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ABSTRACT 

refers the use of a machine 'Of performng translation 

tas whICh converts text In one alural Language Into another Natural Language It 

can have many apphcabOns like cross-hnguistic InfOfma on retneval and speech to 

speech translauon systems It can also assist professIOnal translators by prodUCIng 

draft quality output thai reduces cost that would be Incurred if translation and typing 

was done manually from scratch 

English Is the lingua franca of online Information and Afaan Oromoo Is one of the 

most resource scarce languages For thiS reason , monoflngual Afaan Oromoo 

speakers need to use documents wntten tn other languages, among whdl English IS 

the most popular one To satisfy this need, translation of the English documents to 

Afaan Oromoo, and thus. making these onlIne documents available In Afaan Oromoo 

is vttal in addreSSing the language barrier thereby reducing the effect of digital divide. 

Therefore, this thesis Is focused on the development of a prototype English-Afaan 

Oromoo machine translation system using statistical approach. i.e. without explicit 

formulation of linguistic rules. as this approach involves low cost and swiftest way 

available these days Using limited corpus of about 20. 000 bilingual sentences. a 

Iransiahon accuracy of 17 74% was achieved 

v 



O lAmRO:>E 

1.1 Introduction 

CHAPTER ONE 

INTRODUCTION 

!NTROD\JCT!O~ 

The goal of thiS chapter Is to Introduce the overall theSIs 11 highlights the background 

of the study, the statement of the problem and Its significance . the objectives, 

methods. scope, limitations and appllcauons of the research The chapter concludes 

by showing the roadmap of the organizabon of the whole thesis 

1.2 Background 

CommUnication IS a vital part of personal life and is also important in business, 

education, and any other SlIuatlOn where people encounter each other (Microsoft 

Encarta Encyclopedia, 20(4) Language (be It verbal. non-verbal , or wntlen) is the 

principal means of communication Afasn Oromoo (also referred to as Oromiffa , 

Oromlgna or Croma) is one of the many languages spoken by the speakers of the 

language for the purpose of communication. 

According to Microsoft Encarta Encyclopedia (2004), A(aan Oromoo is a mother 

tongue of more than 17 million people in Ethiopia. The language is also spoken in 

other east African countries like Kenya and Somalia (Tilahun, 1993). It is also a 

medium of Instruction and a school subject In primary and secondary schools in the 

Oromlya reg ional state, one of the administrative regions that has the largest 

population of all the regions of the Federal Democratic Republic of Ethiopia (FORE) 

According to the stallstical abstract of the Central Statistical Authority (GSA). In 2002. 

the total population of Oromiya regIOn is 24,395,000 followed by Southern 

Nations/NatIonalities and Peoples (SNNP) region and Amhara region with a 
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POPU lion 01 17 .669000 and 13686.000 respecwely This . .. IISbcaJ data shows 

that AlBan Oromoo IS the 0 al W()( language of the Oromtya regIOn thaI ha.s a 

populabOn of fllOfe than 24 ~1Ion AI of these reasons make the language to be 

predominantly used In different offICeS Since Afo8n Oromoo Writing In Latin scnpt 

began only In 199 1 (Tilahun. 1993), there is Insuffietent document prepared in this 

language 

On the other hand. Enghsh is the lingua franca of onhne information (Hersh, 2003) 

Hersh (2003) added that most International sclentrfic conferences and publicatJons 

use English as their reqUired language An ana lysis of the web charactenzation 

prOJect of the Onhne Computer library Center (www odeorg) has found that 71 % of 

all web pages are In English The next most common languages are German (7%), 

Japanese (6%). French (3%). and Spamsh (3%) The Internel contains useful 

documents hke news Items In English wh ich are Inaccessible for the Ataan Oromoo 

speakers due to lack of English language. Therefore, translation of documents from 

Enghsh to local languages such as Ataan Oromoo is necessary for utilizing these 

useful online documents for local use. So, what is translation? 

Smith (2008) defined translation as an act of interpretation of the meaning of a 

content and consequent fe-production of equivalent content. The content or the text 

that IS requ ired to be translated IS called "Source Text" (English in this ease) and the 

language Into which the source text is to be translated is known as 'Iarget Tex 

(Ataan Oromoo In thiS ease) There are two possibilities to translation, namely 

Manual Translation (In which any translation task is earned out by human translators) 

and Automatic or Machine Translation (In which any translation task is earned oul by 

computer software). 

2 
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Thus the focus of thIS research IS on lutomaOC Of machlO8 transtabOn from Engksh 

to Alun OJomoo 

1.3 Statement of the Problem and Justification 

AccordIng 10 the Web Charactenza n ProJeCt of the Onhne Computer library Center 

(YIW:!! ods: ora). there are abundant documents In English on the Inlemet However, 

la of Enghsh language knowledge creates a probfem of fully utilizing these 

documents The researcher believes that studYing how to make Ihese documents 

available in local languages (such as AI8an Oromoo) is vita l In addressing the 

language barner thereby reduCing lhe effect of dlgnal divide 

There IS scarcrty of documents wnnen in AlBan Oromoo since Its wntJng In Latin 

scnpt began only in 1991 (Tilahun, 1993) For this reason, Alsan Oromoo speakers, 

hbranes. schoofs. offices and court houses need to use documents wntten In other 

languages. Among these languages English is the most popular one. To satisfy this 

need , translation of the English documents to Afaan Oromoo IS important. This can 

be achieved through manual or automatic translation as explained in the background 

section, 

Manual translation is a slow and expensive process and also requires the translator 

to be a professional in speCialized rleld (Smith, 2008) It has been regarded by many 

translators as a repetitIve , monotonous and thus boring. but at the same time, dlfflcult 

JOb (Bernard, 1998) 

Although machine translation (MD WIll not achieve the pinnacles of human 

translator's art (at least at the current level of technology). " would minimIZe cost and 

maXImize speed, both of which are the current demands of the bUSiness community 

J 
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II has repeated been proven that machine lr8nsJauon atds human uan$Jators to do 

thetr JOb more efflOenUy L e (1955) putS ts staUSbCalty (ha mactune translaoon 

Ina-eases the productrvny of human translators by 30% or more 

MT also alktws documents to be translated that woukj othelWlse remal" untranslated 

due to lack of resources For example. WI in Alaan Oromoo (htto 110m wlk,oed la org) 

IS almost a collection of empry web pages while there are equIvalent articles in 

English that would fi ll those empty pages and would be useful If MT platform for wlk, 

were In place , those articles available In Enghsh would be available In Afaan Oromoo 

'00 

For the automatic translation to be a reality , studYing the language in question (Afaan 

Oromoo) IS cruCIal From the review of the number of works done on the lingUistics 

aspect of the Afaan Oromoo language, II seems that the language is being studied 

Intensively. However, correspond ing development 1n the computational aspect IS very 

rare, though there are few research works (Wakshum, 2000; Morka, 2001 ; Oiriba, 

2002: Asefa, 2005) initiated to address the problem. Oromosoft 

(www.oromQsofi.com ), a company based outside Ethiopia is also working on office 

software lools for Afaan Oromoo 

Apart from these, to the best of the researcher's knowledge, no research has been 

and IS being conducted directly on Engllsh·Afaan Oromoo Machine Translation to the 

date of this thesis preparatIOn 

Thus, II IS worthy to research on MT to make machine translation system available 

tor Afaan Oromoo speakers (to let them be able to use the documents prepared in 

4 
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English Ihout renounang 1M< own language). !hereby redUCIng !he Impact 01 

d.g'taJ dMde tha t would resuh. due 10 language bamer 

1.4 Objectives of the Study 

IA. I Ctnen l ObjH'lh 

The genera l objeCtJve of this study Is to develop a prototype English-AfBan Oromoo 

machine Iranslat)()n system using statistical approach. I e, WIthout exp/k:1t formulation 

of lingUIstic rules 

1..'.2 Specific Objecth t.5 

With the 8 1m of achieving the general objective SpeCIfied above, the SpeCifIC 

ob,ectlVes that would be carried out In the study are: 

• to identity the syntactic relationship berween English and A(aan Oromoo 

languages 

• to discuss the different techniques and approaches employed so far in 

machine translation tasks and select the one that seem appropriate to this 

specific case, 

• to prepare and organize training and test data 

• to adopt/develop a machine translatIOn system thai employs statlsllcal 

machine learning algorithm 

• to train the machine translatJon system adopted/developed with training 

corpus data 

• to test the effectIveness of the machine translation techn ique developed 

• 10 diSCUSS and report the expenmental results found 

5 
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' .5 Research Methodology 

In order to achaeve the objeclJves of ts research . d. erent melhodok>g.es wete 

empk)yed The foUowtng subsectlons dllCUss the melhodo4ogJes thai were folJowed 

In thiS s llJdy 

1.5. 1 UU'n lurt n t' , ! " 

Devek>pmg English to Alaan Oromoo machine translation system requires review of 

syntactic structure of both languages In addition to studying the syntactic structure of 

the IndIVidual languages, the syntactic relationship (similarities and differences) 

between them also needs to be studied The typolog ical facts about cross-hngulstic 

simllanties and dIfferences thai were studied include word order of noun, verb and 

obteCls in simple dedaratJVe clauses (Jurafsky and Martin, 2008). For example, in 

English. a simple declarative sentence is in Subject-Verb-Object (SVO) order while in 

Afaan Oromoo it is in SubJeCt-ObJect-Verb (SOV) order. Yet another typological fact 

IS the word order of noun and adjective For example. in English. nouns follow 

adjectives (as in tall man) while in Afaan Oromoo the reverse is true (as in namicha 

dheeraa). Here dheeraa is an adjective and it means 'tall' and namichB is a noun and 

It means 'man', The researcher believes that these cases have someth ing to do In 

lhe tasks of word alignment. language modeling and decoding. 

Since there are different approaches used In machine translation , hterature review 

was also done on the approaches The approaches and the different algonthms used 

In Implemenbng them were studied thoroughly. In·depth exploration of the recent 

developments In MT In general and SMT in particular was made 

6 
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In the 8f3ture rew!'W the preYlOUSty conducted researches thai are related 0 thIS 

research were also expkwed 

I. 1 O;a l:l 011 c l io n 

The researcher tned to get data from news agenCIes and failed to get any parallel 

data Therefore. the researcher made use of eXisting and publicly available translated 

documents from other sources These documents Include the Constitution of FORE 

(Federal Democratic Republic of Ethiopia), Universal Declaration of Human Right. 

proclamallons of the CounCIl of Drom,s Regional State, religious documents, and 

other documents as these are the already translated and available documents The 

collected documents were then divided into training set and testing set in such a way 

thai mne·tenth of It was used for training and the rest (one-Ienth) was used for testing 

the system The chOice of the proportion is arbitrary though it IS intentionally done to 

make the training corpus larger size 

1.5.3 Dala Prr proc(!ssi ng 

Documents were preprocessed so as to fil lhe format the modeling lools require. This 

includes breaking of the document into senlences in such a way that separate 

sentences be on separate lines and corresponding parallel documents being on 

dIfferent tiles with corresponding sentences on corresponding lines. For this purpose. 

scripts that perform splitting documents inlo sentences were written using PERL 

(Practical ExtractIOn and Report Language) . The researcher chose PERL because it 

IS the most effiCient language (In terms of programmer's time) he ever knows for 

stnng processing. for working With regular expressIons. and that most of the scnpts 

hke the one used for sentence alignment are wntten in th is language In addition. 

scnpts for format conversion and unifying encoding were wntlen in python. 

7 
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I. " \ 1T pl'ro~(h 

achme TranslatIOn can be done In different approaches Out of ese rul&-ba.sed 

and sta Sheal approaches are the ma)Of ones Rute-based approach. as Its name 

shows ts based on llngulSltC rules rwt'lal should be1 whereas sta sbeal approach 

ptOneefed by IBM (Brown et ai , 1990) IS based on data ("'what really is1 In thiS 

research, the la ef approach (statlShcal machine translation or SMT) was used The 

reason why statlstk.al approach was chosen is that this approach does not require 

hnguisuc preprocessing of the documents, except that it requires translation of the 

text SMT IS bask:ally data..cnven, i e , illeams from the data dlstnbutlon itself All it 

needs IS two things basically The first is parallel corpus (i e., document in source 

language and its equIValent translation In the target language) for translation 

modehng The second is monolmgual corpus (i.e" document in target language) for 

language modeling 

For word-alignment. Expectation MaXimization (EM) Algorithm (Koehn, 2006), one of 

the statistical learning algonthms that employ Baye's RUle , was used to conduct the 

expenment of the translation Word alignment was obtained using GIZA++ (Och and 

Ney, 2003) as it is the implementation of EM and is open source tool . The translation 

experiment was conducted using the adopted tool. 

