Extended Gloss Overlaps as a M easure of Semantic Relatedness

Satanjeev Banerjee
Carngyie Mellon University
Pittsturgh, PA 15213
sat anj eev. banerj ee@s. cnu. edu

Abstract

This paperpresents newv measureof semantiae-
latednesshetweenconceptsthat is basedon the
numberof sharedwords (overlaps)in their defini-
tions (glosses). This measures uniquein that it
extendsthe glossesof the conceptsunderconsid-
erationto includethe glossesof otherconceptgo
whichthey arerelatedaccordingo agivenconcept
hierarcly. We shav thatthis new measureeason-
ably correlatego humanjudgments.We introduce
anew methodof word sensalisambiguatiorbased
on extendedglossoverlaps,anddemonstrat¢hatit
fareswell onthe SENSEVAL-2 lexical sampledata.

1 Introduction

Humanbeingshave aninnateability to determinef two con-
ceptsarerelated. For example, mostwould agreethat the
automotve sense®f car andtire arerelatedwhile car and
treearenot. However, assigninga value that quantifiesthe
degreeto which two conceptsarerelatedprovesto be more
difficult [Miller andCharles,1991l. In part, this is because
relatednesg averybroadnotion. For example two concepts
canbe relatedbecauseneis a moregeneralinstanceof the
other(e.g.,acar is akind of vehiclé or becaus®neis a part
of another(e.g.,atireis apartof acar).

This paperintroducesextendedglossoverlaps a measure
of semanticrelatednesshat is basedon informationfrom a
machinereadabldictionary In particular this measurdakes
advantageof hierarchiesor taxonomiesf conceptsasfound
in resourcesuchasthelexical databas&VordNet[Fellbaum,
1994.

Conceptsare commonly representedn dictionaries by
word sensesgachof which hasa definition or gloss that
briefly describests meaning. Our measuredetermineshow
relatedtwo conceptsare by countingthe numberof shared
words (overlaps)in the word sense®f the conceptsaswell
asin the glossesf wordsthat arerelatedto thoseconcepts
accordingto the dictionary Theserelatedconceptsare ex-
plicitly encodedin WordNetas relations,but can be found
in ary dictionaryvia synoryms, antoryms, or also-segefer
enceprovidedfor awordsenseTo ourknowledge thiswork
representthefirst attemptto definea quantitatve measuref
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relatednesbetweentwo conceptshasedon their dictionary
definitions.

This paperbegins with a brief descriptionof WordNet,
which wasusedin developingour measure.Thenwe intro-
ducetheextendedylossoverlapmeasureandpresentwo dis-
tinct evaluations.First, we conducta comparisorto previous
humanstudiesof relatednesandfind that our measurehas
a correlationof at least0.6 with humanjudgments.Second,
we introduceaword senseadisambiguatioralgorithmthatas-
signsthe mostappropriatesenseto a targetword in a given
contt basedn the dggreeof relatednesbetweerthetamget
andits neighborsWefind thatthistechniquas moreaccurate
thanall but onesystemthat participatedn the SENSEVAL—2
comparatre word sensalisambiguatiorexercise.Finally we
presentan extendedanalysisof our resultsand closewith a
brief discussiorof relatedwork.

2 WordNet

WordNetis alexical databas@hereeachuniquemeaningof
awordis representetly asynorym setor synset Eachsynset
hasa glossthatdefinesthe concepthatit representskor ex-
amplethewordscar, auto automobile andmotorcar consti-
tute a single synsetthat hasthe following gloss: four wheel
motor vehicle usually propelledby an internal comhustion
engine Marny glosseshave examplesof usagesassociated
with them,suchas“he needs car to getto work?

Synsetsare connectedo eachother through explicit se-
manticrelationsthataredefinedin WordNet. Theserelations
only connectword senseghat are usedin the samepart of
speech. Noun synsetsare connectedo eachotherthrough
hypernymhyponymmeionym andholonymrelations.

