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Abstract
Therearenow many computerprogramsfor automaticallydeterminingwhich sensea word is beingusedin. Onewould like to beable
to saywhichwerebetter, whichworse,andalsowhichwords,or varietiesof language,presentedparticularproblemsto whichprograms.
In 1998a �rst evaluationexercise,SENSEVAL, tookplace.TheEnglishcomponentof theexerciseis described,andresultspresented.

1. Introduction
Therearenow many computerprogramsfor automati-

cally determiningwhichsenseawordis beingusedin. One
wouldliketobeabletosaywhichwerebetter, whichworse,
andalsowhich words,or varietiesof language,presented
particularproblemsto which programs. To this end, an
evaluationexercise,SENSEVAL, was organisedunderthe
auspicesof ACL SIGLEX (the LexiconsSpecialInterest
Groupof the Associationfor ComputationalLinguistics),
EURALEX (EuropeanAssociationfor Lexicography),EL-
SNET, andEU ProjectsSPARKLE andECRAN). It com-
prisedwordsensedisambiguation(WSD)tasksfor English,
Frenchand Italian. The exerciseis chronicledin a Spe-
cial Issueof ComputersandtheHumanities(Kilgarrif f and
Palmer, 2000). In this paperwe describethestructure,or-
ganisationand resultsof the SENSEVAL exercisefor En-
glish.1

The form of the evaluationwasas in MUC andother
ARPA evaluations(Hirschman,1998).First,all likely par-
ticipantswereinvited to expresstheir interestandpartici-
patein the exercisedesign. A timetablewasworked out.
A plan for selectingevaluationmaterialswasagreed.Hu-
manannotatorswereseton the taskof generatinga setof
correctanswers,the`goldstandard'.Thegoldstandardma-
terials,withoutanswers,werereleasedto participants,who
thenhada shorttime to run their programsover themand
returntheir setsof answersto theorganisers.Theorganis-
ersthenscoredtheanswers,andthescoreswereannounced
anddiscussedata workshop.

In this paperwe �rst outlinesomeof thechoicestaken
in thecourseof de�ning thetask;thenwedescribethedata
thatwasusedandtheparticipatingsystems,and�nally , the
systemresults.

2. Task Design Choices
2.1. All-w ords vs. lexical-choice

Two variantsof theWSDtaskare“all-words”and“lex-
ical sample”. In all-words,participatingsystemshave to

1There is a fuller version of the paper in the Spe-
cial Issue. SENSEVAL materials are available at
http://www.itri.bton.ac.uk/events/senseval

disambiguateall words (or all open-classwords) in a set
of texts. In lexical-sample,�rst, a sampleof wordsis se-
lected. Then, for eachsampleword, a numberof corpus
instancesareselected.Participatingsystemsthenhave to
disambiguatejust thesample-word instances.For SENSE-
VAL, the`lexical sample'variantwaschosen.Thereasons
included

� Moreef�cient humantagging
� Theall-wordstaskrequiresaccessto a full dictionary.

Thereareveryfew full suchdictionariesavailable(for
low or nocost)

� Many of thesystemsneededeithersense-taggedtrain-
ing dataor somemanualinput for eachdictionaryen-
try so could not have participatedon the all-words
task.

2.2. Dictionary and Corpus
A WSD exerciserequiresa dictionary, to specify the

wordsenseswhichareto bedisambiguated.It alsorequires
acorpusof languagedatato bedisambiguated.For English
SENSEVAL, theHECTOR databaseprovidedboth.2

HECTOR was a joint Oxford University Press/Digital
project (Atkins, 1993) in which a databasewith linked
dictionary and corpuswas developed. For a sampleof
words, dictionary entries were written in tandem with
sense-taggingall occurrencesof the word in a 17M-word
corpus(apilot for theBritish NationalCorpus).

The primary reasonfor the choicewas a simple one.
At the time whena choicewasneeded,it wasnot evident
whethertherewas any funding available for manualtag-
ging. Had funding not beenforthcoming,then, with the
HECTOR data,it wouldstill havebeenpossibleto runSEN-
SEVAL ascorpusinstanceshadbeenmanuallytaggedin the
HECTOR project.3

2We aregratefulto OUP for allowing us to usethe HECTOR

material.
3Therewasoneotherpossiblesourceof already-taggeddata:

theSEMCORcorpus,taggedaccordingto WordNetsenses(Fell-
baum,1998).However, SEMCORwasalreadywidely usedin the
WSD communityso SEMCORcouldnot provide “unseen”data
for evaluation;alsoit adoptedtheall-wordsapproach.



