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Abstract

In this paper we presentan application-
oriented evaluation of three Part-of-
Speech(PoS) taggersin a word sense
disambiguationWSD) system. Follow-
ing the intuition that high quality input is
likely to influencethe final resultsof a
complex systemwe testwhetherthemore
accuratetaggersalso producebetter re-
sults when integratedinto the WSD sys-
tem. For this purpose a stand-aloneval-
uationof the PoStaggerss usedto assess
which taggeris themostaccurate There-
sults of the WSD task, computedon the
training sectionof the Dutch Senseal-2
data,including the PoSinformationfrom
all threetaggersshav that the most ac-
curate PoS tags do indeed lead to the
bestresults therebyverifying our hypoth-
esis. A surprisingresult, however, is the
fact that the performanceof the comple
WSD systemwith the different PoStags
included doesnot necessarilyreflect the
stand-alon@ccuray of the PoStaggers.

1 Intr oduction

Certain NLP tools are typically used as a sub-
componentor a pre-processoin a more comple
systemyatherthanasacompleteapplicationin their
own right. A typical exampleof suchtoolsarePart-
of-Speech(PoS)taggers.Whatis usuallynot taken
into accountis the fact that the quality (in terms

of accurag) of eachsubpartof a complex system
is likely to influencethe final resultsconsiderably
Lately, standardizedevaluation of NLP resources
hasgainedmoreimportancein the field of Compu-
tationalLinguistics (e.g. CLEF workshopsn infor-
mationretrieval, Parseval, Senseal), but atendenyg
towardsmoreapplication-orieted evaluationis only
beginning.

In this paper we will proceedto an application-
orientedcomparisorof threePoStaggersn aword
sensalisambiguatiofWSD) system.We will eval-
uateto what extent differencesin stand-alond?0S
accuray influencethe resultsobtainedin the com-
plex WSD systemusingthe acquiredPoSinforma-
tion. Sincethe Dutch datawe useis not only am-
biguouswith regardto meaningout alsowith regard
to PoS,accuratePoSinformationis very important
to achieve high disambiguatioraccurag.

The paperis structuredasfollows: We will start
with a detaileddescriptionand comparisonof the
three PoStaggersincluding a stand-alonesvalua-
tion in orderto compareheir performancendepen-
dentlyof theapplicationto the WSD task. Thenfol-
lows a descriptionof the WSD systemin which (the
outputof) thedifferentPoStaggerswill beincorpo-
ratedandtested.This includesa presentatiorof the
machindearningalgorithmemployedfor classifica-
tion (maximumentropy) andits applicationtoWSD,
aswell asa note on the dataandthe settingsused
for thereportedexperiments.Next, the application-
dependentesultsof the three PoStaggerswill be
presentednddiscussedWe endthepaperwith con-
clusionsandsomeideasfor futurework.



2 Comparison of Part-of-SpeechTaggers

ThePoStaggersve compardn this articleare:

¢ aHiddenMarkov Modeltagger(section2.1),
e aMemory-Basedagger(section2.2),
e atransformation-basegger(section2.3).

We chosethesethree taggersbecausethey were
readily available, could easily be trainedfor Dutch
withoutmajorchangesn thearchitectureandrepre-
sentdistinct, widely usedtypesof existing PoStag-
gers.

All threetaggerswveretrainedon the Dutch Eind-
hoven corpus (uit den Boogaart,1975) using the
WOTAN tag set (Berghmans,1994). The original
WOTAN tagset,consistingof 233tags,wastoo de-
tailed for our purpose. Instead,we usedthe lim-
ited WOTAN tag setof 48 PoStagsdevelopedby
(Drenth,1997)for training andtestingin the stand-
alonecomparison.

In the context of our WSD application,however,
we are only interestedn the main PoS cateories.
Therefore,we discardedall additionalinformation
from the assignedPoStagsin the WSD corpus.
This resultedin 12 differenttagsbeing kept: Adj
(adjectve), Adv (adwerb), Art (article), Conj (con-
junction), Int (interjection), Misc (miscellaneous),
N (noun),Num (numeral),Prep(preposition),Pron
(pronoun),Punc(punctuation)andV (verb)?!

