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ABSTRACT

Amharic is a language most widely used in Ethiama serve as the official working language
of the Federal Democratic Republic of Ethiopia. pi&s this fact, English serves as medium of
instruction and communication in academic environtneworking language in some
governmental and nongovernmental organizationsthdpia. This fact showed that there is a
language barrier between what most peoples of thiare familiar with and expected to use in
their working and academic environment. Hence, Bxpnting on the applicability of a cross
language information retrieval system for Amhariecgish which can break the language
barrier is important. This research is mainly coethed to break the language barrier that
Amharic speaking users face in obtaining and uijzdocuments available in English.

The experimentation conduct is employed a corpsedapproach which make use of phrasal
query translation. This approach requires accefigiof a large volume of parallel documents
prepared in Amharic and English. News article waesed to conduct this research.

The performance of the system was measured byge/gracision and recall. The result of the
experimentation is recall value of 0.248 for traated Amharic queries, 0.463 for Amharic
queries 0.436 for the baseline English queriessTdhowed that the result of the translated
queries was low compared to the baseline queries.

The performance of such system is highly deperwtetite phrase translation system. Hence
coming up with a good translation model will havpaamount impact on the performance of

the system. Therefore, with the use of adequateadg land cleaned parallel Amharic-English



corpus, it is possible to develop a phrasal queaynslation for Amharic English a cross
language information retrieval.

Key words: phrasal query translation, Cross Language Indtion Retrieval, phrase alignment



CHAPTER ONE

INTRODUCTION

1.1 Introduction

The general aspire of this chapter is to give readesight into the general background of the
research, the problems that motivated the researchthe methods and approaches followed to
deal with the problems. It also defines the obyagtiof this research, the scope that this research
is up to, the limitation that are faced and theligppon of this research. Finally, this chapter

concludes by describing how the thesis is organized

1.2 Back ground

A lot of information is being created every daytaalay’s information era. So, creation of such
large documents together with the development gitaliand online information repositories is
creating many prospects as well as troubles inrimédion retrieval (Aynalem, 2009). One
problem is it lets information users absorbed thuge collection of information, which is both
relevant and irrelevant to their requirement. Adoagly, it is becoming complicated for users to
choose on what is relevant to their needs fromlabi@ enormous amount of information.
Hence, there has to be a mechanism to liberatenafiton users from such unpleasant situation.
Such situation increases the significance of infdram retrieval (IR) systems which can make

relevant documents accessible to information usens a huge collection.

IR systems strive to resolve the difficulty of idiéying relevant documents from a huge

document collection. In the era of extremely laogdlections, such as the World Wide Web



(WWW), IR systems’ ability to retrieve highly relent documents has become more and more

essential (Tallvensaari et al., 2007).

The other phenomenon in the information era isab&lability of documents in a number of
languages. According to Tune et al. (2006) the fg@®wing use of the Internet for
communication and dissemination of informationde#o availability of electronic information
sources in an ever-increasing number of languafes.availability of documents in different
language poses a language barrier to classical ydRerss. This barrier raises additional
requirement on the classical IR systems. HencesyBRems capable of handling such language
difference needs to be studied. According to Btles and Croft (1997), increased availability
of online text in languages other than English amuteased multi-national collaboration have

motivated research in Cross-Lingual InformationrieReal (CLIR).

In classical IR both the query and the documengsiraithe same language and the system is
expected to generate documents that are relevatitetauser queries. But in case of cross
language information retrieval (CLIR) system theeiguand the document may not be in the
same language (that means the query may be inamgeidge, but the document could be in a
different language than the query). Hence, crasguage information retrieval system (CLIR) is

expected to generate relevant documents to thequeeres though documents and user queries

are in different language.

In classical or monolingual information retrievgstems the users must use the language of the
documents in their search query in order to re¢rigv For example in order to access English
documents English queries must be used. Therakmes must be fluent enough in the language

by which documents are prepared, to represent thkgtneed. This constraint limits the amount

2



and type of information which an individual usealhg has access to. But this constraint is may
be resolved in CLIR, since CLIR raise the posdipibf formulating queries in almost all
possible languages. According to Abusalah et &0%2, this may be enviable even when the
user does not understand the language used ietiieved documents. So, once it is known that
the information exists and is relevant, the regt\documents can be translated by a human
translator. For example, when doing original resieait is essential to find out whether the topic
of interest has already been studied elsewheieeimvorld. So, this makes it possible for users to

directly access previously unimagined sources fofination.

In the past five years, research in Cross Lingofarination Access has been vigorously pursued
through, the Cross-Language Evaluation Forum (CLEHCIR Asian Language Retrieval,
Question-answering Workshop and such other forgnifstant results have been obtained in
multilingual summarization workshops and cross-leage named entity extraction challenges
by the ACL (Association for Computational Lingues) and the Geographic Information

retrieval (GeoCLEF) track of CLEF (IJCNLP 2008).

1.3 Statement of the problem

According to Atelach (2008) information can be axted from the Internet in almost all of the
world’s major languages among which Amharic is dhés the official working language of the
Federal Democratic Republic of Ethiopia languageadidition; it is the second most spoken
Semitic language in the world next to Arabic. Ire tA008 census, around 30 million people

claimed Ambharic as their first and second langu&gelargachew, 2009).

According to Aynalem (2009), Amharic language isdign academic institutions, governmental

and private organizations, courts, etc of the aguas working language. It is also given as a
3



subject starting from grade three in non-Amharieafing zones or regions in Ethiopia. In
higher academic institutions it serves as langusfgeommunication in administrative offices
although it is not used as a medium of instructlbalso served as a second working language in

non-Amharic speaking regions of the country.

Despite these wide uses of Amharic language, tlgtigbnlanguage is being used as a medium of
instruction in secondary and tertiary educatioegkls in Ethiopia, in addition to being given as
a subject in primary and junior levels. It is atb@ medium of instruction from junior levels

onwards in Addis Ababa and Dire Dawa (Aynalem, 2009

In addition to the above facts most of the docusm@nviailable on the Internet, which could be
relevant to students and other Amharic speakingnoomnity, are written in English language.
This fact is observed from analysis by Web charazton Project of the Online Computer
Library Center that 73% of all the web pages aré&nglish (Hersh, 2003). This wealth of
information should be available generally to alknss specifically to the Amharic speaking

society.

To make this wealth of information available to tAmharic speaking society, the language
difference that exists between the documents dlailan the web and the language used by
users should be resolved. According to Saba (2@B&)development of retrieval system with a
cross-lingual or multilingual capability for thefidirent languages is essential. This could be
accomplished through translation of queries (tlsatexpression of users’ need in a natural

language) or either the documents available iIV¥NéW.

According to Aynalem (2009) human beings are ablgtraightforwardly state what they need in

the language that they are expert or fluent in gnr@another language on which they might not be

4



fluent. Using a language that the user is expartgterying the system may possibly enable
users to spell out what they need precisely. Intmag due to their limited vocabulary users
might feel uncomfortable to formulate queries imefgn languages. This could possibly affect
the performance of the retrieval system where theygis used. This also holds true for Amharic
speaking information retrieval users. For examfléAmharic speaking person wants to use
retrieval system to retrieve relevant document frdme web since most retrieval systems
available today uses English language, then thsopeis expected to use English queries to
retrieve the relevant document. But if the persoght not fluent enough to formulate English
queries then he/she might not able to precisetg sthat he/she needs and this in turn will affect
the performance of the system. Therefore, to oveecthe language problems cross language

information retrieval which can gap the languagabjgm became an area of research.

To this end different researches are done to desi@hIR system for Amharic and English. To
mention some of these works, dictionary based Amtamglish retrieval (Atelach et al., 2004),
Ambharic-English Information Retrieval with Pseudel®ance Feedback (Atelach, 2008),
Ambharic-English cross lingual Information retrievah Corpus Based Approach (Aynalem,

2009).

Even though, these works are a very good starthi®rdevelopment of Amharic-English cross
language information retrieval, they have their olwnitations. Some of the limitations are

described below.

The dictionary based approach suffers from lackdaftionary coverage; and an out of
vocabulary (OOV) may rise. The other problem magéese disambiguation incase of multiple

entries for translation.



In the Amharic-English Information Retrieval withrséudo Relevance Feedback even though
different experiments are done, but as the resead#scribes the experiments conducted are too

limited to draw any conclusions.

The corpus based system employed word-based gamsidtion, that is, it translates a query by
considering each word independently. Translatincheaord independently might fail to make

use of the advantage of translating phrases aogewh

So, considering the above limitations, further stigation need to be done in order to, improve

the performance of Amharic-English cross languaf@rimation retrieval.

Phrasal translation of queries may be one possibieto improve the performance of Amharic-
English cross language information retrieval. Adaog to Hull and Grefenstette (1996)
translation of phrases as full phrases is of maijgnificance in CLIR. Hull and Grefenstette

studied French to English text retrieval and trsublteof their experiments are shown below.
Average precision at 5, 10, 15 and 20

1. queries based on automatically generated word kdisgdnary 0.235

2. queries based on manually built word based dictp6269

3. queries based on manually built multi word phrdiséonary 0.357

The original English queries (baseline) gave therage precision of 0.393, thus word based
CLIR queries performs much poorer than the basejineries, while the gap between phrase

based CLIR queries and baseline queries was small.

Failure to translate multi-term notion as phrase=atly reduces the effectiveness of dictionary

translation. In experiments where query phrasesewmsanually translated, performance
6



improved by up to 25% over automatic word-by-wavdB\W) query translation. Automatically
identifying phrases and defining them as such wondgrove effectiveness (Ballesteroes and

Croft, 1997)

So the endeavor of this research was to test tpicability of phrase based translation and
overcome some of the aforementioned limitationhaf word based translation of queries in a

corpus approach for Amharic-English cross languafggmation retrieval.



1.4 Objective of the study

The general and specific objectives of the researeloutlined below.

1.4.1 General Objective

The general objective of this research is to expenit the possibility of designing Amharic

phrasal query translation for enhancing AmhariciBShgCLIR system.

1.4.2 Specific Objectives
In line with achieving the above general objectife, study accomplishes the following specific

objectives.
* Review previous works on Amharic English cross taage information retrieval and the
Ambharic language.

* Review approaches and techniques to automaticafigtouct Amharic-English bilingual

phrase dictionary

« Translate the Amharic queries by using the phragdaigual dictionary constructed

automatically
* Prepare test documents and queries for experin@mtat

» Develop a CLIR prototype that uses Amharic queded retrieves English as well as

Ambharic documents from the test collection.

* Test and evaluate the effectiveness of the prototyging the queries and documents

prepared for testing

« Recommend further research works in the area

8



1.5 Scope of and limitation of the study

1.5.1 Scope of the study

The scope of this research is restricted to usigglne English queries and their translation
equivalents of Amharic queries. The English quesiesused to retrieve English documents and
the corresponding Amharic queries are translatéd English using the phrasal translation
system and are used to retrieve Amharic and Englsstuments. After query translation, the
major information retrieval processes (indexing ae@rching) is done. The prototype CLIR
system developed for this particular research heenlused for experimentation and report

findings in the research work

1.5.2 Limitation

Even though the corpus based approach requires guarge number of parallel corpus for a
better level of alignment, the system trained arding smaller size of parallel corpus. The main
reason for doing so is scarcity of computing resesir Training the phrase based model with

large corpora requires quite powerful computerhviaigh processing speed and large memory.

1.6 Methodology of the study

1.6.1 Literature review

Books, articles and different literatures from theernet, which were helpful to accomplish the
work, were reviewed. Articles, books and literaturegarding the Amharic language are also
reviewed. Articles regarding approaches and teclescgfor automatic phrasal translation are
reviewed. In addition to this different researclwsmducted on cross language information

retrieval in different languages are also reviewed.



1.6.2 Data collection

As discussed in different literatures corpus-basetiniques for retrieval systems require a lot of
bilingual documents. Hence, large bilingual corpusnportant for corpus based research since
the performance of the system depends on the sibe @orpus. According to Tallvensaari et al.
(2007) large parallel corpus is ideal for corpusduhresearch. The larger the corpus and the
more similar the aligned documents are, the morecare rely on the translation knowledge
gained from the corpus. On the other hand, commgvith such large collections are hard to

come by.
For this research, part of the parallel corpus filaat been used in Aynalerhi®search is used.

