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Abstract

This paperinvestigatesseveral augmentedmixture
modelsthatarecompetitive alternativesto standard
Bayesianmodelsand prove to be very suitableto
word sensedisambiguationand relatedclassifica-
tion tasks. We presenta new classificationcorrec-
tion techniquethatsuccessfullyaddressestheprob-
lem of under-estimationof infrequentclassesin the
trainingdata.We show that themixturemodelsare
boosting-friendlyand that both Adaboostand our
original correctiontechniquecan improve the re-
sultsof theraw modelsignificantly, achieving state-
of-the-artperformanceon severalstandardtestsets
in four languages.With substantiallydifferentout-
putto NaïveBayesandotherstatisticalmethods,the
investigatedmodelsarealsoshown to be effective
participantsin classifiercombination.

1 Intr oduction

The focus tasks of this paper are two re-
lated problems in lexical ambiguity resolution:
Word SenseDisambiguation(WSD) and Context-
Sensitive SpellingCorrection(CSSC).

WordSenseDisambiguationhasalonghistoryas
a computationaltask(Kelly andStone,1975),and
thefield hasrecentlysupportedlarge-scaleinterna-
tional systemevaluationexercisesin multiple lan-
guages(SENSEVAL-1, Kilgarriff andPalmer(2000),
andSENSEVAL-2, EdmondsandCotton(2001)).

GeneralpurposeSpelling Correction is also a
long-standingtask (e.g. McIlroy, 1982), tradi-
tionally focusingon resolvingtypographicalerrors
suchastranspositionanddeletionto find the clos-
est “valid” word (in a dictionary or a morpholog-
ical variant), typically ignoring context. Yet Ku-
kich (1992) observed that about 25-50% of the
spellingerrorsfound in moderndocumentsareei-
ther context-inappropriate misusesor substitutions
of valid words (such as principal and principle)
which arenot detectedby traditionalspellingcor-

rectors. Previous work hasaddressedthe problem
of CSSCfrom a machinelearningperspective, in-
cluding BayesianandDecisionList models(Gold-
ing, 1995),Winnow (GoldingandRoth,1996)and
Transformation-BasedLearning(ManguandBrill,
1997).

Generally, both tasks involve the selectionbe-
tweena relatively small setof alternativesperkey-
word (e.g. senseid’s such as church/BUILDING

and church/INSTITUTION or commonly confused
spellingssuchasquietandquite), andaredependent
onlocalandlong-distancecollocationalandsyntac-
tic patternsto resolve betweenthe set of alterna-
tives. Thusboth taskscansharea commonfeature
space,datarepresentationandalgorithminfrastruc-
ture.Wepresenta framework of doingso,while in-
vestigatingtheuseof mixturemodelsin conjunction
with a new error-correctiontechniqueas competi-
tive alternativesto Bayesianmodels.While several
authorshave observed the fundamentalsimilarities
betweenCSSCandWSD (e.g. Berleant,1995and
Roth, 1998), to our knowledgeno previous com-
parativeempiricalstudyhastackledthesetwo prob-
lemsin asingleunifiedframework.

2 Problem Formulation. Feature Space

Theproblemof lexical disambiguationcanbemod-
eled as a classificationtask, in which each in-
stanceof thewordto bedisambiguated(targetword,
henceforth),identifiedby its context, hasto be la-
beledwith oneof theestablishedsenselabels

����������	��
�������	�����
.1 The approacheswe investigate

are statisticalmethods������� ��� � � ���! 
, out-

puttingconditionalprobabilitydistributionsoverthe
senseset

�
given a context "$#%� . Theclassifica-

tion of a context " is generallymadeby choosing&('�)+*,&.-0/2143 �657" �	�98 , but we alsopresentanalterna-

1In thecaseof spellingcorrection,theclassificationlabels
are representedby the confusionset ratherthan senselabels
(for example :<;>=@?BA�C2DFE7?GA�H�D(I ).
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... sametableastheothersbut movedinto
theotherbar with my pint andmy ...

