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Abstract
We apply Support Vector Machines (SVMs) to
identify English base phrases(chunks). SVMs
are known to achieve high generalizationperfor-
manceeven with input data of high dimensional
featurespaces.Furthermore,by the Kernelprinci-
ple,SVMs cancarryout trainingwith smallercom-
putational overheadindependentof their dimen-
sionality. We apply weightedvoting of 8 SVMs-
basedsystemstrained with distinct chunk repre-
sentations.Experimentalresultsshow that our ap-
proachachieveshigheraccuracy thanprevious ap-
proaches.

1 Introduction
Chunking is recognizedas seriesof processes—
first identifying properchunksfrom a sequenceof
tokens(suchaswords),andsecondclassifyingthese
chunks into some grammaticalclasses. Various
NLP taskscanbe seenasa chunkingtask. Exam-
plesincludeEnglishbasenounphraseidentification
(baseNPchunking),Englishbasephraseidentifica-
tion (chunking),Japanesechunk(bunsetsu) identi-
fication andnamedentity extraction. Tokenization
andpart-of-speechtaggingcanalsobe regardedas
a chunkingtask, if we assumeeachcharacterasa
token.

Machinelearningtechniquesareoftenappliedto
chunking,sincethetaskis formulatedasestimating
an identifying function from the information (fea-
tures)availablein thesurroundingcontext. Various
machinelearningapproacheshave beenproposed
for chunking(Ramshaw andMarcus,1995; Tjong
Kim Sang,2000a; Tjong Kim Sanget al., 2000;
TjongKim Sang,2000b;SassanoandUtsuro,2000;
vanHalteren,2000).

Conventionalmachinelearningtechniques,such
as Hidden Markov Model (HMM) and Maximum
Entropy Model (ME), normally require a careful
featureselectionin orderto achieve high accuracy.

They do not provide a methodfor automaticselec-
tion of given featuresets. Usually, heuristicsare
usedfor selectingeffective featuresandtheir com-
binations.

New statisticallearningtechniquessuchasSup-
port Vector Machines(SVMs) (Cortes and Vap-
nik, 1995;Vapnik,1998)andBoosting(Freundand
Schapire,1996)have beenproposed.Thesetech-
niquestake a strategy that maximizesthe margin
betweencritical samplesandthe separatinghyper-
plane.In particular, SVMs achievehighgeneraliza-
tion even with training dataof a very high dimen-
sion. Furthermore,by introducingtheKernelfunc-
tion, SVMs handlenon-linearfeaturespaces,and
carry out the training consideringcombinationsof
morethanonefeature.

In thefield of naturallanguageprocessing,SVMs
areappliedto text categorizationandsyntacticde-
pendency structureanalysis, and are reported to
have achieved higher accuracy than previous ap-
proaches.(Joachims,1998;TairaandHaruno,1999;
KudoandMatsumoto,2000a).

In this paper, we applySupportVectorMachines
to thechunkingtask.In addition,in orderto achieve
higher accuracy, we apply weightedvoting of 8
SVM-basedsystemswhich are trained using dis-
tinct chunkrepresentations.For the weightedvot-
ing systems,we introducea new typeof weighting
strategy whicharederivedfrom thetheoreticalbasis
of theSVMs.

2 Support Vector Machines
2.1 Optimal Hyperplane
Let us define the training sampleseachof which
belongs either to positive or negative class as:��������	
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is a feature vector of the * -th sample repre-
sentedby an + dimensionalvector.
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Figure1: Two possibleseparatinghyperplanes

ples. In thebasicSVMs framework, we try to sep-
aratethepositive andnegative samplesby a hyper-
planeexpressedas:

