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Abstract

In this paperwe shawv that an unsuperviseadnethodfor
rankingword sensesutomaticallycanbe usedto iden-
tify infrequentlyoccurringsenses We demonstratehis
using a ranking of noun sensederived from the BNC
andevaluatingon the sense-taggetixt availablein both
SemCorand the SENSEVAL-2 English all-words task.
We shawv thatthemethoddoeswell atidentifying senses
thatdo notoccurin a corpusandthatthosethatareerro-
neouslyfiltered but do occurtypically have a lower fre-
gueng thanthe other senses. This methodshouldbe
usefulfor word sensedisambiguatiorsystemsallowing
effort to beconcentratedn morefrequentsensesit may
alsobeusefulfor othertaskssuchaslexical acquisition.
Whilsttheresultsonbalancedorporaarepromising,our
chief motivationfor the methodis for applicationto do-
main specifictext. For text within a particulardomain
mary sensegrom a genericinventorywill berare,and
possiblyredundant. Sincea large domainspecificcor
pusof senseannotatediatais not available,we evaluate
our methodon domain-specificorporaanddemonstrate
thatsensaypesidentifiedfor removal arepredominantly
sense$rom outsidethedomain.

1 Intr oduction

Much aboutthe behaiour of wordsis mostappro-
priately expressedn termsof word sensegather
than word forms. However, an NLP application
computingover word sensess facedwith consid-
erableextra ambiguity Thereare systemswhich
can performword sensedisambiguation(wsb) on
the wordsin input text, however thereis room for
improvementsincethe bestsystemson the English
SENSEVAL-2 all-wordstask obtainedat most69%
for precisionandrecall. Whilst thereare systems
that obtain higherprecision(Magnini et al., 2001),
thesetypically suffer from a low recall. wsb per
formances affectedby the degreeof polysemybut
evenmoresoby theentropyof thefrequeng distri-
butionsof the words’ sensegKilgarriff andRosen-
zweig, 2000)sincethe distribution for mary words
is highly skeved. Marny of the sensesn suchan

inventoryarerareandwsb andlexical acquisition
systemslo bestwhenthey takethisinto account.

Therearemary waysthatthe skewveddistribution
canbetakeninto account.Onesuccessfuapproach
isto back-of to thefirst (predominantsensdWilks
andStevenson,1998; Hosteet al., 2001). Another
possibility would be concentratehe selectionpro-
cessto sensewvith higherfrequeng, andfilter out
rare senses. This is implicitly done by systems
which rely on hand-taggedraining corpora,since
raresense®ftendo not occurin the availabledata.
In thispapeme useanunsupervisedethodo rank
word sensegrom aninventoryaccordingto preva-
lence(McCarthyetal., 2004a) andutilise therank-
ing scoredo identify sensesvhich arerare.We use
WordNetfor our inventory sinceit is widely used
andfreely available, but our methodcouldin prin-
ciple be usedwith anotherMRD (we commenton
thisin theconclusions)We reportwork with nouns
here,andleave evaluationon other PoS for the fu-
ture.

Our approachexploits automatically acquired
thesauruseshich provide “nearesineighbours’for
a given word entry.  The neighboursare ordered
in terms of the distributional similarity that they
sharewith the target word. The neighbourgelate
to differentsense®f thetargetword, sofor exam-
ple the word competitionin sucha thesaurugro-
vided by Lin ! hasneighbourstournamentevent,
championshi@ndthenfurtherdown theorderedist
we seeneighbourspertainingto a differentsense
competitoy...market...pricewar. Pantel and Lin
(2002)demonstratéhatit is possibleto clusterthe
neighboursnto sensesndrelatetheseto WordNet
senses.In contrast,we usethe distributional sim-
ilarity scoresof the neighbourdo rank the various
sense®f the target word sincewe expectthatthe
guantity and similarity of the neighbourspertain-
ing to differentsensesvill reflectthe relatve dom-
inanceof the senses. This is becausethere will
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be more datafor the more prevalent sensecom-
paredto thelessfrequentsensesWe usea measure
of semanticsimilarity from the WordNetSimilarity
packagedo relatethe sensesf thetamgetwordto the
neighboursn thethesaurus.

