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ABSTRACT

Inthisarticle,theauthorsdealwiththemachinetranslationofwrittenEnglishtexttosignlanguage.
Theystudytheexistingsystemsandissuesinordertoproposeanimplantationofastatisticalmachine
translation from written English text to American Sign Language (English/ASL) taking care of
severalfeaturesofsignlanguage.Theworkproposesanovelapproachtobuildartificialcorpususing
grammaticaldependenciesrulesowingtothelackofresourcesforsignlanguage.Theparallelcorpus
wastheinputofthestatisticalmachinetranslation,whichwasusedforcreatingstatisticalmemory
translationbasedonIBMalignmentalgorithms.Thesealgorithmswereenhancedandoptimizedby
integratingtheJaro–Winklerdistancesinordertodecreasetrainingprocess.Subsequently,based
ontheconstructedtranslationmemory,adecoderwasimplementedfortranslatingEnglishtextto
theASLusinganovelproposedtranscriptionsystembasedonglossannotation.Theresultswere
evaluatedusingtheBLEUevaluationmetric.
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INTRoDUCTIoN

We can easily exchange our ideas, collaborate, and build strategies together, if we could speak
all languages.Alternatively,weshouldhaveacommunication tool thatallowssuch innovations.
Communication is the essence of human interaction. One of the most effective approaches of
communicationbetweenhumanbeingsisthroughlanguages,whichwerebornfromhumaninteraction.
Communicationandlanguageexhibitarelationofinterdependence.However,thisnaturalmethod
ofcommunicationcanestablishanobstacleinthecaseswherelanguagesarepostponed.Nobody
canignoretheobviousbarrierofcommunicationbetweenlanguagesofdifferentmodalities,worth
knowingthevocalandsignlanguages.
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Infact,SignLanguages(SLs),usedbythedeafcommunities,whichdonothearorhearbadly,
arevisual-gesturelanguages.Themessageistransmittedbygesturesandmovementsandreceived
bythevisualchannel.Thevocallanguages,asforthem,exhibitanaudio-phonatorycharacter.Their
messageisemittedthroughaphonatorycanalandreceivedthankstotheauditorycanal.Canalsused
bytheSLsarethusdifferentfromthoseusedtypically,andtheSLsdistinguishthemfromother
languages.Thelinguisticknowledgeacquiredafterseveralyearsofresearchandstudiesondiverse
vocallanguagesarewithdifficultytransposableintheSL.Therefore,SLbecomesanovelobjectof
linguisticstudy,anditstartedfromthe1960s.Thisresearchfieldisthusmorerecent,anditexplains
thattheknowledgeofthelinguisticresearchonSLisconstantlyevolving.

ThispaperconcernsNLPandisinterested,inparticular,inthecaseofASL.Exoticbytheir
implementation of gestures/movements and not sounds, these leave the traditional phonological
frameanddonothaveastandardphoneticscriptsimilartothevocallanguagestotranscribetheir
realizations.Moreover,exoticby theirmulti-linearity, theyutilize theircommoncanal toconvey
severalelementsofinformationsimultaneously,whereasthevoicedeviceallowstheproductionof
onlyasoundatatime.Thelanguagemodelsraisenaturalquestionsthataredifferentfromthose
suggestedbythevocallanguages.

Transcriptionistheoperationthatsubstitutesagraphemeoragroupofgraphemesofawriting
system for everyphonemeor for every sound. It thus dependson the target language, a unique
phonemethatcancorrespondtovariousgraphemesfollowingtheconsideredlanguage.Inshort,itis
thewritingofwordsorpronouncedsentencesinagivensystem.Thetranscriptionalsoaimsatbeing
withoutloss,sothatitshouldbeideallypossibletoreconstitutetheoriginalpronunciationfromthis
onebyknowingtherulesoftranscription.

Fromallcitedperspectives,thispaperconcernsthetranscriptionofSLandtheimplementation
ofaStatisticalMachineTranslationandconcentratesmoreparticularlyonthemachinetranslationof
atextinEnglishtoASLandconversely.Thestudyproducedarticulatesaroundfouraxes:

• PresentinganoverviewaboutSLandastateoftheartaboutSignLanguageProcessing;
• ProposinganoveltranscriptionsystemtowriteSLcalledXML-GlossAnnotationSystem;
• BuildinganartificialparallelcorpusbetweenEnglishandASLusingXML-GlossAnnotationSystem;
• ImplementingaStatisticalMachineTranslationbetweenEnglishandASLbasedontheArtificial

ParallelCorpus.

webSign Project
ThisworkisapartoftheWebSignProject(Chabebetal.,2008)whichisaprojectdevelopedwithin
ResearchLaboratoryLaTICEoftheUniversityofTunis.Thepredominantobjectiveofthisproject
istoestablishacommunicationsystemfortheenhancementoftheaccessibilityofdeafpeopleto
information.Thistoolallowstoincreasetheautonomyofthedeafanddoesnotrequirenon-deafto
acquirespecialskillstocommunicatewiththem.Thisprojectisamulti-community,anditoffersthe
possibilityofregisteringasigninseverallanguages.Infact,itincorporatesaninteractiveinterface
thatallowsthecreationofdictionaries.Thesynthesisisbasedonavirtualavatar(Jemnietal.,2008).
WebSignintegratesasystemoftranscriptionSignModelingLanguage(SML).Thesynthesiskernel
enabledthemtodevelopseveralapplications(Othmanetal.,2010).

wHAT IS SIGN LANGUAGE?

SLarevisual-gesturelanguages.Theyareconsideredbythecommunityasthestandardlanguagefor
thedeafcommunities,wherethemessageisconveyedbygesturesandreceivedbythevisualchannel.
Vocallanguagesareaudio–vocallanguages.Theirmessageistransmittedviathevocalcanaland
receivedthroughtheearcanal.SLprovidesallthefunctionsoftheothervocalnaturallanguages.SL
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isalanguageinitself,comparedtotheEnglishoranylanguage,whichcomprisesallthefeaturesof
naturallanguagesandcanbeanalyzedsimilartoanyotherlanguage.Therefore,SLhasasystemof
communicationandrepresentation.Thus,itexhibitstheflexibilitytocreateanynovelvocabularyand
newnecessarygrammaticalstructureandfullcapacityofabstractionandexpression.Itistransmitted
fromonegenerationtothenextgeneration;thereisnotonlyauniversalsignlanguage,butalsoseveral
SL,eachbeingdevelopedinauniquecontext.ThemainparametersinSLare:

• Gestures(Stokoe,2005)
• HandconfigurationandOrientation
• LocalizationandMovement
• Non-manualgestures
• Classes(StandardSigns,ShapeandSizeSpecifiers,andClassifiers)

RESEARCH oN SIGN LANGUAGE

ResearchonSLcoversmanyareassuchashistory,sociology,andanthropology.Linguisticsstudies
havedevelopedsignificantly.ThedisseminationofinformationandthetechnologicaladvancesinSL
require,asforanyotherlanguage,todevelopsoftwaretoolsthatarededicated.Specificseminarsand
workshopareorganizedforpresentingtrendsofresearchonSLs.Thissectionpresentstheadvances
ofexistingtoolsandprojectstowardenhancingthecommunicationbetweendeafcommunitiesor
betweennon-deafpersons.

