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Abstract

Supertaggingis the tagging processof
assigningthe correct elementarytree of
LTAG, or the correct supertag,to each
word of an input sentenck In this pa-
perwe proposeo usesupertagso expose
syntacticdependencieshich areunavail-
able with POStags. We first proposea
novel methodof applyingSparseNetwork
of Winnow (SNoW)to sequentiamodels.
Thenwe useit to constructa supertagger
thatuseslong distancesyntacticaldepen-
dencies,and the supertaggenchia/es an
accuray of 92.41%. We apply the su-
pertaggeto NP chunking. The useof su-
pertagsin NP chunkinggivesrise to al-
most1% absoluteincreasgfrom 92.03%
t0 92.95%) in F-scoreunderTransforma-
tion BasedLearning(TBL) frame. The
surpertaggedescribedhere 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 sentencas associatedvith an el-
ementarytree, or a supertag(Joshi and Srinivas,
1994). Supertaggings the procesof assigninghe

correctsupertago eachword of aninput sentence.

The following two factsmake supertaggingattrac-
tive. Firstly supertageencodemuch 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 thecorrectsupertagve meanthesupertaghatanLTAG
parsemwould assigrto aword in asentence.

otherhand,astheterm’supertaggingsuggeststhe
time compleity of supertaggings similar to thatof
POStagging,whichis linearin thelengthof thein-
putsentence.

In this paper we will focus on the NP chunk-
ing task, and useit as an applicationof supertag-
ging. (Abney, 1991) proposeda two-phasepars-
ing model which includeschunkingand attaching.
(Ramshav and Marcus, 1995) approachecchuck-
ing by usingTransformatiorBasedLearning(TBL).
Many machinelearningtechniqueshave beensuc-
cessfullyappliedto chunkingtasks suchasRegular
izedWinnow (Zhangetal.,2001),SVMs (Kudoand
Matsumoto,2001), CRFs(Shaand Pereira,2003),
Maximum Entropy Model (Collins, 2002), Memory
Based_earning(Sang,2002)andSNoW (Mufiozet
al.,1999).

The previous bestresulton chunkingin literature
wasachieved by RegularizedWinnow (Zhangetal.,
2001),which took someof the parsingresultsgiven
by anEnglishSlotGrammatbasedarserasinputto
the chunler. The useof parsingresultscontrituted
0.62% absoluteincreasdan F-score. However, this
approachconflicts with the purposeof chunking.
Ideally, achunler geneates-bestresults,andanat-
tacheruseschunkingresultsto constructa parse.

Thedilemmais thatsyntacticconstraintsareuse-
ful in the chunking phase,but they are unavail-
able until the attachingphase. The reasonis that
POStagsarenot a goodlabeling systemto encode
enoughlinguistic knowledge for chunking. How-
ever anothelabelingsystem supertaggingsanpro-
vide a greatdealof syntacticinformation.

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



trees,which we call supertagsgontainmoreinfor-
mationthanPOStags,andthey helpto improve the
chunkingaccurag.

Although supertagsare ableto encodelong dis-
tancedependencesupertaggersrained with local
information in fact do not take full adwantageof
comple informationavailablein supertags.

In orderto exploit syntacticdependenciein a
largercontext, we proposea nev modelof supertag-
ging basedon SparseNetwork of Winnow (SNoW)
(Roth, 1998). We also proposea novel methodof
applyingSNoWto sequentiamodelsin away anal-
ogousto the Projection-bas&larkov Model (PMM)
usedin (PuryakanokandRoth,2000).In contrasto
PMM, we constructa SNoW classifierfor eachPOS
tag. For eachword of aninputsentenceits POStag,
insteadof the supertagf the previousword, is used
to selectthe correspondingsSNoW classifier This
methodhelpsto avoid the sparsedataproblemand
forcesSNoW to focuson difficult casedn the con-
text of supertaggindask. 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 supertaggeon both the hand-coded
supertagsusedin (Chenet al., 1999) as well as
the supertagsextractedfrom PennTreebank(PTB)
(Marcuset al., 1994; Xia, 2001). On the dataset
usedin (Chenetal., 1999),our supertaggeachiares
anaccurag of 92.41%.

