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Abstract

We describetwo probabilisticmodelsfor unsuper-
visedword-sensedisambiguationusingparallelcor-
pora. The �rst model, which we call the Sense
model, builds on the work of Diab and Resnik
(2002) that usesboth parallel text and a sensein-
ventoryfor thetargetlanguage,andrecaststheirap-
proachin a probabilistic framework. The second
model,which we call theConceptmodel,is a hier-
archicalmodelthatusesaconceptlatentvariableto
relatedifferent languagespeci�c senselabels. We
show thatbothmodelsimprove performanceon the
wordsensedisambiguationtaskoverpreviousunsu-
pervisedapproaches,with theConceptmodelshow-
ing thelargestimprovement.Furthermore,in learn-
ing theConceptmodel,asa by-product,we learna
senseinventoryfor theparallellanguage.

1 Intr oduction

Wordsensedisambiguation(WSD) hasbeena cen-
tral questionin the computationallinguisticscom-
munity sinceits inception.WSD is fundamentalto
naturallanguageunderstandingand is a useful in-
termediatestep for many other languageprocess-
ing tasks(Ide and Veronis, 1998). Many recent
approachesmake useof ideasfrom statisticalma-
chinelearning;theavailability of sharedsensede�-
nitions(e.g.WordNet(Fellbaum,1998))andrecent
international competitions(Kilgarrif and Rosen-
zweig, 2000)have enabledresearchersto compare
their results. Supervisedapproacheswhich make
use of a small hand-labeledtraining set (Bruce
and Wiebe, 1994; Yarowsky, 1993) typically out-
perform unsupervisedapproaches (Agirre et al.,
2000; Litkowski, 2000; Lin, 2000; Resnik,1997;
Yarowsky, 1992; Yarowsky, 1995), but tend to be
tunedto a speci�c corpusand are constrainedby
scarcityof labeleddata.

In an effort to overcomethe dif�culty of �nd-
ing sense-labeledtrainingdata,researchershavebe-
guninvestigatingunsupervisedapproachesto word-
sensedisambiguation.For example,theuseof par-

allel corporafor sensetaggingcanhelp with word
sensedisambiguation(Brown et al., 1991;Dagan,
1991;DaganandItai, 1994;Ide, 2000;Resnikand
Yarowsky, 1999).As anillustrationof sensedisam-
biguationfrom translationdata,when the English
word bank is translatedto Spanishas orilla, it is
clearthatwearereferringto theshoresenseof bank,
ratherthanthe�nancial institutionsense.

The main inspirationfor our work is Diab and
Resnik(2002),who usetranslationsand linguistic
knowledgefor disambiguationandautomaticsense
tagging. Bengio and Kermorvant (2003) present
a graphicalmodel that is an attemptto formalize
probabilisticallythemainideasin Diab andResnik
(2002). They assumethe samesemantichierarchy
(in particular, WordNet)for boththelanguagesand
assignEnglish words as well as their translations
to WordNetsynsets.Herewe presenttwo variants
of the graphicalmodel in BengioandKermorvant
(2003), along with a methodto discover a cluster
structurefor the Spanishsenses.We also present
empiricalword sensedisambiguationresultswhich
demonstratethe gain broughtby this probabilistic
approach,evenwhile only usingthetranslatedword
to provide disambiguationinformation.

Our �rst generative model, the SenseModel,
groups semanticallyrelated words from the two
languagesinto senses, and translationsare gener-
atedby probabilisticallychoosinga senseandthen
wordsfrom thesense.We show that this improves
on theresultsof DiabandResnik(2002).

Our next model, which we call the Concept
Model, aims to improve on the above sensestruc-
ture by modelingthe sensesof the two languages
separatelyandrelatingsensesfrom both languages
through a higher-level, semanticallyless precise
concept. The intuition here is that not all of the
sensesthatarepossiblefor a word will be relevant
for a concept.In otherwords,thedistribution over
thesensesof awordgivenaconceptcanbeexpected
to have a lower entropy than the distribution over
the sensesof the word in the languageasa whole.
In this paper, we look at translationdataas a re-



sourcefor identi�cation of semanticconcepts.Note
thatactualtranslatedwordpairsarenotalwaysgood
matchessemantically, becausethe translationpro-
cessis not on a word by word basis. This intro-
ducesakind of noisein thetranslation,andanaddi-
tionalhiddenvariableto representthesharedmean-
ing helpsto take it into account.Improved perfor-
manceover the SenseModel validatesthe useof
conceptsin modelingtranslations.

