic or the vice versa by using a machine in a form that is
understandable by human. Out of the approaches that are used in machine translation, this

study plans to use a statistical machine translation.



1.1. Background

A given human language, whether written or spoken, is a fundamental part of human
communication. Any hope of providing computer systems that claim intelligence
approaching that of a human, therefore, rests on the hope of providing communication in
natural language. Natural language is one of the fundamental aspects of human behavior
and is a crucial component in our lives. It is a tool for communicating all around the world.
Natural language processing can be described as the ability of computers to generate and

interpret natural language [2].

Natural language processing, also called computational linguistics is widely regarded as a
promising and critically important endeavor in the field of computer research. The goal of
computational natural language processing is to create computational representations of the
relationships that hold between language and some computational model (a knowledge
base or a database schema) of the world; and to exploit those relationships to understand
and generate language as appropriate to some set of tasks. The general goal for most
computational linguists is to let the computer have the ability to understand and generate
natural language so that eventually people can address their computers through text and

speech as though they were addressing another person.

One of the reasons that have created a great interest in NLP is the fact that most human
knowledge is recorded using natural language. Only computers that have the capability to
understand natural language can access all the information contained in the natural
language efficiently. The applications that will be possible when NLP capabilities are fully
realized are impressive; computers would be able to understand and process natural
language, translate languages accurately and in real time, or extract and summarize

information from a variety of data sources, depending on the users' requests.

NLP demands deep NLU and modeling the natural language so that computer programs
that act appropriately on the information contained in the text or utterance of the language

can be developed.



In the natural language processing world, each and every language should be well
understood by the machine so as to communicate very well. The process that lets machine
understand the different languages used all around the world is called machine translation.
Machine translation uses computer software to translate text or speech from one natural
language to another [2]. Of the approaches followed in machine translation, this research
work plans on using statistical machine translation so as the process of bidirectional
translation could be performed.

English is a language that is mainly spoken on different parts of the world. Most of the
materials, software or other applicable literatures are written in English. Amharic being the
main spoken language in Ethiopia, it is undeniable that the people need the data written in
English and they also need some sort of way to communicate with others. Since most
countries use English language, the main language that is needed for communication with
countries outside Ethiopia is English. That is why the bidirectional English Amharic
machine translation is used. It translates the languages both ways so as it could be easier to
know the language very well and it could also be applicable for those who want to translate

English to Amharic or Amharic to English.

1.2. Statement of the Problem

A great deal of research has been conducted on NLP, and currently, there are systems that
translate a text from natural language input texts for languages such as English, Chinese,
German, Finish, etc. However, only one system, English Amharic Statistical Machine

Translation, is being developed in Ethiopia.

The main factor that initiated for this study to be carried out is due to the fact that an
application that translates English texts into Amharic or the other way is not available at
hand for the time being. 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. In



addition, it can be more important to get the result without delay which is hard to
accomplish with a human translator. That is when machine translation comes in, that solves

most of the problems caused by a human translator.

Following the different approaches of machine translation, a satisfactory translation could
be performed that will be used by numerous streams in our country. 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. For various reasons, the translation of English
texts in to Amharic, or the other way around becomes a necessity which is why this study is
proposed. The English-Amharic machine translation mainly tries to accomplish an efficient

translation with respect to accuracy as well as time.

1.3. Objectives
1.3.1. General Objectives

The general objective of this study is to design and develop a bidirectional English-
Ambharic machine translation system using constrained corpus.

1.3.2. Specific Objectives

The specific objectives of this study are to:

e Review the techniques on how to develop the system
e Collect a bilingual parallel corpus
e Design the architecture of the system

e Develop a prototype for the system; and

e Test the performance of the system both ways, that is from English to

Ambharic as well as from Amharic to English



1.4.  Significance of the Study

The main contribution of this research work is:

Translation of reading materials, such as scientific journals, e-books

and other researches, so it could be used when necessary.

Information Retrieval by using key words, that is, if a user wants to
retrieve a document that has already been translated and at hand, the
user can search for the document by using a key word.

Speech to Speech translation, meaning if someone wants to work on
speech to speech translation, it would be easier because the text to text
translation is already at hand.

Personal privacy because human translators won’t interfere.

Improving efficiency as compared to manual translation.

1.5.  Scope of the Study

The scope of the study is on the implementing of bidirectional translation on the languages

English and Amharic using constrained corpus. It is called ‘Constrained’ because some of

the corpus used is prepared manually and the other is collected and examined carefully.

Translation was performed mainly on simple sentences and based on those sentences it

experiments on how the system translates from English to Amharic as well as Amharic to

English. It was also tested on complex sentences to see and identify its applicability.



1.6. Limitation of the Study

The following are considered as the limitation of this research work:

e The main prototype developed in the study parses only simple Amharic
sentences that are not more than four words, although a different corpus was
prepared that entails complex sentences.

e  This study uses a small sample prepared corpora due to a lack of large annotated
corpora in the language pairs. Generating such large corpora is very expensive
and time consuming. Although it is essential to produce such corpus, it was not
generated for the purpose of this study due to time limitations and other

constraints.

1.7.  Methodology of the Study

1.7.1. Literature Review

Secondary data sources, like books, articles, publications and other previously written
resources related to the topic were referred so that there could be more understanding about
this particular subject matter. Researches related to this study were compiled so as to know

the pros and cons of various machine translation techniques.

1.7.2. Data Collection
Sample text corpora were collected from relevant data sources with parallel text. The
corresponding sentences, phrases and words in both halves were identified. Query
preparation was performed so as to get ready for the testing process and alignment was also
implemented in order for the sentences to make sense. Simple sentences were manually

prepared and complex sentences were also collected to test its applicability.



For the simple sentences, 1020 sentences were manually prepared and for the complex
sentences, 1951 were collected. That is, 414 from the Public Procurement Directive and
1537 sentences from the Bible. But these corpora are not that large because it was hard to
find resources that mainly contain texts which are used in the day-to-day activities of
human beings. Most of the resources are domain specific, for example, law, directives,

Bible and so on.

1.7.3. Software Tools

The relevant tools for the developing of the English-Amharic machine translation were
selected and used:

e VMware workstation, a workstation that enables users to set up multiple virtual
machines (VMs) and use them simultaneously along with the actual machine.

e Ubuntu 11.04, an operating system which is suitable for the Moses environment

e Moses, a statistical machine translation system that automatically trains translation
models for any language pair.

e Gizat++, a word alignment tool

e MKCLS, a tool to train word classes

e [RSTLM, a language modeling kit

e BLEU Score, to evaluate the system

¢ Notepad, to make the corpus in system understandable way

e Microsoft Office 2007, software for the documentation of the study.

1.7.4. Experiment and Testing
The proposed system was tested to evaluate its performance. The query that has been
prepared was used to test the system. To this end, the prototype of the system has been

developed.



1.8. Organization of the Thesis

This section describes the organization of the rest of the research work. The next chapter
briefly discusses about an overview of the Amharic language and how it differs from
English. The third chapter will reveal the general applications of machine translation and
the types are briefly identified. In this chapter, related works that has been done on

machine translation are also generally described.

The fourth chapter, which is the main contribution of this research work, discusses about
the Bidirectional English Amharic machine translation. Included in the discussion is the
overall process that has been followed in order to make this study work.

The fifth chapter briefly describes the process of experiment and results. That is, it explains

how the system is tested with the query provided.

Chapter Six, the last chapter, presents conclusions and recommendations based on the
findings of the study. This chapter also indicates some pointers to future works. A

reference list used for further reading is also included at the end of this chapter.

The appendices attached at the end provide additional information on some of the topics

discussed in the different parts of this study and are found at the end of the last chapter.
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CHAPTER TWO
THE AMHARIC LANGUAGE

2.1. Introduction

Ethiopia is a country that entails different nations and nationalities with over 80 distinct
languages. Of all the languages being spoken, Amharic is a widely spoken language all
over the country. It is a Semitic language mostly spoken in North Central Ethiopia.
Amharic is the "official" language of the Federal Democratic Republic of Ethiopia and thus
has official status nationwide. It is also the official or working language of several of the
states within the federal system, including Amhara and the multi-ethnic Southern Nations,
Nationalities and Peoples region. It has been the working language of government, the
military, and the Ethiopian Orthodox Church throughout modern times. Outside Ethiopia,
Ambharic is the language of some 2.7 million emigrants (notably in Egypt, Israel and
Sweden), and is spoken in Eritrea by Eritrean deportees from Ethiopia. It is written using a

writing system called fidel or abugida, adapted from the one used for Ge'ez language [2].

This chapter briefly discusses on the different characteristics of Amharic words and
sentences as compared to the English language. The major Amharic word classes, which
are nouns, verbs, adjectives and conjunctions, are also discussed in this chapter. Pronouns
are treated under the noun category. The various phrase structures of the Amharic language
such as noun phrases, verb phrases, adjectival phrases, adverbial phrases and prepositional
phrases, and sentence formalisms of the language, more importantly the features of
Ambharic simple and complex sentences, are all discussed in this chapter. To the better
understanding of the material in this section, the chapter begins with a brief review of the

language and Amharic alphabet.
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2.2. A Brief Overview of Amharic Language

Ethiopia, officially known as the Federal Democratic Republic of Ethiopia, is a country
located in the horn of Africa that has its own different ethnic groups and languages. Ge'ez
is the ancient language, and was introduced as an official written language during the first
Axumite kingdom in Ethiopia when the Sabeans sought refuge in Axum. The Axumite
developed Ge'ez, a unique script derived from the Sabean alphabet, and it is still used by
the Ethiopian Orthodox Tewahedo Church today [4]. Tigrigna and Amharic (Amharigna)
are the modern languages which are derived from Ge'ez. Amharic is the official national
language of Ethiopia. It belongs to the Afro-Asiatic language family which includes
Arabic, Hebrew and Assyrian. Although other languages are spoken in Ethiopia, Amharic
is the most widely used and well understood language.

Ethiopian Languages are divided into four major language groups. These are Semitic,
Cushitic, Omotic and Nilo-Saharan. Amharic is a Semitic language. The majority of the 25
million or so speakers of Amharic can be found in Ethiopia, but there are also speakers in a
number of other countries, particularly Eritrea, Canada, the USA and Sweden [5]. The
name Amharic came from the district of Amhara in northern Ethiopia, which is thought to

be the historic centre of the language.

2.3. Amharic Alphabet

Ambharic is written with a version of the Ge'ez script known as Fidel. Unlike Latin
language, Amharic script is far more complex because every first letter has six suffixes.
The Amharic fidels are illustrated in the following figure. Other than those alphabets, there

are also around forty labialized characters such as “® 1.4, Q. A...”.
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Figure 2.1. The Amharic Fidel
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2.4.  The Amharic Morphology

The roots of verbs and most nouns in the Semitic languages are characterized as a sequence
of consonants or "radicals” (hence also the term consonantal root). Such abstract
consonantal roots are used in the formation of actual words by adding the vowels and non-
root consonants (or "transfixes") which go with a particular morphological category around
the root consonants, in an appropriate way, generally following specific patterns. It is a
peculiarity of Semitic linguistics that a large majority of these consonantal roots are
triliterals (although there are a number of quadriliterals and in some languages,
also biliterals). A triliteral or triconsonantal root is a root containing a sequence of three
consonants.

As with many Semitic languages, Amharic uses triconsonantal rootsin its verb
morphology. The result of this is that a fluent speaker of Amharic can often decipher

written text by observing the consonants, with the vowel variants being supplemental detail

[2].

2.4.1. Personal Pronouns
In most languages, there is a small number of basic distinctions of person, number, and
often gender that play a role within the grammar of the language. We see these distinctions
within the basic set of independent personal pronouns. The following figure shows some

examples.

. 4

Figure 2.2. Independent Personal Pronouns
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2.4.2. Subject-Verb Agreement
All Amharic verbs agree with their subjects; that is, the person, number, and (second- and

third-person singular) gender of the subject of the verb are marked by suffixes or

prefixes on the verb.

< A _4

Figure 2.3. Subject-verb agreement

In the above figure, the letter "4 ()" and the letter "v- (&)" in the words "a¢x+" and
"heu~t" respectively, explain the gender of the person. The words "av+" and "@7£9°" being

the root words, "a" explains the person saying the sentence being possessive ("my").

2.4.3. Object Pronoun Suffixes

Ambharic verbs often have additional morphology that indicates the person, number, and
(second- and third-person singular) gender of the object of the verb.

4

Figure 2.4. Amharic Morphological Structure

-
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While morphemes such as (-a+) in the above figure are sometimes described as
signaling object agreement, analogous to subject agreement, they are more often thought of
as object pronoun suffixes because, unlike the markers of subject agreement, they do not
vary significantly with the tense/aspect/mood of the verb. For arguments of the verb other
than the subject or the object, there are two separate sets of related suffixes, one with
a benefactive meaning (to, for), the other with an adversative or locative meaning (against’,
to the detriment of, on', at).

Figure 2.5. Benefactive and adversative meanings of a sentence

The above figure clearly shows the benefactive (to, for) and adversative (on, at) meanings

of an Amharic sentence.

2.4.4. Possessive Suffixes
Ambharic has a further set of morphemes that are suffixed to nouns, signaling possession:
a7 house

a4  my house

(X her house
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In each of these four aspects of the grammar, independent pronouns, subject—verb
agreement, object pronoun suffixes, and possessive suffixes, Amharic distinguishes eight
combinations of person, number, and gender. For first person, there is a two-way
distinction between singular (I) and plural (we), whereas for second and third persons,
there is a distinction between singular and plural and within the singular a further
distinction between masculine and feminine (you m. sg., you f. sg., you pl., he, she, they).

Amharic is apro-drop language. That is, neutral sentences in which no element is

emphasized normally do not have independent pronouns:
ATPEPT 1 he's Ethiopian
075,17 | invited her

The Amharic words that translate he, I, and her do not appear in these sentences as
independent words. However, in such cases, the person, number, and (second- or third-
person singular) gender of the subject and object are marked on the verb. When the subject

or object in such sentences is emphasized, an independent pronoun is used:

Al ATPEPP D he's Ethiopian
A% 057 | invited her
A% 0HG T | invited her

Ambharic has a complex morphology. Word formation involves pre-fixation, suffixation, in-
fixation, reduplication and Semitic stem inter-digitations, among others. Like other Semitic
languages, Amharic verbs and their derivations constitute a significant part of lexicon. In
Semitic languages, words, especially verbs, are best viewed as consisting of discontinuous

morphemes that are combined in a non-concatenative manner [6].
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2.5. Ambharic Phrasal Categories

A phrase is a structure in a language that is constructed from one or more words in the
language. In Amharic, phrases are categorized into five categories, namely noun phrase,
verb phrase, adjectival phrase, adverbial phrase and prepositional phrase [21]. Each phrase
type can be categorized into ‘simple’ (where only one word class is represented) and

‘complex’ (where more than one word classes are represented).

