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Abstract

MorphologicallycomplexlanguagessuchasArabicposeseveralchallengesin

NaturalLanguageProcessing(NLP)duetotheircomplexityandtokenspar-

sity. Mosttechniquesapproachtheproblembytransformingthewordsofthe

languagefromtheirsparsesurfaceformrepresentationtoalesssparseformbe-

foreprocessing.Thetransformationusuallytakestheformofamorphological

analysisoramorphologicalsegmentation.

ThisdissertationaddressestwotasksinArabicNLP:StatisticalMachine

Translation(SMT)andSentimentAnalysis.ToimproveEnglish-ArabicSMT,

weapplysegmentationonArabictodecreasetokensparsityandenhancethe

correspondencebetweentokensoftheEnglishandArabiclanguage.However,

duetothissegmentation,thetranslationsystemislimitedtoextractingfea-

turesbasedonmorphemes(partialwords)andonlyoutputtingmorphemes

duringdecoding.Suchasystemlacksknowledgeoftheoriginalformofthe

words.

WefurtherimprovetranslationfromEnglishtoArabicbycombiningboth

segmentedanddesegmentedviewsofthetargetlanguage. Thesystemcan

benefitfromsegmentation’ssparsityreductionandverifiesitsgenerationof

correctwords. Wepresentalanguage-independenttechniquetodesegmenta-

tionthatapproachestheproblemasastringtransductiontask. Wepropose

anewalgorithmthatdesegmentsthedecoder’ssearchspaceencodedasalat-

tice,thusallowingthesystemtousefeaturesfromthedesegmentedviewof

thesearchspace. Weextendthephrase-basedstatisticalmachinetranslation

systemtoallowdesegmentationduringthedecodingprocessonthefly.In

addition,weconductanexperimentalstudytoverifywhatmattersmostin

morphologicallysegmentedSMTmodels.
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Oursecondtaskissentimentanalysis,whereweresorttoArabiclemma-

tizationtoimprovesentimentanalysisofArabictweetsandblogposts. We

exploretranslationintheoppositedirection,fromArabicintoEnglishinor-

dertoevaluatethelossofsentimentpredictabilitywhenArabicsocialmedia

postsaretranslatedtoEnglish,manuallyorusinganSMTsystem. Weuse

state-of-the-artArabicandEnglishsentimentAnalysissystemsanddevelop

automaticallygeneratedArabiclexiconsfromlemmatizedtweetstoimprove

thistask.
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Chapter1

Introduction

1.1 MachineTranslation:ABriefHistory

MachineTranslation(MT)isdefinedasthetaskoftranslatingfromonenatural

languagetoanother.ItisoneoftheoldestsubfieldsinArtificialIntelligence

andNaturalLanguageProcessing. Thestorygoesbackto World WarII

wheremachinetranslationwasconceivedasadeciphermentproblem.In1947,

WarrenWeaver,apioneerMTresearcherformulatedtheproblemas:givenan

encodedsentencewithstrangesymbols,theproblemistofindbestdecoded

sentence(Weaver,1955).

TherearetwomaindirectionsinMachinetranslation:rule-basedMTand

statisticalMT.RulebasedMTadoptstheuseofmanuallycreatedlinguistic

rules(Somers,1992). Whilemanualcreationofsuchrulesisexpensiveand

whileitisdifficulttorepresentcomplexmorphologyandsyntaxasrulesfor

somerichlanguages,therecentremarkableprogressinMTisduetostatistical

methods.StatisticalMachineTranslation(SMT)aimstolearnrulesautomat-

icallyfromabilingualcorpus.Astatisticalmodelislearnedfromthedataby

findingcooccurrencesbetweenwordsinsourceandtargetlanguages.Theidea

ofSMTwaspioneeredbyIBMresearchersinthelate1980’sbypresentingthe

CandideSMTsystem(Brownetal.,1990,1993).

TheprogressinMTledittobeintegratedwithseveralapplicationssuch

ascross-lingualinformationretrievalandspeechtranslation. Currently,ma-

chinetranslationoutputisbeingusedasafirstdrafttranslationforseveral

translationagencies,wherehumantranslatorsaddfurtheradjustmentsand
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fixes(MichaelDenkowskiandLavie,2014).SeveralSMTsystemsarefreely

availableonlinesuchasGoogleTranslateandMicrosoftBingTranslator.They

usuallyprovideusabletranslationsbetweenEnglishandsome WesternEuro-

peanlanguages.

1.2 Motivation

Translation,similartomostNaturalLanguageProcessingtasks,isexacerbated

whenitinvolvesamorphologicallycomplexlanguagesuchasArabic,Finnish

andCzech. Suchlanguagespresentformidablechallengesbecauseoftheir

complexityandlargenumberofinflectionsandderivationsofwords.Different

featuressuchasperson,gender,number,tense,etc.areexpressedbysome

modificationstotheword.Suchmodificationscantaketheformofanaffixcon-

catenationorawordderivationthatisbasedontemplates.However,allthese

differentformssharethesamemeaningwhichisusuallyexpressedbytheir

lemma.Therefore,thisleadstodatasparsityandpoorwordrepresentationin

anysystem. MostNLPtechniquesapproachtheseproblembytransforming

thewordsofthemorphologicallycomplexlanguagefromtheirsurface1form

coarse-grainedrepresentationtoafine-grainedformbeforeprocessing. The

transformationusuallytakestheformofamorphologicalanalysisoramor-

phologicalsegmentation.Thisdissertationfocusesonprovidingmorphological

solutionstotwotasksinArabicNLP:StatisticalMachineTranslation(SMT)

andSentimentAnalysis.

Morphologicalsegmentationisaneffectivetechniqueforstatisticalmachine

translation(SMT)whentranslatingfromandtoArabic. Whentranslating

fromEnglishintoArabic,segmentationonArabicdecreasestokensparsity

andenhancesthecorrespondencebetweentokensoftheEnglishandArabic

language. Table1.1showsanEnglishexamplewithitsArabictranslation

providedwithitstransliteration2thatillustratesaspectsoftranslationandits

1wordformasitoriginallyappearedinthetext
2WeprovideArabicexampleswithHabash-Saoudi-Buckwalter(Habashetal.,2007)

transliterationschemethat mapsArabiccharacterstoASCIIRomanscripttoenhance
readability.
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complexity.NoticehoweachoftheArabicwordsencapsulatesthemeaningof

severalEnglishwords.ThesegmentationsplitsArabicwordsintotheirmor-

phemicrepresentation. UnlikeEnglish,prepositionsandpronounsinArabic

areencodedasboundmorphemes,withtheformerrepresentedasaprefixand

thelatterrepresentedasasuffixin lgbTth“tohiseminence”.Suchprop-

ertiesexacerbatetheSMTtaskthroughanincreaseofArabictokensparsity

andalargeout-of-vocabularyrate. However,duetothissegmentation,the

translationsystemislimitedtoextractingfeaturesbasedonmorphemes(par-

tialwords)andonlyoutputtingmorphemesduringdecoding.Suchasystem

lacksknowledgeoftheoriginalformofthewords.Ourgoalinthisthesisisto

improvetranslationfromEnglishintoArabic. WewouldliketheSMTsystem

tooutputmorphologicallyandorthographicallycorrectArabicwordswhile

alsobenefitingfromsegmentation. Also,weaimtoallowourSMTmodels

tocaptureseveralaspectsrelatedtoArabicmorphologyandpresentafluent

translation.

Ontheotherhand,lemmatization(asaformofmorphologicalanalysis)for

morphologicallycomplexlanguagesisapracticalapproachforsparsityreduc-

tion. WhenappliedonArabicsocialmediatextforasentimentanalysistask,

lemmaformsmaintainthemainaspectsofthemeaningoftheirsurfaceforms

whiletheircliticalandinflectionalfeaturesaredropped.Suchanapproach

showssignificantimprovementswhensentimentanalysissystemsaretrained

onlemmascomparedtotrainingontheoriginalsurfaceforms.

However,lemmatizationalonemightnotsufficeasasolutionduetothe

useofdialectalArabictermsinsocialmedia.CurrentArabicmorphological

analyzersfinddifficultyinlemmatizingsuchtermsbecausetheylackstrict

writingstandards.Also,availablelexiconshavelowcoveragetotermsappear-

ingonsocialmedia. Weaimtocreateastate-of-theartArabicsentiment

analysissystemthatreliesonautomaticallygeneratedArabiclexiconfrom

tweets.Also,wewanttobenefitfrombothavailableEnglishsentimentanal-

ysisresourcesandadvancesinArabic-EnglishSMTtomeasurethelossof

sentimentpredictabilitywhenArabicsocialmediapostsaretranslatedinto

Englishmanuallyandautomatically.

3



English weexplainedthemattertohiseminence.

Arabic

Transliteration wAwDHnA AlAmr lgbTth .
Segmentation w+ AwDH +nA Al+Amr l+ gbTћ +h.
Gloss and explained we thematter to eminence his .

Table1.1:EnglishexamplewithitsArabictranslation.

1.3 Approaches

Inthissection,weprovideasummaryoftheapproachesweproposetoEnglish-

ArabicSMTandsentimentanalysis,withthedifferentchallengesfacedand

themaincontributionsinthisthesis.

InChapter4,weaddressthedesegmentationtaskthatappearsaspartof

theSMTpipelinewhentranslatingintomorphologicallysegmentedArabic.

ArabicsegmentationappearsasapreprocessingstepinanSMTpipeline(Fig-

ure1.1).ThesegmentationprocessappliesadjustmentrulesonArabictoreg-

ularizethesegmentedsubstrings;hencesimplyconcatenatingthesegmented

formsmightnotresultintheoriginalArabicword(lgbTth→ l+gbTћ+h).

AnSMTsystemtrainedonsegmentedArabicoutputsArabictranslationsin

segmentedform,whichhastobedesegmentedagaintoallowreadabilityand

evaluation. Ourfirstchallengeistoaddressthethecurrentdesegmentation

techniquesandtheirlimitations. Then,weprovideanoveldesegmentation

techniquethathandlestheproblemthroughastringtransductionapproach.

Ourtechniqueovercomeslimitationsofcurrenttechniquesbylearningdeseg-

mentationrulesautomatically,andatthesametimememorizinglongsequence

mappings.

Ourtechniqueshowedgainsandnear-perfectdesegmentationwhenapplied

onnaturallyoccurringsegmentedArabicwords. Butwhenweapplieditto

ArabicSMToutput,itdidnotmakemuchdifferencecomparedtoothertech-

niques.Thiscomesasaresultofapplyingdesegmentationasapost-processing

stepintheSMTpipeline(Figure1.1).Desegmentationmerelyoperatesonthe

finaloutputoftheSMTsystemanddoesnotcontributetohowtheoutputis

generated.Hence,decodingerrorspropagatedtothedesegmentationstepare

4



Figure1.1:StatisticalMachineTranslationpipelineinvolvingtargetlanguage
segmentationasapreprocessingstep.

unlikelytobefixed.

InChapter5,weaddressthischallengebyprovidingasolutiontoin-

tegratingdesegmentationintheSMTprocess,ratherthankeepingitasa

post-processingstep.Insteadofsegmentingthefinaloutput,wedesegment

thesearchspace(representedasalattice)thatisbuiltfromsegmentedArabic

tokens. Thus,thesystemisprovidedwithtwoviewsofitssearchspace:a

segmentedandadesegmentedview.Thisenablesextractionoffeaturesfrom

desegmentedwordssuchasscoringusinganunsegmentedlanguagemodel.As

aconsequence,oursystembenefitsfromthesparsityreductionofmorpholog-

icalsegmentation,andatthesametime,outputscorrectdesegmentedArabic

5



words.

OurlatticedesegmentationsystemshowssignificantimprovementonEnglish-

ArabicandEnglish-Finnishtranslationscomparedtosystemsapplyingdeseg-

mentationonthefinaloutput.Yet,wewerefacedwithseveralquestionsand

challengesfromexpertsandreviewersregardingourapproach:

1.IsitpossibletogetthesamegainsbydesegmentingadifferentSMT

componentsuchasthephrase-tableratherthandesegmentingthelat-

tice?

2.Isitpossibletorunanunsegmentedmodel,wheresegmentationonly

influencesthewordalignmentandalsogetthesameimprovementin

translationquality?

Thesethoughtfulquestionsgaveusachancetogofurtherandevaluateother

desegmentationoptionsandconfirmwhethertherearebetteroptionsthan

desegmentingthelattice.

InChapter6,weprovideasystematicexplorationofaspaceofpossi-

blesolutionsfortranslatingdirectlyintounsegmentedArabictextwhilestill

obtainingthebenefitsofsegmentation. Segmentationprovidesapotential

boosttomanycomponentsoftheSMTsystemsuchasthealignmentmodel,

translationphrasetable,andlanguagemodels. Weillustratewhichcompo-

nentbenefitsthemostfromsegmentationbyprovidingscenariosthatdifferin

wheredesegmentationisapplied.

OurexperimentsonEnglish-Arabictranslationattributethebenefitsof

segmentationtophraseswithflexibleboundaries,whichgivetheSMTsystem

thefreedomofgeneratingwordsthatcanspanmultiplephrases.Also,weshow

thattheuseofanunsegmentedlanguagemodelcontributestotheBLEUscore

butdiscouragestheuseofmorphologicallydecomposablewords. Also,our

latticedesegmentationapproachprovedtobethebestdesegmentation,while

intheotherexploredapproacheswearegivingupthisimportantproperty

ofphraseswithflexibleboundaries.Atthispoint,wearereadytomovethe

desegmentationprocessdirectlyintothedecoder.

6



InChapter7,wepresentanalgorithmthatextendsthephrase-basedSMT

systembyenablingdesegmentationwhiledecoding.Sequencesofmorphemes

aredesegmentedonthefly,followedbyword-levelfeatureextractionfrom

desegmentedforms. Thisgoalisfarmorechallenging;yet,wegetamodel

thatiseasiertouseandmoreaccessibletotheSMTcommunitythanthe

latticedesegmentationsystem.

FinallyinChapter8,weinvestigateataskthatisonlypossibledueto

advancesmadeinArabic-EnglishSMT.SentimentAnalysishaspredominantly

beenonEnglish.ThusthereexistmanysentimentresourcesforEnglish,but

lesssoforotherlanguagessuchasArabic.Butwithimprovementsinstatistical

machinetranslationsystemsoverthelastdecade,wenolongerhavetorelyon

strictlymonolingualsentimentanalysissystems.Analternativeistotranslate

thefocuslanguagetextintoEnglish,andrunanEnglishsentimentanalysis

system.

WeprovideanevaluationonthelossinsentimentpredictabilitywhenAra-

bicblogpostsandtweetsaretranslatedintoEnglishmanuallyandautomat-

ically.Intheprocess,wecreateastate-of-the-artArabicsentimentanalysis

systemandcompareitsperformancetoanEnglishonetrainedonArabic

translations. Wediscoverthateventhoughtranslationsignificantlyreduces

thehumanabilitytorecoversentiment,automaticsentimentsystemsarestill

abletocapturesentimentinformationfromthetranslations.weconductqual-

itativeandquantitativestudiestoinvestigatewhyweobservetheseresults.

Wefindthatsentimentexpressionsareoftenmistranslatedintoneutralexpres-

sionswhentranslated.Further,mistranslationofambiguouswords,sarcasm,

metaphoricexpressions,andincorrectword-reorderingarecommonreasons

whytranslationsfailtopreservesentiment.Intheprocess,wealsocreatea

state-of-the-artArabicsentimentanalysissystemandautomaticallygenerated

Arabiclexiconfromtweets.

7



1.4 ThesisOrganization

Wenowdescribetheorganizationofthethesis.InChapter2,weprovidea

briefoverviewonphrase-basedstatisticalmachinetranslationsystemandits

differentcomponents.InChapter3,weprovideanoverviewontheArabic

language,itsmorphology,syntax,andmainchallenges.Inaddition,wedis-

cussthebasicapproachestohandleArabicinStatisticalMachineTranslation.

Chapters4through8providedetailsonourapproachesforEnglish-Arabic

SMTandsentimentanalysis,asoutlinedintheprevioussection. Finally,

weconcludebysummarizingourcontributionsinChapter9anddiscussing

directionsforfuturework.
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Chapter2

Phrase-basedStatistical Machine
Translation

ThissectionprovidesashortintroductiontoStatisticalMachineTranslation

(SMT).ItcoversmainapproachesfortraininganSMTsystem,tuning,de-

coding,aswellasmethodsforsystemevaluation.Itincludesdefinitionsfor

themainterminologiesusedinSMTcontext,thatwillbereferencedinthe

subsequentchapters.

2.1 TheStandard Model

MachinetranslationisawelldefinedprobleminNLPthatinvolvestranslating

fromasourcelanguagetoatargetlanguage. Givenasourcesentencef,we

wanttofindthebesttranslationeintargetlanguageamongasetofcandidate

translationsE.Theproblemcanberepresentedas

e∗=argmax
e∈E
p(e|f) (2.1)

Currently,thephrase-basedSMTmodelisconsideredthebestperforming

modelforseverallanguages.Unliketheword-basedmodel,theunitoftransla-

tionisaphrase.AphraseinSMTismerelyasequenceofoneormorewords

anddoesnotnecessarilycorrespondtothelinguisticmeaning.

InSMT,wewanttolearntranslationrulesstatisticallyfromaparallel

corpus. Aparallelcorpusisalargesetoftranslationexamplesthatare

sentencealigned. Whentranslating,wewanttoguaranteetwomaincriteria

9



intheoutput:(1)theoutputisfluent,and(2)italsoconveysthemeaning

ofthesourcesentencebyusingwordswhicharecorrecttranslations.Fluency

ismeasuredusingaLanguage Model(LM)whichgiveshighprobability

scoreforanoutputsentenceethatismorefluentthanothersentences.The

LMparametersareestimatedbasedonatargetlanguagemonolingualcorpus,

whichisabundantlyavailable. AdequacyismeasuredusingaTranslation

Model (TM)whichgivesaconditionalprobabilityscoreforanypairfande.

TheTMparametersareestimatedbytrainingonabilingualparallelcorpus.

Hence,themodelisfurtherdecomposedintosmallercomponentsusingthe

noisychannelapproachofthegenerativemodel:

e∗=argmax
e∈E

TranslationModel

p(f|e) ×

LanguageModel

p(e) (2.2)

Duetosyntacticdifferencesbetweenlanguages,translatedphraseshaveto

bereordered.AReorderingmodellearnstopenalizelargerskipsforconsec-

utivephrasesusingadistortionlimitparameter.Thisleadstophrasesbeing

translatedinamonotonic,swapped,ordiscontinuousmannerwithrespectto

theneighboringphrase.

2.2 Language Model

Alanguagemodelevaluateswhetherasequenceofwordsisfluent.Itdefines

aprobabilitydistributionthatassignsahighprobabilitytoafluentsequence

ofwordsandalowprobabilitytoanunlikelysequence. Assumingweare

translatingintoEnglish,aLMshouldassignahighprobabilityto“exportsto

chinaincrease”andalowoneto“increasetoexportschina”sinceithasan

incorrectgrammarandwordorder.

GivenawordsequenceW =w1,w2,...,w|W|,then-gramlanguagemodel
1

useschainruletocalculatetheprobabilityofW,denotedasP(W),asa

productofconditionalprobabilitiesofindividualwordsgiventheirhistoryof

precedingwords:

1Ann-gramisann-tokensequenceofwords
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p(W)=p(w1)×p(w2|w1)×p(w3|w1w2)×p(w4|w1w2w3)×...×p(wn|w1...wn−1)

=

|W|

i=1

(wi|w1...wi−1)

(2.3)

Theproductisfurthersimplifiedusingaconditionalindependence Markov

assumptionthattakesthehistoryofeachworduptonwords.

p(W)≈

|W|

i=1

p(wi|w
i−1
i−n+1) (2.4)

Foratrigramlanguagemodelthatusesahistoryoftwoprecedingwords,

theprobabilityof“helivesincanada”isestimatedas:

p(helivesincanada)=p(he|<s>)×p(lives|<s>he)×p(in|helives)

×p(canada|livesin)×p(<\s>|incanada)

wherethesymbols<s>and<\s>correspondstostart-of-sentenceandend-

of-sentencerespectively.

TheprobabilitiesareestimatedfromalargemonolingualEnglishcorpus

usingMaximumLikelihoodEstimation.Foratrigramlanguagemodel,

p(wk|wiwj)≈
count(wiwjwk)

wcount(wiwjw)
(2.5)

wherecount(X)returnsthenumberofinstancesofthesequenceX inthe

corpus.Duringtesting,severaln-gramsmightnotbeseeninthetrainingdata

set.Inordertoaccountforpreviouslyunseenn-grams,smoothingtechniques

areusedtomovesomeprobabilitymassfromseenn-gramstounseenones.

2.3 Translation Model

Asmentionedearlier,aparallelcorpusisneededfortrainingatranslation

modelp(f|e).PhraseextractionfortheTMdependsonawordalignedpar-

alleltext.Analignmentisamappingbetweenawordinsourcetexttoits

correspondenceintargetlanguagetext. Alignmentislearnedautomatically

throughanunsupervisedapproachfromthestatisticsoftheparalleltextby
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measuringhowfrequentasourcewordco-occurwithtargetword.Giventhe

generatedalignments,wecanextractphrases(̄f,̄e)suchthattheyareconsis-

tentwiththewordalignment.Thismeansthatwordsinf̄hastobealigned

withwordsinēandviceversa.Alsothewordsintheextractedphrasehave

tobecontinuous.Figure2.1representsanalignmentmatrixwithalignment

pointsbetweenanEnglishsentenceanditsArabictranslation.Thealignment

isusedtoextractphrasesshownintheadjacenttableforsourcesegmentsof

lengththreeorless. NoticethatnophraseisextractedtowwzEtmydAlyAt

duetodiscontinuityonthesource. Also,noticethatthewordtqdyrhasno

alignmentwiththesource,butstillwecanextractphasesthatincludesthis

wordaslongasthereisnodiscontinuityintheextractedpair.

Phraseextractionallowsbuildingaphrasetablethatconsistsofsource

phrase,targetphraseandfourprobabilityscoresestimatedfromtheworld

alignedparallelcorpus.Thescoresare:inversephrasetranslationprobability

φ(f|e),inverselexicalweightinglex(f|e),directphrasetranslationprobability

φ(e|f),anddirectlexicalweightinglex(e|f). Thetranslationprobabilityis

calculatedas

φ(̄f|̄e)=
count(̄e,̄f)

f̄i
count(̄e,̄fi)

(2.6)

wherecount(̄e,̄f)returnsthenumberoftimesphrases̄eandf̄co-occurin

theparallelcorpus. Thelexicalweightscheckshowwellwordsinf̄andē

translatetoeachother. Eachword’slexicaltranslationprobabilitycanbe

determinedbycountingthewordsalignedtoitinourtrainingcorpus.Given

theselexicalprobabilities,thelexicalweightofaphrasepaircanbecalculated

astheproductoflexicalprobabilityscoresforthealignedwordsinthephrase.

2.4 Decoding

Giventheabovemodels,decodinginSMTinvolvesfindingthetranslation

withthehighestprobability(Equation1).Thedecodingtaskisconsideredto

beanNP-completeproblem.Solutionsprovidedareheuristicandmightnot

guaranteefindinganoptimaltranslation.Thephrase-basedSMTsystemuses

amulti-stackbeamsearchdecoder thatworkasfollows. First,source

12



English Arabic
medals mydAlyAt
andgradingribbons wšrÂyT
andgradingribbons wšrÂyTtqdyr
to Ely
to tqdyrEly
weredistributed wwzEt
winners AlfÂyzyn
winners. AlfÂyzyn.
towinners ElyAlfÂyzyn
towinners tqdyrElyAlfÂyzyn
towinners. ElyAlfÂyzyn.
towinners. tqdyrElyAlfÂyzyn.
. .

Figure2.1: Alignment matrixbetweenanEnglishsentence“medalsand
gradingribbons weredistributedto winners”andits Arabictranslation

,wheretheblacksquaresrepresent

analignmentpointbetweensourceandtargetwords.Theadjacenttableshows
extractedphraseswithsource-lengthlessthanorequaltothree.

segmentswithdifferentsizesarepickedupfromthesourcesentence,andtheir

translationoptionsareretrievedfromthephrasetable.Thesearchspacecan

beconstructedbyconsideringdifferentpermutationsofthesourcesegments

andtheirmultipletranslationoptions. Butthiscanleadtoanexponential

growthofthesearchspace.Thedecoderhandlesthisbyinitializingnstacks

(priorityqueues),wherenisthesource-length.Then,thedecoderstartscon-

structingtheoutputfromlefttoright,makingsureitcoversallthewords

inthesourcesentencesuchthatthatnoinputwordiscoveredtwice.Partial

translationsconsideredduringthissearcharecalledhypotheses.Theprocess

ofappendingcurrenthypothesiswithnewtranslationsforanuncoveredsource

segmentiscalledhypothesisexpansion.Ashypothesesgetexpanded,they

areallocatedtotheappropriatestack,suchthatstack-iacceptshypotheses

coveringisourcewords.Thepurposeofthestackistokeephypothesessorted

accordingtotheirpartialscores,anddiscardtheonesthatcostmorethan

thebesthypothesisaccordingtoathresholdvalue. Theprocessisknown

13



asthresholdpruning. Anotherpruningapproachistokeepthetopkhy-

pothesesinthestackbyrestrictingthestacksizetok.Theapproachiscalled

histogrampruning.Pruningreducesthecomplexityofthemodelandsearch

space,andrestrictsthehypothesisexpansiontoacertainlimit,thusallowing

fasterdecoding.

