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C ha pter 1 

Introduction 

N!\tllntl Lflng1lage P rocessi ng (N LP) ( 'OIl('<' I'1l :O; ah011\, Sivillg computers the ahility to process hUII1 An 
lfl llgung:c cOll :-> i ~ tillg: of speech Hnd hmglllige pro('('~si ll g, hUlllnll lnngllng:c Lcdmo!ogy, computat ionnl 
lingl1ist ics, speech recognition, I1l1d sy nthes is Hnd mitchilll' tran :o; latiOIlS. Prom t hese efrorts of making 
a mnchin(}- \Isllblc in t he arena of hUlll ll ll lfl llgungc PI'oc{'<;si ng, machine t rnlls latioll has been lu'ou ne! 
for almost six decades by 1I0W [iJ . [n th is chapter , w(' ho ve dis{' IIs,r,cd machine trnnsial ioll , the gop in 
corpus- bASed Amharic · 1~llg l ish 1I1IJch iliC t ralls lulio ll nlld fl proposed .solution to i ll iprove t he llflllslnUoll 
I\C'CllfI\cy of trnnslll l ing to/ from bot h A llIh rll ic IImi Englis h nlong with signifi('f\ l\cc nnd 5('01)(' of the s tmly. 

1.1 B a ckg round 

~ Iochjnc Translation (t>. IT) is n subfi cld of NLP that. invest igntc the uS(' o f computers to automate some 
or all t.he process of tm ll :'l int iug f'OIlI OIIC lfUlglLllge to allot!t€, 1' [2J. There nrc twO approaches to IIIAchi lie 

trA ns lAtion , Ufullcly Knowled ge (rule) based ami Da ta-driv{'1! (lllochil1(, learning hased ) approaches [:i]. 
'I'll(> former hus fallen to reach IllllCh attention bim'c hUII1 An lnngungcs a rc rich and complex l hat it could 
!lever bl' flllly nlla!yzt.,(\ and distilled into u tit'l of fules. Till' gl'ow illg 1I111UI'(' of every llL llguagc !l lso makes 
t he latter a pproach !!lo rc preferable , thilL's why it goL a much momentum ill t hc research community 
worldwide which allow t.hc computer to discover t he rules by itself along with the tnlHslation fro tll a 

parallel datn .'I t atisl.icoll}' (I]. 

In t.he data-driven approach , cady effort s were ba~ed to filld a sentence ~imilar to the input sentence 
in 1\ pal'!lllcJ corpus , and tll<Jke the nppropriutc d lllngc:. to its stored transi<Jt.iun which \V{lS referred us 
Exam ple-based machine translation. Later slati!)lica l mllchine tm nslation has come I,l rouud on solid 

Illathel lwtical fOlLIltlatio lls, 

A statistical a pproach to machine translation is the dominant approach in the field at t he moment. 
In S tatis tical t-. lachinc Tmllslation (S:\ IT ) system:. arc traillt..'(i on large qUlllltities of parallel d ata (from 
which the systems leu rn how to tmnslatc :.111011 segments), as well as eycn Iflfger quant ities or lIlo llolingufll 
data (rrom which t he systems learn wlml the tflfgel la ngun,!1;e should look like) [5J. Pa ra llel da ta is a 
collection of sentences corpus in two diffelellt la llguages, I he source , and target, whicb is a scll tence­
nlignCfI, in thn\. each sentence in one lang1lage is Illaldllx l wi th its corresponding tran::; la tion in the other 

languages. 

Current.. ll'ends in S!>. IT have extended the stntc-of-t h('-(J rt approach to s ta tisticnl machine tran::;\aliOIl , 
so-cnllcd phrase-based models by ex plicit lise o r ling:ui$lic infOl'mat ion which lIlay be morphological, 

syntactic 0 1' selnantic 14] , Phl'l\se-Uf\S(>(1 Inodels nrc limited to t he mapping of s llJflIl tcxt chullks from 
pnmllcl data. Integmtion of additional linguistic' mfll'kup hM s hown bettc r tl'l\ll!'ilfltion performance, 
bot.h in terms of Automatic scores, f\S wdl as in producing gra mmfltical coherence for Illany language 



2 ChR/)/ l'r J ' 111 fCH'luC'l icm 

pairs [hI. This kiml n( t mnsll\tioll 1ll()(lr i .. Ihlll lin' fli-vr lolwfi hy iU((Jrpon\l1ng llcichu{)un] lingllisl ir 
in fo ll llnllo ll i'i C"ll lh'd F'a<ton'(! Tri\I1 .. lntlo ll ~ l l)ddl't 

Expl'riuw lIln l n -MIIt l't d t 'IIICl II"U,ll('(! sigm fi ( ,lilt IInpl On'lIlt'111 flf l rll ll .. la llun flU,lli l Y in kllllS (Jf U(:l;urll.ty 
and fIlII'm y hn\'(' h<'(' 11 n ' p0!lN] fm li.lllgu3j1,(' 1);lio. Ill( lud lll ll. English to C Zt'('h ill, Engli ... h to Tnmil, 
English to G('rU UUI , Euglbh to ' piUli .. h IlILd EUJI,Ii .. h 10 Chiu( .... (' :.!J. [I 

1.2 tatcm c nt o f t hc P roblc m 

AmlulI k b lilt' IUOtl t '-'POkl'll ami tlw work ing l augu;l~t' uf til(' fl '( II'ml gUV('I IlUII'III in EthiopinI7J. lt 's U 

1ll('ulb('1 of tlw S('lIlit ie' Ift ngufI!;r ffl lllil.V, which hils II 11th ml\('(' \iolloi and drmllliOlln1 I11orphologJ{'s. 
This 11l(' II IIS Ih nt II siugle wonl i ll I\ulhll l k {'1I 11 ('()I I ~ is t urn ](' 11 11 11(\ nml lll llu y 1II00ph(, III(,S ('fl,cb of whicb 
l'l'pn'Si'llts II d iffcH'lIt. llleilldog . On the o lhl'r Eng lish ill Oil(' of til(' l< ilu pk sl lll llgUUV,('S ill llw ",OI ld wit h 

limi t('(1 illfk (' t iolls[l'i j. 

OrdinlLl Y Phra."l.'- Oa!1l 'd st al h lil'al ull'lhods of l ra llslnl lull nmsidt'l t'MIl word f(Jrm I\s a M'paratl' lOkt'n 
ill il );{' lf 1I111(']}{'llciflit of other fOf lllS of Its OWII . This ulI'n ns t lmt t llf' lrIlIIslnllf)ll lIIod('l lr('l\ls, sn.\'. fOl 
('xll. lll pl(', lhf' word "fl ·,·:r- " eOlJlpl('lf' ly illdl' lWllilf'lIt o f IIii' W01(1 " fL ')' " AllY 1II11 11iJf'1' of "fl ')'" 111 l ht' 
tmiui llJ.\ ('orplls dOl'!' not nlid Ally knowl('(lg(' to II \(' IrfUlSla1101l of "11. ·' ·:Y· " th()ll~h 011(' ill thl' plural 
form of lh(' ollll'r ill Ill(' n'nl wm ld This II ppHl<Irh ha."i limited sll('{ (· ....... falt ·s Oil tJ'I\ IlSlll.l lllg IX'lwt'l' 1I 

1, lnKIIlIgt'S to/ from Aillhark II lId Eliglish (hit, to a w ry (\ iift,rt 'nt synl llx IIl1Clllw rphu logy [Ii) A prom b ing 
H'v.IIl('ntat ioll of 1lI0rplll' II)('!:i nl 1I word I('vi'l hfts 1,('(' 11 IIII'd ht'lw('(' 11 AmhariC IIl1d English, though It 
did not d('livcr ti l(' I>rolllis('(1 pcrfollllllllCt'S fOI U!Ulslnllllv, to/from Amlmrk 151, Am lutflc ,\I f;() lacks 
la llJ.; t1n~r l'(':'iOUlT(':; for Naturnllnugua/o;c !>1 (X:l.'S,'i IlL& tn ... ks. So lor sU(h unturAliv tlu tC'latro languages, 8 
tmllslalion sy~t<' 111 has to hnnclle hoth natural (liffrl('Il ("('S ,md dat a ~PM"Il \' of the 11\1I /4I1I\&r 10 improvc 
trAllslntioll 'H'curncy with the r('M)urt r at. hnnd rflin rll lly. 

1'lu,'T(, ha\'(' b('('11 l;() IlIC drorts IImdr WII hi ll S~ IT to I ntkll' dllll\ !:ipM~ilY for tnm"li.\ ting from/ to 1-\ mhnr i('. 
In n pn'li lll inllTY t'xpr riuH.'1It condurt('(1 to tra nslnt(' from English to 1-\1111ulIl(' u"inp, th(' S)' IT IIpproneh on 
8 dOl IUlill.sp<,<, ilic pnllinlllClllUl Y COl pus, n 0.3 1 % ill l pi ()V('lllt' llt Ims 11('(' 11 1 epol t('tl ],~. flp plyiug JllorpllCIJ IC 
!'i('gw(,lltlltiolJ l.'il. Thc l'1l1C'-hascd srglllClltr r us('(1 for t hI' I; tll(ly WI\S 11 1>1(' to segul<'nt. n word into smnllrr 
rnorpht'lllcS. For C'xamplr, the Amhnric word "11 ·"" .1'r.'''''! '' is segmented in to three morphemes " II" , 
" "'".'1'1:''' and """!" each correspond to a preposi tion, nOli n, and adjective marker respectively. 
The segmenter was ab le to segment prefixes and suffixes. The following words "lI""' )'H ', 
""",»)"), nll" ", )')' , n"""," ')-~i , lu,""')-)' , hll"".H'i" were a ll segmented to "II"",) ')'" by removi ng 
the prefix, suffix or both. This Affix segmentation has helped to decrease the number or 
vocabu lnries in Amharic corpus by 22% (5]. 

Statistical machi ne translation effo rt made for the tflrge t of exploring a genu ine approach using 
limited corpus shows that stnlctural reordering can improve translation accuracy for hierarchical 
translation. Though structural reordering has helped to improve translation accu racy against 
non. reorde red hierarchical transla tion, both of these translations experiments has been reported 
10 have less accuracy compa red to an ordinary baseline ph rase· based translation 161. Experimen ts 
on the same data set, reordering in the phrase-based model have found to be low in pcrfom1ance 
which has less tra nslation accuracy score than the baseline. Further recommendations by the 
same authors show that improvements could be made by " applying linguistic features using 
morphological analyzer and applying syntact ic information lIsing language parser for Amharic 

and Eng lish languages " (6 1. 
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Relati ve ly recen t thesis work in Add is Ababa University department of computer science on 
bidi rectional Amharic \0 Engli sh MT using constrained corpus was conducted on \wo different 
pa rallel texts, one consisting of si mple sen tences and the other, complex sentences. These 
ex peri ments were c<lrri ed Ollt separately and the result obtained for simple sentences is not fa r 
from complex sent ences in both Amharic to English and English to Amharic tra nslat ions [9]. 
Th is implies that un less a corpus is ve ry large or Am haric surface forms cbanged to its base 
forms(l emrna ) and li nguistic information's incorpora ted much improvement cou ld not be achieved 
towards state-of-art translat ion performances like other langun ges. 

These experimen ts demonstrate that th e cu rrently dominant ph rase-based statistical approach 
cannot solve short -comings that the nature of Amharic language imposes 10 the fie ld since the 
problem is not how simp le or com plex a sentence could be it is rather on how simple or 
complex a token is in representing a meaning about the other InngUi_Ise pair. This imposes 
tha t un less ench wo rd is explai ned wit h the possible natura l fea tures , morphologica ll y richn ess 
of Am haric will always drain translat ion accuracy per any language pnir whether th e target 
language has a reach or simple morph olog ic'-II inflections. 

On \he other hand, a highl y related study conducted on Tigrigna whic h, the resea rcher claims 
factored translation models tends to be far insuffic ient for English to Tigrigna fac tored machine 
translation, a 16.5% dec rement' from the baseli ne system [10]. Contrary 10 th e English-Tigri gna 
combination, studi es in Turkish [111, Arabic 1121 [13 1, Czech [1[, and Tami l [21 languages 
have suggested integra ting different linguistic informat ion has a directly proportional effect to 
incre ment in translation accuracy. Th is study rcports both morpholog ica lly rich and agglu tinative 
lang uages has merit ed from linguistic fea ture incorporation in which a ll of them hn ve used <11 -
least POS lag and lemma of a word as wcll as an cxtra speci fi c fealllrc as to the stud y. Reports 
in translation accu racy due to lingu istic feature integ ration and facto red translation models has 
been very prom ising and assure. 

All the above stud ies and scenarios designatcd that there is a ga p to invest igate on how to 
incorporate proper lingu istic features for fllrther improvements it prom ised 10 other internati onal 
under-resourccd and morphologically rich langua ges. The aim of this study is, therefore to 
investigate how linguistic information can be incorpora ted to improve the state of art baseline 
phrase-based tra nslation of Engli sh tex ts in to Amharic tcxts or vice-versa. Each linguistic 
information might not have the same contribution in the bidircctionaltranslat ion, that's what it 
makes a necessity to explore the individual contributi on of each \0 find an effective combination 
to improve translation accuracy. 

1.3 R esearch Quest ions 

Basic questions this research thesis have answered arc: 

Does incorporating linguistic features to statistica l machine translation models exceed 
an ordinary phrase-based translation model in translation performance for Amharic and 
Engli sh language pa ir? 

Which linguis tic information has mattered the most from POS tags, Lemma of a word, 
and Morpheme segmen ts for bette r transla ti on performance to Amharic and/or Engl ish? 

What combinations of linguistic informati on has better translation performance? 
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1.4 Object ive o f t he t ,dy 

J A .! C enera l Object ive 

The genera l objec tive of lhis study is to integrate linguistic features to phrase-based statistical 
translation models bidirectionally in Amharic - English tra nsla tion using Factored translation 
models. 

:1. ,1. 2 pcc ifi c Objec t. ives 

The specific objectives of this study to achicvc th overa ll general objecti ve arc: 

Co llecti on and Pre -processing of para llel (bi -te)( t) and pllr! of spcech(POS) corpus 

Deve lop different POS laggi ng models using different approaches and select the best taggi ng 
model for Amharic 

Identify and apply the bcst POS tag model for English 

Ident ify and adopt the best ava ilable word lernmatil'.e r, morphologica l segmenter. and 
ana lyzer for both Amharicli. e. 1I0rnM orpho) and English (i.e. Word et, Spacy Neural 
pes Tagged 

neview and iden tify techniques that enable to employ linguisti c features on para ll el corpus 
bidirectiona l. 

Train ba:,eline, tagged and segmented translation models by incorporating linguistic 
features using fac tored translation models_ 

Evaluate. Compare and Contrast the performance of the models to see the impact of a 
linguistic feature 

1.5 S ignificance of the st ud y 

Signifi ca nce t.o researchers 

The main contributions of thi s rese<Jrch work is an acadcmic knowledge on how to integrat e 
linguistic fea tures to the state of art base line phrase-based stati stical machine translation and 
wha t level of improvement it could add to bidirecti ona l Amharic - English machine translation. 
The resul lS can be further adapted with the necessary {'weaks from other local Semit ic languages. 

ignifica nce to ot her NLP Appli CC;lt.ions 

Funher studies on NLP tasks can mke thi s study as an addi tional componen t fo r studi es in a 
speech to tex t, text to speech and speech to speech translation regarding Engli sh - Amharic 
language pai r as well as other Ethio-Scmitic languages. 
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Integra ti ng linguistic features can a lso help to solve d,lIa sparsity problem so that a better 
tra nsla tion can be mode led with available insufficien t daw :lS compared to another base line 
system, on which it needs morc da ta to be on Ihe same leve l of accuracy. This makes fina l 
translation models pon able and simple on which hand held devices can also funher adopt the 
faclored mode l for t rans lating electronic readi ng materia ls from Amharic to English or English 
to Am haric to offcr chea p. consiste nt , convenient a nd r"st mach ine translation for anyone in 
need. 

In a general manne r, this st udy ca n be integrated 10 othe r NLP applic;1tions so that individ ua ls. 
e nterp rises, I..anguage Se rvice Providers , Law fi rms and Gove rnments can use it in our society 
fo r diss imilat ion more documen ts for more audiences. Corpora tes ca n a lso use this wi th human 
assista nce to a id trans l ~lIion fo r increase increased throughput. within applicat ions such ilS 

in info rm ation extraction, docume nt retrieval, inte ll igence ana lys is , e lectronic mai l, .1I1d much 
more [14]. 

1.6 Scope a nd limi tat ion 0 1' t he s tudy 

The scope of thi s stud y is li mited \0 Amha ric English SWlisli ca l Machi ne Translation usi ng 
baseline phrase-based mode ls a nd factored models. The study is conducted bidirectiona ll y. i. e., 
from Amh aric to English a nd from Eng li sh to Am haric since each li nguist ic feature incorporated 
has a di fferent e ffect on the vice verse Iranslmion. Transla tion accuracy to a very inflected 
language a nd from a very inflected language. I.e. Amharic has bee n invcsti gated to increase 
the pe rfo rma nce and accuracy in bo th di rections. 

All combi na tion of linguistic info rmation has been used to gene ra te factored models separate ly 
and a comparison will be made to identify the most li ng uistic information wh ich matters the 
most. Linguistic fea tu res will be adopted for both the language mode l and Translat ion model 
in the F<lctored representation. Since one is in terdepend en t over the other. 

Due to limited computing resources tra nslati on model opt imiz'll ion or mode l tu ning has been 
set to a maxi mum iteration of 10 for a ll systems because tu ning is the slowest step of the 
process. Even in this sce na rio for facto red and tagged fealUrc combina ti ons tUlm ing has taken 
more days to complete . Check more on our Ex pe rimenta l setup in Cha pter 2 fo r more. 

1. 7 T hes is organ izat ion 

This th esis is o rganized into six chapters, the fi rst chapter di scuss the introduction, sta temen t 
of the problem , the objecti ve of the study, scope and li mi tation of the study, the methodology 
followed by research des ign, data collection, an approach for the study and evaluation procedure. 

The second cha pter deals with a li terat ure review which focuscs on the approach of machine 
transla tion, machine tra nslation tools a nd rela ted works previously done loca lly and abroad 
prior to this study. Previous studies have been summa rized with each other to see wha t leads 
and recommendations they cou ld have in common fo r this study. 

The third chapter deals with an overview of the Amharic la nguage and its relat ionship with the 
English language and di scuss ion challenges the language has by its nature. The orthography of 
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the writing system and word form~lIions and morphological characters of Amharic have been 
discussed. 

Chapter fOUf di scuss design ing processes of th e prototype (translat ion mode l> includ ing, corpus 
preparation , types of the corpus L1sed fo r the study, lIsed POS I.nggcrs. morphologica l analysis, 
morphological segmentation, how linguistically enriched data is prepared ami early preprocessing 
experiments used to the system. 

Chapter fi ve dea ls with the experiments of the study which includ e different experiments and 
the results of the experiments with the interpreta tion of findings. Which experimen ts lead to the 
other fl nd which experiments have liule or no effect a ll U1C translation accuracy improvement 
we have been hoping for. 

The last chapter covers summaries and conclusion of the findings in this stud y while articulating 
recommendations for further studies in the area. 
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C hapte r 2 

Literature Review 

Machi ne translation (MT1, a sub-field under Natura l iangll ng processing ( LI», is the us ' of 
com pUle rs \0 automate a ll or parI of the process of t ransla t ing from one human language to 
a no the r nnllll'a i language 115 ). Translating from one la nguage \0 the other requires a dccp and 
rich undcrslilndi ng of the source language and the text given a nd sophisticated voca bula ry, rule 
and syntnx of the target. Using computers to do so make the problem more dirricult. fnscinnling 
endeavor \0 be crealive in and lackle. 

Although the 1966 ALPAC report conducted on realiti es of machine translation claims that 
pos t-edit ing mnchine translation output was no t chc31JCr or (aSI r than fu ll human translation 
a mong othe r thi ngs usabilit y of lousy boost th e field of study. Despit e reduced research e fforts 
due to thi s re po rt first commercia l translat ions systems ca rne in to bei ng in 1976 known as 
Mt!tt!o fo r trilnsla t ing weat her (orecnsts, which was developed at th e Uni ve rsity of Montrenl and 
is still operating ever since [161. 

2 .1 Why Machine Translat ion? 

Efforts on MT resea rch are not limited to a fu lly au tomat ic . high-quali ty translation rath er a 
rough tra nsla tion is suffi cient enough fo r browsing fo re ign materia l. Recent t rends are a lso to 
buil d lim ited MT applications in combi nation wi th speech recogniti on , especia ll y for hand -held 
devices like Google Ass ista nce <md Amazon Alexa. 

Major au tho rs in the fie ld of MT categorize its usC's broad ly into three categories: 

(a) ass imilat ion • the tra nslat ion of (oreign material (or the purpose of g isting a nd unde r­

standing the con le nt; 

(b) di ssemination _ translating text for publication in other languages for in ternationa l audience; 

and 

(c) communication _ sllch as the translation of entails. li ve chat discussions (16) (17) (3). 

Machi ne tran slation may serve as a basis for post-ed iting, a lthough efficiency is hi ghl y dependen t 
on the qua lit y of MT system post-edi to r does not need to know th e foreign input la nguage. 
Monoli ngual spcaks arc easy to find tha n bili ngual spcnkers which red uce the cost (or correcting 
the ou tput [1 6]. In cou nt ries like Eth iopia where morc tha n one major la nguages spoken, the 
socio- po litica l importance is a favor to COllnt on and get the most out of it (3 ). 

-
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2.2 Measures fo r S lect ing Machine Tra ns lat ion Tools 

In ordinary slal"istica l phrase-based MT system, a loolki l is eva luated based on how much 
accurate it is 10 a reference human translation and how much time and resource does the 
data structure took to achieve it are the two m"in measures to evaluate the pcrfomlance 
effectiveness and efficiency (16). However, in our case of ex pressing tokens linguislicall y. the 
lingu isti c qua lity and ease of integration with the exisling too ls are the indica tors to fa vor one 
over the other. Lingu istic qualifY is examined by how much the target ou tput il is consumable 
by higher-leve l nppli caLions concern ing the source intention or means that tra nslated output can 
take less ti me to post-edit wi th the translation Ill an:lgeillen t system. Moses \181 on this regard 
comes on top as it is the most widely :ldopted state of art machine translation toolkit in the 
"re<l of SMT. 

2.3 Machine Tr a ns lat ion A p proaches 

Early researche rs foc llsed on building translat ion systems using hand-wri ll en lingui stic rules 
which were created by expert linguists. That "pproach is called ru le-based machine IT,mslat ion. 
Due to Ule burden of ha ndcrafling rules with so many dec isions those which arc hard to 
fo rma lize, a new da ta-dri ven example-based translation system tha t has been built especia lly 
in Japan , 1980 tryi ng to find a sentence similar to the input sentence in a para llel text, and 
make the appropriate changes to its stored translation [16). 

After ule late 1980s, a new approach arose for the machine tra nslation problem in the labs 
of IBM Research. Researchers sta rted to deve lop transla tion systems using parallel lex ts of 
language pairs and use statis tics. Since then, research on statistica l machine translation has 
rapidly grown (17). 

2.3.1 R.ule Based Machine Ihnsla l.ion (IlBMT) 

Rule-based machi ne tTanslation (RI3 MT) is a knowledge-based MT which retrieves rules from 
bilingual dictionaries and grammars based on li ngu istic information about the sou rce and target 
languages. RI3MT generates target sentenCI!S based on syntactic, morphological and semant ic 
regula rities of each language in which the lingui stic rules are built on. It converts source 
language structures to target language structures and it is extensible and maintainable as in (1 5] 
r1 91. 

There arc three methodologies of RBMT systems (see Figure 2. 0 , na mely: 

1. Direct Approach 

2. Transfer Approach and 

3. Interlingua Approach 

2.3.1.1 Di recl Approach 

This is the oldest approach in RBMT in which source language words are lrans lared wilhout 
passing through an addi tional/intermediary representation. The words will be transla ted as a 

1 
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no rmal manua l d ict io na ry docs word by word, usually withou t m uch corrcla lion of mC<l ll ing 
be tween them. Dic t io nari es a nd gramma rs will be used to ana lyze the source language (IS well 
as to synthesize the targct-Irmguagc tex t. Meaning SL:}TL transformation is the function of 
dictiollnry lexicons a nd la nguage sy nt ax. 

La nguage d ivergence is a common problem in Direct Translol ion approach on which, lexica lly 
and syntactica lly simi lar sentences of the source language arc not translated into sentences that 
arc similar in lex ica l a nd synt act ic S!nlcturc in the target language. 

E.g. English source text - " j ust go t arrived now" can be tra lls itlled 10 "",,··t tt. ... .. or .. ~I.('I " 
in Amharic on whi ch the ph rase co nverges 10 a single word. 

