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Abstract
Therearenow mary computemprogramdor automaticallydeterminingwhich sensea word is beingusedin. Onewould like to beable
to saywhichwerebetter whichworse,andalsowhichwords,or varietiesof languagepresentegarticularproblemsto which programs.
In 1998a rst evaluationexercise, SENSEVAL, took place.The Englishcomponenbf the exerciseis describedandresultspresented.

1. Introduction

Therearenow mary computerprogramsfor automati-
cally determiningvhichsenseawordis beingusedn. One
wouldliketo beableto saywhichwerebetter whichworse,
andalsowhich words, or varietiesof language presented
particularproblemsto which programs. To this end, an
evaluationexercise, SENSEVAL, was organisedunderthe
auspicesnf ACL SIGLEX (the Lexicons Speciallnterest
Group of the Associationfor ComputationaLinguistics),
EURALEX (EuropearAssociatiorfor Lexicography) EL-
SNET, andEU ProjectsSFARKLE andECRAN). It com-
prisedwordsensealisambiguatiofWSD)tasksfor English,
Frenchand Italian. The exerciseis chronicledin a Spe-
cial Issueof Computes andthe HumanitiegKilgarriff and
Palmer 2000). In this paperwe describethe structure or-
ganisationand resultsof the SENSEVAL exercisefor En-
glish!

The form of the evaluationwasasin MUC and other
ARPA evaluationsg(Hirschman 1998). First, all likely par
ticipantswereinvited to expresstheir interestand partici-
patein the exercisedesign. A timetablewasworked out.
A planfor selectingevaluationmaterialswasagreed.Hu-
manannotatorsvere seton the taskof generatinga setof
correctanswersthe ‘goldstandard'. Thegoldstandardna-
terials,withoutanswerswerereleasedo participantswho
thenhada shorttime to run their programsover themand
returntheir setsof answergo the organisers.The organis-
ersthenscoredheanswersandthescoresvereannounced
anddiscussedtaworkshop.

In this paperwe rst outline someof the choicestaken
in thecourseof de ning thetask;thenwe describahedata
thatwasusedandthepatrticipatingsystemsand nally , the
systenresults.

2. Task Design Choices

2.1. All-words vs. lexical-choice

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

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

disambiguateall words (or all open-classords)in a set
of texts. In lexical-sample,rst, a sampleof wordsis se-
lected. Then, for eachsampleword, a numberof corpus
instancesare selected. Participatingsystemshenhave to
disambiguatéust the sample-vord instancesFor SENSE-
VAL, the 'lexical sample'variantwaschosen.Thereasons
included

¢ Moreefcient humantagging

¢ Theall-wordstaskrequiresaccesdo afull dictionary
Thereareveryfew full suchdictionariesavailable(for
low or nocost)

¢ Many of thesystemseedeckithersense-taggeitain-
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
word sensesvhichareto bedisambiguatedt alsorequires
acorpusof languagedatato bedisambiguatedror English
SENSEVAL, the HECTOR databas@rovidedboth?

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-taggingll occurrence®f the word in a 17M-word
corpus(apilot for the British NationalCorpus).

The primary reasonfor the choicewas a simple one.
At the time whena choicewasneededijt wasnot evident
whethertherewas ary funding available for manualtag-
ging. Had funding not beenforthcoming, then, with the
HECTOR data,it would still have beenpossibleto run SEN-
SEVAL ascorpusinstancefhadbeenmanuallytaggedn the
HECTOR project?

2\We are gratefulto OUP for allowing us to usethe HECTOR
material.

3Therewasoneotherpossiblesourceof already-taggedata:
the SEMCORcorpus taggedaccordingo WordNetsensegFell-
baum,1998).However, SEMCORwasalreadywidely usedin the
WSD communityso SEMCORCcould not provide “unseen’data
for evaluation;alsoit adoptedheall-wordsapproach.



Onedisadwantageof the HECTOR corpusmaterialin the
formin whichit wasrecevedfrom OUPwasthatcorpusin-
stancesvereassociatedvith verylittle context: sometimes
just onesentenceby default two sentencesStrategiesfor
gleaninginformationfrom awider context would not shov
their strength.

