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Abstract
This paperpresentsanEnglish-IraqiArabic speech-to-speech sta-
tistical machinetranslationsystemusinglimited resources.In it,
we explore the constraintsinvolved, how we endeavored to mit-
igatesuchproblemsasa non-standardorthography and a highly
inßectedgrammar, and discussleveragingexisting plentiful re-
sourcesfor ModernStandardArabic to assistin this task. These
combinedtechniquesyield areductionin unknown wordsat trans-
lation time by over 40%anda +3.65increasein BLEU scoreover
a previousstate-of-the-artsystemusingthesameparalleltraining
corpusof spokenutterances.
Index Terms: speechtranslation,limited resources,Arabic

1. Intr oduction
The Arabic spoken dialectof Iraq is a languagedeprived of the
vastresourcesthat researchersenjoy whenworking with its writ-
ten counterpart,Modern StandardArabic (MSA). While the in-
tersectionof vocabulary for Iraqi Arabic andMSA is substantial,
at least20% of the Iraqi Arabic lexicon is distinct from this set,
having beenheavily inßuencedby Persian,and,to a lesserextent,
Turkish.

Despitelarge lexical andphonemicdifferences,Iraqi Arabic
grammarremainsdistinctly Semitic. However, major grammati-
cal deviationsfrom MSA [1] includechangesin word order, the
absenceof anoundeclensionsystem,andseveralmodiÞcationsto
thestandardsetof inßectionalmorphemes.

With thesedifferencesin mind, we describethedevelopment
of the requiredsoftware componentsto build a mobile speech
translationdevice in order to aid communicationin urban sit-
uationsbetween English-speakingmilitary personneland Iraqi
Arabic-speakingcivilians. Due to the natureof the domainand
task,the input to the speechsystemcanbe expectedto be noisy,
with a high rateof profanities,disßuencies,andtranscriptioner-
rors in the training data,which shouldultimately be correctedor
eliminated.

2. Speech-to-SpeechTranslation for a Mobile
Device

In asingledirection,anArabic-to-Englishspeech-to-speechtrans-
lation systemrequiresanArabic speechrecognitioncomponent1,
anArabic-to-Englishmachinetranslationcomponent2, andÞnally
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Figure1: System schematic for the bidirectional speech-to-speech
translation system.

an English text-to-speechcomponent3. The componentsfor the
English-to-Arabicdirection are deÞnedanalogously. Figure 1
shows the relationshipsamongsystemcomponents. Both Ara-
bic andEnglishspeechrecognitioncomponentsgeneratetextual
outputgiventheir acousticinputs,which is thenpassedto thema-
chinetranslationcomponent.Themachinetranslationcomponent
translatesthe sourcetext into the target language,andpassesthe
translationon to theappropriatetext-to-speechengine.

Theentiresystem,composedof thesecomponents,is installed
on a laptop,ruggedizedfor usein urbansituations. In what fol-
lows,weconcentrateonthemachinetranslationcomponentof this
project. We Þrstdescribea baselinesystem,its evaluationusing
theBLEU scoreMT evaluationmetric[2], and challengeslimiting
theperformanceof thesystem.Then,for eachissuepresented,we
detail our solutionandimpacton BLEU. Finally, eachtechnique
describedis combinedinto the Þnaltranslationsystemto yield a
substantialimprovementin BLEU scoreandoutputquality.

We evaluatethetechniquesdescribedbelow with respectto a
baselinesystem:astate-of-the-artphrase-basedstatisticalmachine
translationsystemdescribedin [3]. We train this baseline system
on our English-IraqiArabic parallelcorpusof 36,895utterances,
andevaluateusinga held-outtestsetof 1,903utterancesandone
referencetranslationfor eachutterance.ThisyieldsaBLEU score
of 26.07,with 95%conÞdenceinterval 24.97- 27.42.

3Developedby Cepstral,LLC.



Corpus Statistic English Iraqi English Iraqi
Training Training Test Test

Utterances 36, 895 36, 895 1, 903 1, 903
Runningwords 438, 911 305, 889 17, 457 12, 094
Wordsperutterance 11.9 8.3 9.2 6.4
Uniquewords 8, 776 29, 238 1, 701 3, 454

Table1: 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 InßectedGrammar
Iraqi Arabicis rich with preÞxandpostÞxmorphology. Thislikely
accountsfor thelargedifferencebetweenthisandEnglishin terms
of utterancelengthandobserveduniquewords.As seenin Table1,
theIraqi vocabulary, withoutmorphologicalanalysis,is 3.33times
larger thanits counterpartEnglishvocabulary for the sametrain-
ing corpus. This meansthat muchmoreparalleldatais required
in orderto accuratelylearntranslationsfor the increasednumber
of uniquewordsandphrasesthatresult.Giventherelatively small
amountof paralleldatafor thetaskat hand,this presentsanaddi-
tional challengefor producinghigh-quality translations.