Onedisadvantageof theHECTOR corpusmaterialin the
form in whichit wasreceivedfromOUPwasthatcorpusin-
stanceswereassociatedwith very little context: sometimes
just onesentence,by default two sentences.Strategiesfor
gleaninginformationfrom awidercontext wouldnotshow
theirstrength.

2.3. Lexicon sampling

A criticism of earlier foraysinto lexical-sampleWSD
evaluationis that the lexical samplehadbeenchosenac-
cording to the whim of the experimenter(or, to coincide
with earlierexperimenters'selections).For EnglishSEN-
SEVAL, asamplingframewasdevisedin whichwordswere
classi�ed accordingto their frequency (in the BNC) and
their polysemylevel (in WordNet) and the sampleof 35
words(correspondingto 41tasks—seebelow) wasthense-
lectedfrom thethesetof HECTOR words.

2.4. Word ClassIssues

Word classissuescomplicatedthe taskde�nition. The
primaryissuewas:wastheassignmentof wordclass(POS-
tagging)to beseenaspartof theWSD task? In brief, the
argumentfor was that, in any real application,the word
sensetaggingandPOS-taggingwill becloselyrelated,with
eachpotentiallyproviding constraintsto theother. Thear-
gumentagainst was `divide and rule': POS-taggingis a
distinctsub-areaof NLP, with its own strategiesandissues,
and(arguably)a high accuracy rate,sowasbestkeptsep-
arate.A previousSIGLEX meetinghadseena majority in
favourof decoupling,but nounanimity.

For English SENSEVAL, for most of the evaluation
words, the tasksweredecoupled,with the part-of-speech
(noun,verbor adjective)of thecorpusinstancespeci�edby
theorganisersaspartof the input to theWSD task. How-
everfor � vewords,thetaskswerenotdecoupled,sopartic-
ipatingsystemshadto assigna sensewithoutprior knowl-
edgeof word-class.Thisgaveriseto a distinctionbetween
wordsand`tasks'.EachSENSEVAL task wasidenti�ed by
a word andeithera word-class(noun,verbor adjective) or
`indeterminate'.

3. The data
Therewerethreedatadistributions. The dry-run dis-

trib ution comprisedasetof lexicalentriesandcorrespond-
ing corpusinstancesandcouldbeusedto adaptsystemsto
theformatandstyleof datathatwould beusedfor evalua-
tion.

The training-data distribution comprisedthe lexical
entriesfor the test words and somesense-taggedcorpus
instancesfor mostof them. The lexical entrieswerepro-
vided so that participantscould ensurethat their systems
could parseand exploit the dictionaryentriesand add to
them wherenecessary, and the corpusinstances,so that
supervised-trainingsystemscouldbetrainedfor thewords
in the lexical sample. For � ve wordstherewasno train-
ing data,andfor theremainder, thequantityvariedwidely
between26 and2008instances,dependingsimply on how
many therewereavailable.

In bothdry-runandtrainingdata,corpusinstanceswere
provided completewith the sense-tagthat had beenas-

signedas part of the original HECTOR tagging,but there
hadbeennore-tagging.

The evaluation distribution contained,simply, a set
of corpusinstancesfor eachtask. Eachinstancehadbeen
taggedby at leastthreehumans,thoughthesetagswere,of
course,notpartof thedistribution. Therewere8448corpus
instancesin total in theevaluationdata,mosttaskshaving
between80 and400 instances.Therewere15 nountasks,
13verbtasks,8 adjectives,and5 indeterminates.

Systemswererequiredto return,for scoring,a one-line
answerfor eachcorpusinstancecomprisingtaskname,ref-
erencenumberandoneor moresensetags,optionallywith
associatedprobabilities.