SL Resources
SLresources(calledCorporaorCorpus)areacollectionofdatathatareusedforprocessingSLin
machinetranslation,datamining,etc.Generally,thecollectionofresourcesisperformedthrough
national and international projects by specifying the characteristics of the resulting corpus. The
predominantobjectivesareasfollows:

• Datarateinwordsorsentencesorhours;
• Policyofaccessibilitytoresources;
• Numberofparticipants(deaf,interpreters,orother);
• Transcriptionsystem(Gloss,HamNoSys,etc.);
• Lemmatization;
• Annotationtools;
• LiddelModel(Vallietal.,2000);
• Qualityoftherecordedvideos.

Despitetheinitiativesforthecollectionofresources,stillthereisnolargecorpusthatisuseful
forautomaticprocessingandmoreparticularlymachinelearning.Thislimitisduetothehighcostof
theproductionofsignsbysigner(Suetal.,2009).Intheliterature,therearemanycorporaforeach
communityandtheyarenotlimited:

• AmericanSignLanguage(Neidleetal.,1997);
• BritishSignLanguage(Schembrietal.,2008);
• ChineseandTaiwaneseSignLanguage(Chiuetal.,2007);
• GermanSignLanguage(Hankeetal.,2004);
• IrishSignLanguage(Bungerothetal.,2008);
• SpanishSignLanguage(San-Segundoetal.,2009);
• Unified-ArabicSignLanguage(Abdel-Fattahetal.,2005).



Journal of Information Technology Research
Volume 12 • Issue 2 • April-June 2019

137

Machine Translation for Sign Language
Aftercitingdifferentcorporafordifferentsignlanguages,authorsnoticethatmostofthestudies
areonlinguisticstructuresthatareconductedinthefirstplacetothegenerationof transcription
systemsbasedonlineardecompositionofgesturalsignsinvariouscharacteristicparameters(hand
shape,orientation,location,movement,eyegaze,andfacialexpressions).TheSLinterpretationisa
complexprocess,whichinvolvesmanycognitivetasksinparallel(watching,understanding,searching
forequivalents,reformulation,control,etc.).Interpretationisintendedtobeanaccessibilitytoolfor
communicationwithdeafcommunities.

TheinterpretationoftheSLisinvariantlylimitedbythepresenceofanexpertinterpreterfor
SL.Asynthesissystemcansolvethisproblem.ThesynthesisofSLisasystembasedon2Dor3D
animation.TwoapproachesarebeingexploredforthegenerationofSLanimation:oneisbasedon
thevideoandtheotheron3Dsynthesisthroughconversationalagentoravatar.Severalsystemswere
developedforSL.SomeconversationalagentsarevalidforanySL(multi-communityavatars),and
othersarespecifictooneSLinordertohighlightoneormoregrammaticalfeatures.Furthermore,
thegoalsofsynthesisaremultiple.Someconversationalagentsarededicatedforlearningandothers
formachinetranslation,etc.Intheliterature,thereareseveralprojectssuchasthefollowing:

• VisiCast(Elliottetal.,2004)
• eSIGN(Hankeetal.,2003)
• TESSA(Coxetal.,2002)
• WorksofMattHuenerfauth(Huenerfauthetal.,2005)
• Vcom3D(DeWittetal.,2003)

AllthesesynthesistoolsforSLrequiresatranslationstagebeforetheinterpretationsincethe
userprovidesasentenceasaninput.Moreover,thisentryshouldbeprocessedandtranslatedtoan
annotationsystemtowardsynthesizingitusinganavatar.Moreover,itisnotedthatthequalityof
interpretationorsynthesisdependsonthedictionary,whichinvariantlyusesthemotionsensorsin
ordertohavethepositionsofthearticulationsinthespaceoftheconversationalagent.Moreover,
differenttranscriptionsystemswereusedinordertoconstructthetranslationfortheavatarorfora
textualdisplay.ThereareseveralmachinetranslationstoorfromSLorbetweenSLs:

• AlbuquerqueWeather(Grieve-Smithetal.,2008)
• TEAM(Zhaoetal.,2000)
• VisiCastMachineTranslation(Banghametal.,2000)
• ASLWorkbench(Liddeletal.,2003)
• SASL(Olivrinetal.,2008)
• SpanishSL(SanSegundoetal.,2008)
• MaTrEx(Morriseyetal.,2013)
• StudiesofHung-YuSuandChung-HsienWu(Suetal.,2009)

Transcription Systems for Sign Languages
In1960,Stokoe’sstudy(Stokoeetal.,2005)showedthatSLsarerealandindependentlanguages
andhavearguedthatSLsarethemothertongueofdeafpeople.Beforeitsfunction,theSLswere
notconsideredasreallanguages.Theywereobservedasasetofmeaninglessgestures.Then,anSL
couldnotbeusedintheeducationofdeafchildren.Afterwards,manySLnotationswereproposed.
SomeofthemhavebecomewidelyusedbySLresearchers,andothersareusedasteachingtools.
SLcanbewrittenusingglossornotations.Forexample,thissentence“Whatisyourname?”will
be“nameyouwhat”inSLsincethedeafpersonortheinterpreterwillnotsigntheword-for-word
sentence,butratherreconstructitaccordingtothesubjects,theobjects,andtheactiongenerated
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by theverb.With regard tonotation, thenotationuses special symbols todescribe thephysical
parametersofSL.SeveralstudiesbearingthewritingofSLsareprovidedinthefollowing:Gloss
(Klimaetal.,1979),HamNoSys(Hankeetal.,2004),Jouison(Jouisonetal.,1990),Laban(Laban
etal.,1975),Movement-HoldbyLiddelletJohnson(Liddeletal.,1989),Newkirk(Newkirketal.,
1989),SiGML(Elliottetal.,2004),SignWriting(Stuartetal.,2011),SML(Jemni,ElGhouletal.,
2008)andStokoe(Stokoeetal.,2005).

Therepresentationofsignlanguageinthewrittenformisnecessaryforthegenerationwhen
conversationalagentsareused.AlthoughthisproblemcanbesolvedusingoneoftheSLnotations
discussedearlier,itshouldbenotedthatnoneoftheseannotationswereacceptedasastandardwritten
formofsignlanguage.Inaddition,eachannotationisperformedforaparticularpurposeandstudy.