��-/.(���0"2143656��-7�8�9�0��1:��;�
. SVMs find an “optimal” hyperplane(i.e. an

optimalparametersetfor
-<�=1

) which separatesthe
trainingdatainto two classes.Whatdoes“optimal”
mean? In order to defineit, we needto consider
the margin betweentwo classes. Figure 1 illus-
tratesthisidea.Solidlinesshow twopossiblehyper-
planes,eachof which correctlyseparatesthe train-
ing datainto two classes.Two dashedlines paral-
lel to theseparatinghyperplaneindicatethebound-
ariesin which onecanmove the separatinghyper-
planewithoutany misclassification.Wecall thedis-
tancebetweenthoseparallel dashedlines asmar-
gin. SVMs find the separatinghyperplanewhich
maximizesits margin. Precisely, two dashedlines
andmargin ( > ) canbe expressedas:
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To maximize this margin, we shouldminimizeI=-KI
. In otherwords,thisproblembecomesequiva-

lent to solvingthefollowing optimizationproblem:LNMPOQMSRTMVU�W9X Y ��-Z�[3 �\ I]-JI \^`_`aQb W�c�d8dfe9X 	��fgh��-i.��)�j�)"21lk�m6$�� * 3n$D��
�
�
�� , ��

The training sampleswhich lie on eitherof two

dashedlinesarecalledsupportvectors.It is known
thatonly thesupportvectorsin given training data
matter. Thisimpliesthatwecanobtainthesamede-
cisionfunctioneven if we remove all trainingsam-
plesexceptfor theextractedsupportvectors.

In practice,evenin thecasewherewecannotsep-
aratetraining datalinearly becauseof somenoise
in the training data, etc, we can build the sep-
arating linear hyperplaneby allowing somemis-
classifications.Thoughweomit thedetailshere,we
can build an optimal hyperplaneby introducinga
soft margin parametero , which tradesoff between
thetrainingerrorandthemagnitudeof themargin.

Furthermore,SVMs have a potentialto carryout
the non-linearclassification.Thoughwe leave the

detailsto (Vapnik,1998),theoptimizationproblem
canberewritten into a dual form, whereall feature
vectorsappearin theirdotproducts.By simplysub-
stitutingeverydotproductof

�)�
and

�0p
in dualform

with acertainKernelfunction q �����r�f�0p�� , SVMscan
handlenon-linearhypotheses.Among many kinds
of Kernelfunctionsavailable,we will focuson thes
-th polynomialkernel: q �t�)�r�f�upl�v3w���)�D.x�0py"z$��f{

.
Useof

s
-thpolynomialkernelfunctionsallowsusto

build anoptimalseparatinghyperplanewhich takes
into accountall combinationsof featuresup to

s
.

2.2 Generalization Ability of SVMs
Statistical Learning Theory(Vapnik, 1998) states
thattrainingerror (empirical risk) |:} andtesterror
(risk) |�~ hold thefollowing theorem.

Theorem 1 (Vapnik) If � � �N�6, � is theVC dimen-
sionof theclassfunctionsimplementedbysomema-
chine learningalgorithms,thenfor all functionsof
that class,with a probability of at least

$�&��
, the

risk is boundedby

|�~���| } "6� � ��� O \ �� "6$��[&K� O%��, �
(1)

where � is a non-negative integercalledtheVapnik
Chervonenkis(VC) dimension,andis a measureof
thecomplexity of thegivendecisionfunction. The
r.h.s. term of (1) is calledVC bound. In order to
minimize the risk, we have to minimize the empir-
ical risk aswell asVC dimension.It is known that
the following theoremholds for VC dimension �
andmargin > (Vapnik,1998).

Theorem 2 (Vapnik) Suppose+ as the dimension
of giventraining samples> as themargin, and �
as the smallestdiameterwhich enclosesall train-
ing sample,thenVC dimension� of the SVMsare
boundedby��� R%MPO � � \ F > \ � + ��"!$

 (2)

In orderto minimize theVC dimension� , we have
to maximize the margin > , which is exactly the
strategy thatSVMstake.

Vapnikgivesanalternativeboundfor therisk.