In this research , the researcher used n-gram (Manning and SchOlZe, 1999) language 

model because Crego et. al . (2005) reported that n-gram approach outperforms the 

phrase-based one, The n-gram language model was trained With the SRILM 

language modehng package (Stolcke, 2002), The reason for choosing this toolkit was 

Its pubhc ava ilability 

8 
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DocodJng was dono Moles (Koehn at.1 20(7) and the software Induded WIth it 

Here abo the reason IOf USIng lhts tool was ItS pubk a I I y 

Performance of the system was measured by the quality of Its output ThiS was done 

automatlcal USlIlQ BLEU (~hngual Evaluahon Understudy) metrk: (Papinenl et at, 

2002) Flnatty the result was discussed and reported 

1.6 Applicat ion of the Result 

The result of this research IS machine Iranslation system prototype and it Is used to 

gel English documents translated Into Af81n Oromoo II can have many applications 

First, It Will reduce the language bamer Ihal would hinder the monolingual Ar,an 

Oromoo speakers from utlhzlng documents prepared in English and it will reduce the 

problem that would anse from scarCIty of documents in offices, libraries. schools and 

court houses 

Second. machine translation is used in CUR (Croft and lafferty, 2003). In CUR, 

machine translation is applied to translate the query or the result of the CUR system. 

Third . Schultz and Kirchhoff (2006) explained that machine translation is one of the 

requirements for speech to speech translation systems. For automatic speech to 

speech translation . it is used to translate the output of speech-to-text subcomponent 

to produce text that will be used as Input for text-to-speech subcomponent 

Finally, machine translabon IS used to assist professional translators by prodUCing 

draft quality output that reduces cost that would be incurred If translatIOn and typing 

was done from scratch 

9 
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Therefore. bene IOatlH of the result of thtI research Indudes IndMduaJs Ilbranes 

buSlOe5smen (lIansJalors). schOols offices court houses and researchers 

1,7 Scope and Lim itation of the Study 

1..1 • 0f)f'o(th Iu d) 

The scope of the study IS limited to building a prototype Enghsh-Araan Oromoo MT 

system as It is not possible to build a full-fledged system with the lime and budget 

alloned for thiS research The prototype Enghsh - Afaan Oromoo MT system is the 

customlZ3UOn of the Moses (Koehn at ai , 2007) open source system that was bUIlt 

for Indo-European languages and is limited 10 translating Enghsh text to Araan 

Oromoo telCt 

I. 7.2 Lim iluion or Ih t' Study 

There were different hmllatlons that were faced during the process of conductmg this 

research The major ones are lack of educational material , data, computational 

Infra structure, and finance The lack of relevant educational materials like appropriate 

books and Journals that are required by a multidisciplinary research like this one 

posed an Insurmountable limitation 

A hmltation pertainIng to data is the absence of sufficient amount of machine 

readable documents In Afaan Oromoo that made the research not capable of 

producing high quality output Although there is some amount of monolingual corpus 

In Afaan Oromoo. it does not have its English equivalent As a result of thIS, the 

research IS limIted to workIng WIth very little bIlingual text 

The computatronal resources and finance have been extended beyond what was 

allotted by AddIS Ababa UnIVerSity for this particular research by uSIng the 

10 
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computatIOnal ",fTIISlrudUfe at>toad and by ga.rung extra financial suppon !rom 

DAAD respectNflly 

1.8 Organiza tion of the Thesis 

The thesiS IS organIZed Into "X chapters ThiS chapter discusses the ba ground, 

statement of the prob'em and Its stgn lCance, ob,ect1V8, scope and limitation, 

methodology. and the appHcaUon of lhe resutt of the study 

The second chapter presen ts the lexical . syntactic and semantIC simllanlies and 

dIfferences between the source language (English) and the target language (Afaan 

Oromoo) In other words , chapter two bne Oy explains some of the language aspects 

of Afaan Oromoo and their corresponding ones In English that influence the process 

of translation 

The third chapter discusses the field of machine translation. In chapter three , boef 

explanation of the fteld of MT, Its development, and the different approaches 

employed since the beginning of the disd phne to date IS made. 

The fourth chapter deals with the stalJstical machine translation as it is the approach 

that Will be used In this research The chapter discusses the different methods that 

involve statistical modehng for machine translation. 

In chapter five the architecture and the genera l overview of the system IS described. 

The design of the system together With the components of the software tools that are 

used and thei r relationship are also explained in detail The training, testing and 

analYSIS of the result are also reported In the same chapter The method of 

expenmentation, the parameters of the experimentation, the results of the 

expenmentation , and the analysis of the result of the expenmentation are also 

diScussed In chapter five 

I I 
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In chapter the amenl f5 conduded I e what has been found and learned 

from thIS research IS summanzed BesKIes the future 

bebeved to augment thIS sys em afe also recommended 
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CHAPTER TWO 

CHALLENGES IN ENGLISH-AFAAN ORO MOO MT 

2.1. Introduction 

In translating documents from one language to another, ambtgulties of drfferenl forms 

are Inevitable In order to understand some of the ambiguities and appreciate what 

lingUistic informahon can be extracted automatically from the data without explicit 

formulahon of rules, it IS Important 10 see the leXical, syntactic. and semantic 

Simllanties and differences between the two languages in question. This chapler is 

dedica ted to revleW1ng the IlnguislIc relationships between English and Afaan 

Oromoo 

2.2. Alaan Oromoo Alphabet 

Since 199 1 (Tilahun. 1993), Afaan Oromoo writing uses the alphabetic writing system 

for many reasons, among which is adaptability to computer. Afaan Oromoo writing is 

straightforward, i.e .• it is written as It is read and read as it is written. 

In Afaan Oromoo alphabet , there are ten vowels (five of them are short vowels and 

the rest are long vowels) and twenty-four basIc consonants (18 of them are single­

character and the rest are diphthongs-letters having two characters like 'ch') as 

shown in Table 2.1, Table 2 2 and Table 2.3 below. 

Short vowels Pronounced as Lon!=! Vowels Pronounced as 
A u In but aa a In baa 
E a lnlake ee a In late 
1 i In bia ii ee 10 week 
0 o .n 01 00 o in doll 
U U In shoot uu 00 10 book 

T.hlt 2. 1 \ o .. th in H .. n Oromoo(TiI.hun. 1989) 

I ) 
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f • 
l e ar Pronounced as lener Pronounced as l et er Pronounced as 

b ba In bad m ma m man 
c' n na In narr;;;--

Ch ch Incha~. 

OIl 
d da In dad Q' Dz Sin vt$k)n 

ra in rabbn-I la on la, r 
Q Ga In God s sa In sad , 
h ha In hard , ta in target -

~l n In Espan 

Sh sh in shark 

. ~ I ,U In lUmp w wa in -
ca in cat x' l ablt 2-..1 Oillhlhontl (li l. hun, 198') 

I Ia In large v va in yard 

I .blt 2.1 I!aUf ('onJ(lnanll In H aan Oromoo (lilahun, 1989) 

Since there are not any indigenous Aman Qromoo words that conlaln 'p' , 'v', and 'z' , 

the baSIC alphabet also does not include these , However, when foreign words such 

as 'pohce' are refereed 10, these characters are used. Thus, the extended alphabet of 

the A faan Oromoo includes these characters (,p', 'v' . and 'z') to support foreign words 

In addllion, apostrophe is used to represent a sound in addition to its use as 

punctuatIOn mark, It represents a hiccup-like sound (called hudhaa) as in re 'ee and 

fa/'aana , 

2.3. English - Afaan Oromoo Linguistic Relationship 

English and Afaan Oromoo have some structural and typological differences as well 

as similarrtles The syntactic and leXical relationships which the researcher believes 

to be Interesting In English -Affan Oromoo translation are discussed below. 

, No EqUIValent sound 10 Enghsh It IS a very d f1IcuIt sound to produce tOf' non-natrve lpeakers illS 
like saying 'd and a' at the same lime Non-nauve lpeakers 01 the language U$e 'd' InStead 
1 No EquIValent sound In Engllih but It II clOser 10 P 
I No eqUIValent SO!.KId 10 EngliSh but II. II doaer to 'en' 
• No eqUIValent sound In EngliSh but It II ClOser to k' 
I No eqUIValent sound In EngllSh but It II cioser to I 

14 
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2.3.1. Word Order 

EngllSh and Ataan Orornoo have dl erences in etr syntactic structure Parttcularty, 

the syntax of Engbsh ts SVO whereas that of Ataan Oromoo IS SOV In a simple 

declara e sentence MOfeover In English. adj8CtJVe precede the noun they modify 

while Ihe reverse holds for Araan Oromoo, nouns precede thelf adjeCtives For 

example, In mucaa dheeraa (tall boy) , dheef88 (adJ) precedes mUC88 (noun) 

2.3.2.Noun 

Nouns In A laan Oromoo can vary to reflect number, gender, and case (subjective, 

obJec ve or possesswe) 

Number of noun can be Indicated by uSing numerals and quantifiers Usually, number 

In countable nouns IS Indicated by numerals and quantifiers. tor example, in songa8 

shan (five oxen), shan (five) Ind,cates the number of oxen and In sangoota baay'ee 

(many oxen) baay'ee (many) IS the quantifier to reflect plurality. 

In add itIOn to numerals and quantifiers, plural markers also indicate the number of 

noun. Unlike English that mainly has a single plural marker (suffixing 's' to a noun), 

Afaan Oromoo has many plural markers (Tilahun, 1989) such as ·oola, -olii, -Iee,and 

-wwan In Afaan Oromoo, a plural noun is produced by suffixing these plural markers 

on the Singular noun. For example, suffixing -oota to a singular noun, a plural can be 

formed as In, nama (person) -> namoola (persons). Similarly. suffixing -olil to some 

singular nouns changes the singular to plural as in , raammoo (worm) -> raammolli 

(worms). 

Unlike languages which assume gender for every noun (for example, French), Afaan 

Oromoo considers gender only for nouns which are naturally gender oriented 

(genellcally male or fema le), Ie , only aOimals Gender of nouns can be indicated In 

different ways. by uSing differentiated lexICal items as In abbaa (father) and haadha 

15 
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(mother) . Of geMbC terms deooWlg usua Immals ma gender by addtng kormas 

lor masculine and dhaJruu for fem&r\lne 85 In .saree konnaa (ma~ dog) and $8196 

dhalWu (fema~ dog) Of by USIng morphologICal difference as In j8SfS8 (otd man) and 

)BarrH (old woman) , obbolfHJs$B (brother) and obbo/OON/ (sister) 

With respect to case, nouns have three maJOr cases nominatlve (subjective), 

obJective. and possessrve The common nominatIVe case markers In Afaan Oromoo 

are -n , -nl, and -I These markers Innec1 the noun and finally form the subjectIve 

case as In, 

mucaan du 's (the child died) 

namn; dhufe (a person came) 

mary; blklle (the grass grew) 

In Araan Oromoo. noun in the direct object IS unmarked as in, 

Inn; mucas waame (He called the child) 

Inn; nama jaalata (He loves people) 

whereas noun in the indirect object is marked by inflecting it with - f or dhaaf. and ·ttl 

or -til' as in, 

Kftaaba kana mUC8s f (muc88 dhasf) kenn; (Give th is book to the child) 

Kitaaba kana na tO kenni (GIve this book to me) 

Kitaaba kana mucaa keatU' kenni (Give this book to your child) 

16 
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There are two ma)Of ways of form.ng possesSIVe case .., Afaa" Oromoo First 

POSseSSIVe can be formed by JUxtaposing rwo nouns In geOi e relauonshlp (I e 

pul ng the possessor after the possessed noun) as In. 