The paperis structuredasfollows. The ranking
methodis describedelsavhere (McCarthyet al.,
2004a),but we summarisen the following section
anddescribenow rankingscoresanbe usedfor fil-
teringword sensesSection3 describegwo exper
imentsusing the BNC for acquisitionof the sense
rankingswith evaluationusingthehand-taggedata
in i) SemCorandii) the English SENSEVAL-2 all-
words task. We demonstratehat the majority of
sensegentifiedby themethoddonotoccurin these
gold-standardsand that for thosethat do, only a
small percentagef the senseokenswould be re-
movedin errorby filtering thesesensesln sectiord
we use domain labelsproducedby (Magnini and
Cavaglia, 2000) to demonstratadifferencesin the
sensefilteredfor a sampleof wordsin two domain
specificcorpora.We describesomerelatedwork in
section5 andconcludein section6.

2 Method

McCarthyetal. (2004a)describea methodto pro-
ducearankingoversensesndfind thepredominant
senseof aword just usingraw text. We summarise
the methodbelow, and describehow we useit for
identifying candidatesensegor filtering.

2.1 Ranking the Senses

In orderto rank the sensesf a target word (e.qg.
plant) we usea thesaurusacquiredfrom automati-
cally parsedext (section2.2 below). This provides
the k& nearesteighbourgo eachtaget word (e.g.
factory, refinery treeetc...)alongwith thedistribu-
tional similarity scorebetweerthe targetword and
its neighbour We then usethe WordNet similar-
ity packaggPatwardharand Pedersen2003) (see
section2.3) to give us a semanticsimilarity mea-
sure(hereaftereferredio asthe WordNetsimilarity
measurejo weightthecontributionthateachneigh-
bour (e.g. factory) makesto the varioussenseof
thetargetword (e.g.flora, industrial , actor etc...).

We takeeachsensef thetargetword (w) in turn
andobtainascorereflectingthe prevalencewhichis
usedor ranking.Let N,, = {ny, ny...n; } betheor-
deredsetof thetop scoringk neighboursf w from
thethesaurusvith associatedlistributionalsimilar-
ity scores{dss(w,n),dss(w,ny),...dss(w,ng)}.
Let senses(w) bethe setof sense®f w. For each
senseof w (ws; € senses(w)) we obtaina rank-
ing scoreby summingover the dss(w, n;) of each

neighbour(n; € N,,) multiplied by aweight. This
weightis the WordNetsimilarity score(wnss) be-
tweenthe target sense(ws;) and the senseof n;
(nsy € senses(n;)) thatmaximiseshis score,di-
vided by the sum of all suchWordNet similarity
scoredor senses(w) andn;.

Thuswe rank eachsensews; € senses(w) us-
ing:
Ranking Score(ws;) =

Z dss(w,n;)

n]ENu/

wnss(ws;, n;)
X
Zwsi/Esenses(w) wn.ss(wsi/, n])

(1)

where:

max

(wnss(ws;,ns,))
nsy Esenses(ny )

wnss(ws;, n;) =

2.2 Acquiring the Automatic Thesaurus

Therearemary alternatve distributional similarity

measureproposedn the literature,for this work

we usedthe measureand thesaurusconstruction
method describedby Lin (1998). For input we

usedgrammaticalrelation data extractedusing an
automaticparser(Briscoeand Carroll, 2002). For

eachnounwe consideredhe co-occurringverbsin

thedirectobjectandsubjectrelation,the modifying
nounsin noun-nourrelationsandthemodifying ad-
jectivesin adjective-nounrelations.We couldeasily
extendthe setof relationsin thefuture. A noun,w,

is thus describedby a setof co-occurrencdriples
< w,r,z > and associatedrequencieswherer

is a grammaticalrelation and z is a possibleco-
occurrencewith w in thatrelation. For every pair
of nouns,we computedheir distributional similar-

ity. If T'(w) is thesetof co-occurrencéypes(r, )

suchthat I(w, r, z) is positive then the similarity
betweenwo nouns,w andn, canbe computedas:
dss(w,n) =

> (reyeT(w)nt(n) (W, r,2) + I(n, 7, 2))
E(T,x)ET(w) I(w7 T, $) + E(T,x)ET(n) I(’IZ, T, 'r)

where:

P(zlwnr)
P(z|r)

IH{w,r,z)=log

A thesaurusentry of size k for a targetnounw is
thendefinedasthe & mostsimilarnounsto w.
2.3 The WordNet Similarity Package

We usethe WordNet Similarity Package0.05 and
WordNet version1.6. > The WordNet Similarity

2\We usethis versionof WordNetsinceit wouldin principle
allow us to mapinformationto WordNetsof otherlanguages
moreaccuratelyWe areableto applythe methodto otherver
sionsof WordNet.



packagesupportsa range of WordNet similarity
scores. We usedthe jcn measureto give results
for the wnss functionin equationl above, since
this hasgivenusgoodresultsfor otherexperiments,
andis efficient giventhe precompilatiorof required
frequeng files (informationdatfiles). We discuss
themeritsof investigatingothersemanticsimilarity
scoredn section6.