Theorem 3 (Vapnik) Suppose| � is an error rate
estimated by Leave-One-Outprocedure, | � is
boundedas| � � �N��� 1��������9� �D�D� �#���)�%���=���#����<�H� 1����4���%���#� *r+0*x+`� � � �%� , ��� 
 (3)



Leave-One-Outprocedureis asimplemethodto ex-
aminethe risk of the decisionfunction — first by
removing asinglesamplefrom thetrainingdata,we
constructthe decisionfunction on the basisof the
remainingtraining data,andthentestthe removed
sample.In this fashion,we testall , samplesof the
trainingdatausing , differentdecisionfunctions.(3)
is a naturalconsequencebearingin mind that sup-
port vectorsaretheonly factorscontributing to the
final decisionfunction.Namely, whentheevery re-
movedsupportvectorbecomeserrorin Leave-One-
Outprocedure,| � becomesther.h.s.termof (3). In
practice,it is known that this boundis lesspredic-
tive thantheVC bound.

3 Chunking
3.1 Chunk representation
Thereare mainly two typesof representationsfor
properchunks. One is Inside/Outside representa-
tion, andtheotheris Start/End representation.

1. Inside/Outside
This representationwas first introduced in
(Ramshaw and Marcus,1995), and hasbeen
applied for baseNP chunking. This method
usesthe following setof threetagsfor repre-
sentingproperchunks.

I Currenttokenis insideof a chunk.
O Currenttokenis outsideof any chunk.
B Currenttoken is the beginning of a chunk

which immediatelyfollowsanotherchunk.

Tjong Kim Sangcalls this methodas IOB1
representation,andintroducesthreealternative
versions— IOB2,IOE1andIOE2 (Tjong Kim
SangandVeenstra,1999).
IOB2 A B tagis givenfor every tokenwhich

exists at the beginning of a chunk.
OthertokensarethesameasIOB1.

IOE1 An E tag is usedto mark the last to-
kenof a chunkimmediatelypreceding
anotherchunk.

IOE2 An E tag is given for every token
whichexistsat theendof achunk.

2. Start/End
This methodhasbeenusedfor the Japanese
namedentity extractiontask,andrequiresthe
following five tags for representingproper
chunks(Uchimotoetal., 2000)1.

1Originally, Uchimoto uses C/E/U/O/S representation.
However we renamethemasB/I/O/E/Sfor our purpose,since

IOB1 IOB2 IOE1 IOE2 Start/End

In O O O O O
early I B I I B
trading I I I E E
in O O O O O
busy I B I I B
Hong I I I I I
Kong I I E E E
Monday B B I E S
, O O O O O
gold I B I E S
was O O O O O

Table1: Examplefor eachchunkrepresentation

B Currenttoken is the start of a chunkcon-
sistingof morethanonetoken.

E Currenttokenis theendof achunkconsist-
ing of morethanonetoken.

I Currenttokenis a middle of a chunkcon-
sistingof morethantwo tokens.

S Currenttokenis a chunkconsistingof only
onetoken.

O Currenttokenis outsideof any chunk.

Examplesof thesefiverepresentationsareshown
in Table1.

If we have to identify the grammaticalclassof
each chunk, we representthem by a pair of an
I/O/B/E/S label anda classlabel. For example,in
IOB2 representation,B-VP label is given to a to-
ken which representsthe beginning of a verb base
phrase(VP).

3.2 Chunking with SVMs
Basically, SVMsarebinaryclassifiers,thuswemust
extend SVMs to multi-classclassifiersin order to
classify three(B,I,O) or more (B,I,O,E,S)classes.
Thereare two popularmethodsto extenda binary
classificationtaskto thatof q classes.Oneis one
classvs. all others. The ideais to build q classi-
fierssoasto separateoneclassfrom all others.The
otheris pairwiseclassification.Theideais to buildq¢¡ � q &!$��fFDE

classifiersconsideringall pairsof
classes,andfinal decisionis givenby theirweighted
voting. Therearea numberof othermethodsto ex-
tendSVMs to multiclassclassifiers.For example,
DietterichandBakiri(DietterichandBakiri, 1995)
andAllwein(Allwei n et al., 2000) introducea uni-
fying framework for solvingthemulticlassproblem

wewanttokeepconsistency with Inside/Start(B/I/O) represen-
tation.