For the stand-aloneaesults,80% of the training
datawasactually usedfor training, 10% for tuning
(settingof parametersetc.) andthe accurag was
computedon the remaining10%. Note thatthere-
sults of the stand-alonecomparisorsolely sene to
illustratethedifferencein performancebseredin-
dependenthof an applicationin orderto be ableto
assestheaddedvalueof amoreaccuratd’oStagger
in the WSD application.

2.1 Hidden Mark ov Model PoSTagger

The first PoStaggerwe usedis the trigram Hid-
den Markov Model (HMM) tagger(Prinsandvan
Noord, 2003) developedin the contet of ‘Alpino’,
a naturallanguageunderstandingystemfor Dutch
(Boumaetal., 2001;vanderBeeketal., 2002)?
1Seetable2 for adistribution of the mainPoStag categories

in the WSD dataandthe Eindhorencorpus.
2Seehttp://www.let.rug.nl/vannoord/alp

In this standardrigram HMM, eachstatecorre-
spondgo the previoustwo PoStagsandthe proba-
bilities aredirectly estimatedrom the labeledtrain-
ing corpus(ManningandSchitze,1999). Thereare
two typesof probabilitiesrelevantin this model,the
probability of a tag given the precedingtwo tags
P(t;|t;—2t;—1) aswell asthe probability of a word
givenits tag P(w;|t;).

Theseprobabilitiesare computedor eachtagin-
dividually. Training the HMM with the forward-
backward algorithm,we cancalculateP(¢; = t) for
all potentialtags:

P(ti =1) = oi(t) Bi(t)

whereq;(t) is the total (summed)probability of
all pathsthroughthe modelthatendattagt at posi-
tion ¢, andg;(t) is the total probability of all paths
startingattag ¢ in positioni continuingto the end.
Comparingall the valuesfor P(t; = t), unlikely
tagsareremoved.

Smoothingof thetrigramprobabilitiesis achieved
through a variant of linear interpolation (Collins,
1999)wherelower ordermodelsarealsotakeninto
accountand weights are assignedto each of the
modelsto capturetheir relative importance.

Sincethe taggers lexicon hasbeencreatedfrom
the training data, the testdatavery likely contains
unknavn words which meansthat no initial setof
possibletagscanbe assignedo thesewords. Two
different stratgies have beenincorporatedin the
HMM taggerusedhere. First, a heuristicrule for
recognizinghameshasbeenaddedwhich assignsan
N tagto all capitalizedwords® Secondasetof au-
tomata(alsocreatenthebasisof thetrainingdata)
is usedto find possibletagsbasedon the sufixesof
unknavn words(Daciuk,2000).

2.2 Memory-BasedPoS Tagger

The secondaggerwe have usedin the experiments
reportedhereis the Memory-Basedlragger(MBT)
(Daelemangtal., 2002a)} It is a PoStaggerbased
on Memory-Based_earning,an extensionof the k-
Nearest-Neighbouapproach which hasproved to

3Wordsin sentencénitial positionaredecapitalizedefore-
hand.

“Freely available for researctpurposesat http://ilk.
uvt.nl/software.html



be successfufor a numberof languagesand NLP
applicationgZavrel andDaelemans] 999;Veenstra
etal.,2000;Hosteetal., 2002).

MBT consistsof two components:a memory-
basedearningcomponentinda performancecom-
ponentfor similarity-basedclassification. During
classification,the similarity betweena previously
unseentest example and the examplesin memory
is computedusinga similarity metric. The cateyory
of thetestexampleis thenextrapolatedbasednthe
mostsimilar example(s).