3.1. Mor phemesegmentation

Givenalist of known afÞxesandalist of known uninßectedwords,
we employ a rule-basedschemeto performmorphemesegmenta-
tion onArabicwords.In doingthis,weareableto reducethetotal
vocabulary sizeby over 40%,andreducethenumberof unknown
words,wordsunableto betranslatedby thesystem,by almosthalf.
Perhapsmostimportantly, this raisestheBLEU scorefrom 26.07
to 28.50,with 95% conÞdenceinterval 27.23- 29.82. This is a
2.43point increaseover thebaselinesystem.

Since the numberof inßectionalafÞxes is small, a list of
known afÞxes can easily be compiled with the help of a basic
grammarbook,suchas[4]. SeeTable2 for a list of afÞxesused
hereandtheir respective glosses.We segmentonly thoseinßec-
tionalmorphemeswhichoftenalignquitenaturallyto theirEnglish
translations.

To compile a list of known uninßectedwords,we make use
of several resources.We Þrstcompile a list of all wordsseenin
the training data not appearingto carry any known afÞx. More
wordsareaddedto this list of stemmedwordsfrom aminedMSA
dictionaryaswell asfrom manualexaminationof thedata. Note
thatalthoughtheaccuracy of thealgorithmbelow is highly depen-
denton a reliablelexicon, it performsquitewell with thewordlist
compiledin aoneperson-day, asdescribedabove.

3.2. Segmentationalgorithm

We assume an input Arabic word takes the form
p1p2...pnws1s2...sm, where w is inßected by n preÞxes
andm sufÞxes. For Arabic, m = 1. For eachword in thecorpus
to be segmented,we Þrst checkto seeif that word exists in the
pre-compiledlexicon of uninßectedwords. If it does,then we
skipsegmentationandmoveon to thenext word.

PreÞx Gloss SufÞx Gloss

the+ +1-sg-pron

and+ +1-sg-pron (verbal)

for+ +2-sg-pron
to/in+ +3-sg-masc-pron
so/then+ +3-sg-fem-pron
what+ +1-pl-pron
negation+ +2-pl-masc-pron

negation+ +2-pl-fem-pron
negation+ +3-pl-masc-pron
for+the+ +3-pl-fem-pron
this+
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.

Otherwise,if any combinationof known afÞxesfrom Table2
appearin theorthography, thoseafÞxesaresegmentedoff to isolate
w. The segmentationis kept if w appearsin the training corpus.
Otherwise,theinputword is left as-is.

In the uncommonevent that the segmentationis ambiguous,
andmultiple analysesarepossible,we take the analysiswith the
mostfrequentlyoccurringw, ascountedin thetrainingcorpus.For
our taskandtrainingcorpus,this heuristicprovedto yield reliable
resultsin termsof choosing the correctsegmentation. In other
situations,moresophisticatedmethodsmaybe required.

4. A Non-standardOrthography
A secondchallengepresentedby the data given is widespread
spellingerrorsandinconsistenciesin bothEnglishandIraqi Ara-
bic. For example,Table 3 shows the countsand respective or-
thographiesfor theeightdifferentwaysin which theArabic Þrst-
personsingularpronounwas transcribed. On the English side,
thereexist many different transliterations for a singlegiven Ara-
bic propername.For example,Qoran/QorÕan/Koran.

Traditionally, this problemis often mitigatedby applying a
global setof character-basednormalizationrules to a given text,
e.g. ÒAll instancesof character X are mappedto characterYÓ
for characterpairs(X,Y) observed to be frequentlyinterchanged.
While this doeshave the effect of standardizingorthographiesof
many words,it mayalsointroducemany potentialambiguities,as
well.

As a concreteexample, considerthe following two pairs of
wordsdiffering in edit distanceby asinglecharacter:

Gloss ObservedArabic Transliteration

(1) name < sm

(2) name > sm

(3) imam < mAm

(4) in front of > mAm

Supposethatevery instanceof theArabic character, translit-



eratedas(< ), is normalizedto theArabiccharacter, transliterated
as(> ). Thenthetwo orthographiesfor thewordsmeaningÒnameÓ
becomestandardized,but a new ambiguityis introducedin words
(3) and(4) afternormalization.