If anounsynsetA is connectedo anothemounsynsetB
throughthe is—a—kind—ofrelationthen B is saidto be a hy-
pernymof synsetB and B a hyponymof A. For example
the synsetcontainingcar is a hyperrym of the synsetcon-
taining hatchbadk and hatchbad is a hyporym of car. If a
nounsynsetA is connectedo anothemounsynsetB through
the is—a—part—ofrelationthen A is saidto be a meonymof
B and B a holonymof A. For examplethe synsetcontain-
ing acceleator is amerorym of car andcar is aholonym of
acceleator. NounsynsetA is relatedto adjectve synsetB
throughthe attribute relationwhen B is a value of A. For
examplethe adjective synsetstandad is a valueof the noun
synsetmeasue.



Taxonomicor is—a relationsalso exist for verb synsets.
Ver synsetA is a hyperrym of verb synsetB if to B is one
wayto A. SynsetB is calledatroponymof A. For example
theverbsynsetcontainingtheword operateis a hyperrym of
drive sinceto drive is oneway to operate.Corverselydrive
is atroporym of operate. Thetroporym relationfor verbsis
analogougo the hypornym relationfor nouns,andhenceforth
we shallusethetermhyporym insteadof thetermtroporym.
Adjective synsetarerelatedto eachotherthroughthesimilar
to relation. For examplethe synsetcontainingthe adjectve
last is saidto be similar to the synsetcontainingthe adjec-
tivedying Verbandadijective synsetsarealsorelatedto each
otherthroughcross—referencalso—sedinks. For example,
the adjectivesaccessibleand corvenientare relatedthrough
also—sedinks.

While thereareotherrelationsn WordNet,thosedescribed
above make up morethan93%of thetotal numberof links in
WordNet. Thesearethe measuresve have emplgyedin the
extendedglossoverlapmeasure.

3 TheExtended Gloss Overlap Measure

Glossoverlapswereintroducedby [Lesk, 1986 to perform
word sensedisambiguation. The Lesk Algorithm assignsa
senseto a target word in a given context by comparingthe
glossedf its varioussensesvith thoseof the otherwordsin

thecontet. Thatsensef thetargetword whoseglosshasthe
mostwordsin commonwith the glossesof the neighboring
wordsis choserasits mostappropriatesense.

For example, considerthe glossesof car andtire: four
wheelmotor vehicle usually propelled by an internal com-
bustionengineandhoopthat covers a wheel,usuallymadeof
rubber andfilled with compessedair. The relationshipbe-
tweentheseconceptss shavn in thattheir glossessharethe
contentword wheel However, they shareno contentwords
with the glossof tree a tall perennialwoodyplant havinga
maintrunk and branchesforminga distinctelevatedcrown

The original Lesk Algorithm only considersoverlaps
amongthe glosseof thetamgetword andthosethatsurround
it in the givencontet. Thisis a significantlimitation in that
dictionary glossegendto be fairly shortanddo not provide
sufficient vocalulary to make fine graineddistinctionsin re-
latedness.As an example, the averagelength of a glossin
WordNetis just seven words. The extendedgloss overlap
measurexpandsthe glosseof thewordsbeingcomparedo
includeglosse®f conceptghatareknown to berelatedto the
conceptdbeingcompared.

Our measurdakesasinput two conceptyrepresentedby
two WordNetsynsetsandoutputsa numericvaluethatquan-
tifiestheir degreeof semantiaelatednesdn thesectionghat
follow, we describethe foundationsof the measureandhow
it is computed.

3.1 Using Glosses of Related Senses

Therearetwo fundamentapremisedo the original Lesk Al-
gorithm. First, wordsthat appeartogetherin a sentencewill
be usedin relatedsenses.Secondandmostrelevantto our
measurethe degreeto which sensesrerelatedcanbeiden-
tified by the numberof overlapsin their glosses. In other

words,the morerelatedtwo sensesre,the morewordstheir
glossewill share.