We then apply our supertaggeto NP chunking.
The purposeof this paperis to find a betterway to
exploit syntacticinformationwhich is usefulin NP
chunking,but not the machinelearningpart. Sowe
just use TBL, a well-known algorithmin the com-
munity of text chunking, as the machinelearning
tool in our research.Using TBL alsoallows usto
easilyevaluatethe contrikution of supertagsvith re-
spectto Ramsha and Marcuss original work, the
de facto baselineof NP chunking. The useof su-
pertagswith TBL can be easily extendedto other
machingearningalgorithms.

We repeatRamsha andMarcus’ Transformation
BasedNP chunking(Ramsha and Marcus,1995)
algorithmby substitutingsupertaggor POStagsin
thedatasetTheuseof supertaggivesriseto almost

1% absolutencreas&from 92.03% t0 92.95%) in F-

scoreunder TransformationBasedLearning(TBL)
frame. This confirmsour claim thatusingsupertag-
ging asalabelingsystemhelpsto increasehe over-

all performanceof NP Chunking. The supertag-
ger presentedn this paperprovidesan opportunity
for advancedmachinelearning techniquesto im-

prove their performanceon chunkingtasksby ex-

ploiting more syntacticinformation encodedn the

supertags.

2 Supertagging and NP Chunking

In (Srinivas,1997)trigrammodelswereusedfor su-
pertaggingin which Good-Turing discountingiech-
nique and Katz's back-of model were employed.
Thesupertagor awordwasdeterminedy thelexi-
cal preferencef theword, aswell asby the conte-
tual preferenceof the previous two supertags.The
model was testedon WSJ section20 of PTB, and
trainedon section0 through24 exceptsection20.
Theaccurag on thetestdatais 91.37%32.

In (Srinivas, 1997), supertaggingwvas usedfor
NP chunkingandit achiezed an F-scoreof 92.4%.
(Chen, 2001) reporteda similar result with a tri-
gramsupertaggerin their approacheshey first su-
pertaggedhetestdataandthenuesdheuristicrules
to detectNP chunks. But it is hardto saywhether
it is the useof supertagr the heuristicrulesthat
makestheir systemachieve the goodresults.

As afirst attemptwe usefast TBL (NgaiandFlo-
rian,2001),aTBL programo repeaRamsha and
Marcus’ experimenton the standarddataset. Then
we useSrinivas’ supertaggefSrinivas,1997)to su-
pertagboth the training and testdata. We run the
fastTBL for thesecondoundby usingsupertagin-
steadof POStagsin the datasetWith POStagswe
achiee anF-scoreof 92.01%, but with supertagsve
only achiere an F-scoreof 91.66%. Thisis notsur
prising becuasesrinivas’ supertagvasonly trained
with a trigram model. Although supertagsreable
to encodelong distancedependencesupertaggers
trainedwith localinformationin factdo nottake full
advantageof their strongcapability Sowe mustuse
long distancedependenciet train supertaggero
take full advantageof theinformationin supertags.

2This numberis basedon footnotel of (Chenetal., 1999).

A few supertagsveregroupednto equivalenceclassegor eval-
uation



Thetrigrammodeloftenfailsin capturingthe co-
occurrencedependencédetweena headword and
its dependents.Considerthe phrase’will join the
boardas a nonececutive director”. The occurrence
of join hasinfluenceon the lexical selectionof as
But join is outsidethe window of trigram. (Srini-
vas,1997)proposed headtrigrammodelin which
the lexical selectionof a word dependedn the su-
pertagsof the previous two headwords, insteadof
the supertag®f the two wordsimmediatelyleading
the word of interest. But the performanceof this
modelwasworsethanthe traditionaltrigram model
becausét discardedocal information.

(Chenet al., 1999) combinedthe traditional tri-
grammodelandheadtrigrammodelin theirtrigram
mixedmodel.In their model,context for the current
word was determinedby the supertagof the previ-
ousword andcontext for the previous word accord-
ing to 6 manuallydefinedrules. The mixedmodel
achievedanaccuray of 91.79% onthesamedataset
asthat of (Srinivas, 1997). In (Chenet al., 1999),
three other modelswere proposed,but the mixed
model achieved the highestaccurag. In addition,
they combinedall theirmodelswith pairwisevoting
yielding anaccurag of 92.19%.