Given an annotatectorpus,threedatastructures
are automaticallyextracted: a lexicon, a casebase
for known words, and a casebasefor unknavn
words. During tagging,eachword is looked up in
the lexicon and,if it is found, its lexical represen-
tationis retrieved andits context determined. The
resultingpatternis disambiguatedising extrapola-
tion from thenearesheighboursn theknown words
casebase.lf awordis not presenin thelexicon, its
lexical representatiois computedn the basisof its
form, its contet is determinedandtheresultingpat-
ternis disambiguatedisingextrapolationfrom near
estneighbourdn the unknawvn words casebase.In
bothcasesthe outputis a bestguesof the catajory
for thewordin its currentcontext.

For the known words,the precedingwo tagsand
words as well as the ambiguoustag and word to
the right of the currentposition have beenusedto
constructhe knowvn wordscasebase.Classification
wasachiezedusingtheIGTREEalgorithmwith one
nearesheighbour For unknavn words,the preced-
ing tag,theambiguoudagto theright, aswell asthe
first andthelastthreelettersof theambiguousvord
itself were taken into accountto constructthe un-
known words casebase. For classificationthe IB1
algorithmwith 9 nearestneighbourswasused. In
bothcasessainRatiofeatureweightingwasapplied.
For detailson the different possiblealgorithmssee
(Daelemangtal., 2002b).

2.3 Transformation-BasedPoS Tagger

As the third memberof the comparisonwe useda
Brill-style transformation-basadggerTBL) (Brill,

1995)for Dutch (Drenth,1997). The main compo-
nentsof a transformation-basethggerare a speci-
fication of admissibletransformationsand a learn-
ing algorithm. Interdependenciebetweenwords

| PoSTagger | Accuracy |

TBL 94.20
HMM 95.93
MBT 96.21

Tablel: Stand-aloneesults(in %) for thethreePoS
taggerson 10% of the Eindhoven corpusdata

andtagsaremodeledby startingout with animper
fecttaggingwhichis graduallytransformednto one
with fewer errors. This is achiered by selectingand
sequencingransformatiorrules using the learning
algorithm.

In aninitial step,eachword is assignedh tagin-
dependenbdf context. A known word is assigned
its mostlikely tag determinedby a maximumlik e-
lihood estimationfrom the training corpus. An un-
known word, on the other hand, is assigneda tag
basedon lexical ruleslearnedduring training. All
unknavn wordsareinitially taggedN. Theapplica-
tion of lexical rulesadaptghetag(wherenecessary)
basedon the local propertiesof the unknavn word,
suchasits suffix.

After eachword hasreceved aninitial tag, con-
textual rulesareappliedchangingheinitial PoStag
(wherenecessarypasedon the contet of the word
to be tagged. The bestcontetual transformation
rulesandtheir order of applicationare selectedby
thelearningalgorithmduringtraining.

The presenimplementatiorof the TBL PoStag-
gerfor Dutchusesaround250lexical rulesand300
contetual rules.

2.4 Stand-AloneResultsfor the PoSTaggers

As we have mentionedearlier the stand-alonee-
sultsfor the PoStaggersverecomputedusing80%
of the Eindhoven Corpus (containing a total of
760,000words)for trainingand10%for tuning. The
accurag shavn in table1 wascomputedon there-
maining10% of the corpus.

We can clearly seethat the MBT taggeris per
forming best followedby theHMM taggertheleast
accuratagaggerbeingthe TBL tagger

If thehypothesighatmoreaccuraténputto com-
plex systemswill producemore accurateresultsis

SAll resultsdiffer significantlyapplyingthe pairedsigntest
with aconfidencdevel of 95%.



correct,thenthesestand-aloneesultsraisethe ex-
pectationthatwhenapplyingall threetaggersn our
WSD system—uwithall othersettingsbeingequal—
accurag shouldbe highestwhenthe MBT tagger
wasusedto tagthe data.Performancés expectedo
decreasavith the useof the HMM taggerandto be
lowestfor the TBL tagger

This expectationmight be falsified by the (pos-
sible) corpusdependenc of the threePoStaggers:
the capacityto generalizefrom the training corpus
to the corpusto be taggedmight be biggerin one
taggerthanin anotherwhich meanghatthe results
obtainedn thecomple systencandivergefromthe
expectatiorraisedby the stand-aloneesults.