2.5.1. Noun Phrases
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 a single noun (e.g. Abebe) or pronoun such
as acr (he), A4, (she), A1t (they), etc. A complex NP can consists of a noun (called head)
and other constituents (like complements, specifiers, adverbial and adjectival modifiers)
that modify the head from different aspects [21]. For example, in the NP ¢ fad.@- 497t
$72 oo g ‘That last week’s beautiful car’, ¢ ‘that’ is a specifier, £A4.@« A9 7t ‘last week’s’
is an adverbial modifier, #72 ‘beautiful’ is an adjectival modifier specifying the material
from which the object named by the aoh.§ ‘car’ (head) is made of. The grammar rule for the
above example NP can be formulated as:
NP => Spec AdvP Adj NP

2.5.2. Verb Phrases
A verb phrase is composed of a verb as a head and other constituents such as complements,
modifiers and specifiers. For example, in the VP @ga¢- 28+ ‘she went to work’, @&a¢- ‘to
work’ is prepositional phrase (PP) modifying the verb 28+ ‘went’ from the place point of

view. Therefore, structure rule for this example VP is:

VP => PPV
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2.5.3. Adjectival Phrases
The construction of Amharic adjectival phrase is similar to that of a NP and a \VVP. It can be
composed of an adjective (head), and other constituents such as complements, modifiers
and specifiers. For example, in the AdjP ¢ nmg® ¢o1.29°C ‘That very handsome (boy)’, £
‘that’ is a specifier, 0NM9° ‘very’ is a modifier modifying the head of the AdjP, ?91.£9°C

‘handsome’. The structural rule governing this phrase is:
AdjP => Spec Adv Adj

2.5.4. Prepositional Phrases
Prepositional phrase is constructed from a preposition (P) head and other constituents such
as nouns, noun phrases, verbs, verb phrases, etc. In the PP 4722 A704 04C ‘like an animal
on the forest’, for instance, 47% ‘like’ and 01 ‘on’ are prepositions which are combined with
the nouns A7Aa ‘an animal’ and 4C ‘the forest’, respectively to form their PPs. The two
PPs, in turn, combine to result in the bigger PP that is provided in the example. This PP is

formed by the structural rule:

PP => PP PP
And each of the PPs on the right hand side can further be analyzed as:
PP=>PN

2.5.5. Adverbial Phrases
An Adverbial phrase is constructed from one or more adverbs in the language. In the
example, h¢& 29T ‘she is severely ill’, h¢& ‘severely’ (head) is the only adverb that
formed the AdvP and is governed by the rule:

AdvP => Adv
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2.6.  Amharic Sentence Structure
The sentence structure for Amharic language is a Subject-object-verb structure unlike
English with a subject-verb-object combination. We can take the following as an Example.

Figure 2.2. Structure of Amharic and English languages

Like English, Amharic nouns are words used to name or identify any class of things,
people, places or ideas or a particular one of these. An important property of the Amharic is
that any word that comes at the end of a complete grammatical Amharic sentence is a verb.
As an outcome of this property, a word at the end of such a sentence is expected to be
tagged as a verb by an Amharic tagger. Amharic verbs are also known for taking such
subject markers as “v-* v h: T...” and so on. Adjectives in Amharic usually precede
the nouns that they modify or describe.

N
Figure 2.3. Sentence structure of Amharic and English Languages

Although the exact combination for the above Amharic sentence when converted to
English is: “the boy is a clever student”. In the above example, the adjective 72 0 1 “clever”
precedes the noun -+99¢ “student” which it modifies. But it does not mean that a word is an
adjective just because it precedes a noun. For instance, in 2% A& “This boy”, the word
£% “This” precedes the noun A & ‘boy’. Although the word “g % > functionally shares the
feature of an adjective (modifier), it is a pronoun, a demonstrative pronoun.

Based on the number of verbs they contain, sentences can be classified into two: simple

and complex sentences.
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2.6.1. Simple Sentences
A simple Amharic sentence consists of an NP, which is the subject, followed by a VP that
comprises the predicate.

¢ hgt -
The door open is
The door is open
The morphemes like /-&/ that is attached to a verb (e.g. oo -A.) refers to definiteness and
number of the subject, and objects of the sentences. The morpheme that indicates the
subject always precedes the morpheme that indicates the object. A given simple sentence
may describe the state of being of the subject or an action that takes place in the sentence.

Example: #%a 2h+C

Rahel is a doctor; this sentence describes the present state of being of Rahel.
Researchers classify simple sentences into four, namely: declarative sentences,
interrogative sentences, negative sentences and imperative sentences. Declarative sentences
are used to convey ideas and feelings that the speaker has about things, happenings,

feelings, etc, that could be physical, mental, real or imaginary.

Example: YA BhiC PrF
Rahel became a doctor
A sentence that questions about the subject, the complement, or the action the verb

specifies, is called an interrogative sentence.

Example: EA TE LhAC UPr?

When did Rahel become a doctor?
In order to construct interrogative sentences, Amharic sentences usually involve such
interrogative pronouns as °77 ‘who’, 9°7 ‘what’, ¢+ ‘where’, 07t ‘how many’, and o>’
‘when’. These interrogatives can then be combined with prepositions to produce some
more interrogative prepositional phrases like h97? ‘from whom’, A9°7 ‘why’, etc. One

interesting feature of Amharic interrogative sentences is the fact that the interrogative
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pronouns usually appear at the same position of the sentence where the thing being
enquired would also appear.

Negative sentences simply negate a declarative statement made about something.

Example: B PhTC ALLNTIP

Rahel is not a doctor
Simple imperative sentences convey instructions and mostly their subject is a second
person pronoun that is usually but implied by the suffix on the verb.

Example: %9 (14!
shut up!
For the purpose of this study, the type of sentence used is the simple sentence. Complex

sentences are also used but not exhaustively as the simple sentences.

2.6.2. Complex Sentences
Complex sentences in Amharic are those sentences that are composed of complex phrases
such as NP, VP, or AdjP. The pattern of combination could take the form of a complex NP

and a simple VP, a simple NP and a complex VP, or both complex NP and VP.

A complex NP is one that contains an embedded sentence with in it. The phrase, for
instance, & PHTO PHNAT ATRAA ‘The rotten egg that Rahel bought’ is a complex NP
whose head is aA7®AA ‘egg’. This head has been combined with the complement ¢+0AR
‘rotten’ in order to produce the simple NP ¢+0AQ A7eAA ‘a rotten egg’. This simple NP, in
turn, was combined with the dependent clause ¢-hvé\ 1@ ‘that Rahel bought” to produce
the above complex NP. The presence of the ¢ ‘that’ in it indicates that the clause is a

subordinate clause and it cannot stand alone.
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Similarly, a VP is complex if it contains more than one verb or a sentence within it. That is,
like a complex NP, a complex VP also contains an embedded sentence that plays the role

of a compliment or a modifier.

Zdvd) SUI° DL bAE (AL 1-L01T
Rahel was happy because Nahom went to college

The dependent clause here is Grr9® @f hAS AA2L ‘because Nahom went to college’ and aa
is the part that made the clause dependent. As this clause indicates the reason for ‘Rahel’s
happiness’, it is used as an adverbial clause of reason.

Simple sentences are composed of simple noun phrase and simple verb phrases while
complex sentences can consist of a complex NP and a simple VP, a simple NP and a
complex VP, or a complex NP and a complex VP.

2.7.  Articles
Articles are words used with a noun that specify whether the noun is definite or indefinite.

English articles have three semantic choices for article selection:

= Definite article: the
= |ndefinite article: a, an, some, any
= No article
Ambharic language doesn’t require articles that appear before nouns. Instead suffixes are

added to show definiteness instead of using definite article.
E.g. The boy: s .2

In this example, “boy” refers to & & and the definite article “the” is replaced by the suffix
A, inwhich it is pronounced as & & -4 (lij-u).
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2.8.  Punctuation Marks
Punctuation marks are symbols that are used to organize and clarify the meaning of
writing. Almost all punctuation marks used in English and Amharic are different. The

following punctuation marks are used, in both languages, for the same purpose:

=  Question mark (?): placed at the end of a sentence intended as direct
question.

= Exclamation mark (!): placed at the end of a sentence to symbolize the anger,
surprise or excitement of that particular sentence.

= Bracket (()): to enclose an additional inserted word.

= Hyphen (-): to link the parts of a compound word or phrase.

The above punctuation marks are “t’iyake milkit”, “kale agano”, “kinif” and “serez”,
respectively in Amharic. The punctuation mark, apostrophe (), is not used in Amharic. For

example,
The boy’s habit - £ A % A 776

Here the word “the boy’s” is translated as “? & %.”. For the suffix (’s) in English also adds
the suffix (¢ ) in Amharic. There are also other punctuation marks that are not used in
Ambharic, such as, bracket ([ ]), colon (:), swung dash (~) and so on, the colon is used in

Ambharic but for a different purpose.
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Table 2.1. Punctuation marks used in both languages

White space space To separate words
character
period To show the end of a sentence
, H Comma To separate words or figures in a list
; semicolon To indicate a pause longer than a comma
“"or’ “r Quotation Used around direct speeches, quotations or
mark to give emphasis to a word or phrase

The task of taking an input sentence and inserting legitimate word boundaries, called word

segmentation, is performed using the white space characters in English. In Amharic, that

uses Geez script for textual purpose and “:” characters are used to separate words from each

other. For the sake of simplicity, we will remove the punctuation marks in Amharic. That

is, we’ll be using ‘space’ instead of ‘hulet net’ib’.

2.9. Conjunction

Conjunctions are used to connect words, phrases or clauses. Conjunctions in Amharic are

coordinating or subordinating. They coordinate words, phrases, clause and sentences. The

following are a list of English coordinating and subordinating conjunctions and their

Ambharic equivalent.
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Table 2.2. Coordinating and Subordinating Conjunctions

As a result, Consequently, therefore, so

AALYT OHUP T+ AAPT P

And hq
But 17
For A

Or o e, J°
Yet 14

As, as if h7k
Because Pl 1 A
Even if nwz e
However, Although, though, even though re e
Whenever aif go
Wherever e o
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CHAPTER THREE
LITERATURE REVIEW

3.1.  Introduction

As mentioned earlier, the objective of this study is to design and develop a bidirectional
English-Amharic machine translation system using constrained corpus. The human
translation process may be described as decoding, the meaning of the source text, and re-
encoding, the meaning in the target language. Behind this ostensibly simple procedure lies
a complex cognitive operation. To decode the meaning of the source text in its entirety, the
translator must interpret and analyze all the features of the text, a process that requires in-
depth knowledge of the grammar, semantics, syntax, idioms, etc., of the source language,
as well as the culture of its speakers. The translator needs the same in-depth knowledge to
re-encode the meaning in the target language. Therein lays the challenge in machine
translation: how to program a computer that will understand a text as a person does, and
that will create a new text in the target language that sounds as if it has been written by a
person [2].

Machine translation performs simple substitution of words in one natural language for
words in another, but that alone usually cannot produce a good translation of a text,
because recognition of whole phrases and their closest counterparts in the target language
is needed. Solving this problem with corpus and statistical techniques is a rapidly growing
field that is leading to better translations, handling differences in linguistic typology,
translation of idioms and the isolation of anomalies. In this study, statistical machine
translation, the chiefly used approach of machine translation, was used [2]. Though it is
difficult to find large corpora, a small parallel corpus was prepared and a linguist was
contacted to verify the translation so as to have an effective result.

This chapter briefly identifies the details on machine translation, the several approaches
and types of machine translation and how those types will be applicable in this wide
spreading technological world are also discussed in this portion of the research work. It

also discusses other studies that have been performed which are related to this study.
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3.2. Machine Translation

Machine translation is automated translation. It is the process by which computer software
is used to translate a text from one natural language (such as English) to another (such as
Amharic). To process any translation, human or automated, the meaning of a text in the
source language must be fully restored in the target language, i.e. the translation. 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 of the elements in
the text and know how each word may influence another. This requires extensive expertise
in grammar, syntax, semantics, etc., in the source and target languages, as well as
familiarity with each local region in which syntax and semantic mean sentence structure

and meanings respectively [2].

Human and machine translation each have their share of challenges. For example, no two
individual translators can produce identical translations of the same text in the same
language pair, and it may take several rounds of revisions to meet customer satisfaction.
But the greater challenge lies in how machine translation can produce publishable quality
translations. As companies are faced with higher volumes of content that require
translation, and as the time allotted for these projects shrinks, more and more organizations
are weighing the pros and cons of machine translation as a viable solution to tackle these

time-critical projects.

Combining machine translation with complementary technologies and human translators,
quick, reliable and usable translations for review of large volumes of text can be produced,
all completed in a fraction of the time that would be required for a standard translation
process. While machine translation quality falls far short of human translation, if used
properly in conjunction with human reviewers, the utility of machine translation can be
stretched to include both non-distribution applications including document review, legal
discovery, and internal correspondence, as well as distribution-level materials for which

extremely fast turnaround times are a requirement.
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Machine translation has some advantages and disadvantages. The merits of machine

translation are:

Quick Translation: using the machine translation system enables you to save
your time while translating large texts.

Low price: if a professional translator is hired to translate a text, enough money
should be paid for each page but very often we need just a point of matter,
general idea. In this case machine translation system is reliable and effective.
Confidentiality: Many people use machine translation systems to translate their
private emails, because no one would agree to give a private correspondence to
translator who is not known, or no one would entrust documents to other people.
Universality: Usually a professional translator becomes specialized in a definite
field, but machine translation system can translate any text about any area.
Online translation and translation of web page content: The advantage of
online translation services is obvious. Online translation services are at hand and
you can translate information quickly with this service. Furthermore you can
translate any web page content and query of search engine by the use of machine

translation systems.

As every concept has an advantage, it also has a disadvantage. So, the demerits of machine

translation are:

Lack of superior exactness: entrusting machine translation system is hard if

superior exact translation of the official documents, agreements and so on is

needed.