WordNet provides explicit semantic relations between
synsetssuchasthroughtheis—aor has—partlinks. However
suchlinks donotcoverall possiblerelationshetweersynsets.
For example, WordNet encodesno direct link betweenthe
synsetscar andtire, althoughthey are clearly related. We
obsere however that the glossesof thesetwo synsetshave
wordsin common. Similar to Lesk’s premise we asserthat
suchoverlapsprovide evidencethatthereis animplicit rela-
tion betweenthosesynsets. Given sucha relation, we fur-
therconcludethatsynsetexplicitly relatedto car arethereby
alsorelatedto synsetsexplicitly relatedto tire. For exam-
ple, we concludethatthe synsetvehicle(which is the hyper
nym synsetof car) is relatedto the synsethoop(whichis the
hyperrym synsetof tire). Thus, our measurecombinesthe
advantageof glossoverlapswith the structureof a concept
hierarcly to createan extendedview of relatednesgetween
synsets.

Webaseourmeasur@ntheideaof anextendedsetof com-
parisonsWhenmeasuringherelatednesbetweertwo input
synsetsye notonly look for overlapsbetweerthe glossef
thosesynsetsbut alsobetweerthe glossef the hyperrym,
hyporym, merorym, holonym andtroporym synsetsof the
input synsetsaswell asbetweersynsetgelatedto the input
synsetghroughtherelationsof attribute, similarto andalso—
see.Not all of theserelationsareequallyhelpful, andthe op-
timum choiceof relationsto usefor comparisonss possibly
dependenbn the applicationin which the overlaps—measure
is beingemployed. Section6 compareghe relative efficacy
of theserelationswhenour measuref relatednesss applied
to thetaskof word sensedisambiguation.

3.2 Scoring Mechanism

We introducea novel way of finding andscoringthe overlaps
betweenwo glossesTheoriginal Lesk Algorithm compares
the glossesof a pair of conceptsand computesa scoreby
countingthe numberof wordsthataresharedbetweerthem.
Thisscoringmechanisndoesnotdifferentiatebetweersingle
word andphrasabverlapsandeffectively treatseachglossas
a “bag of words”. For example,it assigns scoreof 3 to the
conceptsdrawing paper and decal which have the glosses
paperthat is speciallyprepated for usein drafting andthe
art of transferringdesignsfrom speciallyprepared paperto
awoodor glassor metalsurface Therearethreewordsthat
overlap,paperandthetwo—word phrasespeciallyprepaed

Thereis a Zipfian relationship[Zipf, 1933 betweenthe
lengthsof phrasesandtheir frequenciesn a large corpusof
text. Thelongerthe phrasethelesslikely it is to occurmul-
tiple timesin a givencorpus.A phrasain—word overlapis a
much rareroccurrenceghan an single word overlap. There-
fore, we assigrann word overlapthe scoreof n2. This gives
ann-word overlapa scorethatis greatetthanthe sumof the
scoresassignedo thosen wordsif they hadoccurredin two
or morephraseseachlessthann wordslong.

For the abore gloss pair, we assignthe overlap paper a
scoreof 1 andspeciallyprepareda scoreof 4, leadingto ato-
tal scoreof 5. Notethatif the overlapwasthe 3—word phrase
speciallyprepared paper, thenthe scorewould have been9.



Thus,our overlapdetectionrandscoringmechanisntanbe
formally definedasfollows: Whencomparingtwo glosses,
we defineanoverlapbetweerthemto bethelongestsequence
of oneor moreconsecutie wordsthatoccursin bothglosses
suchthatneitherthefirst northelastwordis afunctionword,
thatis a pronoun,preposition,article or conjunction. If two
or moresuchoverlapshave the samelongestiength,thenthe
overlapthatoccursearliestin thefirst string beingcompared
is reported. Given two strings,the longestoverlap between
themis detectedremoved andin its placea uniquemarker
is placedin eachof the two input strings. The two strings
thus obtainedare then again checled for overlaps,andthis
processcontinuesuntil thereareno longerary overlapsbe-
tweenthem. The sizesof the overlapsthusfoundaresquared
andaddedtogetherto arrive at the scorefor the given pair of
glosses.