1.6.3 System Design

1.6.3.1 Transliteration

Ambharic language uses its own character set wisicifierent from Latin. The documents that
had been used for the research have been traatddebefore the translation was done to
facilitate easy computation. The Ambharic text chteess had been converted into the
corresponding Latin characters by using SystenEtbiopic Representation in ASCIl (SERA)

(Daniel, 1996) transliteration scheme after maldome modification to the original scheme.

1.6.3.2 Alignment
As stated in the scope of the research, this relsased Amharic queries for the retrieval of
documents both in English and in Amharic. The Anthgueries used to retrieve Amharic

documents, was also translated to English quergetaeving English document.

!t is taken from (Aynalem, 2009)
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Translation of the Amharic query was done basedAwonharic-English phrasal bilingual
dictionary which was constructed automatically frparallel corpus. The parallel corpus used
contains 270 news items having a total of 6644esm@s. We employed statistical machine

translatio approach for building the bilingual phrase diction

1.6.3.3 Query Preparation

Sample documents were selected for experimentatohtesting of the prototype. In order to
evaluate the performance of the prototype, 50 besé&lnglish queries and their corresponding
(translation equivalent) Amharic queries were pregaand 50 documents are selected for

testing.

1.6.4 Experimentation and performance evaluation
At this step, the actual test of the prototype wase using the test document collection, the

baseline English queries and their correspondinfp#@im queries prepared.

The first experimentation was done by submittingdbae English queries for the CLIR system
to retrieve documents that are judged to be relebpithe system. Then the result obtained was
used to evaluate the performance of the CLIR sysberaddition the result is also served as the

ground for evaluating the performance of the pHrmaaslation system.

The next experiment was done by submitting the ved@int Amharic queries prepared to the
translation system. Then the translation was subdib the CLIR system and used to retrieve
English document. The result obtained was usedutlyg the relevance of the retrieved
documents for the query. In addition the result wasipared with the baseline English queries

and the performance of the phrase translation systas evaluated.

? For detailed explanation of the approach see chapter three of the report
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Lastly, the Amharic queries were submitted to théRCsystem to retrieve Amharic documents

and the results are used to evaluate the perfomnaiitte CLIR system.

For the evaluation of the CLIR system, recall anecision (the two most basic and frequent

measures of information retrieval effectiveness)used.

1.6.5 Tools and programming language used

1.6.5.1 Tools used

GIZA ++

Giza++ is an application contained in the SMT Tddlgypt, which is designed specifically for
aligning parallel text. It is used for aligning tiparallel corpus at a word level and generates

alignment table.
THOT

THOT is a toolkit for creating phrase tables spealfy from a format like that produced by the
Giza++ text alignment process. Capabilities suclpeforming operations on word matrices,
inverting translation tables, applying variousdiit to the phrase table being created, and many
counting and measuring scripts are included asqgiatie THOT toolkit. It is used to generate

the phrase alignment table.
Apache lucene

Apache Lucene is used for the retrieval task oexm and searching. Lucene is a high
performance, scalable information retrieval APlrdity. It lets us add indexing and searching

capabilities to applications. Lucene is a matureg,fopen-source package implemented in java;
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it is the member of the popular Apache Jakartalfaofiprojects. As such, Lucene is currently,

and has been for few years, the most popular frea IR library.
Programming language

Phython is an interpreted, objected-oriented, Heglel programming language with dynamic
semantics. It enable us to implement the functipnate want without any hassle and let us
write programs that are clear and readable. Thexeféimharic-English phrasal bilingual

dictionary developed using Python script.

1.7 Applications of the Research

The output of the research would benefit those areofluent in Amharic to express queries and
use IR systems to obtain information from the w&hese users can be anyone who can
formulate queries in Amharic and understand theesdrof English documents that are returned
for the given query. It can also benefit those siseého may not understand content of English
documents, once the result is believed to be ratevacan be translated to Amharic by human

translator or automatic translation system if eaisy.

In addition to this, the research can be a good &a a Multilingual Information Retrieval
(MLIR) system using Amharic query. In MLIR, the gyeamay be given in any language and
documents written in any languages are translatiedtihe language of the query before retrieval.

This means that, MLIR involves more than one CLIR.

1.8 Organization of the Thesis
This section describes the organization of the oéshe thesis. Chapter two presents review of

literature, it has the purpose of briefly discugswhat has been done so far on cross language
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information retrieval, also includes some genemtkground information about the Amharic

language.

Chapter three thoroughly discussed the phrasemégh procedure used for this work; gives
detail description about the tools used for phrasaislation and in addition to this different

related concepts are discussed.

Chapter four gives detailed description of the parbased Amharic English cross language
information retrieval. How the system is designed @escribes the process involved in the

system.

Chapter five presents the experiments and restilteeoexperiments. Analyses of the results

obtained from the experiments are also presentddsrchapter.

Chapter six is the final chapter of this thesis is@oncludes what has been done so far and

forward recommendation for future work.
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CHAPTER TWO

LITERATURE REVIEW
2.1 Introduction

This chapter deals with review of literatures. Rexs of literatures that are believed to be
relevant for this research have been made. Theequbat sections of this chapter have the
purpose of briefly discussing what has been donéason CLIR by reviewing the works of
different researchers. It includes some generak maound information about the Amharic
language such as its scripts, grammatical formadioth punctuation marks and some typical
characteristics of the language. It also includes évaluation techniques employed in this

research.

2.2 The Amharic language

2.2.1 History of the Amharic language

Ethiopia is a linguistically diverse country whenere than 80 languages are used in day-to-day
communications. Although many languages are spoké&thiopia, Amharic is dominant in that
it is spoken as a mother tongue by a substant@hsst of the population and it is the most
commonly learned second language in non Amharialspg regions of the country (Marvin et
al., 1976).

2.2.2 The Amharic language script

According to Marvin et al. (1976), three writingstégms are in use in Ethiopia, the Amharic
syllabry, the Roman alphabet, and Arabic scripte Bmharic syllabry, which is derived from
the writing system of ancient South Arabian indoops, is used for Ge’ez, Amharic, and

Tigrigna, with slight modification.
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According to Marvin et al. (1976), the Amharic syity is solely Ethiopian writing system, used
nowhere else in the world except Eritrea (whichgesqed to be part of Ethiopia) and Israel (by
Ethiopian Jews). The writing system of Amharic asimilarity with a few Semitic languages

like Arabic in having vowel marks added to basigatbnsonant letters.

Ge’ez took its script from the ancient Arabian laage mainly attested in inscriptions in the
Sabaean dialect. Ge'ez is served as a source fdraAo) which is used as present writing
system (Marvin et al., 1976).

Though, original Sabaean alphabet is said to h&eymbols, Ge’ez took only 24 of the 29
Sabaean symbols. Then most of them were modifietl taso new symbols were added to
represent sounds of Greek and Latin loanwordsawid in Ge’ez. The style of the writing was
also modified to left to right. By the time Ge’erased to be a living spoken and written
language and replaced by Amharic and other langudgeher changes took place. In adopting
the Ge’ez fidel Amharic did not distinguish; it toall of the symbols. It also added some new
fidel that represent sounds not found in Ge’'ez.s€hkdels aref, e ¢, 7, o, @, 0,

and 1. The style of the writing was also modified fronft ® right (Baye, 1987).

According to Baye (1987) at present, the languageisng system contains 34 base characters
each of which occurs in a basic form and six ofoems known as orders. The seven orders
stand for syllable combinations which consist afomsonant following vowel. Due to this, the
Ambharic writing system is often called syllabic et than alphabetic, even if there is some
opposition. The 34 basic characters and their giers give 238 distinct symbols. Additionally,

there are forty other symbols that hold a spe@ature generally representing labialization for
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e.g.:#, <. There is no Capital-Lower case distinction in Amb. Punctuation marks and

numeration systems are also there in Amharic laggua

2.2.3 Some characteristics of Amharic Language

According to Getachew (1967) there is a processatification in any language in many of its
characteristic: it could be change of meaning, geasf syntax, phonetic change, etc. Amharic is
not an exception to this process. The script ua#tert changes when it was borrowed from
Ge’ez. The Amharic writing system got some probletas to the adaptation process and other

factors.

The first problem is the existence of “unnecessailphabets (fidels) in the language’s writing
system.These fidels (alphabets) have the same pronunciativ different symbols. The fidels
arex ando, & ande, a andw andvu, 4, and+%. These different fidels can be used
interchangeably without meaning change. For exantipéeword “sun” can be written asy 2,

ave, 622, oave, etc.all mean the same, although they are wrditarently.

Compound words are sometimes written as two separatds and sometimes as a single word.
This is also another problem. For example, the wohdirch” can be written aso+hca-+e7”
or“n+ hca-+g?”. There are many such compound words, which neee sffort to have a

standard way of forming them.

2.2.4 Grammatical Formation of Amharic
According to Baye (1987), the word units of Amhaare phoneme, morpheme, root, stem, and
word. The 34 base characters are a phoneme. Actofieof phonemes forms morphemes,

which is the smallest meaningful unit in a word. Amharic root is a sequence of base
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characters. A collection of phonemes or soundstesea word, which can be as simple as a

single morpheme or contain several of them.

The most common Amharic sentence structure is 8ufbject-Verb (SOV) unlike that of
English, which has Subject-Verb-Object arrangen(Eilam, 2008). For example, the Amharic
equivalent for the English sententt@bebe is a student” isxhn +e% 1 o* (“abebe temare
new”). Here, the subject iSann” and the object i§+s%” and the verb i$ 1 @' . When
pronouns are used as a subject, they are usualiyedmThe usual way to say the English
sentence “He is a student” in Amharic igf% % o*. The pronoun Aa” (He is implicit in the
sentence and it becomes part of the verb. In #se,cthe verb indicates the pronoun that is left

out in the sentence.

Formation of question in Amharic is the same ag@atative sentence except for the usage of
question mark at the end. This means, in ordeskotlae question “Did he read the book?” in
Ambharic, the sentence “He read a book.” is endeld guiestion mark (?) instead of full stop (e).
So, the Amharic equivalent for the above Englisestion is“aa- ew 747 hian?”. There is
also another case where words, that indicate angbemtence is a question. These words are
usually added to the end of the sentence. In sasé the above question becorhga: o v 47

A100 A7&? 7. Here, the wordx &” is added to indicate that it is a question.

2.2.5 Punctuation Marks
Analysis of Amharic texts reveals that different Banic punctuation marks are used in Amharic
to serve for different purposes. The table beloamshsome of the Amharic punctuation marks

together with their English equivalents.
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(Hulet) netib Word space
(mulu) netib Ambharic Full stop
Netela sereze Ambharic comma
Dereb serez Ambharic semicolon
“ Temiherte Tikes Ambharic question Marks
! Temiherte ankero Amharic exclamation marks
() Qenefe Amharic Underscore
? timehrete teyaqgie Amharic Question mark

Table 2.1 Amharic Punctuation Marks Source Marviale(1976)

2.3 Cross Language Information Retrieval (CLIR)

The development of IR systems for languages ottaer English has focused on building mono-
lingual systems. Increased availability of on-litext in languages other than English and
increased multi-national collaboration have mowdaresearch in cross-language information
retrieval (CLIR) - the development of systems tofqguen retrieval across languages (Ballestros

and Croft, 1997).

Cross-Lingual Information Retrieval (CLIR) refers the retrieval of documents that are in a
language different from the one in which the qusrgxpressed. This task has also been named

as multilingual, trans-lingual, or cross-languaBebly some groups (Ramanathan, 2003).
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2 .3.1 Approaches to CLIR
According to Ramanathan (200®)tuitively there are three ways of accomplishing& One
is to translate the query into the target languflgesecond is to translate the documents into the

source language, and the third is to translate oénies and documents to Interlingua.