2.3. Lexicon sampling

A criticism of earlierforaysinto lexical-sampleWSD
evaluationis that the lexical samplehad beenchosenac-
cordingto the whim of the experimenter(or, to coincide
with earlierexperimenters'selections).For English SEN-
SEVAL, asamplingframewasdevisedin whichwordswere
classi ed accordingto their frequeng (in the BNC) and
their polysemylevel (in WordNet) and the sampleof 35
words(correspondingo 41 tasks—seéelav) wasthense-
lectedfrom thethe setof HECTOR words.

2.4. Word Classlssues

Word classissuescomplicatedhe taskde nition. The
primaryissuewas:wastheassignmentf word class(POS-
tagging)to be seenaspartof the WSD task? In brief, the
argumentfor wasthat, in ary real application,the word
sensdaggingandPOS-taggingvill becloselyrelatedwith
eachpotentiallyproviding constraintgo the other Thear
gumentagainst was “divide andrule': POS-taggings a
distinctsub-areaf NLP, with its own stratgiesandissues,
and(arguably)a high accurag rate,sowasbestkeptsep-
arate.A previous SIGLEX meetinghadseena majority in
favour of decouplingput no unanimity

For English SENSEvAL, for most of the evaluation
words, the taskswere decoupledwith the part-of-speech
(noun,verbor adjectie) of thecorpusinstancespeci edby
the organisersaspartof the input to the WSD task. How-
everfor vewords,thetaskswerenotdecoupledsopartic-
ipating systemshadto assigna sensewithout prior knowl-
edgeof word-class.This gaveriseto a distinctionbetween
wordsand tasks'. EachSENSEVAL task wasidenti ed by
aword andeitheraword-clasgnoun,verbor adjective) or
‘indeterminate’.

3. Thedata

Therewerethreedatadistributions. The dry-run dis-
trib ution comprisedasetof lexical entriesandcorrespond-
ing corpusinstancesndcould be usedto adaptsystemso
theformatandstyle of datathatwould be usedfor evalua-
tion.

The training-data distribution comprisedthe lexical
entriesfor the test words and some sense-taggedorpus
instancedor mostof them. The lexical entrieswere pro-
vided so that participantscould ensurethat their systems
could parseand exploit the dictionary entriesand add to
them where necessaryand the corpusinstancesso that
supervised-trainingystemscouldbe trainedfor the words
in the lexical sample. For ve wordstherewas no train-
ing data,andfor theremaindeyrthe quantityvariedwidely
betweer26 and2008instancesdependingsimply on how
mary therewereavailable.

In bothdry-runandtrainingdata,corpusinstancesvere
provided completewith the sense-taghat had beenas-

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

The evaluation distribution contained,simply, a set
of corpusinstancedor eachtask. Eachinstancehadbeen
taggedby atleastthreehumansthoughthesetagswere,of
coursenotpartof thedistribution. Therewere8448corpus
instancesn total in the evaluationdata,mosttaskshaving
betweerB0 and400instancesTherewere 15 nountasks,
13verbtasks8 adjectves,and5 indeterminates.

Systemswererequiredto return,for scoring,aone-line
answeflfor eachcorpusinstancecomprisingtiaskname ref-
erencenumberandoneor moresensdags,optionallywith
associategrobabilities.

Gold standard replicability

Preparatiorof a gold standardvorthy of the namewas
critical to the validity of WSD evaluation,asdiscussedn
detailin (Galeet al., 1992). The taggingsmust be cor-
rect, and it can only be deemedthat they are correctif
differentindividuals or teamstagging the sameinstance
dependablyarrive at the sametag. In various manual
sense-taggingxercisesagreementevels betweertaggers
have beenlow. For SENSEVAL, it was critical that they
were high. To this end, the individualsto do the tagging
werecarefullychosenwherea®thertaggingexercisesad
mostly usedstudents,SENSEVAL usedprofessionalexi-
cographers.The HECTOR dictionarywas selectedn part
becausdt wascorpus-basedadmary examplesandwas
likely to supporthigh-accurag tagging. Taggerswvereen-
couragedo give multiple tags(oneof which might be the
“unassignabletag)ratherthanmake hardchoices.Thema-
terial was multiply tagged,andan arbitrationphaseintro-
duced: rst, two or threelexicographergrovidedtaggings.
Then,ary instancesvherethesaaggingsverenotidentical
wereforwardedto a third lexicographerfor arbitration.