Featuretype Word POS Lemma
Context features

Context moved/VBD VBD move/V
Context into/IN IN into/I
Context the/DT DT the/D
Context other/JJ JJ other/J
Target bar/NN NN bar/N

Context with/IN IN with/I
Context my/PRP$ PRP$ my/P
Context pint/NN NN pint/N

Syntactic(predicate-argument)features
ObjectTo moved/VBD VBD move/V
Modifier other/JJ JJ other/J

Bigramcollocationalfeatures
-1 Bigram other/JJ JJ other/J
+1 Bigram with/IN IN with/IN

Figure 1: Examplecontext for WSD SENSEVAL-2 target

word bar (inventoryof 21senses)andextractedfeatures

tiveapproachin Section4.1.
The contexts � are representedas a collection

of features. Previous work in WSD and CSSC
(Golding, 1995; Bruce et al., 1996; Yarowsky,
1996; Golding and Roth, 1996; Pedersen,1998)
has found diverse feature types to be useful, in-
cludinginflectedwords,lemmasandpart-of-speech
(POS)in a varietyof collocationalandsyntacticre-
lationships,including local bigramsand trigrams,
predicate-argumentrelationships,andwide-context
bag-of-wordsassociations.Examplesof thefeature
typesweemploy areillustratedin Figures1 and2.

The syntactic featuresare intendedto capture
the predicate-argument relationshipsin the syn-
tactic window in which the target word occurs.
Different relations are considereddependingon
the target word’s POS.For nouns,theserelations
are: verb-object,subject-verb, modifier-noun, and
noun-modified_noun;for verbs: verb-object,verb-
particle/preposition, verb-prepositional_object; for
adjectives: modifying_adjective-noun. Also, words
with thesamePOSasthetargetwordthatarelinked
to thetargetword by coordinatingconjunctionsare
extractedas sibling features. The extraction pro-
cessis performedusing simple heuristic patterns
andregularexpressionsover thePOSenvironment.

As Figure2 shows, we consideredfor theCSSC
taskthePOSbigramsof theimmediateleft andright
word pairsasadditionalfeaturesin order to solve
POSambiguity and capturemore of the syntactic
environment in which the target word occurs(the
elementsof a confusionset often have disjoint or
very differentsyntacticfunctions).

... presentsanother{ piece,peace} of theproblem...

Featuretype Word POS Lemma
Context features

Context presents VBZ present/V
Context another DT another/D
Target { peace,piece} NN J /N

Context of IN of/I
Context the DT the/D
Context problem NN problem/N

Syntactic(predicate-argument)features
ObjectTo presents VBZ present/V
Modifier problem NN problem/N

Bigramcollocationalfeatures
-1 Bigram another DT another/D
+1 Bigram of IN of/I

BigramPOSenvironment
POS-2-1 - VBZ+DT -

POS+1+2 - IN+DT -

Figure 2: Examplecontext for the spelling confusionset
{ piece,peace} andextractedfeatures

3 Mixtur e Models (MM)
We investigatein this Section a direct statistical
modelthatusesthesamestartingpoint asthealgo-
rithm presentedin Walker (1987).Wethencompare
thefunctionalityandtheperformanceof this model
to thoseof thewidely usedNaïve Bayesmodelfor
the WSD task (Gale et al., 1992; Mooney, 1996;
Pedersen,1998),enhancedwith the full richer fea-
turespacebeyondthetraditionalunorderedbag-of-
words.

Algorithm 1 NaïveBayesModelK 5 �+L " 8 � K 5 �98NM K 57" L �98K 57" 8 O� (1)K 5 �98NM�PRQ 1�SUTWVYX K 57Z L �98[ /]\^1�3 K 5 ��_B8NM�PRQ 1�SUT`VYX K 57Z L ��_B8 (2)

It is known thatBayesdecisionrule is optimal if
the distribution of the dataof eachclassis known
(DudaandHart, 1973,ch. 2). However, the class-
conditionaldistributionsof the dataarenot known
and have to be estimated. Both Naïve Bayesand
themixturemodelwe investigatedestimate

K 5 �+L " 8
startingfrom mathematicallycorrectformulations,
and thus would be equivalent if the assumptions
they makewerecorrect.NaïveBayesmakestheas-
sumption(usedto transformEquation(1) into (2))
thatthefeaturesareconditionallyindependentgiven
a senselabel. The mixture model makes a simi-
lar assumption,by regardinga documentasbeing
completelydescribedby aunionof independentfea-
tures(Equation(3)). In practice,thesearenot true.
Given the strong correlationand commonredun-



dancy of the featuresin the caseof WSD-related
tasks,in conjunctionwith the limited training data
on which the probabilitiesare estimatedand the
high dimensionalityof the featurespace,theseas-
sumptionslead to substantialmodelingproblems.
Another important observation is that very many
of the frequenciesinvolved in the probability esti-
mationarezerobecauseof the very sparsefeature
space. Naïve Bayesdependsheavily on probabil-
ities not beingzeroand thereforeit hasto rely on
smoothing.On theotherhand,themixturemodelis
morerobust to unseenevents,without theneedfor
explicit smoothing.

