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Abstract
This paperpresentsan English-lragiArabic speech-to-speh sta-
tistical machinetranslationsystemusing limited resources|n it,
we explore the constraintsnvolved, how we endeaoredto mit-
igate suchproblemsas a non-standararthograply and a highly
inBectedgrammay and discussleveragingexisting plentiful re-
sourcedor Modern StandardArabic to assistin this task. These
combinedechniqueyield areductionin unknavn wordsattrans-
lationtime by over 40%anda +3.65increasén BLEU scoreover
a previous state-ofthe-artsystemusingthe sameparalleltraining
corpusof spolenutterances.
Index Terms. speechranslation/imited resourcesArabic

1. Intr oduction

The Arabic spolen dialectof Iraq is a languagedeprived of the
vastresourceshatresearchersnjoy whenworking with its writ-
ten counterpartModern StandardArabic (MSA). While the in-
tersectionof vocalulary for Iraqi Arabic andMSA is substantial,
at least20% of the Iragi Arabic lexicon is distinct from this set,
having beenheaily inBuencedy Persianand,to a lesserextent,
Turkish.

Despitelarge lexical and phonemicdifferences/ragi Arabic
grammarremainsdistinctly Semitic. However, major grammati-
cal deviationsfrom MSA [1] include changesn word order the
absencef anoundeclensiorsystem,andseveralmodibcationgo
the standardsetof inRectionalmorphemes.

With thesedifferencesn mind, we describethe development
of the required software componentgo build a mobile speech
translationdevice in order to aid communicationin urban sit-
uations between English-speakingnilitary personneland Iraqi
Arabic-speakingivilians. Due to the natureof the domainand
task, theinput to the speechsystemcanbe expectedto be noisy,
with a high rate of profanities,disBuenciesandtranscriptioner-
rorsin the training data,which shouldultimately be correctedor
eliminated.

2. Speech-to-Speechiranslation for a Mobile
Device
In asingledirection,anArabic-to-Englishspeech-to-speedhans-

lation systemrequiresan Arabic speectrecognitioncomponert,
anArabic-to-Englishmachinetranslationcomponertt, andbnally
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Figurel: System schematic for the bidirectional speech-to-speech
translation system.

an English text-to-speechcomponent  The componentdor the
English-to-Arabicdirection are debnedanalogously Figure 1
shaws the relationshipsamongsystemcompaments. Both Ara-
bic and English speechrecognitioncomponentgyenerateextual
outputgiventheir acoustidnputs,whichis thenpassedo the ma-
chinetranslationcomponent.The machinetranslationcomponent
translateghe sourcetext into the tametlanguage and passeghe
translationon to the appropriateext-to-speeh engine.

Theentiresystemgcomposeaf thesecomponentsis installed
on a laptop, ruggedizedfor usein urbansituations. In what fol-
lows, we concentratenthemachindranslatiorcomponenbf this
project. We brstdescribea baselinesystem,its evaluationusing
theBLEU scoreMT evaluationmetric[2], and challengedimiting
theperformancef the system.Then,for eachissuepresentedye
detail our solutionandimpacton BLEU. Finally, eachtechnique
describeds combinedinto the bPnaltranslationsystemto yield a
substantiaimprovementin BLEU scoreand outputquality.

We evaluatethe techniquesiescribedelon with respecto a
baselinesystem:a state-of-the-apphrase-basestatisticaimachine
translationsystemdescribedn [3]. We train this baselire system
on our English-IragiArabic parallelcorpusof 36,895utterances,
andevaluateusinga held-outtestsetof 1,903utterancesandone
referencdranslatiorfor eachutteranceThisyieldsa BLEU score
of 26.07,with 95%conbdencénterval 24.97- 27.42.
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Corpus Statistic English Iragi  English Iraqi
Training  Training Test Test
Utterances 36,895 36,895 1,903 1,903
Runningwords 438,911 305889 17,457 12,094
Wordsperutterance 11.9 8.3 9.2 6.4
Uniquewords 8,776 29,238 1,701 3,454

Tablel: Summary statistics for parallel training and test corpora.
The training corpus compiled from 40 hours of in-domain, tran-
scribed and translated English and Iraqi speech audio as part of
the DARPA Transtac program. A set of 17 dialogues was held out
from the original training data to form a separate test set such that
no speaker in the test set would appear in training. MT component
evaluation is performed on transcriptions of these dialogues.

3. A Highly InBected Grammar

Iraqi Arabicis rich with prebxandpostbxmorplology. Thislikely
accountdor thelargedifferencebetweerthis andEnglishin terms
of utterancdengthandobseneduniquewords.As seenn Tablel,
thelraqi vocalulary, withoutmorphologicaknalysisjs 3.33times
larger thanits counterparE&nglishvocahulary for the sametrain-
ing corpus. This meansthat muchmore parallel datais required
in orderto accuratelylearntranslationgor the increasechumber
of uniqguewordsandphraseshatresult. Giventherelatively small
amountof paralleldatafor the taskat hand,this presentsan addi-
tional challengefor producinghigh-qudity translations.