2.:J. J .2 'J)', \IIs fc," Ap pr oa c h 

In Transfer based systems, morpho logical a nd sy ntactica l a nal ys is is done on the SOllrce la nguage 
and syntacti c/semantic s tructure o f sou rce language is transfer red into the syntact ic/sema ntic 
structure of the target language. Here source language tex t is converted into less language 
speci fi c representa t io n and th e same level of abstraction is generated with the help o r gra mmar 
rules and bi lin gual di cti o naries. In the transfer approach of t ranslation divergence , there is a 
transfer rule fo r t ransforming a source la nguage (SL) sentence into a target Janguage (TL), by 
performing lexica l and struct u ra l ma nipu lat ions. (sec Figure 2.2) 

'1 .11 

1,\10.011 •• 11" 
_11""''''1. 

F'IGUnB 2.2: Transfer hl\!lcd RB~'T Adopted from Mlopt<'fl from Jl'li!'wHI &: BflllAhh. A 
liwdy on :\IT melhod~ 1201 

The t ra nsforma tion p rocess sta rts with morpho logica l analysis on which su rface forms of th e SL 
inpu t text a rc cl assifi ed as of thei r part of speech tag or sub category (gender, numbe r, tense). 
Then lexical t ransfe r is done usi ng basic d ictionary translation the source language lemma, 
while finally the TL surface fo rms are generated usi ng morphological genera tors of the target 

language. 

While Transfer based a pproach seems 10 be more promising than direct translations , the number 
of ru les will grow d rastica lly in case of general non -domai n specific translation systems. 
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2.3. 1.3 Ili ler-Ii ll g \la appro;:\ch 

In lntc rli ngu<l approach, it tries 10 make linguisti c homogeneity across the world. Source 
language is transla ted into an intermediary representati on whi ch docs not depends on target 
or any other language. A targc t language is deri ved from this assisting form of represent ation 
assuming tha t SL text concept ex ists in the intermediary rcprcscnt<l tion. 

Although emphas izes on single rep resen tati on for different languages, the main challenge in 
Interlingu<l approach is thai th e definition of an Interlingua is diffi cu lt and maybe even gel 
impossible fo r a wider domain. 

2.3.2 Corpus Based Machine Trans lation (C BMT) 

To overcome th e problem of knowledge acqu isition of rul e based machi ne translation and need 
of highly skill ed linguists, a new al ternative approach for machine translation emerges a t IBM 
lab in the 1980s by using al ready avai lnble translat ion using solid mathemati cal found ations 
by modeling translation task as a sta tistica l optimizat ion problem ( 16J. Corpus Based Machine 
Translation (CBMTl uses, a bili ngual parallel corpus to obtai n knowledge for new incoming 
translation. Th i ~ approach uses a large amou nt of raw data in the form of pa rallel text. Th is 
raw da ta contains source tex t and their translat ions. These corpora arc used fo r acq uiring 
transla tion knowledge (21). Corpus based approach is fu rt her class ified into the fo llowing 
two sub appro(lches Statistica l Machine Translation and Exa mple-based Machine Translat ion 
Approach. 

2 .3 .2 .'1 St.a l.is l.ica l l'vlachi nc Tralls lal. io ll Approach 

Statistica l machi ne translation (SMT) is generated on the basis of sta tistical models, based on 
Bayes Theorem, initi a lly takes the view that every sentencc in targct language is a possible 
transl(lt ion of any sen tence in the source and the most appropri<lte is the translation Ih<lt is 
assigned the hig hest probability frol11 the parallel text by the system (16J (21 ]. The idea 
is to fi nd the most probable translation of a given sentence. This approach can be applied 
to any language combination that has enough parallel tex t and requires the least amOll nt of 
human effor t among all approaches . Though it has previolls routes it was re introd uced by IBM 
researchers in 1988 [221. 

A text is translated according to the probability d istribution function indicated by p(fle) , which 
is the Probability of translating a sentence f in the Source L.1nguage (SL) f to a sentence e in 
the Target language(TU e. 

The problem of modeling the probability distribulion p(e I f) has been approached in a number 
of ways. One intu itive approach is to appl y Bayes theorem (2. I ) . 

,, (elf) = p(fl<),,«} (2.1) 
,,(f) 

That is, if p(fie) and p(e) indicate translat ion model and language model, respectively, then 
the probability distri buti on p(elf) 00 p(f le)p(c). The translation model p(fic) is the probabili ty 
that the source sentence is the translation of the target sentencc or the way sentences in E 
get converted to sentences in F. The language model p(c) is the probabi lity of seeing that TL 
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stri ng or the kind of sentences that ,Ire li kely in the language [ (23 ). This decomposi tion is 
attracti ve as it spli ts the problem into two sub problems. Findi ng the best translat ion e is done 
by picking up the one that gives the highest probabili ty as shown in Equation (2.2) : 

• = arg max p(elf) = arg max p(fle)p(e) 
~f~' ~f~ ' 

(2.2) 

From the form ula (2 .2) , we can see that sta tisticn l machine translation problem actua lly has 
three pa rts , as explained in the mathematics of MT (19): 

1. bu ildi ng a target language model to estimate p(e); 

2. build ing a translation model to estimate pUle) ; 

3. sea rching for a transla tion e to maximize the product IJUl e)l'(e) , which is also ca ll ed 
decoding [16) (21). 

For a ri gorous implementation of this one wo uld have to perform an exhaustive search by going 
through all strings e* in the nati ve language. Performi ng the search efficiently is the work of a 
machine translation decoder that uses the fo reign stri ng, hcuristics and other mcthods to limit 
the sea rch space and at the same time keeping the accep table quali ty. Thus SMT depends on a 
language modcl, a translation model, and a decod ing algorithm. The translation model ensures 
that the machi ne tra nslation system produces the target hypothesis correspondi ng to the source 
sentence. The language model ensures the gra mmatically correct output 12 1) which all can be 
described by the fo llowing architecture. (see Figure 2.3) 

Alongside with source language text fo r tra nslation, the language model wh ich ensure that 
words come in the right order, the translation model which assigns a probability that a given 
source language sentence will likely be translation target language sentence are used by the 
decoder to compute the one target sentence with maximum probab ili ty. Here the language 
models are used fo r assigni ng a probabili ty to the occurrence of a sequence of m lingu istic uni ts 
(mostly words or phrases), by means of the probability distribu tion of all un its. The model , 
where the probabili ty of a unit depends on the previous n units, is called an ·gram language 
model. 
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In N-grn m l~ngll;1ge mode l. the probablity of a sentccc S wi lh words WI. W2,W3 ... W," is 
shown in Equation (2.:1) defined as the probability 10 observe a sen tence in an n-gram language 
model (24 ]. 

'" P (Wl,""W", ) = n P(w,lw] . . 
, 1 

'" .,w, \)::::::: n p (W,IWi (n I )" "'w, ,) 
, 1 

(2.3) 

An N-gram language model uses on ly previous n-1 words of prior context to estimate the 
probabili ty of a given word. This comes from the Markov Assumpt ion, which is the prcsllmplion 
that the future state of a dynamica l system onl y depends on ilS recen t hislory(1 5). In particular, 
a kill-order Markov Model suggests that Ihe next state of a system only depends on Ihe k most 
recent sta tes , the refore an N-gram language model is a ,,· 1 order Markov model. That means, 
the probabili ty of observi ng a word w, in a sent ence where prev ious ,- , wo rds are known, 
can be approx imated to th e probability of observi ng it in the cont ex t of previous no' words. 
However, when an lInseen word is confronted, this model will fnil and assign a probabil ity of 
o to the new wo rd. To eliminate this problem of 0 probablity, smoothing methods are usunlly 
applied, such as Kneser-Ney smoothing (24) which is also used in this st udy. 

In any translation system aft e r the language model is computed , the translation model is created 
using the bi -lingual parallel corpus. 111e first step in creati ng th e transla ti on model is the word 
align ment. /\fter the words arc iJligned, two major statistics arc derived from alig nments; 
fertil ity and di stortion (23 ). Fe rtilit y is th e number of targe t language words genera ted for a 
source language word. Distortion is the position d ifference between the larget lnnguage wo rd 
and the source language word in the sentence. 

Searching is done after finding a\1 poss ible transla lions of a given sen tence. Usi ng language and 
translat ion models created above, probabiliti es for partia l a lignments are compu ted. Basically 
its a process of st acking the promising partial alignments, which have highcr probabilities and 
extend the stack until a complete translation is achieved for a given sentence S. 

In SMT, Phrase- based approach is the most common sta ti sl icnl method in uscl 16J. It's as a joint 
probability method for learning words and phrases from the bilingua l corpora. In the classic 
ph rase-based approach, a wo rd is represented as a si ngle token where as later va riants of it 
all ow other linguistic informat ion to go with it. These are syntax-based 125 ), hi erarchi cal (261 

and fac tored [4) phrase-based approaches (27 ]. 

2.3.2.1.1 l?actOl'cd plll'<lse-based approacil 

In factored phrase-based approach, a word is represented as a vector of fac tors each of which 
serves as differcnt levels of annotation. Figure 2.4 is adopted from 14 ) to give an illustration 
of factored representation of words. 

In this study, for a bidirectiona l Engli sh - Amhari c translati on system, we adopt the fac tored 
phrase-based approach and explored its potentials for th ese language pai rs. 

As phrase-based models , factored translat ion models can be seen as the combination of several 
components <language model, reordering model, translation steps, generation steps). Th ese 
components define one or more feature fu nctions that are combined in a log-linear model: 
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LfPiJ I Output I 
~d I vvord 

I 'emma I I lemma I 
I part-ol-speech I 

I morphology I 
I vvord class I 

I part-ol-speech I 

I morPhol"2il 

[.;id el. ss) 

F,(:U IH; 2.4: Ucpres('utfl t iolill of ill])ul 11. 11(\ output 111 fl\('101'('(\ S~ IT(SOUl('(' • 1,00'lm & 
I lo,'lllg [-I]) 

I ' 
II(elf) = Z exp L A,II,( e, f) , , (2.4) 

Si nce Z is a normaliza tion constan t in Equation (2. 1) it is ignored in practice. To compute 
the proba bil ity of a tra nslation e given nn input sentence I , we ha ve to eva luate each fea ture 
function Ii i ' For instance, the feature fu nction for a bigrnm In ngllagc model component is (m 
is the number of words ei in the sentence e): 

11e., (e, f) = " ,-,, (e) 

= I' (etl I' (e, I', ) .. 1' (e"I'" , ) 
(2.&) 

If we we specifically see the feature functions introduced by the translmion and generation 
steps of factored translation models. The translation of the input sentence f into the output 

sentence e breaks down to a set of phrase translations {(7
"

e,) }. 
For a translati on step componcnt. cach feature function hT is defined over the phrase pai rs 

{(Ire}) } given a scoring function 11 61: 

" (e, f) = LT(7I't,) (2.6) , 
For a generation step component, each feature function hG given a scoring function ,), is defined 
over the outpu t words (e~J only: 

"c( c, f) = L 1 (ed 
k 

(2.7) 

The feature functions fo llow frol11 the scoring functions( T,,), ) aC(lu ired during the training of 
translation and generation tables (41. 

-



2.3.2 .2 Ex'11 1Ip lc-. bnscd Mach iuc 1""'I1ISII\l;01l Appro;lch 

Example-based machine translation (EBMT) also lISC bil ingual corpus with pnrallel tex ts as its 
main kn owledge , in which translation is done by analogy. An EBMT sys tem is given a SCI of 
sen tences in th e source language ,md corresponding translations of each sentence in the target 
language wi th a point to point mapping. These examples are used to translnte similnr tYI s of 
sentences of the source Itlnguage to th e targel language. 

There are four tasks in EBMT: example acquisit ion, example base and management, example 
npplictl tion and synthesis. Al the foundation of example-based machine translntion is the idea 
of translation by analogy. The principle of translati on by ana logy is encoded to example-based 
machine translation through the example translations th at are used to train such a system 1211. 

Eng lis h 

Il ow 1IIIIch is t. hat. I t'rI slim'? 
How I tIlH; h is t. 1I"t. smnll (,fl lll r r ll? 

I low IIl1iC h d Ol'S t. hat. ("III wl'i~h? 

Ilow m uc h pri\(' for t. hat. shot'" 

J' +r, .~!..., 9" ') ,I' VA ~m'1 
J' -loTI! I,_,, /.. 9" ') f lJA ~m·? 

.f _ , ..... " 1t.(',1 (rH' ~m' ? 

.f ."j,-, 'f.:J /1t- (rH ' '1m·? 

T AIJI.E 2. 1: Salllplt- E~IIJT by of II "Iillimni p.Jiring Alllhark \'<0; EnKh~h phnL<,( 'l> (wurn'­
~ hl l1 hl\ Vifru I'-'~]) 

The example in the above table above shows an example of ,I minim,11 pair, meaning Ihat Ihe 
sentences vary by just one elemen t. These sent ences make it simple to lea rn Inmslati ns of sub 
sentence units. EBMT is an "!tractive could yield better translation but it requires ana lysis and 
genera ti on modules to produce the dependency trees needed fo r the examples database plus 
computational efficiency is another bott leneck especia lly for large dati\bases 1211. 

2 .3 .2 .3 Il y b l' id ~ I acllinc l.ra llslat.iOIl Approa II 

By tak ing the strength of both stati stical and rule-based translation methodologies, one can use 
both together, namely a hybrid -based approach, which has proven to have bet ter effic iency in 
the area of MT systems [21 J. 

The hybrid approach can be used in several different ways. In some cases , translations are 
performed in the first stage lIsing a rule-based approach followed by adjusting or correcting 
the ou tput using SMT informa tion. In the other way, rules a rc used to pre-process the input 
data as well as post-process the statisti ca l output of a statistica l-based transla tion system. This 
technique is better than the previous and has more power, fl exibility, and control in tra nslation 
and proven serious efficiency several governmental and priva te based MT sectors 121 1. 

2 .4 R e lated St ud ies 

English, being currently the dominating la nguage for communica ting internationally. it is es­
sential to prioritize the language pairs involving English as the source or the target language 
in transla tion tasks. With this view. research on mach ine transla tion on the Amharic-English 
(or English-Amharic) language pair has increased in recen t yea rs. 

-
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However, statistical machine trans lnt ion from English to Amharic is still chall engi ng in many 
as pects. Because of the linguisti c differences between these languages discussed in Chapter 
3 Section 3. 5, build ing a robust machine tra nslation system for this language pair is harder 
tha n doing it for linguistica lly closer languages. Baseline Machine Translation unck shows that 
systems built upon linguistically close la nguage pairs arc morc successfu l than thc other systems 
in terms of BLEU scores. On the hand, linguistically different languages need further process ing 
than baselines to gct the same or ncar results [131-

There are a considerable amou nt of studies, both published and unpublished , dOl1e to solve 
the problem of Machine «<lI1sl.<ltiol1 for Amharic with other languages. These researches were 
conducted in different languages cmploying a variety of different approach and methodology 
for both loca l and foreign languages. 

In this stud y, we have reviewed key studies done locally and 810b .. ll y specificnlly on mochine 
tra nslation to or from Amhnric or vice versa to nny language pair , a long with sibling Ethio­
Semitic, Semitic and other globally r lated morphologically ri ch languages. 

2 .4 .1 t tld ics on Ethiop ian Inngllagcs 

Here listed are n1 njor researches conducted on Amhnric nnd other similar Ethio-Semit ic languages. 

Prcli.nirrary Ex pcr ill'l cllts 011 1~ •• glish- A",h;lri c 'MT (EASMT) 

This experiment was conducted by Mulu and Bcsacier 151 in Addis Ababa Un iversity IT Doctora l 
study, following the statistical approac h which relies heavily on bili ngual para li el aligned corpora 
of the source and target languages. Following the baseline phrase-based models of SMT, they 
collected the English-Am haric paraliel corpus from parliamentary doculIlents that exist onl ine 
plus those collecled manually are used for the preliminnry experiment on EASMT, 

Preprocess ing lasks have been conciucled on each corpus found from Federal Negarit Gazeta to 
reln in and convert the full content into a valid Unicode text formal suitable for the MOSES SMT 
system. Further alignment tasks were conducted using Iiunalign along with rnnn ual trimming 
tasks. 

The experiment has been conducted lIsing 18,4 32 English. Amharic sentence pairs with a tOlal 
of 500K Engl ish and Amharic tokens extracted from the pa rliamenta ry corpora 10 measure the 
accuracy of the translation system, Accord ingly, the baseline phrase-based BLEU score result 
was 35.32%. Further by applying morpheme segmentation to the Amharic result set a 0.34 
score increase in BLEU has been achieved which is 0.92% increase compared to baseline 151. 

l\!laki ng A .n ha l'i c t o Eng lis h Language Tha lls lato l' for iOS 

Because there was still no language translator for Amhnric-English language pa ir on th e iOS 
platform, Hana deve loped an SMT model which was later consumed by Microsoft Translator 
Hub and accessed using Microsoft Transla tor AP ls so that it is more accessible frolll phone. 

She adopted l ook freely available Muslim Quran corpus from OPUS free content by selecting 
sentence whose token length is between 8- 18 resulting in a BLEU score 7% due to fewer qualilY 
data . As a software engi neer pract itioner, the author claims it was enough to proceed to develop 
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iDS bundles and HCI modules for Amharic characters. To improve the poor translalion quality 
the au thor concludes to improve quality of the parallel lex!. 

~: lI g l is l l to A ill h aric Mnd.inc Trallslnlioll Utll lIS MT 

Li ke the other similar studies. t.his paper also deals with the tronslmlon of English to Amharic 
using statistica l methods. Ambayc and Yarcd (61 have conducted the research aiming to be a 
standpoi nt for simil ar researches. They ha ve conducted the study by applying bolh phrase-based 
and hiemfch ica i approaches of SMT a firsl a lt ernp! to study both appronchcs using the same 
daHl . 

After prcposscssmg of a raw da ta collected frolll Ethiopian consti(tJlion Ncga rit Gai'.cta Awaj . 
Oible books and some internat ional rcg ul<lti olls and Et hiopia n govern menta l I>orl a ls (or n (intl l o( 
37 ,970 bili ngual sent ences were collected. Addi tionall y 68,815 monoli ngual sentenc s were a lso 
collected from known web news tlge ncy like Eth im.elltl, Ethi pian report r, Walta informntion 
cen ter nnd Addi s Admas using web mi ning for language mod ling IGI. 

Using Moses , Giza ++ and IRSTLM as a major toolkit a trans la tion accurtlcy in terms o( I3LEU 
Score of 18.74 was achieved th rough Phrase- based transl{ltion III de ls while th e snme dnta 
hi erarchi cal transla tion model system scores with BLEU of 8.43 'yen if better in reordering than 
phrase based. The resea rchers further se lect on ly simple English phrases to sec the ir output on 
translat ion accuracy. To do so they select 12,537 simple English phrases which a rc translOlcd 
as Am haric words the score is improved to 23.16 for the phrase-based model and 11.24 for 
hierarchical model 161. 

l) idirccl iOlla l 1::: lIglis h·A mharic l\ 1T. : A ll E XPCl"i ll lCIII IISillS OII/S l rAi l1 cd Corpu.l) 

This resenrch work a lso im plements a statistical machine translation approach. In order to 
rea liz.e th e goal, two diffe rent corpora were prepared and collected; the fi rst corpus consisted 
of simple sentences and the other, com plex sentences. Two langua ge models were developed, 
one for Am hari c and the other for English so as to ensure a bi-directiona l translation. 

Simple sentences corpus was made ma nual ly and the other complex sentencc co rpus was wken 
(rom the Bible and Pub lic Procurcmenl direclive o( th e Mi nistry of Fill[1l1CC and Economic 
Developmenl of Ethiopia. The (onner consists of Mound 1,020 simple sentences while the 
other consiSI of 3,488 complex sentences. Corpus was verifi ed by a ce rtified linguist for proper 
categoriza tion and correctness , which makes it by far the first of its kind to use linguisticall y 
checked corpus. 

The experiments were taken separately, one for the si mple sentences and the othcr for complex 
sentences. The result obtained for the simple sentence using B1.EU Score had an average of 
82.22% accuracy for the English to Amharic, 90 .59% for the Amharic to English. For the 
complex sentences , the result acquired from the BLEU Score was approxi mately 73 .38% for lhe 
English to Amharic, 84 . 12% for the Amharic to English 19). As can be noted from the results 
this stud y has the maximum score of all studies reporled due to the naturc o( the data. Simple 
constrained corpora tend to work in favor of the translation accuracy in lhis study since these 

data a rc manu factured. 
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Bidirec tional Tig riglla E ng lish tntisticfll ~ l n ("h il1(' r'Yn ll ., lntiOIl 

This study is by rar the mOSt ret nt work conducted on Elhio.Semll ic language sped caUy 
on Tigri gna - English SMT explored improVing translation accuracy by applYing hnguistic 
inrormntion 129]. 

Experiments were conducted in th ree sets baseline phrase-based machln transla tion system. 
morph-bnsed employi ng unsupervised morphology leaning and post -processed segmented 5)'S­
t ms. The researcher collected di gi tally available Tigrigna and F..nghsh versions or some chapters 
or the New Testamen t or ]Ioly Bible and FI)RE constitu tions tc.xtS. Usi ng these 6,000 parallel 
texts collected , dividi ng 90% ror training and the renrn ing 10% ror t tlng, he hns round a trans­
Inllon accuracy or 18.65% ror Eng lish - Tigrig nn and 36.40 Tigri gnll - English using basel ine 
ph rase-based machine Iransill tion. Using the some daln s I Ihe unsupervised morpheme-bas d 
MT accuracy has deg raded to 13.44% unci 35.66% resp ctlve ly. 

Considering lhal Ihe segment ;lI ion le[l mer used is unsup rvised, th e seglll nlation is bnsed n 
the frequency of the morphs within [I li mited corpus . th mlthor decided to I>OS I-pr cess th e 
segmenwt ion model so thaI it only rocused on segment ing Tigrigna conjunctions li nd prepositions 
nnme ly ( ')I , ' 11' , ' II ' , " ) "', '(I"'". rererring to " For" . ' By ' , ' While'. ' And ' and ' Als ~ in th e 
English. The resul t obtained from the posi-pr cess d eX I)Crimenl hilS OU lperrOnn d the other 
two ex periments, by a BLEU score or 22.46 % ror English - Tigrignn and 53.35 % ~ r Tigrignn 
- English and translati ons 129) suggesting that IIpplying preprocessing and post-processing 
techn iques help ror transla tion accufncy ror Ethio- emit Ie languages. 

Eug li s ll . Tig l'igll:l Fac to red Sl; ltbt ierll IlIcld u{' T'l'a lISI1ltioil 

Hut the author al so clu ims the low pcrrorm[lnce or the rnctored system is due to the POS 
lagger and morpho logy analyze r used in the stud y. POS !agger used was lmined using 1,0 18 
manua ll y lngged wo rds prepared by the researcher himself without any lingui st [ldvisory which 
mi ght not be greater than 100 sentences compnred to 17,649 parallel texts. The stemlller used 
also perrorms very low which lert most or the corpus ullsegm nted propagating the error to 
the tra nslation model. not cven checked with gold standards mther only the researcher corpus. 
Despite all the defic iency or resources n 16.5% lranslntion accuracy or rllctored models was a 
great accomplishmcnt but internatiollil l works promise an improvement lIsing ractored models 
as discussed in the li tera ture below. 

A factored English to Tigrigna twnsla tion waS conducted using II Sta tisliclll Ill[lchine tm nslation 
approach using 17,649 sentences collected rrom VOA news and the Bible. This data has II 
totll l or 500,000 tokens llsed ror tmi ning and testing transl[ltion system. The author conducted 
his ex periment employing three types of corpus namely baseline , Segmented and ractored 
corpus that integrates lingu istic knowledge at the word level. Preprocessing. morphological 
segmelllation. stemming and POS "'sging were pcrromled to prepa re the ractored corpora based 
on the researcher judgment. 

The ractored corpus has shown a decrease 4.53% rrom the baselme system on which the base­
line phrase-based translation has II lransill tion accuracy of 21.04% while the ractored has 16.5%. 
The researcher believes thaI the low perrormance or the rnctorcd system is accounted to the 
PO tags lIt1ached since the lagger was tra ined using a small 1,0 18 words manually tagged and 
prepared by the rescarcher without any linguist IIdvisory which might not be greater than 100 
sentences compared to 17,649 pamllel textS which have 500k tokens. The unpublished stemmer 
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lIsed a lso performs only 85 .8% which left 15% of the corpus unseg mented propagating the 
error to the IW llsla tion model, not even checked with gold standards mther onl y the resea rcher 
corpus [1 0 J. 