Mana Guula8 (Guta 5 house) 

Second, possessive can be formed by prefiXing kan to nouns as In, 

K8n GuutaB (Guta's) 

2.3.3.Pronouns 

Araan Oromoo IS different from English in the way It treats the second person 

pronoun In Enghsh, there is one representation of the second person pronoun (you) 

to refer to the plural and singular nouns. or to refer to formal In the subject form, 

possessIVe form as well as in the object form. However, In Afaan Oromoo. the 

second person plural and the forma l second person are the same (isin) whereas the 

singular subject form IS (atl) and the singular object form is (51) as shown in the 

following examples, 

Subjective form: 

You (singular, informal) chased the blue cat = Ali adurrBe CUqUIiiSB reebde, 

You (plural) chased the blue cat = Isin adurrBe cuquliisa reebdan. 

You (forma l) chased the blue cat = Ism BdufTee cuquliisa reelx1Bn. 

Objective form 

The blue cat chased you (singular, Informal) = Adurreen cuquliisni sl reebde 

The blue cat chased you (plural or formal) = Adurreen cuquliisni isin reebde 

17 
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POSse5.5Ne form 

The blue cat tS yours ("ngular Informal). Adurreen cuqufllSlll Be 

The blue cat tS yours (ptural Of fOf'mal) • AdumHln cuqul"slJ/ kooMBn 

Here, the English word 'you' can be translated to Afaan Oromoo words '8tl , 'Isin' or 

'sl depending on the context of use Likewise, the English word 'yours' can be 

translated 10 the Afaan Oromoo WOf'ds 'keetl or 'koossan' ThiS lexical divergence 

affects the performance and result of the translallon system 

Another major Issue related 10 pronoun In English - Afaan Oromoo MT Is the leXICal 

divergence that occurs In demonstrallve pronouns For example, the demonstrative 

pronoun 'thiS' has different forms when It refers to subJeCt, direct object and ind irect 

obJect for both genders as shown to the table below 

Form ThiS ThaI These Those 
Masculine Feminine 

Subject kun /Un Sun kunnin sunn;;n 

Direct Object kana tana S8n karmiin s8nn;;n 

IndIrect Object kanaa tanaa Sanaa kenniini; sann;;nii 

'I ail it lA I hf I"iu l dh Hllf" ff or ll rnl Ollj l Ol I I\t pr onoun1 

Therefore, when translating the demonstra tIVe pronoun 'this' from English to Afaan 

Oromoo, there is a difficulty of chOOSing one of 'kun', 'kana', 'kanaa', ' tun' , 'fana', or 

' tanaa' li kewise for 'that', 'these', and 'those' 

As a result of the above personal or demonstrative pronouns, choosing the correct 

target word IS a dIfficult problem for English - Afaan CKomoo machine translation 

because a Sing le word has multIple poSSible translations The selectIOn of the most 

appropriate translatIOn IS context-dependent 
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2.3.4.Adjcct ivcs 

Ad,""""" In AIa,n Oromoo refttcl lhe gender 01 lhe noun IIIey moa,fy although 

there are some ad,ecuves wtuch I e the same tcwm w. both genders Here are some 

examples 

}B8rtll hlyyeenll (poor old woman) , )D813lJ hlYY96538 (poor old man). 

58B adll (whrte cow). qot/WOO 8d/l (whrte ox) 

In addrtJon. Afaan Oromoo ad,ectJVes reftect the number (plurality or singularrty) of 

the noun they modify Ad,ectlVes usually form therr plurals rn two ways Frrstly. they 

form their plurals by duplicating the first syllable and gemrnatrng the rmtral consonant 

10 the first syllable. for example. 

nama dheef'88 (tall man) -> namoota dhodheeraa (tall men) 

Secondly. they form their plurals by uSing the suffix -ootB . for example, 

dhukkub58r88 (sick) -> dhukkubsaroota (the sick) 

2.3.5. Prepositions and Postpositions 

80th postpoSitlons and prepositions exist In Afaan Oromoo. Prepositions which 

normally precede nouns or pronouns In English are in most cases placed after the 

noun or pronoun they modify In Afaan Oromoo, Ie , preposItions In English become 

postposltlons 10 Afaan Oromoo For example. On earth means lafa IrrB where the 

English preposItion on IS translated to the Afaan Oromoo postposition irra 

Nevertheless. some prepositions in English remain prepositions In Alaan Oromoo 

For example 

I went to ArSI (am gars ArSIl deemee ture ) 
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In addItiOn some of the prepoSItIOns an Engltsh may be indICated by morphofogy Of 

can Sland by lhemsef'ves for example &he English prepo5IbOn on can stand by ilSe 

aSIfrB Of can be suffixed to a noon as ·rra &$ 11"1 , 

Lata IrrB (Ia/arra) .. On earth 

Similarty. from' can stand by Itself as ' lfr8a or can be suffi ed to a noun as " rr8S' as 

,n. 

Lata Irma (ln ferraa) = from earth 

2.3.6. Conju nctions 

Among the three common conjunctions (and = fi. or = yookin , but = has 's 'u malee), 

only but creates a problem as II generated three different words in Araan Oromoo 

The follOWing examples use the three common conjunctions 

Righ i and left = Mlrgsa fi bIIaB 

Righi or left = Mirga yookin bIIS8 

She IS thin but strong = Ishiin qa/f'oo dha has ts 'u malee jabduu dha . 

The Afaan Oromoo conjunction "fi " appears in documents in two forms: it may stand 

by itself or it may be attached wUh the first word that Involves in the conjunction as in 

kanaa fi san or kanaaf san both of which mean this and that. 

2.3.7.Verbs 

AuxIliary and modal Verbs In Afaan Qromoo follow lexical (standard) verbs. but In 

English the reverse IS true The Infinitive (two different words in English) IS formed by 

suffiXing -uu 10 the stem (root) of the verb For example. dhufuu (to come), deemuu 

(to go) 
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Araan Oromoo ac e aod paS$IV voces are aito aJegh dl enl 'rom that of 

EngliSh In actIVe VOICe . the rOOI rb II Inftected to ahow the number and gender 01 

the doer of the acoon as In . 

He cuI wood = Inm muks mure 

They cut wood = ISSBn muks muron 

You cut wood = Ism muks murt8n 

PasSive VOice IS formed by suffixing - 8rne, -amra, -aman, -amtan, -amne to the rool 

verb depending on the number and gender of the receiver of the action as In, 

Wood IS cut = Muknt murome 

Woods are cut = Mukoonni muraman 

You (plural or forma l) are beaten = Ism tumam/an 

We are beaten = Null tumamne 

I am beaten = Ani tumame 

They are beaten = fsaan tumaman 

2.3.8.Adverbs 

In Engl ish. adverbs follow verbs they modify However, Afaan Oromoo adverbs 

precede the verb they modify as shown In the follOWing example 

fshim suuta deemti (She walks slow1y) 

Inm baru dhufa (He will come tomorrow) 
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2.3.9.Ar1 lc le s 

Unh e Alaan Oromoo. EngltSh often reqUires afbdes to appear before nooos In 

Enghsh. there ate three main semanue c:no.ces for artlde insertiOn no arude. 

Indefinite artICle (a an some any) and detinne article (the) The faa that Ataan 

Oromoo has no arude.s before nouns makes lhe translation of noun phrases dIfficult 

because In English some nouns take articles others do nOI However. Ataan Oromoo 

vanes nouns morphologically In such a way that the laSI vowel of the noun is dropped 

and suffixes (-tehB · /ttll -BtllI) added 10 show definiteness Instead of using definite 

articles For example. 

the cat (masculme) = adurree + /Cha (adumch8) 

the ca l (feminine) :: adurree + attJ; (adUfTBttll) 

furdoo (feminine) = (urrJoo + ,wi (furd/ltll) 

2.3.10. Punctuation Marks 

All punctuation marks that afe used in English are also used for the same purpose in 

Alaan Oromoo except the apostrophe Unlike Its use to show possession in English, 

II is used as a symbol 10 represenl a hiccup (called hudhaa) sound in Afaan Oromoo 

wnting . ThIS influences the tokenization Slep of the preprocessing phase that leads to 

breakIng the word Into two separate (most probably meaningless) pieces using the 

apostrophe as a boundary As a consequence, Ihe MT system performs poorty if due 

care is not gIven to thIS punctuallon mark 
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CHAPTER THREE 

MACHINE TRANSLATION 

3.1. Introduc t ion 

The purpose of thiS chapter 1$ 10 review the field of machine translatIOn 11 covers 

wha machine translation IS historical devek>pment of machine transla on, the 

different approaches employed In machine transla on and the challenges in machine 

translation 

3.2. Machine Translation 

Machine TranslatIon (Mn IS an apphcalJon of ArtlfiClal Intelhgence that IS concerned 

WIth extractmg the meamng of one language (source language) and consequent 

generation of another language (Iarget language) In its full generality, MT is lhe use 

of computers 10 automate part or all of the process of translating document from one 

language 10 another 

MT can be used In various scenanos in real hfe Jurafsky and Martin (2008) 

summarized the applications of MT in the followmg two genera l categories. 

applications of MT by tasks (purposes), and applications of MT by the number and 

directIOn of transla tion The follOWIng subsectJons diScuss these categones 

Appl ications of MT based on tasks (purposes) 

Based on the task and purpose of the translation, appUcations of MT can be 

claSSified Inio the follOWing four categories rough translation, restncted source 

translation, pre-edited translallon, and literary translation 

In the case of rough translation, MT IS applied m two Sltuabons (Jurafsky and Martin, 

2008, Russell and NONlg, 2003) First, when only the rough l1anslation is adequate, 

, e , In a sltuallon where the goal is Just to get the gist of a passage In such cases, 
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ungrammabCal and tnektgant sentences are tolenned a k)ng as the meaning .. dea, 

For example In web surfing a user ts otten sa ,tied by a rough UlIOItabOn 01 fOtetgn 

web page Second when human post-edltOf ts used I rs also called Computer 

AsSisted Human Translahon (CAHT) or Computer AMlsted TranslatIOn (CAn nus IS 

good for high volume translallon ,005 and those reqUlnng qu turn-around lime like 

Iocallzallon of software or hardware manuals thiS type of system saves money 

because the rough output can be POSI-edlted by a monolingual human WIthout having 

read the source and such editors can be paid less as compared to blhngual 

translators 

Restncted source translatIOn (Russell and NONIQ. 2003) also k.nown as small 

sublanguage domain (Jurafsky and Manln. 2008) IS a case in which the sub;ea 

maner and format of the source text are severely limited In such cases, fully 

automatiC high quality transiailon IS achievable (Jurafsky and Martin. 2(08) One of 

the most successful examples is the TAUM - METEO (Chevalier et. al . 1978) 

system. wh ich translates weather reports from English to French It works because 

the language used In weather report IS highly stylized and has some well-known 

structure. i.e .. it has very low ambigUity 

Pre-editad translation is a translation in which a human pre-edits the source 

document to make it con form to a restricted subset of the source language before MT. 

Th is approach is particularly cost-effectIVe for one-to-many translations as is the case 

for compan ies that sell the same product in many countrles to prepare product 

documentation. user manuals. etc 

literary translation is the case tn which all the nuances of the source text are 

preserved This is currently beyond the state of the art for MT (Russell and Norvl9. 

