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Abstract

In this paper,we proposeda new super-
visedword sensedisambiguationfWSD)
method basedon a pairwise alignment
techniquewhichis usedgenerallyto mea-
sureasimilarity betweerDNA sequences.
The new method obtained 2.8%-14.2%
improvementsf the accuracyin our ex-
perimentfor WSD.

1 Introduction

WSD hasbeernrecognizedisoneof themostimpor-
tant subjectsin naturallanguageprocessinggspe-
cially in machinetranslation,informationretrie\al,
andsoon (Ide and Véronis,1998). Most of previ-
ous supervisednethodscan be classifiedinto two
major ones;approactbasedon associationandap-
proachbasedon selectionakestriction. The former
usessomewordsarounda targetword, represented
by n-word window. The latter usessomesyntactic
relations,say verb-object,including necessarilya
targetword.

However, therearesomewordsthatoneapproach
getsgoodresultfor themwhile anothergetsworse,
andvice versa.For example supposdhatwe want
to distinguishbetween“go off or discharge”and
“terminate the employment”as a senseof “fire”.
Considerthe sentencén Brown Corpus:

My CousinSimmonscarrieda musket,but he had
loadedit with bird shot,andasthe officer cameop-
positehim, heroseup behindthewall andfired.

1in this casewe considenly onesententiatontextfor the
simplicity.

The words such as “musket”, “loaded” and “bird
shot” would seemusefulin decidingthe senseof
“fire”, andserveasclueto leadingthe senseo “go
off or discharge”It seemghatthereis noclueto an-
othersenseForthis caseanapproactbasedn as-
sociationis usefulfor WSD. However, anapproach
basedon selectionarestrictionwould not be appro-
priate, becausetheseclues do not hawe the direct
syntacticdependenciesn“fire”. Ontheotherhand,
considerthe sentencén EDR Corpus:

Police said Hagawas immediatelyfired from the
force.

The mostsignificantfactis that“Haga” (a persons
name)appearssthedirectobjectof “fire”. A selec-
tional restrictionapproachwould usethis clue ap-
propriately becausehereis the direct dependency
between“fire” and“Haga”. However, an associa-
tion approachwould makean errorin decidingthe
sense,because'Police” and “force” tendto be a
noise,from the point of view of anunorderedsetof
words.Generallyanassociatiordoesnot usea syn-
tacticdependencyanda selectionarestrictionuses
only a partof wordsappearedn a sentence.

In this paper we presenta newmethodfor WSD,
which usessyntacticdependenciefr awhole sen-
tenceasa clue. Theycontainboth of all wordsin-
cludedin a sentencendall syntacticdependencies
in it. Our methodis basedon a techniqueof pair-
wise alignment,anddescribedn thefollowing two
sections.Using our method,we hawe gottenappro-
priatesensdor variouscasesncludingabowe exam-
ples. In section4, we describeour experimentate-
sultfor WSD on someverbsin SENSEMAL-1 (Kil-
garriff, 1998).



2 Our Method

Our methodhasthefeatureson anassociatioranda
selectionalrestrictionapproachboth. It canbe ap-
plied with the various sentenceypes becauseour
methodcantreata local (direct) and a whole sen-
tencedependencyOur methodis basedon the fol-

lowing steps;

Step 1. Parse the input sentencewith syntactic
parsef, andfind all pathsfrom root to leawes
in theresultingdependencyree.

Step 2. Comparghepathsfrom Step 1. with proto-
type pathspreparedor eachsensef thetarget
word.

Step 3. Find a summationof similarity between
eachprototypeandinput pathfor eachsense.

Step 4. Selectthe senseavith the maximumvalueof
thesummation.

We describeour methodin detailin thefollowings.

In our method,we considerpathsfrom root to
leavesin a dependencyree. For example consider
the sentencéwe considera pathin a graph”. This
sentencéhasthreeleawesin the dependencytruc-
ture, and consequenthhasthreepathsfrom root to
leawes; (considey SUB, we), (considey OBJ, path,
a) and (consider,OBJ, path, in, graph,a). “SUB”
and“OBJ” in the pathsare the elementsaddedau-
tomaticallyusingsomerulesin orderto makea re-
markabledifferencebetweenverb-subjecandverb-
object. We think this sequencestructureof word
would serveas a clue to WSD very well, andwe
regarda setof the sequencesbtainedrom aninput
sentencasthe contextof atargetword.

