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Abstract

Supertaggingis the tagging processof
assigningthe correct elementarytree of
LTAG, or the correct supertag,to each
word of an input sentence1. In this pa-
perweproposeto usesupertagsto expose
syntacticdependencieswhichareunavail-
able with POStags. We first proposea
novel methodof applyingSparseNetwork
of Winnow (SNoW)to sequentialmodels.
Thenwe useit to constructa supertagger
thatuseslong distancesyntacticaldepen-
dencies,and the supertaggerachieves an
accuracy of �������
	�� . We apply the su-
pertaggerto NP chunking.Theuseof su-
pertagsin NP chunkinggives rise to al-
most 	�� absoluteincrease(from ����������
to ����������� ) in F-scoreunderTransforma-
tion BasedLearning(TBL) frame. The
surpertaggerdescribedhere provides an
effective andefficient way to exploit syn-
tacticinformation.

1 Introduction

In Lexicalized Tree-Adjoining Grammar (LTAG)
(Joshi and Schabes,1997; XTAG-Group, 2001),
eachword in a sentenceis associatedwith an el-
ementarytree, or a supertag(Joshi and Srinivas,
1994). Supertaggingis theprocessof assigningthe
correctsupertagto eachword of an input sentence.
The following two factsmake supertaggingattrac-
tive. Firstly supertagsencodemuch more syntac-
tical information than POStags,which makes su-
pertagginga useful pre-parsingtool, so-called,al-
most parsing(Srinivas and Joshi, 1999). On the

1By thecorrectsupertagwemeanthesupertagthatanLTAG
parserwould assignto a word in a sentence.

otherhand,astheterm’supertagging’suggests,the
timecomplexity of supertaggingis similar to thatof
POStagging,which is linearin thelengthof thein-
put sentence.

In this paper, we will focus on the NP chunk-
ing task, and use it as an applicationof supertag-
ging. (Abney, 1991) proposeda two-phasepars-
ing modelwhich includeschunkingandattaching.
(Ramshaw and Marcus, 1995) approachedchuck-
ing by usingTransformationBasedLearning(TBL).
Many machinelearningtechniqueshave beensuc-
cessfullyappliedto chunkingtasks,suchasRegular-
izedWinnow (Zhangetal.,2001),SVMs(Kudoand
Matsumoto,2001),CRFs(ShaandPereira,2003),
MaximumEntropy Model (Collins,2002),Memory
BasedLearning(Sang,2002)andSNoW(Muñozet
al., 1999).

Thepreviousbestresulton chunkingin literature
wasachievedby RegularizedWinnow (Zhangetal.,
2001),which took someof theparsingresultsgiven
by anEnglishSlotGrammar-basedparserasinputto
thechunker. The useof parsingresultscontributed�������� absoluteincreasein F-score. However, this
approachconflicts with the purposeof chunking.
Ideally, achunker geneatesn-bestresults,andanat-
tacheruseschunkingresultsto constructaparse.

Thedilemmais thatsyntacticconstraintsareuse-
ful in the chunking phase,but they are unavail-
able until the attachingphase. The reasonis that
POStagsarenot a goodlabelingsystemto encode
enoughlinguistic knowledge for chunking. How-
everanotherlabelingsystem,supertagging,canpro-
videagreatdealof syntacticinformation.

In anLTAG, eachword is associatedwith a setof
possibleelementarytrees.An LTAG parserassigns
the correctelementarytree to eachword of a sen-
tence,andusestheelementarytreesof all thewords
to build a parsetree for the sentence.Elementary



trees,which we call supertags,containmoreinfor-
mationthanPOStags,andthey helpto improve the
chunkingaccuracy.

Although supertagsareable to encodelong dis-
tancedependence,supertaggerstrained with local
information in fact do not take full advantageof
complex informationavailablein supertags.

In order to exploit syntacticdependenciesin a
largercontext, weproposeanew modelof supertag-
ging basedon SparseNetwork of Winnow (SNoW)
(Roth, 1998). We alsoproposea novel methodof
applyingSNoWto sequentialmodelsin awayanal-
ogousto theProjection-baseMarkov Model (PMM)
usedin (PunyakanokandRoth,2000).In contrastto
PMM, weconstructaSNoWclassifierfor eachPOS
tag.For eachwordof aninputsentence,its POStag,
insteadof thesupertagof thepreviousword, is used
to selectthe correspondingSNoW classifier. This
methodhelpsto avoid the sparsedataproblemand
forcesSNoWto focuson difficult casesin thecon-
text of supertaggingtask. SincePMM suffers from
the label bias problem (Lafferty et al., 2001), we
have usedtwo methodsto copewith this problem.
Onemethodis to skip the local normalizationstep,
andtheotheris to combinetheresultsof left-to-right
scanandright-to-left scan.