Eachpartialhypothesisisrepresentedthroughastatewhichsavesseveral

piecesofinformationusedtocalculatethepartialcost. Thestatecontains

alloftheinformationneededtoscoreanexpansionofitspartialhypothesis.

Thisincludesthesourcecoveragevector,then-gramlanguagemodelcontext

andanyinformationneededtocalculatereorderingprobabilities. Whentwo

hypotheseshaveidenticalstates,theycanberecombined.Thereasonisthat

thebetterscoringhypothesiswillalwaysbeconsideredinthepathtothefinal

hypothesis.Asaresult,thedecodercanbenefitsfromhypothesisrecombi-

nationthroughhavinganefficientsearchbynotconsideringpathswithhigh

cost.

Asweexplained,pruningisbasedoncomparingpartialscoresofhypothe-

sescoveringsamenumberofsourcewords.Theproblemisthatsomesource

phrasesareeasiertotranslatethantheothers,thusmakingthetheirpartial

hypothesesscoresincomparable. Giventhesentence“italytoppedthelistof

cottonimportingcountries”,itiseasiertotranslate“thelistof”comparedto

translating“cottonimportingcountries”. Thephrase“thelistof”hasmore

commonwordsthatcanprovideitstranslationwithacheaperscorecompared

to“cottonimportingcountries”.Suchunfairscorecomparisonmightleadto

hypothesisof“cottonimportingcountries”bepruned. Theproblemisad-

dressedbyaddingafuturecosttothepartialscoreofthehypothesis.The

purposeoffuturecostistoestimatehowdifficultitistotranslatetherestof

thesentence,giventhepartialhypothesis.

2.5 ParameterTuning

Themodelsthatwehavedescribed(translationmodel,languagemodeland

reorderingmodel)canberepresentedasfeatureshi(x)inalog-linearmodel
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thatareweightedbasedontheirsignificanceingeneratingbestpossibletrans-

lations.

p(x)∝exp

n

i=1

λihi(x) (2.7)

Thetranslationscoregeneratedfromthecombinationofthesecomponents

isaweightedscorebasedonparametersλi.

xbest(λ1,...,λn)=argmax
x

n

i=1

λihi(x) (2.8)

Parametertuningreferstosettingtheparameterweightsλisothatthe

translationqualityisoptimized.OptimizationisusuallybasedontheBLEU

score,whichisanautomaticevaluationmetric(describedinSection2.6).The

well-knownapproachesfortuningareMinimumErrorRateTraining(MERT)

and MarginInfusedRelaxedAlgorithm(MIRA).Bothoftheseapproaches

runonadevelopmentsetthatisdecodedandconductoptimizationonthe

n-bestlistorlatticegeneratedfromthedevelopmentset. Givenaninitial

weightsetting,MERT optimizestheparametersiterativelybyupdatingthe

weightsandre-decodingtoexpandn-bestlistorlattice.Itisnotfeasible

whenthenumberoffeaturesismorethan30. MIRA isanonlinelearning

algorithmthatupdatestheweightswithrespecttoalossfunction(calculated

basedonBLEUscore)andmarginalconstraints. Theupdatesareminimal

whileobtainingamarginlargerthanthelossofincorrectclassification.Unlike

MERT,MIRAcantrainanSMTsystemwithmillionsoffeatures.

2.6 Evaluation Metrics

Humanevaluationisalwaysexpensiveandtime-consuming. Asaresult,a

trustedautomaticevaluationmetricsthatcanevaluatetheoutput’sfluency

andadequacyhavealwaysbeenindemand. Severalautomaticevaluation

metricsareavailableforthemachinetranslationtask.Theyallevaluatethe

SMToutputbasedonareference,whichisahuman-generatedtranslation

forthetestsentence.Theperformanceofthesemetricsisalwaysdebatable.
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Butgiventwotranslationoutputsfrom2differentSMTsystems,theycan

indicatetosomeextentwhichofthetwoisbetter.Themostpopularmetricis

theBilingualEvaluationUnderstudyscoreknownasBLEU(Papinenietal.,

2002).Itcalculatesthegeometricmeanofprecisionbasedonmatchingn-

gramsbetweentheSMToutputandoneormorereferences.Sinceitisametric

basedonprecision,thetendencytoprefershortertranslationiscontrolledby

abrevity-penaltywhenthelengthofthereferenceislargerthanthelengthof

theoutput.Itisdefinedas:

BLEU-4=brevityPenalty×exp(
1

4

4

i=1

logprecisioni) (2.9)

where

precisioni=
numberofmatchingi-grams

totalnumberofi-gramsintheoutput

brevityPenalty=min(1,
output-length

reference-length
)

Anothermetricisthe WordErrorRate.Itusesadynamicprogramming

approachtocalculatethenumberofeditsneededtotransformtheoutput

translationintothereference. Themetricismoreconcernedaboutthese-

quenceofwordsincomparisonwiththereference.Itisnotfrequentlyusedfor

SMTasitplaceshardpenaltyonreorderingevenifthetranslationiscorrect.

Wewillusethismetrictoevaluatethedesegmentationofaword(Chapter4),

wherereorderingisnotaconcern.Itisdefinedas

WER=
substitutions+deletions+insertions

reference-length

TranslationErrorRate(TER)(Snoveretal.,2006)issimilartoWERand

calculatesthenumberofeditsrequiredtochangetheSMToutputintothe

reference. Butitalsoconsiderstheblockmovement,whichisasequenceof

words(calledshifts),amongtheeditingsteps. WeusethismetricinChapter5

toevaluatethetranslationquality.
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Chapter3

ArabicLanguageandChallenges

Thissectionbrieflydescribestheorthographic,morphological,andsyntactic

characteristicsoftheArabiclanguagethatexacerbatetheprocessofSMTand

sentimentanalysis. WealsoillustratethechallengesfacedinEnglish-Arabic

SMTalongwiththevariousapproachespresentedinrecentpaperstotackle

them.

3.1 ArabicOrthography

Inthissection,wedescribemainArabicorthographyissuesthatcausecompu-

tationalcomplexityduringtranslation.UnlikeEnglish,Arabictextiswritten

fromrighttoleft.Also,thetextiseitherfullydiacritized,partiallydiacritized

orundiacritized.Diacriticsaresmallmarksthatareaddedtoconsonants.

Theyhelpdisambiguateanysemanticdifferencesandusuallychangebased

onsyntacticconditions. Forexample,diacritizingtheword ktb(undi-

acritizedform)candisambiguateitsmeaningaseither: kataba“wrote”,

kutub“books”,or kutiba“hasbeenwritten”(wherea,u,andiare

diacritics).Also,severalArabiclettersarespelledinconsistentlyusingdiffer-

entforms.TheAlifhasdifferentvariantssuchasbareAlifA,hamzatedAlif

Â ǍandAlifMada Ā.Theletter Yaissometimeswrittenasadottless

Ya .

SuchinconsistentspellingofArabiccharactersanduseofcharactersinter-

changeablyleadtowordsparsity,ambiguity,andpoorprobabilisticestimations

ofwords.Thesechallengesaremainlyaddressedbyapplyingorthographicnor-
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malizationschemes.AninitialpreprocessingstepinArabicSMTistoremove

alldiacritics.Althoughthismightaddmoreambiguityforsomewords,ithas

apositiveinfluenceonthequalityoftranslationasitdecreasessparsity.An-

otherpreprocessingstepistonormalizeArabicscriptbyconvertingdifferent

formsofAlif andYa tobareAlifanddotlessYa respectively.

ElKholyandHabash(2012a)studiedtheeffectoforthographicalnormal-

izationonArabicbyexperimentingonreduced(withAlifandYanormaliza-

tion)andenrichedArabic(withpredictingrightAlifandYaformat).Better

resultswereshownwiththereducedArabicset. Currently,mostofthere-

searchinEn-ArusesreducedArabicformat.Furthermore,ArabicSMToutput

iscomparedtoanundiacritizedscriptduringevaluation.

3.2 Arabic MorphologicalComplexity

AnotherchallengethatcontributestotheArabiccomplexityismorphology.

TherichnessinArabicmorphologyandthelargenumberofArabicwordforms

increasethesparsityandout-of-vocabularywordrateinthecorpus. Arabic

wordsarederivedbasedonarootandpattern.Forexample,theword

kAtib“writer”isderivedfromtheroot k-t-b“wrote”andpattern1A2i31,

where1,2and3aretheconsonantsintherootsrespectively.VerbsinArabic

inflectforaspect,mood,voice,andsubject(person,numberandgender),while

nounsinflectforgender,number,stateandcase.Eachofthesefeatureshas

itsownsetofsubcategorieswhichresultsindifferentinflectedwordforms.

Althoughtemplaticmorphologypresentsinterestingchallenges,wewillnot

addressitinthisthesis.

Eachinflectedwordform(base)canbeattachedtoseveraloptionalclitics.

AgeneralformofArabicwordcanberepresentedby:

[question+[conjunction+[particle+[determiner+BASE+pronoun]]]]
(3.1)

whereeachofthesecliticalcategorieshasafairlylargesetofclitics.

Asaresultofsuchmorphologicalrichness,alemmacanhavethousands

11A2i3isanabstracttemplatefornounsthatmeanstheonethatenactstheactionin
theroot
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Figure3.1:SegmentationofArabicword wbqdrthmanditsalignment
withitsEnglishtranslation.

ofinflectedforms. ElKholyandHabash(2012a)showthatthenumberof

Arabictokens2inabilingualcorpusisestimatedtobelessby20%tothe

numberofEnglishtokens. However,thenumberofArabicwordtypes3in

thesamecorpusisastwiceasthenumberofEnglishwordtypes.Inaddition,

alignmentgetscomplicatedbetweentheEnglishsourceandArabic,asasingle

ArabicwordcancorrespondtomultipleEnglishwordsspreadatdistinctplaces

inthesentence. Noticethatthecliticalcategories(question,conjunction,

particle,determinerandpronoun)representedasboundmorphemesinArabic,

correspondtoseparatewordsinEnglish.Thenexttwosubsectionsillustrate

howtoimprovecorrespondenceanddecreasetokensparsitybetweenEnglish

andArabic.

3.2.1 Segmentation

Segmentationistheprocessofsplittingawordintoconsecutivesubstrings.

SeveralNLPtasksrelyonsegmentationasamethodfordecreasingtoken

sparsity,andusingasimplifiedformofawordthatcanstillencompasssome

aspectsofitsmeaning,especiallywhendealingwithmorphologicallycomplex

languages.

2numberofrunningwordsinacorpus
3numberofdistinctwordsinacorpus
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Inthisthesis,wedefineMorphologicalSegmentation asaprocessthat

involvesboth:

•splittingthewordintoconsecutivesubstrings

•applyingmorphologicalandorthographicadjustmentsonrequiredsub-

strings

WeadoptthesamedefinitionproposedbyHabash(2010)fortokenization.

Weusethetheterm“segmentation”insteadof“tokenization”inordernotto

confuseitwiththetokenizationtaskusedinstatisticalmachinetranslation

contextandlimitedtodividingtextintosequenceofwordsbyseparating

punctuation marksThroughoutthisthesis,weusetheabovedefinitionof

segmentationonArabiclanguage,unlessstatedotherwise.

Asmentionedinthissection,Arabicwordscanbeformedbyattaching

cliticstoaninflectedbaseform.Theattachmentisnotasimpleconcatena-

tionstep;rather,itinvolvesseveralcharactertransformationsonmorpheme

boundariesthatmightcausethewordtobedifferentfromitsindividualparts.

Duringsegmentation,theorthographicadjustmentsstepappliescharac-

tertransformationstoconvertthesegmentedsubstringsbacktotheirbasic

form.Forexample,theArabicword lTflth“forhischild”issegmented

as+ + l+Tflћ+h“forchildhis”.Theorthographicadjustmenttrans-

formsletter“t”to“ћ”;otherwise,wegettheincorrectArabicword Tflt.

SegmentingArabicwordsintocorrectmorphemesisachallengingtask.

Checkingwhetherasequenceofcharactersispartofthestemorconstitute

acliticrequiresmorphologicalanalysisoftheword.Afterdetectingthemor-

phemesinaword,thenexttaskistochooseatwhatcliticalpointtosegment

andhowtogroupthetokens. Habashetal.(2009)provide Morphological

AnalysisandDisambiguationforArabictool(MADA)whichcanperform

wordanalysisandapplydifferentsegmentationschemes. MADAusesSup-

portVectorMachinetoselectthebestwordanalysisfromalistofanalyses

providedbyBuckwalterArabicMorphologicalAnalyzer(BAMA)(Buckwalter,

2004).
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Arabic

Buckwalter wstqdm xdmthA bAltςAwn mςhm
Translation andshewilloffer herservice incollaboration withthem

D1 w+ stqdm xdmthA bAltςAwn mςhm
D2 w+s+tqdm xdmthA b+ AltςAwn mςhm
D3 w+s+tqdm xdmp +hA b+ Al+tςAwn mς+hm
S2 w+s+tqdm xdmp +hA b+Al+tςAwn mς+hm
ATB w+s+tqdm xdmp +hA b+ AltςAwn mς+hm

Table3.1:DifferentsegmentationschemespresentedinliteratureforArabic.
WereferthereadertoHabash(2010)foracompletelistofschemes.

Thechoiceofthelevelofgranularityinsegmentationusuallydependson

thetask.Acertainsegmentationscheme,thatworkswellforInformationRe-

trieval,mightcomplicatetheprocessinMachineTranslation,andviceversa.

SeveralsegmentationschemeswereproposedinliteratureforArabic.Eachof

thesegmentationschemesdifferinwheresegmentationisapplied.Table3.2.1

showscommonlyusedsegmentationschemesforArabic,wherethesegmenta-

tionpointisdecidedbasedonthegeneralformofArabicword.Theseschemes

werepresentedbySadatandHabash(2006),exceptforS2thatwaspresented

byBadretal.(2008)

•D1:segmentsquestionandconjunctionclitics

•D2:segmentsquestion,conjunctionandparticleclitics

•D3:segmentsallclitics

•S2:segmentsallclitics,butgroupsenclitics(question,conjunction,par-

ticleanddeterminer)togetherasonetoken.

•ATB:thePennArabicTreebanksegmentationschemesegmentsallcl-

iticsexceptfordeterminerproclitic Alwhichisleftattachedtothe

baseform.

WeadoptthePennArabicTreebank(PATB)segmentationschemeinallof

ourexperimentsinthisdissertation.ElKholyandHabash(2012a)showin
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anexperimentalstudythatithasthebestimpactonEnglish-ArabicSMT

comparedtootherschemes.

3.2.2 Desegmentation

WhentranslatingfromArabicintoEnglish,thesegmentationisaformofpre-

processing,andtheoutputtranslationisreadable,space-separatedEnglish.

However,whentranslatingfromEnglishtoArabic,theoutputwillbeina

segmentedform,whichcannotbecomparedtotheoriginalunsegmentedref-

erence.Simplyconcatenatingthesegmentedmorphemescannotfullyreverse

thisprocess,becauseofcharactertransformationsthatoccurredduringseg-

mentation.Hence,whentranslatingintoasegmentedlanguage,thesegmen-

tationmustbereversedtomakethegeneratedtextreadableandevaluable.

Desegmentationistheprocessofconvertingthesegmentedformofwords

intotheiroriginalorthographicallyandmorphologicallycorrectsurfaceform.

Thisincludesconcatenatingtokensintocompletewordsandreversingany

charactertransformationsthatmayhavetakenplace.Thetaskisconsidered

challengingsincetheprocesscanresultwithmultipledesegmentedoptions.

Forexample,thefollowingthreewords šrÂwh, šrAÂh,and

šrÂyhmeaning“itspurchase”differintheirHamzaform( ŵŷÂ)as

theyinflectfornominative,accusativeandgenitivecaserespectively. When

segmented,theysharethesamesegmentationform+ šrA’+h. Without

anyknowledgeofthecontextof+ šrA’+h,orthediacriticmarkappear-

ingontheHamzaorthecharacterpreceedingit(whichareusuallydropped

whenArabictextisprocessed),itwillbedifficulttoknowitsoriginalunseg-

mentedfrom.

Thesegmentationanddesegmentationoperationscanplaceawordinthree

differentstateswhenperformedinanyNLPtask.Toresolveanyambiguity

indefinitions(inlaterchapters),wedefinethewordstatesas:

•Segmented Word:isawordthatismorphologicallysegmentedandis

presentedinitssegmentedform

•Unsegmentedwordisawordinitsoriginalformandwasneverseg-
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mented. Wealsousethetermsurfaceformtodenoteawordinits

unsegmentedform.

•Desegmented Word:isawordthatwentthroughasegmentation

process,andwasthendesegmented. Noticethattheprocessofdeseg-

mentationdoesnotalwaysresultwiththeoriginalwordformbefore

segmentationi.eitsunsegmentedwordform

Thetechniquesproposedforthedesegmentationtaskfallintothreecat-

egories:simple,rule-basedandtable-based(Badretal.,2008). Wedevote

Chapter4todiscusstheseapproachesindetailwiththeirlimitations.

3.3 SyntacticChallenges

WordorderinArabichassomedegreeoffreedom,thusaffectedbythesyntac-

ticrelationsrepresentedwithinthecomplexmorphology.Arabicsentencescan

havedifferentwordorder,butsomecasesappearmorethanothers. Arabic

hasbothnominalsentences(startswithanoun)andverbalsentences,butthe

verbalsentencesaremorefrequent.Inmachinetranslation,thiswillhavean

influenceonthefluencywhentranslatingintoArabic,assentencesinEnglish

aremainlynominal(exceptforimperativesentences). AdjectivesinArabic

followthenountheymodifyandtheidafanounphrase.Idafaconstructis

similartotheEnglishpossessiveandcompoundnouns. Forexample,“the

student’snotebook”istranslatedto “notebookthe-student”in

Arabic.InSubject-Verb-Objectsentences,theverbagreeswiththesubject

ingenderandnumber.InVerb-subject-objectordersentences,theverbonly

agreesingender.AlsotheverbsubjectsinArabiccanbedropped(thereader

usuallyinfersitfromtheverbconjugation).

Phrase-basedSMThassomelimitationsinmodelingthesyntacticalrela-

tionshipsincephrasesinSMTaregeneratedbythealignmentandnotbya

syntacticparser.Thisresultsinlimitationsinhandlinglongdistanceagree-

mentappearingintheselectedphrasesbythedecoder.Suchlongdistance

dependenciesareaffectedbythedifferencesbetweensyntaxstructureinEn-

23



glishandArabic.

3.4 Summary

Inthischapter,wehighlightedthemainproblemspertainingtothecomplexity

oftheArabiclanguageinNLPtasks. Wediscussedthemainchallengesrelated

toorthography, morphologyandsyntax.Inthisthesis,wedonottryto

solvechallengesrelatedtoArabicsyntax. Wemainlyconcentrateonproviding

solutionsrelatedtomorphologyinthecontextofSMTandsentimentanalysis.
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Chapter4

Reversing Morphological
SegmentationinEnglish-to-Arabic
SMT

Inthepreviouschapter,wediscussed“segmentation”asasolutionthatover-

comesthemorphologicalcomplexityoftheArabiclanguage.Theadvantages

ofArabicmorphologicalsegmentationinSMTappearsasareductioninlexi-

calsparsityandimprovedcorrespondencebetweenEnglishandArabictokens.

Nevertheless,theoutputofsuchsystemissegmentedandunreadableArabic.

Recombiningsegmentedtokenstogenerateoriginalwordformsisnotatrivial

task,duetomorphological,phonologicalandorthographicadjustmentsthat

occurduringsegmentation.Inthischapter,weaddress“desegmentation”as

anindispensableprocessintheSMTpipelinewhichhandlesthisproblem. We

reviewanumberofdesegmentationschemesforArabic,suchasrule-basedand

table-basedapproachesandshowtheirlimitations. Wethenproposeanovel

desegmentationschemethatusesacharacter-leveldiscriminativestringtrans-

ducertopredicttheoriginalformofasegmentedword.Inacomparisonto

astate-of-the-artapproachbyElKholyandHabash(2012a),wedemonstrate

slightlybetterdesegmentationerrorrateswithouttheneedforanyhandcrafted

rules. WealsodemonstratetheeffectivenessofourapproachinanEnglish-to-

Arabictranslationtask.
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4.1 Introduction

Statisticalmachinetranslation(SMT)reliesonsegmentationtosplitsentences

intomeaningfulunitsforeasyprocessing.Formorphologicallycomplexlan-

guages,suchasArabicorTurkish,thismayinvolvesplittingwordsintomor-

phemes.Throughoutthisthesis,weadoptthedefinitionoftokenizationpro-

posedbyHabash(2010),whichincorporatesbothmorphologicalsegmentation

aswellasorthographiccharactertransformations(unlessstatedotherwise).To

useanEnglishexample,thewordtrieswouldbemorphologicallysegmented

as“try+s”,whichinvolvesorthographicchangesatmorphemeboundaries

tomatchthelexicalformofeachtoken. Whentranslatingintoasegmented

language,thesegmentationmustbereversedtomakethegeneratedtextread-

ableandevaluable. Desegmentationistheprocessofconvertingtokenized

wordsintotheiroriginalorthographicallyandmorphologicallycorrectsurface

form.Thisincludesconcatenatingtokensintocompletewordsandreversing

anycharactertransformationsthatmayhavetakenplace.

ForlanguageslikeArabic,segmentationcanfacilitateSMTbyreducing

lexicalsparsity.Figure4.1showshowthemorphologicalsegmentationofthe

Arabicword “andhewillpreventthem”simplifiesthecorrespondence

betweenArabicandEnglishtokens,whichinturncanimprovethequalityof

wordalignment,ruleextractionanddecoding. WhentranslatingfromArabic

intoEnglish,thesegmentationisaformofpreprocessing,andtheoutputtrans-

lationisreadable,space-separatedEnglish. However,whentranslatingfrom

EnglishtoArabic,theoutputwillbeinasegmentedform,whichcannotbe

comparedtotheoriginalreferencewithoutdesegmentation.Simplyconcate-

natingthesegmentedmorphemescannotfullyreversethisprocess,becauseof

charactertransformationsthatoccurredduringsegmentation.

Thetechniquesthathavebeenproposedforthedesegmentationtaskfall

intothreecategories(Badretal.,2008). Thesimplestdesegmentationap-

proachconcatenatesmorphemesbasedontokenmarkerswithoutanyadjust-

ment.Table-baseddesegmentationmapssegmentedwordsintotheirsurface

formwithalook-uptablebuiltbyobservingthesegmenter’sinputandout-
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Figure4.1:Alignmentbetweentokenizedformof“wsymnςhm” and
itsEnglishtranslation.

putonlargeamountsoftext.Rule-baseddesegmentationreliesonhand-built

rulesorregularexpressionstoconvertthesegmentedformintotheoriginal

surfaceform. Othertechniquesusecombinationsoftheseapproaches.Each

approachhasitslimitations:rule-basedapproachesarelanguagespecificand

brittle,whiletable-basedapproachesfailtodealwithsequencesoutsideof

theirtables.

Wepresentanewdetokenizationapproachthatappliesadiscriminative

sequencemodeltopredicttheoriginalformofthetokenizedword.Liketable-

basedapproaches,oursequencemodelrequireslargeamountsoftokenizer

input-outputpairs;butinsteadofbuildingatable,weusethesepairsastrain-

ingdata.Byusingfeaturesthatconsiderlargewindowsofwithin-wordinput

context,weareabletointelligentlytransitionbetweenrule-likeandtable-like

behavior.

OurexperimentalresultsonArabictextdemonstrateanimprovementin

termsofsentenceerrorrate1of11.9pointsoverarule-basedapproach,and1.1

pointsoveratable-basedapproachthatbacksofftorules. Moreimportantly,

weachieveaslightimprovementoverthestate-of-the-artapproachofElKholy

andHabash(2012a),whichcombinesrulesandtables,usinga5-gramword-

basedlanguagemodeltodisambiguateconflictingtableentries.Inaddition,

1SentenceErrorrateisthepercentageofsentencescontainingatleastoneerrorafter
desegmentation.
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ourdesegmentationmethodresultsinasmallBLEUimprovementoverarule-

basedapproachwhenappliedtoEnglish-to-ArabicSMT.

4.2 Related Work

SadatandHabash(2006)addresstheissueoflexicalsparsitybypresentingdif-

ferentpreprocessingschemesforArabictoEnglishSMT.Theschemesinclude

simplesegmentation,orthographicnormalization,anddecliticization. The

combinationoftheseschemesresultsinimprovedtranslationoutput.Thisis

oneofmanystudiesonnormalizationandsegmentationfortranslationfrom

Arabic,whichwewillnotattempttoreviewcompletelyhere.

Badretal.(2008)showthatsegmentingArabicalsohasapositiveinfluence

onEnglishtoArabicSMT.TheyapplytwosegmentationschemesonArabic

textandintroducedesegmentationschemesthrougharule-basedapproach,a

table-basedapproach,andacombinationofboth.Thecombinationapproach

desegmentswordsfirstusingthetable,fallingbackonrulesforsequencesnot

foundinthetable.