3.1. Mor phemesegmentation

Givenalist of known afexesandalist of known uninBectedvords,
we employ arule-basedschemeo performmorphemesegmenta-
tion on Arabicwords. In doingthis, we areableto reducethetotal
vocahulary sizeby over 40%, andreducethe numberof unknovn
words,wordsunableto betranslatecby thesystemby almosthalf.
Perhapsnostimportantly this raisesthe BLEU scorefrom 26.07
to 28.50, with 95% conbdencentenal 27.23- 29.82. Thisis a
2.43pointincreasever thebaselinesysten.

Since the numberof inRectional afbxes is small, a list of
known afbxes can easily be compiled with the help of a basic
grammarbook, suchas[4]. SeeTable?2 for alist of afbxesused
hereandtheir respectie glosses.We seggmentonly thoseinec-
tionalmorphemesvhichoftenalignquitenaturallyto their English
translations.

To compile a list of known uninRectedwords, we make use
of several resources.We brstcomygle a list of all wordsseenin
the training data not appearingto carry ary known afox. More
wordsareaddedto this list of stemmedvordsfrom aminedMSA
dictionaryaswell asfrom manualexaminationof the data. Note
thatalthoughtheaccurag of thealgorithmbelow is highly depen-
denton areliablelexicon, it performsquite well with the wordlist
compiledin aoneperson-dayasdescritedabove.

3.2. Segmentationalgorithm

We assume an input Arabic word takes the form
pP1P2...PnWS1S2...Sm, Where w is inBected by n prebxs
andm sufpxes. For Arabic,m = 1. For eachword in the corpus
to be sggmented,we brstcheckto seeif thatword exists in the
pre-compiledlexicon of uninRectedwords. If it does,thenwe
skip sggmentatiorandmaove on to the next word.

PrebPx Gloss | Sufpx Gloss

i) the+ = +1-sg-pron

) and+ - +1-sg-pron  (verbal)

J for+ o +2-sg-pron

- to/in+ a“ +3-sg-masc-pron
i) so/then+ v +3-sg-fem-pron
3 what+ L +1-pl-pron

(8 negation+ (& +2-pl-masc-pron
30 negation+ o~ +2-pl-fem-pron

Y negation+ o+  +3-pl-masc-pron
A for+the+ Ot +3-pl-fem-pron
Jla thist+
Je  on+the+

Table2: Iraqi Arabic affixes considered by our morpheme segmen-
tation method, not including over 20 combinations of these affixes
found in the training corpus.

Otherwisejf any combinationof known afoxesfrom Table2
appeain theorthograply, thoseafbxesaresggmentedff toisolate
w. The sggmentationis kept if w appearsn the training corpus.
Otherwisetheinputwordis left as-is.

In the uncommonevent that the sggmentationis ambiguous,
andmultiple analysesare possible we take the analysiswith the
mostfrequently occurringw, ascountedn thetrainingcorpus.For
our taskandtraining corpus this heuristicprovedto yield reliable
resultsin termsof choasing the correctsegmentation. In other
situationsmoresophisticateanethodsmaybe required.

4. A Non-standard Orthography

A secondchallenge presentecby the datagiven is widespread
spellingerrorsandinconsistenciet both Englishandlraqgi Ara-
bic. For example, Table 3 shawvs the countsand respectie or-
thographiedor the eightdifferentwaysin which the Arabic prst-
personsingular pronounwas transcribed. On the English side,
thereexist mary differenttransliteratios for a single given Ara-
bic propername.For example,QorariQorOan/eran.

Traditionally, this problemis often mitigated by applying a
global setof charactebasednormalizationrulesto a given text,
e.g. Q\ll instancesof characte X are mappedto characterYO
for charactempairs(X,Y) obsenedto befrequentlyinterchanged.
While this doeshave the effect of standardizingorthographieof
mary words,it mayalsointroducemary potentialambiguitiesas
well.

As a concreteexample considerthe following two pairs of
wordsdiffering in editdistanceby a singlecharacter:

Gloss Observed Arabic  Transliteration
1 name | <sm
@) i
2 name f‘”‘ >sm
(3) imam (-Lo! <mAm
(4) infrontof (LJ >mAm

Supposéhatevery instanceof the Arabic characterj, translit-



eratedas(<), is normalizedo the Arabic charactel;%, transliterated

as(>). Thenthetwo orthograghiesfor thewordsmeaningOnameO

becomestardardizedbut a new ambiguityis introducedn words
(3) and(4) afternormalization.