We testour supertaggeron both the hand-coded
supertagsused in (Chen et al., 1999) as well as
the supertagsextractedfrom PennTreebank(PTB)
(Marcuset al., 1994; Xia, 2001). On the dataset
usedin (Chenetal.,1999),oursupertaggerachieves
anaccuracy of �������
	�� .

We then apply our supertaggerto NP chunking.
The purposeof this paperis to find a betterway to
exploit syntacticinformationwhich is usefulin NP
chunking,but not themachinelearningpart. Sowe
just useTBL, a well-known algorithmin the com-
munity of text chunking, as the machinelearning
tool in our research.Using TBL alsoallows us to
easilyevaluatethecontribution of supertagswith re-
spectto Ramshaw andMarcus’s original work, the
de facto baselineof NP chunking. The useof su-
pertagswith TBL can be easily extendedto other
machinelearningalgorithms.

WerepeatRamshaw andMarcus’Transformation
BasedNP chunking(Ramshaw andMarcus,1995)
algorithmby substitutingsupertagsfor POStagsin
thedataset.Theuseof supertagsgivesriseto almost

	�� absoluteincrease(from ���������� to ����������� ) in F-
scoreunderTransformationBasedLearning(TBL)
frame.This confirmsour claim thatusingsupertag-
ging asa labelingsystemhelpsto increasetheover-
all performanceof NP Chunking. The supertag-
ger presentedin this paperprovidesan opportunity
for advancedmachinelearning techniquesto im-
prove their performanceon chunkingtasksby ex-
ploiting moresyntacticinformationencodedin the
supertags.

2 Supertagging and NP Chunking

In (Srinivas,1997)trigrammodelswereusedfor su-
pertagging,in whichGood-Turingdiscountingtech-
nique and Katz’s back-off model were employed.
Thesupertagfor awordwasdeterminedby thelexi-
calpreferenceof theword,aswell asby thecontex-
tual preferenceof the previous two supertags.The
model was testedon WSJ section20 of PTB, and
trainedon section0 through24 except section20.
Theaccuracy on thetestdatais ��	�������� 2.

In (Srinivas, 1997), supertaggingwas usedfor
NP chunkingandit achieved an F-scoreof ��������� .
(Chen, 2001) reporteda similar result with a tri-
gramsupertagger. In their approaches,they first su-
pertaggedthetestdataandthenuesdheuristicrules
to detectNP chunks. But it is hardto saywhether
it is the useof supertagsor the heuristicrules that
makestheir systemachieve thegoodresults.

As afirst attempt,weusefastTBL (NgaiandFlo-
rian,2001),aTBL program,to repeatRamshaw and
Marcus’ experimenton the standarddataset.Then
we useSrinivas’ supertagger(Srinivas,1997)to su-
pertagboth the training and testdata. We run the
fastTBL for thesecondroundby usingsupertagsin-
steadof POStagsin thedataset.With POStagswe
achieveanF-scoreof �������	�� , but with supertagswe
only achieve anF-scoreof ��	�������� . This is not sur-
prisingbecuaseSrinivas’ supertagwasonly trained
with a trigram model. Although supertagsareable
to encodelong distancedependence,supertaggers
trainedwith local informationin factdonot take full
advantageof theirstrongcapability. Sowemustuse
long distancedependenciesto train supertaggersto
take full advantageof theinformationin supertags.

2This numberis basedon footnote1 of (Chenet al., 1999).
A few supertagsweregroupedinto equivalenceclassesfor eval-
uation



Thetrigrammodeloftenfails in capturingtheco-
occurrencedependencebetweena headword and
its dependents.Considerthe phrase”will join the
boardas a nonexecutive director”. The occurrence
of join hasinfluenceon the lexical selectionof as.
But join is outsidethe window of trigram. (Srini-
vas,1997)proposeda headtrigrammodelin which
the lexical selectionof a word dependedon thesu-
pertagsof theprevious two headwords, insteadof
thesupertagsof thetwo wordsimmediatelyleading
the word of interest. But the performanceof this
modelwasworsethanthetraditionaltrigrammodel
becauseit discardedlocal information.

