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Abstract

Both Ge’ez and Tigrigna languages, which the native Ethiopian languages, are morphological rich and
complex for bi-directional machine translation. To overcome this machine translation problem, this study
explored the effect of morpheme-based translation unit for bidirectional Ge’ez and Tigrigna languages.
The corpus was taken from Ten Bible Books that contained 384 that contained 9189 verses. The corpus
was used both for developing pre-trained model and for validation. Accordingly, to train the morfessor,
12173 simple Ge’ez and 16708 Tigrigna words were taken from SQlite database. Explicitly, from the
total of 7290 verses data, 80%, that is 7290 Verses were used to develop the pre-trained model and 20%
which is 1899 Verses were used for testing or validation purposes. we used Mosses for translation
process, MGIZA++ for alignment of word and morpheme, morfessor and IRSTLM techniques for the
language modeling. After preparing and designing the prototype and the corpus, different experiments
were conducted. BLUE score which is standard for automatic machine translation evaluation was used to
measure how much of the system output is correct. Experimental results showed a better performance of
9.23% and 8.67% BLEU scores using morpheme-based from Geez to Tigrigna and from Tigrigna to Geez
translation, respectively. That is, it was found out that the model or the system output was correct.
Regarding the BLUE metrics evaluation tool, it was also found to show proper validation scores or
results. As to the alignment challenges, many-to-many alignment is the major challenge. Hence, there is a
need to conduct further research to handle the issue of many-to-many alignment challenge.

Keywords: Bi-directional Machine Translation, Bilingual Evaluation Understudy, Ge’ez Language,
Tigrigna Language



CHAPTER ONE

1. INTRODUCTION

1.1. Background

Machine translation (MT) is defined by Daniel and James [1] “as a technology that enables the
use of computers to automate the process of translating from one language to another.” They
further elaborated that translation is a difficult, fascinating, and intensely human endeavor which
is as rich as any other area of human creativity. Machine translation has undergone nearly more
than half a century period of development to reach its current status. When one refers to the
history of machine translation, as is described by Jonathan Slocum [2], is traced from early
systems of the 1950s and 1960s which is the impact of the Automatic Language Processing
Advisory Committee (ALPAC) report in the mid-1960s, the revival in the 1970s, commercial and

operational systems of the 1980s, and research during the 1980s.

Machine translation has various advantages: One of the advantages is that translation by machine
takes a fraction of the time which is very short when compared to human translation that takes
much longer time. As is underlined by Caitlin, M. [3], the rate of machine translation is highly
rapid than that of human translation. He further explained that the average human translator can
translate around 2,000 words a day. Multiple translators could be assigned to increase the project
output, but it takes much longer time in comparison to the translation via machine. Machines can
generate thousands of words each minute [3]. The second advantage is lower cost which makes
MT comparatively cheaper. In many investments the use of MT is cost effective and beneficiary.
In case, when expertise professional translator is used the charge as per page will be extremely
costly. Thirdly, Machine Translation improves consistency which is based on MT engines that
could be customized with your preferred business terms. That is, computer program can be trained
to use the same term for the same concept every time [4]. The other advantage that makes
machine translation favorable is its confidentiality. Giving sensitive data to a translator might be

risky while with machine translation information is protected.

MT approaches are rule based, corpus based and hybrid [1]. Rule-Based Machine Translation
(RBMT), also known as Knowledge-Based MT, is a general term that describes machine

translation systems based on linguistic information about source and target languages. Corpus



based MT Approach, also referred as data driven machine translation, is an alternative approach
for machine translation to overcome the problem of knowledge acquisition problem of rule-based
machine translation. Corpus Based Machine Translation uses, a bilingual parallel corpus to obtain
knowledge for new incoming translation. Statistical techniques are applied to create models
whose parameters are derived from the analysis of bilingual text corpora. Example-based
machine translation (EBMT) is one of the examples of corpus-based machine translation,
characterized by its use of bilingual dictionary with parallel texts as its main knowledge, in which
translation by correlation is the main idea. By taking the advantage of both corpus based and rule-
based translation methodologies, hybrid MT approach is developed, which has a better efficiency
in MT systems [1]. For under-resourced languages such as Ge’ez and Tigrigna with limited or no

linguistics resources, statistical approach is recommended [1].

Machine translation has its own challenges even if it is active current research area [1]. Several
well-known problems are, fundamentally, problems of scarce bitext. The first challenge in MT is
translation of low-resource language pairs. The most straightforward example of scarce bitext
covers most of the world’s language pairs. The second one is translation across domains.
Translation systems are not robust across different types of data, performing poorly on text whose
underlying properties differ from those of the system’s training data. The third challenge is
translation into morphologically rich languages. Much of human communication is oral. Even
ignoring speech recognition errors, the substance and quality of oral communication differs
greatly from that found in most bitext [5].

Ethiopian is one of the countries in Africa that has its own alphabets called “Fidel” and Numbers. This

scripting method is the identity of the country not only in African but also in the international

Arena. The word Ge’ez means first in the Alphabet, first in reading style and first in Zema
(Gloss) teaching of the Ethiopian orthodox Tewahedo Church. Ge’ez (°10H) is an ancient South
Semitic language and is a member of the Ethiopian Semitic group. The language originated in
southern regions of Eritrea and the northern region of Ethiopia in the Horn of Africa. It later
became the official language of the Kingdom of Aksum and Ethiopian imperial court. Today,
Ge'ez remains only as the main language used in the liturgy of the Ethiopian Orthodox Tewahedo
Church, the Eritrean Orthodox Tewahedo Church, the Ethiopian Catholic Church, the Eritrean

Catholic Church, and the Beta Israel Jewish community [6].



Ge’ez is fairly massive in size, with its 182 alphabets. Though in order to make a fair comparison it
must be said that there are essentially 26 main alphabets, all consonants, in Ge’ez; while the rest
are essentially those with additional strokes and modifications added on to the main forms to
indicate a vowel sound associated with it or to make aural adjustments in the basic consonant
sound. The common writing surface of ancient Ge’ez is “birana” a parchment made from animal

skin, because of its organic nature it is subject to de gradation over long periods of time [7].

In Ethiopia, Tigrinya is the third most spoken language and the "Tigray" are the third largest
ethnic group, after the Oromo and Amhara. In Eritrea, Tigrigna is by far the most spoken
language, and they represent 55% of the population. Tigrinian, Tigrinyan, is a Semitic language
spoken in the Tigray Region of Ethiopia (its speakers there are called "Tigraway") by the
Tigrinya people, where it has official status, and in central Eritrea, where it is one of the two main
languages of Eritrea, and, and among groups of emigrants from these regions, including some of
the Beta Israel now living in Israel. There is no generally agreed upon name for the people who
speak Tigrinya. A native of Tigray is referred to in Tigrinya as Tigraway (male), tigaweyt"
(female), tigrawot or tegaru (plural). In Eritrea, Tigrinya speakers are officially known as the
Bihér-Tigrigna which means nation of Tigrinya speakers. Bihér roughly means nation in the
ethnic sense of the word in Tigrinya Muslim native Tigrigna speakers are known as the Jeberti, an
Arabic name which implies conversion to Islam among Horn Africans. Tigrinya is the third most
spoken language in Ethiopia, after Amharic and Oromo, and by far the most spoken in Eritrea. It
is also spoken by large immigrant communities around the world, in countries including Sudan,

Saudi Arabia, Germany, Italy, Sweden, the United Kingdom, Canada and the United States [8].
Tigrinya is a Semitic language spoken in Eritrea and in the Tigray Region of Northern Ethiopia.
Tigrigna used the whole Geez alphabets and eight additional (Que-®? She-fA? Che-Fi Gne-T7?
Zye-H'T Je-£7 ¢hv and Ve-N) Fidels which is 34*7 (238) size syllables and 4*5 (20) labialized.
Each of the columns are labeled as “7AH /ge“ez/ (first order), NAN /ka’b/ (second order), NAN
/salis/ (third order), ¢&MA /rabi’/ (fourth order), A9°N /hamis/ (fifth order), NN /sadis/ (sixth

order), and NNA /sabi’/ (seventh order) of alphabets. The orders represent the tones of each of the

vowels. This shows the combination of consonants and vowels [7]. Like English, Tigrinya is

written from left to right.



1.2. Statement of the Problem

Geez and Tigrigna are closely related languages. The reason is, because both languages have
similar alphabets, similar sentence structure and writing system, have similar phrasal categories,
use similar punctuation. However, there are several differences between the two languages. For
instance, there are several Tigrigna phrases that differ in their order of words in Geez phrases. So
to solve this problem, syntactical reordering rules are proposed to change the order of words in a
given Tigrigna phrase in a sentence to have more similar structural order of words as the target
language which can be considered as a pre-processing step to statistical approach. There are times
when human translations are used. However, they tend to be slower as compared to machine
translations. Sometimes it can be hard to get a precise translation that reveals what the text is
about without everything being translated word-to-word. In addition, it can be more important to
get the result without delay which is hard to accomplish with human translators. That is, when
machine translation comes in, that solves most of the problems caused by a human translator. As
far as the researcher knowledge is concerned, there is no prior study conducted on system
development of Geez-to-Tigrigna machine translation system. Nevertheless, there are researches
done on machine translations regarding some of the languages spoken in Ethiopia at the national
or local levels. For instance some of the researches done are Ge’ez-Amharic automatic machine
translation, Bidirectional Ge’ez-Amharic neural machine translation, Morpheme based
bidirectional Ge’ez-Amharic machine translation, Bidirectional Tigrigna—English machine
translation, Bidirectional Amharic-Afaan Oromo machine translation using statistical approach,
, etc. To this end, this study

“Morpheme based bidirectional Ge’ez-Tigrigna machine translation” strives to answer the following

research questions.
1.3. Research questions

To realize the intents of this research the following basic research questions which need to be
addressed are listed as hereunder.
+ What optimal language translation model is required to facilitate effective machine translation

process Geez and Tigrigna languages?

4+ What evaluation mechanisms need to be used?



+ What syntactic relationships do exist between Geez and Tigrigna languages?
+ What are the challenges observed between the morphology and Syntax of Geez and Tigrigna
languages?
1.4. Objectives of the Study

The following general and specific objectives are designed as follows.
1.4.1. General Objective
The general objective of this research is to design morpheme-based Geez-Tigrigna Machine

Translation model and implement the translation.

1.4.2. Specific Objectives
The general objective would be realized by the following specific objectives. The Specific objectives
are:

+ To design an optimal language and translation model.

+ To evaluate the performance of the prototype

+ To identify the syntactic relationship between Geez and Tigrigna languages.

+ To identify the syntax and morpheme gaps between Ge’ez and Tigrigna languages

1.5. Scope of the Study

Bi-directional Ge’ez to Tigrigna machine translation is designed to translate a sentence written in
Ge’ez into Tigrigna and vice versa. In this research, speech to speech translation, text to speech
translation and speech to text translation are not included. Machine translation has different
approaches such as, example-based approach, rule-based approach, statistical approach and
hybrid approach. To conduct the research, the statistical MT approach which involves preparing
parallel corpus for both target and source language was used. Aligning the prepared parallel
corpus and training the system in both direction and the finally performing a bi-directional
machine translation from source to target language and from target to source language were

implemented.
1.6. Significance of the Study

As described above machine translation is a design to translate text from one language (source
language) to another language (target language) without the help of human and the translation

express the same meaning as it is in source language. Ge’ez is a Semitic language of the southern



peripheral group, to which also belong the south Arabic dialects and Ambharic, one of the
principal languages of Ethiopia. Tigrinya has its own alphabet of 32 letters adopted from Ge'ez,
a language which exists with a very limited function within the Coptic Orthodox and Catholic
Churches. Like English, Tigrinya is written from left to right. Although the Tigrinya script might
look difficult, pronunciation is simple and straightforward, as the phonetic symbols closely
resemble pronunciation. The closest living languages to Ge’ez are Tigre and Tigrigna with lexical

similarity at 71% and 68% respectively [9].

As a result there is a need for a rule that can translate Ge’ez and Tigrigna morpheme based texts
that have more than one meaning due to their part of speech. Collecting the corpus was difficult
since there was not prearranged data for the bi-directional Ge’ez -Tigrigna corpus. In the context
of such gaps, it is of paramount importance to undertake the study of morpheme based
bidirectional machine translation of Geez-Tigrigna bulky contents. Besides getting meaningful
translation to the bulky contents it has also has an advantage of reducing delayed time span and

manual labor invested on the translation system.
1.7. Research Methodology

Research methodology is a systematic way of solving research questions scientifically by
following various steps along with the logic behind them [10]. It is the general principle by which
a researcher is guided [11]. Accordingly, the methodology of this research includes the research
design and methods that are presented as follows. According to Janet [12], “The arrangement of
conditions for collection and analysis of data in a manner that aims to combine relevance to the
research purpose with economy in procedure” is called a research design. It is a conceptual
structure that includes the collection, measurement and analysis of the corpus. Based on this
general notion, this study used corpus preparation, analysis, tools and techniques as well as the
evaluation mechanisms.  Moreover, this study, a bidirectional Ge’ez-Tigrigna machine
translation, also used corpus based (statistical) machine translation approach. Each element of the

design is discussed as follows.