ElKholyandHabash(2012a)extendBadr’sworkbypresentingalarger

numberofsegmentationanddesegmentationschemesandcomparingtheiref-

fectsonSMT.Theyintroduceanadditionaldesegmentationschemesbased

ontheSRILMdisambigutility(Stolcke,2002),whichutilizesa5-gramun-

segmentedlanguagemodeltodecideamongdifferentalternativesfoundin

thetable. TheytesttheirschemesonnaturallyoccurringArabictextand

SMToutput. Theirnewlyintroduceddesegmentationschemeoutperforms

therule-basedandtable-basedapproachesintroducedbyBadretal.(2008),

establishingthecurrentstate-of-the-art.

4.2.1 DesegmentationSchemesinDetail

Rule-baseddesegmentationinvolvesmanuallydefiningasetoftransformation

rulestoconvertasequenceofsegmentedtokensintotheirsurfaceform.For

example,thenoun“llr̂yys” “tothepresident”istokenizedas”l+Alr̂yys”

(l+“to”Alr̂yys“thepresident”)inthePATBtokenizationscheme. Note
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Rule Segmented Desegmented
l+Al→ ll l+Alr̂yys llr̂yys
ћ+(pron)→ t(pron) Abnћ+hA AbnthA
y+(pron)→ A(pron) Alqy+h AlqAh
’+(pron)→ ŷ AntmA’+hm AntmÂyhm
y+y→ y ςyny+y ςyny
n+n→ n mn+nA mnA
mn+m→ mm mn+mA mmA
ςn+m→ ςm ςn+mA ςmA
An+lA→ AlA An+lA AlA

Table4.1:DesegmentationrulesofElKholyandHabash(2012a),withexam-
ples.pronstandsforpronominalclitic

thatthedefinitearticle“Al” iskeptattachedtothenoun.Inthiscase,

detokenizationrequiresacharacter-leveltransformationafterconcatenation,

whichwecangeneralizeusingtherule:

l+Al→ ll.

Table4.1showstherulesprovidedbyElKholyandHabash(2012a),which

weemploythroughoutthischapter.

Therearetwoprincipalproblemswiththerule-basedapproach.First,rules

failtoaccountforunusualcases. Forexample,theaboverulemishandles

caseswhere“Al” isabasicpartofthestemandnotthedefinitearticle

“the”.Thus,’l+AlςAb’(l+“to”AlςAb“games”)iserroneouslydesegmentedto

llEAb insteadofthecorrectformis“lAlςAb” .Second,rulesmay

failtohandlesequencesproducedbysegmentationerrors.Forexample,the

word“bslTћ” “withpower”canbeerroneouslysegmentedas”b+slT+h”,

whilethecorrectsegmentationis“b+slTћ”.Theerroneoussegmentationwill

beincorrectlydesegmentedas”bslTh”.

Thetable-basedapproachmemorizesmappingsbetweenwordsandtheir

segmentedform.Suchatableiseasilyconstructedbyrunningthesegmenter

onalargeamountofArabictext,andobservingtheinputandoutput.The

desegmentationprocessconsultsthistabletoretrievetheunsegmentedsurface

formsofsegmentedwords.Inthecasewhereasegmentedwordhasseveral

observedsurfaceforms,themostfrequentformisselected.Thisapproachfails
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whenthesequenceofsegmentedwordsisnotinthetable.Inmorphologically

complexlanguageslikeArabic,aninflectedbasewordcanattractmanyop-

tionalclitics,andtablesmaynotincludealldifferentformsandinflectionsof

aword.

TheSRILM-disambigschemeintroducedbyElKholyandHabash(2012a)

extendsthetablebasedapproachtouseanunsegmentedArabiclanguage

modeltodisambiguateamongthedifferentalternatives. Hence,thisscheme

can makecontext-dependentdesegmentationdecisions,ratherthanalways

producingthemostfrequentunsegmentedsurfaceform. BoththeSRILM-

disambigschemeandthetable-basedschemehavetheoptiontofallbackon

eitherrulesorsimpleconcatenationforsequencesmissingfromthetable.

4.3 DesegmentationasStringTransduction

Weproposetoapproachdesegmentationasastringtransductiontask. A

stringtransducermapsbetweentwosetsofcharactersymbols.Inthistask,

thetransducermapsfromcharactersofthesegmentedformtocharactersofthe

desegmentedform. Wetrainadiscriminativetransduceronasetofsegmented-

unsegmentedwordpairs.Thesetofpairsisinitiallyalignedonthecharacter

level,andthealignmentpairsbecometheoperationsthatareappliedduring

transduction.Fordesegmentation,mostoperationssimplycopyovercharac-

ters,butmorecomplexrulessuchasl+Al→llarelearnedfromthetraining

dataaswell.

ThetoolthatweusetoperformthetransductionisDirecTL+,adis-

criminative,character-levelstringtransducer,whichwasoriginallydesigned

forletter-to-phonemeconversion(Jiampojamarnetal.,2008). Toalignthe

charactersineachtrainingexample,DirecTL+usesanEM-basedM2M-

Aligner(Jiampojamarnetal.,2007). Afteralignmentiscomplete, MIRA

trainingrepeatedlydecodesthetrainingsettotunethefeaturesthatdetermine

wheneachoperationshouldbeapplied.Thefeaturesincludebothcharacter-

basedn-gramsourcecontextandHMM-styletargettransitions.DirecTL+

employsafullydiscriminativedecodertolearncharactertransformationsand
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whentheyshouldbeapplied.Thedecoderresemblesamonotonephrase-based

SMTdecoder,butisbuilttoallowforhundredsofthousandsoffeatures.

Thefollowingexampleillustrateshowstringtransductionappliestodeseg-

mentation.ThesegmentedandsurfaceformsofbbrAςthm “withtheir

skill”constituteatraininginstance:

b+_brAςћ_+hm→ bbrAςthm

Theinstanceisalignedduringthetrainingphaseas:

b+ _b r A ς ћ_ + h m
| | | | | | | | |
b b r A ς t h m

Theunderscore“_”indicatesaspace,while“”denotesanemptystring.The

followingoperationsareextractedfromthealignment:

•b+→ b

•_b→ b

•r→ r

•A→ A

•ς→ ς

•ћ_→ t

•+→

•h→ h

•m→ m

Duringtraining,weightsareassignedtofeaturesthatassociateoperations

withcontext.Inourrunningexample,theweightassignedtotheb+→ b

operationaccountsfortheoperationitself,forthefactthattheoperation

appearsatthebeginningofaword,andforthefactthatitisfollowedbyan

underscore;infact,weemployacontextwindowof5characterstotheleftor

rightofthesourcesubstring“b+”,creatingafeatureforeachcharacter-based

n-graminthatwindow.

Modelingthesegmentationproblemasstringtransductionhasseveralad-

vantages. Theapproachiscompletelylanguage-independent. Thecontext-

sensitiverulesarelearnedautomaticallyfromexamples,withouthumaninter-

vention. Therulesandfeaturescanberepresentedinamorecompactway

thanthefullmappingtablerequiredbytable-basedapproaches,whilestill

elegantlyhandlingwordsthatwerenotseenduringtraining.Also,sincethe

trainingdataisgeneralizedmoreefficientlythaninsimplememorizationof
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completesegmented-unsegmentedpairs,lesstrainingdatashouldbeneeded

toachievegoodaccuracy.

4.4 Experiments

Thissectionpresentstwoexperimentsthatevaluatetheeffectofthedeseg-

mentationschemesonbothnaturallyoccurringArabicandSMToutput.

4.4.1 Data

Tobuildourdata-drivendesegmenters,weusetheArabicpartof4Arabic-

EnglishparalleldatasetsfromtheLinguisticDataConsortiumastrainingdata.

Thedatasetsare:ArabicNews(LDC2004T17),eTIRR(LDC2004E72),En-

glishtranslationofArabicTreebank(LDC2005E46),andUmmah(LDC2004T18).

Thetrainingdatahas107Ksentences.TheArabicpartofthetrainingdata

constitutesaround2.8millionwords,3.3milliontokensaftersegmentation,

and122Kwordtypesafterfilteringpunctuationmarks,Latinwordsandnum-

bers(RefertoTable4.2fordetailedcounts).

FortrainingtheSMTsystem’stranslationandre-orderingmodels,weuse

thesame4datasetsfromLDC.Wealsouse200MillionwordsfromLDCArabic

Gigawordcorpus(LDC2011T11)togeneratea5-gramsegmented/unsegmented

languagemodelusingSRILMtoolkit(Stolcke,2002).

WeuseNIST MT2004evaluationsetfortuning(1075sentences),and

NISTMT2005evaluationssetfortesting(1056sentences).BothMT04and

MT05havemultipleEnglishreferencesinordertoevaluateArabictoEnglish

translation.AswearetranslatingintoArabic,wetakethefirstEnglishtrans-

lationtobeoursourceineachcase. WealsousetheArabichalvesofMT04

andMT05asdevelopmentandtestsetsforourexperimentsonnaturallyoc-

curringArabic.ThesegmentedArabicisourinput,withtheoriginalArabic

asourgold-standarddesegmentation.

TheArabictextofthetraining,development,testingsetandlanguage

modelareallsegmentedusingMADA3.2(Habashetal.,2009)withthePenn

ArabicTreebanksegmentationscheme.TheEnglishtextintheparallelcorpus
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islower-casedandsegmentedinthetraditionalsensetostrippunctuation

marks.

4.4.2 ExperimentalSetup

Totrainthedesegmentationsystems,wegenerateatableofmappingsfrom

segmentedformstosurfaceformsbasedontheArabicpartofour4parallel

datasets,givinguscompletecoverageoftheoutputvocabularyofourSMT

system.Inthetable-basedapproached,ifasegmentedformismappedto

morethanonesurfaceform,weusethemostfrequentsurfaceform.Forout-

of-tablewords,wefallbackonconcatenation(inT)orrules(inT+R).For

SRILM-Disambigdesegmentation,wemaintainambiguoustableentriesalong

withtheirfrequencies,andweintroducea5-gramlanguagemodeltodisam-

biguatedesegmentationchoicesincontext.Likethetable-basedapproaches,

theDisambigapproachcanbackofftoeithersimpleconcatenation(T+LM)

orrules(T+R+LM)formissingentries.Thelatterisare-implementationof

thestate-of-the-artsystempresentedbyElKholyandHabash(2012a).

Wetrainourdiscriminativestringtransducerusingwordtypesfromthe4

LDCcatalogs. WeuseM2M-Aligner togeneratea2-to-1characteralign-

mentsbetweensegmentedformsandsurfaceforms.Forthedecoder,weset

Markovordertoone,jointn-gramfeaturesto5,n-gramsizeto11,andcontext

sizeto5.Thismeansthedecodercananutilizecontextsupto11characters

long,allowingittoeffectivelymemorizemanywords. Wefoundthesesettings

usinggridsearchonthedevelopmentset,NISTMT04.

FortheSMTexperiment,weuseGIZA++forthealignmentbetweenEn-

glishandsegmentedArabic,andperformthetranslationusingMosesphrase-

basedSMTsystem(Hoangetal.,2007),withamaximumphraselengthof5.

WeapplyeachdesegmentationschemeontheSMTsegmentedArabicoutput

testset,andevaluateusingtheBLEUscore(Papinenietal.,2002).

4.4.3 Results

Table4.3showstheperformanceofseveraldesegmentationschemes.Foreval-

uation,weusethesentenceandworderrorratesonnaturallyoccurringArabic
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Dataset Before After
trainingset 122,720 61,943
MT04 8,201 2,542
MT05 7,719 2,429

Table4.2:Typecountsbybeforeandaftersegmentation.

Desegmentation WER SER BLEU
Baseline 1.710 34.3 26.30
Rules(R) 0.590 14.0 28.32
Table(T) 0.192 4.9 28.54
Table+Rules(T+R) 0.122 3.2 28.55
Disambig(T+LM) 0.164 4.1 28.53
Disambig(T+R+LM) 0.094 2.4 28.54
DirecTL+ 0.087 2.1 28.55
Disambig+DirecTL+ 0.038 1.0 28.56

Table4.3: Wordandsentenceerrorrateofdesegmentationschemesonthe
ArabicreferencetextofNISTMT05.BLEUscorereferstotheEnglish-Arabic
SMToutput.

text,andBLEUscoreonsegmentedArabicoutputoftheSMTsystem.The

baselinescheme,whichisasimpleconcatenationofmorphemes,introduces

errorsinoverathirdofallsentences.Thetable-basedapproachoutperforms

therule-basedapproach,indicatingthattherearefrequentexceptionstothe

rulesinTable1thatrequirememorization. Theircombination(T+R)fares

better,leveragingthestrengthsofbothapproaches.TheadditionofSRILM-

Disambigproducesfurtherimprovementsasitusesalanguagemodelcontext

todisambiguatethecorrectdesegmentedwordform.Oursystemoutperforms

SRILM-Disambigbyaveryslightmargin,indicatingthatthetwosystems

areroughlyequal. Thisisinteresting,asitisabletodosobyusingonly

featuresderivedfromthesegmentedworditself;unlikeSRILM-Disambig,it

hasnoaccesstothesurroundingwordstoinformitsdecisions.Furthermore,

weintegrateoursystemwithSRILM-Disambig,suchthatitdisambiguates

betweenthen-bestdesegmentationoptionsthatDirecTL+outputs. The

integrationresultswiththelowesterrorrateduetoanaddedbenefitfrom

accesstothecontextofthedesegmentedword.Thislevelofperformanceis
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achievedwithoutanymanuallyconstructedrules.

ImprovementsindesegmentationdocontributetotheBLEUscoreofour

SMTsystem,butonlytoapoint.Table4.3showsthreetiersofperformance,

withnodesegmentationbeingtheworst,therulesbeingbetter,andthevarious

data-drivenapproachesperformingbest.After WERdipsbelow0.2,further

improvementsseemtonolongeraffectSMTquality.NotethatBLEUscores

aremuchloweroverallthanonewouldexpectforthetranslationinthereverse

direction,becauseofthemorphologicalcomplexityofArabic,andtheuseof

one(asopposedtofour)referencesforevaluation.

4.4.4 Analysis

Thesentenceerrorrateof2.1representsonly21errorsthatourapproach

makes. Amongthose21,11errorsarecausedbychangingћtohandvice

versa. Thisisduetowritingpandhinterchangeably. Forexample,“Aj-

mAly+h”wasdesegmentedas”AjmAlyћ” insteadof”AjmAlyh” .

Another4errorsarecausedbecauseofthelackofdiacritization,whichaffects

thechoiceoftheHamzaform.Forexample,”bnÂwh” ,“bnÂyh” and

”bnA’h” (”itsbuilding”)are3differentformsofthesamewordwherethe

choiceofHamza isdependentontheitsdiacriticalmarkorthemarkof

thecharacterthatprecedesit. Another3errorsareattributedtothecase

ofthenominalwhichitinflectsfor. Thecaseisaffectedbythecontextof

thenounwhichDirecTL+hasnoaccessto. Forexample,“mfkry+hm”

(”thinkers/Dual-Accusative”)wasdesegmentedas”mfkrAhm” (Dual-

Nominative)insteadof”mfkryhm” .Thelast3errorsarespecialcases

of“An+y”whichcanbedesegmentedcorrectlyaseither“Any” or”Anny”

.

Thetable-baseddesegmentationschemefailsin54cases. Amongthese

instances,44casesarenotinthemappingtable,henceresolvingbacktosim-

pleconcatenationendedwithanerror. Ourtransductionapproachsucceeds

indesegmenting42casesoutofthe54.Themajorityofthesecasesinvolves

changingћtohandviceversaandchangingl+Altoll.Theonly2instances

wherethesegmentedwordisinthemappingtablebutDirecTL+incorrectly
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desegmentsitareduetoHamzacaseandћtohcasedescribedabove.There

are4instancesofthesameword/casewhereboththetableschemeandDi-

recTL+failduetoerrorofsegmentationbyMADA,wherethepropername

qwh iserroneouslysegmentedasqw+ћ. ThisshowsthatDirecTL+

handlestheOOVcorrectly.

TheDisambig(T+R+LM)erroneouslydesegments27instances,where21

outofthemarecorrectlysegmentedbyDirecTL+. Mostoftheerrorsare

duetotheHamzaandћtohreasons.Itseemsthatevenwithalargesize

languagemodel,theSRILMutilityneedsalargemappingtabletoperform

well. Only4instanceswereerroneouslydesegmentedbybothDisambigand

DirecTL+duetoHamzaandthecaseofthenominal.

Theanalysisshowsthatusingsmallsizetrainingdata,DirecTL+can

achieveslightlybetteraccuracythanSRILMscheme.Thelimitationsofusing

tableandrulesarehandledwithDirecTL+asitisabletomemorizemore

rules.

4.5 Summary

Inthischapter,weaddressedthedesegmentationproblemforArabicusing

DirecTL+,adiscriminativetrainingmodelforstringtransduction. Our

systemperformsthebestamongtheavailablesystems.Itmanagestosolve

problemscausedbylimitationsoftable-basedandrule-basedsystems. This

allowsustosurpasstheperformanceoftheSRILM-disambigapproachwithout

usinghand-craftedrules.
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Chapter5

LatticeDesegmentationfor
Statistical MachineTranslation

Inthepreviouschapter,weaddresseddesegmentationasapost-processing

stepintheSMTpipelinethatdesegmentsthe1-best-outputfromthede-

coder. Weprovidedasolutionthataddressthetaskasastringtransduction

problem.Ourtechniqueresultedwithanearperfectdesegmentationonnat-

urallyoccurringArabictext,whilenoimprovementisshownonArabicSMT

output. Desegmentationasapost-processingtechniquecouldnotovercome

errorspropagatedbythedecoder.Inthischapter,weaimtobenefitfromde-

segmentationbyintegratingitintotheSMTprocess.Insteadofdesegmenting

the1-best-output,weexpandourtranslationoptionsbydesegmentingn-best

listsorlattices. Weprovideanovellatticedesegmentationalgorithmthat

effectivelycombinesbothsegmentedanddesegmentedviewsofthetargetlan-

guageforalargesubspaceofpossibletranslationoutputs,whichallowsfor

inclusionoffeaturesrelatedtothedesegmentationprocess,aswellasanun-

segmentedlanguagemodel(LM).Weinvestigatethistechniqueinthecontext

ofEnglish-to-ArabicandEnglish-to-Finnishtranslation,showingsignificant

improvementsintranslationqualityoverdesegmentationof1-bestdecoder

outputs.
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5.1 Introduction

Morphologicalsegmentationisconsideredtobeindispensablewhentranslat-

ingbetweenEnglishandmorphologicallycomplexlanguagessuchasArabic.

MorphologicalcomplexityleadstomuchhighertypetotokenratiosthanEn-

glish,whichcancreatesparsityproblemsduringtranslationmodelestimation.

Morphologicalsegmentationaddressesthisissuebysplittingsurfaceformsinto

meaningfulmorphemes,whilealsoperformingorthographictransformationsto

furtherreducesparsity.Forexample,theArabicnoun lldwl“tothecoun-

tries”issegmentedasl+“to”Aldwl“thecountries”. Whentranslatingfrom

Arabic,thissegmentationprocessisperformedasinputpreprocessingandis

otherwisetransparenttothetranslationsystem. However,whentranslating

intoArabic,thedecoderproducessegmentedoutput,whichmustbedeseg-

mentedtoproducereadabletext.Forexample,l+Aldwlmustbeconverted

tolldwl.

Desegmentationistypicallyperformedasapost-processingstepthatis

independentfromthedecodingprocess. Whilethisdivisionoflaborisuseful,

thepipelineapproachmaypreventthedesegmenterfromrecoveringfromerrors

madebythedecoder.Despitetheeffortsofthedecoder’svariouscomponent

models,thesystemmayproducemismatchingsegments,suchass+hzymp,

whichpairsthefutureparticles+“will”withanounhzymp“defeat”,insteadof

averb.Inthisscenario,thereisnorightdesegmentation;thepost-processor

hasbeendealtalosinghand.

Inthischapter,weshowthatitispossibletomaintainthesparsity-reducing

benefitofsegmentationwhiletranslatingdirectlyintounsegmentedtext. We

desegmentalargesetofpossibledecoderoutputsbyprocessingn-bestlists

orlattices,whichallowsustoconsiderboththesegmentedanddesegmented

outputbeforelockinginthedecoder’sdecision. Wedemonstratethatsignifi-

cantimprovementsintranslationqualitycanbeachievedbytrainingalinear

modeltore-rankthistransformedtranslationspace.
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5.2 Related Work

Translatingintomorphologicallycomplexlanguagesisachallengingandinter-

estingtaskthathasreceivedmuchrecentattention. Mosttechniquesapproach

theproblembytransformingthetargetlanguageinsomemannerbeforetrain-

ingthetranslationmodel.Theydifferinwhattransformationsareperformed

andatwhatstagetheyarereversed.Thetransformationmighttaketheform

ofamorphologicalanalysisoramorphologicalsegmentation.

5.2.1 MorphologicalAnalysis

Manylanguageshaveaccesstomorphologicalanalyzers,whichannotatesur-

faceformswiththeirlemmasandmorphologicalfeatures. Bojar(2007)in-

corporatessuchanalysesintoafactoredmodel,toeitherincludealanguage

modelovertargetmorphologicaltags,ormodelthegenerationofmorpho-

logicalfeatures. OtherapproachestrainanSMTsystemtopredictlemmas

insteadofsurfaceforms,andtheninflecttheSMToutputasapost-processing

step(Minkovetal.,2007;CliftonandSarkar,2011;Fraseretal.,2012;ElKholy

andHabash,2012b).Alternatively,onecanreparameterizeexistingphraseta-

blesasexponentialmodels,sothattranslationprobabilitiesaccountforsource

contextandmorphologicalfeatures(Jeongetal.,2010;Subotin,2011). Of

theseapproaches,oursismostsimilartothetranslate-then-inflectapproach,

exceptwetranslateandthendesegment.Inparticular,Toutanovaetal.(2008)

inflectandre-rankn-bestlistsinasimilarmannertohowwedesegmentand

re-rankn-bestlistsorlattices.

5.2.2 MorphologicalSegmentation

Insteadofproducinganabstractfeaturelayer,morphologicalsegmentation

transformsthetargetsentencebysegmentingrelevantmorphemes,whichare

thenhandledasregulartokensduringalignmentandtranslation.Thisisdone

toreducesparsityandtoimprovecorrespondencewiththesourcelanguage

(usuallyEnglish).Suchasegmentationcanbeproducedasabyproductof

analysis(OflazerandDurgarEl-Kahlout,2007;Badretal.,2008;ElKholy

39



andHabash,2012a),ormaybeproducedusinganunsupervisedmorphologi-

calsegmentersuchasMorfessor(Luongetal.,2010;CliftonandSarkar,2011).

WorkontargetlanguagemorphologicalsegmentationforSMTcanbedivided

intothreesubproblems:segmentation,desegmentationandintegration.This

chapterisconcernedprimarilywiththeintegrationproblem,butwewilldis-

cusseachsubprobleminturn.

Theusefulnessofatargetsegmentationdependsonitscorrespondenceto

thesourcelanguage.Ifamorphologicalfeaturedoesnotmanifestitselfasa

separatetokeninthesource,thenitmaybebesttoleaveitscorresponding

segmentattachedtothestem.Anumberofstudieshavelookedintowhatgran-

ularityofsegmentationisbestsuitedforaparticularlanguagepair(Oflazer

andDurgarEl-Kahlout,2007;Badretal.,2008;CliftonandSarkar,2011;

ElKholyandHabash,2012a).Sinceourfocushereisonintegratingsegmen-

tationintothedecodingprocess,wesimplyadoptthesegmentationstrate-

giesrecommendedbypreviouswork:thePennArabicTreebankschemefor

English-Arabic(ElKholyandHabash,2012a),andanunsupervisedscheme

forEnglish-Finnish(CliftonandSarkar,2011).

Desegmentationistheprocessofconvertingsegmentedwordsintotheir

originalsurfaceform.Formanysegmentations,especiallyunsupervisedones,

thisamountstosimpleconcatenation.However,morecomplexsegmentations,

suchastheArabictokenizationprovidedbyMADA(Habashetal.,2009),re-

quirefurtherorthographicadjustmentstoreversenormalizationsperformed

duringsegmentation. Badretal.(2008)presenttwoArabicdesegmentation

schemes:table-basedandrule-based.ElKholyandHabash(2012a)provide

anextensivestudyontheinfluenceofsegmentationanddesegmentationon

English-to-ArabicSMT.Theyintroduceanadditionaldesegmentationtech-

niquethataugmentsthetable-basedapproachwithanunsegmentedlanguage

model.Aliteraturereviewonthedesegmentationtechniquesandtheirlimi-

tationshasbeencoveredinthepreviouschapter(section4.2.1).Also,wepro-

poseadiscriminatively-trainedcharactertransducerthatreplacesrule-based

desegmentation(section4.3).Inthischapterandthenexttwochapters(6

and7),weadopttheTable+RulesapproachofElKholyandHabash(2012a)
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forEnglish-Arabic,whileconcatenationissufficientforEnglish-Finnish.

WorkonintegrationattemptstoimproveSMTperformanceformorpho-

logicallycomplextargetlanguagesbygoingbeyondsimplepre-andpost-

processing. OflazerandDurgarEl-Kahlout(2007)desegment1000-bestlists

forEnglish-to-Turkishtranslationtoenablescoringwithanunsegmentedlan-

guagemodel. Unlikeourwork,theyreplacethesegmentedlanguagemodel

withtheunsegmentedone,allowingthemtotunethelinearmodelparameters

byhand. Weusebothsegmentedandunsegmentedlanguagemodels,andtune

automaticallytooptimizeBLEU.

