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Abstract
This paperpresentghe svmTo0l, a simple, e xible, effective andef cient part—of-speeckaggerbasedon SupportVectorMachines.
The svmTool offers a fairly good balanceamongthesepropertieswhich male it really practicalfor currentNLP applications. It is
very easyto useand easily con gurable so asto perfectly t the needsof a numberof differentapplications. Resultsare alsovery
competitve, achieving an accurag of 97.16%for Englishon the Wall StreetJournalcorpus. It hasbeenalsosuccessfullyappliedto
Spanishexhibiting a similar performanceA rst releaseof the svmTo0l Perlprototypeis now freely availablefor public use. A most

ef cient C++ versionis comingvery soon.

1. Intr oduction

MostNLP applicationslemandatsomestepsomepart—
of—speech{POS)information,usuallyatinitial stagegprior
to elaboratefurther comple< data analyses. Generally
POS-taggings requiredto be asaccurateaspossibleand
asefcient aspossible.But, certainly thereis a trade-of
betweerthis two desirableproperties. This is so because
obtaininga higheraccurag relieson processingnoreand
moreinformation,diggingdeepeianddeepeiinto it. How-
ever, sometimesdependingon the kind of application,a
lossin ef ciency maybeacceptablén orderto obtainmore
preciseresults. Or the otherway around,a slight lossin
accurag maybetoleratedf thatcauseshe POS-taggeto
runfaster

Moreover, somelanguagesave a richer morphology
thanothers requiringthe POS-taggeto have into acounta
biggersetof featurepatterns.Also thetagsetsizeandam-
biguity ratemayvary from languageo language Besides,
if few dataareavailablefor training, the proportionof un-
known wordsmaybehuge.Sometimesmorphologicabn-
alyzerscouldbe utilized to reducethe degreeof ambiguity
whenfacingunknovn words. Thus,a POS-taggeshould
be e xible with respectio the amountof informationuti-
lized andcontext shape.

Another very interestingproperty for POS-taggerss
their portability. Multilingual informationis a key ingredi-
entin NLP taskssuchasMachineTranslationJnformation
Retrieval, InformationExtraction,QuestiomAnsweringand
Word SenseDisambiguation. Therefore,having a tagger
thatworks equallywell for severallanguagess crucialfor
thesystenrobustness.

Besidesquiteoftenfor someanguageshutalsoin gen-
eral,lexical resourcearehardto obtain. Thereforejdeally
a POS-taggeshouldbe capablefor learningwith few (or
evennone)annotatedata.

ThesvMToolisintendedo complywith all therequire-
mentsof modernNLP technology by combiningsimplic-
ity, e xibility, robustnessportability and ef ciency with
state—of-the—adccurayg. Thisis achieved by working in
the SupportVector Machines(SVM) learningframewnork
(CristianiniandShawve-Taylor, 2000),andby offering NLP
researcherahighly customizabld®OS-taggegeneratar

ThePerlversionl.0of the svmTool maybenow freely
downloaded at http://www.Isi.upc.es/"nlp/
SVMTool/ 1.

Thepropertiegshe svmTo0l is intendedo exhibit are:

Simplicty The svmTool is easyto con gure andto train.
Thelearningis controlledby meansof a very simple
con guration le. Therearevery few parameterso
tune.And thetaggeritself is very easyto use,accept-
ing standardnput and outputpipelining. Embedded
usagss alsosuppliedby meansof the svmTo0l API.

Flexibility Thesizeandshapeof thefeaturecontext canbe
adjustedAlso, rich featurecanbede ned, including
word and POSn-gramsaswell asambiguity classes
and“may_be's”, apartfrom lexicalizedfeaturegor un-
known wordsandsentenceyeneralinformation. The
behaiour attaggingtime is alsovery e xible, allow-
ing differentstrateies.

Robustness Theover tting problemis well addressedia
thetunningof the C parameteim the soft magin ver-
sionof the SVM learningalgorithm.Also, asentence-
level analysismaybeperformedn orderto maximize
the sentencescore. And, for unknavn words not to
punishsoseverelyonthesystemeffectivenessseveral
stratgieshave beenimplementedandtested.

Portability The svmTool is languageindependent. It
hasbeensuccessfullyappliedto English and Span-
ishwithouta priori knowledgeotherthana supervised
corpus.Moreover, thinking of language$or whichla-
beleddatais a scarcaesourcethe svmTool alsomay
learnfrom unsupervisedatabaseddntherole of non-
ambiguousvords(Mihalcea,2003)with the only ad-
ditional helpof amorpho-syntactidictionary

Accuracy Comparedo state—of-the—afPOStaggersre-
portedup to date, it exhibits a very competitve ac-
curag (over 97.1%for Englishon the WSJ corpus).