by reducingtheminto binarymodels.However, we
employ the simple pairwise classifiersbecauseof
thefollowing reasons:

(1) In general,SVMs require £ � + \ �¥¤ £ � +H¦ �
training cost(where + is the sizeof training data).
Thus, if the sizeof training datafor individual bi-
naryclassifiersis small,wecansignificantlyreduce
thetrainingcost.Althoughpairwiseclassifierstend
to build a larger numberof binary classifiers,the
trainingcostrequiredfor pairwisemethodis much
moretractablecomparedto theonevs.all others.

(2) Someexperiments(Kreßel,1999)reportthat
a combinationof pairwiseclassifiersperformsbet-
ter thantheonevs.all others.

For thefeaturesetsfor actualtrainingandclassi-
ficationof SVMs, we useall theinformationavail-
ablein thesurroundingcontext, suchasthewords,
theirpart-of-speechtagsaswell asthechunklabels.
More precisely, we give the following featuresto
identify thechunklabel

�=�
for the * -th word:§
Direction

§
Word: ¨ ��© \ ¨ ��©0� ¨ � ¨ �Pª�� ¨ �Pª)�
POS:

� ��© \ � �h©0� � � � �Pª)� � �Pª��
Chunk:

�=��© \ �=��©�� �=�
Here, ¨ � is theword appearingat * -th position,

�r�
is

the POStag of ¨ � , and
�=�

is the (extended)chunk
label for * -th word. In addition,we canreversethe
parsingdirection (from right to left) by using two
chunktagswhich appearto ther.h.s. of thecurrent
token(

� �Pª)� �=� �Pª \ ). In thispaper, wecall themethod
whichparsesfrom left to right asforward parsing,
and the methodwhich parsesfrom right to left as
backward parsing.

Sincethe precedingchunklabels(
����©0�����=��© \ for

forward parsing,
�=�Pª������=�Pª \ for backwardparsing)

arenot given in the testdata,they aredecideddy-
namicallyduring the taggingof chunklabels. The
techniquecanberegardedasasortof DynamicPro-
gramming(DP)matching,in which thebestanswer
is searchedby maximizingthe total certaintyscore
for thecombinationof tags.In usingDP matching,
we limit anumberof ambiguitiesby applyingbeam
searchwith width � . In CoNLL 2000sharedtask,
the numberof votesfor the classobtainedthrough
the pairwisevoting is usedasthe certainscorefor
beamsearchwith width 5 (Kudo andMatsumoto,
2000a).In this paper, however, we applydetermin-
istic methodinsteadof applyingbeamsearchwith
keepingsomeambiguities.Thereasonweapplyde-
terministic methodis that our further experiments

and investigationfor the selectionof beamwidth
showsthatlargerbeamwidth dosenotalwaysgivea
significantimprovementin theaccuracy. Givenour
experiments,weconcludethatsatisfyingaccuracies
canbeobtainedevenwith thedeterministicparsing.
Anotherreasonfor selectingthe simplersettingis
that the major purposeof this paperis to compare
weightedvoting schemesandto show an effective
weighting methodwith the help of empirical risk
estimationframeworks.

3.3 Weighted Voting
Tjong Kim Sanget al. report that they achieve
higheraccuracy by applyingweightedvotingof sys-
tems which are trained using distinct chunk rep-
resentationsand different machinelearning algo-
rithms, suchasMBL, ME andIGTree(TjongKim
Sang,2000a; Tjong Kim Sanget al., 2000). It
is well-known that weightedvoting schemehasa
potential to maximizethe margin betweencritical
samplesand the separatinghyperplane,and pro-
ducesa decisionfunction with high generalization
performance(Schapireet al., 1997). The boosting
techniqueis a typeof weightedvoting scheme,and
hasbeenapplied to many NLP problemssuchas
parsing,part-of-speechtaggingandtext categoriza-
tion.