In the first approach, where isolated words in qoery are translated into the target language,
the primary problem is that of lexical ambiguityedto lack of adequate context. For example,
the word“ema” (“mesale ") in Amharic could translate into “sharpening” oughing” in

English. Even though there is this problem in queayslation, it serves as the most feasible

approach to CLIR in many situations.

In the second approach, all target languages datisnae translated to the source language.
There are two methods to accomplish the documansition. The first is referred as on the fly
translation where translation is done on ‘as-anéiwheeded-basis’. In the second method
documents are translated in advance of any quersgepsing. One advantage of document
translation approach is that lexical ambiguities ba reduced greatly due to the availability of

greater context.

The results of some experiments with query and ihecu translation based approaches (Oard,
1998a), showed that document translation perforrahnfaetter than query translation. According
to Ramanathan (2003) except experimental setupsjngent translation is infeasible in most
cases for both on-the-fly translation and pre-fitien approaches. Below are detailed

explanations of the two approaches.
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» On-the-fly translation: Translations of documeritattare to look for are done at query-
time. Due to the size of the document to be traedland time required for translation,
this approach is not feasible. Even though indexesused in IR systems to accelerate
the searching, indexes would not be available witkthe-fly translation. This leads to
further delay (Ramanathan, 2003).

* Pre-translation: indexing and translation of docotedo all preferred source languages
are done prior to the query-time. Thus, a differstdrage space is needed for the
translated documents. Since translated documeetstared in different place from the
original document it is essential to keep the tiatrd collection consistent with the
original. In other words the system would need laguonitoring. Due to this pre-
translation is not feasible as a solution for lardestributed collections, which are
controlled by different groups of people. The Ingr large distributed collection owned
by different individual could be one good exampe the above scenario (Ramanathan,

2003).

The third approach is, translating both queries @mliments to a common representation. Even
though additional storage space is required fortridneslated documents, this approach provides
scalability, as the additional space requiremeningependent of the number of languages
supported, when the same collection of documentgired in multiple languages. In line with

this Controlled vocabulary systems (Oard and D&896), used the same concept space to
represent all documents and queries. This congautesdefines the granularity or precision of

searching possible. One major issue with controbechbulary systems is the need for training
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and suitable interfaces like brows-able thesaumgnable non-expert users generate effective

queries (Ramanathan, 2003).

An orthogonal classification of CLIR approachesbased on the standard dichotomy of all
natural language processing techniques: knowledgeeb and corpus-based (Oard, 1998a).
According to Ramanathan (2003), the three appreasteted earlier can fall in to these two
categories based on what technique, knowledge-basedorpus-based, is employed for

translation.

Knowledge-based: knowledge based system can beogeapfor:

1. Query translation
2. Document translation

3. Intermediate representation

Corpus-based: a corpus based approach can be ety

1. Query translation
2. Document translation

3. Intermediate representation

CLIR techniques do not always clearly fall into amethe other of the two broad categories —
knowledge-based and corpus-based, rather lots diniigues combine features of both

approaches (Ramanathan, 2003).
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2.3.1.1 Knowledge-Based Approaches

These approaches use machine-readable bilinguairdicies or thesauri, possibly with semantic
hierarchies and associations (such as wordnetsyjetrate the target query. The simplest
method possible is to just lookup the first dicaontranslation of each query term. This might

result in the loss of some relevant meanings (@aed, 1998b).

For example, if the first entry for a query termx.'d " is “recording” (record music), whereas the
users intended “shaping” (give shape to someththg)search would most likely yield no useful
information. The option is to include all possihianslations of each term, which would increase

recall at the cost of precision (Oard et al, 1998b)

Another concern here is that phrases and idiom tep meaning when translated word for
word (Oard et al, 1998b). For instance, translatimgc 0.+” (council) as “advice house” would

lead to unforeseen results!

In order to improve results there has to be a waydisambiguate query terms. But
disambiguation of query terms is not possible imsaases, due to the fact that search queries
tend to be short (Oard et al, 1998b). Despite kthill (1997) stated, in many queries the search
terms should be jointly disambiguating. Hence gtriorward conjunction and disjunction (the

Boolean AND and OR operators) do the disambigudbomost cases.

According to Ramanathan (2003), query term disagdiign may be better accomplished in
some cases by using thesauri or ontologies sucloagnets. This can be used to encode
associative and hierarchical relationships betwtems. In cases where other methods falil,

thesauri which also include probability figures &ach sense of a word could acts as a fallback
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mechanism. Thesauri can also be used for queryneipg either by automatically adding
synonyms, or through user feedback by introducipgr@priate thesaurus entries to the user.
Query terms can be extended (for example: fromafdZ to “reptile”) or narrowed (e.g. from

“lizard” to “gecko”) using hypernymy and hyponymslations in thesauri.

According to Oard et al. (1998b) CLIR performanes e significantly improved with fairly
simple techniques such as, limiting the translaéeoh to the same part of speech and including

phrase translations together with word translations

2.3.1.2 Corpus-based Approaches
Corpus-based approaches can also be termed IRagb@since these approaches are based on
statistical IR models such as the Vector Space M@d8M) and Latent Semantic Indexing

(LSI) (Carbonell et al, 1997).

According to Kishida (2005) translation knowleddecorpus based approach is derived from
available documents for a given pair of languageest documents, which are source of

translation knowledge, can be either parallel ongarable corpus.

Parallel corpus is a collection of documents whadntain direct translation of the same
documents in different language. On the other hanparable corpus is a collection of
documents containing documents in different langgaghich are not direct translation of each
other; rather the documents are related by shaoipig (Talvensaari et al., 2007). According to
Talvensaari (2008) more accurate translation kndgées extracted from parallel corpus rather
than comparable corpus. Hence parallel corpusegugntly chosen to conduct corpus-based

CLIR.
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The basic concept behind extracting translationwkedge in a corpus-based approach is
alignment. Alignment as study of parallel corpugerg to the process of establishing the

correspondence between matching element in pacaltpus (shin et al. 1996).

Alignment method tend to approach the problem difidy according to the alignment units the
method adopt; sentence alignment (Gale and Cha@®1) or word alignment (Vogel et al.,
1996). The alignment process involves calculatingbgbilities for the possible translation of
words from the given corpus. Some methods for ediing the translation probability of a word
are frequency of word translation, collocation obrd translation, Expectation Maximization

(EM) algorithm (Nusai et al., 2007), and HMM (Vogglal., 1996).

According to Ballesteros and Croft (1997) the perfance of CLIR systems developed using
corpus based approach is highly influenced by tlze, squality (that is: reliability and
correctness), and domain of the corpus that islabai and accessible to researchers. But
scarcity of aligned corpus for any given pair afdaages is the major drawback of corpus based
approach. Even though some aligned documents candassible, their domain might be limited

which is considered as the major shortcoming & éipiproach.

2.4 Indexing and Searching

In Information Retrieval terminology, index is gresentation of the documents in a collection.
This means the documents in a collection are repted by the index terms or keywords. The
process of creating this logical representatiocaited indexing. Indexing can be done manually
or automatically (Salton and McGill, 1983). But ftarge document collection like the web

manual indexing is not feasible.
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If one wanted to find documents which contain sameeds or phrases, one way to accomplish
this task if document collection is small enougbuyld be scanning of the full text of all items,
according to Salton and McGill (1983) such a solutis to expensive and too time consuming
in practice. Therefore it is customary to charazeeeach item by using indexes (key words)
which can be used to obtain access whenever tigmakiitem is needed. So to search large
document collection, indexing the document is atmasad this will enable rapid search and

eliminate the expensive and slow sequential actgssi

According to Salton and McGill (1983) searching tanseen as the process of looking up words
in an index to find where the document appearedalRand precision metrics are employed to

describe the quality of the search. Recall measuwogs good the system is in finding relevant

documents, while precision measures how good tleesy is in filtering out irrelevant

documents.

2.5 Information retrieval effectiveness evaluation

According to Baeza-Yates and Ribeiro-Nato (1999)esaluation of the information retrieval
system is usually carried out, ahead of the impteaten of the system. The type of evaluation
to be employed depends on the objective of theexetr system. Basically the evaluation is done

by considering either its efficiency or effectivese

The two most frequent and basic measures of infoomaetrieval effectiveness are precision

and recall (Manning et al., 2008).
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If RELRET; is defined as the number of items retrieved atevamt, NRELRET is the number

of items retrieved but not relevant, and RELNREThe number of items that are relevant but

not retrieved for the query i, then the recall anecision for query i is defined as:

Eq. 2.1 RECALL; = RELREL

A< '~ RELRET, + RELNRET,
PRECISION, = RELREL,

Eq. 2.2 *~ RELRET, + NRELRET,

A user oriented recall-average, reflecting the gmanance of an average user can expect to
obtain from the system, maybe defined by takingattithmetic mean, over SAM sample queries,

of expression 2.3 and 2.4 (Salton and McGill, 1983)

S54M
=423 AVERAGERECALL,, = 1 RELRET;
RL = SAM s RELRET; + RELNRET,
Eq. 2.4 AVERAGEPRECISION.., = RELRET,
v "~ SAM Ls RELRET, + NRELRET,

2.6 Related researches
This section discussed about some of the reseancksveonducted on Amharic English cross
language Information Retrieval, which are beliet@dbe the base for building the CLIR model

developed in this work.
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2.6.1 Amharic English cross language Information treeval
Even though are there some efforts towards devajogimharic English cross language
information retrieval, there is a lot more to bendan this area. Some of these efforts towards

developing Amharic English cross language infororatetrieval system are summarized below.

2.6.2 Dictionary based Amharic — English InformatRetrieval

Atelach et al. (2004) design Amharic English crliasgual information retrieval which, consists
of two approaches that are variants of the same lolationary based approach. At a general
level the two approaches consists of two stepsfitstestep transforms the Amharic topics into
English queries, and the second step that takeBnbksh queries as input to a retrieval system.
In both approaches the translation was done thraugimple dictionary lookup that takes each
stemmed Amharic word in the topic set and triegdba match and the corresponding translation
from a machine readable dictionary (MRD). Thetfapproach reduces the number of Amharic
words by removing those that have an IDF valuewelccertain threshold level (they set 3.000
as the threshold value) and then looks up the r@ngivords in the MRD. The second approach
uses the MRD to translate all Amharic words intaglish, and then reduces the number of
English words by removing those that occur in fadisEnglish stop words. The results from the
two approaches differ somewhat, with the secondagmh performing slightly better, but as

stated in the paper both perform reasonably wetisdering the simplicity of the approaches.

The English topic sets were translated into Amhlyitiuman translators and the Amharic query
iIs then transliterated it into an ASCIlI represantatusing SERA for ease of use and
compatibility reasons. Semi automatic crude stergrthat stripped off the prefixes and suffixes

from each word was performed after the topic se$ wansliterated. The MRD used in the
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experiments is one that consisted of an entry fande and their derivational variants, the infixed

words were represented separately in the dictionary

The stemmed words in the Amharic query were auticalt looked up for possible translations

in the MRD. In cases where there was a match ame twas only one sense of the word, then
the corresponding English word/phrase in the dietig was taken as the possible translation.
When there was more than one sense to the termathpossible translations were picked out
and a manual disambiguation was performed. For ofdsie proper names there was no entry in

the MRD, hence the terms were added manually.

The main difference between the two approaches tkeé way words that are likely to be less
informative are identified and removed from therigee For the first approach the number of
Amharic words was reduced by removing those thaehan Inverted Document Frequency
(IDF) value below a threshold value of 3.00. An@ gecond approach removed those words

from the translated queries that occurred in aofi§17 English stop words.

Then the resulting translated (English) terms dmentsubmitted to a retrieval engine that
supports the Boolean and vector-space models &nkslts of the experiment showed that, the
second approach (based on a list of English stapsydas an average precision of 0.4009 while

the first approach (based on IDF values for the Anaiterms) reports 0.3615.

