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Abstract

We describetwo probabilisticmodelsfor unsuper
visedword-senselisambiguatiorusingparallelcor
pora. The rst model, which we call the Sense
model, builds on the work of Diab and Resnik
(2002) that usesboth paralleltext and a sensein-
ventoryfor thetamgetlanguageandrecastgheirap-
proachin a probabilisticframewvork. The second
model,which we call the Conceptmodel,is a hier
archicalmodelthatusesa conceptatentvariableto
relatedifferentlanguagespeci ¢ sensdabels. We
shav thatbothmodelsimprove performancenthe
word sensalisambiguatiotaskover previousunsu-
pervisedapproachesyith theConcepmodelshav-
ing thelargestimprovement.Furthermorein learn-
ing the Conceptmodel,asa by-productwe learna
sensédnventoryfor theparallellanguage.

1 Intr oduction

Word sensalisambiguatiorfWWSD) hasbeena cen-
tral questionin the computationalinguistics com-
munity sinceits inception. WSD is fundamentato
naturallanguageunderstandingndis a usefulin-
termediatestep for mary otherlanguageprocess-
ing tasks(lde and Veronis, 1998). Marny recent
approachesnake useof ideasfrom statisticalma-
chinelearning;the availability of sharedsensele -
nitions(e.g. WordNet(Fellbaum,1998))andrecent
international competitions (Kilgarrif and Rosen-
zweig, 2000) have enabledresearcherto compare
their results. Supervisedapproachesvhich malke
use of a small hand-labeledraining set (Bruce
and Wiebe, 1994; Yarawsky, 1993) typically out-
perform unsupervisedapproaches (Agirre et al.,
2000; Litkowski, 2000; Lin, 2000; Resnik,1997;
Yarowsky, 1992; Yaravsky, 1995), but tendto be
tunedto a speci c corpusand are constrainedoy
scarcityof labeleddata.

In an effort to overcomethe dif culty of nd-
ing sense-labelettainingdata researchersave be-
guninvestigatingunsupervisedpproaches word-
sensalisambiguation For example,the useof par
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allel corporafor senseaggingcanhelp with word
senseadisambiguation(Brown et al., 1991; Dagan,
1991; Daganandltai, 1994;1de, 2000; Resnikand
Yarawsky, 1999).As anillustrationof sensalisam-
biguationfrom translationdata, when the English
word bankis translatedto Spanishas orilla, it is
clearthatwe arereferringto theshoe sensef bank,
ratherthanthe nancial institutionsense.

The main inspirationfor our work is Diab and
Resnik(2002), who usetranslationsand linguistic
knowledgefor disambiguatiorandautomaticsense
tagging. Bengio and Kermonant (2003) present
a graphicalmodel that is an attemptto formalize
probabilisticallythe mainideasin Diab andResnik
(2002). They assumedhe samesemantichierarchy
(in particular WordNet)for boththelanguagesnd
assignEnglish words as well as their translations
to WordNetsynsets.Herewe presenttwo variants
of the graphicalmodelin Bengioand Kermonant
(2003), along with a methodto discorer a cluster
structurefor the Spanishsenses.We also present
empiricalword sensalisambiguatiomesultswhich
demonstratehe gain broughtby this probabilistic
approachevenwhile only usingthetranslatedvord
to provide disambiguatiorinformation.

Our rst generatie model, the SenseModel
groups semanticallyrelated words from the two
languagesnto sensesand translationsare gener
atedby probabilisticallychoosinga senseandthen
wordsfrom the sense.We shaw thatthis improves
ontheresultsof DiabandResnik(2002).

Our next model, which we call the Concept
Model aimsto improve on the aborve sensestruc-
ture by modelingthe sense®f the two languages
separatehandrelatingsensegrom both languages
through a higherlevel, semanticallyless precise
concept The intuition hereis that not all of the
senseghatare possiblefor a word will be relevant
for aconcept.In otherwords,the distribution over
thesensesfawordgivenaconceptanbeexpected
to have a lower entroy thanthe distribution over
the sense®f the word in the languageasa whole.
In this paper we look at translationdataas a re-



sourcefor identi cation of semanticconceptsNote
thatactualtranslatedvord pairsarenotalwaysgood
matchessemantically becausehe translationpro-
cessis not on a word by word basis. This intro-

ducesakind of noisein thetranslationandanaddi-
tional hiddenvariableto representhe sharedmean-
ing helpsto take it into account. Improved perfor

manceover the SenseModel validatesthe use of

conceptsn modelingtranslations.

