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ABSTRACT

Machine Translation (MT) is the task of automatically translating a text from one natural
language to another. MT is essential for many applications including multilingual
information retrieval, speech to speech and others. The theme of this thesis is Geez to
Ambharic MT based on statistical approach which addresses the problem of automatically
translating Geez text to Amharic text. Geez is classical South Semitic language which is
attested in many inscriptions including historic, medical, religious and other since the
early 4th century. Today Geez remains only as a spoken language and the liturgy
language of the Ethiopian Orthodox Tewahedo Church. Whereas, Amharic is among the
most spoken language in Ethiopia and the official working language of the Federal
Government of Ethiopia, where it has about 30 million native and non-native speakers.
The machine translation of Geez document to Amharic will be of paramount importance in
order to enable Amharic user to easily access the invaluable indigenous knowledge
decoded in Geez language.

Therefore, the thesis is focused on investigating the application of corpus based machine
translation approach in order to translate Geez documents to Amharic. The method that is
employed to conduct the experimentation is a Statistical Machine Translation (SMT)
approach. This approach requires availability of a large volume of parallel documents
prepared in Geez and Amharic. The experiment was conducted using Moses (statistical
Machine Translation tool), GIZA++ word alignment toolkit and IRSTLM language
modeling tools on 12, 840 parallel bilingual sentences and an average translation
accuracy of BLUE score 8.26 was achieved on 10-fold cross validation experimentation.
With the use sufficiently large parallel Geez-Amharic corpus collection and language
synthesizing tool, it is possible to develop a better translation system for the language

pairs.



CHAPTER ONE
INTRODUCTION

1.1 Background

Machine translation (MT) is the automatic translation from one natural language into other
using computers. It uses of computers to automate some or all of the process of
translating from one language to another. It is an area of applied research that draws
ideas and techniques from linguistics, computer science, Artificial Intelligence (Al),
translation theory, and statistics. Machine translation has many application areas that

could use the result of the translation (Arnold et.al, 1994).

MT, in recent years, has become a great concern in relation to natural language
processing. The advances in technology, increasing digital data collections, the technical
facility and the continuing interest of Interlingua resources sharing have necessitated the
development of MT. Especially languages with rare digital collection are to benefit from

the translation of the other digital corpus rich languages.

Various methodologies have been devised to automate translation process. The major
approaches can be divided in to two: the older Rules-Based Machine Translation (RBMT)
and the Corpus based Machine Translation (CBMT). RBMT relies on manually built-in
large collections linguistic rules and bilingual dictionaries for each language pair. Corpus
based machine translation uses a large amount of raw data in the form of parallel corpora
and is able to overcome the many of the challenges in rule based machine translation.
Corpus based approach is further classified into two sub approaches: Statistical Machine

Translation (SMT) and Example-based Machine Translation Approach (EBMT). The SMT



seems more dominantly preferred approach of many industrial and academic research
laboratories (Schmidt, 2007). As the SMT basis on statistical models whose parameters
are derived from the analysis of bilingual text corpora, the size of the bilingual corpus size
will matter on the performance of the system. However, the acquisition of large amount of
high-quality bilingual parallel text is difficult. Researches shows that an acceptable
translation quality can be achieved with the available small amount of parallel corpus,
especially if specific domain parallel corpus, phrasal corpus, text processing techniques,
as well as some morpho-syntactic knowledge are used (Denkowski et al, 2014) and
(Popovic et.al, 2006). Pre- and post-editing technologies are also one of the most recent

research focuses in MT (Gerlach at al, 2013) and (Seretan et al, 2014).

Ambharic is one of the languages in the Semitic family which is widely spoken in Ethiopia
(Bender, 1976). Amharic, being the official working language of the Democratic Republic
of Ethiopia, has a large number of speakers either as mother tongue or as their second
language. It is also estimated that Amharic is spoken by about 30 million people as a first
or second language (Rubin, 2010), making it the second most spoken Semitic language
in the world (after Arabic), the second largest language in Ethiopia (after Oromo), and one

of the five largest languages on the African continent (Adejumobi, 2007).

Geez, also called Ethiopic, has been serving as big source of the resources literary for a
long period of time around the introduction of Christianity in Abyssinia and Axumite
period. Among the oldest of the Semitic languages, Geez is now confined to ecclesiastical
use (Adejumobi, 2007). Geez literature is ordinarily divided into two periods; the first
dates back from the establishment of Christianity in the 5" century and ends on the 7™

century — basically religious books translation. The second period starts from the



reestablishment of the Solomonic dynasty in 1268 counting to the present time which is
dealing with religious, story, culture and philosophy in the country. In addition, it has also
been serving as a language of instruction in the country’s traditional schools (Harden,
1926). The huge amount of indigenous knowledge that has been accumulated in the

country is found in Geez language.

Nevertheless, manuscripts in Amharic are known from the 14" century and the language
has been used as a general medium for literatures, journalism, education, and
communication since 19" C. The statistical technique to machine translation has
emerged as a highly promosing approach. The approach is expected to be more
promising for translations between two related languages like Geez and Amharic
(Ferreira, 2007). This research presents the translation of Geez to Amharic using the
SMT approach. It is also initiated not only considering the benefits to Amharic users but

also other language user when Amharic to other language translation is done.

1.2 Statement of the Problem

Geez is an ancient language and many manuscripts are already documented by
Ethiopian Orthodox Church as well as by the National Archival agency (Tadese, 1972)
and (Ullendorff, 1955). Geez has been known to be used in Ethiopian since the fourth
century and probably died out as a spoken language close to a thousand years but have
been serving as official written language practically up to the end of the nineteenth
century (Baye, 1992) and (Hetzron, 1997). Since currently Geez is not a widely spoken
language, there is a need to translate the manuscripts to Amharic and other Ethiopian

Languages in order to make the decoded knowledge accessible to everyone especially



Amharic users. Some attempts are done by the EOTC and individuals to translate some
of the religious manuscripts, law and some philosophical works manually (Harden, 1992).
However still there are many literatures in medicine, astronomy, history, religious
manuscripts and other materials that are not translated to Amharic and other widely used

language (Tadese, 1972), (Leslau, 1995) and (llana, 2013).

In addition, the manual translations are relatively slow, monotonous, and resource
intensive as it requires professionals to specialize in a specific field (Osborne, 2004). The
other alternative is to develop machine translation software which is relatively less costly
and does not require Geez linguistic experts once the system is developed. From the
reviews made in the area of Geez Language, there are a very huge amount of resources
available in Geez Language that range from religious to the philosophical, medical and
other disciplines. Hence, practice of the Machine Translation of Geez to Ambharic

becomes paramount.

Machine translation, although it has its own challenges, can improve performance, reduce
cost and exposure to error. This work will investigate the application of machine learning

approaches in order to translate Geez documents to Amharic.

As discussed earlier, however, there are few researches made on MT in Ethiopian
languages in general and in Amharic and Geez in particular. Mulu et al.(2012) and
Adugna (2009) attempted to do a preliminary experiment to translate English-Amharic
and English-Oromo using the SMT respectively. Gasser (2012) made efforts toward a
Rule-Based System for English-Amharic Translation. He tried to implement RBMT using
the L framework which relies on a powerful and flexible grammatical theory. Similarly,
Dagnachew (2011) has made an attempt on Machine Translation System for Amharic

4



Text to Ethiopian Sign Language. Saba et al (2006) Present a short summery of some
works done in areas of Amharic language processing with a special focus to the
development of machine translation. All these attempts are at an experimental stage and

the outputs are prototypes which are limited in scope.

However, as to the researcher knowledge, there are no researches outputs reported in
related to machine translation in Geez. To the knowledge of the researcher the
approaches has not been experimented for SMT for Amharic to Geez language. To this
end, the purpose of this study is to explore the possibilities of translating Geez documents
to Amharic using corpus based approach especially SMT. The study particularly aims to

answer the following questions:

» Does variation in the language model corpus size brings a change in the

performance of the system?

» Does normalization of the target language corpus lead to better performance of the

translation result?

1.3 Objectives of the Research

1.3.1 General Objective

The general objective of this research is to investigate the application of Statistical

Machine learning technigue to Machine Translation from Geez to Amharic.

1.3.2 Specific Objective

To achieve the general objective, the study attempts to address the following specific

objectives:



> Review the basic writing system, punctuation marks and syntactic structure of
Geez and Amharic Language as well as approaches that are used for machine
translation for other languages;

» Prepare training and test data;

» Train a machine translation system using the selected Machine Learning algorithm;

» Test the performance of the system; and

» Forward conclusion and recommendations.

1.4 Significance of the Study

The results of the study are expected to produce experimental evidences that
demonstrate the applicability of machine learning approach to machine translation from
Geez to Amharic. Moreover the results of the study can be used to develop machine
translation software for Geez to Amharic, which will be used to translate enormous
literatures in Geez to Amharic. In addition, it will also contribute to future researches and
developments in other application areas like cross lingual Information Retrieval from
Ambharic to Geez and vice versa as such applications need machine translation as a

compliment.

1.5 Methodology

This paper use Quantitative Experimental as research methodology. It has been reported
in literature that this methodology is best for obtaining information about causal
relationships (Robson, 1993), allowing researchers to assess the correlation (relationship)
between one variable and another. In the experiment, the paper used different variables

and investigated their effect such us normalization, corpus size, and test split options.



1.5.1 Literature Review

Since there are different approaches used in machine translation, review of literatures in
the area of machine translation with special focus on SMT approach and algorithms used
have been done.

Translation of Geez to Amharic using machine translation approach requires review of
synthetic structure of the two languages in order to understand the Interlingua structures,
morphological characteristics the two languages and foresee their impact on the
translation. In addition, discussions with the expertise of Geez and Amharic language

have been done.
1.5.2 Data Collection and Preprocessing

In order to perform corpus based machine translation, a large amount of bilingual and
monolingual data is required. In order to obtain 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 proportion is selected to make
the training data set relatively large.

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.
1.5.3 Tools and Techniques

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 Stanford Phrasal phrasal®, Pharaoh? and Moses are among phrase-based machine
translation toolkit used for SMT (Philipp, 2007) and (Galley, 2009). 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). 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.

A Phrase-Based Translation System - http://nlp.stanford.edu/software/phrasal/

A decoder for phrase-based SMT - http://www.isi.edu/licensed-sw/pharaoh/

3 http://sourceforge.net/projects/irstim/
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In building the word alignment, GIZA++*, word alignment toolkit is used. GIZA++ is the
most widely applied package in SMT word alignment that uses to train IBM Model 1 to
Model 5 (Brown et al., 1993) and the Hidden Markov Model (HMM) (Och et al., 2003). The
BLUE (Bilingual Evaluation Understudy), which is one of the famous evaluation methods
of a comparison among different Machine Translation systems (Zhu, 2001), is used for

evaluation.

1.5.4 Experiments

In the preprocessing, The parallel bilingual corpus, both Amharic and Geez data, are
aligned sentences level and then normalized, tokenized and cleaned from noise character
before training and testing (see section 5.2). In the exponent 90% of the dataset was
used for training and the remaining 10% of the dataset used for testing using 10 fold
cross Validation test split (see section 5.3).

The Moses decoder toolkit is given 90% of the sentence level Geez - Amharic parallel
corpus and Amharic monolingual corpus to build the translation model and the language
model. And finally the remaining dataset are used to test the experiment. Ten

experiments are done using a 10-fold Cross Validation.

1.6 Scope and Limitations of the Study

Though there are word based, phrased based and tree based SMT approaches, due to
time constraint to train, test and analyze the results, only phrased based SMT is used for
this thesis. There are different limitations faced during the process of conducting this

research. The first and the most challenge was the lack of bilingual corpus for the training

4 http://www.statmt.org/moses/giza/GIZA++.html
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and testing. The limitation comes from the absence of sufficient amount digitally available
documents in Geez. Due to lack of digitized data other than the religious one, we were
not able to test the performance of the system using different data other than the religious
domain. In addition, the lack of educational materials including books and journals in the

two languages are the other limitation.

1.7 Organization of the Thesis

The thesis is organized into six chapters comprising Introduction, review of Geez and
Amharic Languages, Machine Translation, Statistical Machine Translation, Geez -
Amharic SMT, and Conclusion and Recommendations. This chapter gives the general
overview of the whole thesis. It describes the background of the research, statement of
the problem, the objectives of the research, the methods used and limitation of the study.
The second chapter briefly discusses the synthetic structure of the two languages in order
to understand the Interlingua structures, morphological characteristics and analyze the

semantics between the two languages in order to foresee their impact on the translation.

The third chapter reviews different literatures regarding Machine Translation together with
its different approaches with a special focus on Statistical Machine Translation. The
chapter covers the components in the SMT in detail. The fourth chapter discusses the
experimental setup, software tools used, the hardware environment, architecture of the
system, the data used for the experimentation of the research. The fifth chapter discusses
the experimentation, analysis, and the performance level of the system that has been
achieved together with discussions of the reasons for the result. Finally, chapter Six

presents the conclusion and the recommendations drawn from the findings of the study.

10



CHAPTER TWO

GEEZ AND AMHARIC LANGUAGES

In machine translation of documents from one natural language to another language,
ambiguities that could arise from lexical, structural, semantic and other forms of
ambiguities are inevitable (Getahun, 2001). This chapter is intended to cover the overview
of the linguistic relationship between the Geez and Amharic Languages so as to
understand the ambiguities and sources of errors that could arise in the process of

translation.

