


File (%) Genre(%)
Nouns 70 66
Verbs 79 74
Adjectives 25 21

Table1: Percentagesof wordswith a differentpredominantsensein SemCor, across
files andgenres.
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Figure1: Thefirst senseheuristiccomparedwith SENSEVAL2 results

distinguishessystemswhichmakeuseof hand-taggeddata(usingHTD) suchasSem-
Cor [16], from thosethatdonot(withoutHTD). Usingthefirst listedsensein WordNet
for thePoSgivenby thePennTreeBankwouldhavegivenaprecisionandrecallof 57%
[17], andthis is shown with thelabel‘First Sense2’. Thehighperformanceof thefirst
sensebaselineis largelybecauseof theskewedfrequency distributionof thesensesfor
mostwords.Eventhosesystemswhichshow superiorperformanceto thiscrudeheuris-
tic oftenmakeuseof it whereevidencefrom thecontext is not sufficient [6]. Whilst a
first senseheuristicbasedon a sense-taggedcorpussuchasSemCoris clearlyuseful,
thereis a strongcasefor obtaininga first, or predominant,
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of rankingsensesdirectly from untaggeddata. Many WSD systemse.g. [25, 6] use
thefirst senseheuristicwithin their systems,becauseit is sopowerful. An automatic
rankingof senseswouldbeusefulfor WSD systems,whetheror not they alsousehand-
taggeddatafor training.Additionally, researchershave usedthepredominantsenseof
wordsto improve lexical acquisition[14, 9] so we believe automaticrankingwhich
couldbetunedto thedataat handwouldbeusefulfor this. As well asbeingusefulfor
determiningthetoprankingsensesof aword,wehopethatamethodfor rankingsenses
wouldalsobeusefulfor identifyinginfrequentandpotentiallyredundantsenses.

Assumingthat onehada WSD systemthat could accuratelytag a portion of text
thenonecouldobtainfrequency countsfor thesensesandrankthemwith thesecounts.
However, the most accurateWSD systemsare thosewhich requiremanuallysense
taggeddatain the first place,andtheir accuracy seemsto dependon the quantityof
trainingexamples[8] available. We areinvestigatinga methodof automaticallyrank-
ing WordNetsensesfrom raw text.

Many researchersaredevelopingautomaticthesaurusesfrom automaticallyparsed
data. From inspectingthe lists of neighboursof the thesaurusesonecanseethat the
orderedneighboursrelateto thedifferentsensesof the targetword in theselists. For
example,the neighboursof star in a dependency-basedthesaurusprovided by Lin 2

hastheorderedlist of neighbours:superstar, player, teammate,actor early in thelist,
but onecanalsoseewordsthatarerelatedto anothersenseof star e.g. galaxy, sun,
world andplanet further down the list. The neighboursreflect the varioussensesof
the word to which they relate,star in this example. We expect that the quantityand
similarity of the neighbourspertainingto differentsenseswill reflect the dominance
of thesenseto which they pertain. This is becausetherewill bemorerelationaldata
for the moreprevalentsensescomparedto the lessfrequentsenses.In this paperwe
describeandevaluateamethodfor automaticallyrankingpredominantsensesof nouns
usingtheneighboursfromautomaticallyacquiredthesauruses,alongwith theWordNet
Similarity measures[20] for weightingthesensesof thetargetwordwith thesimilarity
betwe399 0 ai[ah

describetothe







res) in the WordNetsimilarity packageareproducedusingcorpusdatato obtainthe
IC of a class.We evaluatedtherankingsusingfour variationsin obtainingthecounts
for thesewith datafrom (i) theBNC corpusanda resnikcountoptionwhich is imple-
mentedin theWordNet



measure ^ $ � wBw % ^ #�� % #�$�~ + w %
lesk 54 48 48
lch 49 48 43
edge 50 49 44
res 48 45 39
jcn 54 50 46
lin 50 46 43

Table2: Resultswith theBNC thesaurusfor a rangeof WordNetsimilarity scores

BNC resnikcount
measure ^ $ � wBw % ^ #�� % #�$�~ + w %
res 48 45 39
jcn 54 50 46
lin 50 46 43

Brown resnikcount
res 47 45 39
jcn 55 50 46
lin 50 47 43

Brown
res 47 45 39
jcn 54 50 46
lin 50 46 42

default(SemCor)
res 47 45 37
jcn 69 68 55
lin 62 64 49

Table3: Resultswith theBNC thesaurusfor differentsourcesof IC

the casewith the jcn andlin metricswhich usethe IC of the sensesof the wordsdi-
rectly. Thesedefaultfiles rely on thesensetaggeddatafrom SemCor. To avoid using
sense-taggeddata(andin particularour testset)we revert to usingtheBNC rc IC files
for therestof thework describedin thispaper.

