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Abstract

This paperpresentsa new measureof semanticre-
latednessbetweenconceptsthat is basedon the
numberof sharedwords(overlaps)in their defini-
tions (glosses). This measureis uniquein that it
extendsthe glossesof the conceptsunderconsid-
erationto includethe glossesof otherconceptsto
which they arerelatedaccordingto agivenconcept
hierarchy. We show that this new measurereason-
ably correlatesto humanjudgments.We introduce
a new methodof word sensedisambiguationbased
on extendedglossoverlaps,anddemonstratethatit
fareswell on theSENSEVAL-2 lexical sampledata.

1 Introduction
Humanbeingshaveaninnateability to determineif two con-
ceptsare related. For example,most would agreethat the
automotive sensesof car and tire arerelatedwhile car and
treearenot. However, assigninga valuethat quantifiesthe
degreeto which two conceptsarerelatedprovesto be more
difficult [Miller andCharles,1991]. In part, this is because
relatednessis averybroadnotion.For example,two concepts
canberelatedbecauseoneis a moregeneralinstanceof the
other(e.g.,acar is a kind of vehicle) or becauseoneis a part
of another(e.g.,a tire is apartof acar).

This paperintroducesextendedglossoverlaps, a measure
of semanticrelatednessthat is basedon informationfrom a
machinereadabledictionary. In particular, thismeasuretakes
advantageof hierarchiesor taxonomiesof conceptsasfound
in resourcessuchasthelexical databaseWordNet[Fellbaum,
1998].

Conceptsare commonly representedin dictionariesby
word senses,eachof which has a definition or gloss that
briefly describesits meaning.Our measuredetermineshow
relatedtwo conceptsareby countingthe numberof shared
words(overlaps)in theword sensesof theconcepts,aswell
asin the glossesof wordsthat arerelatedto thoseconcepts
accordingto the dictionary. Theserelatedconceptsareex-
plicitly encodedin WordNet as relations,but can be found
in any dictionaryvia synonyms,antonyms,or also-seerefer-
encesprovidedfor awordsense.To ourknowledge,thiswork
representsthefirst attemptto defineaquantitativemeasureof

relatednessbetweentwo conceptsbasedon their dictionary
definitions.

This paperbegins with a brief descriptionof WordNet,
which wasusedin developingour measure.Thenwe intro-
ducetheextendedglossoverlapmeasure,andpresenttwo dis-
tinct evaluations.First,we conducta comparisonto previous
humanstudiesof relatednessandfind that our measurehas
a correlationof at least0.6 with humanjudgments.Second,
we introducea word sensedisambiguationalgorithmthatas-
signsthe mostappropriatesenseto a target word in a given
context basedon thedegreeof relatednessbetweenthetarget
andits neighbors.Wefind thatthistechniqueis moreaccurate
thanall but onesystemthatparticipatedin theSENSEVAL–2
comparative word sensedisambiguationexercise.Finally we
presentan extendedanalysisof our resultsandclosewith a
brief discussionof relatedwork.

2 WordNet
WordNetis a lexical databasewhereeachuniquemeaningof
awordis representedby asynonym setor synset. Eachsynset
hasa glossthatdefinestheconceptthatit represents.For ex-
amplethewordscar, auto, automobile, andmotorcar consti-
tute a singlesynsetthat hasthe following gloss: four wheel
motor vehicle, usually propelledby an internal combustion
engine. Many glosseshave examplesof usagesassociated
with them,suchas“he needsa car to get to work.”

Synsetsare connectedto eachother throughexplicit se-
manticrelationsthataredefinedin WordNet.Theserelations
only connectword sensesthat areusedin the samepart of
speech.Noun synsetsare connectedto eachother through
hypernym, hyponym, meronym, andholonymrelations.