1.7.1. Corpus preparation
The process to develop translation model for morpheme based bidirectional Ge’ez-Tigrigna
machine translation has followed the following procedure. From the total collected verses, 80%

and the rest 20% used for validation or evaluation purposes.



1.7.2. Tools and Experiments

Machine translation has different approaches such as, example-based approach, and rule-based
approach, statistical approach and hybrid approach. Statistical approach is economically wise i.e.,
doesn’t need linguist professionals, the translation process is done by only from parallel corpus
and also recommended by different researchers [6, 13, 14]. The basic tools used for
accomplishing the machine translation task is Moses for Mere Mortal; free available open-source
software which is used for statistical machine translation and integrates different toolkits which
used for translation purpose such as IRSTLM for language model, Decoder for translation,

MGIZA++ for word and morpheme alignment.
1.8. Thesis Organization

The following procedures are the logical organization of the thesis work. The first chapter, which
is the introductory part, deals with the statement of the problem to be addressed and the
objectives to be attained. Besides, the scope as well as the significance or the study and the
methodology to be followed are also included. Chapter two incorporates the reviewed related
literatures that include the relevant theoretical and the technical issues as well as the results of
prior works done on morpheme based bidirectional machine translation study areas. Chapter three
presents the overview of Ge’ez language and its relationship with Tigrigna language and
discussion of alignment challenge between the two languages. Next comes chapter four that deals
with designing processes of the prototype including corpus preparation, types of corpus used for
the study, corpus alignment, and discussions about the prototype of the system. Chapter five deals
with experiment of the study, which includes different experimentations and their outcomes, that
is followed by interpretations and results. The last chapter, that is chapter six, incorporates the

findings, conclusions and the way forward.



CHAPTER TWO

2. LITERATURE REVIEW

2.1. Machine translation

Machine translation (MT) is defined by Amine [16] as a translation of information from one
natural language (source language) to another language (target language) using computerized
systems; automatic or semi-automatic. It is a sub-field of computational linguistics that
investigates the use of software to translate text or speech from one language to another. As
Clark, et.al [17] described MT was conceived as one of the first applications of the newly
invented electronic computers back in 1940's. MT is an applied research that draws ideas and
techniques from linguistics, computer science, artificial intelligence, translation theory and

statistics.

One of the major importance of MT s that it reduces the language difficulties in information
access and promotes multi-lingual real-time communications. According to Tadesse [6],
translation is not just only word-to-word substitution, rather the translator has to interpret and
analyze all elements of a text. It also needs to know how each word may influence another and
this requires extensive expertise in grammar, syntax (sentence structure/word order), semantics,
etc., in the source and target languages, as well as familiarity with each local region in which

syntax and semantic means of sentence structure and meanings respectively.

According to Jabessa, et al and Daniel, et al [18, 19], machine translation systems can function as
bilingual systems or multilingual systems based on the number of languages used in the
translation process. They further explained that bilingual systems are designed specifically for
two languages (single pair of languages) and multilingual systems are designed for more than two
languages. It should also be noted that the translation can be unidirectional or bidirectional [16].
The system translates from the source language into the target language only in one direction, in
the case of unidirectional [20]. Bidirectional systems function in both directions in such a way
that one language can stand either as source language or a target language [19]. Bilingual systems
can be unidirectional or they can be bidirectional, but multilingual systems are usually designed

to be bidirectional.



2.2. Machine Translation Approaches

The first task of MT is to analyze the source language input and to create an internal
representation. Such a representation is operated and transferred to a form that is suitable for the
target language. Then at last output is generated in the target language [9]. It is further elaborated
that MT systems can be classified according to their core methodology. The rule-based approach
and the corpus-based approach are the two main paradigms that are found under this

classification.

In the rule-based approach, a set of rules to describe the translation process so that an enormous

amount of input from human experts is required [21] [22].

The other approach is corpus-based approach. In the corpus-based approach the knowledge is
automatically extracted by analyzing translation examples from a parallel corpus built by human
experts. The Hybrid Machine Translation Approach was created as the result of combination of
the features of the two major approaches [9]. The aforementioned three MT approaches, namely,
the rule-based, the corpus-based and the hybrid machine translation approaches are presented in
detail as follows.

2.2.1. Rule-based Machine Translation Approach

According to Okpor [9], Rule-Based Machine Translation (RBMT) is a machine translation
system 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. RBMT is also known as Knowledge-Based Machine
Translation or Classical Approach of MT. RBMT system generates input sentences (in some
source language) 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 [21].

A set of linguistic rules of RBMT methodology is applied in three different phases, namely,
analysis, transfer and generation [22]. Hence, RBMT system requires the following four steps,
namely, syntax analysis, semantic analysis, syntax generation and semantic generation that are

shown in Figure 2-1.
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Dictionary 1
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Figure 2.1: Architecture for a Rule-based Machine Translation System
Source: Taken from [23]
Okpor [9] has listed the following shortcomings that are inherent in RBMT approach;
* Insufficient number of good dictionaries. building new dictionaries is expensive;
» There is some linguistic information that needs to be set manually,
* Regarding the systems, it is hard to adjust to new fields to rule interactions that may result

in ambiguity as well as failure.
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* The last shortcoming is its failure to adapt to new fields or domains. RBMT systems usually
provide a mechanism to create new rules and extend and adapt the lexicon, nevertheless,
changes is usually very costly and the results, frequently, do not pay off.

According MOSSES [24], there are number of sub-approaches under the rule-based machine
translation approach, namely: Direct, Transfer, and Interlingua machine translation approaches. The
sub-approaches differ in the depth of analysis of the source language and the extent to which they
attempt to reach a language-independent representation of meaning between the source and target

languages.

Accordingly, the aforementioned sub-approaches used in Rule-based MT are briefly discussed as

follows.

2.2.1.1.Direct Machine Translation Approach

Though it is the oldest, direct machine translation (DMT) approach is less popular approach [24].
DMT is made at the word level. Machine translation systems that use this approach are capable of
translating a language, called source language (SL) directly to another language, called target
language (TL). There is no need to pass the translated words through an additional/intermediary
representation. Words of the SL are translated directly. The analysis of SL texts is oriented to
only one TL. Direct translation systems are basically bilingual but uni-directional. Direct
translation approach needs only a little syntactic and semantic analysis. SL analysis is oriented
specifically to the production of representations appropriate for one particular TL. DMT is an
approach that uses some simple grammatical adjustments and applying a word-by-word
translation approach.

2.2.1.2. Interlingua Machine Translation Approach

For the translation of more than one language, Inter-lingual MT approach is used to translate
source language text. Such a translation is from source language to an intermediate form called
inter-lingual and then from inter-lingual to target language [25]. The rule-based machine
translation approaches have the Inter-lingual machine translation as one of their instance. In the
Inter-lingual machine translation approach, the source language text that is to be translated would

be transformed into an inter-lingual language, that is, a language neutral representation. In this
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case the inter-lingual generates the target language. The inter-lingual becomes more valuable as
the amount of target languages it can be turned into increases. This is one of the major advantages
of this system that makes it to become the most attractive for multilingual systems [1] [9].

2.2.1.3. Transfer-based Machine Translation

According to Jurafsky, et. al and Woin [1] [9], the transfer-based machine translation creates a
translation from an intermediate representation that relates the meaning of the original sentence.
This is what makes this approach similar with inter-lingual MT. However, unlike inter-lingual
MT, it depends partially on the language pair involved in the translation. They [1] [9] further
elaborate that on the basis of the structural differences between the source and target language, a
transfer system can be broken down into three different stages: i) Analysis, ii) Transfer and iii)
Generation. In the first stage, the SL parser is used to produce the syntactic representation of a SL
sentence. the result of the first stage is converted into equivalent TL-oriented representations in
the next stage. A TL morphological analyzer is used to generate the final TL texts, which is the
final stage.

2.2.2. Corpus-based Machine Translation Approach

The dominance of the rule-based approach has been broken by the emergence of new methods
and a strategy which is called the Corpus-based Machine Translation Approach (CBMT). CBMT
that is referred as an alternative approach for machine translation to overcome problem of
knowledge acquisition of rule-based machine translation [26]. It emerged as a dominant new
method and strategy over the two preceding approaches. CBMT uses, as it names indicates, a
bilingual parallel corpus to obtain knowledge for new incoming translation. A large amount of
raw data in the form of parallel corpora is used by this approach. Text and their translations are
included in this raw data. These corpora are used for acquiring translation knowledge [9]. Corpus-
based approach is classified in to two approaches namely, Example-Based Machine Translation
(EBMT), and Statistical Machine Translation (SMT) are the two classifications of CBMT. The

approaches are briefly explained in the following section.
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2.2.3. Example-Based Machine Translation

Memory based translation is another name for Example-based Translation (EBMT). EBMT is
based on recalling/finding analogous examples (of the language pairs). The EBMT system is
given a set of sentences in the source language (from which one is translating) and corresponding
translations of each sentence in the target language with point to point mapping. These examples
are used to translate similar type of sentences of source-language to the target language. The basic
premise is that, if a previously translated sentence occurs again, the same translation is likely to

be correct again [24].

The fact that EBMT avoids the need for manually derived rules makes it an attractive approach to
translation. However, to produce the dependency trees needed for the examples database and for
analyzing the sentence it requires analysis and generation modules. A designated drawback in
EBMT is computational efficiency, especially for large databases, although parallel computation
techniques can be applied [9].

Accordingly, there are three major components of EBMT, as were indicated by Nagao, et al [27],
are matching fragments against a database of real examples; identifying the corresponding
translation fragments; and then recombining these to give the target text.

2.2.4. Statistical Machine Translation

According to Burnings [28], statistical machine translation (SMT), which is one of the corpus
based translation classifications, is generated on the basis of statistical models. The general
objective of SMT is to extract general translation rules from a given corpus consisting of
sufficient number of sentence pairs which are aligned to each other [29]. Burnings [28] further
describes that the parameters for SMT are derived from the analysis of bilingual text corpora.
Brown et al. [30] proposed that the initial model of SMT is based on Bayes Theorem. The
Theorem takes the view that every sentence in one language is a possible translation of sentence
in the other and the most appropriate is the translation that is assigned the highest probability by
the system. Parallel corpus that uses human produced translations is applied in SMT machine
translation approach [18]. According to Lopez [31], the SMT translation process is considered as
a machine learning problem. SMT algorithms automatically learn how to translate new sentences

after examining the parallel corpus. The machine learning algorithms learn how to translate new
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sentences from the parallel corpus which is a collection of previously translated texts. The
translation accuracy of these algorithms mainly depends on the parallel corpus regarding its
domain, quantity and quality. So, a consistent preprocessing of the data yields a good translation

quality.

The probabilistic models of faithfulness and fluency are built by SMT to select the most probable
translation by combining models [18, 18, 28]. The main focus of SMT is not on the process but on the
result of the translation to produce true translation which is both, faithful to the channel equation
shows that two components are needed. These components are a translation model P(F|E), and a
language model P(E). SMT works based on the Bayesian model which translates foreign language F
to English (E) or source language and the best translation is selected depending on the highest value of
the translation model (P (E|F)) [ 19, 30]. Therefore, the noisy channel via Bayesian rule is given as

shown below.

E = argmaxgp(E|F)

p(F|E)p(E)
piF)

E = argmaxg p(F|E)p(E)

= argmaxg

Where P (E\F) = thé t.ranslation model for foreign to Engl.ishAIanguage

P (F/E) = the translation model for English to foreign translation

P (E) = language model for English
Thinking of things backwards, according to [19], is a requirement for applying the noisy channel
model to machine translation. There is a need to pretend that the foreign (source language) input
F must be translated in a corrupted version of some target (e.g. English) sentence E, and that the
task is to discover the hidden (target language) sentence E that generates the observation sentence
F. There are three components to translate from a foreign sentence F to an English sentence E as
a requirement for the noisy channel model of statistical MT [18, 28,31]. These are the language
models to compute P (E), translation model to compute P (F |E) and decoder, which is given F

and produces the most probable E.
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2.2.4.1. Architecture of Statistical Machine Translation
According to Abdullah [32], the SMT approaches have three components, namely, decoder,
language model and translation models. These models attempt to process the source text and
finally translated to target language text. In the case of a monolingual, the goal of language
modeling is to assign n-gram that is, unigram, bigram, etc. to a sentence of target language. The
translation model, on the other hand, is bilingual probability that is computed from a given source
language sentence to generate target language sentence.