Let us now turn to the applicationin which we
will usethe threePoStaggerspresentedndevalu-
atedabove.

3 Word SenseDisambiguationfor Dutch

Semanticlexical ambiguity remainsa major prob-
lemin naturallanguageprocessindNLP) for which
to date no satishctory solution has been found.
Word sensalisambiguatiorfWSD) refersto theres-
olution of lexical semantiambiguityandits goalis
to attribute the correctsense(sjo wordsin a certain
context. Accuratedisambiguatiorof word sensess
importantfor e.g. machinetranslation,information
retrieval or documengextraction.

The WSD systemusedin theseexperimentsis a
supervisedcorpus-basedlgorithm combining sta-
tistical classificatiorwith differentkinds of linguis-
tic information. This systemexploresthe intuition
that (high quality) linguistic informationis benefi-
cial for WSD. PoSis definitely oneof the moreac-
cessiblesourcesof linguistic knowledge. The hy-
pothesisbehind comparingvarious PoStaggersin
this applicationis that the quality of the PoStags
assignedo the datacan significantly influencethe
accurag obtainedby our WSD system.

In contrastto the English WSD data, the Dutch
Sensweal-2 WSD datais ambiguouswith regardto
PoS. This meansthat accuratePoS information is
even moreimportantsincethe WSD systemis sup-
posedto do morpho-syntacti@as well as semantic
disambiguation.

We will now first explain the statisticalclassifica-
tion algorithmusedandthenproceedo describehe

WSD systemijts settingsaswell asthe corpusused
to generatehe comparatre results.

3.1 Maximum Entropy Classification

The statisticalclassifierusedin the experimentsre-
portedhereis a maximumentropy classifier(Berger
etal., 1996). Maximum entropy is a generaltech-
nique for estimatingprobability distributions from
data. If nothing aboutthe datais known, it in-
volvesselectinghemostuniformdistributionwhere
all eventshave equalprobability In otherwords,
it meansselectingthe distribution which maximises
theentropy.

If datais available, labeledtraining datais seen
asa numberof featureswhich are usedto derive a
setof constraintsfor the model. This setof con-
straintscharacterisethe class-specifi@xpectations
for thedistribution. So,while thedistribution should
maximisethe entropy, the modelshouldalsosatisfy
the constraintsmposedby thelabeledtrainingdata.
A maximumentrofy modelis thusthe modelwith
maximumentropy of all modelsthat satisfythe set
of constraintslerived from thetraining data.

The maximumentroy modelis built using the
following formula:

plels) = eap <Z Aifxa:,c))

where the property function f;(z,c) represents
the numberof timesfeature: is usedto find class
¢ for eventz, andtheweights); arechoserto max-
imise the likelihood of the training dataand, at the
sametime, maximisethe entroyy of p.

This meanghatduringtraining the weight \; for
eachfeatures presentin the training datais com-
puted and stored. During testing, the sum of the
weights); of all featureg foundin thetestinstances
is computedfor eachclassc andthe classwith the
highestscoreis chosen.

The main advantageof maximumentroy mod-
eling is that the property functions, including all
the differenttypesof (linguistic) informationin the
model, take into accountary information which
mightbeusefulfor disambiguationThus,dissimilar
typesof informationcanbe combinedinto a single
modelfor WSD and no independencassumptions
(asin e.g.aNaive Bayesalgorithm)arenecessaty



3.2 Corpusand SystemSettings

The corpus usedin this evaluation is the Dutch
Senseal-2 corpu$ (see (Hendrickx and van den
Bosch,2001)for a detaileddescription).In the ex-
perimentsreportedhere, we only madeuseof the
training section of the Dutch Senseal-2 dataset,
containingapproximatelyl20,000tokensand9,300
sentences.