2003) as it reqUires sub.tedlve judgment of cultural relallonshlps 
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Applications of MT by number and d lrocUo n of translation 

Appka on of MT can also be Chara enzed by the numbef and dlfeClJOn of the 

uanslauon as one-to-many many-tCH>Oe and many~to-many translatiOn (Jurafs 

and Martin, 2(08) 

TranslatIOn task!:. that reqUi re ofHHo-m8ny translatIOn Include localiZ3 on of 

computer manuals. and web pages from Enghsh to other languages all over the 

world as Enghsh dominates the language of the web and technology This research 

focuses on the translation from Enghsh to Afaan Oromoo which can be the subset of 

one-Io-many translation 

Many-lerona IS relevant for anglophone readers who need to gel the gIst of web 

content wntten In other languages 

Many-ta-many is requ ired In environments like the European Union. where eleven 

official languages need to be Inlenranslaled 

3,3, History of MT in Brief 

The beginning of MT may be dated 10 a memorandum written in March 1947 from 

Warren Weaver of the Rockefeller Foundation to cyberneticist Norbert Wiener 

(Hutchins, 1986) which contains the following two sentences as has been taken from 

Arnold et. al. (1994) 

-, have a text in front of me which IS wntten In Russisn but I am going to pretend 

that It is really wnNen In English and that it has been coded in some strange 

symbols. All I need to do is stnp off the code In order to retneve the mformst/OO 

contained In the text - Warren Weaver 

From the mld-1970s onwards, the demand for MT came from qUite different sources 

With different needs and different languages The demand was towards cost-effectNe 
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machine-aded transiabOn Iys ems thaI cou'd de. tn c:omnetCial .net tec:hnIcaJ 

documentatJOn tn the pnnapal languageS of wnernabOnal convnerc:e 

The 1980s wttnessed the emergence of a Wide vanety of MT sys m types and from 

a Wldemng number of countnes Examples Include. Systran (Torna 1977) opera ng 

10 many pairs of languages Logos (Bernard 1998) (German-Englilh and English­

French) . the Internally developed systems at the Pan Amencan Health Organizal)()o 

(Leon, 1984) (Spanish-English), the Metal (Slocum. 1984) system (German-Enghsh) 

and major systems for Japanese-English l1anslation from Japanese compUier 

companies 

The end of the 1980's was a maJOr turning pomt for MT for two reasons Firstly. a 

group from IBM pubhshed the results of experiments on a system called Candide 

(Brown et ai , 1990) based purely on stalstlcal methods Secondly. certain Japanese 

groups began to use methods based on corpora of translatIOn examples, i e USIng 

the approach now called 'example-based' translatIOn In both approaches the 

dIstinctive feature was that no syntactic or semantic rules are used in the analysis of 

texts or In the selectIOn of lexIcal equIvalents, both approaches differed from earlier 

'rule-based ' methods In the explOItatIOn of large text corpora Instead of usmg a set of 

hard-coded rules. 

In the 1990's, the use of MT and translation aIds by large corporations has grown 

rapidly - a particularly ImpressIve Increase IS seen in the area of software localization 

(i .e the adaptation and translation of equipment and documentatlon for new markets) 

On the research front, the prinCipal areas of growth are seen In example-based and 

statistical machine translatJon approaches, In the development of speech translauon 

for specific domams, and In the Integration of translation WIth other language 

technologies 

In 2000's, the move IS towards combining the rule-based and 8 MT paradigms (Eisele 
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et al 2008. ogues 2006) WIth the goal 01 ""P")'''''II the qual 01 the ""tpUl .s 
well as the performance of the syst m 

3.4. Approaches to Machine Translation 

BaSICally there are rwo different methods for calf'(lng out machine uanslaoon based 

on the requirements to do translabon, namely Rute-based 8ppt'oach (discussed tn 

sechon 3 4 1) and Corpus-based approach (discussed In section 3 4 5) 

3.4.1. Rule-ba sed Approac hes 

Rule·based machine translation systems are fundamenta lly based on formulated 

rules for translation According to Jurafsky and Manln (2008) , there are three 

claSSical systems categonzed by how they perform translation, namely direct 

approach , transfer approach. and Interllngua approach The follOWing sections briefly 

diSCUSS the different approaches used tn Ru le-based MT 

3.4.2. Direct Approac h 

Direct translatIOn IS performed by consldenng Individual words In the source 

language text, translallng each word as II goes It uses a large blhngual dIctIonary , 

each of whose entries can be Viewed as a small program With the }ob of translating 

one word. After the words are translated, Simple reordenng rules can be apphed, for 

example. for moving adjectIves after nouns when translating from Enghsh to Afaan 

Oromoo 

FlQure 3 1 depicts the processes employed In the direct approach From the diagram, 

the largest oval shows that the major component In the direct approach ts the 

bilingual dictionary 
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USing direct approach, the English sentence 

·The blue cal chased the brown mouse 

'_" • en -

IS equivalent (In word-for-word translallon) to the folk)wJng Afaan Oromoo sentence 

"Cuqullsm adurre reebde magoa1s hantuura .. 

Now. reordering of adjectives and nouns ytelds 

"Aduree cuqultsm reebdo hantuuta magaals .. 

As It can be seen from the above example. direct approach IS too focused on 

IndiVidual words, that is , though It can handle single-word reordenng, It cannot handle 

longer-distance reordering (such as changing from SVO to SOV) or those invotving 

phrases or larger structures (Jurafsky and Martin, 2008) 

3.4.3. Transfer approach 

In transfer approach. the Input text IS first parsed and then rules to transform the 

source language parse structure mto the largellanguage structure are applied Then 

the target language sentence IS generated from the parse structure Transfer 

approach overcomes the language differences by adding structural and phrasal 

knowledge to the limitatIOns of the direct approach Generalty. Enghsh has SVO while 

Afaan Oromoo has SOV struClUre Transfer approach unifies this dIVergence by 
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a tenng the Structure 0' the Input sentence to ma • It confonn to 1M"", of the 

targel language For example ~l S repreMnt the Eng ISh lenIence 

'Th. blu.5~1 ~$W 1M b!P>vrl1'!OII " F'''I the SVO IS changed 10 SOV as shown 

tn the figure below 

., 

1\ ODCI ==> 

I' 

" 'CUrl' 3.2. \ 'Impl" ., IIlat lk ,nn.1,.,. " Ubi,.t l· \ ub"()bjnl) 

Thus the sentence becomes -rhe blue cat the brown mouse chased ~ Then the 

adJectives and nouns are Interchanged 

' I) IEnglish] 

A '0=' =:::> 

.... p JArman Oromoo] 

1\ 
A D ) N N AD) 

ThiS Yields, "The cat blue the mOllse brown chased ~ Now, leXical transfer can take 

place to yield: "Adurresn cuqulllSflJ hantuuta magaa!s meWe .. The following figure 

shows the tree transformatIOn when translating the given sentence 

1 
'O'C'=== 
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3.4.4. Interlingua Approa ch 

In the Interllngua approach. the source language tI lnatyzed WllO an ablUad 

meamng representatIOn cal ed an Intet"tangua Then the target language text rs 

generated from this representaoon ThIS approach lS aPPfopnate to( many.to-many 

trans/atlons as II reduces the language pair Interdependence I e each language II 

dependent on the meaning (Interhngua) and not on another language As can be 

seen from Figure 35 below. additIOn of one more language (say German) Into the 

sys em reqUires only the German AnalysIs & Generallon modUH! In the Interllngua 

approach. there are n bidirectIOnal systems and one representaoon of the meamng 

for n languages to be Intertranslated This makes the Inter1lngua approach far be er 

than the prevIOus two approaches whIch require n • (n-l) 12 btdlrectlonal systems by 

reducing the number of systems by a factor of (n-1)/2 for n language pairs 

IntertranslatlOn. 

Though It seems promising at the first glance. extracting the Inter1lngua (manlpolaung 

the meaning) and the choice of the representation of the meamng are among the 

difficulties In this approach 

/ 

I Arab" Jll--' Arabic Analysis Inglish Analysis Enj;tlish 
& Generation V & Generntion 

"" 
lntcrlingua 

./ 
/ l Fr<n<h JIl Araan ii-- Oromo Anal)sis rn:nch Analysis 

Oroll1o & Generation V 
8:. Generation 
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lauquois mang)e shown In Ftgure 3 e bM)w IS a common way 10 VtSOa.Iy presenllhe 

above three approaches (Jura ts and "'--8run 20(8) The vauqUOtS tnangle shows 

the Increasmg depth of analysIs requiled on both the analym and generatIOn end as 

we move from the direct approach through noster approaches 0 Intenulgual 

approaches It also shows the decreaSing amount of transfer knowtedge needed as 

we move up the tnangle, I e from huge amounts of transfer at the direct level 

(almost all knowledge IS transfer knowfedge for each word) through transfer (transfer 

rules only for parse tree or themalJc roles) through tnterllllgua (no specific transfer 

knowledge) 

, 
~al 

Source 

Words 

j' h:u rf 3.6 I hI' \ lIuqullb I rillnj(lt 

3.4.5. Corpus-based Approaches 

TurRet 

Synlx!lc 
G<n<",~ 

Words 

As of 1990's, MT research moved from classical rule-based approach to empmcal or 

corpus-based systems Empirical systems are data-dnven as opposed to rule-dnven 

TradItIonal (rule· based) translatIon methods are somewhat dIfficult to construct, as 

they baSIcally Involve hardcodlng the idiosyncrasIes of both the source and target 

languages But through the work of human translators, large parallel corpora have 

become ava ilable Therefore, It makes sense to use Ihese large bodIes of already 
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eXlStltlg ranslattons to capture the knowtedge contalne<! In them Hence corpus.. 

cased MT IS based fundamentalty on the Pftnopie of U$lng e.x:tsbng transtabOnl IS • 

ptlme source of Informallon for the prodUCbOn of new ones (I e II beheves '" the fact 

that large amounts of data contaIn es.senUal owtedge for rna ng a functiOnaJ 

system) (Russell and Norvlg 2003. Jurafsky and Manl" . 2008, Amoki et al . 1994) 

In splle of the rule-based models that reqUIre exphclI lingUIstiC knowledge. data­

dtlven ones rectify the lack of such knowledge In such a way that lhe OW"ledge can 

be retneved and used automatically Corpus-based approach has two vaneties, 

namely, Example-Based MachIne TranslatIon (EBMT). and Statistical Machine 

TranslatIOn (SMD The follOWing subsections bnefly explain these apPfoaches 

3.4.5.1. Example -ba sed MT (EBMT) 

Example-based machine translation (EBMD (also known as Translation by Analogy) 

approach (Arnold el ai , 1994) IS often characterIZed by ItS use of a btllngual corpus 

as Its main knowledge base at run-lime II IS essentially a translation by matchIng 

against stored example translallOns and can be Viewed as an Implementation of 

case-based reasoning approach of machine learning For example, lingUistic 

knowledge about word order, agreement. etc is captured automatically from 

examples It relies on large corpora and tnes somewhat to reject tradilional linguistic 

notions like part of speech and morphology (although this does not restrict them 

entirely from using the said notions to Improve their output) EBMT systems are 

attractive In that they reqUire a minimum of prror knowtedge and are therefore qUickly 

adaptable to many language parrs 

According to Arnold el al (1994), the baSIC Idea IS to collect a btllngual corpus of 

translation pairs and then use a best match algonthm (using the distance of the input 

string from each example translations) to find the closest example to the input smng 

In question The translallOn quality of EBMT IS based on the size of good data and 

the quality Increases as the examples become more and more complete (Arnold et 
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aj 1994) EBMT lS also etflOeflt as (., ItS best case) II does not If'rYOtve aPQllceuon of 

complex rules and fa her finds lhe best e mpae that INItcnes to the I'\PUI (usng 

some distance calculaoons) To see how EBMT wor cons.der the ampfe of 

translating the sentence 

'The blue cal chased lhe brown mouse' 

USing the corpus comprising the folloWIng two senlences pairs 

English Afaan Oromoo 

El Th blue cal ale meat 01 Aduqen cuauillsni foon nyaane 

E2 The woman chased the brown mouse 02 Nadhlttlln lm!lll!l!li!"u!ilIli!i!!i..J!Hl1!I!~ 

Dunng translation, parts of the sentence to be translated are matched With the 

sentences In the corpus Here. The blue cal matches exactly With the underlined pan 

In 01 Likewise. chased the brown mouse IS matched exactly With the underlined part 

In 02 So, the two sentence fragments are taken and combined appropria tely to get 

the meaning 

Adurren cuqulnsn. hanluuta magaala reebde 

Thus. EBMT entails the follOWing three steps (Ramanathan, 2005) -

Matching fragments against the parallel corpus . 