For speech-to-speedpplicationsthis methodof normaliza-
tion may be lessthanideal. Charactersvhich are eliminatedor
changediueto normalization suchasthe Arabic hamza (s), gen-
erally carryimportantacoustianformation for atext-to-speechen-
gine. Thus,the ultimategoalis to have a singlecanonicalorthog-
raply for semanticallyidenticalwords,andminimize the amount
of new homographéntroducednto thetext.

Thetechniquewne describeattemptdo standardize¢he orthog-
raply of wordsof type (1) and(2), while avoiding theintroduction
of new amhguities which arisefrom context-independentglobal
charactetbasedcchanges.

4.1. Algorithm

We would like to clustergroupsof Arabic words, varying mini-
mally in orthograply, but all having identical semantics.Ortho-
graphicdistanceis computedusing a weightedLevenshteindis-
tancemetric, measuringhe minimum numberof insertions dele-
tions, and substitutionsof charactermecessaryo get from one
orthograply to another In standardLevenshteindistance,each
of theseoperationsconstitutesa costof 1. We assigna substitu-
tion costof 0 for ary substitutioramongcharacterebsenedto be
often interchanged.Not surprisingly in our corpusthesesetsof

charactersrevariationson the samebaseglyph, suchas{ | “ ﬂ 1.

In addition,our scremesetsdeletion costsof word-Pnalchar
actersz and : to 0, sincethe transcriptionof thesewas also not

consistenthroughouthetext. Thus,thecostof the substitution
I — lis 0, while the substitutioncostof | — s remainsi.

After orthographicdistanceis computed,the existence of
sharedsemanticeamorg wordsin a given cluster alreadydeter
minedto besimilar in orthograply, is decidedvia contextual anal-
ysis. For eachword in thegroup,two vectorsof word frequencies
arecomputed.The brstis a pre-contet vector holding countsof
the k™~ words precedingthe word in question. The secondis a
post-cont&t vecta, holding countsof thek™ wordsfollowing the
wordin question.In our experimentswesetk ™ = k* = 1.

Cosinesimilarity amongall pre-contet vectorsis computed,
andlikewise for all post-contgt vectors.If all of the pre-contet
or post-contgt vectors(or both) arewithin a certainthresholdof
cosinesimilarity to eachother thenthe wordsin that group are
deemedsemanticallyequivalent.

For eachgroupof wordscollected whosemembersarejudged
to be semanticallyequivalent,we would like to normalizethe or-
thograply of eachto a singlestandardorm. We pick asthe stan-
dard orthograply the word w,:q with highestfrequeng in the
training corpus,and producenormalizationrulesw; — w4 for
eachwordw; 7 wg.4 in thegroup.

Thus,theobjectof this algorithmis to inducealist of normal-
izationrulesfrom theraw training corpus. After groupsof words
arecollected,andstandardrthographie for eachgrouparecho-
sen,we thenapplythosenormalizationdo the text in thetraining
andtestcorpora.

Orthography Count

@) Al 5452
(b) ol 628
(©) dl 464
(d) Ul 414
(e) bl 157
) dl 38
@) 4l 30
(h) Jl 1

Table 3: Observed orthographies and respective counts for the
Iraqi Arabic first-person singular pronoun.

5. Resultsfor Segmentationand
Orthographic Normalization

We reportbothcumnulative andcomponenBLEU scores Cumula-
tive BLEU scoreswerederived by cumulatizely addingoptimiza-
tionsto a baselinesystemin decreasingrderof impact. The de-
greeof impacton the BLEU scorewas determinedby the com-
ponentBLEU scoresderived by evaluatingthe systemwith each
individual vocahulary optimizationin isolation.

Table4 shavs BLEU scoreswith conbdencéntervalsfor each
vocahulary optimizationtechniquedescribecdabove, in additionto
two operationgperformedon the English side of the parallelcor-
pus: (1) Segmenting’s from all words, e.g. Ali’s — Ali ’s. This
is generallystandardractice.(2) Manually standardizindenglish
transliterationf Iragi propernounsandapplying spell-checkto
theentirecorpuswith ispell.

Combining thesewith morphemesegmentatio and ortho-
graphic normalizationas vocahlulary optimization stepsbefore
training,yieldsa PnalBLEU scoreof 29.72. Thisis a+3.65point
increaseover the 26.07scorefor the baselinesystem.

Most of the improvementover the baselinecanbe attributed
to Arabic morphemesegmentation.Indeedthis techniqueresulted
in the largestpercentreductionin vocahlulary sizeand numberof
unknavn words. For the baselinesystemtrainedon the entirepar
allel corpus,therewere 29,238 uniquelraqgi Arabic words. After
segmentationtherewere 17,138D a 41.4%reduction. After or-
thographicnormalization vocahulary sizewas furtherreducedo
16,770to give a 42.6%total reductionin Iragi Arabic vocahlulary
size.