In a first step, the corpusis lemmatizedand
PoS tagged. Then, for each ambiguousword-
form/lemmd all instancef its occurrenceare ex-
tractedfrom the corpus. Theseinstancesare then
transformedinto different feature vectors. So a
featurevector of the ambiguouswordform ‘aarde’
(earth/sail)correspondingo the modelwhich com-
prisesall possibleinformation(incl. PoS)anduses
context wordswouldlook like this:

aarde N gat in de , zodat het aarde _grond

wherethefirst slotrepresentshelemma,the sec-
ondthe PoS,thethird to eighthslot arethe context
words(left beforeright) andthe last slot represents
the senseor class® Only context wordswithin the
samesentenceas the ambiguouswordform/lemma
weretaken into account. If for instancetherewas
no left contet, it wasfilled with “empty” features.
Varying the information included, differentfeature
setsareconstructed.

For thebasicclassifierbasednambiguousvord-
forms, the feature set containsthe corresponding
lemmaaswell asa contet of threewordsto theleft
andto theright of theambiguousword. For the ba-
sic classifierbasedon ambiguoudemmas,the cor
respondingvordform andthe context areincluded.
Thecontet caneitherbecomposeaf wordformsor
lemmas. For the classifies including PoStags we
in additioninclude the PoStagsof the ambiguous
wordform/lemmarom thevariousPoStaggers.

Onthebasisof thedifferentfeaturesets,separate
classifiersare built for every ambiguouswordform
or lemma. This implies that the basisfor group-

®For moreinformationon Senseal andfor downloadsof the
dataseehttp://www.senseval.org/

A wordform/lemmais ‘ambiguous’if it hastwo or more
differentsensesn the training data. The sense=" is seenas
markingthe basicsenseof a word/lemmaandis thereforealso
takeninto account.

8Sense’or ‘class’ refersto the differentlabelswhich dis-
ambiguatehe ambiguousvordforms/lemmas.

ing occurrence®f particularambiguouswords to-

getheris thateithertheirwordformor theirlemmais

the same.In the experimentspresentedere,a fre-

gueng thresholdof 10 wasused ,which meanghat
classifieravereonly built for thewordformswith an
amountof training instancesequalto or above the
threshold. For the remainingwordforms,the base-
line countwas used,thus assigningthe most fre-

guentsensdo every instance.

In total, therewere 1,364 ambiguoudemmasin
thecorpusof which622presented 0 or moreoccur
rencesand952ambiguousvordformsof which 486
had10 or moreoccurrencesSo 622 lemmaclassi-
fiersand486wordformclassifiersverebuilt.

Thecontet wastreatedasa ‘bag of words’which
meansthat the position of a context word relative
to the ambiguouswvordform was not taken into ac-
count. This approachwaschosento help limit the
datasparsenesgroblem:if the contet featuresare
all treateddependenon their positionrelative to the
ambiguousvordin thesentencethemodelwill have
morefeaturego assignweightsto. This meanghat
the sparsedataproblemwill be worse. If, on the
other hand,contet featuresare “lumped” together
independenbf their relative position,thereareless
featuresto be estimatedandthereis more datafor
theparticularfeature'context’.

4 Resultsand Evaluation of the WSD
Application

Beforewe turnto the actualresultsof usingthe dif-
ferent PoStaggersin our WSD systemfor Dutch,
let usfirst comparehedifferencesegardingthe as-
signedPoStags. Table 2 shaws the distribution of
the differentPoStagsin the WSD datadepending
onthePoStaggerusedaswell asthedistribution of
the PoStagsin thetrainingcorpus.