2.1 Geez Language

Geez, sometimes called Ethiopic, is an ancient South Semitic language of Ethiopia and
Eritrea in the Horn of Africa later became the official language of the Kingdom of Aksum
(Rubin, 2010). Geez is still the liturgical language of the Ethiopian Orthodox Tewahido
Church (EOTC) which is attested in inscription since the early 4™ century. Geez has
probably died out as a spoken language close to 13"'C, but remained the primary written
language of Ethiopia up to the 20" century. The literature includes religious texts, as well

as secular writings (Dillmann, 1907).

Today Geez language remains only as the main language used in the liturgy of the
EOTC, the Eritrean Orthodox Tewahedo Church, the Ethiopian Catholic Church, and

also the Beta Israel Jewish community of Ethiopia.

11



2.2 Amharic Language

Ambharic is the second most spoken Semitic language in the world (after Arabic) and the
second largest language in Ethiopia (after Affan Oromo) (Rubin, 2010). It is the official
working language of the Federal government of Ethiopia, where it has about 30 million
native and non-native speakers. Manuscripts in Amharic are known from the 14"
century and the language has been used as a general medium for literatures, journalism,

education, and communication since 19" C.

2.3 Linguistic Relationships of Geez and Amharic

2.3.1 The Writing Systems

Geez script is an alphasyllabary script, also called an abugida, in which a character
represents a consonant and a vowel combination. This is different from alphabetic script,
where each character denotes one sound -- either a consonant or a vowel. The
alphabets of Amharic are unique scripts acquired from the Geez and use an
alphasyllabary writing system where the consonant and vowel are combined to form a
single symbol. Thus, once a person knows all the alphabets, she/he can easily read and

write both Geez and Amharic (Thomas, 1978).

Script in Geez includes thirty-three basic alphabets (called ‘Fidel’) , each having seven
various forms created by fusing a consonant for an alphabet with vowels yielding 231
distinct symbols (Gamback, 2005) and other non-basic forms derived from the basic
alphabets like n(kwa) from h (ke) and #(gwa) from ¢ (ge) etc . The non-basic forms are
derived from the basic ones by somewhat regular modifications for the first four orders
and for the last two words it is irregular. Among the thirty-three consonants, only twenty-
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seven have unique sounds. The remaining six consonants have twin sound with other
alphabets. For example, each of the alphabets v, 4, and -1 has the same sound which is

pronounced as ‘ha’ (Dillmann, 2005).

2.3.2 Syntactic Language Structure (Word Order)

The syntactic structure is formed by combining different words in sequence. The syntactic
structure of Amharic is generally SOV (Subject-Object-Verb) whereas Geez follows
Subject-Verb-Object (SVO) word order for declarative sentences. The Amharic equivalent
for the Geez sentence “@-hk avgh A9°0k [weetu metsa embet]” is “aa- a0t av [esu ebet
meta]” meaning “He came home” where “aa{esu]” is the subject of the Amharic sentence
equivalent to “o-»+ [weetu] in the Geez , “ant[ebet]” is the object of the Amharic sentence
equivalent to asa+ [embet] in the Geez and “erm [meta]” is the verb of the Amharic
sentence which is equivalent to era[metsa] in Geez . But usually pronouns are omitted in
both Geez and Amharic sentences and become part of the verb when they used as a

subject “ergh A9°0+= [Metsa embet]” equivalent to “ant een [ebet meta]”.

Question formation in both Geez and Amharic is the same as a declarative sentence
except the usage of question mark at the end. To ask the question “Did he go home?” in
Ambharic, the sentence ends with question mark instead of the Amharic full stop (Arat
netib - :) and become “ad- @f 028 ?”. The Geez equivalent is “@kk Vi a0+ ?”.
Sometimes, in Amharic, question indicator words are added at the end of the sentence. In
such cases the above question becomes “an- ®f 0+ %8 478 ?”. Here, the word “A78” is
added to indicate that the sentence is a question. Whereas the Geez has no such

indicative words
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Both Amharic and Geez have a complex morphology. The word formation, for instance,
involves different formations including prefixation, infixation, suffixation, reduplication, and
others forms. Most function words in Amharic and Geez, such as Conjunction,
Preposition, Article, Pronominal affixes, Negation markers, are bound morphemes, which
are attached to content words, resulting in complex words composed of several
morphemes (Sisay, 2007). Morphologically complex languages also tend to display a rich
system of agreements between the syntetic part of a sentence like nouns, verbs, person,
number and gender and so on (Minkov, 2007). This will increase the complexity of word
generation. In adition, morephologyicaly rich languages permits a flaxable word order, this
make difficult to model words. When both the source and the traget languages are

morphologucal rich, the difficulty in translation also gets complex (Ceausu, 2011).

2.3.3 Noun

Amharic nouns are either simplex (primary) (e.g. “a-t[bet]” — house) or derived from verb
roots, adjectives, other nouns and others (e.g. “eart[degnet] meaning generosity is
derived from ea[deg] - 'generous’) (Amsalu, 2004). Nouns in Amharic also inflect for
Number (Plural and Singular), Gender (masculine and feminine), Case and Definiteness.
Similarly Geez inflect the same morphosyntactic behavior and distinguish Number,
Gender, Case and Definiteness by adding suffixes, prefixes and internal pattern
modification (e.g “2¢° [tsome]” to “Axeo9t+ [atsumat]” — ‘Fasting’ , “e1e[may] - “1¢+[mayat]’ —

‘Water’ ) (Berihu, 2011).
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2.3.4 Verb

Generally, Amharic verbs are derived from roots and use a combination of prefixes and
suffixes to indicate the person, number, voice (active/passive), tense and gender. Verbs
in Amharic mostly are placed at the end of the sentence (Sisay, 2007) whereas in most
Geez sentences the verbs are placed in the middle (Desie, 2003). The Geez Verbs are
regularly inflected according to person, gender and number. Geez verbs exhibit the
typical Semitic non-linear word formation with intercalation of roots with vocalic pattern.
Verbs agree with their subjects and optionally with their objects in both Geez and Amharic
(Berihunu, 2011). The main verbs in Geez are usually either perfect (past forms) or

imperfect (present and future forms) (Desie, 2003).

2.3.5 Pronouns

Both Amharic and Geez are pro-drop languages where pronouns can be dropped without
affecting the meaning. In addition to the first, second and third-person singular and plural
pronouns, Amharic have polite independent pronouns (xca®[Ersewo] and xaFa{Esachew])
to refer to a person and/or people the speaker wishes to show respect which is not
available in Geez. Both Amharic and Geez are pro-drop languages where pronouns can
be dropped without affecting the meaning. Geez has ten distinct personal pronouns that
act as copulas whereas the Amharic has nine personal pronouns as indicated in the table

below.
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SINGULAR PLURAL
Geez Ambharic English Geez Ambharic English
1st Al Ane Al Ene I uehlt nehne Aq Egna We
Person
2nd ATt | Ante A7t Ante You(m.) W¥tao | Antimu | AST | Enante | oY
Person male (m.)
2nd You
Person ATt Anti A7E | Anchi You(f.) ATt Antin h9rl | Enante ()
female '
3rd o-xk | Weetu (3 Esu He/lt havpt | Emuntu A1+ | Enesu They
Person male (m.)
3rd 2ht | Yeeti hq, Esua She/lt A7k | Emantu Al | Enesu They
Person male (f)
You
2nd At/
Person polite| At AhCN® | Ersewo | (respectful)
He/She
3rd Ohk/
-
Person polite| @A hQTF@- | Esachew| (respectful)

Table 1.5.4-1 Pronouns in Geez and Amharic

The subjective, objective and reflexive pronouns follow the same patterns as the
personal pronouns with the pre, post and internal modification as shown in the
example below. aca® eo-#i[Lerasewo yawkalu] -  aah +agec [Lelike teamir] - ‘you
know for yourself acav rao-gav[Lerash tawkaleh] - aahtagec[Lelike teamir] - ‘you
know for yourself’ “rr+ ar+[Negus Ante] - a»+ 7+ w[Ante Negus Neh] -‘You are a

king™.

2.3.6 Adjective

Adjectives are words or constructions used to qualify nouns. Adjectives in Amharic

are either primary adjectives (e.g t&c[Tikur] — ‘black’) or generally derived from
nouns (e.g »eas[Haylegna] — ‘forceful’ from zea[Hayle] — ‘force’), verbs (e.g
1sp[Gelach] — ‘describer from 1a2[Geletse] — ‘discribe’), combination of verb and
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verb, verb and noun, adjective and adjective (e.g om[weta geba] — ‘on and
off) and other parts of speech (Leslau, 1995). Adjectives are inflected for
Number, Case, Gender and Definiteness (Saba and Gibbon, 2004). Adjectives are
mostly placed before the noun in both Geez and Amharic sentences and agree

with the noun in gender and number.
For example:
ang aopnn [Tseada Melbes] equal to i ana [Nech Libse] - ‘Whilte Cloth’

et «1e[Nistite Maye] equal to +7i o-3[Tinish weha] — ‘Some water'.

2.3.7 Adverbs

The notion of adverbs is to modify the verb’s place, time, degree etc. In most
cases, Geez adverbs follow the verb they modify whereas the Amharic adverbs

precede the verb they modify.

For example in the sentence, co »en emi[Rotse Haile Fitune] - »ea nerit cm[Haile
beftinet Rote] — ‘Haile ran fast’, the Adverb em+[Fitune] follow the verb s [Rotse]
in the Geez sentence. However, the Amharic adverb aerrt[beftinet] precede the
verb  cm[Rote] (Desie, 2003). Adverbial functions are often accomplished with

noun phrases, prepositional phrases and subordinate clauses.

2.3.8 Conjunctions
Conjunctions are words that are used to connect clauses, words, and phrases

together. Amharic conjunctions can either separable one that exist by themselves
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as words in a sentence like “as[ena] — ‘and’ ” and inseparable one that serve as

”»

conjunctions when joined with verbs and nouns like “¢[na] — ‘also and’
Conjunctions and prepositions have similar behaviors, and are often placed in the

same class (mestewadid). Geez conjunction are also separable including “ao[Awe]

— or

J ” ”»

and “ome[wemime] — ‘ether or and inseparable Conjunctions

y y

including “as?[Eme] — ‘from and “o[we] — ‘as well as

2.3.9 Punctuation Mark

Both Amharic and Geez apply similar punctuation marks (signs) for different purposes.
However, only few of them are practically used, especially in computer-written text. The
individual word-separator in the sentence (“hulet netib” - two dots arranged like colon (%)),
and sentence-separator (“arat netib” - four dots arranged in a square pattern (: :)), Lists of
text separator which is equivalent with comma (“netela serez” (:)) and “derib sereze(z)”
equivalent to that of semicolon are the basic punctuation marks of writing system that are
used consistently. Today, the use of Hulet Neteb is not seen in modern typesetting rather

replaced by space. The symbol ‘?" is used to represent questions.
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CHAPTER THREE

STATISTICAL MACHINE TRANSLATION

In this chapter, review of literatures in the field of machine translation has been made.
The chapter covers overview of machine translation, challenges and the major
approaches of machine translation with special focus on corpus based approach
(Statistical Machine Ttranslation). Furthermore, the different components, algorithms,
recent development and tools used in Corpus based Machine Translation approaches are

discussed in detalil.

3.1 Machine Translation

The term machine translation (MT) refers to computer-based translation from one natural
language (source language) into another language (target language) using computers
with or without human assistance. Machine Translation 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 (Clark et al, 2010). Machine Translation is
important to minimize the language barrier in information access and promote multi-

lingual real-time communications.

3.2 History of Machine Translation

Although there are some disputes about who first had the idea of translating automatically
between human languages, the actual development of Machine Translation System can

be traced back to an influential paper written in July 1949 by Warren Weaver - a director
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at the Rockefeller Foundation. The letter introduced Americans to the idea of using the
first non-military computers for translation purpose which marked machine translation as
the first non-numerical application of computers. He outlined the prospects and suggested
various methods: the use of statistical methods, Shannon's information theory, and the

exploration of the underlying logic and universal features of language.

Since Andrew Booth and Warren Weaver’s first attempt to use newly invented computers
for machine translation appeared in 1946 and 1947, many machine translation
approaches have been developed (Hutchins, 2007). The first conference on MT was
organized in 1952 where the outlines of future research were made clear. Just two years
later, there was the first demonstration of a translation system in January 1954. In 1966
the US sponsors of MT research committee called Automatic Language Processing
Advisory Committee (ALPAC) published an influential report which concluded that MT
was slower, less accurate and twice as expensive as human translation. However, in the
following decade MT research took place largely outside the United States, in Canada

and in Western Europe and work continued to some extent (Thurmair, 1991).

Research since the mid-1970s has three main strands: first, the development of
advanced transfer systems building upon experience with earlier Interlingua systems;
secondly, the development of new kinds of interlingua systems; and thirdly, the
investigation of Al techniques and approaches. At the end of the 1980s, machine
translation entered a period of innovation in methodology which has changed the
framework of research. In 1981 came the first translation software for the newly

introduced personal computers, and gradually MT came into more widespread use.
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During the 1980s MT advanced rapidly on many fronts. The dominance of the rule-based
approach waned in the late 1980s with the emergence of new methods and strategies
loosely called “corpus-based' approaches, which did not require any syntactic or semantic
rules in text analysis or selection of lexical equivalents. The major reason for this change
has been a paradigm shift away from linguistic/rule-based methods towards
empirical/data-driven methods in MT. This has been made possible by the availability of

large amounts of training data and large computational resources (Hutchins, 1994).

