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Abstract

Variousapplicationsincomputationallinguisticsandartificialintelligencerelyon

high-performingsemanticsimilarityandwordsensedisambiguationtechniquestosolve

challengingtaskssuchasinformationretrieval,machinetranslation,questionanswering,

anddocumentclustering. Whiletextcomprehensionisintuitiveforhumans,machines

facetremendouschallengesinprocessingandinterpretingahuman’snaturallanguage.

Thisthesisdiscussestwointerconnectednaturallanguageprocessingtasksusingacon-

textualsemanticapproachandknowledge-basedrepository.Thefirsttaskisaknowledge-

basedsemanticsimilarityandrelatednessbetweenwordsusing WordNet,andthesecond

isaknowledge-basedsemanticwordsensedisambiguation.Thesemanticsimilarityand

relatednesstaskdeterminestheleveloflikenessandconnectednessbetweentwowords

withinagivencontextbasedontheirsemanticrepresentationwithinaknowledgegraph.

Thewordsensedisambiguationtaskdeterminesthecorrectsense(meaning)ofaword

withinsentenceanddocumentcontexts.

Themainfocusofcurrentresearchinthisfieldreliessolelyonthetaxonomicrelation

”ISA”toevaluatesemanticsimilarityandrelatednessbetweenterms.Semanticsimilar-

ityandrelatednesshavenotbeenexploitedtotheirfullpotentialtosolveintegralnatural

languageprocessingtasks,suchasthewordsensedisambiguationtask.Despitethewide

rangeofknowledge-basedwordsensedisambiguationapproaches,theunderlyingsimilar-

itymeasureformostofthemisthewordoverlapmeasure(i.e.,Lesksimilaritymeasure),

whichis,bydefinition,limitedtotheexactmatchoftermsbetweenthecomparedtexts.

Thisthesisexploresthebenefitsofusingalltypesofnon-taxonomicrelationsin WordNet

knowledgegraphtoenhanceexistingsemanticsimilarityandrelatednessmeasures. We

proposeaholisticpoly-relationalapproachbasedonanewrelational-basedinformation

contentandnon-taxonomic-basedweightedpathstodeviseacomprehensivesemantic

similarityandrelatednessmeasure.Furthermore,weproposeanovelknowledge-based

wordsensedisambiguationalgorithm,namelySequentialContextualSimilarity Matrix

Multiplicationalgorithm(SCSMM).TheSCSMMalgorithmcombinessemanticsimilar-

ity,heuristicknowledge,anddocumentcontexttorespectivelyexploitthemeritsoflocal



contextbetweenconsecutiveterms,humanknowledgeaboutterms,andadocument’s

maintopicindisambiguatingterms. Unlikeotheralgorithms,theSCSMMalgorithm

guaranteesthecaptureofthemaximumsentencecontextwhilemaintainingtheterms’

orderwithinthesentence. Also,weidentifythecorefactorsthataffectourproposed

algorithmandmostexistingwordsensedisambiguationsystems.

Theresultsoftheproposedalgorithmsdemonstrateanimprovementoverthebench-

markmethods,includingthestate-of-the-artknowledge-basedtechniques.Ourproposed

semanticsimilarityandrelatednessmeasuredemonstratedimprovementgainthatranged

from3.8%-23.8%,1.3%-18.3%,31.8%-117.2%,and19.1%-111.1%,onallgoldstandard

datasets MC,RG, WordSim,and Mturk,respectively. Ontheotherhand,theproposed

SCSMMalgorithmoutperformedallotheralgorithmswhendisambiguatingnounsonthe

combinedgoldstandarddatasets,whiledemonstratingcomparableresultstocurrentstate-

of-the-artwordsensedisambiguationsystemswhendealingwitheachdatasetseparately.

Finally,thethesisdiscussestheimpactofgranularitylevel,ambiguityrate,sentencesize,

andpartofspeechdistributionontheperformanceoftheproposedalgorithm.
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Chapter1 Introduction

Chapter1

Introduction

Whiletextcomprehensionisintuitiveforhumans,machinesfacetremendouschallenges

inprocessingandinterpretinghumannaturallanguage.TheresearchareaofNaturalLan-

guageProcessing(NLP)dealswiththestudyofthecomputer’sabilitytoprocess,analyze,

andextractmeaningsfromhuman’snaturallanguage.NLPhasbeenthefocusofthere-

searchcommunityformanydecades.However,untilnow,manyNLPtaskshaveyettobe

solved,suchassentenceboundarydetection,conceptssimilarityandrelatedness, Word

SenseDisambiguation(WSD),sentencesimilarity,topicdetection,textsummarization,

andtextgeneration.ThemainobjectiveofanyNLPtaskistoallowmachinestoachieve

anautomaticlevelofprocessingandhandlingoflanguageascloseaspossibletoahu-

man’s.ThisthesisdiscussestwointerconnectedNLPtasksusingacontextualsemantic

approachbyexploitingaknowledge-basedrepository.Thefirsttaskissemanticsimilarity

andrelatednessbetweenwords,andthesecondisaknowledge-basedsemantic WSDtask.

Thesemanticsimilarityandrelatednesstaskdeterminestheleveloflikenessandconnect-

ednessbetweentwowordswithinagivencontextbasedontheirsemanticrepresentation

withinaKnowledgeGraph(KG).The WSDtaskdeterminesthecorrectsense(meaning)

ofawordwithinsentenceanddocumentcontexts.

Inthisthesis,weproposeacomprehensivesemanticsimilarityandrelatednessmea-

surethatexploitstheKGstructuretoitsfullpotential.Furthermore,weproposeanovel

WSDapproachthatemploysknowledge-basedsemanticsimilarityandrelatednessmea-

1



Chapter1 Introduction

sures.Thischapterstartswithanoverviewoftheareaofstudy,Section1.1.Then,Section

1.2describesthespecificproblemsandresearchchallengesaddressedinthisthesis.In

Section1.3,wesummarizethemaincontributionofourresearch.Finally,Section1.4

describestheorganizationofthethesis.

1.1 Overview

Datacanbeconnectedthroughvarioustypesofrelationstopresentusefulinformation.At

thesametime,acoherentcollectionofinformationproducesspecificknowledge.Linked

OpenData(LOD)isastructuretoallowlinkingdatafrommultiplesourcesviamean-

ingfulsemanticrelationshipstoformusefulinformation.Ontologiesareagoodexample

ofLOD.Ontologiesencompassaformalandmachine-readablerepresentationofentities’

names,definitions,properties,andcontextualrelationshipsusingformallinks/relations

thatreflectatrueconnectionintherealworld[2].Ontologiesaresometimesreferredto

asKG.ExamplesofwellknownKGsinclude,butnotlimitedto,DBbedia1, WordNet2,

BabelNet3,GeoNames4,theGeneOntologyGO5.Inthisresearch,weuse WordNetKG

asourmainlexicaldatabase.

Gruberdefinedontologyas“anexplicitspecificationofconceptualization”[2].In

technicalterms,anontologyisaformalsemanticrepresentationoftheconceptswithin

aspecificdomain. Thesemanticrepresentationisestablishedthroughasetofaxioms.

Anaxiomconnectstwoconceptsand/orinstancesthroughaspecificrelationthatmodels

real-worldconnectionintheformofsubject,predicate,andobject.Forinstance,“John

livesinTokyo”wouldberepresentedintheKGassubject:John,predicate:LivesIn,and

object:Tokyo,seeFig.1.1b. AninterconnectedsetofaxiomsformsaKGorsemantic

graph(SG)asreferredtoin[3,4,5].Ehrlingerand ẄoßhaveformallydefinedKGas

anacquisitionandintegrationofinformationintoontologywithareasonertoderivenew

1https://wiki.dbpedia.org/
2https://wordnet.princeton.edu/
3https://babelnet.org/
4https://www.geonames.org/
5http://geneontology.org/
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Chapter1 Introduction

isFatherOf

isBrotherOf

isMotherOf

isHusbandOf

isAuntOf

isSiblingOf
(symmetric, transitive)

hasDaughter

isWifeOf

isChildOf

isSonOf

isUncleOf

isSisterOf

isSpouseOf
(symmetric)

ManWoman

2

Person

knowledge[3]. Anillustrationofsuchagraphconnectinginstancesandanontology

connectingconceptscanbeobservedinFig.1.1bandFig.1.1a,respectively.

(a)Segmentofontology

John

Tokyo

Japan

Julian

Meredith

Lola

Daniel 

Matteo

Magon

Ruth

Sofia

IsAuntOf

IsSiblingOf

IsMotherOf

IsFrindOf

IsHusbandOf/
IsWifeOf

IsFatherOf

IsUncleOf

LivesIn

IsCapitalOf

6

(b)SegmentofKG

Figure1.1:SegmentsofthefamilyontologyandKG

6Visualizationcanbeaccessedathttp://vowl.visualdataweb.org/webvowl.html

3
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Chapter1 Introduction

Sinceontologiesaredomain-specificbynature,theyincorporateasetofnon-taxonomic

relationsthatarerelevanttothemodeleddomain.Theserelationsresemblesthesemantic

knowledgeforallentitiesofthatdomain.Fig.1.1demonstratessuchsemanticrepresenta-

tion,asitdescribesthefamilyontologythroughsemanticrelationsthatmodelreal-world

familyrelationshipssuchashusband,child,spouse,andsibling.

Semanticisthestudyofmeaning,abranchofthephilosophicaltheorysemioticsdeal-

ingwiththerelationshipsbetweensignsandtheirmeanings.Hebelerhasdescribeditas

follows:“Semanticgivesakeywordsymbolusefulmeaningthroughtheestablishmentof

relationships”[6].Incomputerscience,itisthestudyofrelationshipsbetweenmodeled

entitieswithinanontologyorKG.WhereasinNLP,semanticisthestudyofcontextual

relationshipsbetweenwords,sentences,ordocumentsbyanalyzingassertedandinferred

relationshipswithinaKG.Forinstance,Fig.1.2depictsasampleofaKGpresentingthe

taxonomicrelations(i.e.,ISA(ISA))andsomeofthenon-taxonomicrelationsbetween

itsconcepts.Eatisanexampleofanon-taxonomicrelationassociatingFarmAnimal

withVegetables

IS A

IS A IS A

IS A IS A

IS A

IS A

Eat

Eat

IS A

.ISAistheonlymandatoryrelation,asitshapesthetaxonomicstructure

ofallentitieswithintheKG.Thenon-taxonomicrelationsprovideadditionalsemantic

informationthatrepresentsreal-worldassociationsbetweenentitieswithinthemodeled

domain.Themorenon-taxonomicrelationsarepresentintheKG,thesemanticallyricher

thegraph.

Figure1.2:Semanticrelationswithinaknowledgegraph

4



Chapter1 Introduction

Giventheabovedefinition,semanticrelationshavebeenacoreelementinthemany

researchtopics,especiallywithinNLPdomain.SemanticrelationswithinKGscandeter-

minethecontextualsimilarityandrelatednessbetweentwogivenwordsortheirconcepts.

Semanticrelationscanalsobeusedtodisambiguatewordswithinagivencontext;this

isafundamentalNLPchallengemachineshaveyettomaster.Finally,semanticknowl-

edgecancapturethecontextualizedsimilaritybetweentwofullsentences,whichcanbe

adoptedtosolveotherInformationRetrieval(IR)andNLPtaskssuchastopicdetection,

documentclustering,classification,anddocumentsummarization.

Inadditiontothesemanticrelations,conceptswithinKGareconsideredinformative

entities,whereeachconceptcontainsaspecificamountofinformationthatreflectsits

distributionwithinitsdomain.ThisnotionisreferredtoasInformationContent(IC).IC

isabasicquantitativemeasureoftheamountofinformationinsomething.Itisderived

fromtheprobabilityofaparticulareventoccurringfromarandomvariable. Withina

KG,conceptshavebeenassignedanICvalueusingtwoapproaches.Thefirstrelieson

anexternalcorpusandusesaprobabilisticmodel. ThisapproachisreferredtoasIC-

extrinsicapproach. TheseconddependsonvariousfeaturesfromwithintheKG,such

as;childnodes,depth,leaves,andparents. ThisapproachisreferredtoasIC-intrinsic

approach.Inthisthesis,wefocusontheIC-intrinsicapproach.

1.1.1 SemanticSimilarityandRelatedness

Semanticsimilarityandrelatednessmeasuretheleveloflikenessandconnectednessbe-

tweentwotermsbasedontheirrelations. Someliteratureevaluatesthesimilarityand

relatednessasasingledistancemeasurebetweenthemeaningsoftwoterms.Ontheother

hand,othersdistinguishsimilarityasaspecificcaseofrelatedness,andrelatednessisa

moregeneral measure. Hence,semanticsimilarityisaspecificmeasureoflikeliness,

whilerelatednessisa moregeneral measurethatreflectsconnectedness.Inthiscon-

text,similaritycanbemeasuredbythetaxonomicrelations,whilerelatednessincludes

allothernon-taxonomicrelations.Forexample,inFig.1.2theconcepts‘Vegetable’and

‘Fruit’willhavehighsemanticsimilaritywhile‘Fruit’and‘SavageAnimal’willhavea

5



Chapter1 Introduction

lowsemanticsimilarity. Anexampleofhighrelatednessfromthesameontologyisthe

relationshipbetween‘Vegetable’and‘FarmAnimal’astheyhaveadirectnon-taxonomic

relation(‘Eat’)betweenthem.

Awiderangeofsemanticsimilarity measureshavebeenproposedandappliedin

variousapplicationsanddomains. Thesemeasuresvaryinperformancebasedontheir

approachesandapplicationdomains. Detailedcomparisonsofthese measurescanbe

foundin[7,8,9,10,11,12,13].Insummary,semanticsimilarity measurescanbe

categorizedintofour maincategoriesbasedontheirapproach:path,feature,IC,and

hybrid. MoredetailsofthesearepresentedinChapter2.However,thefocusofthisthesis

isonIC-basedsemanticsimilarityandrelatednessmeasures.

Semanticsimilarityandrelatednesscanbeappliedtosolvechallengingtasks,includ-

ingthe WSDthatwepresentinthefollowingsection.Furthermore,semanticsimilarity

canbeappliedinotherNLPtasks,includingtextclassification,informationretrieval,

machinetranslation,anddocumentclustering.[9].

1.1.2 WordSenseDisambiguation

WSDisconsideredoneoftheoldesttasksofcomputationallinguisticsgoingbackto

the1940s.Itstartedasadistincttasksincethebeginningofmachinetranslation. The

firstchallengethattriggered WSDtaskis MachineTranslation(MT)inthe1940s.Since

then,researchershavebeendevelopingmodelsandalgorithmstoimprovetheaccuracy

ofthistaskusingvariousapproaches;supervised,semi-supervised,andknowledge-based

systems. WSDisanessentialtaskinmanyotherapplications,suchasIR,informationex-

traction,knowledgeacquisition,andNLP. Withtheintroductionofsupervisedmachine

learninginthe1990s,varioussupervisedapproachesattemptedtosolvethe WSDtask.

Morerecentstudiesareexploringsemi-supervisedandunsupervisedapproachesbygo-

ingbacktousingknowledgebaseintheformofgraphsystemssuchas WordNet7,and

BabelNet8.

7https://wordnet.princeton.edu/
8https://babelnet.org/
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Chapter1 Introduction

Humanbeingscandetecttheappropriatesenseunconsciouslybylarge,whereasteach-

ingthattoamachineischallenging. WithintheNLPdomain, WSDisthetasktodeter-

minetheappropriatemeaning(sense)ofwordsgivenasurroundingcontext. WSDis

consideredaclassificationtask,wherethesystem’s maintaskistoclassifyaspecific

wordtooneofitssensesasdefinedbyalexicaldictionary. Onetypicalexampleisthe

word‘Bank’,whereithaseighteendifferentsensesdefinedin WordNet9lexicaldatabase.

Outofwhich,tenaredefinedasnouns,andtherestaredefinedasverbs,asshowninFig

1.3.

Basedontheirapproaches, WSDsystemsaredividedintofourmaincategories:super-

vised,semi-supervised,unsupervised,andknowledge-based.Supervisedsystemsrequire

alargesense-annotatedtrainingdataset,whichischallengingtoconstruct.Toourknowl-

edge,thereareonlytwodatasetsavailable;thefirstistheSemCordataset,whichconsists

of226,040manuallyannotatedsensesdividedinto352documents[14].Thesecondis

theOne MillionSense-TaggedInstances)(OMSTI)dataset,whichconsistsofonemil-

lionautomaticallyannotatedsenses[15].Thedatasetwasconstructedbasedonalarge

English-Chinesecorpususinganalignment-based WSDtechnique[16]. Varioussuper-

visedsystemshavebeendesignedtodate.Thesesystemsusedifferenttechniquessuchas

decisionlist[17],decisiontrees[18],naivebayes[19],andvariousneuralnetworkand

senseembeddingsystems[20,21,22,23,24].

Semi-supervisedsystemsemployabootstrappingprocesswithasmallseedofasense-

annotatedtrainingdatasetandalargecorpusofun-annotatedsenses.Atfirst,asupervised

classifieristrainedusingtheseed,thentheiterativebootstrappingprocessgraduallyin-

creasesthesizeoftheannotateddatasetandshrinkstheun-annotatedone[25].

Othersystemsfollowedanunsupervisedapproachbyusingacontextclustering[26],

wordclustering[27],andothergraph-basedalgorithmssuchasPageRankalgorithm[28].

Thelastcategory,whichisthefocusofourresearchisknowledge-based.Systemsof

thiscategoryrelyonthestructureandfeaturesofaKG.Differentsystemsexploitvarious

features,suchastaxonomicrelations,non-taxonomicrelations,concept’sIC,andpaths.

9http://wordnetweb.princeton.edu/perl/webwn?s=bank
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Chapter1 Introduction

WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: bank Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) bank (sloping land (especially the slope beside a body of water)) "they pulled
the canoe up on the bank"; "he sat on the bank of the river and watched the
currents"
S: (n) depository financial institution, bank, banking concern, banking company (a
financial institution that accepts deposits and channels the money into lending
activities) "he cashed a check at the bank"; "that bank holds the mortgage on my
home"
S: (n) bank (a long ridge or pile) "a huge bank of earth"
S: (n) bank (an arrangement of similar objects in a row or in tiers) "he operated a
bank of switches"
S: (n) bank (a supply or stock held in reserve for future use (especially in
emergencies))
S: (n) bank (the funds held by a gambling house or the dealer in some gambling
games) "he tried to break the bank at Monte Carlo"
S: (n) bank, cant, camber (a slope in the turn of a road or track; the outside is higher
than the inside in order to reduce the effects of centrifugal force)
S: (n) savings bank, coin bank, money box, bank (a container (usually with a slot in
the top) for keeping money at home) "the coin bank was empty"
S: (n) bank, bank building (a building in which the business of banking transacted)
"the bank is on the corner of Nassau and Witherspoon"
S: (n) bank (a flight maneuver; aircraft tips laterally about its longitudinal axis
(especially in turning)) "the plane went into a steep bank"

Verb

S: (v) bank (tip laterally) "the pilot had to bank the aircraft"
S: (v) bank (enclose with a bank) "bank roads"
S: (v) bank (do business with a bank or keep an account at a bank) "Where do you
bank in this town?"
S: (v) bank (act as the banker in a game or in gambling)
S: (v) bank (be in the banking business)
S: (v) deposit, bank (put into a bank account) "She deposits her paycheck every
month"
S: (v) bank (cover with ashes so to control the rate of burning) "bank a fire"
S: (v) count, bet, depend, swear, rely, bank, look, calculate, reckon (have faith or
confidence in) "you can count on me to help you any time"; "Look to your friends for
support"; "You can bet on that!"; "Depend on your family in times of crisis"

Figure1.3:Sensesforthetermbank

Thefirstknowledge-basedsystemwasdevelopedbyLesk,basedontheterm’sdefinition

overlapwithitssentence[29].TheLeskmodelwasextendedtoincludethedefinitions

ofsemanticallyrelatedterms[30].Othertechniquesofthiscategoryincludetheonewe

proposeinthisthesis:asemanticsimilaritytechnique.Eachsenseoftheambiguousword

isassignedaweightbasedonitssemanticsimilaritywithothertermswithinthesentence,

document,orboth.Thesensewiththehighestweightisselectedasthecorrectsense.

8



Chapter1 Introduction

Themoststraightforwardapproachesoutofallarethetwobaselinesapproaches.The

firstistheMostFrequentSense(MFS)baseline,whichisaheuristicapproachthatselects

thesensethatappearsthemostwithinatrainingdataset.Thesecondisthe WordNet1st

senseapproach,whichismerelyselectingthefirstsenseasitappearsin WordNet.

1.2 ProblemStatementand Motivation

Anoverwhelmingnumberofsemanticsimilaritymeasureshavebeenproposedinthelit-

erature.Someresearchersconsideredsimilaritytobeaspecificcaseofrelatedness[9,31],

whileothersdidnotdistinguishbetweensemanticsimilarityandrelatedness[32,33].

Nonetheless,forthe majorityofthese methods,similarityhasbeenevaluatedstrictly

basedonhierarchicalrelations(i.e.,hyponym/hypernym),exceptforafewmethodsthat

haveexploitedalimitednumberofnon-taxonomicrelationstocomputerelatednessbe-

tweenconcepts(i.e.,meronymy/holonymyandantonymy)[9,34,35].Evenforthosewho

adoptednon-taxonomicrelations,theytreatedallrelationsequallywithoutanalyzingtheir

meaningsandtheinformationtheycarrybetweenconcepts.

Furthermore,toourknowledge,semanticsimilarityandrelatednessmeasureshave

notbeenexploitedtotheirfullpotentialtosolveintegralNLPtasks,suchasthe WSD.

Amongstallfour WSDcategories,supervisedandknowledge-basedarethemostpromis-

ingapproaches[36]. However,supervisedapproachesrequirealargeannotateddataset,

whichischallengingtoproduce.Duetothelimitednumberofsense-annotateddatasets,

thesesystemsfacechallengestoexcelanddemonstrateanoticeableimprovementover

othersystems. Moreover,supervisedsystemsneedtobewelltrained,whichiscom-

putationallyandtimeexpensive. Finally,most WSDsupervisedsystemsareunableto

intuitivelyexplaintheirresultssincetheyusuallyuseatrainingfunctionthatleadstoa

calculateddecision-makingprocess.

Ontheotherhand,knowledge-basedsystemsdonotrequireatrainingdataset,asthey

relyonamassivedictionaryorKG. Moreover,knowledge-basedsystemscaneasilyex-

plaintheirresultssincetheynormallyfollowanintuitiveprocess. Withtheadvancement

9
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ofLODanddomain-specificKGs,thesesystemshaveahigherpotentialtooutperform

otherapproachesduetotheadvantageofbroaderKGcoverage[37].Thetworequired

ingredientstoachievethat,areasemanticallyrichKGandacomprehensivesemantic

similarityandrelatednessmeasure.

Thelimitationsincurrentsemanticsimilarityandrelatedness measuresand WSD

systemsmotivatedustopursuethefollowingobjectives:

•AddressthelimitationsinexistingIC-intrinsicandpath-basedsimilaritymethods.

•Studytheeffectofvariousnon-taxonomicrelationsonenhancingsemanticsimilar-

ityandrelatednessmeasuresusing WordNetKG.

•Designanewmethodthatcombinessemanticsimilarityandrelatednessintoasin-

glecomprehensivemeasurethatcomplementsexistingtaxonomicmeasures.

•Investigatetheeffectofsemanticsimilarityandrelatednessmeasures,wordsense

heuristic,documentcontext,andaveragesentencesizeondisambiguatingwords.

•Proposeanewalgorithmthatexploitssemanticsimilarityandrelatedness,word

senseheuristic,anddocumentcontexttosolveall-word WSDtask.

•Evaluateourapproachesusinggold-standardbenchmarksandstate-of-the-artmeth-

odstodemonstratetheirrobustnessandscalability.

Wetackledtheabove-mentionedobjectivesbyadoptingthemethodologygivenbelow.

•Exploitallnon-taxonomicrelationswithin WordNetKGtodesignanewrelational-

basedsimilarityandedge-weightedrelatednessmeasures.

•Developaframeworktosystematicallyevaluateanddemonstratetheeffectofthe

proposedrelational-basedsimilarityandrelatednessoncurrentbenchmarkmeth-

ods.

•Developaframeworktoshowtheeffectofthefollowingthreeparameterson WSD:

10
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–Semanticsimilarityandrelatedness.

–WordsensesheuristicsfromSemCoreandOMSTIdatasets.

–Documentcontext.

•Formulateseveralexperimentalscenariostovalidatealldemonstratedresults.