3.3 Computing Relatedness

Theextendedylossoverlapmeasureomputesherelatedness
betweertwo inputsynsetsd andB by comparingheglosses
of synsetghatarerelatedto A and B throughexplicit rela-
tionsprovidedin WordNet.

We defineRELSasa (non-empty)setof relationsthatcon-
sistsof oneor more of the relationsdescribedn Section2.
Thatis, RELS C {r | r is a relationdefinedin WordNet.
Supposesachrelationr (r € RELS) hasa function of the
samenamethatacceptsa synsetasinputandreturnsthegloss
of the synset(or synsetsyelatedto the input synsetby the
designatedelation.

For example,assumer representshe hyperrym relation.
Thenr(A) returnsthe glossof the hyperrym synsetof A. r
canalsorepresenthegloss‘“relation” suchthatr(A) returns
the glossof synset4, andthe example“relation” suchthat
r(A) returnsthe examplestring associatedavith synsetA. If
more than one synsetis relatedto the input synsetthrough
thesamerelation,theirglossesreconcatenatedndreturned.
We perform this concatenatiorbecauseve do not wish to
differentiatebetweerthe differentsynsetghatareall related
to the input synsetthrougha particularrelation, but instead
areonly interestedn all theirdefinitionalglosses!f nosynset
is relatedto theinputsynseby thegivenrelationthenthenull
stringis returned.

Next, form a non—emptysetof pairs of relationsfrom the
setof relationsabove. The only constraintin forming such
pairsis thatif the pair (r1,r2) is chosen,(r1,r2 € RELS),
thenthe pair (r2, 1) mustalsobe chosenso that the relat-
ednesdaneasurds reflexive. Thatis, relatedness(A, B) =
relatedness(B, A). Thus,we definethe setRELPAIRS as
follows:

RELRAIRS = {(R;, Ry) | Ry, Ry € RELS;
if (R1, Ry) € RELPAIRS, then(R,, R;) € RELPAIRS}

Finally, assumehat score() is a function that acceptsas
input two glosses,finds the phrasesthat overlap between
them and returnsa scoreas describedin the previous sec-
tion. Given all of the above, the relatednesscorebetween
theinput synsetsA and B is computedasfollows:

relatedness(A, B) = Y score(R1(A), Ra(B))
V(R1,R») € RELRAIRS

Our relatednessneasurds basedon the setof all possi-
ble pairs of relationsfrom the list of relationsdescribedn
section3.1. For purposesof illustration, assumethat our
setof relationsRELS = {gloss, hype, hypo} (where hype
andhypo arecontractionof hyperrym andhyporym respec-
tively). Furtherassumehat our setof relation pairs REL-
PAIRS = {(gloss,gloss),(hype, hype), (hypo, hypo), (hype,
gloss),(gloss,hype)}. Thentherelatednesbetweersynsets
A andB is computedasfollows:

relatedness(A, B) = score(gloss(A), gloss(B))+
score(hype(A), hype(B)) + score(hypo(A), hypo(B))+
score(hype(A), gloss(B)) + score(gloss(A), hype(B))
Obsene that due to our pair selectionconstraintas de-
scribed above, relatedness(A, B) is indeedthe sameas
relatedness(B, A).

4 Comparison to Human Judgements

Ourcomparisorto humanjudgmentss basedn threeprevi-
ousstudies. [Rubensteirand Goodenough1969 presented
humansubjectswith 65 nounpairsandaskedthemhow sim-
ilar they wereon ascalefrom 0.0to 4.0. [Miller andCharles,
1991 took a 30 pair subsebf this dataandrepeatedhis ex-
periment,andfoundresultsthatwerehighly correlated.97)
to the previous study The resultsfrom the 30 pair setcom-
mon to both studieswere usedagain by [Budanitsly and
Hirst, 2001 in anevaluationof five automatianeasuresf se-
manticrelatednesghatwill be mentionedn Section7. They
reportthatall of the measuregaredrelatively well, with the
lowestcorrelationbeing.74 andthe highest.85. Whencom-
paring our measureo these30 words, we find thatit hasa
correlationof .67 to the Miller andCharleshumanstudy and
oneof .60to the RubensteirandGoodenouglexperiment.