An interestingby-productof the ConceptModel
is a semanticstructurefor the secondaryanguage.
Thisis automaticallyconstructedisingbackground
knowledgeof the structurefor the primarylanguage
and the obsered translationpairs. In the model,
words sharingthe samesenseare synoryms while
sensesinderthe sameconceptare semanticallyre-
latedin the corpus. An investigationof the model
trained over real data reveals that it can indeed
grouprelatedwordstogether

It maybenotedthatpredictingsensegrom trans-
lations neednot necessarilypbe an end resultin it-
self. As we have alreadymentioned|ack of labeled
datais asererehindrancdor supervise@pproaches
to word sensedisambiguation. At the sametime,
thereis an alundanceof bilingual documentsand
mary more canpotentiallybe minedfrom the weh
It shouldbepossibleusingourapproacho (noisily)
assignsensedagsto wordsin suchdocumentsthus
providing hugeresource®f labeleddatafor super
visedapproacheto make useof.

For the restof this papey for simplicity we will
referto the primary languageof the paralleldocu-
mentas Englishandto the secondaryas Spanish.
Thepaperis organizedasfollows. We begin by for-
mally describingthe modelsin Section2. We de-
scribeour approactfor constructinghe sensesnd
conceptsn Section3. Our algorithmfor learning
themodelparameterss describedn Section4. We
presentexperimentalresultsin Section5 and our
analysisin Section6. We concludein Section?.

2 Probabilistic Modelsfor Parallel
Corpora

We motivatethe useof a probabilisticmodelby il-

lustratingthat disambiguatiorusing translationds

possibleeven when a word has a uniquetransla-
tion. For example,accordingto WordNet,the word
prevention hastwo sensesn English, which may
be abbreiated as hindrance (the act of hindering
or obstruction)andcontiol (by prevention,e.g. the
control of a disease).lt hasa singletranslationin

our corpus,that being prevencbn. The rst En-
glish sense hindrance also has other words like
bar that occurin the corpusandall of theseother

words are obsered to be translatedn Spanishas
the word obstruccon. In addition, none of these
other words translateto prevencbn. So it is not
unreasonabl&o supposédhattheintendedsensdor
preventionwhentranslatedas prevencbn is differ-
entfrom thatof bar. Therefore theintendedsense
is mostlikely to be contiol. At the very heartof
thereasonings probabilisticanalysisandindepen-
denceassumptions.We are assumingthat senses
andwordshave certainoccurrencegrobabilitiesand
that the choiceof the word can be madeindepen-
dentlyoncethe senséhasbeendecided.This is the
avor thatwe look to addto modelingparalleldoc-
umentsfor sensedisambiguation We formally de-
scribethetwo generatie modelsthatusethesadeas
in Subsection2.2and2.3.
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a) Sense Model b) Concept Model

Figurel: GraphicalRepresentationsf thea) Sense
Model andtheb) ConceptModel

2.1 Notation

Throughoutwe useuppercaséettersto denoteran-
dom variablesandlowercasdettersto denotespe-
ci ¢ instancesf the randomvariables. A transla-
tion pairis ( , ) wherethe subscript and
indicatetheprimarylanguag€English)andthesec-
ondarylanguaggSpanish).
and . We usethe shorthand
for

2.2 The SenseModel

The SenseModel makes the assumptionjnspired
by ideasin Diab and Resnik (2002) and Ben-
gio and Kermonant (2003), that the Englishword
andthe Spanishword in a translationpair
sharethe sameprecisesense. In otherwords, the
set of senselabelsfor the words in the two lan-
guagess the sameand may be collapsedinto one
set of senseghat is responsiblefor both English
and Spanishwords and the single latent variable
in the modelis the senselabel
for bothwords and . We alsomale the as-
sumptionthatthewordsin bothlanguagesrecon-
ditionally independentjiven the senselabel. The
generatre parameters for themodelaretheprior



probability of eachsense andtheconditional
probabilities and of eachword
and in thetwo languagegiventhe sense.The

generatiorof a translationpair by this modelmay
be viewed as a two-stepprocessthat rst selects
a senseaccordingto the priors on the sensesand
thenselectsa word from eachlanguageusing the
conditionalprobabilitiesfor that sense. This may
beimaginedasa factoringof thejoint distribution:

. Note
that in the absenceof labeledtraining data, two
of therandomvariables  and areobsered,
while thesensevariable is not. However, we can
derive the possiblevaluesfor our sensdabelsfrom
WordNet, which gives us the possiblesensedor
eachEnglishword . The Sensemodelis shavn
in Figurel(a).

2.3 The ConceptModel

The assumptionof a one-to-oneassociationbe-
tweensensdabelsmadein the SenséModelmaybe
toosimplisticto holdfor arbitrarylanguagesln par
ticular, it doesnot take into accounthattranslation
is from sentencdo sentencgwith a sharedmean-
ing), while the datawe are modeling are aligned
single-word translations , in whichthein-
tendedmeaningof doesnot always matchper
fectly with theintendedmeaningof . Generally
asetof relatedsensesn onelanguagemay be
translatecby one of relatedsensesn the other
This mary-to-mary mappingis capturedn our al-
ternatve model using a secondlevel hiddenvari-
able called a concept Thus we have three hid-
denvariablesin the ConceptModel — the English
sense , the Spanishsense andtheconcept |,
where , and

We male the assumptiorthatthe senses and
areindependentf eachother given the shared

concept The generatie parameters in the
model are the prior probabilities over the
conceptsthe conditionalprobabilities and

for theEnglishandSpanistsensegiventhe
conceptandthe conditionalprobabilities
and for the words and in each
languagegiven their senses. We can now imag-
ine the generatie processof a translationpair by
the ConceptModel as rst selectinga conceptac-
cording to the priors, then a sensefor eachlan-
guagegiven the concept,and nally a word for
eachsensausingthe conditionalprobabilitiesof the
words. As in Bengioand Kermonant (2003),this
generatie proceduremay be capturedby factor
ing thejoint distribution usingthe conditionalinde-

pendenceassumption®s
The
Conceptmodelis shavn in Figure1(b).

3 Constructing the Sensesand Concepts

Building the structureof the modelis crucial for
ourtask.Choosinghedimensionalityof thehidden
variabledy selectinghenumberf sensesandcon-
cepts,aswell astaking advantageof prior knowl-
edgeto imposeconstraints are very importantas-
pectsof building the structure.

If certainwordsarenotpossibldor agivensense,
or certainsensesare not possiblefor a given con-
cept, their correspondingprarametershould be 0.
Forinstancefor allwords  thatdonotbelongto a
sense , thecorrespondingparameter would
be permanentlysetto 0. Only theremainingparam-
etersneedto be modeledexplicitly.

While model selectionis an extremely dif cult
problemin generalanimportantandinterestingop-
tion is the useof world knowledge. Semantichi-
erarchiedor somelanguagesave beenbuilt. We
should be able to male use of theseknown tax-
onomiesn constructingourmodel. We male heary
useof the WordNetontologyto assignstructureto
bothourmodels aswe discussn thefollowing sub-
sections.Therearetwo majortasksin building the
structure— determiningthe possiblesenselabels
for eachword, both Englishand Spanishandcon-
structingthe conceptswhichinvolveschoosingthe
numberof conceptandtheprobablesenseor each
concept.

3.1 Building the SenseModel

Each word in WordNet can belong to multiple
synsetsin the hierarchy which are its possible
senses.In both of our models,we directly usethe
WordNet sensesas the English senselabels. All

WordNet sensedor which a word has been ob-
sened in the corpusform our setof Englishsense
labels.The SenseModel holdsthatthe sensdabels
for thetwo domainsarethe same.Sowe mustuse
the sameWordNetlabelsfor the Spanishwordsas
well. Weincludea Spanishword  for asense if

is thetranslatiorof ary Englishword  in .