For speech-to-speechapplications,this methodof normaliza-
tion may be lessthan ideal. Characterswhich areeliminatedor
changeddueto normalization,suchastheArabic hamza ( ), gen-
erallycarryimportantacousticinformation for atext-to-speechen-
gine. Thus,theultimategoal is to have a singlecanonicalorthog-
raphy for semanticallyidenticalwords,andminimize theamount
of new homographsintroducedinto thetext.

Thetechniquewedescribeattemptsto standardizetheorthog-
raphy of wordsof type(1) and(2), while avoidingtheintroduction
of new ambiguitieswhich arisefrom context-independent,global
character-basedchanges.

4.1. Algorithm

We would like to clustergroupsof Arabic words,varying mini-
mally in orthography, but all having identicalsemantics.Ortho-
graphicdistanceis computedusinga weightedLevenshteindis-
tancemetric,measuringtheminimumnumberof insertions,dele-
tions, and substitutionsof charactersnecessaryto get from one
orthography to another. In standardLevenshteindistance,each
of theseoperationsconstitutesa costof 1. We assigna substitu-
tion costof 0 for any substitutionamongcharactersobservedto be
often interchanged.Not surprisingly, in our corpusthesesetsof

charactersarevariationson thesamebaseglyph,suchas{ }.

In addition,our schemesetsdeletion costsof word-Þnalchar-
acters and to 0, sincethe transcriptionof thesewas alsonot

consistentthroughoutthetext. Thus,thecostof thesubstitution

→ is 0, while thesubstitutioncostof → remains1.

After orthographicdistanceis computed,the existenceof
sharedsemanticsamong words in a given cluster, alreadydeter-
minedto besimilar in orthography, is decidedvia contextualanal-
ysis.For eachword in thegroup,two vectorsof word frequencies
arecomputed.TheÞrstis a pre-context vector, holdingcountsof
the k− words precedingthe word in question. The secondis a
post-context vector, holdingcountsof thek+ wordsfollowing the
word in question.In ourexperiments,wesetk− = k+ = 1.

Cosinesimilarity amongall pre-context vectorsis computed,
andlikewise for all post-context vectors. If all of thepre-context
or post-context vectors(or both)arewithin a certainthresholdof
cosinesimilarity to eachother, then the words in that groupare
deemedsemanticallyequivalent.

For eachgroupof wordscollected,whosemembersarejudged
to besemanticallyequivalent,we would like to normalizetheor-
thography of eachto a singlestandardform. We pick asthestan-
dard orthography the word wstd with highestfrequency in the
training corpus,andproducenormalizationruleswi → wstd for
eachwordwi "= wstd in thegroup.

Thus,theobjectof thisalgorithmis to inducea list of normal-
izationrulesfrom theraw trainingcorpus. After groupsof words
arecollected,andstandardorthographies for eachgrouparecho-
sen,we thenapply thosenormalizationsto the text in thetraining
andtestcorpora.

Orthography Count

(a) 5452

(b) 628
(c) 464

(d) 414
(e) 157

(f) 38

(g) 30
(h) 1

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

5. Resultsfor Segmentationand
Orthographic Normalization

WereportbothcumulativeandcomponentBLEU scores.Cumula-
tive BLEU scoreswerederivedby cumulatively addingoptimiza-
tions to a baselinesystemin decreasingorderof impact. Thede-
greeof impacton the BLEU scorewasdeterminedby the com-
ponentBLEU scores,derivedby evaluatingthesystemwith each
individual vocabularyoptimizationin isolation.

Table4 showsBLEU scoreswith conÞdenceintervalsfor each
vocabulary optimizationtechniquedescribedabove, in additionto
two operationsperformedon theEnglishsideof theparallelcor-
pus: (1) Segmenting’s from all words,e.g. Ali’s → Ali ’s. This
is generallystandardpractice.(2) ManuallystandardizingEnglish
transliterationsof Iraqi propernounsandapplyingspell-checkto
theentirecorpuswith ispell.

Combining thesewith morphemesegmentation and ortho-
graphic normalizationas vocabulary optimization stepsbefore
training,yieldsa ÞnalBLEU scoreof 29.72. This is a +3.65point
increaseover the26.07scorefor thebaselinesystem.