The jen (Jiang and Conrath, 1997) measure
provides a similarity scorebetweentwo WordNet
senses(sl and s2), thesebeing synsetswithin
WordNet. The measureusescorpusdatato pop-
ulate classes(synsets)in the WordNet hierarchy
with frequeng counts. Each synset, is incre-
mentedwith the frequeny countsfrom the cor
pus of all wordsbelongingto that synset,directly
or via the hyporymy relation. The frequenyg data
is usedto calculatethe “information content”(IC)
of aclassIC(s) = —log(p(s)). Jiangand Con-
rath specify a distancemeasure: D;.,,(s1,s2) =
IC(s1) 4+ IC(s2) — 2 x IC(s3), wherethe third
class,s3 is the mostinformative, or mostspecific
superordinatesynsetof the two sensess1 and s2.
Thisis transformedrom a distancemeasuren the
WN-Similarity packageby taking the reciprocal:
jen(sl,s2) = 1/Djen(s1, $2)

The jcn measureusescorpusdatafor the calcu-
lation of IC. The experimentakesultsreportechere
areobtainedusingIC countsfrom the BNC corpus
with the resnikcountoption availablein the Word-
Net similarity package.We did not usethe default
IC countsprovidedwith thepackagesincetheseare
derived from the hand-taggediatain SemCor Al
theresultsshovn herearethosewith thesizeof the-
saurugentries(k) setto 50.3

2.4 Filtering

We useequationl above to producerankingscores
for the sensessenses(w) of atagetword w. We

thenuseathresholdr’,, whichis aconstanpercent-
age (T'%) of the rankingscoreof the first ranked
sense. Any senseswith scoreslower thanT,, are
identified for filtering. This thresholdwill permit
thefiltering to be sensitve to the ranking scoresof

thewordin question.

3 Experimentswith a Thesaurusfrom a
BalancedCorpus

For the experimentsdescribedin this sectionwe
acquiredthe thesaurudsrom the grammaticalrela-
tionslistedin 2.2 automaticallyextractedfrom the
90 million wordsof written Englishfrom the BNC.

3Previousrankingexperimentsisingk = 10, 30, 50 and70
gave only minimal changego theresults.

We generatedh thesaurugntry for all polysemous
nounswhich occurredin SemCorwith a frequeng
> 2, andin theBNC with afrequeng > 10. We ex-
perimentwith 7% = [10, 20..90]. For theseexper
imentswe evaluateusing the gold-standardense-
taggeddataavailablein i) SemCorandii) the En-
glish SENSevAL-2 all-wordstask. For eachvalue
of 7% we computethe numberof senseaypesfil-
tered(F'types), andthe percentagef thesethatare
correctlyfiltered ( Ftype,..) in thatthey do notoc-
cur at all in our gold-standard.We also compute
for thosetypesthatdo occur F'tok.,,., the percent-
ageof sense@okenghatwouldbefilteredincorrectly
fromthegold-standartby theirremoval from Word-
Net. F'tok.,,,; isthepercentagef sens¢okensthat
wouldbefilteredincorrectlyfor the subsebf words
for whichtherearetokensfiltered.

Theresultswhenusingtherankingscoresierived
from the BNC thesaurudor filtering the sensesn
SemCorareshawn in tablel for differentvaluesof
T%. For polysemousiounsin SemCoythepercent-
ageof sensaypesthatdonotoccuris 38%,soif we
filtered randomlywe could expectto get 38% ac-
curay. Fitype,.. iswell abore this baselinefor all
valuesof 7'%. Whilst therearesensdypesin Sem-
Cor that are filtered erroneously theseare senses
which occur less frequently than the non-filtered
types. Furthermorethey accountfor a relatively
smallpercentagef tokensfor thefilteredwordsas
showvn by Ftok.,.,. Table2 shaws that F'tok,,,,
is lower thanwould be expectedif the senseypes
which are filtered had averagefrequeng. There
are10687senseaypesfor the polysemousiounsin
SemCor of which 6573 actuallyoccur The num-
ber of sensetypesfiltered in error for eachvalue
of 7% is shawvn by Ftypes..,. The proportion
of tokensexpectedfor the given Ftypes..., if the
filtered typeswere of averagefrequeny, is given