1.3 Contributions

Comparedtotheaforementionedliteratureandmotivatedbytheimportanceofthere-

searchedtopic,thecontributionsofthisworkcanbesummarizedasfollows:

•Weproposeanewrelation-weightingschemabasedontheICdifferencebetween

linkedconceptstomeasurenon-taxonomicrelational-basedsimilarity.

•Weproposeanewrelatednessmeasurebasedonanewnon-taxonomicedge-weighted

pathsbetweenterms.

•Weproposeaholisticpoly-relationalapproachthatexploitsallnon-taxonomicrela-

tions,theirtypesandtheirfrequencytoenhancesemanticsimilarityandrelatedness

inthecontextof WordNet.

•Weproposeanovelknowledge-based WSDtechniquethatreflectshumanthinking

byexploitingsemanticsimilarityandrelatedness,wordsenseheuristic,anddocu-

mentcontextforsolvingAll-Words(AW) WSDtask.

•Wedemonstratetheeffectofvarioussemanticsimilarityandrelatednessmeasures,

wordsenseheuristic,anddocumentcontextontheperformanceof WSDmethods.

1.4 ThesisOrganization

Chapter2providesapreliminarystudyofthesemanticsimilarityandrelatednessmea-

sures.Thechapteralsopresentsbackgroundinformationaboutthe WSDtask.Thischap-

11
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teralsopresentsacomprehensiveliteraturereviewoftherelatedapproachesandtech-

niques.InChapter3,wepresentourproposedcomprehensivesemanticsimilarityandre-

latednessmeasureanditsmainparameters.Chapter4presentsanovelknowledge-based

WSDalgorithmthatemployssemanticsimilarity,wordsenseheuristic,anddocument

context.Finally,theconclusionofthisthesisandfutureworkarepresentedinChapter5

1.5 ListofPublications

•M.AlMousa,R.BenlamriandR.Khoury,”ExploitingNon-TaxonomicRelations

forMeasuringSemanticSimilarityandRelatednessinWordNet”,JournalofKnowledge-

basedSystems,Elsevier,Nov2020.

•M.AlMousa,R.BenlamriandR.Khoury,”ANovel WordsSenseDisambiguation

Approachusing WordNetKnowledgeGraph,”JournalofComputerSpeechand

Language,Submitted,2020.

•M.AlMousa,R.BenlamriandR.Khoury,”NLP-EnrichedAutomaticVideoSeg-

mentation,”6thInternationalConferenceon MultimediaComputingandSystems

(ICMCS),Rabat,2018,pp.1-6,doi:10.1109/ICMCS.2018.8525880.
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Chapter2 BackgroundandLiteratureReview

Chapter2

BackgroundandLiteratureReview

2.1 KnowledgeRepresentation

OntologiesandKGsareknowledgerepositoriesthatsystematicallymodelrealworlden-

titiesandtheirrelationshipsinmachinereadableformat. Thesemanticrepresentation

consistsofasetofaxiomsthatisasubject,predicate,andobject.Thesubjectandobject

areconceptswitharelationshipreferredtoaspredicate.Acompletesetofaxiomsforman

ontologyorKG.OntologiesandKGaregenerallydomainspecific.Therefore,theyincor-

porateawiderangeoftaxonomicandnon-taxonomicrelationshipsthatmodelsaspecific

domaincontextbetweenconcepts.Theresearchcommunityhavebeenusingtheterms

interchangeably,However,forthepurposeofthisresearch,wefollowthemainstreamun-

derstandingofKGasarepresentationofinstancesofontologicalconceptsforaspecific

domain[3].Toillustratethisdefinition,Fig.2.1adescribesthe WordNetontology,which

includesconceptsandobjectproperties.Thelatterarereferredtoaslinks,pointers,or

relations. Ontheotherhand,Fig.2.1bshowsinstancesofconceptsandtheirrelations

basedonthedesignedontologyandinferredknowledge. Despitevariousdefinitionsof

KGandontology,thetermshavebeenusedinterchangeablywhenreferringtosomeof

thewellknownknowledgebaserepositoriessuchasDBpedia[38],Freebase[39],YAGO

[40],BabelNet[41],and WordNet[42]andsimilarlystructureddatabases[9,32,34,43].
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Figure2.1:AfragmentofWordNetontologyandgraph

Inthisthesis,wefocusonWordNetasourmainknowledgerepository. WordNetis

anEnglishwordslexicondatabase,thatorganizesconceptsintoaconceptualhierarchy.

ItwasdesignedtosemanticallymodelEnglishwordsthroughthecategorizationofsyn-

onymsandexistingtaxonomicandnon-taxonomicrelations[42].Sincethecreationof

WordNet,ithasbecomeavaluableresourceusedinmanydomains,includingNLP,IR,

andsemantic-basedrecommendersystems.Itssemanticstructuretriggeredtheresearch

communitytoexaminetaskssuchastheonesweinvestigateinthisresearch,namelyse-

manticsimilarityandrelatednessandsemanticWSD.Thenexttwosectionspresentthe

relatedworkforthestudiedtopics.
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2.2 SemanticSimilarityandRelatedness

Semanticsimilarityisameasureoflikenessbetweenvarioustextcomponentssuchas

words,sentences,ordocuments.IthasasignificantroleinmanyNLPtasks,suchasIR

[44],textclustering[45],textclassification[46],textsummarization[47],and WSD[48].

Semanticsimilarityisalsoappliedinrecommendersystems[49],geo-informatics

[50],andbiomedicalinformatics[51]domains.Semanticrelatednessisameasureofthe

contextualrelationshipbetweenwords,sentences,ordocuments.Itisamoregeneral

measurethansemanticsimilarity,astwodissimilarwordscanbeveryrelated;forexam-

ple,‘bird’and‘feather’areconceptuallydissimilaryetareintuitivelyrelated. Nonethe-

less,mostliteraturehasusedthetwomeasuresinterchangeably.Semanticsimilarityand

relatednessmeasurescanbecategorizedintotwomaincategoriesbasedontheirknowl-

edgeresources.Thefirstiscorpus-basedmeasures,whichincludestatisticalapproaches

[52],neuralnetwork[53],andwordembeddingapproaches[54,55,56,57].Thesecond

categoryisknowledgebase(KB)measures,whichusesanontologyorKGstructureto

measurethesimilarityandrelatednessbetweenterms.Researchershavealsocategorized

similarityandrelatednessmeasuresbasedonothercriteria,suchastheirtechnique(su-

pervisedorunsupervised),topological,andstatistical. Amoredetailedcomparisonsof

suchcategorizationcanbefoundin[7,8,9,10,11,12,13].

2.2.1 SemanticSimilarity Methods

ThisthesisfocusesontheKBapproaches,whichcanbefurthercategorizedintofourmain

categories:path,feature,IC,andhybridmeasures.

Path-based: Thesemeasurescountthenumberofedgesintheshortestpathbetween

concepts.Thelongerthepathbetweentwoconcepts,thelesssimilartheyare,andvice

versa[33,35,58,59,60,61].
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InformationContent-based: Basedontheinformationsource,IC-basedmeasurescan

beeitherextrinsicorintrinsic.

•Extrinsic:ExtrinsicICmeasuresarecorpus-based,meaninganexternalcorpusand

astatisticalmodelareusedtocomputetheinformationofeachconcept[52,62,63].

•Intrinsic:IntrinsicICmeasures,areKG-structure-based, meaningtheconcept’s

informationlieswithintheKGtopologicalstructure. Variousstructuralattributes

havebeenusedasindicatorsoftheinformationcontainedwithineachconcept[9,

32,33,34,43,64,65].

Feature-based: Feature-basedmeasuresrepresentaconceptasavectoroffeaturescon-

structedfromitsattributes[66,67,68,69].Jiangetal.formallyrepresented Wikipedia

conceptsasastructuredknowledgebaseandproposedamulti-vectorfeature-basedap-

proachthatincludesfeaturesfromconcept’ssynonyms,glosses,Anchors,andCategories

[70].RecentmethodsinthiscategoryincorporatedNeuralNetwork(NN)modelstoem-

bedfeaturevectorsthatrepresenttheentities,relations,andtheentireKG.Thesemethods

arebeingreferredtoasKnowledgeGraphEmbedding(KGE)[57,71].

Hybrid: Finally,hybridsimilaritymeasurescombinetwoormoreoftheabove[8,33,

61,69,72].

Fromtheabove-mentionedapproaches,wearemoreinterestedinthesemanticsim-

ilarityandrelatedness measuresthatareIC-based.Inparticular,wefocusontheIC-

intrinsicapproaches.TheIC-intrinsicapproachescomputetheconcepts’ICvaluebased

onvariousgraph-basedfeaturessuchasthenumberofhyponyms,depth,siblings,leaves,

andothergraphfeatures.Ontheotherhand,IC-Extrinsicapproachesemployastatistical

approachonanexternalcorpustocomputetheinformationcontainedwithineachconcept

thatexistsintheKG.

ItisworthpointingoutthatsomeKBapproacheshaveviewedsimilarityandrelated-

nessasasinglemeasurebasedonvarioustopologicalfeatures.Ontheotherhand,some
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Table2.1:IC-intrinsicmeasures

ICMeasures Formulae Hierarchicalfeatures

Seco[32] icseco(c)=1−log(hypo(c)+1)
log(maxwn)

hyponyms

Zhou[43] iczhou(c)=k 1−log(hypo(c)+1)
log(maxwn)

+(1−k) log(deep(c))
log(maxdeep)

hyponyms,depth

Sebti1[33] icsebti(c)=−log
ci∈hyper(c)

1
DirHypo(ci)

hypernyms,

directhyponyms

Meng[65] icmeng(c)=log(deep(c))
log(maxdeep)

× 1−
log

a∈hypo(c)

1
deep(a)

+1

log(maxwn)
depth,

hyponyms’depth

Śanchez[34]icsanchez(c)=−log
|leaves(c)|

|subsumers(c)|
+1

max leaveswn+1
leaves,

hypernyms

Cai[9] iccai(c)= 1−log(hypo(c)+1)
log(maxwn)

×tanh(deep(c)) hyponyms,

depth

Zhang[64] iczhang(c)=K 1−log(hypo(c)+1)
log(maxwn)

−(1−K)1
n

n

i=1

log(ω)hyponyms,

hypernyms’siblings

where ω=
ci∈hyper(c)

1
sibling(ci)

+1,

K = hypo(c)
hyper(c)+hypo(c)

,

nisnumberofdirectparents

otherKBapproachesviewedsimilarityastheconceptuallikenessbetweentermsbased

onasingletaxonomicrelation(ISA),whereasrelatednessisbasedonallotherrelations.

Thisresearchadoptsasinglesimilarityandrelatedness measurebasedonallexisting

relationshipswithintheKG.Also,itextendstheconceptofICtoallrelationshipsand

conceptswithintheKG.

ThenexttwosubsectionspresentindetailtheliteraturerelatedtoIC-intrinsicbased

approachesandapproachesthatexploitednon-taxonomicrelationships.
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2.2.2 IC-IntrinsicApproaches

Inthissection,wefurtherdiscusstheIC-intrinsic-basedsemanticsimilarityandrelated-

nessmeasures,whichhadheretoforebeenpresentedbytheresearchcommunity.These

areusedasbenchmarkstoevaluatetheproposedmethodinthisthesis.Table2.1liststhe

IC-intrinsicmeasuresimplementedthroughvarioustopologicalfeaturesof WordNet.

Seco[32]wasthefirsttointroduceanintrinsicICmeasurethatisnotdependenton

anexternalcorpus. HisapproachreliesontheintrinsicfeaturesoftheKG,specifically

thenumberofhyponymswithintheconcept. HeproposedanIC-intrinsicmeasureas

amonotonicallydecreasingfunctionwiththenumberofhyponymsforagivenconcept.

Seco’sIC-intrinsic modelprovedthatthenumberofhyponymsinverselyconveysthe

concept’sIC[32].

UsingSeco’sIC,Zhou[43]andCai[9]incorporatedtheconcept’sdepthtoemphasize

thegeneralization/specializationeffectonIC.Bothapproachesuseddepthtoovercome

Seco’smethod’slimitationofattributingconceptswithequalICvaluesregardlessoftheir

hierarchicallevelinthetaxonomy.ZhouintroducedanewICmeasureasafunctionof

normalizeddepthandhyponymstocomputetheconcept’sIC[43],Caiproposedanew

ICmeasureasanonlineartransformationfunctiontomeasurethecontributionofdepth

totheconcept’sIC.Furthermore,CaiproposedasimilaritymeasuretoevaluatetheIC

measure[9].

SebtiproposedanewIC-intrinsic measureasa monotonically-increasingfunction

ofdepthandnumberofsiblings. Heutilizedthebranchingfactorofallsubsumersas

anindicatorofinformationgainedthroughancestorconcepts. Hence,hisnewmeasure

incorporatedthenumberofsubsumerswiththeprobabilityofbranchingusingdirecthy-

ponyms.Sebti’smeasureisnotnormalized,thus,theICvaluescouldhavetherangeof

[0,∞).Furthermore,heimprovedhisICmeasurewithanedge-countingtuningsemantic

similarityfunction[33].Thisapproachclearlyconfirmstheparent-childeffectonIC,fol-

1Theauthorsdidnotexplicitlystatethefinalequationintheirarticle. However,theydemonstratedit

throughanexampleasfollow:IC(Box)=−Log 1
9× 1

10× 1
36× 1

42× 1
13× 1

49 =18.2778,wherethe

denominatorrepresentsthenumberofsiblingsfromthehighestsubsumertotheconcept
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lowingtheinheritanceprinciple,whilebeingamonotonicallydecreasingfunctionmoving

fromleaftoroot.

Inspiredbyinformationtheory,Śanchezproposedanewleaf-basedintrinsicICmea-

sure. Hearguedthattheconcept’sICisdirectlyproportionaltoitssubsumersandin-

verselyproportionaltoitsleaves. Hence,hisICmeasureisdescribedasameasureof

concept’sconcretenessleveltoitsabstractionlevel,specificitytogenerality.Unlikeprevi-

ousstudies,Śanchezincorporatedmultipleinheritanceinthesemanticsimilaritymeasure

throughthenumberofsubsumers[34].

Inanotherstudy, Mengexploitedthedepthofaconcept,aswellasthatofitshy-

ponyms,inordertoovercomeSeco’sapproachofattributingthesameICvaluetoall

leaves.Inotherwords, Meng’smainargumentwasthatleavesatahigherlevelofthe

taxonomy(i.e.,smallerdepth)conveylessinformationthandeeperleaves;hence,they

haveasmallerICvalue[65].

ZhangintroducedanewIC-intrinsicmeasureexploitingmultipleinheritance.Zhang’s

improvementcamefromcoveringmultipleinheritanceconceptsaswellasincorporating

theconcept’ssiblingswithdepth,hyponyms,andhypernyms[64]. Another Multiple

inheritanceapproachwasrecentlydevelopedbyHussain[73]. Hisapproachutilizesa

newneighbourhoodancestorsemanticspacetodefineconcept’sICvalue.Thistechnique

isappliedonasemi-structuredtaxonomyKGcalled WikipediaConceptGraph(WCG)

[73].

Table2.1liststheIC-intrinsic measuresdescribedabove, whichareimplemented

throughvarioustopologicalfeaturesof WordNet. TheseIC measureswereevaluated

usingeitherexistingsimilaritymeasuresuchasResnik[52],Lin[63],andJCN[62],or

newproposedsimilaritymeasure.Forexample,Cai[9]andZhang[64]proposednew

similaritymeasuresexploitingthebenefitsoftheirnewIC.Table2.2listsallpre-existing

andnewsimilaritymeasuresbasedonIC-intrinsicmeasures.
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Table2.2:IC-basedsimilaritymeasures

SimMeasures Formulae

Resnik[52] simres(c1,c2)= max
c∈S(c1,c2)

ic(c)

Lin[63] simlin(c1,c2)=
2×simres(c1,c2)

(ic(c1)+ic(c2))

JCN[62] simjc(c1,c2)=1−
ic(c1)+ic(c2)−2×simres(c1,c2)

2

Cai[9] simCai1(c1,c2)=exp−(α×splW (c1,c2)+β×splN(c1,c2))

simCai2(c1,c2)=exp−(α×splW (c1,c2)+β×splO(c1,c2))

splW (c1,c2)=ic(c1)+ic(c2)−2×ic(LCS(c1,c2))

splN(c1,c2)=len(c1,c2)
2×Maxdeep

splO(c1,c2)=log deep(c1)+deep(c2)+1
2×dep(LCS(c1,c2))+1

Zhang[64] simzhang(c1,c2)=1−log2−2×ic(LCS(c1,c2))
ic(c1)+ic(c2)

2.2.3 Non-TaxonomicApproaches

Themajorityofsemanticsimilaritymethodshavebeenstrictlyevaluatedbasedonthetax-

onomicrelationshipISA(i.e.,hyponym/hypernymwithinWordNet).However,fewmeth-

odshaveexploitedalimitednumberofnon-taxonomicrelationships(i.e.,meronymy/holonymy

andantonymy)tocomputevariousrelatednessmeasures[9,34,35].

WordNetincludesmanycategoriesofnon-taxonomicrelationstoenhancesemantic

similarityandrelatednessmeasuresthathaveyettobeexploitedbyresearchers. Table

2.3depictsthesesrelationsandtheirusagefrequencywithin WordNetKG.Forinstance,

thosemethodswhichusedmeronymyrelationdidnotdistinguishbetweenthethreetypes

ofmeronymrelations:partof,substanceof,andmemberof.Thisdistinctionisimportant

becauseeachmeronymrelationcontributesdifferenttypeofinformationtothesemantic

definition,andconveysspecificinformationaboutthenatureoftheassociationbetween

concepts.Basedontherelationtype(partof,substanceof,andmemberof),thesubject

ofanaxiomconveysitsinclusioninalargerentity,itsphysicalcomponents,oritspar-

ticipationinagroup,respectively.Furthermore,othernon-taxonomicrelationsthathave
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notyetbeenexploited,suchassynonym,derivation,antonym,theme,cause,andaction,

conveyanimportantinformativecomponentofaconcept’ssemanticdefinitionandinfor-

mationcontent. Therefore,acomprehensivesemanticsimilaritymeasureshouldfairly

incorporateinformationfromallrelations.Furthermore,relatednessintheliteraturewas

mostlyevaluatedbasedonthelengthofthepathbetweentwoterms,withoutconsidering

theimportanceofaparticularrelationwithinthemodeleddomain. Westronglybelieve

thatthemostfrequentlyusedrelationsinamodeleddomain,conveycontextuallyrelated

conceptsinthatdomain.

Nonetheless,fewstudiesusednon-taxonomicrelationstosolvechallengessuchas

spellingerrorcorrectionand WSDbasedontherelatednessbetweenconcepts.In[30,74,

75],theauthorsattemptedtosolve WSDbyusingaglossvector.Theyevaluatedarelat-

ednessmeasurebetweenconceptsusingstandardvector-basedsimilaritymeasures(i.e.,

overlap,cosinesimilarity).Thevector’sdimensionsarewordsextractedfromaconcept’s

glossaryin WordNet.However,theemployedmethodwasmoreofalinguistic/NLPap-

proachratherthanasemanticone,astheyevaluatedtheEnglishdefinitionfromaglossary

ratherthansemanticrelations.

InLiu[31],conceptsareexpressedbytheirrelevantconceptsasavector.Relevancyis

definedbythesetofhypernymsandhyponyms.Dimensionsarerepresentedastheirlocal

densities(i.e.,numberofsiblingsinthiscase). Toimprovesimilarityandrelatedness,

theauthorscomputedtherelatednessstrengthbetweentwoconceptsbasedonthenumber

ofpathsbetweenthem. ApathcouldbedirectPartOfpath(i.e.,oneconceptispartof

theother),orindirect(i.e.,oneconceptispartofanelementfromtherelevantsetofthe

other). TherelatednessstrengthisthenaddedtotheLeastCommonSubsumer(LCS)

asanewsibling,andataxonomic-basedapproachisappliedtocomputesimilarity[31].

Amajorlimitationinthisapproachisthatthepathsarenotpurerelational,butmostly

hierarchical.Itnonethelessdemonstratedthatmultiplepathsaredirectlyproportionalto

therelatednessstrength,andcanbeemployedtoimproverelatedness.

In[8],theauthorsexploredanewpath-basedapproach.PathISAandpathPartOf are

computedbasedonISAandPartOfrelations,respectively.Thentheshortestofthetwo
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isselectedtocomputethesimilaritylevelbetweenthetwoconcepts.Themaininno-

vationofthismethodlieswithinthepathISAtaxonomicapproach.Thisisbecausethe

pathPartOfislimitedtoadirectPartOfrelation,oratmosttwosuchrelationsthatconnect

twoconceptsthroughacommonmeronym[8].Thisisamajorlimitationofthisapproach,

especially,withalimitedtononesuchpathsexistbetweenpairswithintheuseddatasets.

Table2.3:Non-taxonomicsemanticrelationsinWordNet

RelationName Frequency Prevalence

synsetmember(synonym) 145076 74.61%

membermeronym 12252 6.30%

memberholonym 12242 6.30%

partmeronym 9082 4.67%

partholonym 9071 4.67%

derivation 2957 1.52%

antonym 2154 1.11%

substanceholonym 746 0.38%

substancemeronym 744 0.38%

theme 103 0.05%

cause 15 0.01%

action 3 0.00%

2.2.4 CriticalAnalysisoftheRelatedWork

VariousintrinsicICmeasureswereproposedandusedtodeterminethesemanticsim-

ilaritybetweenconcepts. AsdescribedinSection2.2.2,theseICmeasuresexploited

differenttaxonomicfeaturesoftheKG.Acommonlimitationofthesemeasuresisthat

theyrelysolelyonasinglesemanticdimension—thetaxonomic‘isa’(ISA)relation—

andthattheyignoreallothersemanticdimensions,hence,limitingsemanticsimilarity

strictlytothegeneralization/specializationrelation.However,bydefinition,“Semantics

giveakeywordsymbolusefulmeaningthroughtheestablishmentofrelationships”[6].

ThisisclearlyillustratedintheexampleshowninFig.2.2.Theisolatedfirstsenseof

thenounCar,denotedasCar-n#1,hasnosemanticmeaningexceptthatitisamember
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(b)Carwithtaxonomicrelations (c)Carwithallsemanticrelations

Figure2.2:ThecarconceptinWordNetgraph

ofsynsetCar-n(seeFig.2.2a). WhenaddingthetaxonomicsemanticrelationISA,as

showninFig.2.2b,onecanthenelaborateonthedefinitionasfollows:“Carisamo-

torvehicle,whichisaself-propelledvehicle,etc.”.However,whenwefurtherinclude

explicit(e.g.partholonym/meronym,theme,action,etc.)andimplicit(i.e.synonym)

non-taxonomicrelations,thesemanticdefinitionofCar-n#1issignificantlyenriched,and

henceitsIC.ThenewdefinitionofCar-n#1wouldbe:“Carisamotorvehicle,whichisa

self-propelledvehicle.Carhasathemeaspassenger.Carleadstoactionssuchastrans-

portanddrive.Carhassomepartssuchascardoor,throttle,airbag,fender,etc.Car

hassynonyms(auto,machine,motorcar,andautomobile)”.Toovercomethislimitation,

wearguethatsemanticrelationsotherthanISAenhancetheconcept’ssemanticdefinition

andincreaseitsICvalue;anincreasethatisproportionaltothetypeandstrengthofthat

relation.Hence,thisworkextendsthetaxonomic-basedICprincipleappliedinprevious

literaturebyexploitingnon-taxonomicsemanticrelations.

AsdescribedinSection2.2.3,itcanalsobeobservedthatthefewnon-taxonomic

approachesavailableintheliteraturedonotexploitnon-taxonomicrelationstotheirfull

potential.Theyeitherlimitthenon-taxonomicrelationalpathtooneortwolinksoronly

relyonasinglerelation(i.e.,PartOf).

DomainontologiesandKGsarecontextuallydesignedforspecificpurposes;there-
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fore,theyincludearichsetofnon-taxonomicrelationsthatcontextuallydescribethe

relationshipsbetweenconcepts.ThisisclearlyillustratedinFig.1.1a,whichdescribes

thefamilyontologyintermsofrelationsthatmodelreal-worldfamilyrelationshipssuch

ashusband,child,spouse,andsibling.Ontheotherhand,Fig.1.1bdescribesanexample

KGoffamilydomainwithmanynon-taxonomicrelationsdescribingvariousrelationships

betweenpersonsofthemodeledfamily.Relatednessbetweenpersonsofafamilycanbe

betterevaluatedusingtheserelations,focusingontheirtypesandoccurrencesinapath

betweentwopersons.Therefore,toovercomethelimitationsofexistingnon-taxonomic

approaches,inthisthesis,weconsiderthetypeandfrequencyofallnon-taxonomicre-

lationsto measurerelatednessbetweenconcepts. Thus,incorporatingallcontextually

relatedconceptsandprivilegingthedominantrelationsinthedescribeddomain.Conse-

quently,inthisthesis,weproposeaweightedrelational-basedpathapproach,exploiting

allnon-taxonomicrelationsbetweentwoconceptstomeasuretheirrelatednessanden-

hancetheirsemanticsimilarity.

