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Abstract
This paperpresentsthe SVMTool, a simple,�e xible, effective andef�cient part–of–speechtaggerbasedon SupportVectorMachines.
The SVMTool offers a fairly goodbalanceamongthesepropertieswhich make it really practicalfor currentNLP applications. It is
very easyto useandeasilycon�gurableso as to perfectly �t the needsof a numberof differentapplications.Resultsarealsovery
competitive, achieving an accuracy of 97.16%for Englishon the Wall StreetJournalcorpus. It hasbeenalsosuccessfullyappliedto
Spanishexhibiting a similar performance.A �rst releaseof the SVMTool Perlprototypeis now freely availablefor public use.A most
ef�cient C++ versionis comingverysoon.

1. Intr oduction
MostNLPapplicationsdemandatsomestepsomepart–

of–speech(POS)information,usuallyat initial stagesprior
to elaboratefurther complex data analyses. Generally,
POS-taggingis requiredto beasaccurateaspossible,and
asef�cient aspossible.But, certainly, thereis a trade-off
betweenthis two desirableproperties.This is so because
obtaininga higheraccuracy relieson processingmoreand
moreinformation,diggingdeeperanddeeperinto it. How-
ever, sometimes,dependingon the kind of application,a
lossin ef�ciency maybeacceptablein orderto obtainmore
preciseresults. Or the otherway around,a slight loss in
accuracy maybetoleratedif thatcausesthePOS-taggerto
run faster.

Moreover, somelanguageshave a richer morphology
thanothers,requiringthePOS-taggerto have into acounta
biggersetof featurepatterns.Also thetagsetsizeandam-
biguity ratemayvary from languageto language.Besides,
if few dataareavailablefor training,theproportionof un-
known wordsmaybehuge.Sometimes,morphologicalan-
alyzerscouldbeutilized to reducethedegreeof ambiguity
whenfacingunknown words. Thus,a POS-taggershould
be �e xible with respectto the amountof informationuti-
lizedandcontext shape.

Another very interestingproperty for POS-taggersis
their portability. Multilingual informationis a key ingredi-
entin NLP taskssuchasMachineTranslation,Information
Retrieval, InformationExtraction,QuestionAnsweringand
Word SenseDisambiguation.Therefore,having a tagger
thatworksequallywell for several languagesis crucial for
thesystemrobustness.

Besides,quiteoftenfor somelanguages,butalsoin gen-
eral,lexical resourcesarehardto obtain.Therefore,ideally
a POS-taggershouldbe capablefor learningwith few (or
evennone)annotateddata.

TheSVMTool is intendedto complywith all therequire-
mentsof modernNLP technology, by combiningsimplic-
ity, �e xibility , robustness,portability and ef�ciency with
state–of–the–artaccuracy. This is achievedby working in
the SupportVectorMachines(SVM) learningframework
(CristianiniandShawe-Taylor, 2000),andby offeringNLP
researchersahighly customizablePOS-taggergenerator.

ThePerlversion1.0of theSVMTool maybenow freely
downloaded at http://www.lsi.upc.es/˜nlp/
SVMTool/ 1.

ThepropertiestheSVMTool is intendedto exhibit are:

Simplicty The SVMTool is easyto con�gure andto train.
The learningis controlledby meansof a very simple
con�guration �le. Therearevery few parametersto
tune.And thetaggeritself is veryeasyto use,accept-
ing standardinput andoutputpipelining. Embedded
usageis alsosuppliedby meansof theSVMTool API.

Flexibility Thesizeandshapeof thefeaturecontext canbe
adjusted.Also, rich featurescanbede�ned, including
word andPOSn-gramsaswell asambiguityclasses
and“may be's”, apartfromlexicalizedfeaturesfor un-
known wordsandsentencegeneralinformation. The
behaviour at taggingtime is alsovery �e xible, allow-
ing differentstrategies.

RobustnessTheover�tting problemis well addressedvia
thetunningof theC parameterin thesoft margin ver-
sionof theSVM learningalgorithm.Also,asentence-
level analysismaybeperformedin orderto maximize
the sentencescore. And, for unknown wordsnot to
punishsoseverelyonthesystemeffectiveness,several
strategieshavebeenimplementedandtested.

Portability The SVMTool is languageindependent. It
hasbeensuccessfullyapplied to English and Span-
ishwithoutapriori knowledgeotherthanasupervised
corpus.Moreover, thinkingof languagesfor whichla-
beleddatais a scarceresource,theSVMTool alsomay
learnfrom unsuperviseddatabasedontheroleof non-
ambiguouswords(Mihalcea,2003)with theonly ad-
ditionalhelpof amorpho-syntacticdictionary.

Accuracy Comparedto state–of–the–artPOStaggersre-
portedup to date, it exhibits a very competitive ac-
curacy (over 97.1%for Englishon the WSJcorpus).