by tok., = T For the highestvalue of
T% = 90, 3099typesare identified for filtering,

this comprisest7% of the typesoccurringin Sem-
Cor, however F'tok.,,, shovsthatonly 39%tokens
arefiltered. As thevalueof T% decreasesyefilter

fewer sensdypes,lesstokensin errorandthe ratio

betweentok.,, and F'tok.,,, increases.The com-
promisebetweerthe numberof sensdypesfiltered,
andthe removal of tokensin error will dependon

theneedof theapplicationandcanbealteredwith

T%.

The SENSEVAL-2 Englishall-wordstask(Palmer
et al., 2001) is a much smaller sampleof hand-
taggedtext comparedo SemCorcomprisingthree
documentdrom the Wall StreetJournalsectionof
the PennTreebank.For the sampleof polysemous



T% | Ftypes | Ftypegee | Ftokey, | Ftokep,,, T% | Ftypes | Ftypegee | Ftokep,, | Ftoke,,,
90 5952 48 39 44 90 1018 87 38 44
80 4560 50 25 32 80 827 88 28 35
70 3057 52 16 25 70 584 89 18 29
60 | 1724 57 8 19 60 | 370 91 10 27
50 | 672 54 3 13 50 | 157 89 5 24
40 | 146 54 05 9 40 a2 95 0.06 11
30 28 57 0.04 5 30 - - - -
20 - - - -
Table 3: Filtering resultson the SENSEVAL-2 En-
Tablel: Filtering resultsfor SemCor glishall-wordstask
T% | Ftypeser, | tokey | Ftoker,, %
T% | Flypeser, | 10k | Floken, | g 90 133 38 39 1
a0 3099 47 39 1.2 Z 80 96 28 28 1
80 2271 35 25 1.4 70 62 18 18 1
70 1472 22 16 1.4 60 33 10 10 1
60 821 12 8 1.5 50 17 5 5 1
50 308 5 3 1.7 40 2 0.06 0.06 1
40 67 1 0.5 2
30 12 0.2 0.04 5

Table2: Erroneougokensanticipated andfiltered
from SemCor

nounsoccurringin this corpusthereare77%sense
typeswhich do not occur The resultsin table 3
shov muchhighervaluesfor Ftype,.. becausef
thishigherbaseling77%). Thefiltering resultsnev-
erthelessshav superiorperformanceto this base-
line at all levels of T%. This time thereare no
sensetypesfiltered for 7% = 30. The frequen-
ciesof thetypesfilteredin errorarecloseto theval-
uesof tok.,, asshavn in table4. Thisis because
the corpusis very small. Mary typesdo not occur
andmary typeshave alow frequeng, regardlesof
whetherthey arefilteredor not.

In this sectionwe demonstratedhatthe ranking
scoreanbe usedalongsidea thresholdio remove
sensesvhich areconsideredarefor thecorpusdata
at hand,thatthe majority of sensetypesfilteredin
thisway donotoccurin ourtestdata,andthatthose
that do typically have a low or averagefrequeng.
There are of coursedifferencesbetweenthe BNC
corpusthatwe usedto createour sensgankingand
the testcorpora,however, sincethe BNC is a bal-
ancedcorpuswe feel that this is a feasiblemeans
of evaluation,andthe resultsbearthis out. A main
advantageof our approachs to enableus to tailor
aresourcesuchasWordNetto domainspecifictext,
andit is to thisthatwe now turn.