Tosummarize,variousprinciplesandfindingsfromtheaforementionedanalysisof

theliteraturemotivatedthisresearch.Firstly,theroleofrelationshipsinontologyandKG

design,andtheirimportancetoserveacontextualpurposewithinthemodeleddomain.

Ontologiesaredomain-specificwithaprecisesetofrelationsthatenhancesthesemantic

representationofthedatawithintheKGs[6].Therefore,ignoringtheserelationsleadsto

anincompletesemanticevaluation.Secondly,ourapproachtakesintoconsiderationthe

informationinheritanceprinciple,suchastheoneusedinthetaxonomicapproachesbased

onISArelation.Achildconceptaccumulatesinformationfromitsparentconcept(s),and

addsitsownnewinformation. However,westronglybelievethatotherrelationsalso

containandconveyimportantinformationbetweenconcepts. Therefore,theeffectof

non-taxonomicrelationsonsimilarityisunavoidable.Finally,itshouldbenotedthatthe

benchmarkdatasetsaremeasuredbyhumansbasedonthecombinationofsimilarityand

relatedness.Therefore,toprovidefairevaluationandcomparisonwiththegoldstandard,

ourapproachmakesuseofalltypesofrelationsinaKGtodeviseasinglemeasurethat

incorporatesboththesemanticsimilarityandrelatednessbetweenconcepts.

1Visualizationisdoneusinghttp://vowl.visualdataweb.org/webvowl.html
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Inspiredbytherelatedwork,andmotivatedbytheaforementioneddrivers,wepresent

thefollowingobservations:

Observation1 Consideringnon-taxonomicrelationsinaKGenhancesinformationcon-

tent,thusyieldingmoresemanticsimilaritybetweenconceptsthanjustrelyingontaxo-

nomicrelations.

Observation2 Theprevalenceofanon-taxonomicsemanticrelationwithinaKGisan

indicatorofitsimportanceandrelevancetothemodeleddomain.Thus,ithasanimpact

ontherelatednessbetweenconcepts.

2.3 WordSenseDisambiguation

Themainobjectiveof WSDistoclassifyawordwithinagivencontextintoitscorrect

sense. Thistaskhasbeeninvestigatedwithinthecomputationallinguisticsfieldsince

the1940s,andsincethen,manyalgorithmsandtechniqueshavebeendeveloped. WSD

isachallengingtaskforseveralreasons,oneofwhichisrelatedtothediscrepanciesof

senseschoicesbetweendictionaries. Onedictionary mightprovide moresensesfora

wordthananother. Toovercomesuchachallenge,manyresearchersreliedonasingle

comprehensivemachine-readablelexicaldictionarysuchas WordNet2, Wikipedia3,and

BabelNet4.

Anotherdifficultyisderivedfromtheevaluatedtestdatasetsandtheinter-annotator

agreement. Thedatasetstoevaluateanysystemmustbejudgedandannotatedbyhu-

mansbecausehumanjudgmentisconsideredagoldstandardforanysystem.Compiling

testdatasetsisnotaneasytask,asitisdifficultforhumanstorememberorknowall

sensesforallwords,includingtheirprecisemeaningsanddifferencesfromothersenses.

Thegoldstandarddatasetsusuallymeasuredbytheinter-annotatoragreement.Basedon

[37,76,77,78,79]theinter-annotatoragreementusingWordNetrangesbetween67%and

2https://wordnet.princeton.edu/
3https://www.wikipedia.org/
4https://babelnet.org/
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80%onfine-grainedinventory.Suchalowrangeofinter-annotatoragreementencouraged

theresearchcommunitytodevelopandfurtherinvestigatecoarse-graineddatabases.In

fact,someofthecoarse-grainedinventoryhasachievedupto90%inter-annotatoragree-

ment[37,79,80].Nonetheless,significanteffortshasbeenmadetocompilehigh-quality

datasetsthatareconsideredtheprimarygoldstandardfor WSDsystems(i.e.,SensEval2,

SensEval3,SemEval2007,SemEval2013,andSemEval2015).Thesedatasetsarefurther

discussedinSection4.4.1.2.

2.3.1 Applications

ManyNLPapplicationsrelyon WSD,eitherdirectlyorindirectly.Thelistincludes,but

isnotlimitedto MT,IR,QuestionAnswering(QA),NamedEntityRecognition(NER),

textsummarization,etc.Belowwedescribesomeofthemostcommonapplications,and

Fig.2.3depictsmoreofsuchapplications.

•MachineTranslation [81,82]:Oneofthemainapplicationsof WSDisMT,asitis

requiredtodeterminethelexicalchoiceinordertoprovidetheappropriatetransla-

tion.Forinstance,inafinancialcontext,theEnglishword‘change’couldbetrans-

latedtoFrenchtoeither‘changement’(‘transformation’)or‘monnaie’(‘pocket

money’).

•InformationRetrieval[83,84]: Accuratedisambiguationofasearchquerycan

helpprunesomedocumentscontainingthesamewordbuthaveadifferentcontext.

Queryexpansionisonetechniquethatemploys WSDthrougharelevancefeedback

approachtoimproveIRperformance. Asthenamesuggests,thesearchqueryis

modifiedbyadding,removing,orreweightingthequerywords.Theexpansioncan

beachievedbyanexplicitorimplicit WSD.Anexplicit WSDincludessynonym

wordsfromthesameSynsetin WordNet. Whileimplicit WSDincludesthemost

frequentwordsthatappearinacorpus.PaskalisandKhodrademonstratedtheeffect

ofsuccessful WSDontheperformanceofanIRsystem.Theyconcludedthatasim-

ple WSDapproach,alongwithrelevancefeedback,improvestheperformanceofIR
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Figure2.3: WSDinNLP

system[83].Inanotherresearch,Stokoedemonstratedanimprovementofsense-

basedIRsystemoveratraditionalvector-basedTermFrequency-InverseDocument

Frequency(TF-IDF)approach.

•QuestionAnswering[85]: WSDplaysacriticalroleinQAsystems.Imaginea

systemansweringthefollowingquestion’WhendidGeorgeBushentertheWhite

House?’,thisquestionisambiguousasitisnotclearwhichGeorgeBushisbeing

referredtohere.Therefore,additionalcontextmighthelpdisambiguatetheques-

tion.

•NamedEntityRecognition[86]:Someentitieshavetheterm‘bank’aspartofits

name,forinstance,considerthefollowingsentences:

1.IwenttotheBankofMontreal.
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2.IwenttothebankoftheAmazonriver.

3.Iwenttothebanktocashacheque.

Thefirstsentencehasthewordbankaspartofthenameofthefinancialinstitution

Bankof Monteral.Incontrast,thesecondsentencereferstolandbesidetheAma-

zonriver(the1stnounsenseinFig.1.3).Finally,thethirdsentencedescribesthe

secondsense(the2ndnounsenseinFig.1.3)asthefinancialinstitute.

2.3.2 WSDApproaches

Avastnumberofresearchapproaches,techniquesandmodelshaveattemptedtosolvethe

WSDchallengeasastandalonetaskoraspartofalargerNLPapplication[37,87,88,89,

90,91,92].Eitherway,theseapproachesaregroupedintofourconventionalcategories:

2.3.2.1 SupervisedApproach

Supervisedtechniquesrequiretheuseofatrainingdataset(i.e.,asense-annotatedcor-

pus). However,thesecorporaarehardtoproduceduetothecomplexityofidentifying

thebestcombinationofwords’sensesbasedontheirdefinitionsfrom WordNet.Toour

knowledge,therearecurrentlytwosuchdatasetsavailable:SemCor[14]andOMSTI

[15],whichwillbediscussedinSection4.4.1.1.Supervisedapproachesalsorequirea

MachineLearning(ML)techniquethatwill,throughtraining,createafeaturevectorfor

eachambiguousword,trainaclassifiertoappropriatelyassignthecorrectsenseclassto

anambiguoustargetword,andfinally,testitusingadatasettoevaluatethemodel[21,93].

Earlydevelopmentofsupervised WSDapproachesincluderule-based,probabilistic,

orstatisticalmodels. Manycomprehensivesurveyshavecoveredthemathematicaldetails

ofeachmodelin[37,88,89,90,91,92].Nonetheless,tolistafew,thefollowingaresome

ofthecommonsupervised WSDtechniques:
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DecisionList :Thisisoneofthefirstrule-basedtechniquesthatcanbeviewedasanor-

deredlistofweighted‘if-else’rules.Therulesareconstructedbasedonasense-annotated

trainingdataset,whereeachwordwillhavealistofsensesassociatedwithspecificfea-

turesthatdictateitsscoreandhenceruleorder.Finally,basedonthewordoccurrenceand

itsfeaturevector,themodelchecksthedecisionlistandselectsthesensewiththehighest

featurescore.Table2.4describesalistofrulesintheformof(feature,class,score)forthe

word‘bank’.However,despitetheiradvantages,decisionlistsareknownforover-fitting

drawbacks;hence,theyareoutperformedbymanyrecentMLtechniques[17,92,94,95].

Table2.4:ADecisionlistexampleforthewordBank

Feature SenseClass Score

accountwithbank Bank-2(financial) 4.83

stand/Von/P...bank Bank-2(financial) 3.35

bankofblood Bank-5(supply) 2.48

work/v...bank Bank-2(financial) 2.33

theleft/Jbank Bank-1(river) 1.12

DecisionTrees :Insteadofalist,rulesarepresentedinabinarytreethatleadstothe

appropriateclassdecisionleafbasedona“yes-no”answertoeachrule. Quinkanwas

thefirsttointroducethismodelin[96]andthenextendeditin[97].Fig.2.4depicts

thedecisiontreerulesforthewordbank.Althoughtheyaresimpletounderstandand

canbepresentedinahuman-readableformat,Mooneyconcludedthattheyhavebeen

outperformedbyrecentMLmodels,duetotheirdatasparsity,andunreliablepredictions

causedbythesmalltrainingdataset[18,37,88].

NaiveBayes :Asthenamesuggests,thisprobabilisticclassifierisbasedontheBayes’

theorem.Foranambiguousword,thesensewithmaximumconditionalprobabilitygiven

thecontextualfeaturesisselected[19,98].
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bank account?

YesNo

bank-2 (financial)

bank of?

YesNo

bank of COUNTRY?

Yes No

bank-1 (river)---

Figure2.4:DecisiontreeexampleforthewordBank

SupportVectorMachine :ItwasfirstintroducedbyBoseetal.in1992.Thegoal

oftheSupportVectorMachine(SVM)algorithmistomaximizethedistancebetween

positiveandnegativeexamplesbylearningalinearhyperplanefromthetrainingdataset

[99].AlthoughSVMisabinaryclassifier,however,itcanbeusedtoseparateeachsense

asoneclassfromallothersenses,andthesensewiththelargestclasswillbeselectedas

thecorrectsense,Fig.2.5showstheselectionofthebesthyperplanebetweentwoclasses

basedontwofeatures.AlthoughmanyresearchersemployedtheSVMmodeltosolve

WSD[100,101,102],yetthe“itmakessense”(IMS)5systemisconsideredoneofthe

firstcomprehensivepubliclyavailablesystemsthatusesSVMforWSD[103].

NeuralNetworkandSense/ConceptEmbedding :NNhasbeenemployedinthefield

ofNLPand,inparticular, WSDsincetheearlydays. However,sincetheintroduction

ofWord2vecin2013[54],themajorityofresearchmovedtowardsword,concept,and

senseembedding,suchasin[20,21,22]. OneofthefirstincorporationsofMikolov

etal.[54]andtheoriginalIMS[103]wastheIMS+Word2vecsystemintroducedby

Iacobaccietal.[104].Then,Papandreaproposedanimprovementoverboththeoriginal

IMSsystemandthepreviousIMS+Word2vec[105].Theworkin[23,24]adopteda

context2vecembeddingontheoriginalLongShort-TermMemory(LSTM)in[106]and

5https://www.comp.nus.edu.sg/̃nlp/software.html
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Figure2.5:SVMhyperplaneselectionexample

theBidirectionalLongShort-Term Memory(BiLSTM)approachpresentedbyGraves

andSchmidhuberin[24,107].

2.3.2.2 Semi-Supervisedor Minimally-SupervisedApproaches

Semi-supervisedapproachestakeamiddlegroundstrategybyusingasecondarysmall

sense-annotatedcorpusasseeddata,thenapplyingabootstrappingprocesssuchasthe

onepresentedin[25]. Thebootstrappingtechniquerequiresonlyasmallamountof

taggeddatathatactsasseeddata.Thisdatathenundergoesasupervisedmethodtotrain

aninitialclassifier,whichis,inreturn,usedonanotheruntaggedportionofthecorpusto

generatealargertrainingdataset.Onlyhigh-confidenceclassificationsareconsideredas

candidatesforthefinaltrainingdataset.Thosesamestepsarethenrepeatedinnumerous

iterations,andthetrainingportionsuccessivelyincreasesuntiltheentirecorpusistrained,

oramaximumnumberofiterationscapstheprocess.Themainadvantageoftheboot-

strappingapproachisthatitrequiresasmallseeddatasettobeginthetrainingprocess.
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Theseeddatacouldbemanually-annotatedorgeneratedbyasmallnumberofsurefire

decisionrules(e.g.,thetermbankinthecontextofawaterbodyalmostalwaysindicates

theriverside,the1stnounsensefromFig.1.3).

Underthesamecategory,asemi-supervisedapproachisachievedbyemployingword-

alignedbilingualcorpora.Thismethodassumesthatanambiguouswordinonelanguage

isnotambiguousinanother[108].

AmorerecentapproachcombinedtheoriginalLSTMand Word2vecmodelsfrom

[106]and[54,104],respectively.Thenasemi-supervisedalgorithmannotatesunlabeled

sentenceswiththoseofsimilaronesfromasmallerlabeleddatasetbyusinglabelprop-

agationtechnique.Thismethodreliesonco-occurrenceinformationbetweenthetagged

andun-taggedcorpora[109].

2.3.2.3 UnsupervisedApproach

Unliketheprevioustwocategories,unsupervisedapproachesdonotrequiretheprior

knowledgeofthetext;hence,nomanualsense-annotatedcorpusisrequired.Nonetheless,

mosttechniquesinthiscategorystillrequireatrainingcorpusforanunsupervisedtraining

task.Algorithmsfromthisgrouphavebeenfurthercategorizedintothreegroups:context

clustering,co-occurrencegraphs,andwordclustering.

ContextClustering: Algorithmsofthisapproachbeartheunderlyingassumptionthat

wordsofthesamesenseoccurinsimilarcontexts. Thussensescanbeinducedfrom

corpusbyclusteringwordoccurrenceswithrespecttotheircontexts.Thisisaclustering

taskoveracontextfeaturevectorsforeachwordthatappearinthetrainingcorpus.Itis

alsoreferredtoas WordSenseInduction(WSI)asintroducedbyScḧutze[110,111].This

groupofalgorithmsfollowsthreebasicsteps:

1. Acontextvector−→ciscreatedforeachinstanceofwordwinthetrainingcorpus.

Thecontextvectorcouldincludefeaturessuchas:PartOfSpeech(POS),morphol-

ogy,lemma,position,andothersurroundingwords.

32



Chapter2 BackgroundandLiteratureReview

2.Employaclusteringalgorithmtoclustereachinstanceintoapredefinednumberof

clusters,whereeachclusterrepresentsasenseofthewordw.Someofwellknown

clusteringalgorithmsusedforthepurposeofthistaskare: K-meansclustering

algorithm[26],agglomerativeclusteringalgorithm[111,112]etc.

3. Computeaclustercentroidvectorw−→sj
thatrepresentsaspecificsenseofwordw.

Theabovestepsrepresentthetrainingpartofthealgorithm,asforthedisambiguation

ofaninstancetermtofwordw,acontextvector−→ciscreatedforthetermt,thentis

assignedtotheclosestsense(cluster)vectorsw−→sj
ofwusingavector-basedsimilarity

suchascosinesimilarity[36].

Co-occurrenceGraphs: ADifferentviewof WSDispresentedbytheco-occurrence

Graphmethod.Inthistechnique,aco-occurrenceGraphG=(V,E)isconstructedbased

ontheco-occurrenceofthesyntacticrelations(E)betweenwords(V)withinthesame

sentence,paragraph,document,orspecifiedcontext. Dorow[113]and Widdows[114]

presentedsuchgraphconstructionbasedongrammaticalrelationsasfollows:

1.Foranambiguouswordw,agraphGw isconstructedwithallwordsappearingin

thecontext.

2. AnadjacencymatrixisdeterminedfortheGw graph,andinterpretedasa Markov

chain.

3. ApplyMarkovclusteringalgorithmtodeterminewordsenses.

Otheralgorithms,basedontheco-occurrencegraph,havebeenfurtherdevelopedto

enhance WSDtasksuchasHyperLex[115],andPageRankWSDalgorithm[116]which

isbasedontheoriginalPageRankalgorithmdevelopedby[117].

WordClustering: Incomparisontocontextclustering,thismethodaimstoclusterse-

manticallysimilarwordsthatcanconveyadistinct meaning. Oneofthefirst models

forwordclusteringwaspresentedbyLinDekang[118]. Givenatargetwordwt,the
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modelidentifiessemanticallysimilarwords(i.e.synonymous)basedontheirsyntactical

dependencies. Themodelconstructsasimilaritytreewithasinglenodewt. Thetree

branchesexpandbasedonsimilarwords,where,byusingpruningalgorithm,eachbranch

isdifferentiatedasadistinctsenseofwt[118].

ClusteringbyCommittee(CBC)isanothertechniquepresentedbyLinandPantel

basedonasimilarity matrixofagivencorpus. Aclusteringalgorithm(i.e.,average

linkageclustering)isusedtoclustersimilarwordsintogroupscalledcommitteesthat

eachrepresentsaspecificsense.Finally,atargetwordismatchedtooneofthecommittees

(senses)basedonitssimilaritywiththecentroid[27].

2.3.2.4 Dictionary/knowledge-basedApproaches

Themainadvantageofapproachesofthiscategoryisthattheydonotrequireaninten-

sivetrainingprocess.However,theydisambiguateswordsincontextbyexploitinglarge

scaleknowledgeresources(i.e.,dictionaries,ontologies,andKG).Themostcommon

techniqueswithinthiscategory,whicharethefocusofthisstudy,aredescribedindetail

below.

DefinitionOverlapSystems: Thedefinitionoverlap,orLeskalgorithmnamedafter

itsauthor,isbasedonthecommonalityofwordsbetweentwosentences,wherethefirst

sentenceisthecontextofwordwtandthethesecondisthedefinitionofagivensense

fromtheknowledgebase[29].Thedefinitionwiththehighestwordoverlapisconsid-

eredthecorrectsense. However,theLeskalgorithmhasmajorlimitations,i.e.,being

highlysensitivetotheexactwordmatchandhavingaconcisedefinitionwithin Word-

Net.Toovercomethislimitation,NanerjeeandPadersen[30]extendedLesk’salgorithm

toincluderelatedconceptswithintheknowledgebase. Relatedconceptsareidentified

throughdirectrelationswiththecandidatesense(e.g.,hypernymsormeronyms).

SemanticSimilaritySystems: Sincetheintroductionof WordNet,manysemanticsim-

ilarityandrelatednessmeasureshavebeendeveloped.Someofthemostrelevantmea-
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sureswerediscussedin[9,119].Thistechniquefollowstheintuitionthatwordsthat

appearinasentencearecoherentlycontextual,andshouldthereforebehighlyrelated

withinaconceptualknowledgebasesuchasWordNet.

SolerandMontoyoproposedaverbWSDmethodbasedontheWordNethierarchy.

Theyfirstidentifiedtheverb-objectphrasethatneedstobedisambiguated.Then,they

extractedallnounswithintheverb’sgloss(definition)todetermineitssimilaritywiththe

followingnounobjectinthephrase.Finally,asimilaritymatrixisconstructedbetween

nounsofeachverbsenseandtheobjectsenses. Thesimilaritymeasuretheyusedis

basedonthedepthdistanceofthecomparedconceptsandtheirLCS.Forexample,“He

iswritinganarticle”,thetargetphraseiswrite-article,andthenounsfromthefirstsense

write-1are{student,thesis,week},Finally,thesimilaritymatrixisconstructedasshown

inTable2.5.Theverbsensewiththemaximumtotalsimilarityisconsideredthecorrect

sense(seeTable2.6)[1].

Table2.5:Similaritymatrixbetweenwrite-1andarticlesenses[1]

write-1 atricle-1 atricle-2 atricle-3 atricle-4

student-1 0.31 0.37 0 0

student-2 0.45 0.40 0 0

thesis-1 0.67 0 0.70 0.40

thesis-2 0.72 0 0.94 0.44

week-1 0.29 0 0.30 0.30

week-2 0.29 0 0.30 0.30

week-2 0.26 0 0.27 0.27

Total 2.99 0.77 2.51 1.71

Table2.6:Totalmatricessimilaritiesbetweenwriteandarticlesenses[1]

Totals atricle-1 atricle-2 atricle-3 atricle-4

write-1 2.99 0.77 2.51 1.71

write-2 2.84 0.83 2.45 1.46
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Pedersenetal.[120]introducedavariationtotheLeskoverlapapproachbypropos-

inganexhaustiveevaluationofallpossiblecombinationsofsentencesthatcanbecon-

structedbyallcandidatesenseswithinacontextwindow. Thecontextwindowisthe

wordssurroundingatargetword.ThePedersenalgorithmcanbeexpressedasageneral

disambiguationframeworkbasedonasemanticsimilarityscore.Theframeworkcanbe

describedasfollows:foratargetwordwi,̂Sischosensuchthatitmaximizesthesum

ofthemostsimilarsensewithallotherwords’sensesbasedonthefollowingequation

[37,120]:

Ŝ=argmax
S∈Senses(wi)

s

wj∈T:wj=wi

max
S∈Senses(wj)score(S,S), (1)

whereT =(w1,...,wn)isthesetofallwordsinatext,Senses(wi)isthefullsetof

sensesofwi∈T.Theformulameasuresthecontributionsofallcontextwordswiththe

mostsuitablesense.Pedersen’salgorithm,asshowninAlgorithm1,canuseanysemantic

similarityandrelatednessmeasure.However,theirresultsasreportedin[120]aremuch

lowerthansomeoftherecentapproachesofthiscategory,asshownbelow:

Algorithm1:MaximumRelatednessDisambiguation[120]

Input:wt:Targetword

Output:i:Indexofmaximumrelatedsense

1 foreachSensesti∈Sensesof(wt)do

2 Initializescorei← 0

3 foreachwordwj∈ContextWindow(wi)={wj:j=i}do

4 InitializemaxScorej← 0

5 foreachSensesjk∈Sensesof(wj)do

6 ifmaxScorej<relatedness(sti,sjk)then

7 maxScorej=relatedness(sti,sjk)

8 ifmaxScorej>thresholdthen

9 scorei+=maxScorej

10 Returnisuchthatscorei≥scorej,∀j,1≤j≤n,n=numberofwordsinthe

sentence.
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Amorerecentstudyconductedby MittalandJain[121]utilizedanaverageofthree

semanticsimilaritymeasures,someofwhichinclude WuandPalmer(Simwu)measure

[60],LeacockandChodorowpath-basedmeasure(Simlch)[122],andanodecounting

distancemeasure.Theaverageofallthreesimilaritymeasuresisassignedasasimilarity

valuebetweeneachsenseofanambiguouswordandallneighboringwords(context)

[121].

HeuristicSystems: Basedonlinguisticproperties,heuristicsareappliedtoevaluate

wordsenses.Themainideaisbasedontherankingofsensedistributionwithinatraining

dataset.Threemainheuristicmodelshavebeendevelopedtosolvethe WSDtask: MFS,

onesenseperdiscourse,andonesensepercollocation.

1. MFSisbasedonthefrequencydistributionofsenseswithinthetrainingdataset(i.e.,

SemCorandOMSTI).Forawordw,thesensewiththehighestfrequencyisranked

firstw1
s,andthesensewiththesecondhighestfrequencyisrankedsecondw2

s,and

soon.Table2.7depictstherankingofthenounsensesfor‘plant’withinSemCor

dataset.Infact,sensesin WordNetitselfarerankedbasedontheirfrequencyof

occurrenceinsemanticconcordancetexts6[37].