1Of course,commentsandfeedbackfrom all theNLP commu-
nity memberswill bevery welcome



Clearly, rich setsof featuresallow to modelvery pre-
cisely most of the information involved. Also the
learningparadigm,SVM, is very suitablefor work-
ingaccuratelyandef�ciently with highdimensionality
featurespaces.

Ef�ciency Performanceat tagging time dependson the
feature set size and the tagging schemeselected.
For thedefault (one-passleft-to-rightgreedy)tagging
scheme,the currentPerl prototypeexhibits a tagging
speedof 1,500words/second.Thishasbeenachieved
byworkingin theprimalformulationof SVM. Theuse
of linearkernelscausesthetaggerto performmoreef-
�ciently bothat taggingandlearningtime, but forces
theuserto de�ne a richerfeaturespace.However, the
learningtime remainslinearwith respectto thenum-
berof trainingexamples.

A moredetaileddescriptionof the SVMTool approach
to POS-taggingcan be found in (Giménezand M�arquez,
2003).

2. The SVMT Tool
The SVMTool softwarepackageconsistsof threemain

components,namelythe learner(SVMTlearn), the tagger
(SVMTagger)andtheevaluator(SVMTeval), which arede-
scribedbelow.

Previous to the tagging,SVM models(weight vectors
and biases)are learnedfrom a training corpususing the
SVMTlearncomponent. Differentmodelsare learnedfor
the different strategies. Then, at taggingtime, using the
SVMTaggercomponent,onemaychoosethetaggingstrat-
egy that is most suitablefor the purposeof the tagging.
Finally, given a correctly annotatedcorpus,and the cor-
respondingSVMTool predictedannotation,the SVMTeval
componentdisplaystaggingresults.

2.1. SVMTlearn

Given a training set of examples(either annotatedor
unannotated),it is responsiblefor the training of a set
of SVM classi�ers. So as to do that, it makes use of
SVM–light2, an implementationof Vapnik's SVMs in C,
developedby ThorstenJoachims(Joachims,1999).

Options. SVMTlearn behaviour is easily adjusted
througha con�guration �le. Thesearethecurrentlyavail-
ableoptions:

� Sliding window: The sizeof the sliding window for
featureextractioncanbeadjusted.Also, thecoreposi-
tion in whichthewordto disambiguateis to belocated
maybeselected.By default,window sizeis 5 andthe
corepositionis 2, startingat0.

� Featureset:Threedifferentkindsof featuretypescan
becollectedfrom theslidingwindow:

– word features:Word form n-grams.Usuallyun-
igrams,bigramsandtrigramssuf�ce. Also, the

2The SVM
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softwareis freely available(for scienti�c use)
at thefollowing URL: http://svmlight.joachims.org

sentencelastword,whichcorrespondsto apunc-
tuationmark('.', '?', '!'), is important.

– POS features: Annotatedparts–of–speechand
ambiguityclassesn-grams,and“may be's”. As
for words,consideringunigrams,bigramsandtri-
gramsis enough.Theambiguityclassfor a cer-
tainworddetermineswhichPOSarepossible.A
“may be” states,for a certainword, that certain
POSmaybepossible,i.e. it belongsto theword
ambiguityclass.

– af�x and orthographicfeatures: including pre-
�x esandsuf�x es,capitalization,hyphenization,
andsimilar informationrelatedto a word form.
They areonly usedto representunknown words.

Table1 showstherich featuresetusedin experiments.
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sentenceinfo punctuation('.', '?', '!')
pre�xes 62� , 6/�26%� , 62�/6%�#6%
 , 6/�-6%�#6%
#6.7

suf�x es 6-8 , 6%8 - �26%8 , 6%8 - �#6%8 - �/6%8 , 6%8 - 
26%8 - �#6%8 - �/6%8

binary intial UpperCase,all UpperCase,
word no initial CapitalLetter(s),all LowerCase,
features containsa (period/ number/ hyphen...)
word length integer

Table1: Rich featurepatternsetusedin experiments.

� Feature �ltering: The featurespacecanbe kept in a
convenientsize. Smallermodelsallow for a higher
ef�ciency. By default, no morethan100,000dimen-
sionsareused. Also, featuresappearinglessthan 9

timescanbediscarded,which indeedcausesthesys-
tem both to �ght againstover�tting and to exhibit a
higheraccuracy. By default, featuresappearingjust
onceareignored.

� SVMmodelcompression:Weight vectorcomponents
lower than a given threshold,in the resultingSVM
modelscanbe �ltered out, thusenhancingef�ciency
by decreasingde model size but still preservingac-
curacy level. Thatis aninterestingbehaviour of SVM
modelsbeingcurrentlyunderstudy. In fact,discarding
upto70%of theweightcomponentsaccuracy remains
stable,andit is not until 95% of the componentsare
discardedthataccuracy falls below thecurrentstate–
of–the–art(97.0%- 97.2%).