In our experiments,in orderto obtainhigherac-
curacy, we alsoapply weightedvoting of 8 SVM-
basedsystemswhich are trained using distinct
chunk representations.Before applying weighted
voting method,first we needto decidethe weights
to be given to individual systems. We can obtain
thebestweightsif wecouldobtaintheaccuracy for
the “true” test data. However, it is impossibleto
estimatethem. In boostingtechnique,the voting
weightsare given by the accuracy of the training
dataduring the iterationof changingthe frequency
(distribution) of training data. However, we can-
not use the accuracy of the training data for vot-
ing weights,sinceSVMs do not dependon thefre-
quency (distribution)of trainingdata,andcansepa-
ratethetrainingdatawithout any mis-classification
by selectingtheappropriatekernelfunctionandthe
soft margin parameter. In this paper, we introduce
thefollowing four weightingmethodsin our exper-
iments:

1. Uniform weights
We give thesamevotingweightto all systems.
This methodis takenasthe baselinefor other
weightingmethods.



2. Crossvalidation
Dividing trainingdatainto � portions,weem-
ploy thetrainingby using � &2$

portions,and
then evaluatethe remainingportion. In this
fashion,we will have � individual accuracy.
Final voting weightsaregiven by the average
of these� accuracies.

3. VC-bound
By applying(1) and(2), weestimatethelower
boundof accuracy for eachsystem,and use
the accuracy as a voting weight. The voting
weight is calculatedas: ¨ 3«$�&�� o 1�� � + s .Thevalueof � , which representsthesmallest
diameterenclosingall of the training data,is
approximatedby the maximumdistancefrom
theorigin.

4. Leave-One-Outbound
By using(3), we estimatethe lower boundof
theaccuracy of asystem.Thevoting weightis
calculatedas: ¨ 3i$�& | � .

Theprocedureof ourexperimentsis summarized
asfollows:

1. We convert thetrainingdatainto 4 representa-
tions(IOB1/IOB2/IOE1/IOE2).

2. We consider two parsing directions (For-
ward/Backward)for eachrepresentation,i.e.¬ ¡ E�36­ systemsfor asingletrainingdataset.
Then, we employ SVMs training using these
independentchunkrepresentations.

3. After training,we examinetheVC boundand
Leave-One-Outboundfor eachof 8 systems.
As for crossvalidation,we employthesteps1
and2 for eachdividedtrainingdata,andobtain
theweights.

4. We test these8 systemswith a separatedtest
dataset. Before employingweightedvoting,
we have to convert theminto a uniform repre-
sentation,sincethe tagsetsusedin individual
8 systemsaredifferent. For this purpose,we
re-convert eachof the estimatedresultsinto 4
representations(IOB1/IOB2/IOE2/IOE1).

5. We employweightedvoting of 8 systemswith
respectto theconverted4 uniform representa-
tionsandthe4votingschemesrespectively. Fi-
nally, we have

¬
(typesof uniform representa-

tions) ¡ 4 (typesof weights)
3®$�¯

resultsfor
ourexperiments.

Although we can usemodelswith IOBES-F or
IOBES-B representationsfor the committeesfor
the weightedvoting, we do not use them in our
voting experiments. The reasonis that the num-
ber of classesaredifferent (3 vs. 5) and the esti-
matedVC andLOOboundcannotstraightforwardly
be comparedwith other models that have three
classes(IOB1/IOB2/IOE1/IOE2) under the same
condition. We conductexperimentswith IOBES-
F andIOBES-B representationsonly to investigate
how far thedifferenceof variouschunkrepresenta-
tionswouldaffect theactualchunkingaccuracies.