Video Synthesis for Sign Language
VideosynthesisistypicallyusedintheSLdictionaries.Furthermore,manyresearchersinvestigateon
SLvideosynthesisandusesthetranscriptiontechniquesinwebsitestoguideusersandallowthemto
easilynavigate.ItiseasiertorecordalargenumberofgesturesintheSLbysimplymatchingthevideo
toasentence.Forasearchedwordinadictionary,thetooldisplaysthevideoofthecorresponding
entry,orforasentence,itissufficienttopositionthevideosofelementarysignsinsequencesin
ordertocreateaphraseinthetargetlanguageofthesigns.Hence,responsiblesignatories,deafor
performers,producenaturalandrealisticsequencescontainingmanualandnon-manualfunctionalities
thatarethepredominantadvantageofthisapproach.Inaddition,thevideoscanbeannotatedusing
thetoolsmentionedpreviously,whichincreasestheunderstandingofthesequences.

Twochallengesemergeowingtothedifficultiesofconcatenatingthesevideos.Thefirstchallenge
is to ensure that the transitions between the signs in each video are flexible and that the facial
expressionsandparameterizationofthemagnitudeorspeedofcertainsignsshouldbeappropriately
integratedwiththecorrespondingsigns.Thesecondchallengeis tomanagethechangesinhand
configurationsaccordingtothecontextcalled“predicateclassifiers”andtheirtrajectoriesthatare
notknowninadvance.

3D Synthesis for Sign Language
Aconversationalagentoravatarisavirtualcharacterin3D.Avatar-basedviewingsystemsuseavatars
ratherthanhumansignatories.Theydevoteamorecomplexproceduretotranslatethevocallanguages
insignlanguages.Toperformthis,theyuseatextannotationfortheanimationasaninput.This
visualizationhasbecomethefastestsolutionforevaluatingtheresultsofmachinetranslationaswell
tosolvetheproblemsposedbyvisualizationusingvideos.First,avatar-basedvisualizationsystems
arecompletelycontrollableintheirmovementsandspeedofexecutionthroughsimplecommands.
Second,themovementscanbecompletelydescribedinaconsiderablycompactlanguageconsisting
ofcontrolcommands.Twomajorchallengesareposedwhenusingavatars.Thefirstistomodela
sufficientlyarticulatedavatartoperformSLgestures.Thisshouldbeasnaturalaspossible.Itshould
alsobeabletoperformsuchsubtlegesturesaschangesinfacialexpressions,suchassmiling,raising
eyebrows,orfrowning.Thesecondchallengeistoanimatetheavatar.Theavatarmovementsshould
bephysicallyplausibleandrealisticinordertobeinterpretedandunderstoodbyhumans.

MoTIVATIoN AND CoNTRIBUTIoNS

StudiesonSLsarerecentandinnovativeandatthesametimearenumerous,rangingfromstudieson
thelinguistic,cognitive,andgrammaticalaspectstothecreationofcorpus,machinetranslation,and
synthesisinrealtime.ThispaperisacontributionfordevelopinglinguisticresourcesinSLinorder
toprocessthemformachinetranslation,fromanEnglishtexttoASLorreverse.Thismissionisnot
easy,becausetheproblemsmentionedearlierarenumerousorseveralstudieshavereachedsatisfactory
results.Infact,forprocessingSL,oneshouldinvariantlystudyawrittenformforrepresentationand
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modeling.Despitetheexistenceofscoringandannotationtools,eachhasdisadvantages.However,
forthetextannotationingloss,whichexhibitsmoreadvantagesforautomaticprocessing,thereis
nodetailedXMLrepresentationofthissystemforstorageandanimationviasigningavatars.Hence,
researchers created a new annotation system based on gloss, in connection with our particular
requirementsformachinetranslationtoandfromSL.

XML-Gloss Annotation System
Inthisframework,anovelannotationfortheASLispresentedbasedontheannotationsystemin
gloss.Aglossisdefinedasalinguisticcommentaddedinthebodyofatextorabook,orinits
margin,explainingaforeignordialectalword,arareterm.XMLisageneralformatoftext-oriented
documents.Owingtoitssimplicity,flexibility,andexpansionpossibilities,itispossibletoadapt
ittomultipledomains.Itwillbeusedinourtranscriptionsystemwhichisdefinedindetail.Also,
acompleteexampleisprovidedfollowedbyavalidationschemaandastylesheetforrenderingon
browsersusingrelatedlanguagestoXML.

Theconventionsdescribedherereflecttheannotationconventionsweusedfortranscribingdata.
WerefertoalltheconventionsdescribedintheLiddellconventions(Liddeletal.,1989).Similarly,
weprovideasetoffieldsandvalues thatareparticularlydesignedfor theASLdataannotation.
EachglossisrepresentedbyanEnglishword,whichiswritteninuppercaseletters.Thisnotation,
althoughsimplified,doesnotreflectthemorphologicalrichnessoftheASLsignsalone,butalso
theconsiderablyimportantgrammaticalfunctionofthefacialexpressions.Thenon-manualsigns
transmittedbythefacecanoccursimultaneouslywiththemanualcomponents.Theyarerepresented
byalineabovethesigns.TheauthorsannotatealltheimportantcharacteristicsofSLgrammar.A
singleEnglishwordinuppercaseidentifiesasingleASLsign,forexample,thesignofacatwillbe
“cat.”CapitalizedwordsinEnglishseparatedbyhyphensalsorepresentasinglesign,thatis,when
morethanoneEnglishwordisrequiredfortranslatingasinglesign.LetustakethecaseofanASL
transcriptionofthephrase“HisauntlivedinTurkey.Therehadbeennocontactwiththeaunt.She
diedandleftsomethingtohiminherwill”whichisshowninFigure1(Speersetal.,2002).Atfirst
glance,thetranscripthasnorelationtotheEnglishlanguage;however,itisnottrue.Infact,observing
thesignsthroughimagesoravideosequencealoneisnotsufficient,becausetheannotationingloss
becomesindispensable.TheannotationinglossisshowninFigure1.

TheglossesherearenotsimplewordsinEnglish.Hyphensbetweenuppercaselettersindicate
asequenceofsignsofalphabeticcharactersusedtospellawordletterbyletter.Forexample,ifthe
interpreterwishestospellthesign“JOHN,”heonlyhastorepresentitintheform“J-O-H-N”.A
glossthatbeginswiththesymbol“#”representsanASLlexicalsignthatstartedasasequenceof
alphabeticcharactersigns,particularlywhenthewordisunknown,suchas“#KATE.”OurXML-
GlossAnnotationfocusesonthegrammaroftheASLandtheproceduretoannotateeachcomponent
inglosses.Thisstudyallowsus to investigateall themorphologicalaspects inorder todesigna
modelinXML,whichisusedforprocessingSL.Fromthisannotationconvention,authorscanthen
proceedtostudythesemanticsbetweensubjectsandobjectsandtheirlocationsinthespaceofthe
trainer.ThewholedescriptionandconventionsoftheXML-GlossAnnotationSystemwaspublished
in(Othmanetal.,2013).