3.3 Approaches to Machine Translation

Different researches efforts have been done to explore the possibility of automatic
translation of one language to other language. The different method of machine

translation have been explained in the next section

3.4 Rule-based Machine Translation

Rule-based machine translation relies on countless built-in linguistic rules and very large
of number of bilingual dictionaries for each language pair. The approach essentially relied
on linguistic rules such as rules for syntactic analysis, lexical transfer, syntactic
generation, morphology, lexical rules, etc. (Kim, 2010). The assumption of rule-based MT
is that translation is a process requiring the analysis and representation of the ‘'meaning'
of source language texts and the generation of equivalent target language texts based on
conversion of the source language structure to the target language structure (Sarkhel et
al, 2010). Representations should be unambiguous lexically and structurally. There have
been three basic approaches under rule based machine translation including transfer-

based, Interlingua and dictionary-based machine translations approaches (source).
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3.4.1 The Direct Approach

Direct translation approach is historically the earliest and known as the first generation of
MT systems employed around from the 1950s to 60s when a need for machine translation
was mounting. The Direct translation approaches are designed for translating one
particular pair of language, called source language (SL) directly to another language,
called target language (TL) without any intermediate representation, e.g. Geez as the
language of the original texts, and Amharic as the language of the translated texts
(source). This procedure involves taking a string of words from the source language,
removing morphological infections from the words to obtain the lemmas, i.e. base forms
and then looking up the lemmas in a bilingual dictionary between the source and target
language. After a translation of each word is found, the positions of the words in the string
are altered to best match the word order of the target language; these may include

Subject-Verb-Object (SVO) rearrangements.

Since direct MT treats a sentence as a string of words and does not require syntactic or
semantic analysis, it lacks taking structure, interdependencies, and semantic grouping
among words can be lost and this will lead to the wrong interpretation for a given word.
Generally the translation is performed through a direct translation of each individual
Source Language word to the corresponding target Language words and followed by

reorganizing the sentence structure. (Ramanathan et.al, 2002).
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Language
Input

Target
Language
Output

Morphological
Analysis

Bilingual Local
Dictionary o Reordering
Lookup

Figure 3.4.1.5.4 -1 Rule Based Machine Translation -Direct Approach

Local reordering is supposed to take some account of the grammar of the target language

in putting the target words in the right order. The following examples of Geez-Amharic

direct translation illustrate the process in the approach:

Original Geez Sentence

Ane Emetse Betike

Morphological Analysis

Ane Mesta + 1" Person Singular + FUTURE Bet + 2" Person

Singular.

Identification of sentence

parts

“Ane “, " Mesta + 2" Person Singular + FUTURE *, “Bet + 2™
Person Singular”

Reorder

“Ane “, “Bet + 2" Person Single” , Mesta + 1" Person
Single.+FUTURE *“

Dictionary Lookup

“Ene “, “Bet + 2" Person Single ”, “Meta + 1" Per. Sing”

Inflect

Ene Beteh Emetalehu

English Equivalent

I will come to your home

Table 1.5.4.1-1 Rule-based Machine Translation - Direct Approach
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3.4.2 The Transfer Approach

The transfer approach is used on the basis of the known structural differences between
the source and target language. A transfer system can be broken down into three stages:
Analysis, Transfer and Generation. In the analysis stage, the source language sentence
is parsed and converted to abstract Source Language oriented representations and
structure. This is then input to a special component, called a transfer component, where
transformations are applied to the source language oriented representations to convert
the structure to that of equivalent Transfer Language (target language) oriented
representations. The generation stage generates the final target language texts
(Ramanathan, 2002). The rule Base Transfer approach also addresses the problem of
language differences by adding structural and phrasal knowledge to the limitation of direct

approach.

Transfer systems consist typically of three types of dictionaries: SL dictionaries containing
detailed morphological, grammatical and semantic information, similar TL dictionaries,
and a bilingual 'transfer' dictionary relating base SL forms and base TL forms and various
grammars (for SL analysis, TL synthesis and for transformation of SL structures into TL

forms) (Hutchins, 1994)

An advantage of transfer is that when you are using similar languages, which share the
same syntax at times parts of the transfer system can be shared. In the direct approach,
words are translated directly without passing through an additional representation. While,
in the transfer approach the source language is transformed into an abstract and less

language specific representation. Hence, for a system that handles the translation of
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combination of n languages, n number of analysis, n number of generation components

and n(n-1) transfer components are required.

Original Geez Sentence nehene abasna mesele abawina

Analysis stage — close to Geez structure abesna mesele abawina

Transfer Stage — converted to Amharic word ordered | mesele abawina abesna

Generation Stage — substitute Geez words with _
_ ende abatochachin bedelen
Ambharic words

English Meaning We sinned like our fathers

Table 1.5.4-1 Rule Base Machine Translation-Transfer Approach sample

3.4.3 The Interlingua Approach

Interlingua approach intends to translate source language texts to that of more than one
language through an intermediate artificial language independent form called Interlingua.
The Translation is from source language to Interlingua and then from Interlingua to target

language.

Basically, the Interlingua approach consists of two stage processes: analysis and
Synthesis. The analysis process is the extraction and complete representation of the
meaning of the source language sentence in a language-independent form using a set of
universal concepts and relations, and the synthesis phase generate a natural language
sentence using a generation module between the representation language and the target

language (Bonnie, 2004). The Interlingua allows a canonical representation of any
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sentence, in the sense that all sentences that mean the same thing are represented in the

same way, irrespective of the language.

The Interlingua approach is more economic approach in multilingual machine translations.
Translation from and into n languages requires 2n interlingua programs where it requires
n (n-1) bilingual translation systems in the direct and transfer translation systems. The
Interlingua approach overcomes the problem of building thousands of transfer rules by
using a central representation into which and from which all the languages are parsed

and generated. Therefore, it is more efficient in exploiting the domain knowledge.

On the other hand, the complexity of the Interlingua itself is greatly increased. Finding a
language independent representation which retains the precise meaning of a sentence in
a particular language, which can then be used to generate a sentence of a different
language, is a challenging task and maybe even impossible for a wider domain. (Alansary

et al, 2006).
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Figure 3.4.3-1 Vauquois Triangle for Rule-Based MT

The Vauquois Triangle in the Figure 0 above shows the pyramid of the rule based
machine translation (Jurafsky et.al, 2006). It is evident that as we move up in the triangle

towards an Interlingua, the burden on the analysis and generation components increases.

3.5 Corpus Based Machine Translation

The corpus based (Empirical) machine translation has been dominating the traditional
rule based (Classical) ones since the late 1980s. The rule based has been requiring
human encoded linguistic knowledge and intensive representation of the languages
through different structural and language rules. The relative failure of rule-based

approaches, the growing availability of machine readable parallel corpus (collection of
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source language document with its counterpart target language documents) and the
increase in capability of hardware (CPU, memory, disk space) with decreasing in cost are
among the critical factors for the flourishing of corpus based machine translation systems.
In addition, the freeing of corpus based approaches from any syntactic or semantic rules
in text analysis or selection of lexical equivalents has contributed significantly. Corpus-
base Machine translation includes Example Based Machine Translation (EBMT) and

SMT. The following is the description of these two corpus based approaches.

3.6 Example-Based Machine Translation Approach

The idea for Example-based Machine Translation can be dated to a conference paper
presented by Makoto Nagao in 1981 and later published in 1984. However, EBMT was
only developed from about 1990 onwards (Hutchines, 2003). The underlying hypothesis
of EBMT is that translation often involves the finding or matching of analogous examples,
a pair (or couple) of texts in two languages that are a translation of each other, that have

been translated before.

EBMT considers a bilingual corpus as a database and retrieves examples that are similar
to an input sentence (texts). The input sentences can be of any size at any linguistic level:
words, phrase, sentence, and even paragraph (Gros, 2007). The approach is founded on
processes of extracting and selecting equivalent phrases or word groups from a databank
of parallel bilingual texts, which have been aligned either by statistical methods or by
more traditional rule-based methods - semantic network or a hierarchy (thesaurus) of
domain terms. The essence EBMT is based on analogy principle from the previous

examples. The analogy for EBMT mostly elucidated by Nagao’s much quoted statement:
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“Man does not translate a simple sentence by doing deep linguistic analysis,
rather, Man does translation, first, by properly decomposing an input sentence
into certain fragmental phrases ..., then by translating these phrases into other
language phrases, and finally by properly composing these fragmental
translations into one long sentence. The translation of each fragmental phrase
will be done by the analogy translation principle with proper examples as its

reference.” (Nagao, 1984).

EBMT is also called “memory-based”, “case-based”, “experience-guided”, "example-
guided inference”, or “analogy based” (Carl, 2002). EBMT is machine translation by
example-guided inference. TM is an interactive tool for the human translator, while EBMT
is an essentially automatic translation technique or methodology. He stressed the notion
of detecting similarity. The basic processes of EBMT are analogy-based that is the search
for phrases in the database which are similar to input source language strings (isolated by
segmentation), their adaptation and recombination as target language phrases and
sentences. Retrieving similar examples to the input is done by measuring the distance of
the input to each of examples. The smaller a distance is, the more similar the example is
to the input. EBMT uses real language data based on data-driven rather than theory-
driven, overcoming constraints of structure preservation. The basic units for EBMT are

thus sequences of words (phrases).

3.6.1 Stages of Example-Based Machine Translation

In general, there are four stages involved in EBMT, namely, example acquisition, example

base management, example application and target sentence synthesis (Kit, 2001).
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The first stage is Example Acquisition which is about how to acquire examples from
existing parallel bilingual corpus. The examples can be collected from bilingual
dictionaries at the word level, bilingual corpora at the multiple-word level and at sub-
sentential levels including idioms and collocations, multi-word terminology, and phrases.
Text alignment is a necessary step towards example acquisition at various levels. The
approaches to text alignment can be again categorized into two types, namely, resource-
poor approaches which relies mainly on sentence length statistics, co-occurrence
statistics and some limited lexical information, and the resource-rich approaches which

uses whatever available and useful bilingual lexicon and glossary.

The second stage is Example Base Management which is about how examples are
stored and maintained. The Example Base Management is a crucial component in an
EBMT system as it handles the storage, edition (including addition, deletion and
medication) and retrieval of examples. Thus, an efficient EB must be capable of handling
a massive volume of examples (both the source and the target language) at an

adequately high speed searching strategy.

The third stage, Example Application, is about how to make use of existing examples to
do translation which involves the decomposition of an input sentence into examples and

the conversion of the decomposed source texts into target texts.

The fourth stage is known as the Sentence Synthesis and Smoothing which is to
compose a target sentence by putting the converted examples into a smoothly readable
order, aiming at enhancing the readability of the target sentence after conversion. Since
different languages have different syntax to the sentential structures and word order,

simple chain up the translated fragments may not work. The language modeling used
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may include from the simple fixed-order n-gram models (e.g. bi-gram or tri-gram model) to

more sophisticated probabilistic context free grammar models (Kit, 2001).

After sentence decomposition and example transfer, we have a sequence of translated
fragments. The next task is to combine these translated chunks into a well-formed highly
readable sentence in the target language. Since different languages have different syntax
to govern the sentential structures and word order, it won't work in most cases if we

simply chain up the translated fragments in the same order as in the source language.

Lexical EBMT systems use the surface form of texts directly. Because finding very similar
sentences in the surface form is rare, lexical EBMT systems typically use partial matches
(Brown et al, 2009) or phrase unit matches (Veale, 1997). To find hypothesis translations,
they collect the translations of the matches for use in decoding. To increase coverage,
lexical EBMT systems optionally perform generalization on the surface form to find

translation templates.

Other EBMT systems use linguistic structures to calculate similarity. Some convert both
source and target sentences in the example database into parse trees, and when they are
given an input sentence, they parse it and calculate similarity to the stored example parse
trees. They then select the most similar source parse trees with their corresponding target
trees to generate target sentences after properly modifying them by the difference
(Kurohashi, 2004). Or they find source sub tree matches with their aligned target sub
trees and combine the target parts to generate target sentences (Menezes, 2006). In
EBMT, the ‘classical’ similarity measure is the use of a thesaurus to compute word

similarity on the basis of meaning or usage (Alexander et al, 2010).
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3.7 Statistical Machine Translation

Statistical machine translation (SMT) is a machine translation paradigm where
translations are generated on the basis of statistical models whose parameters are
derived from the analysis of bilingual text corpora. Statistical Machine Translation (SMT)
is a probabilistic framework for translating text from one natural language to another
based on models induced automatically from analysis of parallel corpus (Axelrod, 2006).
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 (Mukesh

et al, 2010).

Interest in SMT can be attributed to the convergence of several factors. The first factor is
the growth of internet that is escalating the interest in the dissemination of information in
multiple languages. The other factor is the availability of fast and cheap computing
hardware has enabling applications that depend on large data and billions of statistics
taken under translation. The development of automatic translation metrics and advance in

freely available SMT toolkits are the other factors (Chang, 1992) and (Lopez, 2007).

The first statistical approach to MT was suggested by Warren Weaver in 1949 but
pioneered by a group of researchers from IBM in the late 1980s (Brown et al, 1990). The
idea behind SMT comes from information theory and is one of the applications of Noisy
Channel Model which is proposed by Claude Shannon in 1948 in the field of Information
Theory. It is based on statistical finding of the most probable translation from a large of
pairs of equivalent source sentences and target sentences. For every pair of strings (a, Q)
a number Pr (g|a) is assigned which is the probability that a translator will produce g as
his translation given a (Brown et al, 1993). By analogy with communication theory, Pr(a)
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is a known “source” distribution, Pr(g|a) is a model of the process that encodes (or
corrupts) it into the observed sentence g , and the argmax is a decoding operation
(Goutte et al, 2009). Using Bayes' theorem, we can write:

Pr(a)Pr(gla)
Pr(g)

Pr(alg) =

Where Pr(a) is the language model probability, and where Pr (g|a) is the translation model
probability. A document is translated according to the probability distribution p(alg) that a
string a in the target language (for example, Amharic) is the translation of a string g in the
source language (for example, Geez). For each sentence in A is a translation of g with
some probability, and the sentence that we choose as the translation (€) is the one that

has the highest probability. In mathematical terms [Brown et al., 1990], because Pr(g) is

fixed, the maximization of € is thus equivalent to maximization of Pr(a)Pr(gla) and we

get.