We do not find it discouraginghat the correlationof ex-
tendedglossoverlapsis lower thanthosereportedby Budan-
itsky and Hirst for other measures.In fact, given the com-
plexity of thetask,it is notevorthy thatit demonstratesome
correlationwith humanjudgement.The factthatthe testset
containsonly 30 word pairsis a dravbackof humanevalu-
ation, whererigourousstudiesare by necessitylimited to a
small numberof words. Automatic measuregan be evalu-
atedrelative to very large numbersof words,andwe believe
suchanevaluationis animportantnext stepin orderto estab-
lish wheredifferencedie amongsuchmeasuresAs a final
point of concernconceptsanberelatedin mary ways,and
it is possiblethat a humanandan automaticmeasurecould
rely on differentyet equallywell motivatedcriteriato arrive
atdiverging judgements.

5 Application to WSD

We have developedan approachto word sensedisambigua-
tion basedn the useof the extendedglossoverlapmeasure.
In our approach,a window of context aroundthe target
word is selectedanda setof candidatesensess identified
for eachcontentword in the window. Assumethatthe win-
dow of contet consistsof 2n 4+ 1 words denotedby w;,
—n < 1 < +n, wherethe tamget word is wg. Furtherlet
|w;| denotethe numberof candidatesense®f word w;, and
letthesesensededenotedy s; ;, 1 < j < |w;].



Next we assignto eachpossiblesensek of thetargetword

aSenseScore;, computeddy addingtogethettherelatedness

scoresobtainedby comparingthe senseof the tamget word
in questionwith every senseof every non—tagetword in the
window of context. The SenseScoréor sensesg x is com-
putedasfollows:

n |wi

SenseScore, = Z Zrelatedness(so,k, $ij),t #0

i=—n j=1

Thatsensewith the highestSenseScoris judgedto bethe
most appropriatesensefor the target word. If thereare on
averagea sensegperword andthe window of contet is N
wordslong, therearea® x (N — 1) pairsof setsof synsetgo
becomparedwhichincreasedinearly with V.

51 Experimental Data

Our evaluationdatais taken from the Englishlexical sample
taskof SENSEVAL-2 [EdmondsandCotton,2001]. Thiswas
a comparatie evaluationof word sensedisambiguatiorsys-
temsthat resultedin a large setof resultsand datathat are
now freely availableto theresearcltommunity

This dataconsistsof 4,328instanceseachof which con-
tains a sentencewith a single taget word to be disam-
biguated andoneor two surroundingsentencethat provide
additionalcontext. A humanjudge haslabeledeachtamget
word with the mostappropriatéNordNetsenseor thatcon-
text. A wordsensalisambiguatiorsystermis giventhesesame
instancegminusthehumanassignedgensesandmustoutput
whatit believesto be the mostappropriatesensedor each
of the target words. Thereare 73 distinct target words: 29
nouns,29 verbs,and15 adjectives,andthe part of speectof
thetamgetwordsis known to the systems.

5.2 Experimental Results

For every instance function words areremoved andthena
window of wordsis definedsuchthatthetargetwordis atthe
center(if possible).Next, for everywordin thewindow, can-
didatesensesrepickedby includingthe synsetsn WordNet
thatthe word belongsto, aswell asthosethatanuninflected
form of the word belongto (if ary). Giventhesecandidate
sensesthe algorithmdescribedabove finds the mostappro-
priatesenseof thetargetword.