The leskandjcn measuresshow thebestperformanceon the scoresthatevaluate
the rankings. The lesk measurewasconsiderablyslower thanthe measures,suchas
jcn, which rely on theprecompiledfiles from thecorpusdata.Sinceall measuresgive
comparableresultswe restrictedour remainingexperimentsto jcn becausethis gave
goodresultsfor thesenserankingmetrics,andis efficient,giventheprecompilationof
theIC files.

Table4 displaystheresultsobtainedwhenvaryingthefilter threshold(F%),giving
the numberof sensetypesfilteredfrom the full setof 10687sensetypesfor all 2595
polysemousnouns.������� � � wBw , describedabove in section4.1,is thepercentageof these
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F% # Ftypes ������� � � wBw ����t � �BJLJ , ����t � �BJLJ ,�,
1 99 57 0.04 25
3 298 57 1.3 33
5 508 57 2.1 32
10 998 56 5.3 44

Table4: Filteringresults

typesthatdo not occurat all in SemCor. ����t � �BJLJ , is thepercentageof tokensfiltered
from SemCorin error using this threshold,and ����t � ��JSJ ,�, is that percentagefor the
subsetof nounswhichhave at leastonesensefilteredusingthatthreshold.

Theresultsshow thatthemajorityof sensetypesfilteredarethosethatdonotoccur
in SemCor. Thebaselinefor this taskis 38%sincethatis thepercentageof sensetypes
for thesetof polysemousnounsthatdonot occurin SemCor. Interestingly, increasing
thethresholdseemsto filter a higherpercentageof tokensthatshouldnotberemoved,
but thepercentageof sensetypesthatarefilteredcorrectlyremainssimilar. Thefiltering
thresholdusinga percentageof sensetypesresultsin somewordshaving many more
sensesfilteredthanothers.In thefutureweplanto investigatethis morecarefullyand
determineif a wordspecificthresholdwouldbemoreappropriate.

6 Discussion

Frommanualanalysis,therearecaseswheretheautomaticrankingis atoddswith Sem-
Cor, yet theautomaticrankingis intuitivelyplausible.This is to beexpectedregardless
of any inherentshortcomingsof therankingtechniquesincethesenseswithin SemCor
will differ compareto thoseof theBNC.For example,in WordNetthefirst listedsense
of pipe is tobaccopipe, andthis is rankedjoint first accordingto the Brown files in
SemCorwith the secondsensetube madeof metal or plastic usedto carry water,
oil or gasetc.... Theautomaticrankingfrom theBNC datalists the latter tube sense
first. This seemsquite reasonablegiven the nearestneighbours:4 tube,cable,wire,
tank,hole,cylinder, fitting, tap,cistern,plate...

SinceSemCoris derived from the Brown corpus,which predatestheBNC by 30
years5 andcontainsa higherproportionof fiction 6, thehigh rankingfor the tobacco
pipe senseaccordingto SemCorseemsquiteplausible.It couldhowever be that this
examplehighlightsa problemwith usingautomaticallyacquiredthesaurusesfor some
cases.It may be that the tobaccopipe senseis simply demotedbecauseit doesnot
occur in a wide variety of contexts andso it is not adequatelyreflectedin the list of
neighbours.

4We show thefirst 10 for thesakeof brevity.
5Thetext in theBrown corpuswasproducedin 1961,whereasthebulk of thewrittenportionof theBNC

containstextsproducedbetween1975and1993.
66 out of the15 Brown genresarefiction, includingone





Word PSBNC PSFINANCE PSSPORT
pass 1 (accomplishment) 14 (attempt) 15 (throw)
share 2 (portion, asset) 2 2
division 4 (admin. unit ) 4 6 (league)
head 1 (body part ) 4 (leader) 4
loss 2 (transf. property) 2 8 (death,departure)
competition 2 (contest,socialevent) 3 (rivalry ) 2
match 2 (contest) 7 (equal,person) 2
tie 1 (neckwear) 2 (affiliation ) 3 (draw)
strike 1 (work stoppage) 1 6 (hit,success)
striker 1 (athlete) 2 (sailor) 1
goal 1 (end,mentalobject) 1 2 (score)

Table5: Domainspecificresults

evaluationin thenearfuture.