Likeus,Luongetal.(2010)tuneonunsegmentedreferences,1andtrans-

latewithbothsegmentedandunsegmentedlanguagemodelsforEnglish-to-

Finnishtranslation. However,theyadoptaschemeofword-boundary-aware

morpheme-levelphraseextraction,meaningthattargetphrasesincludeonly

completewords,thoughthosewordsaresegmentedintomorphemes(thisap-

proachwillberevisitedinthenextchapter).Thisenablesfulldecoderinte-

gration,wherewedon-bestandlatticere-ranking. Butitalsocomesata

substantialcost:whentargetphrasesincludeonlycompletewords,thesys-

temcanonlygeneratewordformsthatwereseenduringtraining.Inthis

setting,thesparsityreductionfromsegmentationhelpswordalignmentand

targetlanguagemodeling,butitdoesnotresultinamoreexpressivetrans-

lationmodel. Furthermore,itbecomessubstantiallymoredifficulttohave

non-adjacentsourcetokenscontributemorphemestoasingletargetword.For

example,whentranslating“withhisbluecar”intotheArabic

bsyArthAlzrqA’,thetargetwordbsyArthiscomposedofthreetokens:b+

“with”,syArp“car”and+h“his”. Withword-boundary-awarephraseextrac-

tion,aphrasepaircontainingallof“withhisbluecar”musthavebeenseen

intheparalleldatatotranslatethephrasecorrectlyattesttime. Withlat-

ticedesegmentation,weneedonlytohaveseenAlzrqA’“blue”andthethree

morphologicalpiecesofbsyArthforthedecoderanddesegmentertoassemble

1Tuningonunsegmentedreferencesdoesnotrequiresubstantialmodificationstothe
standardSMTpipeline.Forexample,Badretal.(2008)alsotuneonunsegmentedreferences
bysimplydesegmentingSMToutputbeforeMERTcollectssufficientstatisticsforBLEU.

41



thephrase.

5.3 Methods

Ourgoalinthisworkistobenefitfromthesparsity-reducingpropertiesof

morphologicalsegmentationwhilesimultaneouslyallowingthesystemtorea-

sonaboutthefinalsurfaceformsofthetargetlanguage. Weapproachthis

problembyaugmentinganSMTsystembuiltovertargetsegmentswithfea-

turesthatreflectthedesegmentedtargetwords.Inthissection,wedescribe

ourvariousstrategiesfordesegmentingtheSMTsystem’soutputspace,along

withthefeaturesthatweaddtotakeadvantageofthisdesegmentedview.

5.3.1 Baselines

Thetwoobviousbaselineapproacheseachdecodeusingoneviewofthetarget

language. Theunsegmentedapproachtranslateswithoutsegmentingthe

target. Thistriviallyallowsforanunsegmentedlanguagemodelandnever

makesdesegmentationerrors.However,itsuffersfromdatasparsityandpoor

token-to-tokencorrespondencewiththesourcelanguage.

Theone-bestdesegmentationapproachsegmentsthetargetlanguage

attrainingtimeandthendesegmentstheone-bestoutputinpost-processing.

Thisresolvesthesparsityissue,butdoesnotallowthedecodertotakeinto

accountfeaturesofthedesegmentedtarget. Tothebestofourknowledge,

wearethefirstgrouptogobeyondone-bestdesegmentationforEnglish-to-

Arabictranslation.InEnglish-to-Finnish,althoughalternativeintegration

strategieshaveseensomesuccess(Luongetal.,2010),thecurrentstate-of-

the-artperformsone-best-desegmentation(CliftonandSarkar,2011).

5.3.2 n-bestDesegmentation

Theone-bestapproachcanbeextendedeasilybydesegmentingn-bestlistsof

segmenteddecoderoutput.Doingsoenablestheinclusionofanunsegmented

targetlanguagemodel,andwithasmallamountofbookkeeping,italsoallows

theinclusionoffeaturesrelatedtotheoperationsperformedduringdeseg-
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mentation(seeSection5.3.4). Withnewfeaturesreflectingthedesegmented

output,wecanre-tuneourenhancedlinearmodelonadevelopmentset.Fol-

lowingpreviouswork,wewilldesegment1000-bestlists(OflazerandDurgar

El-Kahlout,2007).

Oncen-bestlistshavebeendesegmented,wecantuneonunsegmentedref-

erencesasaside-benefit.Thiscouldimprovetranslationquality,asitbrings

ourtrainingscenarioclosertoourtestscenario(testBLEUisalwaysmea-

suredonunsegmentedreferences).Inparticular,itcouldaddressissueswith

translationlengthmismatch.Previousworkthathastunedonunsegmented

referenceshasreportedmixedresults(Badretal.,2008;Luongetal.,2010).

5.3.3 LatticeDesegmentation

Ann-bestlistreflectsatinyportionofadecoder’ssearchspace,typically

fixedat1000hypotheses.Lattices2canrepresentanexponentialnumberof

hypothesesinacompactstructure.Inthissection,wediscusshowalattice

fromamulti-stackphrase-baseddecodersuchasMoses(Koehnetal.,2007)

canbedesegmentedtoenableword-levelfeatures.

FiniteStateAnalogy

Aphrase-baseddecoderproducesitsoutputfromlefttoright,witheachoper-

ationappendingthetranslationofasourcephrasetoagrowingtargethypoth-

esis. Translationcontinuesuntileachsourcewordhasbeencoveredexactly

once(Koehnetal.,2003).

Thesearchgraphofaphrase-baseddecodercanbeinterpretedasalattice,

whichcanbeinterpretedasafinitestateacceptorovertargetstrings.Inits

mostnaturalform,suchanacceptoremitstargetphrasesoneachedge,but

itcaneasilybetransformedintoaformwithoneedgepertoken,asshown

inFigure5.1a.Thisissometimesreferredtoasawordgraph(Ueffingetal.,

2002),althoughinourcasethesegmentedphrasetablealsoproducestokens

thatcorrespondtomorphemes.

2Orforestsforhierarchicalandsyntacticdecoders.
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Figure5.1:ThefinitestatepipelineforalatticetranslatingtheEnglishfrag-
ment“withthechild’sgame”.Theinputmorphemelattice(a)isdesegmented
bycomposingitwiththedesegmentingtransducer(b)toproducetheword
lattice(c).Thetokensin(a)are:b+“with”,lEbp“game”,+hm“their”,+hA
“her”,andAlTfl“thechild”.

Ourgoalistodesegmentthedecoder’soutputlattice,andindoingso,

gainaccesstoacompact,desegmentedviewofalargeportionofthetrans-

lationsearchspace.Thiscanbeaccomplishedbycomposingthelatticewith

adesegmentingtransducerthatconsumesmorphemesandoutputsdeseg-

mentedwords. Thistransducermustbeabletoconsumeeverywordinour

lattice’soutputvocabulary. Wedefineawordusingthefollowingregularex-

pression:

[prefix]*[stem][suffix]*|[prefix]+[suffix]+ (5.1)

where[prefix],[stem]and[suffix]arenon-overlappingsetsofmorphemes,whose

membersareeasilydeterminedusingthesegmenter’ssegmentboundarymark-

ers.3 TheseconddisjunctofEquation5.1coverswordsthathavenoclear

stem,suchastheArabic lh“forhim”,segmentedasl+“for”+h“him”.

Equation5.1mayneedtobemodifiedforotherlanguagesorsegmentation

3Throughoutthisthesis,weuse“+”tomarkmorphemesasprefixesorsuffixes,asinw+
or+h.InEquation5.1only,weoverload“+”astheKleenecross:X+==XX∗.
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schemes,butourtechniquesgeneralizetoanydefinitionthatcanbewritten

asaregularexpression.

Adesegmentingtransducercanbeconstructedbyfirstencodingourde-

segmenterasatablethatmapsmorphemesequencestowords.Regardlessof

whethertheoriginaldesegmenterwasbasedonconcatenation,rulesortable-

lookup,itcanbeencodedasalattice-specifictablebyapplyingittoanenu-

merationofallwordsfoundinthelattice. Wecanthentransformthattable

intoafinitestatetransducerwithonepathpertableentry.Finally,wetake

theclosureofthistransducer,sothattheresultingmachinecantransduceany

sequenceofwords.Thedesegmentingtransducerforourrunningexampleis

showninFigure5.1b. Notethattokensrequiringnodesegmentationsimply

emitthemselves.Thelattice(Figure5.1a)canthenbedesegmentedbycom-

posingitwiththetransducer(5.1b),producingadesegmentedlattice(5.1c).

Thisisanaturalplacetointroducefeaturesthatdescribethedesegmenta-

tionprocess,suchasscoresprovidedbyadesegmentationtable,whichcanbe

incorporatedintothedesegmentingtransducer’sedgeweights.

Wenowhaveadesegmentedlattice,butithasnotbeenannotatedwith

anunsegmented(word-level)languagemodel.Inordertoannotatelattice

edgeswithann-gramLM,everypathcomingintoanodemustendwiththe

samesequenceof(n−1)tokens.Ifthispropertydoesnothold,thennodes

mustbesplituntilitdoes.4 Thispropertyismaintainedbythedecoder’s

recombinationrulesforthesegmentedLM,butitisnotguaranteedforthe

desegmentedLM.Indeed,theexpandedword-levelcontextisoneofthemain

benefitsofincorporatingaword-levelLM.Fortunately,LMannotationaswell

asanynecessarylatticemodificationscanbeperformedsimultaneouslyby

composingthedesegmentedlatticewithafinitestateacceptorencodingthe

LM(Roarketal.,2011).

Insummary,wearegivenasegmentedlattice,whichencodesthedecoder’s

translationspaceasanacceptorovermorphemes. Wecomposethisacceptor

withadesegmentingtransducer,andthenwithanunsegmentedLMacceptor,

4OrtheLMcompositioncanbedonedynamically,effectivelydecodingthelatticewith
abeamorcube-prunedsearch(HuangandChiang,2007).
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producingafullyannotated,desegmentedlattice.Insteadofusingatoolkit

suchasOpenFst(Allauzenetal.,2007),weimplementboththedesegmenting

transducerandtheLMacceptorprogrammatically.Thiseliminatestheneed

toconstructintermediatemachines,suchasthelattice-specificdesegmenterin

Figure5.1b,andfacilitatesworkingwithedgesannotatedwithfeaturevectors

asopposedtosingleweights.

ProgrammaticDesegmentation

Latticedesegmentationisanon-locallatticetransformation. Thatis,the

morphemesformingawordmightspanseveraledges,makingdesegmentation

non-trivial.Luongetal.(2010)addressthisproblembyforcingthedecoder’s

phrasetabletorespectwordboundaries,guaranteeingthateachdesegmentable

tokensequenceislocaltoanedge.Inspiredbytheuseofnon-localfeatures

inforestdecoding(Huang,2008),wepresentanalgorithmtofindchainsof

edgesthatcorrespondtodesegmentabletokensequences,allowinglatticede-

segmentationwithnophrase-tablerestrictions.Thisalgorithmcanbeseenas

implicitlyconstructingacustomizeddesegmentingtransducerandcomposing

itwiththeinputlatticeonthefly.

Beforedescribingthealgorithm,wedefinesomenotation.Aninputmor-

phemelatticeisatriple ns,N,E,whereN isasetofnodes,Eisasetof

edges,andns∈Nisthestartnodethatbeginseachpaththroughthelat-

tice.Eachedgee∈Eisa4-tuplefrom,to,lex,w,wherefrom,to∈Nare

headandtailnodes,lexisasingletokenacceptedbythisedge,andwisthe

(potentiallyvector-valued)edgeweight.Tokensaredrawnfromoneofthree

non-overlappingmorpho-syntacticsets:lex∈Prefix∪Stem∪Suffix,where

tokensthatdonotrequiredesegmentation,suchascompletewords,punctua-

tionandnumbers,areconsideredtobeinStem.Itisalsousefultoconsider

thesetofalloutgoingedgesforanoden.out={e∈E|e.from=n}.

Withthisnotationinplace,wecandefinea chainctobeasequenceof

edges[e1...el]suchthatfor1≤i<l:ei.to=ei+1.from. Wedenotesingleton

chainswith[e],andwhenunambiguous,weabbreviatelongerchainswiththeir

startandendnode[e1.from→el.to].Achainisvalidifitemitsthebeginning
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ofawordasdefinedbytheregularexpressioninEquation5.1.Avalidchainis

completeifitsedgesformanentireword,andifitispartofapaththrough

thelatticethatconsistsonlyofwords.InFigure5.1a,thecompletechains

are[0→ 2],[0→ 4],[0→ 5],and[2→ 3].Thepathrestrictiononcomplete

chainsforceswordstobeboundedbyotherwordsinordertobecomplete.5

Forexample,ifweremovedtheedge2→ 3(AlTfl)fromFigure5.1a,then

[0→ 2]([b+lEbp])wouldceasetobeacompletechain,butitwouldstill

beavalidchain.Notethatinthefinite-stateanalogy,thepathrestrictionis

implicitinthecompositionoperation.

Algorithm1desegmentsalatticebyfindingallcompletechainsandre-

placingeachonewithasingleedge.Itmaintainsaworklistofnodesthatlie

ontheboundarybetweenwords,andforeachnodeonthislist,itlaunchesa

depthfirstsearchtofindallcompletechainsextendingfromit. Thesearch

recognizesthevalidchainctobecompletebyfindinganedgeesuchthatc+e

formsachain,butnotavalidone.ByinspectionofEquation5.1,thiscanonly

happenwhenaprefixorstemfollowsastemorsuffix,whichalwaysmarksa

wordboundary. Thechainsfoundbythissearcharedesegmentedandthen

addedtotheoutputlatticeasedges.Thenodesatendpointsofthesechains

areaddedtotheworklist,astheylieatwordboundariesbydefinition.Note

thatalthoughthisalgorithmcreatescompletelynewedges,theresultingnode

setN willbeasubsetoftheinputnodesetN.ThecomplementN−N will

consistofnodesthatareword-internalinallpathsthroughtheinputlattice,

suchasnode1inFigure5.1a.

ProgrammaticLMIntegration

Programmaticcompositionofalatticewithann-gramLMacceptorisawell

understoodproblem. Weuseadynamicprogramtoenumerateall(n−1)-

wordcontextsleadingintoanode,andthensplitthenodeintomultiplecopies,

oneforeachcontext. WitheachnodecorrespondingtoasingleLMcontext,

annotationofoutgoingedgeswithn-gramLMscoresisstraightforward.

5Sentence-initialsuffixmorphemesandsentence-finalprefixmorphemesrepresentaspe-
cialcasethatweomitforthesakeofbrevity.Lackingstems,theyareleftsegmented.
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Algorithm1Desegmentalattice ns,N,E

{InitializeoutputlatticeandworklistWL}
ns=ns,N =∅,E=∅,WL=[ns]
whilen=WL.pop()do
{Workoneachnodeonlyonce}
ifn∈N thencontinue
N =N ∪{n}
{InitializethechainstackC}
C=∅
fore∈n.outdo
if[e]isvalidthenC.push([e])
{Depth-firstsearchforcompletechains}
while[e1,...,el]=C.pop()do
{Attempttoextendchain}
fore∈el.to.outdo
if[e1...el,e]isvalidthen
C.push([e1,...,el,e])
else
Mark[e1,...,el]ascomplete

{Desegmentcompletechains}
if[e1,...,el]iscompletethen
WL.push(el.to)
E=E∪{deseg([e1,...,el])}

return ns,N,E

5.3.4 DesegmentationFeatures

Ourre-rankerhasaccesstoallofthefeaturesusedbythedecoder,inaddition

toanumberoffeaturesenabledbydesegmentation.

DesegmentationScore Weuseatable-baseddesegmentationmethodfor

Arabic,whichisbasedonsegmentinganArabictrainingcorpusandmemo-

rizingtheobservedtransformationstoreversethemlater.Finnishdoesnot

requireatable,asallwordscanbedesegmentedwithsimpleconcatenation.

TheArabictableconsistsofX→ Yentries,whereXisatargetmorpheme

sequenceandYisadesegmentedsurfaceform.Severalentriesmaysharethe

sameX,resultinginmultipledesegmentationoptions.Forthesakeofsym-

metrywiththeunambiguousFinnishcase,weaugmentArabicn-bestlists
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orlatticeswithonlythemostfrequentdesegmentationY.6 Weprovidethe

desegmentationscorelogp(Y|X)=logcountofX→ Y
countofX

asafeature,toindicate

theentry’sambiguityinthetrainingdata.7Whenan Xismissingfromthe

table,wefallbackonasetofdesegmentationrules(ElKholyandHabash,

2012a)andthisfeatureissetto0.Thisfeatureisalways0forEnglish-Finnish.

Contiguity Oneadvantageofourapproachisthatitallowsdiscontiguous

sourcewordstotranslateintoasingletargetword.Inordertomaintain

somecontroloverthispowerfulcapability,wecreatethreebinaryfeaturesthat

indicatethecontiguityofadesegmentation.Thefirstfeatureindicatesthatthe

desegmentedmorphemesweretranslatedfromcontiguoussourcewords.The

secondindicatesthatthesourcewordscontainedasinglediscontiguity,asina

word-by-wordtranslationofthe“withhisbluecar”examplefromSection5.2.2.

Thethirdindicatestwoormorediscontiguities.

UnsegmentedLM A5-gramLMtrainedonunsegmentedtargettextis

usedtoassessthefluencyofthedesegmentedwordsequence.

5.4 ExperimentalSetup

WetrainourEnglish-to-Arabicsystemusing1.49millionsentencepairsdrawn

fromtheNIST2012trainingset,excludingtheUNdata. Thistrainingset

containsabout40millionArabictokensbeforesegmentation,and47million

aftersegmentation. WetuneontheNIST2004evaluationset(1353sentences)

andevaluateonNIST2005(1056sentences). Astheseevaluationsetsare

intendedforArabic-to-Englishtranslation,weselectthefirstEnglishreference

touseasoursourcetext.

OurEnglish-to-FinnishsystemistrainedonthesameEuroparlcorpusas

Luongetal.(2010)andCliftonandSarkar(2011),whichhasroughlyone

6Allowingthere-rankertochoosebetweenmultipleYsisanaturalavenueforfuture
work.
7Wealsoexperimentedon logp(X|Y)asanadditionalfeature,butobservednoimprove-

mentintranslationquality.
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millionsentencepairs. Wealsousetheirdevelopmentandtestsets(2000

sentenceseach).

5.4.1 Segmentation

ForArabic,morphologicalsegmentationisperformedbyMADA3.2(Habash

etal.,2009),usingthePennArabicTreebank(PATB)segmentationscheme

asrecommendedbyElKholyandHabash(2012a).Forbothsegmentedand

unsegmentedArabic,wefurthernormalizethescriptbyconvertingdifferent

formsofAlif andYa tobareAlifanddotlessYa .Togenerate

thedesegmentationtable,weanalyzethesegmentationsfromtheArabicside

oftheparalleltrainingdatatocollectmappingsfrommorphemesequencesto

surfaceforms.

ForFinnish,weadopttheUnsupL-matchsegmentationtechniqueofClifton

andSarkar(2011),whichusesMorfessor(CreutzandLagus,2005)toanalyze

the5,000mostfrequentFinnishwords. Theanalysisisthenappliedtothe

Finnishsideoftheparalleltext,andalistofsegmentedsuffixesiscollected.

Toimprovecoverage,wordsarefurthersegmentedaccordingtotheirlongest

matchingsuffixfromthelist.AsMorfessordoesnotperformanyorthographic

normalizations,itcanbedesegmentedwithsimpleconcatenation.

5.4.2 Systems

WealigntheparalleldatawithGIZA++(Ochetal.,2003)anddecodeusing

Moses(Koehnetal.,2007). Thedecoder’slog-linearmodelincludesastan-

dardfeatureset.Fourtranslationmodelfeaturesencodephrasetranslation

probabilitiesandlexicalscoresinbothdirections.Sevendistortionfeatures

encodeastandarddistortionpenaltyaswellasabidirectionallexicalizedre-

orderingmodel. AKN-smoothed5-gramlanguagemodelistrainedonthe

targetsideoftheparalleldatawithSRILM(Stolcke,2002).Finally,wein-

cludewordandphrasepenalties.Thedecoderusesthedefaultparametersfor

English-to-Arabic,exceptthatthemaximumphraselengthissetto8. For

English-to-Finnish,wefollowCliftonandSarkar(2011)insettingthehypoth-

esisstacksizeto100,distortionlimitto6andmaximumphraselengthto

50



20.

Thedecoder’slog-linearmodelistunedwith MERT(Och,2003). Re-

rankingmodelsaretunedusingabatchvariantofhope-fearMIRA(Chiang

etal.,2008;CherryandFoster,2012),usingthen-bestvariantforn-best

desegmentation,andthelatticevariantforlatticedesegmentation. MIRAwas

selectedover MERTbecausewehaveanin-houseimplementationthatcan

tuneonlatticesveryquickly.Duringdevelopment,weconfirmedthatMERT

andMIRAperformsimilarly,asisexpectedwithfewerthan20features.Both

thedecoder’slog-linearmodelandthere-rankingmodelsaretrainedonthe

samedevelopmentset.Historically,wehavenotseenimprovementsfromusing

differenttuningsetsfordecodingandre-ranking. Latticesareprunedtoa

densityof50edgesperwordbeforere-ranking.

Wetestfourdifferentsystems.OurfirstbaselineisUnsegmented,where

wetrainonunsegmentedtargettext,requiringnodesegmentationstep.Our

secondbaselineis1-best Deseg,wherewetrainonsegmentedtargettext

anddesegmentthedecoder’s1-bestoutput.Startingfromthesystemthat

produced1-bestDeseg,wethenoutputeither1000-bestlistsorlatticestocre-

ateourtwoexperimentalsystems.The1000-bestDesegsystemdesegments,

augmentsandre-ranksthedecoder’s1000-bestlist,whileLatticeDesegdoes

thesameinthelattice. Weaugmentn-bestlistsandlatticesusingthefeatures

describedinSection5.3.4.8

WeevaluateoursystemusingBLEU(Papinenietal.,2002)andTER(Snover

etal.,2006).FollowingClarketal.(2011),wereportaveragescoresoverfive

randomtuningreplicationstoaccountforoptimizerinstability.Forthebase-

lines,thismeans5runsofdecodertuning.Forthedesegmentingre-rankers,

thismeans5runsofre-rankertuning,eachworkingonn-bestlistsorlattices

producedbythesame(representative)decoderweights. Wemeasurestatistical

significanceusingMultEval(Clarketal.,2011),whichimplementsastratified

approximaterandomizationtesttoaccountformultipletuningreplications.

8Developmentexperimentsonasmall-dataEnglish-to-Arabicscenarioindicatedthatthe
DesegmentationScorewasnotparticularlyuseful,soweexcludeitfromthemaincompari-
son,butincludeitintheablationexperiments.
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5.5 Results

Tables5.1and5.2reportresultsaveragedover5tuningreplicationsonEnglish-

to-ArabicandEnglish-to-Finnish,respectively.Inallscenarios,both1000-best

DesegandLatticeDesegsignificantlyoutperformthe1-bestDesegbaseline

(p<0.01).

ForEnglish-to-Arabic,1-bestdesegmentationresultsina0.7BLEUpoint

improvementovertrainingonunsegmentedArabic. Movingtolatticedeseg-

mentationmorethandoublesthatimprovement,resultinginaBLEUscoreof

34.4andanimprovementof1.0BLEUpointover1-bestdesegmentation.1000-

bestdesegmentationalsoworkswell,resultingina0.6BLEUpointimprove-

mentover1-best. Latticedesegmentationissignificantlybetter(p<0.01)

than1000-bestdesegmentation.

ForEnglish-to-Finnish,theUnsupL-matchsegmentationwith1-bestde-

segmentationdoesnotimproveovertheunsegmentedbaseline.Thesegmen-

tationmaybeaddressingissueswithmodelsparsity,butitisalsointroducing

errorsthatwouldhavebeenimpossiblehadwordsbeenleftunsegmented.In

fact,evenwithourlatticedesegmenterprovidingaboost,weareunableto

seeasignificantimprovementovertheunsegmentedmodel.Asweattempted

toreplicatetheapproachofCliftonandSarkar(2011)exactlybyworking

withtheirsegmenteddata,thisdifferenceislikelyduetochangesin Moses

sincethepublicationoftheirresult. Nonetheless,the1000-bestandlattice

desegmentersbothproducesignificantimprovementsoverthe1-bestdeseg-

mentationbaseline,withLatticeDesegachievinga1-pointimprovementin

TER.Theseresultsmatchtheestablishedstate-of-the-artonthisdataset,

butalsoindicatethatthereisstillroomforimprovementinidentifyingthe

bestsegmentationstrategyforEnglish-to-Finnishtranslation.

WealsotriedasimilarMorfessor-basedsegmentationforArabic,whichhas

anunsegmentedtestsetBLEUof32.7.AsinFinnish,the1-bestdesegmen-

tationusingMorfessordidnotsurpasstheunsegmentedbaseline,producing

atestBLEUofonly31.4(notshowninTable5.1).Latticedesegmentation

wasabletoboostthisto32.9,slightlyabove1-bestdesegmentation,butwell
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Model Dev Test
BLEU BLEU TER

Unsegmented 24.4 32.7 49.4
1-bestDeseg 24.4 33.4 48.6
1000-bestDeseg 25.0 34.0 48.0
LatticeDeseg 25.2 34.4 47.7

Table5.1: ResultsforEnglish-to-Arabictranslationusing MADA’sPATB
segmentation.