2. Onesenseperdiscoursearguesthatthemeaningofawordismostlikelypreserved

withinaspecifictext/domain,ratherthaningeneral.

3. Onesensepercollocationnarrowsthepreservationofmeaningwithincollocation

insteadofadomain.

Oncethechallengingpartofrankingthesenseswithintheknowledgebaseiscompleted,

disambiguatingawordwouldbeassimpleasselectingthemostfrequentsensefromthe

trainingdataset; whichisreferredtoas MFSbaseline. Thefirstsenseselectionfrom

WordNetisalsoconsideredabaselineapproach.Thesebaselineapproachesyieldamod-

erateaccuracybetween55.2%and67.8%asreportedinSemEval-07andSemEval-15,

respectively[123].

6https://wordnet.princeton.edu/documentation/wndb5wn
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Table2.7:WordNetsenserankingbasedonSemCorfrequencies

Sense Definition Frequency

plant-1 Buildingsforcarryingonindustriallabor 338

plant-2 Alivingorganismlackingthepoweroflocomotion 207

plant-3 Somethingplantedsecretlyfordiscoverybyanother 2

plant-4 Anactorsituatedintheaudiencewhoseactingis 0

rehearsedbutseemsspontaneoustotheaudience

Graph-basedSystems: Severalothermethodsexploitedtheknowledgebasestructure

andattemptedtoconstructasub-graphtodeterminetheappropriatesensewithinasen-

tence. NavigliandLapataconstructedagraphcontainingallpossiblecombinationsof

theambiguouswords’senses. Whereeachnodeofthenewgraphrepresentsasenseof

oneofthewordsequence,whileedgescorrespondtorelationshipsbetweensenses.Once

thegraphisconstructed,eachnodeisassessedbasedontheshortestpathmeasureto

determinethemostsuitablesenseforeachwordthatprovidesthehighestcontext[124].

ThefinalliteratureofthistechniquewaspresentedbyDongsuketal.[125]thatpro-

posedanewvector-basedsemanticsimilaritymeasureandaniteratedWSDtechnique.

Theirsemanticsimilaritymeasureisbasedontheconstructionofasub-graphforeach

sense,thenasemanticrelationalpathisextractedusingDepthFirstSearch(DFS)al-

gorithm.Finally,byregardingrelationshipsaswords,andsemanticrelationalpathas

sentences,theyimplementedanunsupervisedlearningapproach(i.e.,Doc2Vec)togen-

erateavectorforeachsentence[126].Sentenceswithsimilarsemanticrelationalpaths

areprojectedtoasimilarvectorspace.Thesemanticsimilaritymeasureisthencalculated

usingastandardcosinesimilarity[125].

OutofallWSDapproaches,thisthesisfocusesontheknowledge-basedapproaches,

duetotheirabilitytoexploitmassivesemanticknowledgegraphs.Anotheradvantageof

knowledge-basedsystemsistheirindependenceofexpensivesense-taggedcorpus,which

ledtorapiddevelopmentsofsuchsystemsinrecentyears.Finally,therecentlydeveloped

knowledge-basedsystemsnarrowedtheperformancegapwiththeirpeersofthesuper-
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visedsystems,andinsomecasestheyhaveoutperformedthem.

2.3.3 State-of-the-artKnowledge-basedSystems

Thefollowingaretheknowledge-basedsystemsthathavebeenusedasabenchmarkand

arecomparedtooursystem.

Lesk: TheoriginalLeskalgorithmisbasedonaglossoverlapbetweenthedefinitions

oftheambiguousword’ssensesanditssentence(i.e.,context). Thesensedefinition

withthemaximumoverlapwiththeword’ssentenceisselectedasthecorrectsense[29].

Leskextisanextensionoftheoriginalglossoverlap,whichextendedtheglosstoinclude

termsthatshareoneormorerelationswiththeambiguoustermintheKG.Theyalso

employedtheTF-IDFweightstocomputethefinalsimilaritybetweentheextendedgloss

andthecontext[30].Finally,Leskext+embincorporatedLatentSemanticAnalysis(LSA)

toselecttheappropriatesenseusingsemanticvectorsimilarityinsteadofTF-IDFvector

similarity.Theyre-weightedthetermsusinganInverseGlassFrequency(IGF),viewing

allextendedglossesasacorpuscomparedtotheInverseDocumentFrequency(IDF)

approach.Beyondusingthedistributionalsemanticspace,thelatterovercamethebagof

wordsoverlaplimitationintheoriginalLeskalgorithmbyusingavectorcosinesimilarity

[127]. However,theLeskalgorithmisdependentonthe matchingoftermsbetween

thecomparedtexts. Moreover,thealgorithmwouldfailifthecomparedtextcontains

synonymtermsratherthantheexactterms.Inaddition,noneoftheoverlapapproaches

takeintoconsiderationthesequenceoftermswithinthesentenceitself.

UKB: UKBemployedagraph-basedPageRankapproachontheentire WordNetgraph,

whichisacompletelydifferentapproachfromLesk’s. TooptimizethePageRankal-

gorithmover WordNet,theyconstructedasubgraphforatextwindow(typicallyasen-

tenceorfewcontiguoussentences).Thesubgraphincludedthesensesofallopen-class

(ambiguous)termsandtherestofthetextasacontext[28]. Anextendedversionof

UKB,namelyUKBgloss,employedextended WordNettotransformtheglossesintodis-
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ambiguatedsynsets.ThisimplementationofUKBalsoincorporatedsensefrequenciesto

initializecontextwords[128].ThelatestreleaseofUKBisUKBgloss18,whichincludes

theoptimalparametersforthesoftwaretoguaranteeoptimalperformance.Forexample,

theyusedover20wordswindowasacontextofeachtargetwordand30iterationsfor

thepersonalizedPageRankalgorithm.Theyalsoconfirmedthatusing WordNetversions

1.7.1and2.0resultedinbetterperformancesincetheymatchtheannotateddatasets[129].

Furthermore,theauthorshighlightedtheuseofanundirectedgraphasalimitationforthe

PageRankalgorithm[128].

Babelfy: Agraph-basedapproachintegratedentitylinkingand WSDthatisbasedon

randomwalkswithrestartalgorithm[130]overBabelNet,whichisanextensivemulti-

graphsemanticnetworkintegratingentitiesfrom WordNetand Wikipediaor Wiktionary.

Babelfyemploysthedensestsubgraphheuristicforselectingthemostsuitablesenseof

eachtextfragment. Foratargetword,Babelfyconsiderstheentiredocumentinstead

ofthesentencealone[131]. ThisapproachisalsoboundbythePageRankalgorithm

limitationswithrespectto WordNetKG.

WSD-TM: Thisisagraph-based WSDsystemthatusesatopic modelingapproach

basedonavariationoftheLatentDirichletAllocation(LDA)algorithm.Thisapproach

employesthewholedocumentasacontexttodisambiguateallopen-classwordswithin

thedocument. WSD-TMviewsdocumentassynsetsandsynsetwordsratherthantopics

andtopicwords,thenperformstheLDAalgorithmbasedonthatassumption[132].

Baselines: Sensesin WordNetarerankedbasedontheirfrequencyofoccurrencein

semanticconcordancetexts7. Therefore,selectingthefirstsenseofthetargetwordin

WordNetispresentedasabaseline.AnotherbaselineisbasedontheMFSextractedfrom

thetrainingdataset(SemCorand/orOMSTI).

Tosummarize,Table2.8highlightsthemaincharacteristicsofthebenchmarksystems.

7https://wordnet.princeton.edu/documentation/wndb5wn
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Table2.8:knowledge-basedWSDsystem

System Algorithm SimilarityMeasures KG

Lesk[29] Definitionoverlap Lesk WordNet

Leskext[30] Definitionoverlap Lesk WordNet

Leskext+emb[127] Definitionoverlap Lesk WordNet

UKB[28] PageRank JCN,LCH,LESK WordNet

UKBgloss[128] PageRank JCN,LCH,LESK WordNet

UKBgloss18[129] PageRank JCN,LCH,LESK WordNet

Babelfy[131] PageRank Undefined BabelNet

WSD-TM[132] LDA LESK Wiki

WN1stsense 1stSense NA WordNet

MFSs Heuristic NA NA

2.3.4 CriticalAnalysisoftheRelatedWork

Althoughtheabove-mentionedbenchmarksystemsareallknowledge-based,theycanbe

furtherclassifiedintothreesubcategoriesbasedontheirimplementedalgorithm. The

firstsubcategoryisthedefinitionoverlap,thesecondisthegraph-based(i.e.,PageRank),

whilethethirdistopicmodeling.TheLesksystemsfollowthedefinitionoverlap,which

limitthesimilaritybetweentwotextsontheterm’sexactmatch.Furthermore,theoriginal

Leskalgorithmadoptsabag-of-wordsapproach.Thiswasenhancedwithavector-based

insubsequentliterature.However,noneoftheoverlapmethodsconsideredthebroader

contextofthedocument.

TheUKBsystemsemployagraph-basedmethod(i.e.,PageRank).ThePageRankal-

gorithmistime-consumingandrequiresintensivecomputationalpowertoweighthelinks
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between WordNetconcepts.Furthermore,someofthesesystemsemploytheLeskalgo-

rithmfortheinitialweightslinkinganytwoconcepts[133],whileothersuseacollection

ofsemanticsimilaritymeasuresincludingJCN,LCH,andLesk[128,134].Thepersonal-

izedPageRankoptimizestheperformancebyusingasubgraphapproach.However,this

isdoneatthecostofcontextreduction,astheoptimalresultsofUKBconsidersawindow

sizeof20words,whichcouldspanmultiplesentences[129].

The WSD-TMsystemreliesonthedocumenttopicasthemaindisambiguatingcon-

text.Despitetheimportanceoftheglobaldocumentcontext,the WSD-TMoverlooksthe

importanceoftheword’slocalsurroundings,whichisconsideredalocalcontext.Further-

more,thissystemalsoemploysLesksimilaritytomodelrelationshipsbetweensynsetsas

oneofitspriorstotheLDAalgorithm.Amajorlimitationthatappliestomostsystemsin

thesethreecategoriesisthattheyfollowabagofwordapproach,ignoringthesequence

ofthetermswithinthesentence,whichwebelieveisacriticalfactortodisambiguatea

wordwithinitssentenceanddiscoursecontexts.

Researchpublishedinneurosciencejournalsshowsthathumanbrainmodelssuggest

thatsemanticmemoryisaconstructionoftheconceptualknowledgebasedonawidely

distributednetwork[135].Basedonsomemodels,thebrainnetworksconsistofneurons,

neuronalpopulations,orbrainregionsthatcanbeviewedasnodes,andthestructural

orfunctionalconnectivityviewedasedgeslinkingthesenodestogether[136].Fig.2.6

describessuchanetworkwithfunctionalrelationshipsconnectingvariousbrainregions

(nodes).Furthermore,structuralorfunctionalconnectivitiesrefertotheanatomicalpath-

waysbetweenneurons,neuronalpopulations,orbrainregions,dependingonthespatial

scalesofinterest. Thesestructuralandfunctionalconnectionsformabiologicalroute

forinformationtransferandcommunication[135,137].IfwecomparetheKGtoour

brain,viewingconceptsasnodesandrelationsasstructuralandfunctionalconnections,

wecanrelyonwidelydistributedKGtoextractvarioussemanticknowledge,including

similarityandrelatednessbetweennodesusingthestructuralandfunctionalrelationships,

respectively.

Inspiredbythebrainmodels,wetrytoovercomethelimitationsmentionedaboveas
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Figure2.6:VisualizationofthehumanbrainnetworkusingtheBrainNetviewer[138]

follows:wearguethatthesequentialconnectivityoftermshasanessentialpartinforming

theoverallcontextofthesentence.Beneaththesequentialconnectivity,thereexistsstruc-

turalandfunctionalrelationshipsthatconstructtheterm’scontext.Theserelationshipsare

measuredbysemanticsimilarityandrelatednesswithintheKG.

Considerthefollowingtwosentences:

•“Johnhasallhisfacultymembersatthemeetingtable.”

•“Johnhasallhisfacultiesandcouldthinkclearlyandlogically”

Thewordfaculty(lemmaoffaculties)hastwodistinct meanings(seeFig. 2.7),and

withouttherestofthesentenceorotherexternalcontext(e.g.,knowingthatJohnisa

deanatauniversity),itischallengingtodistinguishthecorrectmeaning.Sincehumans

useandrelyoncontexttodisambiguatewords,machinesareevenmoredependentonit.
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WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: faculty Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) faculty, mental faculty, module (one of the inherent cognitive or perceptual
powers of the mind)
S: (n) staff, faculty (the body of teachers and administrators at a school) "the dean
addressed the letter to the entire staff of the university"

Figure2.7:Sensesoftheword‘faculty’inWordNet

Ifweremovethetermsafterfacultyfrombothsentences,itwillnotbeeasy,asa

humanbeing,tounderstandthecorrectmeaning.Thisdifficultyisderivedfromthefact

thatthetermfacultyisambiguous. However,asweaddmorecontexttothesentence,

themeaningbecomesmoreevidentineachsentence. Moreimportantly,ourbrainwill

beabletoestablishfunctionalconnectivitiesbetweenthetermsofthesentenceandinfer

additionalknowledge,suchasJohncouldbeworkingatauniversityasachairoradean.

Initially,ourbraincouldnotunderstandthemeaningoffacultiesbecauseitcould

notmaketheconnectionbetweenthetermanditssurroundingcontext{‘John’,‘has’,

‘all’,‘his’}. However,assoonasthecontextisenrichedwith{‘members’,‘at’,‘the’,

‘meeting’,‘table’},ourbrainwasabletocreateacontextfromthejointmeaningsof

thecoretermsinthesentence{‘John’,‘faculty’,‘member’,‘meeting’,‘table’},hence,

disambiguatethesentence.Surprisinglyenough,thethreeterms{‘member’,‘meeting’,

‘table’}arealsoambiguousterms,withevenmoresensestochoosefrom,seeFig.2.8.

However,ourbrainscanconnectthevariousmeaningsofeachtermanddeterminethe

contextofthefullsentence. Ourmainobservationhereshowsusthathumanstendto

connectterms/thingsbasedonthevariousassociationsthatconnectthem,inadditionto

itspriorheuristicknowledgeabouttheambiguousterms.Thepriorheuristicknowledge

isrepresentedbythecommonuseofthetermspresentedinthesequence.

Tosummarize,thefourpointbelowareessentialfordisambiguatingwordswithina

sentence,hence,weincorporatethemintoourproposedWSDalgorithm:

•Thesequenceofthetermswithinthesentence

•Theconnectivitybetweenvariousconcepts(i.e.,senses)ofambiguousterms.

44



Chapter2 BackgroundandLiteratureReview

•Abasicheuristicknowledgeofeachtermanditsvariousconcepts(i.e.,senses)

•Thebroadercontextofthedocument.

2.4 Conclusion

Varioussemanticsimilarityandrelatednessmeasureshavebeenproposedintheliterature,

mostofwhichrelyonasinglesemanticrelation:theISAtaxonomicrelation.Fewmea-

suresutilizedthepart-oforantonymnon-taxonomicrelationswithin WordNet.However,

limitingthese methodstooneortwonon-taxonomicrelationswithin WordNet makes

themrigidandlimitedinevaluatingsemanticsimilarityandrelatednessbetweenterms.

Toourknowledge,nonehavepresentedacomprehensive methodthatisadaptableto

otherrelationsthatexistinadomain-specificKG.Semanticsimilarityandrelatedness

measureshaveshownlimitedperformanceandcomputationalcomplexitywhensolving

knowledge-based WSDtasks.

8http://wordnetweb.princeton.edu/perl/webwn

45

http://wordnetweb.princeton.edu/perl/webwn


Chapter2 BackgroundandLiteratureReview

WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: member Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) member, fellow member (one of the persons who compose a social group
(especially individuals who have joined and participate in a group organization))
"only members will be admitted"; "a member of the faculty"; "she was introduced to
all the members of his family"
S: (n) member (anything that belongs to a set or class) "snakes are members of the
class Reptilia"; "members of the opposite sex"
S: (n) extremity, appendage, member (an external body part that projects from the
body) "it is important to keep the extremities warm"
S: (n) member (an organization that is a member of another organization (especially
a state that belongs to a group of nations)) "the library was a member of the
interlibrary loan association"; "Canada is a member of the United Nations"
S: (n) penis, phallus, member (the male sex organ (̀member' is a euphemism))

WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: meeting Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) meeting, group meeting (a formally arranged gathering) "next year the
meeting will be in Chicago"; "the meeting elected a chairperson"
S: (n) meeting, get together (a small informal social gathering) "there was an
informal meeting in my living room"
S: (n) meeting, encounter (a casual or unexpected convergence) "he still
remembers their meeting in Paris"; "there was a brief encounter in the hallway"
S: (n) meeting, coming together, congress (the social act of assembling for some
common purpose) "his meeting with the salesmen was the high point of his day";
"the lovers met discreetly for the purposes of sexual congress"
S: (n) merging, meeting, coming together (the act of joining together as one) "the
merging of the two groups occurred quickly"; "there was no meeting of minds"
S: (n) confluence, meeting (a place where things merge or flow together (especially
rivers)) "Pittsburgh is located at the confluence of the Allegheny and Monongahela
rivers"

Verb

S: (v) meet, run into, encounter, run across, come across, see (come together) "I'll
probably see you at the meeting"; "How nice to see you again!"
S: (v) meet, get together (get together socially or for a specific purpose)
S: (v) converge, meet (be adjacent or come together) "The lines converge at this
point"
S: (v) fit, conform to, meet, satisfy, fill, fulfill, fulfil (fill, satisfy or meet a want or need
or condtion ro restriction) "does this paper meet the requirements for the degree?";
"This job doesn't match my dreams"; "meet a need"
S: (v) meet, gather, assemble, forgather, foregather (collect in one place) "We
assembled in the church basement"; "Let's gather in the dining room"
S: (v) meet (get to know; get acquainted with) "I met this really handsome guy at a
bar last night!"; "we met in Singapore"
S: (v) meet (meet by design; be present at the arrival of) "Can you meet me at the
train station?"
S: (v) meet, encounter, play, take on (contend against an opponent in a sport, game,
or battle) "Princeton plays Yale this weekend"; "Charlie likes to play Mary"
S: (v) meet, encounter, receive (experience as a reaction) "My proposal met with
much opposition"

(a)Sensesoftheword‘member’inWordNet

WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: table Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) table, tabular array (a set of data arranged in rows and columns) "see table 1"
S: (n) table (a piece of furniture having a smooth flat top that is usually supported by
one or more vertical legs) "it was a sturdy table"
S: (n) table (a piece of furniture with tableware for a meal laid out on it) "I reserved a
table at my favorite restaurant"
S: (n) mesa, table (flat tableland with steep edges) "the tribe was relatively safe on
the mesa but they had to descend into the valley for water"
S: (n) table (a company of people assembled at a table for a meal or game) "he
entertained the whole table with his witty remarks"
S: (n) board, table (food or meals in general) "she sets a fine table"; "room and
board"

Verb

S: (v) postpone, prorogue, hold over, put over, table, shelve, set back, defer, remit,
put off (hold back to a later time) "let's postpone the exam"
S: (v) table, tabularize, tabularise, tabulate (arrange or enter in tabular form)

(b)Sensesoftheword‘meeting’inWordNet

(c)Sensesoftheword‘table’inWordNet

Figure2.8:DefinitionsforthetermswalkandbankinWordNet8
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Chapter3

Poly-RelationalSemanticSimilarityand

Relatedness Measure

3.1 Introduction

TherapidexpansionofLODrequiresacomprehensivesemanticsimilaritymeasurethat

isyettoexist.DBpedia[38],Freebase[39],YAGO[40],and WordNet[42]areexamples

oflexicalKGrepositoriesthatresembleLOD.KGsarerepresentativeofanontological

schema,whichsemanticallymodelsaspecificdomainofknowledge.Intechnicalterms,

anontologyisaformalsemanticrepresentationoftheconceptswithinaspecificdomain.

Thesemanticrepresentationisestablishedthroughasetofaxioms. Anaxiomconnects

twoconceptsand/orinstancesthroughaspecificrelationthatmodelsreal-worldrelation-

shipintheformofsubject,predicate,andobject.Aninterconnectedsetofaxiomsforms

aKG,orSGasreferredtoinsomeliterature[3,4,5].

Thischapterpresentsthefirstcornerstoneofthisthesis,aPoly-RelationalSemantic

SimilarityandRelatedness(PR-SSR)measurethatcomprisesallsemanticrelationsbe-

tweenconcepts.Therestofthechapterisorganizedasfollow:section3.2describesthe

architecturaldesignforthePR-SSR.Section3.3presentstheproposedparametersfor

eachrelationwhichareusedinthenewmeasurepresentedinthenextSection3.4.Fi-
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Figure3.1:PR-SSRsystemarchitecture

nally,andbeforeweconcludethechapter,Section3.5presentstheexperiment’ssetup,

evaluationmetrics,implementation,andtheexperimentalresults.

3.2 SystemArchitecture

Fig.3.1showsthePR-SSRsystemarchitecture,whichincludesthreeofflinestatisti-

calmodules:the WordNetstats,termstat,andpathsfindermodules.Thesemodules

pre-calculatetherequiredstatisticsforthe WordNetResourceDescriptionFramework

(RDF)graphandthetestdatasetwhenperformingtestingonapre-existinggoldstandard

dataset,suchastheonesdescribedbelowinSection3.5.1.1.Thearchitecturealsoin-

cludestheimplementationofsixexistingbaselinemeasures;thesearethesamemeasures

thataredescribedinSection2.2.2. Wemeasureoursystembasedontheimprovement

ofthesebaselines.Thecoreofoursystemconsistsoffourcomponents,RelationsIC,

relationsprevalence,IC-basednon-taxonomicsimilarity(werefertoitasRelSim),and

prevalence-basednon-taxonomicrelatednessmodules.Thesecomponentsimplementour

proposedSemanticInformationContent(SemIC),prevalence,RelSim,andrelatedness,

respectively.Finally,thelastcomponentistheweightedcombinationofthebaseline
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taxonomicsimilarityTexSim,theproposedrelational-basedsimilarityRelSim,andthe

proposednon-taxonomicrelatednessinoneofthefourstrategies.

3.2.1 SystemFlowchart

Fig. 3.2depictstheflowchartforcalculatingthesemanticsimilarityandrelatedness.

Unlikeothermethods,wecombineexistingtaxonomicmeasureswiththeproposednon-

taxonomicrelational-basedsimilarityandnon-taxonomicrelatednessmeasuresbetween

terms.

Theprocessstartsafterextractingthecomparedtermsstatistics.Thesestatisticsin-

cludetheLCSforthecomparedterms,alsothenumberandtypesofallnon-taxonomic

relations. Weuse WordNetv3.1tocalculatethesestatistics.Thenextstepstartsbycalcu-

latingthetaxonomicICforeachtermandthenthesemanticsimilarityusingthecalculated

IC.Usingtheconcept’sIC,wecalculatealocalICforeachrelationRelationInformation

Content(RIC).Havingtherelation-IC,wethencomputetheproposedrelational-based

similarity(RelSim)betweenterms.InSection3.4.1wepresentthreestrategiestocom-

puteRelSim.Ifthereexistsanynon-taxonomicpathbetweentheterms,wecalculatethe

non-taxonomicrelatednessbetweenthetermsasanedge-weightedpathusingtherela-

tionsdistributionwithintheKG(prevalence)asdiscussedinSection3.3.2.

3.3 NewSemanticSimilarityandRelatednessParame-

ters

3.3.1 RelationIC

Similartoconcepts,relationsareorganizedintohierarchicalstructurewithintheirontol-

ogy.Forinstance,the WordnetontologypresentedearlierinFig.2.1ashowsasub-set

oftherelations’hierarchyusedin Wordnet,wheretopObjectPropertyisthemostgeneral

relation,andHypernym,Hyponym,andothersaresomeofthemostspecificrelationsin
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Figure3.2:Flowchartforthesemanticsimilarityandrelatednessalgorithm
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thehierarchy. Basedonsuchhierarchy,conceptsgainedanintrinsicICattribute,and

likewise,dorelations.Havingthisintuition,weutilizeexistingIC-intrinsicmeasurewith

relationstocomputetheICTax(rt)asthetaxonomic-basedICforrelationroftypet.Eq.

(1)simplyreflectsthetaxonomicICforeachrelationtype.