Constituting a ll these problems il is by far to the researche r knowledge, the only pnpcr to 
re port a decrease to transla tion accuracy by imcgrming ling uistic informat ion to the compared 
10 the baseli ne system. 

\\' haL ma kes previo lls local s t. udies s illl ilar"! 

The major d [l la sources fo r resea rches conducted so rar on Et hio-Semitic languages, fo r par­
allel corpora a rc the Holy Bible , FORE Constituti on, FDR E Cri minol code, the regiona l Sia le 
constit ution, ri nd int e rna tional convent ions. /\11 of the researchers clai ms data co ll ection was 
challengi ng a nd spent more t ime on the collection and preprocessing more th an on the actual 
experi me nts. [f th ere was a stnndard b.ed co rpus, which ca n be used as a basel ine for conducting 
a nd evaluating studi es from one anothe r it cOli ld have been easier the compa re and contrast. 

[t is hard to com pare results each study have reported due to the natu re of the d iffe rence in the 
data adopted fo r each study but we ca n see a ll the results arc no t satisfactory when compare 
to slate of art SMT results. In a matter of fact lha t incorporat ing li nguistic features has no 
been done fo r Amharic is a huge endeavor to explore for the seeking of knowledge due to the 
nature of the language and dat.a sparsit y be tw een Amha ric and En glish. 

2.4. 2 S t ud ies on Fore ign la llguages 

He re listed arc major researches conducted on Semitic lang uages abroad and o ther Morphological 
Rich Languages. 

Ling uist ic F<lc1ors ill St<ll. is1ical Machine l'ta ns lat io n Il lvo lv ing Arabic 1.s<.l ll g U;lgC 

Ara bic has a rich mo rphology compared to the English language a nd is considered as one of the 
morphological ly ri ch languages. This fact adversely affects the perfo rma nce of English-Arabic 
SMT. Ph rase-based SMT mode ls have a lim itation of mappi ng phrases o r blocks from the source 
to the target languages without any usc of linguisti c information 1121. [n this study, the author 
incorporating linguistic tools , specifica lly, the use of pas tagging incorporated as a linguistic 
fealUre in a facto red translation model and its impact on tra nslation quality for English-Arabic 

machine tra nslat ion is report ed. 

Experime nts were ca rried out on the Arab ic English Para llel News Text Part l corpus avail able 
free in Li ngu istic Data Consort ium (LOC), contains 68,685 news tex t sentence pairs fr0111 th e 
Ling uistic Da ta Consort ium catalog, 2 Mill ion Ara bic words ;:lIld 2.5 Milli on English words 
ali gned at the sente nce level. The Engl ish a nd Ara bic corpus we re tagged with the Stanford 
Log·linea r pas Tagger using th e Pen n Treeba nk tag set 112J. 

Results were com pared on translati on qua lity obtai ned from the baseline system, which con tai ns 
only the surface fo rm of the words, with the morphologically extended system by the pas model. 
For the baseli ne system, a 60 .95% score fo r BLEU and pas model revealed scores of 63.94% on 
which system with pas fac tor improved the translation quali ty with 2.99% BLEU scores over 

the sta ndard surface· based system. 
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Pactored SIOltisticn l 'Iachine'l)-n ns lation ystclIl fo r English to ' I'a lllil 1~:Hlglln ge 

Highl y rich morphological natu re of the Tamil language makes aU lomfH ic mac hine transla tion 
to English a challenging Iilsk. Morpho logica lly ri ch languages n ed cxtensive morphologica l 
preprocessing before the SMT tra ining to make the source language structu ra lly similar to target 
language [301. 

Since English and Tamil languages have disparate morphological and syntactical structure, the 
a uthors' proposed work is to develop a machine translation system which pre-processes the 
English language sentences accordi ng to the Tami l language. These pre-processed sentences are 
give n to the fac tored SMT models for training and the Olltput converted back to its surface 
word from using Tam il morpho logical generator. 

Ex periments were condu cted with nine d ifferent types of models, which are tr<lin d, tuned <l nd 
tested with the help of general dOlll ai n corporn of 6,500 para lle l sent ences for t raini ng, 1462 for 
testing <lnd 500 lIsed for tuning along wi th developed linguistic tools. The baseline phwse-based 
model using the surface forms of the words withou t <l ny additiona l linguistic knowledge whi ch 
has a BLEU score of 1.07% was outperformed by Factored System + Ru le base Reordering + 
Com pounding + Morph Generator wh ich has BLEU score of 4. 14%. The factored model has 
even exceeded the on line Google Translate by 6.66% me<lsured by .. Multi · ULEU scoring. 

EnglisIL- t.o-Cz,ech Fact.orcd i\ 1:LclLi LLc T .. anS\:.Ltion 

Being a Slavic la nguage wi th very rich morphology Czech has free word order. To hand le rich 
morphology of the language the author has used a News Cornment;)ry corpus or 55,676 pa irs 
of sentences for exploring the effect of factored translation model in translation accuracy for 
English-tO-Czech mach ine translation 111. 

The Czech part of the corpus was tagged and lemmalized using local proprietary Czech toolkit 
while the Engl ish part was tagged using MXPOST <lnd lemmatized usi ng tb e Morpha tool. This 
study incorporatcs lemma and morphology of after basic pre-processing alo ng with the baseline 
input word forms to output word form translation. Two ty pes of language models have also 
been used , a 3-grnm LM over word forms and a 7·gralll LM over morphological tags. Thi s 
experime ntal setups lls ing Moses toolki t redu ce the risk of ea rly pruni ng, the generation step 
opera tiona ll y precedcs the morphology mapp ing step. 

All linguistic facto rs incorpora tions experimented wi th multi -factored phrase-based translation 
aimed at improving morphological coherence in English-Czech MT ou tput has show resu lt 
improvement in BLEU scores by explici t modeling of morphology and using a separa te mor­
phological language model to ensure the coherence. Using multiple linguistic fea tures together 
a score of 12.9 has been improved to 14.9 by incorporating full Czech POS tags, lemmas, and 
morpho logy, a 21% improvement over the bascline [1 1. 

1·lcad Fi na li zaLio n '.lIld ITL o )·pho log ica l a nalys is in factored phrased-based S~IT r .. om "~lIg lis h 
1.0 Tlu·kish 

In this stlldy, an approach for translating from English to Turkish is introduced by incorporati ng 
linguistic features. Turkish is an agglutinative language with a frec constituent order. wh ereas 
English is not agglutin<ltive and the constituent order is strict plus there have been reported for 

lack of data between these twO languages (31 ]. 
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This study represents English and Turkish nt morpheme-level blu also applying a Head Fi · 
nnlizmion reordering technique which was successfu lly used for other languages. which nrc 
grammatica ll y similar to Turkish. The author has divided the cxpcrim nl Into six (or compari­
son , baseline, PQS tagged and faclored wi lh a combinalion of the token lemma and morphology 
segments and then reordered of thi s there c:xperiments. The reordering was cond llcl(~d before 
adding any linguistic information 50 as to match English and Tu rkish word orders. 

Using 54,391 sentences pairs from the European Union, European Court of Human Righ ls 
documen ts and severa l treaty texiS the author reported improvements in reordering nnd faclorcd 
morpheme segments representation, an increased BLEU score frolll a baseline score of 19.62 to 
30.93, which corresponds to an increase of 57% 13 11. 

2.5 SUlnrna r y 

While there are complications on th e studi es conduct d including Eth io-Semitic languages as a 
source or a target, factored stud ies on Semitic languages like Arabic have pa id off signilicant 
improvements over baseline systems. Sim ilarly. stud ies on Tam il and other morphologica lly 
complex and agg lut inative languages like Turkish and Czech have reported major improvements. 

On the contra ry, the factored model for Tigrigna - English translation did not bring any 
improvement to the performance of the SMT system. As in the study. these arc because of the 
underdeveloped POS (aggers and Tigrigna stammer used 110). A POS wgger developed on 1,018 
words and stemmer with less vocabu lary coverage. has less prediction to a genera l document in 
real -world . The low accuracy has propag.Hed to the fnclored models and they hn ve negatively 
nffecled the translation accuracy by misleading th e translation tables in tra ining. 

While both Amhnric and Tigrigna are und er-resourced, Amharic has better til rcsourced 
compared to Tigrigna. Wc are going to compare and contrast the best mcthodologies to adopt 
th an in th e Tigri gna to avoid pre-underdeveloped assumpt ions fo r our tr'lI1siat ion. There are 
a lso POS tagg ing and lem11lati zation stud ies 10 adopt for Amharic than Tigrigna. Considering 
all the above we ex pect significant improvement for Amharic-Engli sh language pairs when 
incorporating linguistic features due to the nature of the language and the availablc resources. 
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C hapter 3 

Amharic Language 

3.1 Ove rview o f Amharic Language 

Amha ric (.V'IC:7,' Amarena) is a Semitic languilgc tha t is spoke n mainly in Ethio pia. Though 
many dia lects arc spoken throughout Ethiopia <including Amhnric, Tigrinya , OromiffalAffan 
Oromo, c ld , Am ha ric is the most popu la r and widely used. Since it is the working Janguage 
of the Ethiopia n governme nt, it has ga ined an offici:!1 SIaIllS and it is lIsed th roughout th e 
country l7J [321. 

There a re more th a n nine ty lnngungcs thm are spoken in Eth iopia (accord ing to the 1994 
Eth iopian census conducted by Ethnologucl. Amharic is spoken by more th .. ., 17 million 
peoplc, which is about one-third of Ethiopia's population (and another third speak the OrOI11O 
language). It has been the la nguage of the court a nd the dominant popula tion group in llighl and 
Eth iopia since the late 13th cent ury. It is spoken to some ex tent in every provi nce, includi ng 
the Am hara region [7[. 

The history of Amharic language t races back to the 1st mili enn iulll S.c. to the days of Ki ng 
Solomon and the Queen of Sheba. Historia ns expla in that imm igrants fro lll southwestern Arabia 
crossed the Red Sea int o presen t·day Eri t rea and mixed with the Cushitic populat ion. This 
un ion resul ted in the birth of Ge 'ez ('1MIl , which is the lang llngc of the Axum Empire of 
Northern Eth iopia . It existed between th e 1st Century A. D. tlnd the 6th Century A.D. When 
th e power base of Ethiopia shifted from AXUIll to Am htlra between the 10th Cen tu ry A. D. a nd 
the 12th Cen tury A. D. , th e usc of the Amharic language spread its influence, hence becoming 

the national language. 

Amharic is a lso one of the most widely studied languages in Ethiopia. It is also used as a 
medium of instruction fo r primary level education in Addis Ababa , the ca pita l city of Ethiopia. 
It is pa rt o f the schoo l curricu lum in 1110st elemen tary and secondary levels o f education. It 
is also studied in va rious uni versities in America and other developed countries as an e lecti ve 

course. 

Amharic be longs to the Semi tic grou p (like Arabic and Hebrew) within the AfrO-Asia ti c famil y 
of languages. Abou t 50 other Semitic and non·Semi tic Afro·Asi'lIi c languages are spoken in 
Ethiopia alongside Am haric. Unli ke Arabic, Hebrew or Syrian , Amharic is written from left to 

right. 

Like o ther Semi tic languages, Am haric has a very elabora te verb morphology. An Amha ric 
verb rOOl consists of a set of (usually th ree) consonants. Depend ing on the tense. and o lher 
gra mmatical features, the consonants may be separated by particular vowels a nd possibly 
gemina ted (doubled). A verb foml nomlally also has one or more suffixes a nd possibly one or 
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morc prefixes tiS we ll , agreei ng with the subject ;:md sometimes the direct or Indir ct object 
of the verb. Complicatin g things fUriher (n t least for lhe adult second -language learner). the re 
3rc a t least ten d iffcrcm classes of verbs, each modifyi ng its stem in a different way for the 
different forms. Like Japanese and many other languages, Amharic is a verb-fina l la nguage. 
Amharic nouns are relatively si mple by comparison, though they may take suffixes indicating 
possession ('my', 'his' , ctc.l, plura l. and a few olh r grammatical func tions. 

Unlike Ill ost African la nguages, Am haric has been a wri tt en Itl ngung for many y nrs , :"It least 
500. It is written using a syllabiC writing system Iha l is unique 10 Ethiopian emi tie languages. 
Compared to other African I;.mguages, Amharic has a fairly sizablc writtcn IitcralUre 133!. 

Sincc Amharic is the most wide ly studi ed la nguage 1341, 1351 compared to ot her local la nguages , 
we describe only the Am hari c verb Morphology and sentence structure which is the most re leva nt 
to our stu dy. 

3 .2 Am har ic O r t hography 

Amharic is written in Ethiopic or Fidej(".~A ) . whic h is the writing system ;l lso lIsed by Tigrigna. 
Unlike Arabic, Hebrew and Syriilc, which ha ve their vowel signs wrill n independ ntl y il bove, 
below, or withi n the le tters, the I~thi opic writ ing system attaches its vowcl signs to the bod y of 
the consonant, so that there are as milny mod ifi ca tions of the form of each consonant as there 
arc vowels. Amharic is a syll abary writing system where each charactcr reprcsenLS an open CV 
sy ll able, i.e ., a combination of a consonant followed by a vowel 1361 1331. 

The Et hiopi c a lphabe t has 33 basic characters. Each such ch"nlcter is modified in some regular 
fashion to reOecl the seven vowels of the language, Therefore, th erc arc in total 33 x 7 = 23 1 
cha racte rs. Even though the Amharic a lphabet is Unicode swndard, it is sometimes conven ient 
to represent it in ASCI I. Written in SERA 1361 (System fo r Ethiopic Representa tion in ASCII), 
the basic charac ters which can also be called the consonants of the language are in a lphabetic 
order: 

C. [h, 1, H, ro, S , r, 's, x, q, b, t , c, 'h, n, N, a, k, K, .... , 'a, Z, Z, y , d, j, g , T, 

C, P, S, 'S, i . p] 

As one can see in the Append ix A the vowels are 

V • (e, u, I, a, E , I. 0] 

In some cases , more th an one constant can be used to represent a sou nd in Amharic. So 
Amharic identi fi es 28 unique sounds out of 33 basic constants. Those repea led constanLS are: 

[h, H, ' h J= [u. ,h, . j J 

Is, ~ s 1= I"' . f'I 

[5. ' 5 J= [' , " 

(a, <a 1= Ih, 0 1 

The lett ers in each set represent the same sound. For example, an Amhnric word that has the 
Iclter ' h ' can be written in three eq uivalent ways and it is important to recognize Ihis letters 
in NLP tasks, they must be trea ted as one 1371. For a list of all leiters see Appendix A. 
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3.3 }\IIIJUlrk Morpllology 

When i.t CO~CS to pllnctlla~ion marks . some in Amharic arc as simlia r in English. Sut there 
arc major differences; c.g. In Amharic, four poims (2 consecUlive colons) are used to mark the 
end of a sentence plus English uses comma while Amharic uses a colon with a bar. Amharic 
follows the SOV language pattern agreement where words arc scparal(~d by space. Except in 
poems, the head verb is usually at the end of a SCnlcncc 1371. 

3.3 A lTlha ri c Morpho logy 

Amharic has a comple x morphology. Word fOI'nHlt ion involves pre-fixation . suffixa tion . in· 
fi xat ion , redllplica tion, and Semitic stem inl cr·di gi lrlti on. Like other Semitic In nguagcs. Amharic 
verbs a nd the ir dcri vmio ns constitut e II significa nt pa ri of the lex icon. [n Scmit ic longungcs , 
words, cspcci nlly verbs, nrc best vi ewed ns consisl ing of discont inuous Illorph Ill es thnl nrc 
combined in n nonconca te nalive manner, Vcrbs arc co mmonly nnnl yz d as consistin g o f rool 
consona nts, tcm platc pa tt e rns, and vowel pallerns is a mojor character of Scmil ic longuagcs. 
Except fo r ve ry few verb fo rms (such as the im perative), all derived verb ~ nns Ulkc affixes 10 

oppeor as indepe nden t words 138). 

Most function words in Amharic, such as Conj unction . Preposi tion, Arti cle . Relntiv marker, 
Prono minal affixes, Ncgation markers , nrc bound mo rphemes, which arc auached to con ten t 
words, rcsulting in complex Amharic words composed o( several III rphcl11 cs. Nouns inflect 
(or thc mo rph syn tac tic (eatu res number, gend er, defi n iteness , and case. Amharic adjecti ves 
share somc morpho logical pro perties with nou ns. such as definiteness. case, and number. As 
compared to nouns a nd verbs, there arc fewer prima ry Ildjccti ves. Most adjcctives arc derived 
fro m nouns o r verbs. Amharic has very few lexica! odverbs. Adverbial meaning is usua lly 
cxpressed morpho logicall y o n the vcrb or through preposi tional phras s. While prepositions arc 
mostl y bou nd mo rph emes, post posi tions arc typica lly independ lit words (381. 

Amharic verbal ste ms, consis t o f a 'root + vowels + template' merger. Fo r instance, the 
root verb sbr + ee + CVCVC leads to form the stem scber (' broke ') , In addi ti on to such 
nOIl -concalena tive morpho logical fenturcs, Amh aric uses different affixes to create infl ectiona l 
and de rivationa l morpheme. Affixa tion can be prefix, infix, suffi x, and circurnfix. To study 
the wo rd-formation of Amharic longua gc through its morphologic,,! complexity . it 's bell cr to 
und ersta nd by look ing a t Ihe word-forma tion pro ess th rough inflection and deriva tion. 

3 .3. :1 \tVo l'd fO l'm at ioll 

Amh aric morpho logy is complex, particularly verbs employi ng not o nly prefixes and suffixes 
but also mod ificati ons o( the typical consonantal root-and ·paltern type 1391. Amha ric no un and 
adjcctives are inflected fo r case, number, gender, and person whereas verbs arc in flected for 
person, number . gende r. te nse-aspcct-mood (TAM ) and case. Verbs may a lso contain a pronoun 
object marker. Thc o rder o( the affixes is fixed in the language in such a way lha l the subjcct 
agreemellt comes right after the stem, followed by the direct objet! agrccment and then by the 
da ti ve (benefactive, o lfaClive . instru ment mllrker) a nd finally by thc indirect objcct agreement. 
Any exchange o f th e position would resu lt in an exchange o f role in the grammati cal functions 

of the respecti ve agreement affixes 140 ). 



21 

3.3. 1. 1 II Ifl ccll0lln i bc h;wio r 

Ver b 

Verbs a rc inflected for person, gender, number, aspecl. t nsc, and mood 1321. For indicati ng 
a person. gender and number suffix afC added to the stem, sec Table 3.'. 

1. Person, Number. Gender. Case 

Fi rsl ...:.=: 
S('Colld 

-
Thinl 

I (;('lId(' 1 

f\ l n~f\lhn(' 

l~mil1jn.~:­
~ l fl'l('\lllII(, 

F" 1lI i III II(' 

(lnc·lI· 
Mlt;' lI / " 

nf1(: :~ 

ttfl r. :~ :r· 

Me--' j 
I'Iflr. . ,\:r·u· 
(lllc; . ",l ·v· 

Mit:· },· 

TABl. ~; :1.1: Infll'fliollnl hr luwim of Amll lll k \'I'II ~ 

2. Tense I Aspect 

Tense has a differen t format, presen l tense in the Amharic language is Ind ictl lCd using the 
verbs ")IU' ", For past lenses " )(1(:" is used . For cont inuous I lise form "),1'. " prefix is 
used. If we inse rt a verb " ')/D' .. or "Hlf: .. to the end of Amharic sentence along with 
continues fo rm indica tor, the form will have prcselll cont inues or past cont inue tense 

form respectively. 

Other inflectional behavior, shown in Table 3.2 is indicated by benefacti ve nod olfactive 

ind icnlors. 

I ~ L Pl'ISOll 

2nd pcr~o ll 

3rd person 

3. Mood 

There are four moods in Amharic: declara tive, int errogative , nega uve and Imperative. 
Verbs can take diffe rent forms according to the mood as shown in Table 3.3. 

O UIl 

Amharic nouns can be marked on numbers , definiteness, gender, and case (Yimam, 2000). 



.IJ 

1. 

\ m/lMrif \ ffJrp/lfJ/flJt\' ~ .. 
- Ifty I ,I TIIII \I h ilt n'Itt#\ I I" • .11 hUI" 'II.ItI\l 

I ~ l 1>('I'M)Il 
Sin~1I 11\r _ (lOt. tI, · lInr. "A ~ MIl': 
Pluml -1 -('II1C: -")· lIflr. hA ") 1'1/1(: _. 
~Ia.'t(' ulilw ') ' . 1'111(: • ... · II1IC I\-l' /HIC (\lIe 

2nd p('rMm 
F('mlllin~ :...- ') ' . I'IOC; • .\. .). tint: h. ,,+ nne h . nne· h. 

~:!urn l ·l ·· nilr. - h· .). MIC " . 1\')' Mil: ,. MIC " . 
Pohl (' -) -· (11'11:''''· ·) -. IH1C- ,... " .... iHlC ,. ,,(It: h . 

~L\. ... ( 'uli l l(' 1~·(UIr. - rA l ilr: ",..-MIl: , •. n·m: 

:Jnl PI 'I'!'IUIl 
f-j"'.'milliIW ·)·. I'IIIC: "·.I'I·m: " .)' . 1'111(: ·h n·m; 
~Iml , .. (1/1(;' ''' . I. Mle " . "r. MIl: ",. ,. /HU: " . 

PolitI' _ Ll,·l'Im:.,.,. , . (H'1l: h· hr. Mle h· y. Mit: " . 

T "IJI.F; ~ :1 IIlII('('tion ,I ht'h ,wltJI ur AluhllTk \t"th .. i ll .()ml ) 

Number 

Noun number lIlilrkcrs M ,, · ,,:1," :,uffix for the noun which ('nds with II con nam ond" -
9'~'· " suffi x is used to the noun with vowel end ing. For indic~lI i ng personal pronoun ond 
th e proper noun U)"). " prefix is used. The plurnl ~ rill an formed by repetllion. for 
instance. the plu rnl form of .. :,.mA" WII\ be .. :,.,IIII:,./IIA" and the borrowed nouns fr III 

Geze is fo rmed by " . )'l·"," ." ')" or " .,,·l·" Illorph mc~14 11 . Sample in ncction by number 
arc shown below in Table 3.4. 

NOIIII ill ;;ill ,ll,ular Fo~r~"~' t..:1)~",c;-. '1IPllOt! of thl ' :'\01111 
11"1 _ (' II( l ill lo; with n }U"II11 I1,I' 

~ lUI 1'1"'1111' 
.,'t· 
.,.~. ·," "1(. __ +~"~"~Ii~","-g with \'owl"l 

h',.,· ___ ~:'r~ulIl pronf)un )..). 
""mA I plural fWIII.ltllin h \' 1I 'IH" t lltIlJII 

""'rue: r--IWIn WOld" hom ( ;('i " 
h ')(111 

1'1111 111 1'01111 
0.., .. . ,,¥. - I n"~'J 
" . .,(. + . ,,':(. - 1 ,,· .., t."~· J 
).. ~ . + h ''''' • I).. '''' 'r-) 
.}ofllA · >' ·~mA _I ~fIl"o}mA I 
·,..rut,..') 
h';11""'}' 

T ,\BU; 3 . I Amhnri(' NOII Tl In ll('(' t '"TI h)" :'\ 1I1111~ t 

2. Defi niteness 

Definiteness indicated by the affixation of morphemes or vowels based on lhe number, 
gender, and/or ending of the noun. A morpheme that indica tes a singular masculi ne 
is" . h." suffix and singular femin ine arc Indi cated by using .. . , .. ' or " ·1\,'1,,, suffixes. The 
plural marker is " ."l· · h.". The above morphemes are used for lhe nou ns With consonan t 
endings. On the other hand , the noun which has vowel ending will have , . . ..,. .. su ffi x for 
singular masculine indicator and singular feminine .. . .,. .. or " . , ... " .. is used. For the plural 
ind icator " .'fl·· h." is used as shown in the examples on Table 3.5. 

3. Gender 

Gender defnitive is as smila r as the above number defnilive by affialion of Ihe morpheme 

· h.·l· or · h· . 

e.g. 

• (1-'/ • h .') ' = (01, ·l ·) 
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111 ('OIl:'()naIlRt 

hv f Vow('1 

I) hmt(' ~1)I1Il I 
Iot 'millinf' WI ." = [(I.., ,.) / n.., · h.'11 = )1".'1') 

Singlllnr 
~--I~\~II\."" 11111\1' n"'l · h · = 11',. 