An interestingby-productof theConceptModel
is a semanticstructurefor the secondarylanguage.
This is automaticallyconstructedusingbackground
knowledgeof thestructurefor theprimarylanguage
and the observed translationpairs. In the model,
wordssharingthe samesensearesynonyms while
sensesunderthesameconceptaresemanticallyre-
latedin the corpus. An investigationof the model
trained over real data reveals that it can indeed
grouprelatedwordstogether.

It maybenotedthatpredictingsensesfrom trans-
lationsneednot necessarilybe an endresult in it-
self. As wehavealreadymentioned,lackof labeled
datais aseverehindrancefor supervisedapproaches
to word sensedisambiguation.At the sametime,
thereis an abundanceof bilingual documentsand
many morecanpotentiallybeminedfrom theweb.
It shouldbepossibleusingourapproachto (noisily)
assignsensetagsto wordsin suchdocuments,thus
providing hugeresourcesof labeleddatafor super-
visedapproachesto makeuseof.

For the restof this paper, for simplicity we will
refer to the primary languageof the paralleldocu-
ment as English and to the secondaryas Spanish.
Thepaperis organizedasfollows. Webegin by for-
mally describingthe modelsin Section2. We de-
scribeour approachfor constructingthesensesand
conceptsin Section3. Our algorithmfor learning
themodelparametersis describedin Section4. We
presentexperimentalresultsin Section5 and our
analysisin Section6. Weconcludein Section7.

2 Probabilistic Models for Parallel
Corpora

We motivatetheuseof a probabilisticmodelby il-
lustratingthat disambiguationusing translationsis
possibleeven when a word has a unique transla-
tion. For example,accordingto WordNet,theword
preventionhastwo sensesin English, which may
be abbreviated as hindrance(the act of hindering
or obstruction)andcontrol (by prevention,e.g. the
control of a disease).It hasa singletranslationin
our corpus, that being prevencíon. The �rst En-
glish sense,hindrance, also hasother words like
bar that occur in the corpusandall of theseother

words are observed to be translatedin Spanishas
the word obstruccíon. In addition, noneof these
other words translateto prevencíon. So it is not
unreasonableto supposethattheintendedsensefor
preventionwhentranslatedasprevencíon is differ-
ent from thatof bar. Therefore,the intendedsense
is most likely to be control. At the very heartof
thereasoningis probabilisticanalysisandindepen-
denceassumptions.We are assumingthat senses
andwordshavecertainoccurrenceprobabilitiesand
that the choiceof the word canbe madeindepen-
dentlyoncethesensehasbeendecided.This is the
�a vor thatwe look to addto modelingparalleldoc-
umentsfor sensedisambiguation.We formally de-
scribethetwogenerativemodelsthatusetheseideas
in Subsections2.2and2.3.
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Figure1: GraphicalRepresentationsof thea)Sense
Modelandtheb) ConceptModel

2.1 Notation

Throughout,weuseuppercaselettersto denoteran-
dom variablesandlowercaselettersto denotespe-
ci�c instancesof the randomvariables.A transla-
tion pair is (

���

,
���

) wherethe subscript� and �

indicatetheprimarylanguage(English)andthesec-
ondarylanguage(Spanish).
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2.2 The SenseModel

The SenseModel makes the assumption,inspired
by ideas in Diab and Resnik (2002) and Ben-
gio andKermorvant (2003), that the Englishword

�!�

andthe Spanishword
�%�

in a translationpair
sharethe sameprecisesense. In otherwords, the
set of senselabels for the words in the two lan-
guagesis the sameandmay be collapsedinto one
set of sensesthat is responsiblefor both English
and Spanishwords and the single latent variable
in the model is the senselabel &

�'��(�)��������*��(�+,�

for both words
���

and
�-�

. We alsomake the as-
sumptionthat thewordsin bothlanguagesarecon-
ditionally independentgiven the senselabel. The
generative parameters.0/ for themodelaretheprior



probability
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of eachsense
(

andtheconditional
probabilities
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 �21 ( �

and
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 �*1 ( �

of eachword

 �

and

 �

in the two languagesgiven the sense.The
generationof a translationpair by this modelmay
be viewed as a two-stepprocessthat �rst selects
a senseaccordingto the priors on the sensesand
then selectsa word from eachlanguageusing the
conditionalprobabilitiesfor that sense.This may
be imaginedasa factoringof the joint distribution:
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. Note
that in the absenceof labeledtraining data, two
of the randomvariables

�-�

and
���

areobserved,
while thesensevariable& is not. However, we can
derive thepossiblevaluesfor our senselabelsfrom
WordNet, which gives us the possiblesensesfor
eachEnglishword

�-�

. TheSensemodelis shown
in Figure1(a).