Gold standard replicability

Preparationof a gold standardworthy of thenamewas
critical to the validity of WSD evaluation,asdiscussedin
detail in (Gale et al., 1992). The taggingsmust be cor-
rect, and it can only be deemedthat they are correct if
different individuals or teamstagging the sameinstance
dependablyarrive at the sametag. In various manual
sense-taggingexercises,agreementlevelsbetweentaggers
have beenlow. For SENSEVAL, it was critical that they
werehigh. To this end, the individualsto do the tagging
werecarefullychosen:whereasothertaggingexerciseshad
mostly usedstudents,SENSEVAL usedprofessionallexi-
cographers.The HECTOR dictionarywasselectedin part
becauseit wascorpus-based,hadmany examples,andwas
likely to supporthigh-accuracy tagging. Taggerswereen-
couragedto give multiple tags(oneof which might be the
`unassignable'tag)ratherthanmakehardchoices.Thema-
terial wasmultiply tagged,andan arbitrationphaseintro-
duced:�rst, two or threelexicographersprovidedtaggings.
Then,any instanceswherethesetaggingswerenotidentical
wereforwardedto a third lexicographerfor arbitration.

At the time of the SENSEVAL workshop,the tagging
procedure(includingarbitration)hadbeenundertakenonce
for eachcorpusinstance. Individual lexicographers'ini-
tial pre-arbitrationresultswere scoredagainstthe post-
arbitrationresults. The scoringalgorithmwasasfor sys-
temscores.Thescoresrangedbetween88%to 100%,with
just � veoutof 122resultsfor � lexicographer, word� pairs
falling below 95%.

To determinethe replicability of the whole processin
a thoroughgoingway, the exercisewas repeatedfor four
words,selectedto re�ect thespreadof dif�culty . The1057
corpusinstancesfor the four words were taggedby two
lexicographerswho hadnot seenthedatabeforeandnon-
identical taggingswere forwardedfor arbitration. These
taggingswerethencomparedwith theonesproducedpre-
viously. Thelevel of agreementwas95%.Thiswasa most
encouragingresult,which showed that it was possibleto
organisemanualtagging in a way that gave rise to high
replicability, therebyvalidatingthe WSD enterprisein its
entirety, andSENSEVAL in particular.

4. Systems

The seventeensystemswhich returnedresultsprior to
theworkshopareshown in Table1.



Group Shortname

Nonsupervised
CL Research,USA clres
TechU Catalonia,BasqueU upc-ehu-un
U Ottawa ottawa
U Sunderland suss
U Sussex sussex
U SainsMalaysia malaysia
XRCE,CELI, Torino xeroxceli

Supervised
Bertin,U Avignon avignon
EdTestingService,Princeton ets-pu
JohnHopkinsU hopkins
KoreaU korea
NMSU, UNC Asheville grling-sdm
TechU Catalonia,BasqueU upc-ehu-su
U Durham durham
U Manitoba manitoba-ks
U Manitoba manitoba-dl
U Tilburg tilburg

Table1: Participatingsystemsfor English

Systemsdiffer greatlyin termsof theinputdatathey re-
quireandthemethodologythey employ. This makescom-
parisonsparticularlyodious,but, to make thecomparisons
marginally more palatable,they were classi�ed into two
broad categories, the supervisedsystems,which needed
sense-taggedtraining instancesof eachword they wereto
disambiguate,and the nonsupervisedsystemswhich did
not.

The schemeis a �rst pass, and various classi�ca-
tionsseemanomalous.Somesupervisedsystemsarealso
equippedto fall backonalternativetaggingstrategiesin the
absenceof an annotatedtrainingcorpus,while somenon-
supervisedsystemsdefault to a frequency-basedguessif
informationfrom a training corpusis available. Systems
suchasSUSS andCLRES werein principlenonsupervised,
but usedthe training data(aswell as the dry-run data)to
debugandimprovethecon�gurationof theirprograms.We
usethe schemeto simplify thepresentationof results,but
askthereaderto treatit indulgently.4

Baselines

Systemresultscan be measuredagainsttwo setsof
baselines;onethat makesuseof the corpustraining data,
and the other that usesonly dictioanry entries. The for-
merareintendedfor comparisonwith supervisedsystems,
the latter, for comparisonwith nonsupervisedones. None
of the baselinesdraws on any form of linguistic knowl-
edge,exceptfor thosethatarecoupledwith thephrase�lter ,

4For participantswhosesystemsoutput WordNet senses,a
mappingfrom WordNetsensesto HECTOR senseswasprovided
by the organisers.The result is not altogethersatisfactory, with
gaps,one-to-many and many-to-many mappings. The perfor-
mance�gures for thefour systems(UPC-EHU-UN, UPC-EHU-SU,
SUSSEX AND OTTAWA) whichusedthemappingsufferedsubstan-
tially.

whichrecognizesin�ected formsof wordsandappliesrudi-
mentaryorderingconstraintsfor multi-wordexpressions.