2 Adapting the matched fragments to the target language. and, 

3 Recombining these translated fragments appropnatety 

However. problem anses when one has a number of different examples each of 

which matches part of the slnng. but where the parts they match overlap. and/or do 

not cover the whole stnng (Arnold el ai , 1994) 

JJ 
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3.4.5.2. Statistical Ma chine Trans la tion 

The apptoach can be lhooghl of as IIy<ng 10 apply "'" lechnoquos _ hey. lIMn 

hlQhly successful In Speech RecogOition (Brown et al 1990. 1993) to MT Though 

the detaIls require a reasonabfe amount of statlSttcalloptusbCaUOO. the ba It M:tea of 

the statistIcal models can be grasped qUIte simply SMT IS hke EBMT except thai It 

has probabllttles (Koehn 2003) The next chapter descnbes SMT In more detalillnoe 

It 15 used tn thIs research 

3.5. Cha llenges in Machine Translation 

D,fferenl factors conlnbute to the dIfficulty of machine ttanslatJon to achteve a hlQh 

quality output. Language slmtlanty and difference has the highest contnbutlOO 

Language SimIlarity and difference can be categonzed Into two systemahC 

differences whIch can be modeled In a general way, and idIosyncratic & lexICal 

dIfferences Ihat must be dealt with one by one (Jurafsky and Martin, 2008) 

Syntactically, unlike English, Afaan Oromoo IS morphologically rich Afaan Oromoo 

has agglutinative morphology while English has rusSiona! morphology, In general 

Unhke English, Afa an Oromoo IS subject prodrop langauge For example, "deeme" 

(meantng ·wenn can be a sentence by dropping either "mni" (meamng "he") or "ani" 

(meaning ~n. Therefore , "I went" and "He wenr can be translated 10 "Deeme", "Innl 

deeme" or "Ani deeme" (Detail of Enghsh Versus Afaan Oromoo is given in Chapter 

two .) 
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CHAPTER FOUR 

STATISTICAL MACHINE TRANSLATION 

4.1. Introduction 

In this chapter SlatlSllcal maChine translatIOn IS revieWed with the objective of gerung 

Insight Into the different components, algonthms and tools thaI are used In statistical 

machine translation II starts with the general IntroducttOn or SMT and keeps on 

explaining the components and the algorrthms 

4.2. Noisy - channel Model 

Since the research of the lasl decade of the 1980's 31 IBM (Brown et al 1990). SMT 

attracted many research endeavors In the area of machine translaUon This research 

IS also the result of thai attraction 

Statlsllcal machine translatIOn IS based on the notion of nOlsy·channel model (Brown 

et ai , 1990) to combine language model (discussed In section 4 3) and translation 

model (discussed In section 4 4) as shown In Figure 4 1 

Gillen a source string S to be transla ted Into a target string T (ie , dunng the 

translation task), the model conSiders S as the target of a communlcabon channel, 

and lIs translation T as the source of the channel Thus, viewing ellery Target stnng 

as a possible source for each Source stong, the machine transiailon task is to 

recoller the source from the target by assigning a probability Pr(TIS) to each pair of 

sentences{T,S). and seeking the panlcular T which maximizes Pr(TIS) 

Bewarei Do not get confused at thiS POlntl It IS nol a ttlvlal concept, there are two 

tasks namely Modehng Task which IS the mathematical model and Translation Task 

which IS the application of the model The two tasks conSider the source language 

and target language differently For example, In thiS system (English - Afaan 
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Oromoo). Araan Oromoo IS COOSKiered the source language fof modefInO ta 

whereas the source language for lIanstahon fa IS English as the toIowtng quote 

from the SMT textbook by Koehn (2006) stales 

·Thls may create 8 lot of confuSIOn, $Incd the conc&p4 01 what 

constitutes the source language d,ffors between tho msthematICs 01 tIHI 

modeJ and the 8ctualappllcatlOll (Koehn. 2006) 

ThiS concept IS nol as clear as It sounds at first glance After aU It IS what kept SMT 

dormant for about a decade until Knight (1999a) shade light on It If you don', 

understand thiS. do nol proceed to other sections In thiS chapter as It will get worse 

and worse for you If you are brave enough and want to know Its detail, refer to Its 

mathematical foundation In Brown et al (1993) 

SOllrce 5 
I .a l lguap;t:> 

;\Ioci(· ) 

1' ,. (5) 

r 
1), -, .. 01,·, 

dl'}I,trHlX PI' (,c,' I T ) 
s 

~Il'allslal iOIt 
;\ 10d(·J 

p ,- ('I' I S) 

s 

m 'R "II"'" Pr ( S , r) 
s 

T 

1',- (5, T) 

H \:urt·U ')ou rft-fhan pt l m()(lthnllBrown e la l, 1990) 

I igurc -1.1 depicts two key notions In 8MT These two key nolJOns invofved In 8MT 

are the language model that models the fluency of the translated smog and lhe 

translation model that models the adequacy of the translaled string (Russell and 

Norvlg 2003) After modeling the Iransialion ftuency and adequacy the best target 
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language document that matches In meaning to the source document .. ~1IMtd by 

decoding DecodulQ IS a search problem that makes use of the modelS bull Ind the 

source document to come up wnh the best target document Once we have lhe target 

document, we can evaluate how good our system performed as compared to the 

human translatlon of the gIVen document ThiS IS the evaluatIOn of lhe ays,tom Tho 

following subsections deal with language modeling translation modeling decochng 

and evaluation. 

4.3. Language Modeling 

The language model provides the probabilities for strings of words (In faci sentences) . 

which can be denoted by P(S) (for a source sentence 5) and P(T) (for any gIVen 

target sentence T) (Brown el ai , 1990,1993) IntUItively P(S) IS the probability of a 

stnng of source words occurring In S likeWIse p(n IS the probablhty of a stnng of 

target words occurring In T The goal of language modeling IS to bUild a stallstlCal 

language model that can esl1mate the dlstnbutton of nalurallanguage as accurate as 

poSSIble. It is committed to handling the word reordenng In the language In queStion 

It is used to get how fluent the translated text IS In the target language. I e the 

sequence of string of words that has the highest probability IS assumed to be the 

most fluent sentence in the target language 

There are different techniques for statistical language modeling Including n-gram 

language modeling (Jurafsky and Martm 2008). maximum entropy language 

modeling (Berger et.al. , 996). and whole sentence exponenllal modeling (Rosenfeld 

et. ai , 2001). 

From these techn iques, N-gram model IS the most W1dety used statIstICal language 

model . It has been used successfully In speech recognition . spell checklrlg par-of~ 

speech tagging, machine transla tion and other tasks where language modeling Is 
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reqUired (Ramanathan. 2005 Lopez 2(08) Since --gram techneque IS used ., lNI 

researCh . the follOWIng paragraphs explain It In detail 

It IS useful to use n..grams In language modehng (rather than USing the ~ 

sentence) for two reasons one IS thai It keeps things 10 manageable IImts and the 

other IS that the probability converges to zero If we lake aU the w()(ds In a k)flg 

sentence In order to calculate these source language probablhhes (producmg the 

source language model by eSllma tlng the parameters) , a large amount of 

monohngual data of the target language IS required since the validity , usefulness or 

accuracy of the model Will depend mainly on the sIZe of the corpus 

Usmg n-gram technique, the probability of a sentence S containing the word 

sequence III .W2. W n can be expressed Without loss of generality by uSing the cham 

rule as 

peS) = p(wl) x p{w2Iwl ) x p(wJ lwl , w2 ) x . x p(wnlwl , w2"" wn - 1) 

" = n (p(WIIWI..Wi - I ) 
1=1 

From this equation, it is clear that the probability of the sentence S IS Simply the 

product of many small probabilities, each of which corresponds to the probability of a 

single word. Intuitively, the conditional probability P(w21w,) IS the probability that W2 

Will occur, given that w, has occurred For example, the probability that am and are 

occur In a text might be approXimately the same, but the probabllrty of am occurnng 

after I is qUite high. wh ile that of are occurnng after liS much lower 

Since the distributIOn p(wnlw! W",.I ) that IS assigned to the last word of the sentence 

contains nearly as many terms as p{s) Itself. finding P{W~twl,W2'. W .... I) will be as 

difficult as finding p(s) To Simplify thiS, the Idea of condllionallndependence (Lopez, 

2008) is Introduced The conditIOnal Independence that will be assumed here is that 
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the probablhty of word W IS condloonally Independent 01 an but the prec:ecN1g ~ 1 

words whatever value of n IS taken This conc:MJ()nal Wldependenc:e assumptJOn it the 

n-gram approximation For example If the value of n IS 2 (I e btgram modeI). the 

probabIlity of a word W IS cond1oonal1y dependent on the precedtng word (I e 2.') 

only likewise, If the value of n IS 3 (I e Ingram model), the probability of a word w IS 

conditionally dependent on the preceding 2 words (1 e 3-1 ) 

From the given corpus, usmg maximum likelihood estimate a blgram model Is gIVen 

by 

co unt (wlw2 ) 
p (1V2Iwl ) = 

count (",I ) 

S .. ( I '0Il"I( .... 1 ... 2w) Imllarly, In a Ingram model, p w3 ",2, wI ) = ':;:;:::;;::;::;f 
("411"lI.l( wl..,1) 

And so on, where W,W2 and W , W2WJ are word sequences In a string 

For example. In a blgram language model (n=2). the probability of the sentence 

~Mucaan guddaan deeme " IS approximated as 

whereas in a trigram language model (n=3), the approXimation IS 

1)(Mucaan)p(guddaan Mucaan)P(deeme \I uca.ln guddaan)ll( 'guddaan dt't'mt') 

The most commonly used statistical language modeling software lools available to 

statistical language modeling communlly Include CMU·Cambndge Statistical 

Language Modeling toolkit (Clarkson and Rosenfeld 1997), SRI Language Modeling 

Toolkit (Stolcke, 2002), N-gram Stat (Banerjee and Pedersen. 2003), and Trigger 

Toolkit (Berger. 1997) 
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The choice of a 1001 from the available ones reqwres one to deal WI some en ena 

like compatibility w ith other subcomponents to be used and update and mail\tenance 

or Its currency F rom these lools the researcher believes that SRI Language 

Modeling Toolkit IS more appropnate for the reason thal li IS compa ~e WTth moses 

(Koehn et ai, 2007) decoder thai Will be used In this research FurtheflT'lOf8, It 11 

regularly updated 

4.4. Translation Modeling 

The translation model. on the other hand prOVides us with probability P(TIS) (which 

15 read as ~probabihty of T given S~) IS the conditIOnal probability that a target 

sentence T will occur In a target text which transla tes a text contalntng the source 

sentence S. As shown In the nOise-channel modeling diagram above (Ftgu re 4 1), the 

product of this and the probability of S Itself that IS peS) • P(T1S) gives the probabtllty 

of source-target pairs of sentences co-occurnng, written p(S,n which IS given by, 

In order to come up with the translation model , constructing word alignment, wh+ch 

will be discussed below, is a crucial task 

Word A lignment 

The fundamental input to the translatIOn modehng IS the alignment Word alignment 

IS a mapping between the words In the source sentence and the words In the target 

sentence. The alignment A for source sentence S = s , s and ta rget sentence T = 
f , ... fm is given by, 

Given I and m are lengths of source and targe t sentences respectIVely. alignment A 

indicates which source word generates each target word In the given sentence 
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For example given. S = ·The ca l a e meal and T • • Adu«een toon nyu one 

bes alignment from 6" or 1296 possible alignments IS A • (2 4 351 I e tho word 

In the ta rget sentence IS generated by the second word en the source Mtltence the 

second word In the target sentence IS generated by the fourth word In the aoulee 

sentence and so on as pictorially vlsuahzed below 

ilte 01('.11 

/ 
\dum'en 

\ 
. ieurr ~ .2 I hr ht, 1 UUI uf 12'.16 IM/',Ihlt . llcnmr nh 

The IBM team proposed a senes of five models (IBM Model l IBM Model 2 IBM 

Model 3, IBM Model 4, and IBM Model 5) (Brown el al . (993) for alignment In 

translation modeling. Below, reviewed are the models with more detail of IBM Model 

1 as the major task of estimallng leXical translation IS done In thiS model 

IBM Mod el 1 

IBM Modell (Brown et. aI. , 1993) IS the simplest model among the models that the 

IBM team proposed to estimate lexlcallranslallon parameter T such that T(I, I SII) IS 

translation probability of target word ~ given the source word s, lhat generated It en 

the given alignment where a IS e A The general generative story of IBM Model l IS 

about how we generate target sentence from a source sentence 5 = 5 1, 51. So The 

IBM Modell generative story IS 

Given S - the source sentence 

Let T be the ta rget sentence 

Pick m = I n. where all lengths m are equally probable 

II 
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Pick alignment A With probability P(AIS} .. I/fl . W'm, s.nce 

alignments are equally likely given I and m where I ,. 1st 

Plckt , .. tm In T Wlth probability I'll ~,Sl I~I II' I ) 

where T{li I S.J) IS the translation probability of target word I, 9 en the 

source word It IS aligned to 

Example, 

s = "tall boy" 

Pick m = ITI=2 

From the corpus, 

(S,T) = <~tall boy~, ~mucaa dheeraa"> 

Pick A = {2,1} with probability 1/(1+ 1)m 

Pick t1 = ~ mucaa · with probability P("mucaaT boy) 

PiCk f2 = ~dheeraa " with probability pr dheeraa"j"tall ") 

Since the model for p(nS) contains the parameter T(~ I S'/)' we first need to 

estimate T(t, I sa,) from the data. If we have the data and the ahgnments A, along WIth 

P(AIT,S), then we could estimate T{li l S'/) uSing expected counts as follows 
("011111(1 ,s" ) 

T(/ 1 '. ) = } , L COtlfll(t .s" ) 

" 

But we don't have P(AIT.S) To estimate P(AIT,S). we use P(AIT S)::: P(A TIS) I P(TIS) 

Bul P(TIS)= L: P(A.T S) 
~ , 
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So we need to compute PtA nS) whICh IS gIVen by the Model 1 gene... e 5tOf)' 

C • 
P(.U s) - ' n T( , , ) 

(I.,. I)- • 

Therefore . for the above example, 

P(AIT.S) = P(T. AIS)/P(l' IS) 

C 
• • T(mucuu I hoI') · nd"l·t!rua hIli) ) - -

= -"-------~-
L C; • n 1'(1,. ) 
.. 3 

whe re C IS a nonnahzahon eonstlnt 

So, In order to estimate P(TIS). we first need to estimate the model parameter 

T(~ I sal ): in order to compute T(~ I S'I ) , we need to estImate P(Alt,s). and In order to 

compute P(Alt ,s}, we need to eSlimate T(I) I s.,) Here we got Into a chlcken--egg 

problem where EM comes to play 

Expectat ion Maximization (EM) 

Expectation maximization (also known as estimatIOn maximizatIOn (Kmght, 1999a) 

solves the chicken-egg problem above uSing the following sleps (Jurafsky and 

Martins, 2008) . 