2.3 The ConceptModel

The assumptionof a one-to-oneassociationbe-
tweensenselabelsmadein theSenseModelmaybe
toosimplistictoholdfor arbitrarylanguages.In par-
ticular, it doesnot take into accountthattranslation
is from sentenceto sentence(with a sharedmean-
ing), while the datawe are modelingare aligned
single-word translations

� �%�
�

�-�6�

, in which thein-
tendedmeaningof

�-�

doesnot alwaysmatchper-
fectly with theintendedmeaningof

�7�

. Generally,
a setof 8 relatedsensesin one languagemay be
translatedby one of 9 relatedsensesin the other.
This many-to-many mappingis capturedin our al-
ternative model using a secondlevel hiddenvari-
able called a concept. Thus we have three hid-
denvariablesin theConceptModel — theEnglish
sense&

�

, theSpanishsense&

�

andthe concept: ,
where&
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We make the assumptionthat the senses&

�

and
&

�

are independentof eachothergiven the shared
concept : . The generative parameters.

/

in the
model are the prior probabilities
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over the
concepts,the conditionalprobabilities
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for theEnglishandSpanishsensesgiventhe
concept,andtheconditionalprobabilities
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for the words
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and
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in each
languagegiven their senses. We can now imag-
ine the generative processof a translationpair by
the ConceptModel as �rst selectinga conceptac-
cording to the priors, then a sensefor each lan-
guagegiven the concept,and �nally a word for
eachsenseusingtheconditionalprobabilitiesof the
words. As in BengioandKermorvant (2003),this
generative proceduremay be capturedby factor-
ing thejoint distribution usingtheconditionalinde-

pendenceassumptionsas
�3� �-� � �-� �

&
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:
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. The
Conceptmodelis shown in Figure1(b).

3 Constructing the Sensesand Concepts
Building the structureof the model is crucial for
our task.Choosingthedimensionalityof thehidden
variablesby selectingthenumberof sensesandcon-
cepts,aswell as taking advantageof prior knowl-
edgeto imposeconstraints,arevery importantas-
pectsof building thestructure.

If certainwordsarenotpossiblefor agivensense,
or certainsensesarenot possiblefor a given con-
cept, their correspondingparametersshouldbe 0.
For instance,for all words


 �

thatdonotbelongto a
sense

( �

, thecorrespondingparameter.EGIH$J KLH would
bepermanentlysetto 0. Only theremainingparam-
etersneedto bemodeledexplicitly.

While model selectionis an extremely dif�cult
problemin general,animportantandinterestingop-
tion is the useof world knowledge. Semantichi-
erarchiesfor somelanguageshave beenbuilt. We
should be able to make use of theseknown tax-
onomiesin constructingourmodel.Wemakeheavy
useof the WordNetontologyto assignstructureto
bothourmodels,aswediscussin thefollowing sub-
sections.Therearetwo major tasksin building the
structure— determiningthe possiblesenselabels
for eachword, bothEnglishandSpanish,andcon-
structingtheconcepts,which involveschoosingthe
numberof conceptsandtheprobablesensesfor 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 sensesfor which a word has beenob-
served in the corpusform our setof Englishsense
labels.TheSenseModel holdsthatthesenselabels
for the two domainsarethesame.Sowe mustuse
the sameWordNetlabelsfor the Spanishwordsas
well. We includeaSpanishword



�

for asense
(

if



�

is thetranslationof any Englishword



�

in
(

.