The highest-performingbaselineswere all variantsof
Lesk's algorithm(Lesk, 1986). The Lesk-basedbaselines
outperformedthebaselineswhich usedsimpleralgorithms
suchasRANDOM, or, “alwayschoosethesensewhich has
mosttraining-corpusinstances”.

Simple LESK choosesthe senseof a test word's root
whosedictionary de�nition and example texts have the
mostwordsin commonwith thewordsaroundtheinstance
to be disambiguated.Thestrategy is, for eachword to be
tagged:
(a) For each sense s of that word,

(b) set weight(s) to zero.

(c) Identify set of unique words W in

surrounding sentence.

(d) For each word w in W,

(e) for each sense s,

(f) if w occurs in the definition or

example sentences of s,

(g) add weight(w) to weight(s).

(h) Choose sense with greatest weight(s)

Weight(w)is de�nedastheinversedocumentfrequency
(IDF) of theword w over thede�nitions andexamplesen-
tencesin thedictionary. TheIDF of a word w is computed
as � �������	�
����
�


, wherep(w) is estimatedasthe fractionof
dictionary“documents”—de�nition or examples—which
containthewordw.

LESK-PLUS-CORPUS is asLESK, but alsoconsidersthe
taggedtraining data,so canbe comparedwith supervised
systems.For eachword in thesentencecontainingthetest
item, it testswhetherw occursin the dictionaryentry or
corpusinstancesfor eachcandidatesense.

AlthoughLESK-PLUS-CORPUS doesnot explicitly rep-
resenttherelativecorpusfrequenciesof sensetags,it favors
commontagsbecausethey have largercontext sets,andan
arbitrarywordin atest-corpussentenceis morelikely tooc-
cur in thecontext setof a commonertraining-corpussense
tag.

The baselinesall performedbetterwhencoupledwith
aphrase�lter designedto scanfor multi-wordexpressions.
It runs�rst, vetoingall sensesfor multi-word itemsif there
is noevidencefor themin thetestinstance,andvetoingall
sensesexceptthesalientmulti-wordone(s)whereevidence
is found.

5. Results
The scoringregime allowed scoresof between0 and

1 wherea systemreturnedmorethanonesensefor an in-
stance,with the probability massshared,as describedin
(Melamedand Resnik,2000).5 The precision,or perfor-
mance,of a systemis computedby summingthe scores
over all test itemsthat the systemguessedon, anddivid-
ing by thenumberof guessed-onitems.Recallis computed

5A numberof strategieswereexploredfor relatingscoresto
the hierarchyof sensesandsubsensesin the dictionary. In this
exercise,the choiceof scoringschememadelittle differenceto
therelative scoresof differentsystems,or of systemson different
tasks.In whatfollows,only directsense-to-senseor subsense-to-
subsensematchesareconsidered.



by dividing the system's scoresover all itemsby the total
numberof items.

Thehighlyskeweddistributionof languagephenomena,
with afew veryfrequentphenomenaandalongtail of rarer
ones,alsothatsystemswill primarily beevaluatedwith re-
spectto theirability to handleafew commontypesof prob-
lems.Theirability to handlea rangeof rarerproblemswill
have little impacton their score.Evenif a systemdoesnot
chooseto restrictitself to thesubsetof commoncases,there
will belittle elsefor it to demonstrateits versatilityon.

Figure1 summarisessystemperformanceon the over-
all task. Nonsupervisedsystemsare in italics, supervised
in boldface. The humanscore,HECTOR, correspondsto
the annotationsmadeby the lexicographerswho initially
markedupthetestcorpus.