(Chenet al., 1999) combinedthe traditional tri-
grammodelandheadtrigrammodelin their trigram
mixedmodel.In theirmodel,context for thecurrent
word wasdeterminedby the supertagof the previ-
ousword andcontext for thepreviousword accord-
ing to 6 manuallydefinedrules. The mixedmodel
achievedanaccuracy of ��	�������� onthesamedataset
as that of (Srinivas, 1997). In (Chenet al., 1999),
three other modelswere proposed,but the mixed
model achieved the highestaccuracy. In addition,
they combinedall theirmodelswith pairwisevoting,
yielding anaccuracy of ������	���� .

The mixed trigram modelachieves betterresults
on supertaggingbecauseit can capture both lo-
cal andlong distancedependenciesto someextent.
However, we think that a betterway to find useful
context is to usemachinelearningtechniquesbut not
definetherulesmanually. Oneapproachis to switch
to modelslikePMM, whichcannotonly takeadvan-
tageof generativemodelswith theViterbialgorithm,
but alsoutilize the informationin a larger contexts
throughflexible featuresets. This is the basicidea
guidingthedesignof oursupertagger.

3 SNoW

SparseNetwork of Winnow (SNoW)(Roth,1998)is
a learningarchitecturethat is speciallytailored for
learningin the presenceof a very large numberof
featureswherethe decisionfor a singlesamplede-
pendson only a smallnumberof features.Further-
more,SNoWcanalsobeusedasa generalpurpose
multi-classclassifier.

It is noted in (Muñoz et al., 1999) that one of
theimportantproperitesof thesparsearchitectureof

SNoWis thatthecomplexity of processinganexam-
pledependsonly onthenumberof featuresactive in
it, ��� , andis independentof thetotalnumberof fea-
tures, � � , observed over the life time of the system
andthis is importantin domainsin which the total
numberof featuresin very large, but only a small
numberof themis active in eachexample.

As farassupertaggingis concerned,wordcontext
formsavery largespace.However, for eachword in
agivensentence,only asmallpartof featuresin the
spacearerelatedto thedecisiononsupertag.Specif-
ically thesupertagof awordisdeterminedby theap-
pearancesof certainwords,POStags,or supertags
in its context. ThereforeSNoW is suitablefor the
supertaggingtask.

Supertaggingcan be viewed in term of the se-
quentialmodel, which meansthat the selectionof
thesupertagfor awordis influencedby thedecisions
madeon theprevious few words. (Punyakanokand
Roth,2000)proposedthreemethodsof usingclassi-
fiersin sequentialinference,whichareHMM, PMM
andCSCL.Amongthesethreemodels,PMM is the
mostsuitablefor our task. Thebasicideaof PMM
is asfollows.

Given an observation sequence! , we find the
most likely statesequence" given ! by maximiz-
ing

#%$ "'&�!)(+* ,
-.
�0/21

#%$43 �5& 3�6�7 �8�8� 753 �:9 6;7 !<(>= #?6;$43�6 & @ 6 (
* ,

-.
�0/21

#%$43 �5& 3 �:9 6�7 @A�B(>= #C6A$43�6 & @ 6 ( (1)

In this model,theoutputof SNoWis usedto es-
timate

#%$43 & 3�DE7 @�( and
#C6;$43 & @�( , where

3
is thecurrent

state,
3�D

is the previous state,and @ is the current
observation.

#%$43 & 3 D 7 @�( is separatedto many sub-
functions

#GF>HB$43 & @�( accordingto previousstate
3�D

. In
practice,

#IF H $43 & @�( is estimatedin a wider window
of the observed sequence,insteadof @ only. Then
the problemis how to map the SNoW resultsinto
probabilities. In (PunyakanokandRoth,2000),the
sigmoid 	�J $ 	?KML 9 NO�5P4�:9�Q2R ( is definedasconfidence,
where S is the thresholdfor SNoW, T�UWV is the dot
productof the weight vectorandthe examplevec-
tor. Theconfidenceis normalizedby summingto 1
andusedasthedistribution mass

#IFXHY$43 & @�( .



4 Modeling Supertagging

4.1 A Novel Sequential Model with SNoW

Firstly wehaveto decidehow to treatPOStags.One
approachis to assignPOStagsat thesametime that
we do supertagging.The other approachis to as-
sign POStagswith a traditional POStaggerfirst,
andthenusethemasinput to the supertagger. Su-
pertagginganunknown wordbecomesaproblemfor
supertaggingdueto thehugesizeof thesupertagset,
Henceweusethesecondapproachin ourpaper. We
first run the Brill POStagger(Brill, 1995)on both
the training andthe testdata,andusePOStagsas
partof theinput.