Source Language Texts

v

Decoder

\11 e Translation Model

&— Language Model

Target Language
Text

Figure 2.2: Statistical Machine Translation Architecture
Source: Taken and adopted from [33]

As depicted by this architecture, the noisy channel model of statistical MT thus requires three

components to translate from a foreign sentence F to an English sentence E [34].

o A language model to compute P(E)

o A translation model to compute P(F|E)

o A decoder, which is given F and produces the most probable
2.2.4.2. Statistical Machine Translation Models

There are two statistical Machine translation models, namely, the language model and the translation
model.
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o A Language model

According to Maucec, and Donaj [35] language model is usually formulated as a probability p(s)
over strings s that attempts to reflect how frequently a string occurs as a sentence. Given such a
sequence with length m, it assigns a probability, P(wl,w2,w3....... ,wm) to the whole sequence.
The most widely-used language models, by far, are n-gram language models. N-gram language
models are usually estimated over 3 to 5 grams. For example, trigram model means two words
history are considered for predicting the third word. Bigrams model requires just one word to
estimate the next one while unigram model disregards the previous words the unigram model is
easy to estimate but it is not a good language model. Two similar sentences with different word

order will have the same probability. N-gram probability can be computed as follow

cOUntiei—n,..2i—1,8f

p(eilei-n,.....,ei-1) =

T rount{ei—n,,. 20— 1,8

Any corpus will not have all the possible sentences. Therefore, a language model based on
sentence frequency might assign zero probability to a fluent sentence because it did not occur in
the corpus. N-gram models manage to avoid assigning zero probability to unseen sentences by
breaking up the estimation process into n-gram. However, if there is one n-gram in a given
sentence that was not in the training data, the model will assign the sentence zero probability
since the estimation is based on the product of all n-grams

(o) Translation model:

It states that the most likely translation of a given sentence G is the sentence that maximizes the
product of language model p(T) and translation model p(G|T) . Therefore, the job of the
translation model is to assign a probability that a given source language sentence (Geez)
generates a target language (Tigrigna). As mentioned above, for a given source and target
sentences G and T, it is the way sentences in G get converted to sentences in T which is denoted
by (G|T) calculated as follows:

Count(G,T)

P(G|T) = Count(G)
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Translation model assures suitable meaning while language model assures fluent output. In
language modeling section, breaking the sentences into smaller parts enables us to collect

sufficient statistics. The same approach will be applied in translation modeling.

The above equation may be difficult to achieve, if the sentences are too long. To overcome this
problem the sentence is decomposed into words and sub-words called morpheme, as in language
modeling [32].

p(G|T) = Z P(G,X|T)
X

Where the variable X represents alignments between the individual chunks in the sentence pair
where the chunks in the sentence pair can be morphemes, words or phrases. The variable X
represents alignments between the individual chunks in the sentence pair where the chunks in the
sentence pair can be morphemes or words or phrases. In morpheme-based translation, the
fundamental unit of translation is a morpheme. Phrase-based translations, most commonly used,
translates whole sequences of words, where the lengths may differ in which blocks are not

linguistic phrases but, phrases found using statistical methods from corpus [6].

Translation models are generally divided into three types [32]: word-based (input sentence are
translated word by word individually, and these words finally are arranged in a specific way to
get the target sentence), phrase-based (each source and target sentence is divided into separate
phrases instead of words before translation) and hierarchical phrase-based (hierarchical phrases

have recursive structures instead of simple phrases).

Decoding: searches for the best sequence of transformations that translates source sentence to the
target sentence [9]. It looks up all translations of every source morphemes, words, phrases, using
word or phrase translation table and recombine the target language phrases that maximize the
translation model probability multiplied by the language model probability can be computed as

follow:

P(glt) = arg?mx{ﬂ(ll.f;) +p(g))
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By following the above procedures, the decoder performs the translations of the input text for
both languages. Decoders in MT are based on best-first search, a kind of heuristic or informed
search; these are search algorithms that are informed by knowledge from the problem domain [1].

2.2.4.3. Challenges of Statistical Machine Translation

According to M. D. Okpor [9], there are issues on statistical machine translation these are:-

. Sentence Alignment: In parallel corpora single sentences in one language can be found
translated into several sentences in the other and vice versa. Sentence aligning can be

performed through the Gale-Church alignment algorithm.

. Statistical Anomalies: Real-world training sets may override translations of, say, proper
nouns. An example would be that "I took the train to Berlin™ gets mis-translated as "I took
the train to Paris" due to an abundance of "train to Paris" in the training set.

. Data Dilution: This is a common anomaly caused when attempting to construct a new
statistical model (engine) to represent a distinct terminology (for a specific corporate
brand or domain). Training sets used from alternative sources to the specific brand to
compensate for a limited quantity of brand-specific corpora may ‘dilute’ brand

terminology, choice of words, text format and style.

. Idioms: Depending on the corpora used, idioms may not translate "idiomatically".

. Different word orders: Word orders in languages differ. Some classification can be done
by naming the typical order of subject (S), verb (V) and object (O) in a sentence and one
can talk, for instance, of SVO or VSO languages. There are also additional differences in
word orders, for instance, where modifiers for nouns are located, or where the same words

are used as a question or a statement.

2.2.5. Neural Machine Translation Approaches
The state of the art that is used until very recently is called neural machine translation which is a
new breed of corpus-based machine translation. It is similar to the statistical machine translation
technology but completely different by their computational approach: neural networks it uses [37]
. Sequence-to-sequence models or encoder-decoder networks are the alternative names for the

neural machine translation systems. The systems were initially fairly simple neural network
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models made out of two recurrent parts [39]. That is, is an approach to machine translation that
uses an artificial neural network to predict the likelihood of sequences of words. It also consists of
many small sub-components (words) that are tuned separately. Neural machine translation
attempts to build and train a single, large neural network that reads a sentence and outputs a
correct translation. According to [37] [39], most of the proposed neural machine translation
models belong to a family of encoder—decoders. Encoder is used by the neural network to encode
a source sentence into a fixed vector and decoder, used to predict words in the target language are

the two components of recurrent neural networks (RNN).

The main advantage of the encoder-decoder approach is that a neural network needs to be able to
compress all the necessary information of a source sentence into a fixed-length vector and There
is no separate language model, translation model, and reordering model, but just a single
sequence model that predicts one word at a time [39]. Nevertheless, the neural machine
translation has its own inherent disadvantages. The main disadvantages of neural machine
translation (NMT) That are, they are time-consuming if target vocabulary is large, weak to OOV
(out of vocabulary) problem, difficult to debug the errors, and needs high perform computing
devices (GPU - graphic process unit [39].

2.2.6. Hybrid Machine Translation Approach
Hybrid machine translation uses both Rule-based Machine Translation (RBMT) and Statistical
Machine Translation (SMT) to translate from Source languages to Target language [9, 21]. The
hybrid approach can be used in a number of different ways. In some cases, translations are
performed in the first stage using a rule-based approach followed by adjusting or correcting the
output using statistical information. In the other way, rules are used to pre-process the input data

as well as post-process the statistical output of a statistical-based translation system [41].
2.3. Alignment

The usual approach to building a statistical machine translation system is to first build a model of
alignment between the input and output languages. According to J. Brunning [28] alignment is
the arrangement of something in an orderly manner in relation to something else. An alignment is
a parallel segmentation of the two texts, typically into sentences, such that the nt" segment of the
first text and the »n"'"* segment of the second are mutual translations [40].
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One of the limitations of current word alignment models for statistical machine translation is that
they do not address morphology beyond merely splitting. However, current alignment models do
not take into account the morpheme, the smallest unit of syntax, beyond merely splitting words.
That is, it can be performed at different levels, from paragraphs, sentences, segments, words and
characters [28]. Since morphology has not been addressed explicitly in word alignment models,
researchers have resorted to tweaking SMT systems by manipulating the content and the form of
what should be the so-called “word” [6].

Since the word is the smallest unit of translation from the standpoint of word alignment models,
the central focus of this research is on translating morphologically rich languages (Ge’ez and
Tigrigna) by decomposing of morphologically complex words into tokens of the right granularity
and representation for machine translation [42]. We focus on morpheme as a translation unit of
this study.

Sentence alignment represents the basis for computer-assisted translation is represented by sentence
alignment, terminology management, word alignment and cross linguistic information retrieval [39].
In a parallel text context, sentence alignment is the problem of finding a bipartite graph matching
minimal groups of sentences in one language to their translated counterparts. Due to the fact that
sentences do not always align one-to-one, the sentence alignment task is important [44]. Sentence
alignment means identifying which sentence in the target language is a translation of which one in the
source language [45]. Robustness and accuracy are two kinds of difficulties in automatic sentence

alignment methods [46].

The size and domain of the parallel corpus used strongly influences the quality of translations
produced in any statistical machine translation system [47]. Sentence-aligned parallel bilingual
corpora, which originate in sentence aligned form, are not proved to have very useful for applying
machine learning to machine translation. This makes the task of aligning such a corpus of
considerable interest, and several methods have been developed to solve this problem. Ideally, a
sentence alignment method should be fast, highly accurate, and require no special knowledge
about the corpus of the two languages [48]. Sentence alignment of parallel corpus affect the
performance of the machine translation especially on statistical machine translation based on the
above concepts. Following the standard alignment models of Brown et al. [49], we assume one-

to-many alignment for both words and morphemes. This function of mapping a set of word

20



positions in a source language sentence to a set of word positions in a target language sentence is

known as word alignment aw [50].

On the other hand, a morpheme alignment am is a function mapping a set of morpheme positions
in a source language sentence to a set of morpheme positions in a target language sentence. A
morpheme position is a pair of integers (j, k), which defines a word position j and a relative
morpheme position k in the word at position j [51].

2.3.1. Tools used for alignment

There are different tools developed for aligning corpus for different purpose of text processing

according to Andre and William, et al [47, 48, 49, 50], The following are some common tools:

MGIZA++ is software based on the famous word-alignment software GIZA++. Since
GIZA++ is an signal-processing software and the processing of GIZA++ is time-consuming,
MGIZA++ modify the structure of GIZA++ and then support the multi-thread architecture.
Support Word Alignment Model.

GIZA++ is a SMT toolkit freely available for research purposes. The original program called
GIZA was part of the SMT toolkit EGYPT, developed at the center of language and speech
processing at Johns Hopkins University by Liang, et al [50]. GIZA++ is part of the statistical
machine translation toolkit used to train IBM Model 1 to Model 5 and the Hidden Markov Model.

O IBM Model 1

IBM Model 1lis the simplest and the most widely used word alignment model among the models
that the IBM group has proposed. , The other name for IBM 1 Model is a lexical translation
model that uses an Expectation Maximization (EM) algorithm which works in an iterative fashion
to estimate the optimal value for each alignment and translation probabilities in parallel texts. The
IBM Model 1, given a Geez sentence G = (g1, . . . gl) of length | and Tigrigna sentence T = (t1, . .
., tn) of length n, ignores the order of the words in the source and target sentence and the
probability of aligning word and is independent of their positions in string G and T, j and i

respectively [24].

IBM Model 1 tries to identify a position j in the source sentence from which to generate the ” target

word according to the distribution in the context of noisy channel.
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. E ] 1
Pr(g|t) = Wﬂjuzuo t(gye,)

It denotes the translation probability of given and denotes. It is also assumed that all positions in
the source sentence, including position zero for the null word, are equally likely to be chosen and

there are acceptable alignments.

O IBM Model 2:

The IBM Model 2 has an additional model for alignment that is not present in Model 1 [24]. The
IBM Model 2 addressed this issue by modeling the translation of a foreign input word in position
to a native language word in position using an alignment probability distribution defined as: a(i
V |, L. ,lf) in this equation, the length of the input sentence f is denoted as Ir , and the length of the

translated sentence e is L. .

Assuming t(e | f) is the translation probability and a(i V J, L ,l) is the alignment probability, IBM

Model 2 can be defined as:

P(e1 [,1|_||r) =E ]-[j'e=[ f{ﬁj v f:zlj)a(j)v Jl.r tr:‘. 'f]f')’

The alignment function maps each output word to a foreign input position >

IBM Model 3

A Single word in the source language may not map to exactly one word in the target language
[24]. Model 3 adds the fertility probability n(s;) which is equal to the likelihood of each source
word translated to one word, two words, three words, and so on, on top of Model 2 parameters
Modeled by distribution =(g|f). The number of inserted words depends on sentence length. This

is why the NULL token insertion is modeled as an additional step to the fertility step.

IBM Model 3 can be mathematically expressed as:

P(SIE,A) =T[1l; @i! n(olej) * [T, t(fileaj) * [T/ .0 d(lai, L)) # (*’;ﬁ”) BPp],
Where represents the fertility of each source word is assigned a fertility distribution , and refer to

the absolute lengths of the target and source sentences, respectively.
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> |BM Model 4
The set of distortion probabilities for each source and target position (i.e., the probability of a

word in the source sentence change its position in the target sentence). As opposed to Model 2

which does absolute reordering, model 4 does relative reordering. > IBM Model 5

Model 5 removes the deficiencies of the previous models [1-4]. For example, Model 4 can stack
several words on top of one another. It can also place words before the first position or beyond
the last position in the target string. Therefore, Model 5 fixes deficiencies like this one that the

previous models have not handled [24].