__ + i'..:iI:::lf:iT nff·.h ... rnH~1 

Sin~\lIAr Ft'lI\lIl11l1"'f h"! • .,. = [hIJ!.,) I hU! · rA, z (hlJr.rAI) 
~ l aM: 1111111' hU!·m· = rh1JI1»-1 J 

L _____ ..L _______ -L::P~h!.':""'.I'_.J-____ L.:h~U'. " :f, . h ... (hll"'l1) 

TAIll,E 3.[,. Dl"finiu'rl(:" by IIfli;lCllIltlll o( 1Il0rphl'IIl' 

• "9" . 'I' = [" ... .,.1 

• (I t.. . t/). = [nt..m·1 

4 . Case 

Case indicator cn n be an objective case by lIsing " . 't" or possessive cns by the offixa tion 
of morphemes or vowe ls based on a person, number. gend r, and/or nd ing of th nOlln 
(persona l pronouns by prefix ing " V·") , see exn lllplcs listed on Table 3.6 nbout poss ssive 
cases ror both singular ancl plura l Amharic Nouns. 

Subjl'C'tiw ("I\ .. 'il' I~ndillg of noun Pt'r :>(1II ;\IlImh,·, (;1'll<h'r -
Flni! 

SlUg1 11,,!:... 
Pluml 

Sll1g111111 
~ l n.'I( \111111' 

111 Endillg with ("Olll;(lnant 
St'('ond Ft'lIliTul1(' 

Phlnll -

Gndi ng wi th vowel 
S('t()nd 

J-.-

T ABLE 3.6: InllC("tional Ix-hn\'jor of AmhariC' !"OUIIII 

Adjective 

Adjectives nrc marked by numbers, gender, definiteness, and case (Yimam, 2000). The number 
marks are .. . ,,"-l .. .. for consonan t end ing and •. . ,,-:r.' for vowel ending. Repetition of consonant 
cou ld also mark the plural form of adjcttivcs like "I.Yf"JJ to c'I.Y · h · Yr"II.Y1,rj. <I · h:)·" 
is used for gender marker and .. .. J .. is used to mark the case (objective case). The defimteness 
marker is marked by lIsing morphemes or vowels based on the number, gender or ending of the 
adjecti ve. The rep resent ations of definiteness marker Me specifically to adJctti\lcs are discussed 

by samples on Table 3.7. 



33. Awlwrit' Morphology 27 

~('hni t(' Adjttti \'cs Vowd /('oll~ lIlant 

,","'.fl COllw nnllt 

-Vow{'l 

TA3 1.~: 3.7: lnflct tiollnllx-hnvior or Amharic AdjN:t i,·!'fi (llI-finilf'm' m;ukt 'l ) 

3.3.1 .2 Dcrivat,iOl Ii;l1 bel laviar 

Verb 

Amha ric verbal stems (from which various forms of verbs are fonned) can be derived from: 

1. Verbs can be de ri ved from verbal rOOI by affixing the vowel "X " to prod uce CVC VC. 
for instance, "l'I1le " to " flX· fl11X{:" [M e ) and by repeating penultimate consonants and 
affix ing the vowels" 'X" and "h" to produce CVCVCCVC· , e.g "iii:""''' 10 .. ,t . ... " .., .. by 
"Ii: : XAhAAX..," derivat ion pattern. Verbs can also be derived from the verbal stem by 
affixing morphemes like .. . , ... ""fl U or " II" . 

2. Verbal SIems by affi xing morphemes 

I Ver bal Stemn 

(l flC­
fl llIt')­

ml. l.' _ 

I MOl'phcme I Dcrived VCl'ba l Stel1l 1 
" '_ 'I--(lfl e = H 'f'I(l r.-J 

M- M - " ""') = IM"II"')-) 
11 _ II_mI.': = ,"1111.1.'-1 

TA IlU: 3.8: Affixing ~ I llrphclll cs in Amhnrk \'\·, b (il-ri m lill ll 

3. Compound Words of 

Stems and verbs, e,g, fl ,(t e + M = fl,ne M 

Sub. words and verbs, e.g. II'r + IIf./.'1 = 01' 111./. '1 

In general Am haric verbs show a high degree of inneclion since the person, case . gender, 
number, tense , aspect, mood and others arc marked on the verb. For example. IIA1J. ft '}r 

ind ica tes: 

• The subject )..(1. (third person. masculine, singula r) 

• The object )..l1' ) (fi rst person, pl ural) 

• Nega tion ,",1:1. ... '1" 

• Past tense lX, ft 

NO lin 

Nouns are derived from other nouns, acijcctives . roolS. stems, and the infinitive (arm of a 

b I ( ( Th " ,1'" u ",ron ., X·l·u .. IIcr. " .. . . ,.~" .. ~ .. ver by affix<ltion and interca a llOn 41, e·'.· · . · , . . , ' . , 
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a n~" .(It'I - U i1.ffixcs ar.~ .~sed to derive nouns from other nouns. A noun that is derived from 
adJ~c t ' vc wll~ take . 1\ '~'<f ?nd " . ).) ... suffi xes. Nouns can also be d ri ved from verbal rootS 
by lnterca l atl ~n a,nd a ffixa tion. For instance "}'/C" is derived from "'}o"I_C: " by "'J:,; . ...,: '; .t:" 
pa ltcrn of derivation. 

Amhari c nouns can be deri ved from: 

1. Verbal Roots by infixi ng vowels between consonants ( ) as shown below (sec Table 3.9) 

I Ver bal Root. (Examples) I PaLle rll o r Dcri wll iO Il Dl'l'ivl'd No un 

" '. -lo -", 
9"·1: - ') ' 

U-9"-"" 

c)..o.c 
C>CC 
C>ChC 

TMIL I:: :HI : VI'rbHl Roots by infixing 

"' 1-. • .,.,.,V" '" I',':}orl 
9")..(;0)- = [re-)-] 

1')..\I"~9"' = it}{IfOY"1 

2. Adjectives by suffixing bound morphclllcs(scc Table 3. 10) 

I Adject ive (J:;x:l lI'q)lcs) I ;" loq )hc lIlc . Dcl'i vcd Noun 

¥,'" . -,.). ¥, .., + .-,.). =I ¥,"') ') '] 

.»C1'1 :~.). .)oC1'1 + :~ 'l = ""'(:II '}' ] 

1IAO . J,,) . 11AO + " , .}o = ('IIA'f ') '] 

TA ULE 3. J 0: Adjt.·~.:ti\'l'$ by huflixillg boulld ltloq)ht'lIIt'li 

3. Stems by prefixing or suffixing bound morphemcs(see Table 3.' 1) 

I Stem (E.xa mples) 

m+9" 
l lCfi: 

¥"C'1 
:l"A 

I ;" Io l'phcmc I OcJ'ivcd NO IIII 

. "';1' 1n4'1" + . h. :" = (tnol' ''1.:J ·J 
· h.! lIe,,: + ·h.f= hlc".!J 
.h.-}o J!'t:"1 + . h.')·= (J.:'C:-J,<l '] 
. ). :, . 1IAII + · h ·)· = (1'IAY ') '] 

TABLE 3.11: J\ djective. by ~ilIfli xi llg bound lIIorphl'lll {"t; 

4. Stem· like Verbs by suffixi ng the bound morpheme·:J-(see Table 3.12) 

Adjectives 

Adjectives arc de ri ved from nouns, stems or verbal rootsl41]. The suffixes <t.,...,.. .. " .X<:" 
« .M!" " ."""'1" ,Ire lIsed in the deriva tion of adjectives fr0111 nouns. Adjectives also derived 
by attaching morphemes to the bound stcm using " . ,..." " · h ·" and " · h .;I·" surfixcs. Adjective 
those arc dcrived from verbal roots by intercalation and affixation like" '( 1. .)0" is derived from 
.. J!'. c . ... " by "x,.X.c.h-.»" pattern of derivation. sec sample derivati on of Adjective from ouns 

On Table 3. 13. 



:J J Alllllllric CI'IIIIl/lUlr · SyllfilX 

1 SLc m (Examples) I ~ l orphelllc Dcri vcd NOIIII 

",... 
~o 

"'~ 

-;'-
-;" 
.:,. 

",.. + . ;1- = 11'''':' -) 
1.11 + -;' - = I l.ll;'·) 
m OP + . ;1- = I l.ll;l·) 

TABU: 3. 12: V{·rbs li llfh.x m~ th~ lKlllnd lIlorplu'lIw" 

NOll I! 

"'~ /r 

M,... 
f-';i~ .. ). 

l\ lo rphemc r Ad jccLivc J .,,-, 
- M~ 

->-."" 

"'1,. t · + -h-' = "'1,. (.. - , 

,.. + ." 'f. = (I ... .. , 'I~ t-M 
G;H'l 

_L .) . + . , ."" = (11 '7":, ,'1" 

TAB!.E 3.13 : d (' l ivnl iolui of Adj('H ln'H flOI U II(lUtl '! 

:1 .:1. 1.3 OIllPO lilld 

Compound words can be derived by affixi ng "h " and """ morphemes resulting noun. Classes 
of compound words that derive nouns are (a) noun + noun, (b) noun + "XU + noun, (e) noun + 
verba l stem, (d) verbal stem + ,,). .. + verbal stem or (e) verbal stcm +",.." + noun. Adjectives 
can be derived from compound words by affixing " X" to noun and adjective for inSlance ".fl. 
_ ''; . (I,c.". Compou nd words arc formed by (a) stem and vcrbs [ ll ·m:- ""I (b) sub·words and 
verbs 10'1' .. h'.1.'I1 to give adjective words 1421. e.g. 

!l' X: - ~ - M. = [lfX- -M ,) 

A11 _ ',Il - ~/f>"> "'. = IAft"..,..· ) 

3.4 A mharic Gra mma r - Sy ntax 

As we discuss Morphology and Word formation the above section 3.3, nei ther language structure 
nor tra nsla tion is done at a word level. Rathe r a full mean ing is conveyed by a sentence which is 
an aggregate of words expressi ng judgment of the mind. The constitll ent parts of every sell tence 
are a subject, a verb , an attribute, and an object. According to Baye 132) sentences can be 
classified as simple or complex, while Isenberg 1421 class ifi ed sentences into three categories 
namely: simp le, complex and compound. 

Simple sentences are composed of a subject, an object, and a verb. e.g. "rX'c: I'I J:. ,,'.).: : " . 
meaning "the world is wide," very simple. On the other hand , complex sentence amplified 
by qualifying word connection with the subject or the attribute. Compound sentences have 
either the subject or the attribute or the object or all of them are included by additional or 

explana tion parts. 

The most usual word order in Amharic is subject·object-verb (SOV). However, if the object is 
tropicalized it may precede the subject , as a result . it will ha ve object -subJect-verb (OSV) order. 
SOY order needs to be agreed [Q write a meaning full sentence 139). Subject and Verb needs 
to be agreed on the person, number. and gender. This agreement also works for subject ·object 
agreement. Adjective and noun should also agree on number and gender. The other agreement 
in the language is an ad verb _ verb agreement. Usually. adverbs indicate time , therefore adverb 



and verb need 10 agree on lense. E.1ch of Ihe agreem nl rul~ In Amhanc Is dlscu l'd In detail 
below. 

ubjc 'l-v I"b a g r ccl" li t. 

The subject is the reigning partS of every sent nee and In ev ry sentcnc • the subject prrc:ed 
the attriblllc ,md the verb. Verbs describe Ihe aClion by adding a rt'mnrk n 10 mood. t<':1\ 
and gender 142), Subject and verb need 10 be agr ed on 8 nder. numher .• nd p<':r50n . 

e.g. Ifl" ""1),1,,,: :(:1 i'\'m'l' : : J translated to I nba sold the books. I 

Here In the example . the subjeci is .. aba" which Is a Ihird ·per$O!l singu lar and the object Is 
,;books" which is il noun with il pluml mnrk r " ·och". finally n verb " sold " hils D fen ltlre 
which indiCa! s n third person singulnr reminin morker as w 11 as pMI tn . W cno sc<': 
that the subject and the verb arc the sallle in number f<,::lIur marker which h si ngu lar and 
in-persoll agr CIne llt both indicnlCS lh ' third I>crson. And also both hav a feminine In 8<'ndcr 
agrecment. Although English demands the same kind of agreement on eiln NSl ly s froln Ih 
''''nslation II has a subject·verb-Obj CI ( VOl word ord r. 

bjcc l verb ; lg l'CCIlI III 

Obj ct and vcrb takc the same condit ion as subject .verb nSI Clllell\. II Il e ds 10 be ogre d on 
g nder, numb r, and person. 

e.g. 1"(1 'fI(:aL"·'·S'·:':·) (((11. :''::':(/)' :: J trallslnted 10 ISnb:'1 bl caks th 81<I55e5.1 

The abovc exnmple exp lains the objc(1 and verb agr ment in number. The object " glasses" 
is in the plural rorm and the verb "breaks" has a plural obj t marker. 

e.g. 2: 1''111 fl l'"'ifl (fallU,,: :m {)fI1:f·w·:: I trolllsiated to (Saba gave Ihe books to Jonas.! 

This xa mple demonstrates the gender rea ture agreement of objcci nnd verb. 1 he verb 
I'Im:Y'(I)'(gave) indicate a subject and object mark r. The verb has features thai indica te the 
subject agreeme nt which is a th ird- person singular feminine marker <lnd third ·person Singular 
masculi ne object marker. Thc object /\\"I}")('I((or Jonas! is n third-person singul ar masculine 
which agrees with the verb.object marker. Therefore the sentence b grammallca ll), correct. 

Adverb - verb agl'eelllclil 

Adverbs a re modifiers or verbs, which mostly are hard to pick 8 translation for, III morpholog~ 
icaH)' rich languages 141. Adverbs can be classified \1\10 time, place and circumstance marker. 
Ti me ind ic<H cs a givell action in which it takes place. Verb also Ind .cate the tllne al which 
action wkes place in rclation to lhe adverbs. Thc lime adverb and tense disagreement arc one 
of the common Amharic grammatical errors. The correct type of adverb should be used for th 

verb and vice versa. 

e.g. It." wt. 0. .). 'I /.. t.-"IA : : I lr.l11sla ted to (Kasa will comc home today. I 

In the above example, the adverb ",,/.."I IOOayl which is an the future tense and the vr:rb 
""-''1'''' [wi\l come) is also In a future tense. Therefore advcrb and the vcrb agrff on lime 
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but If we 5.'y "1,'1 alX IL')' .) ..... )-}. ''-''It'l l: '' ( Kas.1 will come )( !{'rdayl. nus IS srammallcftlly 
Incorrect because the adverb .. ·l·..., ·)· .. and" '~-:N\ .. do nOI ftsr~ ~n lime. The . d \ocrb Ind lcal 
It past tense and the ve rb indicates It fulure acti vit)' . 

Adject ive 11 0 11 11 a~1' C llt C li t 

Adjectives modify nouns by appearing beror them. An adj five oflcn "Srct:s with Ihc .. ubJ t 

in gender, number, and cas . In number agreement, th noun Ihal Ih adJ live 1Il00htl can 
be In l>lurn l form but the adjective can eit her be in Singular or plur.1I (orm. I· or In InneC' , I. I}f,· 

""h,',It:·)· mcnning good books. XII'; is jill adJcctive Ingul ar ~ rill whercJS ''"'n.l.'':·" Is I) noun 
plurol form. 

Adject ives most frequently used in Ih mnsculln fonn. TIl mit ull n (onn of adJ lives CAn 
modify Ii feminine noun but not vicc versa. For cXUl Tl pie II f· 1\..) , (b.l(1 1(lr)), In this phmse " 1t4, " 
Is an ndjcctive wi th a masculi ne marker and the noun "1\ ,»" Is In 'Singulnr remlnlne rorm. Ou t 
we cannot sny ')')U·)· /In x: (clean boy) in which "'),),,.» Is an adJ li ve In 1I18ular remlnlne ronn 
and lhe noull " /II 't X' " is mnsculi lle singuhlr rol'lu . This shows th :1I there I) no thle gru mm"r or 
Amharic language . 

I II('orr('('t. word o rd e r 

Amha ric hns 11 subject-abject -verb word order bll! In a cenaln way, th word ~ can be wntt en 
in object subject-verb ord er. OSV can convey !lemnntlcally meanmg but It Is n()t th romla l 
gra mmar rule 1431. 

e.g. ImC>h I"'nfl II .. :I\ ··} ,,>X"'.<,:1'1'1I y.,..r;I\ Cr, : : I Irn nsl:u cd to IWorku bcll vC$ Yohann will disturb 
the class . J The pas tag order t r this sent ence in th example is as follows, NP NP NP V V, 

e.g. tl"Y'Hl II't:" " } ~·>X".(. 1rfi /liCit , .,..r,flCr, : : 1. which has O-IN? NI' VI - I) V-POS u'g ord r. 

The first exam ple is in an SOV word order. Su h a pa ttern can be obscure the rehlllonshi l>, 
especia lly in a more complex senlence with several modifiers. It is perhaps tlus possibili ty 
which rnotivntes the OSV pattern of a senl ence like in the second exnm"lcs, 

3.5 ha llcngcs 

Amharic poses its challenges to natural language processing at all levels or linguistiC studies: 
phonology, morphology. synlnx. semantics . and discourse. ~or machine transla tion. the chal­
lenges result mai nly rrom lhe nature of the writing system (sec Section 3.2), the complulty or 
the morpho\ogy(see Secti on 3.3) , di((erences in word order and lack or resourccs, 

3. 5. 1 \ Vl" iti llg sys t. III chaJlc lIgcs 

Amha ric word is represented by hidden \"o\\'els nnd \pislble consonant" With form Chanla Illi. 
This decease knowledge ga in about the word for any statIStical 1~1 du~ 10 hidden leit er 
reatures. th is has not been the case ror English though , b«a~ w gh h IS \\n tt cn as H IS 

pronounced using only 25 letters. 
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3.5. 2 Word O rd er Pro bl em 

[n English, the const~ tllc n l order is strict and it has a SubjccI-Verb·Object ord r, while Amharic 
has commonly co nstituen t orde r of Subjccl ·Objcct.vcrb 1321. Iloth Amhnric and English have 
strict word orde r structure. 

However, in English, the re arc a few Silulllions where the order is changed. for example. 
temporal adverbs can be lIsed at the beginning or at the end of a sentence depending on 
the emphasis. Word order difference is not on ly .11 sentence level but can also be s en in 
sub-sen tential constructions like phrases and clauses. 

3.5 .3 Mo rpho logica l cha lle Jlges 

Amharic has a ri ch innectiona l and derivational morphology. This means that n si ng! word 
in Amharic can consist of a lelll ma :md Illany morphemes each of which representS n differen t 
meaning. Bes ides, the same morpheme can change fOfm in different words dependi ng on vowel 
order, consonant assimila tion or other phonological processes as discu!>5ed In above scction 3.3. 
Thus, the Amharic word can be aligned wilh a bunch of words in English. An x3mplc f this 
is shown in Table 3.14. 

I A ll lhadc \·Vo rd A llJ lw l' ic MOI'p llo logical n Cp l·CSCIII;It.io li 

Y'rfl;' :' : jI)' 1'- { h 'ff } - '} . }, :,: /II ' 

(l .Y';L~n l.·n .. , 'J fl -r, - { "' ''L~flI.11C: } -h.-'} 
rY""'ll.r.<'l:':m' VV'" -h'} -{mf:h} -hl·_',lim, 

I E IL f.!, li s h Trlllls l:1Lioll 

tilt' thlll,ll,!; WI' fmuill 
tht·\" \\"1"11' <IwIIIIII,II, 11.'. 

thlll llr' W(' RIP KllillJl; tn lillbh 

TABI.E 3.1 1: An cxamplt· of Amhnrk Hlofpholog.,v I\IU I Ln.ltli~h Ifiln IRtI'JIUI 

The example in Table 3.1 4 shows thaI to build a machine t",nslat ion system, many 10 one 
alignmen t from Engl ish words to Amharic word(s) may be required. Morphological "nalysls and 
segmentation arc performed on Amhari c data to aid with this challenge. Figure 3.1 shows a 
I>ossi bie a lignment between an Engli sh phrase and the morphological decomposed representation 

of an Amharic word. 

An Example in Figure 3.1 , is another samp le which shows how morphological processing cou ld 
help improve trans lat ion form Amharic (source) to Engl ish translation as a target. 

As shown in Figure 3,1, the direct matches in th is sample reference translation are the word 
"rh',Y')'" and punctuation mark ""II t ranslated to "reason " and "." respectively for English. 
The others need some sort of morphological decompoSition processi ng to get the exact translation 

as for example: . 
" "fI (Jft'Il.I.<'l:r:(II'" which is a single verb word in Amharic can be tra nslated to muhlple words 
in Eng lish due to its morpholog ical nature, decomposed to "fI _hfl_{ ~Jft,o.l. n }_ "'l'_htl}o" 

" completing" for the verb " un~l. n" 

nega tion word "not" from morphme " hA" 

Subject reference "them" from Suffix morphcm " ,.. ':1' hto-" 

and conjunction "for" from Prefix morphem "fi " 



3 ' ,. CIIfI Il(,lIg~ 

OllfC'(': V-ile: ""IllC llt·m· ') ""I"m.t..t't :r:m- Y"'h .r.)· 1f~(I¥m- .. 

Ta rget: For them, lack of money was thc rcason for not compl ling Ihe t(lsk. 

Sourc e \'-11<: ..... 'm(: fl t.. flr') " " ,,.. .... "(.fl'l'ru. r'h")J':" "~fI 'I ' a;. " 

I "'/ me: J 

tho I rca:;;J tor not Icom~IOlln~ ~he G~ 0 

Target For them, lack 01 money Is Ihe reason tor nO! complotlng tho task 

FrCUIl E 3 . I : EIl",lish won:6 ,Iligmnt'nl with Amllotrlr m'lI phul.~y 

3.5.4 Ava ilable Paralle l Co rpora 

.U 

Compared \ 0 o th er inlerna tiona l langua ge pai rs, there is only olle single COI'PliS for Engli sh · 
Amharic. 11 is a corpus prepared at Addis Ababa Unive rsity, under a themat ic research project 
of collecting para llc l corpora for bi · lingual English. Et hiopian la ngu{lgc pairs availnble (or th' 
research 1441. We ha ve been p<lrl ici paling in this corpus coll cctioll with our collctlgucs. Thc 
corpus is multi -lingual parallcl corpora fo r English to other five 1~lh lopl3n languages including 
Amharic , Tigri gna, Man-Oromo, Wolaylt<l, and Gc'ez. 

This corpus has 40 ,726 English _ Amharic parall el texts, which stili makes the language very 
under-rcsourced. This limited corpus makes il even ha rder to conduct researches in the a rea 
of MT that involve tolfrom Amharic to/from othcr languages thm ha ve signi ficantl y differen t 
word orders and morphologies like Engli sh as discussed above. 

The corpus has been analyzed to see the relationship between English and Amharic sentences 
based on the ca tegories frolll which the data is collected (45 J. As it can be seen from 
Table 3. 15, the re is a significant difference between the morphology of English and the Amhari c 
language. Due to thi s di fference , thi s study uses linguistic processing specifically , morphological 
segmentation to tackle the inherent problem due to the difference like Amharic and English 

languages. 

~gnl 
Il 

liI!ltoq ' 8 

Engli~h :JS,:J2,) SS,526 ; 

Amharic 29,801 63 ,910 1 

TABI.I': 3.15: Distribution of Amharl(' "llll hl,,11l h t~'xt III til" rorpU1o 





hapter 4 

M thodology and Approaches 

This study aimed at incorporating linguistic fCtit llrcs phrose· bas d bidirectional Amhori • I!ngll It 
stolistica l ma chine translation system to improve the pcrformllnccs. Towards Ilml, vodous dOH' 
collection [l nd pre- processing tasks have b 11 perform d and different tools wef sci CI d to be 
used fo r the ex periment. Sections in this chaplcr cxpln in the dnto coll cclion, pre proccs ing. 
morphology analysis , POS laggi ng, factored dilla preparation and 1...'ulguag Modeling bc~ rc 
training the actual ta rgct translation model. 

4 .0 .1 Resea l'ch le t hodology 

Our objective in this stud y req uires training models , in tegrating ;.md cXI>crimcnling linguistic 
feature, recursive eva luation and dcwi lcd swdy towards n knowledge artifact. We have foil wed 
a design science 146 1 sequence process madelia mooellhe best II ngul!ilically In li v:lIcd stn l lsticn l 
lrnnstnlion model for bidirectional Amharic - English trilnslatlon. csign scicn e allows us 
to follow n fmmcwork in exploring knowledge personalized 10 the objective of this study. 
The design-science paradigm seeks 10 extend the boundari s of human and orga nizati onal 
capabilities by creating new and innovative artifactS which arc knowledge's in our case on 
how to in teg rate linguistic feature and their role in MT from Amharic to E.nglish or English 
to Amharic translation. Thus the resear h method employed in this study Is a design since 

resea rch methodology. 