Inferior translation quality of the texts with ambiguous words and sentences:

machine translation is based on formal and systematic rules so sometimes it can’t

solve ambiguity by concentrating on a context and using experience or mental

outlook as a human translator.
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3.2.1. History of Machine Translation
Machine translation got off the ground in the late forties right after the World War 11 and
there were several events which led the development of machine translation. MT was
constrained by several factors: limitation of hardware particularly, inadequacy of memories
and slow access and unavailability of high level programming language. The linguistic
study was not correlated with machine translation research, so researchers relied on the
dictionary- based approach and the application of statistical method [13].
Military intelligence needs were the main concern of the translation task in this period.
Translating large volumes of technological research gave a boost to the American
Industrialization.
Faced with technical constraints, early researchers knew that there could be no perfect high
quality translation, and suggested human involvement in the translation process. They also
proposed the “development of controlled languages and restriction of systems to specific
domains.”
A criterion was set concerning the success and failure of machine translation in its first 50
years of research and development [13]. These criteria are the conceptual, engineering,
operational, commercial and communicative criteria.

1. The conceptual level concerns primarily the researchers in processing new
interesting concepts and demonstrating their feasibility and advantages in
laboratory prototypes.

2. The engineering level primarily engages the developers in implementing innovative
architects in using better programming technique to build prototypes or system.

3. The operational level primarily concerns the users in running prototypes or systems
in a cost efficient and satisfactory way under operational conditions.

4. The commercial level concerns vendors and should be judged in terms of financial
returns not the number of installations or client.

5. The communicative level concerns the image that decision-makers and the public

will form about the field in general.
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3.2.2. Machine Translation Approaches
MT has taken long strides in research and development, but still it has a long way to go.
With present computer developments and its viability for integration to Machine
Translation, there is a wide horizon for huge developments in all aspects of MT [2]. The
following are the different approaches that could be pursued in the machine translation
system and in which ways they are applicable to be used as an effective translation

approach.

interlingua

;o Ay 1

i ;,r’r direct translation \ "‘-5
...-' .Irlr 'y -\._:h‘

r IIIIII' .“-
source 4 target
text text

Figure 3.1. Depths of Interlingua machine translation

Rule-based Machine Translation

A rule based machine translation system, also known as “Knowledge-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 covering the main semantic, morphological and syntactic
regularities of each language respectively. It consists of collection of rules called grammar

rules, lexicon and software programs to process the rules.
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Rule based approach is the first strategy ever developed in the field of machine translation.
It is extensible and maintainable. Rules are written with linguistic knowledge gathered
from linguists. Rules play major role in various stages of translation: syntactic processing,

semantic interpretation and contextual processing of language [2].

Translations are built on gigantic dictionaries for each language pair and sophisticated
built-in linguistic rules. Users can improve the out-of-the-box translation quality by adding
their terminology into the translation process. They create user-defined dictionaries which
override the system's default settings. In most cases, there are two steps: an initial
investment that significantly increases the quality at a limited cost, and an ongoing
investment to increase quality incrementally. While rule-based machine translation brings
companies to the quality threshold and beyond, the quality improvement process may be

long and expensive.

The software parses text and creates a transitional representation from which the text in the
target language is generated. This process requires extensive lexicons with morphological,
syntactic, and semantic information, and large sets of rules. The software uses these
complex rule sets and then transfers the grammatical structure of the source language into

the target language.

A typical English sentence consists of two major parts: noun phrase (NP) and verb phrase
(VP). These two parts can be further divided as per the structure of the sentence. ‘Rewrite
rules’ are used to describe what tree structures are allowable for a given sentence. Only the
sentence with right structure can lead to correct translation. Following are the rules to
represent a simple grammar.

S=>NP VP
VP =>V NP

NP => Name
NP => ART N
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Where, S stands for sentence, V for verb, N for noun and ART for article. A grammar can
derive a sentence if there is a sequence of rules to rewrite the start symbol, S, into a
sentence [7].

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. General world knowledge is required for
solving interpretation problems such as disambiguation. Context specific knowledge can be
used to determine the referent of noun phrases and disambiguating word senses based on
what makes sense in the current situation. A knowledge representation consists of
knowledge-base and inference techniques. Inference techniques apply inference rules to

derive new sentences from the knowledge-base.

Anaphora is the linguistic phenomenon of pointing back to a previously mentioned item in
the text. The pointing back word or phrase is called anaphor and the entity to which it

refers or for which it stands is its antecedent. For example,
Mary is very sick and she is going to the hospital.

Here the ‘Mary’ is anaphor and ‘she’ is antecedent. When the anaphor refers to an
antecedent and when both have the same referent in the real world, they are termed co-
referential. Co-reference is the act of referring to the same referent in the real world. The
process of determining the antecedent of an anaphor is called anaphora resolution. Rules
that are used for resolution are called resolution rules. These rules are based on different
sources of knowledge. Needless to say that interpretation of anaphora is crucial for the

successful operation of a machine translation system.
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The advantage of rule based machine translation approach is that it can deeply analyze at
syntax and semantic levels. There are drawbacks such as requirement of huge linguistic
knowledge and very large number of rules to cover all the features of a language but it can
produce an efficient result as compared to the other types of machine translation
approaches. Having input sentences (in some source language), an RBMT system generates
them to output sentences (in some target language) on the basis of morphological,
syntactic, and semantic analysis of both the source and the target languages involved in a

concrete translation task.

Rule-based MT provides good out-of-domain quality and is by nature predictable.
Dictionary-based customization guarantees improved quality and compliance with
corporate terminology. But translation results may lack the fluency readers expect. In terms
of investment, the customization cycle needed to reach the quality threshold can be long
and costly. The performance is high even on standard hardware.

Example-based approach

Example-Based Machine Translation (EBMT) relies on previous translations performed by
human to create new translations without the need for human translators. The previous
translations are called the training corpus. For the best translation quality, the training

corpus should be as large as possible, and as similar to the text to be translated as possible

8].

When the exact sentence to be translated occurs in the training material, the translation
quality is human-level, because the previous translation is re-used. As the sentence to be
translated differ more and more from the training material, quality decreases because
smaller and smaller fragments must be combined to produce the translation, increasing the

chances of an incorrect translation.
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As the amount of training material decreases, so does the translation quality; in this case,
there are fewer long matches between the training texts and the input to be translated.
Conversely, more training data can be added at any time, improving the system's
performance by allowing more and longer matches. EBMT usually finds only partial
matches, which generate lower-quality translations.

Highly agglutinative languages, like Amharic language, pose a challenge for Example
Based MT. Because there are so many inflected versions of each stem, most inflected
words are rare. If the rare words do not occur in the corpus at all, they will not be
translatable by EBMT. If they occur only a few times, it will also be hard for EBMT to
have accurate statistics about how they are used.

Connectionist Approach

Connectionism, parallel to computation, is significant development in the computational
modeling of cognition. A distinctive feature is the computation of the strengths of links
between nodes of networks and the adjustment of the weightings as a result of actual

analyses, i.e. the network learns about the links and their strengths for later use [13].

The approach has demonstrated empirical success in tackling Language Understanding
tasks, which can be considered as a particular case of translation. The connectionist system
separately approaches the syntactic and semantic features associated to a language,

resulting in a translation model which is quite complex.

The development of machine translation is geared towards commercialization of a practical
MT system. In the advent of computer revolution, there are possibilities for integration of
various types of approaches and from there; the MT community will be able to carve

another unique paradigm of MT for the future.
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Statistical Machine Translation

The goal of statistical machine translation is to translate a source language sequence in to a
target language sequence by maximizing the posterior probability of the target sequence
given the source sequence. Probabilities that describe correspondences between the words
in the source language and words in the target language are learned from a bilingual
parallel corpus and language models are learned from a monolingual text in the target
language. As the available training corpus becomes large, the performance of the system
increases. Statistical machine translation tries to generate translations using statistical
methods based on bilingual text corpora. Where such corpora are available, impressive
results can be achieved translating texts of a similar kind, but such large corpora are still

Very rare.

Statistical machine translation utilizes statistical translation models whose parameters stem
from the analysis of monolingual and bilingual corpora. Building statistical translation
models is a relatively quick process, but the technology relies heavily on existing
multilingual corpora. A minimum of 2 million words for a specific domain and even more
for general language are required [9]. Theoretically it is possible to reach the quality
threshold but most companies do not have such large amounts of existing multilingual
corpora to build the necessary translation models. Additionally, statistical machine
translation is CPU intensive and requires an extensive hardware configuration to run

translation models for average performance levels.

Statistical MT provides good quality when large and qualified corpora are available. The
translation is fluent, meaning it reads well and therefore meets user expectations. However,
the translation is neither predictable nor consistent. Training from good corpora is
automated and cheaper. But training on general language corpora, meaning text other than
the specified domain, is poor. Furthermore, statistical MT requires significant hardware to

build and manage large translation models.
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Table 3.1. Rule-based MT Vs. Statistical MT

+ Consistent and predictable quality - Unpredictable translation quality

+ Out-of-domain translation quality - Poor out-of-domain quality

+ Knows grammatical rules - Does not know grammar

+ High performance and robustness - High CPU and disk space requirements

+ Consistency between versions - Inconsistency between versions

- Lack of fluency + Good fluency

- Hard to handle exceptions to rules + Good for catching exceptions to rules

- High development and customization costs + Rapid and cost-effective development provided
the required corpus exists

Given the overall requirements, there is a clear need for another approach through which
users would reach better translation quality and high performance (similar to rule-based

MT), with less investment (similar to statistical MT).

In this study, statistical machine translation was implemented as a way to translate the
source language to the target language. For this activity to be accomplished, a set of
processes were performed, different tools are applied and a small corpus were prepared in

order to build the system.
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3.2.3.  Types of Machine Translation

The development of machine translation had employed different types of methodology and

approaches. In more than five decades of research and development, machine translation

has evolved into a truly practical system which is now beginning to build its foundation in

the world market. The analysis of machine translation’s 50 years of history reveals several

factors in its success and failures which are determined at several levels such as Conceptual

level, engineering level, Operational level, Commercial level and Communicative level.

The following are the four types of Machine Translation [13].

1.

MT for Watchers: intended for readers who wanted to gain access to some
information written in foreign language who are also prepared to accept possible
bad ‘rough’ translation rather than nothing. This was the type of MT envisaged by
the pioneers. It came in with the need to translate military technological documents.
It was like dictionary- based translation far away from linguistic based machine
translation.

MT for Revisers: aims at producing raw translation automatically with a quality
comparable to that of the first drafts produced by human. The translation output can
be considered only as brush-up so that the professional translator freed from that
very boring and time consuming task can be promoted to revisers.

MT for Translators: aims at helping human translators do their job by providing
on-line dictionaries, thesaurus and translation memory. This type of machine
translation system is usually incorporated into the translation work stations and the
PC based translation tools. And those systems running on standard platforms and
integrated with several text processors are the ones that attained operational and
commercial success.

MT for Authors: aims at authors wanting to have their texts translated into one or
several languages and accepting to write under control of the system or to help the
system disambiguate the utterance so that satisfactory translation can be obtained
without any revision.

38



3.2.4.  Machine Translation Processes
In machine translation, for decoding the meaning of the source text and re-encoding the
meaning in the target language, a series of processes will be taken. The following are
machine translation processes provided a particular query.

e Query input: the text to be translated will be inserted as a query.

e Query translation: the text will be processed and translated from one natural
language to the other.

e Displaying result: the translated text will be returned so as to get the
desirable output.

3.2.5. Machine Translation in a World of Information
Undoubtedly, the role of MT in the world of information can no longer be ignored. This is
represented by the system’s ability to convey sufficient information so that one can gain
necessary information from it. With the emergence of the world wide web of information
channels, millions of users all over the world can gain access to the information super high-
way, thereby speakers of different languages will avail themselves of the automatic

translation service.

MT can be an effective tool for the facilitation of multi-lingual on line discussions allowing
users who speak different languages to communicate with one another and promote the
globalization of information highway [19]. As the computer-based translation activities are
expanding, they embrace any process which will result in the production of texts,
documents in bilingual and multilingual contexts. There is a possibility that MT will be
seen as the most significant component in the facilitation of international communication
and understanding in the future “information age” . And the integration of automatic
machine translation technology in the on-line environment is the potent force that

initialized its importance in the world of information.
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3.3.  Morphology

Morphology is the structure of words, including pattern of inflections and derivation. It
makes translation easier and minimizes the size of the corpus since the words will be

separated into different forms. Followed are the two approaches of morphology.
3.3.1. Morphological Analyzer

Morphological Analysis was developed by Fritz Zwicky in the 1940's and 50's as a method
for systematically structuring and investigating the total set of relationships contained in
multi-dimensional, usually non-quantifiable, problem complexes [2]. Morphological
Analysis is an extension of Attribute listing. It can be extended to virtually any problem

area that can be structured dimensionally.

This method can be used in the area of machine translation by integrating it to the system.
Morphological analysis, in machine translation, is the identification of a stem-form from a
full word-form. The morphological analyzer performs a recursive and exhaustive search on
all possible segmentations of a given word. It takes a particular word as an input and it

produces all possible segmentations of the word as an output. Every segmentation should

specify:

e Asingle stem in that word
e Each suffix in that word

e A syntactic analysis for the stem and each identified suffix

Once all the possible and correct segmentations of a word has been found, the
morphological analyzer combines the feature information from the stem and the suffixes

encountered in the analyzed word to create a syntactic analysis that is returned [8].
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3.3.2.  Morphological Synthesizer
Morphological synthesis or generation is a process of returning one or more surface forms
from a sequence of underlying (lexical) forms. The morphological generator delivers a target
language surface form for each target-language lexical form, by suitably inflecting it.
Morphological synthesis systems are used as components in many applications, including
machine translation, spell-check, speech recognition, dictionary (lexicon) compilation, POS
tagging, morphological analysis, conversational systems, automatic sentence construction and

many others.

Morphological synthesizers have vital role in NLP systems. They are used to generate surface
word forms, which are the ones that are found in everyday communication, from lexical
components that could be stored separately in different databases (lexicons). The combination
of morphs to give meaningful words is the concern of morphological synthesis or
generation. The morphological generator will synthesize the inflected word in its right form

based on the morphological features.

3.4.  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. Word alignment is relevant for this research since it will mainly be dealing

with simple sentences.