The limitation in the dictionary based approachdarss language information retrieval is from
lack of dictionary coverage (out of vocabulary (OQR\and word sense disambiguation in case
of multiple entries. Even though the researcherleyeol some manual methods to disambiguate

multiple entries for a word, this may not be apglile for huge document collection.
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2.6.3 Amharic-English Information Retrieval

According to Atelach and Asker (2006) Amharic jlike other Semitic languages has a very
rich morphology. Therefore, successful translabbrihe Amharic query terms, using machine
readable dictionary crucially dependent on a coérraorphological analysis of the Amharic

terms. So, Amharic terms are first morphologicalipalyzed and represented by their

lemmatized citation form.

For their experiment they developed morphologicadlgzer and Part-of-speech tagger for
Ambharic, and used it in the first pre-processirgpgn the retrieval process. Hence terms in the
queries were POS tagged then filtering of the @sewas done by keeping Nouns and Noun

phrases in the keyword list being constructed wilisearding all words with other POS tags.

Then the term was then looked up in an Amharic-Bhgflictionary. If the term could not be
found in the dictionary, a triangulation methogrsposed by the researchers, where terms were
looked up in an Amharic-French dictionary and tifiemther translate the terms from French to
English using an online English-French dictionawy. on-line English-Amharic dictionary also

used to translate the remaining terms that weréouwoid in any of the above dictionaries.

For the terms that were found in the dictionaréissenses and all synonyms that were found are
used. By this approach a single Amharic term cogikk rise to as many alternative or
complementary English terms. In other words thigamsethat each query was initially maximally

expanded.

Those terms that where pos-tagged as nouns andh \ahecnot found in any of the dictionaries

were selected as candidates for possible fuzzyhimgtaising edit distance.
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The retrieval was done using Apache Lucene, asebearchers described it is an open source
high-performance, full-featured text search endjimary written in Java. Four experiments were

designed and description of the experiment is ghalow.

Experiment | (Fully Expanded Queries using Titlel d&escription), used maximally expanded
query terms from the title and description fieldstloe Amharic topic set. The result of the

experiment was 18.43 average precision and 19.pi&Blsion.

Experiment 1l (Fully Expanded Queries using Titleg¢re the above experiment was repeated in
this one except only the title field in the topiet svere used. The result for this run was 14.4

average precision and 16.47 R-precision.

Experiment Il (Up Weighted Fuzzy Matching), inghexperiment, both the title and description
fields were used like the first experiment excépttin this case fuzzy matching terms were
given much higher importance in the query set bgpshag their weight by 10. Here the
assumption of the researchers was that such wbadsate mostly names and borrowed words
tend to contain much more information than the wmestds in the query. The result for this

experiment was 15.7 average precision and 16.6f=Blg00n.

Experiment IV (Fully Expanded Queries without Fuasgtching), this experiment is designed
to be used as a relative measure of how much #my fonatching affects the performance of the

retrieval system. The result of the fourth run ®as7/8 average precision and 22.83 R-precision.

As it can be seen from the results for the foufedént runs, the fourth run or the experiment

with no fuzzy matching, since all cognates, nanaes, borrowed words were added manually,

31



gave the highest result. And the worst one is lier Experiment Il in which only the title fields

were used.

2.6.4Amharic-English Information Retrieval with Pseudelevance Feedback

The study (Atelach, 2008) described cross languetgieval experiments using Amharic queries
and English document in the bilingual ad hoc tratkthe CLEF 2007. As the researcher
described, Amharic queries which were written idefj for ease of use and compatibility

purposes the text was transliterated to an AS@Hagentation using SERA.

Since words in the MRD are found their citationnfisy the researcher used in-house developed
stemmer to reduce morphological variants of thedson their citation forms. It finds all
possible segmentations of a given word accordingniectional morphological rules of the
language. As the researcher stated derivation&ntarare not handled since they tend to have

separate entries in dictionaries.

The query translation was done through term-loakugn Amharic-English MRD and an online
dictionary. The machine readable dictionary corgtaitb,000 Amharic words and their
corresponding English translations while the ontiretionary contains about 18,000 entries. The
lookup was done in such a way that the MRD trammsiatare given precedence over the online
dictionary translations, which are entered by uséithe system and come with no guarantee as

to their quality or correctness.

Stop words were removed both before and after db&up translation and all bigrams were
extracted and looked up. The stop words were rethafter excluding the bigrams for which

matches were found in the dictionaries. As theae$rr described this was done to ensure that
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no possible bigrams are missed due to removedvstogs that are part of a meaningful unit.
English stop words were removed after the lookapdiation. English stop words list that comes
with the Lemur toolkit are used to remove Englistpswvords, the stop word lists are also used

during the indexing of the English document coll@tt

Atelach used fuzzy matching to Amharic query tethegt are most likely to be named entities
that were selected automatically. As Atelach déed; automatic extraction of named entities
for Amharic is difficult compared to that of EndlisThis is because there is no capitalization of
proper names in Amharic scripts. The researclser r@ised the absence of syntactic analyzer, a
list of named entities, or a manually tagged tdso anakes it difficult, if it is also possible to
construct the resources from scratch it is timesaaring. To train or base automatic named
entity extraction with. Hence, in her experimerte ®pted for making use of features in the
target language. She implemented a very simplesamgight forward proper name extraction

utility for English.

The extracted English proper names were then ueedhk subsequent process of fuzzy
matching. An edit distance based fuzzy matching d@%e for the Amharic out of dictionary

query terms that were selected to be possible namigtiEs.

For indexing and retrieval, Atelach used the letoot kit language modeling. As Atelach stated,
she find it difficult to find optimal settings fdhe required smoothing parameters in the time

frame allocated for this project, hence she rexktd the vector space models.

According to Atelach, the use of PRF showed a suibistl increase in performance.
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In this research even though the researcher stiuatd there is a substantial increase in
performance; the researcher also stated that tperiexents were too limited to draw any

conclusion.

2.6.5Amharic — English Cross-Lingual Information Retiaé(CLIR): A Corpus Based

Approach

A corpus based approach for developing Amharic-Bhghformation retrieval is presented in
(Aynalem, 2009). The parallel corpus used for gs=arch includes news and legal items. The
Ambharic documents collected were transliterateaidgefranslation was done. As the researcher
described this was done to facilitate easy communafThe researcher employed System for
Ethiopic Representation in ASCIlI (SERA) Amharicttekaracters have been converted into the

corresponding Latin characters.

Aynalem used Amharic queries for the retrieval oéwiments both in English and in Amhatric. In
addition to being used to retrieve Amharic docursgtiie Amharic query has been translated
into English for retrieving English document. Trit®n of the query is based on Amharic-
English bilingual dictionary which has been consted automatically from the parallel corpus.
The method that has been employed for buildingoihegual dictionary is statistical approach.
The bilingual dictionary has been constructed bgnahg the words of the parallel corpus by

using the GIZA++ word alignment tool.

According to Aynalem, since word-based alignmergsustatistical information obtained from
the parallel corpus, the documents need to be denge one. This is because the result will be

better if the size of the corpus is big insteadusing separate files to build the word based
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alignment. Therefore, all the Amharic and Englisitanents were merged into their respective

big documents.

Case normalization is one of document preprocessttigities in this work, with respect to this
English documents were normalized to lower casesantk exceptions that need to be preserved
are handled by using exception list. The processasé normalization is not carried out on the
transliterated Amharic documents, as the reseadgsaribed preserving cases means preserving
meanings in Amharic. In the transliterated Amhé&eixt, capitalization exists to show differences

in sound.

The other document processing activity employedhia work is tokenization this is done to

detach punctuation marks from words. Since Amharnd English use punctuation marks
attached to the word which precede them. As theareber described unless tokenization is
done the alignment tool considered words followgdgbnctuation marks are different, and this

in turn will affect the alignment process.

For this work since the Amharic query is used toaee English documents the query needs to
be translated to English. The translation is dasiag the bilingual dictionary obtained from the
word alignment tool. The system takes query terarstrfanslation one term at a time (word

based translation).

The results found after conducting the second ploddbe experimentation was a maximum

precision value of 0.24 and 0.33 for Amharic an@lih respectively.
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The limitation of such word based query translaapproaches is that it fails to make use of the
advantages gained from multi-word (phrased) traéiosiaSo experiments need to be under taken

to see the effects of phrase translation.

2.7 Phrasal machine translations
As stated in the above section word based translaystem fails to make use of the advantage
gained from multi-word or phrase translation. Se,aasolution to this problem phrase base

translation is considered in this work. And ithe tprime focus of this research.

Various researchers have improved the quality atfstsical machine translation system with the
use of phrase translation. Alignment template m@@sh et al. 2002); (Yamada and Knight
2001) use phrase translation in a syntax basedlétéon system; (Marcu and Wong 2002)
introduced a joint-probability model for phrasengkation; and the CMU and IBM word-based

statistical machine translation systems are augedenith phrase translation capability.

According to Koehn et al. (2003) phrase translatt@arly helps, and their experiment showed
that high level performance can be achieved wiihlyfssimple means. More sophisticated
approaches that make use of syntax do not leadetierbperformance. Imposing syntactic
restrictions on phrases, as used in syntax basedlation models verified to be harmful. For

obtaining high levels of accuracy learning smaligsies of up to three words are adequate.

Sometimes it is not possible to ascertain corredpooces on the word level; there are rather
meaning equivalences on large units (SamuelssotValkg 2007) and this can be addressed by

using phrase alignments.
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According to Shin et al. (1996) the base method@fd level alignment is extended with phrase
level alignment that over comes the difference atahing unit and provides more opportunity

for the extraction of richer linguistic informati@uch as phrase level bilingual dictionary.

2.7.1 Methods for learning phrase translation
Three different methods that are used to build gghteanslation probability tables are discussed
in (Kohen et al., 2003). These are phrases frondvibaised alignments, syntactic phrases and

phrases from phrase alignments. A brief descripicthe three approaches is given below.

2.7.1.1 Phrases from word based alignments

In this approach word based alignments from worgsketaranslation models are used to collect
the phrase pairs. The aligned phrase pairs areistentswith the word level alignment: The
words in a legal phrase pair are only aligned thezther, and not to the words outside (Och et

al, 1999).

2.7.1.2 Syntactic phrases

According to Kohen et al. (2003) if all phrase painat are consistent with word alignments are
collected, then the phrase pairs may include maog mtuitive phrases. For instance,

translations for phrases such as “car a” may benéela Learning such non intuitive phrases do
not help hence, restricting possible phrase toasyiehlly motivated phrases could filter out such

non intuitive pairs.

2.7.1.3 Phrase from phrase alignments
According to Marcu and Wong (2002), a translatiorodel that assumes a lexical

correspondence can be established not only at trd {gvel, but at the phrase level as well.
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They introduced a phrase based joint probabilitydehdhat simultaneously generates both the

source and target sentences in a parallel corpus.

Finally, evaluation of these three different methathiowed that learning all phrases consistent
with the word alignment is better than the joinbhpability model, though the difference is small.
On the other hand limitation to syntactic phrasely @s proved to be harmful (Kohen et al.,

2003).
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CHAPTER THREE

PHRASAL TRANSLATION

3.1 Introduction
In this chapter we discuss the phrase alignmentephare used in this work, tools used for

phrasal translation and related concepts.

3.2 Approaches for phrasal translation

According to Ortiz et al. (2005) there are diffearemanslation models proposed based on how the
relation between the source (in our case Amharid)the target languages (in our case English)
is structured (that is: the means a target sentengegoduced from a source sentence). The
concept of the alignment; which is, how the wortipair of sentences are aligned to each other,
is used for summarizing this relation. Some ofghgposed statistical alignment models (SAMs)

are described below.

In the category of single word-based (SWB) stat@tialignment model (SAM), we get the
familiar IBM alignment model (Brown et al., 1993he other familiar HMM model (Vogel et

al., 1996).