4.0 .2 L iterature rev iew 

Secondary data sources, books, journal a rticles, publ ica tions and other previously wnlt nrc­
sources related 10 the topic have been referred from researches conducted In the same area. 
Related works from Addi s Ababa university repository has also been revie\\cd. limitations. if 
a ny, of these studies and the approaches they have used has been thoroughly reviewed. 

studies cond ucted in other relat ed morphologically complex, undcr-rcsourccd languages and 
Semitic languages which share the sa me behavior wtth Amharic have also been carefully 

se lected a nd reviewed. 
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4.1 Data Collect ion i[ethods 

The developmen t of machine translation relics on p:Jr:ll\el corpora of the source and IMg'l 
languages plus a monolingual corpus. The monolingua l corpus Is used to train Ih language 
model of the wrget lnngua gc, in this case, English and Amharic since Ihe system Is bldir tional. 

In this study. We have used a portion of a recent corpus prepared a t Addis Ababa University , 
under a th ematic resea rch project of collecting paraliel corpora t r hi lingual English E.thioplan 
pai rs available for the research communit y 144). 

The corpora a rc availab le for English to other fi ve Et hiopillll 11lllguage pilirs. namely Amharic. 
Tigrigna, Ge 'cz, Man-Oromo, and Wola ytta. Only th e Eng li sh - Amharic S gm 111 of th corpora 
was adopted for th is study. Th is corpus hils 40 ,726 English . Alllhorl paTrllle! texts which have 
gone under prcprocessing tasks [44 ). [I is part of th e published firs t att mpl data colic lion for 
under-resourced languages projecl Ihal we and our classmates , I achcrs, and coll eagu s have 
been work ing on in pa ra llel wit h this study. 

Data with an equal number of 30.678 sent ences which arc from r li gious biblical daHl hav 
been used for the developmen t of baseline and other models Ihm incorporate linguistic features 
so that compnrisons could be made based on the same d.l\fI -$el for translatIOn pcrfonnance and 
accuracy dependent only on tb e incorporat ed li nguistic fca tures. 

The (u ll Am hari c _ Eng lish part con lains a multi -domain IlislOry. L S{II, l3iblc and U108 data 
bu t due to li mited comput<lt ional resources, we ha vc sc!ccled only til biblicn l pilrt ou t of III 
whole English _ Amharic corpora. An eXil mple (rom the para ll el daw is shown in Figur 4 . 1. 
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FIGunt~ 'I I: An ilIu:-,t mliH' ~'Kmt'nl fnml t ilt' pllmll.1 n·tI,\I .. 

Within the parall el corpus, the English corpus contains 767 .654 lokens , an average of 25 words 
per sent ence and the Amharic corpus consistS of 473.153 lokens, an average of 15 \\ ord.s per 
sentence. Detail distribu tion of the parallel da la used in this slUdy is shown in Table 4. 1. As 



I 2 SofLll'luc Tools & Tcdll1iqucs 

it can ~e noted fro~. the average sentence length in the table , a s ingle Amharic word 
much Ili gher probabllay to be translated to more than one word in English. 

1 Tokens , 

1 
Amharic 1 173,1 53 1 
English 767,651 

\Vo l'(l ' I'YI1('l'I 

7:1,907 
:19,658 

A"g. S(,lIlf' IIl(' Lt' lIg('th 

n 
li 

TABLF; '1.1: DiMribulio n of Amhnrif a nd EnKII~h It'XI 

:l7 

has a 

The corpus has bccn p repro(cssed through character normaliZi.u ion 10 replace n set or rcd undnnl 
characte rs(tJ, .h , . ~ , "' , fI , h , 0, R and II ) with sim ilor functionolity int o a single most fr quen tly 
lIsed chara cter, plus sente nces are tokeni1.cd ,md aligned through the III rging f verses nnd 
removal of unnecessary links, numbers, symbols and foreign texts which are ident ified ns 
unnecessa ry by the rcsea rchers, where thi s info rmation have no role in the mea ning of the 
document 144J. 

For the ex periments , the datasets have becn di vided into 24,51 1 sen tences of trai ning, 3,068 
sentences o f tun ing <md 3,067 scnt ences o f test ing. The sentences nrc selet:1 d ra ndomly based 
on 80% - 10% - 10% sa mpling respecti vely fro m the c I11pl ctc corpus befor apply in g :my 
li ngui stic informatio n. 

Using thi s data on Table 4.1 a total of eight major sta tisti ca l machine tr..mslation systems were 
crea ted thro ughou t thi s s tudy. These systems arc divided into three categories: baseline, tasged 
and factored systems. Each ca tegory consists of two systems, one bu ilt to translate to Amharic 
and the othe r to English from th eir cou nt erparts. Table 4.1 gives a summary of the daw used 

for the study. 

For pa rt of speech tagging the availilble ELRC - corpus developed a t Ethiopian Languages 
Research Cente r has been used. Statis tical PO wgging models have be n developed for 
Amharic based on thi s corpus. for English , publicnlly ava ilabl e opensource POS taggi ng models 

have been adopted (47 ). 

4.2 Software Tools &. Tcchniq ucs 

Using the Li nux Operating System as the main research envi ronmcn t, state-o(-a rt ta tis tica l 
machi ne translation toolkit [481 has been used {o r this study. UbUlilU 18.04 LTS has becn used, 
as an opera ting system since it is the most suitable for Moses SMT toolki t and other available 

NtP toolkits used in this s tudy. 

Horn Morpho (49] latest release version 3.0, is a !)ython program that analyzes Amharic , Oromo, 
and Tig rinya words into their constilllent morphemes (meani ngfu l parts) and generatcs words , 
gi ven root or s tem of the word and a representation of the word 's grammatical structure. It is 
the on ly o pen-source tool for Amhari c that changes the surface form of a word 10 liS mo rphemes 

and li ngu is ti c features. 

A multi . th readed implementation ex tension for IlomMorpho has been developed using Python. 
This ability helps us to e xecute the finite state rule-based I 10 m Morpho as different programs o n 
every e ight cores of our CPU simultaneously. This hns been achieved by runlllng eight threads 
at a t ime by splitting the file 10 be analyzed into eight as equa l to the number of cores our 
compu ter has. Finally, the output of each core is combined into a s ingle file, wh ich returns the 



analyz.ed fon~ of the words. Th is is done due to the slow nmure o( lIornMorpho. As discu cd 
here, below IS ;) pseudo-code which shows how the multi-traded IlornMorpho annlyl r works. 

Data : Li st of word to be Ana lyzed or Segmented by lIorn Morpho 
Res ult: Analayzedl Segemeted Fil e 
ini ti aliz.a tion; 
Count no of threads; 
whi le at'iinblc d o 

whil e word in n file d o 
read word; 
n m horn morpho Segmenter/Analayzer; 
if lfon lllwI7,!tO bww til(' wont then 
1 coll ect STDOUT segmen ted/a nnlnyed result to file; 

(' Ise 
1 go to the next word; 

(, li d 

eud 
merge each thread result to a si ngle fil e; 

cud 
A Igo rit,hln I : r.. lul t i-I hr(,ll(\t'(l Ilornmorpho word ~)(-JV I l!'ntnllml nr Allnl,'/(,1 

NLTK 150 ) which was crea ted in 2001 as part of a compuwlionol linguistics cours ' nI the 
University of Pennsylvania serves as the basis of many research projects. It is now op 'n ­
sourced and has been used to tra in POS wg models (or Amharic. 

spaCy ... 2.0 industria l-strength Natural Language Processing toolkit excels al lu rge ·scale inr r­
mat ion extraction tasks. It's written from the ground lip in cnrefully memory-manag d Cython. 
Independent research has confi rmed that spaCy is the (astest in the world (51). 111e buih-in 
avnilable neura l English POS tug models and wg-sels have been direclly adapted (or POS tagging 

in English. 

Moses (48) has been used as a primary SMT toolkit (or all the expcrim nt on the tr .. nslation 
side since it is open-source and supports integrating linguistic features to th e translation model. 
There arc a lot of SMT toolki ts like Joshua 1521. Phrasa l (53 ), Asiya (541 .. nd Jane (27) but 
Moses have bu ilt-in libraries for language modeling, word ali gnment, tuning ond alternative 
confusion nefwork decoding a long wit h the phrase-based SMT. 

mGIZA, a word a lignment 1001 based on (mllous GIZA ++ (55) was used since it has extended 
support (or mult i-th reading in our octa-core experimental setup. It has a llowed us to resume 
training and incremental trai ning in power shortage times. 

IRSTLM (56), a language modeling toolkit hns been used si nce it has been success(ull y deployed 
with the Moses toolki t for statistical machine translation. The IRSTI..M toolkit supports the 
distribu tion of Il -gram collection and smoothing over a computer cluster, a language model 
compression through probabili ty quantization, lazy-loading of huge language models rrom disk 
to permi ts efficient handling of language models with billions of n-grams on conventional low 

spec machi nes. 

PYTHON, a high-level general-purpose programming language has been used along wIth thc 
necessary libra ri es for pre-processing and dala pre-processing, I>OS lag model dc\,elopment. 
Python is a programming langlluge tha t letS you work more quickly and mtegrn tc your sy lems 



~ore e~fectively (57 ]. ~ibraries sllch as NLTK and TrccTager helps us do more work in less 
HOle lISlIlg python a major prog ramming language. 

Mendeley a free open-source re(erence mnnage r and an acad mit social nelwork ing toolkit hos 
been also us.cd to ma." agc references used in this slUdy. With the Mend ley Reference Mnnagcr, 
you can easdy orgalllze and search you r library , annotate documents and cite as you write and 
integrate to the I'JrE;Xusing the bibliogra phy BibL.ltex librory. 

4.3 Evaluation Technique 

In any machine trans lat ion system . after a translat ion model is tmined its pcrronuance will 
be evaluated using a human eVilhmtion method or automatic evaluntion method. Since Ih 
hu man evaluation method is tedi olls, error-prone, time-consulIling :lIld not fficicnt Ililingual 
Eva luation Understudy (BLEW has been used to evaluate the per(ormnnce o( the system using 
a lest data , which is an automa tic eva hll.l tion method of MT mode ls (58 ]. 

It is (or evaluatin g the translation model bu ilt and measuring th quality or translo tions by 
using reference tesl data. Its an algorithm for evaluating Ihe quality or ttsl data which has 
been machi ne-translated (rom one nalural language to another. OtEU was one or the m IriCS 
to achieve a hi gh correlation with re(erence translation and remains one or Ihe mOsl popul<lr 
automated and inexpensive metrics lIsed in di fferent researches (or evaluation purpose. IlLEU 
lakes th e n-grams from the candidate sentence and tries to n\{l tch them in the ref'rence test 
sentences. The more n-grams matched, the hi gher the candidat sen t nee's score Is 158 1. 

The score of a candidate translation is the maximum !lumber o( malched n-grams rrom the 
candida te divided by the total number o( n-grams in the candidate. To find the BLEU score, 
fi rst, the geometric average of the modified n-gram precisions, p", is computed usi ng n-grams 
up to length N and positive weights W" summing to one (581. c is the length of the candida te 
transla ti on nnd r is the effect ive reference corpus length. Then finding the brevity penalty DP 
is computed as shown in Formula (.I 1) 

{
I . 

HP = e( l - r tc) , 
i( c > r 
if c :5 r 

BLEU score is found as shown in Formula ( I 2) after the brevity penalty is compUlcd. 

BLW = BP -cxp C~ W, IOgp,) 

( I I) 

(1 2) 

To bu ild a transla tion model by incorporating linguistic inform otion, each tokcn should be 
expressed wi th at least onc feature which can besl ex plain it (rom the natural language. In 
this study the token of the word itself is incorpora ted \~i th pas tags, Lcnu.na or the word 
and morpheme segmen ted representat ion of the word 10 Improve the translation accuracy ror 

Amharic _ English, and English - Amharic translation. 

Each candidate feature nceds to be evaluated before it is used to creatc a translation model as 
being an extra (ca ture to the loken. To integrate a linguistic reature each token has to be gone 
in the process o( morphology segmentation and analysiS, in which the tools to do so have to be 
cvalualcd. For example, word lemma coverage has to be evaluated and PO tagger accuracy 
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has to be evalua ted. B~fore ,we ,sec how each of these tampon nlS merge 10 form a collec tIve 
improvement to Amharic - En gli sh tra nslat ion. we need to clarify how Ollr system Is built . 

4.4 Archi tect ure of t he Sy ·tcm 

The system orchilccture is designed to represent the process f factored machine tra nsitu ! n. 
a way to incorporate lingui stic informa tion to a statistica l tmnslation, Figure 4.2 shows Ihe 
archit ecture of lhe proposed phrase-based and factored statisti 81 Machine transla tion. As cnn 
be seen from the diagram Ihe system takes in the parallel ond monolingual corpus AS input . In 
the case of factored translati on, the input parallcl corpus cont ai ns a faclOrcd word wit h :tI l Ihe 
necessary featu res by lIsing HornMorpho and the best tagger descnbed in 5 Clion 4.6. Thes 
sentences a rc lI sed (0 develop la nguage (monolingua l corpus) "nd trnnslution models(parnll I 
corpus) respective ly as di scussed section 2.3.2. 1. 

The architcclllre in Figure 4.2 shows one side f"clored tra nsla tion from Amharic 10 English, 
for the other vice verse translat ion there is no ShortClI t, its do it ngain by changi ng Ihe source 
from Amha ric 10 Engl ish and the target as English. It can also nOled from Ihe dlngrnm PO 
tagger, morphological an layze r and segmenter is needed on the trai ning and lU lling sct. nOI on 
the referene test-selS. Sec furth er details of the ovcra\1 building blocks of thc cxpcrim nl ar 
discussed in Chapter 5 Section 5. 1. 

4.5 Morpholog ical Analysis 

One of th e short -comings in traditional surface word approach in sHllisti a1 machi ne Irunslntion 
is the poor ha nd ling of morphology. Each word foml is trea lcd as a loken in itsclf as if It 
is independent of o the rs. Th is mea ns thai the lnlllsiation model trea ts, say, for f!.':a mple , the 
word .. fl ·'·:,·· .. completely independent of thc word "fL') ' '' . Any number of "fL ') ' " in the trai ning 
corpus does not add any knowledge to the transla tion of "fL·,.:r· ... 

[n sparsed under-resourced languages like Amharic, whil e the transla tion of "fl '}'" ma y be 
known to a statisti cal model, the word " 'L ·ff·" mostly be unknown and the system will not bc 

able to transla te it. 

Due to the limited morpholog ical inneclion in English, these extreme cases do not show up as 
strongly as in Amharic. But for Semit ic languages like Am haric . it docs constitute a signifi ca nt 
problem due to morphological richness of the language. 

Thus in this study, we prefe rably choose 10 model trans lali~ 11 between Amhancand Enghsh 
on the level of lemmas, and thus pooling the evidence for different word forms hke "IL·H·" , 
"fL:J: ", " fl,"' '' , "U.;J.:r:m." , "'L.r';I::r:m·". "VlL" I", .. >") .l!fL ;I· fm-" tha t derive from a common 

lemma "fI.·l·" . 

To achieve tbis we translate Amharic lemma 10 English lemma and combme Amharic mor· 
phological infor:narion sepa rately on the output side to ultimately genera te the outpu t su rface 
words in add ition to surface word translation. This is further dlscusscd later m th iS chapter 
On Seclion 4.4. Blit here we discuss the processes we followed and toolklu \\e have u.se,<l for 
Amharic and English morphological analysis plus segmenta tion fo r faclored data prcparallon. 
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Word Alignem t .... "-.. L en anguago Modollng ...... 

Bt- I phmso OKIr3ctio!l Tnilfam LM WIth 

1 
Kneser.Ney smooth.ng 

• 1 
Amharic, English r phrase table l bl'lrOOll:tod LM 

I POS TaggC~ . I 
I Word e I 

I HornMorph~ 1 
I Lemma e r-T_+~;~~~·:l n.n · , 

, 
• , 

IPOS Tag er-T~ POS Tag I I 
• , , 
, , , 

IMorPhology er-T ~1MorphOI09y II , , , 
, 

~ 
, 

, , 
, , 

:~ ' T- Translation Step 
, . 
, ' 

G- Genoration SICp ' ... Word I n.: 
0- Source Factors 
\- Targot Facors I I 

likelihood 05111n8110n 

1 
(TranstatlOfl Model I 

j 

Input 
Search I DecodIng I 

(Source language) 1 
Output 

(Target language) Roforonco 4 (Targ Ilanguago) 

~I BL~EU~_:",' rl-__ J 

FleUR!:: .1.2: CClicralArchit('('tllrr of II prnl~'(1 F'ae-toml S\IT 

4.5 .1 I:;nglis h _Le mmat izat io n 

E.nglish morphological analyzer was done lIsing spaCy LP toolkit 151 1, in which the lemma· 
tization da ta is taken from WordNcl. Word ct® 1591 is a large freely and publicly available 
lexical database of English. Ollns, verbs, adjectives, and adverb are grouped in to sets of cog­
niti ve synonyms (synsets), each expressing a distinct concept. WordNet upcrficially resembles 

a thesaurus, in that it groups words based on their mcamngs. 

Even though both NLTK 1501 and spaCy IS 11 have lemmaul.crs over thc Word 'ct lexical 
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database of English, we choose spaCy because it has m d . 
our scripts wh ile making a fac lored orc spce , and easy lat r tntcgrallon In 

. corpus. spaCy also add.s II spcdnl case for pronoun' :lit 
pronouns arc lemmatlzed to the special token PitON h' h ' , ' I ' • •. ," W Ie IS Simi ar 10 F.LRClWIC Amharic 
POS tag~er corpus. I he Icmmalization process is shown in a very simple code Fi 4 J 
along with the POS tag of the word. 10 gure . 

imporl spnev 
nip &!If\(''y. IOfiU('CIL cOl e_ web &111') 
doc Illp(II ' Applc is looking at huying U I{ :;tartllp~ for I million ,1" lIar ') 

fu r token in duc: 
pri nt(tokell.text + 'T'+ lokcn.\rmmn I "1" IlOk(,ll ,pos 

T ho Oll t or t his above p rog ra m looks liko : 
A ppic lapp\c j P B 0 PN 
;sl belVEI1 B 
lookingl look j VERB 
atlnt lADP 
buyiugl buylVERB 
U.K. III k·IPIlOPN 
!i1.Ulupsl!itartup INOU N 
for lfor lADP 
IIsn l 
I I I IN U~ I 
lIlillionlln illiOlI IN Ur-. I 
dollarsJdollar J NOUN 
llPUNCT 

It can noted spaCy works perfectl y for each word by finding the lemma fo r w rds Jik 1 Is, 
looking, buyi ng, startups, dolla rs] to Ibe, look, buy. startup. dollar] resp clively for th above 

example in the Figure 4.3. 

4.5,2 Amharic Morphology A na lysis a nd Scgrn nlaLio ll 

Unlike English, Amha ri c has a ri ch morphology as discussed in Chapter 3. This makes mor· 
phological analysis very importa nt for Amhari c because it is practically impossible to store all 
possible words in a lexicon like WordNet® 159) fo r English, and many words have close to 0 
probability of occurrence in any given corpus. This becomes obvious in the context of machllle 
translation from Amharic to English, where lhe correspondence between words in Amhanc will 

orten be one- Io-many. 

The Amharic word "QJ:,'.tlt.ll'1 ')-Y"", for example. could be translated as " even If it is not erased 
for her" _ While a system for proccss ing English cou ld include all of the English words in lhe 
translation (cven, if, it, isn 't , erased, for, her) in its lexicon, an Amharic system that Includes 

all words such as " fJJ', tl t.ll ... ·H' .. " is diflicult 149 ). 

HORNMORPH O 149) is a python program tha t performs morphology analysis and generation 
of words in three languages of the Horn of Africa: Amharic (h"r.~l. Oromo (Araan Oromoo. 
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Oromiffal, and Tigrinya H"/{:11). It is dCHlonl'd as r" P 

G
I b I h (PI GS) . I'~ pan 0 "It' rCK '"a 1..1"Kuall of Iht 
o II Olll ..0 proJcct at Indiana University, dedlcoted 10 dt'\- In In I 1 

for undcr. rcsollJ'ccd languages. P I compuh'lljOn3 100 

IIORNMORPIIO analyzes wo rds into their consti luent l1lorph, II h I h I 
thing to in tcgra lc to our FaclOrcd orpus I~or Exompl 81 nnw 1 CdS I t mO,1 md

PO
nbo·lnt 

" 1 ".. .. . . v 8 "'Or \',(' m('nlone 3 \i(' 

"Y~() I." "' · ," to nllCllyzc It Will return on QUlput resuh US shown In I,.blt' 4 2: 

. :-_1(~c::y~ __ VRIII{, 

I'()".... I •. .-, \('r I , reMit ."r I> C 11.11\<>11 "'()l.tI 

(' i t iH l()1L 'h'lOl 

suhJ('("l :\ "ill~ 1111\.'1 

ohj(' l t : :I :.1UK f('1II P't'P- A 

g I'HlllllIIU" irnpI·dl1 \lVI' 11Il.: \n' nl'~IIII\1 

('OIlJ prrfix: hi ('UIlJ !\ulhx: III 

rAllIt I 2 S.lInp!.' 1I00IUUurl'IIII 01111'11' 

which in this case the most inrornullion at this polnl in Table 4.2 IS Ihe clUHionJltmmn (or111 
" '''''1 1.11 '' which is retu rned frolll the su rface (orm "/1f,~ (.'II" 'l-,.. t', 

On lhe hand, H RNMORP HO also docs seglllenl{uion, whi h prints out ('Kin nI(ltlon or Ihe Inptll 
word rather ttwn its root-like the un:I]Y1,er docs. In the sej!l llll'ruot lon, Ihe St('111 I lIurroundtd 
by braces , and prefixes and surri xes nrc scpa rat d by hyphens, Por Amhorlt. morphemes 
?rc descri bed in terms of the granunnt ical f atures they repre'lCIlI. these dcscrlpllons Uppe.lf 
III parentheses . with a ltermll ive in terpretations for a rnorph'lI\e sCI).Ir.lled by ' I ' 1·11) ). l or 
example, a surface token " f!l" '}QJ,ctr:r:(I)<" is S gm Illed as: 

v:yem.(rel)-'n(sb- lp )·{Crs +le2.3)(imprf )-ac.ew(ob-3p) 
yem.·'n-{Cr8 +1 e2_3}·ac.e~ 

The Olltput ca n be further post-processed ignoring th unnecessary in(ormatlon and returning Ihe 
text to Amharic (rom its a rOlllanized Sera 136) representation as "vr I ),') : ( .... ·CI\ · t"'2 3) I "'l' "'",." 
(unher droppi ng gemination, and insert ing the .. "' JJ vowel to the"- "Amhanc root "·,,,CI'I" 
a final word "fY" _h·}_'I.l.CI\_",l' Mil'" has been used (or the factored dota itS a morpheme 

segmen talion in addi ti on wi th thc Icmma (rom the Hornmorpho analyz.cr, 

'1.5.2. 1 Pre-p l'occssi llg o f 110l'lllllorpho III PIIl 

HORNMORPIIO version 2.5 has segmented 46,373 o( our word types out o( 73,907 which IS 
62 .74% in which th is result is not bad for undcr-rcsourccd languascs like Amhanc but to u~ 
the morpheme seg mentation as a fealure in factored corpus It not cnoush. thiS makes It hard 
to lise morphologically segmented words as a (ealure for lhe factored data . So \\e COlUulted 
HornMorpho fo r a developmenta l ve rsion soon 10 be released 4.0 Alpha on their Guhub page. 

We have done some minor · pre . and · _post-procesSlnS on the Input and output o( 110m morpho 
rcspetlivety so as to speed up and Increase token coveraSe Since 11 has a Irmllcd number of 
rules due 10 its rule-based nature. Firstly we have changed our texu to a romamud fonn USIn, 

Ge'ez to Sera representation mapping table 1361. In thiS proc . \\e hmlt the Hommorpho 
to a maxim um number of analyses to consult to one, no srammatlClI anal) LS and dISabling 
post-processing on the (orm plus enabling aUio-gu 109 to usc: probablh~uc ~uruJn~ (nr word 
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"here lion morpho has no rul e to consult Th is has helped 
the corpus 60 ,930 to be exactl y as shown In Figure 4.4. 

us to K'Jm~nl mor Ihln 82" of 

-.-

FI (:I IHI I I 11 1'rn~ lorph!) 1'01'111 10' 11.1111 UI,III'"1 ("1\"4." 

115.2.2 I'os t-process in g: of I l o l'ullloq)ilo Output 

To convert i-lornM orpho out put such as "v:YCnl_Crc.!) ·'ll tsb· ' p).{ 
to their correct form "fr-1I.') -tu.t:n-h:1·_ hm-"we hn ve : 

• changed the romanizcd text back to scm, 

removing grammar information for each constl lUcnl. 

r'$ tl e2 3}ClIlIprlL lc cwlob- 3pl" - -

remove geminations and other phonetical mnrkcrs Since Ih y do not mnller In tran~lal1on 

A s3mple post processed [emma and morphological in(ornulIlon output ha .. e been ~hown In 
Hgurc 4.5. For words that has no citation or segmentation fonn.1I w(' uSt' the urfJce form 

itself as a lemma and morphologica l f ature. 