It is possiblethattherebe a tie amongmultiple sensegor
thehighestscorefor aword. In this case all thosesensesire
reportedasanswersandpartial creditis givenif oneof them
proveto becorrect. Thiswould beappropriatef awordwere
truly ambiguousin a contet, or if the meaningswerevery
closelyrelatedandit wasnot possibleto distinguishbetween
them. It is alsopossiblethatno sensegetsmorethana score
of 0 — in this case,no answeris reportedsincethereis no
evidenceto chooseonesensever another

Giventheanswergeneratedby thealgorithm,we compare
themwith thehumandecidedanswersandcomputeprecision
(thenumberof correctanswerglivided by the numberof an-
swersreported)andrecall (the numberof correctanswergli-
vided by the numberof instances) Thesetwo valuescanbe
summarizedy the F—-measue, which is the harmonicmean

Tablel: WSD EvaluationResults

BaselinesandOtherSystems

Algorithm Prec. | Recall | F-Meas.
Sval-First 0.402| 0.401| 0.401
Overall* 0.351| 0.342 0.346
Swval-Second | 0.293| 0.293 | 0.293
Sval-Third 0.247| 0.244 | 0.245
OriginalLesk | 0.183| 0.183 0.183
Random 0.141| 0.141| 0.141

ExtendedGlossOverlapsw 3 word window

POS Prec. | Recall | F-Meas.
Noun 0.429| 0.416 0.422
Adj. 0.367 | 0.346 0.356
Verb 0.270| 0.266 0.268
Overall* 0.351| 0.342 0.346

of the precisionandrecall:

2 X precision X recall
F—measure =

precision + recall

Table 1 lists the precision, recall and F—-measurdor all
the SENSEVAL -2 wordswhendisambiguatedsingawindow
sizeof 3. The overall resultsfor our approachareshavn as
Ovenll* , andthesearealsobrokendown basednthepartof
speechPOS)of thetametword. This tablealsodisplaysre-
sultsfrom otherbaselineor representatie systemsTheOrig-
inal Leskresultsarebasedn utilizing theglossesf only the
input synsetsand nothing else. While this doesnot exactly
replicatethe original Lesk Algorithm it is quite similar. The
randomresultsreflectthe accuracie®btainedby simply se-
lectingrandomlyfrom the candidatesenses.

The Sval-hrst, Sval-Secondand Sval-Thid resultsare
from thetopthreemostaccuratdully automatiaunsupervised
systemsn the SENSEVAL-2 exercise.Thisis theclassof sys-
temsmostdirectly comparableéo our own, sincethey require
no humaninterventionanddo not usearny manuallycreated
trainingexamples.Theseresultsshowv thatour approactwas
considerablymoreaccurateghanall but oneof the participat-
ing systems.

Theseresults are significant becausethey are basedon
a very simple algorithmthat relies on assigningrelatedness
scoredo the sense®f atargetword andthe sensesf its im-
mediatelyadjacenteighbors.While the disambiguatiorre-
sultscould beimproved via the combinationof varioustech-
niques,our focusis on developingthe extendedglossoverlap
measuref relatednesasageneratool for NaturalLanguage
ProcessingndArtificial Intelligence.

6 Discussion

Table1 shows thatthe disambiguatiomesultsobtainedusing
the extendedglossoverlap measureof semanticrelatedness
are significantly better than both the randomand Original
Lesk baselines.In the Original Lesk Algorithm, relatedness
betweertwo synsetss measuredby consideringpverlapsbe-
tweenthe glossesf the candidatesense®f the target word



andits neighbors.By addingthe glossesof relatedsynsets,
the resultsimprove by 89% relative (16.3%absolute). This
shaws thatoverlapsbetweemglosseof synsetexplicitly re-
lated to the input synsetsprovide almostas much evidence
aboutthe implicit relation betweenthe input synsetsas do
overlapsbetweerthe glosseof theinput synsetshemseles.

Table 1 also breaksdown the precision, recall and F—
measureaccordingto the part of speechof the target word.
Obsenre thatthe nountargetwordsarethe easiesto disam-
biguate followedby the adjectie targetwords. Theverbtar
getwords prove to be the hardestto disambiguate.We at-
tribute this to the fact that the numberof senseger tamget
word is muchsmallerfor the nounsandadjectvesthanit is
for the verbs. Nounsand adjectve tamget words have less
than5 candidatesensegachon average whereas/erbshave
closeto 16. Thus,whendisambiguatingerbstherearemore
choicesto bemadeandmorechance®f errors.