Table4: Erroneougokensanticipatedandfiltered
from SENSEVAL-2

4 ExperimentsFiltering Sensedrom
Domain SpecificTexts

A majormotivationfor ourwork is to try to tailor a
sensenventoryto thetext athand.In thissectionwe
apply our filtering methodto two domainspecific
corpora.We demonstrat¢hatthe sensedilteredus-
ing our methodon thesecorporaaredeterminecdy
thedomain. The Reuterscorpus(Roseet al., 2002)
is a collection of about810,000Reuters,English
LanguagdNews storieg(coveringtheperiodAugust
1996 to August1997). Mary of the news stories
areeconomyrelated but several othertopicsarein-
cludedtoo. We have selecteddocumentgrom the
SPOR'S domain(topic code:GSPO)anda limited
numberof documentdrom the FINANCE domain
(topic codes: ECAT (ECONOMICS)and MCAT
(MARKETS)). We chosethe domainsof SPOR'S
andFINANCE sincethereis sufficient materialfor
thesedomainsin this publically availablecorpus.
The sPORT corpusconsistof 35317documents
(about9.1 million words). The FINANCE corpus
consistsof 117734documentgabout32.5 million
words). We acquiredthesaurusefor thesecorpora
usingthe proceduredescribedn section2.2.
Thereis no existing gold-standardhatwe could
use to determinethe frequeny of word senses
within thesedomainspecificcorpora. Insteadwe
evaluateour methodusingthe SubjectField Codes
(SFC) resource (Magnini and Cavaglia, 2000)




T% | BNC | FINANCE | SPORT
90 | 83 |82 81

80 | 75 | 62 60

70 | 61 |49 37

60 | 46 | 32 12

50 |24 |1 27

40 | 6 5 -

30 | 3 - -

20 | - - -

Table5: Percentagef sensdypesfiltered

which annotatedVordNet synsetswith domainla-

bels. The SFC containsan economy labelanda
sports label. For this domainlabel experimentwe

selectedall the wordsin WordNetthathave atleast
onesynselabelledeconomy andatleastonesynset
labelledsports. The resultingsetconsistedof 38

words. Therelative frequeng of thedomainlabels
for all the sensetypesof the 38 wordsis shaw in

figure 1. The threemain domainlabelsfor these
38 wordsareof coursesports, economy andfac-

totum (domainindependent).In figure 2 we con-
trastthe relative frequeny distribution of domain
labelsfor filtered sensegusing7% = 50) of these
38wordsin i) theBNC ii) the FINANCE corpusand
iii) the SPORT corpus.

Fromthis figure one canseethattherearemore
economy andcommerce sensesemovedfrom the
SPORT corpus,with no filtered sport labels. The
FINANCE and BNC corporado have somefiltered
economy andcommerce labels,but theseareonly
asmallpercentagef thefilteredsensesandfor Fi-
NANCE therearelessthanfor theBNC.

Table 5 shows the percentag®f senseypesfil-
teredat differentvaluesof 7'%. Therearea rela-
tively larger numberof sensetypesfilteredin the
BNC comparedo the FINANCE corpus,andthisin
turn hasa larger percentagéhanthe SPORT corpus.
Thisis particularlynoticeableatlowervaluesof 7'%
andis becauséor these38wordstherankingscores
arelessspreadn the FINANCE, andSPORT COrpus,
arisingfrom therelative sizeof the corporaandthe
spreadof the distributional similarity scores. We
concludefrom theseexperimentsthat the value of
T% shouldbe selecteddependenon the corpusas
well astherequirementsf theapplication.Thereis
alsoscopé€or investigatingptherdistributionalsim-
ilarity scoresand otherfiltering thresholdsfor ex-
ample takinginto accounthevarianceof therank-
ing scoredsn thecorpus.

5 RelatedWork

WordNetis an extensive resourceasnew versions
are creatednew sensegjet included, however, for
backwardscompatibility previous sensesare not
deleted. For mary NLP applicationsthe problems
of word senseambiguity are significant. One way
to copewith thelargernumbersof senseor aword
is by working at a coarsergranularity so that re-
lated sensesare groupedtogether Thereis useful
work being doneto cluster WordNet sensesauto-
matically(Agirre andLopezdeLacalle,2003).Pan-
tel andLin (2002)are working with automatically
constructedhesauruseand identifying sensedi-
rectly from the nearesheighbourswherethe gran-
ularity dependon the parameter®f the clustering
processlin contrastwe areusingthe nearesheigh-
boursto indicatethe frequeng of the sense®f the
targetword, using semanticsimilarity betweerthe
neighboursandthe word sensedistedin WordNet.
We do soherein orderto identify the sense®f the
wordwhicharerarein corpusdata.