ICTax(rt)=icbase(rt), (1)

whereicbasedenotesthebaselinetaxonomicICmeasurefromTable2.1.

Furthermore,domainand/orrangeconceptsinanontologymaycontextualizeare-

lation. TheICofdomainandrangeconceptsenrichtheassociatedrelationasglobal

contextualinformation.Intuitively,wearguethatrelationsassimilateglobalcontextual

informationfromtheirdomainandrangeconcepts,whichisproportionaltotheirdepths.

Therefore,wedefinetheglobalICforarelationasamonotonicallyincreasingfunction

withrespecttoboththeICanddepthofthedomainandrangeconcepts,asshownin

Eq.(2). Consequently,fortwopairsofconceptswiththesameabsoluteICdifference,

thedeeperthepair,thegreatertheglobalIC.Also,fortwopairsofconceptsatthesame

depth,thegreaterabsoluteICdifference,thegreatertheglobalIC.Itshouldbenotedhere

thatEq.(2)isamonotonicallyincreasingfunctionwithrespecttoboththeICanddepth

ofthedomainandrangeconcepts,asshownbelow:

ICGC(rt)=icbase Dom(rt) −icbase Ran(rt)
Ψ

, (2)

whereicbase(Dom(rt)),andicbase(Ran(rt))aretheICsofthedomainandrangeconcepts

respectively,andΨ=[1/(deep(Dom(rt))+deep(Ran(rt)))],wheredeepisthedepth

function.

Similartotheglobalcontext,aninstancerelationattainsinformationfromitssubject

andobjectwithintheKG.Hence,localcontextualinformationisassignedtoeachinstance

relationbasedonitssubjectandobject.ThelocalICforarelationinstanceoftypetis

definedintheequationbelow:

ICLC(rt)=icbase Sub(rt)−icbase Obj(rt)
Υ

, (3)

whereSub(rt),andObj(rt)arethesubjectandobjectconcepts,respectively,andΥ=

[1/(deep(Sub(rt))+deep(Obj(rt)))].Fig.3.3illustratestheeffectofthedepthofthe
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Figure3.3:Concept’sdeptheffectonRIC

conceptsontherelations’ICvalues.Thiseffectappliestoboththeglobalandthelocal

ICswithintheontologicalschemaandknowledgegraphinstancesrespectively.Fig.3.3a

showsaRICbetweendeeperconceptswhileFig.3.3billustratesanRICbetweenshallow

concepts.

Finally,thetaxonomic,globalcontext,andlocalcontextICvaluesarecombinedto

formtheRIC,asshowninthefollowingequation:

RIC(rt)=α×ICTax(rt)+β×ICGC(rt)+γ×ICLC(rt), (4)

whereα,β,andγareconstantstomeasurethecontributionofeachICfunction.These

constantsarecontextuallyselectedbasedontheactualconceptualschemaandhierarchical

structureoftheontologyandKGdescribingthemodeledknowledge.

52



Chapter3 Poly-RelationalSemanticSimilarityandRelatednessMeasure

3.3.2 RelationPrevalence

BasedonthesecondobservationdescribedinSection1.2,relationsexistinaKGin

accordancetotheirrelevancytothemodeleddomain.Consequently,importantrelations

areusedmorefrequentthanotherlessimportantrelations,becausetheyrelatemoretothe

modeleddomain.Forexample,afather-ofandmother-of relationsaremoreprevalent

inaFamily-domainKGthanaPlant-domainKG.Therefore,theprobabilityofarelation

inaKG,Eq.(5),measuresthecontributionofthatrelationtothesemanticinformation

addedtoeachassociatedconcept.

P(rt)=
freq(rt)

Totalnumberofrelations
, (5)

wherefreq(rt)isthetotalnumberofrelationsoftypet.

3.3.3 Poly-Relationalsimilarityandrelatednessmeasure

Therelations’ICandprevalencearethecoreingredientsfortheproposedrelational-based

similarityandrelatednessmeasure,respectively.Thetwoproposedmeasurescomplement

theexistingtaxonomic-basedsimilaritymeasures,andtogethertheyformacomprehen-

sivepoly-relationalsemanticsimilarityandrelatednessmeasure.Therefore,wepropose

asemanticsimilarityandrelatednessmeasurebetweentwotermsasafunctionoftheir

taxonomicsimilarity,relationalsimilarity,andrelatedness.

SemSimRel(w1,w2)=f TaxSim(w1,w2),RelSim(w1,w2),Relatedness(w1,w2), (6)

whereTaxSim(w1,w2)representsageneraltaxonomicIC-basedsimilaritymeasurebe-

tweenw1andw2asdescribedinTable2.2,RelSim(w1,w2)istheproposedrelational-

basednon-taxonomicsimilaritypresentedinSection3.4.1,andRelatedness(w1,w2)is

theproposedrelatednessbasedonweightednon-taxonomicrelationalpathspresentedin

Section3.4.2.

inthenextsectionweshowhowtherelation’sICandprevalenceareemployedto

deviseanovelcomprehensivesemanticsimilarityandrelatednessmeasurenamedPR-

SSR.
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3.4 Proposed Method

InthissectionwepresentfourdifferentstrategiesforourproposedPR-SSRMeasureus-

ingtherelation’sICandprevalencemetricspresentedintheprevioussection3.3.Thefirst

threestrategiesexploittherelation’sICtocomputearelational-based(non-taxonomic)

similarity, whiletheforthstrategyusestherelation’sprevalencetocomputethenon-

taxonomicrelatedness.

3.4.1 Relational-basedSimilarity

Inrelational-basedsimilarity,termsareconsideredsimilarbasedonthesimilarityoftheir

semanticnon-taxonomicrelations,whichcouldbeviewedasfunctionalityorattributes

insomedomains.Forinstance,InthefamilyKGFig.1.1‘Meredith’and‘Ruth’have

somesimilarityforbeingbothmothersbyhavingthesame‘ismotherof’relation. To

demonstratethebenefitofemployingrelationstoenhancesemanticsimilarity,wepropose

threestrategiesshowingtheirimpactatdifferentgranularitylevels. Thefirststrategy

makesuseofallrelations,regardlessoftheirtype,tocomputeasinglesemanticattribute.

While,thesecondstrategyexploitsrelations’typesincomputingsimilarity.Finally,the

thirdstrategycomputessimilaritybasedoninstancesofeachrelationtype.Thiscoarse-to-

finegraininvestigationprovidesnewinsightsabouttheroleofnon-taxonomicrelations

inmeasuringsemanticsimilarity. Furthermore,afourthstrategy,employingrelations’

prevalence,proposesaweightednon-taxonomicrelationalpathtobringintoperspective

theroleofrelatednessinfurtherenhancingsemanticsimilarity.

Strategy1

ThisstrategyisbasedontheintuitionoftheoriginaltaxonomicIC,whereeachconcept

isattributedanICvalueasameasureofvarioushierarchicalfeatures(i.e.,hyponyms,

depth,hypernyms,leaves,andsiblings)asshowninTable2.1.Similarly,weproposean

additionalSemICattributeforeachterm,basedonallassociatednon-taxonomicrelations.
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Figure3.4:SemICforconceptbasedonstrategy1

ThisSemICmetric,definedinEq.(7),isanaggregationoftheRICcontributionofall

associatedrelations.

SemIC(w)=log






rt∈RelSet:w
rt→o

(P(rt)×RIC(rt))+1




, (7)

whereRelSet(w
rt→ o)isthesetofallrelationinstancesthatlinktermwwithallother

objectterms.Fig.3.4illustratesaconceptSemICasasinglevaluecomputedusingEq.

7.

TheSemICisthenusedtoevaluatethesemanticsimilaritybetweenterms,usingexist-

ingbaselinesimilaritymeasuresfromTable2.2.TherelationalsimilarityRelSim(w1,w2)

betweenw1andw2iscomputedbyreplacingtheic(w)bySemIC(w),asdenotedbelow:

RelSim(w1,w2)=Sim(w1SemIC,w2SemIC), (8)

wherewiSemICreferstothesemanticICoftermiinsteadofitstaxonomicIC.

Strategy2

Thenon-taxonomicsemanticIC,SemIC,proposedinthefirststrategyassignsanon-

discriminatingsemanticattributetoeachconcept.Althoughthisattributedescribesthe
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Figure3.5:SemICforconceptbasedonstrategy2

semanticinformationcontainedwithintheconcepts,yet,relations’typesarebeingig-

noredinthesimilarityevaluationbetweentwoconcepts.Furthermore,inSection2.2.3,

wedemonstratedtheimportanceofeachrelationtypeanditsownimplicationonthese-

manticdefinitionandICofaconcept.Therefore,thesecondstrategyrefinesthefirstone

byattributingavectorofRICsforeachterm.Eachelementofthevectorrepresentsthe

averageRICofaspecificrelationtype.Fig.3.5illustratesthreenon-taxonomicrelation

types(partof,memberof,andsubstanceof).Foreachrelationtype,theaverageRICis

computedandusedtobuildafinalSemICvectorasshowninEq.9below:

SemIC(w)=rw=








Avg(RIC(rt1))

...

Avg(RIC(rtn))







, (9)

whererti∈RTSet(w)denotingthesetofrelationtypeslinkingthetermwtoallother

objects.

Wethenemployoneoftheexistingvector-basedsimilarity/distancemeasures,suchas

Euclidean,Hamming,Cosine,Mean-SquaredError(MSE),andSummationofSquared

Difference(SSD),tomeasurerelationalsimilarity. Wecomparedelevendistancemea-

suresfromMath.NETnumericslibrary1.

MSE(x,y)=
1

n

n

i=1

(xi−yi)
2, (10)

1https://numerics.mathdotnet.com/Distance.html
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TheMSEdistance,describedinEq.(10),providedthehighestcorrelationresultswiththe

goldstandard,andconsequently,isusedtocomputetherelationalsimilarityasshownin

Eq.(11)

RelSim(w1,w2)=1−MSE(rw1,rw2), (11)

whererw1andrw2aretheaveragerelationaltypevectorsofw1andw2,respectively.

Strategy3

Thisstrategyismoregranularthanthepreviousones,wherewefocusnotonlyonthe

typesofrelationsaswedidinstrategy2,butalsooneachinstancewithineachrela-

tiontype. Morespecifically,thisapproachexploitsthebenefitsofmeasuringsimilarity

betweeninstancesofthecommonrelationtypesofbothterms.Then,aggregatingthe

resultingtype-wiserelations’similaritiestocomputetheoverallrelationalsimilarity.
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AsillustratedinFig.3.6,first,foreachrelationtypeintheRTSet(w),wegenerate

avectorofRICsassociatedtotherelationinstancesofthattype. Then,thesevectors

areusedtobuildasemanticICofatermasasetoftype-wiseRICvectorsdenotedby

{rti,i=1..n},wherenisthenumberofrelationtypesassociatedtothatterm,asshown

inEq.(12).

SemIC(w)=






rt1=








RIC(rt11)

...

RIC(rt1m1)








...

rtn=








RIC(rtn1)

...

RIC(rtnmn)













, (12)

wheremiisthecardinalityofinstancesoftheithrelationtype.Tocomputetherelational

type-wisesimilaritybetweentwoterms,weusethe MSEdistancemethodasshownbe-

low:

RelTypeSim(rtw1
,rtw2

)=1−MSE(rtw1
,rtw2

) (13)

Consequently,atype-wiserelationalsimilaritysetforthecommonrelationtypesbetween

twotermscanbeexpressedasfollows:

Type-wiseRelSim(w1,w2)=






RelTypeSim(rt1w1
,rt1w2

)

...

RelTypeSim(rtnw1
,rtnw2

)






(14)

Finally,theoverallrelationalsimilaritybetweentwotermsisdefinedasthenormalized

sumoftheweightedtype-wiserelationalsimilarities.Thenormalizationisbasedonthe

totalprevalenceofallcommonrelationtypes,asshowninthefollowingequation:

RelSim(w1,w2)=
1

rt

P(rt)
×

rt

P(rt)×RelTypeSim(rtw1
,rtw2

), (15)

wherert∈RTSet(w1)∩RTSet(w2).
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3.4.2 Relatedness

Relatednesscanbeexpressedbythedirectconnection(s)betweentwotermsthroughnon-

taxonomicrelations.Itisareflectionofthecontextualbondbetweenterms.Asdescribed

inthegoldstandarddatasets, MC[139],RG[140], WordSim[141],and MTurk[142],

conceptswereevaluatedbasedontheirsimilarityandrelatedness.Forexample,in[141],

oneinstructionwas“Whenestimatingsimilarityofantonyms,considerthem‘similar’

(i.e.,belongingtothesamedomainorrepresentingfeaturesofthesameconcept),rather

than‘dissimilar’”. Therefore,itisessentialtoincorporaterelatednessintoasimilarity

measure,asshowninEq.(6).Anon-taxonomicpathassociatestwotermswitharelation-

shipthatisreflectedbytheintermediaterelationsbetweenthem.Intuitively,thelonger

thepathbetweenterms,thelessrelatedtheyare.Furthermore,eachrelationhasaweight

thatreflectsitsimportancetothedomain.Hence,relationswithhigherweightsindicate

astrongercontextualrelationshipbetweentheassociatedterms.Inversely,theweakerthe

weightbetweenterms,thelessrelatedtheyare.Finally,termsthathavemultiplepathsin-

dicatestrongerbondbetweenthem.Forinstance,thelexicalterms(kingandqueen)share

morethanonepathbetweenthem,astheyareconsideredantonymsinadditiontotheir

respectivesynsets,whicharemember-meronymsofthesynset‘royalfamily’.Basedon

ourresults,thesetermswouldhavearelatednessof92%overbothpaths.Basedonthese

principles,weproposeanewrelatednessmeasurebasedonweightednon-taxonomicre-

lationalpaths.

Strategy4

Takingtheaboveconsiderationsintoaccount,weproposearelatedness measureasa

functionofthenumberofpaths,theirlengthandstrength. Thelengthofapathisa

functionofthenumberofnon-taxonomicrelationsbetweenterms.Strengthismeasured

bytheproposedprevalenceofthepathrelationsasdefinedinSection3.3.2.Asthepath

lengthincreases,therelatednessdecreases.Ontheotherhand,astheaccumulatedweight

ofallrelationsinthepathincreases,relatednessincreases.Therefore,relatednessneedsto

beamonotonicallydecreasingfunctionwithrespecttopathlength,whilemonotonically
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increasingwithrespecttotherelations’weight.Tosatisfytheseconstraints,wepropose

thefollowingrelatednessmeasure:

Relatedness(w1,w2)=
1

n
×

n

pathi=1

1−Distancei(w1,w2), (16)

wherenisthenumberofpaths,andthedistanceiscalculatedasshownbelow:

Distancei(w1,w2)=
1

max depthwn

×
rt∈pathi(w1,w2)

e−P(rt), (17)

wheremax depthwnisthethemaximumhierarchicaldepthof WordNet.Toensurepaths

convey meaningfulrelatednessbetweenterms, weonlyconsiderpaths withalength

shorterorequaltomax depthwn. Fig. 3.7illustratestheeffectsofpath-lengthand

relation-prevalenceontherelatednessmeasure. AscanbeseenfromFig.3.7aandFig.

3.7b,wherethepathwaysbetweenconceptsC1andC7havethesamelengthbutdiffer-

entprevelances,thehighertheprevalencesbetweenconceptsthegreatertherelatedness.

However,forFig.3.7c,althoughthepathwaybetweenC1andC7hasthesameaverage

prevalenceperrelationtypeasthatinFig.3.7a,yetitsrelatednessishigherduetothe

shorterpath.Finally,theoverallrelatednessmeasurebetweenconceptsC1andC7over

allofthethreepathsis0.854,whichrepresentstheaveragerelatednessoverallofthe

pathsasshowninEq.16.

3.5 EvaluationandExperimentalResults

3.5.1 ExperimentalSetup

Thegoalofourexperimentsistoevaluatetheproposedsemanticsimilarityandrelated-

nessbasedonthe WordNetdatabaseandthemostcommonly-usedgoldstandarddatasets.

Thissectionpresents WordNetKG,datasets,evaluationmetrics,implementation,andde-

taileddiscussionoftheresults.
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Figure3.7:Relatednesspathsbetweenconceptswithdifferentrelations’prevalence

3.5.1.1 LexicalKnowledgeBaseandDatasets

WordNet WordNetisanEnglish-basedlexicaldatabase,wherewordsareorganized

withineachPOScategoryintosetsofcognitivesynonymsnamedsynset.Synsetsare

organizedintoahierarchicalstructure(taxonomy)fromthemostabstractconcepts(i.e.,

entityinthenounscategory)tothemostspecificleafconcepts.Synsetsandlexicalterms

arelinkedthroughmeansofpointersthatrepresentaspecificsemanticrelationshipbe-

tweenthem.

Themainandmoststructuredexplicitrelationtypeisthehyponymy(ISA)relation

anditsinversehypernymyrelation,whichformsthehierarchicalstructureofWordNet.

ISArepresentsthegeneralization/specializationrelationbetweenconcepts.Thenextmost

commonrelationusedisholonomy/meronymy(partof)relation.Allotherrelationssuch

asantonymy,themeandderivationareusedmuchlessfrequently.Tables2.3and3.1
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Table3.1:HierarchicalrelationsinWordNet

RelationName Frequency Prevalence

hyponym 75180 44.89%

hypernym 75139 44.86%

instancehyponym 8592 5.13%

instancehypernym 8568 5.12%

depictthefrequencyofeachrelationusedwithinWordNet2.

WordNetwasdesignedwiththeintentionofprovidingamachine-readabledictionary

thatdeterminesaworddefinitionthroughsemanticrelations[42].Inadditiontotheex-

plicitrelations,lexicaltermswithinonesynsetalsoshareimplicitrelationsbetweeneach

other,namely“synonymy”.AsshowninTable2.3,thisrelationisexplicitlyemphasized

inourapproach.WeusethesynsetmemberrelationthatexistsinWordNettoidentifythe

synonymsofeachsynset.Thenumberofsynonymrelationsisthencomputedusingthe

combinationn
2
wherenisthenumberofsynonyms(synsetmember)withinonesynset.

Hence,theuseofsynonymyrelationcomplywiththespiritofWordNet,providingse-

manticdefinitionsforitssynsetsandlexicalterms.Therefore,inthiswork,weemploy

bothofexplicitandimplicitsemanticrelationstoobtainbettersemanticsimilarityand

relatednessbetweenterms.

GoldStandardDatasets Ourexperimentalenvironmentconsistsofthelexicaldatabase

WordNet3.1asaKGandthreewidely-usedevaluationdatasets.

•RG[140]:contains65pairsofwords,whereeachpairisassignedaratingofsim-

ilarityrangingbetween[0,4];0beingmostdissimilar/unrelatedterms,and4being

exactlysimilar.

•MC[139]:contains28pairsofwords,chosencarefullyfromRGtorepresentafull

rangeofsimilarity/relatedness.

2ThefrequencyiscalculatedbasedonthenounsPOSfromWordNetv3.1

62



Chapter3 Poly-RelationalSemanticSimilarityandRelatednessMeasure

•WordSim[141]:contains353pairsofterms.Theratingrangeisbetween[0,10],

where0iscompletelydissimilar/unrelatedand10isexactlysimilar.Theinstruc-

tionsprovidedtothesubjects —humansexperts —weretoassignaratingfor

eachpairbasedonthesimilarity/relatednessofthetwowords. Morespecifically,

in WordSim,theinstructionswereclearfortheantonymwordstobeconsidered

assimilarratherthandissimilar,sincetheybelongedtothesamedomainand/or

expressfeaturesofthesametopic.

•MTurk[142]:intendedtoemphasizerelatednessbetweenterms. MTurkcontains

771pairsorwordswiththeiraveragerelatednessscorebetween[1-5],where1

represents‘notrelated’words,and5represents‘highlyrelated’words

Table3.2providesasummaryofthemaincharacteristicsandstatisticsofeachdataset.

Inourimplementation,weexamineallpairswithineachdataset,withtheexceptionof

WordSimasitcontainsfewpairsthatwerenotfoundin WordNet-3.1duetovariationin

thetermmorphologyortense.Thelastfourrowsinthetable(rows5,6,7,and8)arethe

focusofourpoly-relationalapproach.Row5showsthenumberofpairsthatshareoneor

morenon-taxonomicrelationtype,regardlessofwhetherornottheobjectoftherelation

isthesame. Forinstance,“carhaspart-meronym...”and“autohaspart-meronym...”,

hencebothtermssharethesamerelationtypepart-meronym.Row6countsthenumber

oftermswhereoneormoreofitsnon-taxonomicrelationscontainmultipleinstances.

Forexample,for“carhaspart-meronymfender,carhaspart-meronymengine”,thereare

twoinstancesoftherelationpart-meronym.Row7showsthenumberofpairswhereat

leastoneofitstermsmatchesatermcontainedinrow6.Finally,row8describesthe

numberofpairsthathaveatleastonenon-taxonomicpaththatconnectsthepair(i.e.,

“Carissynonymofauto”,“Kingismember-meronymofroyalfamily,androyalfamilyis

member-holonymofqueen”.
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Table3.2:Goldstandarddatasetscharacteristics

Criteria MC RG WordSim MTurk

1 #ofpairs 28 65 353 771

2 #ofpairs(ourimplementation) 28 65 342 770

3 Distinctterms/senses 44 65 500 1281

4 Termswithnon-taxo.relations 18 23 207 487

5 Pairswithcommonrelations(CR) 4 4 54 110

6 Termswithmulti-instances(MI) 8 10 77 204

7 PairswithCR&MI 2 2 20 48

8 Pairswithoneormorepath(s) 6 12 35 149

3.5.2 EvaluationMetrics

Thepracticeofevaluatingsemanticsimilaritymeasureshasreliedonthecorrelationbe-

tweentheproposedmethodandgoldstandard[9,32,33,34,43,64,65].Twomaincor-

relationmethodshavebeenapplied.ThefirstisthePearsoncorrelationfortworandom

variableXandY,asshownbelow:

ρ=
cov(X,Y)

σxσy
(18)

Yet,asimplifiedestimatedcorrelationofthePearsonhasbeennormallyappliedbased

onthefollowing:

r=

n

i=1

(xi−x)(yi−y)

n

i=1

(xi−x)2
n

i=1

(yi−y)2
, (19)

wherenisthesizeofthesampledsets,xi,yiarethei
thelementofsemanticsimilarities

reportedbyanymeasure,andthehumanjudgment,respectively,andx,y,representthe

meanforeachset.

ThesecondcorrelationmethodistheSpearmancorrelationcoefficient(Spearman’s
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rho).Thisisarank-basedcorrelation,whichisnotrestrictedtocontinuousdata.

ρ=1−
6 d2

i

n(n2−1)
, (20)

wheredisthepairwisedistanceoftheranksoftheelementsxiandyi,andnisthesize

ofthesampledset.

3.5.3 Implementation

Ourexperimentalimplementationutilizesthe.NETframeworkanddotNetRDFlibrary3.

ThislibraryhelpstoconverttheN-Triplesof WordNet3.14KGfileintoanin-memory

RDFgraph. Outofthe5.5milliontriples,wefocusonlyonnounsynsetsandlexical

senses,includingtheirrelations. However,someoftheserelations,suchastranslation,

gloss,andtagcounts,arealsoignoredbecausetheyserveotherpurposesthatareoutside

thescopeofthisresearch.Insummary,wefocusontripleswithrelationsthatservethe

semanticofthenounsynsetsandlexicalsenses.TheserelationsarelistedinTables2.3

and3.1.Aftertheextractionandcleansing,weareleftwithatotalof81,816nounsynset,

262,786individuallexicalsenses,and374,453instancesrelations. Theserelationsare

groupedinto12non-taxonomicandfourtaxonomicrelationtypesasshowninTables2.3

and3.1,respectively.

ItisworthmentioningthattheontologyofWordNet5isveryabstract,andtherelations

haveveryshallowhierarchywithnospecificdomainandrangeconcepts. Hence,inour

experiment,thetaxonomicIC(ICTax(rt)),andtheglobalIC(ICGC(rt))donotcontribute

towardscalculatingthefullRIC(RIC(rt)).Asaresult,relationsattaintheirinformation

strictlyfromthelocalIC(ICLC(rt))from WordNet’sKG.Basedonthis,TheRICinEq.

4willbefullyequaltothelocalIC(ICLC(rt))andthevaluesofα=β=0,whileγ=1.

TherestoftheimplementationconsistsofanofflinemodulethatcalculatesWordNet’s

KGstatistics,andthegoldstandarddatasetsstatistics.Inaddition,weimplementedthe

existingbaselines’ICandtaxonomicsimilaritymeasures.