In mathematical terms (Brown et al., 1990), because Pr(g) is fixed, the maximization of

Pr(alg) denoted by € is thus equivalent to maximization of Pr(a)Pr(gla) and we get:

é = argmax,Pr(g|a)Pr (a)

Decoding Translation Language

Algorithm Model Model

Where:

m Pr(a) - The Language model - provides a probability to each unit of text.
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m Pr(alg) - The Translation model - that provides the probabilities of possible

translation pairs of the source sentence g given the translated sentence a.

m argmax, - The Search algorithm (Decoder) - searching for the best translation from
the given all possible translations based on the probability estimates Pr(a) and

Pr(a|g) and performs the actual translation.

Language Model Translation Model Decoder
Pr(a) a Pr(gfa) 9 3
(Source) (Noisy Channel) é = argmax,Pr(a)Pr(g|a)

Figure 3.7-1 The Noisy Channel Model for Machine Translation

The Shannon's goal was to maximize the amount of information that could be transmitted
over an imperfect (noisy) communication channel. It assumes that the original text has
been accidentally scrambled or encrypted and the goal is to find out the original text by
decoding the encrypted/scrambled version. In a probabilistic framework, finding the
closest possible text can be stated as finding the argument that maximizes the probability
of recovering the original input given the noisy text (Specia, Fundamental and New

Approaches to Statistical Machine Translation, 2010).
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Parallel Text

Target Language

Source Sentence

[eansnels

[eonsnels

Decoder Translation
argmax,Pr(a)Pr(g|a) Model Pr(g|a)

Language
Model Pr(a)

Target Language

Figure 3.7-2 The SMT Process

A document is translated according to the probability distribution Pr{a|g) that a string a
in the target language (for example, Amharic) is the translation of a string g in the source
language (for example, Geez).

3.7.1 Components of Statistical Machine Translation

Statistical Machine Translation (SMT) usually consists of three components: a translation
model Pr(g|a), a language model Pr(a) and a distortion model Pr(g,a) where g is an input

sentence of a source language and a is an output sentence of a target language.

35



3.7.1.1 The Language Model

Language modeling is the process of determining the probability of a sequence of words.
It has variety of applications in the area speech recognition, optical character recognition
(OCR), handwriting recognition, Machine Translation, Information Retrieval, and Spelling
Correction (Goodman, 2001). A statistical Language Model is a probabilistic way to
capture regularities of a particular natural language in the form of word-order constraint
(Rosenfeld, 2000). The Language Modeling component takes the monolingual corpus and
produces the Language Model for the target language where plausible sequences of
words are given high probabilities and nonsensical ones are given low probabilities. It

generally reflects how frequently a string of words occur as a sentence.

Almost all language models decompose the probability of a sentence into conditional
probability of the component words or phrases (Rosenfeld, 2000). Most language models

are n-gram-based which is based on a sequence of n words. Given a word string a with n
words a = w;w, ... w,, the language model can be defined as the joint probability of a

sequence of all words in the word string and can be written using chain rule as product of

conditional probabilities as:
T
Pr(a) = Priw,w,, .. w, ) = 1_[ Priwlw, wy,...w,_;)
i=1

Where w; is the i word and n is the word length. The different language models used in

SMT are discussed below with special focus on the n-gram model which is used in this

research.
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The N-gram Model

The n-gram model is the most dominant technique of Statistical Language Model which
was proposed by Jelinek and Mercer (Bahl et al, 1983). The n-gram model assumes that
the probability of the n™ word depends only on the A1 preceding words based on the

Markov assumptions. Markov assumes that only the prior local context consisting of last
few words affects the next word. The N-gram thus has (N-l)th order of Markov Model
(Jawaid, 2010). A high n provides a more information about the context of the specific
sequence, but a low n provides more cases will have been seen in the training data and
hence more reliable estimates. Most current open-domain systems consider n between 3
and 7 which actually varies according to the size of the corpus: the larger the corpus, the

higher the n-grams that can be reliably counted.

Suppose we break an Amharic sentence a up into words a=a;a.as . . .am and assumed
that the probability of seeing a word is independent of what came before it. Hence the

probability to j"" word is given by:
Pr[a}-) = Pr(a;lay, ay, ..., a;_4),

Then we can write the probability for a as a product of conditional probabilities:

™

Pr(a) = Pr(a,) Pr(asla,) . . .Pr(a;la;,_4) = 1_[ Pr(a;|ay, g, v, a;_y)

=1

So, for example, in the sentence fragment “yihonal weym . . . ”, you would probably
assign a very high conditional probability to the final word being “ayhonem”, certainly

much higher than the probability of its occurrence at a random point in a piece of text.
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We could estimate the probabilities Pr(a,) by taking a very large corpus of Amharic text,

and counting words. The bigram model, when n=2, assumes that the probability of a

word occurring depends only on the word immediately before it:
Pr [rxj|a1, 7 B r:r,j_i} =Pr [a}-|aj-_1),

And the trigram model, when n=3, assumes that the probability of a word occurring

depends only on the two words immediately before it:
Pr[a}-|a1, gy een ‘1}'—1) = Pr[a}-|a}-_2, a;_y )
For instance, the trigram model considers two consecutive previous words as:

Pr(a) = Pr(a, )Pr(a,|a, )Pr(a;|aja, )Pr(asla,; ag ) ... Pr[a}-|a}-_2,rx}-_1 )

The problem with this kind of training procedure is that it is likely to underestimate the
probability of bigrams/trigrams which do not appear in the training set, and overestimate
the probability of those which do. There are, for instance, n® possible bigrams and n*
possible trigrams for a given n number of words in a training data. The next word
following a given history can be reasonably predicted with the Maximum Likelihood
Estimate (MLE) which predicts the next word based on the relative frequency of word
sequences observed in the training corpus and the Count function used measures the

number of times word was observed in the training corpus (Axelrod, 2006).

Count(a;_, a;)

Pryg (ﬂ}"ai—l) - Count(a,_,)
-

Due to data sparseness and some uncommon words, the MLE is still unsuitable for

statistical inference because of n-grams containing sequences of these words are unlikely
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to be seen in any corpus. In addition, since the probability of a sentence is calculated as
the product of the probabilities of component subsequences, these errors propagate and
produce zero probability estimates for the sentence (Christopher et al, 1999). Hence, in
order to address this problem the discounting or smoothing methods are devised which
decrease the probability of previously seen events and assign the rest probability to the
previously unseen events. The Smoothing methods allows for better estimators that allow
for the possibility of sequences that did not appear in the training corpus. There are
different smoothing methods including adding one, Good Turning Estimate, General
Linear interpolation etc. The simplest smoothing algorithm is add-one to the count.

count(a}-_la}-) +1
count(a;_,) +V

Pr [a}- |2y ) =

A common way to compare language model scores for different translation sentences is

to compute the perplexity of such sentence as:
! log., P
N og, P(a)
Where N is the number of words in the translation sentence.

3.7.1.2 The Translation Model

Translation models define the bilingual relationship between the source and target strings
of corresponding parallel corpora. Sometimes, a word in one language may have a
cardinality of one-to-one, one-to-many, many-to-many or even one-to-zero. Despite these
complications, the notion of a correspondence between words in the source language and
in the target language is so useful. Most of state-of-the-art translation models used for

regular text translation can be grouped into three categories: word-based models, phrase-
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based models, and syntax-based models. The translation model probability cannot be
reliably calculated based on the sentences as a unit, due to sparseness of the data.

Instead, the sentences are decomposed into a sequence of words (Gao, 2011).

Determining the word alignment probabilities given sentence aligned training corpus is
performed using the Expectation-Maximization (EM) algorithm. The key intuition behind
Expectation Minimization is to determine the word translation probabilities from the
number of times a word align with another in the corpus. The Expectation Minimization is

formalized using techniques like IBM Models (Ramanathan et.al, 2002).

The statistical translation models were initially word based (Models 1-5 from IBM, Hidden
Markov model from Stephan Vogel and Model 6 from Franz-Joseph Och, but significant
advances were made with the introduction of phrase based models. Recent work has also

incorporated syntax or quasi-syntactic structures.

. Word - Based Translation

Word Based Translation Model is the original model for SMT where the fundamental unit
of translation is a word in some natural language. The objective of word alignment is to
discover the word to word translational correspondences in a bilingual corpus. It handles
translation and alignment at word level with the assumption of all positions in the source
sentence, including position zero for the null word, are equally likely to be chosen. The
classical approaches to word alignment are based on series of IBM Models, Model 1 - 5,
proposed from the IBM group a pioneer work at the very beginning of SMT in the early

1990s with increasing complexity, performance and assessment and the HMM based
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alignment model and syntax based approaches for word alignment are also studied

(Brown et al., 1993).

1. IBM Model 1

IBM Model 1, also called a lexical translation model, is the simplest and the most widely
used word alignment model among the models that the IBM group has proposed. It 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, . . . gi) of length | and Amharic
sentence A = (a1, . . ., ap) of length n, ignores the order of the words in the source and

target sentence and the probability of aligning word g; and a;is independent of their

positions in string G and A, j and i respectively.

According to the noisy channel, IBM Model 1 try to identify a position j in the source

sentence from which to generate the i target word according to the distribution.

SARE | R

Where t(g;|a;) denotes the translation probability of g;given a; and =denotes P(mla).

We assume that all positions in the source sentence, including position zero for the null

word, are equally likely to be chosen and there are (I —1)™ acceptable alignments.

2. IBM Model 2

According to IBM Model 1, the word order was not cognized and the translation

probabilities of the target words in any order are all the same. The first word in the source
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language may appear in the last of the target language irrespective of their order. IBM
Model 2 improves the reordering in Model 1 by adding an alignment model in addition to
the lexical translation (IBM Model 1) such that words that follow each other in the source
language have translations that follow each other in the target language. The alignment

model S on a translation of a word in the i position of the source language to a word in

the jth position of the target language is given by:
s(ilj, 1, m)

Which is the probability of connecting ™ word of Geez sentence of length m to i word

of Amharic sentence of length I. Hence, the question become

m 1
Prgly=c| | ) +gla)saiLm

For example, the Amharic word “Neger gin/bengracene lay” cannot be translated word-
by-word because the meaning of “Neger gin/bengracene lay” which cannot be

constructed from the meanings of the component words of and course.
3. IBM Model 3

The IBM model 3 introduces the notion of fertility model to the IBM model 2. Typically, the
number of words in translated sentences is different, because of compound words,
morphology and idioms (Project, 2009). The ratio of the lengths of sequences of
translated words is called fertility, which tells how many source words may be aligned to a

specific number of target words.

Fertility is a mechanism to augment one word into several words or none and it is a
conditional probability depending only on the lexicons. Often one word in the source is
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aligned to one word in the target (fertility = 1) or to n multiple target words (fertility = n), or
even zero target words (fertility = 0) (Gros, Survey of Machine Translation Evaluation,

2007). The IBM model 3 comprises of parameters of fertility probability n(el|a;),
translation probability t{g|a;) and distortion probability d(j|i, m. ). Model 3 is deficient as it

does not concentrate on all of its probability in for the sake of simplicity ( Brownr et al,

1993).

7
L

Y = o)pfery | [n(iledss ﬁ t (g,

k= i=1

esj) d[j |s}-, m, i)

4. IBM model 4

IBM model 4 is one of the most successful alignment procedures so far with very complex
distortion Model and many parameters that make it very complex to train (Cromiéres et al,
2009). IBM Model 4 further improves IBM Model 3 by providing a better formulation of the

distortion probability distribution s(i|f,,m) . The IBM Model 4 translation model is further

decomposed into four sub models. Lexicon Model that represents probability of a word g
in the Geez language being translated into a word a in the Amharic language, Fertility
model which represent probability of a source word g generating n words, the Distortion
Model which is concerned with the probability of distortion and the NULL Translation
Model which is a fixed probability of inserting a NULL word after determining each target
word (Watanabe et al, 2002). Model 4 replaces model 3’s distortion parameters with the
ones designed to model the way the set of source words generated by a single target

word tends to behave as a unit for the purpose of assigning positions. In empirical
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evaluations the IBM Model 4 has outperformed the other IBM Models and a Hidden

Markov Model (HMM) (Lopez et al, 2005).

5. IBM Model 5

Model 5 is very much like Model 4, except that it is not deficient and the Models 1-4 are
as stepping stones to the training of Model 5. IBM Models 3 and 4 are deficient (non-
normalized) in that they can place multiple target words to the same position. But, IBM
Model 5 eliminates this deficiency by keeping track of the number of vacant word
positions and allowing for placement only into these positions (Specia, 2010). The IBM
model 5 altered the distortion probability of model 4 to take into account all information
about vacant positions which also brought a problem due to sparse data that have
different permutations for vacant positions. The IBM models do not consider structural
aspects of language, and it is suspected that these models are not good enough for

structurally dissimilar languages.