2.4. Morphological Segmentation

A Linguistic Operation wherein words are separated into their composite morphemes is called
morphological segmentation. The smallest possible building blocks of language that also have
meaning when alone are called morphemes [49]. Morphemes are usually divided into two groups,
i.e. stems and affixes; stem defines the basic meaning of a word, whereas affixes define the

various forms of meaning of the word.

Morphemes are usually divided into two groups, that is, stems and affixes. The stem defines the
basic meaning of a word, whereas affixes define the various forms of meaning of the word. For
instance, consider the word 'unsegmented’. This word is consisted of 3 morphemes - 'un,
'segment’ and 'ed’. Morphemes are used in a variety of linguistic tasks. They are used in
understanding word structure and word formation., Morphology is used in text preprocessing
tasks in Natural Language Processing (word stemming and lemmatization) and generating vector-

space representations of words [49].

2.4.1. Segmentation tool

Morfessor model is to discover as compact a description of the input text data as possible.
Substrings occurring frequently enough in several different word forms are proposed as morphs
and the words are then represented as a concatenation of morphs, e.g., ‘hand, hand+s,
left+hand+ed, hand+ful’. The model uses unsupervised training but still gives better results in
most cases than other rule based natural language models and supervised machine learning

models [49]. From the alignment tools mentioned above we used MGIZA++ and Morfessor for
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word level, morpheme level alignment and used for finding the morphological segmentation from
raw text data respectively because, these tools go with our objective and they are current tools

used in SMT research area.

2.4.2. ldentifying Morphemes

In identifying morphemes, Morfessor Baseline takes a corpus as input and segments its words
into a set of morphs without labeling the corpus [50]. Maximum Aposteriori estimate (MAP) is

the basis for Morfessor algorithm.

The probability of the model of language P(M) and the maximum likelihood (ML) estimate of the
corpus conditioned on the given model of language, written as P(corpus | M) are the two MAP
estimate components. The algorithm looks for a much that has the highest probability in the given

the corpus:

argmax P(M| corpus) = argmax P(corpus|M) - P(M))

i} M

P(M) = P(Lexicon, grammar): is the joint probability of the probability of the induced lexicon and

grammar.

Where (Lexicon) = {ul, 2 ,... ... ... .., u|L]} is the morph lexicon,

“Lexicon” refers to an inventory of whatever information one might want to store regarding a set of
morphs. It also includes a set of morphs interrelations [50]. Suppose that the lexicon consists of M
distinct morphs, the probability of coming up with a particular set of M morphs pl ... uM making

up the lexicon can be written as:

P(lexicon) = M! - P(properties(ul), . . ., properties(uM))
M! is explained by the fact that there are M! Possible orderings of a set of M items and the lexicon

is the same regardless of the order in which the M morphs emerged.

In the Baseline versions of Morfessor, the only properties stored for a morph in the lexicon is the
frequency (number of occurrences) of the morph in the corpus and the string of letters that the

morph consists of. Assuming independence of strings and frequencies, we can write:

P(properties(ul), . . ., properties(uM)) = P(ful, ..., fuM) - P(spl, ..., suM ), where f represents

the morph frequency and s the morph string.
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To estimate probability distribution of the morph frequencies Morfessor Baseline uses the

noninformative prior:

P(ful, ... fuu)= ”; , Where N =%| JL = |1 f uj (number of morph tokens in the corpus).
WL|—1f

It is also assumed that all the morphs are independent from each other:

P(Sul,...Su|L]) = “L,L':l P(S,x) and all the characters within the morph are also independent:
P(Suk]) =TT}k, P(Ci)
Wheres uk = 1,... Clk, and F(Cik) is the character probability distribution over the alphabet

estimated by counting its frequency in the corpus.

The probability of a morph being of a length assumed to be exponentially distributed:
(=1 — (#)) (#), Where # is a special end-of-morph character.
With all the independence assumption mentioned above the probability of the corpus given the model

is the product of probabilities of all the morph tokens:

P((Corpus|M)) = []}Z, }jle P () » Where W is the number of tokens in the corpus and (i) is

estimated by counting its frequency:
POw) = go—

The algorithm uses the following data structure [50].

o) Every word type is assigned a binary tree called a split tree; the word itself is the root of the
tree. If the word is not split its split tree consists of just the root. On the other hand, the word
is split in two; the segments are the children; each segment may also be split in two and so

on. The morphs are the leaves of the split tree.

o The nodes are shared between the trees in the data structure that contains all the split trees.
Thus, each node is present in the structure only once; each non-leaf node has two children;

any node can have any number of parents.

o Each node is associated with its frequency (occurrence count in the corpus). The frequency

of each node is exactly the sum of frequencies of all its parents.

o The morph lexicon is the set of leaves of this structure.
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2.5. Machine Translation Evaluation

The evaluation of machine translation systems is a vital field of research. It both determines the
effectiveness of existing MT systems and optimizes the performance of MT systems. Judging
machine translation quality is defined as machine translation evaluation, there are two common

types of MT evaluation:

(o) Manual Evaluation also called Human Raters:

The most accurate evaluations to evaluate each translation along the two dimensions use human
raters. Example, along the dimension of fluency, we can ask how intelligible, how clear, how
readable, or how natural the MT output (the target text) is [54]. Human evaluations of machine
translation are extensive but expensive. Human evaluation is laborious. It can take months to

finish and involve human labor that cannot be reused.

There are two methods to use human raters to answer the questions [54]. One method is to give
the raters a scale, for example from 1 (totally unintelligible) to 5 (totally intelligible), and ask
them to rate each sentence or paragraph of the MT output. They can use distinct scales for any of
the aspects of fluency, such as clarity, naturalness, or style. The second methods relies less on the
conscious decisions of the participants. For instance, we can measure the time it takes for the
raters to read each output sentence or paragraph. Clearer or more fluent sentences should be faster

or easier to read.

The two different perspectives by which the quality of MT output is judged by experts in translation
and linguistics are accuracy and fluency [55].

In accuracy, source text adherence is judged to the source text norms and meaning, in terms of
how well the target text represents the information content of the source text. The source text and
translation being judged are accessed by the evaluators. Frequently, the context of a sentence is
also taken into account. The evaluation requires to be bilingual in both the source and target

languages.

In fluency, the degree of adhere to the target text and target languages norms, referring, for
example, to features such as grammatical and clarity., The source text is not relevant when

judging fluency. In fluency, the evaluators have access to only the translation being judged and
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not the source data. Fluency demands a fluent expert only in the target language. The adequacy

and fluency are usually judged on a Likert 5-point scale [55].

> Automatic Evaluation

Automatic evaluation metrics are cost-free or cost-effective alternatives to human evaluation and are

used in the development of MT system to estimate improvement [55].

Bilingual Evaluation Understudy (BLEU), National Institute of Standards and Technology
(NIST), Translation Error Rate (TER), Precision and Recall, and Metric for Evaluation if
Translation with Explicit ORdering (METEOR) are different types of heuristic evaluation
methods [54]. All heuristic methods except BLEU require human translation and time consuming.
In BLEU each MT output is evaluated by a weighted average of the number of Ngram overlaps

with the human translation.

The Other score metrics widely used for automatic evaluation of machine translation output is
BLEU score [55]. The basic assumption is that a translation of a piece of text is better if it is close
to a high-quality translation produced by a professional translator. The translation hypothesis is
compared to the reference translation, or multiple reference translations, by counting how many
of the n-grams in the hypothesis appear in the reference sentence(s); better translations will have

a larger number of matches.

According to M. S. Mirjam and D. Gergor [55], BLEU is based on precision and is starting
computed with just unigrams. Unigram precision is calculated by finding the number of words in
the candidate sentence (MT output) that occur in any reference transcription and dividing by the
total number of words in the candidate sentence. Unigram is not an accurate measurement of
translation quality as the system can generate many words that occur in the references but not
output grammatical or meaningful sentences. Bleu uses a modified N-gram precision metric.

Ngrams in the test set to avoid this problem.

To compute a score over the whole test set, Bleu first computes the N-gram matches for each
sentence and add together the clipped counts over all the candidates’ sentences and divide by the

total number of candidate N-grams in the test set. The modified precision score is thus:
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2.6. Related Prior Works

The following are some researches that are related to machine translation models. And their methods,

results and the way forward are presented in brief as follows.

o Morpheme Based Bi-directional Ge’ez -Amharic Machine Translation

The research was conducted by Tadesse Kassa in 2018 with the purpose to design morphemebased bi-

directional machine translation for Ge’ez-Amharic textual documents.

Corpus preparation and preprocessing was collected from online sources. Such Online sources
include Old Testament of Holy bible and anaphora (or Kidase). The corpus includes manually
prepared bitext from Wedase Maryam, Anketse Berhane, yewedesewa melahekete, Kidan and
Liton. To make the corpus suitable for the system, different preprocessing tasks such as
tokenization, cleaning and normalization have been done. The data set contains a total of 13,833
simple and complex sentences, out of which 90% and 10% are used for training and testing,
respectively. To build a language model for both languages we used 12, 450 parallel sentences.
For both statistical and rule-based approaches we used Mosses for translation process, MGIZA++
for alignment of word and morpheme, morfessor and rules were used for morphological
segmentation and IRSTLM for language modeling. After preparing and designing the prototype
and the corpus, different experiments were conducted. Dataset being prepared using unsupervised
morpheme segmentation performs 14.54% and 14. 88% BLEU score from Geez to Amharic and
from Ambharic to Geez respectively. And also dataset prepared using rule-based segmentation
performs 15.14% and 16. 15% BLEU score from Geez to Amharic and from Ambharic to Geez
respectively. As we compare the result rule-based morpheme segmentation performs better than
unsupervised morphological segmentation. This is due to rule-based morpheme segmentation

uses rules well-crafted by linguist that directs to the morphemes of the language.
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This study achieves a promising result that identifies morpheme as an optimal unit of translation
and it enhances the performance of bi-directional Ge’ez-Amharic machine translation.Rule-based
morpheme segmentation requires linguistic knowledge to generate well-crafted rules, time taking,
resources incentive and it is long term work plan. On the other hand the unsupervised morpheme
segmentation technique generates the rules from corpus of the language, which is economical and

doesn’t need linguistic knowledge.

(@ English-Afaan Oromoo Machine Translation: An Experiment Using Statistical Approach

The research was conducted by Sisay Adugna Chala in 2009, with the aim to develop a prototype
English-Afaan Oromoo machine translation system using statistical approach, i.e, without explicit
formulation of linguistic rules

There are two possibilities to translation, namely: Manual Translation (in which any translation
task is carried out by human translators) and Automatic or Machine Translation (in which any
translation task is carried out by computer software). Thus, the focus of this research is on

automatic or machine translation from English to Afaan Oromoo.

Evaluation is done using the BLEU (Papineni et al., 2002) scoring tool. Using a reference
translation prepared manually from the parallel corpus, the translation quality of the system

output which was translated can be evaluated.

In this research, experimentation of statistical machine translation of English to Afaan Oromoo
was conducted and a score of 17.74% was found. Although Afaan Oromoo is among
resourcescarce languages (Kula et. al., 2008) of the world, the result of this experiment shows
that the amount of data available can be used as a good starting point to build machine translation
system from English to Afaan Oromoo. The researcher believes that these tools and techniques
should be applied for other languages in Ethiopia to help the speakers of the languages reap the

benefits of getting documents available in English without renouncing their own language.
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> Geez to Amharic Automatic Machine Translation: A Statistical Approach

The thesis was conducted by Dawit Mulugeta in 2015, with the objective to investigate the
application of Statistical Machine learning technique to Machine Translation from Geez to

Amharic.

The required amount of parallel data, a Holy Bible Geez-Amharic translation and some other
religious books (Wedase Mariam and Arganon) are used. 12860 parallel sentences are used for
the training and testing. The collected data were divided in to training and testing set in such a

way that more than 90% of the collected data was used as a training set.

The collected data are further preprocessed so as to make the data fit to the modeling tools
requirement. These include breaking of the documents into sentence level in such a way that
separate sentences appear on a separate line and corresponding Geez and Amharic documents
being on different files with corresponding sentences on corresponding lines. With some
expectation in the Geez versions, most of materials were inherently verse level aligned and
sentence level alignment was not required. Some document (Widase Mariam and part of

Arganon), which are not aligned at sentence level were aligned manually.

SMT uses different tools in order to build the language model, the word alignment model and
decoding. Language modeling (LM) is the attempt to capture regularities of natural language for
the purpose of improving the performance of various natural language applications. The word
alignment tries to model word-to-word correspondences between source and target words using
an alignment modeling. Whereas, decoding is the process of searching among all possible
translation for a given source sentence from the huge different possible translation for each word

(phrase) with different ordering in sentence.