If a nounsynset
�

is connectedto anothernounsynset�
throughthe is–a–kind–ofrelationthen � is saidto be a hy-
pernymof synset � and � a hyponymof

�
. For example

the synsetcontainingcar is a hypernym of the synsetcon-
taining hatchback andhatchback is a hyponym of car. If a
nounsynset

�
is connectedto anothernounsynset� through

the is–a–part–ofrelationthen
�

is saidto be a meronymof
� and � a holonymof

�
. For examplethe synsetcontain-

ing accelerator is a meronym of car andcar is a holonym of
accelerator. Noun synset

�
is relatedto adjective synset�

throughthe attribute relationwhen � is a valueof
�

. For
exampletheadjective synsetstandard is a valueof thenoun
synsetmeasure.



Taxonomicor is–a relationsalso exist for verb synsets.
Verb� synset

�
is a hypernym of verbsynset� if to B is one

way to A. Synset� is calleda troponymof
�

. For example
theverbsynsetcontainingthewordoperate is ahypernym of
drive sinceto drive is oneway to operate.Converselydrive
is a troponym of operate. Thetroponym relationfor verbsis
analogousto thehyponym relationfor nouns,andhenceforth
weshallusethetermhyponym insteadof thetermtroponym.
Adjectivesynsetsarerelatedto eachotherthroughthesimilar
to relation. For examplethe synsetcontainingthe adjective
last is said to be similar to the synsetcontainingthe adjec-
tivedying. Verbandadjectivesynsetsarealsorelatedto each
other throughcross–referencealso–seelinks. For example,
the adjectivesaccessibleandconvenientarerelatedthrough
also–seelinks.

While thereareotherrelationsin WordNet,thosedescribed
abovemakeupmorethan93%of thetotalnumberof links in
WordNet. Thesearethe measureswe have employed in the
extendedglossoverlapmeasure.

3 The Extended Gloss Overlap Measure
Glossoverlapswereintroducedby [Lesk, 1986] to perform
word sensedisambiguation.The Lesk Algorithm assignsa
senseto a target word in a given context by comparingthe
glossesof its varioussenseswith thoseof theotherwordsin
thecontext. Thatsenseof thetargetwordwhoseglosshasthe
mostwordsin commonwith the glossesof the neighboring
wordsis chosenasits mostappropriatesense.

For example, considerthe glossesof car and tire: four
wheelmotor vehicleusually propelledby an internal com-
bustionengineandhoopthatcoversa wheel,usuallymadeof
rubber and filled with compressedair. The relationshipbe-
tweentheseconceptsis shown in that their glossessharethe
contentword wheel. However, they shareno contentwords
with theglossof tree: a tall perennialwoodyplant havinga
maintrunkandbranchesforminga distinctelevatedcrown.

The original Lesk Algorithm only considersoverlaps
amongtheglossesof thetargetword andthosethatsurround
it in thegivencontext. This is a significantlimitation in that
dictionaryglossestendto be fairly shortanddo not provide
sufficient vocabulary to make fine graineddistinctionsin re-
latedness.As an example,the averagelengthof a glossin
WordNet is just seven words. The extendedglossoverlap
measureexpandstheglossesof thewordsbeingcomparedto
includeglossesof conceptsthatareknown to berelatedto the
conceptsbeingcompared.

Our measuretakesasinput two concepts(representedby
two WordNetsynsets)andoutputsanumericvaluethatquan-
tifiestheirdegreeof semanticrelatedness.In thesectionsthat
follow, we describethe foundationsof themeasureandhow
it is computed.

3.1 Using Glosses of Related Senses
Therearetwo fundamentalpremisesto theoriginal LeskAl-
gorithm. First, wordsthatappeartogetherin a sentencewill
be usedin relatedsenses.Second,andmostrelevant to our
measure,thedegreeto which sensesarerelatedcanbe iden-
tified by the numberof overlapsin their glosses. In other

words,themorerelatedtwo sensesare,themorewordstheir
glosseswill share.