3http://www.dotnetrdf.org/api/html/N_VDS_RDF.htm
4http://wordnet-rdf.princeton.edu/
5http://wordnet-rdf.princeton.edu/ontology
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3.5.4 ExperimentalResultsandPerformanceAnalysis

Themainpurposeofthisexperimentistoconfirmtheobservationsinsection1.2,which

emphasizethatallrelationsconveyanimportantinformativecomponentofaconcept’s

semanticdefinitionandinformationcontent,andthatrelationtypeprevalencereflects

itsrelevancetothemodeleddomain. Thisisdemonstratedinthissectionbyshowing

theenhancementsprovidedbyourpoly-relationalapproachtoexistingtaxonomic-based

similaritymeasures.Thecommonpracticeofevaluatinganyapproachistocomputethe

pairwisesimilaritiesofagivendataset. Then,calculatethecorrelationasdiscussedin

section3.5.2,withthegoldstandardforthatdataset.Thehigherthecorrelationwiththe

goldstandard,thebettertheapproach.Therefore,foreachbaseline,weimplementitsIC

measuretoevaluatenon-taxonomicrelations.ThenemployEq.(22)toincorporatethe

proposedRelSim(w1,w2).Finally,compareourresultswitheachbaselinebasedongold

standardcorrelations.

Insection3.4wepresentedfourstrategies,whichwillbereferredtointhisSection

asS1,S2,S3,andS4.Theresultsofeachstrategy,asshowninFig.3.8toFig.3.12,

aredescribedbythegainbetweentheproposedapproachandeachbaseline.Thegainis

basedonthecorrelationofeachapproachwiththegoldstandard,whichiscomputedas

follows:

gain=
Corr()PolyR−Corr()baseline

Corr()baseline

, (21)

whereCorr()PolyR andCorr()baselinearethecorrelationsofthePR-SSRapproachand

anygivenbaselineapproachwiththegoldstandarddataset,respectively. Eachfigure

showsthegainforitsrespectivestrategy,andincludestheevaluationusingthePearson

correlation,asdefinedinEq.(19),andtheSpearmancorrelation,asdefinedinEq.(20).

Finally,wecomputethefullsemanticsimilarityandrelatednessasdescribedinEq.

(6).However,sinceS1,S2,andS3donotinvolverelatedness,semanticsimilarity(Sem-

Sim)forthesestrategiesincludesonlythetaxonomicsimilarityandthenon-taxonomic

relationalsimilaritymeasures,asshownintheequationbelow:

SemSim(w1,w2)=(1−α1)×TaxSim(w1,w2)+α1×RelSim(w1,w2), (22)
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whereα1isthecontributionoftherelationalsimilaritythatovercomesthelimitations

oftheexistingbaselinetaxonomicsimilarity.Thisismeasuredbytheprevalenceofthe

non-taxonomicrelationscommontobothterms,asinthefollowingequation:

α1=
rt∈R(w1)∩R(w2)

P(rt) (23)

Strategy4,ontheotherhand,incorporatestherelatednessintheoverallsemanticsimilar-

ityandrelatednessmeasure.

Strategy1

AsstatedinSection3.4.1,S1considersallnon-taxonomicrelationsandencapsulatestheir

SemICvaluesintoasingleattributeforeachterm,namelySemIC.Theresultsforthis

strategy,aspresentedinFig.3.8,demonstrateslimitedimprovementsacrosstheevalu-

atedbaselinesandgoldstandarddatasets.Forinstance,usingMCgoldstandard,although

ourapproachdemonstratesagainof0.05%withMengasabaseline,itshowsaconsistent

declinewiththetwootherdatasets,especiallywhenusingtheSpearmancorrelation.Sim-

ilarly,with MCgoldstandardusingSecoasabaseline,thegainisapproximately0.06%,

whileitshowsadeclineof0.27%withtheSpearmancorrelation.Examiningthesame

baselinewith WordSimgoldstandarddataset,ourapproachhasapproximately0.64%and

1.10%gainwithboththePearsonandtheSpearmancorrelations,respectively.

ThedeclineinthisstrategyisduetothefactthatexistingtaxonomicIC-basedsim-

ilaritymeasuresrelyontheICoftheLCSofthetwoterms,asshownininTable2.2.

However,non-taxonomicrelationsdonotfollowhierarchicalstructure,andtherefore,tra-

ditionaltaxonomicIC-basedsimilaritymeasuresarenoteffectiveforevaluatingSemIC.

Thiswasthemainmotivationforinvestigatingnewwaysforcomputingrelational-based

similarityinsubsequentstrategies.Furthermore,S1doesnottakeintoconsiderationthe

typeofnon-taxonomicrelationswhencomparingthesemanticICvaluesoftwoterms.

Thus,ignoringanimportantaspectofterms’semantic.
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Strategy2

Strategy1hasclearlyunderminedbaselinessimilaritiesinsteadofimprovingthem.As

discussedinSection3.4.1,S2overcomesthelimitationsofS1byexpandingtheencap-

sulatedSemICofaterm.InsteadofreducingSemICtoasingle-valueattribute,termsare

attributedavectorofrelationtype-basedRICmeasures,eachofwhichrepresentsasingle

relationtype(part-meronym,instance-meronymy,derivation,etc.),asshowninEq.(9).

AsshowninFig.3.9a,withtheexceptionofMTurkdatasetusingSeco,Zhou,Meng,

andśanchez,S2demonstratesaconsistentgainacrossallbaselinesandgoldstandard

datasets.Forinstance,using WordSimgoldstandarddatasetandMengasabaseline,

S1showsadeclineof−0.58%,whileS2showsagainof0.50%
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.Thisremainsconsistent

withthePearsoncorrelationusingtheotherdatasetstoo.However,basedontheSpearman

correlation,asshowninFig.3.9b,althoughthereisanoverallimprovementwithRGand

WordSimgoldstandarddatasets,MCstilldemonstratesadeclinewithmostbaselines.We

believethisisduetothesensitivityoftheSpearmanrankingcorrelationonsuchasmall

dataset,asthesamebaselines,witharelativelylargerdataset(RG),stilldemonstratea

minimalgain.

Figure3.8:Semanticsimilaritygainusingstrategy1
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DespitethedeclineinMCdatasetusingtheSpearmancorrelation,improvementsin

allotherevaluationsmotivatedustogobeyondandexpandeachvectorelementofSemIC

intoexistinginstancerelationsofthattype.ThisisthemainmotivationbehindS3.

Strategy3
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Fig.3.10ashowsthegainofS3usingthePearsoncorrelation.Itcanbeobservedthat

thegainnearlymirrorsS2results.Thiscanbeexplainedbythefactthatonlyasmall

proportionofthedatasetsusedexhibitpairswithcommonrelationsthathavemultiple

instances,asshowninTable3.2.Therefore,theireffectisnotsignificantontheoverall

results. Ontheotherhand,usingtheSpearmancorrelation,asignificantimprovement

canbeobservedforMCandRGdatasetsasshowninFig.3.10b.Thiscanbejustified

bythefactthattheSpearmancorrelation,beingbasedonranking,isverysensitivetothe

sizeofthedatasetused.Forasmalldataset,semanticsimilaritychangestoafewpairs

willsignificantlyimpacttheoverallranking,thusresultinginconsiderableimprovement

tothecorrelation.Inversely,foralargedataset,semanticsimilaritychangestoafewpairs

willnothavethesameimpactontheoverallranking,thusresultinginminorimprovement

Figure3.9:Semanticsimilaritygainusingstrategy2
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Figure3.10:Semanticsimilaritygainusingstrategy3

ofthecorrelation.ThisisclearlyshowninFig.3.10bforMCandRG,whicharesmall

datasetswithonly2pairsaffectedbysemanticsimilaritychanges.However,forWord-

Simdataset,whichincludes342pairs,andonly20pairsaffectedbysemanticsimilarity

change,theimprovementincorrelationisveryminor.

TheonlysurprisingmysteryremainingisadeclineusingtheSebtibaselinewithWord-

Simdataset.Afteranalyzingthebaseline,dataset,andotherliterature[58],weconclude

thatthiscouldbecausedbyasmallsubsetofthedatasetthatisaffectedbySebti’scal-

culationmethod.Thisfindingisconfirmedinanotherliterature[58],noticingsimilar

behaviourofabnormalitywiththesamedataset.ToaddresstheshortcomingsinWord-

Simdataset,weconductedanotherexperimentusingonlyasubsetofthewholedataset,

focusingmainlyonrelevantpairs.Thesearepairswithatleastonecommonrelation

type,oratleastoneconnectedpath,orboth.Inparticular,54pairswereusedtotest

strategiesS1,S2,andS3,and66pairswereusedtotestS4.Theuseofthissemantically

richdatasetshowsconsistentgainacrossS2,S3,andS4ascanbeobservedinFig.3.11.

Ontheotherhand,theinconsistentgaininS1confirmsourinitialobservationforS1,that

semantic-blindcomparisonisnoteffective.
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Figure3.11:SemanticsimilaritygainforallstrategiesusingWordSimrelevantpairs

Strategy4
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AsdescribedinSection3.4.1,S4differsfromthepreviousstrategiesbyincorporatinga

relatednessmeasure,whichisbasedonweightedpathsbetweenterms,asdefinedinEq.

(16).TheoverallsemanticsimilarityandrelatednessmeasurethatwasdefinedinEq.(6),

Figure3.12:Semanticsimilarityandrelatednessgainusingstrategy4
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isexpressedasfollows:

SemSimRel(w1,w2)=(1−α2−β)×TaxSim(w1,w2)+

α2×RelSim(w1,w2)+β×Relatedness(w1,w2), (24)

whereα2andβmeasurethecontributionofrelationalsimilarityandrelatedness,respec-

tively. Notethatα2inEq.(24)isdifferentfromα1inEq.(22),duetotheeffectofthe

relatednessparameterinS4.Theoptimalvaluesforα2andβinS4areempiricallyeval-

uated. Weuseddifferentcombinationsof(α2,β),andwefoundthattheoptimalvalues

acrossalldatasetsandbaselinesareα2=0.12andβ=0.55.

Toteststrategy4withamorerelevantdatasetthatincludesbothsimilarityandrelat-

edness,weusedtheMTurkgoldstandarddataset.Asdescribedinsection3.5.1.1,MTurk

wasbuilttocapturerelatednessmeasurebetweenterms,whichisthemainfocusofstrat-

egy4.BasedontheresultsshowninFig.3.12,thegainsforthisstrategyareconsistent

acrossallbaselinesandgoldstandarddatasets.Forexample,usingSebtiasabaseline,S3

showsadeclinewiththeSpearmancorrelation,whileS4showsover5%ofgain.Also,the

resultsshowbetterperformancewith MTurk,whichisalargerrelatednessdataset,thus

confirmingscalabilityofS4.AsshowninFig.3.12,thehighestgainis12.63%,whichis

achievedbasedonZhoubaselinewith MTurkgoldstandarddatasetusingPearson’scor-

relation.Ontheotherhand,thehighestcorrelationvalueforthesamedatasetisattained

usingCaibaselinewiththepearsoncorrelationof0.8620,seeTable3.3.AsshowninFig.

3.12,theproposedpoly-relationalapproachdemonstratesconsistentimprovementinthe

semanticsimilarityandrelatednessmeasureacrossalldatasets.Theseresultsarecoherent

withthehumanperceptionofsemanticsimilarityandrelatednesswithinthegoldstandard

datasets.

Totesttherobustnessoftheproposedapproach,wefurtherextendedourexperimentto

include WordNet’sexistingsimilaritymeasures[143],whichincludessomecorpus-based

measures,suchasRES[52], WUP[60],andLIN[63],aswellastaxonomic-basedpath

measurePATH[59].Furthermore,wecomparedourapproachwiththestateoftheart

KnowledgeGraphEmbeddingsemanticsimilaritymodelsimplementedin[71]. Weused

theimplementationprovidedin[71]totrainthreemodels(TransE,TransH,andTransG)
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Table3.3:Pearsoncorrelationwithgoldstandardandproposedstrategies

Method MC RG WordSim MTurk

REScorpus 0.8154 0.8475 0.5370 0.7240

WUPcorpus 0.7740 0.8047 0.4256 0.6735

LINcorpus 0.7759 0.7569 0.4376 0.6151

PATHis-a 0.7504 0.7889 0.4295 0.6732

Secograph 0.8943 0.8680 0.3528 0.4534

Zhougraph 0.8429 0.8403 0.3259 0.4414

Sebtigraph 0.8434 0.8577 0.3835 0.4564

Menggraph 0.8563 0.8711 0.3652 0.4702

Caigraph 0.8635 0.8840 0.3856 0.4898

śanchezgraph 0.8950 0.8701 0.3475 0.4489

TransEcorpus 0.8310 0.7737 0.4032 0.4465

TransHcorpus 0.7800 0.8041 0.4097 0.4289

TransGcorpus 0.8102 0.7720 0.3639 0.4083

Strategy1graph(baseline)0.8966(śanchez)0.8841(Cai)0.3864(Cai) 0.4902(Cai)

Strategy2graph(baseline)0.8966(śanchez)0.8854(Cai)0.3894(Cai) 0.4900(Cai)

Strategy3graph(baseline)0.8966(śanchez)0.8854(Cai)0.3894(Cai) 0.4900(Cai)

Strategy4graph(baseline)0.9291(Seco) 0.8953(Cai)0.7079(Seco)0.8620(Cai)

onWordNetandthegoldstandarddatasets.Wehavethenobtainedtheembeddingvectors

foreachtermandcomputedthecosinesimilarityforeachpairofterms.Tables3.3and

3.4displaytheactualPearsonandSpearmancorrelationsbasedonourimplementation

usingWordNet3.0,theKGEfrom[71]andtheNaturalLanguageToolkit(NLTK)[144]

WordNetsimilarityimplementations.Also,thetablespresenttherespectivecorrelations

forthesixexaminedbenchmarks[9,32,33,34,43,65],inadditiontothepoly-relational

approach,showingthebestobtainedcorrelationacrossallbaselinesforeachstrategy.It

canbeseenfromtheresultsprovidedinTables3.3and3.4thattheproposedstrategies

outperformallbaselines.Furthermore,theresultsshowgradualimprovementfromS1
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Table3.4:Spearmancorrelationwithgoldstandardandproposedstrategies

CalculationMethod MC RG WordSim MTurk

REScorpus 0.8028 0.8067 0.6082 0.7020

WUPcorpus 0.7681 0.7766 0.4278 0.7224

LINcorpus 0.7457 0.6952 0.4751 0.6758

PATHis-a 0.7506 0.8002 0.3869 0.7271

Secograph 0.8660 0.7963 0.3308 0.4896

Zhougraph 0.8130 0.7883 0.3232 0.5057

Sebtigraph 0.7781 0.7693 0.3349 0.4762

Menggraph 0.8001 0.7918 0.3205 0.5082

Caigraph 0.8174 0.7981 0.3150 0.5025

śanchezgraph 0.8772 0.7994 0.3195 0.5036

Zhanggraph 0.3480 0.3434 0.1013 0.2195

TransEcorpus 0.8085 0.7236 0.3525 0.4622

TransHcorpus 0.7670 0.7406 0.3728 0.4454

TransGcorpus 0.8342 0.6689 0.3180 0.4203

Strategy1graph(baseline)0.8741(śanchez)0.8001(śanchez)0.3344(Seco)0.5035(śanchez)

Strategy2graph(baseline)0.8741(śanchez)0.8028(Cai) 0.3347(Seco)0.5029(śanchez)

Strategy3graph(baseline)0.8788(śanchez)0.8046(Cai) 0.3347(Cai) 0.5039(śanchez)

Strategy4graph(baseline)0.8917(Seco) 0.8121(Cai) 0.6848(Seco)0.8600(Cai)

toS4,withtheexceptionofS3whenusingthePearsoncorrelation. Thisisjustified

above,whilediscussingtheresultsofS3. Ashighlightedinbothtables,theproposed

methodprovidessignificantimprovementoverallbaselineswithboththePearsonandthe

Spearmancorrelations,thusshowingitssuperiorityoverallothermethods.

Thecomplexityoftheproposedsemanticsimilarityandrelatednessalgorithmisde-

pendentontheICfunctionfortheusedbaselineandconcepts’depthinWordNetgraph.

ItshouldbenotedherethatthenumberofrelationtypesintheWordNetgraphisconstant,

andthereforeitdoesnotaffectthecomputationalcomplexityoftheproposedtechnique.

AsshowninEq.6,thecomplexityoftheproposedmethodisgivenbythemaximumcom-

plexityamongthethreealgorithmsusedforcomputingtaxonomicsimilarity,relational-
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basedsimilarityandrelatedness.Thetaxonomicsimilarityandrelational-basedsimilarity

havethesamealgorithmcomplexitysincetheyarebothdependentonthecomputational

complexityoftheconcept’sICvalue.AlthoughtheICfunctionvariesfromonebaseline

toanother,yettheircomplexityislinear,thatisO(n),wherenisthenumberofhierar-

chicalfeaturesusedtocomputetheICvalueforeachbaseline(e.g.hyponyms,siblings,

directhyponyms,depthofconceptsinthegraph)asshowninTable2.1. However,the

complexityoftherelatednessmeasureisO(nm),wherenandm representthenumber

ofpathsandthemaximumpathlengthbetweentwotermsrespectively. Therefore,the

overallcomplexityoftheproposedalgorithmisgivenbyO(mn),whichisconsidereda

reasonablepolynomialcomplexitycomparedtothestateoftheartKGEsemanticsimi-

laritymethods,wheremodelsneedtobetrainedonlargedatasetsusingcomputationally

expensiveneuralnetworkconfigurations.

3.6 Conclusion

Inthischapter,weexaminedtheconceptofsemanticsimilaritybasedontheinformation

contentofterms. Weintroducedanovelapproachthatcanbeappliedtoanyknowledge

domain.Theproposedapproachexploitsbothtaxonomicandnon-taxonomicrelationsto

computeICandSemICofallterms.Theseareemployedatdifferentgranularitylevels

tomeasuresemanticsimilarity.Furthermore,weintroducedanewapproachtomeasure

relatednessbasedonweightedpathsbuiltoutofnon-taxonomicrelations.

Theexperimentalresultsprovethatnon-taxonomicrelationsaddvaluableinformation

totheirassociatedterms,andcontributetodeterminingthesemanticsimilaritybetween

them.Furthermore,itwasshownthatprevalenceofeachrelationtypeisanimportant

ingredientinmeasuringsemanticsimilarityandrelatedness,thusmimickinghumanper-

ception. Therefore,wecanconcludethatnon-taxonomicrelationsplayavitalrolein

determiningdomainspecificsemanticsimilarity.
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Chapter4

Semantic WordSenseDisambiguation

4.1 Introduction

Regardlessofthelanguageused,spokenwordscarryaspecificmeaningthatallowshu-

manstocommunicateandunderstandeachother.Communicationwouldbeconfusingif

thewordsusedinasentencecarrymultiplemeanings,whichcouldbeclarifiedbypro-

vidingadditionalcontext.

Thischapterpresentsthemaintasksofpursuingthe WSDchallenge(Section4.2).

Section4.3presentsindetailstheproposed WSDprocessincludingthenovelSequential

ContextualSimilarityMatrixMultiplication(SCSMM)andback-tracingalgorithms.This

sectionalsoincludesadetailedflowchartoftheproposedsystem.Section4.4presentsa

descriptionoftheleadinggoldstandarddatasetsandathoroughevaluationofthepro-

posedapproach.

4.2 WordSenseDisambiguationTasks

TheresearchcommunityandtheSemEvalInternational WorkshoponSemanticEvalua-

tion1describedtwomaintasksfor WSD.Thesetasksare:LexicalSample(LS)andAW.

1Currentworkshopwebsite:http://alt.qcri.org/semeval2020/
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Themaindifferencebetweenthetwoisthenumberoftargettermstobedisambiguated

withinasentence,moredetailsasfollows:

LexicalSample(LS) :Thisis mostlyappliedbysupervisedapproaches,wherethe

systemisrequiredtodisambiguateasmallsetofpredefinedambiguouswords,typically

onetargetwordpersentence,withtherestofthewordsprovidingacontext. Having

onlyonetargetwordpersentencesimplifiesthesupervisedclassificationtask;hencesuch

approaches,ingeneral,achievehigheraccuracy,astheyarefocusedonasingleclasswith

abroadercontext.

All-Words(AW) :Thistaskassumesopen-classwordsandasmallercontext. The

objectiveistodisambiguateallopenwordswithinasentence,leavingasmallerconcrete

context.Supervisedsystemsmaysufferwhilesolvingthistaskduetoalackofasense-

annotatedtrainingdatasetcoveringafulllexicon. Ontheotherhand,otherapproaches,

specificallyknowledge/dictionary-basedapproaches,aremoresuitableforthistasksince

theycanexploitafulllexiconknowledgebaseondemandwithverylittleornoprior

training[37].

AlthoughAWisconsideredamorerealistictasktoevaluate,yet,producingatrain-

ingcorpusforaLStaskismucheasier;sincehumanannotatorshavetoreadthesenses’

definitionsonceforablockofinstancesforthesametargetword.Ontheotherhand,to

produceatrainingcorpusforAWtask,humanannotatorshavetoreadthedefinitionsfor

eachwordinthesequencewitheveryannotatedsense. Nonetheless,veryfewdatasets

havebeensense-annotatedforAW WSDtask,andonlyoneismanual. Besides,more

gold-standardevaluationdatasetshavebeenpresentedthroughtheSensEval/SemEvalin-

ternationalworkshopfrom1998todate.Section4.4.1.1presentsthesedatasetsinmore

detail.
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4.3 Proposed Method

Thissectionpresentsanovel,context-aware WSDalgorithmbasedonaKGsemantic

similarityandrelatednessmeasure. Ourmainintuitionisderivedfromthebrain’sbasic

stepstoanalyzeanddisambiguatewordsincontext(i.e.,sentence,document).

AsdescribedinSection2.3.4,fourmainelementsareessentialfordisambiguating

wordswithinasentence. Theseare(i)thesequenceofthetermswithinthesentence;

(ii)theconnectivitybetweenvariousconcepts(i.e.,senses)ofambiguousterms;(iii)a

basicheuristicknowledgeofeachtermanditsvariousconcepts(i.e.,senses);and(iv)

thebroadercontextofthedocument. Thesedesignelementsareincorporatedintothe

proposed WSDalgorithm.

4.3.1 SystemFlowchart

Fig.4.1describesthemaintasksoftheproposed WSDmethod,startingfromparsingthe

XMLcontentofthedatasetandtheNLPpreprocessingtasks,followedbytheconstruction

ofdocument’scontext.Thedocumentcontextconsistsofallcontextwordswithineach

document(termswithasinglesense)thathavenonzeroTF-IDFvalue.Then,thethree

main WSDprocesses,whichmakeupthe WSDalgorithm,areexecutedforeachsentence

inthedocument. ThesearetheconstructionofContextualSimilarity Matrix(CSM)s

queue,followedbythemainSCSMMalgorithm,andfinallytheidentificationofthemost

contributingsensestotheglobalcontextintheback-tracingalgorithm.Inthecaseswhere

thereisanyambiguoustermsleft,thecarry-forwardprocessisexecutedtodisambiguate

them.

4.3.2 WSDAlgorithm

Thecomplete WSDprocess,asdescribedinAlgorithm2,consistsoftheCSMqueue

construction,anovelSCSMMandaback-tracingalgorithmsforanAW WSDtask.The

proposedmethodfollowsaknowledge-basedapproachusing WordNetasasensedic-
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Figure4.1:FlowchartfortheproposedWSDalgorithm
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tionaryandthemainknowledgeresource. Beforestartingthe WSDprocess,standard

NLPpreprocessingstepstakeplace,suchassentencetokenization,stop-wordsremoval,

lemmatization,andPOStagging.

Algorithm2:WSDAlgorithmUsingSCSMM

Input:S:Sentencewithlistofambiguouswords

Output:Ŝ:Sentencewithannotatedsense

1 DataStructures:

2 CSMQue:ContextualSimilarityMatricesQueue

3 MtxProductStack:AStackfortheproducedmatricesresultingfromthe

productofconsecutivematrices

4 fori← 0to(|TermsOf(S)|−1)do

5 CSMQue
Enqueue

←−−−−− CallgetSemSimMatrix(Si,Si+1)

6 MtxProductStack ← CallSCSMM(CSMQue)

7 Ŝ← CallBMCC(MtxProductStack)

Beforedelvingintothealgorithm,thenextsectionpresentsthecorecomponentsthat

constructtheCSM;thesearethesemanticsimilarity,senseheuristics,anddocumentcon-

text.