According to Ortiz et al. (2005) current researnclhe field has established that phrase-based or
context-based translation models do better than fits¢ proposed word-based statistical
translation models. In line with this, some helghdls have been made to help researchers in the

field move ahead their own machine translationesyst(Ortiz et al., 2005).
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Some of these are software tools like Giza++ aligninsoftware (Och, 2000) used for training
single-word-based translation models. There are &®Is available to train phrase based
decoders, like Pharaoh (Koehn et al., 2003). Adtiogrto Ortiz et al. (2005) for phrase based
SMT software, a tool to train phrase-based modeksssential to take the advantage of phrase

based decoder. THOT is a toolkit to train phrassedeSMT models (Ortiz et al., 2005).

Different models that deal with structures or pbemstead of single words have also been
proposed. To mention some of this works: the aligntrtemplates employed in (Och, 2002),
phrase based translation (PBT) in (Tom"as and Qasaia, 2001; Marcu and Wong, 2002; Zens
et al.,, 2002; Koehn et al., 2003), the syntax tetims (Yamada and Knight, 2001) proposed
models. Two methods of phrase extractions; basedooince n-grams and HMM alignments
respectively are proposed in (Venugopal et al. 320m addition to these, Lambert and Castell

(2004) proposed a technique to generate phrasetlaligaments from word based alignment.

3.3 Phrase based translation

According to Zens et al. (2002) one of the sigaifit drawbacks of the SWB SAMs is that

related information is not taken into account. icts models the lexicon probabilities are based
only on single words despite this fact, for manyra® the translation is determined by the
surrounding words. In the SWB translation modelyanlanguage model is often used for such

disambiguation, but language model is not capabiimg this.

Learning translations for complete phrases instebdingle words could be one means to
integrate the context into the translation moden&et al., 2002). In this approach defining what
constitutes a phrase is important. A phrase is lsimpequence of words and the basic idea of

phrase-based translation (PBT) is to segment trengiource sentence into phrases, and then to
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translate each phrase and finally compose the ttag@ence from these phrase translations

(Zens et al., 2002).
Another significant drawback of the single word dxhsnodels and particularly of the broadly
used IBM models, was the definition of alignmentaainction (Ortiz et al. 2005). This means

that a source (Amharic) word can only be alignedeim or one target (English) word.

Phrase based translation (PBT) can be explainéalla®'s (Zens et al., 2002).

1. The source senteng® is a segment in to K phragé*)
2. Each source phrag® is translated into a target phrése
3. Finally, the target phrases are reordered in daleompose the target sentenés = e..

wheref; is the source language sentengéffs ... f , /¥ are phrases,, £, fi. ... £, that
can generated from the source senteﬂ"éﬁ e} is the target language sentencgeee, &

, .6 and&¥ are phraseg€, &, &, ...&, that can constitute the target sentence.

3.4 Phrase-based translation models
According to Ortiz et al. (2005) in phrase basemhdtation (PBT), it is supposed that the
relations between the words of the source (in ase@mharic) and target sentences (in our case

English) can be elucidated by means of the hiddmmbled = 'ﬁ‘ri:, which enclosed all the

decisions made during the generative story.

or(fle) = ) pr(@ £ 16D
Eqg. 3.1 d
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wherepr [fl” |e§) is the conditional probability used ttescribe the correspondence between

the source and target sentengiethe hidden variableff are source sentences aajlare

the target sentences.
3.5 Model estimation
As mentioned above, PBTs are based on a set oigbdi phrases that must be previously
obtained in order to perform the translation. Thiegs of obtaining the bilingual phrases from a

parallel training corpus are described in (Koehalgt2003).

3.5.1 Phrases from word-based alignments

In this approach, the word alignments generatenh filee GIZA++ (that is: The Giza++ toolkit
was developed to train word-based translation nsoffem parallel corpora, as a byproduct, it
generates word alignments for this data) are ueedenerate the phrase pairs. To generate
phrases from these data the alignment is improvad & number of heuristics which are
described in detail in the coming sections. Théncansistent phrase pairs with the word
alignment are collected (this means: the wordggall phrases are aligned only to each other and

not to words out side (Och et al., 1999))

Once the consistent phrase pairs are collectedphirese translation probability distribution is

estimated by a relative frequency (Zens et al.2200

N(f. &)
N (&)

p(flé) =
Eq. 3.2

whereN(&) is the count of phrase and N(f,&) denotes the count of the event tat
has been seen as the translationeof
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3.5.2 Phrases from syntactic phrases

According to Kohen et al. (2003) the assumptiothis approach is that, if all phrase pairs that
are consistent with word alignments are collectied, may include many non-insightful phrases.
For instance, translations for phrases such aglésiua” may be learned. Naturally it is believed
that such phrases do not help, so limiting possibieases to syntactically motivated phrases
could filter out such non-intuitive pairs. Syntagghrase can be defined as a word sequence that

is covered by a single sub-tree in a syntacticepaiese.

So in this approach syntactic phrase pairs areaell in the following manner: first the parallel
corpus is word aligned as described in above secBecond both sides of the corpus are parsed
using syntactic parser. And lastly checks are nfiadall phrase pairs that are consistent with the
word alignment, to determine whether both phrasesab-trees in the parse tree are. And only

these phrases are included in the model.

3.5.3 Phrase from sentence alignments, by meana f@iint probability model

According to Kohen et al. (2003) this approachhis $ame as a translation model proposed in
(Marcu and Wong, 2002). It supposes lexical assiocia can be ascertained not only at the
word level, but at the phrase level as well. Torlesuch association Marcu and Wong presented
a phrase-based joint probability model that sirmdtausly generates both the Source (Amharic)
and Target (English) sentences in a parallel corpbeir framework yields both (i) a joint

probability distribution®(&, f), which reflects the probability that phrageandf are translation

equivalents; (i) and a joint distributiah (i, j), which reflects the probability that a phrase at
positioni is translated into a phrase at positjonAccording to Kohen et al. (2003) the joint

probabilities estimated by Marcu and Wong (2002uld¢obe marginalize to conditional
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probabilities. This approach is in line with thepagach taken by Marcu and Wong themselves,

who use conditional models during decoding (Kohtesi.e 2003).

From the above stated three methods of obtainiimghbal phrases, a direct comparison made in
(Kohen et al., 2003) showed: learning all phrasassistent with the word alignment is better
than the joint model, though not by much and theitsition to only syntactic phrases is

destructive.

Based on the results of (Kohen et al., 2003) i3 tleisearch we employed the first method
(obtaining Phrases from word-based alignments)réffbee, the bilingual phrases are extracted
from a bilingual, word-aligned training corpus. time selected approach the word alignment
matrices are supposed to be manually generatedhgyistic experts however, generation of
alignment matrices by linguistic experts is vergttg so another way employed in practice is
obtaining alignment matrices using single word dag&WB) alignment models (Ortiz et al.,

2005). The single word based alignment model camgdreerated using GIZA++ toolkit. The

GIZA toolkit (Och, 2000), generate word alignmefasthe training data as a by-product of the

estimation of IBM models.

According to Ortiz et al. (2005) one unconstructogmsequence of the word alignment matrix
generation using IBM model information is the appeae of words that were not aligned into
the matrices (the so-called spurious and zerolifgrtivords (Brown et al., 1993). A simple

technique to solve this problem is proposed byitGat al., 2005). This technique consists of
placing the words that are not aligned at the raghdt the left of phrases composed with aligned

words, so this technique generates a greater nuaildglingual phrases. Then after the phrase
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pairs are collected, the phrase translation prdibakdistribution is calculated by relative

frequency (RF) estimation as follows (Ortiz et 2D05):

«1 _ N(f.8)
Eq. 3.3 p(Fle) = N (&)

where N(&]) is the count of phrase & and N{F’, Ej denotes the count of the event that f has

been seen as the translation of &.
According to Ortiz et al. (2005) word alignment nags gained by means of the estimation of
IBM models are restricted to being functions. Tleme performing operations between matrices
in order to obtain better alignments were propolsgdOch, 2002). The common procedure
consists of estimating IBM models in both direcidrom source (in this case Amharic) to target
(in this case English) and vice versa) and perfogmiifferent operations with the resulting
alignment matrices such as union or intersecti¢r® grocedure for generating phrase alignment

will be further explained in the subsequent section

3.6 The phrase alignment process
This section discussed the phrase alignment proeedtaployed in this research.
3.6.1 Text alignment

The first step in generating phrase alignmentisaégnment:

“Text alignment is the process of aligning corresgimg words in parallel sentences

written in two different languagegMeyer, 2008).
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A number of Statistical Machine TranslatioBMT) toolkits like Egypt are presented that
contain word alignment applications. The SMT TobKgypt contained an application called

Giza++ which is designed specifically for alignipgrallel text.

In the following subsection description of the takgnment process and the Giza++ approach

for creating alignment files that serve as an infpuhe phrase alignment are discussed.

3.6.2 Word Level Text Alignment

As mentioned in the above section the text aligrimpencess requires an input of aligned corpus
containing corresponding sentences in both theceo{Akmharic) and target language (English)
for the SMT system. Once a parallel corpus is oleti text alignment tables must be built in
order to determine how words in the source andetasgntence map to one another (Meyer,

2008).

According to Meyer (2008) the main objective of stiacting a text alignment table is to
represent an accurate mapping from a word or string source language (Amharic) to a

corresponding word or string in a target langudgyg(ish).

The real construction of the text alignment tal#ters depending on the alignment algorithm

used (Meyer, 2008).

Giza++ toolkit incorporates implementation of sikfetent types of algorithms (Och and Ney,

2000). These six different algorithms are listetbie

1. IBM-1 which assumes all alignments have the sarabahility
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2. IBM-2 which uses a zero—order alignment modefyq {, I, J) where different alignment
positions are independent of each other.

3. The HMM uses a first order model & ( &.1) where the alignment positic depends
on the previous alignment positiay; .

4. IBM-3 have an inverted zero order alignment moddj Pg;, |, J) with an additional
fertility model p (€ | €) which describes the number of word#saligned to an English
word €.

5. IBM-4 have an inverted first order alignment mopé] | j’) and a fertility model
p(® | e).

6. The models IBM3 and IBM4 are deficient as they wasbbability mass on non strings.

IBM-5 is a reformulation of IBM-4 with a suitablyefined alignment model in order to

avoid deficiency.

wherethe alignment mapping:+4> i which assigns a worglifh position j to a word in

position i = 3. g is hidden alignmermﬂ:{:a:1 .. a; ...a; for each sentence paﬁﬁr,e{]
One common point among all six text alignment madgbrithms is a statistical probability map
in the following form:

A Common ArgMax formula for Alignment tables (OahdaNey, 2000) is:

= FI
@ = argmax pr(fy .ay | el)
@

Eqg. 3.4
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where &‘l our resulting text alignment mappinglf" is a string contained in the source

Ianguage,:r" is a hidden alignment describing a mapping fromrse to target word,

and finallye: which is our target language string.

The second commonality between all six text alignimalgorithms is the training of all
alignment models based on the Expectation-MaxinuraEM) algorithm using parallel corpus

(F9, el ), s=1,... S (Och and Ney, 2000).

As shown below (which are correspondingly the Ep-gtecan be explained as the construction
of lower-bound to the posterior probability distriton), and M-step (it optimizes the bound
thus improving the estimate for the unknowns)) hesentence pair is processed with each word

in the source language being assigned a targetdaegword with a certain probability.

Lexicon Parameters for E-step of EM Text Alignmaigorithm (Och and Ney, 2000)

Eq.35 | c(fle;f.e) = L pr(a|f.e) T prs(E £ )8(e es)

Lexicon Parameters for the M-step of EM Text AliggmhAlgorithm (Och and Ney, 2000)

EQ.36 | p(fle) aXe(f|e fe”)

The summation of these probabilities is then comgbamgainst all other sentence alignment
outcomes the result of which is the alignment fiet maps words from source-to-target
language with probability weights assigned to théihe accuracy of these pairings can be
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increased by modifying the base algorithm’s alignmeodel (zero- or first-order), adding a

fertility model, and accounting for table deficiggs (Och and Ney, 2000).