WordNet provides explicit semantic relations between
synsets,suchasthroughthe is–aor has–partlinks. However
suchlinks donotcoverall possiblerelationsbetweensynsets.
For example,WordNet encodesno direct link betweenthe
synsetscar and tire, althoughthey are clearly related. We
observe however that the glossesof thesetwo synsetshave
wordsin common.Similar to Lesk’s premise,we assertthat
suchoverlapsprovide evidencethat thereis an implicit rela-
tion betweenthosesynsets.Given sucha relation, we fur-
therconcludethatsynsetsexplicitly relatedto car arethereby
also relatedto synsetsexplicitly relatedto tire. For exam-
ple, we concludethat thesynsetvehicle(which is thehyper-
nym synsetof car) is relatedto thesynsethoop(which is the
hypernym synsetof tire). Thus,our measurecombinesthe
advantagesof glossoverlapswith the structureof a concept
hierarchy to createanextendedview of relatednessbetween
synsets.

Webaseourmeasureontheideaof anextendedsetof com-
parisons.Whenmeasuringtherelatednessbetweentwo input
synsets,wenotonly look for overlapsbetweentheglossesof
thosesynsets,but alsobetweentheglossesof thehypernym,
hyponym, meronym, holonym andtroponym synsetsof the
input synsets,aswell asbetweensynsetsrelatedto the input
synsetsthroughtherelationsof attribute,similar–toandalso–
see.Not all of theserelationsareequallyhelpful,andtheop-
timum choiceof relationsto usefor comparisonsis possibly
dependenton theapplicationin which theoverlaps–measure
is beingemployed. Section6 comparesthe relative efficacy
of theserelationswhenour measureof relatednessis applied
to thetaskof wordsensedisambiguation.

3.2 Scoring Mechanism
Weintroduceanovel wayof findingandscoringtheoverlaps
betweentwo glosses.Theoriginal LeskAlgorithm compares
the glossesof a pair of conceptsand computesa scoreby
countingthenumberof wordsthataresharedbetweenthem.
Thisscoringmechanismdoesnotdifferentiatebetweensingle
wordandphrasaloverlapsandeffectively treatseachglossas
a “bag of words”. For example,it assignsa scoreof 3 to the
conceptsdrawing paper and decal, which have the glosses
paper that is speciallyprepared for usein drafting and the
art of transferringdesignsfrom speciallyprepared paperto
a woodor glassor metalsurface. Therearethreewordsthat
overlap,paperandthetwo–wordphrasespeciallyprepared.

There is a Zipfian relationship[Zipf, 1935] betweenthe
lengthsof phrasesandtheir frequenciesin a large corpusof
text. Thelongerthephrase,thelesslikely it is to occurmul-
tiple timesin a givencorpus.A phrasal� –word overlapis a
muchrareroccurrencethanan singleword overlap. There-
fore,weassignan � wordoverlapthescoreof ��� . Thisgives
an � –word overlapa scorethat is greaterthanthesumof the
scoresassignedto those� wordsif they hadoccurredin two
or morephrases,eachlessthan � wordslong.

For the above glosspair, we assignthe overlap paper a
scoreof 1 andspeciallypreparedascoreof 4, leadingto ato-
tal scoreof 5. Notethatif theoverlapwasthe3–wordphrase
speciallypreparedpaper, thenthescorewould havebeen9.



Thus,ouroverlapdetectionandscoringmechanismcanbe
formally� definedas follows: Whencomparingtwo glosses,
wedefineanoverlapbetweenthemtobethelongestsequence
of oneor moreconsecutivewordsthatoccursin bothglosses
suchthatneitherthefirst nor thelastword is a functionword,
that is a pronoun,preposition,article or conjunction. If two
or moresuchoverlapshave thesamelongestlength,thenthe
overlapthatoccursearliestin thefirst stringbeingcompared
is reported. Given two strings,the longestoverlapbetween
themis detected,removed andin its placea uniquemarker
is placedin eachof the two input strings. The two strings
thusobtainedare thenagain checked for overlaps,and this
processcontinuesuntil thereareno longerany overlapsbe-
tweenthem.Thesizesof theoverlapsthusfoundaresquared
andaddedtogetherto arrive at thescorefor thegivenpair of
glosses.