LapataandBrew (2004)have recentlyusedsyn-
tactic evidenceto producea prior distribution for
verb sensesandincorporatethis in a wsD system.
Thework presentedherefocusse®n usingapreva-
lenceranking for word sensedo identify and re-
move rare sensesrom a genericresourcesuchas
WordNet. We believe thatthis methodwill be use-
ful for systemsusing sucha resourcewhich can
incorporateprior distributions over word sense®r
wish to identify andremove rareword sensesSys-
tems requiring sensefrequeng distributions cur
rently rely on available hand-taggedraining data,
andfor WordNetthemostextensiveresourcdor all-
wordsis SemCorWhilst SemColis extremelyuse-
ful, it comprisesonly 250,000wordstakenfrom a
subsebf the Brown corpusanda novel. Becausef
its size,andthe zipfian distribution of words,there
aremary wordswhichdonotoccurin thisresource,
for exampleembryo fridge, pancakewheelbarow
and mary words which occuronly onceor twice.
Our methodusingraw text permitsus to obtaina
senseankingfor ary wordfrom our corpus subject
totheconstrainthatwe have enoughoccurrence
thecorpus.Giventheincreasingamountof dataon
the web, this constraints notlikely to be problem-
atic.

Another major benefitof the work here, rather
thanrelianceon hand-taggedraining datasuchas
SemCoris thatthis methodpermitsusto produce
a ranking for the domain and text type required.
The sensedistributions of mary words dependon
the domain,andfiltering senseghat arerarein a
specificdomainpermitsa genericresourcesuchas
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WordNetto betailoredto thedomain.Buitelaarand
Sacaleany2001) have previously explored rank-
ing and selectionof synsetsn GermaNetfor spe-
cific domainsusingthewordsin agivensynsetand
thoserelatedby hyporymy, and a term relevance
measuretakenfrom information retrieval. Buite-
laar and Sacaleantnave evaluatedtheir methodon
identifying domainspecificconceptausing human
judgement®n 100items.

Magnini and Cavaglia (2000) have identified
WordNetword sensewvith particulardomains,and
this has proven useful for high precision wsb
(Magninietal., 2001);indeedin section4 we used
thesedomainlabelsfor evaluationof our automatic
filtering sense$rom domainspecificcorpora.lden-
tificationof thesedomainlabelsfor wordsensesvas

semi-automatiandrequireda considerablemount
of hand-labelling.Our approachis complementary
to this. It providesarankingof thesensesf aword
for agivendomainsothatmanualworkis notneces-
sary becausef thisit caneasilybeappliedto anen
domain,or senseénventory givensufficienttext.

6 Conclusions

We have proposedand evaluateda methodwhich
canidentify sensesvhich arerarein a given cor
pus. This methodusesa rankingof senseslerived
automaticallyfrom raw text using both distribu-
tional similarity methodsandameasuref semantic
similarity, suchasthoseavailablein the WordNet
similarity package. When using rankingsderived
from a thesaurusautomaticallyacquiredfrom the



BNC, we have demonstratethatthistechniquepro-
ducespromisingresultsin removing unusedsenses
from both SemCorand the SENSEVAL-2 English
all-words task corpus. Moreover, the sensege-
movederroneouslyrom SemComverelessfrequent
thanaverage.

A major benefit of this method is to tailor
a genericresourcesuch as WordNet to domain-
specific text, and we have demonstratedhis us-
ing two domainspecificcorporaand and an eval-
uationusingsemi-automaticallgreateddomainla-
bels(MagniniandCavaglia, 2000).

There is scopefor experimentationwith other
WordNet similarity scores. From earlier experi-
mentswe notedthat the lesk measureproduced
quite goodresults,althoughit is considerablyless
efficientthanjcn asit comparesenselefinitionsat
runtime. Onemajoradwantagethatlesk has,is its
applicabilityto otherPoS. Thelesk measure&anbe
usedwhenrankingadjectizes,andadwerbsaswell
as nounsand verbs (which canalsobe rankedus-
ing jcn). Anotheradwantageof the lesk measuras
thatit is applicableo lexical resourcesvhichdonot
have the hierarchicalstructurethat WordNet does,
but do have definitionsassociateavith word senses.

This paperonly dealswith nouns,however we
haverecentlyinvestigatedherankingmethodfor an
unsuperviseghredominansenseheuristicfor wsb
for other PoS (McCarthy et al., 2004b). We plan
to usethe rankingmethodfor identifying prevalent
andinfrequentsense$rom domainspecifictext and
usingthis asaresourcdor wsb andlexical acqui-
sition.
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