The common statistical MT platform, namely Moses, is used for the translation. Moses is selected
due to the familiarity of the researcher to the tool and because of its accessibility, processing
capability and language independent features. Moses consists of all the components needed to

preprocess data, train the language models and the translation models (decoding) (Och, 2003).

3
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Although Moses integrates both the IRSTLM and SRILM language modeling toolkits, the IRSTLM,
which requires about half memory than SRILM for storing an equivalent LM during decoding
(Federico et.al, 2007), is used in this research.

The BLUE score for Hebrew to Arabic translation (Shilon, 2012), which are both morphologically
rich languages, is 14.3%. As well, the BLUE score for English to Affaan Oromo (Sisay, 2009) was
17.74%.

Accordingly, the average result that was achieved at the end of the experimentation was 8.26%.
We have found that increasing the Amharic monolingual corpus can enhance the accuracy of the
language modeling and the translation result. The performance of the system appears relatively
low as compared to the performance of other experiments performed on huge amount of data.
First reason for the low performance is the morphological complexity of the two languages. Geez
and Amharic are related but with scarce parallel corpora. Machine translation between the two
languages is therefore challenging and requires exploring different approaches. Due to time
constraints the researcher was not able to test the approach. The researcher recommends future
research of Geez — Amharic translation should be undertaken using Example-based Machine
Translation approach which is the other corpus based machine translation approach and requires

relatively small amount of bilingual data for training (Dandapat, 2010).

> Bidirectional Tigrigna-English Statistical Machine Translation

This thesis was conducted by Mulubrahan Hailegebreal in 2017 with the aim to develop a
bidirectional Tigrigna—English machine translation system using statistical machine translation
approach.

In this work, experimental quantitative research method is used. This research has been conducted
by developing thirty types of experiments all based on Tigrigna - English and English — Tigrigna

Statistical based Machine Translation

The direction should be in the application of methods that help to get semi-supervised
segmentation model to segment Tigrigna morphology as the processed segmentation experiment

outperformed the other experiments (baseline and morph-based experiments). Since this method
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only segments prepositions and conjunctions, there should be a mechanism to apply more

techniques to segment the other partsof-speech as well.
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CHAPTER THEREE

3. GE’EZ AND TIGRIGNA LANGUAGES

3.1. Geez and Tigrigna Languages Writing System

Writing system is a set of rules for using one or more scripts, to represent human language in

written form. The Tigrigna writing system uses Ge’ez syllable or alphabet called “Fidel /“4.£84”

meaning letter, which was adapted from Ge’ez, the extinct classical language of Ethiopia.

3.2. Syntax

Tigrigna sentences should have at least two components the subject and a finite verb. Tigrigna

sentence structure follows subject (“N%A-NF) (beOel-Biet)” object (“tN-M,) (tesHebi)” verb (“°11L,)

(gsi)” word order (SOV) (Tsehaye, 1979), (Tewelde, 2002), (Teklu, 2008), (Tegay, 2014) [57],

whereas, the syntax of Ge’ez follows SVO, VSO and OVS [6].

LW | N20E weBt &8AT 200 | D0k wEBt 4201

S 450\ . :

THU | 2éA | Yo | &0 | A0 | A0 | ANd Zht | o) | D | A )| ol | A0 | GNP |
& | A S EN A M A A Iz |y N S % 3 T
g 1IN (13 L n 13 il n nn | w U~ | 9 “ “ M |y
£ 12 * ¥ 2 2 i i 7 |0 0 9. 9 %, 1] ?
i< ¥ 8 % 5 B 18 Iz [+ t [t |2 [+ [+ [+
ML & (155 U4 (s [0 TR TR + |2 |+ (& [® |e
I o o |? P ® o | @ =
2 H H H Y i H H L4 S S 5 Lo p 2
211 T | 2> 3 4 -~ 86 |8 & 1 | % a ’
g lm | m m M T m % |+ ® L 4 &> ¥ * £
1 leh de | |h | du | ac | ¢ - | ¢ P A C ¢
15 ¢ LR S A £_|® A0 | n ® |n |[a |a |n |o
ih I b Gh b h Lh B2 (A (% [ [% [ [% [A
ria o S L S S Y BT |F |T |7 |T [T |7
| ov gv- |9 |99 |7 o |9

Table 3.2.1.A: Previous Ge'ez Alphabet
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Table 32 1.8 Current Ge'ez Alphabets
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3.3. Number system (A'7H)

Geez has its own numerals for designating numbers. Tigrigna number system uses Ge’ez

numbering systems.

It has twenty characters. They represent numbers from one to ten (&-1),

twenty to ninety (A-3), hundred (?) and thousand (€p). However, these are not suitable for

arithmetic computation purposes because there is no representation for zero (0), decimal points.

Tigrigna” numbering system can be classified as ordinal numbers, cardinal numbers and fraction.

The cardinal numbers are numbers like “A2” (one), “NAT” (two), “NANT” (three), “YNC+”

(ten), etc..., the ordinal numbers are “P8§9RL” (first), “NAAL” (second), “NANL” (third),

“GAgL” (tenth), etc....

and fraction numbers are also special numerals in Tigrigna that

correspond to the English like:

“&C%” (half), “CN%” (quarter), “rL.O (one-third) etc.

Ge’ez
no. - & g r 0 & Z 1 T ]
Arabic

0 1 2 3 4 5 6 7 8 9
no.
Ge’ez | RAN AchS. NAkhtk WAN+E | ACNOE| AIPNE | NEAE | NNYE | AARTER| +AY+
Tigrigna| na AP A+ AANT | ACNOT | AOA+| A8AT | AD-9+| AP+ | TR+
Ge’ez
no. 7 @ 5 q = 3 T 7 3 ee
Arabic
o 20 30 40 50 60 70 80 90 100 10,000
Ge'ez | Qmd- | wAN ACNY Yoo NA ANG | waye| +A9 | 9R4F | AA&
Tigrigna| g g | NAA RCNY 4924 | NAA | A NS AL | tNY | MAt | INCHNAH
Ge’ez
no. eep 1eep eeee [
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Ge’ez | hRAAGT| TAALT Tad T IoRAL T

Tigrigna| @ A % | 9AC+TA LY | T A £TALT| NAPTY

Table 3.3: Ge’ez and Tigrigna Numeral
3.4. Similar Letters
Similar letters are letters that have similar sounds but they are different in shape Orthographically.

Ge’ez language has similar letters but in Tigrigna language there is no similar letters that have similar
sounds like Ge’ez language.

Similar letters in Ge’ez
Sound Letters
UtrhiT

ha

o ATw
34 , 5@
12 . A0

d ."a
33_ 23 B8R

. Figure 3.4 Similar Letters of Ge’ez
3.5. Word Classes

Word class category or simply lexical category refers to classes in which a given word can be
resided. The term word class is used to identify word behavior in the sentence or corpus. Each
word that we use for speech as well as writing has its own part of speech. Based on parts of

speech a word of grammarians classified words in to eight major parts in both Ge’ez and Tigrigna
[58]

[59]. These are Nouns/ “f9°”, Verbs/”10%t”, Adjectives/’®0AT”, Adverbs/’+@ATN-71%,
Pronoun/+@-AM-9°/N78-A9°,  Preposition/a®N+PL L,  Conjunction/a®N+99°C  and
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Interjection/$a AIJ5” [58][59]. The syntactic structure is formed by combining different words

in sequence. The syntactic structure of Tigrigna is generally SOV whereas Geez follows SVO,

VSO and OVS word order for declarative sentences. The Tigrigna equivalent for the Geez
sentence “@rA® OPRA AJ°N+k [weetu metsa embet]” is “7+ TH P9k [nsu geza metsie’u]”
meaning “He came home” where “7¥(t [nsu]” is the subject of the Tigrigna sentence equivalent to
“@A+ [weetu] in the Geez , ““IH [geza]” is the object of the Tigrigna sentence equivalent to
“A9PN.F [embet]” in the Geez and “0P9 A [metsie’u]” is the verb of the Tigrigna sentence which
is equivalent to “dP& /metsa” in Geez . But usually pronouns are omitted in both Geez and
Tigrigna sentences and become part of the verb when they used as a subject “@&h AIPN+k

[metsa embet]” equivalent to “7H 0P A [geza metsie’u]”.

3.5.1. Parts of Speech

3.5.1.1. Noun /“f+9®”

Noun in Ge’ez and Tigrigna are name given for people, place, animal, feeling, quality, action and
idea. Noun can be also sub divided as common noun, proper noun, concrete noun, abstract,
countable. Most nouns in both languages ends with the sixth letter, “Sadese Fidel”, It doesn’t
mean that it never ends by other letters or Fidel. Both Tigrigna and Ge’ez nouns have plural
forms to represent a number of things that share common characteristics. However, in Both

Tigrigna and

Ge’ez, the most complex and difficult part of the languages is there is no common system of
converting a singular form to its plural forms. Even though there is no common system of
converting a singular form to its plural forms there are two ways forming plural forms of a nouns

in both the languages. These are the following:

> Pattern replacement (broken plurals):
. Ge’ez: - “£1C dabr”-------- “ALNC adbar”
“U1C hager” --------- “ AUFC ahagur”
“NF bet” -------- “A NPT

. Tigrigna:- “ @&, wedi” ......... ”hMST awedat”
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“10PQ gimel”.......... ” R4\ /agmal”

“apyNC menber” ....... “anq’{1C menabir”

> Addition of an ending (Internal plurals):
. Ge’ez: - “AOPF” —mmmmmmmee “RORFF T A0AV...... “NOAT”
. Tigrigna “&@PH” --mmneemm- “qapt T AN, “ant>

Plural Nouns formed by pattern replacement are often referred to as ‘broken plurals’ or ‘internal’
plurals; those formed by adding suffixes, as  external' plurals [6]. The two endings used to form
external plurals are -d@n (kA7) and -“at /A%, -“4n” is, for the most part, restricted to nouns
denoting male human being. Most Ge’ez nouns form their plural form using broken plural or
internal plural ways. In Ge’ez languages we use “A L A...... * I % % to inflect a singular noun to

Plural and also in Tigrigna we use some of them.

Ge’ez Tigrigna
using Original word | Inflicted word | Using Original word | Inflicted word
A AN AN A AN, ANFt

NAhC ANACT A Nhd NAhCFHt+
Ao F | 1NC AINCT Ftort |NCP nCer+inct
+ 7890 7809+ + 7890 7809+

AgD A9t >+ AR ARt AL T
A neN N.&MNA A neN N.&MNA

(rd (Frdob\ A (rd (Frdod\
| &P RE P Yor gt &P e P PGt
M- 5o TS 27777 2?7777 27777

AN AND- AN ANFt

Table 3.5. Example of infliction in numerals in Ge'ez and Tigrigna (Adopted from Tadesse, 2018)
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3.5.1.2. Adjective (“POA”)

Adjectives are one of the four major word classes, and its main purpose is to give clear explanation

for a noun (i.e., talk about things behavior or characteristics, like shape, size, color, type, property).

Adjectives in Ge’ez and Tigrigna are based on property, size, shape, color. Most Tigrigna adjective

was found in front of a noun where as In Ge’ez language adjectives are used before and after noun.

For example: - “&7PF ALM- £7974. ARAANT 2 (Geez)
“H+ARN AD8T ARAR Nt RHAM: (Tigrigna)

“REM &IPT RI914 dPAARNT:” (Geez) ¢
“HtAh ADST AR BH/ M (Tigrigna).

“NAN HRL” (Geez) *
“HC ™A (Tigrigna)
There are many ways of creating plural form of adjectives in Tigrigna and Ge’ez language. One
way of making plural in Tigrigna is by adding affixes (“-Ai-AFi-ATIt”) to a given word [57].
and also creating plural form of adjective in Ge’ez language by adding prefix “AA ¥ A” at the
beginning and adding suffix “7 ¥ /& ¥ P T + T 4> T @™ _ ” at the end [59][6]. A detail

explanation was given in Table 3.5.1.2.

Tigrigna Ge’ez

Singular Plural | Prefix | Suffix Singular | Plural Prefix Suffix
AN ANFT . AT A AN~ oy
A9C A6Ct . hA.C

HN4 & (fashion) | HNY$+ . At

APA, (labor) | Agre A

Table 3.6.: Tigrigna and Ge’ez singular plural prefix and suffix
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3.5.1.3. Verb /“91h”

Verb is a word used to describe an action, state, or occurrence, and forming the main part of the
predicate of a sentence [59]. Verbs in Tigrigna mostly are placed at the end of the sentence
whereas in most Geez sentences the verbs are placed in the middle. In both language verbs have
two types of ending: one relating to the subject and one relating to the object. Thus, the affix

attached to the verb can simultaneously agree with the subject or the object.
In Ge’ez and Tigrigna there are two types of verbs regular and irregular verbs based on the affix

used to form. Tadesse Kassa [6] argued that, Regular verbs are main verbs that have four types;

namely, “$8TML/hAL” past tense/perfect, “NAAL/TE ME 7T dP9A Y present and future

/imperfect, command and “H7£” to verbs. “+OHH” command and “H7£” to verbs are the same.