Model Dev Test
BLEU BLEU TER

Unsegmented 15.4 15.1 70.8
1-bestDeseg 15.3 14.8 71.9
1000-bestDeseg 15.4 15.1 71.5
LatticeDeseg 15.5 15.1 70.9

Table5.2:ResultsforEnglish-to-Finnishtranslationusingunsupervisedseg-
mentation.

belowourbestMADAdesegmentationresultof34.4.Thereappearstobea

largeadvantagetousingMADA’ssupervisedsegmentationinthisscenario.

5.5.1 Ablation

WeconductedanablationexperimentonEnglish-to-Arabictomeasurethe

impactofthevariousfeaturesdescribedinSection5.3.4. Table5.3com-

paresdifferentcombinationsoffeaturesusinglatticedesegmentation. The

unsegmentedLMaloneyieldsa0.4pointimprovementoverthe1-bestde-

segmentationscore.Addingcontiguityindicatorsontopoftheunsegmented

LMresultsinanother0.6pointimprovement. Asanticipated,thetuneras-

signsnegativeweightstodiscontiguouscases,encouragingthere-rankerto

selectasafertranslationpathwhenpossible.Judgingfromtheoutputonthe

NIST2005testset,thesystemusesthesediscontiguousdesegmentationsvery

rarely:only5%ofdesegmentedtokensaligntodiscontiguoussourcephrases.

Addingthedesegmentationscoretothesetwofeaturegroupsdoesnotim-

proveperformance,confirmingtheresultsweobservedduringdevelopment.

Thedesegmentationscorewouldlikelybeusefulinascenariowherewepro-
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Features dev test
1-bestDeseg 24.5 33.4
+UnsegmentedLM 24.9 33.8
+Contiguity 25.2 34.4
+DesegmentationScore 25.2 34.3

Table5.3:TheeffectoffeatureablationonBLEUscoreforEnglish-to-Arabic
translationwithlatticedesegmentation.

videmultipledesegmentationoptionstothere-ranker;fornow,itindicates

onlytheambiguityofafixedchoice,andislikelyredundantwithinformation

providedbythelanguagemodel.

5.5.2 ErrorAnalysis

InordertobetterunderstandthesourceofourimprovementsintheEnglish-

to-Arabicscenario,weconductedanextensivemanualanalysisofthediffer-

encesbetween1-bestandlatticedesegmentationonourtestset. Wecompared

theoutputofthetwosystemsusingtheUnixtoolwdiff,whichtransformsa

solutiontothelongest-common-subsequenceproblemintoasequenceofmulti-

wordinsertionsanddeletions(HuntandMcIlroy,1976). Weconsideredad-

jacentinsertion-deletionpairstobe(potentiallyphrasal)substitutions,and

collectedthemintoafile,omittinganyunpairedinsertionsordeletions. We

thensampled650caseswherethetwosidesofthesubstitutionweredeemed

toberelated,anddividedthesecasesintocategoriesbasedonhowthelat-

ticedesegmentationdiffersfromtheone-bestdesegmentation. Weconsidera

phrasetobecorrectonlyifitcanbefoundinthereference.

Table5.4breaksdownper-phraseaccuracyaccordingtofourmanually-

assignedcategories:(1)clitical–thetwosystemsagreeonastem,butatleast

oneclitic,oftenaprefixdenotingaprepositionordeterminer,wasdropped,

addedorreplaced;(2)lexical–awordwaschangedtoamorphologically

unrelatedwordwithasimilarmeaning;(3)inflectional–thewordshavethe

samestem,butdifferentinflectionduetoachangeingender,numberorverb

tense;(4)part-of-speech–thetwosystemsagreeonthelemma,buthave

selecteddifferentpartsofspeech.

54



Lattice
Correct

1-best
Correct

Both
Incorrect

Clitical 157 71 79
Lexical 61 39 80
Inflectional 37 32 47
Part-of-speech 19 17 11

Table5.4:ErroranalysisforEnglish-to-Arabictranslationbasedon650sam-
pledinstances.

Foreachcasecoveringasinglephrasaldifference,wecomparethephrases

fromeachsystemtothereference. Wereportthenumberofinstanceswhere

eachsystemmatchedthereference,aswellascaseswheretheywereboth

incorrect. Themajorityofdifferencescorrespondtoclitics,whosecorrec-

tionappearstobeamajorsourceoftheimprovementsobtainedbylattice

desegmentation.ThiscategoryischallengingforthedecoderbecauseEnglish

prepositionstendtocorrespondtomultiplepossibleformswhentranslatedinto

Arabic.Italsoincludesthefrequentcasesinvolvingthenominaldeterminer

prefixAl“the”(leftunsegmentedbythePATBscheme),andthesentence-

initialconjunctionw+“and”. Thesecondmostcommoncategoryislexical,

wheretheunsegmentedLMhasdrasticallyalteredthechoiceoftranslation.

Theremainingcategoriesshownomajoradvantageforeithersystem.

5.6 Summary

Inthischapter,wehaveexploreddeeperintegrationofmorphologicaldeseg-

mentationintothestatisticalmachinetranslationpipeline. Wehavepresented

anovel,finite-state-inspiredapproachtolatticedesegmentation,whichallows

thesystemtoaccountforadesegmentedviewofmanypossibletranslations,

withoutanymodificationtothedecoderoranyrestrictionsonphraseextrac-

tion. WhenappliedtoEnglish-to-Arabictranslation,latticedesegmentation

resultsina1.0BLEUpointimprovementoverone-bestdesegmentation,and

a1.7BLEUpointimprovementoverunsegmentedtranslation. Wehavealso

appliedourapproachtoEnglish-to-Finnishtranslation,andalthoughsegmen-

tationingeneraldoesnotcurrentlyhelp,weareabletoshowsignificantim-
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provementsovera1-bestdesegmentationbaseline.

Inthenextchapter,weexploredifferentmethodsfortranslatingintoun-

segmentedArabicwhilebenefitingfromsegmentation. Weexperimentwith

differentoptionsforintegratingdesegmentationintheSMTpipelinesuchas

desegmentingthephrasetableorthealignmentgeneratedbyGIZA++.
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Chapter6

What Matters Mostin
MorphologicallySegmentedSMT
Models?

Inthepreviouschapter,weintroducedoneformofintegratingdesegmentation

intheSMTprocessbydesegmentingthedecoder’ssearchspace.Ourlattice

desegmentationalgorithmresultedinasignificantimprovementinthetransla-

tionqualityattributedtousingfeaturesfrombothsegmentedanddesegmented

viewsofthesearchspace.Thisbringsustoseveralquestions:

•IsitpossibletodesegmentadifferentcomponentoftheSMTpipeline

andachievesimilarresultstothelatticeapproach?

•Sincesegmentationimprovestranslation,whatstepsandcomponentsof

aphrase-basedstatisticalmachinetranslationpipelinebenefitthemost

fromsegmentingthetargetlanguage?

Inthischapter,weexploredifferentoptionsofintegratingdesegmentationwith

theSMTprocesses. Wetestseveralscenariosthatdifferprimarilyinwhende-

segmentationisapplied,showingthatthemostimportantcriterionforsuccess

insegmentationistoallowthesystemtobuildtargetwordsfrommorphemes

thatspanphraseboundaries. Wealsoinvestigatetheimpactofsegmentedand

unsegmentedtargetlanguagemodels(LMs)ontranslationquality. Weshow

thatanunsegmentedLMishelpfulaccordingtoBLEUscore,butalsoleads

toadropintheoverallusageofcompositionalmorphology,bringingittowell

belowtheamountobservedinhumanreferences.

57



Figure6.1:Anillustrationofone-to-onecorrespondencebetweenArabicmor-
phemesandEnglishwords. ArabictextissegmentedusingthePATBtok-
enizationscheme,andshowninBuckwaltertransliteration.

6.1 Introduction

Segmentationhasrepeatedlybeenshowntoimprovetranslationintooroutof

morphologicallycomplexlanguagesbysplittingrelevantmorphologicalaffixes

intoindependenttokens.Segmentationasapre-processingstepbringsseveral

benefitstotranslation:

•Correspondencewithmorphologicallysimplelanguages,suchasEn-

glishisimproved.InFigure6.1,segmentingbsyArthallowsone-to-one

linksfor“with”,“his”and“car”.

•Bybuildingmodelsovermorphemes,ratherthanwords,datasparsity

isreduced.

•Byallowingmorphemeswithclearsyntacticrolestobetranslatedinde-

pendently,weincreaseourexpressivepowerbycreatingnewlexical

translations.Forexample,usingthetwophrase-pairsinFigure6.1re-

sultsinanewwordafterdesegmentation(b+syArp+h⇒ bsyArth),

whichmightnothaveexistedinthetrainingdata.

However,thereisalsoapricetobepaid. Whilemorpheme-levelmodelsare

moreresistanttodatasparsity,theyaccountforlesscontextthanword-level

models,makestrongerindependenceassumptions,andtheyarelessefficient

statistically,inthattheydevoteprobabilitymasstosequencescontainingille-
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galwords.Furthermore,whensegmentationisappliedtothetargetlanguage,

theprocessmustbereversedattheendofthepipelinetopresenttheoutput

inareadableformat. Thisdesegmentationstepcomplicatesourpipeline,

andcanintroduceerrors.

Ourworkinthischapterisinspiredbytworecentcontributionsthatat-

tempttocombinetheadvantagesofword-andmorpheme-basedmodels.Lu-

ongetal.(2010)combinewordandmorphemeviewsinadesegmentedphrase

table,allowingmorphemestoreducesparsitywhilewordsexpandcontext,

andeliminatingtheneedforaseparatedesegmentationstep. Theirword-

boundary-awaremorpheme-levelphraseextractiontechniquerestrictsphrase

boundariessothatnotargetphrasecanbeginwithasuffixorendwithapre-

fix.Thisallowsthemtodesegmenteachtargetphraseindependently,enabling

theuseofbothword-andmorpheme-levellanguagemodelsduringdecod-

ing.However,thisphrase-tabledesegmentationapproachlackstheexpressive

powerthatcomesfromtranslatingmorphemesindependently.

Inthepreviouschapter,weintroducedthelatticedesegmentationap-

proach,whichcomesclosetocombiningalltheadvantagesofwordandmor-

phemeviews. Bydesegmentingalatticethatcompactlyrepresents many

translationoptions,andrescoringitwithaword-levellanguagemodel,we

avoidrestrictingthephrasetable.However,bydelayingdesegmentationuntil

rescoring,theapproachlosesLuongetal.(2010)’sadvantageoffulldecoder

integration.

Inthischapter,wepresentanexperimentalstudyofEnglish-to-Arabic

translationthatisdesignedtobetterunderstandtheimpactofvarioustrade-

offswhentranslatingintoamorphologicallysegmentedtargetlanguage,andto

identifywhataspectsofsegmentationaremostbeneficialtotranslation.The

benefitsofsegmentationcanimpactseveralcomponentsintheSMTpipeline:

thealignmentmodel,thetranslationtable,andthevariouslanguageandtrans-

lationmodels.Throughoutthisstudy,weinvestigatetheeffectofvaryingthe

pointintheSMTpipelinewherethesegmentationisreversed.Inaddition,we

attempttocombineword-andmorpheme-levelmodelswithinthedecoderas

muchaspossible.
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Ourexperimentalstudyprovidesthreenovelinsights. First,wepresent

strongevidenceindicatingthattheabilitytobuildtargetwordsacrossphrase

boundariesisthemostimportantpropertyoftargetlanguagesegmentation.

Thisimpliesthatphrasetabledesegmentation,theonlypublisheddesegmen-

tationtechniquethathasbeenfullyintegratedintodecoding,givesupseg-

mentation’sprimaryadvantage. Second,wedrawapreviouslyunobserved

connectionbetweentheuseofanunsegmentedLMandthedecoder’soverall

useofcompositionalmorphology;weshowthatalthoughunsegmentedLMs

tendtoincreaseBLEUscore,theyalsoreducethesystem’suseofmorpho-

logicalaffixestowellbelowthatofahuman. Finally,wepresentthefirst

directcomparisonbetweenphrasetabledesegmentation(Luongetal.,2010)

andlatticedesegmentation(Salamehetal.,2014).

6.2 Background

Ourworkbuildsonearlierstudiesofautomaticmorphologicalsegmentation

anditsimpactonSMT.Therearemanywaystosegmentsyntacticallyrelevant

affixesfromstems.Supervisedtechniquesmayeitherpassthroughaninter-

mediatemorphologicalanalysis(Habashetal.,2009),ordirectlysegmentthe

characterstream(GreenandDeNero,2012);recentworkonsupervisedArabic

segmentationfocusesprimarilyonadaptationtodialects(Habashetal.,2013;

Monroeetal.,2014).Therearealsoahostofunsupervisedtechniques(Creutz

andLagus,2005;Leeetal.,2011;SirtsandGoldwater,2013),whichprovide

valuablelanguageportability,butwhichgenerallyfallbehindsupervisedmeth-

odswhenlabeleddataisavailable.

Thereisalargebodyofworkstudyingthebestformofsegmentation

whentranslatingfromamorphologicallycomplexsourcelanguage(Sadatand

Habash,2006;Stallardetal.,2012),wherethesegmentationcanbeusedas

asimplepreprocessingstep,ortocreateaninputlattice(Dyeretal.,2008).

Recently,therehasbeenagrowinginterestinsegmentationonthetarget

side(OflazerandDurgarEl-Kahlout,2007),whichintroducesaquestionof

howtoperformproperdesegmentation(Badretal.,2008). ElKholyand
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Habash(2012a)haveconductedathoroughexplorationofthevariousseg-

mentationanddesegmentationoptionsforEnglishtoArabictranslation,and

wefollowtheirworkwhendesigningourtestbed.

6.3 Methods

Whentranslatingintoasegmentedtargetlanguage,suchasArabic,theseg-

mentationwillneedtoeventuallybereversedfortheoutputtobereadable.

Thekeyinsightdrivingourexperimentsisthatbyvaryingthepointinthe

SMTpipelinewherethisreversaloccurs,wecanalterwhichmodelsarebased

onmorphemesandwhicharebasedonwords,andtherebydeterminewhich

componentsmostbenefitfromsegmentation. Weassumeaphrase-basedSMT

architecturesimilartothatof Moses(Koehnetal.,2007),butmostofour

observationsholdforhierarchicalandtree-basedmodels.Inallofourap-

proaches,wedesegmentusingamappingtablethatcountsthesegmentations

performedonthetargetsideofourtrainingdata. Thetableusescountsof

word-segmentationpairstomapeachmorphemesequencebacktoitsmost

likelyunsegmentedwordform. Webackofftomanuallycraftedrulesincases

wherethesegmentedformdoesnotexistinthemappingtable(ElKholyand

Habash,2012a).
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Table6.1summarizestheeffectofthedesegmentationpointonthecom-

ponentsofatypicalSMTsystem,indicatingwhichcomponentsarebuiltusing

morphemesandwhicharebuiltusingwords. Mostcomponentsshouldbefa-

miliar,butthelastrowintroducesflexibleboundaries,aconceptthatwill

becentraltoourstudy.Thispropertyofthephrasetableindicateswhether

phrasescanhaveunattachedaffixesattheirleftorrightboundaries.Systems

withoutflexibleboundariescannotcombinemorphemesacrossphrasestocre-

atetranslationsthatwerenotalreadyseenintheparalleltext;assuch,this

propertyhasalargeimpactonasystem’sexpressivepower.

Wedescribeourcomparisonsystemsinturn,eachcorrespondingtoacol-

umninTable6.1. Wealsodescribeasegmentedlanguagemodelfeature,which

canbeaddedtoanysystemthatusesaword-levelphrasetable.

6.3.1 Baselines

Werelyontwomainbaselinestoevaluatewhatmattersmostinsegmented

models.AnunsegmentedsystemleavestheArabictargetunsegmentedand

usesanunsegmentedlanguagemodel.Thismodelsuffersfromdatasparsity

andpoorEnglish-Arabicwordcorrespondence. Thedecoderalwaysoutputs

morphologicallycorrectArabicwords,asitdoesnotrequireadesegmentation

step.

Meanwhile, one-bestdesegmentationsegmentstheArabictargetlan-

guagebeforetrainingbegins,andthedecoder’soutputisgeneratedinseg-

mentedform.Asapost-processingstep,theone-bestoutputisdesegmented

usingamappingtableanddesegmentationrules.Allofthecomponentmod-

elsusedduringdecodingarebasedonmorphemesinsteadofwords. The

segmentedmodelsareintendedtohelpalleviatedatasparsityandimprove

tokencorrespondence.Unliketheunsegmentedsystem,thissystemrequiresa

desegmentationstep,whichcanproducemorphologicallyincorrectwords.

6.3.2 AlignmentDesegmentation

Ourunsupervisedalignmentmodels(Brownetal.,1993;OchandNey,2003)

aresensitivebothtopoorword-to-wordcorrespondenceandtodatasparsity
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issues. TheyarealsoattheverystartoftheSMTpipeline;theyimpact

nearlyallotherdownstreammodels. Therefore,itwouldbereasonableto

suspectthattheprimarybenefitofsegmentationcouldcomefromimproved

wordalignment. Alignmentdesegmentationallowsustotestthistheoryby

desegmentingimmediatelyafteralignment.

Morespecifically,wesegmentthetargetsideaspre-processing.Afterword

alignment,wereplacethesegmentedArabictrainingdatawithitsunseg-

mentedform. Notethatthisdesegmentationisperfect,aswecanalways

refertotheoriginalsentencetoresolveanyambiguities.Thisisaccompanied

bydesegmentingalignmentlinksbyreplacingeachmorphemeindexwiththe

indexoftheunsegmentedwordthatnowcontainsthemorpheme. Asone

wouldexpect,thisleadstoanincreaseinthenumberofone-to-manyalign-

ments.Trainingisthenresumedwiththeselinksandtheunsegmentedtarget.

Otherthanhavingitsalignmentmodelbenefitfromsegmentation,thissystem

hasthesamepropertiesofanunsegmentedsystem:allremainingcomponent

modelsarebasedonwords.Sinceallmorphemesaredesegmentedwellbefore

decodingbegins,itclearlycannotuseflexibleboundariestobuildnewwords.

6.3.3 PhraseTableDesegmentation

Ournextdesegmentationpointisafterphraseextraction,resultinginasystem

wherewesegmentthetext,alignthemorphemes,performphraseextraction

overmorphemes,andthendesegmenttheresultingtables.FollowingLuong

etal.(2010),wefirstremoveallphrasesthathavetargetsideswithflexible

boundaries,whichallowsustodesegmenteachremainingtargetphraseinde-

pendently.Theresultisadesegmentedphasetable. Notethatweleavethe

variousscoresassociatedwitheachphrase-pairunchanged.

Thismodelissimilartoalignmentdesegmentationdescribedinthepre-

vioussectioninthatallremainingcomponentsandoperationsarebasedon

words. However,therearetwokeydifferences. First,thelexicalweightsof

eachphrasearecalculatedovermorphemesratherthanwords.Second,the

phrase-lengthlimitisappliedatthemorphemelevelratherthanattheword

level. Weusethisscenariototesttheutilityofmorpheme-levellexicalweights.
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Thissystemisrelatedto,butnotidenticaltotheworkofLuongetal.

(2010).Theirsystemactuallymergestablesfromanunsegmentedmodelwith

thosefromphrasetabledesegmentation;theyinvestigateanumberofmeth-

odstocombinethescoresacrosstables.Inaddition,theyincorporateboth

segmentedandunsegmentedlanguagemodels,whichisadifferencethatwe

addressinthenextsection.

6.3.4 SegmentedLMScoringinDesegmented Models

Bothalignmentdesegmentationandphrasetabledesegmentationrelyonan

unsegmentedlanguagemodel,astheynaturallydecodedirectlyintoade-

segmentedtargetlanguage. Weexperimentwithaugmentingbothofthese

systemswithanextrafeature:asegmentedlanguagemodel.ForeachArabic

targetword,weadditssegmentedformtothephrasetableasanextrafac-

tor(KoehnandHoang,2007). Weinsertthisfactorafterphraseextraction,so

ithasnoimpactonalignmentorthecalculationoftranslationmodelscores.

Thefactormerelygivesusaccesstothesegmentedmorphemesduringdecod-

ing.Thedecoderusesthisfactortoapplyasegmentedlanguagemodelduring

eachhypothesisextension.

Althoughthesegmentedlanguagemodelspansashortercontext,itsscores

benefitfromthereduceddatasparsitythatcomesfrommodelingmorphemes.

Inparticular,itcanunveilwhetherattachingtwohypothesesisgrammatical.

Forexample,theunsegmentedlanguagemodelscorefortheconsecutivetarget

phrases klmšAklnA“allourproblems” wxlAfAtnA“and

conflicts”isrelativelylow.Scoringtheirsegmentedrepresentation[klmšAkl

+nA][w+xlAfAt+nA]leadstoamoreoptimisticscore,asthesegmented

languagemodelassessesthemorphemesequenceusing4-gramsandtrigrams,

whiletheunsegmentedmodelscoresthewordsequencewithunigramsand

bigrams.

6.3.5 LatticeDesegmentation

Wecomparethepreviousapproachestothelatticedesegmentationapproach

(Chapter5)andplaceitinTable6.1forreference. Asystembuiltentirely

65



overmorphemesoutputsaprunedlatticethatcompactlyrepresentsitshy-

pothesisspace.Thislatticeisthendesegmentedbycomposingitwithafinite

statetransducerthatmapsmorphemesequencesintowords.Byrescoringthe

desegmentedlatticewithnewfeatures,thesystembenefitsfromhavingbotha

segmentedanddesegmentedviewofthesearchspace.Theaddedfeaturesin-

cludediscontiguityfeatures,aswellasanunsegmentedlanguagemodel.The

discontiguityfeaturesindicatewhetheradesegmentedwordcamefromone

contiguousmorphemesequence,twodiscontiguoussequences,ormore.

6.4 ExperimentalSetup

WetrainourEnglish-to-Arabicsystemusing1.49millionsentencepairsdrawn

fromtheNIST2012trainingset,excludingtheUNdata. Thistrainingset

containsabout40millionArabictokensbeforesegmentation,and47million

aftersegmentation. WetuneontheNIST2004evaluationset(1353sentences)

andevaluateonNIST2005(1056sentences). Wealsoreportasecondtest,

whichtunesontheNIST2006evaluationset(1664sentences)andevaluateson

NIST2008(1360sentences)and2009(1313sentences).NIST2004and2005

datasetshavesentencesfromnewswire,whileNIST2006/2008/2009havesen-

tencesdrawnfromnewswireandtheweb.Theseevaluationsetsareintended

forArabic-to-Englishtranslation,andthereforehavemultipleEnglishrefer-

ences.AswearetranslatingintoArabic,weselectthefirstEnglishreference

touseasoursourcetext,andusetheArabicsourceasoursinglereference

translation.

6.4.1 Segmentation

ForArabic,morphologicalsegmentationisperformedbyMADA3.2(Habash

etal.,2009),usingthePennArabicTreebank(PATB)segmentationscheme

asrecommendedbyElKholyandHabash(2012a).Forbothsegmentedand

unsegmentedArabic,wefurthernormalizethescriptbyconvertingdifferent

formsofAlifandYatobareAlifanddotlessYa.Inordertogeneratethe

desegmentationtable,weanalyzetheMADAsegmentationsfromtheArabic
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Model mt05 mt08 mt09

Unsegmented 32.8 15.0 19.0
AlignmentDeseg. 33.4 15.4 19.1
withSegmentedLM 33.7 15.4 19.4
PhraseTableDeseg. 33.4 15.5 19.3
withSegmentedLM 33.6 15.6 19.7
1-bestDeseg. 33.7 15.7 20.2
withoutflexibleboundaries 32.9 15.4 19.4
LatticeDeseg. 34.3 16.4 20.5

Table6.2: BLEUscoresoneachofthemethodsdescribedinsection6.3.
MT05resultsaretunedusingNISTMT04.ResultsonNISTMT08andMT09
datasetsaretunedonMT06dataset.

sideoftheparalleltrainingdatatocollectmappingsfrommorphemesequences

tosurfaceforms.

6.4.2 Systems

WealigntheparalleldatawithGIZA++(Ochetal.,2003)anddecodeusing

Moses(Koehnetal.,2007).Thedecoder’slog-linearmodelincludesastandard

featureset.Fourtranslationmodelfeaturesencodephrasetranslationproba-

bilitiesandlexicalweightsinbothdirections.Sevendistortionfeaturesencode

astandarddistortionpenaltyaswellasabidirectionallexicalizedreordering

model.AKN-smoothed5-gramlanguagemodelistrainedonthetargetside

oftheparalleldatawithSRILM(Stolcke,2002).Finally,weincludewordand

phrasepenalties.ThedecoderusesMoses’defaultsearchparameters,except

thatthemaximumphraselengthissetto8.Thedecoder’slog-linearmodelis

tunedwithMERT(Och,2003).FollowingSalamehetal.(2014),thetuningof

there-rankingmodelsforlatticedesegmentationisperformedusingalattice

variantofhope-fearMIRA(CherryandFoster,2012);latticesareprunedtoa

densityof50edgesperwordbeforere-ranking. Weevaluateoursystemusing

BLEU(Papinenietal.,2002).
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6.5 Results

Table6.2showstheresultsofourtranslationqualityexperiments.Inprevious

sections,wementionedseveralfactorsthatmightcontributetothequality

improvementsfoundwithsegmentedmodels.Beyondtherawrankingofsys-

tems,wecanusethecommonalitiesanddifferencesbetweenthesesystemsto

drawsomebroadconclusionsofwhataspectsofasegmentedsystemaremost

important.