3.2 Building the ConceptModel
Unlike the SenseModel, the ConceptModel does
not constrainthe Spanishsensesto be the sameas
the Englishones.So the two major tasksin build-
ing theConceptModelareconstructingtheSpanish
sensesandthenclusteringtheEnglishandSpanish
sensesto build theconcepts.
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Figure2: TheSenseandConceptmodelsfor prevention,bar, prevencíon andobstruccíon

For eachSpanishword

M�

, wehave its setof En-
glishtranslations

��
N��
�����������
���=O�

. Onepossibilityis
to groupSpanishwordslookingattheirtranslations.
However, a morerobustapproachis to considerthe
relevantEnglishsensesfor


 �

. EachEnglishtrans-
lation for


 �

hasits setof Englishsenselabels P

GIHDQ

drawn from WordNet.SotherelevantEnglishsense
labels for


 �

may be de�ned as P

GSR

"UTNV

P

GIH Q .
We call this the English sensemap or �2W�X�Y for


 �

. Weusethe �2W�X�Y sto de�ne theSpanishsenses.
We may imagineeachSpanishword to comefrom
one or more Spanishsenses. If eachword hasa
single sense,then we add a Spanishsense

(
�

for
each �*WZX�Y and all Spanishwords that sharethat

�2W�X�Y belongto thatsense.Otherwise,the �*WZX�Y s
haveto besplit into frequentlyoccurringsubgroups.
Frequentlyco-occurringsubsetsof �2W�X�Y s cande-
�ne morere�ned Spanishsenses.We identify these
subsetsby looking at pairsof �2WZX�Y s andcomput-
ing their intersections. An intersectionis consid-
eredto bea Spanishsenseif it occursfor a signi�-
cantnumberof pairsof �2W�X�Y s. We considerboth
waysof building Spanishsenses.In eithercase,a
constructedSpanishsense

(
�

comeswith its rele-
vant set

��(
�

Q

�

of Englishsenses,which we denote
as �2WZX�Y

�
(��

�

.
Once we have the Spanishsenses,we cluster

them to form concepts. We usethe �*WZX�Y corre-
spondingto eachSpanishsenseto de�ne ameasure
of similarity for a pair of Spanishsenses. There
are many optionsto choosefrom here. We usea
simplemeasurethatcountsthenumberof common
itemsin thetwo �*WZX�Y s.1 Thesimilarity measureis
now usedto cluster the Spanishsenses

(
�

. Since
this measureis not transitive, it doesnot directly
de�ne equivalenceclassesover

(6�

. Instead,we get
a similarity graphwherethe verticesarethe Span-
ish sensesandwe addanedgebetweentwo senses
if their similarity is above a threshold. We now
pick eachconnectedcomponentfrom this graphas
aclusterof similarSpanishsenses.

1Anotheroptionwouldbeto useameasureof similarity for
Englishsenses,proposedin Resnik(1995)for two synsetsin
a concepthierarchylike WordNet. Our initial resultswith this
measurewerenot favorable.

Now we build the conceptsfrom the Spanish
senseclusters.Werecallthataconceptis de�nedby
a setof Englishsensesanda setof Spanishsenses
that arerelated.Eachclusterrepresentsa concept.
A particularconceptis formedby thesetof Spanish
sensesin theclusterandtheEnglishsensesrelevant
for them.TherelevantEnglishsensesfor any Span-
ishsenseis givenby its �2WZX�Y . Therefore,theunion
of the �*WZX�Y sof all theSpanishsensesin thecluster
formsthesetof Englishsensesfor eachconcept.

4 Learning the Model Parameters
Oncethemodelis built, we usethepopularEM al-
gorithm (Dempsteret al., 1977) for hiddenvari-
ablesto learntheparametersfor bothmodels.The
algorithm repeatedlyiteratesover two steps. The
�rst stepmaximizestheexpectedlog-likelihoodof
the joint probability of the observed datawith the
currentparametersettings.

/ . Thenext stepthenre-
estimatesthevaluesof theparametersof themodel.
Below we summarizethe re-estimationstepsfor
eachmodel.

4.1 EM for the SenseModel
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follows similarly.

4.2 EM for the ConceptModel
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4.3 Initialization of Model Probabilities
Sincethe EM algorithm performsgradientascent
as it 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 knowledgeabouttheEnglish
wordsandsensesavailable from WordNet. Word-
Netprovidesoccurrencefrequenciesfor eachsynset
in the SemCorCorpusthat may be normalizedto
derive probabilities

�

Gqp

� ( �$�

for eachEnglishsense
(>�

. For the SenseModel, theseprobabilitiesform
the initial priors over the senses,while all English
(and Spanish)wordsbelongingto a senseare ini-
tially assumedto be equally likely. However, ini-
tialization of the ConceptModel using the same
knowledge is trickier. We would like each En-
glish sense