In addition to the IBM models, there have been other models proposed including the more
popular Hidden-Markov Models (HMM). The HMM is the other word-by-word alignment
model where words of the source language are first clustered into a number of word
classes, and then a set of transition parameters is estimated for each word class. The
HMM models are similar to model 2 and use the first-order model. The characteristic
feature of HMM is to reduce the number of parameters and make the alignment
probabilities explicitly dependent on the alignment position of the previous word (Vogel,

1996).
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All IBM Models are relevant for SMT since the final word alignment can be produced
iteratively starting from Model 1 and finishing with Model 5. The limitations of word based
models are their capability in managing word reordering, fertility, null words, contextual
information, and non-compositional phrases (Axelrod, 2006). To make word-based
translation systems manage, for instance, high fertility rates, and the system could be
able to map a single word to multiple words, but not vice versa. For instance, if we are
translating from Geez to Amharic, each word in Amharic could produce zero or more
Geez words. But there's no way to group Amharic words to produce a single Geez word.
Nowadays, the word-based translation is not widely used and has been improved upon by
recent phrase based approaches to SMT, which use larger chunks of language as their

basis (Project, 2009).

ll. Phrase-based Translation

In real translation, it is common for adjacent sequences of words to translate as a unit. In
phrase-based translation, the restrictions produced by word-based translation have been
tried to reduce by translating any contiguous sequence of words. The multi-word segment
of words are called blocks or phrases which are not linguistic phrases, such as a noun
phrase but phrases found using statistical methods from the corpus. The segment
phrases of the given source sentence are translated and then reordered to produce the
target sentence (Zens et al, 2004). Restricting the phrases to linguistic phrases has been
shown to decrease translation quality. Phrase-based translation models use the
automatically generated word level alignments from the IBM models to extract phrase-pair

alignments.
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The phrase-based method has become the widely adopted one among all the proposed
approaches in SMT due to its capability of capturing local context information from
adjacent words to a one-to-many and many-to-many alignment which word-aligned
translation models do not permit. It bases on phrase alignments instead of word
alignments. One of the advantages of phrase based SMT systems is that the local
reordering is possible and each source phrase is nonempty and translates to exactly one

nonempty target phrase.

lll. Syntax-based Translation

Syntax-based translation is based on the idea of translating syntactic units, rather than
single words (as in word-based MT), or strings of words (as in phrase-based MT). The
idea of syntax-based translation is quite old in MT, though its statistical counterpart did
not take off until the advent of strong stochastic parsers in the 1990s. The syntax-based
statistical translation model that includes in addition to word translation probabilities, the
probabilities of nodes being reordered and words being added to particular nodes were
proposed (Ramanathan, 2009). Examples of this approach include DOP-based MT and,
more recently, synchronous context-free grammars. Syntax-based MT systems are slow

to train and decode because the syntactic annotations further add a level of complexity.

Generally, Phrase-level alignments have been the state of the art and recent focus in

SMT research outperforming the syntax-based translation model and word-based models.

3.7.1.3 Decoding

Decoding is the process of determining the most probable translation among all possible

translations based on a searching algorithm. The search space is so huge because of
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different possible translation for each word (phrase) with different ordering in sentence.
Different decoding algorithms were proposed for SMT. Most of these decoding algorithms

are based on partial sentence evaluation as it is not possible to find the best translation.

In order to solve decoding problem, most decoding algorithms are finding optimum
solution instead of best solution. The Beam search algorithm, Greedy decoder and stack
decoding algorithm are some examples. Most decoders in the SMT are based on the
best-first search (Jurafsky et al, 2006). The A* was the first of the best-first search that
was proposed by IBM group and implemented on word to word SMT where the search
hypotheses are managed in a priority queue (stack) ordered by their scores
(Casacuberta, 2004). The beam search is the other best-first search that is implemented

on the phrase based decoding in the Moses® system.

3.7.2 Evaluation

Evaluating the quality of a translation is an extremely subjective task, and disagreements
about evaluation methodology are widespread. Nevertheless, evaluating MT results is
important to know how good an MT system is and identify new development area to
improvement in translation quality. White et al (1994) suggested three aspects of
evaluating a translation through how well the translation represents the source text
(adequacy), the extent to which the translation is a well formed and correct sentence
(fluency), and comprehensiveness of the information for readers (informativeness)

(O’'Connell et al, 1994). Generally, MT evaluation can be performed through human or

° Moses is a statistical machine translation system that allows us to automatically train

translation models for any language pair.
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automated system. The following is a brief description of the human and automatic MT

evaluations.

3.7.2.1 Human Evaluation

In early days, MT evaluation is mainly subjective and scores are given by human judges
assign to the MT output from various perspectives. The results of human evaluation are
usually expensive, time consuming and not repeatable (Lopez, 2007). Manual evaluation
generally scores output sentences based on their informativeness, fluency, fidelity,
fluency and the accuracy of their content. Although human evaluation is accurate and
reliable, they are too time-consuming and expensive to be used to compare many

different versions of a system.

3.7.2.2 Automatic Evaluations

Automatic evaluations of Machine Translation are based on evaluation metrics like
precision. It compares system translation output with reference translations from the
parallel corpus. The automatic evaluations are important as they run frequently and cost
efficient. There are different Machine Translation evaluation algorithms including BLUE,
NIST and WER. The most widely used metric, namely the Bilingual Evaluation
Understudy (BLEU), considers not only single word matches between the output and the
reference sentence, but also n-gram matches, up to some maximum n (Lopez, 2007).
Callison-Burch et al (2012) claim that automatic evaluations are an imperfect substitute

for human assessment of translation quality.
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3.8 Challenges in Machine Translation

Machine translation is hard for many reasons. The availability, collection and usage of
huge amount of digital text and format types are some of the challenges. The language
ambiguity that could arise from lexically differences where a word can have more than
one meaning due to Semantic (out of context), Syntactic (in a sentence) and Pragmatic
(situations and context) meanings, Technical Verbs, paragraphs with symbols and

Equations, and Abbreviated Word are very difficult to translate.

In addition, different languages use different structures for the same purpose, and the
same structure for different purposes. The challenges that could arise from Idiomatic and
Collocation expressions where whose meaning cannot be completely understood from
the meanings of the component parts. The different forms of a word, representation of a
single word in one language with group of words in another, vocabulary difficulties in
identifying direct equivalent word a particular word are also other challenges of machine
translation (Ramanathan et al, 2002). The other big challenge of the MT is Vocabulary
Differences which also arise from the Languages difference in the way they lexically
divide the conceptual space, and sometimes no direct equivalent can be found for a

particular word of one language in another.

The automatic translation from one language to another is an extremely challenging task,
mainly due to the fact that natural languages are ambiguous, context-dependent and

ever-evolving.
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CHAPTER FOUR

CORPUS PREPARATION AND SYSTEM ARCHITECTURE

The chapter discusses the experimental setup, software tools used, the hardware
environment, architecture of the system, the data used for the experimentation of the
research. Moreover, the process of the experimentation, the result and the analysis of the

results are discussed in detail.

4.1 Experimental Setup

4.1.1 Data Collection and Preparation

As discussed in the literature review part, SMT requires a huge amount of monolingual
and bilingual data. The monolingual corpus is required to estimate the right word orders
that target language should look like and the bilingual, which is sentence-aligned, is used
to build the translation model training and decoding purpose that determine the word
(phrase) alignment between the two aligned sentences. Finding parallel corpus with good
quality and plausibly enough size were major challenges faced in this study. The corpus
cleanup, correction of sentence level alignment and correction of errors is time
consuming, expensive and language expert requesting task.

There are very few digital data available in the bilingual data as the Geez language is
mainly used as spoken language in the digital era. It is understood that the size of the
corpus is a major performance bottleneck for corpus-based machine translation systems.
SMT systems would be able to attain better performance with more training sets

(Kashioka, 2005). So, the researcher has tried his best to collect as many parallel
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documents (written in Geez and Amharic) as possible to make the system perform well.
The researcher found electronic version of some books of the Old Testements of Geez
Bible including Genesis (1582 sentenses), Exodus (1102 sentenses), Leviticus (887
sentenses), Numbers (1322 sentenses), Deuteronomy (994 sentenses), Joshua (671
sentenses), Judgth (640 sentenses), Ruth (90 sentenses) and Psalms (5127 sentenses)
and the all books of the Amharic Bible on the web® . In addition, other religious resources
like the Praises of St. Mary (Wedase Mariam), Arganon and some editions of Hamer
Magazine comprising 425 sentenses are also used.

The materials were inherently verse level aligned, with some exceptions in the Geez
versions, which has reduced the task of sentence level alignment. The part of the
collected data which were not aligned at sentence (verse) level were aligned manually to
sentence (verse) level, furthermore cross checking have been made between the
corresponding sentences to confirm that the parallel sentences are same. The researcher
found that most of the corresponding sentences were the same but some verses were
misaligned due to a verse in one of the Geez (Amharic) document were broken into more
than one verse in the corresponding document. Cross checking and correction of the
verse level alignment were done manually. The language expert is used for the cross
ckeeking the correct alignment of the corpuses.

The collected data were in different formats as they are collected from different sources.
Some were in HTML, MS-word, MS-Publisher and MS-Excel format. Subsequently, all the

collected data are merged to MS-word format and subsequently aligned to

6 http://bible.org/foreign/amharic

http://www.ranhacohen.info/Biblia.html
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verse/sentence level, cleaned for noisy characters and converted to plain text in UTF-8
format to suit with the data type requirement of the training tools to be used.

The bilingual corpuses available for the training is comprised of a total of 12, 840 Geez
sentences (146, 320 words) and 12,840 Amharic Sentences (144,815 words). The size of
the number of sentences is not comparable to the resource available in European
Parliament Proceedings Parallel Corpus® 1996-2011 which contains about 2 million
parallel sentences (French-English). In additional to the target sentences in the parallel
corpus supplementary monolingual corpus used for the language modeling is collected
from the Amharic version of Bible, praise St. Marry (Wedase Mariamand Arganon), and

website which contains 26, 818 sentence (contain 328,140 words).

4.1.2 Organization of Data

Once all the necessary preliminary preparation and formatting tasks are done on the
corpus, 90% of the bilingual data is allocated for training and the remaining 10% is
allocated for testing considering the training requires a larger amount of data to learn
better. The training set consists of 11,560 Geez sentences (126,650 words) and 11,560
Amharic sentences (125,252 words) which are used for training the translation model.
Whereas, the test set data consists of 1,280 sentence of Geez and 1,280 sentences of

Amharic which are used to do tuning and evaluate the accuracy of the translation.

4.1.3 Software Tools Used

The experiment of this research was conducted on 32bit Linux machine (Ubuntu 14.04)

as an operating system platform. The Moses SMT system, which is a full-fledged,

8 http://www.statmt.org/europarl/
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dominant and the state-of-the-art tool for SMT that automatically train translation models
for any language pair, used for the translation and modeling purpose (Philipp, 2007). In
addition Moses can also use the language modeling tool IRSTLM, the word-alignment

tool GIZA++, and resulting translations evaluating model BLUE (Koehn, 2007).

4.1.4 Language Model Training

The IRSTLM?® language modeling toolkit is used to train language model for this research.
The IRSTLM is a free and open source Language Modeling Toolkit that has features of
different algorithms and data structures suitable to estimate, store, and access very large
language models (Federico et al, 2007). The IRSTLM is Lesser General Public License
(LGPL) licensed (like Moses) and therefore available for commercial use. It is compatible

with language models created with other tools, such as the *°SRILM Toolkit.

4.1.5 Word Alignment

Many of the challenges encountered in parallel text processing are related to sentence
length and complexity, the number of clauses in a sentence and their relative order. The
task of word-based alignment was done by finding relationship between words based on
the statistical value they have in a given Geez-Amharic parallel corpus. GIZA++" is a
freely available, widely used SMT 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

° http.//sourceforge.net/projects/irstim/

10 www.speech.sri.com/projects/srilm/download.html|

1" http://www.statmt.org/moses/giza/GIZA++.html

http://www.statmt.org/moses/giza/mkcls.html.
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generates the word classes necessary for training some of the alignment models (Och,

2003). In this research, the GIZA++ toolkit is used for the word alignment.

4.1.6 Decoding

Decoding is done using Moses decoder. The job of the Moses decoder is to find the
highest scoring sentence in the target language (according to the translation model)
corresponding to a given source sentence. The decoder also output possible ranked list
of the translation candidates, and also supply various types of information about how it
came to its decision (for instance the phrase-phrase correspondences) (Dechelotte,
2007). An efficient search algorithm finds quickly the highest probability translation among
the exponential number of choices. Moses phrase-based decoder is used for this

experiment.

4.1.7 Tuning

In order to find the optimal weights from the given possible translation Moses tuning
algorithm is used. The optimal weights are those which maximize translation performance
on a small set of parallel sentences (the tuning set). About 1000 bilingual Geez - Amharic
sentences from the corpus identified for the testing set. The bilingual corpora used for the

tuning are preprocessed with tokenization and cleaning processes.

4.1.8 Evaluation

There are different Machine Translation evaluation algorithms including BLUE, NIST and
WER. BLUE (Bilingual Evaluation Understudy) is one of the famous evaluation methods
that can be used to have a comparison among different Machine Translation systems

(Zhu, 2001). BLEU scoring tool is used for the evaluation of the quality of the translation
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system based on the familiarity to the researcher and applicability with Moses. The BLUE
evaluate the quality of text which has been machine-translated from one natural language
to another based on the degree of correspondence between a machine's output and that

of a human professional human translation.