6.5.1 DecoderIntegration

LatticeDesegmentationperformsbestoverall,whichisnotentirelysurprising,

asithasaccesstoalloftheinformationpresentintheothersystems.Notably,

itoutperformsPhraseTableDesegmentation;thisisthefirsttimetoour

knowledgethatthetwohavebeencompareddirectly.

ThemaindisadvantageofLatticeDeseg,whichisnotpresentinAlign-

mentandPhraseTableDeseg,isthelackofdecoderintegrationofitsun-

segmentedviewofthetarget;instead,itishandledbyre-rankingalatticein

post-processing.Infact,thetoptwosystems,LatticeDesegand1-BestDeseg,

arealsotheonlytwosystemswithoutaccesstounsegmentedinformationin

thedecoder. Thissuggeststhatthebenefitsofdecoderintegrationarenot

sufficienttoovercomethetrade-offscurrentlydemandedbyintegration.

6.5.2 FlexibleBoundaries

WhatisperhapsmoresurprisingisthatneitherAlignmentDesegnorPhrase

TableDesegareabletomatchthe1-bestDesegscenario. Withthebenefitof

addedsegmentedlanguagemodels,bothofthesesystemshaveaccesstoalmost

all1-bestDeseg’sinformationandmore,yettheyfailtomatchitstranslation

qualityineverytest. Whatbothsystemslackwithrespectto1-bestDesegis

flexiblephraseboundaries,whichallowthecreationofnewtranslationsacross

phrases.Toconfirmtheimportanceofflexibleboundaries,wecreatedanew

versionof1-bestDesegbypruningallphraseswithflexibleboundariesfrom

thephrasetable,andthenre-tuning.Theresultingsystemloses0.6BLEUon

68



average,whichismorethanhalfofthe0.9differencebetweenUnsegmented

and1-bestDeseg. Weconcludethatflexibleboundariesareoneofthemost

importantaspectsofasegmentationscenario.

6.5.3 Language Models

BothAlignDesegandPhraseTableDesegshowconsistent,albeitsmall,im-

provementsfromtheadditionofasegmentedLM.Inordertoassesstheim-

portanceoftheunsegmentedLM,weconsider1-bestDesegwithoutflexible

boundaries,andPhraseTableDesegwithSegmentedLM.Thesetwosys-

temshaveexactlythesameoutputspace,astheirrespectivephrasetablesare

constructedfrommorpheme-levelphraseextractionfollowedbypruningflex-

ibleboundaries.Furthermore,bothsystemsuseasegmentedLMandlexical

weightsbuiltovermorphemes. TheironlydifferencesarethatPhraseTable

DesegusesanunsegmentedLMandunsegmentedtuning,resultinginBLEU

scoresthatarehigherby0.4onaverage.Similarly,aunsegmentedLMisone

ofthemaindifferencesbetweenLatticeDesegand1-bestDeseg,withtheoth-

ersbeingunsegmentedtuninganddiscontiguityfeatures. Althoughwehave

notisolatedtheunsegmentedLMperfectly,theseresultsindicatethatitis

valuable.

6.5.4 Lexical Weights

TheprimarydifferencebetweenAlignmentDesegandPhraseTableDesegis

thatthelatterusesmorpheme-levellexicalweights.1 Withoutasegmented

LM,weseea0.1averageBLEUadvantageforPhraseTableDeseg,increasing

to0.2whenasegmentedLMisincluded.Unfortunately,theseimprovements

arenotconsistentacrosstestsets.Thissuggeststhattheremaybeanadvan-

tagefrommorpheme-basedlexicalweights,butitiscertainlynotlarge.
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Model mt05 mt08 mt09

Reference 15.9% 18.1% 18.9%
Unsegmented 12.0% 12.2% 12.6%
AlignmentDeseg. 11.6% 11.0% 11.8%
withSegmentedLM 11.7% 11.2% 12.0%
PhraseTableDeseg. 11.3% 10.1% 11.2%
withSegmentedLM 11.6% 10.5% 11.4%
1-bestDeseg. 16.1% 18.2% 19.2%
withoutflexibleboundaries 14.2% 14.7% 15.4%
LatticeDeseg. 10.0% 11.5% 12.2%

Table6.3: PercentageofwordsintheSMToutputthathavenon-identity
morphologicalsegmentations.

6.6 Analysis

Ourtranslationqualitycomparisonindicatesthatflexibleboundariesarethe

mostimportantpropertyofatargetsegmentationscenario,soweexamined

themingreaterdetail. Phrasepairswithflexibleboundariesaccountfor

roughly12%ofphrasesusedinthefinaloutputofour1-BestDesegsystem.

Weperformedadetailedanalysistoseeiftheflexibleboundarieswereused

toproducenovelwords;thatis,wordsthatwerenotseeninthetargetside

ofthetrainingdata.Roughly3%ofthedesegmentedtypesgeneratedbythe

1-best-desegmentationsystemarenovel. Werandomlyselected40novelwords

fromeachtestsettoanalyzemanually.First,noneofthesedesegmentedwords

appearinthereference,andtherefore,theyhavenopositiveimpactonBLEU.

Furthermore,64ofthe120selectedwordsviolatethemorphologicalrulesof

Arabic.Lookinginsteadatthenovelwordsinthereference,only115reference

wordscouldnotbefoundintheArabicsideofourtrainingdata. Ofthese,

only37couldbeconstructedfrommorphemesfoundinourtrainingset.This

meansthatthereisonlyasmallnumberofopportunitiestobettermatchthe

referencebyproducinganovelword. Together,thesetwopiecesofanalysis

stronglysuggestthattheadvantageofflexibleboundariescomesfromcreating

newtranslationoptionsforagivensourcesequence,ratherthanfromcreating

1Theotherdifferenceisthecalculationofthephraselengthlimit,whichfavorsAlignment
Deseg,asitsword-basedlimitallowsmorephrasesoverall.
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novelwords.

Wewereabletocomputestatisticsonflexibleboundariesforonlytwoof

oursystems,becausetheotherthreedisallowthementirely.Inordertochar-

acterizeallfivesystems,alongwiththehumanreferences,wemeasuredoverall

affixusagebycountingdecomposablewords.Table6.3showsthepercentageof

wordsintheArabictranslationsthathavenon-identitymorphologicalsegmen-

tationswhenprocessedbyMADA.Intermsofaffixusage,the1-bestDeseg

methodtrackstheReferenceveryclosely,whileallremainingscenariosshow

asubstantialdropinusageofdecomposablewords. Mostsurprisingly,Lattice

Desegisincludedinthisgroup,eventhoughitsBLEUscoresarehigherthan

1-bestDeseg.Since1-BestDeseg’smostprominentcharacteristicisitslackof

anunsegmentedLM,thissuggeststhatunsegmentedLMsmaydramatically

impactaffixusage. Notethatflexibleboundariesdonot(fully)accountfor

thegapinaffixusage,asthe1-bestDesegstillhasnoticeablyhigherusage

ofdecomposablewords,evenwithflexibleboundariesremoved.Thisimplies

thatLatticeDesegandthevariousfullyintegrateddesegmentationscouldbe

improvedbyattemptingtodirectlymanipulatetheirusageofdecomposable

words,perhapsthroughaspecializedfeature.

Asafinalpieceofanalysis,wealsoinvestigatedtheimpactofdifferent

n-gramordersforsegmentedLMs. Mostofthescenariosproposedhereadd

anunsegmentedLMtoasegmentedsystem,andthemostobviousadvantage

ofanunsegmentedLMisthatitaccountsformorecontextthanasegmented

LM.However,thisonlyholdsifweforcebothLMstohavethesamen-gram

order. ToseeifhigherordersegmentedLMswouldimprovetranslation,we

experimentedwithdifferentn-gramordersforour1-bestDesegsystem.Aswe

increasedthesegmentedn-gramorderfrom5to8,wesawnoimprovementover

the5-gramLMusedthroughoutthischapter.Infact,BLEUscorebeganto

dropaftern=6.Thissuggeststhattheadvantageofaddinganunsegmented

LMcannotbeemulatedbyincreasingtheorderofthesegmentedLM.
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6.7 Summary

Inthischapter, Wehavepresentedanexperimentalstudyontranslationinto

segmentedtargetlanguagesbycreatingmodelsthatapplydesegmentationat

differentpointsinthetranslationpipeline. Wehaveprovidedevidencethat

accesstophraseswithflexibleboundariesisacrucialpropertyforasuccessful

segmentationapproach. Wehavealsoexaminedtheimpactofunsegmented

LMs,showingthatalthoughtheyarehelpfulaccordingtoBLEU,theyalso

hinderthegenerationofmorphologically-complexwords.Thissuggeststhat

currentmethodscouldbeimprovedbyattemptingtoincreasetheiruseof

morphologicalaffixes.
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Chapter7

Integrating Morphological
DesegmentationintoPhrase-based
Decoding

Inthelasttwochapters,weattemptedtobenefitfromdesegmentationthrough

integratingitwithvariousSMTcomponents. Wealsoconfirmedthatthebest

integrationapproachistodesegmentthesearchspaceencodedasalattice.

Ouranalysisshowedthattheuseofmorpheme-levelandword-levelfeatures

improvesthequalityoftranslationandvalidatesthecorrectnessofthedeseg-

mentedforms.

Inallofthepreviousapproaches,wehadtointerrupttheSMTpipelineat

somepointtoapplydesegmentation.Inthischapter,weattempttointegrate

desegmentationdirectlyintodecoding,suchthatmorphemesthatcontribute

toformingawordaredesegmentedonthefly.Thisallowsword-levelfeatures

tobeextractedfromthedesegmentedformsandtobeconsideredthroughout

theentiresearchspace. Weelaborateonthechallengesthatariseduetothis

integration. Ourresultsonalarge-scale,EnglishtoArabictranslationtask

showsignificantimprovementoverthe1-bestdesegmentationbaseline.

7.1 Introduction

Morphologicalsegmentationistypicallyperformedasapre-processingstep

beforethetrainingphase,whichresultsinamodelthattranslatesthesource

languageintosegmentedtargetlanguage.Desegmentationistheprocessof
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transformingthesegmentedoutputintoareadablewordsequence,whichcan

beperformedusingatablelookupcombinedwithasmallsetofrules.Deseg-

mentationisusuallyappliedtothe1-bestoutputofthedecoder. However,

thispipelinesuffersfromerrorpropagation:errorsmadeduringdecodingcan-

notbecorrected,evenwhendesegmentationresultsinanillegalorextremely

unlikelyword.Twoprincipaltypesofsolutionsthathavebeenproposedfor

thisproblemarerescoringandphrase-tabledesegmentation.

Therescoringapproachdesegmentseitherann-bestlist(OflazerandDur-

garEl-Kahlout,2007)orlattice(Chapter5),andthenre-rankswithfeatures

thatconsiderthedesegmentedwordsequenceofeachhypothesis. Rescoring

featuresincludethescorefromanunsegmentedtargetlanguagemodeland

contiguityindicatorsthatflagthetargetwordsconstructedfromcontiguous

sourcetokens. Rescoringwidensthedesegmentationpipeline,thusallowing

desegmentationfeaturestoreducethenumberoftranslationerrors.However,

thesefeaturesarecalculatedonlyforasubsetofthesearchspace,andthe

extrarescoringstepcomplicatesthetrainingandtranslationprocesses.

Phrase-tabledesegmentation(Luongetal.,2010)alsotranslatesintoaseg-

mentedtargetlanguage,butalterstrainingtoperformword-boundary-aware

phraseextraction.Theextractedphrasesareconstrainedtocontainonlycom-

pletetargetwords,withoutanydanglingaffixes(phraseswithflexiblebound-

aries). Withthisrestrictioninplace,thephrasetablecanbedesegmented

beforedecodingbegins,allowingthedecodertotrackfeaturesoverboththe

segmentedanddesegmentedtarget.Thisensuresthatdesegmentationfeatures

areintegratedintothecompletesearchspace,andside-stepsthecomplications

ofrescoring.However,weshowexperimentallyinChapter6thatthesebenefits

arenotworthgivingupthephrase-pairseliminatedbyword-boundary-aware

phraseextraction.

Wepresentamethodfordecoder-integrateddesegmentationthatcombines

thestrengthsofthesetwoapproaches.Likearescoringapproach,itplacesno

restrictionsonwhatmorphemesequencescanappearinthetargetsideofa

phrasepair. Likephrase-tabledesegmentation,itsdesegmentationfeatures

areintegrateddirectlyintodecodingandconsideredthroughouttheentire
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searchspace. Weachievethisbyaugmentingthedecodertodesegmenthy-

pothesesonthefly,allowingtheinclusionofanunsegmentedlanguagemodel

andotherfeatures.Ourresultsonalarge-scale,NIST-dataEnglishtoArabic

translationtaskshowsignificantimprovementsoverthe1-bestdesegmentation

baseline,andmatchtheperformanceofthestate-of-the-artlatticedesegmen-

tationapproach(Chapter5),whileeliminatingthecomplicationandcostof

itsrescoringstep. Ourapproachisimplementedasasinglestatefulfeature

functioninMoses(Koehnetal.,2007).

7.2 Method

Ourapproachextendsthemulti-stackphrase-baseddecodingparadigmtoen-

abletheextractionofword-levelfeaturesinsidemorpheme-segmentedmodels.1

Weassumethatthetargetsideoftheparallelcorpushasbeensegmentedinto

morphemeswithprefixesandsuffixesmarked.Thisallowsustodefineacom-

pletewordasamaximalmorphemesequenceconsistingof0ormoreprefixes,

followedbyatmostonestem,andthen0ormoresuffixes. Wealsoassume

accesstoadesegmentationfunctionthattakesasinputamorphemesequence

matchingtheabovedefinition,andreturnsthecorrespondingwordasoutput.

ForourArabicexperiments,weuseatable-baseddesegmentationschemethat

fallsbackonasmallsetofrulesforsequencesnotfoundinitstable. The

outputofaphrase-baseddecoderisbuiltfromlefttoright,andateachstep,

ahypothesisisexpandedwithaphrasaltranslationofapreviouslyuncovered

sourcesegment.In-decoderdesegmentationmonitorsthetargetsequenceof

eachtranslationhypothesisasitgrows,detectingmorphemesequencesthat

correspondtocompletewordsanddesegmentingthemontheflytogenerate

newfeatures.

Thetaskofdeterminingwhetherawordiscompleteisnon-trivial. Weare

neversureifwewillseeanothersuffixasweexpandthehypothesis,sowecan

onlyrecognizeacompletewordaswebeginthenextword.Forexample,take

1Theideaspresentedherecouldalsobeappliedtohierarchicaldecoding,whichwould
requiregeneralizingthemtoaccountforrightcontextaswellasleft.
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Figure7.1:DecodingtheArabictranslationofthephrase“tospreadhisideas
through”.

hyp1inFigure7.1.Thishypothesisendswithastemnšr,whichmayenda

completeword,asisthecasewhenweexpandtohyp2,ormayrepresentaword

thatisstillinprogress,whichoccursasweextendtohyp3.Thismeansthat

theword-basedscoringofthemorphemesequencel+nšrmustbedelayedor

approximateduntilweknowwhatfollows.Arelatedchallengeinvolvesscoring

phrase-pairsoutofcontext,asisrequiredforfuture-costestimates.Take,for

example,thetargetphrase+hAfkAraddedbyhyp3inFigure7.1. Without

thecontext,wehaveinsufficientinformationattheleftboundarytoscore+h

withword-basedmodels,whileAfkArattherightboundarymayormaynot

formacompleteword. Here,thereisnochoicebuttoapproximate. The

qualityoftheseapproximationsandthelengthofourdelayswilldetermine

howeffectiveournewfeatureswillbewhenincorporatedintobeamsearch.

7.2.1 DecoderIntegration

Atypicalphrase-baseddecoderrepresentsahypothesiswithastatethatcon-

tainstheinformationtoguidesearchandcalculatefeatures,suchasthesource

coveragevectorandthetargetcontextforthelanguagemodel. Hypothe-

seswithidenticalstatescanberecombinedtoimprovesearchefficiency. We

augmentthestatewithtwostructures:(1)abufferQcontainingallofthe

morphemesthatcontributetothecurrentwordinprogress,representedas

aqueueoftokens;and(2)n-gramcontextCfortheword-leveltargetlan-

guagemodel.Thesearch’sinitialstatebeginswithanemptyQandwithn-1
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Algorithm2DesegmentationStateUpdate
Input:StatevariablesQ,C
Input:ExtendingphraseP
foreachtokentinPdo
iftcannotcontinuethewordinQthen
W =DesegmentationoftokensinQ
Extractword-levelfeaturesforW
(Word-levelLMscoreisp(W|C))
Updatecurrentfeaturevector
UpdateCwithW
EmptyQ
AppendtokenttoQ

beginning-of-sentencetokensinC.

WhenastateisextendedwithatargetphraseP,weupdatethein-decoder

desegmentationstructuresQandCwithAlgorithm2.Tokensareappended

toQuntilatokentwouldbeginanewword,atwhichpointthetokensfrom

Qaredesegmentedandtheresultingwordisusedtocalculatefeaturesand

updatethetargetcontext.FollowingthelowerdecodingpathinFigure7.1,

Qwouldbeemptiedanddesegmentedfirstduringhyp3whent=AfkAr,

calculatingfeaturesforW =lnšrh.

Themaincostofin-decoderdesegmentationcomesfrommaintainingthe

contextnecessarytoevaluatethen-gram,word-levellanguagemodel. As

eachdesegmentedwordinCwillcorrespondtoatleastonesegmentedtoken,

thesystem’seffectivelanguage-modelorderintermsofsegmentedtokenswill

frequentlybemuchlargerthann. Storinglargerlanguage-modelcontexts

makeitlesslikelythatstateswillbeequaltooneanother,whichreduces

theamountofrecombinationthesystemcando,andincreasesthenumberof

statesthatmustbeexpandedduringsearch.

7.2.2 DelayedandOptimisticScoring

Intheaboveapproach,desegmentationandfeaturescoringareappliedonly

whenacompletewordisformed. Werefertothisasdelayedscoringbecause

thefeaturesforatokenarenotapplieduntilothertokenshavebeenaddedto

thehypothesis.Forexample,inFigure7.1,thetokensl+nšraddedinhyp1
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arenotevaluatedwithword-levelfeaturesuntilhyp2orhyp3completesthe

word.Thisdelayresultsininaccuratescoringofhypotheses,asthecostfrom

thesetokensishiddenuntilQisemptied.Theseinaccuraciescanleadtopoor

pruningchoicesandsearcherrorsduringbeamsearch.

Alternatively,wecanperformoptimisticscoring,whichtriestoscorethe

contentsofQasearlyaspossible.Inthiscase,weassumethatthecontents

ofQformacompleteword,withoutwaitingforthenexttokentoconfirmit.

Witheachhypothesisextension,whenthelasttokenin Pisprocessedand

addedtothequeue,wedesegmentthecontentsofQandextractfeatures,but

withoutemptyingQ.ThescoresofthesefeaturesarecachedinavariableS

thatdoesnotaffectrecombination,asthescoresaredeterministicgivenQ,C

andthemodel. Whenalatertokenconfirmstheendoftheword,wesubtract

Sfromthescoresderivedfromtheactualdesegmentedword,toaccountfor

ourearlierapproximation.NotethatforaQcontainingonlyaprefix,wemust

stilldelayscoring.

7.2.3 Features

Threefeaturesareextractedfromeachdesegmentedform. Anunsegmented

n-gramlanguagemodelscoresW inthecontextofC,asshowninAlgorithm2.

Wealsoimplementthecontiguityfeaturesasinsection5.3.4.Theseindicators

checkifthedesegmentedformisgeneratedfromacontiguousblockofsource

tokens,ablockwith1discontiguity,orablockwithmultiplediscontinuities.

Finally,mostphrase-baseddecodersincorporateawordpenaltythatcounts

thenumberoftargetwordsinahypothesis.Inourscenario,thiscancount

segmentedmorphemesordesegmentedwords. Wetrybothinourexperiments.

Forfuturecostestimates,wemustalsoprovideout-of-contextfeaturescores

foreachphrase-pairinoursystem.Todoso,weignoresuffixesappearingat

thebeginningofatargetphraseandprefixesappearingattheend. Weassume

thattheremainingtokensformcompletewords,anddesegmentandscorethem

toprovideout-of-contextscores.
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7.3 Experiments

WeusetheNIST2012dataset(1.49millionsentencepairsexcludingUNpairs)

totrainanEnglish-to-Arabicsystem.ThesystemistunedwiththeNIST2004

(1353pairs)evaluationsetandtestedusingNIST2005(1056sentences)and

thenewswireportionofNIST2008(813pairs)andNIST2009(586pairs).As

therearemultipleEnglishreferencetranslationsprovidedfortheseevaluation

sets,weusethefirstreferenceasoursourcetext.

TheArabicpartofthetrainingsetismorphologicallysegmentedbyMADA

3.2(Habashetal.,2009)usingthePATBsegmentationscheme. Variantsof

AlifandYacharactersareuniformlynormalized. Wegenerateadesegmenta-

tiontablefromtheArabicsideofthetrainingdatabycollectingmappingsof

segmentedformstosurfaceforms.

WealigntheparalleldatawithGIZA++(Ochetal.,2003),anddecode

withMoses(Koehnetal.,2007). Thedecoder’slog-linearmodelincludesa

standardfeatureset. KN-smoothed5-gramlanguagemodelsaretrainedon

boththesegmentedandunsegmentedviewsofthetargetsideoftheparal-

leldata. Weexperimentwithwordpenaltiesbasedeitheronmorphemesor

desegmentedwords.ThedecoderusesMoses’defaultsearchparameters,ex-

ceptforthemaximumphraselength,whichissetto8,andthetranslation

tablelimit,whichissetto402.Thedecoder’slog-linearmodelistunedwith

MERT(Och,2003)usingtheunsegmentedformoftheArabicdevelopment

set. WeevaluatewithBLEU(Papinenietal.,2002),andteststatisticalsig-

nificancewithmulteval(Clarketal.,2011)over3randomtuningreplications

.

Wetestfoursystemsthatdifferintheirdesegmentationapproach. The

NoSegm. baselineinvolvesnosegmentation.TheOne-bestbaselinetrans-

latesintosegmentedArabicanddesegmentsthedecoder’s1-bestoutput.The

Latticesystemisthelattice-desegmentationapproachofChapter5. Weim-

plementourin-Decoderdesegmentationapproachasafeaturefunctionsin

2Weexperimentedwithdifferenttranslationoptionslimitson1-best-desegsystembut
foundnoimprovementabove40options
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System WP mt05 mt08 mt09
NoSegm. word 33.2 18.6 25.6
One-best morph. 33.8 19.1 26.8
Lattice morph. 34.4 19.7 27.4

Delayed
morph. 34.1 19.4 27.0
word 34.1 19.5 26.8

Optimistic
morph. 34.2 19.6 27.2
word 34.5 19.7 27.2

Table7.1:EvaluationofthedesegmentationmethodsusingBLEUscore.Both
DelayedandOptimisticrefertoin-DecoderDesegmentationmethodused. WP
showswhetherWordPenaltyfeatureisbasedonacompletedesegmentedword
oramorpheme.

Moses,testingscoringvariants(delayedvs. optimistic),andwordpenalty

variants(morphemevs.word).

Table7.1showstheresultsonthreeNISTtestsets,eachaveragedover3

tuningreplications.Thelatticeapproachissignificantlybetterthanthe1-best

system,whichinturnissignificantlybetterthantheunsegmentedbaseline.

OurOptimisticin-decoderapproachwithwordpenaltycalculatedonword

tokensissignificantly(p<0.05)betterthanthe1-bestapproach,andeffec-

tivelymatchestheaccuracyofthemorecomplexlatticeapproach.Typically,

onewouldhopetosurpassarescoringapproachwithdecoderintegration;how-

ever,ourlatticeimplementationfullysearchesitslattice,evenifcomposition

withtheword-levellanguagemodelcausesthelatticetoexplodeinsize.Alat-

ticebeamsearchthatdynamicallycalculatesword-levellanguagemodelscores

wouldprovideamorefair,andmoreefficient,comparisonpoint.

Allofthesystemswithword-levelfeaturesimproveoverthe1-bestmodel,

astheirfeaturespenalizedesegmentationsresultinginillegalwordsorunlikely

wordsequences. Weseeasmall,consistentbenefitfromoptimisticscoring.

Erroranalysisrevealsthattranslationswithmanyconsecutivestemsbenefit

themostfromthisvariant,whichmakessense,asourapproximationswould

beexactinthesecases. Weweresurprisedtoseedifferencesbetweenword

penaltyvariants,butapenaltybasedondesegmentedword-formsprovides

thesystemwithgreatercontroloverthenumberofwordsthatappearinits

finaloutput,whichcanbeimportant.
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7.4 SummaryResults

Forthesakeofcompletecomparison,wereranourexperimentsusingthe

sameMosesrelease(version2.1.1),samehyper-parametersandsametuning

andevaluationdatasetsasinsection7.3. Themaindifferencesbetweenthe

experimentsinthischapterandtheonesinpreviouschaptersisinsettingthe

numberoftranslation-table-optionsto40(previouslywas20)andusingonly

NIST MT04fortuning. Also,weremovedthewebdatafromNIST MT08

andMT09andonlyusedthenewswireportions. Wesummarizetheresultsin

Table7.2withthemethodsintroducedinChapters5,6and7.