4.3.2.1 CSMCoreComponents

ThesimilaritymatrixalgorithmdescribedinAlgorithm3employstheaforementioned

semanticsimilarityandrelatednessmeasureasthesimilaritymeasurebetweenthesenses

ofeverytermanditsconsecutivetermSCM(ti,ti+1).Thelocalcontextgeneratedbythe

consecutiveterms’similaritiesisthencomplementedbytheheuristicofeachsenseand

theglobalcontextfromthedocumentcontextsimilarity.Asaresult,eachcellintheCSM

matrixresemblesthelocalcontext,priorknowledge,anddocumentcontext,seelines7-9

inAlgorithm3.
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Algorithm3:GetSemanticSimilaritymatrixmethod

Input:Prterm:Firstterm

Crterm:Secondterm

Output:SimMtx:SimilarityMatrix

1 DataStructures:

2 CSM:ContextualSimilarityMatrix

3 Initialization:

4 CSM← NewMatrix[|Sense(Prterm)|][|Sense(Crterm)|]{0}

5 foreachsi∈Sense(Prterm)do

6 foreachsj∈Sense(Crterm)do

/* Get the Semantic Similarity and Relatedness */

7 CSM[i][j]← SSR(si,sj)

/* Apply heuristics as a weighted frequency of each sense */

8 CSM[i][j]∗=H(si)∗H(sj)

/* Apply document context similarity of each sense */

9 CSM[i][j]∗=DocCtxSim(si)∗DocCtxSim(sj)

10 returnCSM

1-SemanticSimilarity: Asemanticsimilarityandrelatednessmeasurerepresentsa

directandlocalcontextbetweenconsecutiveterms.Themainideaistofindthemaximum

pairwisecontextbetweensensesofthetwoconsecutiveterms. However,itispossible

tohavemorethanonelocalcontextfromtwowordsbasedonthecombinationoftheir

senses.Variousknowledge-basedsemanticsimilarityandrelatednessmeasureshavebeen

evaluatedinordertodeterminethebestsimilarity measureforouralgorithm. These

measuresarepresentedinSection2.2.1and[119]. Wefurtherevaluatethesemeasuresin

Section4.4.3.

2-SenseHeuristics: Inadditiontothesemanticsimilaritybetweensenses,eachsense

hasheuristicinformationthatreflectsitsusedfrequency.Theseheuristicsareobserved

fromtheavailabletrainingdatasets;SemCorandOMSTI.Theheuristicfunctionisbased
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onthesensesfrequencydistributionwithinthetrainingdataset. Moreformally,foraterm

withathasasetofsenses{S},andasensesij,1≤ j≤|S|,theheuristicfunctionis

describedasbelow:

H(sij)=






P(sij|wi) ,sij∈{S}

1
Count(wi)

,sij/∈{S}

1 ,wi/∈{W}

, (1)

whereP(sij|wi)istheconditionalprobabilityofthesensesijgivenitstermwi,thatis

computedbasedontheirrespectivecountswithinthedatasetasfollows:

P(sij|wi)=
Count(sij)

Count(wi)
(2)

Notethatifthetrainingdatasetdoesnotcontainthetermwi,itsheuristicissettoone,

anditwillnotaffectthesimilaritymatrix.

3-DocumentContext: Asdescribedinthesemanticsimilarity, multiplesense-pairs

mighthavehighsimilarityindicatingvariouscontexts.Todeterminetheappropriatecon-

textinthesentence,wecrosscheckeachsensewiththedocumentcontextobtainedfrom

allnon-ambiguoustermsinthedocument.Formally,foragivendocumentwithsetsof

ambiguousandnon-ambiguous(context)termsD={{A}∪{C}},andeachambiguous

termwi(wi∈{A})hasasetofsenses{Swi
},thenthesensesij(sij∈Swi

)hasacon-

textsimilarityweightweightCtxD(sij|C)withthedocumentcontextCexpressedasthe

averagesimilaritywithallcontexttermsck∈{C}asdepictedintheequationbelow:

weightCtxD(sij|C)=
1

|C|
×

ck∈C

simjcn(sij,ck) (3)

IllustrativeExample: Considerthesentence“I’mwalkingtothebank”,withthetwo

ambiguouswords‘walk’and‘bank’.Thesimilaritymatrix,Table4.1,showshighsimi-

laritiesbetweenthesensepairswalk9
v−bank3

n,andwalk7
v−bank2

nof0.092and0.077,
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respectively.Theserepresentalocalcontextforeachpairofsenses.Formoredetailsof

thesesensesandtheirdefinitions,seeFig.4.2.

Table4.1:Similaritymatrixbetweentermswalkvandbankn

bank1bank2bank3bank4bank5bank6bank7bank8bank9bank10

walk1 0.051 0.053 0.047 0.045 0 0 0 0 0 0

walk2 0.048 0.044 0.044 0.037 0 0 0 0 0 0

walk3 0.069 0.072 0.063 0.059 0 0 0 0 0 0

walk4 0.042 0.039 0.039 0.033 0 0 0 0 0 0

walk5 0.069 0.072 0.063 0.059 0 0 0 0 0 0

walk6 0.065 0.068 0.060 0.056 0 0 0 0 0 0

walk7 0.067 0.077 0.061 0.058 0 0 0 0 0 0

walk8 0.066 0.075 0.061 0.058 0 0 0 0 0 0

walk9 0.088 0.069 0.092 0.055 0 0 0 0 0 0

walk10 0.065 0.063 0.059 0.053 0 0 0 0 0 0

Foroursystemtodisambiguatesuchasmallsentencewithnoadditionalcontext,it

reliesonlyonthesemanticsimilarity.Therefore,thesenseswalk9vandbank
3
nwouldbe

selectedsincetheyhavethehighestsimilarityof0.092comparedtoallothercombina-

tions.However,whenaddingheuristics,theresultschangecompletelytowardsanother

pairwalk1vandbank
2
nwiththehighestsimilarityof0.0236.Intuitively,peoplewould

thinkthatthefirstmeaningofwalk(walk1v)andoneofthefirsttwosensesofbankwould

bemoremeaningfulcontextsthantherest.ThisintuitionisclearlyvisibleinTable4.2

withthetoptwosensesofbank(bank1nandbank
2
n).Notethattheheuristicweightsfor

walk1vis0.9,andforbank
1
nandbank

2
nare0.35and0.5,respectively.Heuristicswere

computedusingbothofSemCorandOMSTIdatasets.

Finally,ifwelearnadditionalcontextaroundthesentence,suchasnon-ambiguous

termswithinthesamedocument(i.e.,river),ourbrainwillshifttowardsamoreconcrete

contextbasedonthedocument’smaintopic,andthusdoesoursystem.Thefirstsense

willhavehighersimilaritythanthesecondone,withthefirstsensewalk1vof0.153and
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WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: walk Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) walk, walking (the act of traveling by foot) "walking is a healthy form of
exercise"
S: (n) base on balls, walk, pass ((baseball) an advance to first base by a batter who
receives four balls) "he worked the pitcher for a base on balls"
S: (n) walk, manner of walking (manner of walking) "he had a funny walk"
S: (n) walk (the act of walking somewhere) "he took a walk after lunch"
S: (n) walk, walkway, paseo (a path set aside for walking) "after the blizzard he
shoveled the front walk"
S: (n) walk (a slow gait of a horse in which two feet are always on the ground)
S: (n) walk of life, walk (careers in general) "it happens in all walks of life"

Verb

S: (v) walk (use one's feet to advance; advance by steps) "Walk, don't run!"; "We
walked instead of driving"; "She walks with a slight limp"; "The patient cannot walk
yet"; "Walk over to the cabinet"
S: (v) walk (accompany or escort) "I'll walk you to your car"
S: (v) walk (obtain a base on balls)
S: (v) walk (traverse or cover by walking) "Walk the tightrope"; "Paul walked the
streets of Damascus"; "She walks 3 miles every day"
S: (v) walk (give a base on balls to)
S: (v) walk (live or behave in a specified manner) "walk in sadness"
S: (v) walk (be or act in association with) "We must walk with our dispossessed
brothers and sisters"; "Walk with God"
S: (v) walk (walk at a pace) "The horses walked across the meadow"
S: (v) walk (make walk) "He walks the horse up the mountain"; "Walk the dog twice
a day"
S: (v) walk, take the air (take a walk; go for a walk; walk for pleasure) "The lovers
held hands while walking"; "We like to walk every Sunday"

WordNet Search - 3.1
- WordNet home page - Glossary - Help

Word to search for: bank Search WordNet

Display Options: (Select option to change)  Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Display options for sense: (gloss) "an example sentence"

Noun

S: (n) bank (sloping land (especially the slope beside a body of water)) "they pulled
the canoe up on the bank"; "he sat on the bank of the river and watched the
currents"
S: (n) depository financial institution, bank, banking concern, banking company (a
financial institution that accepts deposits and channels the money into lending
activities) "he cashed a check at the bank"; "that bank holds the mortgage on my
home"
S: (n) bank (a long ridge or pile) "a huge bank of earth"
S: (n) bank (an arrangement of similar objects in a row or in tiers) "he operated a
bank of switches"
S: (n) bank (a supply or stock held in reserve for future use (especially in
emergencies))
S: (n) bank (the funds held by a gambling house or the dealer in some gambling
games) "he tried to break the bank at Monte Carlo"
S: (n) bank, cant, camber (a slope in the turn of a road or track; the outside is higher
than the inside in order to reduce the effects of centrifugal force)
S: (n) savings bank, coin bank, money box, bank (a container (usually with a slot in
the top) for keeping money at home) "the coin bank was empty"
S: (n) bank, bank building (a building in which the business of banking transacted)
"the bank is on the corner of Nassau and Witherspoon"
S: (n) bank (a flight maneuver; aircraft tips laterally about its longitudinal axis
(especially in turning)) "the plane went into a steep bank"

Verb

S: (v) bank (tip laterally) "the pilot had to bank the aircraft"
S: (v) bank (enclose with a bank) "bank roads"
S: (v) bank (do business with a bank or keep an account at a bank) "Where do you
bank in this town?"
S: (v) bank (act as the banker in a game or in gambling)
S: (v) bank (be in the banking business)
S: (v) deposit, bank (put into a bank account) "She deposits her paycheck every
month"
S: (v) bank (cover with ashes so to control the rate of burning) "bank a fire"
S: (v) count, bet, depend, swear, rely, bank, look, calculate, reckon (have faith or
confidence in) "you can count on me to help you any time"; "Look to your friends for
support"; "You can bet on that!"; "Depend on your family in times of crisis"

(a)Verbsensesforthetermwalk

(b)Nounsensesforthetermbank

Figure4.2:Definitionsfortheterms‘walk’and‘bank’inWordNet
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Table4.2:Similaritymatrixwithheuristicsbetweentermswalkvandbankn

bank1 bank2 bank3 bank4

walk1 0.0158 0.0236 0.0021 0.0010

walk2 0.0003 0.0004 0.0000 0.0000

walk3 0.0004 0.0006 0.0001 0.0000

walk4 0.0001 0.0001 0.0000 0.0000

walk5 0.0001 0.0002 0.0000 0.0000

walk6 0.0001 0.0002 0.0000 0.0000

walk7 0.0001 0.0002 0.0000 0.0000

walk8 0.0001 0.0002 0.0000 0.0000

walk9 0.0002 0.0002 0.0000 0.0000

walk10 0.0001 0.0002 0.0000 0.0000

0.151,respectively.Thefinalcorrectsensesinthiscasewouldbewalk1vandbank
1
n.On

theotherhand,ifthedocumentcontainedmorefinancialterms(i.e.,centralbank),the

othersensewouldbeselected.Basedontheabove,weemployedthedocument’scontext

similarity,whichimprovestheoverallsimilaritybetweenthesenses.

4.3.2.2 SequentialContextualSimilarityMatrixMultiplicationAlgorithm

OnceallCSMsareconstructedforthesentence,theWSDalgorithmstartsbybuilding

asimilaritymatrixqueue(CSMQue)fromallCSMs,maintainingtheirsequence,see

Algorithm2lines4-5.Line6inthealgorithmgeneratesthefinalmatrixbasedonthe

sequentialmultiplicationofthematricesaspresentedintheSCSMMalgorithm(Algo-

rithm4).Fig.4.3illustratesthesequentialmultiplicationprocessoftheconsecutivelocal

CSMsforasamplesentencewithfourambiguouswords.Finally,thealgorithmapplies

aback-tracingprocesstodeterminethemostcontributingsensestothemaximumglobal

context.Next,wedescribeindetailtheSCSMMalgorithmfollowedbytheback-tracing

algorithm.
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Algorithm4:SequentialContextualSimilarityMatrixMultiplication

Input:CSMQue:ContextualSimilarityMatricesQueue

Output:MtxProductStack:Astackstorestheproductofconsecutivematrices

1 DataStructures:

2 Prmatrix:Storesthepreviousmatrix

3 Crmatrix:Storesthecurrentmatrix

4 MtxProductStack:Astackstorestheproductofconsecutivematrices

5 Initialization:

6 Prmatrix
Dequeue

←−−−−− CSMQue

7 MtxProductStack
Push

←−−− Prmatrix

8 whileCSMQue=Emptydo

9 Crmatrix
Dequeue

←−−−−− CSMQue

10 MRes ← Prmatrix ·Crmatrix

11 MtxProductStack
Push

←−−− MRes

12 Prmatrix ← Crmatrix

Result:MtxProductStack

Similarity Matrices Multiplication: OnceallCSMsareconstructedbetweenconsec-

utiveterms(seeFig.4.3,matricesM1,M2,andM3),thematrixmultiplicationalgorithm

(Algorithm4)startsbymultiplyingM1andM2,thentheresultingmatrixM4ismultiplied

by M3,andsoon.Thesequentialmultiplicationofmatricesguaranteesaglobalcontext

acrossallwordswithinthesentence.Italsoguaranteesthemaximumcontextvaluewhile

maintainingtheorderofthetermswithinthesentence.Theorderofwordsinasentence

iscriticaltobetterunderstandanddisambiguatethesentence.Finally,startingwiththe

latestproducedmatrix,theback-tracingalgorithmtracesbackallsensesthatcontributed

tothemaximumglobalcontext.

Back-TracingSenses: ThefinalstepoftheSCSMMalgorithmistheback-tracingstage

(Algorithm2line7).Inthisstage,weidentifythemostcontributingsensetothesen-

tence’sglobalcontext(Algorithm5).Fig.4.5and4.4illustratetheback-tracingstageas
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Sequential CSM Multiplication
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Figure4.3:SCSMMillustration

follows:theback-tracingstartsbyselectingthemaximumvaluefromthefinalproduced

matrix.Thisvaluerepresentsthemaximumcontextualweightforagivensentence.Then,

thisvalueisdecomposedintoitsrowandcolumnvectorsfromthepreviousmatrixmul-

tiplication.Instepthree,weselectsenseswiththemaximumproduct.Thesearesenses

thatcontributedthemosttotheglobalcontext.Finally,stepstwoandthreerepeatuntil

therearenomoreelementstodecompose.

Asdescribedabove,ouralgorithmisintuitiveanditsresultsareexplicable.Itstarts

withalocalcontext,then,itimprovesthecontextwithheuristicsanddocumentcontext.

Finally,itselectsthemostappropriatesensethatcontributestothemaximumglobalcon-

textwhilemaintainingtermsorder.

4.3.2.3 DocumentCarryForwardTerms

InafewcasesouralgorithmisunabletodisambiguateatermusingtheSCSMMalgo-

rithm.Thiswouldhappenwhereatermhasnolocalcontext(zerosimilarity)withits
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Algorithm5:Back-tracingtheMaximumContextContributingsenses

Input:MtxProductStack:AStackstorestheproductoftheconsecutive

matricides

Output:SensesList:AstockoflistofselectedSenses

1 DataStructures:

2 Prmatrix:Storesthepreviousmatrix

3 Crmatrix:Storesthecurrentmatrix

4 location<r,c,val>:triple<row,col,value>ofthelocationofmaximum

valueinthematrix

5 Initialization:

6 Prmatrix
Pop

←−− MtxProductStack

7 location{r,c,val} ←Max(Prmatrix)

8 whileMtxProductStack =Emptydo

9 SensesList
Push

←−−− Sense(c)

10 Crmatrix
Pop

←−− MtxProductStack

/* The index of column that contribute the most to the context */

11 c← Max({RowCr.ColPr})

12 location←{r,c,val}

13 Prmatrix ← Crmatrix

14 SensesList
Push

←−−− Sense(c)

15 SensesList
Push

←−−− Sense(r)

16 returnSensesList

surroundingterms.Insuchcases,wefirstattempttodisambiguatethetermusingitssen-

tenceasacontext,includingallrecentlydisambiguatedterms.Thenweselectthesense

thathasthemaximumsimilaritywiththesentencecontext.However,ifatermstillcannot

bedisambiguatedwithinitsownsentence,then,thetermiscarriedforwardtobedisam-

biguatedaftertheentiredocumentisprocessed.ThesetermsarereferredtoasDocument

CarryForward(DocCF)terms.DocCFareprocessedafterallsentenceshavebeendisam-

biguatedtoprovideamaximumcontextfortheseterms.ForeachDocCFterm,thesense
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Backtracking Maximum Context Contributors
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Figure4.4:SCSMMback-tracingillustration

Figure4.5:SCSMMback-tracingsteps

withthemaximumaveragesimilaritywithalltermsinthedocumentisselected.
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4.4 EvaluationandExperimentalResults

4.4.1 ExperimentalSetup

WecomparedtheresultsofourproposedSCSMM-WSDapproachtothestate-of-the-art

systemsbasedonwell-knownevaluationdatasets. Wealsoemployedthecommonlyused

trainingdatasetinthisfieldtoobtainsenseheuristic. Wehavealsocomparedourap-

proachtothebaselineapproachesrepresentedbyselectingthefirstsensein WordNetand

theMFSusingbothtrainingdatasets.Toobtainheuristics,weretrievedthesenses’anno-

tationsfromtheSemCorandOMSTItrainingdatasets(seeSection4.4.1.1).TheSemCor

annotationsareavailableaspartoftheSemCorinstallationpackageinthe‘cntlist’file,

andtheOMSTIannotationswerepreloadedtotheSQLdatabasefromthe‘keys’file

downloadedfrom[123]2.

4.4.1.1 TrainingDatasets

Thetwolargesense-annotatedcorpora(SemCorandOMSTI)havebeenusedbymany

supervisedapproachesintrainingtheirmodels.Bothdatasetsaretaggedwith WordNet

senses.Oneofwhichismanuallyannotated,whiletheotherisautomatic.

•SemCor[14]:SemCorisamanuallyannotatedcorpusextractedfromtheoriginal

Browncorpus.ThedatasetisannotatedwithPOS,lemmas,andwordsensesbased

on WordNetKG.SemCorconsistsof352documents:186documentsincludetags

forallPOSwords(nouns,verbs,adjectives,andadverbs),whiletheremaining166

containtagsonlyforverbs.Thetotalnumberofsenseannotationsinalldocuments

is226,040. Toourknowledge,SemCoristhelargestmanuallyannotatedcorpus

with WordNetsensesandisthemaincorpususedinvariousliteraturetotrainsu-

pervised WSDsystems[103,145].

•OMSTI[15]:OMSTIisanautomaticallysense-annotatedcorpuswithsensesfrom

the WordNet3.0. Asthenamesuggests,itcontainsonemillionsense-annotated

2http://lcl.uniroma1.it/wsdeval/home
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instances.Toautomaticallytagsenses,OMSTIusedanEnglish-Chineseparallel

corpus3withanalignment-basedWSDapproach[16].OMSTIhasalreadyshown

itspotentialasatrainingcorpusbyimprovingtheperformanceofsupervisedsys-

tems[15,104].

4.4.1.2 EvaluationDatasets(GoldStandard)

Acomprehensiveevaluationframeworkhasbeenpresentedin[123]withtheintegration

oftheprimary WSDdatasets. ThesedatasetswerepresentedaspartoftheSemEval

InternationalWorkshoponSemanticEvaluation4betweentheyearsof2002-2015.The

frameworkincludeddatasetsfromfivemaincompetitions,aspresentedinTable4.3.

Table4.3:SensEval/SemEvalevaluationdatasets

Dataset Task #ofSenses

Name Method NN V Adj Adv Total

SensEval2(SE2)[146] LS,AW 1066 517 445 254 2282

SensEval3(SE3)[147] LS,AW 900 588 350 12 1850

SemEval-07(SE07)[148] LS 159 296 - - 455

SemEval-13(SE13)[149] LS,AW 1644 - - - 1644

SemEval-15(SE15)[150] LS,AW 531 251 160 80 1022

Wefurtheranalyzedthedatasetstodeterminetheaveragesentencesize,contextsize,

andtheambiguityratewithineachdataset.Table4.4depictsthestatisticsforeachdataset.

Theaveragesentencesizeiscalculatedbasedonthenumberofannotatedterms/processed

sentence.Somesentencesdonotcontainanyterms;hencetheyareomitted.Thecontext

sizeismeasuredbythenumberoftermsthathaveasinglesense,henceunambiguous

terms.Finally,thepercentageofambiguityiscomputedbasedonthenumberofam-

biguoustermstothetotalnumberofterms.Forexample,SemEval-07hasthehighest

ambiguityrateof94%,withonly26outof455termsthatarenotambiguous(onlyone

3http://www.euromatrixplus.net/multi-un/
4Currentworkshopwebsite:http://alt.qcri.org/semeval2020/
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sense)andthesmallestaveragesentencesizewithonly,onaverage,threeterms/sentence.

Notethattheambiguityrateisinverselycorrelatedwithcontextsize,whichcoulddegrade

thedisambiguationscore,aspresentedintheresultsinSection4.4.5.

Table4.4:StatisticsofWSDgoldstandarddataset

Criteria SE2 SE3 SE07 SE13 SE15

#Doc 3 3 3 13 4

#Sent* 242 297 120 301 133

#Terms 2282 1850 455 1644 1022

AvgSentSize 9 6 3 5 7

Singlesense 442 311 26 348 189

Ambiguityrate 81% 83% 94% 79% 82%

Furthermore,outofthoseambiguousterms,Table4.5depictsthegranularitylevelfor

eachPOSonalldatasetscombined.Thegranularitylevelreflectstheaveragenumber

ofsensesforeachterm.Thegranularitylevelnegativelyimpactsdisambiguationperfor-

mance.Havingahighgranularitylevelmakesthedisambiguationdecisionverydifficult

evenforhumans,explainingtherelativelylowinter-agreementscorebetweenannotators.

Theannotators’inter-agreementscorerangesbetween72%to80%onAWtask.The

averagegranularitylevelforverbsisthehighestcomparedtoallotherPOS;onaverage,

eachverbtermhas10.95sensescomparedto5.71,4.7,and4.4sensesforthenouns,

adjectives,andadverbs,respectively.Thefourthrowpresentsthemaximumnumberof

senseswithineachPOS,wherethemaximumnumberofsensesinverbsreachesupto59,

comparedto33,21,and13sensesforthenouns,adjectives,andadverbs,respectively.

Bothnounsandverbsarehighlygranular,explainingmostsystems’resultsasdescribed

laterinSection4.4.5.ThemodeandmedianalsoexplaintheresultsinSection4.4.5,as

mostambiguousverbshavefoursensescomparedtotwosensesinallotherPOS.
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Table4.5:Ambiguoustermsstatisticsforallgoldstandarddatasets

Noun Verb Adjective Adverb

#ofterms 4300 1652 955 346

#ofambiguous 3442 1555 732 208

Averagegranularity 5.7 11.0 4.7 4.4

Max#senses 33 59 21 13

Mode 2 4 2 2

Median 5 7 4 3

4.4.2 EvaluationMetric

ThreemainmetricsareusedtoevaluateanyWSDsystemperformance:Precision,Recall,

andF1-score.ThesemeasuresarecommonlyusedintheIRfield.Assuming,withina

dataset,thereisasetofmanuallyannotatedtestwordsT=(w1,...,wn),andforany

system,thesetofallevaluated/retrievedwordsisrepresentedasE=(w1,...,wk):k<=

n,andthesetofcorrectlyevaluatedwordsC=(w1,...,wm):m<=k.Thenwecan

evaluatethesystemasfollow:

•Precision:thepercentageofcorrectlyidentifiedwordsgivenbythesystem:

P=
Numberofcorrectwords

Numberofevaluatedwords
=
m

k
, (4)

wherek=|E|thetotalnumberofevaluatedwords,andm=|C|thetotalnumber

ofcorrectlyevaluatedwords.