A major differencebetweenthe distribution of
PoStagsis thatboththeHMM andMBT taggeras-
sign moreV tags,whereaghe TBL taggerassigns
moreN tags. The preferencdor N tagsin the TBL
taggercanbe explainedby thefactthatall unknavn
words initially get taggedN. Also, in Dutch ver
bal infinitives have the samemorphologicalsuffix
asplural nouns(-en). INT andMisc differ with all
threetaggers,but we could not detectary obvious
reasonfor this. As we canseefrom table2, there



| PoS || TBL \ HMM \ MBT | Train. Corpus |
N 22,830 (19.46%)| 20,041 (17.08%)| 20,384 (17.37%) 20.35%
Punc| 19,792 (16.87%)| 20,151 (17.17%)| 20,142 (17.17%) 12.69%
v 17,645 (15.04%)| 19,505 (16.62%)| 19,556 (16.66%) 15.13%
Pron || 13,880 (11.83%)| 13,938 (11.88%)| 13,885 (11.83%) 9.82%
Adv [[ 11,250 (9.58%)| 11,289 (9.62%)| 11,178 (9.53%) 8.19%
Art 9,477 (8.08%)| 9,350 (7.96%)| 9,328 (7.95%) 9.39%
Prep|| 8190 (6.98%)| 8,358 (7.26%)| 8,229 (7.01%) 10.54%
Conj || 6,713 (5.72%)| 6,742 (5.74%)| 6,770 (5.77%) 5.18%
Adj | 6313 (5.38%)| 6,621 (5.63%)| 6,626 (5.65%) 6.53%
Num 869 (0.74%)| 713 (0.61%)| 744 (0.63%) 1.78%
Int 376 (0.32%)| 559 (0.47%)| 455 (0.39%) 0.18%
Misc 3 (0.003%) 71 (0.04%) 41  (0.04%) 0.22%

Table2:
thetrainingcorpus

arebiggerdifferencesbetweenthe TBL taggerand
the othertwo, whereaghe differencesbetweenthe
HMM andthe MBT taggerarelessnoticeable.

In orderto testtherealerrorof theclassifiersouilt,
we useda leave-one-outapproach(Weissand Ku-
likowski, 1991; Manningand Schitze,1999). This
meanghatevery dataitemin turnis selectednceas
atestitem andtheclassifieris trainedon all remain-
ing items. Theaccurayg of asingleclassifieris then
the numberof dataitems correctly predicted. The
overall accuray is the total of dataitemscorrectly
predictedby all classifiers.

Theresultsin table 3 shav the averageaccurag
on our training data using leave-one-outas a test
methodwith respectiely wordformsandlemmasas
basis.

As the table of resultsshavs, the WSD system
performswell. The basic classifierscontaininga
minimum of information already do significantly
betterthan the frequeng baseline€. Furthermore,
addingPoSasextra linguistic information—net to
the lemma/vordform and the context already in-
cludedin the basicclassifiers—doemcreaseesults
over the accurag achiered with a basic classifier
This supportsthe underlyinghypothesisbehindthe
WSD systenthatmorelinguisticinformationis ben-
eficial for WSD. Sincethe WSD dataneedsto be
disambiguatednorpho-syntacticallyaswell aswith

°Assigningthe mostfrequentsenseto every occurrenceof
anambiguousvordform/lemma.

Frequenciesf PoStagsassignedy eachPoStaggerin the WSD dataanddistribution of PoSin

regardto lexical semanticambiguity it is not sur
prising that adding PoS information achieres bet-
ter resultsthanonly usingthe lemma/vwordformand
context.

Comparingthe performanceamongthe different
PoStaggers,we can seequite clearly that our ex-
pectationsare (partly) confirmed: the MBT tagger
which did bestin the stand-alonevaluation,is also
working bestin the WSD system. This is the case
for all setups:usingwordformsor lemmasasbasis
for the classifiersaswell asfor classifierancluding
context aswordformsor aslemmas:°

Surprisinglyenoughthehypothesisloesnothold
for the“ranking” of theHMM andTBL taggersDe-
spitethe fact thatthe HMM taggerperformedsec-
ond bestin the stand-aloneavaluation, it doesnot
performbetterthanthe TBL taggermwhenintegrated
into the WSD system.