Figure 1. Gloss transcription of the sentence “His aunt lived in Turkey. There had been no contact with the aunt. She died and 
left something to him in her will” in ASL.
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Building Artificial Parallel Corpus Using Dependency Grammatical Rules
Inthissection,anovelapproachtothegenerationofdiscourseintheASLispresentedinorderto
translateEnglish textandat thesametimebuildaparallelcorpusbetweenthese twolanguages.
TheproposedapproachwasfeaturedintheVisiCastproject.However,itislimitedtothesyntactic
level.Inthisstudy,authorsincorporatemorethan52relationsofgrammaticaldependenciesduring
thegeneration.Thisallowedustogeneratethenon-manualcomponents.Researchontheanalysis
oflexical,syntactic,morphological,andsemanticofanEnglishtextisconsiderablyadvanced,and
authorsfindseveraltoolsthatprovideresultswithratesnear100%accuracyandarecall(recall)close
to90%.Theapproachisdividedintotwopredominantparts:thefirstistheautomaticprocessingof
theprovidedinputtextandrepresentitasasemanticgraph.Thesecondstepisthegenerationofthe
XML-GlosstranscriptusingtheAPIs.

Theapproachusesa syntacticanalysiscoupledwitha representationof themeaningof the
wordsandacomparisonofthewordsemergingfromthefirstmethod.Theapproachimplementsthe
variousnotionsofathesaurusofideasasvectorspacetorecovertheideasofthemeaningsofthe
wordsprovidedinasemanticlexicon.Theideasofeachword,manipulatedintheformofvectors,
aredevelopedfromtheleavesofthesyntacticstructuretothetoppointstoobtaintherepresentational
ideasofthesentencesandtextsinprocessing.Thevectorsassociatedwiththetextthenrepresent
thecontextofthetext.

Architecture of Proposed System
Theorganizationofthelevelsoflinguistictreatmentofoursystemissimilartothoseofthelevelsof
thetriangleofVauquois.Thus,asshowninFigure2,thesystemforanalysisisorganizedaccording
tothreepredominantlevels:lexical,syntactic,andsemantic,thesoftwareblocksofwhichconstitute
achainoflinguistictreatments.

Theassemblyisstructuredaroundseveralmodulessupervisedbyacontrolmodule.Thesemodules
containthedifferentdataaccordingtowhichtheanalysisandthegenerationofmessageareproduced.

Figure 2. Overview of proposed system
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Duringtheimplementationprocess,lexicons,grammar,stroketranslation,andsegmentationdata
arecompiledbeforetheyareusedbythesystem.Asfarasitsfunctioningisconcerned,theproposed
systemtakesatextasinput,segmentsitintoparagraphs,sentences,andwordsandgeneratesseveral
levelsofanalysis:Minimalanalysis,Chunking,and,Semanticanalysis.

overview
Letusreturntothetranslationchainoftheproposedsystembysimulatingtheprocessingofanexample.
Theanalysisthatisperformedinaclassicalmannerfollowingthediagrampresentedintheprevious
figure,ofwhichwetransformedtheoutput,whichisthestatementobtainedinthetargetlanguagefor
theotherlanguages.Therefore,afterasegmentationstep,themorphological,syntactic,andsemantic
informationofeachwordofthesourceutteranceissearchedinalexicon.Adependencygrammar
isthenusedforconstructingthetreerepresentingthesyntacticstructureoftheutterance.Thetree
obtainedfortheanalysisofasentencesimilarto“Kategavechocolateforeachboy,yesterday”is
providedinFigure3.Infact,thestructureofthetargetstatementintheASLis“time→subject→
verb→object→objectcomplement.”Thefirststepisapre-processingapplieddirectlytotheinput
sentencefollowedbyadependencyanalysisbetweenthewordsthatwillbedescribedinthefollowing
sections.Then,authorsanalyzethesemanticstructuresbetweenthewords.Followingthisanalysis,
authorsgenerateasyntacticstructurespecifictoASL,whichfromthisstructureislinearizedand
formattedaccordingtotheXML-Glosstranscriptionsystem.

Figure 3. Overview of the functioning of the proposed translation system
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Implementation
Fromthepreviousexample,authorsdescribetheimplementationphasestepbystep.Theentryphrase
is“Kategavechocolateforeachboy,yesterday.”

Preprocessing and Lexical Analysis
Preprocessing is a necessary and indispensable phase for converting the raw data into a format
suitableforautomaticprocessinginourASLstatementgenerationsystem.Theyinvariantlybeginby
segmentingthetextintosentences,andtheyperformthesamepre-treatmentforeachsentence.The
firstpre-processingoperationiscalled“tokenization,”theobjectiveofwhichispreciselytotransform
theinputstringinto“tokens”.Thisoperationappliestothesourcetextsandconsidersthespacesto
separatethewords,thenumbers,andthepunctuation.Inourexample,thetokensare:

1.[“Kate”;“gave”;“chocolate”;“for”;“each”;“boy”;“,”;“yesterday”]

Then,allcharactersareconvertedtolowercase.Weobtainthefollowing:

2.[“kate”;“gave”;“chocolate”;“for”;“each”;“boy”;“,”;“yesterday”]

Grammar Analysis
Fromthe lexicalanalysis,authorsproceed to thegrammaticalanalysisofeach token inorder to
constructthesyntactictreethatallowsusforsemanticanalysis.Syntacticanalysisistheassociation
ofagrammaticalcategory(noun,verb,adjective,adverb,propernoun,etc.)foreachwordofthe
inputsentence.Forourinputsentence,weobtainthefollowing:

3.“kate”→NNP
“gave”→VBD
“chocolate”→NN
“for”→IN
“each”→DT
“boy”→NN
“,”→SYM
“yesterday”→NN
“.”→SYM

Forthelabelingofgrammaticalcategories,the“StanfordLog-linearPart-Of-SpeechTagger”tool
(Toutanovaetal.,2000)isused,whichisbasedontheMaximumEntropyModel.Themodelassigns
aprobabilityforeachgrammaticalcategorytofthesetofgrammaticalcategoriesToraprovided
wordwinitscontexth.Theoverallaccuracyrateofthelabelingis96.72%forwordsknownduring
learningand84%forunknownwords.Forexample,theprecisionrateofthegrammaticalcategory
“IN”is97.3%.Theprecisionrateforthe“VB”is94%andthatforthe“NNPS”is41.1%.