For the baselinesystem thereare 634 instancef unknavn
words after translationof the test set containing12,094 Arabic
words. After morphemeseggmentationthere are 356 unknavn
words. Thisis atotal reductionin unknovn wordsby 43.8%.

6. Revisiting Translation and Language
Models

Our parallelcorpusconsistsof two typesof utterances(1) utter
ancesspolenby native Iragi spealers(labeledd) andtheir English
translationglabeledA2F), (2) utterancespolenby native English
speakrs(labeledE) andtheir Arabic translationglabeledE2A).
In the training corpws, Arabic utterancedrom native speak-
ersand Arabic utterancedlerived from translatedEndish differ
in vocalulary and sentencestructure. For example, mary Ara-



Optimization BLEU 95% Conbdence BLEU 95% Conbdence
Type (Cumulative) Interval (Component) Interval
Baseline 26.07 24.79-27.42 26.07 24.79- 27.42
+lragi Segmentation 28.50 27.22-29.82 28.50 27.22-29.82
+EnglishSggmentation ~ 28.87 27.66- 30.21 26.78 25.44- 28.07
+lragi Normalization 29.33 28.09- 30.63 26.69 25.38- 28.06
+EnglishNorm./Spelling 29.72 28.47-31.04 26.52 25.25-27.89

Table4: Cumulative and component BLEU scores. In order to derive cumulative BLEU scores, the optimization type with the greatest
positive impact on the baseline system is added first. Then, subsequent optimizations are added in decreasing order of impact as denoted

by component score.

Customization BLEU score
Baseling(nore-weighting) 27.84
LM only 28.93
TM only 28.40
LM andTM 29.17

Table5: Impact on BLEU score from applying three different re-
weighting schemes to the Translation and Language models.

bic idiomatic expressionnly appeaiin the A labeledutterances.
For translationofCtheseutteranceswe candistribute extra weight
to A/A2E utterancepairsfor the translationand languagemodels
whenthe spolen input languages Arabic, and similarly for En-
glishandE/E2A utteranceairs. In effect, the translationandlan-
guagemodelsmight be consideredustomized to the spealer.

We considerre-weighting the training datafor both the lan-
guagemodel(LM) andtranslatiormodel(TM), andconsideboth
in isolation. Thesearecustomization$or thescenarian which the
spoleninputlanguages Arabic; we expectsimilar resultsfor En-
glish. In theseexperiments,the systemis evaluatedwith a subset
of thetestsetfrom Tablel, comprisednly of theA utterancesTa-
ble 5 shaws re-weightingof both LM andTM provide the largest
positive impact.

7. Discussion

We have discussedseveral techniquesaimed at increasingthe
accuray of a machinetranslationsystemtrainedon limited re-
sources. Thesetechniquesare easily implementedand incorpo-
ratedinto existing machinetranslatio systemsas preprocessing
stepsappliedto a parallel corpus,and have beenshavn to pro-
vide benebtto overall output quality through signibcantBLEU
scoreincreasesContectual orthographinormalization,in partic-
ular, requiredittle linguistic knowledge,save for settinga reason-
ableweightingschemeor the employed string-distancefunction.
This techniquecanbe easilyadaptedo otherlanguagesn which
spellingor diacriticalinconsistenciearecommon

Fromtheresultsof the precedingexperimentswe make sev-
eralkey conclusions:

e Ourlexicon-basednorphemesggmentatiorprovidesa sig-
nibcantboostto BLEU scoreandmachinetranslationout-
putquality in a sparsedatasetting.

e Contet dependentvord-basedrthographicmormalization
is a feasibleand practical alternatve to global character

basedhormalization gspeciallyfor applicationsn whichit
is preferableto presere acoustidnformationenmdedin a
text.

e Theassistancef existing toolsfor Arabic morphemeseg-
mentationand analysis developed for Modern Standard
Arabic [5], [6] is limited whenappliedto Iraqi Arabic, and
likely whenappliedto otherdialectalvariantswith signib-
cantdivergencein grammarandlexicon, as well.

e Theinclusionof alarge ModernStandardArabic news cor
pusprovidesno signibcangainsin BLEU scorewheneval-
uatedon the testcorpus.However, resultsfrom subsequent
humanevaluationsof the systemtrainedon both Iraqi data
and a 500,M0 sentenceMSA corpusshav that inclusion
of MSA is relevantfor translatirg utterancesvith wordsor
phrasesutsidethe intendeddomain, sinceusersof these
systemftenstrayontothefringesof the domain.
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