3.3 Computing Relatedness
Theextendedglossoverlapmeasurecomputestherelatedness
betweentwo inputsynsets

�
and � by comparingtheglosses

of synsetsthat arerelatedto
�

and � throughexplicit rela-
tionsprovidedin WordNet.

WedefineRELSasa(non-empty)setof relationsthatcon-
sistsof oneor moreof the relationsdescribedin Section2.
That is, RELS �	��

��
 is a relation definedin WordNet� .
Supposeeachrelation 
 ( 
�� RELS) hasa function of the
samenamethatacceptsasynsetasinputandreturnsthegloss
of the synset(or synsets)relatedto the input synsetby the
designatedrelation.

For example,assume
 representsthe hypernym relation.
Then 
�� ��� returnstheglossof thehypernym synsetof

�
. 


canalsorepresentthegloss“relation” suchthat 
�� ��� returns
the glossof synset

�
, and the example“relation” suchthat


�� ��� returnstheexamplestringassociatedwith synset
�

. If
more thanonesynsetis relatedto the input synsetthrough
thesamerelation,theirglossesareconcatenatedandreturned.
We perform this concatenationbecausewe do not wish to
differentiatebetweenthedifferentsynsetsthatareall related
to the input synsetthrougha particularrelation,but instead
areonly interestedin all theirdefinitionalglosses.If nosynset
is relatedto theinputsynsetby thegivenrelationthenthenull
stringis returned.

Next, form a non–emptysetof pairs of relationsfrom the
setof relationsabove. The only constraintin forming such
pairs is that if the pair ��
�����
 �

�
is chosen,( 
�����
 � � RELS),

then the pair ��
 � ��
��
�

mustalsobe chosenso that the relat-
ednessmeasureis reflexive. That is, 
������ �!��"#���%$%$#� � ��� �'&

������ �!��"#���%$%$��(�)� ��� . Thus,we definethe setRELPAIRS as
follows:

RELPAIRS = �*�(+'�,��+ �
� �,+-���.+ � � RELS;

if �(+-���.+ �
� � RELPAIRS, then �(+ � ��+'� � � RELPAIRS �

Finally, assumethat $�/10�
�� � � 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 relatednessscorebetween
theinput synsets

�
and � is computedasfollows:


������#�!��"����%$%$#� � ��� �2&43 $�/,0�
��#�(+-�%� ��� ��+ � �(�
���

5 �(+'����+ �
� � RELPAIRS

Our relatednessmeasureis basedon the setof all possi-
ble pairs of relationsfrom the list of relationsdescribedin
section3.1. For purposesof illustration, assumethat our
set of relationsRELS = � gloss, hype, hypo� (wherehype
andhypoarecontractionsof hypernym andhyponym respec-
tively). Furtherassumethat our set of relation pairs REL-
PAIRS = � (gloss,gloss),(hype,hype), (hypo, hypo), (hype,
gloss),(gloss,hype)� . Thentherelatednessbetweensynsets�

and � is computedasfollows:

����6� �!��"#���%$%$#� � ��� �2& $�/,0�
��#�879�(0:$�$#� ��� �!79��0:$%$#�(� ����;

$�/,0�
��#�=<9>%?@�#� ��� �1<9>�?A�#�(� ���B; $�/10�
�� �=<9>�?A0*� ��� �C<�>�?@0*�(� ����;
$�/10�
��#�=<�>�?@�#� ��� �!79�(0:$�$#�(� ���A; $�/,0�
��#�879�(0:$�$#� ��� �1<9>�?A�#�(� ���

Observe that due to our pair selection constraint as de-
scribed above, 
������ �!��"#���%$%$#� � ��� �

is indeed the sameas

������ �!��"#���%$%$��(�)� ��� .
4 Comparison to Human Judgements
Ourcomparisonto humanjudgmentsis basedon threeprevi-
ousstudies.[RubensteinandGoodenough,1965] presented
humansubjectswith 65 nounpairsandaskedthemhow sim-
ilar they wereonascalefrom 0.0to 4.0. [Miller andCharles,
1991] took a 30 pair subsetof this dataandrepeatedthis ex-
periment,andfoundresultsthatwerehighly correlated(.97)
to the previous study. The resultsfrom the 30 pair setcom-
mon to both studieswere usedagain by [Budanitsky and
Hirst,2001] in anevaluationof fiveautomaticmeasuresof se-
manticrelatednessthatwill bementionedin Section7. They
reportthatall of themeasuresfaredrelatively well, with the
lowestcorrelationbeing.74andthehighest.85. Whencom-
paringour measureto these30 words,we find that it hasa
correlationof .67to theMiller andCharleshumanstudy, and
oneof .60to theRubensteinandGoodenoughexperiment.

We do not find it discouragingthat the correlationof ex-
tendedglossoverlapsis lower thanthosereportedby Budan-
itsky andHirst for othermeasures.In fact, given the com-
plexity of thetask,it is noteworthy thatit demonstratessome
correlationwith humanjudgement.The fact that the testset
containsonly 30 word pairs is a drawbackof humanevalu-
ation, whererigourousstudiesareby necessitylimited to a
small numberof words. Automaticmeasurescanbe evalu-
atedrelative to very largenumbersof words,andwe believe
suchanevaluationis animportantnext stepin orderto estab-
lish wheredifferenceslie amongsuchmeasures.As a final
point of concern,conceptscanberelatedin many ways,and
it is possiblethat a humanandan automaticmeasurecould
rely on differentyet equallywell motivatedcriteria to arrive
atdiverging judgements.

5 Application to WSD
We have developedan approachto word sensedisambigua-
tion basedon theuseof theextendedglossoverlapmeasure.

In our approach,a window of context aroundthe target
word is selected,anda setof candidatesensesis identified
for eachcontentword in the window. Assumethat the win-
dow of context consistsof DE� ;GF

words denotedby HJI ,K �MLON�L ; � , wherethe target word is HJP . Further let
� HQIC� denotethenumberof candidatesensesof word HQI , and
let thesesensesbedenotedby $,I(R S , F LUTVLW� HQIC� .



Next we assignto eachpossiblesenseX of thetargetword
a YZ�,�[$���YZ/,0�
���\ computedby addingtogethertherelatedness
scoresobtainedby comparingthe senseof the target word
in questionwith every senseof every non–targetword in the
window of context. The SenseScorefor sense$�P1R \ is com-
putedasfollows:

YZ�,�[$���Y]/10�
���\ & ^_
I8`ba ^

c dBefc_
S.`g� 
������ �!��"#���%$%$#�=$,P,R \*�C$,I(R S

� ��NJh&ji

Thatsensewith thehighestSenseScoreis judgedto bethe
most appropriatesensefor the target word. If thereareon
average� sensesper word andthe window of context is k
wordslong, thereare � �ml ��k K F%�

pairsof setsof synsetsto
becompared,which increaseslinearlywith k .

5.1 Experimental Data
Our evaluationdatais takenfrom theEnglishlexical sample
taskof SENSEVAL–2 [EdmondsandCotton,2001]. Thiswas
a comparative evaluationof word sensedisambiguationsys-
temsthat resultedin a large setof resultsanddatathat are
now freelyavailableto theresearchcommunity.

This dataconsistsof 4,328 instanceseachof which con-
tains a sentencewith a single target word to be disam-
biguated,andoneor two surroundingsentencesthatprovide
additionalcontext. A humanjudge haslabeledeachtarget
word with themostappropriateWordNetsensefor thatcon-
text. A wordsensedisambiguationsystemis giventhesesame
instances(minusthehumanassignedsenses)andmustoutput
what it believes to be the most appropriatesensesfor each
of the target words. Thereare73 distinct target words: 29
nouns,29 verbs,and15 adjectives,andthepartof speechof
thetargetwordsis known to thesystems.