3.2 Building the ConceptModel

Unlike the SenseModel, the ConceptModel does
not constrainthe Spanishsensedo be the sameas
the Englishones. So the two major tasksin build-
ing the ConceptModelareconstructinghe Spanish
sensesndthenclusteringthe Englishand Spanish
senseso build the concepts.
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For eachSpanistword , we have its setof En-

glishtranslations . Onepossibilityis
to groupSpanishwordslookingattheirtranslations.
However, amorerobustapproacthis to considerthe
relevantEnglishsensegor . EachEnglishtrans-
lationfor  hasits setof Englishsensdabels
drawvn from WordNet. SotherelevantEnglishsense
labelsfor may be de ned as .
We call this the English sensemap or for

. We usethe stode ne theSpanistsenses.
We mayimagineeachSpanishword to comefrom
one or more Spanishsenses. If eachword hasa
single sensethen we add a Spanishsense for
each and all Spanishwords that sharethat

belongto thatsense Otherwise the S
have to besplitinto frequentlyoccurringsubgroups.
Frequentlyco-occurringsubsetf s cande-
ne morere ned SpanishsensesWe identify these
subsetdy looking at pairs of sandcomput-
ing their intersections. An intersectionis consid-
eredto be a Spanishsensdf it occursfor a signi -
cantnumberof pairsof s. We considerboth
ways of building Spanishsenses.In eithercase,a
constructedSpanishsense comeswith its rele-
vant set of Englishsenseswhich we denote
as :

Once we have the Spanishsenseswe cluster
themto form concepts. We usethe corre-
spondingto eachSpanistsensdo de ne ameasure
of similarity for a pair of Spanishsenses. There
are mary optionsto choosefrom here. We usea
simplemeasureghatcountsthe numberof common
itemsin thetwo s Thesimilarity measurés
now usedto clusterthe Spanishsenses . Since
this measurds not transitive, it doesnot directly
de ne equialenceclassesover . Insteadwe get
a similarity graphwherethe verticesare the Span-
ish senseandwe addan edgebetweerntwo senses
if their similarity is aboe a threshold. We now
pick eachconnectedcomponenfrom this graphas
aclusterof similar Spanistsenses.

! Anotheroptionwould beto useameasuref similarity for
Englishsensesproposedn Resnik(1995)for two synsetsn
a concepthierarchylike WordNet. Our initial resultswith this
measureverenotfavorable.

Now we build the conceptsfrom the Spanish
sense&lusters Werecallthataconcepis de ned by
a setof Englishsensesnda setof Spanishsenses
thatarerelated. Eachclusterrepresents concept.
A particularconcepis formedby the setof Spanish
sensen theclusterandthe Englishsenseselevant
for them.TherelevantEnglishsensegor ary Span-
ishsensas givenby its . Thereforetheunion
of the sof all the Spanistsense thecluster
formsthe setof Englishsensegor eachconcept.

4 Learning the Model Parameters

Oncethe modelis built, we usethe popularEM al-
gorithm (Dempsteret al., 1977) for hiddenvari-
ablesto learnthe parametergor both models. The
algorithm repeatedlyiteratesover two steps. The
rst stepmaximizesthe expectediog-likelihood of
the joint probability of the obsered datawith the
currentparametesettings . Thenext stepthenre-
estimateshevaluesof theparametersf themodel.
Below we summarizethe re-estimationstepsfor
eachmodel.

4.1 EM for the Senseviodel

follows similarly.
4.2 EM for the ConceptModel




and
follow similarly.

4.3 |Initialization of Model Probabilities

Sincethe EM algorithm performsgradientascent
asit iteratively improves the log-likelihood, it is
proneto getting caughtin local maxima, and se-
lection of the initial conditionsis crucial for the
learning procedure. Insteadof opting for a uni-
form or randominitialization of the probabilities,
we make useof prior knovledgeaboutthe English
wordsand sensesvailable from WordNet. Word-
Netprovidesoccurrencdrequenciegor eachsynset
in the SemCorCorpusthat may be normalizedto
derive probabilities for eachEnglishsense
. For the SenseModel, theseprobabilitiesform
theinitial priors over the senseswhile all English
(and Spanish)words belongingto a senseare ini-
tially assumedo be equallylikely. However, ini-
tialization of the ConceptModel using the same
knowledge is trickier. We would like each En-
glish sense to have But
the fact that eachsensebelongsto multiple con-

ceptsandthe constraint malkes
the solution non-trvial. Instead,we settle for a
compromise. We set and