(
�

to have
�

V

p

V

K
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����"r�
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�
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. But
the fact that eachsensebelongsto multiple con-
ceptsandthe constraint

b

K
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\ makes
the solution non-trivial. Instead,we settle for a
compromise. We set
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. Subsequentnormalization
takes careof the sum constraints. For a Spanish
sense,weset
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. Once
we have theSpanishsenseprobabilities,we follow
thesameprocedurefor setting

���
(

�21
B

�

for eachcon-
cept.All theSpanishandEnglishwordsfor asense
aresetto be equallylikely, asin theSenseModel.
It turnedout in our experimentson real datathat
this initialization makes a signi�cant differencein
modelperformance.

5 Experimental Evaluation
Boththemodelsaregenerative probabilisticmodels
learnedfrom parallel corporaand are expectedto
�t thetrainingandsubsequenttestdata.A good�t
shouldbere�ectedin goodpredictionaccuracy over
atestset.Thepredictiontaskof interestis thesense
of anEnglishwordwhenits translationis provided.
We estimatethe predictionaccuracy and recall of
ourmodelsonSenseval data.2 In addition,theCon-
ceptModel learnsa sensestructurefor theSpanish

2Accuracy is theratio of thenumberof correctpredictions
andthenumberof attemptedpredictions.Recallis theratio of
thenumberof correctpredictionsandthesizeof thetestset.

language.While it is hard to objectively evaluate
thequality of sucha structure,we presentsomein-
terestingconceptsthat arelearnedasan indication
of thepotentialof ourapproach.

5.1 Evaluation with Senseval Data
In our experimentswith real data,we make useof
theparallelcorporaconstructedby DiabandResnik
(2002)for evaluationpurposes.We choseto work
on thesecorporain orderto permitadirectcompar-
isonwith their results.Thesense-taggedportionof
theEnglishcorpusis comprisedof theEnglish“all-
words” sectionof theSENSEVAL-2 testdata.The
remainderof this corpusis constructedby adding
the Brown Corpus,the SENSEVAL-1 corpus,the
SENSEVAL-2 English Lexical Sampletest, trial
andtrainingcorporaandtheWall StreetJournalsec-
tions18-24from the PennTreebank.This English
corpusis translatedinto Spanishusing two com-
merciallyavailableMT systems:GlobalinkPro6.4
and SystranProfessionalPremium. The GIZA++
implementationof the IBM statisticalMT models
wasusedto derive themost-likely word-level align-
ments,and thesede�ne the English/Spanishword
co-occurrences.To take into accountvariability of
translation,we combinethe translationsfrom the
two systemsfor eachEnglishword,following in the
footstepsof Diab andResnik(2002). For our ex-
periments,we focusonly on nouns,of which there
are875 occurrencesin our taggeddata. The sense
tags for the English domainare derived from the
WordNet1.7 inventory. After pruning stopwords,
weendupwith 16,186Englishwords,31,862Span-
ishwordsand2,385,574instancesof 41,850distinct
translationpairs. The English words come from
20,361WordNetsenses.

Table1: Comparisonwith Diab's Model
Model Accuracy Recall Parameters
Diab 0.618 0.572 -
SenseM. 0.624 0.616 154,947
ConceptM. 0.672 0.651 120,268

As canbeseenfrom thefollowing table,bothour
modelsclearly outperform Diab (2003),which is
an improvementover Diab andResnik(2002), in
bothaccuracy andrecall,while theConceptModel
doessigni�cantly betterthantheSenseModel with
fewer parameters.The comparisonis restrictedto
the samesubsetof the test data. For our bestre-
sults,theSenseModel has20,361senses,while the
ConceptModel has20,361Englishsenses,11,961
Spanishsensesand 7,366concepts. The Concept
Model resultsare for the versionthat allows mul-
tiple sensesfor a Spanishword. Resultsfor the
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single-sensemodelaresimilar.
In Figure3, we comparethepredictionaccuracy

andrecallagainstthoseof the21Senseval-2English
All Words participantsand that of Diab (2003),
when restrictedto the sameset of noun instances
from thegoldstandard.It canbeseenthatourmod-
els outperformall the unsupervisedapproachesin
recall and many supervisedonesas well. No un-
supervisedapproachis betterin both accuracy and
recall. It needsto bekept in mind thatwe take into
accountonlybilingual datafor ourpredictions,and
notmonolingualfeatureslikecontext of thewordas
mostotherWSD approachesdo.