Under the proposedmixture model, the condi-
tional probabilityof a sense

�
givena targetword -

in acontext " is estimatedasamixtureof thecondi-
tional senseprobability distributions for individual
context features:

Algorithm 2 Mixture ModelK 5 �+L " 8 � aQ 1�SUT`VYX K 5 �+L Z � " 8UM K 57Z L " 8 O� (3)

aQ 1�SUT`VYX K 5 �+L Z 8UM K 57Z L " 8 (4)

asopposedto theNaïve Bayesmodelin which the
probabilityof a sense

�
givena context " is derived

from theprior probabilityof
�

weightedby thecon-
ditionalprobabilitiesof thecontextual featuresbc57" 8
giventhesense.

Theprobabilities
K 5 �+L Z 8 in (4) and

K 57Z L �98 in (2)
canbecomputedasmaximumlikelihoodestimates
(MLE), by countingtheco-occurrencesof

�
and Z

versusthe occurrencesof Z , respectively
�

in the
trainingdata.An extensionto this classicalestima-
tion methodis to usedistance-weightedcountsin-
steadof raw countsfor therelative frequencies:K 5 �(L Z 8 �edcf '4g�h 57Z �ji0k9l / 8dcf '4g�h 57Z �ji k 8 � [ Vnm@1�o�prq m d 57Z � " / 8[ V21�o p d 57Z � " 8

(5)K 57Z L �98 � dcf '4g�h 57Z �jisk9l / 8[tQ \ 1�SUTWVuX dcf '4g�h 57Z _v�jisk9l / 8 (6)i k
denotesthetrainingcontexts of word - and

isk9l /
the subsetof

i k
correspondingto sense

�
. WhenZ is a syntacticheadword, d 57Z � " 8 is computedby

raw count. When Z is a context word, d 57Z � " 8 is
computedasafunctionof theposition w of thetarget
word - in " andthepositionsx �������� x � where Z oc-
cursin " : d 57Z � " 8 � [ � yWz �0{ 57w � x y 8 . If

{ 57w � x y 8 areset

to
�

regardlessof thedistance
L ws|}x y L thenMLE es-

timatesareobtained.Therearevariousotherways
of choosingthe weightingmeasure

{
. Onenatural

wayis to transformthedistance
L w+|~x y L into aclose-

nessmeasureby considering
{ 57w � x y 8 � ��j� l �B�.�n�Gl

(ManningandSchütze,1999,ch. 14.1). This mea-
sureproves to be effective for the spellingcorrec-
tion task,wherethewordsin theimmediatevicinity
arefar moreimportantthanthe restof the context
words2, but imposescounterproductive differences
betweenthemuchwider context positions(suchas
+30 vs. +31) used in WSD, especiallywhen con-
sideringlarge context windows. Experimentalre-
sults indicatethat it is more effective to level out
the local positionaldifferencesgiven by a continu-
ousweighting,by insteadusingweight-equivalent
regionswhich canbedescribedwith a simplestep-
function

{ 5�x �2��8 � ��j���r� q �@���Bq��� , ( � is aconstant3).

A filtering processbasedon the overall impor-
tance of a word Z for the disambiguationof -
is also employed, using alterationsof the form�����u�u� T Q�� o�prq m X���r�j�Y� T Q�� o p X �0�9��� p , with � Q�� k proportional to the
numberof sensesof target word - which it co-
occurswith in the training set.4 In this way, the
words that occur only oncein the training set, as
well asthosethatoccurwith mostof thesensesof
aword,providing norelevantinformationaboutthe
senseitself, arepenalized.

Improvementsobtainedusingweightedfrequen-
ciesandfiltering over MLE areshown in Table1.

Bayes Mixture
MLE bag-of-wordsonly 55.55 56.31

MLE with syntacticfeatures 61.62 62.27
+ Weighting+ Filtering 63.28 63.06
+ CollocationalSenses5 65.70 65.41

Table1: Theincreasein performancefor successive variants

of BayesandMixture Model asevaluatedby 5-fold crossvali-
dationon SENSEVAL-2 EnglishdataK 57Z L " 8 can be seenas weighting factorsin the
mixture model formula (4). When Z is a word,

2GoldingandSchabes(1996)show thatthemostimportant
wordsfor CSSCarecontainedwithin awindow of  �¡ .