4 Experiments
4.1 Experiment Setting
We usethe following threeannotatedcorporafor
ourexperiments.° BaseNP standarddataset(baseNP-S)

Thisdatasetwasfirst introducedby (Ramshaw
andMarcus,1995),andtakenasthe standard
dataset for baseNPidentificationtask2. This
data set consistsof four sections(15-18) of
theWall StreetJournal(WSJ)partof thePenn
Treebankfor thetrainingdata,andonesection
(20) for the test data. The datahaspart-of-
speech(POS)tagsannotatedby the Brill tag-
ger(Brill, 1995).° BaseNP largedataset(baseNP-L)
This dataset consistsof 20 sections(02-21)
of the WSJpart of the PennTreebankfor the
training data,andonesection(00) for the test
data.POStagsin this datasetsarealsoanno-
tatedby the Brill tagger. We omit the experi-
mentsIOB1 andIOE1 representationsfor this
trainingdatasincethedatasizeis too largefor
our currentSVMs learningprogram. In case
of IOB1 andIOE1,thesizeof trainingdatafor
oneclassifierwhich estimatesthe classI and
O becomesmuchlarger comparedwith IOB2
andIOE2 models.In addition,we alsoomit to
estimatethevoting weightsusingcrossvalida-
tion methoddueto a large amountof training
cost.° Chunkingdataset(chunking)
This data set was used for CoNLL-2000
sharedtask(TjongKim Sangand Buchholz,
2000). In this data set, the total of 10
basephraseclasses(NP,VP,PP,ADJP,ADVP,CONJP,

2ftp://ftp.cis.upenn.edu/pub/chunker/



INITJ,LST,PTR,SBAR) are annotated. This data
set consistsof 4 sections(15-18) of the WSJ
partof thePennTreebankfor thetrainingdata,
andonesection(20) for thetestdata3.

All the experimentsare carriedout with our soft-
warepackageTinySVM4, whichis designedandop-
timized to handlelarge sparsefeaturevectorsand
largenumberof trainingsamples.Thispackagecan
estimatethe VC boundandLeave-One-Outbound
automatically. For the kernel function, we usethe
2-nd polynomial function and set the soft margin
parametero to be1.

In the baseNPidentification task, the perfor-
manceof thesystemsis usuallymeasuredwith three
rates:precision,recalland ±�²D³ � �j3/EB. � �#��� * � * � + .������� ,j, F�� � ����� * � * � + "2������� ,j, �f� . In thispaper, were-
fer to ± ²D³ � asaccuracy.

4.2 Results of Experiments
Table 2 shows resultsof our SVMs basedchunk-
ing with individual chunkrepresentations.This ta-
ble alsolists thevoting weightsestimatedby differ-
ent approaches(B:CrossValidation, C:VC-bound,
D:Leave-one-out). We also show the results of
Start/Endrepresentationin Table2.

Table 3 shows the resultsof the weightedvot-
ing of four differentvoting methods:A: Uniform,
B: CrossValidation ( � 3µ´

), C: VC bound, D:
Leave-One-OutBound.

Table4 shows the precision,recall and ± ²D³ � of
thebestresultfor eachdataset.

4.3 Accuracy vs Chunk Representation
We obtain the best accuracy when we ap-
ply IOE2-B representationfor baseNP-S and
chunking data set. In fact, we cannot find
a significant difference in the performancebe-
tweenInside/Outside(IOB1/IOB2/IOE1/IOE2) and
Start/End(IOBES)representations.

SassanoandUtsuroevaluatehow the difference
of thechunkrepresentationwouldaffect theperfor-
manceof the systemsbasedon different machine
learning algorithms(Sassanoand Utsuro, 2000).
They report that Decision List systemperforms
betterwith Start/Endrepresentationthan with In-
side/Outside,sinceDecisionList considersthespe-
cific combinationof features. As for Maximum
Entropy, they report that it performsbetter with
Inside/Outsiderepresentationthan with Start/End,

3http://lcg-www.uia.ac.be/conll2000/chunking/
4http://cl.aist-nara.ac.jp/taku-ku/software/TinySVM/