3.4.1. Word Alignment
Word alignment is an inference problem of word correspondences between different

languages given parallel sentence pairs. The task of word alignment is to link the
correspondences between words in a source language and their translations in a target

language, in such a way that the aligned words supply the same contents.
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3.4.2. Challenges of Automatic Word Alignment
Word alignment plays a critical role in statistical machine translation by mapping source
sentence words to target sentence words. However, automatic word alignment of parallel
sentence pair is not a simple task. For most parallel texts, choosing the sentences in one

natural language to be the translation of another language is challenging. The following

figure shows an example of aligned word pairs and sentence translated from English to

_______1e

Ambharic.

Figure 3.2. Aligned sentence and word pairs

As it can be seen from the above example, there are three possible structures that could
mess up the alignment of a particular word, that is, the correspondence could be:

e One-to-one
e One-to-two

e Two-to-one

And if we look at the sentence, the subject-verb-object word-order in English is changed to
the subject-object-verb combination. As a result, there must be a way to solve this
alignment problem so as to get an effective output. Expectation maximization algorithm

will be used to align the words in a particular sentence.
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3.5.  Measuring Retrieval Effectiveness

The effectiveness of retrieval systems can be evaluated using several measures. The basic
and most widely used measures are precision (measures how efficiently the system
provides only the relevant items) and recall (measures the ability of the system to retrieve
the available relevant documents) of search output. Given a set of relevant judgments one

can determine how best a systems performance is.

In this research work, the accuracy will be calculated based on two methodologies. The
first one was calculated using the BLEU Score which calculates the effectiveness by taking
the reference of a particular text and matching it with the queried translation.

The second methodology for the testing was recorded by preparing a questionnaire and
giving it for thirteen candidates so as to assess the translation produced by taking an

average manually.

3.6. Related Works

Considerable research efforts have been expended in developing and designing machine
translation system. Researches on machine translation approaches and strategies,
techniques and implementation have been documented in many old and recent publications.
In Ethiopia, some machine translation systems has been tried to be developed and
documented as a research work. The following subtopics are some of the related works that

has been carried out in and outside of Ethiopia.

3.6.1. English-Amharic Statistical Machine Translation (EASMT)
This research work is being done on English-Amharic Statistical Machine Translation in
which it uses two million bilingual corpora. Papers and essays have been published during
the process of doing the study. The following topics briefly discusses on those papers that

are totally found from the published papers.
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Bilingual Data Mining for the English Amharic Statistical Machine Translation

SMT system is data driven that rely on bilingual parallel aligned corpus, the larger, the
better. To develop the system, a size of two Million word pairs of parallel data was
collected on English Amharic sentence pairs collected from News, Parliamentary and
constitutional documents. And out of the two million pairs, 40 thousand sentence pairs

were taken for experiment purposes.

The study used five steps to process a bilingual text corpus which are: raw data collection,
document alignment, tokenization, sentence splitting and sentence alignment. Due to some

difficulties occurred, the study put some solution as to how to make it better, that are:

e increasing the number of English-Amharic proclamation corpus as much as
possible,
e further analyzing the experiment conducted ,

e increasing the translation quality by using linguistic knowledge [25].

The study is being developed to come up with a better translation so as those who need it
could use it and others who want to do further research relying on this study could refer to
it.

Preliminary Experiments on EASMT

The challenge to develop MT using rule-based approach to Amharic, which is considered
as one of the NLP scarce resource language, is enormous. The same might not be true for
well developed NLP resourced languages. What makes it challenging for under resourced
languages is that the rule-based MT heavily employs integrated linguistic knowledge, rules
and resources of both the source and target languages. However, it is almost impossible to
develop a MT system using the rule-base method for Amharic at least in the near future as
it is under resourced language with respect to the different linguistic knowledge, rules and

resources.
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Thus, this study, English-Amharic Statistical Machine Translation, followed the statistical
approach which relies heavily on bilingual parallel aligned corpora of the source and target
languages. The challenge is minimized since the statistics based approach requires very
limited computational linguistic resources compared to the rule-based approach that might
take so many years to develop some or all of the mentioned linguistic resources. The
corpus collected consisted of raw English-Amharic corpus from the Parliament of the
Federal Democratic Republic of Ethiopia.

The study followed the approach of phrase-based system. It has been trained using the
English-Amharic parallel Training Set as translation examples and tested using the English
Source Text as new sentences that gives an output Target Text of translated Amharic
sentences. The baseline phrase-based BLEU score result indicates that 35.32% translation
has been achieved [23].

3.6.2. English-Oromo Machine Translation
The research work, English-Oromo Machine Translation, has two main goals: the first is to
test how far one can go with the available limited parallel corpus for the English-Oromo
language pair and the applicability of existing Statistical Machine Translation (SMT)
systems on this language pair. The second goal is to analyze the output of the system with

the objective of identifying the challenges that need to be tackled.

The architecture includes four basic components of SMT: language modeling, translation
modeling, decoding and evaluation. The language modeling component takes the
monolingual corpus and produces the language model for the target language. The
translation modeling component takes the part of the bilingual corpus (English and Oromo)
as input and produces the translation model for the given language pairs. The decoding
component takes the language model, translation model and the source text to search and
produce the best translation of the given text. The Evaluation component of the system
takes the system output and the reference translation and compares them according to some

metric of textual similarity.
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The parallel documents that were used are: Oromo versions of some chapters of the Bible
that are available in English and Oromo as well as the United Nation’s Declaration of
Human Rights, the Ethiopian constitution and so on. Since the documents were not
prepared for the translation purpose, the result was not as pure as it is needed for the system
and one sentence in one language may be equivalent to more than one sentence in another.
The research work concluded that the system performed 43.96% BLEU score which makes
the performance not to low as compared to the systems built on a relatively sufficient
amount of resource [10].

3.6.3. Dictionary-based Amharic-English Information Retrieval
The approach followed in this study is a dictionary-based machine translation to translate
the Amharic queries in to English bag-of-words. At a general level, two approaches are
used; both consisting of a first step that transforms the Amharic topics in to English
queries, followed by a second step that takes the English queries as input to a retrieval
system. In both approaches the translation was done through a simple dictionary lookup
that takes each stemmed Amharic word in the topic set and tries to get a match and the

corresponding translation from an MRD.

One of the experiments reported removes non-content bearing words from the Amharic
queries, while the other uses a list of English stop words to perform the same task. Two
runs were performed on the data set using two sets of queries. In the first run, stop word
removal was done before the translation of terms, in the second one, the stop word removal
was done only after the terms were translated in to English. The resulting translated
(English) terms are then submitted to a retrieval engine that supports the Boolean and

vector space models.
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Although non-content bearing words were removed from the Amharic queries in the first
approach, a lot of stop words were introduced while performing the dictionary lookup,
hence introducing noise. The study concluded that the combination of the two approaches
may result in a better performance in terms of precision; while means of query expansion

in order to increase the recall remains open for investigation [11].

3.6.4.  Apertium: Free/Open Source Rule-Based Machine Translation
Apertium is a free/open-source, rule-based machine translation platform that provides a
modular shallow-transfer machine translation engine with text format management, finite-
state lexical processing, statistical lexical disambiguation and shallow transfer based on
finite-state pattern matching.

In Apertium, language-pair development has also motivated changes in the platform such
as three-stage and multi-stage (>3) structural transfer was introduced to deal with the
languages. To generate translations, which are reasonably understandable and easy to
correct, between related languages, one can just augment word for word translation. It has

more than one hundred developers in order for the codes to be updated very frequently.

Apertium was selected to participate as a mentoring organization in the 2009 Google
Summer of Code. Successful projects like two new language pairs, an improved part-of-
speech tagger, a web-service infrastructure, porting of the lexical component to Java and
hybridizing Apertium with other systems has been performed and lots of works are
required. Since Apertium is a transfer system, generating a new pair involves the creation
of explicit bilingual resources which is considered as a limitation and it is expected to be
worked-on [12].
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CHAPTER FOUR
DESIGN AND DEVELOPMENT OF THE SYSTEM

4.1. Introduction

As mentioned earlier, this study plans to develop bidirectional English-Amharic machine
translation system. In order for this study to be accomplished well, some measures were
taken. Approaches were followed, a corpus was collected according to the approach that
has been pursued and different tools were used to develop a working system. This chapter
briefly entails how this study was exhaustively done.

4.2.  Approach Followed for the Design

As indicated earlier, machine translation comprises different approaches. For this study,
Statistical machine translation was used. Statistical machine translation is an approach that
tries to generate translations using statistical methods based on bilingual text corpora.
Researchers discovered that as the size of the corpora increases, the accuracy of the
translation improves. The first statistical machine translation software was CANDIDE from
IBM [2]. Statistical machine translation has three components: translation model, language

model and decoder. The following depicts the architecture of this approach.

Output Input

argmax,Plela)
= argmax, Plale) Ple)

/ \1 A

Decoding ' T mnslatxon‘ anouaoe

_ Algorithm Modcl i L Modcl

Figure 4.1. Architecture of SMT
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If we want to translate a sentence a in the source language A to a sentence e in the target
language E, the noisy channel model describes the situation in the following way [14]:

Suppose that the sentence a to be translated was initially conceived in language E as some
sentence e. During communication e was corrupted by the channel to a. Now, assuming
that each sentence in E is a translation of a with some probability, and the sentence that we
choose as the translation (€) is the one that has the highest probability. In mathematical

terms,
€ =argmax P (ela) 4.2)
€

Intuitively, P (e|a) should depend on two factors:
1. The kind of sentences that is likely in the language E which is known as the
language model, P (e).
2. The way sentences in E get converted to sentences in A which is called the

translation model, P(ale).
Baye’s rule states the following:
P(ela) = P(ale) * P(e) / P(a) (4.2
Where a is the source text and e is the target.

argmax P(ela) = argmax P(ale) * P(e) / P(a) (4.3)

Since a is fixed, we omit it from the From equation 4.1 and 4.2, we get the noisy channel

equation, which is:

¢ =argmax P (ale) * P(e) (4.9)

Where P(ale) is the translation model and P(e) is the language model for a given text a.

Given two different languages, another way of describing the approach is [13]:
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The essence of the method is the alignment of sentences in the two languages and the
calculation of the probabilities that any one word is a sentence of one language corresponds
to two, one or zero words in the translated sentence in the other language. The probabilities
are estimated by matching bigrams (two consecutive words) in each source sentence

against bigrams in equivalent target sentence.

For the purpose of this study, statistical machine translation was taken as an approach. The
tools and other necessities that are essential to accomplish using this approach were
implemented and will be explained as follows.

4.3. Architecture of the System

The following figure entails the main architecture of the system and the succeeding
subsections explain the exact meaning of the architecture in detail.

Ambharic Text (a)

Language Decoding Translation
Model Model

ey
. | i J
» argmax (Plela)P(@) f - Prela) |

-
L

argmax (P(ale)*P(e))
e

i

English Text (e)

Figure 4.3. Architecture of the system
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4.3.1. Source and Target Sentences
The source and target sentences in this study are both the English and Amharic languages.
As it has been depicted in figure 4.3, the decoding algorithm takes both the languages as an
input and produces both the languages as an output, meaning, if the English text is taken as
an input, the Amharic text will be the output and vice versa. This is so because the
translation is bidirectional.

4.3.2. Language Model
Language model tries to ensure that words come in the right order including some concept
of grammar. Given an Amharic string a, the language model assigns P(a):

o Good a implies high P(a)
o Bad a implies poor P(a)

P(e) and P(a) in figure 4.3 represent the language model of the English text and the
Ambharic text, respectively. The language model can be calculated with a statistical
grammar or an n-gram language model. N-gram model was used for the purpose of the
study. N-gram corpus is computed from monolingual corpus. The probabilities obtained
from the n-gram model could be unigram, bigram, trigram or higher order n-grams. Given

the following Amharic sentences:

Al (11
Al (ck m7]
Al (-2 €
79 de mNT
AOEC (15 77
The bigram probability can be computed by:

P(ay) = count(ay) = P(on)=_3 =0.2
Total words observed 15
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where 3 is the number of times the word 'A0N" was used and 15 is the total words in the
above example.

The bigram probability can be computed by:

P(azla;) = count(a;ay) - P(najann) =_count (00 00) = 2 =0.667
count(ay) count(ann) 3

where 2 is the number of times the words 'An0" and ‘&' have been used together and 3 is the
number of times the word 'A0N" is used.

And the trigram probability becomes:

P(aslaiaz) = __count(ayazaz) --  P(0AANN N) = count (AN N (1A)
count(a;ay) count(A0n ()
P(najana o) =%2 =0.5

where 1 is the number of times 'A00’, '0d" and '0A" have been used together, 2 is the number
of times 'ann’ and ‘0’ were used and a;, a, and as represent the words ‘A0Q', ‘00" and 'NA’

respectively.

The language model models the target language, that is, if the input is English and the
output to be produced is Amharic, it models the Amharic language. For this study, four
language models were developed using the whole target corpus. Meaning, two language
models for the simple sentences and two for the complex since both language serve as a

target language.

For the corpus with simple sentences, the n-gram model performs well with the unigram,
bigram and trigram models since the words in the sentence are not that long. But a problem
exists if the sentences are too long and the solution would be smoothing which is avoiding
zero probability. What we mean by avoiding zero probability is no matter how long the
decimal gets, it shouldn't be approximated to zero. Giza++ performs various techniques of

smoothing.
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4.3.3. Decoding
Decoding is a searching problem that can be reformulated to search for the shortest path in

an implicit graph. A decoder searches for the best sequence of transformations that
translates source sentence to the corresponding target sentence. It looks up all translations
of every source word or phrase, using word or phrase translation table and recombine the
target language phrases that maximizes the translation model probability multiplied by the
language model probability, which is,

argmax (P(e|a)*P(a)), taking English as an input and displaying Amharic as an output
a

argmax (P(ale)*P(e)), taking Amharic as an input and displaying English as an output
e

as illustrated in figure 4.3.

4.3.4. Translation Model
The translation model assigns a probability that a given source language sentence generates
target language sentence. As mentioned above, for a given source and target sentences E
and A, it is the way sentences in E get converted to sentences in A which is denoted by
P(ale). It is calculated as:

P(ale) = count (a,e (4.5))

count (e

The above equation is impossible to achieve because sentences are novel, so we could
never have enough data to find values for all sentences. A solution is to decompose the

sentences into smaller chunks, as in language modeling.