3The resultsshown were obtainedfor ¢£;¥¤ with term
weights doubled within a  �¡ context window. Various
other functionsandparametersvalueswere tried on held-out
parameter-optimizationdatafor SENSEVAL-2.

4A normalizationstepis requiredto outputprobabilitydis-
tributions.

5The collocational senseinformation is specific to the
SENSEVAL-2 Englishtaskandrelieson thegiven inventoryof
collocationsenselabels(e.g.art_gallery%1:06:00::).



K 57Z L " 8 expressesthe positional relationshipbe-
tweenthe occurrencesof Z andthe target word -
in " , and is computedusing step-functionsas de-
scribedpreviously. When Z is a syntactichead-
word,

K 57Z L " 8 is chosenastheaveragevalueof two
ratios expressingthe usefulnessof the headword
type for the given target word andrespectively for
the POS-classof the target word (adjective, noun,
verb). Theseratiosareestimatedby usinga jack-
knife (hold-one-out)procedureon the training set
andcountingthe numbertimesthe headword type
is a goodpredictorversusthenumberof timesit is
abadpredictor.

FeatureType Value DMM Naïve Bayes
(position) Lemma/POS ¦¨§^©�ª «�¬ ¦¨§�«ª ©	¬ ®

SyntacticFeatures
SubjectTo move/V 0 0 3
Modifier other/J 0 0 8

Bigrams
-1 Bigram other/J 0 0 2
+1 Bigram with/I 0.4444 0.0007 1

ContextualFeatures
Context(-17) pub/N 0.3677 0.0007 .3
Context(-13) sit/V 0.5708 0.0028 .5
Context(-9) table/N 0.7173 0.0008 .5
Context(-4) move/V 0.2990 0.0007 1
Context(-3) into/I - - -
Context(-2) the/D - - -
Context(-1) other/J - - -

Target bar/N 0.4296 [0.0530] 2
Context(+1) with/I - - -
Context(+2) my/P - - -
Context(+3) pint/N 0.3333 0.0001 2

... ... ... ...
Posteriorprobability ¦¨§^©�ª ¯2¬ : °±³² =.46 ´¶µ mG·¸º¹ =.29

Figure 3: A WSD example that shows the influence of

syntactic,collocationalandlong-distancecontext features,the

probability estimatesusedby Naïve BayesandMM andtheir
associatedweights( ® ), and the posteriorprobabilitiesof the

truesenseascomputedby thetwo models.

As shown in Table1, Bayesandmixturemodels
yield comparableresultsfor the given task. How-
ever, they capturethepropertiesof thefeaturespace
in distinct ways (exampleapplicationsof the two
modelson thesentencein Figure1 areillustratedin
Figure3) andtherefore,arevery appropriateto be
usedtogetherin combination(seeSection5.4).

4 ClassificationCorr ectionand Boosting

Wefirst presentanoriginal classificationcorrection
methodbasedonthevariationof posteriorprobabil-
ity estimatesacrossdataandthentheadaptationof
theAdaboostmethod(FreundandSchapire,1997)
to thetaskof lexical classification.

4.1 The Maximum VarianceCorrection
Method (MVC)

Oneproblemarisingfrom thesparsenessof training
datais that mixture modelstendto excessively fa-
vor thebestrepresentedsensesin thetrainingset.A
probablecauseis thatspuriouswords,whichcannot
be consideredgeneralstopwords but do not carry
sense-disambiguationinformation for a particular
targetword,mayoccuronly by chancebothin train-
ing and test data.6 Another causeis the fact that
mixture modelssearchfor decisionsurfaceslinear
in the featurespace7; therefore,they cannot make
only correctclassifications(unlessthefeaturespace
canbe divided by linear conditions)and the sam-
ples for the under-representedsensesare likely to
beinterpretedasoutliers.

To addressthis estimationproblem, a second
classificationstepis employed,basedon theobser-
vationthatthedeviation of acomponentof thepos-
terior distribution from its expectedvalue(ascom-
putedover thetrainingset)canbeasrelevantasthe
maximumof the distribution *,&.-0/2143¨»K 5 �(L " 8 . In-
steadof classifyingeachtestcontext independently
after estimatingits senseprobability distribution,
we classifyit by comparingit with thewholespace
of training contexts, for which the posteriordistri-
butionsarecomputedusinga jackknifeprocedure.