At the time of the SENSEVAL workshop,the tagging
procedurdincludingarbitration)hadbeenundertalenonce
for eachcorpusinstance. Individual lexicographers'ini-
tial pre-arbitrationresultswere scoredagainstthe post-
arbitrationresults. The scoringalgorithmwas asfor sys-
temscores.ThescoregangedbetweerB8%to 100%,with
just veoutof 122resultsfor <lexicographeyword> pairs
falling below 95%.

To determinethe replicability of the whole processn
a thoroughgoingway, the exercisewas repeatedor four
words,selectedo re ect the spreadf dif culty . The 1057
corpusinstancedor the four words were taggedby two
lexicographersvho hadnot seenthe databeforeandnon-
identical taggingswere forwardedfor arbitration. These
taggingswerethencomparedvith the onesproducedpre-
viously. Thelevel of agreementvas95%. Thiswasa most
encouragingesult, which shaved that it was possibleto
organisemanualtaggingin a way that gave rise to high
replicability, therebyvalidatingthe WSD enterpriséan its
entirety andSENSEVAL in particular

4. Systems

The seventeensystemswhich returnedresultsprior to
theworkshopareshovnin Tablel.



Group Shortname
Nonsupewised

CL ResearchUSA clres
TechU CataloniaBasqueJ upc-ehu-un
U Ottawa ottava

U Sunderland suss

U Sussg SUSSE

U SainsMalaysia malaysia
XRCE, CELI, Torino xeroxceli
Supervised

Bertin, U Avignon avignon

Ed TestingService Princeton ets-pu
JohnHopkinsU hopkins
KoreaU korea
NMSU, UNC Asheville grling-sdm
TechU CataloniaBasquelJ upc-ehu-su
U Durham durham

U Manitoba manitoba-ks
U Manitoba manitoba-dl
U Tilburg tilburg

Tablel: Participatingsystemdor English

Systemdliffer greatlyin termsof theinputdatathey re-
quireandthe methodologythey employ. This makescom-
parisongarticularlyodious,but, to make the comparisons
maiginally more palatable,they were classi ed into two
broad cateyories, the supervisedsystems,which needed
sense-taggettaining instancesf eachword they wereto
disambiguate and the nonsupervisedystemswhich did
not.

The schemeis a rst pass, and various classi ca-
tions seemanomalous.Somesupervisedgystemsare also
equippedo fall backonalternatve taggingstratgiesin the
absencef an annotatedraining corpus,while somenon-
supervisedsystemsdefault to a frequeng-basedguessif
informationfrom a training corpusis available. Systems
suchasSuss andCLRES werein principlenonsupervised,
but usedthe training data(aswell asthe dry-run data)to
delugandimprovethecon gurationof theirprogramsWe
usethe schemeo simplify the presentatiorof results,but
askthereadetto treatit indulgently*

Baselines

Systemresults can be measuredagainsttwo sets of
baselinespnethat makesuseof the corpustraining data,
and the other that usesonly dictioanry entries. The for-
mer areintendedfor comparisorwith supervisedsystems,
the latter, for comparisorwith nonsupervisednes. None
of the baselinedraws on ary form of linguistic knowl-
edge gxceptfor thosethatarecoupledwith thephraselter ,

4For participantswhose systemsoutput WordNet sensesa
mappingfrom WordNetsensedo HECTOR sensesvas provided
by the organisers.The resultis not altogethersatisactory with
gaps,one-to-may and mary-to-mary mappings. The perfor
mance gures for thefour systemgupPC-EHU-UN, UPC-EHU-SU,
SUSSEX AND OTTAWA) whichusedhemappingsufferedsubstan-
tially.

whichrecognize# ected formsof wordsandappliesudi-
mentaryorderingconstraintgor multi-word expressions.