Syntactic Analysis
Afterdeterminingthegrammaticalcategoriesofeachwordofthesentenceprovidedasinput,
authorsnowpasstothesyntacticanalysisinordertoconstructthesyntactictree.Thesyntactic
tree(Abneyetal.,1989)containsanodeforeachword.Theroleoftheparseristoestablish
aconnectionbetweentwonodestocreateanovelnode.Thetaskofadependencyanalyzer
betweennodesistotakeaseriesofwordsandimposelinksonit.Therearethreestrategies:
brute force, exhaustive left-to-right search, and enforcing uniqueness. From dependency
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searchalgorithms, thedependency linksbetween thewordsareestablishedon thebasisof
theparent–childprinciple.Thisgrammarisdefinedbylexicalrulesandinternalrules.The
lexicalrulesareextractedfromthegrammaticalanalysisofthepreviousstep.Fortheinternal
rulesofgrammar,authorsusethemodelofCollins(Collinsetal.,2003).Thisprobabilistic
modelisbasedonstatisticsextractedfromacorpuswhereeachsentenceofthecorpushasa
syntactictreeaccordingtoalexicalgrammarprovidedbyalinguist.Fortheaboveexample,
thelexicalrulesareasfollows:

4.NNP(“kate”,NNP)→kate
VBD(“gave”,VBD)→gave
NN(“chocolate”,NN)→chocolate
IN(“for”,IN)→for
DT(“each”,DT)→each
NN(“boy”,NN)→boy
SYM(“,”,SYM)→,
NN(“yesterday”,NN)→yesterday
SYM(“.”,SYM)→.

Andinternalrulesare:

5.S→NPVPSYM
NP→NNP
NP→NN
NP→DTNN
PP→INNP
VP→VBDNPPPSYMNP

Fromthelexicalrulesandtheinternalrules,thesyntactictreeofthesentence“Kategavechocolate
foreachboy,yesterday.”isbuilt.ThetreeisillustratedinFigure4.

Dependency Analysis
Theanalysisofdependenciesallowstolabelthegrammaticalrelationsprovidedbythesyntactic
analysis.Thedependencyrelationbetweentwowordsisbinary:onepartiscalledthe“agent”
and theotherpart is the“dependent.” Inorder toextract relations,one relieson the study
ofMarneffeetal.(DeMarneffeetal.,2006).Theirrepresentationcontains53dependency
relations.Foreachrelation,authorsappendanindextoidentifythenameoftherelation.For
example, tmod dependency relation is indexed 50. From relationships, they construct the
dependencygraphstartingwiththe“root”relation,knowingthattherelationshipsdonotcover
allthewords,butratherthepredominantwords.Figure5illustratesthedependencygraphof
ourexamplesentence.

Adjacency Matrix
Fromthedependencyrelations,authorsdefineafinitegraphGwithnvertices,suchthat
nis thenumberofwordsof theinputsentence.Theedgejoiningtwovertices iand j is
denoted V V

i j
,( ) .ThesetofedgesisV.Forourexample,thedependencygraphisillustrated

inFigure6.
AdjacencymatrixAofsizen n× isdeterminedfromG.Anelementofthematrixa

ij
(anedge

betweentwoverticesiandj)isdefinedasfollows:
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If thevalueof a
ij

 is strictlygreater thanzero, then itsvaluecorresponds to the indexof a
dependencyrelation.Fromthisdefinitionandfromourexample,authorsconstructtheadjacency
matrixofFigure7.

TogeneratetheASLstatement,authorsshoulddefinetheoutputrule.Infact,thestructureof
thestatementshouldrespectthefollowingrule:

6.“tense → subject → verb → object → object compliment.”

Figure 4. Syntax tree of the sentence “Kate gave chocolate for each boy, yesterday.”

Figure 5. Dependency relations of the sentence “Kate gave chocolate for each boy, yesterday.”
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Figure 6. Sentence dependency graph “Kate gave chocolate for each boy, yesterday.”

Figure 7. Adjacency matrix of the dependency graph for the sentence “Kate gave chocolate for each boy, yesterday.”
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Fromtheadjacencymatrix,authorsextractthecomponentsthatconstructtheutteranceinorder.
Foreachcomponent,allrelatedwordsareretrievedfromitscolumn.Forexample,thecomponents
areextractedasfollows:

7.“tmod → nsubj → root → dobj → prep_for”

Thecomponent“prep_for”alsocontainsarecursiverelation,whichistherelation“det.”Therefore,
theorderofextractionwillbe:

8.“tmod → nsubj → root → dobj → prep_for+det”

Theresultoftheextractionalgorithmis:

9.“yesterday kate{t} gave chocolate each-boy”

Thesuffix{t} isapplied to thesubjectsof thesentence inorder tomention thenonmanual
component“topic.”

TherulesoftransfertotheASLfromtherelationsofgrammaticaldependenceareprovidedby
thelinguists.Furthermore,whengeneratingthestatement,itisnecessarytospecifyinadvancethe
typeofthestatement(SVO,SOV,etc.).Thisfunctionality,despitemanual,providesthepossibility
forgeneratingspeechinsignlanguagesinamoregeneralizedmanner.

Lemmatization and Formatting
Lemmatization associates a lemmawith eachwordof the text. If aword cannot be lemmatised
(number,foreignword,unknownwordoritsgrammaticalfunctionisFW),thenthiswordwillbe
spelled(“fingerspelled”)usingthesymbol#.Furthermore,allwordswillbeconvertedtouppercase.
Forourexample:

10.“kate”→Lemme:kate→KATE
“gave”→Lemme:give→GIVE
“chocolate”→Lemme:chocolate→CHOCOLATE
“each”→Lemme:each→EACH
“boy”→Lemme:boy→BOY
“yesterday”→Lemme:yesterday→YESTERDAY
Theresultisprovidedinthefollowing:
11.“yesterday kate{t} give chocolate each-boy”

Name Entities Recognition NER
ThetaskofNERisconcernedwithacertainnumberofparticularlexicalunits,whicharethenames
ofpersons,thenamesoforganization,andthenamesofplaces,towhichotherphrasessuchasDates,
currencyunits,andpercentagesarefrequentlyadded.Itsobjectiveistwofold:ontheonehand,to
identifytheseunitsinatext,and,ontheotherhand,tocategorizethemaccordingtothepredefined
semantictypes.Theresultoftheseprocessescorrespondstotheannotationoftheentities,which
mostfrequentlymaterializesviatagsenclosingtheentity.Thisallowsustodetermine,forexample,
thenamesofthepeopleinordertospellthemduringthetranscriptionoridentifyadateorquantities
(Nadeauetal.,2007).Inourexample,thephrasecontainsanentitynamed“person”thatistheword
“Kate.”Inthiscase,thetranscriptionofthissignbecomes“#KATE{t},”andthestatementbecomes:
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12.“yesterday #kate{t} give chocolate each-boy”

Coreference Resolution
Thecoreferenceresolution is tofindall theexpressions that refer to thesameentity ina textas
observed in theprevioussection.Moreover,authorsused the“StanfordCoreferenceResolution”
tooltodeterminetheco-referentialentitiesinasentence(Raghunathanetal.,2010).Thecoreference
resolutionisusedforintroducingindicesbetweenthealreadyextracted“root”entities:thesubject
andtheobjects.Inthisexample,theentity“Nader”willbeindexedbyxandtheverb“vote”willalso
beindexedbyxandy,whichreferstothefirstpersoninthesingular.Then,theentity“he”willbe
replacedbyanonmanualcomponentreferringtox.Similarly,theentity“she”willbereferredbyy.
Theaccuracyrateoftheresolutionofthecoronationsis83.8%andtherecallrateis73%.