Let Z * [ 6 ['1A�8�8��[ - be the sentence,\ *] 6 ] 1A�8�8� ] - be the POS tags, and S^*_V 6 V`1A�8�8��V - be
thesupertagsrespectively. Given Z 7 \ , we canfind
themostlikely supertagsequenceS given Z 7 \ by
maximizing

#%$ Sa&�Z 7 \<(b*c,
-.
d /21

#%$ V d & V 6fe�e�e d 9 6g7 Z 7 \<(>= #?6A$ V 6 & [ 6�7 ] 6 (
Analogous to PMM, we decompose#%$ V d & V 6fe�e�e d 9 6h7 Z 7 \)( into sub-classifiers. How-

ever, in our model,we divide it with respectto POS
tagsasfollows#i$ V d & V 6fe�e�e d 9 6g7 Z 7 \<(?j #lkBmn$ V d & V 6fe�e�e d 9 6g7 Z 7 \<( (2)

There are several reasons for decomposing#%$ V d & V 6fe�e�e d 9 6h7 Z 7 \)( with respectto the POStag of
thecurrentword, insteadof thesupertagof thepre-
viousword.

o To avoid sparse-dataproblem. Thereare479
supertagsin the set of hand-codedsupertags,
and almost 3000 supertagsin the set of su-
pertagsextractedfrom PennTreebank.

o Supertagsrelatedto thesamePOStagaremore
difficult to distinguishthansupertagsrelatedto
different POStags. Thus by defining a clas-
sifier on the POStag of the currentword but
not thePOStagof thepreviouswordforcesthe
learningalgorithmto focusondifficult cases.

o Decompositionof the probability estimation
candecreasethecomplexity of thelearningal-
gorithmandallows theuseof differentparam-
etersfor differentPOStags.

For eachPOS ] , we constructa SNoWclassifierpqk
to estimatedistribution

#lk�$ V�& V D:7 Z 7 \<( accord-
ing to theprevioussupertagsV D . Following theesti-
mationof distribution function in (Punyakanokand
Roth,2000),we defineconfidencewith asigmoid

r k�$ Vh& V D 7 Z 7 \)(Cj 	
	bKtsuL 9 NOvxwyNz�X{ � HE| }~| � R:9 F R

7
(3)

where
3

is thethresholdof
pqk

, and s is setto 1.
Thedistributionmassis thendefinedwith normal-

izedconfidence

#GkA$ V�& V D 7 Z 7 \<(Cj
r k $ V�& V DE7 Z 7 \<(� � r k�$ Vh& V D 7 Z 7 \)( (4)

4.2 Label Bias Problem

In (Lafferty et al., 2001), it is shown that PMM
and other non-generative finite-statemodelsbased
onnext-stateclassifiersshareaweaknesswhichthey
calledthelabelbiasproblem: thetransitionsleaving
agivenstatecompeteonly againsteachother, rather
thanagainstall othertransitionsin themodel.They
proposedConditionalRandomFields(CRFs)asso-
lution to thisproblem.

(Collins, 2002)proposeda new algorithmfor pa-
rameterestimationasanalternateto CRF. Thenew
algorithm was similar to maximum-entropy model
except that it skippedthe local normalizationstep.
Intuitively, it is the local normalizationthat makes
distribution massof the transitionsleaving a given
stateincomparablewith all othertransitions.

It is notedin (Muñoz et al., 1999) that SNoW’s
outputprovides, in additionto the prediction,a ro-
bust confidencelevel in the prediction,which en-
ablesits usein aninferencealgorithmthatcombines
predictorsto producea coherentinference. In that
paper, SNoW’soutputis usedto estimatetheproba-
bility of openandclosetags. In general,theproba-
bility of a tagcanbeestimatedasfollows

# k $ V�& V D 7 Z 7 \<(?j
p�k�$ Vh& V D 7 Z 7 \)(�� 3� � $4pqk�$ Vh& V D 7 Z 7 \)(I� 3 (

7
(5)

asoneof theanonymousreviewershassuggested.
However, this makes probabilities comparable

only within the transitionsof the samehistory V D .
An alternative to thisapproachis to usetheSNoW’s
outputdirectly in thepredictioncombination,which



makes transitionsof different history comparable,
since the SNoW’s output provides a robust confi-
dencelevel in theprediction.Furthermore,in order
to make surethat theconfidencesarenot too sharp,
we usetheconfidencedefinedin (3).