'1.6 PO T . aggll"lg 

In corpus li nguistics, Part of spec<:h tagging, also called grammatical lnumg. Is lhe proc of 
marking up a word in a corpus as corresponding to a pa rticular part of pc«h. ba~ on both 
it's definit ion, as well as it's context through relationsh ip! with adJ3Cl'nl and relalN "'OM In 

a phrase, sentence, or paragraph. 

POS lagging is requ ired in thi s resea rch 10 include PaS infonnatlon 10 the factom' corpus (or 
both English and Amharic. Tagging the English corpus ",as CAS) compared to ,\rohanc met' 
there were interna tionally available open source lools 10 do so. Bul (or mhanc. though ~ 
arc a number of papers report ed on Amharic PO taggm8. thert " M no modd or tool\('( to 

adopt. 
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4.6.1 POS ror English 

h .. ., .. , "'." I h ",." ... 

,... .. -...:,..,.._ .. ,...11''' -1 ,...11 . ..... .., .. "' _ .. 
.. .. ~ ... _ 11 ..... 1 .. "' ..... ... 
, . .,,..,,... ... ._ r t , _ , Ii _ .. ,. 

" ... ~ .... . ... ", .. ,'n ... "' ... 
.... IttI.... .. .. ~ ot .. " .. ... ... 
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........ ." .... ,.., 'n ", • ., 
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"",~ ", , "" rI : _"~, , ....... ~, "''' ... 
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..... ~ ..... "i .. , ~."' t " ... , ... ,"" "i ,... 
", .... ,"' ,..,.." ",n "' '' , ...... , " l ,,", 
. , ... .. ' .. .", ..... to, 
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I", 

The English part -of-speech laggcr uses the On toNotes 5 (GO! v rMon or the Penn I reebank (61! 
tag set by adopt ing the sim pler Google Uni versl' l POS lag sets us ing pacy(51! 2.0 neurn l 
models, II is fasl ,casy to use and is the bcst tagger with 97 ,20% nccur:1cy. the besl In the 

open-source world now. 

11 .6.2 POS ro r A mha ric 

In this resea rch , we have compared and conl rastcd previous AmhariC POS laggm3 ways rel>ortcd. 
by foll owi ng the same wa ys as the corresponding authors and ch king the accuracy on a 

randomly selected test SCI. 

The corpus lIsed in this sllldy for Amharic is known as EI.RC • corpus developed at Ethiopian 
L.1ngua ges Resea rch Center has 31 tag-scts where each word manually lagged by linguistS. 
This same corpus has been referred to as WIC • Corpus referring from where the content IS 

taken frolll, Walta Information Cenlcr which Is a news agency (471 (81. It consistS of 210,000 
annotated tokens of Amhari c news documentS. The corpus contatns a lotal of 8.051 re.!atl vely 
long sentences due to the news nature of the document. We have randomly divided these 
sentences into a trai ning and test set, 95% - 5% ratio respectl \fcly. 7649 sentences for 11'310 and 

402 fo r testing. 
The ELRC tagset used 10 t3g the corpus is based on 11 basic tags, most of which havc further 
been refined to provide more linguistic information. thus mcreasanx the lag5Ct 10 J 1. For 
example, the tags for ouns are V (Verbal oun). 'P ( oun Wi th PropositIon) . 'l;C ( oun 
with Conjuncti on), NPC (Noun with Preposition and Conjunction) and (for any othcr oun). 
There are simil ar pallems for Verbs, ADJecti ves, PRONouns and ' U ~1crals. Addll10nai lags 
under the verb category are tags AUX (fo r AUXihary. and VREL (for RlLaU\'c Verbs.. 'umenls 
are di vided into c .. rdinals and ordi nals represented by thc NUM R and N ' OR tags. Thc 
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rest of the tags a f C PREP for prepoSi t i on~ , CONJ (o r conjunctions , ADV for adverbs. PU C for 
punctuati on, INT for interjection and U,NC for unclear <difficult to classify) (471. As shown on 
11 sample of ELRC/WIC corpus in the FI g 4 6 h ure . t c Word and the tag Mc separa ted by " I", 

Fl(;U1U: 4.6: S1.Unpl{' ELRC/ WIC II1nmmll.,. ,altw'(l J\mhlln(' PO~ ('"rpull 

4.6.2. 1 POS Experi m ent. Descri pt.ions 

The fact that Am ha ric has no POS tagging tool or available model, we have developed dirf rent 
types of POS {aggers lIsi ng the same traning and tcs sct expla ined in cCliol1 4.6.2. We have 
compared a nd conta rstcd the performance of each {agger with reported previous results if 
available and also aga inst themselves. 

Th e simplest tagger tha t can serve as a basel ine in Amharic P<lfl of speech tagging is to tag all 
new toke ns as N _ NOUN , which is the most freq uent lag in the ELitC corpus. This achieves 
an accuracy of about 33. 23%. Th is is tOO low to be used as a basclinc as mOSt algorithms have 
much higher accuracies reported. All the a lgorithms applicd in thi s pa ller achievc much highcr 

accuracies than 80%. 

All Experimen ts conducted and listed in Table 4.3 arc devcloped using the same training and 
test sets. Compnrisons and contraSti havc made on studies conductcd on the samc ELRC!\V1C 
corpus, arc listed below. In all the taggcrs listed Taggcr havc been tra ined first and evaluation 

has been pe rformed before being used to tag inpul. 

Wc have used NLTK to train most o f the POS Taggi ng traimngs uSlIlg the follo\\ing sequcnce 
of pseudo-code for TNT, N-gram taggcrs(4-gr.1I1l and 5-gram), Affix taggcr, Brill tagger and 
Classi fi ca tion based ta ggers with Nive. Bays algorithm.CRF++ , VMTool. MALLET was used to 
train POS lagger based on CRF~ , Support vecto r machine and and Maximum Entropy respectl\lely 

for CxpcrimclllS o thcr tha n those conducted using LTK. 
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~:;x p . A \go ri l. llllI Best Result y{'l Our ll (''iulls !lr' III,\rk !li 

I TnT '3 19 1(, H'I ,'Il .. ll" 02 
2 l-grll llL i'l :H " 1 .\ 

3 5-gmlll 7') III to fill ) 

I Affix Tagger $1 O'l _lIh I'" It" 1."~lh I 
5 • 11.!.M "'1111 I'" hx J'IIRlh 'l 

G • I ~, III voith 1'" hx I. 1I~1 h 3 

7 • :12 CII "'1111 uthx \. IIKIII I 

8 , r).~) 17 _1111 IIllIx I. IIKlh 2 

0 , ~,(J I t ",jll! ulhx 1"IIKth :, 

10 A flix TlIgg,cr Backofr" oom wf (C) 

II Nivc Bayes ~2 01 

II T NT 13nckoff* gr,,!)6 ,, ·1 (IJ) 

12 Mnxi 111tL!t1 1~lltropy- :-'laxEm S7.S7 ,10, 1 !',Jo! HI 'lk)ltl'f\ II" 1'1 
13 Support. Vector ~ [ lIch i IL CS - SV ~[ 1j:U",1l ~2l6 

I -I Conditional Hall<iOtrl Firlds -C nF's 7 11MI NUll 

1·1 Brill TaggeI' 8i II "'~,,'l{) n"I)()II',(\ h\ 117] 
15 Njvc l3aycs BuckoffC'd* 00.02 n·r (i'.) 

'TABI.E 1.3 : f\mhnric Pnrt of Spft'Ch IflAAin~ Expl'riull'UIK Ih,IIIS:' AI( IIr1U1' (111 :4 ) 

NOh': Thl' fl-':S ullS herein an! overall "Lccli rncics ('ulIlhllUlUUI\ or huth knnwllilud lIukllll\\U \\uti! 
(A) : Expcriment done to ch('('k the ('Irl'fl of 11Lv,Ilf'r It'\'(' II\ -~nlL n { 1) f'flln~ 

(13) _ I~xp('rilllellt doue to chCfk tit(' t' frlxt of hiv,llt'f Il'n'l ~-KIIIIII \ r,) mdl-ill 
(C) : Comhinat ion of Allix hi'-<,('(\ tlljl.gl'l 'l WIth 1 plthx /twl:\ IIlh)( of" .... ,Ilfl 

(0 ) : CombinAtion of TnT WIth ht:-.t Afli x tflAA( '1 
(E) : Combinatiull of Ni\'l'·Bayt':i with ht",t AlII>: tIlAA"! un ~1II111H I' HUlt ""'>:11 TltAA' r 

oml Defau lt Tag,ger. 

load co rp us re ad e r and t oke ni zc rs; 
impor t defu lt l agge r s; 
loa d mode l in g; 

Rea d traingi n g and t est da t a ; 
WI-II L1~ no erro r on t h e da ta: 

Tokenize se nt e nces and wo rds 
choose a lgo rithm 
tr a in tagger on train data ; 

END WHILE ; 
Eva lu ate ta gg e r mode l by tes t da t a : 
if a better model: 

Save model; 

First ex periment TnT, the short (onn of Trigrams'n'Tags, is a _ ",cry effiCIent statts-heal parl-of 
speech tagger tha t is tra inable on different languages and virtually any tagsel. TnT u a 
second-ord er Ma rkov model to produce wgs for a sequence of IOpUL 

Higher. level N-gram tagger chooses a token's tag based on Its word string and the pr«cding 
n word's tags_ Both 4-gram and 5-gram have tended (0 be the poorest of all laggers used in 



tM study. accu racy less tha n 80%. Th is is due 10 Ihe hmll~ naturt ()I m.1nualh t.gc-d lUI 
In the WIC corpus. 

Affix Ta~er. a ,ta.gger ~ h"l chooses a token's lag bast<! on a leadlnK or 1I'lllInK ubt.t""1 01 ~u 
word sm ng. It IS ImpOI tant to note that these substring ar nOI n«6\.1r1I)' "truc" morph loalul 
affixes. that cou ld ~ ead 10 change in POS tag, In panlcular. " lXed It-nllh UMlrln. of Ihc 
word IS looked up , I~ a tab le. and the corresponding tag IS r tumw, Afhx I"'lten .'c l"ru;.,lIy 
construct d by training them on a tagged corpus, 

Though there has 1~0 1 been a study report on Arfi le lOggers for taRRe" prc\ljou Iy. comblnln" Ii 

single prefix substring and dlcre surfix constituents tcnds to work more lhJn &0" 'or AmhAric. 
Arfix taggers arc a lso easy 10 back off with ther sIrl listical tog8 rs to Iruprov 14"lnf( tlflcil:nclt"). 

Classifier-based Tagger uses a class ifier "Igorithm (specificully Naivc Il a)'l'~ In our (.1 .) to (hexm' 
the tng for each token in a sentence, The featu re sCt Input for the I \Iher I RCI\ nurd by " 
fca lllre detector function: 

t •• ture_detec tor(tokens . i ndox, his tory) ) t.a ur ••• 

Where: 

- tokens is th e list of unlabeled tokens in the sentcnc(; 

ind x is the index of the token for which fc;ltllre detcctlOlI \hould he pt"rfomlC'd, 

history Is list of the tags for all tokens beforc In<h~)., 

This classifier based ta ggers a lso works at a fine margi n pccla lly when h .. Rkctl olr with Mhl( 
taggers. of more than 85% accur<\cy, 

The best tagger adopted for thi s study is Ni ve ll,1 based las Ih r t.~xer bfckrtl olf with 
muh iple other taggers. nmnely Affi x tagg r, rcgll li.lf expression I n88~r. and Ucfauit " 'oun " 
tagg r is the only tagger with an accuracy of more thun 00%. We $C! the " culoffyrob" to 
66,5% so that this Nai ve-bays classifier will (" II back n it backoff Ingg r If Ihe prob3blhty of 
lhe most li kely tag is less than " cutoff prob" , I-:ven though !hI, lak~ 3 lot of dl\)' to trJIII. 
the fi nal model is used as a python pickled file th roughout th b study, The complelc code u~ 
to deve lop a ta gger with NLTK is listed in Apl>cnd ix n, 
M shown Appendi x B code snip. Hegcxp Tagger is used to assigns tn8$ to tokcns by comp,mns 
their word stri ngs to a se ri es or regular ex prcsliions, TIl is mutch!nl word has alway had lOgic 
PO tags due 10 the linguistic nature o( the language as e,g. words in Amhanc \\hich md 
""-:r,,, or " ~l' " arc ca tegorized as ounslN ). Other words like " "'1.(In", " "'If)." .md "I\~" 
are AuxiliaricslAUX)'As shown in the above codc snip, Rcgexp Taut'r IS W(:d to IJRS tap to 
tokens by comparing their word strings to a series of ftgula r e~prc~IORS. 1111 matching "ord 
has always had single POS tags due to the li ngUistic nature or the language as e.,. \\orW an 
Amharic which end's "S"':!'." or ('~l·" are ciltegoriU'd as ~OURSC ). Othtr \\ordf. h"'~ "Jr,,1 .l1n", 

"-tn-" and " fl.lf'P' nre Auxiliari csCA UX). 

4. i Fa cLo red Data P repara Lion 

In factored transla tion. a direcl surface to surface \\ ord dal. is not u.sab~ unlt"Sl It ls t~"~ . 
We c.reate a ractored representa tion of the data to bUild (actorrrl tr.rul.11100 ",,(,fIlS IS npt.lfwd 
by Kochn and Iloang 141. In thiS representation, the dOlt. u not only r~ttd b) JUrf~ 
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forms but also a combination of lemmas, POS and/or Morpheme segmems. 111ese thrte fcatur 
arc lIsed as fac lors for the fac tored translation systems AS they are reflected In the tr.unlng 
da ta. In the factored data, factors arc separatcd by a " I" symbol and \'o-C rcprcsc.nt thc da ta as 
Surfacc_Form l Lemmal POS and or Morpheme_Segmen ta llon continuing to as many combinations 
they have and as many features, the language cou ld ha ve. Table 4 .4 illustratM cxampl of all 
Ihese representati ons. 

Re present.at. io n Eng lish D(l l..a 

Smfllcc horse~ 

Lemma hor~(' 

POS Ni\S(IIO\llI , pllll,l1) 
Tagged 1701"111 horsC'slNNS 
Fact.ored For lll Jlo r~C'S\ hol~<'INNS 

Amlmric DnUl 

n.c.I.f'l· 
.c.1. fl 
~ 1) (N(Juli Phl ,'''1') 
0.c.1.(\··1·1 NP 

n.c.I.{l :f- I.c.l. fl l NP I n I. .I. fl · " l · 

TABLE 4 .• 1: 1\lIlhlll'k VM Ellglbh rl\C'lflfl'd c\1l11t rf"lll(~·nl!ltjf>1I 

As shown in ta ble, we don't usc morpheme lag information for English like we do for Amharic 
because Eng lish has less innectional morphologies, and even if it doc it Is II Y 10 repres III 
morphemes in the POS tags. Penn ·Treebank 161 1 tag set has a maximum of 56 tag· ets to 
hand le such problems. So unlike Amharic POS corpus in English: 

" horses" has a tag of " NNS" 

"horse" has a lag of fi NN" 

due to the morpheme " s" whicl' is a plural markcr, This is adaplcd from simpl r Google 
Universa l POS tag set for thi s study. A sample of faclOred corpus data is shown 10 Fi gur 4 .7 . 

-- .... .. _, .. -- . ..-- _ ........ _. ... • 
'--'--' , , .. , .... _., .. __ ........... -_ . ...... . , 

.. ~ ...... ,- .... .. .. - .... _-...... , ..... ,. , , , .. , ... _ .. ........... -.. ... - - -_ .. ,,_._ .. 
, , " ......... or -.. --- --, , , ,. ..... ,..." ........ -, .... - ..... __ . -.-............ -.. .... ~ , • • , ..... , .. , ........... .. _- _ . --_ ........... 

" 
, , ,-,-_ ..... , ... _ ............ .... . .... ... -" • , .-" ... ,-" ... ,., ....... ,.- ................. -, " • 

, _ ... -, .................. - .. _ .. _ .. .. .• .....:. , • , , , " 
, -,--,_._. __ . -- .. ""-'" , • ._ .. ,, __ , ..... _ .... _. __ ............. o.t 

" 
, " -, .... -... _.,_ .. ~-- _ .......... -, ...... , " 

_ .. _, ............. _u_ .... _m .. _ 

, 
" " ........ ,--,-, .. _ ... -_ .. " .. _ .... _ ....... --..,. 

" 
_ ..... , .. ... ,- -_ ..... -.. , ...... -_ .. __ .. 

" ............ _ ... -. ' ... --'-"- --_,_ .. _ ... _. __ .. ,.._ .•• ____ u . ..... 

" 
, .- .......... .. _ ... -.. _ .... ---_ .. _ .. -

• , • -.--~ ......... _-_.- --, ..... ,.- .,.. --- .. ~ .. -.-.-.-.. - .... , , , , ....... .. .... ..,. .~ ...... --_ .... .... -
, , , --_ ..... _._ ...... ..... ... - ._-, ......... _ ........ - ............................. , _ ... _ .... _ ... -._ ... .... _ .... __ .. .. 

, '-'----.. ~ ,._...... ....... 
, _ .......... --. .. __ ... _ .. _- -_. , ........ - ..... . --'-_ .................................... --

" • , _. _ .... -_ .... - ... -----_ .. , .... -- - --. -- --~. , -- . . ......... ._- -.-- '-, ........... "" ~ ..... .... ----- ... -. , -- ._-_ .. - ....... ---- ... -. • --- .- • .. .... ... -- -~-_.' .---, , 
" .-" 

, 



11.7.1 C rca ting Languagc Model 

As explnined in Secti on 2.3.2.1 .1 language model is only nceded for th(' targ(' t I" nguag(', but 
since we do a bidirectional transla tion we crea te language models for both Amh3ric and Engli h 
using lRSTLM toolkit (56 ). We use 3·gra m language models that perfonn bell er than the: othe:r 
as explained later in Chapter 5 Section 5.3.5 later In th is. We create the Innguilgc models f r 
our di fferent systems witb Knese r-Ney smoothing algorithm (63! and blOa nt. the mod I to 
5hrink the s ize for memory load. The binarizntion step is done uSing the scnpts provided with 
Moses toolk it 1481. 

For our four different systems, three language models are crea led . The Me cr ,li ed r pcctlvely 
from the POS lass , le mmas and surfncc forms from the dllta itself. We haven't cr(':'lI ed a tangling 
model for morpheme segmenls beca use we hn ve n t used the segm ntatlon in the Irmul:ulon 
stCP, it has o nl y be adopted for the generation of POS and SlI rfncc word . The number of 
Ir<mslat ion steps shou ld be si milar to the nu mber of I:Jngua ge model In MT ct · th ltu'8uug 
nmdel will not ha ve a ny effect for fluency. SOllie cxrllllpics from thes thr c I. nguage models 
arc shown in Table 4.5. 

Il.-facc \Vo l·d L-<l llg. 1\llod c l Le .... ma 

'IS" · •. mlm _,.,. '-'""'-... '-'!.T_ 
l~, .•.• , .. 16] r.(tH~. 1 "-.;1:"1" " 

I "" ·M)W91 I "-.;1:"1" ,-r,.ZJ A 

JJJS61 ·1.65465" ~A' '''''~1'I 

I1ISU ·' .11519514 _oM' , I"~~ .~~ 
11l~ · , . ~~slm .... ~~.~~ ,.....,.1I~, 
11\571 .&.1148181 I r ... It ... .,.._~,. 

"nil ·8.151171" • _ .... , .t1'._ 
11I~1 ·1.81811 lIT .... " ... .......,. IH"~H-

III · •.• 119m r+£-1O. ,.~ ~.A~ 

111514 · l.m4299 Itt-""'I ... I .r.:fI~ 

mm ·1.6671912 rI .. a. /:');'I'f n.... " 
l1lSI~ ·1.156811 I f\tIot~ . ...... ..., 

nun · ' .1729196 .r.~ 12 A,.~f 
11IS1, ·1.115f1046 .,..,.",. « :n ~'("'trtH"". .. 
171m ·1. 6828328 'S ~ ,,.,...., ... rl<>l'·" III 
lJlsae ·9.8156046 r ... I.1" "':"1' M/>ol .... "*,. ~IS\lol9 

m~1 1. 11lSe88 11<11: .,r:'Il (Yrj;1"'~ mose 
m~l · 1.1192204 IHU.".' . t ~'l. , ... ,.,1> ~159~ 1 

m~) ·1.55aB·1,g1 'S) ... ")J..M· _1'1"-"''' ~J5,m 

m~4 1. \5659 43 ' -'Ih I r"tn""I,. Si~~] 

nn 5 ·1.11941)6 ,.." I 'of"""" '" , 
m , 
msal 
'.5O 

\ .. ~ " 

L:m g. Model 

.• . m619 • . 111:' ~ ... . ,. 
L&mm ru _ . ,. 

· ... 69]~ '"'''' ...... ,. 
U5101 It t ".,... .. . 

·t./IlS1114 ' " '''' n .,. 
'.1111411 IVIl'MJ.I I.I>t·h Al~""" 

· 1 ')111m Il' \ .,."It"" 
·t.S68"m ~~ 
U19l1l1 HI-~" n~'. 
4.1l1169] - ~.., . 

.1.1121261) ,f"I. II/IV ' "1"(. 
),)1211" II'" I rU.,. 

. ' . Il6~U' A"I"\; t1I'I IIUIIU' 

1.1N/SoI4 OS) ,.,..,.... I'll ,II,"" 
·U I87261 ~' lIItM 

·U UI", ~,.,., ,V4 

. \ .1191861 iN'" ",-hUN' 

L )l91J19 IN. AU' ,..,.... 

· 1.1'92151 t T _,. J t_ 

·uams ll"'''' '"-
·t.152S611 A ... _ ........ ~ 

U17lsa A\IUII"I. ..-,-. 

\tr4\ 

POS I.'K·..,l' l Lrlll j.t ~ l ud.' 1 

J n1ol!Jl • • 
1,..,.\11 ... , II1(II 

I '. , " .. "II( ., 
J l\SW • ,-
1 tum 
111.1:' , 
11'1'" Iojl'lllt 
I .1111 • W't lIIOI( 

I Il] U ; I "" 1tr( PIQII( 
1~1MI ,. 11'(lI0II( 
• llI_n IlOl( "I. ,.. 
1_1) ,.,.'11; .... 
I '~IJ ,.,.. ..... 
J ~J1m " I(.~ 
I .. -"11 •• II:I.c 
) .. 11ll 'lit! . "'~ 
1 ~~ . ""L "'lJ't 
, mlU , I' AQ~ 

I 1I1t1l1 ... , ." """ 
I_IS) 11 -

T AI1LE 4 .J: 3-Gralll Amhl\ ric Surfl\ct' \\"ord. 1..1 ·11\1111\ Itnd POS til 
, lA/ I 

h · d bcs ·des Lhe regular language model 
We have specified th ree language models for t IS stu y, I POS d 
based on surface forms , we have a sC(ond language model that IS tra~ncd o~ 1 tags a~ ~ 
third language model that is t rai ned on a lemma of a " ord. The part -O ~ anguage ~ I C 
includes prefe rences such as that determiner-adjective arc likely foilo" y a noun. an ess 

likely by a determiner: 

-0 . 192859 
-2 . 952967 

d t j j nn 

dt j J dt 
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These combina Lions of language models arc used just like nomlal surface rorm model. during the 
dt.'Coding process, not only tokcnSW,c.t.fI::Y·) but also p:trt -or·speech tagl PI and IcmmaC.t.I./'I) are 
generated . Transla tio n models will ha ve beller improvem nLS by prererring a quenc or 1'0 
tags where words have nOI been seen next to each ot her before, so surfac rorm the I. ngu. ge 
model has very li ttle to do in such scenarios. As shown in the roregoing N-gram count of 1 able 
4.5 the part-of-speech language model is aware of the count of the pronoun (PR NI involved 
and prerers a verb phrase(VP) before a numeric conjuga te (NUMJ> ) over others in Amharic. 

4.8 Gen era l Exp eriment Workflow 

As it can be no ted from the Experimental setup adding linguislic reature to a orpus [I nc! then 
perform ing translation by performing word nlignment, train ing t rans l ~ttion model, tun ing. and 
the eva luation is ted ious and morc likely will lead to error. 

[ Longuag Modol 

Translation Modol 

Docodor 

FIGURE 4 .8: GCllcm! workflow lind Qlltliur 1\ MndllTlc nAII"lnt ioli "ptrlll 

Apart from the separate process of pas tagging and Morphology .5 , gl~lentatiol1 a n~ analyzers, 
we have wri tten a shell command to combine all the tasks shown III Figure 4.8 "II III one lask. 
This has helped us to execute the script by changing on ly simple parameters al lh limc-. A 
sample shell program used has been shown in the Apl>cndix. 