Generating XML-Gloss File
ThegenerationofXML-Glosstranscriptionisasimpletask.Simplyroutetheentitiesresultingfrom
theASLconstructionalgorithmsandmakeacalltotheAPImethods.Letustakethesameexample,
thefinalstatementis:

13.“yesterday #kate{t} give chocolate each-boy”

ThedifferentinstructionsforcreatingXML-Glossfileare:

(1)g.create_sentence(“en”,“asl”,“kategavechocolateforeachboy,yesterday.”);
g.create_clause(“none”);
g.create_token(“yesterday”);
g.create_token(“kate”);
g.add_property(“kate”,”t”);
g.add_fingerspelling(“kate”);
g.create_token(“give”);
g.create_token(“chocolate”);
g.add_compound(“each”,“boy”,“-”);
save_file(“sentence.xml”);

Thefilewillbeasfollows:

(2)<?xmlversion=“1.0”encoding=“UTF-8”?>
<?xml-stylesheettype=’text/xsl’href=’form.xsl’?>
<blocxmlns:xsi=“http://www.w3.org/2001/XMLSchema_instance”xmlns:noNamespaceSchema

Location=“schemaXML.xsd”>
<sentencesrc_lang=“en”lang=“asl”src_sentence=“kategavechocolateforeachboy,yesterday”>
<clausetype_clause=“none”>
<token>YESTERDAY</token>
<tokenproperty=“t”fs=“yes”>KATE</token>
<token>GIVE</token>
<token>CHOCOLATE</token>
<tokencompound=“-”><token>EACH</token><token>BOY</token></token>
</clause></sentence>

Moreover,thefinaloutputisshowninFigure8.
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Evaluation
The evaluation of the proposed approach is essential to ensure the quality of the transcription
generatedbyouralgorithms.Toevaluateour system,authorsmanuallycomparedeachsentence
andits transcriptionandgeneratedtranscription.However, thisrequiresalongtime,becausethe
numberofsentencesexceeds100k.Theideaistoevaluateonlythetransferrulesbetweenthetwo
languages(EnglishandASL),andthisconsiderablyreducedthetimeandcostoftheevaluation.In
otherwords,letusconsiderasentenceeinEnglishanditsadjacencymatrixM.Authorsdefinea
transferruleR(i⇒j)by:

“tmod+nsubj+root+dobj+prep_for-det”
“T+S+V+O+CO”

At theevaluation level,only the transfer rule is checked forall sentenceswithanR[i] type
structure.Foroursystem,authorsevaluated820transferrulesextractedfromASLLearningbooks
withaprecisionrateequalto82%for6720sentencescalculatedfromthefollowingformula:

T precision
count validsentence

count sentence
( ) = ( )

( )
×

�
100 

Building Memory Translation for Statistical Machine 
Translation Between English/ASL
TheapproachoftheASLdiscoursegenerationfromtherulesofgrammaticaldependenciespresents
aninterestingsolutionforthemachinetranslationofatextintoatranscriptionofthesignlanguage.
Theoverallarchitectureofthisgenerationsystemwasdescribedwiththedifferentbricksconstituting
thissystem.Thisapproachsuffersfromsomelimitations.Thefirstisthatthetranslationfunctionisnot
bijective;inotherwords,onlythegenerationofatextinEnglishtotheASLisfeasible.Thesecond
isthattheevaluationisacomplextask,becauseitismanualandnoautomaticapproachisavailable.

Brownetal.(Brownetal.,1993)proposeaprobabilisticmodelaccordingtowhichasentenceP
inthesourcelanguagehasapossibletranslationTintothetargetlanguageaccordingtotheprobability
p(T|P).Thisassertioncanbeinterpretedastheprobabilitythatahumantranslatorproducesthe
targetsentenceT,knowingthesourcesentenceP.Therefore,thismodelmakesitpossibletosearch
forasentenceT,whichisapossibletranslationofPbymaximizingtheprobabilityp(T|P),according
toobservationsperformedinaparallelcorpus.TheSMTcanthereforebedefinedaccordingtothe
followingequation:

ˆ max | max |T p T P p P T P T
T T

= ( ) = ( ) ⋅ ( ) 

Building Parallel Corpus English-ASL
The problems encountered in creating the corpus in sign languages, because of their costs, are
mentionedintheprevioussections.Theavailabilityofparallelcorpusthusposesproblems,whether
forthecoverofthevocabularyorforthesyntacticstructuresofthesentencestobetranslated.In

Figure 8. Transcription in gloss of the sentence “Kate gave chocolate for each boy, yesterday.”
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addition,textsinspecializedfieldsaregenerallymoredifficulttotranslateautomatically,owingto
thelackofcorpusandthelargenumberofnon-vocabularywords.Automatictranslationsystems
providethebesttranslationswhenthereissufficientsizedomainlearningdata.Oneofthemethods
tocompensateforthelackofspecializeddataistheposteriorieditionoftranslationsfromautomatic
systems.Thisrevisionstageconductedtypicallybyhumansensuresthequalityofthetranslations
andadaptsthemtothefieldsofspecialization,ifnecessary(Kringsetal.,2001).Becauseofthis,the
qualityofautomatictranslationsdirectlyaffectsthepost-publishingeffort.

In this framework,authorsusedanapproach to thegenerationofaparallelartificialcorpus
English-ASL.Theideaemergesfromgenerating,fromasetofsentencesinEnglish,theirrespective
transcriptionsintheASLannotatedinXML-Glossusingtheapproachcitedinthepreviouschapter.
Then,astepofmanualvalidationofthetransferrulesbytheusersofthesystem,whoareexperts
in the linguisticdomainof theSL, isconducted.TheEnglishsentenceswereextractedfromthe
Gutenbergcorpusthancontainsmorethan42ke-booksandmorethanonehundrede-bookscollected
fromotherpartnersites.Alltheseresourcesarefreetoaccess.Theextractionoftheseresourceswas
conductedusingatoolthatrunsforeachbookandstoresthesentencesandthewordsinadatabase.
Thisphasewasconductedforoverfourstages.