Perfect verb shows the action is past or completed, which include past-perfect, past-continuous,
past-participle with relative pronoun H (of), whereas imperfect verb includes present-continuous
and future action. The end of all perfect verbs is the first order while all imperfect verbs ends with
the 6th order when the noun is “@-A+®” he. Morphology of verbs starts with perfect verbs. To
change imperfect verbs, it has its own rules which is expressed by the root verbs /1N ACANE”

[597[60].

Root verb in Ge’ez are eight and have their own characteristics [59].

These are: -
Head Number of radicals Pronunciation
A Tri-radical, 1-1-1 Ikatalol
LN Tri-radical, 1-1-1 /kaddasa/
NUA Tri-radical, 6-6-1 Ibihilal
AROD/ Quadric-radical ,1-6-1-1 /?9°Pmara/
(LWp Bi-radical, 5-1-1 /$ema/
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nZn Tri-radical, 3-1-1 Ibarakal

&ao Bi-radical, 7-1 Ikomal

Table 3.7:Root verb of Ge’ez

The two main characteristics of Ge’ez and Tigrigna verb are:
. How they are written; and
. In a given sentence verbs indicates an action done by subject of a sentences and also it is

always agreed with the doer of the action.

As Tadesse Kassa [6] and Mulugeta Atsebeha [57] discussed both language verbs are using
affixes [prefix, suffixes, infixes, and circumfix] for inflectional morphology. Affixes are
morphemes that are sub words of a word. Based on affixes usage two types of morphemes exist
called Inflectional Morphemes and Derivational morphemes. The one that inflect verbs in
number, gender, tense and if the newly formed word class is same as that the first such a
morpheme is called Inflectional Morphemes. Derivational morphemes are responsible not only
for the formation of new word but also the word class of the new word also different from that of

the previous one. Let us discuss each of the types of affixes in both languages.

3.5.1.4. Adverb /”’+@-ATh <1h”

Adverb is a word used to describe the property of a verb.

3.5.1.5. The Stems of verb /A 6 ™€ 1N ”

The Stems of verb pillars or bases of verbs are those that support the conjugations of verbs. Ge’ez

and Tigrigna have five stem patterns [60] and all stems have prefixes. These are

»  Perfective stems "1N.C”

e.g.,Geez ......... “PtA”
Tigrigna ......... “®tA”
. Causative stems “A7NC”
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e.g,Geez......... “hP+A”
Tigrigna ......... "hP+A”

= Causative-reciprocal stems ”AN+J3NC

e.g.,Geez ......... “ANtPtA”
Tigrigna ......... “hAPFtA”

*  Reflexive stems “t11C”

eg, Geez ... “tPTA”
Tigrigna ......... “t$+A”

. Reciprocal stems “+J31C”

e.g.,Geez ......... “tPAt”
Tigrigna ........ “tbPtA”

3.5.2. Minor Parts of Speech

3.5.2.1. Pronoun (“t+®-Am h9/A18-9”)
Any word that replaces noun and utilized in the noun place is a pronoun. Pronoun provides the
same functionality like that of noun functionality provides. There are here are different types of

pronouns these are: personal, reflexive, relative, reciprocal, demonstrative, interrogative,
indefinite, and possessive pronoun.

3.5.2.1.1. Personal Pronoun

In Ge’ez and Tigrigna pronouns can be classified as singular and plural, masculine and feminine, and
near and far.

Pronoun Gender

1 person | Ge’ez | Tigrigna Masculine | Feminine | Singular | Plural
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Ry Ry v v v
Yy TG v v v
2"peerson | xy+ AN v v
ATt | kT v v
AYFa | ANBoAN BRI v
AYFT | ANRYAN RN v
3"peerson | it | Y- v v v ?
BAt | A v v J 2
@530 3ASgD v v
O-AFT | 1A+ v v

Table 3.8: Tigrigna and Geez pronoun
Pronoun in Ge’ez and Tigrigna can be used being Subject in leading the sentence as singular and

plural, near and far, and Masculine and feminine.

Example: (A7 - YY) A7 = as described at the above table A7 and 7' can be used for both genders().
. AT R&AGID ML 1IN Nt AR A&ET [ AT h&&ID T NH-TPRA&+ NLL:: AT AChr
N Nt APRA&EF [ A1 T Nh-aO8 &t e L
. Yh1 (1hT) = A&EID DRALN ACT 1N Nt ARAET [ ThT h&&TPT RALAT TN
Nt-ae &t LeT: AT ACTIN Nt A&t / 7T TN Nt-MPlh&+ T eq::

. At (W13NR) = RELTR A+LN MLY [ AGLTE LY, At
ATt A+eh LY/ I0NH @y At h::

. ATHI™ (A7) = R&ATD O+HMNTT A+Lhd ML) [ h&4IPT +aPN1TT ML),
AtTroe: A% A+eha™ @Y / INHTNIR ML At Trge:
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. A (AT EINR) = ADEC (T8N, Y / ANEC MR AT At AR, @Ry
[ 3T/ATE @21 At

. AT (INHEAT) = ANEC @AATIH A+LAT LT/ ANECT AATIHT @R At hT:
AT A+LAT @Y/ TN AT @R At h 7Y

. @Ak (ACH) = AELT® ATP DRY [ ASLT® MRY, AHe:

@hk ATe MLY /1 LY AFR:

. M-AFA™ (YAFIR) = AGLID @+APNTT ATR @LYT /| A& +APATTT DR
A+R/AT e

OAT™ AR LY/ TAFI ML AFPge::

. LAt (7N) = ANEC NPT @Y/ ANEC LT N+ P:: £At NP+ @LYT /10 @Y
(9

g @AY (30+T) = ANEC @AATIH AP MLY [ ANECT AATIHY @Y ATPY/A+E::
OARY ATP @Y/ TA+T @B AFPY/A+P::

3.5.2.1.2. Demonstrative Pronoun (“AN+h™M¢ (A ANt /meM) +@-Am h™”)
Demonstrative pronoun is a pronoun that is used to point something specific within a sentence. These
pronouns can be used in place of a noun, so long as the noun being replaced can be understood from
the pronoun’s context and used before a verb of a sentence. These pronouns can identify either the

sentence is Near or Far. These are:

Demonstrative pronoun (Near)
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Singular Plural Gender
Ge’ez | Tigrigna Ge’ez Tigrigna Masculin | Femi-nine
e
H¥+ | AL THE (this) | Ak TAT®R | AHATR? v
AHATIP
(these)
H AA v
2F: M ? THATY
THA
Ht AH.A T (this) AT ALTRALTG ? v
AHATTAHATY
AHA AP AA T AL Fm- ?
AHATT AT
Table3.9.A Demonstrative pronoun (Near) in Ge’ez and Tigrigna
Demonstrative pronoun (Far)
Singular Plural Gender
Ge’ez Tigrigna Ge’ez Tigrigna Masculine | Feminine
HETHARIHA | I TARE AANTAANRTA | TATIRE v
b (that) ok YOI
(those)
ATFNEIAYFN | INTALATAHA | AADTTAANTT | AtAHTTIATTY v
tIATH (that) tht+d

Table 3.9.B Demonstrative pronoun (Far) in Ge’ez and Tigrigna

Possessive pronoun / “A75HM, +@AM N>
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Possessive pronoun is a pronoun that takes the place of a noun to show the ownership of someone
or something. It can be used instead of a noun phrase to avoid repetition in a sentence.

Possessive pronoun

Singular Plural

Ge’ez Tigrigna | Ge’ez Tigrigna
1% person | {x-P The | HA-Y cUg
2"person | Ha-n TN [HA-DT™ | Ghege

HA-N, TN, | HA-RY TN
3“person | Hx-U- Tk Hh-Pae | G2gm

HA- o HA- Tt

Y(NAM) UPI(NAK)

Table 3.10 Possessive pronoun in Tigrigna and Ge’ez

When Ge’ez pronouns are used as verb to be each pronoun express their own meaning as translated
into Tigrigna.

Pronoun The translated meaning of Ge’ez in Tigrigna
R At APTIRG

@k fao- APIRIILCIRIINGIRING

™A AP gm

A+ AAIChINEINTINChEING

ATt ANTIECAThRTNIING

AFae ATrgRTh eI e C R ING

AT AN eI CATIING

YhY AETNRATILCTITING

AT APTNINT1R4TNTNC

Table 3.11 Translated meaning of Pronouns from Ge’ez to Tigrigna
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3.5.2.2. Conjunction “d™h+99°C”

As Tadesse [6] discussed about conjunction: Conjunction is a word used to connect clauses or

sentences or to coordinate words in the same clause. In Ge’ez “@ I AM I and 800%™ T AA ¢
N+ and in “Tigrigna 7 ¥ @2 7 and 77C 17 are conjunction used. @ in Ge’ez has 27 meaning.

The most commonly used meaning of “@” used as “7”.

3.5.2.3. Punctuation Mark
In Ge’ez there is no question mark whereas Tigrigna has. The interrogative is placed at the end of
the sentences. It is pronounced with a low level and the style of pronunciation by itself also shows
an interrogation. In most cases, Ge’ez interrogatives are preceded by a radical which has the same

order to the interrogative. These two languages have the same punctuation mark except question
mark as we explained at the above. For example,”U? F7 AT AT T AT A2F? ANR?” (When?)
“+th9P4+?” (Do you know?) T “ATHaU" (are you?) T “th9RL1A.” (do you know me?).

3.6. Morphology

Morphologically, languages are often characterized along two dimensions of variation. The first
is the number of morphemes per word, ranging from isolating languages in which each word
generally has one morpheme, to polysynthetic languages in which a single word may have very
many morphemes. The second dimension is the degree to which morphemes are segment able,
ranging from agglutinative languages. Ge’ez and Tigrigna exhibit such character that the
performance of the SMT system difficult. Inflectional morphemes include the grammatical
functions of the word. These are number, tense/aspects, possession and comparison []. Number: -
Ge’ez and Tigrigna has singular and plural numbers. The number marker in Ge’ez and Tigrigna
language usually exists noun, adjectives, and verb conjunctions. It exists in either of prefix, infix,
suffix and super-fix. The number markers in pronouns, demonstratives, prepositions are the same
but numbers in nouns are complex with exception of every conjunction. In Ge’ez, -yan, -an, yat,
and -at are suffix plural number marks in Ge’ez. Gender: -in Ge’ez the gender markers are not
limited. They may vary from time to time accordingly to the part of speech. The gender markers

are the feminine markers. Gender is distinguishable in both singular and plural. Gender is nouns,
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adjectives, some adverbs, prepositions, demonstratives, possessive, verbs are marked by the

following “-A%-" at plural, “-+ - as person profile as personal suffix, “-% -” in pronoun plural, -
A in pronoun possessive, and aspect... “Y” - as objective markers in personal names in

possession preposition. A -in gerund, infinitive and derivational morphemes

3.7. Challenges of Ge’ez and Tigrigna During Machine Translation

There are different challenges that we noticed when trying to do machine translation between

Ge’ez and Tigrigna language. Some of the challenges are described below: -

. Morphological challenges

Translating between two morphologically rich languages poses challenges in analysis, transfer
and generation. The complex morphology induces an inherent data scarcity problem, and the
limitation imposed by the dearth of available parallel corpora is magnified. Both Ge’ez and
Tigrigna are ploy syntactic languages which is the number of morphemes per word is not always
one. Most of the researches conducted in SMT are using morphologically rich language as a
source language and target language is morphologically poor. Nevertheless, both Ge’ez and
Tigrigna, which have rich language morphemes, are used interchangeably in the context of

bidirectional morpheme-based machine translation [6, 57, and 61].

. Syntactical challenges

Syntactically, both Ge’ez and Tigrigna languages are perhaps most saliently different in the basic word
order of verbs, subjects, and objects in simple declarative clauses. The syntactic structure of Tigrigna
is generally SOV whereas Geez follows SVO, VSO and OVS word order for declarative sentences.

This makes the translation most challenging [60].

. Alignment challenge

In the case of conducting bidirectional statistical machine translation, two morphologically rich
languages, Ge’ez and Tigrigna Languages, there exist critical alignment challenge due to the
variation of alignments between the languages. That is, in some sentences there could be one to

one, one to many or many to one or many to many [62].
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3.8. Number system

Geez has its own numerals for designating numbers [58]. Tigrigna number system uses Ge”ez

numbering systems. It has twenty characters. They represent numbers from one to ten “a-1", twenty

to ninety “A-3”, hundred “?” and thousand “€”. However, these are not suitable for arithmetic

computation purposes because there is no representation for zero (0), decimal points. Tigrigna

numbering system can be classified as ordinal numbers, cardinal numbers and fraction. The cardinal

numbers are numbers like “A 8 (one), “NA+ (two), AANT (three), “GACT” (ten), etc..., the ordinal
numbers are “P85ML” (first), NAAL (second), “NANL” (third), “%N&-L7 (tenth), etc.... and fraction

numbers are also special numerals in Tigrigna that correspond to the English like:

“&C®” (half), “CN%” (quarter) “LN” (one-third) etc.
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CHAPTER FOUR
4. METHDOLOGY

4.1. Introduction

A research methodology is a way to systematically solve the research problem [62]. In this
section, the procedure for Ge’ez to Tigrigna morpheme based bi-directional machine translation
is presented. Here included are the corpus preparation, data description, methods, procedures, the
model and the evaluation techniques which are presented respectively as follows.