5.2 Experimental Results
For every instance,function wordsare removed and thena
window of wordsis definedsuchthatthetargetword is at the
center(if possible).Next, for everyword in thewindow, can-
didatesensesarepickedby includingthesynsetsin WordNet
that theword belongsto, aswell asthosethatanuninflected
form of the word belongto (if any). Given thesecandidate
senses,the algorithmdescribedabove finds the mostappro-
priatesenseof thetargetword.

It is possiblethat therebea tie amongmultiple sensesfor
thehighestscorefor a word. In this case,all thosesensesare
reportedasanswersandpartialcredit is givenif oneof them
proveto becorrect.Thiswouldbeappropriateif awordwere
truly ambiguousin a context, or if the meaningswerevery
closelyrelatedandit wasnot possibleto distinguishbetween
them. It is alsopossiblethatno sensegetsmorethana score
of 0 – in this case,no answeris reportedsincethereis no
evidenceto chooseonesenseoveranother.

Giventheanswersgeneratedby thealgorithm,wecompare
themwith thehumandecidedanswersandcomputeprecision
(thenumberof correctanswersdividedby thenumberof an-
swersreported)andrecall (thenumberof correctanswersdi-
videdby thenumberof instances).Thesetwo valuescanbe
summarizedby theF–measure, which is theharmonicmean

Table1: WSD EvaluationResults

BaselinesandOtherSystems
Algorithm Prec. Recall F-Meas.
Sval-First 0.402 0.401 0.401
Overall* 0.351 0.342 0.346
Sval-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 theprecisionandrecall:

n KBo ����$,pq
�� & D l ?q
���/.Nr$,Nf0�� l 
���/1� ���
?s
���/.N!$1Nr0�� ; 
��%/C�*�6�

Table 1 lists the precision,recall and F–measurefor all
theSENSEVAL-2 wordswhendisambiguatedusingawindow
sizeof 3. Theoverall resultsfor our approachareshown as
Overall* , andthesearealsobrokendown basedonthepartof
speech(POS)of thetargetword. This tablealsodisplaysre-
sultsfromotherbaselineor representativesystems.TheOrig-
inal Leskresultsarebasedonutilizing theglossesof only the
input synsetsandnothingelse. While this doesnot exactly
replicatetheoriginal LeskAlgorithm it is quitesimilar. The
randomresultsreflectthe accuraciesobtainedby simply se-
lectingrandomlyfrom thecandidatesenses.

The Sval–First, Sval–Second, and Sval–Third resultsare
fromthetopthreemostaccuratefully automaticunsupervised
systemsin theSENSEVAL-2 exercise.This is theclassof sys-
temsmostdirectlycomparableto ourown, sincethey require
no humaninterventionanddo not useany manuallycreated
trainingexamples.Theseresultsshow thatour approachwas
considerablymoreaccuratethanall but oneof theparticipat-
ing systems.

Theseresultsare significant becausethey are basedon
a very simplealgorithmthat relieson assigningrelatedness
scoresto thesensesof a targetword andthesensesof its im-
mediatelyadjacentneighbors.While the disambiguationre-
sultscouldbeimprovedvia thecombinationof varioustech-
niques,our focusis ondevelopingtheextendedglossoverlap
measureof relatednessasageneraltool for NaturalLanguage
ProcessingandArtificial Intelligence.

6 Discussion
Table1 shows thatthedisambiguationresultsobtainedusing
the extendedglossoverlapmeasureof semanticrelatedness
are significantly better than both the randomand Original
Lesk baselines.In the Original LeskAlgorithm, relatedness
betweentwo synsetsis measuredby consideringoverlapsbe-
tweenthe glossesof the candidatesensesof the target word



andits neighbors.By addingthe glossesof relatedsynsets,
the resultst improve by 89% relative (16.3%absolute).This
shows thatoverlapsbetweenglossesof synsetsexplicitly re-
lated to the input synsetsprovide almostasmuchevidence
about the implicit relation betweenthe input synsetsas do
overlapsbetweentheglossesof theinputsynsetsthemselves.