In addition,we usetwo supertaggers,onescans
from left to right andthe otherscansfrom right to
left. Thenwe combinethe resultsvia pairwisevot-
ing as in (van Halterenet al., 1998; Chen et al.,
1999)as the final supertag.This approachof vot-
ing alsohelpsto copewith the labelbiasproblem.

4.3 Contextual Model#GkA$ V�& V D 7 Z 7 \<( is estimatedwithin a 5-wordwindow
plus two headsupertagsbefore the current word.
For each word [ d , the basic featuresare Z *[ d 9�1 | e�e�e | d�� 1 , \ * ] d 9�1 | e�e�e | d�� 1 , V D * V d 9�1 | d 9 6 and�
� 9�1 | 9 6 , the two headsupertagsbeforethe current
word. Thus#Gk>mn$ V d & V 6fe�e�e d 9 6h7 Z 7 \)(
* #Gk>mn$ V d & V d 9�1 | d 9 6�7 [ d 9�1 e�e�e d8� 1 7 ] d 9�1 e�e�e d�� 1 7 �
� 9�1 | 9 6 (
A basicfeatureis calledactivefor word [ d if and

only if the correspondingword/POS-tag/supertag
appearsat a specifiedplace around [ d . For our
SNoWclassifiersweuseunigramandbigramof ba-
sic featuresasour featureset.A featuredefinedasa
bigramof two basicfeaturesis active if andonly if
the two basicfeaturesarebothactive. Thevalueof
a featureof [ d is setto 1 if this featureis active for[ d , or 0 otherwise.

4.4 Related Work

(Chen,2001)implementedanMEMM modelfor su-
pertaggingwhich is analogousto the POStagging
modelof (Ratnaparkhi,1996).Thefeaturesetsused
in theMEMM modelweresimilar to ours. In addi-
tion, prefix andsuffix featureswereusedto handle
rarewords. SeveralMEMM supertaggerswereim-
plementedbasedon distinctfeaturesets.

In (Muñoz et al., 1999), SNoW was used for
text chunking. The IOB taggingmodel in that pa-
per wassimilar to our model for supertagging,but
thereare somedifferences. They did not decom-
posetheSNoWclassifierwith respectto POStags.
They usedtwo-level deterministic( beam-width=1)
search,in whichthesecondlevel IOB classifiertakes
theIOB outputof thefirst classifierasinputfeatures.

5 Experimental Evaluation and Analysis

In our experiments,we usethe default settingsof
theSNoWpromotionparameter, demotionparame-
ter andthethresholdvaluegivenby theSNoWsys-
tem. We train our modelon the training datafor 2
rounds,only countingthefeaturesthatappearfor at
least5 times.Weskip thenormalizationstepin test,
andwe usebeamsearchwith thewidth of 5.

In our first experiment,we usethe samedataset
as that of (Chenet al., 1999) for our experiments.
We useWSJsection00 through24 expectsection
20 astraining data,andusesection20 astestdata.
Both trainingandtestdataarefirst taggedby Brill’ s
POStagger(Brill, 1995). We use the samepair-
wisevoting algorithmasin (Chenet al., 1999). We
runsupertaggingonthetrainingdataandusethesu-
pertaggingresultto generatethemappingtableused
in pairwisevoting.

The SNoW supertaggerscanningfrom left to
right achievesan accuracy of ���������� , andthe one
scanningfrom right to left achievesan accuracy of��	�������� . By combiningthe resultsof thesetwo su-
pertaggerswith pairwisevoting, we achieve an ac-
curacy of �������
	�� , anerror reductionof ����	�� com-
paredto ����������� , thebestsupertaggingresultto date
(Chen,2001). Table1 shows the comparisonwith
previouswork.

Our algorithm, which is coded in Java, takes
about10 minutesto supertagthe test datawith a
P3 1.13GHzprocessor. However, in (Chen,2001),
the accuracy of ����������� wasachieved by a Viterbi
searchprogramthat took about5 daysto supertag
the test data. The counterpartof our algorithm in
(Chen,2001) is the beamsearchon Model 8 with
width of 5, which is thesameasthebeamwidth in
our algorithm.Comparedwith this program,our al-
gorithmachievesanerrorreductionof ����	�� .

(Chen et al., 1999) achieved an accuracy of������	���� by combinationof 5 distinct supertaggers.
However, our result is achieved by combiningout-
putsof two homogeneoussupertaggers,which only
differ in scandirection.