The highest-performingpaselineswvere all variantsof
Lesk's algorithm(Lesk, 1986). The Lesk-basedaselines
outperformedhe baselinesvhich usedsimpleralgorithms
suchasRANDOM, or, “alwayschoosehe sensewhich has
mosttraining-corpusnstances”.

Simple LEsk chooseghe senseof a testword's root
whose dictionary de nition and example texts have the
mostwordsin commonwith thewordsaroundtheinstance
to be disambiguatedThe stratey is, for eachword to be
tagged:

(a) For each sense s of that word,

(b) set weight(s) to zero.

(c) ldentify set of unique words Win
surroundi ng sentence.

(d) For each word win W

(e) for each sense s,

(f) if woccurs in the definition or
exanpl e sentences of s,

(9) add wei ght(w) to weight(s).
(h) Choose sense with greatest weight(s)

Weight(w)is de ned astheinversedocumenfrequeng
(IDF) of theword w overthede nitions andexamplesen-
tencedn thedictionary ThelDF of awordw is computed
as—log(p(w)), wherep(w) is estimatedasthe fraction of
dictionary“documents™—de nition or examples—which
containthewordw.

LESK-PLUS-CORPUS is asLESK, but alsoconsiderghe
taggedtraining data,so canbe comparedwith supervised
systemsFor eachword in the sentenceontainingthe test
item, it testswhetherw occursin the dictionary entry or
corpusinstancegor eachcandidatesense.

AlthoughLESK-PLUS-CORPUS doesnot explicitly rep-
resentherelative corpusfrequenciesf sensdags,it favors
commontagsbecausehey have largercontect sets,andan
arbitrarywordin atest-corpusentencés morelikely to oc-
curin the contet setof a commonetraining-corpusense
tag.

The baselinesall performedbetterwhen coupledwith
aphraselter designedo scanfor multi-word expressions.
It runs rst, vetoingall sense$or multi-word itemsif there
is no evidencefor themin thetestinstanceandvetoingall
sensegxceptthesalientmulti-word one(s)whereevidence
is found.

5. Results

The scoringregime allowed scoresof between0 and
1 wherea systemreturnedmorethanone senseor anin-
stance,with the probability massshared,as describedn
(Melamedand Resnik,2000)°> The precision,or perfor
mance,of a systemis computedby summingthe scores
over all testitemsthat the systemguessecn, and divid-
ing by thenumberof guessed-oitems.Recallis computed

5A numberof stratgjieswere exploredfor relating scoresto
the hierarchyof sensesand subsensem the dictionary In this
exercise,the choiceof scoringschememadelittle differenceto
therelative scoresf differentsystemspr of systeman different
tasks.In whatfollows, only directsense-to-sens® subsense-to-
subsenseatchesareconsidered.



by dividing the systems scoresover all itemsby the total
numberof items.

Thehighly skeweddistributionof languageohenomena,
with afew veryfrequentphenomenandalongtail of rarer
ones alsothatsystemswill primarily be evaluatedwith re-
specto theirability to handleafew commontypesof prob-
lems. Their ability to handlea rangeof rarerproblemswill
have little impacton their score.Evenif a systemdoesnot
choosdo restrictitself to thesubsebf commoncasesthere
will belittle elsefor it to demonstratits versatilityon.

Figure 1 summarisesystemperformanceon the over
all task. Nonsupervisedystemsarein italics, supervised
in boldface. The humanscore,HECTORcorrespondso
the annotationamadeby the lexicographerswvho initially
markedup thetestcorpus.

Three baselinesare also provided for comparison.
(Lesk doesnot explicitly usethe corpus,but doesbene t
from the corpus-lile dictionaryexampleswhich arelike a
mini-corpusand,for mary dictionariesyouldnotbeavail-
able. Hencethe inclusion,for comparisonpf LESK DEFI-
NITIONS, which doesnot usethis sourceof information.)