4.2 Architecture of the System

The architecture of the system is illustrated in Figure 5.1. The system takes bilingual and
monolingual corpuses as inputs which are represented by pile of sheets and the
processes are represented by Rounded rectangle. The data are preprocessed with
different preprocessing tools in order to fit the tools’ requirement. The preprocessing is
discussed in detail the experimentation part.

The models are represented with rectangular cube. The translation modeling takes the
bilingual corpus (both the Geez and Amharic sentences) and then segmented into a
number of sequences of consecutive words (so-called phrases). Each Geez phrase is
translated into an Amharic phrase, based on the noisy channel model translation model.
The language model takes the target language, Amharic corpus, to determine the word

order in the sentence formation.
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During decoding, the decoder searches for the best translation from the given all possible
translations based on the probability. Tuning finds the optimal weights for the linear
model, where optimal weights are those which maximize translation performance on a

small set of parallel sentences (the tuning set).

I [
' : : Geez - Amharic Bilingual
Amharic Monolingual
Corpus
Corpus

s 4 -
[ Tokenization ] Training
set
" - -
[ Tokenization
Language
Modeling l
Cleaning
: '
Language Translation
Model Modelina
A
Translation
Model
Decoder }
[ Evaluation }
\ 4
Performance
Report

Figure 4.2-1 Architecture of Geez - Amharic SMT System
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4.3 Preprocessing

Once data is converted into the right format (see section 5.2.1), it needs to be tokenized,
and cleaned before it can be used to train a SMT system. Both the monolingual and
parallel documents pass through a tokenization process to separate the words and make
space between the words and punctuation marks which resolve the confusion of
punctuation marks in a sentence. Cleaning is the other process of removing long
sentences and empty sentences as they can cause problems with the training pipeline,
misalignment of sentence. Cleaning is also important to reduce longer sentences which
take extensive time in the process of translation training.

The Amharic monolingual corpus pass through tokenization only as the language
modeling is not affected by long sentences as that of translation modeling. The
preprocessing of both monolingual and bilingual corpus was done using the scripts written

for this purpose™ (http://www.statmt.org/moses).

13

http://www.statmt.org/moses
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CHAPTER FIVE

EXPERIMENT AND ANALYSIS

As discussed in section 5.2 phrase based SMT is used for this study. The portion of the
Bible will be used to train and test the system performance. In this chapter the

experimental procedures with the analysis of the experiment results will be presented.

5.1 Building and Testing the System

Once all the necessary preprocessing tasks are done, as discussed in section 5.4, on the
corpus, out of the 12,840 parallel sentences 32 sentences, which are longer than 80
characters, are removed before the training as GIZA++ takes very long time and memory

to train longer sentences.

5.2 Analysis of the Result

Part of the bilingual corpus (1280 bilingual sentences) left for the testing set was used for
testing the system performance. Since the corpuses are already sentence level aligned
and some cross checking has been made, the result was almost free of miss matched
alignments. This has positively contributed to the performance of the result and BLUE
score obtained were 8.14%. Further investigation has been done in order to crosscheck
and improve the performance score as discussed below.

As there is a shortage of training data, a 10-fold cross validation (CV) method was used
to determine the generalizability of the performance of the system. In 10-fold cross

validation the data is iteratively divided in to 90% training and 10% testing set. The BLUE
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score result obtained on the trails are 9.11%, 7.44%, 7.61%, 6.36%, 10.26%, 9.39%,
8.01%, 8.54% and 7.72%. The obtained result confirms the performance is relatively
varied. Although the test data and the training set data are in similar domain, which is
religious, the parts of the document varies in their content. The highest score obtained
was 10.26% when the test data are taken from the part of the psalm whose part also
available in the training set. The lowest score 6.36% was observed when the testing set
from which contains the praise of Saint Mary and part of the Bible. The result verifies that
the performance is highly dependent of the training and testing data domain. The
discrepancy in the result could arise because of the part of document used for training
may not contain the word in the test set and the system were not able to build the
vocabulary of these sentences. The graphical representation of the 10-fold CV is shown

below.

10-fold cross validation BLUE scores

12.00%

10.00% /
8.00% A\.———\/ \\’A*
6.00%

4.00%

2.00%

0.00%
1 2 3 4 5 6 7 8 9 10

—— 10-fold cross validation BLUE scores result

Figure 5.2-1 10-fold cross validation BLUE scores result

As discussed earlier on the literature review, performance of the system is dominant
highly dependent of the training and testing data domain. A further experiment is
conducted to test the assumption by splitting each version of the Bible in to 10% testing
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set and the rest 90%for training set. The trials have been done three times in order to see

the result and an average accuracy is calculated to compare with 10-fold CV test result.

Performance of the system after
Trail splitting the each book of the Bible
in to training and testing set.
Trial 1 8.56%
Trial 2 8.23%
Trial 3 9.05%
Average 8.61%
performance

Table 5.2-1 Performance of the system after splitting the each book of the Bible in to
training and testing set.

As it is indicated in table 5.2-1 the average performance of the system shows, after

splitting the each book of the Bible in to training and testing set, a better performance

than the 10-fold CV result in which the each book of the Bible are not spirited in to training

and testing. In addition the results after splitting each book of the bible in to training and

testing sets has showen relative consistent. So the accuracy of this experiment confirms

the performance is highly dependent on the training and testing set used.

5.2.1 Effect of the Language modeling corpus size
In an attempt to see the effect of the size of the language modeling data, the researcher
has made the training by adding additional 13, 978 sentences (179,674 words)
monolingual data to the original data used language modeling. The total monolingual

corpus consisting of 26, 818 sentence (contain 328, 140 words) which is double of the
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original monolingual data used for the language modeling. The monolingual data was
obtained from Amharic Bible New Testament part, Praise of Saint Mary (Judases Miriam
and Aragon) and Mahibere Kidusan websites'®. The experiments are performed on four
selected trial of the previous experiment after the addition of the monolingual corpus. The
four trails are selected from the least, average and top Blue scores of the 10-CV. The
resulting BLUE score positively fevered from 8.14% to 8.58%, 6.36% to 6.54%, 10.26% to
10.78% and 7.72% to 8.21%. A summary of the result obtained from the experiment and

percentile difference is shown in the table Table 5.2.1-1.

Trail Before addition of Language | After addition of Language Difference in
rai
modeling corpus size modeling corpus size percentile
Trial 1 8.14% 8.58% 5.41%
Trial 5 6.36% 6.54% 2.83%
Trial 6 10.26% 10.78% 5.07%
Trial 10 7.72% 8.21% 6.35%
Average
8.12% 8.53% 4.91%
performance

Table 5.2.1-1 Effect of language modeling corpus size

The result shows an average of an average 4.91% increment in the performance from the
first training. From this, one can conclude that the performance of the system fevered by

the increase the size of monolingual data used of the language modeling.

14
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Sample testing data

set used

Obtained translation result
before addition of Language

modeling corpus size

Obtained translation result
after addition of Language

modeling corpus size

Reference sentence

A9MA QA AchHA

AchHl OR&CU- Ak TPV

Al A9°U7T AchiAl OL&CU-

At AchiAl AT°U7 £&4-

ot corth
OhD-LL N OOt 0L OAD-LLNY NN&PTIP 0L &P 0L

DL O HI° he.C hDLLTTY
avgt o 0.0 DAD-LLNY,

o(lavnavC HOwCk
AD-F6U- U4 ok

o(lavHav-C HOwCk HPP4-
AD-3 60~ ARCH

o(1avHav-C HOwCE A@-J-60~
AACH: HTP4

0/°C AD-J-CI° 0AD- 115
HI%(t::

100 A%k A
A°PANS DA t+&avavy,

AlE - @ A7t (PR
YU~ OAFRavavy, RIPAD,
Ue

Ak = h9PAD, PR - O
At (PN~ WA FRavavY,

ALt A9°AD, P L Wt
AGPRAD TFA® ATOAT::

ah 99AH'r tave T
%0 A9°zP

hhh avF +Favg,p hal 1%h
&0

hlh avF 240 Tave T hhk
%hn

aah oo 4U7 Al
FavhAAY

QTR TR DDA
4.0 NE HALKRIC
APTQE =

&7  NH4RI® 1M1+ dA
HALAIC (191016 AL =

NH4R9° 9 2 AA
HALAIPC P(LE7 (19108 AL =

0N69° ¢OL&7 PADP
AN T TP

O~ 1020% Z1MH.A(dhC
ALt AOGh
D+ATPL. (oav-

A MANMC O D20+ AT
[0 VAT ART

A MANRC O DRIV~
AANGHAT® AT OFAIPL ==

AMANRC PAOCHAT®
AZT

Table 5.2.1-2 Comparison of the sample testing sentences translated before and after

increase language modeling size

As it is shown in the table 5.2.1-2, the sample translations extracted from the testing set

translation are in a better word order when the additional monolingual corpus is added to

the original. The result agrees with the literature review that as a larger size language

model corpus used result in better-performing language models and estimate good

parameter values (Tucker, 1997). In addition, the data used for the language model are

homogenous and it maintain better language model (Rose, 1997).
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5.2.2 Effect of the Normalization of the Target Language
In the Amharic language writing system some words are written in different character
combinations, as there are characters with the same sound having different symbol. For

H

example, the characters ‘v’, ‘P, ‘dv’, ‘“h’, “1 and > represent same sound. As a result
the Amharic word “0¢°” can also be written as “#~9°” where both refers to same word
“Name” in English. Similarly one word ‘Av-, can be written as ‘aAchl,
‘AT, OV ‘O, 01 and ‘0 which all refer to one meaning in English
“sister” While, in Ge’ez language writing system characters with same sound may
produce different words. For example, the word “A0A.” and "AAA.” have the same sound
but different meaning - “draw a picture” and “beg for us” respectively. Similarly, “0&<”
and w4’ have same sound but different meaning - "He came” and "He stolen”
respectively. Hence, normalization can be done for Amharic but not for Geez. The
normalization of the Amharic words will reduce the data sparseness. The process of
normalization was done by using a modified script written for this purpose by Solomon

Mekonnen (Solomon, 2010). The normalization algorithm is depicted in the figure 5.3.2-1

Open corpus
While not end of corpus is reached do
If a character is in normalization list
Replace with its normalized char
End if
End while

close file

Figure 5.2.2-1 Normalization algorithm
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The normalization has been performed on the previous original monolingual corpus and
the training and testing also performed to see the effect. The results obtained are 8.28%,
6.44%, 10.46% and 7.84% respectively. As is in the table 5.2.2-1 the result show that
here an average 1.62% increment on the performance. The finding supports the findings
in other studies that the decrease in the data sparcity increases the performance of the

translation (Sarkar, 2004).

_ Before After Difference in
Trial o o _
normalization normalization percentile

Trial 1 8.14% 8.28% 1.72%
Trial 5 6.36% 6.44% 1.26%
Trial 6 10.26% 10.46% 1.95%
Trial 10 7.72% 7.84% 1.55%

Average
8.12% 8.26% 1.62%

performance

Table 5.2.2-1 Effect of Normalization

The number of unique words (vocabulary terms) before normalization of the target
language was 27578 and it has decreased to 27376 after normalization. As presented in
the Table 5.3.5-2, for example, the words “a@”, “wo” and “wa.” which are same word,
meaning “man” in English, can be represented by “a@-”. It is conceivable that this causes

the vocabulary table to have rather reduced sparse data.
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Same words with dlff_erent symbol Words after normalization
before normalization
Word Number of word Number of
occurrence occurrence

ao- 503

wo- 2 - 510
wa, 5

25 38 ve.

v 5 40
hC

58 ANC 62

0/°C 4

oMy

16 ANy 18

ATy 2

aL7 14

h&7 16

027 2

Ly 131

(O8]
T 4 135

Table 5.2.2-2 Sample same words with different symbol before and after normalization

The summary of the respective results before and after change in language model corpus

size and normalization of the target language corpus are shown graphically in the figure

5.2.2-2
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12.00% -
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B Before normalization and addition

8.00% - of Language modeling corpus size
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6.00% - B After normalization of the target
language

4.00% - m After addition of Language modeling
corpus size

2.00% -

0.00% T T T T 1

Figure 5.2.2-2 Performance of the system before and after addition of language model

corpus size and normalization of target language

As is in the table 5.2.2-1 and table 5.2.2-2, the increase of additional monolingual corpus
has showed a better performance as that of the normalization of the target language.
Both results depicts the morphological synthesis can help for the better performance of

the system.

66



CHAPTER SIX

CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

The overall focus of this research is a Statistical Machine Translation (SMT) experiment
from Geez to Amharic. SMT is the state-of-art in Machine Translation that is require huge
amount of data and applicable approach. Although SMT requires a large amount of data
in order to archive a good performance, the research was conducted with relatively small
amount of data due to lack of fairly adequate amount of digital data in the languages. This
has greatly affected the result. In this study, a phrase based SMT method was applied
using the MOSES open source toolkit for SMT.

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 accuracy is increased
after normalization is applied to language model corpus. We also found that the
normalization of the target language is a crucial factor in improving the accuracy of the
translation by reducing the data scarcity. 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. For instance, 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%.
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It is understood that corpus based translating between two morphologically rich
languages poses challenges in morphological analysis, transfer and generation. The
complex morphology induces inherent data scarcity problems, magnifying the limitation
imposed by the dearth of available parallel corpora (Habash, 2006). Thus, as the two
languages (both Amharic and Geez) are morphologically rich, less studied languages, and
have little digital resources, the performance is relatively reasonable. The other reason for
this is the size of data used for the training, as the larger the size of the corpus used the

better the machine is able to do a high-quality translation (Kashioka, 2005).