Most of the improvementover the baselinecanbe attributed
to Arabicmorphemesegmentation.Indeedthis techniqueresulted
in the largestpercentreductionin vocabulary sizeandnumberof
unknown words.For thebaselinesystemtrainedon theentirepar-
allel corpus,therewere29,238 uniqueIraqi Arabic words. After
segmentationtherewere 17,138Ð a 41.4%reduction. After or-
thographicnormalization,vocabulary sizewas further reducedto
16,770to give a 42.6%total reductionin Iraqi Arabic vocabulary
size.

For the baselinesystem,thereare634 instancesof unknown
words after translationof the test set containing12,094Arabic
words. After morphemesegmentationthere are 356 unknown
words.This is a total reductionin unknown wordsby 43.8%.

6. Revisiting Translation and Language
Models

Our parallelcorpusconsistsof two typesof utterances:(1) utter-
ancesspokenby nativeIraqi speakers(labeledA) andtheirEnglish
translations(labeledA2E), (2) utterancesspokenby nativeEnglish
speakers(labeledE) andtheirArabic translations(labeledE2A).

In the training corpus, Arabic utterancesfrom native speak-
ers and Arabic utterancesderived from translatedEnglish differ
in vocabulary and sentencestructure. For example,many Ara-



Optimization BLEU 95% ConÞdence BLEU 95% ConÞdence
Type (Cumulative) Inter val (Component) Inter val

Baseline 26.07 24.79- 27.42 26.07 24.79- 27.42
+Iraqi Segmentation 28.50 27.22- 29.82 28.50 27.22- 29.82
+EnglishSegmentation 28.87 27.66- 30.21 26.78 25.44- 28.07
+Iraqi 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

Baseline(no re-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 idiomaticexpressionsonly appearin theA labeledutterances.
For translationofÔtheseutterances,we candistributeextraweight
to A/A2E utterancepairsfor the translationandlanguagemodels
whenthe spoken input languageis Arabic, andsimilarly for En-
glish andE/E2A utterancepairs. In effect, thetranslationandlan-
guagemodelsmightbeconsideredcustomized to thespeaker.

We considerre-weighting the training datafor both the lan-
guagemodel(LM) andtranslationmodel(TM), andconsiderboth
in isolation.Thesearecustomizationsfor thescenarioin which the
spokeninput languageis Arabic;weexpectsimilar resultsfor En-
glish. In theseexperiments,thesystemis evaluatedwith a subset
of thetestsetfrom Table1,comprisedonly of theA utterances.Ta-
ble 5 shows re-weightingof bothLM andTM provide the largest
positive impact.

7. Discussion
We have discussedseveral techniquesaimed at increasingthe
accuracy of a machinetranslationsystemtrainedon limited re-
sources.Thesetechniquesare easily implementedand incorpo-
ratedinto existing machinetranslation systemsaspreprocessing
stepsappliedto a parallel corpus,and have beenshown to pro-
vide beneÞtto overall output quality throughsigniÞcantBLEU
scoreincreases.Contextual orthographicnormalization,in partic-
ular, requireslittle linguistic knowledge,save for settinga reason-
ableweightingschemefor theemployedstring-distancefunction.
This techniquecanbeeasilyadaptedto otherlanguagesin which
spellingor diacriticalinconsistenciesarecommon.

Fromtheresultsof theprecedingexperiments,we make sev-
eralkey conclusions:

• Our lexicon-basedmorphemesegmentationprovidesa sig-
niÞcantboostto BLEU scoreandmachinetranslationout-
putquality in asparsedatasetting.

• Context dependentword-basedorthographicnormalization
is a feasibleand practicalalternative to global character-

basednormalization,especiallyfor applicationsin which it
is preferableto preserve acousticinformationencodedin a
text.

• Theassistanceof existing tools for Arabic morphemeseg-
mentationand analysisdeveloped for Modern Standard
Arabic [5], [6] is limited whenappliedto Iraqi Arabic,and
likely whenappliedto otherdialectalvariantswith signiÞ-
cantdivergencein grammarandlexicon,aswell.

• Theinclusionof a largeModernStandardArabicnewscor-
pusprovidesnosigniÞcantgainsin BLEU scorewheneval-
uatedon the testcorpus.However, resultsfrom subsequent
humanevaluationsof thesystemtrainedon bothIraqi data
and a 500,000 sentenceMSA corpusshow that inclusion
of MSA is relevantfor translating utteranceswith wordsor
phrasesoutsidethe intendeddomain,sinceusersof these
systemsoftenstrayontothefringesof thedomain.
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