Our next experimentis with the setof supertags
abstractedfrom PTB with Fei Xia’s LexTract (Xia,
2001). Xia extractedanLTAG-stylegrammarfrom
PTB, and repeatedSrinivas’ experiment(Srinivas,
1997)on her supertagset. Thereare2920elemen-



model acc�
Srinivas(97)trigram 91.37
Chen(99)trigrammix 91.79
Chen(99)voting 92.19
Chen(01)width=5 91.83
Chen(01)Viterbi 92.25

SNoWleft-to-right 92.02
SNoWright-to-left 91.43
SNoW 92.41

Table1: Comparisonwith previous work. Training
datais WSJsection00 thorough24 exceptsection
20 of PTB.Testdatais WSJsection20. Sizeof tag
setis 479.acc� = percentageof accuracy. Thenum-
berof Srinivas(97)isbasedonfootnote1 of (Chenet
al., 1999). Thenumberof Chen(01)width=5 is the
resultof a beamsearchon Model 8 with the width
of 5.

model acc� (22) acc� (23)

Xia(01) trigram 83.60 84.41
SNoWleft-to-right 86.01 86.27

Table2: Resultson auto-extractedLTAG grammar.
TrainingdataisWSJsection02thorough21of PTB.
Testdatais WSJsection22and23. Sizeof supertag
setis 2920.acc� = percentageof accuracy.

tarytreesin Xia’sgrammar��1 , sothatthesupertags
aremorespecializedandhencethereis muchmore
ambiguity in supertagging.We have experimented
with our modelon ��1 andherdataset.We train our
left-to-rightmodelonWSJsection02 through21of
PTB, andteston section22 and23. We achieve an
averageerror reductionof 	������� . The reasonwhy
the accuracy is ratherlow is that systemsusing ��1
have to copewith muchmore ambiguitiesdue the
largesizeof thesupertagset.Theresultsareshown
in Table2.

We test on both normalizedand unnormalized
modelswith bothhandcodedsupertagsetandauto-
extracted supertagset. We use the left-to-right
SNoW model in theseexperiments.The resultsin
Table3 show that skippingthe local normalization
improves performancein all the systems. The ef-
fectof skippingnormalizationis moresignificanton
auto-extractedtags.We think this is becausesparse

tagset size norm? acc� (20/22/23)

auto 2920 yes NA / 85.77/ 85.98
auto 2920 no NA / 86.01/ 86.27
hand 479 yes 91.98/ NA / NA
hand 479 no 92.02/ NA / NA

Table3: Experimentson normalizedandunnormal-
ized modelsusing left-to-right SNoW supertagger.
size= sizeof the tag set. norm? = normalizedor
not. acc� = percentageof accuracy on section20,
22 and 23. auto = auto-extractedtag set. hand=
handcodedtagset.

datais morevulnerableto thelabelbiasproblem.

6 Application to NP Chunking

Now we comeback to the NP chunkingproblem.
The standarddatasetof NP chunking consistsof
WSJsection15-18astraindataandsection20astest
data. In our approach,we substitutethe supertags
for the POStagsin the dataset.Thenew datalook
asfollows.

For B Pnxs O
the B Dnx I
nine B Dnx I
months A NXN I

The first field is the word, the secondis the su-
pertagof theword,andthelastis theIOB tag.

WefirstusethefastTBL(NgaiandFlorian,2001),
a TransformationBasedLearningalgorithm,to re-
peatRamshaw and Marcus’ experiment,and then
apply the sameprogramto our new dataset.Since
section15-18andsection20arein thestandarddata
set of NP chunking,we needto avoid using these
sectionsas training data for our supertagger. We
have trainedanothersupertaggerthat is trainedon
776K wordsin WSJsection02-14and21-24,andit
is tunedwith 44K wordsin WSJsection19. Weuse
this supertaggerto supertagsection15-18andsec-
tion 20. We train an NP Chunker on section15-18
with fastTBL, andtestit onsection20.