Given the train ing data set of pairs < s . l >, log IIkehhood of training data gIven model 

parameters is: 

L log P(T IS) = L log L " (. 1 ,}' I'(I . I. I} ., 

To maximize log likelihood of tra Ining data given model paramelers use EM where 

the hIdden variable is the ahgnmenls A and the model parameters IS the translalton 

probabilities T. The following are the steps In EM 

Initialize model parameters r (nS) 
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Calculate alignment probablhbes P(AIT S) under CUrrent y ues of T(TfSJ 

Calculate expected counts from alignment PfOba het 

Re-estlmate T(11S) from these expected counts 

Repeal until log likelihood of tralOlrlQ data converges to a maxunum 

IBM Model 2 

Model l does not worry about where the words appear In either of the SltulOS So. 

Model 2 bUilds on top of Model 1 to reorder the words In the target sentence The 

Model 2 parameters are the lexical translation probability (T( I 5 ) whiCh II equal to 

the translation probability of target word 1. given source word s., that generated ttl 

which IS estimated In Model 1 and the distortIon probability (d(Jll.l .m) which IS equal to 

the distortion probability, or probability thai t IS aligned to 5 given I and m) which wtll 

be estimated here For example, d(2p .S.6) means the probablhty that tl lS aligned to 

53 where lsi = 5 and It I = 6 

IBM Model 3 

Not all words in the source language map to exactly one word In the larget language 

Model 3 adds the fertility probability (n{s) which IS equal to the IIkehhood of each 

source word translated to one word , two words, three words, and so on) on lap of 

Model 2 parameters. Model 3 has the following parameters 

T(tj I S,j ) = translation probability of target word t given source word ' II that 

generated It 

dc/10,m) = distortion probability Ie probablhty of poslt.on ~ g en Its 

alignment to 5 , I, and m 

n(sJ = fertility of word s . i e number of target words ahgned to 5 

PI = probablhty of generating a larget word by alignment WIth the NULL source 

word ThiS IS also known as SPUriOUS word probability (Kmghl 1999a) 
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IBM Model 4 

The set of distortion probabllrtles for each source and Ulrget PO$ltlOn (I . the 

probablhty of a word In the source sentence change Its poJlbon In the talgel 

sentence) As opposed to Model 2 which does abSOlute reordenng model 4 does 

relative reordenng 

IBM Model 5 

According to Brown et el (1993). Model 5 removes the defiCIenCies of the Pf8VlOU1 

models. For example. Model 4 can stack several words on lOp of one anothef It can 

also place words before the first posItIOn or beyond the last positIOn Ul the target 

string. Therefore , Model 5 fixes deficienCies hke this one that the preVJOUs modets 

have nol handled 

Software tools available for alignment and translallOn modeling Include GIZA" (Och 

and Ney, 2003), Twenle (Hiemstra, 1998) and K·vecH (Pedersen and Varma 

2001). and moses (Koehn el aI , 2007) 

4.5. Decoding 

Once the translation model and language model IS built decoding tnes to find the 

highest probability translat ion of a sentence or phrase among the exponential 

number of choices for a new Input source senleoce This IS the essence of the 

approach to SMT, although the procedure IS Itself slightly more complicated ~n 

involving search through possible source language sentences for the one whtch 

maximizes Pr(S) • Pr(TIS). translation being essentlaUy Viewed as the problem of 

finding larget sentence T that IS most probable. given the source sentence S Put 

mathematically, 



» 

-

peS. T) = ",qm"x(p(Sln) 

= urgmax (P (S)P(T1S») 
• peT) 

= Clrgrncu (P(S)(P(TIS» 

Then. one just needs to choose S that maXimizes the product of Pr(S) and Pr(TIS) as 

Pr(T) is not dependent on S. 

Candidate rranstal ion ">entence I 

C;mdidalC 1 ran ... laI1011 ~('nlcncc :2 

Candidate 1 rUI1<;lation ~cntence J 

Given Source Sentence ~--1 

C;lnd idau~ Translation \ enlencc n 

Figu re' 4.J l)(,fOlti n ~ 

Decoding or finding the sentence that maXimizes the translation and language model 

probabilities is a search problem. Decoders In MT are based on best-first search 

(Jurafsky and Martins, 2008). A' search (a variant of best-first search) was first 

implemented for word-based SMT by IBM (Brown el al ,1995) However, the 

currently publicly available moses (Koehn el aI. , 2007) IS Implemented uSIng beam 

search for phrase-based decoding. 

Searching in SMT involves starting wIth a state with empty hypothesIs Each state IS 

associated with the sum of current cost (which IS the tolal probablhty of the phrases 

that have been translated so far in the hypotheSIS) and the future cost (the esumate 

of the cost of translating the remaining words In the larget sentence) The cost IS the 

product of the translation, distortion, and language model probablliues 
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DecodIng process suggests that the state space of POSSible tranSlatIOnS be "'rchId 

which leads to expanding the entire search space In WhICh case the prOblem Yo De 

P-complete (Kmght. 1999b) Therefore In order nOI to come up w.(h a graph tI\at II 

tOO large to fit Into memory , prunIng of high-cost states and keepng onty the moll 

promising states is very Important 

Software tools available for decodIng that are widely used Include Pharao (Koehn 

2004). and moses (Koehn et ai , 2007) 

4.6. Evaluation 

Evaluating the quality of a translation IS essential although It IS extremely sub,ectrve 

In MT, evaluation is done along two dimenSions fideli ty and fluency It can be done 

manually by human raters or automallcally 

Evaluation Using Human Rate rs 

The most accurate evaluations use human ra lers to evaluate each Iranslauon along 

each dimension. For example. clarity , readabIli ty, and the degree of naturalness of 

MT output is measured along the dImenSIon of fl uency 

Fidelity, on the other hand . is measured by adequacy and Informativeness The 

adequacy of a translal10n is whether It contams the mformatlon that eXIsted In the 

source. Informativeness of a translatJon IS a task·based evaluatIon of whether there 

is sufficient information In the MT output to perform some task Both nuency and 

fidelity can be measured by giVIng raters a scale that show the degree of fluency or 

fidelity so that they can Judge the MT output and rank It In the gIven scale 

The combined evaluatIon of fidelity and fluency to measure the overaQ quahty of 

translation can be done uSIng edlt·dlstance (edIt cost of post .. e<iltmg the MT output) 
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It can take different form like the number of ey ."ok~ u ..... me 13'.;en to post Of 

number of words to correct 

Automatic Evaluat ion 

Despite the fact that human evaluation IS the most rehable It IS very tlmo COO$Umtng 

and boring If done repeatedly Therefore with some comPforTltse 01 quality 

automatic eva luation that has hIgh correlation with human evaluatIOn IS benet to UN 

as it will run frequently to go for system Improvements qUickly 

Automatic evaluation methods Include BLEU (Paplnenl et OIl 2002). 1ST 

(Doddmgton. 2002). Precision and Recall (Tunan et al 2003) . and METEOR 

(Banerjee and Lavie, 2005) 

As BLEU is used In thiS research, It IS Important to have a closer look at II It worQ by 

ranking each MT output by a weighted average of n-gram precISion against a set of 

human translations as references. It measures what percentage of n-grams In the MT 

output is also found in a human transla tion For example. ,f an MT output sentence 

has 10 words and 4 of which occurred In the reference translation USing umgram 

matching, th iS system has 4/10 precISion ThiS IS not good as II favors output 

sentences with repealed w ords If, In the above example the output sentence has 3 

of them the same, it is not fair to 9111e II a precISion score of 4/ 10 To overcome thiS 

BlEU uses modified n-gram precIsion (Po) melnc such that the count of each 

candidate word is dlllided by the maximum number of limes a word IS used In any 

single reference translation 

When computing the score of the whole testset In BLEU firstlhe n--gram matches !of 

each sentence IS computed, then the count IS cliPped (penalized by dIVId ing II With 

the maximum reference count) and added together for all candidates and dMded by 
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the total number of candidate n..grams In the testset as shown '" the t~1f'9 

formula 

Pn = 
LC({Cilndld~l nJ E n-Kr .. m, r (ount , hp(n - gram) 

L, (1' '''ndld'II!U) Ln-gr .. m. l o unl dll'{n - -gram) 

The other problem is evaluating output sentences that have fewer words than the 

reference translation that will abnormally occur In many reference trans!atJoos BlEU 

includes a brevity penally or length penalty over the whole corpus to overcome trut 

problem. Let c be the total length of the candidate translatIOn for the corpus The 

effective reference length r for that corpus IS computed by summing for each 

candidate sentence, the length of the best matches The breVity penalty (BP) IS then 

an exponential in rIc. Put mathematically , 

Therefore, the computation of BLEU is gIven by, 

, N 
I3LEU = I3P • cxp (L.. n: ,log Pn ) 

4.7. Related Works 

There are many researches on machine translation smce Its Inception PrIOr to 1990 

researches on rule-based approach dommate the field of MT In the case of 

Ethiopian languages, an MT research for Engitsh - AmhariC was conducted In 2004 

at MU using rule-based approach (Ylhenew, 2004) and number of researches thai 

can be input to English _ Amharic MT have been conducted by Carl and S,say (2003). 

Sisay and Haller (2003a) and Sisay and Haller (2003b) 

l/IJhen it comes to the statistical approach, Candid (Brown et al 1990) was the firl! 

major prototype that was developed as a result of the groundbrea ng research on 
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MT by a learn of researchers In IBM ThIs learn used the Canad n Hattsard corpus 

and the IBM stallShcal mOdels (MOdell . Model 2 MOdel 3 Model 4 and DOeI 5) 

drawn from ihe algoflthms of Speech recogMlon (Brown et al 1990. 1993) to build 

Candid. These IBM mOdels are considered the first generahon of SMT .. they .,. 

pnmarily word-based models (Brown el 31 1990) as OPPOsed to phtase--bQed 

models (Koehn et. ai , 2003) 

Since then, progresses have been achIeVed In alignment (from word-based (Btown 

et. al .• 1990;1993) 10 phrase-based (Koehn el al 2003 Och and Ney 200.) to 

syntax-based (Zhang el aI. , 2007. Charnrak el 3/ 2003)) . In searchIng or dec(xhng 

(from best first or pure A· (Brown et a/ . 1995) to beam search (Koehn el al 2003}) . 

and in corpus development (the French-English Canadian Hansard the German. 

English VerbiMobir, and the multilingual Europar!) 