. Subsequentormalization
takes care of the sum constraints. For a Spanish
senseye set . Once
we have the Spanishsenseprobabilities we follow
thesameprocedurdor setting for eachcon-
cept.All the SpanisrandEnglishwordsfor asense
aresetto be equallylikely, asin the SenseModel.
It turnedout in our experimentson real datathat
this initialization makes a signi cant differencein
modelperformance.

5 Experimental Evaluation

Boththemodelsaregeneratie probabilisticmodels
learnedfrom parallel corporaand are expectedto
t thetrainingandsubsequentestdata. A good t
shouldbere ectedin goodpredictionaccurag over
atestset. Thepredictiontaskof interestis thesense
of anEnglishword whenits translationis provided.
We estimatethe predictionaccurayg and recall of
ourmodelson Senseal data? In addition,the Con-
ceptModel learnsa sensestructurefor the Spanish

2Accurag is theratio of the numberof correctpredictions
andthe numberof attemptedoredictions.Recallis the ratio of
the numberof correctpredictionsandthe sizeof thetestset.

language. While it is hardto objectively evaluate
the quality of sucha structure we presensomein-

terestingconceptghat arelearnedasanindication
of the potentialof ourapproach.

5.1 Evaluation with Sens®al Data

In our experimentswith real data,we make useof
theparallelcorporaconstructedby DiabandResnik
(2002) for evaluationpurposes.We choseto work
onthesecorporain orderto permita directcompar
isonwith their results. The sense-taggeportion of
the Englishcorpusis comprisedf the English*all-
words” sectionof the SENSEML-2 testdata. The
remainderof this corpusis constructedoy adding
the Brown Corpus,the SENSEML-1 corpus,the
SENSEMAL-2 English Lexical Sampletest, trial
andtrainingcorporaandtheWall Streetlournakec-
tions 18-24from the PennTreebank.This English
corpusis translatedinto Spanishusing two com-
merciallyavailableMT systemsGlobalink Pro6.4
and SystranProfessionaPremium. The GIZA++
implementationof the IBM statisticalMT models
wasusedto derive the most-likely word-level align-
ments,and thesede ne the English/Spanistword
co-occurrencesTo take into accountvariability of
translation,we combinethe translationsfrom the
two systemdor eachEnglishword, following in the
footstepsof Diab and Resnik(2002). For our ex-
perimentswe focusonly on nouns,of which there
are875 occurrencedn our taggeddata. The sense
tagsfor the English domainare derived from the
WordNet 1.7 inventory After pruning stopwords,
we endupwith 16,186Englishwords,31,862Span-
ishwordsand2,385,574nstance®f 41,850distinct
translationpairs. The English words come from
20,361WordNetsenses.

Tablel: Comparisorwith Diab's Model

| Model | Accurag | Recall | Parameters
Diab 0.618 0.572 -
SenseM. 0.624 0.616 154,947
ConcepiM. 0.672 0.651 120,268

As canbeseerfrom thefollowing table,bothour
modelsclearly outperform Diab (2003), which is
animprovementover Diab andResnik(2002),in
bothaccurag andrecall, while the ConceptModel
doessigni cantly betterthanthe SenseModel with
fewer parameters.The comparisonis restrictedto
the samesubsetof the testdata. For our bestre-
sults,the SenseModel has20,361senseswhile the
ConceptModel has20,361Englishsenses11,961
Spanishsensesand 7,366 concepts. The Concept
Model resultsare for the versionthat allows mul-
tiple sensedor a Spanishword. Resultsfor the
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single-sensenodelaresimilar.

In Figure 3, we comparethe predictionaccurag
andrecallagainsthoseof the21 Senseal-2 English
All Words participantsand that of Diab (2003),
when restrictedto the sameset of nouninstances
from thegold standardIt canbeseerthatour mod-
els outperformall the unsupervisedpproachesn
recall and mary supervisedbnesaswell. No un-
supervisedapproactis betterin both accurag and
recall. It needgo be keptin mind thatwe take into
accountnly bilingual datafor our predictionsand
notmonolinguaffeaturedik e contet of theword as
mostotherWSD approachedo.