7.3 Discussion

Theresultsfor theexperimentsaresummarized
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usedbothto obtainfurtherinputdatafor domainspecificsenserankingandfor usein
determiningthedomainfor applicationof thedomainspecificranking.

8 RelatedWork

To our knowledgethereis no otherwork on automaticallyrankingsenses.Of course
this could be doneby usingan unsupervisedWSD systemto tag text and taking the
resultingrankings.The majorproblemwith this is that the accuracy of unsupervised
systemsdoesnotseemto besufficient.Theanswersfor systemsussex-sel[15] 8 would
give a ^ $*� wBw of 32% for finding the first senseaccordingto WordNet1.7. Systems
thatusetrainingdata,suchasSemCor, wouldundoubtedlydobetteron ranking,but it
wouldprobablybebetterto usethetrainingdatadirectly.

Patwardhanet. al. [19] have usedtheWordNetsimilarity packagesfor WSD, and
evaluatedontheSENSEVAL2 Englishlexical sampledata.Theresultslook comparable
to othersthatdonotmakeuseof hand-taggeddata,with theoptimumaccuracy at39%.
Interestingly, variationof the IC files did not affect their resultsmuch,aswith ours,
however, unlike our resultsthis wasalsothe casewherethe sense-taggeddatain the
SemCorfiles wasused.Thetaskis differentthough,in thatweareevaluatingrankings
andnotperformingWSD. Additionally,ourgold-standardwasthesameasthatusedfor
thedefaultIC files,whereasthey usedtheSemCorfrequenc.67993 0 Tdd(v)Tj
4.8 0 Td(alua4.3999 7
109)Tj
27.59998.eforforWm9 Td(and)Tj
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which theautomaticthesauruswasproduced.In thefuture,we hopeto quantitatively
evaluatethe rankingsfor domainspecificcorpora. In particularwe plan to usethe
rankingsto demonstratean improvementin lexical acquisition,andalsoexaminethe
effects of filtering low rankingsensesprior to lexical acquisition. We hopealso to
usethe differencein rankingsbetweenbalancedcorporaanddomainspecificonesto
isolatewordshaving verydifferentneighbours,andthereforerankings,in thedifferent
corpora. As regardsthe filtering, it may be that we needa word specificthreshold
beforefiltering is appliedandweplanto dosomeexperimentsin thisdirection.

Thereis plenty of scopefor further work. WordNet is very fine-grained. From
manualanalysisthe thesaurusmethodoftenpicksa closelyrelatedsenseto thegold-
standard,or anticipated,predominantsense.We hopeto look at automaticmethods
for clusteringWordNetrelatedsenses,suchasthoseproposedby Agirre andLopezde
Lacalle [1]. We have not yet performedany analysison the categoriesof nounsfor
which our rankingmethodworksbest.Suchanalysiswould alsobeuseful,thoughwe
suspectthatperformancedependsonthegranularityandthatthemethodwill work best
on thosenounswith cleardistinctions.

We alsowant to investigatewhetherthe frequency of the nounshasa bearingon
performancesinceLin’smeasureof distributionalsimilarity hasbeenshown to perform
poorly on semantictasksfor low frequency words[24]. It would beworth exploring
otherdistributionalsimilarity measuresfor producingthethesaurussuchasalpha-skew
divergence[11] andthoseproposedby WeedsandWeir. Additionally,weneedto deter-
minewhethersenseswhichdonot occurin a widevarietyof contexts farebadlyusing
distributionalmeasuresof similarity, andwhatcanbedoneto combatthisproblem.

To datewe have only usedthis methodon nouns.We hopeto try it out on verbs,
but wewill first needto look into theperformanceof WordNetsimilarity measuresfor
verbs.ResnikandDiab [22] discussthefact thatverbsimilarity is a differentto noun
similarity becauseof the differentpropertiesof verbs,suchasevent structure.They
foundlower inter-rateragreementfor humansjudgingthesimilarity of verbsthanhas
beenobtainedin similarexperimentsfor nouns.

Theleskandjcn measuresperformedthebestin our evaluationsusingSemCoras
a gold-standard.Sinceboth of thesemeasuresusedifferenttypesof informationwe
couldtry usinga combinationof similarity scoreswithin our rankingscore.
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