Table 1 also breaksdown the precision, recall and F–
measureaccordingto the part of speechof the target word.
Observe that the nountarget wordsarethe easiestto disam-
biguate,followedby theadjective targetwords.Theverbtar-
get words prove to be the hardestto disambiguate.We at-
tribute this to the fact that the numberof sensesper target
word is muchsmallerfor the nounsandadjectivesthanit is
for the verbs. Nounsand adjective target words have less
than5 candidatesenseseachon average,whereasverbshave
closeto 16. Thus,whendisambiguatingverbstherearemore
choicesto bemadeandmorechancesof errors.

The resultsin table 1 are basedon a 3 word window of
context. In other experimentswe usedwindow sizesof 5,
7, 9 and11. Althoughthis increasein window sizeprovides
moredatato thedisambiguationalgorithm,our experiments
show thatthis doesnot significantlyimprove disambiguation
results. This suggeststhat words that are in the immediate
vicinity of thetargetwordaremostusefulfor disambiguation,
andthatusinglargercontext windows is eitheraddingnoise
or redundantdata.Thefact thatsmallwindows arebestcor-
respondswith earlierstudieson humansubjectsthatshowed
thathumansoftenonly requirea window of oneor two sur-
roundingwordsto disambiguatea targetword [Chouekaand
Lusignan,1985].

We alsotried to normalizetheoverlapscoresby themax-
imum scorethat two glossescan generate,but that did not
helpperformance.Webelievethatthedifferencebetweenthe
sizesof variousglossesin termsof numberof wordsis small
enoughto rendernormalizationunnecessary.

6.1 Evaluating Individual Relation Pairs
Our measureof relatednessutilizes pairsof relationspicked
from thelist of relationsin section3.1. In this sectionwe at-
temptto quantifytherelativeeffectivenessof theseindividual
relationpairs.Specifically, givena setof relationsRELS,we
createall possibleminimal relationpair sets,wherea mini-
mal relationpair setis definedasthesetthatcontainseither
exactly onerelationpair � �(+'�,�.+-� � � or exactly two relation
pairs �*�(+'�,�.+ �

� �%�(+ � ��+'� � � , where +-�uh& + � . For example
� (gloss,gloss)� and � (hype, gloss),(gloss,hype)� areboth
minimal relationpair sets.

We evaluateeachof theseminimal relation pair setsby
performingdisambiguationusingonly thegivenminimal re-
lation pair setandcomputingthe resultingprecision,recall
andF–measure.The higherthe F–measure,the “better” the
quality of theevidenceprovidedby glossoverlapsfrom that
minimal relationpair set. In effect we aredecomposingthe
extendedglossoverlapmeasureinto its individual piecesand
assessinghow eachof thosepiecesperformindividually.

Recall that eachpart of speechhasa differentsetof rela-
tions associatedwith it. The differencein the numbersand
typesof relationsavailablefor thethreepartsof speechleads
us to expect that the optimal minimal relationpair 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-hype 0.164 0.083 0.110

Verbs
Relationpair Prec. Recall F-Meas.
example-example 0.061 0.048 0.053
example-hype 0.060 0.046 0.052
hypo-hypo 0.061 0.042 0.050
gloss-hypo 0.053 0.046 0.049
example-gloss 0.054 0.045 0.049

differ with the part of speechof the input synsets.Table2
lists the top 5 minimal relationpair setsfor targetwordsbe-
longing to the threepartsof speech,whererelationpair sets
arerankedon theF–measureachievedby usingthemin dis-
ambiguation.Note that in this table,hypo, mero,also,attr,
andhype standfor the relationshyponym, meronym, also–
see,attribute, andhypernym respectively. Also in the table
therelationpair 
�� K 
 � refersto theminimal relationpair set
�*��
��,��
 �

� ����
 � ��
��
� � if 
��vh& 
 � and � ��
�����
�� � � otherwise.