According to Meyer (2008) the Giza++ text aligneeates a one-way mapping that relates a
single word in the source language (Amharic) totla@osingle word in the target language
(English); by iterating through the hundreds of usands of the Amharic English parallel
sentences. The probability of each word mappingiven equal weight at the first and most
fundamental part of the Giza++'s text alignmentoalipms. But the designers of Giza++ bring
in more advanced concepts such as zero-order;ofidetr, (inverted) first-order, and fertility
model algorithms, in the more complex text aligntredgorithms, to output higher-accuracy text

alignment files.

3.6.3 Pre-Processing and Tailoring Word Alignmeo[Tnput

Before the word alignment tool (Giza++) can runibasxt alignment functions on parallel
corpora, the corpora must be in a specific fornmat aontain as many meaningful tokens as
possible. GIZA++ does not use the parallel corpusdtural language form hence, the parallel
corpus need to be transformed into GIZA++ file fatmFor this task tools are available in
GlZA++ toolkit, which will be used to transform theatural language text into a GIZA++
format. These transformed files were used as sfautthe word alignment process. These input

files are vocabulary files and bitext files.

Vocabulary file is a file containing words togethvaith the number of occurrences of them in a
given corpus. Each word is given a number whiclyuely identifies them. The number which
indicates the frequency of words is used in catoujathe probability of translating a word.

Therefore, the Amharic and English corpora are edred into vocabulary file format separately.
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The vocabulary file format looks like
Unique_id  Word no_occurence
whereunique_id is an integer which can uniquely identify the giveord and

no_occurences the number of times that word appears in thergdocument.

The other input file format for GIZA++ is the bitiefile. Bitext file uses the unique ids from the
vocabulary file to represents the parallel sentenegng sequence of numbers. In addition to
representing the sentences by sequence of numtnenstiie vocabulary files, it includes the

number of times the sentence occurs in the corpus.

For example, for the following Amharic (transliteed) - English sentence pairs in the corpus,

the vocabulary files are

yexbr Tgat teTerTariwochn lememeermer ke 100 belgg'Efbiay wekilochena yefenji

balemuyawoch besamntu meCherexa lay beyemen IndemsidlyeteTebege new.

more than 100 fbi agents and explosives expertse axpected in yemen by the end of the

weekend to investigate suspected terrorist attack

1 (refers to the number of times the sentence appetiiei corpup

2345678910 1112 13 14 15 16 17 1§sfurce sentence represented using unique ids

from the vocabulary)

234567891011 121314 151617 15 18 19301 22 23target sentence represented

using unique ids from the vocabulary)
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The alignment is done by using statistical infororat(vocabulary and bitext files) from the
collected parallel corpus. GIZA++ uses the stat@tinformation of words (tokens) from the
input files to calculate the probability of trartgtg a word from the source language corpus into

a word in the target language corpus.

The probability of an alignment ‘H’ (Brown et al993) given any source sentence ‘A’ (in this
case Amharic) and any target sentence ‘E’ (in ttase English) is defined as finding the

alignment H that maximizeB(H|E, A) is given as follows:

p(H,E|A)

Eq37 P(Hlﬁr,ﬂj =m
H ’

But from Bayes’ theorem,

Z P (H,E|A) = P(E|A)
Eqg. 3.8 H

Therefore, from equation 3.9 and 3.10, the proiiglwf an alignment H becomes:

P(H,E |4)

The aim of calculating the probabili{H|E, 4) is maximizing the probability of the alignment

between English and Amharic words.
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According to the selected approach to obtain thegghtranslation models, the next step after
aligning the corpus at word level is to align tiwgrd aligned corpus into phrase level alignment.
This activity was accomplished by using THOT (Tablko train statistical Phrase-based

Translation Models). The following section descsiltow the GIZA files are processed and the

phrase table is generated.

3.6.4 Processing Giza++ Output and Constructing$thrables Using THOT

THOT is a toolkit for creating phrase tables spealfy from a format like that produced by the
Giza++ text alignment process. Capabilities suclpeforming operations on word matrices,
inverting translation tables, applying variousdiit to the phrase table being created, and many
counting and measuring scripts are included asgddahte THOT toolkit (Ortiz et al., 2005). For
the purpose of this thesis, the capability to penf@perations between the bi-directional text
alignments were used, along with the capabilitgstimate a complete phrase model based on

symmetry of the Giza++ text alignment output.

A method that can learn relationships between wpblases ofh source language words ho
target language words is proposed in (Och, 200&is @lgorithm, which will be called phrase-
extract, takes as input a general word alignmerttixnddence, it is not restricted to one-to-many
alignments but can use the superior methods foboung word alignments. The output is a set
of bilingual phrases. According to Zens et al. 208 bilingual phrase is a pair of source
words anch target words. In order to extract the bilingualgges from a bilingual word aligned

training corpus, two restrictions are posed onvtbed aligned corpus this are:

* the words are consecutive and
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* They are consistent with the word alignment maffilkis consistency means that time
source words are aligned only to th&arget words and vice versa.
The following formula (3.10) describe the principMhich defines the set of phrases that is

consistent with the word alignment matrix

Eq 3.10 Bp[f:{,e.;_ ,ﬁ) — {fmere:t-i-n :V(L"’,_j"') EA: _] g_j--' £_]+m i i’ = i+ Il}

where f is the source word or words, e is the tatgeguage word or words, and A is the
word alignment matrix set produced by aligning thet of the parallel corpora, and i
and j are arbitrary iterating variables that searthrough the source and target sentence

to find the maximum products of all phrase positikd.

The second THOT operation utilized for this resbamas the capability for operations between

alignments. It is common to apply operations betwad@nments in order to make them better.

The toolkit provides the following operations:

Union: Obtains the union of two matrices.

Intersection: Obtains the intersection of two matas.

Sum: Obtains the sum of two or more matrices.

Symmetrization Obtains “something” between the union and thergection of two

matrices.
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In their experiment (Ortiez et al., 2005) provesattfrom the different alignment operation

symmetrization performs well.

According to Ortiz et al. (2005) THOT toolkit praes model estimation based on single-word
alignments given in Giza++ format. This estimatioethod is heuristic for two reasons. First,
the bilingual phrases are obtained from a giveglsiword-alignment matrix, which forces to

impose a heuristic uniformity restraint in orderebatract them. Second, when doing the model
estimation, the extracted bilingual phrases are omtsidered as part of complete bi-

segmentations.

According to Ortiz et al. (2005) in order to, solye first problem the whole extraction method
must be changed (for example, using EM algorithmnagMarcu and Wong, 2002)). On the
other hand, a potential solution for the secondbl@m is proposed. Hence the toolkit
implements a new scheme for model estimation wischalled pseudo maximum-likelihood

(PML) (Ortiz et al., 2005).

PML estimation is different from the standard agmto The estimation method has three steps

which are repeated for each sentence pair andritesponding alignment matlﬁﬁl{ el ,A}:

1. Obtain the set Bﬂ%"’l"' ,ei ,A) of all consistent bilingual phrases.

2. Obtain the sesBP(f/, e, 4) of all possible bilingual segmentations of ther{af , e!) that

can be composed using the extracted bilingual peras

3. Update the counts (actually fractional counts) dvery different phrase paiif ,€) in the

Setsﬁp(ff,si Ay as:
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fracCount [fﬂ, & )_|_ = N(f.e)

Eq. 3.11 IsBP(f] i, A)]

Where a bilingual segmentation or bi-segmentatiblength K of a sentence pz(ifl’r, el)is
defined as a triple(f{*,&},a%) whereda¥is a specific one to one mapping between the K
segments or phrases of of both sentences ®(¢, &) is the number of times that the pair
N( £,&) occurs in SBPS/ ,ei., 4), and | - | denotes the sizeof operation.

Afterwards the probability of every phrase péirg) is computed as:

Eq. 3.12 fracCount [fm, E')

X s fracCount [f, E}

P(fle)=

Step 2 entails that bilingual phrase will not berasted, if a bilingual phrase cannot be
component of any bi-segmentation for a given saxtgrair. Due to this reason, PML estimation
extracts fewer bilingual phrases than the RF esioamaThe counts and fractional counts for

each extracted bilingual phrase will differ for bastimation method.

Due to the need to obtain the bi-segmentation oh gdirase pair, PML estimation has a high
computational cost. The toolkit limits the maximuaemmber of bi-segments that can be obtained,
and when the maximum is reached the bi-segment&ipnuned, in order to keep costs under

control (Ortiz et al., 2005).

One main drawback of the phrase-based translatimatels is their extreme memory allocation

size. These sizes can be reduced at the risk afrofg poorer models, if we impose a restriction
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over the length of the bilingual phrases (Ortiakt 2005). On the other hand, the length of the
extracted phrases can be restricted without lesgehe performance of a PBT system (Koehn et
al., 2003). For this reason, the model estimatigh e THOT toolkit incorporates a maximum

phrase length parameter (Ortiz et al., 2005).
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CHAPTER FOUR
PHRASE BASED AMHARIC -ENGLISH CROSS LINGUAL

INFORMATION RETRIEVAL

4.1 Introduction

Information retrieval systems try to solve the peot of identifying relevant documents from a
huge amount of document collection. These systeafslity to retrieve highly relevant
documents has become more and more important iarthef extremely large collections, such

as the World Wide Web (WWW) (Tallvensaari et a00?2).

Due to the rapidly expanding use of the Internet dommunication and dissemination of
information, electronic information sources are nawvailable in an ever-increasing number of
languages (Tune et al., 2006). According to (B&less and Croft, 1997), increased availability
of online text in languages other than English ameased multi-national collaboration have

motivated research in Cross-Lingual Informationrieeal (CLIR).

In classical IR, both the query and the documemngsima the same language. The basic idea
behind the cross language information retrieval IRJLsystem is to retrieve documents in a
language different from a query language. Usu&iéyduery is posed in the user’s own language.
CLIR system may be desirable even when the useotia speaker of the language used in the
retrieved documents. Once it is known that thermgttion exists and is relevant, the retrieved
documents can be translated by a human translatéior example: when doing original

research, it is essential to find out whether tbei¢ of interest has already been studied

elsewhere in the worldAbusalah et al., 2005).
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4.2 Data collection

Either parallel or comparable corpus is requiredrider to employ corpus-based technique for
CLIR (Kishida, 2005). And the major challenge ofrquarable or parallel corpus-based approach
is finding a corpus with good quality. Parallel pos is a good source of translation knowledge,
but it is difficult to find one for all domains (Reensaari, 2008). The size of the corpus is also a
major performance bottleneck for a corpus-basedoggp for CLIR. The larger the size of the

document, the better the performance is.

This research used part of the parallel corpugctt by (Aynalem, 2009) for Amharic-English

corpus based information retrieval.

4.3 Preprocessing

The task of preprocessing is needed to preparerigamal documents in a suitable format for
further processing. It involves data preparatiomsec normalization, tokenization, and
transliteration. Case normalization is one of doentpreprocessing activities in this work, with
respect to this English documents were normalipddwer case and some exceptions that need
to be preserved are handled by using exceptionTis process of case normalization is not
carried out on the transliterated Amharic documéetsause preserving cases means preserving

meanings in Amhatric.

Even though most of the above preprocessing deswtere performed by Aynalem (2009), but
some additional preprocessing was done. This &esviinclude transliteration of Amharic

queries and removing those sentences whose lexgteds the maximum length limit.
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4.4 Data Preparation
To fit the data to the phrase translation systeddjtenal preprocessing was done. This is done

based on heuristic gained after so many trials thighphrase alignment tools.

4.5 System Architecture
The system architecture shown below depicts themeamponents involved in the phrase based
Ambharic- English cross-language information retale\Description of the components is given

in the subsequent sections.

It is adopted from aynalem’s (2009).
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Figure 4.1 the Amharic-English Cross-Lingual Infation Retrieval
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4.5.1 Word alignment

The task of word alignment was done by finding tiefeship between source words. This
relationship can be described by the statistichlev#éhat words have in a given parallel corpus
(in this case: Amharic-English). In this researtttis task is accomplished by using GIZA++

(Och 2000) which is a widely used word alignmemt tit is an extension of GIZA, which is an

SMT (Statistical Machine Translation) word alignrhéool. The word alignment is done under
UNIX environment. This platform is used because piting and running GIZA++ requires gcc

(GNU Compiler Collection) which runs under UNIX eronment.