TrainingCondition Acc. EstimatedWeights
data rep. ¶H·�¸H¹ B C D

baseNP-S IOB1-F 93.76 .9394 .4310 .9193
IOB1-B 93.93 .9422 .4351 .9184
IOB2-F 93.84 .9410 .4415 .9172
IOB2-B 93.70 .9407 .4300 .9166
IOE1-F 93.73 .9386 .4274 .9183
IOE1-B 93.98 .9425 .4400 .9217
IOE2-F 93.98 .9409 .4350 .9180
IOE2-B 94.11 .9426 .4510 .9193

baseNP-L IOB2-F 95.34 - .4500 .9497
IOB2-B 95.28 - .4362 .9487
IOE2-F 95.32 - .4467 .9496
IOE2-B 95.29 - .4556 .9503

chunking IOB1-F 93.48 .9342 .6585 .9605
IOB1-B 93.74 .9346 .6614 .9596
IOB2-F 93.46 .9341 .6809 .9586
IOB2-B 93.47 .9355 .6722 .9594
IOE1-F 93.45 .9335 .6533 .9589
IOE1-B 93.72 .9358 .6669 .9611
IOE2-F 93.45 .9341 .6740 .9606
IOE2-B 93.85 .9361 .6913 .9597

baseNP-S IOBES-F 93.96
IOBES-B 93.58

chunking IOBES-F 93.31
IOBES-B 93.41

B:CrossValidation,C:VC bound,D:LOO bound

Table2: Accuracy of individual representations

TrainingCondition Accuracy ¶H·�¸H¹
data rep. A B C D

baseNP-S IOB1 94.14 94.20 94.20 94.16
IOB2 94.16 94.22 94.22 94.18
IOE1 94.14 94.19 94.19 94.16
IOE2 94.16 94.20 94.21 94.17

baseNP-L IOB2 95.77 - 95.66 95.66
IOE2 95.77 - 95.66 95.66

chunking IOB1 93.77 93.87 93.89 93.87
IOB2 93.72 93.87 93.90 93.88
IOE1 93.76 93.86 93.88 93.86
IOE2 93.77 93.89 93.91 93.85

A:Uniform Weights,B:CrossValidation
C:VC bound,D:LOO bound

Table3: Resultsof weightedvoting

dataset precision recall ± ²D³ �
baseNP-S 94.15% 94.29% 94.22
baseNP-L 95.62% 95.93% 95.77
chunking 93.89% 93.92% 93.91

Table4: Bestresultsfor eachdataset



sinceMaximumEntropymodelregardsall features
asindependentandtries to catchthe moregeneral
featuresets.

Webelieve thatSVMsperformwell regardlessof
the chunkrepresentation,sinceSVMs have a high
generalizationperformanceandapotentialto select
theoptimalfeaturesfor thegiventask.

4.4 Effects of Weighted Voting

By applyingweightedvoting,weachievehigherac-
curacy thanany of singlerepresentationsystemre-
gardlessof the voting weights. Furthermore,we
achieve higheraccuracy by applyingCrossvalida-
tion and VC-bound and Leave-One-Outmethods
thanthebaselinemethod.

By usingVC boundfor eachweight,we achieve
nearly the sameaccuracy as that of Crossvalida-
tion. This resultsuggeststhat the VC boundhasa
potentialto predicttheerror ratefor the “true” test
dataaccurately. Focusingon the relationshipbe-
tweentheaccuracy of thetestdataandtheestimated
weights,we find thatVC boundcanpredicttheac-
curacy for the testdataprecisely. Even if we have
no room for applying the voting schemesbecause
of somereal-worldconstraints(limited computation
andmemorycapacity),theuseof VC boundmayal-
low to obtainthebestaccuracy. On theotherhand,
wefind thatthepredictionability of Leave-One-Out
is worsethanthatof VC bound.