P(ela) = 2 P(g, ela) (4.6
g9
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The variable g represents alignments between the individual chunks in the sentence pair
where the chunks in the sentence pair can be words or phrases. In word-based translation,
the fundamental unit of translation is a word. Phrase-based translations, most commonly
used, translates whole sequences of words (called blocks or phrases), where the lengths
may differ in which blocks are not linguistic phrases but phrases found using statistical
methods from corpora. The alignment probability P(a,ale) is defined as follows:

m
P(a,ale) =IIt(ajle;) 4.7))
=1
Where t(ajle;) is the translation probability and it is calculated by counting:

t(ajle;) = count (aj.e;) (4.8.)
count (ej)

The following table is an example of a word translation table.

table 4.1. word translation table

Abebe [late || beso

m

A

-

As we can see from the above table, the words and the punctuation mark are aligned

perfectly which is difficult to get word aligned data to compute word translation
probability. In order to perform this translation probability, we need to have an indirect

solution which is expectation maximization which will be discussed under subsection 4.5.2.
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4.4. The Corpus
Two different corpora have been developed for the purpose of this study. The first corpus
was made of simple sentences and the other corpus was taken from the Bible and directives

since both the sources contain both the English language and its corresponding Amharic.

4.4.1. Corpus Collection
The corpus, English-Amharic corpus based on simple sentences, was prepared manually. It
entails two different files, one for the English and the other for the corresponding Amharic.
It consists of around 1020 simple sentences for each language. Sample text from the corpus
prepared for this study is illustrated on Appendix V.

The second corpus was made from two different notions. The first one was from the Bible,
lota version 2.3.3. It entails two main parts, Old Testament and New Testament in which
these parts contain different subparts. For this study, one subsection was taken from Old
Testament, which is Genesis which also contains fifty other subcategories. It contains
around 1537 relatively long sentences for each language. The other selected data was from
Public Procurement directive of Ministry of Finance and Economic Development. The
English directive as well as the equivalent Amharic was used for the purpose of this study

which entails 1951 complex sentences for each language.

4.4.2. Corpus Verification

Since the corpus consisting of the simple sentences was made from scratch by the
researcher, it needed to be checked by a certified linguist to identify that the sentences were
correct. The other corpus though, is done by professionals since it is made for the use of the

public. Therefore, only the first corpus was verified by a linguist.

55



4.5. Designing Methodology

As mentioned earlier, the approach used for this study is statistical machine translation.
Since the research work follows this approach, it needs a Statistical machine translation
system, a language modeling toolkit as well as a word alignment tool which will be
discussed in the subsections below.

45.1. SMT System
Statistical Machine Translation as a research area started in the late 1980s with the Candide
project at IBM [15]. IBM’s original approach maps individual words to words and allows

for deletion and insertion of words.

Moses is an SMT system that was used for this study. It is a system that automatically
trains translation models for any language pair. An efficient search algorithm finds quickly
the highest probability translation among the exponential number of choices. Moses
provides the following features [15]:

= |t offers two types of translation models: phrase-based and tree-based.

= |t features factored translation models, which enable the integration linguistic and
other information at the word level.

= |t allows the decoding of confusion networks and word lattices, enabling easy
integration with ambiguous upstream tools, such as automatic speech recognizers or

morphological analyzers.

Moses is an open source project that is at home in the academic research community. The
decoder was originally developed for the phrase model proposed by Marcu and Wong. At
that time, only a greedy decoder was available which is a hill-climbing algorithm that does
not work one word at a time. Now, it is being developed as a reference implementation of

state-of-the-art methods in statistical machine translation [15].
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Moses is a cutting-edge machine translation program that reflects the latest developments
in the area of statistical machine translation research. It can be trained to translate between
any two languages, and yields high quality results.

45.2. Word 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.

Word alignment is an important supporting task for most methods of statistical machine
translation; the parameters of statistical machine translation models are typically estimated
by observing word-aligned texts, and conversely automatic word alignment is typically
done by choosing that alignment which best fits a statistical machine translation model
[15]. For reasons of making hardware simpler, words are often stored at word aligned

addresses. Word-aligned means the address is stored at an address that's divisible by 4 [20].

First, the parallel corpus is aligned bidirectional. This generates two word alignments that
have to be reconciled. If the two alignments are intersected, a high-precision alignment of
high-confidence alignment points will be acquired. If the union of the two alignments is

taken, a high-recall alignment with additional alignment points will be obtained.

The most common algorithm to establish a word alignment is Expectation Maximization

Algorithm which will be briefly discussed in the next subtopic.
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Expectation Maximization

An expectation—-maximization (EM) algorithm is an iterative method for finding maximum
likelihood or maximum a posteriori (MAP) estimates of parameters in statistical models,
where the model depends on unobserved 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 log-
likelihood found on the E step. These parameter-estimates are then used to determine the
distribution of the latent variables in the next E step. In short,

Expectation step: applies model to the data and assigns probability to possible

values using the model.

Maximization step: estimates model from the data by taking assigned values as fact

and collecting counts.
Iterating these steps until convergence is reached.
let's take the following phrase as an example:
White house
Step 1. set parameter values uniformly,
t(724house)=1/2
t(/a7{house)=1/2
t(724white)=1/2
t(/2{white)=1/2

Step 2. compute P(a,ale) for all alignments,
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4

A

Figure 4.4. computing P(a,ale)

Step 3. normalize P(a,ale) values to yield P(ale,a) values

4

In the third alignment, since there is only one alignment, P(ale,a) will always be 1.

A

Figure 4.5. normalizing P(ale,a)

Step 4. collect fractional counts.
t(724house)=1/2

t(a7{house)=1/2 + 1 =3/2



t(724white)=1/2
t(a7white)=1/2

Step 5. normalize fractional counts to get revised parameter values
t(724house)=(1/2)/(4/2)=1/4
t(27{house)=(3/2)/(4/2)=3/4
t(724white)=(1/2)/1=1/2
t(a7white)=(1/2)/1=1/2

Repeat step 2. compute P(a,ale) for all alignments,

A 4

Figure 4.6. computing P(a,ale)

Repeat step 3. normalize P(a,ale) values to yield P(ale,a) values
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A

Figure 4.7. normalizing P(ale,a)

Repeat step 4. collect fractional counts.

t(724house)=1/4
t(a7house)=3/4 + 1 =7/4
t(724white)=3/4
t(n#white)=1/4

Repeat step 5. normalize fractional counts to get revised parameter values

t(723house)=(1/4)/(4/2)=1/8
t(/27{house)=(7/4)/(4/2)=7/8
t(724white)=(3/4)/1=3/4
t(/27{white)=(3/4)/1=1/4
Repeating step 2-5 yields:
t(724house)=0.0001

t(/27{house)=0.9999

t(724white)=0.9999

t(/27{white)=0.0001, which means the probability of '0+' being ‘house' and

15" being ‘white' increased.
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4.5.3. Language Model

There are different Language Modeling Toolkits that are open-source. SRILM, IRSTLM,
CMU SLM or KenLM are developed to be integrated with the SMT system, Moses. From
the above, IRSLTM will be used as a language modeling toolkit for the purpose of this
study.

The IRST Language Modeling Toolkit features algorithms and data structures suitable to
estimate, store, and access very large LMs. The software has been integrated into a popular
open source SMT decoder called Moses.

LM estimation starts with the collection of n-grams and their frequency counters. Then,
smoothing parameters are estimated for each n-gram level; infrequent n-grams are possibly
pruned and, finally, a LM file is created containing n-grams with probabilities and back-off
weights. This procedure can be very demanding in terms of memory and time if it is
applied on huge corpora. But a way has been provided to split LM training into smaller and
independent steps, which can be easily distributed among independent processes. The
procedure relies on a training script that makes little use of computer RAM and implements

the Witten-Bell smoothing method in an exact way [16].

This toolkit supports three output formats of LMs. These formats have the purpose of
permitting the use of LMs by external programs. 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 that is more compact and that can be quickly loaded and queried by the

external program. The three output formats are *°':

1. ARPA format: was introduced in DARPA ASR evaluations to exchange
LMs. ARPA format is also supported by the SRI LM Toolkit. It is a text
format which is rather costly in terms of memory. There is no limit to the size

n of n-grams.
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2. gARPA format: extends the ARPA format by including codebooks that
quantize probabilities and back-off weights of each n-gram level.

3. 1ARPA format: an intermediate ARPA format in the sense that each entry of
the file does not contain in the first position the full n-gram probability.

4.6.  Steps Undertaken
As mentioned earlier, this research planned to use Moses decoder, GIZA++, IRST

Language Modeling Toolkit for building the bidirectional English Amharic Machine
Translation. They are all open source tools and the latest version available was used. All
the tools have been downloaded, installed and implemented as follows.

4.6.1. Installation
The basic tool, as could be easily identified, is Moses. In order to install it in Windows

platform, a software called “CYGWIN” needs to be installed. Cygwin uses packages to
manage installing various software. After installing it, it helps download other software
necessary and installs it. After some steps were performed, the Moses developers
recommended using the Linux Platform rather Windows Platform because it was not tested

very well.

A VMware workstation, version 7.1.4, has been chosen to be installed in the windows
platform rather than formatting the computer with Ubuntu. VMware is a software which
installs different workstations and takes up 8GB of the computer’s memory for each
workstation installed. After installing the VMware, Debian 5 was installed. Debian is a
computer operating system composed of software packages released as free and open
source software primarily under the GNU General Public License along with other free
software licenses and it was one of the earlier Linux distributions to compose it from
packages. But after performing almost all steps necessary, the system could not proceed
because the Moses system was not successfully installed. The Moses developers again
recommended using Ubuntu because it has been tested on Ubuntu perfectly. Then, the

process was started all over again installing Ubuntu 11.04.
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Once the Linux Platform has been installed, installing the tools was the only thing left to do
S0 as to get to the real task. In order to install the tools, the ‘terminal’ was used. The
Terminal in Linux is like CMD in Windows where commands were used to execute each
and every operation. First, Moses decoder was installed. To install Moses, boost must be
installed first. Then GIZA++ was installed. GIZA++ incorporates two tools, one GIZA++
itself and the other MKCLS which is a tool used to train word classes. At last, IRST
Language Modeling Toolkit was installed. The last step done was integrating GIZA++ and
IRSTLM in to Moses which makes the installation task completed.

4.6.2. Corpus Preparation

The corpus was prepared in a format that needs to be applicable for the translation. To
prepare the data for training the translation system, the following steps need to be
performed [17]:

1. Tokenization: This means that spaces have to be inserted between words and
punctuation.

2. True-casing: The initial words in each sentence are converted to their most probable
casing. This helps reduce data being sparse.

3. Cleaning: Long sentences and empty sentences are removed as they can cause
problems with the training pipeline, and obviously misaligned sentences are

removed.

For example, let’s look at the following paragraph in English.
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1T Pakistan's history 1s any indicator, his decision to impose martial Law
may prove to be the proverbial straw that breaks the camel's back. 1if
General Musharraf appeared on the national scene on October 12, 1999, when
he ousted an elected government and announced an ambitious "nation-building"
project.

tokenized

1f Pakistan &apos;s history 1s any indicator , his decision to impose
martial law may prove to be the proverbial straw that breaks the camel
&apos;s back. 1t

General Musharrat appeared on the national scene on October 12 , 1999 , when
he ousted an elected government and announced an ambitious &gquot; nation-
building &quot; project .

As it can be clearly seen, the tokenized paragraph inserts space between words and
punctuation marks. The apostrophe and the quotation marks are marked in a different way

so it can be easy to identify.

The true casing first requires training, in order to extract some statistics about the text. In
the first step, it tries to identify how many times a particular word has been used in the

corpus and the output is as follows:
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the (3/3)
&apos;s (2/2)
ousted (1/1)

law (1/1)

that (1/1)

. (3/3)

national (1/1)
on (2/2)
proverbial (1,/1)
1999 (1,/1)
government (1/1)
history (1/1)
may (1/1)

straw (1/1)
martial (1/1)
prove (1/1)

be (1/1)

and (1/1)

nation-building (1/1)

October (1/1)
Musharraf (1/1)
an (2/2)

project (1/1)
elected (1/1)
Pakistan (1/1)
1s (1/1)

&quot; (2/2)

to (2/2)

his (1/1)

. (2/2)

when (1/1)
appeared (1/1)
he (1/1)

impose (1/1)
back (1/1)
scene (1/1)
announced (1/1)
decision (1/1)
any (1/1)
ambitious (1/1)
12 (1/1)

camel (1/1)

breaks (1/1)

indicator (1/1)

Another script from the Moses distribution was used for the true-casing. And the result

obtained was:

Lf Pakistan Gapos;s history 1s any indicator , his decision to impose
martial law may prove to be the proverbial straw that breaks the camel

fapos;s back, 1f

General Musharraf appeared on the national scene on October 12, 1999 , when
he ousted an elected government and announced an ambitious &quot; nation-
building Gquot; project .
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As it can be observed, the true-cased paragraph is the almost same as the tokenized
paragraph. This is so because, most of the words are used only once and those that are used
more than once have the same case. The only word that has a difference is ‘if’. In the
tokenized paragraph, the first word ‘If has a capital letter ‘I’ but in the true-cased
paragraph, the letter ‘I’ became a small letter. The cleaning step needs a longer sentence to
remove, usually a sentence that has more than 80 words. So, it can’t work for the above

paragraph.

4.6.3. Language Model Training

The language model is used to ensure fluent output, so it is built with the target language,
that is, for Amharic as well as English separately since it is bidirectional translation both
the languages become a target language at some point. As it has been stated, IRST
Language modeling toolkit was used. An appropriate 3-gram language model, removing
singletons, smoothing with improved Kneser-Ney and adding sentence boundary symbols

were built.

4.6.4. Training the Translation System

At this step, word-alignment, phrase extraction and scoring were used and lexicalized
reordering tables and Moses configuration file were created with. 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.

4.6.5. Tuning

As mentioned in the above subsection, while training the translation system, a ‘'moses.ini'
file was produced 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 system needs to be tuned.
This process produces another “.ini’ file that is used for decoding. The step that is followed
after this will be the testing process, the final stage, that will be discussed in the next

chapter.
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4.7. Prototype of the System
This section will try to demonstrate the prototype of the system when it is queried to

translate from English to Amharic.