Ref. System WP mt05 mt08 mt09
Ch.5 NoSegm. word 33.2 18.6 25.6
Ch.6 AlignmentDeseg. word 33.3 19.2 26.1
Ch.6 withSegmentedLM word 33.0 18.8 25.9
Ch.6 PhraseTableDeseg. word 33.4 19.1 25.9
Ch.6 withSegmentedLM word 33.7 19.2 26.4
Ch.5 One-best morph. 33.8 19.1 26.8
Ch.6 withoutflexibleboundaries morph. 33.0 18.8 26.1
Ch.5 1000-best-list morph. 34.1 19.3 27.2
Ch.5 Lattice morph. 34.4 19.7 27.4
Ch.7 Delayedin-Decoder morph. 34.1 19.4 27.0

word 34.1 19.5 26.8
Ch.7 Optimisticin-Decoder morph. 34.2 19.6 27.2

word 34.5 19.7 27.2

Table7.2:Evaluationofdifferentdesegmentationmethodspresentedinthis
thesisusingBLEUscore. TheRef columnmentionsthechapterwherethe
desegmentationmethodswasfirstintroduced.

Theresultsshowsimilarpatterntotheonesinpreviouschapters. The

BLEUscoreof1000-best-listdesegmentationliesbetweenthe1-best-desegand

latticedesegmentation.Alignmentandphrase-tabledeseg.scoresliebetween

theNoSegmand1-best-desegmscores. Also,one-bestwithoutphraseswith

flexibleboundariesachievedscoresclosetotheNoSegm(excepton MT09).

Thetableshowsthattheoverallconclusionsholdwhilerelativecomparisons

mayhaveslightlychangedonsomeexperiments.

Inthischapter,wetackledachallengingproblemofintegratingdeseg-
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mentationintodecoding,andgotscoressimilartothelatticedesegmentation

approach,butwithamethodthatemploysasubstantiallysimplerpipeline.

Atthispoint,wehaveseenoneformofArabicmorphologicaltransformation

throughsegmentationthatresultedwithseveralbenefits.Inthenextchapter,

weexploreadifferenttransformationonasentimentanalysistask,namely,

Arabiclemmatization.
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Chapter8

SentimentafterTranslation:
ACase-StudyonArabicSocial
MediaPosts

Inthepreviouschapters,weappliedsegmentationonArabictoimprovetrans-

lationfromEnglishintoArabic.Segmentationisoneformoflanguagetransfor-

mationforhandlingmorphologicallycomplexlanguagesanddecreasingtoken

sparsity.Inthischapter,weexploremorphologicalanalysis(lemmatization)

asanalternativeapproachformorphologicallycomplexlanguages.

Ingeneral,whentextistranslatedfromonelanguageintoanother,sen-

timentispreservedtovaryingdegrees.Inthischapter,weuseArabicso-

cialmediapostsasastand-inforsourcelanguagetext,anddetermineloss

insentimentpredictabilitywhentheyaretranslatedintoEnglish,manually

andautomatically. Asbenchmarks,weusemanuallyandautomaticallyde-

terminedsentimentlabelsoftheArabictexts. Wecreateastate-of-the-art

Arabicsentimentanalysissystemandshowithasthebestaccuracyonlem-

matizedformsofArabicsentences. Wealsoimproveoursystembycreating

Arabiclexiconthatisautomaticallygeneratedfromlemmatized-formofArabic

tweets. WealsoshowthatsentimentanalysisofEnglishtranslationsofAra-

bictextsproducescompetitiveresults,w.r.t.Arabicsentimentanalysis. We

discoverthateventhoughtranslationsignificantlyreducesthehumanability

torecoversentiment,automaticsentimentsystemsarestillabletocapture

sentimentinformationfromthetranslations.

83



8.1 Introduction

Automaticsentimentanalysisoftext,especiallysocialmediaposts,hasa

numberofapplicationsincommerce,publichealth,andpublicpolicydevel-

opment. However,avastmajorityofpriorresearchonautomaticsentiment

analysishasbeenonEnglishtexts.Furthermore,manysentimentresources

essentialtoautomaticsentimentanalysis(e.g.,sentimentlexicons)existonly

inEnglish.Thusthereisagrowingneedforeffectivemethodsforanalyzing

textfromotherlanguagessuchasArabicandChinese,especiallypostson

socialmedia.Therehasalsobeenmarkedprogressinautomatictranslation

oftexts,especiallyfromotherlanguagesintoEnglish.Thus,insteadofbuild-

ingsource-languagespecificsentimentanalysissystems,onecantranslatethe

textsintoEnglishanduseanEnglishsentimentanalysissystem.However,itis

widelybelievedthataspectsofsentimentmaybelostintranslation,especially

inautomatictranslation.Though,theextentofthisloss,intermsofdropin

accuracyofautomaticsentimentsystemsremainsundetermined.

Thischapteranalyzesseveralmethodsavailableinannotatingnon-English

textsforsentiment:

•Useasource-languagesentimentanalysissystem.

•RunanEnglishsentimentanalysissystemonmanuallycreatedEnglish

translationsofsourcelanguagetext.

•RunanEnglishsentimentanalysissystemonautomaticallygenerated

Englishtranslationsofsourcelanguagetext.

Inourexperiments,weuseArabicsocialmediapostsasaspecificinstance

ofthesourcelanguagetext. Weusestate-of-the-artArabicandEnglishsen-

timentanalysissystemsaswellasastate-of-the-artArabic-to-Englishtrans-

lationsystem. Weoutlinetheadvantagesanddisadvantagesofeachofthe

methodslistedabove,andmoreimportantlyconductexperimentstodeter-

mineaccuracyofsentimentlabelsobtainedusingeachofthesemethods.As

benchmarksweusemanuallyandautomaticallydeterminedsentimentlabels

oftheArabictweets.
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Theseresultswillhelpusersdeterminemethodsbestsuitedfortheirpar-

ticularneeds. Alongtheway,weanswerseveralresearchquestionssuchas:

1. WhatsentimentpredictionaccuracyisexpectedwhenArabicblogposts

andtweetsaretranslatedintoEnglish(usingthecurrentstate-of-art

techniques),andthenrunthroughastate-of-the-artEnglishsentiment

analysissystem?

2.Howdoesthisperformancecomparewiththatofacurrentstate-of-the-

artArabicsentimentsystem?

3. WhatisthelossinsentimentpredictabilitywhentranslatingArabictext

intoEnglishautomaticallyvs.manually?

4.Howdifficultisitforhumanstodeterminesentimentofautomatically

translatedtext?

5. Whendealingwithtranslatedtext,whichismoreaccurateatdetermin-

ingthesentimentofArabictext:(1)automaticsentimentanalysisof

thetranslatedtext,or(2)humanannotationofthetranslatedtextfor

sentiment?

Theinferencesdrawnfromtheseexperimentsdonotnecessarilyapplytolan-

guagepairsotherthanArabic–English.Languagescandiffersignificantlyin

termsofcharacteristicsthatimpactaccuracyofanautomaticsentimentanaly-

sissystem.Ourgoalherespecificallyistounderstandsentimentpredictability

ofArabicdialectaltextontranslation.However,asimilarsetofexperiments

canbeusedforotherlanguagepairsaswelltodeterminetheimpactoftrans-

lationonsentiment.

Throughourexperimentsontwodifferentdatasets,weshowthatsentiment

analysisofEnglishtranslationsofArabictextsproducescompetitiveresults,

w.r.t.Arabicsentimentanalysis. Wealsoshowthattranslation(bothmanual

andautomatic)introducesmarkedchangesinsentimentcarriedbythetext;

positiveandnegativetextscanoftenbetranslatedintotextsthatareneu-

tral. Wealsofindthatcertainattributesofautomaticallytranslatedtextthat
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misleadhumanswithregardstothetruesentimentofthesourcetext,donot

seemtoaffecttheautomaticsentimentanalysissystem.

Intheprocessofdevelopingtheseexperimentstostudyhowtranslational-

terssentiment,wecreatedastate-of-the-artArabicsentimentanalysissystem

byportingNRC-Canada’scompetitionwinningsystem(Kiritchenkoetal.,

2014)toArabic. Wealsocreatedasubstantialamountofsentimentlabeled

datapertainingtoArabicsocialmediatextsandtheirEnglishtranslations

whichismadefreelyavailable.1

Thisisthefirstsuchresourcewheretextinonelanguageanditstranslations

intoanotherlanguage(bothmanuallyandautomaticallyproduced)areeach

manuallylabeledforsentiment.

8.2 Related Work

8.2.1 SentimentAnalysisofEnglishSocial Media

Sentimentanalysissystemshavebeenappliedtomanydifferentkindsoftexts

includingcustomerreviews,newspaperheadlines(Bellegarda,2010),novels

(Boucouvalas,2002; MohammadandYang,2011),emails(Liuetal.,2003;

MohammadandYang,2011),blogs(Neviarouskayaetal.,2011),andtweets

(Mohammad,2012). Oftenthesesystemshavetocatertothespecificneeds

ofthetextsuchasformalityversusinformality,lengthofutterances,etc.Sen-

timentanalysissystemsdevelopedspecificallyfortweetsincludethosebyGo

etal.(2009),PakandParoubek(2010),Agarwaletal.(2011),andThel-

walletal.(2011). Asurveyby Martínez-Cámaraetal.(2012)providesan

overviewoftheresearchonsentimentanalysisoftweets.Inthelasttwoyears,

severalsharedtasksonsentimentanalysiswereorganizedbytheConference

onSemanticEvaluationExercises(SemEval),whichallowedforcomparison

ofdifferentapproachesoncommondatasetsfromdifferentdomains(Wilson

etal.,2013;Rosenthaletal.,2014;Pontikietal.,2014). TheNRC-Canada

system(Kiritchenkoetal.,2014)rankedfirstinthesecompetitions,andwe

useitinourexperiments.DetailsofthesystemaredescribedinSection6.

1http://www.purl.com/net/ArabicSentiment
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8.2.2 SentimentAnalysisofArabicSocial Media

SentimentanalysisofArabicsocialmediatextshasseveralchallenges. The

textisofteninaregionalArabicdialectratherthanModernStandardArabic

(MSA).UnlikeMSAwhichisastandardizedformofArabic,dialectalArabic

isthespokenformofArabicandlacksstrictwritingstandards. Thetext

oftenincludeswordsfromlanguagesotherthanArabicandmultiplescripts

maybeusedtoexpressArabicandforeignwords.Inaddition,Arabicis

amorphologicallycomplexlanguage,thushavingalexiconofword-sentiment

associationsthatcoversalldifferentsurfaceformsbecomesacumbersometask.

NegationinMSAisexpressedthroughnegationparticles,butinsomedialects

(Egyptian)itisexpressedusingsuffixesattheendoftheword. Wereferthe

readertoMouradandDarwish(2013)formoredetailsontheseissues.

TherehavebeenafewstudiestacklingsentimentanalysisofArabictexts

(Ahmadetal.,2006;Badaroetal.,2014). Theonesmostcloselyrelatedto

ourworkarethestudiesofsentimentanalysisofArabicsocialmedia(Al-Kabi

etal.,2013;El-BeltagyandAli,2013; MouradandDarwish,2013;Abdul-

Mageedetal.,2014).HerewereviewexistingArabicsentimentanalysissys-

temsthatweredesignedspecificallyforArabicsocialmediadatasets.Abdul-

Mageedetal.(2014)trainedanSVMclassifieronamanuallylabeleddataset

andappliedatwo-stageclassificationthatfirstseparatessubjectivefromob-

jectivesentencesandthenclassifiesthesubjectiveintopositiveornegative

instances. Theauthorshavecompiledseveraldatasetsfrommultiplesocial

mediaresourcesthatincludechatroommessages,tweets,forumposts,and

WikipediaTalkpages.However,theseresourceshavenotbeenmadepublicly

availableyet.

MouradandDarwish(2013)trainedSVMandNaiveBayesclassifierson

ArabictweetsannotatedbytwonativeArabicspeakers. Wecompareour

system’sperformancetotheirsinSection7.

RefaeeandRieser(2014b)manuallyannotatedtweetsforsentimentbytwo

nativeArabicspeakers.TheyusedanSVMtoclassifytweetsinatwo-stage

approach,polarvsneutral,thenpositivevs.negative. Theauthorsshared
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theirdatawithusandwetestoursystemontheirdataset. However,the

datasettheyprovidedusisalargersupersetthantheonetheyhadoriginally

used(RefaeeandRieser,2014a). Thus,theresultsofsentimentsystemson

thetwosetsarenotdirectlycomparable.

8.2.3 MultilingualSentimentAnalysis

Workonmultilingualsentimentanalysishasmainlyaddressedmappingsenti-

mentresourcesfromEnglishintomorphologicallycomplexlanguages. Mihal-

ceaetal.(2007)usedEnglishresourcestoautomaticallygenerateaRomanian

subjectivitylexiconusinganEnglish–Romaniandictionary. Thegenerated

lexiconisthenusedtoclassifyRomaniantext. Wan(2008)translatedChi-

nesecustomerreviewstoEnglishusingamachinetranslationsystem. The

translatedreviewsarethenclassifiedwitharule-basedsystemthatrelieson

Englishlexicons. Ahigheraccuracyisachievedbyusingensemble meth-

odsandcombiningknowledgefromChineseandEnglishresources. Balahur

andTurchi(2014)conductedastudytoassesstheperformanceofstatistical

sentimentanalysistechniquesonmachine-translatedtexts. Opinion-bearing

phrasesfromtheNewYorkTimestextcorpus(2002–2005)wereautomatically

translatedusingpubliclyavailablemachine-translationengines(Google,Bing,

andMoses).Then,theaccuracyofasentimentanalysissystemtrainedonorig-

inalEnglishtextswascomparedtotheaccuracyofthesystemtrainedonau-

tomatictranslationstoGerman,Spanish,andFrench.Theauthorsconcluded

thatthequalityofmachinetranslationissufficientforsentimentanalysisto

beperformedonautomaticallytranslatedtextswithoutasubstantiallossin

accuracy.Contrarytothatwork,ourstudyusesbothmanualandautomatic

translationsaswellasbothmanualandautomaticsentimentassignmentsto

systematicallyexaminetheeffectoftranslationonsentiment. Additionally,

wedealwithnoisysocialmediatextsasopposedtomorepolishednewsmedia

texts.Thereexistsresearchonusingsentimentanalysistoimprovemachine

translation(ChenandZhu,2014),butthatisbeyondthescopeofthisthesis.
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Figure8.1: Experimentalsetuptodeterminetheimpactoftranslationon
sentiment. WecomparesentimentlabelsbetweenAr(Manl.Sent.)(shown
inashadedbox)andotherdatasetsshownontherightsideofthefigure.
Ar(Manl.Sent.)istheoriginalArabictextmanuallyannotatedforsentiment.

8.3 MethodforDeterminingSentimentPredictabil-

ityonTranslation

Inordertosystematicallystudytheimpactoftranslationonsentimentanal-

ysis,weproposethefollowingexperimentalsetup:

•IdentifyorcompileanArabicsocialmediadataset. Wewillrefertoit

asAr.(ArcomesfromthefirsttwoletterofArabic.)

•ManuallytranslateArintoEnglish. WewillrefertotheseEnglishtrans-

lationsasEn(Manl.Trans.) [Manl. isformanual,andTrans. isfor

translations.]

•AutomaticallytranslateArintoEnglish. WewillrefertotheseEnglish

translationsasEn(Auto.Trans.)[Auto.isforautomatic.]

•ManuallyannotateAr.forsentiment. Wewillrefertothesentiment-

labeleddatasetasAr(Manl.Sent.)

•ManuallyannotateallEnglishdatasets[En(Manl.Trans.)andEn(Auto.

Trans.)]forsentiment,creatingEn(Manl.Trans.,Manl.Sent.)andEn(Auto.

Trans.,Manl.Sent.),respectively.

•Runastate-of-the-artArabicsentimentanalysissystemonAr,creating

Ar(Auto.Sent.)
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•Runastate-of-the-artEnglishsentimentanalysissystemonalltheEn-

glishdatasets[En(Manl.Trans.)andEn(Auto.Trans.)],creatingEn(Manl.

Trans.,Auto.Sent.)andEn(Auto.Trans.,Auto.Sent.),respectively.

Figure1depictsthissetup. Oncethevarioussentiment-labeleddatasetsare

created,wecancomparepairsofdatasetstodrawinferences.Forexample,

comparingthelabelsforAr(Manl.Sent.)andEn(Manl.Trans., Manl.Sent.)

willshowhowdifferentthesentimentlabelstendtobewhentextistranslated

fromArabictoEnglish.Thecomparisonwillalsoshow,forexample,whether

positivetweetstendtooftenbetranslatedintoneutraltweets,andtowhat

extent.TheresultswillalsoshowhowfeasibleitistofirsttranslateArabic

textintoEnglishandthenuseautomaticsentimentanalysis(Ar(Manl.Sent.)

vs.En(Auto.Trans.,Auto.Sent.)).InSection8.8,weprovideananalysisof

severalsuchcomparisonsfortwodifferentArabicsocialmediadatasets.

DATA:SincemanualtranslationoftextfromArabictoEnglishisacostly

exercise,wechose,forourexperiments,anexistingArabicsocialmediadataset

thathasalreadybeentranslated–theBBNArabic-Dialect/EnglishParallel

Text(Zbibetal.,2012).2Itcontainsabout3.5milliontokensofArabicdialect

sentencesandtheirEnglishtranslations. Weusearandomlychosensubsetof

1200Levantinedialectalsentences,whichwewillrefertoastheBBNpostsor

BBNdataset,inourexperiments.Additionally,wealsoconductexperiments

onadatasetof2000tweetsoriginatingfromSyria(acountrywhereLevantine

dialectalArabiciscommonlyspoken). Thesetweetswerecollectedin May

2014bypollingtheTwitterAPI. WewillrefertothisdatasetastheSyrian

tweetsorSyriandataset.Note,however,thatmanualtranslationsoftheSyrian

datasetarenotavailable.

Theexperimentalsetupdescribedaboveinvolvesseveralcomponenttasks:

generatingtranslationsmanuallyandautomatically(Section8.4),manually

annotatingArabicandEnglishtextsforsentiment(Section8.5),automatic

sentimentanalysisofEnglishtexts(Section8.6),andautomaticsentiment

analysisofArabictexts(Section8.7).

2https://catalog.ldc.upenn.edu/LDC2012T09
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8.4 GeneratingEnglishTranslations

TheBBNdialectalArabicdatasetcomeswithmanualtranslationsintoEn-

glish. WegenerateautomatictranslationsoftheArabicBBNpostsandthe

Syriantweets,bytrainingamulti-stackphrase-basedmachinetranslationsys-

temtotranslatefromArabictoEnglish. Ourin-housesystemisquitesimi-

lartoCherryandFoster(2012).Thisstatisticalmachinetranslation(SMT)

systemistrainedondatafromOpenMT2012. Wepreprocessthetraining

databysegmentingtheArabicsourcesideofthetrainingdatawithMADA

3.2(Habashetal.,2009),usingPennArabicTreebank(PATB)segmentation

schemeasrecommendedbyElKholyandHabash(2012a).TheArabicscript

isfurthernormalizedbyconvertingdifferentformsofAlif andYa

tobareAlifanddotlessYa .Thedifferentformsareusedinterchangeably,

andnormalizationdecreasesthesparcityofArabictokensandimprovestrans-

lation.TheEnglishsideofthetrainingdataislower-casedandtokenizedby

strippingpunctuationmarks. Wesetthedecoder’sstacksizeto10000and

distortionlimitto7. Wereplacetheout-of-vocabularywordsinthetrans-

latedtextwithUNKNOWNtoken(whichisshowntotheannotators).The

decoder’slog-linearmodelistunedwithMIRA(Chiangetal.,2008;Cherry

andFoster,2012).AKN-smoothed5-gramlanguagemodelistrainedonthe

EnglishGigawordandthetargetsideoftheparalleldata.

8.5 CreatingsentimentlabeleddatainArabic

andEnglish

Manualsentimentannotationswereperformedonthecrowdsourcingplatform

CrowdFlower3forthreeBBNdatasetsandtwoSyriandatasets:

1.OriginalArabicposts(BBNandSyriadatasets),annotatedbyArabic

speakers.

2. ManualEnglishtranslationsofArabicposts,annotatedbyEnglishspeak-

ers(onlyforBBNdataset).
3http://www.crowdflower.com
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positive negative neutral agreement

BBNdata
a.Ar(Manl.Sent) 41.50 47.92 10.58 73.80
b.En(Manl.Trans.,Manl.Sent) 35.00 43.25 21.75 68.00
c.En(Auto.Trans.,Manl.Sent) 36.17 36.50 27.34 65.70

Syriadata
d.Ar(Manl.Sent) 22.40 67.50 10.10 79.00
e.En(Auto.Trans.,Manl.Sent) 14.25 66.15 19.60 76.10

Table8.1: Classdistribution(inpercentage)ofthesentimentannotated
datasets.

3.AutomaticEnglishtranslationsofArabicposts(BBNandSyriadatasets),

annotatedbyEnglishspeakers.

Eachpostwasannotatedbyatleasttenannotatorsandthemajoritysentiment

labelwaschosen.Table8.1showstheclassdistributionofsentimentlabelsin

variousdatasets. Observefromrowsaanddthatneutraltweetsconstitute

onlyabout10%ofthedatainbothBBNandSyriadatasets.TheSyriantweets

haveamuchhigherpercentageofnegativeposts,whereasintheBBNdata,

thepercentagesofpositiveandnegativepostsarecomparable.(Arabictweets

ingeneraltendtobemuchmoreskewedtothenegativeclassthanArabic

blogpostsentences.)Rowsb,c,andeshowthattranslatedtextstendtolose

someofthesentimentinformationandthereisarelativelyhigherpercentage

ofneutralinstancesinthetranslatedtextthanintheoriginaltext.

Foreachpost,wedeterminethecountofthemostfrequentannotation

dividedbythetotalnumberofannotations. Thisscoreisaveragedforall

poststodeterminetheinter-annotatoragreementshowninthelastcolumnof

Table8.1. Weusethisagreementscoreasbenchmarktocompareperformance

ofautomaticsentimentsystems(describedbelow).

8.6 EnglishSentimentAnalysis

WeusetheEnglish-languagesentimentanalysissystemdevelopedbyNRC-

Canada(Kiritchenkoetal.,2014)inourexperiments.Thissystemobtained

highestscoresintworecentinternationalcompetitionsonsentimentanalysis

oftweets–SemEval-2013Task2andSemEval-2014Task9(Wilsonetal.,2013;

Rosenthaletal.,2014). Webrieflydescribethesystembelow;formoredetails,
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wereferthereadertoKiritchenkoetal.(2014).

Alinear-kernelSupportVectorMachine(ChangandLin,2011)classifier

istrainedontheavailabletrainingdata.Theclassifierleveragesavarietyof

surface-form,semantic,andsentimentlexiconfeaturesdescribedbelow.The

sentimentlexiconfeaturesarederivedfromexisting,general-purpose,man-

uallexicons,namelyNRCEmotionLexicon(MohammadandTurney,2010,

2013),BingLiu’sLexicon(HuandLiu,2004),andMPQASubjectivityLex-

icon(Wilsonetal.,2005),aswellasautomaticallygenerated,tweet-specific

lexicons,HashtagSentimentLexiconandSentiment140Lexicon(Kiritchenko

etal.,2014).4

8.6.1 GeneratingEnglishSentimentLexicon

AblationexperimentsinMohammadetal.(2013)showedthattheirsentiment

systembenefitedmostfromtheuseoftheHashtagSentimentLexicon.The

lexiconwascreatedasfollows. Alistof77seedwords,whicharesynonyms

ofpositiveandnegative,wascompiledfromtheRoget’sThesaurus.Then,the

TwitterAPIwaspolledtocollecttweetsthathadthesewordsashashtags.

Atweetisconsideredpositiveifithasapositivehashtagandnegativeifit

hasanegativehashtag.Foreachterminthetweetset,asentimentscoreis

computedbymeasuringthePMI(pointwisemutualinformation)betweenthe

termandthepositiveandnegativecategories:

SenScore(w)=PMI(w,pos)−PMI(w,neg) (8.1)

wherewisaterminthelexicon.PMI(w,pos)isthePMIscorebetweenw

andthepositiveclass,andPMI(w,neg)isthePMIscorebetweenwandthe

negativeclass. ApositiveSenScore(w)suggeststhatthewordisassociated

withpositivesentimentandanegativescoresuggeststhatthewordisasso-

ciatedwithnegativesentiment.Themagnitudeindicatesthestrengthofthe

association.

4http://www.purl.com/net/lexicons
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ArabicSentimentDataset MD RR BBN Syria
sentimentclasses pos,neg pos,neg pos,neg,neu pos,neg,neu
numberofinstances 1111 2681 1199 2000

Mostfrequentclassbaseline 66.06 68.92 47.95 67.50
Humanagreementbenchmark - - 73.82 79.05
MDArabicSAsystem 72.50 - - -

OurArabicSAsystem(surface) 70.65 84.0 62.0 79.45
OurArabicSAsystem(lemma) 74.62 85.23 63.89 78.96

Table8.2: Accuracy(inpercentage)ofsentimentanalysis(SA)systemson
variousArabicsocialmediadatasets.Accuracyiscalculatedbasedofsumof
truepositivesofallfolds.