Chapter 5 

EXPERIMENT AND DISCUSSION 

This chapter presen~ the resul ts of the different sets of ex periments ca rri ed Olll (or Ihi study. 
The I~ ecessa,?, detai l of c,orpora that, arc used along with facloring mechanisms during the 
experi ments IS presented l~ the prcvl.ous Chapter. This chapler swrts Wi tJl th cxpcrhncnlol 
seluP: followed b~ presentmg and discussing the improvements in lrn nsln tion qualit y bas'd 
on dLfferent experiments. These experiments have been conducted by combing Lemmn and 
POS ~ag ,lO th e surface word onc at a time. After the each linguistic fea ture was stud ied . a 
combmallon of each li ngui stic was studied by add ing one linguistic f alure at " tim to its 
preceding experimental setup. 

The fi ve major experiments conducted for this study arc: 

,. SurfaceCword-based) experi ments (baseline experiment ) 

2. Surface a nd POS lagged experiments 

3. Surface a nd Lemma experiments 

4. Surface , Lemma and POS tagged experiments 

5. Surface , Lemma , POS tagged and Morpheme's experiments 

These five experiments were conducted by starting from the basel ine lransl[l liol1, wkl ng lhe 
sur f[lce word and creating a phrase- based statistica l machi ne tra nslation model bidircc li nally. 
This experiment was used as a benchmark for the next experi menlS where [I factored model W[lS 
developed by using the surface word and each language femure, starti ng from Surface and POS, 
then Surfa ce and Lemma, lastly Surface combi ned with Morpheme segmented experimenlS. Since 
English has littl e morphology, we have not conducted Surface and Morpheme combination on its 
o\~n , rather we use the morpheme representa tion of Amh[lric as a generation model combined 

with all the other language features in the last experimen t. 

The Experiments was further extended not by combini ng each language fea lUre to thc Urf3CC 

form at a time bu t also by add ing more language fea tures to the basel ine incrementally. This 
makes a combinatio n of Surface, POS tag and Lemma as another experimcnt and la tJy the 
addition of morpheme segmentation combined with all th~ ~vai1~ble language features as tJle 
last exper iment. All these ex periments were conducted b ldlrecllona ll~ to study the effect of 
each language feature to translate to Amhari c or translate from Amhanc. 

The chap ter concludes by comparing the results of each translation model and 3n31Y1'lIlg the 
lr~ns la li o l1 qua li ty of the generated translated output using the BL.EU evaluation adopted for 

lIus sllldy. 
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Ch.IT"" , ·r; EXPERIMENT AND DISCUSSION 

L.l 'ITaining Models 

training is the most important step where the systems Icarn how to !r:'IIlSI:lI C by cstimating the 
~aramclers of the statistical transla tion model with the usc of para llel corpus as discussed in 
Chapter 2 Section 2.3.2.1. 1. 

translation models are trai ned by fo ll owing the SMT pi1I1 Crn f computing word-alignments 
first, ex tracting and scoring phrase tables and then creating reordering tables. The training sel 
is selec ted ra ndomly from the para llel corpus before factored data prcpa r:.lIion , so tra ns lat ion 
models are unique and recreated for each data -sct based on the incorporated linguistic fea tu re 
in the train ing set. Moses toolkit [1 8] is lIsed to t.win the systems Hnd crea lc translation models. 

To build the system we have prepared a facto red data fo r the training·sel and IUn ing·sel ns 
explained in Section 4.7. The correctness of this factored da ta is dcpendcn t on the Horn Morpho 
coverage, a morphology analyzer fo r Amharic as well as lhe accuracy of our POS lagger, where 
each is discussed in Section 4.6.2.1 and 4. 5.2. A sample of our fi rst sentence in the tra ining 
data is shown in Figure 5.1 . 

I POS Tagging I I HomMOlpho Analyzo, I HomMOtpho SogmenlOI 

/' /' ""'. L' 
1' .... 1': U<>~.I'IN PI 

(I · ... ;("'·...: r ,p-° ..... hIAD 

1.1"' ..... 11 
O"? ,··l",·;lNCI 

(1"'1 J" ) " }'" 
"j!'C '>IN 

1'" J:'--C'> . tfl~ 1 

.<."'~ :: 
.tflCIVREL 

" IPUNC 

'-, 

InllN 
tho 
b<:>g inning 
God 
created 
the 
heavens 
and 
the 
earth 

'-... 
I PQS Tagging I 

f l,_ J-: ,,./.s'IJ-:·1"CINP 
1.1 ....... 'IIMo ..... ' IIADJI 
(I"'iJ'·l·.,'··I(I'..,N·ING 
7" ':'--C"19"' ~t:I N 
~.m~I~·'nc: IVREL 
" H PUNCI 
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5.1.1 'IJ:aining 'IJ-anslation Systems 

. . . I s stems learn how 10 transla te by estimating the 
Tra ining is the most important step ~vhere t lei ~i th the usc of para ll el corpus as discussed in 
parameters of the statistical translation mode 

II 

, 



5.1. lhli"i,,~ j\fo(/C'J ... .. ... 
Chap ler 2 Sect ion 2.3.2. 1.1 . Here, translation models are trained by ompuling word-alignments, 
ex tracting a nd scoring phrase tables and creating rcordering ta bles. 11lC training sc t I ') se lected 
randomly from the parallel corpus, so IrallSlalion models arc un iquc and recrcI:tted for cach 
data-set. Moses toolkit '1 8]. is used to tra in the systems illld create thc translation models. 

In tra in ing primary task is to create vocabulary files for both Amharic and English, these onlain 
word identifi ers (integers), words and word counts in the para llcl corpus. Wilh I1lc hclp of 
these vocabulary files, each word in the para llel corpus is represent d wi th its integ r iden ti fier) 
and a sentence-aligned corpus file is created with the word ident ifi ers. Tab! 5.1 includes both 
examples of vocabulary files and sentence-aligned corpus fil e. In the vocabulary fiI ,th' first 
coluIlln is the word identifi er, the second co lumn is the word itself and the th ird column Is the 
count of that word in the corpus. In sentence-al igned corpus fil e, i l sen tence pair is shown in 
three li nes where firs t is the frequency of the sentencc, second and thi rd :Ire thc sent ences (rolll 
both languages where words are representcd with their identi fi ers frolll the vocabu lary fi les. 

I Sample segments from vocnbulary files Sample editoria li zed scntc ncc--:lligncd carpI! :' 

• _. , _. 
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TABLE 5.1: Example segment of Vocalmlary a nd ScmcnCt' Im'CI 8lignl11(,lIt 

In the second step mGiza is run to find the word alignments. mGi1.a is a tool based on GIZA++ 
avilable in moses' SMT toolkit stack, extended to support multi-thread ing and incremental 
training. mGiza is run bidirectionally and takes the intersecl io~ o( these . tw~ runs to find tJl e 
correct word alignments. An example word -alignment diagram IS shown III 1 able 5.2. 

In the th ird step phrases are extracted from these word alignments, which is done (or both 
languages. Neigh'boring words, that occur together in the data , arc extracted as phrases. Here 

., 

TADI. I~ 5.2: 
. L lJelwCCIJ SlUllp](' Eliglil'th-Amhllric ~ntcnC't' 1l8i1 ExalJlple word-nllgll1llCII 
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F IGURE 5.2: A portiol! from the phra..,e lra ll~llltio ll tllhlc 

we use the default maximum phrase length fo r Moses, which is seven. Each phrase pair is 
assigned alignment po ints, showing the number of word alignments in this pa ir. Thcn these 
pairs are sorted for both languages and scored with the calculated probability of that translation. 
In the end, a t ranslation table is crea ted contai ning all the extr~lc t cd phrase pairs and Iheir 
scores. A small portion from the translation table is shown in Figure 5.2. The four diffcrent 
scores separated by If II I" at the end of every line are; inverse phrase translation probability, 
inverse lexical weighting , direct phrase translation probabi li ty, and dircct lexica l weight 118). 

At the end of the training step, a configuration fi le is created for thc Moses decoder a 
"moses.iniH fi le. A fi le which specifies, lile factors used, the translation tables, the reordering 
models, the genera tion models, language models used and the weights of a ll tJlcse models. 

5.1.1.1 Factored Tha ining 

Even though most the training steps discussed above arc similar in factored translation systems, 
multiple phrase transla tion tables are created according to the translation fa ctors given 1.0 Moses 
toolkit. \ve have represented features in our fac tored corpus as: 

, . feature a word 

2. fea ture , Lemma 

3. feature 2 pas tag 

4. feature 3 Morpheme segments 
Moses accepts a set of factor li sts as translation faclOrs and cr~a l es a translation table for e~ch 
element in the se t. For example, if the translation factors arc gIven as 0-0+ 1· 1, then translatIon 
tables ' 11 b d f f t r 0 to target factor 0 and from source factor 1 10 larget 

WI e create rom source ac 0 I ' bl '11 be ted ~ 
factor 1. This means, from the faclOred training da ta, a tranS atlOn ta e WI erea or 
the fi rst factors and another will be created for the second factor. 
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5. 1. '1},lillillg Models 

In thi s s tudy, translation factors are given 'is 0 0+1 1 2 2 h· I 
bl d f f 

< • • + • , W Ie 1 means scpa .. lI c Iranslaliol1 
13 es are create or sur ace forms (factor Q) lemmas (f'c,o 1) d POS/M h "\I . • < <. r an orp erne tags (faclor 
2). An I ustratJve example of how translation factors "ork ·s sh . I'· I own In ' Igu re 5.3 

I English j j Amharlc j 

Lword ] Sow" 
Word [ n""J'.I':r] 

I heaven II Lemma j I Lemma I o"'/J',l · 

NNS II pas • pas NP 

FIGURE 5.3: Sample Factored tr:Ul.slaliou (roUl l~ug1ish to AllIh"ri(' 

Factored systems are also used to train word alignments and creat e genera tion models (or 
faclors. In th is s tudy. in add ition to word -level alignment, lemmas arc also used to trai n the 
alignments as they are the sma llest counterparts of the words and they occur morc gencral 
than surface Conns especially for Amhari c duc to its inflccti on in morphology from the ;lmc 
citation. 

Generation models are used to decide wh ich target side fa clOrs will be used to generate olher 
target side facto rs. In this study, 0-',3+', 3-0+3-2 is given as gencr'llion factors, which means 
three generation models are created, onc for generating lemma and morpheme tags from a 
surface form, one for generating a surface form from a pai r of Icmma and morphcme tags and 
one genera ting POS from morpheme tag. 

5.1.1.1.1 Why do we generate POS frolll mOI'phcmc t~lg? 

Because we have seen in the POS tagging experiments in Chapler 4 Section 4.6.2 .1 Affix 
taggers work fine by considering one prefix and three suffix const ituenlS, thus morph eme tag 
constituents(factor 3) here can help generate POS tags for Amharic. This has provcn to generate 
littl e translation accuracy in experiments listed laIC in tJ1is chapler. Figure 5.4 shows an 

illustra tive example of how generation factors work. 

Figure 5.4 shows an illustrative example of how gcneration faclors work. 

5.1.1.2 TIming 

Moses uses the created dels WitJ1 different weights. These weights a rc recorded in lhe 
conlig t· " I h · h .rno aled after the training step. However, in the configuration file , 

ura Ion II e W IC IS cre d ' .... d 
these . h h d f 1 lues and they need to be optimize . T lis optlOlIl,3ll0n IS onc we lg ts ave e au t va . .. ' 
at the tu ning step to find better rates and achi cve high-quality Iransl:llIons. In Ihls study, 
m·,n. .. (MERT) ,·s used 10 wnc the systems (64 ) (16). MERT runs the 

unum error rate traInmg 
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Moses decoder on the same tuning data several times and finds the best sct of weigh ts thot 
provide the best quality translations in terms of BLEU scores. 

In this study, the number of maximum iterations of MERT is limited to '0 for all systems 
because tuning is the slowest step of the process. The tuning of ( .. elored systcms is similar to 
the tuning of the phrase-based systems. The configu ration file contains input and OUlput factors 
and the system is tuned accordi ng to these factors. In the bnscl ine phmse-based sysl illS, Ihe 
input and output factors in the configuration file arc both 0, which means there is onl y one 

factor used. 

5.2 D ecoding 

Decoding is simply creating the translation hypothesis from the inpul text. Using the translation 
and language models, the decoder machine, namely the Moses toolkit decoder, looks for the 
best translation of an input text. Moses uses a beam search algorithm which allows keeping all 
the hypotheses in stack data structures according to their translated word counts. Each time a 
hypothesis is placed into a stack, the stack may need pruning which means hypotheses with 
lower scores are removed and then new hypotheses arc crea ted from thai hypothesis. This is 
done in iterations until all the input words are transla t.ed into the targel language. 

5,2,1 Factored Decoding 

Factored systems allow us to have multiple decoding paths. In this study, we usc two decoding 

paths: 

1, ta,gO 

2. t1 ,g1,t2,g2 



oj 2. J)('('odilll{ 

where (a is the translation step between surface forms, t 1 is the transl;lI ion betwcc:n lemma. 12 
is transla tion between POS tags. go is the generat ion step where a lemma and the morpheme 
tags are genera ted from a surface form, &1 is the generation slep wh r a surface form i 
generated from lemma and the morpheme tags and g2 is where a PO lag fonn Is genera ted 
from the morpheme tags. 

The first decoding path uses to and gO and the second one uses 11 ,12, .1Ild &1. TI1 C [Wo paths 
arc alternatives to each other to increase the perfonmmcc of Ihe system if a word h. be n I fl 
un-lemmatized and unsegmented due to the analyzer or segment r coverage. During dccoding, 
translation o ptions are generated from each and the one wilh the higher probability is liS d . 
These decoding paths used in the experimen t are ill ustrated in Figure 5.5. 
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D-- - -"-"8 ,laths for the factored ~)·btCII\ F IGURE 5.5 : '-'U1U 
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5.3 Exp eriment R esults 

5.3. 1 Exp eriJ1'lent I - N-Gram Language Model Effed. Ex p "illl Ill s 

Since we were developin? three different language models for our experiments, we first explored 
the best . la~guage mo~el mg N-gram o.rd ~r to use fo r all the cxpcrimclliS. Considering we have 
a very IJlllIted monolingual da ta as similar as the bi lingual tex t, we produce 2-gral11 , 3-grnm, 
a~d 4-gram language models and performed experiments wi th the test da ta on baseline sysl 'Ill 
wIth each lang uage model for both languages to see the effec t on Imllslation nu n y. TIle 
BLEU results of each language model experiment are listed in Tnble 5.3. 

Language Model BLI~U SCOI'C (Englis h - Alllh nl'i c) 

2-gra m 
3-gram 
4-gmm 
3- Cram Modified Knescl'-Ney 

12.56 
13.0,1 
12,20 
13 SO 

TABLE 5.3: BLEU score::; with diffcrClll hmguftgc models ror t\mhlU'ic 

The results on Table 5.3 show that the interpolated Modified Knescr-Ney Discounting 1631 3-
gram language model outperforms the others and we have used it in all the expe riments inside 
this study. Th is yields better models due to the discounted 3-gra rn prob~l bi l ity estimal at the 
specified order J to be interpolated with lower-order estimates 2-gra l1l and uni-grarn. w have 
chosen this Kneser-Ney smoothing technique because earlier stud ies in morphology-based I::.n ­
guage models show that it outperforms others fo r under-rcsourced Ethio-Semitic languages 1341. 

5,3.2 Exp eriment II - Baseline System 

The base li ne system is built with the original data, without applying any linguisti c feature. This 
experiment is conducted by using the ordinary phrase-based translation model and a 3-gralll 
surface-based language model. All the data-sets are trained , tuned and . tested using Moses and 
the results obtained have been reported using BLEU scores arc shown III Table 5.4. 

Lang, Pair I BLt; U Score I 

1 

Amharic - Engli:;h 1 23.12 1 
English . Alllharic 9_52 

TABLE 5.4: BLEU scores ror DascHne l::XpenmenL Rcsul l.S 

The results show tha t translating to English has a relatively better sc~re accuracy of 23',12 t~an 
translating La Amharic, a BLEU score of 9.52 which lower by 58% III pcrfonnancc to ~ts VICC-
versa t l' Th'" th Amhar"c cor1' us has almost half a lower vocabulanes !han rans aOon. IS IS s)l1ce C . hoi 
'he E I' h 'd h ' k 'ty ,'n the alignment for Amhanc words 10 malch l r exact ng IS SI e. T IS rna es sparsl . h 1 
~ngli sh translation while creating a phrase-rable which even could nOI CXlst due to morp oogy 

ln ncclion on the English counterpart. 
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5.3.3 Experiment III - Surface a, ll (1 1' 0 l ag 'ys l III 

Out of a ll the POS tagging Ex periments conducted we choose Our best mode.l and other two 
rand~mly selected taggers to see the effect of pas tagger accuracy on lh translation Accura y. 
And It l.urns ou t to be, POS tagger ~c~uracy and translation accuracy arc direcLl y propon ional In 
translatlon systems .where pas tag IS II1corporalcd bidirectionally for b th Am haric and Enghsh. 
Results a rc shown In Table 5.5. 

Lang. Pair POS taggcr I TaggeI' Accuracy I OLE core 
Amharic - English n,r 80 110 225 1 

« CJ1J's 80.01 2108 
« Naivl.'-I3aylS Backoffed* 00.2 2<1 .:J:J 

Ellglish - Amharic n,T 80.<16 02 1 
« Cltl's 001 
« Naive-Days BnckoffCfI* 00.2 

TABLE 5 .5: BLEU scores POS t!lgg:ed t>)'bH'1!I 

This method of adding a POS tag into a translation has improved lh transliltion ilccura y of 
both translati ng to Amharic and English. Much of its improvemcnt is notcd on thc Amh;lric 
side where the POS tag translation has improved the transl.llion by 31% from a OtEU score of 
9.52 to 13.80. 

These improvements have been ach ieved by preferring a sequence of pas tilgS where words 
have nor been seen next to each other before using the sepilra le POS tag-scI language model 
and direct POS to POS translation, i.e UJJH in English is "ADJ" in WIC Amllilric orpu . On 
the other side , the Amharic POS tag-set language model wi ll tell the translation Ilml a sent nce 
is more likely to start by a Noun(N) and an adject ive(ADJ ) is mosl like 10 be fo llowed by a 
noun. 

5.3.4 Experiment III - Surface with Lemmo Expcrimcnts 

In order to see the effect of morphology ana lysis and segmentation ,we Iwvc incorporatcd one 
further linguistic information to the su rface word. we ha~e added lemma f~r bOlh Amharic 
and English us ing lemmatizers discussed in Chapter 4 Secu~n 4.5. Inco.rporalmg Icmma hilve 
increased the translation accuracy further for both Amhanc ilnd ~ghsh . The BLEU score 
improvements due to the incorporation of the lemma of both Amhan c and English words are 

as shown in Table 5.7. 

Lang. Pa;r I BLEU Score I 

I 
Amharic - Englis,h I 23 .5-1 I 
English _ AlIlhanc 1298 

BLEU scorcs for Surfacc + LcIll Ill El + PO lagged Experunclltl; 
T AB LE 5.6: 

To I anal sis and segmentation ,we have incorpora ted one fun.her 
. see the effect of morpho ogy Y I dd d I nlll3 for both Am haric and English 

hngu' t" • f . th face word we lave a e CI • IS IC 111 ormation to e sur ' . 5 I orporating lemma have increased 
USing lemmatizers discussed in Chapter 4 Secuoll 4.. nc 
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the translation accuracy further for both Amharic and Engl ·"I, n BI EU 
. . . . lC • • score 111lpraVcments 

duc to the IIlcorporatlOn of the lemma of both Aml,'r,·, ' " d En I· I d h 
Table 5.7 . 

u,-, ' g ls lwor arcassownm 

5.3.5 Ex periment IV - Surface with Lcmrna and PO I!:xp I'imcnts 

Adop.ti~g ~he best. POS tagging m~del from Experimenl III , we have incorpor. 1 d on (urther 
linguisti c mfo rmatlOn ~o the E~penm:nl III so that we could lise both PQS 1:1& and I mma with 
thc surface word. ThIS Expenment IS conducted by combining 111 (ea lllr s in Experiment II 
and III . we have added lemma for both Amharic and English lIsi ng Icmm:u l1.crs discuss d in 
Chapter 4 Section 4.5 . Incorporating lemma ha ve increased the twnslation nccurucy (urlh r ~ r 
both Amharic and English. The improvements arc as shown in Table 5.7. 

Lang. Pair I IlLEU 

I 
Amharic - English I 
Ellglish - AmhAric 

TABI,E 5. 7: BLEU scores for Surface + Lemilltl -t pas l"8K('(1 ExI>t'IIIII(,IlU 

Since lemmas are the smallest linguistic features that hold me<lOings especia lly in Amtwric, dla l­
lenges in transla tion due to the morphological richness of Amharic has been further minimizcd 
by adding lemma as feature factor. As it can be noted in table both Amharic and English IUlv 
profi ted, especially translating to Amharic has shown an increase in BLEU score frorn 13.80 
to 15.28, a 9.6% increase from the last best model in Experiment II and 37.69% improvem ent 
from the baseli ne. 

5.3.6 Exp eriment V _ Surface with Lernma, P~S and MOl'ph m 

tation 

CglllCIl -

Considering Amharic is morphologically very ri ch, by incorporating a.noll.ler Morphcmc seg­
mentation info rmation as a feature, to Experiment 111 for the AmhariC Side we have found 
improvements of a 0.56 BLEU Score. Compared to the other linguisti c fea ture in the abovc 
experiments morpheme segments has improved the translation accuracy limited. It is only a 
3% difference on translation accuracy as shown in the Table 5.8. 

Lang. Pair I BLEU 

I 
Amharic - English I 
English · Am haric 

core I 
25.1 I 
15~ 

S ' + Lc'IIIJ1a + pas lRggro + ~ Iorpheme', expenlllcnlC 
TABLE 5.8: BLEU scores UI·.3ce 

5.4 Discussion 

TI . . I tI at incorpora ting linguistiC fea tures on Amharic 
1e results in all the above expcrimcn.ts S lOW 1, 399% translation improvement ovcr the 

data had an increment of 5.96 points 111 BLEU score a . 



5. I. Di . .,(" tlMioll 
hI 

basel ine system while translati ng to Anlh " S""I " . anc. 1011 arly lncorpo " PO 
profi ted Improvement of 2.36 in BLEU score a 9 2 . ~atmg S tag and lemma has 
BLEU scores of all all the experiments inc' ' . 6%rtran~ l a~ lon Improvemenl. TIle comparallvc 
is shown in Figure 5.6. orporatmg mglllstic fea tu res against a baseline system 

• ....., • u.,w. 

" , 
" • 
" " 

, , 

" 11 

" " " " " " ,< "" ,< 

" " 
" " " " " • 
• 
, , , 
• ,.,.. 

F'1(:UlU: 5.6: BLEU Score for all ba:;eline to factored A1I1h<lric- English t\ lachine '!'ran:.I,,­
lioll 

In the factored models, we use the morphologica ll y segmented representa tion of Amhari c words 
as a third fea ture along with lemma, POS rag and the token itself. When we investiga te 
further into th is , we see that the tagged systems also perfonn much better than the base li ne. 
We recommend the incorporation of all possible l;:lI1guagc featu res as long as they ex ist in the 
nature of language, since the incorporation of one more linguistic feature shows the improvement 

of the transla tion model. 

We have seen addi ng morpheme segments has little effec ts in translation accuracy than adding 
lemma of a word (or Amharic. This is due to the cases that it creates a mismatch with the 
English version of the data as the English version docs not have SUdl a lingui lic feature due 

to its low morphological inflection. 

In order to obta in better results with factored models, an add it ional experiment can be: done 
with addi ng extra decoding step make use of the already known translat ions of phrase 10 phrase 
indica tions in the baseline. These combinations woul d be computing resource in tensive in a 
CPU environment. Moreover, feature reduction segmenlation of morphological lags may also 
improve the results. These methods are introduced in agglu ti nalive Turkish language 10 Eng lish 
translation and have been applied successfull y in some studies I tl J. 



, . 

Chapter 6 

CONCLUSION AND RECOMMENDATIONS 

6. 1 su mma r y 

In th is stud y, linguistic features of a word have been incoq>OfOHCd 10 improve bldi r~lion.t1 
Amharic - English SMT accuracy using factored phrnsc-bascd Irallslolion mooels. With Ih ls 
approach, we have used not only the most common linguistic (cn turc such 3$ I>OS 1385 and 
lemma of a word but also morphemes of a token employing a (aci red mod 1 to hnprav the 
quality of translations. 