The following figure displays the output when it was queried to translate the simple

sentence:

i am sick

Defined parameters (per moses.inl or switch):

config: shomeseleni/forlinux/boost_ 1 45 O/mosesdecoder/sample-models/phr
ase-model /moses.1n1

input-factors: ©

Imodel-file: 8 © 3 lm/europarl.srilm.gz

mapping: T O

n-best-list: nbest.txt 100

ttable-file: 0 © 0@ 1 phrase-table

ttable-limit: 10

welght-d: 1
welght-1: 1
welght-t: 1
welght-w: O

Loading lexical distortion models...have 0 models

Start loading LanguageModel lmyfeuroparl.srilm.gz : [0.000] seconds
Loading Internal LM: Llm/europarl.srilm.gz
Im/europarl.srilm.gz

Finished loading LanguageModels : [0.000] seconds

Start loading PhraseTable phrase-table : [0.000] seconds
filePath: phrase-table

Finished loading phrase tables : [0.000] seconds

I0 from STDOUT/STDIN

Created 1nput-output object : [0.000] seconds
Translating: 1 am sick

Collecting options took 0.000 seconds

Search took 0.000 seconds

hT

BEST TRAMSLATIOM: a9%a [111] [total=-201.204] =<0.000, -1.000, 0.000, -200.000,
-1. 204>

Translation took ©.000 seconds

Finished translating

Figure 4.3. The course of action to translate the sentence ‘I am sick’
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As it can be seen from figure 4.3., it took 0.000 seconds to display the translation of the
English sentence to the Amharic “A9°7°d”. This is so, because the sample corpus was so
small and the sentence that has been queried was already in that sample corpus. Therefore,
as the size of the corpus becomes larger, the time it takes to acquire the translation
increases. The time it takes to obtain the translation also increases as the query becomes
sparse within the corpus.

The next figure, that is figure 4.4., tries to translate the query:

Al APt o m-

69



sfined parameters (per moses.ini or switch):
config: fhome/elenifworking-==/am-en/mert-work/moses. ini
distortion-file: -0 whe-msd-bidirectional-fe-alff& /home/alenifworking-ssfam-
n/train/model/ reorderine-table.wbe msd-bidirectional-fe.zz
distortion-limit &
input-factors: O
Imodelkfile: 23 2 /home/elenifim/enamt-sz.en-am.blm.en
mapping: 2 TO
ttable-file: 200 5 fhome/ elenifworking-s5/am-en/ftrain/model /phrase-table gz
table-limit: 20
weight-d: 0.00633393 0.123204 00733404 0.0997544 0077088 017191 0128379
weight-1: 0.0182902
weight-t: $.0843785 400311629 0.0767 146 -0.03606495 -0.02 13065
weight-w: 0.0364166
‘home/ elenifmosesdecocder/bin
oading lexcal distortion models. . .have 1 models
reating lexical recrderning...
eights: 0.123 0.073 0. 100 0077 0.172 01283
oading table into memory...done.
tart loading Languag eModel / home/eleni/im/ enamts=.en-am.blm.en : [0.170] seconds
inizhed loading LanguageModels : [2.173] seconds
tart loading PhraseTable /home/elenifworking-=sfam-en/train/ model /phrase-table gz : [0.173] seconds
ilePath: fhome/eleni/working-ssfam-en/train/ model /phrase-table.gz
inished loading phrase tables : [0.173] seconds
tart loading phrase table from fhome/elenifworking-=s/am-en/train/ model /phraze-table.gz : [0.173]
conds
eading fhome/elenifworking-ss/am-en/train/ model /phrase-table.gz
-5 10 1522530354045 503 55 — G0—-65—-70-—75 80— 85— 9095 -100

s e o e o o e o o e e e i e e o o o o

-

inizhed loading phrase tables : [0.253] seconds
O from STOOUT/STDIN

reated input-output object : [0.254] seconds
ranslating line d inthread id 133653580052 224
ranslating: Lyl hftendd -

ine O Collecting options took 0.001 seconds

ine & Search took 0.000 seconds

hey are playing

EST TRAMSLATION: they are playing [111] [twtal=-0.442] <<00000, -2.000, 0.000, -1.143, 0000, 0.000, -
379, 0uDD0, 0.000, -2.250, 0.000, -1.853, -0.057, -2.404, 2.000-=>

ine & Translation took 0002 seconds total

Figure 4.4. The course of action to translate the sentence A+ AP +BO+ 10

As it can be seen, the translation produced is ‘they are playing’. The sentence ‘A?+sB@- 10 could
also be translated as ‘they are playing'. The word ‘A was used so as the system could be able to

identify which Amharic word stands for which English word.
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CHAPTER FIVE
EXPERIMENT

5.1.  Introduction
This study is based on Bidirectional English Amharic Machine Translation. Therefore, in

order to translate English to Amharic, a series of steps were followed as mentioned in the
last chapter. After training the language model and the translation system, the next step is
to produce a translation using the decoder. This chapter explains the experiments
conducted, and the analysis and discussions made based on the findings of the experiments.

5.2. Methodologies for Testing
Two methodologies were used to test the system. The first one is BLEU Score and the

second methodology used is preparing a questionnaire manually. The following subtopics
discusses on each of the methods briefly.

5.2.1. BLEU Score

BLEU (Bilingual Evaluation Understudy) is an algorithm for evaluating the quality of text
which has been machine-translated from one natural language to another. Quality is
considered to be the correspondence between a machine's output and that of a human: "the
closer a machine translation is to a professional human translation, the better it is™ - this is
the central idea behind BLEU [23]. BLEU was one of the first metrics to achieve a
high correlation with human judgments of quality, and remains one of the most popular

automated and inexpensive metrics.

Scores are calculated for individual translated segments, generally sentences, by comparing
them with a set of good quality reference translations. Those scores are then averaged over
the whole corpus to reach an estimate of the translation's overall quality. This was the first

methodology used for the testing process.
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5.2.2. Questionnaire
The second methodology followed was using a manual technique. The questionnaire
consisted of all the testing dataset and the translation acquired. It has an evaluation method
on the scale of 1 to 5 in which if a candidate gives 5, it means that the translation was
perfect and if 1 is given, it means it has a very poor translation. Thirteen candidates were
chosen to fill the questionnaire in which all are degree holders or above from a well-known

university or college.

Two questionnaires were prepared for the test set i.e. from English to Amharic and from
Amharic to English. The questionnaires developed were different because the result
obtained from Amharic to English and from English to Amharic were not similar.

5.3.  Corpus
As it was discussed in Chapter One, the main objective of this study was to design and

develop a statistical machine translation system using an English-Amharic corpus. Hence,
the experimentation began with checking whether it could produce an accurate translation

provided the corpus.

The expectation maximization was going to be developed for accurate word alignment but
GIZA++, which implements this algorithm for the purpose of aligning words, was already
provided as an open source tool. Therefore, this tool was used for the word alignment

procedure.

As mentioned in Chapter Four, two different corpora were prepared for the purpose of this
research work, one with simple sentence and the other with complex sentence.
Consequently, different experimentation was taken for both the corpora. For the purpose of
the following topics, the corpus with the simple sentences will be called Corpus | and the

corpus with the complex sentences will be known as Corpus II.
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5.3.1. Corpus |
As it has been tried to be illustrated earlier, Corpus | was made of about 1020 simple
sentences that had been prepared manually. And again those sentences were verified by a
certified linguist in order for them to be accurate. The experimentation process for Corpus |
was classified in to two, one called training set and the other called test set.

For Corpus I, the translation system was trained both ways, that is, from English to
Amharic and from Amharic to English. The same steps were followed for the translation
process. And the same training and test sets will be used to test which way is more
effective than the other.

Out of the 1020 simple sentences, all the sentences were used for the training set. For the
test set, the sample text was prepared manually. The sentence in the sample is not going to
be the same as the sentence in the corpus but the phrases will be taken from the sample text
that has been formulated from the corpus for the experiment on the training set. For

example, let’s take the following two sentences from the corpus:

Aster watches football, and

Almaz plays football
The sentence that is going to be produced for the sample data will be something like:

Almaz watches football, and the same for the Amharic to English as
well.
This is so, because the words in a sentence still need to be from the corpus. Otherwise, the
decoder couldn’t translate a word that is not accessible in the corpus. The sample data for
experimenting contains 102 simple sentences which is 10% of the corpus. The

questionnaire prepared for the test set is demonstrated on Appendix I and II.
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5.3.2. Corpus 11

Corpus Il was composed of two different sources, one from the Bible and the other from
the public procurement directive of Ministry of Finance and Economic Development. Like
the experiment on Corpus I, the experimentation process consisted of two methodologies.
1951 complex sentences were found on Corpus Il and 2% were taken for the testing
process which is around 40sentences. This is so because the complex sentence is very large
and complicated which makes it hard for the candidates to assess the translation. The first
part was taken from the main corpus itself. Some portion of test set was prepared manually
as well. Some phrase from a particular sentence and another phrase from another sentence
were taken to formulate the sample texts. The questionnaire that includes the complex
sentences can be seen on Appendix I11 and IV, for the bidirectional translation.

5.4. Result
The result was seen from two perspectives, one from the accuracy point of view and the

other from the time it takes to translate a particular sentence. From the experiments taken,

the following findings were presented.

5.4.1. Result on Corpus |
Similar to the experiment, the corpora was named corpus | and corpus Il. For each
experiment taken, the result was recorded. For corpus I, the following result was obtained

for the training set as well as the test set.
Result on the Test Set

All the sample texts prepared from the corpus and the test set was queried in to the system
and results were produced. There is no doubt that it is going to be less accurate because the
sentence cannot be fetched directly from the corpus. The result recorded from the first
methodology (BLEU Score) was 82.22% for the English-Amharic translation and 90.59%
for the Amharic-English translation. The result recorded from English to Amharic was low
mostly because it was hard for the system to identify the feminine and masculine

representation. Let’s see the following sentence as an example:
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Haile is beautiful
Which is translated as,
uean, 38

Although the name “Haile” is a name for a man, the translation considered it as if it was for
a woman. This is because the phrase “#7%2 77 has been used for the feminine perception.

But for the Amharic, it doesn’t have any problem translating it correctly.

Another example is:
People talk a lot

The corresponding Ambharic sentence retrieved was:
(2T (179° PO

Which is a right translation. And when the Amharic sentence was queried, it gave the

output:
People talk too much

Which is an alternative correct sentence. From this, we can see that the system has learned

other ways of translating a given text to display a target text.

And for the second methodology, the result recorded was 91% for the English-Amharic
translation and 97% for the Amharic to English. The result for English to Amharic
translation was higher than the earlier result because the candidates gave a normal grade for
the simple errors made from the translation and the simple errors from the previous testing

method were taken as wrong.
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And the time it took for each translation to take place was recorded and for the English-
Amharic translation, the highest time it took was 17 microseconds. For the Amharic-
English translation as well, the maximum time recorded was 0.009. From these, it could be
concluded that the Amharic-English translation produces faster and more accurate results
as compared to English-Amharic translation. This is so because Amharic 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.

The result retrieved has a high percentage because the test sentences are manually prepared
from the corpus itself and the sentences taken for the language modeling were the whole

corpus.

5.4.2. Result on Corpus 11
Like the findings on Corpus I, the following are the results acquired from corpus Il for the

merged training and test sets.

Results were obtained from the complex sentence that was taken as a sample text from
Corpus I1. As mentioned above, forty sentences were taken as a sample, that is, both from
the directive and the Bible. For the first methodology, the accuracy of the translation from
English to Amharic was 73.38%. And the translation from Amharic to English was 84.12%
effective. From this, we can see that the Amharic to English translation is easier for the
decoder to interpret for reasons mentioned in subtopic 5.4.1.
While trying to translate the sentences, some errors in the corpus were observed. Let’s look
at the following sentence:

And blessed be the most high God, which hath delivered thine enemies into

thy hand. And he gave him tithes of all.

The translation presented in the corpus was:

MAPTFV? QAFV PTONAY A0A ATHANHCI? P1OCh 1D AAD-9P:: ;112979 hot
AT ? -
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First of all, in English language, it is impossible to consider “most high” as a phrase. The
exact word to be used is “highest”. This is an error that was observed which makes the

Bible's English very complicated. Let’s look at the last sentence:
And he gave him tithes of all.

That was translated as:
AMEIP° hott Ar~et? G-

The word “he” was represented as “A1¢-9°” which is not the exact translation. “he” in
Ambharic is “Ad” and “AN9°” IS a name called “Abraham” in English. Although the word
“he” represents “Abraham”, it cannot be used this way because the decoder trains “he” as
“Abraham” and the next time “he” is used, it might also translated as “Abraham” which is
not right. This sentence was translated correctly since the decoder trained the source
sentence to be translated to the target but when some sentence which is not directly taken
from the corpus is queried, it might not be translated correctly. The word “A&9°” is not
correct as well, it was misspelled. The exact word is “AN1C79°” and this also causes another

problem because the decoder refers to both words as if they were different.

Some of the errors found were mostly because of the corpus. It doesn’t use consistent
translation. Some problems were shown in the Amharic sentence. Since Amharic is a
complex language, the same words used in this language could seem different when

observed. We might take the following word as an example,
767
This word is the same as:

787
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But when this word is used in the corpus, it does not give the same meaning. If “163” is
only used in the corpus and if “1&7~” was queried, it is definitely obvious that the system is
going to label it unknown. But the others which are trained well, perform well. For
example, the following was generated from two different sentences in the corpus:

if the contract value is below Birr 5,000, the head of the procuring entity
may approve the recommendations of the Tender Committee;

And the exact translation produced was:

7t oo} A 5000.00 AFF (.0P2: P7H £.9790 Aha POAL VAL (l6ni?-
ho94 PEL0AT3 PO Uil (1,.P0.0P7

The accuracy from the second methodology was 87% for the English to Amharic
translation and 89% for the Ambharic to English. The performance of the second
methodology is higher than the first methodology because the candidates noticed that the

sentences with slight error were understandable.

The time it took for each result to be produced is an average of 4.987 seconds. At this step,
the time count jumped from milliseconds to seconds because the result acquired is from

complex sentences which consist of very long sentences.

5.5. Discussion

This subsection discusses the problems created during the testing process and provides
solutions to the established problems. Some of the errors encountered were due to the loss
of large corpus. Large corpus could be organized but the English-Amharic documents that
are prepared by a linguist are complicated and could not be used for the day-to-day

activities and communication of human beings.
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The other problems were mostly covered on the result subsection. The solution to be
proposed for all these problems is finding or preparing a very large corpus and checking
the words and sentences used in each and every line so as to produce a better result. This is
very time consuming, but it is a necessity if the translation to be acquired is somewhat
error-free and satisfactory. This corpus to be produced must include all the domains of
study. And the words used should also be used repetitively so it could be easier to identify
which source represents the corresponding target word.
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CHAPTER SIX
CONCLUSION AND REOCOMMENDATION

6.1. Conclusion

The purpose of this study was to design and develop a bidirectional English-Amharic
machine translation using constrained corpus that is mainly on simple sentences although
its applicability was also tested on complex sentences. In this research work, an attempt
was made to describe how to develop a bidirectional machine translation using the
statistical machine translation approach. A corpus was prepared and collected so as it could

be used for the machine translation process.