10f coursecommentsandfeedbackrom 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-

ing accuratehandef ciently with highdimensionality
featurespaces.

Ef ciency Performanceat tagging time dependson the
feature set size and the tagging schemeselected.
For the default (one-pasé¢eft-to-right greedy)tagging
schemethe currentPerl prototypeexhibits a tagging
speedf 1,500words/secondThis hasbeenachieved
by workingin theprimalformulationof SVM. Theuse
of linearkernelscauseshetaggerto performmoreef-

ciently bothattaggingandlearningtime, but forces

theuserto de ne aricherfeaturespace However, the
learningtime remainslinearwith respecto the num-
berof trainingexamples.

A moredetaileddescriptionof the svmToo0l approach
to POS-taggingcan be found in (Giménezand Marquez,
2003).

2. The SVMT Tool

The svMmToo0l software packageconsistsof threemain
componentspnamelythe learner(svMTlearn), the tagger
(svmMmTagger)andthe evaluator(svmTeval), which arede-
scribedbelow.

Previous to the tagging, SVM models(weight vectors
and biases)are learnedfrom a training corpususing the
svmMmTlearn component. Different modelsare learnedfor
the different strat@ies. Then, at taggingtime, using the
svMTaggercomponentpne may choosethe taggingstrat-
egy that is most suitablefor the purposeof the tagging.
Finally, given a correctly annotatedcorpus,and the cor-
respondingsvMTool predictedannotation,the svmTeval
componentisplaystaggingresults.

2.1. SVMTlearn

Given a training set of examples(either annotatedor
unannotated)jt is responsiblefor the training of a set
of SVM classiers. So asto do that, it makes use of
SVM-light?, an implementatiorof Vapnik's SVMs in C,
developedby ThorstenJoachimgJoachims1999).

Options. svmMmTlearn behaiour is easily adjusted
througha con guration le. Thesearethe currentlyavail-
ableoptions:

Sliding window: The size of the sliding window for
featureextractioncanbeadjusted Also, thecoreposi-
tionin whichthewordto disambiguatés to belocated
may be selectedBy default, window sizeis 5 andthe
corepositionis 2, startingat 0.

Featuee set: Threedifferentkinds of featuretypescan
be collectedfrom the sliding window:

— word features:Word form n-grams.Usually un-
igrams,bigramsandtrigramssufce. Also, the

2ThesvM softwareis freely available(for scienti c use)
atthefollowing URL: http://svmlight.joachims.org

sentencdastword, which correspond$o a punc-
tuationmark(.", *?, 'I'), isimportant.

— POSfeatures: Annotated parts—of—speecland
ambiguity classes-grams,and “may_be's”. As
for words,consideringinigramshigramsandtri-
gramsis enough.The ambiguityclassfor a cer
tain word determinesvhich POSarepossible A
“may_be” statesfor a certainword, that certain
POSmaybe possiblej.e. it belongsto theword
ambiguityclass.

— afx and orthographicfeatures: including pre-

x esandsufx es, capitalization,hyphenization,
andsimilar informationrelatedto a word form.
They areonly usedto representinknovn words.

Tablel showvstherich featuresetusedn experiments.

word features
POSfeatures
ambiguityclasses
may.be's

word bigrams

POSbigrams
word trigrams

POStrigrams

sentencéanfo punctuatior(’.’, '?', ")

pre xes

sufx es .- . - - . - -
binary intial UpperCaseall UpperCase,

word noinitial CapitalLetter(s),all Lower Case,
features containsa (period/ number/ hyphen...)
word length integer

Tablel: Richfeaturepatternsetusedin experiments.

Featue ltering: The featurespacecanbe keptin a
cornvenientsize. Smallermodelsallow for a higher
efciency. By default, no morethan100,000dimen-
sionsare used. Also, featuresappearingessthan
timescanbe discardedwhich indeedcauseghe sys-
tembothto ght againstover tting andto exhibit a
higheraccurag. By default, featuresappearingust
onceareignored.

SVMmodelcompession:Weight vectorcomponents
lower than a given threshold,in the resulting SVM
modelscanbe ltered out, thusenhancingef ciency
by decreasingle model size but still preservingac-
curag level. Thatis aninterestingbehaiour of SVM
modelsbeingcurrentlyunderstudy In fact,discarding
upto 70%of theweightcomponentaccurag remains
stable,andit is not until 95% of the componentsare
discardedhataccuray falls below the currentstate—
of—the—ari(97.0%- 97.2%).