5.2 SemanticGrouping of SpanishSenses

Table 2 shavs someinterestingexamplesof differ-
ent Spanishsensedor discoveredconcepts. The
context of mostconceptslike the onesshavn, can
beeasilyunderstoodFor example the rst concept
is aboutgovernmentactionsand the seconddeals
with murderand accidentaldeaths. The penulti-
mateconcepis interestingoecausé dealswith dif-
ferentkinds of associationandinvolves threedif-
ferent sensescontainingthe word coneion. The
other words in two of thesesensessuggestthat
they areaboutunionandrelationrespectiely. The
third probablyinvolvesthelink sensef connection
Concisenessf the conceptsdependson the simi-
larity thresholdthat is selected. Somemay bring
togetheroosely-relatedopics,which canbe sepa-
ratedby a higherthreshold.

6 Model Analysis

In this sectionwe backup our experimentaresults
with anin-depthanalysisof the performancef our
two models.

Our SenseModel was motivatedby Diab and
Resnik(2002) but the avors of the two are quite

3SomeEnglish words are found to occurin the Spanish
Senses.This is becauseghe machinetranslationsystemused
to createthe Spanishdocumenteft certainwordsuntranslated.

different. The mostimportantdistinctionis thatthe
SenseéModelis a probabilisticgeneratie modelfor
parallel corpora,whereinteractionbetweendiffer-
ent words stemmingfrom the samesensecomes
into play, evenif thewordsarenot relatedthrough
translationsandthis interdependencef the senses
throughcommonwordsplaysarolein sensalisam-
biguation.

We startedoff with our discussion®n semantic
ambiguity with the intuition that identi cation of
semanticconceptsin the corpusthat relate multi-
ple sensesshould help disambiguatesenses. The
SenseModel falls shortof this target sinceit only
bringstogethera single sensdrom eachlanguage.
We will now revisit the motivating example from
Section2 andseehow conceptselpin disambigua-
tion by groupingmultiple relatedsensesogether

For the SenseModel,

sinceit is the only word that
cangenerate.However, this differenceis com-
pensatedor by the higherprior probability :
which is strengthenetby boththe translationpairs.
Sincethe probability of joint occurrencés givenby
the product for ary sense,
the modeldoesnot develop a clear preferenceor

ary of thetwo senses.

Thecritical differencein the ConceptModel can
beappreciatediirectly from thecorrespondingpint

probability ,
where is the relevant conceptin the model.
The preferencdor a particularinstantiationin the
model is dependentot on the prior over
a sensebut on the senseconditional . In
our example, since bar, obstruccon can be
generatednly throughconcept is

the only English senseconditionalboostedby it.

prevention, prevencbn is generatedhrougha
different concept , Where the higher condi-
tional graduallystrengthensne
of the possibleinstantiationsfor it, andthe other
onebecomesncreasinglyunlikely astheiterations
progress. The inferenceis that only one senseof
preventionis possiblein the contet of the parallel
corpus. The key factorin this disambiguatiorwas
thattwo sense®f preventionseparateaut in two
differentconcepts.

Theothersigni cant differencebetweerthemod-
elsis in the constraintson the parameterandthe
effect that they have on sensedisambiguation.In
the SenseModel, , while in the Con-
ceptModel, sepaatelyfor eath
concept . Now for two relevant sensegor an En-
glish word, a slight differencein their priors will
tendto getironedoutwhennormalizedovertheen-