The resultsin table 1 are basedon a 3 word window of
contt. In otherexperimentswe usedwindow sizesof 5,
7,9 and11. Althoughthisincreasen window size provides
more datato the disambiguatioralgorithm, our experiments
shaw thatthis doesnot significantlyimprove disambiguation
results. This suggestghat wordsthat arein the immediate
vicinity of thetargetword aremostusefulfor disambiguation,
andthatusinglarger context windows is eitheraddingnoise
or redundantlata. The factthatsmallwindows arebestcor-
respondwwith earlierstudieson humansubjectshat shoved
thathumansoften only requirea window of oneor two sur
roundingwordsto disambiguate targetword [Chouekaand
Lusignan,1989.

We alsotried to normalizethe overlapscoresby the max-
imum scorethat two glossescan generateput that did not
helpperformanceWe believe thatthe differencebetweerthe
sizesof variousglossesn termsof numberof wordsis small
enoughto rendemormalizationunnecessary

6.1 Evaluating Individual Relation Pairs

Our measureof relatednessitilizes pairsof relationspicked
from thelist of relationsin section3.1. In this sectionwe at-
temptto quantifytherelative effectivenesf theseindividual
relationpairs. Specifically givena setof relationsRELS,we
createall possibleminimal relation pair sets,wherea mini-
mal relationpair setis definedasthe setthat containseither
exactly onerelationpair {(R1, R1)} or exactly two relation
pairs{(R1, Rz), (Rg, R1)}, whereR; # R,. For example
{(gloss,gloss} and {(hype, gloss),(gloss,hype)} areboth
minimal relationpair sets.

We evaluateeachof theseminimal relation pair setsby
performingdisambiguatiorusingonly the givenminimal re-
lation pair setand computingthe resultingprecision,recall
and F—measureThe higherthe F—-measurethe “better” the
quality of the evidenceprovided by glossoverlapsfrom that
minimal relation pair set. In effect we aredecomposinghe
extendedglossoverlapmeasurento its individual piecesand
assessinpow eachof thosepiecesperformindividually.

Recallthat eachpart of speecthasa differentsetof rela-
tions associatedvith it. The differencein the numbersand
typesof relationsavailablefor thethreepartsof speecHeads
usto expectthat the optimal minimal relation pair setswill

Table2: BestRelationPair Sets

Nouns

Relationpair Prec. | Recall | F-Meas.
hypo-mero 0.263| 0.091 | 0.136
hypo-hypo 0.168| 0.111| 0.134
glos-mero 0.272| 0.087 | 0.132
gloss-gloss 0.161| 0.108 | 0.129
example-mero 0.314| 0.074 | 0.120
Adjectives

Relationpair Prec. | Recall | F-Meas.
also-gloss 0.220| 0.084 | 0.122
attr-gloss 0.323| 0.072 | 0.117
gloss-gloss 0.146| 0.094 | 0.114
example-gloss 0.138| 0.094 | 0.112
gloss-type 0.164| 0.083 | 0.110
Verbs

Relationpair Prec. | Recall | F-Meas.
example-aample | 0.061| 0.048 | 0.053
example-type 0.060| 0.046 | 0.052
hypo-hypo 0.061| 0.042 | 0.050
gloss-typo 0.053| 0.046 | 0.049
example-gloss 0.054| 0.045| 0.049