� C parametertunning: In orderto dealwith noiseand
outliers in training data, the soft margin versionof
theSVM learningalgorithmallows themisclassi�ca-
tionof certaintrainingexampleswhenmaximizingthe
margin. Thisbalancecanbeautomaticallyadjustedby
optimizingthevalueof theC parameterof SVMs. A
localmaximumis foundexploringaccuracy ona vali-
dationsetfor differentC valuesat shorterintervals.



� Dictionary repairing: The lexicon extractedfrom the
training corpuscan be automaticallyrepairedeither
basedon frequency heuristicsor on a list of correc-
tionssuppliedby theuser. This makesthe taggerro-
bustto corpuserrors.

� Ambiguousclasses:Thelist of POSpresentingambi-
guity is, by default, automaticallyextractedfrom the
corpusbut, if available,this knowledgecanbe made
explicit. Thisactsin favor of thesystemrobustness.

� Openclasses:Thelist of POStagsanunknown word
may be labeledas is also, by default, automatically
determined.As for ambiguousclasses,if available,it
is well appreciatedfor thesamereason.

� Backup lexicon: A morphologicallexicon containing
wordsthatarenot presentin the trainingcorpusmay
beprovided.It canbealsoprovidedat taggingtime.

2.2. SVMTagger

Givena text corpus(onetokenperline) andthepathto
a previously learnedSVM model(includingthe automati-
cally generateddictionary),it performsthePOStaggingof
a sequenceof words. Thetagginggoeson-linebasedon a
slidingwindow whichgivesaview of thefeaturecontext to
beconsideredat every decision(seeFigure1). Calculated
part–of–speechtagsfeeddirectly forwardnext taggingde-
cisionsascontext features.

Figure1: SVMTagger. Featureextraction

Options. SVMTaggeris very �e xible, andadaptsvery
well to theneedsof theuser. Thusyoumay�nd theseveral
optionscurrentlyavailable:

� Tagging scheme:Two differenttaggingschemesmay
beused.

– Greedy:Eachtaggingdecisionis madebasedon
areducedcontext. Lateron,decisionsarenotfur-
therreconsidered,exceptin thecaseof taggingat
two stepsor taggingin two directions.

– Sentence-level: By meansof dynamicprogram-
ming techniques(Viterbi algorithm), the global
sentencesumof SVM taggingscoresis thefunc-
tion to maximize.

� Tagging direction: The taggingdirectioncan be ei-
ther“left-to-right”, “right-to-left”, or acombinationof
both. The taggingordervariesresultsyielding a sig-
ni�cant improvementwhenbotharecombined.This
makesthetaggervery robust.

� Onepass/ Two passes:Anotherway of achieving ro-
bustnessis by taggingin two passes.At the�rst pass
only POSfeaturesrelatedto alreadydisambiguated
wordsareconsidered.At asecondpassdisambiguated
POSfeaturesareavailablefor every word in the fea-
turecontext, sowhenrevisiting a word taggingerrors
maybealleviated.

� SVM Model Compression: Justas for the learning,
weightvectorcomponentslowerthanacertainthresh-
old, canbeignored.

� Backuplexicon: Again,a morphologicallexicon con-
tainingnew wordsthatwerenotavailablein thetrain-
ing corpusmaybeprovided.

2.3. SVMTeval

Givena SVMTool predictedtaggingoutputandthecor-
respondinggold-standard,SVMTeval evaluatesthe perfor-
mancein termsof accuracy. It is a very usefulcomponent
for thetunningof thesystemparameters,suchastheC pa-
rameter, the featurepatternsand�ltering, themodelcom-
pressionet cetera.

Moreover, basedon a given morphologicaldictionary
(e.g. the automaticallygeneratedat training time) results
may be presentedalso for differentsetsof words(known
wordsvs unknown words,ambiguouswordsvs unambigu-
ous words). A different view of thesesameresultscan
be seenfrom the classof ambiguityperspective, too, i.e.,
words sharingthe samekind of ambiguity may be con-
sideredtogether. Also wordssharingthe samedegreeof
disambiguationcomplexity, determinedby thesizeof their
ambiguityclasses,canbegrouped.

2.4. SVMT embedded

Embeddedusageof the SVMTool is alsopossible.It is
basedon theSVMTool API whichoffersall thecapabilities
of theSVMTool in anellegantmanner. Theusermustfollow
four simplesteps:

1. Loadingof SVMTool modelsaccordingto thesettings
selected.

2. Preparationof input tokensfor SVMTool processing.

3. POS–taggingof input tokens.

4. Collection of tagging results. Not only the winner
POSis availablebut the losersaswell, andtheSVM
scorefor all of them. This informationcould be re-
ally helpful in thecaseof harddecisions,whentwo or
morePOSwerenearlytied.