Implementation and Experimentation
After constructing the English-ASL parallel corpus, authors implement our statistical automatic
translatorbasedona sub-phrastic approach.This statistical approachcurrentlyyieldsprominent
performances, and themeasurements show thepredominanceof this system.Wealso adopt the
methodsproposedintheMosesmachinetranslationtoolkitinourstudy(Koehnetal.,2007).Moses
proposesallthenecessarytoolsfortheconstructionofatranslationmodel.Adecoderalsomakesit
possibletousethesetoolsinordertoproducehypothesesfortranslatinganinitialtext.Severalsteps
arenecessaryforconstructingatranslationsystemwithMosesandusethevarioustoolsavailable.
First,itisnecessarytoperformwordalignmentfromtheparallelcorpus.Then,thesetofalignments
obtainedformsatablethatservesasabasisfortheconstructionofthetranslationtableormemory
(Othmanetal.,2013),whichisdescribedinthefollowingsection.Thelatteriselaboratedaccording
tothealignmentscoresobtainedbythesub-phrasticsegmentspresentintheparallelcorpus.Then,
theyconstructedare-schedulingmodelthatcontainstheinformationofthepositionsinthesentences
ofthetranslatedwordswithrespecttothewordstranslatedpreviously.Toestimatewordalignment
probabilities, Moses encapsulates the GIZA ++ tool (Och et al., 2003), which implements the
algorithmsoftheIBM1-5models.Authorsalsouseaparallelizableversionofthisprogram,MGIZA
(Gaoetal.,2008)inordertoreducethetimeduringthealignmentphase.Languagemodelscanbe
constructedusingothertools,suchastheoneproposedbySRI-LM(Stolckeetal.,2002)orIRST-
LM(Federicoetal.,2008).

Building Lexical Translation Memory
Inthissection,theconstructionofanEnglish-ASLtranslationmemoryfromtheASL-PC12corpus
isdescribedinspiredbytheIBM1-5models(Othmanetal.,2012)(Bergeral.,1994).Thetranslation
memorywillbeusedinthedecodingphase.

Lexical Translation
IfweconsiderasourcewordinASL“review,”thereareseveralpossibletranslationsinEnglish:
“review,”“reviews,”“reviewed,”etc.Mostwordshaveseveralpossibletranslations.Theconceptof
SMTimpliestheuseofstatisticsextractedfromwordsandtexts.Whattypeofstatisticsisrequired
totranslatetheword“review”intoASLorviceversa?Ifweassumethatwehavealargecorpusor
collectionofdataintheASLcoupledwithadatacollectioninEnglish,whereforeachsentencein
EnglishitcorrespondstoitsASLtranslation,wecancounthowmanytimesittranslatestheword
“review”into“review,”“reviews,”etc.Table1showsthepossibleresultsofthetranslationofthe
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word“review,”knowingthatthenumberofoccurrencesoftheinitialwordinEnglishisfivetimes
inthecorpusASL.

Here,authorsnotethattheword“reviewed”wasusedonlyonceanditwasalignedwith“review,”
whichprovidesatranslationprobabilityequalto1,inotherwords,inanoveltranslationrequest.
Fortheothers,whenthenumberofoccurrencesincreases,theprobabilityofalignmentdecreases.

Probability Distribution Estimation
Tocalculatetheprobabilisticdistributionofawordf,inourexampletheword“review,”itissufficient
todeterminethenumberofoccurrencesofthiswordfinthecorpusinASLandtocalculatethe
occurrenceofthesepossibletranslationsinthecorpusinEnglish.Then,theratioforeachoutpute
iscalculated.Theywillthereforehave:

P e
f ( ) =

1 0000000

0 6666667

0

.

.

.

if e = 'reviewed'

if e ='reviews'

44000000

0 0001840

0 0001261

if e = 'review'

if e = 'for'

if e 

.

. == 

if e = 'of'

if e = 'the'

∅
0 0001064

0 0000326

.

.













Inthiscase,thechoiceofthebestpossibletranslationistheonewiththegreatestprobability.The
typeofestimateusediscalledMaximumLikelihoodEstimation,whichmaximizestheresemblance
betweenthedata.

Alignment
Fromtheprobabilisticdistributionsalreadycomputedpreviouslyforlexicaltranslations,wecanfix
thefirststatisticalautomatictranslator,whichusesonlythelexicaltranslations.Inprevioustable,we
showtheprobabilisticdistributionsofthreetokensinASLandtheiralignmentsinEnglish.Wenote
theprobabilityoftranslatingawordfintoawordinASLewithaconditionalprobabilityfunctiont
(e|f).TheresultingarrayiscalledT-tables.ProvidedanEnglish-ASLparallelcorpus,howcanwe
makealignmentsbetweenasourcesentenceandatargetphrasetogenerateadictionary?Thiscanbe
performedbyimplementingthelearningalgorithmsproposedbyIBM(Brownetal.,1993).These

Table 1. Probably translation of word “review”

Translation of “review” Occurrence Count Alignment Probability

reviewed 1 1.0000000

reviews 3 0.6666667

review 9 0.4000000

for 7216 0.0001840

∅ - 0.0001261

of 10854 0.0001064

the 32608 0.0000326
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alignmentmodelsarecalled“IBMModel”whicharebasedontheprobabilityoflexicaltranslations
usingthealignmentfunctiona.

Theprobabilityofthetranslationiscalculatedfromtheproductofallthelexicalprobabilities
ofeachworde

j
for j from1 to l

e
.Atthelevelofthequotientauthorsadded1toconsiderthetoken

NULL.Therefore,theywillhave l
f

le+( )1 possiblealignmenttomap l
f
+( )1 wordsofthesentence

f withallthewordsoftargetsentencee .µisaconstantofnormalizationofP e a f, |( ) thatensures

e a

P e a f
,

, |∑ ( ) = 1 .Toconclude,authorsapplythepreviousequationtothephrase“yourbluecar,”

which is translated into“YOUBLUECAR.”.Thecurves inFigure9showhow themost likely
translationconvergesto1andtheotherstozeroforagivenword.