The study began with a brief discussion on the language Amharic and how it differs from
English. It described the phrasal categories as well as the sentence structure of Amharic
and how the sentence structure affects the translation process with English. It also

explained the articles, punctuation marks and conjunctions that are used in both languages.

The research work continued on elaborating the role that NLP plays in enhancing
computers’ capability to process natural language. In this discussion, it is indicated that all
applications of NLP have the common objective of understanding and extracting meaning
from a natural language input. This process involves transforming the natural language into
a form where the meaning is explicit and is easily usable by the application program. As a
way to this end, machine translation, a process which converts texts from one natural
language to another, was discussed as one task in the step towards achieving the stated

objective.

Also discussed, is the main part of the study, designing and development of the system.
This part entails the process and procedure followed to accomplish the main task of the
study. Moses was used as a statistical machine translation system. And the corpus was
taken and put through all the necessary steps to be pursued for the training of the language

model and translation system. As a language modeling toolkit, IRSTLM was used. And in
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order for the words to be aligned perfectly, Expectation maximization algorithm was used.
All the steps were followed and four models were formulated which translate simple
English sentences into Amharic, simple Amharic sentences into English, complex English

sentences into Amharic and complex Amharic sentences into English.

Experiments were taken and results were recorded for all translation. And the results
obtained were, all in all, accurate using BLEU Score methodology and preparing a
questionnaire. The result obtained for the simple sentence using BLEU Score had an
average of 82.22% accuracy for the English to Amharic, 90.59% for the Amharic to
English and for the complex sentences, the result acquired was approximately 73.38% for
the English to Amharic, 84.12% for the Amharic to English. From the questionnaire
method, the accuracy from English to Amharic was 91% and from Amharic to English was
97% for the simple sentences and from English to Amharic was 87% and from Ambharic to
English was 89% for the complex sentences. And the maximum time taken for each
translation to be carried out is 17 microseconds and 4.987 seconds, for the simple sentences
and complex sentences respectively. The result recorded was somehow high because the
test set taken was from the corpus itself and the whole corpus was used for language

modeling.

From this, we can see that, given a large corpus, a proper result will be produced with a
suitable time limit. And since the BLEU Score is not that much different as compared to
the manual questionnaire preparation method, we can also use both the methods for the

evaluation.
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6.2. Recommendation
The corpus taken for this study cannot be enough and a representative of the language, and

future researches should be conducted using a larger set of corpus. A large, well written
and appropriately review corpus should be conducted so as to generate a flawless

translation.

The following areas could be explored further as a continuation of this study.

Further researches in machine translation on Amharic to other languages, even
using languages in Ethiopia such as Tigrigna, Oromifa or so could be performed
while preparing a large corpus.

e |t can be enhanced to handle larger set of complex sentences in the language, and to
develop a full-fledged bidirectional English Amharic Machine Translation.

e Morphological analyzers and synthesizers should be developed for Amharic and
used for the translation purpose. This method decreases the size of the corpora to be
used which is a magnificent idea since the language is very complex; it breaks it
into pieces and makes it easier to be translated.

e Since this system could be enhanced easily with a larger corpus, speech to text

translation could be developed. It is easier to develop this system because the text to

text translation is already available and at hand.
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Appendices

Appendix I: Questionnaire for the Simple Sentences (English-Ambharic)

Grade 1 to 5,

1 - Very poor translation (not related at all),

2- Poor,

3 — Good,

4 - Almost perfect,
5- Perfect translation,

English Ambharic Point
Haile is beautiful V8N &78 1T
Abebe is an addict ANN G0 10

kalkidan is a student

PANAT 06 10

the children are taking an exam

VISPE &G APONLT TFm-

he loves enjera Alk W78 TO/AT
Abebe is not crazy ANO AL ARLAT®
Aster quit APPT AEC

Hana is getting married Vs A0 10+

he is a runner Al &P 10+

Haile loves competition V2N, M-2LC LMAN
he has a car Al 9PNLG AAD-

addis wants to be a president

he.0 TSHA P aoP7 LANIN

Meaza wants to be a doctor

aoql 2h+C aoPT TLAINT

she is a doctor

hQ&htC 1o+

Mary plays volleyball

%6 avlA1 '( HRO AT

Almaz likes playing volleyball

ANTTH avlA 0 asBo+ +D8NT

the students are p]aying

+SPF FCPE WO TRO+F 1O-

Getnet has a doll VErE AT AT

he is a child Al V97 1T

she is her child A, PAQ, AP 10+

Alice is his mother AMLA PAG AT 1T

he loves his mother Al KGET D4 FA

John is drinking tea 27 48 hemM 10+

Nigist is his wife 70 PhG- Lot T

Addisu has been married for two years A%.0- 010 v\t Aovt P FA
Addisu is an employee EA U A (0

Almaz is fast ANTTH &M 1 F

Mary is his wife

786 Phte TLOE 1T

Haile is her husband

V2N PAQ, QA 10+

addis has a book

he.0 aaUe hat

Abebe has a pen

AN AOhe N hdo-

he is divorced

ot Al
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he loves watching movies

Al GAT° TIPT LOLN

she is listening to music

AQ, H.7 hfRovmT -

Getnet loves listening to music

VErE 47 91800 LD8A

Meaza is a student

avqy +T4 -

Ayele won the race

AP O-L:£:477 Al1é.

Ayele won the game

AP0 R PF DT A1,

Aster is playing a game

ANVEC P WO RO+ 10-

Aster wants to be a president

ANVEC TGHSPE avP) TEAINT

Nigist is a graduate

70t taved Tt

Mary loves my car

736 Phs7 oG TOLPAT

Bob is a teacher O AlHT6 10+

Mary is a teacher L6 AivtIls 1o-

she died Aq, P+

The teacher is tall AT TR 1o
Almaz is short ANTTH hPC 1T

Bob bought a pen 0 AahgAf T

Nigist is pregnant 70t 190-mC 1T
Addisu is not crazy Al AL WRLATP
Almaz was not happy AATTH 0TS ANINGTI®
Bob is a good guy 0 T4 A@- 10+

Addisu is crying

AL WPAPA 10

Mary went to school

T4 oL, TPUCT (LT 2L

Bob is sweating 1 AfAN@- 1o+
kalkidan is fat PONSET OFEI 1T
Haile is thin VLA, Py 1@~

the students are worried

TGP E FRIPPA TUICPT

peop]e talk a lot

AP+ NP Lot

kalkidan fetched water

oYO7 PEGTO PANST

Abebe is crazy

ANN AN 10+

Abebe killed himself

ANO AT 180

Haile committed suicide

AT hng- VSO

Mary is begging him

994 W7 WA -

the children are running

VISHE APCm- 10+

Haile is wounded $0AA Ve
Abebe is angry AN G LL o
Bob is happy 0 Lats 1o-
kalkidan is a student PANAT T4 10+
Addisu is a doctor A0 &G 10+

Addis is an engineer

A%.0 aoU8N0 BT

Bob is an architect

00 Achtht 1o-

Mary loves to clean

%6 1048t TORAT

Chuck is a spy

7 AL 1o-
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people are spies

APt aAeT T

Belay is not a spy

042 QAL ALLATI°

Belay is not a doctor

NAg &htC helas®

the dog died 40 Pt

the cat is eating Leavt: hPNA 10+
Helen left him 207 TAD- BT
Eyob is alone AP NFo-7 10
Helen is right %07 ah T
Eyob is talking APl APD¢- 1D+

He is walking with Helen

A N%A7 OC APteorg, 1o

Selam run away from him

AA° U1 hade P BT

he plays guitar

Al 1.3C L0 I

she loves musicians A0, H&GF7 TOSAT
he is a musician Al H4Y 10+

he is sick Al AP A

he loves Mary Al TL67T L8P0
Chuck is a father Fh? Ak 10+
Chuck is stupid Fhy LN 1@+

he killed his brother

Al @700 1LAD-

Eyob’s wife is pregnant

AN 70T 1§€0-mC 1T

Selam is sick

AP0 QAT ST

he gets drunk everyday

¢ SONEA Al

Mesfin is a football player

ao(\§7 A°C 0 TR Pt 1o

Marta murdered a guy

TCH @ 190 AmdT

Brook told Fernado to stop walking

N4h 4.CG787 av¢av8: W14 0H9° 11l 0+

Morgan is funny

PCOT 2U.L0P AT 10

James bought a new phone

2P0 A0 adh T

Morgan is scared

PCI7 Ahé.L-C- 0 1D+
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Appendix Il: Questionnaire for the Simple Sentences (Amharic-English)

Grade 1to 5,

1 - Very poor translation (not related at all),
2- Poor,

3 — Good,

4 - Almost perfect,

5- Perfect translation,

Ambharic English Point
VS0 $78 10+ Haile is beautiful

AN GG - Abebe is an addict

PANAT 06 10- kalkidan is a student

VIGE 4otG AT 1o+ the children students are taking an exam
Al W86 PDBA he loves enjera

AN ANL ARLATP Abebe is not crazy

AEC APPT Aster quit

g AJ10 1o- Hana is getting married

Al & 10+ He is a runner

VRN, O-LLC LMAA Haile loves competition

Al PG AAD- he has a car

A%.0 TEGHATE a7 FEAINT addis wants to be a president
av%H 2n-+C a7 TLAINT Meaza wants to be a doctor
na2htc she is a doctor

%6 avlA '( TROFAT Mary plays volleyball

AATTH a0l (0 AP BOF FO/AT Almaz likes playing volleyball
TICPE WO TR0+ 10 the are playing

Lt AT Ao Getnet has a doll

Al V97 10 he is a child

hq, Pha, AP 1T she is her child

A0 PACk ASE T Alice is his mother

Alk KGET LGN he loves his mother

7 40 homM 10 John is drinking tea

70t Chde TLOE B Nigist is his wife

A%.0- 010 v-AT Aovt PN Addisu has been married for two years
EA O U VA (0 Addisu is an employee
ANTTH N7 1T Almaz is fast

%6 Ph(- TLOt T Mary is his wife

VS0 PAQ, N4 10 Haile is her husband

A8.0 aPHVE AAH addis has a book

AN AOhSNF AdD- Abebe has a pen

Alk & he is divorced

Al &AIP 990 SMBA he loves watching movies

Af, HE.7 hPRaPMT 10+ she is listening to music




VErE H4T7 T80 LDAA

Getnet loves listening to music

aviy a9,

Meaza is a student

AP O-L:L:47 A6,

Ayele he won the competition

A0 P DT A1

Ayele won the game

ANVEC anPF hOTROHT 10+

Aster is playing a game

ANVEC TEHS T aoUPy AP0 T

Aster wants to be a president

70F Favgd I Nigist is a graduate
786 Phs7 oG TOLPAT Mary loves my car
01 AhtT6 1o+ Bob is a teacher
96 bt St Mary is a teacher
ah, P+t She is dead
A0 P 10 the teacher is fat
ANTTH hBPC 1T Almaz is short

0N Ahhe(-F H

Bob bought a pen

70T 1%0-mC T

Nigist is pregnant

A0 WL ARLAT Addisu is not crazy
ANTTH 0 HE AAINEGTIP Almaz was not happy
0 ¢ Ao @+ Bob is a good guy

AL hEAPA 10

Addisu is crying

a6 ML FPUCT (LT BT

Mary went to school

0l AfAN@- - Bob is sweating
PANST O T kalkidan is fat
V20, Popr7 100+ Haile is thin
TP E TeTPPH the are worried

APt NP Lol

peop]e talk too much

FPANAT OVDTT PETO-

kalkidan fetched water

AN ANL 1o Abebe is crazy
ANN AT 124 Abebe killed himself
V8N A7 Amé- Haile committed suicide

994 W7 heAPTF O @+

Mary is begging him

VISHE APCm- 10

the children are running

V&0 #0440 Haile is wounded
AN 9L A Abebe is upset

(L s N Bob is happy
PANAT 1994 1T kalkidan is a student
AL+ &G 10 Addisu is a doctor

A%.0 U0 1T

Addis is an engineer

0N AChtht 1o-

Bob is an architect

%6 104t TORAT

Mary loves to clean

Fh nag 1o-

Chuck is a spy

APt aAeF GFo-

people are spies

(AL (AL ALLATIP

Belay is not a spy
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NAg &nC ALLAT°

Belay is not a doctor

O-qO- P+T the is dead
Lavt: KeNA 1@~ is eating cat
207 TAD- BT Helen left him
AP (N F o7 1o Eyob is alone
%07 &h T Helen is right
APl KPDE- 1D+ Eyob is talking

Al N4 OC Aeteavg, 1o

he is walking with Helen

AA® DG CP BT

Selam run away from him

Al 1.9C 20 I

he plays guitar

a0, H&ET7 TOSAT she loves musicians
Al HET 10+ he is a musician
Al APFA he is sick

Al 9267 6. he loves Mary

Fh AT 10+ Chuck is a father
Fh LA 10- Chuck is stupid

hlr @7L:a07 1LAD-

he killed his brother

AN 7L0T 180-mC T

Eyob wife is pregnant

NAT° A71.30

Selam is sick

Al (PP S0hcA

he gets drunk everyday

ao(\&7 KOG 0 TPt 10+

Mesfin is a football player

TCHT 1 @ 1RO AmdT

Marta is murdered someone

Nsh 4.CT1&7 avLavL: W8 0H9° 11l @+

Brook told Fernado to stop walking

PCOT U.L0P AT 10

Morgan is funny

2P0 ~A%.0 adh T

James bought a new phone

CO7 4.CTA

Morgan is scared
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Appendix I11: Questionnaire for the Complex Sentences (English-Amharic)

Grade 1to 5,

1 - Very poor translation (not related at all),
2- Poor,

3 — Good,

4 - Almost perfect,

5- Perfect translation,

English

Ambharic

Point

Public Procurement Directive Short Title

P9H avavs @ Con

Unless the context shall otherwise require the
amount of such payment

PPN A0 AA FCTHIP PULLAMD AP
OOtPC PPLTLL heLD-7

And all the days of Enoch were not ashamed

AMLANRC P HoP7 v-e A2 144490 10C

And all the days of Noah were three hundred
sixty and five years :

AMANDRC 1 HoP7 -0 POt oo f A4
AP0t Gavt Py =

Tax Clearance Certificate

Jhn oohd. A7 091.92.09T P9°0NC @+

the waters prevailed, and were increased greatly
upon the earth; and the ark went upon the face
of the waters.

