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ABSTRACT

ThisarticlepresentstheworkonthePart-of-SpeechTaggerforAssamesebasedonHiddenMarkov
Model(HMM).Overtheyears,alotoflanguageprocessingtaskshavebeendoneforWesternand
South-Asianlanguages.However,verylittleworkisdoneforAssameselanguage.So,withthispoint
ofview,thePOSTaggerforAssameseusingStochasticApproachisbeingdeveloped.Assameseisa
freeword-order,highlyagglutinateandmorphologicalrichlanguage,thusdevelopingPOSTagger
withgoodaccuracywillhelpindevelopmentofotherNLPtaskforAssamese.Forthiswork,an
annotatedcorpusof271,890wordswithaBIStagsetconsistingof38taglabelsisused.Themodel
istrainedon256,690wordsandtheremainingwordsareusedintesting.Thesystemobtainedan
accuracyof89.21%anditisbeingcomparedwithotherexistingstochasticmodels.
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1. INTRoDUCTIoN

Part-of-Speech(POS) taggingis theprocesswhereeverywordinanatural languagesentence is
markedwithitscorrespondingpartofspeechcategorylikenoun,verb,adjective,adverb,etc.based
onbothitsdefinitionandcontext.Besideswords,punctuationcharactersandsymbolsarealsolabeled
accordingly.Itisaveryimportantprocessbecauseitresolvestheambiguityofwordsinasentenceby
assigningaccuratePOSlabeltoaworddependingonthecontext.AsAssameseismorphologically
richandagglutinativelanguage,severalwordshavemorethanonePOScategorythatmakestheword
ambiguous.Thereisaninflectionofnounandverbinasentenceinaccordancewiththegrammatical
characteristicsaswell.Therefore,POStaggingbecomesachallengingtaskforAssamese.POSTagger
triestoassigntheaccuratePOSlabelstoambiguouswordsinasentenceaccordingtothecontextand
ithasavitalroleinvariousNLPapplicationsasbecausethePOStaggeddataisusedinmanyother
NLPtasks(Jurafsky&Martin,2000),e.g.,inParsing,thetaggeddatahelpsinfindingoutnounand
verbgroups,inNamedEntityRecognition,ithelpsindeterminingthepropernameslikethename
ofaperson,placeorathing,inInformationRetrieval,ithelpsinselectingthepropernounsorother
importantwordclassesfromagiventext,inSpeechRecognition,ithelpsinmodelingalanguage,in
MachineTranslation,ithelpsingeneratingtheprobabilityforwordtranslationofthesourcelanguage
intothetargetlanguage,aswellasitisusefulformanyotherNLPapplications.Thus,itisconsidered
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asaninitialstepofthelanguageprocessingtask.AsPOSTaggerhasagreatimpactonotherNLP
systems,ataggingresultwithhighaccuracyisalwaysencouraging.

ThereareseveralmethodsofPOStaggingandbasicallytherearethreemainapproacheswhich
areRuleBasedApproach,StochasticApproachandHybridApproach.RuleBasedPOStaggingis
themostprimitiveapproachwherehand-writtenlinguisticrulesareusedfortagging.Theserules
identifytheappropriatetagforanambiguousword.Thismethodisdependentondictionaryorlexicon
togeneratethepossiblePOStagsforeverywordininputtext.TheStochasticApproachisbasedon
theprobabilitiesofwordsthatoccurforaparticulartag.Thetagwhichoccursmostrepeatedlyinthe
trainingdataisassignedtounknownorambiguousword.Theprobabilityofagivensequenceoftags
iscalculatedfromthefrequencyofwordsfromtheannotatedtrainingcorpus.HybridApproachis
thecombinationofmorethanonemethodwhichusuallycontainsrule-basedandstatisticalmethods.
Thismodelusestheessentialfeatureofstatisticalapproachesandusestherulesforbetterefficiency.
ThedevelopedPOSTaggerforAssamesefollowstheStochasticApproach.AbigramHiddenMarkov
Model(HMM)isusedwhichisoneoftheprocessesinthistechnique.Itisaprobabilisticmodel
thatusesanannotatedtrainingcorpus.Thetaggingprocessisdonebycomputingthetagsequence
probabilityandthewordlikelihoodprobabilityofthecorpus.Thismethodiscalledsupervisedlearning
method.Therefore,HMMrequiresalargeamountofannotatedcorpustoobtainhighaccuracy.On
theotherhand,unsupervisedlearningmethoddoesnotusetheannotatedcorpusanditcalculatesthe
probabilitiesbyusingautomaticwordgroupings.

Thispaperisfurtherdividedintofivemoresectionsinwhichsecondsectionprovidestherelated
workandnextsectionshowsthemorphologicalcharacteristicsofAssamese.Fourthsectiondescribes
theapproachthenfifthsectiongivestheevaluationofthesystem.Finally,thepaperisconcludedin
sixthsection.

2. RELATED woRK

Tillrecentyears,manyresearchworkshavebeenaccomplishedonPartofSpeechtaggingfordifferent
languagesusingdifferentapproaches.IncaseoftheIndianlanguageslikeHindi,Malayalam,Bengali,
etc.whicharemorphologicallyrichinnature,agoodnumberofPOStaggershavebeendeveloped
usingStochasticApproachwithvariedaccuracies.Thisapproachtakeslesseffortinimplementation
andinvolvesverylittleknowledgeaboutthelanguagebutrequireslargetrainingdatatoobtainhigh
accuracy.(Dalaletal.,2006),developedPOSTaggerusingMaximumEntropyMarkovModelfor
Hindiwithacorpusof15562wordsandusing27POStagsandobtainedanaccuracyof94.81%.
(Joshietal.,2013),developedHMMbasedPOSTaggerforHindiusingILPOStagsetandobtained
anaccuracyof92%.(Kalam&Hasan,2014),developedvariousstochasticPOSTaggersforBengali
wherehybridHMMmodelwithmorphologicalanalyzergivesbestaccuracyof96.3%.(Sahariaet
al.,2009),developedHMMbasedPOSTaggerforAssameseusingtextcorpus(CorpusASM)of
nearly3,00,00wordswhere10,000wordsweremanuallytaggedfortraining.172tagsareusedand
obtainedaverageaccuracyis87%.(Shambhavietal.,2012),developedPOSTaggerforKannada
languageusingsecondorderHiddenMarkovModelandConditionalRandomFields(CRF)with
trainingdatathatconsistof51,269wordsandtestdataconsistsofaround2932tokensandobtained
accuracyis79.9%forHMMmodeland84.58%forCRFmodelrespectively.(Sharmaetal.,2011),
developedasystemusingHMMtoimprovetheaccuracyofPunjabiPOSTagger.Thesystemwas
evaluatedoveracorpusof26,479wordsandachievedtheaccuracyof90.11%.(Shrivastavaetal.,
2008),developedHMMbasedPOSTaggerforHindiusingstemmerand18tagsandachievedthe
accuracyof93.12%.(Singhaetal.,2012),developedPOSTaggerforManipuriusingHMMand
usedannotatedtestsetdatawith97morph-syntactictagcategoriesandobtainedanaccuracyof92%.
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