Ex periments were carried out on a most recent data SCI, .. corpus prepMtd at Addi Ahnba 
University, under a thematic research project of coll ecling para ll el Coq>Or3 (or bl . li ngual English . 
Eth iopia n pairs avai lable for the research community. We have used a segment of the corpus 
Amharic -English pai rs, a religious bible text of 30,646 sentence pai rs. 

Results show tha t using morpheme segment's on the Am haric side in combination with lemma 
and pas tag o f a word improves the BLEU scores of the tr:mslations significan tly. The best 
results we have us ing these factored phrase-based l110del obtained with the same data used r r 
an ord inary base line system, increasing the BLEU score frolll 9.52 to 15.84 (a nn English to 
Am ha ri c tra nsla tion. We also improve the aCCUril cy up to a 25. 48 BLEU score from 23. 12 (or 

Amha ric to Engli sh transla tion. 

To su mmari ze, th is study introduces an appro.:lch of <, pp lying morpheme segments on tJle 
Amharic data and lemm ati zation on the Engli sh data 10 bui ld an Eng lish to Amharic statistica l 
machine transla tion system. The results of th is study arc compared to the benchmark systems 
which were built with the same dara sets and arc found 10 be significantly higher than those. 

6.2 Conclusion 

Experimenta l results have proven linguistic info rm31io,n iI~corporation. for Amharic -~ghsh 
translation can improve a translation significantly as It d id r r Turk~sh, Czech, Tamil and 
Arabic. The resu lts have had a very similar improvement fl)t~ \v11~ thiS morphol~l cal1y nch 
languages, im plying with the proper POS ta~in8 , and ~l1orphologlcal analyu.r thiS cnnthed 
factored transla tio ns model has significanl I1lcn ts, di sprOVing the decremcnt results reported (or 

English • Tigrigna languages. 
On tl I I d f II h I' gu,'st;, featu res incorpomlcd for Amharic - English l.rnn5lation le Q[ ler lan , out 0 a t e 111 ' • - • f B ' 
each of them has a d ifferent improvemenl over Ihe trn nslanon, For Amhonc In te.:;ns 0 hl..EU 
score, POS tag has the most improved score of 4,28, lenull:1 of a word has 1. 48, an morp ~c 
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segmenta tion has .0.56. But importan tly the more features used together has the more translation 
improvement which has been noted to have similar adding all the improvemcnts by each of 
them. 

In this study, our major challenge was computational resources where we incorporat ing three 
different features which means three times thc data size of t.he tokens, which restrict us to 
usc limited tun ing itera tions. Besides, the low computing problems we have spent much timc 
on POS tagger development, morphology analyzer process ing tasks; rather than on the main 
experimenlS of incorporating linguistic features. On the othcr hand lack of syntactic parser for 
Amharic has limited us from conducting hierarchica l transla tion models with linguistic ~ aturcs. 
Lale 20 18 ea rl y reports in MT have reported tr'lI1slation sys tem bJsed 0 11 deep 1 ail ing cnn 
learn linguistic fea tures implicitly without directly specifying them which is anot her endcnv r 
to explo re. 

6.3 R ecommendation 

Based on the finding of this study, the challenges faced and literature in the field. lhe fo llowi ng 
recommendations are forwarded. 

• The techniques used and suggested throughout ulis study can be applied for other Ethlo­
Semitic languages that have a similar nature of innectiona l and ~erivational morpholo8~ . 
especiall y for Tigrigna and Ge'ez. We have a strong belief that lius study can form a baS IS 
for future research in the field for these languages. 

• A more specific POS tag-set for Amharic could improve a lra nslatiol1 since !lOS ha a 
Significant effect on translation accuracy. 

• As long as a feature exists in the language and added in a uniform fashion, intc8ra ti n.~ 
all the possible features together has a positive impact on the phrase-based fa ctored SM I 
in Amharic - English Translation. 
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App endix A 

The Ethiopic script in ASCII (adop d 
from Yakob, Firdyiwek [36]) 
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Appendix B 

Classifier B ased POS Tagger u 
Naive-Bays 

• mg 

LISTING 8 .1: Pseudo-code 0..1 TflGGCI1S t rn.iued u.' lIIg NI..TI< 

imp ort nltk 
impo rt p i c kle 
from nltk . tokenize import LincTokcnizcr 
from n 1 tk . corpus . r ea der import TaggedCorpus Rcadcr 
from nic k . tag import tnt 
from nltk. tag import RegexpTa gger 
from nl tk . ta g import AffixTa gge r 

corpu s _ re a d er :: TaggedCo rpus Reader ( I sen t - co rpu s' , I I new- t ra j 11 • pos ' • 
'new- t est . pos ' 1, se nt_tokeni ze r=LincTokc nizcr () , sc p:: ' I') 
corpus:: corpus reader. tagged sents{) 
ta gs:: [tag for-(word, tag) in corpus rcad e r . lagged words (») 
dcfaultTag :: nltk . FreqDist< tag s ).max() -
print ( defa ultTag) 

(ra i n _ r e ader :: TaggcdCorpusReadcr ( 'se nt - corpus' , I ' ncw- I fa in . pos' ) I 

Sen t toke ni zer =LineTokenizcrO I sep="I") 
trai; se ntence = train reader. tagged se nu () 
t est_rea d e r = TaggedCOrpusReader<' sent - co rpu s' "new- t est. pos 'I, 
sen t toke ni zer =LineTokenizerO, sep= " I H) 
te st se nt e n c e = test reader. taggcd_scnu () 

patt er n s = ( 
(r' l\ \d+s' 'NUMCR') , (r' l\ \d+.+$', 'NUMOR') , ( r '. *\ d+S, ', 'nr,..W' ), 
( r9l'f. '.* +S'" 'N'), (r,,::f· ' . *+$ ', 'N' ), ( r~m- ' +S '. 'AUX') , 
(r~·}.(u·~ ' +S ' 'AUX') (rO"tr'i':fm- ' +S' . 'AUX') , ( r""'''''' ' +S ' , ' A ' ). 
(rf~OI. ' +$ ' "AUX') '(rl'llf1' + S', 'AUX ' ) , (r rn ' +S ' , 'AUX ') , 

" , S' 'PUNC) (rll.:'f'('\9'" ' +$' 'AUX') (r' A: +$', 'PUNC'), (f/: A + , , 
" . S ' 'PUNC' I (r'A\1 +S ' , 'PUNC') , ( r :' A +$', 'PUNC'), ( r A::+. • 

(r:: 'I\ +$ ' , 'PUNC' ) , (r'A\,+S', 'PUNC) , 
( rI ' A\+S ' 'PUNC') (r f'A \ +S', 'PUNC') , 

" , 
(r !'A.\+S ' , 'PUNC '), (r:-' A\+S ' , ' PUNC), 
( 

" 

'I'UNC' I , r' A \ ; +S ' , 'PUNC') , (r"' A \+ , 

(r'A\- +S ' , 'P IC), 

( ," AI+S '. ' !'U C' I, 
( r .'A \ +S ' , 
( r ' A \! +S ' , 

' PUN ' J I 

' I' C' ), 

1 



( r" II\+S' , 
(r' II II+$' , 
(r ' II \ I+ $ ' , 
(r-' I\\+$ ' , 

'PUNC ') , 
'PUNe') , 
'PUNe' ) , 
'PUNe') , 

(r " II \ +S ', 'PUNC'), 
(r' II \( +S ', 'PUNC'), 
(r 'I\ \ )+$ ' , ' PUNC') , 
(r'. * " 'N ') 

regex_t agge r = RegexpTagger(pa tt er ns ) 

(r 'I\ \\ +S ' , 
(r' I\ \)+ $ ', 

' P " ), 
'PUN ' ) , 

pre3_ tagger = Affi xTa gge r(train_se ntence, affix _ le ng lh =1, 
min_stern_I e ngth =2, ba cko ff = regex _ ta ggc r ) 
pre2_ta gge r = Aff ixTa gge r (train_se nte nce, bflckof(=pre3 lagger, 
affi x leng th=2, min stem Jength=2) 
pre l t agger = AffixTagge r-( tr a in se nt ence , backo(f=pre2 lagger , 
affi x- le n gt h =3 , min_stem_length-;" 
cu toff=O . OO l ) 

SU(4 Lag g e r = AffixTagger( trai n_se nt e nce . ba cko f(=pre , la gge r . 
a ffix l eng t h= - 4) 

from nl tk. t ag. se quential import Class ifi cr Ba sc dPOSTagge r 

lagge r = Classi fi e rBa sed POST agger( lrain=train_sc nl e ncc, 
backoff= s uf4 tagger. cutof( prob =0 .665) 
pri nt (t agge r-:- eva luate (test_sentence» 

with open (' models /naive_ back_off.pkl', 'wb ' ) as fo ul : 
pi c kl e .dump( tnt tagger, fout) 

print ( acc uracy) J 



Appendix C 

Factored Training Sample Sh 11 Program 

# !/hin/ sh 

LANG1="cn" 
LANG2="am" 
START _ DIR="SHOMEIDesklop/ dala" 
EXP _ DIR=" fac t _l1l orph _ r ege ner ate _ "SLANG2"_" SLANG 1 

mkdir SI-IOMEI$EXP DlR 
mkdir SHOME/ SEXP=DIR/corpus 
mkdir SHOME/ SEXP _DIR/ working 
mkdir SHOME/ SEXP DlRllm 
mkdir SHOME/SEXP _DIRt pre _p rocess 

SRC="SSTART DlR/SLANG1" "SLANG2I" 
SELECTOR SCRIPS="SSTART-DlRlscripts/selector t es t tunc . py" 

75 

COMBINE FILES="SSTART DIR/ s cr i pIS / combine_ py"T. -
MOSSES TOKEN="SHOME/m-osesdecode rl sc ri pI 5 I tokeni zeT I t o ke n i zc r . p c rl " 
MOSSES- TRUE CASE MOD="SHOME/mosesdccodcrl se ri pi S I rcease r II Ta i n - I r uccnse r . perl 
MOSSES- TRUE- CASE BULD="SHOME/m osesdccodc r l seri pi S I rcea se r Itru ccase. p e rl " 
MOSSES-CLEAN="SHOME/mosesdecoderl sc ri pi S I t f a i n i ng / c le an - co rp us n. pe rl " 
MOSSES-TRN="SHOME/mosesdecoderl sc r i pi S / I Ta i n i n g I I ra i n - model . pe rl " 
MOSSES-MERT="SHOME/mosesdecoderl sc ri pI S I I ra i n i ng Im er! moSC:S . pi " 

CORPUS-; "SHOME/ SEXP DIR/ corpus" 
P re P r oce s s:::"SHOME/SEXP DlR/pre process" 
SPACE NORM:::"SSTART DIRt sc ri p I S l amh_ spacc_n orm a lizo r . py" 
(}tAR NORM::: "SSTART OlRl sc ri pI S lamh char _ no rm ali zor _ v2 . py " 
AMH TAGGFR::: "SSTART DlRI se ri P I S lamharic_ la gger _ wilh_ mode l . py" 
ENG TAGGER::: "SSTART-DiRI sc ri pt s I engli sh _ tagger _ wilh_ mode l . py" 
EXTRACf TAGS:::"SSTART DlRl sc ript s/cX l raCI_la g .py" 

LM="SHOME/S EXP DlR / lm" 
WORKlNG= "SHOME/SEXP DIR/working" 

cp "SSRCSLANGl _ I x l" 
cp "SSRCSLANG2 _ Ixl" 

" SPreProcess I" 
" SPr eP r ocess/" 



cd SPrcProcess 
py,hon3 "SSELECTOH_SCH IP " SLANG, SLANG2 

# '# Eng li s h lokcnizalion and Iru casi n g 
"SMOSSES_TOKEN" I en < ~ SPrePro ess /lraln . SLANG 1" > 

" SPrePro cess / l rnln. Sl.A Gl . IOk. SI NG 1" 
"SMOSSES_'I1WE_CASE MOD" mode l "SI'rcProccss /trueca se mode l . Sr..A G, " 

cor pu s " SPrc Pro css /lrnin.Su\N 1. 1ok . SLA Gl " 
"SMOS ES TRUE CASE BUt O" mod I " SP re Proccss/lru e.se mode!. s !..,A G, " 

< " SP rcProccss/ l r:lin. SLAN ' . lok.StAN 1" 
> " SP rc Pro ccss / l rai n . l rll c. SLAN " .. 

"SMO SES TOKEN" n < "S Pre Process / lun . stANG 1" 
> " SPr eProce ss /tull . Sl.ANG1.IOk . Il.ANG 1" 

"SMOSSES_'m UE_CASE MOD" modc l " Sll r Proc ss /lru cfIse llIod 12 . SLANG , ,, 
- corpus "SPrei> ro ess/ lu ne .SLANC ' . lok. Sl..AN ' " 

"SMOSSES 'IlWE CASE OUtO" model " SPrePro cess /lru cens' mod'12 . tI..ANG ' " 
< " S Prc Process It u ne . SUNG I . 10k. " ..ANG I .. 
> " SPre Pro CSS /lul1c.l r uc. Sl.ANG 1" 

"SMOSSES TOKEN" I e n < " SPreProcess/ l cs l . SI..ANG , " 
; "SPreProcess I I es I. SLANG 1 . 10k. SLANG I " 

"SMOSSES mUE CASE MOD" 
=-model ,. SPreProcess II r ucca se lllodcl3 . SLANG ' " 
- corp us "SPreProcess I t est. StANG l . 10k. SLANG, " 

"SMOSSES mUE CASE BULD" 
=-model "SI ' r e Process I I ru CC ;I sc - lI1 odcl3 . SUNG I " 

< " S Pr e Process I I cs I . StANG l . 10 k . SLANG , " 
> " SPre Process/ l cs t . t r u c. SUNG I " 

# Re [u r n t o 
# # Amha ric tokc ni za l iO Il and c harac ter normala lzation 
cd " SSTART_D lR /scr i pts/" 

pyt hon2 "$SPACE _NORM" " $ PreProcess/ 1 ra in. " 51 G2 
pyt hon2 "SSPACE NORM" " SPreProcess/ tune ." StANG2 
pytho n2 "$SPACE NORM " " SPre Pro cess/ le s t . "SLANG2 

py thon2 "SO-iAR I\'ORM" " SPreProcess/ train . "SL.ANG2 
python2 "SOlAR NORM" .. SPreProcess l tunc . "SlANG2 
python2 "SOlAR NORM" " SPreProces s /te s t . "SIANG2 

my "$ Pr e Proccss I I r a i n . SLA G2" .. SPreProcess It ra in. true. "SlM'G2 
my "$PrcProcess/ t unc. SLANG2 " " SPrc!' rocess/ lun e. tr ue.'" 'G2 
my " $PreP rocess/tes t . SI..ANG2 " " SPre Process/test. true. " " 'G2 



c 

\PPC'II(/ix C. I-'IIUOI"('(/ 7h1ilJilJ" " """ , S" " " '"" • f' 'fJ~ ' . I/" 

"SMOSSES_ CLEAN" " S Pre Process /tra in . t rue " 
SLANG2 SLANG 1 " SPrcProccss /lrnin .c1ean" 1 80 

cp "s Prc Pr o ccsS / t ra in , c l ca n . " SLANGl 
" $ P re P ro ce ss / t r a in . cI c a n . " SI.J\NG2 "SCOItPUS" 

cp "$ Pre P r o c e ss /t une. tr u e. " SLANG 1 

"SPreP roce s s/ t u ne. t ru e. " SI.ANG2 " $ OItPUS" 
cp "SPrc Procc ss / l es l .truc." SLANC1 

"$ Pre Process I t c s t. t ru c ." StANG2 "SCOIWUS" 

# # #Tag g in g w ith b es t mode l ye l 

cd SCORPUS 

py th o n3 "SENG TAGGER" "SCORPUS/ t nJi n .cJ c a n . SlANC1" 
py th on3 "SENG TAGGER" " SCORPUS/ lul1 c. l ru c .SI..ANG1" 
py th o n3 "SAMH TAGGER" "SCORPUS/ t f a i n . c l c a n . StANG2" 
py th on3 "SAMJ-f TAGGER" " $CORPUS/ tun c . t ru e. StANG2" 

# # # # la nguage mod el c r ea ti o n 
cd SLM 
py t h o n 3 " SCOMBI NE _ FILES" "S P r c Pro cess I I fa i n . I ru e ... SLANG 1 

" $ P re P recess I tun e. t ru e . .. SLANG l "SLMI combined 1m . SlANGl .. 
pyth e n 3 " SCOMBINE_FILES" "SPreProcess / tr a in . t r uc." SLANG2 

" $ P re P r ocess I tun e . t ru e . "SLANG2 "SI..MI combin ed_ lin . SLA G2 " 

r 

py t h o n 3 " SCOMBI NE _FILES" "SCORPUS/ I fa i n . cl ean _ La gged . " SLA Gl 
SCORPUS/tun e . tru e ta gged. " SLANG l "SLM/ combin 'd lO gged IIll . SI.J\NG , " 

py t h o n 3 " SCOMBTNE FILES" ";;SCORPUS/ t r:1i n .clea n t a gged ." SI.J\ G2 -
"SCORPUSI tun e . tru e_t agged . " StANG2 "St.M1 CO Ill bin cd _ tagged _ 1m. SLA 'G2" 

py th o n 3 
pyth o n 3 
PYlh o n 3 
pyth o n 3 
cd SLM 

" SEXTRACf TAGS" 
"SEXTRACf TAGS" 
" SEXTRACf TAGS" 
"SEXTRACf TAGS" 

"SLM /com bi ned _ tagged_ 1 III . SLANG, " 
"$LM/comb in ed _ Lagged _1m . SLANG1" 
"SLM/com bi ned tagged 1m .SLA G2" 
"$LM I com bi ne d = tagged =Im . SLANG2 " 

" lemma" 
" pos" 
"lemma" 
" pos" 

# ## doub le th e data------------------­
pyth on 3 "SCOMBINE FILES" "SLM/ combined_ tagged_I I11_l cmma. SLA G, " 
"SLM /combin ed tagged 1m lem ma . StANG 1" 

"SLM/com bined tagged Im_le ml1l a2 . SLANG, " 
· SLM/combincd pyth o n 3 " SCOMBINE FILEs " "SLM/combincd _t agged _I Ill_lemma . SLANG2" 

"SLM/combincd _lagged _ 1m _l emma2 . SI.J\NG2" 
pyth o n 3 "SCOMBI NE FILES " "SLM/com bi ned_ta gged_ 1111 pos. StANG , " 

"SLMI co m b~ ed _lagged _1 111 _ p052 . StANG ' " 

" SU\t!combincd t 

PYLh o n 3 " SCOMBINE FILES " "SLM/ co mb ined_ la gged IIll_pos. SLANG2" " SLM/combincd I 

cd SLM 
# ## Lang uage Mod el-----------



7S 

"SHOME/ mosesdecodcr/b in/lmpl z" 0 3 
- i nL e rp ola Le _ un ig ra ms 0 di sco unl fa ll back 
- prun e 0 < "SLM/ coOlbincd_l m.SLANG1 "-> "SLM /surfacc . a rpa. SI..A !G, " 

"SHOME/mosesd ecoder/bin/lmplz " - 0 3 - inlerpol a te uni gr,lI11S 0 
- di sc ount fa llb ack -
- prun e 0 < "SLM/ comb incd 1m . SI..i\NG2" > "SLM/ s urfa cc. a rpa. SLA G2 " 

"SHOJ'vfE/m oscsd ecoder/hin/ lm plz" - 0 3 
- i nt e rpol a te uni g ram s 0 - di sco unt fu llba c k 
- prune 0 < "SLM/ combined lagged 1m Icmma2 . SI..ANG 1" 
> "SLM/ lemma.arpa.SLANG1"- --

"SHOME/m oses deeoder/binllmplz" - 0 3 
- inte rp o late uni g rams 0 
- di seo unL_fa l lbuck - prun e 0 
< "SLM/eombin cd _tagged _lm_l emma2 . SI.ANG2" > "SLM/lemma . nrpa. SLANG2 " 

"SHOJ'vfE/ mosesdecodcr/bin/l mpl z" - 0 3 - illl crpola lc_ uni grn rn s 0 
"SHOME/mosesdecode r /b in / lmpl z " - 0 3 - inlcrpo lu lc_ un igram s 0 

di sco unt fa llb a 
di sco unt fa llb nc 

# ## Bi na r iz a t ion of Language modcl------------------

"SHOJ'vfE1 mosesdccoder I b i n I bu i Id _ bi na r y" "SLMI s u rfa cc . a q ,., . SLANG 1" "SLMI s ur fa cc . bll 
"SHOME/mosesd ecode r I b in I bu i I d bin a ry" "SLMI s ur fa cc . a rpa . SI.ANG2 " " SI)o.11 5 U r fn cc . bl! 
"SHOMEI III osesdecoder I bi nib u i Id bi na ry " "$lJ!.1I1clllma . arpa . SI..ANG 1" "SLM llclllm3. blm . SloJ 
"SHOMEI mosesdeeode r I bin I bu i I d b i na ry " "SJ..M/lemma. arp ... Sl.ANG2 " "SLM / lemma. blm . $1.01 
"SHOME/Ill oses decoder I bi n I bu i I d bin a ry" "SLMI pos . a rpa . SlANG 1" "SLM I pos . blm . SlANG 1 
"SHOME/ mosesd eeode r I bin I bu II d b i na ry" "$LMI pos . arp 'l . SI.ANG2" "SLM I pos . blm . SI..ANG2 

# ##Tra ns l a ti on Model------------------------------

cd SWORKING 

"$MOSSES TRN" - co res 4 - mgiza - mgiza- cpu s 4 - pa ra ll e l \ 
- ro o t - dir "$WORKlNG/train" \ 
-corpu s "SCORPUS/t r a in . clean_lagged " \ 
- a li g n me nt grow- d iag - fi na I - and \ 
- reorderi ng msd- bidir ec ti ona l - fe \ 
- f "SLANG2" - e "SLANG'" \ 
- 1m O:3 : " SLM/ s urface.blm. SLANG1" \ 
- 1m ' :3:" SLM/lemma. blm.S1.ANG 1 ~ \ 
- 1m 2 :3:" SLM/pos.blm . SLANG , " \ 
- tr an s l a tion - factor s 3,0 - 0 \ 
- decodin g- s t e ps 10 \ 
- ext e r na l - bin - d i r "/ home/ tsegayel ma sler- moses- I ra i ng - tools r 

cd SWORKING 

mkd ir "SWORKING/mert- work " 
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"SMOSSES MERT" \ 

"SCORPUSI tune. true. SLANG2" "SCORPUSI lune. true. SLANGl "\ 
"SHOMEI mosesdecoder I bin Imoses" \ 
RSWORKJNG/tra in/modei/moses . ini " \ 

- m er ldir "SHOMEl mosesdeco dc r /b in " \ 
- rootd ir "SHOME/ mosesdecoderlscr ipt s" \ 
- balch - mira - ret urn - bes t - dev \ 
- decoder - fla gs ' - threa d s 4 ' 

# # # ####Binaries------________________ _ 

cd SWORKING 

mkd ir "$WORKINGI binar is e d - model" 

"SHOME/mosesdecoder Ibi n I proccssPhra scTa bleM in " \ 
- in "SWORKINGI l ra i n Imodell phrase - I a bl e. 0 - 0.1,2 . g1." \ 
- nsc ores 4 - o ut "$WORKINGI bi nari sed - modeJ/p hrase - lab le. o - 0,1,2 . minphr" 

# # # # # # # step final 
cp "SWORKING/mert- work/moses. ini " "SWORKING/binari scd - modcl " 

ifJ 

sed - i - e "s/PhraseDict iona ryMcmory/PhrascDic li onaryCompac l /g" "SWORKING/bina 
sed - ) - e" s#pa th ;:SWORI<1NGI I r a i n I model! ph ra sc - t a b Ie. 0 - 0 • , .2. g1.# pa t h ;:SWORKlNG 
# # sed - i -e "s# path:;::$WORKING/train/modcl/phrase - t<lblc.o - O,2 .gz#p<lth"$WORKf} 

# # #### t eSl with fil e -------------------------

cd SWORKING 

"SHOMEI mosesdecode r I sc ri pt s I t ra i n i 11 g I ( i I t c r - modcl- g iven - i n put. pI" "sw IOONGI ( 

# ###ble u---------------------------

"SHOMEI moses decoder I bin Imoses" - ( "SWORKINGI (j II crcd - I es t . " SLANG2 "/ moscs. i n i" 
# ##run BLEU sc r ip t 
"SHOME/mosesdecoder I scri p IS I generic I mu II i - bleu. perl " - I c "SCORPUS/I cs t . 1 ru c ... 

echo "w rittin g BLEU (or EXP- SLANG2 I.A Gl Done !! " 