The generalintuition for WSD is that words
with similar contexthawe the samesensgCharniak,
1993;Lin, 1997). Thatis, oncewe preparethe pro-
totype sequencefor eachsensewe candetermine
the senseof the targetword as one with the most
similar prototypeset. We measurea similarity be-
tweena setof prototypesequenced anda setof
sequenceg$rom input sentencel’. Let T and T’
hawe a setof sequences = {p;, Py, -+, Ppn} and

2\We assumehat we cangetthe correctsyntacticstructure
here.(Seesectiord)

fire: gooff or dischage
fire, SUB, person
fire, OBJ,[weaponrocket]
fire, [on, upon,at], physicalobject
fire, *, load, [into, with], weapon
fire, *, setup, OBJ,weapon

fire: terminatetheemployment
fire, SUB, company
fire, OBJ,[person,people staff]
fire, from, organization
fire, *, hire
fire,*, job

Figurel: Prototypesequencéor verb“fire”

Pri = {P1, 5+, P} respectively p, andp) arese-
quencef words. We definethe similarity between
T andT’, sim(T, T'), asfollowing:

Sim(T,T') = Z, fi maxalignmentp;, pj) (1)
p|€ T pje Ll

sim(T, T') is notcommutate. Thatis, sim(T,T') #
sim(T', T). alignmentp;, pj) is analignmentscore
betweerthesequenceg, and p’j , definedin thenext
section. f; is a weightfunction characteristiof the
sequence,, definedasfollowing:

if maxalignmentp;, p}) > t,
PPy,

uI
Vv, otherwise

(2)

whereu, andv; arearbitraryconstantsandt; is arbi-
trary threshold.

Using equation(1), we canestimatea similarity
betweenthe contextof a targetword and prototype
context,andcandetermindhesensef atargetword
by selectingthe prototypewith the maximumsimi-
larity.

An exampleof the prototypesequence$or verb
“fire” is shownin Figurel. A prototypesequence
is representedike a regular expression. For the
presentwe obtainthe sequencéy hand. Thebasic
policyto obtainprototypess to observeéhecommon
featureoondependencireesin whichtargetwordis
usedin thesamesenseWe hawe someideasabouta
methodto obtainprototypesautomatically

3 Pairwise Alignment

We attemptto apply the methodof pairwisealign-
mentto measuringhesimilarity betweersequences.
Recently the techniqueof pairwise alignmentis



p = (worked, at, composition, the)
p’ = (is, make, at, home)
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Figure2: Pairwisealignment

used generally in molecular biology researchas
a basicmethodto measurethe similarity between
proteinsor DNA sequenceéMitaku andKanehisa,
1995).

Therehavebeenseeralwaysto find the pairwise
alignment,suchas the methodbasedon Dynamic
Programming,one basedon Finite State Automa-
ton, andso on (Durbinetal., 1998). In our method,
we apply the methodusing DP matrix, asin Fig-
ure 2. We haveshownthe pairwise alignmentbe-
tweensequencep = (worked,at, compositionthe)
andp’ = (is, make,at,home)asanexample.

In a matrix, a vertical and horizontal transition
meansa gap andis assigneda gapscore. A diag-
onaltransitionmeansa substitutionandis assigned
a scorebasedon the similarity betweentwo words
correspondingdo that pointin the matrix. Actually,
thefollowing valueis calculatedn eachnode,using
valueswhich hawe beencalculatedn its threeprevi-
ousnodes.

F_yj+subst-,w))
F j_1+substw,-)
F_1j_1+substw,w))

Fij:max

3)

where subst- ,w/) and substw;,- ) representre-
spectiely to substitutew; andw; with a gap(-),
andreturnthegapscore.substw;,w)) representhe
scoreof substitutingw, with wj or vice versa.