Figure4(a)illustratessuchanexample:eachline
in thetablerepresentstheposteriordistributionover
sensesgiven a context, eachcolumn containsthe
valuescorrespondingto a particular sensein the
posteriordistributions of all contexts. Intuitively,
sense

���
may be preferredto the mostlikely sense��¼

for thetestcontext " �u½@¾ 5 &.' ��8 despitethefactthat
the »K 5 � � L " �u½@¾ 8 is smallerthan »K 5 ��¼<L " �u½@¾ 8 because
of theanalogywith "!¿95 &(' �	8 andthe “expectedval-
ues”of thecomponentscorrespondingto

� �
and

��¼
.

Unfortunately, we face again the problem of
under-representation in the training data: the ex-
pectedvaluesin the posteriordistributions for the
under-representedsenseswhenthey expressthecor-
rect classificationcannot be accuratelyestimated.
Therefore,we have to look at theproblemfrom an-
otherangle.

6For example,assumingthateverycontext containsapprox-
imatelythesamenumberof suchwords,thengiventwo senses,
one representedin the training set by 20 examples,and the
otheroneby 4, it is five timesmorelikely thata spuriousword
in a testcontext co-occurswith thelargersampledsense.

7Roth (1998) shows that Bayes,TBL and DecisionLists
alsosearchfor a decisionsurfacewhich is a linear function in
thefeaturespace



Ts
À

Ts
À

Test
context

.
.

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

s

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . . . . . . . . . . . . . .. . .

0.04
0.05
0.13
0.21
0.04
0.06

0.24

0.44
0.41
0.26 0.33
0.29
0.36
0.29 0.26

0.31

Training
contexts

157

6

4

3

2

1

c    (art)

c (art)

c (art)
c (art)

P(s|c)
. . . . . .Senses:

c (art)

c (art)
c (art)5

1 sk−1 ss k
m

(a)Probabilitydistributionscomputedby MM usingjack-
knife on thetrainingsetanda testcontext

s

.
.

1

2

3

4

5

6

157

c (art)
c (art)
c (art)
c (art)
c (art)
c (art)

c    (art)

−0.2
−0.6

−0.4

−0.4

−0.2

−0.8

. . .

. . .

. . .

. . .

. . .

. . .

+1.6
+1.2

. . .

. . .

. . .

. . .

. . .

. . .

+0.5

s

+3.5

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . . . . . . . . . . . . . .. . .

−0.4
−0.6

+1.2
+2.9

+2.3

+1.8

. . . . . . ss
Variational Coefficientscs,c

1
m

k−1 k

(b) The variationalcoefficients for the example
on theleft
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Themathematicalsupportis providedby Cheby-
shev’s inequality

K 5 L Â |ÄÃ L�Å �UÆ 8<Ç ���È , which
allows us to placeanupperboundon theprobabil-
ity that the valueof a randomvariable

Â
is larger

thanasetvalue,giventhemeanÃ andvarianceÆ ofÂ
. Consideringa finite selection

i � 5 - � 8 � from a
distribution É for which Ã and Æ exist andcanbe
estimated8 astheempiricalmean»Ã � �l o l [ k�Ê 1�o - �
andempiricalvariance» Æ 
 � �l o l � � [ k�Ê 1�o 5 - � | »Ã 8 
 ,
andgiven anotherset Ë � 57Ì4Í 8 Í , the elementsofË that are leastprobableasbeinggeneratedfromÉ are thosefor which the variationalcoefficientsÎ "rÍ �ÐÏ@� �ÒÑÓÑÔ

arelarge.
To apply this assumptionto the disambiguation

task, a set
i / containingthe values »K 5 �(L " 8 for all

contexts " in the training set that arenot labeled
�

is built for every sense
�

(seeFigure4(a)). In this
way, the problemof poor representationof some
sensesis overcomeandthe selections

i / are large
for all senses.An instancein thetestsetis consid-
eredmore likely to correspondto a sense

�
if the

estimatedvalue »K 5 �+L " 8 is anoutlier with respecttoi / (seeFigure4(b)) andthusit is viewedasa can-
didatefor having its classificationchangedto

�
.