Three baselinesare also provided for comparison.
(LESK doesnot explicitly usethe corpus,but doesbene�t
from thecorpus-like dictionaryexamples,which arelike a
mini-corpus,and,for many dictionaries,wouldnotbeavail-
able. Hencethe inclusion,for comparison,of LESK DEFI-
NITIONS, whichdoesnotusethissourceof information.)

Figure1 demonstratesthatthestateof theart,for a�ne-
grainedWSD task wherethereis training dataavailable,
is at around75%. Wherethereis training dataavailable,
systemsthat useit performsubstantiallybetterthanones
thatdonot.

For nouns,the top performancewasover 80%; for the
verbs,the bestsystemsscoredaround70% with the other
two categories,adjectivesandindeterminates,falling in be-
tween.

Themajorityof systemswereoutperformedby theLesk
baselinefor their system-type.On onelargesubsetof the
data,the2500itemsin theverbtasks,noneof thesystems
is capableof achieving morethana 2% improvementover
thebestbaseline'serrorrate.

Some of the supervised systems (durham,
hopkins, suss, manitoba-dl ) were designed
to fall back on unsupervisedtechniques,or to rely on
dictionary exampleswhen no corpus training data was
available. One might have expectedthesesystemsto
performat the samelevels as nonsupervisedsystemsfor
thosetaskswheretherewasno trainingdata.But this was
not the case. The supervisedsystemsperformedbetter
evenfor thesewords.

Individual items in the datasetare not gradedin any
way for dif�culty . This is a limitation of the evaluation
sincemostsystemsdid not tagtheentiredatasetbut carved
outmoreor lessidiosyncraticsubsetsof it, abstainingfrom
guessingabouttheremainder. Withoutdif�culty ratingsfor
items,wecannotsaywhethertwo systemsthattagonly part
of the datahave chosenequallyhardsubsets,and results
maynotbecomparable.

5.1. Polysemy, entropy, and task dif�culty

Thedistributionof sensetagsin thetrainingandevalu-
ationdatais highly skewed,with afew verycommonsense
tagsanda long tail of rarerones. This suggeststhat the
distributionsof sensetagsfor individual wordsin thedata
will alsobequiteskewedandthattheentropy of thesedis-

tributions6 will befairly low. However, thereis substantial
variationof entropy acrosswords. For instance,bothgen-
erous andslight areadjectiveswith 6 senses,but the en-
tropy of slight is 1.28while thatof generousis 2.30.This
is becauseof theunusuallyevendistribution of sensetags
for generous.

Polysemyandentropy often vary together, but not al-
ways. The nouns,on average,hadhigherpolysemythan
theverbsbut the verbshadhigherentropy. For verbs,the
corpusinstanceswerespreadacrossthe dictionarysenses
moreevenly thanfor nouns.

Systemstendto do betteron thenounsthantheverbs,
suggestingthat entropy is the bettermeasureof the dif�-
culty of the tasks.Thecorrelationbetweentaskpolysemy
and systemperformanceis -0.258. The correlationbe-
tweenentropy andsystemperformanceis stronger:-0.510.
Whenconsideringjust thesupervisedsystems,thecorrela-
tion with entropy is -0.699;with polysemy, -0.247.

6. Conclusion and way forward
We have presenteda �rst open evaluation for Word

SenseDisambiguationsystemsfor English. The exercise
wasa success,with thevariousobstaclesto involving dif-
ferentmembersof the community, with differentvarieties
of WSD system,all overcometo somedegree. A no-
tablesuccesswastheachievementof high replicability for
the manually-taggedgold standard. A notablelimitation
was that systemswhich did not tag accordingto HEC-
TOR senses,but accordingto othersenseswhich werethen
mapped,wereataseveredisadvantage.

Theresultsdemonstratethatthestateof theart for �ne-
grainedWSD, where there is training data available, is
75–80%. Wherethereis training dataavailable,systems
that useit performsubstantiallybetterthan thosethat do
not. They alsodemonstratethat a well-implementedsim-
ple LESK algorithmis hardto beat.

SENSEVAL demonstratesthe feasibility and value of
WSD evaluationexercisesandwe believe thereshouldbe
futureSENSEVALs, with the taskre-designedaccordingto
thestrengthsandweaknessesof this �rst one.
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