Crossvalidation is the standardmethodto esti-
matethevotingweightsfor differentsystems.How-
ever, Crossvalidation requiresa larger amountof
computationaloverheadas the training datais di-
vided and is repeatedlyusedto obtain the voting
weights. We believe thatVC boundis moreeffec-
tive than Crossvalidation, since it can obtain the
comparableresultsto Crossvalidationwithout in-
creasingcomputationaloverhead.

4.5 Comparison with Related Works

TjongKim Sangetal. reportthatthey achieveaccu-
racy of 93.86for baseNP-Sdataset,and94.90for
baseNP-Ldataset. They apply weightedvoting of
the systemswhich aretrainedusingdistinct chunk
representationsand different machinelearningal-
gorithmssuchasMBL, ME andIGTree(TjongKim
Sang,2000a;TjongKim Sangetal., 2000).

Our experimentsachieve theaccuracy of 93.76-
94.11for baseNP-S,and95.29- 95.34for baseNP-
L evenwith a singlechunkrepresentation.In addi-
tion, by applying the weightedvoting framework,
we achieve accuracy of 94.22 for baseNP-S,and

95.77 for baseNP-Ldataset. As far asaccuracies
areconcerned,our modeloutperformsTjong Kim
Sang’smodel.

In the CoNLL-2000 sharedtask, we achieved
theaccuracy of 93.48usingIOB2-F representation
(Kudo and Matsumoto,2000b) 5. By combining
weightedvoting schemes,we achieve accuracy of
93.91. In addition, our methodalso outperforms
other methodsbasedon the weightedvoting(van
Halteren,2000;TjongKim Sang,2000b).

4.6 Future Work° Applying to otherchunkingtasks
Our chunking methodcan be equally appli-
cableto otherchunkingtask,suchasEnglish
POStagging,Japanesechunk(bunsetsu) iden-
tification andnamedentity extraction. For fu-
ture,wewill applyourmethodto thosechunk-
ing tasksandexaminetheperformanceof the
method.° Incorporatingvariablecontext lengthmodel
In our experiments,we simply use the so-
calledfixed context lengthmodel. We believe
thatwe canachieve higheraccuracy by select-
ing appropriatecontext length which is actu-
ally neededfor identifying individual chunk
tags. Sassanoand Utsuro(Sassanoand Ut-
suro,2000)introducea variablecontext length
modelfor Japanesenamedentity identification
taskandperformbetterresults.We will incor-
poratethe variablecontext length model into
oursystem.° Consideringmorepredictablebound
In our experiments,we introducenew types
of voting methodswhich stemfrom the theo-
remsof SVMs — VC boundandLeave-One-
Out bound. On the otherhand,Chapelleand
Vapnik introduceanalternative andmorepre-
dictable bound for the risk and report their
proposedbound is quite useful for selecting
the kernel function and soft margin parame-
ter(Chapelleand Vapnik, 2000). We believe
that we canobtainhigheraccuracy usingthis
morepredictableboundfor thevoting weights
in ourexperiments.

5In our experiments,theaccuracy of 93.46is obtainedwith
IOB2-F representation,which wastheexactly thesamerepre-
sentationwe appliedfor CoNLL 2000sharedtask.This slight
differenceof accuracy arisesfrom the following two reason:
(1) The differenceof beamwidth for parsing(N=1 vs. N=5),
(2) The differenceof applied SVMs package(TinySVM vs.º`»½¼8¾À¿ÂÁxÃfÄ

.



5 Summary
In thispaper, weintroduceauniformframework for
chunkingtask basedon SupportVector Machines
(SVMs). Experimentalresultson WSJcorpusshow
thatourmethodoutperformsotherconventionalma-
chine learning frameworks such MBL and Max-
imum Entropy Models. The results are due to
the goodcharacteristicsof generalizationandnon-
overfitting of SVMs even with a high dimensional
vectorspace.In addition,we achieve higheraccu-
racy by applyingweightedvoting of 8-SVM based
systemswhich aretrainedusingdistinctchunkrep-
resentations.
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