SMT researches have been conducted for many language paIrs out of whIch 

Euromalrix (Koehn, 2005) prOject (Wh,ch IS conducted for the Intertranslallon of 11 

languages yielding 110 systems) IS the largest Moreover SMT researches have 

been condUcted for a number of language paIrs, In addition to lhe ones Included In 

the Euromatrix project. Chlnese·Enghsh SMT (Su, 2004). Eston,an.Enghsh SMT 

(Fishel et. aI , 2007), and Tamll·Enghsh (Germann. 2001) are among the language 

pairs for which SMT approach has been researched on 

so 
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CHAPTER FIVE 

ENGLISH - AFAAN OROMOO SMT SYSTEM 

5.1. Introduction 

In this chapter, the proposed English - Araan Oromoo SMT system Wlil ihofoughly be 

discussed. In the next sections. the diSCUSSion on the architecture of the system that 

includes the schematic representation of the system WIth Its software components 

inputs and outputs will be made 

In addition, the experimental selup that Includes the hardware environment on whtCh 

the experimentation is conducted, the software tools used for each component of the 

system, and the data used for the expenmentatlon of the research Will be discussed 

Finally, the process of the experimentation and the results as well as the analySIS of 

the results will be explained 

5.2. Architecture of the System 

The architecture of the English - Afaan Oromoo SMT system that IS shown 

diagrammatically in Figure 5.1 includes the four basIc components of Statistical 

Machine Translation discussed in CHAPTER FOUR language Modeling 

Translation Modeling, Decoding and EvaluatIOn 

The language Modeling component takes the monolingual corpus and produces the 

language model for the target language The Translation Modeling component lakes 

the part of the bilingual corpus as Input and produces the translation model fO( the 

given language pairs. The Decoding component takes the language model 

translation model and the source text to search and produce the best translatIOn of 

the given text. The Evaluation component of the system takes the system output and 

the reference translation of the input to produce the metnc that compares lhe sy5lem 

output and the reference translation 
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In Figure 5.1 above, the SMT components are represented by rectangle , the models 

by cube, the data by pile of sheet, the data flow by arrows and performance report 

by a sheet. 
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5.3. Experimental Setup 

5.3.1. Data 

To find p(S,n discussed In chapter four , there afe two tasks to be accompb:shed bOD'! 

of which require large amount of data One task that reqUires laroe amounts of 

monolingual data is, then , to find out the probabllny of a source 51nog (or lenience) 

occurring (Le., P(S» which has been taken care of by the language rT'IOdeWlg 

discussed in section 4.3. 

The second task requiring large amounts of data IS specifying the parameters of the 

translation model , which requ ires a large bilingual aligned corpus There are rat.l"lef 

few such resources, however. The research group at IBM which has been mauvy 

responsible for developing this approach had access to about three millIOn sentence 

pairs from the Canadian Hansard (French·English) - the offiCial record 01 

proceedings in the Canadian Parliament. from wh ich they have developed 8 

sentence-aligned corpus , where each source sentence IS paired W1th Its Uanslahon In 

the target language (Brown et. a!. 1990) Not only IS the corpus resources avaIlabilIty 

but also its usefu lness depends very much on the stale In which II IS available 10 lhe 

researcher. Corpus clean-up and especially the correction of errors such as Ihose 

arising from transencoding is a time-consummg and expensIve task, and one can 

argue that it detracts from the 'purity' of the data as cleamng by mo(tlficallon may 

result in 'artificial corpus'. The collection, processing and orgaOlzatlon of the data 

used in this research are discussed as follows 

5.3.1.1 . Collection of the data 

The researcher found digitally available Afaan Oromoo versions of some chaplers of 

the Bible and some spiritual manuscripts for which the English counterparts were 

explored on the web. While religious malenal may not contain the day-Io-day 

language words, it has the advantage of being Inherently aligned on the verse level 
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faCIli tating further sentence alignment Another tyPIcal 

Nation's Declaration of Human Rtghts whiCh IS avalla""-
• """' In rna"y 01 "'_. 

languages, including Afaan Oromoo Fortunately enough this text 'W 

sentence-aligned. The Kenyan Refugee Act and the EthIOPIan ConslJlut "" w+'iCh 

are manually sentence aligned, are also among the most Imponant dOcumef"I the 

researcher found on the web Moreover , the researcher was abte 10 k)cat othIf 

documents on the web that have medica l content 

In addition to the ones obta ined from the web, the CounCIl of the Oromaa ReglONl 

State (Caffee Oromiyaa) provided the researcher wrth the leg,slallOl'l' and 

proclamations that have been promulgated In the regional slale In the past yearJ (I. 

1991 - 2007). The council provided the researcher not only the proclamahOf'l' but 

also the regional constitution of Oromia Regional State 

5.3.1.2. Preliminary Preparat ion 

The collected raw files were in different formats and encodlngs Some of them w •• 

even in hardcopies. After having typed the hard copy corpus and merging It y.-Ilh wMt 

has already been collected, manipulation of the data to put It IOta uniform format and 

encoding was necessary. Some of the documents were doc files and hlml flies which 

were pretty easy for format trasconversion and trasencodlng Some of the documents 

were presented in colorful brochures In PDF formal which made the resull 0' the 

automatic text extraction tool less useful without manual postprocessing The other 

documents were in Adobe Page Maker format which demanded a lot of lime gettlflQ 

the text content looselessly . Therefore , a major difficulty 10 the preparahon task Wit 

extracting the data from these documents AU of the data In the corpus WlS 

subsequently converted to plain text, cleaned up from the blank lines and nDllY 

characters , and its encoding was converted to UTF·8 automatically to make It ready 

for training of the system. 
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5.3.1.3. Size of the Data 

The data collected for language modeling and translation modeling _ the ~ 

and bilingual corpus respectively. is described as follows 

• Monolingual Corpus 

The monolingual corpus that is necessary for tra lOlng the fluency of the tatvet 

language is collected from different sources Professor Kevin Scat\neI 

(http://borel.slu .edu/crubadanD provided the researcher some Afaan Oromoo COfJ)UI 

which his crawler has collected from the web With the objectIVe of ~ncteaWig the 

size of the monolingual corpus that is used to estimate the fluency of a sentence .., 

the language, half (I.e., Afaan Oromoo part) of the blhngual corpus was also Indueled 

in this set. The monolingual corpus contains 62 ,300 sentences (1 024 156 words) 

• Bilingual Corpus 

The corpus currently consists of 20,000 sentences (300.000 words In each language) 

although this is not comparable to the resources available to Indo-European 

language pairs, such as the Hansard corpus of size 2 87 mllhon sentence pairs 

(Roukos et aI. , 1997) and EUROPARL corpus of size 1 3 Mllhon sentence pairs on 

average (Koehn, 2005). The following table (Table 51 ) summarizes the amount of 

data used in this research. 

Units 
English 

Sentences 21. 085 
Words 384.881 

BilinQual 
Afaan Oromoo 
20848 
308 .051 

Monoh 
Afaan 
6~.300 

i I.O~4.1 

ngual 
Oromoo 

Table 5. I SUlIlm 'I r)' of Ihe $iu of Iht 10l al ,hila u.t'd In Ih t ruur-flt 

5.3.1.4. Organization of the Data 

. th proporoon of 9 1 beCeuM The data is organized into tra ining and testing data In e 

. f t that the bener the $VIlem of the size of the data. The researcher beheves In the ac 
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learns the better it answers. That is why it is planned to train the system WIth goo,. of 

the data and test with the rema ining 10%. The data IS split randomly Into two to rna e 

trallling, and test set. 

• Training set 

The training data consists of 19,058 sentences (354,978 words) of English and 

18,699 sentences (280,880 words) of Afaan Oro moo which were used for tralntng the 

translation model. 

• Test Set 

The test set is the part of the bilingual corpus that whose source text IS gIVen to the 

system and whose target text (also known as reference translation) IS compared 

against the output of the system. The test set contaIns 2,027 sentences (29903 

words) of English and 2,149 sentences (27,171 words) of Afaan Oroma 

In addition to the preparation of the data discussed section 5 3 1 2 above Pfepanng 

the test set requires wrapping up the source and the reference text With SGML 

markup. This is done automatically using a script written usmg python for thiS 

purpose. As the automatic script for SGML marking up IS not accurate enough due to 

the inaccuracy of the sentence aligner , the source and the reference translabOn are 

edited manually for the proper markup. 

In order to be in the right format expected by the evaluation SCriPt. the reference 

translation file is wrapped in the SGML markup as follows 

<ref Bet Betid."enom" s r clang."cn" trglang."om"~ 
<doc docid ."enom" $YBid." re! " ~ 

<Beg id.#senteceIO~ line o f sentence here < 

</doc~ 

</refset~ 
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likewise the source file should also be wrapped up WIth SGML markup showing the 

descnptlon of the system, the document and the segments as fofkJws 

.. 

5.3.2. Software Tools Used 

The training of the system was done IS 32 bit IInux machine as an operating system 

platform Moreover, there are different scnpts and software tools for each component 

of the SMT system whose blueprint IS shown In section 5 2 above 

• Preprocessing 

Preparation of the monolingual and the parai1el corpus data was done using different 

SCripts written for this purpose (available at http.llwww statmt.org) Those scripts 

which have been written for preprocesSing of corpus before it is sent to the actual 

training have been customized to handle peculiar behaviors of Afaan Oromoo like the 

apostrophe. Sentence aligning, tokenlzatlon , lowercasing and truncatlng long 

sentences tha t take the alignment to be out of optimality were done by those scripts. 

• Language modeling 

The widely used language modeling tool SRllM toolkit (Stolcke, 2002) was used for 

language modeling because the moses MT system has a support for SRllM as a 

language modeling tool 

• Word Alignmen t 
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F()( word·ahgnment. the state-of-the-art method ts GIZA .... (Och and Ney 200J) 

whICh Implements the word alignment methods IBM 1 to IBMS ~tle thIS method has 

a slIang IndcrEuropean bias. it is nevertheless interesting to see how tal can be 

used In Cushltic languages like Ataan Oromoo With the default approach used In 

stallStlcal MT 

• Decoding 

Decoding IS done using moses (Koehn et. ai , 2007) wh1ch is an SMT system Ihal ls 

used to train translation models to produce phrase tables. Moses decoder war 

usmg beam search algorithm (Koehn, 2004) for searching the best among the 

candidate translations. 

• Postprocessing 

Now that the data is prepared, the model is bu ilt and the system is given the test data 

and produced the output , the obtained output text must be postprocessed to be 

evaluated against the reference. The tasks in the postprocessing are recasing 

(bringmg Ihe lowercased text to its proper cased equivalent), detokenizing (bnnging 

the tokenized text to its human readable equivalent) , and wrapping the output 10 

SGMl markup in order to compare the output with the marked up reference text 

segment for segment where a segment is a single sentence 

Once the reeaser is trained on the already available cased corpus, It can guess what 

case the words should have in a sentence and creates the recased output file 

The next task is detokenizing the recased output. The detokenizer removes the extra 

spaces between strings and punctuation marks that were inserted 10 tIea the 

punctuation marks and strings separately during training and lestlng 

Next is wrapping the output in SGML markup to make it ready for BLEU 
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I)fferent scnpts are available al Iwww tattn thaI can do the r~ 

delokemzlng and wrapping with SGML and have been customized to SUpport Alaan 

Oromoo 

• Evaluation 

Evaluation IS done using the BLEU (Papineni et aI., 2002) sconng tool USing 8 

reference translation prepared manually from the parallel corpus, the transJauon 

quality of the system output which was translated can be evaluated This Is done by • 

scnpl 'mteval-v11 b,pl' wh ich is available at .!::!.nP.:/Iwww,statmt oro website 

5.3,3. Hardwa re Environment 

The system was trained and tested on the powerfu l computational Infrastructure 

which IS dedicated for resource intensive researches such as machine translatIOn In 

the Department of Computational Linguistics and Phonetics at Saarland University. 