5.2 SemanticGrouping of SpanishSenses
Table2 shows someinterestingexamplesof differ-
ent Spanishsensesfor discoveredconcepts.3 The
context of mostconcepts,like theonesshown, can
beeasilyunderstood.For example,the�rst concept
is aboutgovernmentactionsand the seconddeals
with murderand accidentaldeaths. The penulti-
mateconceptis interestingbecauseit dealswith dif-
ferentkinds of associationand involves threedif-
ferent sensescontainingthe word conexión. The
other words in two of thesesensessuggestthat
they areaboutunionandrelationrespectively. The
third probablyinvolvesthelink senseof connection.
Concisenessof the conceptsdependson the simi-
larity thresholdthat is selected. Somemay bring
togetherloosely-relatedtopics,which canbe sepa-
ratedby ahigherthreshold.

6 Model Analysis
In this section,we backup our experimentalresults
with anin-depthanalysisof theperformanceof our
two models.

Our SenseModel was motivatedby Diab and
Resnik(2002) but the �a vors of the two arequite

3SomeEnglish words are found to occur in the Spanish
Senses.This is becausethe machinetranslationsystemused
to createtheSpanishdocumentleft certainwordsuntranslated.

different.Themostimportantdistinctionis thatthe
SenseModel is a probabilisticgenerative modelfor
parallelcorpora,whereinteractionbetweendiffer-
ent words stemmingfrom the samesensecomes
into play, even if thewordsarenot relatedthrough
translations,andthis interdependenceof thesenses
throughcommonwordsplaysarole in sensedisam-
biguation.

We startedoff with our discussionson semantic
ambiguity with the intuition that identi�cation of
semanticconceptsin the corpusthat relatemulti-
ple sensesshouldhelp disambiguatesenses.The
SenseModel falls shortof this target sinceit only
bringstogethera singlesensefrom eachlanguage.
We will now revisit the motivating examplefrom
Section2 andseehow conceptshelpin disambigua-
tion by groupingmultiple relatedsensestogether.

For the SenseModel,
���•€S‚<ƒ�„Fƒ�…I†D‡‰ˆE…?1 ( �>Š��Œ‹
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since it is the only word that
( ��Š

cangenerate.However, this differenceis com-
pensatedfor by thehigherprior probability
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��
��

,
which is strengthenedby boththetranslationpairs.
Sincetheprobabilityof joint occurrenceis givenby
the product
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,
the modeldoesnot develop a clearpreferencefor
any of thetwo senses.

Thecritical differencein theConceptModel can
beappreciateddirectlyfrom thecorrespondingjoint
probability
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where

B

is the relevant concept in the model.
The preferencefor a particularinstantiationin the
model is dependentnot on the prior
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over
a sense,but on the senseconditional
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. In
our example, since • bar, obstruccíon
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can be
generatedonly throughconcept
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,
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is
the only English senseconditionalboostedby it.

• prevention, prevencíon
‹

is generatedthrougha
different concept

B�•

\F\�‘ , where the higher condi-
tional
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(
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graduallystrengthensone
of the possibleinstantiationsfor it, and the other
onebecomesincreasinglyunlikely asthe iterations
progress. The inferenceis that only one senseof
preventionis possiblein thecontext of theparallel
corpus. The key factorin this disambiguationwas
that two sensesof preventionseparatedout in two
differentconcepts.

Theothersigni�cant differencebetweenthemod-
els is in the constraintson the parametersand the
effect that they have on sensedisambiguation.In
the SenseModel,

b

K

���
(

�u"

\ , while in the Con-
ceptModel,

b

K
H6sEt

���
(

�E1
B

�?"