Assumingthat the selections
i / are representa-

tive andthereexist first andsecondordermoments
for the underlyingdistributions (conditionswhich
we call “good statisticalproperties”),an improve-
ment in the accuracy

� |ÖÕ of the classifiercan
be expectedwhen choosinga sensewith a varia-
tional coefficient Î "Ä× �� � �ÒØ insteadof the clas-

sifier distribution’s mode &('�)(*,&.-0/�»K 5 �+L " 8 (if such
a senseexists). For example,knowing that theper-
formanceof themixturemodelfor SENSEVAL-2 is

8It is hardto judgehow well estimatedthesestatisticsare
withoutmakingany distributionalassumptions.

approximatively
� ÚÙ4Û

, the thresholdfor variational
coefficientsis setto

��ÚÙ4Ü
. Becausespuriouswords

not only favor the betterrepresentedsensesin the
trainingset,but alsocanaffect thevariationalcoef-
ficientsof unlikely senses,somerestrictionshadto
beimposedin our implementationto avoid theother
extremeof favoring unlikely senses.

The mixture model doesnot guaranteethe re-
quirementsimposedby the MVC methodaremet,
but it hasthe advantageover the Bayesianmodel
thateachof thecomponentsof theposteriordistri-
bution it computescanbe seenasa weightedmix-
tureof randomvariablescorrespondingto the indi-
vidual features.In thesimplestcase,whenconsid-
ering binary features,thesevariablesareBernoulli
trials. Furthermore,if the trials have the same
probability-massfunction thena componentof the
posteriordistribution will follow a binomial distri-
bution, and thereforewould have good statistical
properties.In general,the underlyingdistributions
cannotbecomputed,but ourexperimentsshow that
they usuallyhave goodstatisticalpropertiesas re-
quiredby MVC.

4.2 AdaBoost

AdaBoostis an iterative boostingalgorithm intro-
ducedby FreundandSchapire(1997)shown to be
successfulfor several natural languageclassifica-
tion tasks.AdaBoostsuccessively builds classifiers
basedon a weak learner(baselearningalgorithm)
byweightingdifferentlytheexamplesin thetraining
space,and outputsthe final classificationby mix-
ing thepredictionsof theiteratively built classifiers.
Becausesensedisambiguationis amulti-classprob-
lem,we choseto useversionAdaBoost.M2.

We could not apply AdaBooststraightforwardly
to theproblemof sensedisambiguationbecauseof
the high dimensionalityandsparsenessof the fea-



ture space. Superficialmodeling of the training
set can easily be achieved becauseof the singu-
larity/rarity of many featurevaluesin the context
space,but this largely representsoverfitting of the
training data. In order to solve this problem,we
useAdaBoostin conjunctionwith jackknife anda
partialupdatingtechnique.At eachround, Ý clas-
sifiersarebuilt usingastrainingall theexamplesin
the training setexcepttheoneto beclassified,and
theweightsareupdatedat featurelevel ratherthan
context level. This modified Adaboostalgorithm
could only be implementedfor themixture model,
which “perceives” the contexts asadditive mixture
of features.TheAdaboost-enhancedmixturemodel
is calledAdaMixt henceforth.

5 Evaluation

We presenta comparative studyfor four languages
(English, Swedish,Spanish,and Basque)by per-
forming5-fold cross-validationontheSENSEVAL-2
lexical-sampletraining data,usingthefine-grained
senseinventory. For English and Swedish, for
which POS-taggedtraining data was available to
us, the fnTBL algorithm(Ngai andFlorian, 2001)
basedonBrill (1995)wasusedto annotatethedata,
while for Spanishamildly-supervisedPOS-tagging
systemsimilar to theonepresentedin Cucerzanand
Yarowsky (2000)wasemployed. We alsopresent
the resultsobtainedby the differentalgorithmson
anotherWSD standardset, SENSEVAL-1, also by
performing5-fold crossvalidation on the original
training data. For CSSC,we testedour system
on the identical datafrom the Brown corpusused
by Golding (1995), Golding and Roth (1996) and
ManguandBrill (1997).Finally, we presentthere-
sultsobtainedby theinvestigatedmethodson a sin-
gle runon theSenseval-1 andSenseval-2 testdata.

The describedmodelswere initially trainedand
testedby performing5-fold cross-validationon the
SENSEVAL-2 English lexical-sample-tasktraining
data. When parametersneededto be estimated,
jackknife or a 3-1-1 split (training and/orparame-
ter estimation- testing)wereused.