Germany 

Access 10 sixteen clusters of computers suitable for CPU intensive tasks that require 

hnle memory and one computer which is su itable for memory Intensive tasks was 

given to me Since mine is of the second category , I used the system that is suitable 

for memory In tensive task. Hence, the experiment of this research wa s conducted on 

a server that has 8 AMO Opteron 8220 dual core processors operating al 2 8GHz 

and 128GB RAM. However, since model building is the task that requires hfgh 

computational resource. once the models are built. the system can be used on any 

computer Without requiring as much memory as that in building the models 

5.4. Experiment and Analysis 

5.4.1. Preprocessing 

• Tokcniza t ion 
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YhW)n IllY to Inspect the output of the sentence-aligner for the Oromoo doo.metu I 

nobCed thai a word is spht Into three tokens (one to the ~tt of the 8ppo&ltophe tnt 

appostrophe Itself. and one 10 the nght of the appostrophe) thIS it due 10 the tid 

thai the senlence-aligner does not consider a word having · , • (apos ophe) IS one 

W()(d So. I have to modify the preprocessor in such a way that II should not &epa,. 

a word Into three pieces, rather as a word having the appostrophe as a character 

In Alaan OromaD. when th is symbol comes at the end or beginning 01 a WOfd. It as 

used as a single quote. Otherwise , it is used to represent a sound called 'Hudhaa' 

thaI should be dealt with at preprocessing. Here, if .... (aposlIophe) appears to be 

WIthin a word , the tokenizer should nol consider it to stand by itself rather It shou6d 

keep the characters to left of it, itself and the character to the nghl of it as one loken 

• Preparing Abbreviati ons 

Though not exhaustive enough, list of the abbreviations for Afaan Oromoo thai 11 

used for lokenlza tlon and sentence alignment was prepared manually 

5.4.2. Building and Testing the System 

In Figure 5 1, it is shown that the language modeling SUbsystem lakes the 

monolingual corpus as input. For this research, 62,300 sentences (1 ,024,156 WOfds) 

of monolingual corpus (including the half part of the bilingual corpus · the Alaan 

Oromoo part) was used to train the language Modeling subsystem 

BIlingual corpus of 21 ,085 sentence (384,881 words) of English and 20,848 

sentences (308,051 words) of Afaan Oromoo corpus was used to ~1I1d the II, I 

translation model of the system. From this, 90% or 19,058 sentences (354,978 words) 

of English corpus and 18,699 sentences (280,880 words) of Ataan Oromoo COfPU1 

has been used to train the system and the remaining 10% or 2,027 sentencet 
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(29 90J words) of English and 2.149 sen1ences (27.171 words) of Afun Ororno 

corpus has been used for testing the system 

5.4.3. Postp rocessing 

In postprocessing, the output of the system ~ s recased (i e , it Is put In proper case of 

natural language), delokenized back to its original form, and wrapped Into SG ..I l 

markup to make II suit the evaluation script. 

As It has been shown in section 5.3.1.4. the output file is also wrapped up In the 

SGMl markup to fit the reference translation in structure for the evaluatiOn ICnpI IS 

follows 

These tasks are among the most tiresome tasks in th is research Because, as data Is 

piped from one process to another, the defect injected by one process WIll Pfopag Ie 

10 the next process making the final output difficult 10 match up With the imual one 

For example, wrapping up the output docurnent sentences Inlo SGML requires the 

output to have equa l number of sentences as in the reference translahon The 

system is not guaranteed to give us this if the source and the reference do not have 

equal number of sentences, even after autornatic alignment of sentences Therefore 

SOme manual Intervention of making the source sentences equal the ref8fenc:e 

translahon to solve these discrepancies is made as it is ineVitably necessary 
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N 

Figure S.3 Individual N-grnrn Scoring 

In addition to the limited size of the training corpus, the overall BLEU score of the 

system IS aMnbuled to the following major reasons; 

• Availability of a single reference translation 

A source sentence can have many possible translations. A very good MT output 

might look like one human translation, but very different from the other one Thus, 

automatiC evaluation melries judge MT output by comparing with multiple human 

translations and taking the average. However, in th is research , there Is only one 

human translation for the given source sentences. As a resull, a little deviation of the 

MT output from th is single human translation will count against the score of this 

system which could not have been the case if there were many human translations 

For example , I have seen an output sentence "QooQa Oromoo· for the translation of 

source sentence "Cromo Language~ which has a human translation of ·Afaan Dromo­

In the test data. From this example, one can easily note Ihat even if the translation Is 

correct, the automatic metrics will not consider it as good because the outpUt 

translation IS not found in this single reference translation. 

• Domam of the test data 

The test data is composed mainly of three major domains - legal. medICal and 

religious. The domain diversity of the test data has affected the BLEU score 

significantly. As the majority of my data is from the religious domain. upon evalU3tJng 
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the OlIt,pUt. I have Investigated the bias introduced by the tra ining data from religious 

dOfTl8rn That IS. the system performs better if it is tested on religious documents than 

dOCUments from other domain. 

~n seen separately, the BLEU score for the test data from the legal, medical, and 

religious domains are 13.69%, 1.97%, and 21 .72%. respectively. From this, one can 

conclude that the BLEU score of the system is highly dependent on domain of the 

training and test ing data. 

5.4.5. An Attempt to Improve the Result 

In an attempt to Improve the result, the researcher tried to deal with the corpus size 

by bootstrapping as long as there is improvement in the BLUE score. Once the 

system was capable of translating English documents to Afaan Oromoo documents, 

rteratNe increase of the corpus size is possible by having translated English 

documents that have no Afaan Oromoo equivalent and then using them as parallel 

corpus. Two successive runs of the system (using 1000 English sentences in each 

run) and then retrain and retest showed deterioration of the BLEU score as shown in 

the following graph. Therefore, one can conclude that the initial corpus is not 

sufficient enough to Irain a system that produces good quality output that can be 

used in retraining the system. 

50 ~ 
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"f 30 
2S 
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IS 
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~Initial System 
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CHAPTER SIX 

CONCLUSION AND RECOMMENDATION 

6.1. Conclusion 

In thiS research, experimentation of statistical machine translation of English to Afaan 

Oromoo was conducted and a score of 17.74% was found . Although Afaan Oremoo 

IS among resource-scarce languages (Kula et. aL, 2008) of the world , the result of 

thiS experiment shows that the amount of data available can be used as a good 

starting point to bUild machine translation system from English to Afaan OremOD. 

Desp~e the fact that there is not any existing MT system for English to Afaan Oremoo 

language pairs with which one can compare the result of th is system, the researcher 

believes that comparing the score with other existing systems' scores for other 

language pairs will enable one to judge the level of achievement. For instance, it has 

been reported in 2006 (http://www.statmt.org/jhuws/?n=Members.EvanHerbst) that 

Ihe BlEU score for English to German and that of German to English was 17.76% 

and 25.54% respectively. Thus, one can conclude that this system performed not too 

low as compared to the systems built on sufficient amount of resource. 

6.2. Recommendation 

As the extension of the current work , the researcher recommends the following: 

• VVhile the currently reported scores are not state-of-the-art, the researcher is 

confident that further experimentation and the addition of more bilingual data 

will raise the accuracy level of this system. Therefore, the researcher strongly 

recommends the addition of more bilingual data for further experimentation. 

• Only one reference translation is provided for evaluation of the system in this 

research . However, if more human references are used to calculate the BlEU 
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score, the scores will be higher (Le .• scoring one system WIth four human 

reference translations will increase the number of over1apping words versus a 

score calculated with one human reference translation). Therefore. evaluating 

the system using more reference translations is left for future work 

• The researcher noticed that the same Araan Oromoo words in the corpus 

were considered by the system as different words due to spelling errors, 

Therefore, the researcher strongly recommends the development of spell 

checker fo r Afaan Oromoo that will help facilitate the document preparation. 

• For a given language, accuracy of translating from il is different from 

translating into it. For example, while building translation systems for 11 

languages, Koehn (2005) has proved that the score of translation from 

German IS different from the score of translation into German. Thus, it is good 

to compare which d irection of translation between English - Afaan Dromoo 

gives a better result using the given corpus. 

• As the tools and techniques available for Indo-European languages are 

proved to be useful for Afaan Oromoo in this research. the researcher believes 

that these tools and techniques should be applied for other languages in 

Eth iopia to help the speakers of the languages reap the benefits of getting 

documents available in English without renouncing their own language. 
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Appondix A: Sample output 0' tho systom 

Str< S oms C ........ 
. 

' ..... - No ~ o.on.o _ ~ ,"",," .... R.nIlInd UN"_ 
Met ~ Income TIJI Amendment PnxMrnIlIon , Rolwonco ff-IAI< 99i,9971.1Oii _ , F~ t.I> ~ Got>wa GoO "'" a:.--"_O"",.."'Doeb< .... FJ!!!!!tI ..... _ ~ __ 

()JtpuI ~IAI< 99i'997 __ o.-yul<lll I FI)')'IdnI LII. 
~ .. fi Go ... GoO Hoj! Conn .. N 'IWOOOU _ 

~"" NOW therefore , In ac:cordance 'NIth a1Ide 49(3) (. , oIlht CClnSWIlOn CIt lit ~ 

iol.1e<enco NabonII~ GovemmenIIlIS~ aslolaws 

2 sUW. titer. Mootummaa Naannoo Oromryu keewwau 49(3X' ) WI kll'l k~ M"IU 

~, '-' Akkaataa keewwata 49 (3) (a) ttl kan He«a FOO'fYa'aa Mootunvnaa NM"II'IOO Orcmyu kll'l 
k.,alti aanu Iabsameera ,. , PARTONE __ 

3 Role<""" KUTM TOKKO Tumaalee Wa/iIiQaIaa 
()o Kutaa Tokko Tuma~ WiUgaIaa _ 

" 2 0e6n1bOns In thrs unless the oontexl rMUlItII 0ItierMse 
4 R.- 2 Hukka. Akkaataan seensa )8ChIchN hIikk.aa tna kM k~ )'OClCa • n\IIet WIei 

ka'la keessaltl. 
()O"'" 2 HU.a labsiI kana keessalJl Hilla Akkaalaa:t~ ~sa ......... 
In"" But ~ does t'IOI rIdude 

5 ~......,. Haata'u maIM horsksee bulla rw. dabaiaIU 
Gcwuu daangaa Iw1 dabaIatu 

In"" 3) Enterpr\se means slate laon and a'ly en\ertlnSe r8Ql.Wld 10 pay nnlllnd UN ~. 

~ef«ence 
,e, lit. loOn 

3) Oh_"cI""" Ohaaba Mosooma Oono .. qabyyee """"""",, .. --... 
6 kamly)'Uu klffa! ittI larradama lala baadiyyaa haalalabsi klf\8atr.fl ka"aIuun m ~ 

I lechuLdla 

()O"'" (3) n (cIllqamuu'Jec:haa Mootummaarraa klmfY'lUu atka gall. Kafliltlll!l fartadama 181'. 

- ~, 
baadlYYaa akkaataa labsu kana _ 
22 p~ and DutIeS of Tracie Trans and Industry &lreau 

7 ~f!'fence 22 AMQOOfi Hotil BlIroo Oaldala Gee baa~ Industri 
()o , 22, Aangoofi Hoji Blroo Oaldala 

-
Input 2) To ensure !he observance of laws and ditecbVeI ~S4Itd 10 regutate Ir~and no. 

seMCeS SUDefVlSO the trade and tranSDCWt adMties t'IOIlO be ted _ 
Refefence 2) Seeronnl, danboonnnfi q3f88ll<rnooMl hqii daldalaafi gefJballO'ad'Iuuf bIhIn no,m. 

8 ooktusaanit nl miOlaneessa, I'qMn daldalaafi lifaaIIIa geegibu......, .. .... 
'0:."", raWNalamne nllO'ata 

2) Seeron" ......... "" ........ """" 1_ ... gee,ba "'" dMd~." gee,tIoI .... 
lion bwsu ,."'" The B~ us to show love Ifld 10 be CdOsWllll'2-"f 

9 Re'"""" Macaafnl qulquluun ,aalala Ikka agnsnw'akla w.lIIiI ebb! ~ 1'M.IgOI'toI-

'2-'''- _ 
QrtO.., Macao'" CNlouIwo _ ,.~ ... "'_ 11oogo..,.. -, '2-,41 

r '0 

Each yea In the UI1lted StMes IiImoslllSO,OOOwomen .e~'MII'I tnIII~ 
Reference Baruma bnan tryyaAtneenkaa ke:ssatlldubWU lao,OOOI'lolqnll r.m..~, 

I QO(fjatee roolltlata _ 

, ()O"'" Waggaa i:*kO keessarulOUurrrnaI qabaaia nftOOnI 180,000 cNgnoMd brtIII ~ ~ _ .... 
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