6.2 Recommendations

Researches in statistical machine translation, generally in corpus based machine
Translation, requires huge amount of bilingual and monolingual data in which the
researcher faced a significant challenge to find digitally available data for the two
languages especially Geez. Therefore; the researcher forwards the following
recommendations as the extension of the current work and development of resources in
both Amharic and Geez languages.

» As most of the available scripts in Geez are not converted into electronic format,
the development of Optical Character Recognition (OCR) for languages will
facilitate conversion of the scripts in both languages to digital format and hence
easy access to this huge amount of manuscripts resources for smooth process
of corpus based translation.

» This system does not perform well due to the limited size of the corpus. In

addition, the training and testing data used are specific to religious contents.
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Therefore, the researcher strongly recommends extending this research using a
larger corpus size and various domains of contents other than the religious one.
SMT from morphological complex language to morphological simple language
yields better performance than between two morphological complex languages.
The researcher believes that translation of Geez to other Ethiopian and
International languages (like English) should be done to promote and extract
the indigenous knowledge accumulated in the literatures of the Geez languages
for the last thousands of years.

Geez and Ambharic 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
— Ambharic 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).

Geez and Amharic are related but morphology complex and limited researches
have been done on the morphological segmentation and synthesizing of the two
languages. The development of the languages’ morphological synthesizers and
segmenting tools can help for better performance. The researcher recommends
extension of this research using the different morphological segmentation and

synthesizing mechanisms.
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2 Appendix |

List of Amharic Normalization list

0AhQh
0 A

% A

% h

0 A

P h

w QA

w (-

UL (L

v q

v (0
Vi
el

8 2

6

1L A
92

% %

o &

b 2

@ @
UVch¥?h1pmH
v e T
7 oL
% b h
Veahah
Pk €h
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3 Appendix Il

Sample list of Geez Sentences used for testing with their Amharic equivalent translation

. Translating: Aee7® @Ol Adov-

BEST TRANSLATION: ¢-tPLOm-7 o014 |UNKIUNKIUNK Ao 2 |UNKIUNKIUNK

. Translating: afee L C AMANhC AOhoo AGNI° 9°hlot:

BEST TRANSLATION: AM.ANhC FC 105 9°hd-l: AHAAY® 105 [111111]

. Translating: eoHov-C HSL-T

BEST TRANSLATION: ¢4 1 avtovo-CC [11]

. Translating: al9°C oAMNN 51 74ch

BEST TRANSLATION: alL9°CIUNKIUNKIUNK @077 1€ @AM (FUNKIUNKI 74:ch ‘1o-
. Translating: @hdo-C QPP AN 01“7A0hA 019

BEST TRANSLATION: AN, N¢PY-1-IUNKIUNKIUNK @hha-CIUNKIUNKOOE avtihA
. Translating: ®A.LOLH PLav ROLTITP ML AP

BEST TRANSLATION: oA.0L0IUNKIUNKIUNK 2% 0L9E &1 N$ r~¢-

. Translating: adAal: 10C+ 0w

BEST TRANSLATION: 0evd mAv- [111]

. Translating: &0l 2he AL AI°s? A LhovCh

BEST TRANSLATION: hé« 91 2w |UNKIUNKIUNK hAa%
A.LAanCHIUNKIUNKIUNK [11111]

. Translating: iee A7 ov- 9°0A¢

BEST TRANSLATION: haz W7€ A0 oo-|JUNKIUNKIUNK [111]

10. Translating: H¢ho-C (ST 74ch o-al: LTARNL

BEST TRANSLATION: 1on71€: 1€ ha-CIUNKIUNKIUNK £-aAhZIUNKIUNKIUNK
Jaeeh 1o [11111]

11. Translating: @A.210C “7aha 01H¢ HE10C Ho0T

BEST TRANSLATION: LuU-7AV A7 00-E avind 2C hAdaopy® [11111]
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12. Translating: @A.24& 10 ¢Lo1¢ HL0-Q0 0avq

BEST TRANSLATION: 0e297 HL'1(N-(NIUNKIUNK @A, 24 TH0lUNKIUNKIUNK 4.k
13. Translating: N9°0% A“M.h Ad- TP

BEST TRANSLATION: Al.-l: ade-E7 0777 [111]
14. Translating: @ £-03nh PL%h 10CP

BEST TRANSLATION: 0147V @ £N134nh|lUNKIUNKIUNK 10CPIUNKIUNKIUNK [111]
15. Translating: @A 7. 140 A9°e? 0A-T av’750.¢

BEST TRANSLATION: Neviié-fa av750L2IUNKIUNKI &107 has AtooAO [11111]
16. Translating: ~A69°a AN'rh ~10.¢

BEST TRANSLATION: ZCV7 @& Ak AHZOA [111]
17. Translating: @117, hov L 1+7% ARMANAC

BEST TRANSLATION: AM.ANhC7 778 07171 7IUNKIUNKIUNK
L1 UNKIUNKIUNK [1111]

18. Translating: 4770 - Fdhl°A o710 A

BEST TRANSLATION: A7 &-1d1*alUNKIUNKIUNK A“77-1:0lUNKIUNKIUNK
124 JUNKIUNKIUNK [1111]

19. Translating: @A hee A0 LA,

BEST TRANSLATION: &47& A-ln £0AJUNKIUNKIUNK v-a- [1111]
20. Translating: @&&P A rNCth L10CP

BEST TRANSLATION: &% 022240 AR L7NCPIUNKIUNKIUNK [111]
21. Translating: @»Hov-CC HSL-T

BEST TRANSLATION: ¢4¢- aoHovo-(C [11]
22. Translating: -FICh 190¢ AAMANhC

BEST TRANSLATION: 740, A“MH.A(hC7 1TACHUNKIUNKIUNK [111]
23. Translating: @uA- AdAI°T¢ ANov- PS40

BEST TRANSLATION: A9 7tF v-A- ¢ LAw-7 [1111]
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24. Translating: -FACHh 190¢ AAIHA(hC
BEST TRANSLATION: 740, AMH.ANhC7 1TQCHh|[UNKIUNKIUNK [111]
25. Translating: HehAAD (171VA- ©09°hlok:

BEST TRANSLATION: HehAahlUNKIUNKIUNK (12794 JUNKIUNKIUNK
o12° ch & IUNKIUNKIUNK [111]

26. Translating: H@h.LA hoo 70C Aa-CH-Th

BEST TRANSLATION: A7& 0C €7.97F7 076 ANo0e Hed AlUNKIUNKIUNK
A@-CIFThIUNKIUNKIUNK [1111]

27. Translating: 1é& “IVA A MHA(NhC

BEST TRANSLATION: a“7H.AhC “1VAIUNKIUNKIUNK 1146IUNKIUNKIUNK [111]
28. Translating: @ALEP ANl 79l

BEST TRANSLATION: PANC-AAY® AET +9°LAUNKIUNKIUNK [111]
29. Translating: @o-hé @orQ-T21VN AM.AchC

BEST TRANSLATION: AM.AMNMC avhéS LPC 0LALT 10 [111]

30. Translating: @ 1(IC a0 7ald. LwoA G ech ANV ANTANY AI°aAYL A9°nT10-1Y
QAT JrC

BEST TRANSLATION: @J-71CIUNKIUNKIUNK @72 IUNKIUNKIUNK 18-19°
anh.oM AN46U-lUNKIUNKIUNK an7aa,7IUNKIUNKIUNK ag°aAZIUNKIUNKIUNK
AN [UNKIUNKIUNK @& 205 2| UNKIUNKIUNK  -7-(1CIUNKIUNKIUNK

31. Translating: @-hCL AV (P Lav A MM ANAC 0710 o &A01Fé HovCm-C

BEST TRANSLATION: Av4°IUNKIUNKIUNK @-1*hC € IUNKIUNKIUNK 0A“HANdC
& NgPans 707 LEE Aa [11111111]

32. Translating: @J-10C oo’y la 90577 Heteh TRAMH ©CT0 0L 1H0C -0
ATV AKCTT o0 LNk O ood O PLav AN ANNC PNOA ACT &1 dhovo-
AD-A-L ANC-hA No-0T A77L90 PLav A hNhC AHAS

BEST TRANSLATION: @J-71CIUNKIUNKIUNK ¢9°u6"7IlUNKIUNKIUNK A

N4 hIUNKIUNKIUNK @.£-110CIUNKIUNKIUNK oG- T0IUNKIUNKIUNK A41 oL
L ACTT 0L4E DO 019 T o84 LANAIUNKIUNKIUNK 61 oo JUNKIUNKIUNK
NAMANDC &l ACTI° ARONCA AZT A77L%0IUNKIUNKIUNK @0
NAMANNC & AL [11111111111111111111111111]
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33.

34.

35.

36.

37.

38.

39.

40.

Translating: @7”ta (1770 YA @104 ACT OLEE ALPPov- AdA Chh

BEST TRANSLATION: m(1 a0 @.f70%IUNKIUNKIUNK A.A AC7S AEE (0
AL AET@7 [111111111]

Translating: @ &0-5 o0 AAC7 @AREE vl A%49° 071l @-A-L& ANé-hA ANo
GANT oA EH OFANT ALDT 0710 a-A-L ANGhA ANAANT LHAld
AGRCFT oo @A) ARNA(NDC

BEST TRANSLATION: AACT7S AALZE 470 F@- : h 078 AN ALT
AN 7IUNKIUNKIUNK @0@AM7IUNKIUNKIUNK &0 078 LU-7 PANG-hAY® AET
L1 ]UNKIUNKIUNK A2°H-1ch-TIUNKIUNKIUNK A4C.9 5 oo [UNKIUNKIUNK
AAMANDC FANTIUNKIUNKIUNK [111111111111111111111]

Translating: @-1NC AACT oALEE hool Wa Qher AHNDO A0 dA-T hoo
T429° ARPYov-

BEST TRANSLATION: AAC7G AAZE NCE AL A7%0 A7L VA
ANN-HIUNKIUNKIUNK Q-+ €7 1H4.29°IUNKIUNK H7L 0979 maa- oo 2Po-T-

Translating: @hch& (0120 F10C AZ0Ah ohhf &5 ACH

BEST TRANSLATION: mQt &'+ J3LCI20V Lon't “IAL il (ool 1L
Translating: @700 AMMANhC Ao @ L0A°

BEST TRANSLATION: a“M.A1chCI° o007 77790 AN 91+ [1111]
Translating: @@ ~Pd-t+ @ AL owd 7Pe o1PPao Tt 120l o0 7Pe

BEST TRANSLATION: @“?A£IUNKIUNKIUNK @o2®Pd- 1-Q- & adt v
7P LIUNKIUNKIUNK 724 ch-T-IUNKIUNKIUNK 7P ¢IUNKIUNKIUNK [111111111]

Translating: @A7-1"%, Allov- ALEP ANé-hAN oldcoo- 0 Do 040 A701¢
ANav FRCT 0wk 0710, o0 1Lhooy, O Fa-ALnov- hav FRI°4 hav AT o-kk:
AMANhC HARL Moo

BEST TRANSLATION: PG 14@m-7 CANG-WAT AET 2790 1AV AN TFo- PHHU-V?
105 P tPaome AL P (701 IUNKIUNKIUNK ACH

o0~ 10L71ev-7[UNKIUNKIUNK J-A¢ 1@ (-1To-A Lhov- |UNKIUNKIUNK

F a9 lUNKIUNKIUNK 078 078 CACAT7 HakLOhoo-|[UNKIUNKIUNK

Translating: (FCh-- A7l A9°A70T o040 6 hC 0,
BEST TRANSLATION: A7 E:IUNKIUNKIUNK aoAhg® A9°A70-F|UNKIUNKIUNK 44
N71rd QANLANNCG e40sh Y- [111111]
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41.

42.

43.

44.

45.

46.

47.

48.