A possibleexplanationmight be that the differ-
encebetweerthetraining corpusandthe WSD data
is sobig thatthe HMM taggeris no longermoreac-
curatethanthe TBL taggerin the WSD application,
leadingto the conclusionthat the HMM taggeris
morecorpusdependenthanthe TBL tagger A pos-
siblereasomightbethattheheuristicsor unknavn

PApplying the pairedsign testwith a confidencelevel of
95%, all resultsusing MBT PoStagswerefoundto be statis-
tically significantlybetterthanresultswith otherPoStags(and
than the basicclassifiers). The classifiersincluding TBL and

HMM PoStagsdo not differ significantlyfrom eachother but
both performsignificantlybetterthanthe basicclassifiers.



Base:Wordforms
Featureset \ Accuragy
baseline 76.70
lemma,con.words(basic) 80.81
lemma,con.lemmag(basic) 80.52

TBL | HMM | MBT
lemma,pos,con.words 81.67| 81.67| 81.89
lemma,pos,con.lemmas | 81.42| 81.36| 81.67
Base:Lemmas
Featureset \ Accuragy
baseline 73.41
word, con.words(basic) 82.52
word, con.lemmas(basic) 82.25

TBL | HMM | MBT
word, pos,con.words 83.32| 83.34| 83.46
word, pos,con.lemmas 83.06| 83.05| 83.30

Table3: WSD results(in %) comparingthe effect of integratingthe outputof differentPOS-taggerito a

comple system

wordsin theHMM taggemroducesorseresultson
the WSD datathanthe heuristicsusedby the TBL
tagger Sinceno gold-standardPoStaggedversion
of the WSD dataexists, it is difficult to investigate
this puzzleary further

Neverthelessour hypothesighat highly accurate
inputinfluencegheresultsof acomple systemis at
leastpartly verified: themostaccuratd?oStagsalso
producethe most accurateresultswhen integrated
into our WSD system.

5 Conclusionand Futur e Work

In this paper we testedthe hypothesisvhetherhigh
quality inputimprovesthefinal resultsof a comple
NLP system. We have thereforeproceededo an
application-orienta evaluationof threePoStaggers
in aWSD system.A transformation-basetgger a
HiddenMarkov Model tagger anda memory-based
taggerwerecomparedor this purpose.

After the MBT taggerhasbeenestablishedsthe
mostaccuratdaggerin a stand-alon&valuation the
PoSinformationfrom all threetaggerss integrated
into our WSD systemfor Dutch. This supervised
systemusesmaximumentrogy classifierswhich al-
low to integratevarioussourceof informationinto
asinglemodel.

The resultscomputedon the training part of the
Dutch Senseal-2 corpusshawv thatthe MBT tagger
also producesthe bestresultsin the WSD system.
This clearlyindicatesthathighly accuraténputinto
aWSD systemis producingbetterresultsthanqual-
itatively lesselinput.

A surprisingresult,howvever, wasthefactthatthe
performanceof the complex WSD systemwith the
differentPoStagsincludeddoesnot necessarilye-
flect the stand-aloneaccurag of the PoStaggers.
Eventhoughthe HMM taggemerformedbetterthan
the TBL taggerin thestand-aloneomparisonthere
is no significantdifferenceto be obseredin there-
sults of the WSD system. A possibleexplanation
mightbecorpusdependenc

For future work, we would like to include the
PoStagsof the context wordformsor lemmago see
whetherour hypothesisstill holds then. It would
alsobeinterestingto seewhetherthe overall results
arefurtherimprovedby this additionalinformation.

Acknowledgments

This researclwascarriedout within the framevork
of the PIONIER ProjectAlgorithmsfor Linguistic
Processing This PIONIER Projectis funded by
NWO (Dutch Organizationfor ScientificResearch)



andthe University of Groningen.We aregratefulto

RobbertPrinsfor his helpwith the HMM taggeras
well asto GertjanvanNoordandMennovanZaanen
for commentsaanddiscussions.

References

Adam Bemger, StephenDella Pietra,and Vincent Della
Pietra. 1996. A maximumentropy approacho nat-
ural languageprocessing.ComputationaLinguistics
22(1):39-71.

JohanBerghmans. 1994. WOTAN—een automatische
grammaticaletaggervoor het Nederlands. Masters
thesis NijmegenUniversity, Nijmegen.