•Recall:thepercentageofcorrectlyidentifiedwordsgivenbythesystemoutofall

testwordsinthedataset:

R=
NumberofCorrectwords

Numberoftestwords
=
m

n
, (5)

wheren=|T|thetotalnumberofevaluatedwords,andm=|C|thetotalnumber

ofcorrectlyevaluatedwords.IfasystemisabletoevaluateeverytestwordinT,

then,wecansaythatthesystemhasa100%coverage,hence,P=R.
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•F1-score:isabalancedFα-scorewhereα=0.5.TheF1-scoreisgivenbythe

followingequation:

F1-score=
2PR

P+R
(6)

ThegeneralFα-scoremeasuresthetrade-offbetweentheprecisionandrecallas

follow:

Fα-score=
1

α1
P
+(1−α)1

R

(7)

4.4.3 EvaluatedSemanticSimilaritymeasures

Inthissection,wepresentvarioussemanticsimilarityandrelatednessmeasuresthathave

beenevaluatedinourexperiment.Thesimilaritymeasurewiththebestperformanceis

employedtoconstructthesimilaritymatrixforouralgorithm,asshowninAlgorithm3,

Line7.Thesemeasureshavebeendiscussedindetailin[119].Table4.6depictsthe

performanceofthetopfourmeasures(LCH,WUP,JCN,andPATH)onalldataset.As

shownintheseresults,theJCNmeasureprovidesthebestWSDperformanceacrossall

datasets. TheonlyexceptionisonSemEval2013(SE13)wherebothPATHandLCH

outperformedJCN.However,usingthecombineddatasets,JCNoutperformedallother

methods.Hence,itisthemeasureusedinourSCSMMalgorithm.

Table4.6:F1-scorefortopfoursemanticsimilarityandrelatednessmethods

SSR SE2 SE3 SE07 SE13 SE15 All

LCH 72.51 69.89 61.01 64.42 66.29 67.67

WUP 73.17 68.78 62.89 63.56 66.48 67.37

JCN 78.14 72.67 64.78 63.44 68.38 69.67

PATH 73.17 70.11 61.01 64.66 66.29 67.98

ItisworthpointingthatwehaveevaluatedourPR-SSRfromthefirsttaskwitha

smallsubsetoftheSemCordataset(30sentences).However,duetotheWordNetversion

differencebetweenthefirstandsecondtasks’implementations,wehadrunintoamanual

mappingofconceptsfromWordNet3.0(inthesecondtask)andWordNet3.1(inthefirst
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task).Therefore,tofocusonthe WSDalgorithm,weappliedtheSSRmeasuresthatare

partofthe WordNet::Similaritylibrary[143].Asidefromtheimplementationlimitation,

therearenotheoreticalblockstopreventusfromexploitingthebenefitsoftheproposed

PR-SSRtoimprovetheSCSMMalgorithm. Aspointedinthelastchapter,complete

integrationofthetwotasksispartofthefutureworkswhichwouldlikelybenefitthe

WSDsystem.

4.4.4 Implementation

Fig. 4.6describesthearchitecturefortheproposed WSDsystem. The WSDsystem

isbuiltbasedonthe WebAPIarchitecture,whichincludescontrollersandmodels. We

furtherextendthearchitecturetoprovideseparateservicescomponentthathandlesthe

main WSDsystemlogic.Thearchitectureconsistsoftwo WebAPIsystems:theWSD

APIandthePyNLTKAPI.TheWSDAPI isresponsibleforthecore WSDalgorithm,

whilethePyNLTKAPIisresponsibleforanyNLPprocessingtasks,includingthegloss-

basedsimilarity(i.e.,Lesk).

Themain WSDapplicationisaC# WebAPIapplicationwiththreeseparatelayers:

controllers,services,andthe models. ThecontrollershandletheAPIroutingprocess

andtriggertheappropriatesystemlogicfromtheserviceslayer.Inreturn,theservices

componentisresponsibleforimplementingthecore WSDalgorithm.Italsoconnects

withthemodelstoadd,retrieve,andupdatedatafromthedatabase. Furthermore,the

serviceslayerisalsoresponsibleforestablishinganyinternalorexternalAPIcallssuch

asthecallstothePyNLTKAPItoperformanyNLPpre-processingrequiredorthe

callstheBabelNetAPI5toobtainBabeleNetsynsets,whichisrequiredfortheNSARI

embeddingevaluation.

ThesecondPyNLTKAPIapplicationisapython-basedimplementation.Themain

responsibilityofthiscomponentistocomputetext-basedsimilaritymeasures,suchasthe

LESKsimilarity.

5https://babelnet.org/
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Figure4.6:WSDsystemarchitecture

Thedataisretrievedfromthreedistinctsources.ThefirstisanSQLserverdatabase

thatstorestheheuristicsdatasets(SemCorandOMSTI).Thesecondconsistsoffilesys-

temsthatcontainspre-calculatedembeddingvectorsforWordNetKGfromtwoembed-

dingmodels:NASARI[57],andTransEfrom[71].ThefinalistheNLTKcorporaas

partoftheNLTK6package. WeemployedtheBrownandSemCorcorporatocompute

concepts’IC.

Table4.7depictsthemainparametersthatcontroloursystem,wheretherightmost

columnshowstheoptimalconfigurationthatleadstothebestperformance. Notethat

weincludeallPOSintheevaluationforthePOSOFInt.However,sinceadjectivesand

adverbsmerelydescribethenounsandtheverbs,respectively,theyarenotconsidereda

contextinDocCtxPOSparameter.

6https://www.nltk.org/
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Table4.7:ConfigurationparametersfortheSCSMMsystem

Name Description BestConfig.

SSR Semanticsimilarityandrelatednessmeasure JCN

H(x) Heuristicdatasetuseds=SemCor,so=SemCor+OMSTI H(s)

DocCtx DocumentContextusedintheCSMflag True

DocCF Documentcarryforwardflag True

POSOFInt ThelistofPOSofinterestthatarebeingprocessed {n,v,adj,adv}

DocCtxPOS ThelistofPOSusedasinthedocumentcontext {n,v}

4.4.5 ExperimentalResultsandPerformanceAnalysis

Tovalidatetherobustnessoftheproposedmethod,weevaluateditsperformancewith

thefivegoldstandarddatasetspresentedinTable4.3. Wefurtherpresenttheresultsof

thecombineddatasetstodemonstratetheoverallperformanceoftheevaluatedsystems.

TheperformanceismeasuredbytheF1-scorediscussedinSection4.4.2. Wepresent

theproposedSCSMMmethodusingtwoheuristicsdeployments;thefirstusesheuristics

fromtheSemCordataset(Hs),andthesecondusesbothSemCorandOMSTIdatasets
7

(Hso).Inaddition,wepresentthreeadditionalconfigurationsfortheSCSMMalgorithm.

Theseconfigurationsdemonstratetheeffectsofthedocumentcontextanddocumentcarry

forwardontheperformanceoftheproposedalgorithm.

Table4.8depictstheF1-scoreforeachindividualdatasetinadditiontotheoverall

performanceonallfivedatasetscombined.Theresultsofallconfigurationsofthepro-

posedSCSMMalgorithmarecomparedtothecurrentstate-of-the-artknowledge-based

systemspresentedin[28,29,128,131].Inaddition,wepresentthebaselineapproaches

usingWN1stsense,theMFSs,andtheMFSso.

TheproposedSCSMMalgorithmhasthebestperformancewhenthedocumentcon-

textisincludedintheCSM,andwhentheDocCFdisambiguationoptionisenabled.SC-

7The training dataset were downloaded from http://lcl.uniroma1.it/wsdeval/

training-data
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Table4.8:F1-scoreforeachgoldstandarddatasets

System SE2 SE3 SE07 SE13 SE15 All

Leskext 50.6 44.5 32.0 53.6 51.0 48.7

Leskext+emb 63.0 63.7 56.7 66.2 64.6 63.7

UKB 56.0 51.7 39.0 53.6 55.2 53.2

UKBgloss 60.6 54.1 42.0 59.0 61.2 57.5

Babelfy 67.0 63.5 51.6 66.4 70.3 65.5

UKBgloss18 68.8 66.1 53.0 68.8 70.3 67.3

WSD-TM 69.0 66.9 55.6 65.3 69.6 66.9

WN1stsense 66.8 66.2 55.2 63.0 67.8 65.2

MFSs 65.6 66 54.5 63.8 67.1 64.8

MFSso 66.5 60.4 52.3 62.6 64.2 62.8

SCSMMHso 66.9 67.2 55.4 63.0 68.4 65.6

SCSMMHs 68.1 67.2 55.4 63.0 68.4 66.0

SCSMMHs+DocCtx 68.4 66.8 56.9 63.4 69.0 66.2

SCSMMHs+DocCF 68.1 67.1 56.3 63.0 68.7 66.0

SCSMMHs+DocCtx+DocCF 68.9 67.6 57.1 63.5 69.5 66.7

SMMoutperformsallothersystemsontwodatasets,theSE3andSE07,whilematches

theWSD-TMsystemonSE2. WenoticedthatoursystemisoutperformedonSE13,as

itisrankedfifthcomparedtoothersystemsonthesamedatasets. Webelievethisisdue

tothefollowingreasons:(1)Thisdatasetisnotdiverse,asitonlyincludesnouns,while

wenoticedwithotherdatasets;thatvariousPOScontributepositivelytotheoveralldis-

ambiguationalgorithm. However,wecouldnotprovethiscausationduetotheeffects

ofotherfactorsandthelimiteddatasets.(2)Theotherimportantfactoristheaverage

sentencesize,asshowninTable4.4.SE13hasanaveragesentencesizeoffivetermsper

sentence,whichisconsideredasmallsentencesizecomparedtootherdatasets.Theonly

datasetthatfallsbelowthatisSE07,whichisexplainednext.

Finally,theSE07datasethasshownaconsistentdropinperformanceacrossallsys-
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tems. Accordingtoouranalysis,thisdropisduetothreemainreasons.First,thehigh

percentageofverbswithinthisdataset,asverbshaveaveryhighgranularitylevelthathas

aninverseproportionaleffectonthedisambiguationscore(seeTable4.5andFig.4.8).

Second,thedataset’ssmallcontextsize,astheentiredatasetcontainstwonounsand24

verbsasacontext,makingtheSE07datasetthemostambiguousdatasetwitha96%am-

biguityrate(seeTable4.4).Thirdandmostimportantly,theaveragesentencesize.This

datasethasthesmallestaveragesentencesizeofthreetermspersentencecomparedtoall

otherdatasets.Suchasmallaveragesentencesizenegativelyimpactsouralgorithmbe-

causeitidentifiestheglobalcontextbetweenallterms,whichislessaccuratewithsmaller

sentences.

Additionally,Table4.9depictstheF1-scoreofthecombinedfivedatasetsoneach

POS.Ascanbeseenfromtheresults,oursystemoutperformsallothersystemswhen

disambiguatingnounsusingtheSCSMM(Hs+DocCtx+DocCF)withF1-scoreof69.9.This

isduetotheproposedsequentialalgorithmthatcapturesthemaximumcombinationof

thelocalsimilaritieswithineachsentence. Thiscanalsobeexplainedbythefactthat

nounsarestructuredandconnectedwithin WordNetcomparedtoallotherPOS.Notethat

Leskext+embandWSD-TMoutperformsoursystemonverbs.

4.4.5.1 DiscussionofExperimentalResults

Despitethevariousscoresachievedbytheevaluatedsystems,Table4.8showsaperfor-

mancecorrelationacrossallsystems.Theresultsdemonstrateaconsensusonthetopand

worstscoresperdataset.Forinstance,mostsystemsperformbestonSE15andworston

SE07.Basedontheobservationabove,wepresentandanalyzetheeffectofPOSdistri-

bution,granularitylevel,ambiguityrate,andsentencesizeontheperformanceof WSD

systemsingeneralandtheproposedSCSMMalgorithminparticular.

POSDistribution :ThediversityofPOSwithineachdatasetappearstocorrelatewith

theF1-score.Fig.4.7depictstheF1-scoreforourproposedSCSMMalgorithmwiththe

POSdistributionforeachdataset.Asshowninthefigure,SE2andSE15containsimilar
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Table4.9:F1-scoreforeachPOSonallgoldstandarddatasets

System Noun Verb Adj Adv

Leskext 54.1 27.9 54.6 60.3

Leskext+emb 69.8 51.2 51.7 80.6

UKB 56.7 39.3 63.9 44.0

UKBgloss 62.1 38.3 66.8 66.2

Babelfy 68.6 49.9 73.2 79.8

WSD-TM 69.7 51.2 76.0 80.9

WN1stsense 67.6 50.3 74.3 80.9

MFSs 67.6 49.6 73.1 80.5

MFSso 65.8 45.9 72.7 80.5

SCSMMHso 68.2 50.5 74.6 80.1

SCSMMHs 68.9 50.5 74.7 80.1

SCSMMHs+DocCtx 69.8 50.1 73.6 78.6

SCSMMHs+DocCF 68.9 50.8 74.5 80.1

SCSMMHs+DocCtx+DocCF 69.9 51.0 74.7 80.3

POSdistribution,inparticular,theweightsofverbswithinthedatasetshasahigherimpact

ontheperformanceofanyWSDsystem,includingtheproposedalgorithm.SE2andSE15

containalmostthesamepercentageofverbs23%and25%,respectively,andhaveavery

similarF1-score.AsfortheSE3,verbsoccupy32%ofthedataset.Consequently,the

performanceofallsystemshasdeterioratedforthisdatasetcomparedtoSE2andSE15.

Finally,havingverbsoutweighnounsbyalmostdoubleinSE07,allsystemsshowedthe

lowestF1-scoreonthisdatasetcomparedtoallotherdatasets.

Finally,thetriggerdatasetforanalyzingthePOSdistributionisSE13.SE13contains

threeofthebestqualitiesadatasetcouldhave,yet,ithaslowperformancecomparedto

otherdiversedatasets.SE13containsonlynouns,whicharewellstructuredinWordNet,

ithasthelowestambiguityrateof79%asshowninTable4.4,andithasthelowest

granularitylevelof5.9asadataset(seeFig.4.9).Asaresult,weconcludethatadiverse
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Figure4.7:ThedistributionofPOScomparedtoF1-score

distributionofPOSwithinadatasetimprovesourWSDalgorithm.

GranularityLevel :Granularitylevelisoneofthemostapparentfactorsthataffect

theperformanceofanyWSDsystemincludingtheproposedalgorithm.Fig.4.8exhibits

theperformanceoftheproposedsystemandallotherevaluatedsystemscomparedtothe

granularitylevelforeachPOS.Thecolumnsinthefigurerepresentthegranularitylevels,

whilethelinesrepresenttheF1-scorefortheevaluatedsystems.Thefigureclearlyshows

thatthemoregranularsenseswithinPOS,thelowerthesystem’sperformance.Thesame

holdsforthegranularitylevelwithineachdatasetregardlessofthePOSdistribution.Fig.

4.9presentstheF1-scoreforallsystemsoneachdatasetcomparedtothegranularitylevel

ofeachdataset.

Contextvs.AmbiguityRates :BothSE2andSE15havealmostthesamePOSdistri-

butionwithintheirrespectivedatasets(seeFig.4.7)andtheexactsamegranularitylevel
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Figure4.9:ThegranularitylevelofdatasetscomparedtoF1-score

(seeFig.4.9).Ontheotherhand,theotherthreedatasetshavedifferentPOSdistribution

andrelativelyhighergranularitylevel.SowhataretheadvantagesofSE15overSE2that

yieldbetterperformance? Webelievethisisduetothecontextandambiguityrates.The

ambiguityraterepresentsthepercentageofambiguoustermswithineachPOSordataset.

Fig.4.10depictsthePOSdistributionforeachdatasetinadditiontothecontextandam-

biguityrateswithineachPOS.Exceptforthenouns,SE15hasahighercontextratethan

SE2.ThisexplainstheresultsoftheF1-scoreforeachPOSwithinthesetwodatasets.
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Table4.10showstheF1-scoresfortheproposedSCSMM(Hs+DocCtx+DocCF)
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algorithm

foreachPOSonSE2andSE15datasets.Theresultscorrelatewiththecontextandam-

biguityrateswithineachPOS.Forexample,SE2hasahighercontextrateforthenouns

thanSE15;thus,itperformedbetter.Ontheotherhand,SE15performedbetterthanSE2

onallotherPOSduetotheirhighercontextrates.

Figure4.10:DistributionofPOSwith(contexttoambiguous)ratio

Table4.10:F1-scoreforSCSMM(Hs+DocCtx+DocCF)perPOS

Dataset Noun Verb Adjective Adverb

SE2 77.5 43.3 73.0 78.0

SE15 69.5 57.4 80.6 85.0

AverageSentenceSize :Theaveragesentencesizeisthemostimportantfactorthat

affectstheperformanceofourSCSMMalgorithmandothersystems,asitismorechal-

lengingtoextractacontextfromfewerwords.Thesameistrueforalargenumberof

words.TheaveragesentencesizeisshowninTable4.4,whichexplainsthelowerper-
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formanceofSE13comparedtoSE2astheaveragesentencesizeissmallerforSE13.

However,althoughSE15hasasmalleraveragesentencesizethanSE2,itperformedbet-

ter.Thisresultcanbejustifiedbythecontextratefactordiscussedabove,oranindication

ofanoptimalaveragesentencesize.

4.5 Conclusion

Inthischapter,wepresentedanovelknowledge-based WSDapproach.TheproposedSC-

SMM-WSDapproachprovidescomparableresultsandoutperformsmostofthecurrent

state-of-the-artKG-basedsystems. Moreover,weevaluatedtheperformanceofcurrent

WSDsystems,includingourproposed method,onwell-knowngoldstandarddatasets

fromtheSemEvalworkshopseries.Basedonthedatasetsanalysisandthetrendsofthe

evaluatedsystems’results,weconcludethat WSDsystemsareimpactedbythegranular-

itylevelofthedatasetandtheincludedPOS,thediversityofPOSwithinthedataset,the

contexttoambiguityrate,andtheaveragesentencesize.

WebelievethatastheKGsareenrichedwithmorerelationshipsbetweenentities,and

moredomain-basedKGareexploited,knowledgebasesystemswilloutperformother

WSDapproaches.Furthermore,knowledgebasesystemsareintuitive,andtheirresults

areeasilyexplained,understood,andjustifiedbyahuman.
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Chapter5

ConclusionandFuture Work

5.1 Conclusion

Thisthesispresentedanovelsemanticsimilarityandrelatednessmeasure,namelyPR-

SSR,thatcombinedtaxonomicandnon-taxonomicrelations. Ourproposedmeasureis

basedontwonewparametersthatdescribenon-taxonomicrelations.Thefirstisarela-

tion’sIC(RIC)thatquantifiestheamountofinformationexchangedbetweentheconcepts

atbothedgesoftherelation.Thesecondistherelation’sprevalence.Theprevalencemea-

surereflectstheimportanceandrelevancyofarelationwithintheKG. Webelievethatthe

prevalencemeasurecanshowbetterresultsifadomain-specificKGisused.

Theproposedsemanticsimilarityandrelatednesstechniquecanbeappliedtomany

researchdomainssuchasIR,SemanticRecommenderSystems,andNLP.Forexample,in

socialmedia,non-taxonomicrelationsaredominantandcanbeusedtoinfernewinsights

aboutentitiesinthesemanticgraph(i.e.,friends,places,products,andservices).In

aRecommenderSystemsforane-store,productscanbesuggestedtocustomersbased

ontheirsemanticrelationswithotherproducts. SimilaritySearchenginescanbenefit

significantlyfromsuchmeasure,especiallywhenthereexistsasemanticallyrichKG.

However,theproposedsemanticsimilarityandrelatednessapproachhasalimitationin

thesensethatitcannotbeappliedtoaknowledgegraphwithfewornonon-taxonomic
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relations(semantically-poorKG).

InChapter4,weproposedanovelknowledge-based WSDapproachthatfollowsthe

brainintuitionindisambiguatingwordswithinasentence.TheproposedSCSMMalgo-

rithmidentifiessensesthatprovidethemaximumglobalcontextwithinasentence.Unlike

othersystems,ourproposedSCSMMalgorithmexploitsthemeritsoflocalcontext,word

senseheuristic,andtheglobalcontextwhilemaintainingthewordsorder.

Thisthesisalsopresentedadetailedanalysisofthecorefactorsthataffectany WSD

system.ThesefactorsincludethediversityofPOSdistribution,thegranularitylevelof

thedataset,thegranularitylevelofthePOSwithinthedataset,thecontexttoambiguity

rate,andtheaveragesentencesize. Basedonthedatasetsanalysisandthetrendsof

theevaluatedsystems,weconcludethat WSDsystemsareimpactednegativelybythe

granularitylevelofthedatasetandtheincludedPOS.Ontheotherhand,amorediverse

POSwithinthedatasetimprovestheresultsoftheproposed WSDalgorithm.Similarly,

thehigherthecontextrate,thebetterF1-score.Finally,theresultsshowthattheproposed

SCSMMalgorithmcanbenegativelyimpactedbyveryshortsentences(i.e.,lessthan

threewords).

5.2 Future Work

DespitetheimprovementoftheproposedPR-SSRmeasure,ithasamajordependencyon

existingtaxonomicIC-basedmeasuresdenotedbythebaselinespresentedinSection3.2.

Thisdependencyisduetotheusageofexistingtaxonomic-basedsimilaritymeasures.

Asfuturework,thesebaselinescanbeeliminatedtodevelopanewrelatednessmeasure

basedontherelations-ICandprevalenceofbothtaxonomicandnon-taxonomicrelations.

Furthermore,suchanewmeasurecouldpositivelyimpactthe WSDalgorithmwithfull

integrationofthetwotasks,asitprovidesadditionalsemanticrepresentationbetween

terms.Finally,itwouldbeinterestingtoemploybothalgorithms(PR-SSRandSCSMM)

tosolvemorecomplexproblemssuchassemanticsentencesimilarityandtopicdetec-

tion.ThesemanticrepresentationofconceptswithintheKGisanintegralmeasurefor
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semantic-based WSD.Currentknowledge-based WSDmethodsdonotutilizethismea-

suretoitsfullpotential. WebelievethatthisisbecausethecurrentlyavailableKGsare

limitedinsemanticallyrepresentingmanyreal-worldrelationsbetweenconcepts.Hence,

weneedadomain-specificKGinadditiontothecurrentmassiveKG,whichwasbeyond

thescopeofourresearch.

Anotherlimitationoftheproposedalgorithmsisthesemantically-poorKG.Thisis

duetothelackofdomainspecificnon-taxonomicrelations,whichlimitsthecontextu-

alisedconnectionsbetweenrelations,hencethesemanticsimilarityandrelatednessvalue

betweenterms.Toovercomethislimitation,asemanticallyrichdomain-specificKGcan

bedevelopedandincorporatedtoenhanceboththesemanticsimilarityandrelatedness

betweentermsand WSDresults.Finally,theproposedSCSMMmethoddoesnotcapture

theexacttopicofthedocument,butratherutilizesallcontextwordsinthedocumentto

disambiguateterms.Toaddressthislimitation,futureresearchcouldinvestigatetheadap-

tationoftopicmodelingandtextclusteringalgorithmssuchastheLDAalgorithmsused

in[132].
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[3]L.Ehrlingerand W. Ẅoß,“Towardsadefinitionofknowledgegraphs.”SEMAN-

TiCS(Posters,Demos,SuCCESS),vol.48,2016.

[4] M.Barth́elemy,E.Chow,andT.Eliassi-Rad,“Knowledgerepresentationissuesin

semanticgraphsforrelationshipdetection.”inAAAISpringSymposium:AITech-

nologiesforHomelandSecurity,vol.3,2005,pp.91–98.

[5]T.Eliassi-RadandE.Chow,“Usingontologicalinformationtoacceleratepath-

findinginlargesemanticgraphs:Aprobabilisticapproach,”inAmericanAssocia-

tionforArtificialIntelligence,2005.

[6]J.Hebeler, M.Fisher,R.Blace,andA.Perez-Lopez,Semanticwebprogramming.

John Wiley&Sons,2011.

[7] D.ChandrasekaranandV. Mago,“Evolutionofsemanticsimilarity–asurvey,”

arXivpreprintarXiv:2004.13820,2020.

[8] Y.Cai,S.Pan,X. Wang,H.Chen,X.Cai,andM.Zuo,“Measuringdistance-based

semanticsimilarityusingmeronymyandhyponymyrelations,”NeuralComputing

andApplications,pp.1–14,2018.

108



BIBLIOGRAPHY

[9] Y.Cai,Q.Zhang, W.Lu,andX.Che,“Ahybridapproachformeasuringsemantic

similaritybasedonic-weightedpathdistanceinwordnet,”JournalofIntelligent

InformationSystems,vol.51,no.1,pp.23–47,2017.
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