Perhapsone of the most interestingobservations is that
no singleminimal relationpair setachievesF–measureeven
closeto thatachievedusingall therelationpairs(0.42,0.35,
and0.26for nouns,verbs,andadjectivesrespectively), sug-
gestingthat thereis no single relationpair that generatesa
lot of evidencefor therelatednessof two synsets.This find-
ing also implies that the richer the set of explicit relations
betweensynsetsin WordNet, the moreaccuratethe overlap
basedmeasureof semanticrelatednesswill be. This fact is
borne out by the comparatively high accuracy attainedby
nounswhich is thebestdevelopedportionof WordNet.

For nouns,Table 2 shows that comparisonsbetweenthe
glossesof thehyponymsandmeronymsof the input synsets
andalsobetweentheglossesof theinputsynsetsaremostin-
formative aboutthe relatednessof thesynsets.Interestingly,
althoughbothhyponymsandhypernymsmakeuptheis–ahi-
erarchy, thehypernym relationdoesnotprovideanequivalent
amountof information. In WordNet,a nounsynsetusually
hasa single hypernym (parent)but many hyponyms (chil-
dren),whichimpliesthatthehyponym relationprovidesmore
definitional glossesto the algorithm than the hypernym re-



lation. This assymetryalsoexists in theholonym–meronym
pairofw relations.Mostnounsynsetshavelessholonym (is–a–
part–of)relationsthanmeronyms(has–part)resultingin more
glossesfrom the meronym relation. Thesefurther confirm
that theaccuracy of therelatednessmeasuredependsat least
partlyonthenumberof glossesthatwecanaccessfor agiven
pair of synsets.

This finding alsoappliesto adjectives. The two mostfre-
quentrelations,the also–seerelation and the attribute rela-
tion, rank highestamongthe useful relationsfor adjectives.
Similarly for verbs,thehyponym relationagainappearsto be
extremelyuseful. Interestingly, for all threepartsof speech,
the example “relation” (which simply returnsthe example
stringassociatedwith theinputsynset)seemsto provideuse-
ful information. This is in keepingwith the SENSEVAL–2
resultswherethe additionof examplestringsto a Lesk–like
baselinesystemimprovesrecallfrom 16%to 23%.

7 Related Work
A numberof measuresof semanticrelatednesshavebeenpro-
posedin recentyears.Most of themrely on thenountaxon-
omy of the lexical databaseWordNet. [Resnik,1995] aug-
mentseachsynsetin WordNetwith an informationcontent
valuederivedfrom a largecorpusof text. Themeasureof re-
latednessbetweentwo conceptsis takento betheinformation
contentvalueof the mostspecificconceptthat the two con-
ceptshave in common.[JiangandConrath,1997] and[Lin,
1997] extend Resnik’s measureby scalingthe commonin-
formationcontentvaluesby thoseof theindividual concepts.
Our methodof extendedglossoverlapsis distinct in that it
takesadvantageof theinformationfoundin theglosses.The
othermeasuresrely on thestructureof WordNetandcorpus
statistics. In addition,the measuresabove areall limited to
relationsbetweennounconcepts,while extendedglossover-
lapscanfind relationsbetweenadjectivesandverbsaswell.

8 Conclusions
We have presenteda new measureof semanticrelatedness
basedon gloss overlaps. A pair of conceptsis assigned
a value of relatednessbasedon the numberof overlapping
words in their respective glosses,as well as the overlaps
foundin theglossesof conceptsthey arerelatedto in a given
concepthierarchy. We have evaluatedthis measurerelative
to humanjudgementsand found it to be reasonablycorre-
lated. We have carriedout a word sensedisambiguationex-
perimentwith theSENSEVAL-2 lexical sampledata.We find
that disambiguationaccuracy basedon extendedglossover-
laps is more accuratethan all but one of the participating
SENSEVAL-2 systems.
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