5.1 SENSEVAL-2

The English training set for SENSEVAL-2 is com-
posed of 8861 instancesrepresenting73 target
words with an averagenumberof 12.5 sensesper
word. Table2 illustratesthe performanceof each
of the studied models broken down by part-of-
speech. As observed in most experiments, the
feature-enhancedNaïve Bayes has the tendency

to outperformby a small margin the raw mixture
model,but becausethelatterprovedto beboosting-
friendly, its augmentedversionsachieved thehigh-
estfinalaccuracies.ThedifferencebetweenMMVC
andenhancedNaïveBayesis significant(McNemar
rejectionrisk of Þ~� � � ��ß ).

Adjectives Nouns Verbs Overall

MostLikely 52.11 52.01 27.28 41.79
Naïve Bayes(FE) 73.18 72.74 55.54 65.70

Mixture 73.90 71.09 56.16 65.41
AdaMixt 74.68 72.17 56.41 66.09
MMVC 74.68 73.06 57.06 66.72

Table2: Resultsusing5-fold crossvalidationon SENSEVAL-

2 Englishlexical-sampletrainingdata

Figure5 shows boththeperformanceof themix-
ture model alone and in conjunctionwith MVC,
and highlights the improvement in performance
achieved by the latter for eachof the 4 languages.
All MMVC versusMM differencesarestatistically
significant(for SENSEVAL-2 Englishdata,therejec-
tion probabilityof apairedMcNemartestis

� � � �uà
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Figure5: MM andMMVC performanceby performing5-
fold crossvalidationon SENSEVAL-2 datafor 4 languages

Figure6 shows what is generallya log-linearin-
creasein performanceof MM aloneandin combi-
nationwith theMVC methodover increasingtrain-
ing sizes.Becauseof theway thesmallesttraining
setswerecreatedto includeat leastoneexamplefor
eachsense,they weremorebalancedasasideeffect,
and the compensationsintroducedby MVC were
lessproductiveasaresult.Givenmoretrainingdata,
MMVC startsto improve relative to theraw model
bothbecausethe training setsbecomemoreunbal-
ancedin their sensedistributions and becausethe
empiricalmomentsandthe variationalcoefficients
on which themethodreliesarebetterestimated.

5.2 SENSEVAL-1

The systemsused for SENSEVAL-2 English data
were also evaluatedon the SENSEVAL-1 training
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Figure 6: Learning Curve for MM and MMVC on

SENSEVAL-2 English(cross-validatedon heldoutdata)

data(30 words, 12479instances,with an average
of 10.8sensesperword) by using5-fold crossval-
idation. Therewasno further tuningof the feature
spaceor modelparametersto adaptthemto thepar-
ticularitiesof thisnew testset.Comparative perfor-
manceis shown in Table3. Thedifferencebetween
MMVC and enhancedNaïve Bayesis statistically
significant(McNemarrejectionrisk 0.036).

Adjectives Nouns Verbs Overall

MostLikely 63.43 66.52 57.6 63.09
Naïve Bayes(FE) 75.67 84.15 76.65 80.16

Mixture 76.45 81.57 75.9 78.79
AdaMixt 76.83 83.39 77.10 80.16
MMVC 78.49 84.79 76.81 81.06

Table3: Resultsusing5-fold crossvalidationon SENSEVAL-

1 trainingdata(English)

5.3 SpellingCorrection

BothMM andtheenhancedBayesmodelobtainvir-
tually the sameoverall performance9 as the TriB-
ayes system reported in (Golding and Schabes,
1996), which usesa similar feature space. The
correctionand boostingmethodswe investigated
marginally improve theperformanceof themixture
model, as can be seenin Table 4 but they do not
achieve the performanceof RuleS93.1%(Mangu
andBrill, 1997)andWinnow 93.5%(Golding and
Roth, 1996; Golding and Roth, 1999), methods
that include featuresmore directly specializedfor
spellingcorrection.Becauseof thesmallsizeof the
test set, the differencesin performanceare due to
only 14 and 20 more incorrectly classifiedexam-
ples respectively. More importantthanthis differ-
ence10 may be the fact that the systemsbuilt for
WSDwereableto achievecompetitiveperformance

9All figuresreportedarefor thestandard14 confusionsets;
theaccuraciesfor the18setsaregenerallyhigher.