TSI AL, = N9°LC ALI° KBl H
aC(LEP (D5 AL BeT =

Public Procurement Directive

P91 avavy, P

Short Title

APPC Con

Unless the context shall otherwise require

20 A0 AA TCTIP PLLAMD NAU
NateC

the amount of such payment

PPLILL hef@-7

the following shall be observed

PrLntAt v P T PP AT

And they were both naked ) the man and his
wife , and were not ashamed .

AICAI® + AR T44.59° INC =

And all the days of Enoch were three hundred
sixty and five years :

hIHLANNC 1 HAP7 U-c POk aof (&4
hehvt Gavit Y-

Thus did Noah ; according to all that God
commanded him , so did he .

ACO AHANNC APSHHD: Ut A7%.0- ALAT

And they said one to another , Go to , let us
make brick , and burn them through]y

RICAI® ACA NCATFD- = Ml K776 + NANTIP
ATt +a0fe

And Pharaoh called Abram , and said , What is
this that thou hast done unto me ?

&LCPIT° = ATRUT A - U £LLAVNT °18C
1D ? AAD-

But Abram said unto Sarai , Behold , thy maid is
in thy hand ;

ANGIPP° 7 - KT 06L0 G

and he gave up the ghost and died ; and was
gathered unto his peop]e .

14T Am Pt 0L O19FEP +hIPF =

And lIsaac was forty years old

LAMPI® ACA Gavt A@- 1NC

These are the sons OF Ishmae]

PAONTTAN AZT ATV ST

And the Lord said unto her,

A MHANNCIP -

What is this thou hast done unto us ?

7°7 &V LLLNANT P10 10 ?

And Abimelech charged all his people , saying ,
He that toucheth this man or his wife shall
surely be put to death .

ALTLANI° D197 chH U+ AHH - U7 QD-
T AETIC AL FY gavet

Now therefore , my son , obey my voice
according to that which 1 command thee .

AU-79° A8, P2 = AP, P2 + Az (19THHY T11C =
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Therefore God give thee of the dew of heaven ,
and the fatness of the earth , and plenty of corn
and wine :

AMMANAC AAHY NHT 20TV 2 hA9729° mA
PAUATIP

And lIsaac called Jacob , and blessed him , and
charged him , and said unto him , Thou shalt
not take a wife of the daughters of Canaan .

LAAPI® : ALNDI° 2 Z 79U (1 AHHOD- :-
nh1%So-07 (iF ALT LT Ao oot
AL =

And Leah said , A troop cometh : and she called
his name Gad .

API® = & ANT NaP79° DL NA MmeTo- =

Procuring entities may engage in Direct
Procurement when the conditions laid down
under Article 27 are fulfilled.

T £.997. ANAT DNATS AP TIr Aad.o9
LT ot APE. ATPS 27 PHHLNSG T U3 PF
990 SUPSA

For all bids, procuring entities shall prepare bid
documents that include the following

T 4997, ANAT ATISTFO-9° ¢l iy N3-F
OFHLHG Y Pt PenndF (18 TIHDET
ANOTF@-

All Procurement Authorities and the execution
thereof must achieve the following objectives .

T PHAm AAMT AT%.0-9° ATI0L.09° 01
~8.909° PN FT GATIPT 1 TIL40
LTCNFA - :

30 days for National Competitive bid ; and

ARIC TOT TH 30 PG ¢

Rules Applicable to Review Complaints

AR P90 NCET MILav O FD- L30T

But unto Cain and to his offering he had not
respect . and Cain was very wroth , and his
countenance fell .

AND APNGAU- DL aop Pt 97
ANTaPANTIP 2 PETI° WE TGRL. &rhI° MPL

And the Lord said unto him , Therefore
whosoever slayeth Cain , vengeance shall be
taken on him sevenfold . and the Lord set a

mark upon Cain , lest any finding him should
kill him .

AMANACI® ACKT AAD- - AAD- - A7°19.Y
P77 0124 AOT ATE SOPANTA =
AMANRCI® P77 £TTO Ui WT8L18AD-
oot ARLINT =

And Pathrusim , and Casluhim , ( out of whom
came Philistim , ) and Caphtorim .

NAICH PFANTAT AP T POMNFD7
NAKLI®T + PEPSIOTI® DAL =

And you , be ye fruitful , and multiply ; bring
forth abundantly in the earth , and multiply
therein .

KGO AR OPPLC AL TPAS *
ACOHQTYP =

Therefore is the name of it called Babel ;
because the Lord did there confound the
Ianguage of all the earth : and from thence did
the Lord scatter them abroad upon the face of
all the earth .

AAHYI® OF°P ALK7 HAA = ATHANNC (S
P9°L:CT R7% Utk ROARAS NILLI® ANMLANAC
U-te AR RICHT MFTATPA =

And blessed be the most high God , which hath
delivered thine enemies into thy hand . and he
gave him tithes of all .

MAPTUT (AEY PNAAY AG-A ATHLANACIP
eHaZhn 10 = ANEIP° Uk AT A+ =

Therefore Abimelech rose early in the morning ,
and called all his servants , and told all these
things in their ears : and the men were sore

afraid .

ALTLADI® N113@- 2 QGLPEIP U Mé- *
LUTI TIC U-tv NECATD +612 APEI W)
b
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Appendix 1V: Questionnaire for the Complex Sentences (Amharic-English)

Grade 1to 5,

1 - Very poor translation (not related at all),
2- Poor,

3 — Good,

4 - Almost perfect,

5- Perfect translation,

Ambharic

English

Point

PP A0 AA FCTI PULLAMD AT N FPC
PPLILL NG L7

Unless the context shall otherwise require the
amount of such payment

2ThI° 00T HOPY Ut A& 144590 10C

And Enoch all the days of his wife , and were
not ashamed

¢ 290  Havy v-e POt aof (184 AP0t
Gavt Py =

And all the days of Noah were three hundred
sixty and five years :

Jhi oohd. &7 09102097 P9°0NC O+

Tax Clearance Certificate

D3OI AL, + NI°LC ALIP APl NH
aCRLEP (@5 AL BOT =

waters prevailed , and the waters increased
greatly upon the earth ; and the ark went

upon the .
Pav T TH avavg @ Public Procurement Directive
APC CON Short Title
PPN 210N AA FCTHIP PTLLAMD: NAPT NATPC | Unless the context shall otherwise require
PPLILL hefD-7 advance payment

LNt v P T PP ANNTFO-

the following shall be observed

AICHI® + AL T44.59° 1NC =

And they , and wife , and were not ashamed .

AICAI° ACO NCATFD- : Ml A27¢ + MAATIP
A7t a0k

And they said one to another, Go to , let us
make brick , and burn them through]y

1907 Am T 0L O1TFEP +HnTPE =

and he gave up the ghost and died ; and was
gathered unto his people .

LAhPI° ACA Go0F AD- 10

And lIsaac was forty years old

AN TR ALT AIHY GFO-

These are the sons of Ishmael

A MANACI® NOTIL md DI°LCI° Nl PCAUATIP
0L 7Y N LATY

And God the dew of heaven , and the fatness
of the earth , and p]enty of corn and wine :
give thee of the

LAMPI® : ALNDI° = AU (1> AHHO- :-
nh19aco-e7 A AST T AF10 AT
AT =

And l1saac , and ]acob blessed him , and
charged him , and said Thou shalt not take a
wife of

APP =2 18 ANT (190790 DL 1A MiTo- =

And Leah said , A troop cometh : and she
called his name Gad .

TH £.997. AnAT NATE AP\ TH Aavd.09°
P et (APS. ArPS 27 PHHLHSG Ui P F
LT SUSA

Procuring entities may engage in Direct
Procurement when the conditions laid down
under Article 27 are fulfilled.

TH 4971, AnAT ATITTFD-9° end.F iy 03T
PHHLHGTT Pt Sannd S (1€ TIHOE T AAOTFO-

For all bids, procuring entities shall prepare
bid documents that include the following

TH7 OFOMm AANT A790-9° ATINEO9° 0T
h8.909° eTLFAFT GATIPT 91 TIL40
LTCNFA : :

All Procurement Authorities and the execution
thereof must achieve the following objectives .

AAIC DOT TH 30 P9F ¢

30 days for National Competitive bid ; and

ALEF 099NN ACST MLoveOTFo- L30T ¢

Rules Applicable to Review Complaints
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AND* APV~ DL av Pt 17 AdvtaranetI°
= POYI° W& 1GRL kTP mPC =

unto Cain and to his offering : he had not
respect . and Cain was very wroth , and his
countenance fell .

AMANACT® ACAT AAD- - AAD- - A1V
POTT 0124 OOT ATE LOPANTA =
AMANRCT® 07T PTTO- U-(v W22 18AD-
ot ALLINT =

And the Lord said unto him , Therefore
whosoever slayeth Cain , vengeance shall be
taken on him sevenfold . and the Lord set a
mark upon Cain, lest any finding him should

kill him .

NAICA: PFANTRT OPT POMFOT NARLIOT ¢
PEPLIVII® DAL,

is filled with violence through them , and unto
his father &apos;s house , and Casluhim, (

out of Abraham his father , the Philistines had
LOM-OFD7 came Philistim , ) and Caphtorim

KSTHI° NH = HOH (9°LC AL TPAS =
ACOHOT9P =

ye , Be forth abundantly in the earth , and
multiply therein .

OAHYI® OF°P ALN7 A = ATHANRC OHE
PP CT 7% vt LAARAGT NHLLT® AMLANhC
U0 AL RICKT VFTATPA =

1 praise the Lord : therefore she name of it
called Babel ; because all Lord did there
confound the language of and from thence did

the Lord scatter them abroad upon the face of
all .

MAFTUT NAZY PMAAU AC-A AMHANHCI
02N 10 = A 189P9° ute APe T G- =

And blessed be the most high God , which
hath delivered thine enemies into thy hand .
and he gave him tithes of all .

P91 apavs, @

public Government Procurement Directive

4GOI = KTV A :- BU £RLVANT 918 10+
? AAD-

And Pharaoh said unto his servants him yet
again , and said , What is this that thou hast
done thou camest ?

P9° W40~ Kl hlLANC A PAHHD- U
AU KA =

and Noah , so did he all that God commanded
him , so did he .

ANGIPP P& - K1 06€0 S

Abram said unto Sarai , Behold , thy maid is

AMANMCI® AAT :-

And the Lord said unto her ,

2eh9e 054N Hovy vt POt aof AL A9ParE
Gavt Py =

And all the days of Enoch were three hundred
sixty and five years :

2V PLLIVAY PVLC 1D~ ? hast thou done unto us ?
ALTLANI® AHET U+ - QU7 OO+ T ET° And Abimelech charged all his people , saying
299,10 9o 7 g,av+F (1he AHH : , He that toucheth this man or his wife shall

sure]y be put to death .

AUTI + AL PO+ Al N9THHY T1C 0977

Now therefore , my son , obey my voice
according to that which 1 command thee .

CAOMDPT POSNT MO = NZND-I°  A72VI° N
AHHO- - D19 D07 T AST T.0F7 Ad<10

And l1saac called ]acob , and blessed him , and
charged him , and said unto him , Thou shalt
not take a wife of the daughters of Canaan .
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Appendix V: Sample Corpus on Simple Sentences
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Abebe loves enjera
Aster likes Abebe

Almaz is getting married
Abebe is married

John is divorced

Aster is a student

John plays basketball
Aster watches football
Almaz plays football
Haile is a runner

He loves competition

Haymanot enjoys watching football

he loves Haymanot

Addisu has a car

his car is comfy

Meaza wants to be a president
addis wants to be a doctor
kalkidan is a doctor

Getnet is her child

Nigist is his mother

he loves his mother

my mother is rich

my father loves my mother
my mother loves my father
he has a son

she has a daughter

her daughter is clever

Ayele loves watching movies

Aster is listening to music

AN A7EC PDAA

AOBC AONT TOLPAT
ANTTH AJ10 o+

ANN ATMEA

27 &t

AlvEC 16 T

27 et i LoD A
AlEC 0 oA

ANTTH 0 HeRO AT
VRN, Ziopy -

Al O-22C LOSA
VLTIt ! 910 PHGG T
UeTITHT O8N

A%.0- PG hAD-

av GO+ JE G-

av9H TLHATE a7 FLAINT
A%.0 &htC aoPT FEAINT
PANST 2htC I

YHrE 0hd, AR 10

It Al hGE IF

A WGET LO8TA

ASE U0 T

A0t KSE7 D8 FA

AGE hOET TORPAT

Al @78 AB hAD-

A4, Ot A hAE

Phd, A% 0 +F

APA LAT° TRt LDAA
AOEC HET heRaP T 10
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he loves listening to music
the movie is new

The news was good

the movie was long

the movie was short

the movie was boring

1 needed a tissue

1 need a tissue

she is an optimist

she is a pessimist

Abel killed someone

Mary was shocked

Eyob is walking

Eyob is walking with Helen
Helen run away from him
Eyob plays guitar

Helen loves musicians
Eyob is a musician

Chuck is sick

Chuck loves Mary

Mary is calling her husband
Fikadu is in trouble

Belay killed his brother
Moges’s wife is pregnant
Marta is sick

Mesfin gets drunk everyday

Naod is a spy

Samuel works for the government

Bethlehem graduated in computer science

Al HE? 71800 2D8A
AP A4(1 10

RGO+ P 10C

&hav g ING

&Aa> K¢ NG

&g hONE 10C

hb 067 24T 10C

A (T hdAIAU-

AQ, P4 AA( P

AQ, oPE hAN, T

ALA PUPT @ 120

T3¢ L7°1M 10C

APl hetgavg 1o

AP0 N2A7 IC APtHe-avL -
207 NAde CP BeT

A 1.0C LamIA
%07 HEGT7 tosAaT
AP0 HET 10

T APFA

Th 7287 Lebe-F i

734 ANA, APLOATAT 10+
G4 TIC o-OT 10
NAL @787 1LAD-
9P LAt 1€0-mC I
TCHT ATLFA

av(1§77 NPPr LANLA
GOL QAL -

Aa>GA APV LA

MLAABIP NNIOTOHC 4270 FarCPAaT
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