3. Evaluation
The SVMTool hasbeenalreadysuccessfullyappliedto

English and Spanishcorpora,exhibiting state–of–the–art
performance(97.16%and96.89%,respectively). In both
casesresultsclearlyoutperformtheHMM–basedTnT part–
of–speechtagger(Brants,2000),comparedexactly under
thesameconditions.In ouropinion,TnT is anexampleof a
really practicaltaggerfor NLP applications.It is available
to anybody, simpleand easyto use,reasonablyaccurate,
andextremelyef�cient, allowing a training from 1 millon
word corporain just a few secondsandtaggingthousands
of wordspersecond.

As to ef�ciency, at taggingtime,aspeedof 1,500words
per secondis achieved by the currentPerl implemented
prototypeon a Pentium–IV, 2GHz, 1RAM Gb. Regard-
ing learningtime, it stronglydependson the training set
size, tagset,featureset, learningoptions,et cetera. The
upperboundfor theexperimentsreportedbelow areabout
24 CPUhoursmachine(Wall StreetJournalcorpus,912K
wordsfor training, full setof attributesand�ne adjusting
of theC parameter).See(GiménezandM�arquez,2003)for
furtherdetails.

Below you may�nd a summaryof theresultsobtained
by theSVMTool.

3.1. Resultsfor English

Experimentsfor English used the Wall Street Jour-
nal corpus(1,173Kwords). Sections0-18 wereusedfor
training(912Kwords),19-21for validation(131Kwords),
and22-24 for test (129 Kwords), respectively. 2.81%of
the words in the test setareunknown to the training set.
Best other resultsso far reportedon this sametest set
are(Collins, 2002)(97.11%)and(Toutanova et al., 2003)
(97.24%).Seeresultsin Table2.

known amb. unk. all.
TnT 96.76% 92.16% 85.86% 96.46%
SVMTool 97.39% 93.91% 89.01% 97.16%

Table2: Accuracy resultsof the SVMTool (on a one-pass,left-
to-rightandright-to-leftcombined,greedytaggingscheme)com-
paredto TnT for Englishon theWSJcorpustestset.`known' and
`unk.' referto thesubsetsof known andunknown words,respec-
tively, 'amb' to thesetof ambiguousknown wordsand`all' to the
overall accuracy.

3.2. Resultsfor Spanish

Experimentsfor SpanishusedtheLEXESPcorpus(106
Kwords). It was randomlydivided into training set (86
Kwords)and testset (20 Kwords). 12.21%of the words
in thetestsetareunknown to thetrainingset.Seeresultsin
Table3.

Using additional morpho-syntacticinformation pro-
videdby amorphologicalanalyzer(X.Carrerasetal.,2004)
in the form of a backuplexicon both tools improve very
considerablytheir performance.Sureit is dueto the fact
that now thereare no unknown words. But notice these
wordshave not beenseenamongthetrainingdata.Seere-
sultsin Table4.

known amb. unk. all.
TnT 97.73% 93.70% 87.66% 96.50%
SVMTool 98.08% 95.04% 88.28% 96.89%

Table3: Accuracy resultsof the SVMTool (on a one-pass,left-
to-rightandright-to-leftcombined,greedytaggingscheme)com-
paredto TnT for Spanishon the LEXESPcorpus,`known' and
`unk.' referto thesubsetsof known andunknown words,respec-
tively, 'amb' to thesetof ambiguousknown wordsand`all' to the
overallaccuracy.

amb. all.
TnT 94.05% 98.41%
SVMTool 95.43% 98.86%

Table4: Accuracy resultsof theSVMTool(onaone-passright-to-
left greedytaggingscheme)comparedto TnT for Spanishon the
LEXESPcorpuswith theaid of a backupmorphologicallexicon,
'amb' refersto thesetof ambiguousknown wordsandand`all' to
theoverallaccuracy.

4. Ongoingsteps
A mostef�cient C++ versionis currentlybeingimple-

mented. It will offer all the currentcapabilities,includ-
ing embeddeduse. It is plannedto be available for pub-
lic releaseby Summer2004. The SVMTaggercomponent
will bethe�rst to bereleased.Theothertwo components,
SVMTlearnandSVMTeval will becomingsoonafter.

Finally, new strategiesto furtherincreasethesystemef-
fectivenesswhile guaranteeingrobustnessand ef�ciency,
arebeingstudied.Theseinvolvesbetterschemesfor learn-
ing unknown words as well as a new sentence-level ap-
proachbasedon maximizinga productof probabilitiesin-
steadof asumof SVM scores.
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