Giza++ text alignment was run on training data cxiimg) of 6644 sentences of Amharic English
parallel Corpus in both directions (bi-directioplof the language. This means: The IBM
models were trained from source to target langiAgeharic—English) and from target language

to source language (English-Amharic) by means ®fGIZA toolkit.

The output of the GIZA++ alignment source and ta@genharic and English) .A3.final, were

used as an input to the phrase alignment tool (THOT

4.5.2 Phrase alignment

The phrase alignment is done by the THOT toolkitcllgenerates phrase based models from
the word aligned files generated by GIZA++. TheQHtoolkit used the output of the GIZA++
source and target .A3.final files as an input foogessing. Then Alignment matrices were

created using symmetirization between the bi-dioeet text alignment files.

An exhaustive experimentation applying the différestimation variants described above with

the 6644 Amharic-English Parallel sentences wasducted.
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4.5.3 Bilingual phrase Dictionary Construction
Translation was done for Amharic query terms th@ne to the retrieval module. Since the
retrieval is done for English queries in additian the un-translated Amharic queries, the

Ambharic queries need to be translated before tmgiahe retrieval process.

The task of this module is to prepare an AmharigHsh bilingual dictionary by selecting phrase
and their corresponding alignment. However, theagéiralignment output contains all the
possible alignment of a phrase from the source tygther with its probability of translating
that phrase into a target phrase. The probabifith® possible translation explains the degree to
which an Amharic phrase is correctly translated iEnglish. Hence, from the possible
translations the one with the highest probabiligsvassigned as the equivalent translation for

Ambharic phrase.

Therefore, Amharic-English phrasal bilingual dicaoy, whose sample is shown below, is
developed using Python script. The python scrifgcsed an alignment with high probability as

the best translation for a given Amharic phrase.
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be'lrgT yekolombiya certainly with Colombian
makseNo mxt tuesday evening
serateNocn Workers

mehonunm yejermen zegeba report of the german radi
yemrCa Election

yebejet ITret slalebacew budget shortage to arttend

Table 4.1 sample bilingual phrase dictionary

4.5.4 Query Translation

The Amharic queries need to be translated inta gguivalent English queries for the retrieval
of relevant English documents. This is accomplisiyedavigating through the phrasal Amharic-
English bilingual dictionary that is constructedla above section. The system takes more than
one query term at a time, and the equivalent tatiosi for the whole query is forwarded to the
retrieval module. Thus, a python script was writtersearch and select the equivalent English

translation of the Amharic queries from the phraased bilingual dictionary.

4.5.5 Retrieval

The English queries pass through the retrieval neodind are used to retrieve English
documents. The Amharic queries pass through theslation module to get the equivalent
English query terms. After translation of the Anmbajuery terms into English, the result of the
translation pass through the retrieval module aeduaed in the retrieval of English documents.

The Ambharic query terms pass through the retrigpracess without translation in order to
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retrieve Amharic document3his module involves indexing and searching. Fes tlesearch

work Apache Lucene is used as a retrieval module.

Apache Lucene is selected for retrieval task ferftillowing reason. According to Hatcher and
Gospodnetic (2005), Lucene is a high performancaable information retrieval API library. It
lets us add indexing and searching capabilitieapiolications. Lucene is a mature, free, open-
source package implemented in java,; it is the merobéhe popular Apache Jakarta family of
projects. As such, Lucene is currently, and has li@efew years, the most popular free Java IR
library. A number of web applications, desktop &milons, and websites are using Lucene.
According to Keller (2009), a total of 147 deskitapd web applications and 134 websites are

using Lucenes APIs for the development of thenigeal system.

4.5.5.1 Indexing using Lucene

A few methods of Lucene’s public API need to bdethin order to index a document. Though,
behind the simple API lies set of operations; whaam be broken down in to three major
functionally distinct groups (Hatcher and Gospodneét005). These are converting data to text,
analyzing it, and saving it to the index. Each ledse operations is explained in the following

sections.

4.5.5.1.1 Conversion of data to Text

To index data with Lucene first the data must bavedted to a stream of plain-text tokens,
which is the format that Lucene can process. Ametpf data bit PDF or Microsoft word

documents other than plain text need to be cordentéo plain-text tokens.
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4.5.5.1.2 Analysis

After accepting the plain-text tokens, Lucenetdpk data into tokens or chunks, and performs a
range of optional operations on them. To mentiomes@f these operations, to make searches
case-insensitive tokens could be converted to lmases. Usually it is also enviable to remove
all very frequent meaningless tokens like stop wdge] an, the, in, on, and so on) from the input
English tokens. In addition, it is familiar analyirgut tokens and reduce them to their roots or
stems. According to Baeza-Yates and Ribeiro-Na®899), the above process performs the first

the first three text operations: lexical analystep word removal and stemming.

4.5.5.1.3 Index writing

The next step after analyzing the input is addimgtbkens to the index. The data structure that
Lucene uses to store the index is called inveriéxdl ihdex. According to Hatcher and
Gospodnetic (2005) this data structure allows qlieik word lookups, while making efficient

use of disk space.

A logical view of a Lucene index can be consideasdblack-box represented by group of
documents that are populated with fields that cissof name and value pairs. The field
indicates the part of the document which this teame from (that is: title or content) of the
document (Hatcher and Gospodnetic, 2005). The sporaling statistics about the term such as
document frequencies and position of the term withie documents are also stored in the file

structure.

4.5.5.2 Searching using Lucene
According to Hatcher and Gospodnetic (2005), wheargjng a Lucene inverted file index, an

ordered collection of hits is returned which isenet by a score. The score (numerical value of
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relevance) is computed for each document, giveunesyg The hits themselves are not the actual
matching document; rather they are references @ontatching documents. Lucene employs

equation 4.1 to determine a document score baseadjaery.

Z fred;. IDF;.boost(t. field in doc).lengthNorm(t. field indoc) 4.1
ftind

Whereﬁr"fz!'i':u‘,j-!t is term frequency factor for the term t in document j,

IDF, is inverse document frequency of the term t,
boost(t.field in doc) is the field boost which is set during indexing, and

lengthNorm(t. field in doc) is normalization value of the field

Equation 4.1 is based on the composite weight, lwisithe product of term frequency and

inverse document frequency.
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CHAPTER FIVE

EXPERIMENTATION AND ANALYSIS

5.1 Introduction

In this chapter the experimentation and resulthef thesis work is discussed. The subsequent
sections discuss how sample documents are sekaetedueries are prepared for the experiment,
the evaluation technique that is employed for thsearch, the experiment and findings of the

research, and finally analysis is given for thailtesf the experimentation.

5.2 Test Document and Query Selection

The total number of Amharic and English paralletutbnents that were collected for conducting
the research was 270 pairs. All the documents seel in constructing the Amharic-English
bilingual phrase dictionary. However, the experitaon was done by selecting sample
documents which were 50 document pairs as a tesplea The reason for selecting only 50

items as test documents due to the time consttahivas faced.

The 50 sample test documents were selected randdmmiy the available English documents.
Then the corresponding Amharic documents were agdedhe sample. Random sampling was

used because all documents are equally importathifpurpose.

For the selected sample test documents Englishieguand their translation equivalent were
prepared with the help of language professionaie. English queries were prepared to serve as
a baseline queries to evaluate the performandeegblirase translation system. (That is: as stated

above the English queries and their correspondimipaic were prepared, the Amharic queries
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were given to the translation system and the redulte translation is submitted to the retrieval

module and the result is compared with the baseHmglish queries.)

Since the system is expected to return Amharic ohecus, the Amharic queries also used to

retrieve Amharic documents and measure the perfacenaf the proposed system.

The queries were prepared in a manner that ireicéd which documents (English and
Amharic) each query is relevant. For the purposedanfig the experimentation, 50 Amharic and

English queries were used.

5.3 Experimentation and Evaluation of the system

This part presents the experiments and resulteealdation of the system.

5.3.1 Experimentation
The experimentation consists of two stages nameyperimentation stage one and

experimentation stage two.

Experimentation stage one used the sample Engtishndents and the baseline English queries
to retrieve documents written in English. It meatig retrieval module returns the English

documents for English queries.

Experimentation stage two used the sample Engligh Amharic documents and Amharic
queries to retrieve both Amharic and English docuisieThe Amharic queries are used to
retrieve Amharic documents in addition to this;)tlaee translated to English queries and used to

retrieve English documents.
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Experimentation stage 1

1. Accept English queries
2. Retrieve English documents
Experimentation stage 2
1. Accept the Amharic equivalent of the English querie
2. Transliterate the Amharic queries
3. Retrieve Amharic documents
4. Translate the given Amharic queries into Engliskrips

5. Retrieve English document

5.3.2 Evaluation of the system
Evaluation of any IR system is done by considewither its efficiency or effectiveness.
Since the aim of this research is to experimenttlmn applicability of a corpus-based
approach for Amharic-English CLIR, measuring itkeefiveness is the key task. Moreover,
measuring effectiveness of an IR system requirdg dacument collection, queries and

relevance judgment, all of which were taken carm @kection 5.2.

Among the different techniques that are used tduaw@ the performance of an IR system,

precision and recall measures were selected fou&wag the system.

The experimentation results are shown in tabletalde 5.2 and table 5.3
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QUERY | REL RET RELRET RELNRET NRELRET R P

1 6 7 6 0 1 1| 0.85714:

2 4 2 2 2 0 0.5 1

3 5 4 2 3 2 0.4 0.5

4 4 3 1 3 2 0.2 0.333333

5 11 6 1 1C 5| 0.09090' | 0.16666

6 8 4 3 5 1 0.37¢ 0.7

7 11 5 4 7 1 0.363636 08

8 18 10 2 16| 8 0.111111 0|2
11 4 0 0 4 0 0 0
12 9 6 3 6 3| 0.33333 0.t
13 2 1 1 1 0 0.5 1
14 10 3 1 9 2 0.1 0.333333
15 4 2 2 2 0 0.5 1
16 6 2 1 5 1] 0.16666 0.t
17 6 3 3 3 0 0.5 1
18 7 6 7 0 -1 1 1.16666[
19 5 2 1 4 1 0.2 0.5
20 6 3 2 4 1 0.333338 0.666667
21 4 4 1 3 3 0.2F 0.2
22 12 10 3 9 7 0.24 0.8
25 6 2 1 5 1 0.166667 05
28 3 1 1 2 0| 0.333333 il
29 14 8 5 9 3| 0.35714. 0.62¢
30 2 6 2 0 4 1 0.333338
31 3 0 0 3 0 0 Q
32 2 2 1 1 1 0.5 0.5
33 3 5 3 0 2 1 0.€
34 2 3 2 0 1 1| 0.66666
37 11 4 4 7 0 0.363636 il
38 17 7 3 14 4 0.17647(L  0.4285f1
39 4 3 3 1 0 0.75 1
40 11 7 5 6 2 | 0.45454' | 0.71428!
41 6 3 1 5 2 0.16666fy 0.333333
42 8 0 0 8 0 0 Q
43 6 2 2 4 0| 0.33333 1
44 2 3 2 0 1 1| 0.66666
45 11 9 5 6 4 0454545  0.555556
46 7 4 3 4 1 0.428571 0.75
47 3 5 2 1 3| 0.66666 0.4
48 8 5 4 4 1 0.5 0.8
49 11 7 5 6 2| 0.45454'| 0.71428
50 5 6 5 0 1 1 0.83333B

averag 0.43605( | 0.58586!