differ with the part of speechof the input synsets. Table 2
lists thetop 5 minimal relationpair setsfor targetwordsbe-
longing to the threepartsof speechwhererelationpair sets
areranked on the F—-measurechieved by usingthemin dis-
ambiguation. Note thatin this table, hypo, mero, also, attr,
and hype standfor the relationshyporym, merorym, also—
see,attribute, and hyperrym respectiely. Also in the table
therelationpair r;—r; refersto the minimal relationpair set
{(r1,72), (re,r1)} if r1 # ro and{(r1,r1)} otherwise.
Perhapsone of the most interestingobsenationsis that
no singleminimal relationpair setachieresF—measureven
closeto thatachieved usingall the relationpairs(0.42,0.35,
and0.26for nouns,verbs,andadjectvesrespectiely), sug-
gestingthat thereis no singlerelation pair that generates
lot of evidencefor the relatednessf two synsets.This find-
ing also implies that the richer the set of explicit relations
betweensynsetdn WordNet, the more accuratethe overlap
basedmeasureof semanticrelatednessvill be. This factis
borne out by the comparatiely high accurag attainedby
nounswhichis the bestdevelopedportionof WordNet.

For nouns, Table 2 showvs that comparisondetweenthe
glosseof the hyporyms and meroryms of the input synsets
andalsobetweerntheglossef theinput synsetsaremostin-
formative aboutthe relatednessf the synsets.Interestingly
althoughbothhyporymsandhyperrymsmake up theis—ahi-
erarcly, thehyperrym relationdoesnotprovide anequivalent
amountof information. In WordNet, a noun synsetusually
hasa single hyperrym (parent)but mary hyporyms (chil-
dren),whichimpliesthatthehyporym relationprovidesmore
definitional glossesto the algorithm than the hyperrym re-



lation. This assymetralsoexistsin the holonym—meroym

pairof relations.Mostnounsynset$ave lessholornym (is—a—
part—of)relationshanmeroryms(has—partjesultingin more
glossesfrom the merorym relation. Thesefurther confirm
thattheaccurag of therelatednesmeasuralependst least
partly onthenumberof glosseghatwe canaccesg$or agiven
pair of synsets.

This finding alsoappliesto adjectves. The two mostfre-
guentrelations,the also—seeelation and the attribute rela-
tion, rank highestamongthe usefulrelationsfor adjectves.
Similarly for verbs,the hyporym relationagain appearso be
extremelyuseful. Interestingly for all threepartsof speech,
the example “relation” (which simply returnsthe example
stringassociateavith theinput synsetlseemgo provide use-
ful information. This is in keepingwith the SENSEVAL-2
resultswherethe additionof examplestringsto a Lesk—like
baselinesystemimprovesrecallfrom 16%to 23%.

7 Reated Work

A numberof measuresf semantiagelatednesbave beenpro-
posedin recentyears.Most of themrely on the nountaxon-
omy of the lexical databaséVordNet. [Resnik,1994 aug-
mentseachsynsetin WordNetwith an information content
valuederivedfrom alarge corpusof text. The measuref re-
latednesdetweertwo conceptss takento betheinformation
contentvalue of the mostspecificconceptthatthe two con-
ceptshave in common.[Jiangand Conrath,1997 and[Lin,
1997 extend Resniks measureby scalingthe commonin-
formationcontentvaluesby thoseof theindividual concepts.
Our methodof extendedglossoverlapsis distinctin that it
takesadwantageof the informationfoundin the glosses.The
othermeasuresely on the structureof WordNetandcorpus
statistics. In addition, the measuresbove areall limited to
relationsbetweemounconceptswhile extendedglossover-
lapscanfind relationsbetweeradjectvesandverbsaswell.

8 Conclusions

We have presentedh nev measureof semanticrelatedness
basedon gloss overlaps. A pair of conceptsis assigned
a value of relatednesdasedon the numberof overlapping
words in their respectie glosses,as well as the overlaps
foundin theglosseof conceptdhey arerelatedto in agiven
concepthierarclty. We have evaluatedthis measurerelative
to humanjudgementsand found it to be reasonablycorre-
lated. We have carriedout a word sensadisambiguatiorex-
perimentwith the SENSEVAL-2 lexical sampledata.We find
that disambiguatioraccurag basedon extendedglossover-
laps is more accuratethan all but one of the participating
SENSEVAL-2 systems.
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