GosseBouma, Gertjanvan Noord, and RobertMalouf.
2001. Alpino: Wide-coveragecomputationalanaly-
sis of Dutch. In Walter DaelemansKhalil Sima’an,
Jorn Veenstra,and Jakub Zavrel, editors, Computa-
tional Linguisticsin the Netherlands2000 pages45—
59, AmsterdamRodopi.

Eric Brill.  1995. Transformation-baseeérrordriven
learning and natural languageprocessing: A case
studyin part of speechtagging. ComputationalLin-
guistics 21(4):543-565.

Michael Collins. 1999. Head-DrivenStatistical Mod-
elsfor Natural Languaye Parsing Ph.D.thesis,Com-
puterandinformationScienceDepartmentlniversity
of Pennsyhania,Philadelphia.

JanDaciuk. 2000. Finite statetools for naturallan-
guageprocessing. In Proceedingsof the COLING
2000Workshop“Using Toolsetsand Architecturesto
Build NLP Systems,” pages34—37,CentreUniversi-
taire, Luxemboug.

Walter DaelemansJakubZavrel, Ko vander Sloot, and
Antal van denBosch. 2002a. MBT: Memory-Based
tagger referenceguide. TechnicalReportILK 02-09,
Induction of Linguistic Knowledge, Computational
Linguistics,Tilburg University, Tilburg. versionl.0.

Walter Daelemans,Jakub Zavrel, Ko van der Sloot,
and Antal van den Bosch. 2002b TiMBL: Tilburg
Memory-Basedearner referenceguide. Technical
Report ILK 02-10, Induction of Linguistic Knowl-
edge,ComputationalLinguistics, Tilburg University,
Tilburg. version4.3.

Erwin W. Drenth. 1997. Using a hybrid approachto-
wards Dutch part-of-speechtagging. Masters the-
sis, HumanitiesComputing,University of Groningen,
Groningen.

Iris Hendrickxand Antal van denBosch. 2001. Dutch
word sensadisambiguationDataand preliminaryre-
sults. In Proceedingf Senseal-2, Secondnterna-
tional Workshopon EvaluatingWord SenseDisam-
biguationSystemspagesl 3—-16,Toulouse.

VéroniqueHoste WalterDaelemanslris Hendrickx,and
Antal van den Bosch. 2002. Evaluatingthe results
of a Memory-Basedword-expert approachto unre-
strictedword sensedisambiguation. In Proceedings
of the ACL-02Wbrkshopon Word SenseéDisambigua-
tion: RecentSuccesseand Future Directions pages
95-101,Philadelphia.

ChristopheManningandHinrich Schitze. 1999. Foun-
dations of Statistical Natural Languaye Processing
MIT PressCambridge.

RobbertPrinsand Gertjanvan Noord. 2003. Reinfor-
cing parserpreferenceshroughtagging. Traitement
automatiquedeslangues forthcoming.

Pieter uit den Boogaart. 1975. Wbordfrequentiesin
Gestireven and Gespoken Nederlands Oosthoek,
ScheltemanHolkema,Utrecht.

Leonoorvan der Beek, GosseBouma,Rob Malouf, and
Gertjanvan Noord. 2002. The Alpino dependeng
treebank.In Mariét Theune Anton Nijholt, andHen-
dri Hondorp,editors,Computational inguisticsin the
Netherland2001, pages8—22,AmsterdamRodopi.

Jorn Veenstra,Antal van den Bosch, SabineBuchholz,
Walter DaelemansandJakubZavrel. 2000. Memory-
Basedword sensalisambiguationComputes andthe
humanities34(1-2):171-177

SholomWeissandCasimirKulikowski. 1991. Computer
SystemshatLearn MorganKaufman,SanMateo.

JakubZavrel and Walter Daelemans.1999. Recentad-
vancesin Memory-Basedbart-of-speechiagging. In
VI Simposidnternacionalde Communicadn Social
pagesh90-597 Santiagade Cuba.