8.6.2 Pre-processingandFeatureGeneration

Thefollowingpre-processingstepsareperformed. URLsandusermentions

arenormalizedtohttp://someurland@someuser,respectively. Tweetsare

tokenizedandpart-of-speechtaggedwiththeCMUTwitterNLPtool(Gimpel

etal.,2011).Then,eachtweetisrepresentedasafeaturevector.

Thefeatures:

- Wordandcharacterngrams;

-POS:#occurrencesofeachpart-of-speechtag;

-Negation: #negatedcontexts.Negationalsoaffectsthengramfeatures:a

wordwbecomesw_NEGinanegatedcontext;

-Automaticsentimentlexicons:Foreachtokenwoccurringinatweet,its

sentimentscorescore(w)isusedtocompute:#tokenswithscore(w)=0;the

totalscore= w∈tweetscore(w);themaximalscore=maxw∈tweetscore(w);the

scoreofthelasttokeninthetweet.

-Manuallycreatedsentimentlexicons:Foreachofthethreemanualsentiment

lexicons,thefollowingfeaturesarecomputed:thesumofpositiveandthe

sumofnegativescoresfortweettokensinaffirmativecontextsandinnegated

contexts,separately.
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surface lemma
count coverage count coverage

BBN 5897 56% 3885 67%
Syria 9856 63% 5644 73%
RR 16005 58% 8416 66%
MD 7620 65% 4706 73%

Table8.3:Typecountsforsurfaceandlemmatizedformsofthetrainingsets.
Thecoverageisthepercentageoftypesinthetrainingdatathatiscoveredby
thehashtaglexicon.

8.7 ArabicSentimentAnalysis

8.7.1 BuildinganArabicSentimentSystem

WebuiltanArabicsentimentanalysissystembyreconstructingtheNRC-

CanadaEnglishsystemtodealwithArabictext.Itextractsallofthefeature

describedinSection8.6.2exceptPOSandnegationfeatures. Wealsogener-

atedaword-sentimentassociationlexiconasdescribedinSection8.6.1,but

forArabicwordsfromArabictweets(moredetailsinsub-sectionbelow). We

preprocessArabictextbytokenizingwithCMUTwitterNLPtooltodealwith

specifictokenssuchasURLs,usernames,andemoticons.ThenweuseMADA

togeneratelemmas.Finally,wenormalizedifferentformsofAlifandYato

bareAlifanddotlessYatodecreasetokensparcityinArabicdatasets.

GeneratingArabicSentimentLexicon

Wetranslated77positiveandnegativeseedwordsusedtogeneratetheEn-

glishNRCHashtagSentimentLexiconintoArabicusingGoogleTranslate.

Amongtheseveraltranslationsprovidedbyit,wechosewordsthatwereless

ambiguousandtendedtohavestrongsentimentinArabictexts.Toincrease

thecoverageofourseedlist,wemanuallyaddeddifferentinflectionsforthese

translations.

WepolledtheTwitterAPIfortheperiodofJunetoAugust2014and

collectedtweetswith#(keyword). Afterfilteringoutduplicatetweetsand

retweets,weendedupwith163,944positiveuniquetweetsand37,848negative

uniquetweets. AlltweetsarepreprocessedbynormalizingtheAlifandYa
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pos neg neu

BBNdata
a.Ar(Auto.Sent) 39.7860.050.17
b.En(Manl.Trans.,Auto.Sent)43.1255.631.25
c.En(Auto.Trans.,Auto.Sent) 42.8756.051.08
Syriadata
d.Ar(Auto.Sent) 20.6075.304.10
e.En(Auto.Trans.,Auto.Sent) 24.7569.755.50

Table8.4:Classdistribution(inpercentage)resultingfromautomaticsenti-
mentanalysis.

charactersandconvertingwordstotheirlemmatizedform. Thenforeach

wordw,SenScore(w)wascalculatedjustasdescribedinSection8.6.1.

8.7.2 Evaluation

WetestedtheArabicsentimentsystemontwoexistingArabicdatasets(Mourad

andDarwish(2013)(MD)andRefaeeandRieser(2014a)(RR))andtwonewly

sentiment-annotatedArabicdatasets(BBNandSyria). Table8.2showsre-

sultsoften-foldcross-validationexperimentsoneachofthedatasets. For

MDandRR,thepresentedresultsareforthetwo-classproblem(positivevs.

negative)toallowforcomparisonwithpriorpublishedresults.ForBBNand

Syria,theresultsareshownforthecasewherethesystemhastoidentifyone

ofthreeclasses:positive,negative,orneutral. Humanagreementscoresare

shownwhereavailable.

Weexperimentedusing2versionsofoursystem,onetrainedonthesurface

formsofthetrainingdataandanotheronetrainedontheirlemmas. Table

8.2showsthatresultsfromtrainingonlemmaformssurpassestheonesonthe

originalsurfaceforms. Lemmatizationdecreasesthelexicalsparsitymainly

throughdroppingouttheaffixesfromthewordsandconvertingittoaform

thatmaintainsitscoremeaning. Table8.3showsadecreaseintokentypes

byaround40%forthesedatasets. Wealsocalculatedthepercentageoftypes

foreachdatasetthatiscoveredbythehashtaglexicon.Alemmatizedlexicon

resultswithhighercoveragetotermsinthedatasetscomparedtoonegenerated

fromsurfaceforms.

Notethattheaccuracyofoursystem(trainedonlemmas)ishigherthan
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previouslypublishedresultsontheMDdataset.Theonlypreviouslypublished

resultsontheRRdatasetareonasmallsubset(about1000instances)for

whichRefaeeandRieser(2014a)obtainedanaccuracyof87%.Theresultsin

Table8.2areforalargerdatasetandsonotdirectlycomparable.

8.8 SentimentAfterTranslation

UsingthemethodsandsystemsdescribedinSections8.4,8.5,8.6,and8.7,we

generatedallthemanuallyandautomaticallylabeleddatasetsmentionedin

Section8.3’sExperimentalSetup.Table8.4showsthedistributionofpositive,

negative,andneutralclassesindatasetsthathavebeenautomaticallylabeled

withsentiment.ThesepercentagescanbecomparedwiththoseinTable8.1

(rowsaandd)whichshowthetruesentimentdistributionintheBBNand

Syriadatasets.Observethattheautomaticsystemhasdifficultyinassigning

neutralclasstoposts.Thisisprobablybecauseofthesmallpercentage(about

10%)ofneutraltweetsinthetrainingdata. Alsonoticethatthesystem

predominantlyguessesnegative,whichisalsoareflectionofthedistribution

inthetrainingdata.ThestrongbiastonegativesislessenedintheEnglish

translations.

MainResult: Tables8.5and8.6showhowsimilarthesentimentlabels

areacrossvariouspairsofdatasetsfortheBBNpostsandtheSyrianposts,

respectively.Forexample,rowa.inTable8.5showsthecomparisonbetween

Arabictweetsthatweremanuallyannotatedforsentimentandthosethatwere

automaticallylabeledforsentimentbyourArabicsentimentanalysissystem.

Column2showsthepercentageofinstanceswherethesentimentlabelsmatch

acrossthetwodatasetsbeingcompared.Forrowa.thematchpercentageof

63.89%representstheaccuracyoftheautomaticsentimentanalysissystemon

theArabicBBNposts.

Rowb.showsthedifferenceinlabelswhentextismanuallytranslated

fromArabictoEnglish,eventhoughsentimentlabelinginbothArabicand

Englishisdonemanually. Observethatthetwolabelsmatchonly71.31%

ofthetime.However,theagreementamonghumansentimentannotatorson
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DataPair Match %

a.Ar(Manl.Sent)-Ar(Auto.Sent) 63.89
b.Ar(Manl.Sent)-En(Manl.Trans.,Manl.Sent) 71.31
c.Ar(Manl.Sent)-En(Manl.Trans.,Auto.Sent) 68.65
d.Ar(Manl.Sent)-En(Auto.Trans.,Manl.Sent) 57.21
e.Ar(Manl.Sent)-En(Auto.Trans.,Auto.Sent) 62.49
f.En(Manl.Trans.,Manl.Sent)-En(Auto.Trans.,Manl.Sent) 60.08
g.En(Manl.Trans.,Manl.Sent)-En(Manl.Trans.,Auto.Sent) 66.51
h.En(Auto.Trans.,Manl.Sent)-En(Auto.Trans.,Auto.Sent) 69.58

Table8.5: Matchpercentagebetweenpairsofsentimentlabelled BBN
datasets.

DataPair Match %

a.Ar(Manl.Sent)-Ar(Auto.Sent) 78.96
b.Ar(Manl.Sent)-En(Auto.Trans.,Manl.Sent) 71.05
c.Ar(Manl.Sent)-En(Auto.Trans.-Auto.Sent) 78.11
d.En(Auto.Trans,Manl.Sent)-En(Auto.Trans.,Auto.Sent) 78.80

Table8.6: MatchpercentagebetweenpairsofsentimentlabelledSyria
datasets.

originalArabictextswasonly73.8%.So,theEnglishtranslationdoesaffect

sentiment,butnotdramatically.

Rowc.showsresultsforwhenthemanuallytranslatedtextisrunthrough

anEnglishsentimentanalysissystemandthelabelsarecomparedagainst

Ar(Manl.Sent.) Observethatthematchforthispairis68.65%,whichis

nottoomuchlowerthan71.31%obtainedbymanualsentimentlabeling.This

showsthattheEnglishsentimentsystemisperformingratherwell.(Onewould

notexpectittogetamatchgreaterthan71.31%.) Moreimportantly,the

Englishsentimentsystemshowsacompetitiveresultof62.49%whenrunonthe

automaticallytranslatedtext(rowe.),whichmakesthischoiceaviableoption

forsentimentanalysisofnon-Englishtexts.Thisresultisinlinewithprevious

findingsinInformationRetrieval(Nieetal.,1999)andTextClassification

(AminiandGoutte,2010).

Rowsd.ande.compareAr(Manl.Sent.)withmanualandautomaticsen-

timentlabelingofautomatictranslations.Sinceautomatictranslationfrom

ArabictoEnglishisfairlydifficult,weexpectthesematchpercentagestobe

lowerthanthoseinrowsb.andc.,andthatisexactlywhatweobserve.How-

ever,itisunexpectedtofindthenumberforrowe.tobehigherthanthatof
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rowd. WefindthesamepatternforcorrespondingdatapairsintheSyrian

tweetsaswell(rowsb.andc.inTable6).Thissuggeststhatcertainattributes

ofautomaticallytranslatedtextmisleadhumanswithregardstothetruesen-

timentofthesourcetext. However,thesesameattributesdonotseemto

affecttheautomaticsentimentanalysissystemasmuch.SincetheNRCsen-

timentanalysissystemislargelyreliantonword-sentimentassociationsand

doesnotusesyntax-basedfeatures,itispossiblethatsyntacticabnormalities

introducedbyautomatictranslationimpacthumanperceptionofsentiment.

Rowf.showsthatmanualandautomatictranslationleadtoonlyabout

60%matchinmanuallyannotatedsentimentlabelswitheachother. Row

g.showsaccuracyoftheEnglishautomaticsentimentanalysissystemonthe

manuallytranslatedtext(assumingtheEnglishsentimentlabelsasgold).The

resultof66.51%isveryclosetohumanagreementonmanuallytranslateddata

(68%),whichdemonstratesthehighqualityoftheEnglishsentimentanalysis

system.Rowh.showsaccuracyoftheEnglishautomaticsentimentanalysis

systemontheautomaticallytranslatedtext(assumingtheEnglishsentiment

labelsasgold).Inthiscase,thesystem’saccuracyof69.58%ishigherthanthe

humanagreementonautomaticallytranslatedtext(65.7%),whichagainshows

thatautomatictranslationgreatlyimpactssentimentperceivedbyhumans.

WemanuallyexaminedseveraltweetsfromtheBBNdatasettounder-

standwhyhumansincorrectlyannotateatweet’sautomatictranslation. Most

ofthecaseswereduetobadtranslationwheresentimentwordseitherdisap-

pearedorwerereplacedwithwordsofoppositesentiment.Insomecases,the

translationwasaffectedbytyposontheArabicside. Table8.7showssome

examples. Oftenthemistranslationsoccurredduetowordsenseambiguity.

Forexample, hastwomeanings:scorpionsandclockarms.Inexample

1(metaphoricallystatingthatrelativescanhurtlikescorpionbites),theword

ismistranslated,leadingtoneutral(insteadofnegative)sentiment.

Onereasonwhytheautomaticsentimentanalysissystemcorrectlyanno-

tatesseveralautomaticallytranslatedinstances(wheremanualannotationsof

thetranslationmayfail),isthatthesystemcanlearnanappropriatemodel

evenfrommistranslatedtext —especiallywhenautomatictranslationmakes
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1. Badauto.translation: mistranslationofambiguouswords

Post negative

Auto.Trans. theminimumtaughtmethatmorerelativesclock neutral
Manl.Trans. Lifehastaughtmethatmostoftherelativesarescorpions negative

2. Badauto.translation: mistranslationofambiguouswords

Post positive

Auto.Trans. iwishiliveinaplacenotcutoffbysnow negative
Manl.Trans. IwishIliveinaplacewheresnowneverstopsfalling positive

3. Badauto.translation:sarcasmishardtotranslate

Post negative

Auto.Trans. you’restillgoodinfrontoftheleakageofwaterexistedfromtime positive
Manl.Trans. Expectmoregoodtocome,waterhasbeenleakingsincealongtime negative

Table8.7:Exampleswheretheautomatictranslationwasannotatedasen-
timentdifferentfromthesentimentoftheoriginalArabictweet,butwhose
originalsentimentwascorrectlypredictedbytheEnglishsentimentsystem.
Themanualtranslationsarealsolistedforreference.

consistenterrors.Forexample, (OhGodgrantvictoryto)hasbeen

consistentlytranslatedtoGodforsake.Alltweetshavingthisphrasearecor-

rectlyannotatedaspositivebyoursystem,butweremarkednegativebythe

humanannotators.

Caveats:Theautomaticsystemsemployedintheseexperiments,i.e.,Ara-

bicsentimentanalysis,Englishsentimentanalysis,andSMTsystems,exhibit

state-of-the-artperformance;nevertheless,furtherimprovementsarepossible.

TheArabicsentimentsystemwillbenefitfromextendedsentimentlexicons

andfeaturesderivedspecificallyfortheArabiclanguage.TheEnglishsenti-

mentanalysissystemcanbefurtheradaptedtothepeculiaritiesofmachine-

translatedtexts,whicharenotablydifferentfromregularEnglish.Thecurrent

translationsystemhasbeentrainedonnon-tweetdatathatresultsinahigh

percentageofout-of-vocabularywordsonourdatasets.Inourexperiments,

weassumedthatalltextsarewritteninLevantinedialectoftheArabiclan-

guage. However,tweetscanhaveamixtureofdialectsorevenamixtureof

languages(e.g.,ArabicandEnglish).Addressingthesefactorswillgiveeven

moreinsightonhowsentimentisalteredontranslation,inspecificcontexts.
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8.9 Summary

WepresentedasetofexperimentstosystematicallystudytheimpactofEn-

glishtranslation(manualandautomatic)onsentimentanalysisofArabicso-

cialmediaposts.Ourexperimentsshowthatautomaticsentimentanalysisof

Englishtranslations(evenofautomatictranslations)canleadtocompetitive

results—resultsthataresimilartothatobtainedbycurrentstate-of-the-art

Arabicsentimentanalysissystems.Ourresultsalsoshowthatautomaticsen-

timentanalysisofautomatictranslationsoutperformsthemanualsentiment

annotationsoftheautomaticallytranslatedtext. ThissuggeststhatSMT

errorsimpacthumanperceptionofsentimentmarkedlymorethanautomatic

sentimentsystems. Wealsoshowthattranslatedtextstendtolosesomeof

thesentimentinformationandthereisarelativelyhigherpercentageofneu-

tralinstancesinthetranslatedtextthanintheoriginaldataset.Theresources

createdaspartofthisproject(Arabicsentimentlexicons,Arabicsentiment

annotationsofsocialmediaposts,andEnglishsentimentannotationsoftheir

translations)aremadefreelyavailable.5

5http://www.purl.com/net/ArabicSentiment
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Chapter9

Conclusion

Morphologicalsegmentationandmorphologicalanalysisareeffectiveapproaches

forsparsityreductioninmorphologicallycomplexlanguages,specificallyAra-

bic.SegmentationmanagestoimprovetheSMTsystembyimprovingcor-

respondencebetweensourceandtargetlanguageanddecreasingtokenspar-

sity.Similarly,lemmatizationimprovessentimentanalysisthroughmaintain-

ingcoremeaningofthewordwhilereducingittoasimplerform.Inthis

dissertation,weaimedtoimprovetranslationfromEnglishtoArabicina

phrase-basedSMTframework. Weaddressedseveralissuesconcerningdeseg-

mentationandmoveditfrompost-processingtoadecoder-integratedprocess.

Thisopensanopportunitytobenefitfrombothmorpheme-basedandword-

basedpropertiesoftheArabiclanguage. Wealsomeasuredsentimentpre-

dictabilitywhenArabicsocialmediatextistranslatedtoEnglishmanually

andautomatically,andcomparedtheresultstoonesobtainedusingArabic

sentimentanalysissystem.Inthisfinalchapter,wesummarizeourworkin

thisdissertation,highlightthemaincontributionsanddiscussfuturework.

9.1 Summary

Weprovidedadesegmentationtechniquethatislanguage-independentand

overcomesthelimitationsofavailabletechniques. Weapproachdesegmenta-

tionasastringtransductionproblem. OurDirecTL+toolistrainedon

alignedsegmentedandunsegmentedformswherecharacteralignedpairsbe-

cometheoperationoftransduction. Whenappliedtoanaturallyoccurring
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Arabictext,ourapproachperformsthebestwithaworderrorrateof0.087.

However,whentestedonasegmentedArabicSMToutput,wegetsimilar

resultstoaTable+Rule-basedtechnique. Ourresultssuggestedthatmerely

improvingthedesegmentationtechniquemightnotcontributemuchtothe

improvementintranslationquality.Sincedesegmentationisdealtwithasa

post-processingstep,propagateddecodererrorsaredifficulttoovercome.Our

analysisimpliesthatthebenefitsofdesegmentationcouldbewell-utilizedat

earlierpointsoftheSMTpipeline.

InChapter5,weprovideanalgorithmthatdesegmentsthesearchspace

builtfromsegmentedArabictokens. ThissupportstheSMTsystemwith

twoviewsofthesearchspace.Initially,thesystemhasamorpheme-based

view,wherethemodel’sfeaturesarebasedonsegmentedArabic.Thesecond

viewisword-basedview,wherethelatticeisdesegmented.Thedesegmented

latticeenablesextractionofword-levelfeatures,suchasscoringonanunseg-

mentedlanguagemodelorusingdiscontiguityfeatures.Ourresultsshowsan

improvementof0.7BLEUpointscomparedtothe1-best-desegmentationbase-

line.Thesystemseemstohavetwomainbenefitsfromdesegmentationand

addingword-levelfeatures.First,thedesegmentedform’scorrectnessisalways

evaluatedwiththeunsegmentedlanguagemodel,givenitsdesegmentedcon-

text.Theunsegmentedlanguagemodelcanspanalargermorphemiccontext

comparedtosegmentedlanguagemodel.Second,ouranalysisrevealsthatdis-

contiguityfeatureshaveapositiveeffectonthechoiceofclitics.Desegmented

wordsalignedtoconsecutivesourcetokensarefavoredbythesystemoverones

alignedtodiscontiguoussourcetokens. Anincorrectcliticinadesegmented

formcannotcontributetotheBLEUscore. Amongseveralcorrecttransla-

tionsofEnglishprepositions,oursystemisabletochoosethecorrectones

thatcontributestotheBLEUscore.

Ourlatticedesegmentationalgorithmshowedsignificantimprovementin

thequalityofthetranslation.Yet,desegmentingthelatticeisnottheonlyop-

tion.InChapter6,weprovideasystematicstudythatexploresalloptionsof

integratingdesegmentationintheSMTpipelinebychangingthepointwhere

weapplydesegmentation.Inadditiontothelattice,weapplydesegmentation
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tothealignmentandthephrasetable. Onethingtheseapproacheshavein

commonisthattheyalloutputunsegmentedArabic,butexploitsegmenta-

tionproperties. Ourresultsconfirmedthatlatticedesegmentationwasthe

bestintegrationoption.Bydesegmentingthealignmentandphrasetable,we

aregivingupthemostsignificantpropertyofdesegmentation:phraseswith

flexibleboundaries.Althoughthesephrasesaccountedfor12%ofphrasesin

theoutput,theyappeartoberesponsibleforthedifferenceinBLEUscore

betweentheone-best-desegmentationandtheunsegmentedbaseline. Wealso

examinedtheimpactofanunsegmentedlanguagemodelinourexperiments.

TheunsegmentedlanguagemodelsalwayscontributedtotheBLEUscore.

Butatthesametime,itcausedadropintheuseofmorphologicallycomplex

words.Ouranalysissuggeststhatsystemsusingunsegmentedlanguagemod-

elscouldalsobeimprovedbyusingfeaturesthatencouragethemorphological

productivityofthesystem,asthiscanhaveapositiveimpactonfluency.

Alimitationofourlatticedesegmentationapproachisthatitappliesde-

segmentationasanofflineprocesstoapre-generatedsearchspacefromthe

decoder. Toovercomethislimitation,wedevelopedamodelthatintegrates

desegmentationdirectlywiththedecoder(Chapter7). Desegmentationand

word-levelfeatureextractionarehandledwhilehypothesesareexpandedin

thedecoder.Ourin-decoderapproachproducesresultswithsimilarscoresto

thelatticedesegmentation.Atthesametime,themethodaddsnocomplica-

tionstotheSMTpipeline,whichremainsassimpleastrain,tuneanddecode

(whilethedesegmentationisrunningthroughthedecoding).

Onadifferentwork,wemanagedtoevaluatethelossofsentimentpre-

dictabilitywhenArabictweetsaretranslatedmanuallyandautomaticallyinto

English(Chapter8).Competitiveresultswereshowncomparedtorunningour

state-of-the-artArabicsentimentanalysissystemdevelopedbyusonArabic

tweets. Also,sentimentanalysisonautomaticallytranslatedtextsurpasses

thehumanannotationofautomaticallytranslatedtext.Ouranalysisreveals

thattheSMTsystemtranslatesArabicsourcetokensmoreconsistently.Since

theautomaticsentimentanalysissystemistrainedontheseconsistentlytrans-

latedtextwiththeoriginalsentimentlabelsofthesourcetext,itisstillable

104



todeterminethetruesentiment.However,sincehumansentimentannotators

seemanyinstanceswherethesentimenttermsaremistranslatedintoneutral

terms,theyareunabletodeterminethetruesentiment.

9.2 Future Work

ThedesegmentationtechniqueweadoptinChapters5,6and7istable-based.

Asdesegmentationcanleadtodifferentunsegmentedwordforms,welimited

ourchoicetothemostfrequentoptionfromthedesegmentationtable. We

plantoexpandthisworkandhandlemultipledesegmentationoptions.Also,

weplantoexperimentwithtranslatingfromEnglishintoArabiclemmas.

ThepurposeofthetableinthiscaseistomapsequencesofArabiclemmas

withtheircliticstoaninflectedformattachedtoitsclitics.Thisincreasesthe

optionsinoursearchspace. Moreover,wecanleavechoosingthebetteroption

totheunsegmentedlanguagemodel,ortointegratingadditionalword-based

orpart-of-speechfeatures.

Theunsegmentedlanguagemodelinourin-decoderdesegmentationap-

proachinChapter7cannothandleoutofcontextscoringofphraseswith

flexibleboundaries. Weplantoimprovetheunsegmentedlanguagemodeling

suchthatitcangiveabetterestimationforsuchcases. Thisallowsgood

hypothesestobestillconsideredinthesearchspace,andnotgetdiscarded

early.

Inthisdissertation,wehandledtheproblemsoftranslationfromEnglish

intoArabicfromamorphologicalperspective.Aninterestingfutureplanisto

expandthisworktoalsohandleagreementsthataffecttheArabicwords’sur-

faceforms.Alanguagemodelusuallyhandlesagreementimplicitly.However,

whentranslatingintoArabicwithitsrichmorphology,weneedtointegrate

moreinformationaboutthecontext.Inparticular,syntacticfeaturescanbe

incorporatedintothesystem,whichcanbepassedtofuturetranslationop-

tions.

Alargenumberofout-of-vocabularywordsarepropernounsthatareusu-

allyleftuntranslatedordroppedfromthefinaloutput.TheSMTsystemcan
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beimprovedbytransliteratingthesewords. Ourresearchontransliterating

ArabicnamestoEnglishisastate-of-the-art(Kondraketal.,2012;Nicolai

etal.,2015). WeplantotraintransliterationfromEnglishtoArabicandin-

tegratethetransliterationsystemwiththeSMTsystemtobetterhandlesuch

transliterations.

OurcurrentArabicsentimentanalysissystemcannothandlenegations

termsinArabic. NegationinmodernstandardArabic(MSA)appearsasa

freemorpheme,whileitappearsasacircumfixinsomedialects. Onein-

terestingdirectionistoallowthesystemtohandlenegationsbytakinginto

considerationthescopethatitnegates.
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