Optimization Based on Similar String
Inordertoreducethenumberofiterationsandtoacceleratethelearningphasefortheconstruction
ofanEnglish-ASLlexicaltranslationmemory,authorshaveusedthenotionofsimilarityofstrings.
AsthemajorityofEnglishwordsaresimilartotheirASLtranslationsandviceversa.Forthis,the
distanceofJaro-Winklerwasused(Jaro,1989).ThedistanceofJaro–Winklermeasuresthesimilarity
betweentwostringsofcharacters.Thedistanceisavaluebetween0and1.TheJaro–Winklerdistance
d_woftwostringsS_1andS_2isdefinedasfollows:

Figure 9. Convergence of the most probable lexical translations calculated from the IBM1 alignment model
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d d p d
w j j
= + −( )( )� 1 

where � isthelengthofthecommonprefix(maximumfourcharacters),pisacoefficientthatfavors
stringswithacommonprefixandd_jisthedistanceofJarobetweenS

1
andS

2
definedasfollows:

d
m

S

m
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where S
1

isthelengthofthestring S
1
, S

2
isthelengthofthestring S

2
,m isthenumberof

correspondingcharacters,and t isthenumberoftranspositions.Thisdistanceisintegratedduring
theinitializationoftheprobabilisticdistributionsbeforethelearningphase.Initially,distribution

p e f|( ) isinitializedat 1
l
e

where l
e
isthenumberofwordsintargetlanguagee .Inthiscase,the

probabilitydistribution p e f|( ) isdefinedasfollows:

t e f
l

d e f
e

w
|( ) = ⋅ + ⋅ ( )α β

1
, 

Where α  and β  are two coefficients satisfying the following conditions: α β, ∈ �  and
α β+ = 1 .ThesetwocoefficientsallowustoselecttheweightoftheuseofthedistancesofJaro–
Winklerduringtheinitialization.Forourexperimentation,authorsinitializeαto0.2andβto0.8that
favorstheuseofthesimilarityofthestrings.Theexperimentswerecarriedoutonthesamecorpus
aspreviouslyusedcontainingthreesentencesTheynotethatthedistributionsofthemostprobable
translations converge rapidly toward 1.Figure 10 shows the evolution of convergence to lexical
translationsoffourwords(CAR,PRO-1st,NAME,YOU)learnedfromthecorpuscontainingthree
sentences.Itisnotedthatthedistributionconvergesmorerapidlythaninthepreviousexample.This
showstheeffectivenessofourapproach.Letusreturntothepreviousexampleofthepairp(YOU|you),
Figure 10 (the blue curve) shows the probabilistic distribution using the Jaro–Winkler distance
convergesto1from20iterations.

Untilnow,authorshavepresentedanimplementationoftheIBM1learningmodelwithoutand
withtheuseofJaro–Winklerdistances.Thisallowedustoautomaticallybuilddictionariesoflexical
translationsofeachwordinthesourcelanguageintoatargetlanguagefromaparallelcorpus.Itwas
shownthat,ateachiteration,theprobabilisticdistributionisrefineduptotheconvergencetoward
thevalue1.Theyalsooptimizethenumberofiterations,whichreducesthelearningtime,byusing
thenotionofsimilarityofstrings.

Evaluation
Humanevaluation is amethod fordetermining theperformanceofa translation system.Human
translationsofmachinetranslationareconcernedwithseveralaspectsoftranslation,suchasadequacy,
fidelity, and mastery of translation. Human evaluation is widely discussed, as evidenced by the
numberofstudiesonthesubject.Theprimaryproblemofhumanevaluationisthetimeittakes.It,
therefore,correspondsmoretoasituationinwhichitisdesiredtoevaluateastablesystem.Forour
proposedsystem,themetricusedistheBLUEscore(Papinenietal.,2002).First,authorsdetailthe
resultsofthetranslationofatextintheASLtoatextinEnglish.Table2showstheevolutionofthe
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performanceofthesystemasthesizeoftheevaluationandlearningcorpusincreases.Inasecond
step,theyrepeatedthesameoperationusingJaro–Winklerdistance.Thistechniqueincreasedthe
BLUEscore,whichreflectsthequalityofthetranslation.TheaverageBLUEscoreis35.17and46.35
usingtheJaro–Winklerdistance.

Table 2. Variation of BLUE score according to the size of evaluation corpus

#evaluation BLUE
Precision

1-Gram 2-Gram 3-Gram 4-Gram

1000 41,19 81,3 52,3 37,8 28,8

2000 43,82 85,1 55,9 40,9 31,4

3000 45,16 85,6 57 42,3 32,6

4000 46,20 85,7 57,7 42,7 32,8

5000 47,57 87,8 59,5 44,6 34,7

6000 49,73 89,8 61,4 46,6 36,8

7000 48,66 88,9 60,2 45,3 35,6

8000 48,04 88,3 59,5 44,6 34,9

9000 46,61 86,6 57,9 43,2 33,4

10000 46,58 86,7 57,9 43,1 33,4

Figure 10. Convergence of the most likely lexical translations to 1 calculated from the IBM1 alignment model using Jaro–
Winkler distance
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CoNCLUSIoN

Theprogressofresearchsincehalfacenturyhasenabledmachinetranslationtoaffectourdailylives.
SignLanguageTranslationisarecentthemeofresearchbecauseitcombinestwocomplexscientific
problems:translationandthetranscriptionofSL.However,itisnotdifficulttoimagineitsapplications:
onlineandreal-timesynthesis,accesstoinformation,indexing,cross-linguaofmultimediacontent,
andassistantforcommunicationandelearning.ManystudiesonSLarerecentandinnovative.The
studyincludesthelinguistic,cognitive,andgrammaraspectuntilthecreationofthecorpus,machine
translation,andreal-timesynthesis.Astheyperceive,SignLanguagesarenotuniversal.Ingeneral,
thestudiesarefocusedononecommunityofdeafanddonotsharethesamesyntacticstructures,
phonological,lexical,morphological,andsemanticaspects.

Despiteexistingtoolsfortranscriptionandannotation,eachpresentsdrawbacks.However,for
thetextualannotationingloss,authorsproposedanXMLrepresentationexhibitsmorebenefitsfor
anautomaticprocessingtowardstoreandsynthesisSignLanguageviaconversationalagents.The
proposedtranscriptionsystemwasbasedonGlossAnnotation,whichwereevaluatedbycomparison
tomanualtranscription.Then,thispaperfocusedonthemachinetranslationandmoreparticularlyon
thetranslationofEnglishtoASLorviceversa.Inaccordancewiththestateoftheart,theproposed
machinetranslationisbasedonstatisticalmodels.Thesemodelscomprisealargenumberofparameters
oftheorderofseveralmillions.Theirtrainingrequiresparalleltexts:thousandsorpreferenceofmillion
phrasestranslationsofoneanother,throughwhichtheparametersofthemodelsareestimated.These
textsweregeneratedautomaticallyusingrule-basedapproachesguidedbytheuseofgrammatical
dependencygraphs.Ourexperiencesshowthatthemodelofalignmentenhancedtheperformance
usingtheJaro–Winklerdistances:between8and11bluepointsfollowingthedirectionoftranslation.
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