C parametertunning: In orderto dealwith noiseand
outliersin training data, the soft mamgin version of
the SVM learningalgorithmallows the misclassi ca-
tion of certaintrainingexamplesvhenmaximizingthe
maurgin. Thisbalancecanbeautomaticallyadjustedy
optimizingthe valueof the C parameteof SVMs. A
local maximumis foundexploring accurag onavali-
dationsetfor differentC valuesat shorterintervals.



Dictionary repairing: Thelexicon extractedfrom the
training corpuscan be automaticallyrepairedeither
basedon frequeng heuristicsor on a list of correc-
tions suppliedby the user This makesthetaggerro-
bustto corpuserrors.

AmbiguousgtlassesThelist of POSpresentingambi-
guity is, by default, automaticallyextractedfrom the
corpushut, if available,this knowledgecanbe made
explicit. Thisactsin favor of the systenrobustness.

Openclasses:Thelist of POStagsanunknovn word
may be labeledasis also, by default, automatically
determined As for ambiguouslassesif available, it
is well appreciatedor the samereason.

Badkuplexicon: A morphologicalexicon containing
wordsthatarenot presentin the training corpusmay
beprovided. It canbealsoprovidedattaggingtime.

2.2. SVMTagger

Givenatext corpus(onetokenperline) andthe pathto
a previously learnedSVM model(including the automati-
cally generatedlictionary),it performsthe POStaggingof
a sequencef words. Thetagginggoeson-linebasedon a
slidingwindow which givesaview of thefeaturecontext to
be consideredat every decision(seeFigurel). Calculated
part—of—speectagsfeeddirectly forward next taggingde-
cisionsascontet features.

Figurel: svmTagger Featureaxtraction

Options. svMTaggeris very e xible, andadaptsvery
well to theneedf theuser Thusyoumay nd theseveral
optionscurrentlyavailable:

Tagging scheme: Two differenttaggingschemesnay
beused.

— Greedy:Eachtaggingdecisionis madebasedn
areducectontet. Lateron, decisionsarenotfur-
therreconsideredxceptin thecaseof taggingat
two stepsor taggingin two directions.

— Sentence-kel: By meansof dynamicprogram-
ming techniqueqViterbi algorithm), the global
sentencasumof SVM taggingscoreds thefunc-
tion to maximize.

Tagging direction: The taggingdirection can be ei-
ther“left-to-right”, “right-to-left”, or acombinatiorof
both. The taggingordervariesresultsyielding a sig-
ni cant improvementwhenboth arecombined. This
makesthetaggervery robust.

Onepass/ Two passesAnotherway of achiesing ro-
bustnesss by taggingin two passesAt the rst pass
only POSfeaturesrelatedto alreadydisambiguated
wordsareconsideredAt aseconcasgisambiguated
POSfeaturesare availablefor every word in the fea-
ture context, sowhenrevisiting a word taggingerrors
maybealleviated.

SVM Model Compession: Justas for the learning,
weightvectorcomponentsower thanacertainthresh-
old, canbeignored.

Baduplexicon: Again,a morphologicalexicon con-
tainingnew wordsthatwerenot availablein thetrain-
ing corpusmay be provided.

2.3. SVMTeval

Givena svmTool predictedaggingoutputandthe cor-
respondinggold-standardsvmMTeval evaluatesthe perfor
mancein termsof accurag. It is avery usefulcomponent
for thetunningof the systemparameterssuchasthe C pa-
rameteythe featurepatternsand Itering, the modelcom-
pressioret cetera.

Moreover, basedon a given morphologicaldictionary
(e.g. the automaticallygeneratedt training time) results
may be presentealsofor differentsetsof words (known
wordsvs unknavn words,ambiguousvordsvs unambigu-
ouswords). A differentview of thesesameresultscan
be seenfrom the classof ambiguity perspectie, too, i.e.,
words sharingthe samekind of ambiguity may be con-
sideredtogether Also words sharingthe samedegreeof
disambiguatiortompleity, determinedy the sizeof their
ambiguityclassescanbegrouped.

2.4. SVMT embedded

Embeddedisageof the svmToo0l is alsopossible.lt is
basednthe svmTool API which offersall thecapabilities
of thesvmToolin anellegantmanner Theusemrmustfollow
four simplesteps:

1. Loadingof svMTool modelsaccordingo the settings
selected.

2. Prepaiation of inputtokensfor svmMTool processing.
3. POS—tagingof inputtokens.

4. Collection of taggingresults. Not only the winner
POSis availablebut the losersaswell, andthe SVM
scorefor all of them. This informationcould be re-
ally helpfulin the caseof harddecisionswhentwo or
morePOSwerenearlytied.