Thereis asmallproblemwith thesupertagsetthat
we have beenusing,asfar asNP chunkingis con-
cerned.Two wordswith differentPOStagsmaybe
taggedwith thesamesupertag.Forexamplebothde-
terminer(DT) andnumber(CD) canbetaggedwith
B Dnx. However this will be harmful in the case



model A P R F

RM95 - 91.80 92.27 92.03
Brill-POS 97.42 91.83 92.20 92.01
Tri-STAG 97.29 91.60 91.72 91.66
SNoW-STAG 97.66 92.76 92.34 92.55
SNoW-STAG2 97.70 92.86 93.05 92.95

GOLD-POS 97.91 93.17 93.51 93.34
GOLD-STAG 98.48 94.74 95.63 95.18

Table4: Resultson NP Chunking. Trainingdatais
WSJsection15-18of PTB.Testdatais WSJsection
20. A = Accuracy of IOB tagging. P = NP chunk
Precision.R = NP chunkRecall.F = F-score.Brill-
POS= fastTBL with Brill’ s POStags.Tri-STAG =
fastTBL with supertagsgivenby Srinivas’ trigram-
basedsupertagger. SNoW-STAG = fast TBL with
supertagsgivenby our SNoWsupertagger. SNoW-
STAG2 = fastTBL with augmentedsupertagsgiven
by our SNoWsupertagger. GOLD-POS= fastTBL
with gold standardPOStags. GOLD-STAG = fast
TBL with goldstandardsupertags.

of NP Chunking. As a solution,we useaugmented
supertagsthat have the POStag of the lexical item
specified. An augmentedsupertagcan also be re-
gardedasconcatenationof asupertagandaPOStag.

For B Pnxs(IN) O
the B Dnx(DT) I
nine B Dnx(CD) I
months A NXN(NNS) I

The resultsare shown in Table 4. The system
using augmentedsupertagsachieves an F-scoreof����������� , or an error reductionof 	�	������ below the
baselineof usingBrill POStags.Althoughthesetwo
systemsareboth trainedwith the sameTBL algo-
rithm, we implicitly employ morelinguistic knowl-
edgeas the learningbiaswhen we train the learn-
ing machinewith supertags.Supertagsencodemore
syntacticalinformationthanPOStagdo.

For example,in thesentenceThreeleadingdrug
companies..., the POStag of �4L�T ��� �2� is VBG, or
presentparticiple. Basedon the local context of�4L�T ��� �2� , Threecanbethesubjectof leading. How-
ever, thesupertagof leading is B An, which repre-
sentsa modifierof a noun.With this extra informa-
tion, thechunker caneasilysolve theambiguity. We
find many instanceslike this in thetestdata.

It is important to note that the accuracy of su-
pertag itself is much lower than that of POS tag
while theuseof supertagshelpsto improvetheover-
all performance.On theotherhand,sincetheaccu-
racy of supertaggingis ratherlower, thereis more
roomleft for improving.

If we usegold standardPOStags in the previ-
ousexperiment,we canonly achieve an F-scoreof�������A��� . However, if weusegoldstandardsupertags
in our previous experiment,the F-scoreis as high
as ������	���� . This tells us how much room there
is for further improvements. Improvementsin su-
pertaggingmaygive riseto furtherimprovementsin
chunking.

7 Conclusions

We have proposedthe useof supertagsin the NP
chunkingtask in order to usemoresyntacticalde-
pendencieswhichareunavailablewith POStags.In
orderto trainasupertaggerwith a largercontext, we
haveproposedanovel methodof applyingSNoWto
thesequentialmodelandhaveappliedit to supertag-
ging. Our algorithmtakesadvantageof rich feature
sets,avoids thesparse-dataproblem,andforcesthe
learningalgorithm to focus on the difficult cases.
Beingawareof thefact thatour algorithmmaysuf-
fer from the label bias problem, we have usedtwo
methodsto copewith thisproblem,andachievedde-
sirableresults.

We have testedour algorithmson both thehand-
codedtag set usedin (Chenet al., 1999) and su-
pertagsextractedfor PennTreebank(PTB).On the
samedatasetasthatof (Chenet al., 1999),our new
supertaggerachievesanaccuracy of �������
	�� . Com-
paredwith thesupertaggerswith thesamedecoding
complexity (Chen,2001),ouralgorithmachievesan
errorreductionof ����	�� .

We repeatRamshaw and Marcus’ Transforma-
tion BasedNP chunking (Ramshaw and Marcus,
1995) test by substitutingsupertagsfor POS tags
in the dataset.The useof supertagsin NP chunk-
ing givesrise to almost 	�� absoluteincrease(from���������� to ����������� ) in F-scoreunderTransformation
BasedLearning(TBL) frame,or an error reduction
of 	�	������ .