Translating: 0.2 @Ak OAlcht L7770 G0 b “1CP9° L7771

BEST TRANSLATION: 2NC J-Aad L72AIUNKIUNKIUNK 4 hlUNKIUNKIUNK
AlUNKIUNKIUNK €777 IUNKIUNKIUNK “7C ¢9°9° [11111111]

Translating: afen @ALh, A7 7w av7AC °2m.C DLRL ADAD,

BEST TRANSLATION: @A £:IUNKIUNKIUNK %@-§ 712 |UNKIUNKIUNK 977 70~ ?
P CIUNKIUNKIUNK 9% 22m,CIUNKIUNKIUNK 2524 IUNKIUNKIUNK
A0 AN IUNKIUNKIUNK [11111111]

Translating: A7l: @a-k: 00 HCAP oo, 178 ANT @A 09,

BEST TRANSLATION: 7@+ HCAPIUNKIUNKIUNK QAZES® MG oo-A9° Ad-T YAQA
o0 041 ok to-% UNKIUNKIUNK [11111111]

Translating: A AS%9° @é&t Rt o 10A o0 ovdt

BEST TRANSLATION: AIUNKIUNKIUNK @04 - [UNKIUNKIUNK AS9°9° A3 @f
4800 o061 UNKIUNKIUNK [1111111]

Translating: é.¢£ AM.Aa €200 AASY° 1T @ Tl AN @ f20A 00T ovi(l4-

BEST TRANSLATION: AMANNCI® A59°9° ANLA0T £20NUNKIUNKIUNK
-7 [UNKIUNKIUNK @-10-HIUNKIUNKIUNK A-NIUNKIUNKIUNK
@ 71 AIUNKIUNKIUNK “1li-Fa-FIUNKIUNKIUNK  @077(14- [ UNKIUNKIUNK

Translating: 1hA9°7 OhhS A°AN AN A(NNDC A0 A20 DA

BEST TRANSLATION: 749°IUNKIUNKIUNK A7MLAMNACI® (7L
ANIUNKIUNKIUNK 4.91JUNKIUNKIUNK fea. [1111111]

Translating: o--hé a9°L:C
BEST TRANSLATION: @-h-14IUNKIUNKIUNK h9°€C ha A7L77.0 + [11]
Translating: A0a 29 @Ad0A Ad Lovlm- AQov- ~i(Y-

BEST TRANSLATION: 2&27 L + 4L 4L Lawlm|UNKIUNKI @& A 42T
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4 Appendix Il

Sample Sentenses used for training and testing

Geez sentences

A AmvN o0t COTh

OACHO  ACh ovdPLNOD

AALEANI  hoo AF 090, P9

AL oe-  AATNC TR oo(IAPoo- AWOPL.  O71L

oI AZL PN AALET 1490

nom, Lq°ov- hnov  19e¢, 0% AALEAANIC

H.L P ov-
AA0T  AICH

oNAP AL P

A AT AMA T tev%d ANA$-

0l1LC  hov  RAT  PTATH

a0 A0 Al Al ALPAhICSN
a’ Yot R AAo0 T Qoo

OAO®  ALOPNl oA”10T  NhC

ACSHAC At ANAY BTt

LCaNT  “wah  AM.A

Tav i oAt 4.L°%L

A°ARNT oLt 0ROkt (9°h
OAMNT  o0de  “inalr (&7 a9°h
A LNAT A

oAl A9°Ahoo-
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OLCAL  AmiN  (PLav  ROLTTY
N+a  L9°ov-  ARANCTEO  HThoo

LOA  PL9h 10Cow  AovihF
ollher  H0P  ovUl-07FD

tUipeov  AREbP  PrlA7

G L-00-  AICT  PONUT o0t hOG oo
TOLCAov-  NT0P4N  ATA

O7h1d NN oh020

aC%Th 7M. ah A%49°

o711C  0Nhth  AToAL ToAL
@270  HOA7T  &A  F10% A9°0  HANG:
79 PCT QoA wCd

A9 Ct oAt (%A%

Afao GOk AANGHA oAl

0% Td  AAAD OB

ohdor  O9°0 ATAE  hor PhoC Aldd
o090  AAY  HA.PRI°C

o%lm  HAY  AI°hl-"1EWP oo-

otd7e  ALPY). o0l Ah4C
07500 APoONL  ohLTT0kh
o-Famo-t-h - 100 (A

ohapCi-h 010 77¢ Pk

Ng°0%7 NN  oAFICH

ANG-hA  ©ANI°0 A
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Aao(y  A"00L ALheth  A9AD 0T
OANTL  AhI°AR TG

Hho 92 ALl PNA

Alev Rt @Al AMANKLC  A9°ADD
AChl  h%h oA1AR  AD

OANI°0L  NNP PAP

OANGWAT, W PO AT,

4o dcov- (lnev 9O ov-

ohs- (IchAS  AQoo

AMa A0 NN PAP

OANCGHATL 0N g NET TP
APPAIACHP oo (1A AAAA-f0ov-
OA’OLLN  ALP 4N AN LUIPLPov.
AAALA AANMANAC hOo-2P

ofheo7 ALY  AQD  A%A9°

Ak 00O T etbRD 0g°h TR ol th 0fT 4P &h Oher (10778
a9

AP HAA OA-Tr VNr 9 LD AT ANAT @907 oo 0L 1 AHANG QY

AJNRT AMh o0l oojhl A ALTTT O00ALT  A9°0A- Alke AOhoo HAD
Lhl: a1t LA o 0 Al h T A%09w A9

hAao P50 1MIChN aARD A RIHATE TICL9° QA9 Ah,
LN N1A5h, LTI (700,

hoo RN ANAC A0 T OGA9°  ah,

-cat Ark R&AINT o4h @46 hCrh,

A2 AMANMC 9°000 AAA,
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OAAL Il GRC oALh ALAHON NCATN hoo Lol e AT DMarAlh
4Pl ANMA PAP ARSI IHT oThH AN @frT0A 0T o074
OAA, A7 PLOT

wlp (1~ A9°LIMN HAINA HCO NAN OhLDT:

AhP? A7 AOhI NLA. éoldh AOAY  AMANNC ATH LA OHT7 ANHT
AhTI9°h, wAROCH, w9l AN Il &Pl ANA O”AIM

OAA, AT PO
ALON hCOFON PN HTONA o4 AN
oOCAH.1 0NNEY- hoo Qv AdhS Pl AAY- w9l LPrIAY

LML AMANIAC ALNEI® QT2 AT °LCh oA9°T Hoofn oA9°01  Al-h
o0 9°LC A7l At ACAPh

oAhéLNPN NN 0P oaldChn okAO0N. deoh oTho7 (K40

OXRNChoo- ARA LACHND AL ov- ARA L4000 0P 04h WA AhMl 9°LC
A7 :A0

ohld A NE9° Nhov  LMLAN AMANKLC odhld APL °POA0D ®ohov ©0dh  A(16-9°
A1 Wer @osnddel:

O17h AN AN NAATE odeT? oAL ATr) oude TPPoo- HATLE N0e7
OOOh oOhé Ll NTRT

0P8 W09 ALAL °LC Aah Ahge (il 60 1P od(lA hTATTO VAo LA
W4 ol Sht LC

OANTCA? AMANKC AL ofL0a AHCAD A0 AW 9°0C o018
A9 WP aoPot ARMANNC NAOTCAS

®°20H A9°VP -0t Ll EA Hoola wld otha VP 02L o0t LEA A7RC
OhC Hoola Wl o 18l VP 018P WP 2P0 AAMANAC 0Ao-0 09°

o1T77h OAld 0700 AN0E9° o0l 189° hoo 248 C VP

Aloo 270 L1l ot NhC ooldf A& o0t MR hoo L9LC UP
Ao 3770 45N o0t AdC
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oh? 0 PCO A& hev AR o0 MNAZ L0A AN A0S ANANE
ARI°C hoo AN AW MR AT

ohdhor  Cath, O0A 07 LA Naddl: Cal ofdtat ohfhn Pfheoh,
oA, A7h Al At hee ewie At OR7LAN otaf 190 1006TD,

oh? 00 0&h A069° o0t PNR OCALP ANANE ANA  PNA hoo wq el ¢
OCALP aARZrl L.CPT7 ooOL&P -1 4.CP7T7 o”NANWP Of

OAPTe AR NEI OMRTLEAT OATL? ANN0 OAAVIT OARST OATIIA o”T0CT
OARYTT ohNPa

ot AMANAC ALCET7 O0N? PP oanf? oaldY Q&7 (¢ NAGA:
AA-(E-9°

QAP 4.CE7 AANEI° oL 9°7-11H IMCH A0AP HATICHL hov NAGTh Lkl

A7t 0L AT LA ottARP M ARG oLARL 1f PL7Uh rrh

odhC

OAHH 4.CP77 L&TT0-P 08m AN(NCI° o0 (NAOE odAdA 7PP9° oAl °AAD o0l
HchPA

I°0L-G
O0C1 AN APMTNX okl oAl oddA TP ofery POA) o0t Al
orNe9°a A0-0 PP 0NN 4.£4L APATNA 0ASOCP oAI°N4C

oA A9 1IN ooh o0t hPA o0t LEA o0t ooy il vde PSov- 0RS.
xaha LEA 0"7hha w2

o0t oy i 1L PO VP Phove @Ao0 AEGIC Nov AN ANLC (VP
NPz Hdhd 9°anD AANEI® APLe ANI0 ohAVI T OKR700
OA.ANNCov- O C oo L% UL

ot DhN “Thha Tac T HAer oHA(NE ovde- Lhl A1l ONh OSh7
W CHLLPT7 19677 o0t Lhl 9°LC
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OL0A ANLI® AT ALDT DAN “TAnAN 0 TANA? 0%7haha Tae-h 0TAha
Goe P AQov Ao TR

o5 WA PPLC P LRE TAANL ACE? ATTAh P11 Wl @AY 0)Dav
OATIAN Kt 0Dav okt P71

OAAOA P AL WCAP dd° AdPATD): ATCSTO Co-f o-hl: dA 9°8C
HAZ0A L1107 AMANIC ANLRI® oA1°¢ hoo Vit AMNANLC okt
ohoo 9°LL  PNE

o IC? Al AP W AhPAt ¢CSTI0 0100 AP Aenla wCP oTAAR
A& P00 QA A

aNeI® 1Le Ll NGRAT obder 184 o0l AL P w18l ol A&
o0A O&9°0 Al P77 odTh7? PP OMPLov RAMANDC

OLOLA AMANDLC AWNEI® ALl TOAPS Al d°T 1AC (NAOL T oCh,
A1 W7k ooft7 il VAeD Ala ovhd oAl owCP @0nC

Ao WA At PLC ArE Fea. A AU @ANCAh A0 A%A9°

OALLNT AHCAN hov F3F OhC Aoo(d HEAA “TrAS ATA OhC LtAP
AHCANY.

O0C? w045 ALAL 9°LC o0l 1 oChQ &Ahoo AN AV

@00 A& il 60 At o0t bANCT o01fP WP oo PHT ARIMAANMNC
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Ambharic sentences

Al Achtil @& COTV -

0 aoPLOVTI° Alhh+

ALEANITI AT TN mOE 1E RREMAT::
PASLLTVT NLTT ANTTL 06T ool RRLF+
PREPIVTII 129 AP°LC hé-PoT

LTVF®79° (ALSANI® HEP AT @5 hé.O0+
PPN T -9 hAme::

APLOATT79° LA PTT+

(H-L.T779° AQ. APG avll(1F::

Alcl: A0 oo'F AHASAY° TRMAY?

P70109° AR AN L1 8SA?

N7 e@-kVI° hhHA AL

N°V79° N7 mé- a7+ AL,

%107 AGO0 LOHN7 AT JAT+

PP Loy NQATTT hJ0N7+

Al 9°hétY (At 27777+

AL FVGTNG

APANTTT VLT WL+ CRT+

Na ag°Y NC A= 217+

A N9°V9° “IMAITTT AT 2CLeAT
AW+ “AANTEo- 08T 10?7 RTS8 LAT+
Pe.00@7 PALLPTUT L9° (1PA

N0LTTFT7 & Achtl LR::
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PANCTET o0 @& 4TV L2910

A78 W1V FAPT O LA
OA2F AZT P TFo-::

A+ O 11884507 av 14 8l Fo 7+
ALAFT7 AT ArE 1ONTFo- D ATFo-::
AT NN T P eV (-
AHAGAY® AGaoOTTINT

AASE ABYI° 9°NI507 ATG1ENT:
N8 DT7 MANMANNC 20 LOATU+
ALOBAY® h9°AN AAA (A.::
Ny A7 HCo79° Om-+

L0 P97 AT 1NG hoo7d IC
09257 7 aoahts 74-

NooOF ¢ 0+ T

AANCG-h 2COE 105 +

PLOBAI° AI°AN GCL 105 ::

oL 06 VIC bl LI APAG 9°0NCT hpov::
e ety IR A7

LCae7 hov o aop+

ALZEIC NPCm T 1Mz

lavpd-v) 1L MW+ ASTUV9° +

N awd 009 aoANU-AD+

Nncnc o> WrL9° 4-1700::

AHO YL+ AY ArIICT1AU-9°
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AN UL+ AavONCATAY-::

K0 ATFATTY LTI RIPAR RAUTTVYC -
AMA AY°ANY° AL ::

W 9°LC Loy

AL AMANDC AI°ANY THT

AGU7 AQd-+ APAPAV-9°::

Ad 17 PANT AdGoo 9o+

ANG-BAI® hALaoMyYP°::

AT o AN VTFo-~+

NACTFo: Al S

AdLA PAT A& ToTF T+

ANGHAY (10718, Lo+ U7
MAFFF®7 4172 OPLL WP 101G+

097 L0600 7R F@-9° AL AR7 NMAY- 10C+
PANMANNC mALT0 Pl-Ta-T 10C
HooG T Fa-9° ANAYAY° LUPTA

A7 e (07701 P 1TC A9°Y LPLON v 71y F9°m L.F LY (10778
ATV AT.09° N9PLC Uy

PONT ATLLT77 Am7 Hb NLAT779° LPC AT AT PONRATT LPC ATLI°TA

®OLLATGTI® AJNT 0hd VA ALY A78 oo 71 7 1S DLA P05
AHAG Ao K977

aAoo(L, b TICLI° VL (lavAhhr NPS-0 MTNCHA AAY°T AA9° AATAD-
07400 L7792 Y0 O 209° 7390 1
PANG S PAMANNC ASTT VL AFE AA9°J L10A

oA vea. FAL T RFE erasnd vae  eo910709° 44 er0dh -
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A7 Plovd’l L L0 LOAT AMANMC 07T I2C 100G

NtoLLo- AR 0217 AP0 NCOFN H7L  LPCHT APTANT Dk T77
COTwCeNT WL A7

22 A PHYS Ol AS9°7 11 CoNo-G olP LI \Jo- Lovo- N7 OLEL
PLOT UL AINT
Ne7AN LA HNC 070 ToARS hSTY

nea, At P77 AMANKLC °PA7T ACN7 AMMPAY- Nd° L0 T OGw-7
OLLS 19 ALLIT

PO VL ATIANT
Ao PPIS 05 e24 PN APON hCatn ho-
nN79° AANE AL ATLooP NNC WPT7 LPC LAY HNIL oL

AMANACI® ANEI°T Ado- QRICY hHov 27F09° QA0 TV9° LT ALY A ©L774L1
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