Now let the word w hassynsetss;,s,,---,s, and
W hass;,s,, - -,5 on WordNethierarchy(Miller et
al., 1990). For simplicity, we definethe subsfw,w)
asfollowing, basednthesemantiaistancgStetina
andNagao,1998).

subsfw,w) =2-max(sd(s,s)) 1 (4)

where sd(s;,s;) is the semanticdistancebetween
two synsetss ands;. Becaused < sd(s;sj) < 1,

—1 < subs(w,w') < 1. Thescoreof thesubstitution
betweenidenticalwordsis 1, andonebetweentwo

wordswith no commonancestoiin the hierarchyis

—1. We simply definethe gapscoreas—1.

4 Experimental Result

Up tothepresentywe hawe obtainedheexperimental
resultson 7 verbsin SENSEMAL-13. In our exper
iment, for all sentencefcludingtargetwordin the
training andtestcorpusof SENSEML-1, we make
a parsing using Apple Pie Parser(Sekine, 1996)
and additionalverticesusing somerules automati-
cally. If the resultedparsingincludessomeerrors,
we remo\e them by hand. Thenwe obtainthe se-
guencepatternsby handfrom training dataandat-
temptWSD usingequation(1) for testdata.Because
of variouslengthof sequenceywe assignscorezero
to the precedingandright-endgapsin analignment.

We showour experimentatesultsin Tablel. In
SENSEMAL-1, precisionsandrecallsarecalculated
by threescoringways, fine-grainedmixed-grained
and coarse-grainedgcoring. We show the results
only by fine-grainedscoringwhich is evaluatedby
distinguishingword sensein the strictestway. It
is impossibleto make simple comparisorwith the
participantsin SENSEML-1 becauseour method
needssupervisedearningby hand.However, 2.8%-
14.2%improvement®f theaccuracycompareadvith
the best systemseemssignificant, suggestinghat
our methodis promisingfor WSD.

5 FutureWorks

Therearetwo majorlimitationsin our method;one
of syntacticinformationandof knowledgeacquisi-
3We haveexperimentedn verbsin SENSEAL-1 oneby

onealphabetically Theword “amaze”is omittedbecausét has
only oneverbalsense.



Table 1: Experimentalresultsfor someverbs (in
fine-grainedscoring)

bet the numbersof testinstance:117
precision(recall)
our method 0.880(0.880)
bestsystemin SENSEMAL-1 0.778(0.778)
human 0.924(0.916)
bother the numbersof testinstance:209
precision(recall)
our method 0.900(0.900)
bestsystemin SENSEAL-1 0.866(0.866)
human 0.976(0.976)
bury the numberf testinstance:201
precision(recall)
our method 0.667(0.667)
bestsystemin SENSEMAL-1 0.572(0.572)
human 0.928(0.923)
calculate thenumbersof testinstance:218
precision(recall)
our method 0.950(0.950)
bestsystemin SENSEMAL-1 0.922(0.922)
human 0.954(0.950)
consume thenumbersof testinstance:186
precision(recall)
our method 0.645(0.645)
bestsystemin SENSEAL-1 0.503(0.500)
human 0.944(0.939)
derive thenumbersof testinstance:217
precision(recall)
our method 0.751(0.751)
bestsystemin SENSEAL-1 0.664(0.664)
human 0.965(0.961)
float the numbersof testinstance:229
precision(recall)
our method 0.616(0.616)
bestsystemin SENSEAL-1 0.555(0.555)
human 0.927(0.923)
tion by hand.

Theformeris thatour methodassumesve canget
the correctsyntacticinformation. In fact, the accu-
racyandperformancef syntacticanalyzemarebeing
improvedmore and more, consequentlythis disad-
vantagewould becomea minor problem.Becausex
similarity betweersequencederivedfrom syntactic
dependenciess calculatedasa numericalvalue,our
methodwould alsobe suitablefor integrationwith a
probabilisticsyntacticanalyzer

The latter, which is more serious,is that the se-
guencepatternsusedas clue to WSD are acquired
by handat the present. In molecularbiology re-

searchse\eral attemptgo obtainsequencgatterns
automaticallyhave beenreported which canbe ex-

pectedto motivate oursfor WSD. We plan to con-

structanalgorithmfor anautomatigpatternacquisi-
tion from largescalecorporabasedon thosebiolog-

ical approaches.
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