Theaccuracy of ����������� with our individual TBL
chunker is closeto resultsof POS-tag-basedsystems



using advancedmachinelearningalgorithms,such
as �������A��� by voted MBL chunkers (Sang,2002),��������� by SNoWchunker (Muñozetal., 1999).The
benefitof usinga supertaggeris obvious. The su-
pertaggerprovidesanopportunityfor advancedma-
chine learning techniquesto improve their perfor-
manceon chunkingtasksby exploiting more syn-
tacticinformationencodedin thesupertags.

To sumup, thesupertaggingalgorithmpresented
hereprovidesan effective andefficient way to em-
ploy syntacticinformation.

Acknowledgments

We thankVasinPunyakanokfor help on theuseof
SNoW in sequentialinference,JohnChenfor help
on datasetand evaluationmethodsand comments
on thedraft. We alsothankSrinivasBangaloreand
threeanonymousreviews for helpful comments.

References

S. Abney. 1991. Parsingby chunks.In Principle-Based
Parsing. Kluwer AcademicPublishers.

E. Brill. 1995. Transformation-basederror-drivenlearn-
ing and natural languageprocessing: A casestudy
in part-of-speechtagging.ComputationalLinguistics,
21(4):543–565.

J. Chen,B. Srinivas,andK. Vijay-Shanker. 1999. New
models for improving supertagdisambiguation. In
Proceedingsof the9thEACL.

J. Chen. 2001. TowardsEfficientStatisticalParsing us-
ing LexicalizedGrammaticalInformation. Ph.D.the-
sis,Universityof Delaware.

M. Collins. 2002. Discriminative training methodsfor
hiddenmarkov models:Theoryandexperimentswith
perceptronalgorithms.In EMNLP2002.

A. Joshiand Y. Schabes.1997. Tree-adjoininggram-
mars. In G. Rozenberg and A. Salomaa,editors,
Handbookof Formal Languages, volume3, pages69
– 124.Springer.

A. JoshiandB. Srinivas. 1994. Disambiguationof su-
perpartsof speech(or supertags):Almost parsing.In
COLING’94.

T. KudoandY. Matsumoto.2001. Chunkingwith sup-
portvectormachines.In Proceedingsof NAACL 2001.

J. Lafferty, A. McCallum,andF. Pereira.2001. Condi-
tional randomfields: Probabilisticmodelsfor stgmen-
tation andlabelingsequencedata. In Proceedingsof
ICML 2001.

M. P. Marcus,B. Santorini,and M. A. Marcinkiewicz.
1994. Building a large annotatedcorpus of en-
glish: the penntreebank.ComputationalLinguistics,
19(2):313–330.

M. Muñoz, V. Punyakanok, D. Roth, and D. Zimak.
1999.A learningapproachto shallow parsing.In Pro-
ceedingsof EMNLP-WVLC’99.

G. Ngai and R. Florian. 2001. Transformation-based
learningin the fast lane. In Proceedingsof NAACL-
2001, pages40–47.

V. PunyakanokandD. Roth. 2000.Theuseof classifiers
in sequentialinference.In NIPS’00.

L. Ramshaw andM. Marcus.1995.Text chunkingusing
transformation-basedlearning. In Proceedingsof the
3rd WVLC.

A. Ratnaparkhi. 1996. A maximumentropy part-of-
speechtagger. In Proceedingsof EMNLP96.

D. Roth. 1998.Learningto resolvenaturallanguageam-
biguities:A unifiedapproach.In AAAI’98.

Erik F. Tjong Kim Sang. 2002. Memory-basedshal-
low parsing. Journal of MachineLearningResearch,
2:559–594.

F. ShaandF. Pereira.2003.Shallow parsingwith condi-
tional randomfields. In Proceedingsof NAACL 2003.

B. SrinivasandA. Joshi. 1999. Supertagging:An ap-
proachto almostparsing.ComputationalLinguistics,
25(2).

B. Srinivas. 1997. Performanceevaluationof supertag-
ging for partialparsing.In IWPT1997.

H. vanHalteren,J.Zavrel, andW. Daelmans.1998. Im-
proving datadrivenwordclasstaggingby systemcom-
bination. In Proceedingsof COLING-ACL 98.

F. Xia. 2001. AutomaticGrammar Generation From
Two Different Perspectives. Ph.D. thesis,University
of Pennsylvania.

XTAG-Group. 2001. A lexicalizedtreeadjoininggram-
marfor english.TechnicalReport01-03,IRCS,Univ.
of Pennsylvania.

T. Zhang, F. Damerau,and D. Johnson. 2001. Text
chunkingusing regularizedwinnow. In Proceedings
of ACL 2001.