Figurel demonstratethatthe stateof theart, for a ne-
grainedWSD task wherethereis training dataavailable,
is at around75%. Wherethereis training dataavailable,
systemgthat useit performsubstantiallybetterthan ones
thatdonot.

For nouns,the top performanceavasover 80%; for the
verbs,the bestsystemsscoredaround70% with the other
two cateyories,adjectvesandindeterminatedallingin be-
tween.

Themajority of systemsvereoutperformedy theLesk
baselinefor their system-type.On onelarge subsetof the
data,the 2500itemsin the verbtasks,noneof the systems
is capableof achieving morethana 2% improvementover
thebestbaselines errorrate.

Some of the supervised systems (durham,
hopkins, suss, manitoba-dl ) were designed
to fall back on unsupervisedechniques,or to rely on
dictionary exampleswhen no corpus training data was
available. One might have expectedthese systemsto
perform at the samelevels as nonsupervisedystemsfor
thosetaskswheretherewasno training data. But thiswas
not the case. The supervisedsystemsperformedbetter
evenfor thesewords.

Individual itemsin the datasetare not gradedin ary
way for dif culty. This is a limitation of the evaluation
sincemostsystemslid nottagtheentiredatasebut cared
outmoreor lessidiosyncraticsubset®f it, abstainingrom
guessingbouttheremainderWithoutdif culty ratingsfor
items,we cannotsaywhethertwo systemghattagonly part
of the datahave chosenequally hard subsetsand results
may notbecomparable.

5.1. Polysemy entropy, and task dif culty

Thedistribution of senseaagsin thetrainingandevalu-
ationdatais highly skewed,with afew very commonsense
tagsanda long tail of rarerones. This suggestghat the
distributionsof sensdagsfor individual wordsin the data
will alsobe quite skewedandthatthe entrogy of thesedis-

tributiong will befairly low. However, thereis substantial
variationof entrogy acrosswords. For instance pothgen-

erous andslight are adjectveswith 6 sensesbut the en-

tropy of slight is 1.28while thatof generusis 2.30. This

is becausef the unusuallyeven distribution of senseags
for geneous

Polysemyand entropy often vary together but not al-
ways. The nouns,on average,had higherpolysemythan
the verbsbut the verbshad higherentropy. For verbs,the
corpusinstancesvere spreadacrossthe dictionary senses
moreevenly thanfor nouns.

Systemsendto do betteron the nounsthanthe verbs,
suggestinghat entropy is the bettermeasureof the dif -
culty of thetasks. The correlationbetweertaskpolysemy
and systemperformances -0.258. The correlationbe-
tweenentrogy andsystenperformanceés stronger:-0.510.
Whenconsideringustthe supervisegystemsthe correla-
tion with entropy is -0.699;with polysemy-0.247.

6. Conclusion and way forward

We have presenteda rst open evaluationfor Word
SenseDisambiguatiorsystemsor English. The exercise
wasa successwith the variousobstaclego involving dif-
ferentmembersof the community with differentvarieties
of WSD system,all overcometo somedegree. A no-
tablesuccessvasthe achievementof high replicability for
the manually-taggedjold standard. A notablelimitation
was that systemswhich did not tag accordingto HEC-
TOR senseshut accordingo othersensesvhich werethen
mappedwereat a severedisadwantage.

Theresultsdemonstrat¢hatthe stateof theartfor ne-
grainedWSD, where there s training data available, is
75-80%. Wherethereis training dataavailable, systems
that useit perform substantiallybetterthanthosethat do
not. They alsodemonstrat¢hat a well-implementedsim-
ple LEsk algorithmis hardto beat.

SENSEVAL demonstrateshe feasibility and value of
WSD evaluationexercisesandwe believe thereshouldbe
future SENSEVALS, with the taskre-designedccordingto
thestrengtheindweaknessesf this rst one.
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