\ separatelyfor each
concept

B

. Now for two relevant sensesfor an En-
glish word, a slight differencein their priors will
tendto getironedoutwhennormalizedover theen-



Table2: ExampleSpanishSensesin a Concept.For eachconcept,eachrow is a separatesense.Dictionary
sensesof Spanishwordsareprovidedin Englishwithin parenthesiswherenecessary.
actos accidenteaccidentes
supremas muertes(deaths)
decisíon decisiones casualty
gobernandogobernante matar(to kill ) matanzas(slaughter) muertes-le
gubernamentales slaying
gobernacíon gobierno-proporciona derramamiento-de-sangre(spilling-of-blood)
prohibir prohibiendoprohibitivo prohibitiva cachiporra(bludgeon) obligar(force) obligando(forcing)
gubernamentalgobiernos asesinato(murder) asesinatos

linterna-eĺectricalinterna(lantern) mańia craze
faros-autoḿovil(headlight) culto(cult) cultosproto-senility
linternas-portuarias(harbor-light) delirio delirium
antorcha(torch) antorchasantorchas-pino-nudo rabias(fury) rabiafarfulla(dohastily)
oportunidadoportunidades diferenciacíon
ocasíon ocasiones distincióndistinciones
riesgo(risk) riesgospeligro(danger) especializacíon
destinosino(fate) maestŕia (mastery)
fortunasuerte(fate) peculiaridadesparticularidadespeculiaridades-inglesas
probabilidadprobabilidades especialidadespecialidades
diablo(devil) diablos modeloparanǵon
dickens idealideales
heller santo(saint) santossan
lucifer satansatańas idol idols ídolo
deslumbra(dazzle) diosgoddioses
cromo(chromium) divinidaddivinity
meteorometeorosmeteormeteoros-blue inmortal(immortal) inmortales
meteoritometeoritos teoloǵia teolog
pedregosos(rocky) deidaddeity deidades
variacíon variaciones minutosminuto
discordanciadesacuerdo(discord) discordancias momentomomentosun-momento
desviacíon(deviation) desviacionesdesviaciones-normales minutosmomentosmomentosegundos
discrepanciadiscrepanciasfugaces(�eeting) variacíon diferencia instantemomento
disensíon pestãneo(blink) guiña(wink) pestãnean
adhesíon adherenciaataduras(tying) pasillo(corridor)
enlace(connection) ataduras aisle
ataduraataduras pasarela(footbridge)
conexión conexiones hall vest́ibulos
conexión une(to unite) pasaje(passage)
relacíon conexión callejón(alley) callejas-ciegas(blind alley) callejones-ocultos
implicacíon (complicity) envolvimiento

tire setof sensesfor thecorpus.In contrast,if these
two sensesbelongto thesameconceptin theCon-
ceptModel, thedifferencein thesenseconditionals
will be highlightedsincethe normalizationoccurs
over a very small set of senses— the sensesfor
only that concept,which in the bestpossiblesce-
nario will containonly the two contendingsenses,
asin concept

B

\F\�‘ of ourexample.

As canbeseenfrom Table1, theConceptModel
not only outperformsthe SenseModel, it doesso
with signi�cantly fewer parameters.This may be
counter-intuitive sinceConceptModel involves an
extraconceptvariable.However, thedissociationof
SpanishandEnglishsensescansigni�cantly reduce
the parameterspace. Imaginetwo Spanishwords
that areassociatedwith ten Englishsensesandac-

cordinglyeachof themhasaprobabilityfor belong-
ing to eachof theseten senses.Aided with a con-
cept variable,it is possibleto model the samere-
lationshipby creatinga separateSpanishsensethat
containsthesetwo wordsandrelatingthis Spanish
sensewith thetenEnglishsensesthroughaconcept
variable. Thusthesewordsnow needto belongto
only onesenseasopposedto ten. Of course,now
therearenew transitionprobabilitiesfor eachof the
elevensensesfrom thenew conceptnode.Theexact
reductionin theparameterspacewill dependon the
frequentsubsetsdiscoveredfor the �2W�X�Y s of the
Spanishwords. Longerandmorefrequentsubsets
will leadto largerreductions.It mustalsobeborne
in mind thatthis reductioncomeswith theindepen-
denceassumptionsmadein theConceptModel.



7 Conclusionsand Future Work
We have presentedtwo novel probabilisticmodels
for unsupervisedword sensedisambiguationusing
parallel corporaandhave shown that both models
outperformexisting unsupervisedapproaches.In
addition, we have shown that our secondmodel,
the Conceptmodel, can be usedto learn a sense
inventory for the secondarylanguage. An advan-
tageof theprobabilisticmodelsis thatthey caneas-
ily incorporateadditionalinformation,suchascon-
text information.In futurework, weplanto investi-
gatetheuseof additionalmonolingualcontext. We
would alsolike to performadditionalvalidationof
thelearnedsecondarylanguagesenseinventory.
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