TABLE 5.1 PRECISION AND RECALL RESULTS OF ENGLISHUERIES (EXPERIMENTATION

STAGE 1)
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QUERY | REL | per | RELRET | RELNRET | NRELRET | R P

1 6 5 3 3 2 05 06

2 Z 2 Z 0 0 1 1

3 5 9 |3 2 16 06 0157895
2 Z 1 1 3 0 0.25 1

5 11 |14 |8 3 6 0727272 | 0.57142:

6 8 7 1 7 6 0.12¢ 0.14285

7 11 | 12 | 8 3 2 07272727 | 0.666667
8 18 | 3 2 16 1 01111111 0.666667
9 8 5 2 6 3 0.25 0.4

10 8 3 3 5 0 0.37¢ 1

11 ] 2 1 3 1 025 05

12 9 12 | 5 2 7 0.5555556 | 0.416667
13 2 1 1 1 0 05 1

14 10 |1 1 9 0 01 1

15 2 3 2 2 1 05 0.66666

16 6 2 1 5 1 01666667 | 05

17 6 2 2 2 0 06666667 | 1

18 7 3 2 5 1 02857143 | 0.666667
19 5 2 3 2 1 06 0.75

20 6 3 2 2 1 03333333 | 0.666667
21 Z 7 2 2 5 05 0.285714
22 12 |20 |1ic 2 1c 0833333 | OF

23 6 0 0 6 0 0 0

24 Z 2 3 1 1 075 0.75

25 6 8 2 2 6 03333333 | 0.25

26 Z 8 | 4 0 14 1 0222222
27 3 6 1 2 5 0.333333 | 0.16666

28 3 2 1 2 1 0333333 | OF

29 4 | 6 6 8 0 04285714 | 1

30 2 20 | 2 0 18 1 01

31 3 0 0 3 0 0 0

32 2 2 2 0 0 1 1

33 3 3 2 1 1 0.6666667 | 0.666667
34 2 0 | 2 0 8 1 0.2

35 7 0 0 7 0 0 0

36 17 | 15 | 10 7 5 05882353 |  0.666667
37 11 |0 0 11 0 0 0

38 17 | 7 5 12 2 02941176 | 0.714286
39 2 0 0 2 0 0 0

20 11 | 4 ] 7 0 03636364 | 1

a1 6 5 5 1 0 08333333 | 1

22 8 2 2 6 0 0.25 1

23 6 3 3 3 0 05 1

44 2 0 |2 0 8 1 0.2

45 11 |0 0 11 0 0 0

26 7 0 0 7 0 0 0

47 3 9 3 0 6 1 0333333
28 8 0 0 8 0 0 0

29 11 |9 6 5 3 0545454 | 0.66666

50 5 5 | 5 0 10 1 0.333333
average 0.4635388 0.5185

TABLE 5.2 PRECISION AND RECALL RESULTS OF AMHARIC QERIES (EXPERIMENTATION

STAGE 2)
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QUERY | REL | RET | RELRET | RELNRET| NRELRET| R P
1 6 2 2 4 0] 0.3333338 L
2 4 10 3 1 7 0.7 0.3
3 5 0 0 5 0 0 0
4 4 0 0 4 0 0 0
5 11 5 4 7 1 0.363636 08
6 8 3 2 6 1 0.2¢ | 0.666666
7 11 10 5 6 5| 0.454545 05
8 18 0 0 18 0 q q
9 8 0 0 8 0 0 0
10 8 10 1 7 9 0.12% 0.1
11 4 4 2 2 2 0.t 0.5
12 9 5 2 7 3] 0.22222P 0@
13 2 0 0 2 0 0 q
14 10 1 1 9 0 0.1 |
17 6 10 6 0 4 1 0.4
18 7 10 2 5 8 0.285714 02
22 12 10 3 9 7 0.2% 0.8
23 6 0 0 6 0 0 0
24 4 6 4 0 2 1 0.666666[
25 6 0 0 6 0 0 0
26 4 6 4 0 2 1| 0.666666
27 3 4 0 3 4 0 q
28 3 0 0 3 0 0 0
29 14 3 2 12 1 0.142857 0.66666p57
30 2 0 0 2 0 0 q
31 3 0 0 3 0 0 q
32 2 2 2 0 0 1 1
33 3 0 0 3 0 0 q
34 2 9 0 2 9 0 q
35 7 0 0 7 0 0 0
36 17 9 5 12 4 0.294118  0.55555F6
37 11 4 1 10 3| 0.09090! 0.2¢
38 17 7 3 14 4 0.176471  0.4285714
39 4 0 0 0 0 Q
4C 11 10 4 7 6 | 0.36363 04
41 6 3 1 5 2| 0.16666y  0.3333333
42 8 0 0 8 0 0 q
43 6 0 0 6 0 0 q
44 2 9 1 1 8 0.E| 0.111111
45 11 0 0 11 0 d q
46 7 0 0 7 0 0
47 3 5 2 1 3| 0.66666 0.4
48 8 2 0 8 2 0 q
48 11 8 2 9 6| 0.18181L 0.2¢
50 5 5 5 0 0 1 1
average 0.248352  0.3019048

TABLE 5.3 PRECISION AND RECALL RESULTS OF TRANSLATEENGLISH QUERIES
(EXPERIMENTATION STAGE 2)
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The experimentation results in table 5.1, table &nd table 5.3 shows average precision and
recall in terms of the user-oriented recall-averaggch reflects the performance of an average

user can expect to obtain from the system.

Table 5.1 shows the average recall and precisiorbéseline English queries with average

precision value of 0.5858 and average recall vafu®436.

Table 5.2 shows average recall and precision foh&m queries with average precision value

of 0.518 and average recall value of 0.436.

Table 5.3 shows average recall and precision fanstated English queries with average

precision value of 0.301 and average recall vafu@28.

During the experimentation, documents were retdefoe 47 English and 42 Amharic queries.
For the translated English queries (i.e. obtaimedhfthe translation of the Amharic queries)
documents are only returned to 30 queries. For digln 8 Amharic and 20 translated English
queries (English queries obtained from the tramsiabf Amharic queries), no matching
documents were found and hence that the valudsegbrecision became undefined. Therefore,
those queries with undefined precision value areused to calculate the average precision,

which could affect the overall performance depidtethe tables.

Number of documents returned No document returned

Baseline | Amharic English Base Ambharic | English

English (translated) English (translated
Queries 47 42 30 3 8 20

Table 5.4 proportion of documents returned and-etoirned for the test queries
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As shown in the table 5.4, the bilingual informaticetrieval runs (i.e. retrieval of English
documents using English queries obtained from ka#ées from Amharic queries) a relatively
large portion of the test documents were not retiror retrieved. In contrast, the monolingual
run (that is using Amharic queries to retrieve Ambhidocuments and baseline English queries to
retrieve English documents) showed a relativelyebgierformance. This can be seen from the
number of queries for which no documents were netir The main reason for this was the

absence of translation equivalents for some Amlararies.

As stated above, the low performance of the biladgun is caused by the coverage of the phrase
dictionary used for translation. to overcome thishtem, the phrase dictionary obtained from
small amount of parallel corpus was supplementeddyl based dictionary gained from larger
parallel corpus. Even though the attempts wereenmtadsupplement the phrase dictionary by a

word level dictionary from large corpora, this wabulot help to overcome the problem.

5.5 Analysis

Precision and recall resultigibles showed that average precision and recalesdbr retrieving
English documents using translated English quexiee very low as compared to that of the
retrieving English documents using the baselineligEimgjueries. One of the causes for such low
values was resulted from the parallel document #wd used to build the Amharic-English
bilingual phrase dictionary which in turn was usedranslate the Amharic queries into English.
The parallel corpus used for translation was noteqelear and reliable. Therefore, the
translation knowledge gained from such impure cenpould be very stumpy. Putting this in
other terms, the translation knowledge would bé highe parallel corpus used was quite clean,

correct and reliable. One of such impurities wadlsm errors.
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The problem of the Amharic writing system couldoaie one source for the low performance of
the bilingual run. For example, one can writ o4+”, or “heot” to mean “council”. Such
differences could affect the accuracy of the diwity and in turn could affect the performance

of the retrieval.

For the purpose of this research work phrasesarsidered to be any sequences of words with
no syntactic restriction, hence there is a possitof learning meaningless phrases which in turn
affects the performance of the translation. Thisl@écalso another major cause for the low
precision and recall value for the bilingual ruor(English queries obtained from translating
Ambharic queries). In some cases the phrase dietooentains meaningful terms but it adds

some additional terms this could also another ctarstae low performance of the bilingual run.

Other major cause for low performance of the biliagun was the size of corpus used to build
the phrase dictionary. The size of the corpus watslarge enough to build highly reliable
dictionary. In other words the size of the corpdfecs quality of the dictionary used for
translating Amharic queries into English. This urrt affects the overall performance of the

retrieval system.

75



CHAPTER SIX

CONCLUSIONS AND RECOMMENDATIONS

6.1 Introduction

This chapter is the end of this research work heheefollowing subsections presents the
conclusions and recommendations for future studgt@n our findings.

6.2 Conclusions

Phrasal translation for corpus-based CLIR need® guiarge amount of parallel text in order to
achieve a fairly good level of performance. Howevee size of the parallel document that was
used for conducting this research was limited foply@ng it at a large (industrial) level. In
addition to the limited size of the corpus, thelguaf the parallel text was not as such with high
quality (for example: there were spelling errorsich lead the system to falsely assume the
same words as different). These affected the akgriprocess and in turn this greatly affected
the quality of the translation system which in tagmin affects the performance of the corpus-

based CLIR.

Regardless of the fact that the research requuis g large volume of parallel Amharic English
text with good quality, the results found after doating the experimentation was an average

recall value of 0.248 for translated Amharic queaad 0.463 for Amharic queries.

The comparison of the baseline English queries Whi¢htranslated English queries showed that
the baseline queries perform far better than thestated queries. The average recall value for

the baseline English queries 0.436 and 0.248 fotrdanslated Amharic queries.
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Translating phrases as a whole enables the systestrieve documents which are more relevant
to the user query. Translating queries as phrdsss ttanslating each word individually (word
by word) favors systems which require good levepwcision. In line with the above fact the
proposed translation system enable us to tranplatgses (multi-term) concepts. But in some
cases some portions of the translated phrasesit@xtaaneous terms and affected the precision

of the retrieval system.

6.3 Recommendations
In addition to what has been achieved in this metgahe researcher believes that English-
Ambharic CLIR needs the following to be done in foéure to make the system solve users’

problems in a better way:

* This system was tested only on news articles areb dwt tested for other domain.
Therefore, the researcher strongly believes thatsystem has to be tested for other
domains. This could enable the system encounteariaty of words or phrases which
will improve the quality of bilingual dictionary;

» Development of standard Amharic English parallepos that can be used for training
and testing systems developed for cross languafpemation retrieval. This could
improve the performance of a corpus-based CLIResysiy improving the performance
of the alignment to produce a high quality bilingplrase dictionary;

» Development of Amharic spelling and grammar coroegt

* Development of efficient methods to remove stopdsor

 The current system is phrase-based query transjatie., it translates a query by

considering multiple terms. For this work phrasesdefined as sequences of words with
77



no syntactic restriction. Therefore, it is recomuhesh to see if syntactic restriction to the
phrase extracted works better;

* The current system employs a maximum of three wéodphrase alignment, i.e., the
phrase alignment learns phrases up to three wdids. researcher strongly believes
experimentation needs to be done on a large capu®me up with the maximum
number of phrase length for Amharic English phralggnment. This would improve the
performance of the phrase alignment which is usebuild bilingual phrase dictionary,

hence the performance of the CLIR system also ingup
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Appendix A

Appendix A
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Appendix B

Sample vocabulary file for Amharic corpus

Unique_id | word no_occurence
2 Yexbr 6

3 Tgat 67

4 teTerTariwochn 2

5 Lememermer 2

6 Ke 9

7 100 8

8 Belay 141
9 Ye'Efbiay 1

10 Wekilocha 2

11 Yefenii 9

12 Balemuyawoc 22
13 Besamntu 5

14 meCherexa 30
15 lay 1192
16 beyemen 5

17 Indemedersu 1
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Appendix C

Sample vocabulary file for English corpus

Unique_id | word no_occurence
2 more 178

3 than 185

4 100 111

5 fbi 7

6 agents 4

7 and 4400
8 explosives 11

9 experts 20

10 are 862
11 expected 91

12 in 3385
13 yemen 17

14 by 846
15 the 11242
16 end 61

17 of 4323
18 weekend 7
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