4.2. The Methods

A research method is the procedures to be undertaken that involve the forms of data collection,
analysis, and interpretation that researcher proposes for the study [63]. The method followed is
morpheme based bi-directional machine translation in case of Ge’ez to Tigrigna and vis-versa. In

this study statistical machine translation approach was used.

4.3. Data Description

The dataset is composed of 9 books of Bibles, which consist of 384 chapters for each Ge’ez and
Tigrigna Languages. The Bible Books are Genesis, Exodus, Leviticus, Numbers, Deuteronomy,
Judge, Joshua, Ruth, and Psalms. The 9189 verses of the 384 chapters of the nine books were used for

the experimentation purpose.

4.3.1. Corpus Preparation
A parallel corpus was collected from https://www.stepbible.org/ digitally available Bible in Ge’ez
and Tigrigna. To train the Morfessor, 12173 Ge’ez and 16708 Tigrigna words were taken. The
corpus dataset was divided into two parts: train and test, with 7290 verses for training and 1899
verses for testing for both languages. These data were used to develop the model. For the
translation purpose, the toolkits such IRSTLM was used for language model and MGIZA++ for

word and morpheme alignment.

Algorithm for collecting Corpus by using web scrapping:
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Books of the N°. of Chapters NZ. of Verses
Bibles
Genesis 50 1527
Exodus 38 1221
Leviticus 27 806
Numbers 36 1279
Deuteronomy 34 780
Joshua 24 555
Judges 21 574
Ruth 4 85
Psalms 150 2362

Total 384 9189
Table 4.1: Books of the Bibles and their respective Chapters used as dataset

OO N0 &~ w N

Web scrapping : Extracting geez bible corpus from website

impert nuspy as np
import requusts
from bsd isport BeautifulSoup as bs

import timeit
start = timeit.defsult_tiser()

noxt_links'/2gqeversion-Gouz|re
geez_bible=]]

for i in range({236):
req = requests,getd “https: /S, stephihle, org/ " snext_link)

soup = bs{re “html s
soup = bsf{req.content, nl, porser

links = soup.select('a”)
for L in racgel(len(linkc)):
link = sougp.select('a’ )[4
if link.get{"class’) = ["restChapter’]

mext_link = link,get{ ‘bref')
body=soup.Find('div", closs_='passageContent’)

chapter_title = body.find('hd’, class_="xgen')

bible.sppend(chaptor title.taxt)

geezr_bible. sppend (body, tex
stop » timeit. default timaer()

print{ Time taken to scrap; ', stop - start)

4.4. Language Model

A language model uses machine learning to conduct a probability distribution over words used to

predict the most likely next word in a sentence based on the previous entry. Language models
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learn from text and can be used for producing original text, predicting the next word in a text,

speech recognition, optical character recognition and handwriting recognition. As described at

section 4.3.1 to perform the training and testing procedures. From all corpus 80% which is 7290

of both Ge’ez and Tigrigna verses were used to train the model.

For Example when translating morpheme based bi-directional a Tigrigna Bible verse phrase
“M2NAT” into Geez, the translator can give several choices as output:

Most likely Tigrigna translations for geez word M2 M.A=" afterl iteration:

[INCAYE, MARLLE, 'ATAL IATRA, AINE, NULOF, NART, 'S, 'ANLD-P7, T, "H N9
Most likely Tigrigna translations for geez word M £M.A=" after 5 iterations:

[8R0-, "HNT:, " NULDF, NHMCARTY, BNLM-£12, 34", Tl A&,

'Ath L IRIPA L, "B.AR4:'] Most likely Tigrigna translations for geez word @2M.A>7 after

10 iterations: ["INCATE, 'CALY, '&S' A&, 'PHARS, "1+, "HN:, 'NAT=, 'NtACART,

'NULM®I"] Most likely Tigrigna translations for geez word @2 MN.A=" after 20 iterations:

(17, A&, 'RR0-, Teid, "INCATE, 'NthCARTY, 'ANED-27, NN, HHZNT, 'NAAT ¢

Here, the language model tells that the translation “7t7” sounds natural and will suggest the same

as output.

4.5. Translation Model

Translation models describe the mathematical relationship between two or more languages. We
call them models of translational equivalence because the main thing that they aim to predict is

whether expressions in different languages have equivalent meanings [64].

45.1. 4.5.1 Decoder
A decoder searches for the best sequence of transformations that translates input (source)
sentence to the corresponding output (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
[9][34]. By following the above procedure, the decoder performs the translation process from

both directions.
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O GIZA ++ Tool

GIZA++ is a statistical machine translation toolkit that is used to train IBM Models 1-5 and an
HMM word alignment model. This package also contains the source for the mkcls tool which

generates the word classes necessary for training some of the alignment models.

O Morfessor Tool
Is a family of probabilistic machine learning methods for finding the morphological segmentation

from raw text data that were indicated in sub-unit 4.3.1, Corpus preparation.

O The Viterbi Algorithm
The Viterbi Algorithm is a dynamic programming solution for finding the most probable hidden
state sequence [65]. If there are G and T is the number of observations in the sequence P(G|T) to
P(G, T)/P(T) can be transformed, but there is no need in finding P(T) as P(T) does not pertain to

changes in state sequences.
P(G.T) = P(TIG)P(G)

=P(T, ... T¢|G, ---ﬂr}l_.[:=1 P(m’|f}1 ..-r:l_,]

=P(Ty .. Te|Gy .. GOz Plgije,_, )
i=1P(T; [Ty . Tiq, Gy o Gz Pleitg,,)
~[1t=1 p(T; |Gi|P(gyq,_,) » Where tis the number of observations in the sequence.

4.6. Evaluation

The final output of the translation systems needs to be evaluated. The evaluation is made by
comparing the translations of a set of sentences (output of the system) to the correct translations.
As it was discussed in section 2.5, we can evaluate machine translation systems using human
evaluation and automatic evaluation, but human evaluation is expensive, too slow, and subjective,
therefore automatic evaluation is reliable. BLUE score is one of the popular automatic evaluation
systems and which is standard for automatic machine translation evaluation and it is a precision

oriented metric in that it measures how much of the system output is correct.
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CHAPTER FIVE
5. DESIGN, IMPLEMENTATIONN AND EXPERIMET RESULT

To perform the experiment, we design architecture of system design and apply morphological

segmentation, construct language and translation model.

5.1. System Design Architecture

The system design and architecture are framed for the implementation of morpheme based on

bidirectional Geez to Tigrigna machine translation are presented as follows

Ge’ez / Tigrigna
Corpus

Ge'ez / Tigrigna
vocabulary

' R 3 : Geez/Tigrigna segmented k r
Tr: ing Data _
aining » ) Test Data

>
- MGIZA++
Language
Model /
IRSTLM i
T
\
Translation \
Model |
Input Geez Word Output }

M BLEU
Evaluation
. ) Metric
Figure 5.1 Architecture of the system

5.2. Implementation

The implementation process is presented as follows.



5.2.1. Preprocessing
Preprocessing began with the removal of any unnecessary or unusual characters from the sentence.
Then total the frequency of the ten most frequent words in both Tigrinya and Ge'ez.

Most common Tigrignawords: [('%¢1', 166), ('M1', 147), ('MA', 105), ('™&4', 1082), ('A
PAR', 88), ("hn', 69), ('At', 49), ('TA', 45), ('AmANYC', 44), ('Mr', 43)]

/

Most common Geez words: [(':', 3130), ('=', 260), ('AMMAC', 106), ('™2C', 91), ('h
™', 49), ('mr', 46), (‘oht', 44), (‘oby’, 42), (‘W™ 36), (':]', 31)]

5.2.2. Training the model

We have used the data set described in Section 4.3.1 to perform the training and testing

procedures. From corpus 80% which is 7290 of both Ge’ez and Tigrigna verses were used to train
the model.

5.2.3. Training the system
The training process includes creating language model, translation model, and conducting
decoding using the help of GIZA++ and IRSTLM. The created language model is built with the

target language model, that is, for Tigrigna as well as Ge’ez separately; both the languages

become a target and source language at some point.

5.2.4. Tokenizer and Frequency
Tokenization is the process of breaking a stream of text up into words, phrases, symbols. The
Tigrigna and Ge’ez corpora becomes input to this tokenizer and frequency calculator component,
and the component generates list of words with their frequency of occurrence. Some noise like,
Punctuation, digits and whitespaces are not included in the resulting list of tokens. The list of

tokens becomes input to the segmentation learner for further processing.
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from ns imsport Tter
tigrigna str = rem ) Agna str
gee 5 remo 0 )
Lig ™ .r‘tkun_"?._v ( ).:..'r‘_gl_g'tj_‘.(r. [
B word coutner Counter(geer str.s;
o] {L1g_word_cou r
{ge_word_coutner.most
C amon Tigrigna words: [("ms#y', O™
1 (‘o' ) "oy 1)]
L Commor PL W ( A, 1) hAY 1 ¥
Aovg* ("ans, 1)]

Figure 5.2: Frequency

5.2.5. Segmentation with Morfessor

AN,

& F

1)y |

To conduct this experiment, we need to segment the words in each of the language based on

unsupervised segmentation tool called Morfessor. This unsupervised segmentation system learns

the segmentation from a list of corpora with their frequency that are not annotated or pre-

processed in any way that helps the system to predict the correct segmentation. The output from

this segmentation learner is morph segmentations of the corpus in the input. This morph

segmentation output becomes a segmentation model that can be used as a model to segment

Tigrigna and vice versa.

In this segmentation model of the Morfessor program no model learning takes place. Each input

IS segmented into morphs by the Viterbi algorithm, which finds the most likely segmentation of

the word into a sequence of morphs.

def perSepment (seg
segmented » [geez model.viterbi segment(i)[@] for 1 in se
result |3 for in segmentod for 1 An

return resalt

geer seg = " ".join([str(item) for item in perSegment(l)]) for | in geerCleaned |
gee

Genes S

"TAMYL I THLIAMMAE tAM Y@ ™R

'2 0 PG A 1 ANCA &N M Bt 1 & RS 1 ) D A F 1L ML | LA A

K n Y10 @M 1YY n

'a N A 9C) e A A m 1 MUMUWAE © "TRRA 1 OC A
‘SmpAmp AIAA Y o $ m A xoesy A A ¥ ) A A 1 M »
‘B EA 1 MM 1 A b A “TNhA L. v 2 S AT TNy 1 "% @ MR
T MMMWAE i m &L AAMm I NMAE t ThAOAL2T 8 I il 1 @ "Thha
'S MUAMAE 1 A OhE T &L T AT T 1@ C AT T ANMAMAE ¢ e 1 UGt 1 @ by 1 A
‘OmEL I NMMANAL L AZ T D NN T TIE L M RS L ACIE 1 S L AR T R EPWCA 1 T A
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def t igsegment (seg):
segnented = [Vigrigna model . viterbi segment(i)[0] for 1 in seg.split()
result = [ for 1 in segmented for j in i}
return result
tig seg = [ ".join([str(iten) for item in tigSegment(i)]) for i im tigrignaCleaned ]
tig seg
[ "N H e Mes 1’
1 AT A e T o + ML Y P AC Y Amd”,
VP EFI A P LS Y A AN Y DA ML A AN, oenS WML oA ATV BOY AT A BA TS F 2 0 P L e,
3 APSH DA O BT A A0 27 T,
4 APPSR 291 K\ £ ACYY RORF 9T T OAF AR BA 3 € A0 bl RA T A A B,
5 AR ) ¢ Y @500 ACRA Y € R T T W AL AORA P T P I ILANOT W e ovEaet
GAPMT 29 3 Y P RO Y S P d A ads M Y oY P dETY A,
TAPSA Y 2 ol ME Yt M INVE U A Y S+ 8 TR A & 0\ L A A "Y S T 4 A& DA o9 ',
8 AR A Y 0 AL AMIE ASRAY TR T T D LAY b hAAL £ MSadt,
G AP £0% ) & W PR TACAA A & M Bt IS I A0 MY £ B G ADE F SRR 04 1RA 20T WY,

10 AN BN Y & YR B AR 3 b AL MT P B 5 A0S A AT DA RO I T A
11 MM 297 Ak P2 A £ 7 MCA Hu ) NFAT MM M) CA HAP &2 N h9™ S2FE AL P25 oL 4 & AP Aor A A D57 297 T,