10We did not have the actualclassificationsfrom the other
systemsto checkthesignificanceof thedifference.

with little to no adaptation(we only enrichedthe
featurespaceby addingthePOSbigramsto theleft
andright of thetargetwordandchangedtheweight-
ing modelaspresentedin Section3 becausespelling
correctionreliesmoreon the immediatethanlong-
distancecontext). Anotherimportantaspectthatcan

test
size M.L. Bayes MM AdaMixt MMVC

accept 50 70.0 92.0 90.0 90.0 94.2
affect 49 91.8 95.9 98.0 98.0 93.9
among 186 71.5 80.6 78.5 81.2 80.6
amount 123 71.5 79.7 79.7 82.9 83.7
begin 146 93.2 96.6 96.6 97.3 96.6

country 62 91.9 93.5 95.2 93.5 93.5
lead 49 46.9 93.9 91.8 95.9 91.8
past 74 68.9 86.5 93.2 93.2 93.2

peace 50 44.0 78.0 80.0 78.0 80.0
principal 34 58.8 82.3 88.2 85.3 88.2

quiet 66 83.3 93.9 93.9 93.9 95.5
raise 39 64.1 87.2 84.6 84.6 87.2
than 514 63.4 96.9 96.5 96.5 96.5

weather 61 86.9 98.4 95.1 96.7 98.4
Overall 1503 71.1 91.2 91.2 91.8 92.2

Table4: Resultson thestandard14 CSSCdatasets

be seenin Table4 is that therewasno model that
constantlyperformedbestin all situations,suggest-
ing theadvantageof developinga diversespaceof
modelsfor classifiercombination.

5.4 UsingMMVC in ClassifierCombination

The investigatedMMVC model proves to be a
very effective participantin classifiercombination,
with substantiallydifferent output to Naïve Bayes
(9.6% averagedcomplementaryrate,asdefinedin
Brill and Wu (1998)). Table 5 shows the im-
provementobtainedby addingthe MMVC model
to empirically the bestvoting systemwe had us-
ing Bayes, BayesRatio,TBL and Decision Lists
(all classifiercombinationmethodstried and their
results are presentedexhaustively in Florian and
Yarowsky (2002)). The improvementis significant
in both cases,as measuredby a pairedMcNemar
test:

��Wõ � � � � ¾ for SENSEVAL-1 data,
��Úö � � � � ¾

for SENSEVAL-2 data.

without
MMVC

with
MMVC

error
reduction

Senseval1 82.26 83.06 4.5%
Senseval2 67.53 68.66 3.5%

Table5: Thecontribution of MMVC in a rank-basedclassi-

fier combinationon SENSEVAL-1 andSENSEVAL-2 Englishas
computedby 5-fold crossvalidationover trainingdata

MMVC is also the top performerof the 5 sys-
temsmentionedaboveon SENSEVAL-2 Englishtest



data,with anaccuracy of 62.5%. Table6 contrasts
theperformanceobtainedby theMMVC methodto
theaverageandbestsystemperformancein thetwo
SENSEVAL exercises.

SENSEVAL-1 (30 targetwords,7446instances)
Average/ BestSENSEVAL-1 Competitor 73.1   2.9/ 77.1

MMVC alone 76.9
Classifiercombinationwith MMVC 80.0

SENSEVAL-2 (73 targetwords,4328instances)
Average/ BestSENSEVAL-2 Competitor 55.7   5.3/ 64.2

MMVC alone 62.5
Classifiercombinationwith MMVC 66.5

Table6: Accuracy on SENSEVAL-1 and SENSEVAL-2 En-

glish testdata(only thesupervisedsystemswith a coverageof
at least97%wereusedto computethemeanandvariance)

6 Conclusion

We investigatedthe propertiesandperformanceof
mixturemodelsandtwo augmentingmethodsin an
unifiedframework for Word SenseDisambiguation
andContext-SensitiveSpellingCorrection,showing
experimentallythat suchjoint modelscansuccess-
fully matchandexceedtheperformanceof feature-
enhancedBayesianmodels. The new classifica-
tion correction method (MVC) we proposesuc-
cessfullyaddressestheproblemof under-estimation
of lesslikely classes,consistentlyandsignificantly
improving the performanceof the main mixture
modelacrossall tasksandlanguages.Finally, since
themixturemodelandits improvementsperformed
well on two major tasksand several multilingual
datasets,we believe that they canbe productively
applied to other relatedhigh-dimensionalitylexi-
cal classificationproblems,includingnamed-entity
classification,topicclassification,andlexical choice
in machinetranslation.
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