3. Evaluation

The svMToo0l hasbeenalreadysuccessfullyappliedto
English and Spanishcorpora, exhibiting state—of—-the—art
performancg97.16%and 96.89%,respectiely). In both
casesesultsclearlyoutperformhe HMM—-basedrnT part—
of—speechtagger(Brants,2000), comparedexactly under
thesameconditions.In ouropinion, TnT is anexampleof a
really practicaltaggerfor NLP applications.lt is available
to anybody, simple and easyto use,reasonablyaccurate,
andextremelyef cient, allowing a trainingfrom 1 millon
word corporain just a few secondsandtaggingthousands
of wordspersecond.

Asto ef ciency, attaggingtime, aspeedf 1,500words
per secondis achieved by the currentPerl implemented
prototypeon a Pentium-IVY 2GHz, 1RAM Gb. Regard-
ing learningtime, it strongly depend=on the training set
size, tagset,featureset, learningoptions, et cetera. The
upperboundfor the experimentseportedoelon areabout
24 CPU hoursmachine(Wall StreetJournalcorpus,912K
wordsfor training, full setof attributesand ne adjusting
of theC parameter)Seeg(GiménezandMarquez 2003)for
furtherdetails.

Below youmay nd asummaryof the resultsobtained
by thesvmTOOl.

3.1. Resultsfor English

Experimentsfor English usedthe Wall StreetJour
nal corpus(1,173Kwords). Sections0-18 were usedfor
training (912 Kwords),19-21for validation(131 Kwords),
and 22-24 for test (129 Kwords), respectiely. 2.81% of
the wordsin the testsetare unknown to the training set.
Best other resultsso far reportedon this sametest set
are(Collins, 2002)(97.11%)and(Toutanwa et al., 2003)
(97.24%).Seeresultsin Table2.

| knovn | amb | wunk. | all. |
™mT 96.76% | 92.16% | 85.86% | 96.46%
svmTool | 97.39% | 93.91% | 89.01% | 97.16%

Table2: Accuray resultsof the svmToo0l (on a one-passleft-

to-rightandright-to-leftcombined greedytaggingschemefom-
paredto TnT for Englishonthe WSJcorpustestset. knowvn' and
‘unk referto the subsetof knovn andunknavn words,respec-
tively, 'amb’ to the setof ambiguousknown wordsand all' to the
overallaccurag.

3.2. Resultsfor Spanish

Experimentdor Spanishusedthe LEXESPcorpus(106
Kwords). It was randomlydivided into training set (86
Kwords) andtestset (20 Kwords). 12.21%of the words
in thetestsetareunknown to thetrainingset. Seeresultsin
Table3.

Using additional morpho-syntacticinformation pro-
videdby amorphologicabnalyzei(X.Carrerastal.,2004)
in the form of a backuplexicon both tools improve very
considerablytheir performance.Sureit is dueto the fact
that now thereare no unknovn words. But notice these
wordshave notbeenseenamongthetrainingdata. Seere-
sultsin Table4.

| known | amh | unk. | all. |
™mT 97.73% | 93.70%| 87.66% | 96.50%
svmTool | 98.08% | 95.04% | 88.28% | 96.89%

Table3: Accuray resultsof the svmTo0l (0n a one-passleft-

to-rightandright-to-leftcombined greedytaggingschemegom-
paredto TnT for Spanishon the LEXESP corpus, knowvn' and
‘unk: referto the subsetof knovn andunknavn words,respec-
tively, 'amb' to the setof ambiguougknown wordsand all' to the
overallaccurag.

| amb | all. |
™nT 94.05% | 98.41%
svmTool | 95.43% | 98.86%

Table4: Accurag resultsof thesvmTool (onaone-passight-to-
left greedytaggingschemeomparedo TnT for Spanishon the
LEXESPcorpuswith theaid of a backupmorphologicalexicon,
‘amb' refersto the setof ambiguousknown wordsandand’all' to
theoverallaccurag.

4. Ongoingsteps

A mostefcient C++ versionis currentlybeingimple-
mented. It will offer all the currentcapabilities,includ-
ing embeddedise. It is plannedto be available for pub-
lic releaseby Summer2004. The svmTaggercomponent
will bethe rst to bereleasedThe othertwo components,
svMTlearnandsvmMTeval will be comingsoonafter

Finally, new strat@iesto furtherincreasehe systenmef-
fectivenesswhile guaranteeingobustnessand ef ciency,
arebeingstudied.Theseinvolvesbetterschemegor learn-
ing unknonvn words as well as a new sentence-kel ap-
proachbasedon maximizinga productof probabilitiesin-
steadof a sumof SVM scores.
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