Table2: ExampleSpanishSense$n a Concept.For eachconceptgeachrow is a separatsenseDictionary
sense®f Spanishwordsareprovidedin Englishwithin parenthesisvherenecessary

actos

supremas

decisbn decisiones
gobernand@obernante
gubernamentales

gobernadn gobierno-proporciona
prohibir prohibiendgprohibitivo prohibitiva
gubernamentajobiernos

accidenteaccidentes

muertesfeathy

casualty

matarfo kill) matanzasaughtej muertes-le

slaying

derramamiento-de-sangfgpilling-of-blood
cachiporraludgeon obligarforce) obligandoforcing)
asesinatgtiurder) asesinatos

linterna-eéctricalinternafantern)
faros-autoravil(headligh)
linternas-portuariab@rbor-light)

antorchatorch) antorchasntorchas-pino-nudo

maria craze

culto(cult) cultosproto-senility
delirio delirium

rabiasfury) rabiafarfulla(do hastily)

oportunidadportunidades
ocasbn ocasiones

riesgo(isk) riesgospeligrodancer)
destinosinofate)
fortunasuertefate)
probabilidadprobabilidades

diferenciacbn

distincion distinciones

especializadin

maestia (mastery
peculiaridadeparticularidadepeculiaridades-inglesas
especialida@specialidades

diablo@devil) diablos

modeloparan@n

dickens idealideales

heller santo(sairp) santossan
lucifer satansataras idol idols idolo
deslumbraqazzie diosgoddioses
cromoghromiun) divinidaddivinity

meteorometeorosneteormeteoros-blue
meteoritometeoritos
pedrgosos(ocky)

inmortalimmortal) inmortales
teologateolog
deidaddeity deidades

variacbn variaciones

discordancialesacuerdadfscod) discordancias
desviacbn(deviation) desviacioneslesviaciones-normales
discrepancialiscrepanciafugacesgeting) variacbn diferencia
disensbn

minutosminuto
momentomomentosin-momento
minutosmomentosnomentosegundos
instantemomento

pest@eoplink) guifiafvink) pestdiean

adhesbn adherenciataduradfing)
enlace¢onnectioh ataduras
atadureataduras

con&ion coniones

conibn unefo unite)

relacbn coneion

implicacion (complicity) envolvimiento

pasillocorridor)

aisle

pasareldpotbridge)

hall vestbulos

pasajepassae)

callejon(alley) callejas-cigas(blind alley) callejones-ocultos

tire setof sensegor thecorpus.In contrastjf these
two sensedelongto the sameconceptin the Con-
ceptModel, the differencein thesenseconditionals
will be highlightedsincethe normalizationoccurs
over a very small set of senses— the sensedor
only that concept,which in the bestpossiblesce-
nariowill containonly the two contendingsenses,
asin concept of ourexample.

As canbe seenfrom Table1, the ConceptModel
not only outperformsthe SenseModel, it doesso
with signi cantly fewer parameters.This may be
counterintuitive sinceConceptModel involves an
extraconceptvariable.However, thedissociatiorof
SpanistandEnglishsensesansigni cantly reduce
the parameteispace. Imaginetwo Spanishwords
thatareassociatedvith ten Englishsensesandac-

cordinglyeachof themhasaprobabilityfor belong-
ing to eachof theseten sensesAided with a con-
ceptvariable, it is possibleto modelthe samere-
lationshipby creatinga separaté&Spanishsensahat
containsthesetwo wordsandrelatingthis Spanish
sensavith thetenEnglishsenseshrougha concept
variable. Thusthesewordsnow needto belongto
only onesenseasopposedo ten. Of course,now
therearenew transitionprobabilitiesfor eachof the
elevensensefrom thenew concepnode.Theexact
reductionin the parametespacewill dependnthe
frequentsubsetdiscoreredfor the s of the
Spanishwords. Longerand more frequentsubsets
will leadto largerreductions.It mustalsobeborne
in mind thatthis reductioncomeswith theindepen-
denceassumptionsnadein the ConceptModel.




7 Conclusionsand Futur e Work

We have presentedwo novel probabilisticmodels
for unsupervisedvord sensedisambiguatiorusing
parallel corporaand have shavn that both models
outperformexisting unsupervisedpproaches.In

addition, we have shavn that our secondmodel,
the Conceptmodel, can be usedto learn a sense
inventory for the secondaryjanguage. An adwan-

tageof the probabilisticmodelsis thatthey caneas-
ily incorporateadditionalinformation,suchascon-

text information. In futurework, we planto investi-

gatethe useof additionalmonolingualcontext. We

would alsolike to performadditionalvalidation of

thelearnedsecondaryanguagesensenventory
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