Figure 5.4: Morphological segmentation result

5.3. Experiment Result

This section presents experimental results of morpheme based bidirectional Ge’ez-Tigrigna statistical

machine translation.
> Morpheme based translation from Tigrigna to Ge’ez

For this experiment, Tigrigna is the source language and Ge’ez is the target language. (10792 sample

Ge’ez and 10792 Tigrigna were taken)

N AGA AR P2 PR 2EGNAPAR b A 04 Akl 3 OF 2APYL A2
..rLH“u BPAR? N AL A 2 B + 09 T A2AANPET D IEA B T°R50 ANPE

|IIT A4y + 97 ™% i N2 nk L’}n.é\" hie

"-Elh,n

RHANCA. THARATR B "E N BHCHD RINA ARCKY

87 kD THARATE R0 'T'IZD-{L fl”@ RN 3 OAE DA

KPARN, AUAS MLfJP 3

) ki N4 I+ Ad, AR 1 Bt t ACA A TAC
AT AL L]"rih AP
FLPL AP

Fig 5.4.A. Sample morpheme-based Translation intput from Tigrigna to Ge’ez(Ge’ez)
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Figure 5.4.B: Sample morpheme-based Translation output from Tigrigna to Ge’ez (Ge’ez)
Result of the translation

from nltk.translate.bleu score import sentence bleu,corpus bley

1

with open ('dataset/test.ti','r',encoding="uif-8') as g:

ref = g.
with open ('dat -8') as f:

can =

(len{ref}) for j in ref[i].split()]

reference = [§ for i in range

candidate = [ for i in range (len{can)) for j in can{i].split()]

score = sentence bleu(reference, candidate)

print("BLEU score -» {}".format(round(score,2)))

BLEU score -» 9.23

Figure: 5.5 Evaluation of the translation from Tigrigna to Ge’ez

To assess the system's performance in terms of translation accuracy for a single Tigrigna to Ge'ez
sentence, 1899 Tigrigna and 1899 Ge'ez verses were employed. In order to do this, the BLEU
score technique is employed to determine how well the translation process worked. According to
the BLEU score methodology's results, 9.23 percent of the translations from Ge'ez to Tigrigna

were done correctly.
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> Morpheme based translation from Ge’ez to Tigrigna

For this experiment we use, Ge’ez language as an input for source language and Tigrigna is target
language.
A3 | MeAMMAL: @A T AL =
CNOAP:TIRNAS 1k VP A NNMIAC AR O Pt A Akt SRS : BRRRY
AN NRMIAL : Ot YA P PO Y 0 0 %= 00 P ¢
PNINFY ¢ l
D ARt @ F AR 1 ORI : 0P 4 AP < O KW ) M
ANAF T | f: ONYSRUT : A Y60 F =
700 AGAP = £ 7 2§ : AIMIAC | ONLERYPY : Mh ¢+ ol
BM:AT™ 2 O3 P AL F:AMAR: DAL = OB A0 s ARUMAC : il i @
00AN: MM OMININ®Y: PN+
11 ohinChs = C = A& AMMIAL § AN 9® = MhC
RO NMe:P900 oM N HMCHh= A Ot ¢ ®Peh : £TF @O+ ATPAR : ONLE ¢ RO« APAR ) = AT

APAR M) BUS AP KR N i) Rhehd SR AR
£MF &) AAT TREADT M &P AR

ik 95 T H A Mk AT AH THE 7 APAR 2R $0 PIIS TiPlA

Wh BN ARLY ™Y A £ H NA R MY T ARG T AR

WP AT AN 114 £ $ 0 P B34 MARE EIreY RSP KRN Y

P KPAR PR 4 AHINRD AAFTT AT B2h L PP Hh N4
7 3N 5 A+ 440 h AR Remo hafh &0 $2EH ©F 2o h N4

&€ BH Tl A%E ANSI0N APAR TRAP ThHT PRL PR TITEE PANFINAPRLACLTh SO NA T
10 4 AN RO=hmh B8 AP A4 Tie Hrome AR

11 WIHAEE T APAR I TR 3 APAR PR &0 PIIT RHPLA

e 7 PN A

Figure 5. 5. B.: Sample morpheme-based Translation input from Ge’ez, to Tigrigna (Tigrigna)
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Result of the translation

from nltk.translate.bleu score import sentence bleu,corpus bleu

with open ('testt.ge','r',encoding='utf-8') as g:
ref = g.readlines()

with open ('translatedd.ge','r',encoding='utf-8') as f:
can = f.readlines()

reference = [j for 1 in range (len(ref)) for j in ref[i].split()]
candidate = [j for 1 in range (len(can)) for j in can[i].split()]

score = sentence bleu(reference, candidate)

print('BLEU score -> {}'.format(round(score,2)))

BLEU score -> 8.67

To assess the system's performance in terms of translation accuracy for a single Ge’ez to Tigrigna
sentence, 1899 Ge’ez and 1899 Tigrigna verses were employed. In order to do this, the BLEU
score technique is employed to determine how well the translation process worked. According to
the BLEU score methodology's results, 8.67 percent of the translations from Ge'ez to Tigrigna

were done correctly.
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Findings

BLUE score is one of the popular automatic evaluation systems and which is standard for

automatic machine translation evaluation and it is a precision-oriented metric in that it measures

how much of the system output is correct. The results are shown below:

Experiment Conducted

Result of experiment in BLUE From both Direction

Morphem Based

Translation

Ge’ez to Tigrigna

Tigrigna to Ge’ez

8.67

9.23

Table BLUE Score evaluation results:

Here the BLUE evaluation results for both the Languages are discussed.

Generally, regarding the relevance of the summary outputs, the Tigrigna to Ge’ez translation
output is BLUE Score = 9.23 and Ge’ez to Tigrigna translation output is BLUE Score = 8.67.
Morphological richness of the two languages requires lack of standard corpus especially for
machine learning algorithms, both languages are perhaps most saliently different in the basic
word order of verbs, subjects, and objects in simple declarative clauses this made the translation
difficult and also In these Languages, there exist critical alignment challenge due to the variation

of alignments between the languages. According to this we get poor evaluation score.
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Chapter SIX
6. CONCLUSIONS AND RECOMMENDATIONS

6.1. Conclusions

Morphologically rich languages like Ge’ez and Tigrigna pose a challenge for statistical machine
translation, as these languages possess a large set of morphological features producing many rich
surface forms. Morphologically complex languages are well known to cause problems for
contemporary statistical machine translation (SMT) systems. This is because of a single word
consists of one or more sub-words called morpheme. Therefore, this study aimed to explore an
optimal translation unit for Ge’ez- Tigrigna bi-directional translation. To achieve this goal, the
first researcher studied the morphology and syntax of both Geez and Tigrigna language.
Accordingly, it was identified that both languages have equivalent morphological richness and
Ge’ez is a free grammar language regarding the syntax being SVO, VSO, or VOS. The position
of the adverb and adjectives also in Geez is any place before or after a verb and a noun
respectively. The design process of bidirectional Geez-Tigrigna machine translation involved the
collection of Ge’ez and Tigrigna parallel corpus. The corpus collected from freely available
online sources such as Old Testament Holly Bible and SQLite digital database. Corpus
preparation involved activities of preprocessing the corpus such as tokenization and character
normalization. Morfessor and morphological rules were used to segment morpheme of Ge’ez and
Tigrigna respectively. And they were used to find morpheme of Geez and Tigrigna. MGIZA++
used for word and morpheme level alignment. Moses was used for translation process which
integrates all necessary tools for machine translation such as IRSTLM, MGIZA++ and decoder.
To identify an optimal translation unit, different experiment on each translation unit called word
and morpheme were conducted. Based on unsupervised morpheme segmentation using morfessor
the study creates morpheme-based datasets which achieved 9.23 % from Tigrigna to Ge’ez and
8.67% Ge’ez to Tigrigna BLEU score respectively. These results showed that the identified
morpheme was an optimal unit of translation and it enhanced the performance of bi-directional
Ge’ez-Tigrigna machine translation and vice versa. However, being conducting machine
translation between morphologically rich languages, there are a number challenges observed. One
of the challenges was alignment challenge due to the multiple syntactic order used in Geez
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writing system. In addition, handling morphological richness of the two languages requires lack

of standard corpus especially for machine learning algorithms.

6.2. Recommendation

Bidirectional statistical machine translation of corpus-based approach was used. It trained and
translated the corpus prepare for the purpose. Based on the aforementioned conclusions, the
following recommendations were forwarded. In our study we focus only on morpheme as a
translation unit, further research can be done on other unit of translation like phrase, sentence and

word.

* The corpus used for this study was solely collected from the Holly Bible books, chapters and
verses. To prove the current results, it is essential to undertake further ample corpus from

different disciplines.

* To exploit the strength of the two major machine learning approaches, further research needs

to be conducted on Ge’ez and Tigrigna using Neural machine translation.

* Better results could be obtained by increasing the size and domain of the data set used for

training the system.

* To minimize the prevalent challenge in preparing the corpus and then to develop a full-
fledged bidirectional Ge’ez -Tigrigna machine translation there is a need to increasing the
size of the data set for validation and integrating the linguistic information is of paramount

importance.

* Finally, it could be recommended that the professionals in the fields of language, in the case
of this study, need to avail pre-prepared standard corpus file to bypass the challenges

imposed by the complexities inherent in the morphology of the languages.
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Appendices

Appendix I: Extracting Ge’ez Bible Corpus from Website
- Web scrapping : Extracting geez bible corpus from website

daport nuepy ws np
import reguests
from bsd ieport BeautifulSoup ws bs

faport timeit
start = timeit.default_timer()

noxt_linkz'/?g=versionsGecz|refersncesten.1’
geez_bibles[]

for i An range(l36):
req = requests, get ("N tps s/ e, stepbible, org/"snext_Link)
soup = bulreq,content, "btal. perser™)

# gut nwst Link
links = soup.select('a’)
for L 4n range(len{links)):
Link = soup,select("a')[1]
£f link.get('class') == ["nextChapter’]1
next_link = link.get{ ‘href')

# extroct body
body=soup, Find('div', class_='passageContant’)

? find chopter title {n body
chapter_title = body, Find("h2', class_='xgen’)
# aopend chapter title ond body text to our [{st
geez_bible. appeod(chapter_title, text)
geez bible.append(body. text)

stop = timedt default tiser()

priot('Tise token to scrap: ', stop - start)

Appendix Il: Tokenizer and Frequency calculator

: | from collections import Counter BrVvav? R

¥ Clean strings from speciol churacters
tigrigna_str = remove_noise(tigrigna str)
geez_str = remove_noise(geez_str)

# Count word froquency
tig word_counter = Counter(tigrigna_str.split())
ge_word_coutner = Counter{geez str, split(}))

¥ 10 most common words
print(f'Most common Tigrigna words: (tig word_counter.most commson(12)}')
print(f'Most common Gee: words: {ge word_coutner.most common(10))')

Most comson Tigrigna words: [("1ns¥y’, 1), ('omws', 1), ("', 1), ("tRem’, 1), (vmct, 1), ("M, 1), (TR, 1), ("D
A%, 1), ("o’ 1), (Teawn’, 1))

Most common Geez words: [('Wab’, 1), (‘;ar’, 1), ("eae', 1), (‘wac', 1), ('A™a0', 1), (Ceitaer=t, 1), (v, 1), (‘™' 1),
(‘heet 1), (T, 1))
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Appendlx III: Ge’ez Morphological Segemntation
Geez Morphological segmentation

inport morfessor
inport math

# function for edjusting the counts of eoch compound
def log_func(x):
return int(round(math.log{x + 1, 2)))

infile = "geez.txt"

io = morfessor.MorfessorT()

# 10.read _corpus_list files

train data = list(io.read_corpus_list file(infils))
nodel = morfessor.BaselineModel()

nodel. load data{train_data, count_modifier=log func)
nodel.train_batch()
io.urite_binary model _file("geez_model.bin”, model)

B B

# fost
geez_model_file = "gee2 model.bin"

geez model = io.read binary model file(geez model file)
word = 'efton’

# for seguenting new words we use the viterbi_segwent(compound) method
print (geez_model.vitarbi_segment(word)[€])

['a', ‘mee’, ']

Appendix IV: Tigrigna Morphological Segmentation
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Tigrigna Morphological segmentation

# function for odjusting the counts of eoch compound
def log func{x):
return int(round(math.log(x + 1, 2)))

infile = "Vocabulary/tigrignaVocabulary. txt™

io = morfessor. MorfessorlO()

# lo.read_corpus_List_files

train_data = list(io.read_corpus_list_file(infile))
nodel = morfessor.Basel insdodel ()

model, load_data(train_dats, count_modifieralog func)
model, train_batch()

fo.urite binory_wodel file("tg.bin", model)

D

# test
Tigrigna_model_fila = "tg.bin®

Tigrigns_model = lo,resd_binary_model file(Tigeigna_model file)

word = ‘AMEY

# for segmenting new words wo use the viterdi_segwent (compound) method
print (Tigrigna_wodel.viterbi_segmunt(word)[8])

[omet, 1)
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