The mixedtrigram model achieres betterresults
on supertaggingbecauseit can capture both lo-
cal andlong distancedependencieto someextent.
However, we think that a betterway to find useful
contet isto usemachindearningtechnique$ut not
definetherulesmanually Oneapproachs to switch
to modeldike PMM, which cannotonly take advan-
tageof generaire modelswith theViterbialgorithm,
but also utilize the informationin a larger contexts
throughflexible featuresets. This is the basicidea
guidingthedesignof our supertagger

3 SNow

SparseNetwork of Winnow (SNoW) (Roth,1998)is
a learningarchitecturethatis speciallytailored for
learningin the presenceof a very large numberof
featureswherethe decisionfor a single samplede-
pendson only a small numberof features.Further
more, SNoW canalsobe usedasa generalpurpose
multi-classclassifier

It is notedin (Mufioz et al., 1999) that one of
theimportantproperitesof the sparsearchitectureof

SNoWis thatthecompleity of processinginexam-
ple depend®nly onthenumberof featuresactive in
it, ny, andis independentf thetotal numberof fea-
tures,n;, obsened 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 farassupertaggings concernedyord context
formsaverylarge space However, for eachwordin
agivensentencepnly asmallpartof featuresn the
spacearerelatedto thedecisiononsupertagSpecif-
ically thesupertagf awordis determinedy theap-
pearancesf certainwords, POStags,or supertags
in its context. ThereforeSNoW is suitablefor the
supertaggingask.

Supertaggingcan be viewed in term of the se-
guentialmodel, which meansthat the selectionof
thesupertador awordis influencedoy thedecisions
madeon the previous few words. (Puryakanokand
Roth,2000)proposedhreemethodf usingclassi-
fiersin sequentiainferencewhichareHMM, PMM
andCSCL.Amongthesethreemodels,PMM is the
mostsuitablefor our task. The basicideaof PMM
is asfollows.

Given an obsenation sequenceD, we find the
mostlikely statesequences given O by maximiz-

ing

n

P(S|O) = [HP(Stlsl,...,Stfl,O)]P1(81|01)
t=2

— ([T PGsdbsirso)lPi(silon) (@)
t=2

In this model,the outputof SNoW is usedto es-
timate P(s|s’, 0) and P, (s|o), wheres is thecurrent
state, s’ is the previous state,and o is the current
obseration. P(s|s’,0) is separatedo mary sub-
functions Py (s|o) accordingto previousstates’. In
practice, Py (s|o) is estimatedin a wider window
of the obsered sequenceinsteadof o only. Then
the problemis how to map the SNoW resultsinto
probabilities. In (PuryakanokandRoth, 2000),the
sigmoid1/(1 + e~ (2e*=T)) is definedasconfidence
whereT is the thresholdfor SNoW act is the dot
productof the weight vector andthe examplevec-
tor. The confidencas normalizedby summingto 1
andusedasthedistribution massPy (s|o).



4 Modeling Supertagging
4.1 A Nove Sequential Model with SNoW

Firstly we haveto decidehow to treatPOStags.One
approachs to assignPOStagsat the sametime that
we do supertagging.The otherapproachis to as-
sign POStagswith a traditional POStaggerfirst,
andthenusethemasinput to the supertaggerSu-
pertagginganunknavn word becomes problemfor
supertagginglueto thehugesizeof thesupertaget,
Hencewe usethe secondapproachn our paper We
first run the Brill POStagger(Brill, 1995) on both
the training andthe testdata,andusePOStagsas
partof theinput.

Let W = wjws...w, be the sentence,Q =
q192-.-q, be the POStags,andT = t1ts...t, be
thesupertagsespectrely. GivenW, @, we canfind
the mostlikely supertagsequencd” given W, Q by
maximizing

n
P(T\W,Q) = [[[ P(tiltr..ie1, W, Q)] Py (t1|w1, q1)
i=2
Analogous to PMM, we decompose
P(t;|t1..i—1,W,Q) into sub-classifiers. How-
ever, in our model,we divide it with respecto POS
tagsasfollows

P(tilt1..i-1,W,Q) = Py (tilt1..:-1, W, Q) (2)

There are several reasons for decomposing
P(t;|t1...i—1, W, Q) with respectto the POStag of
the currentword, insteadof the supertagf the pre-
viousword.

e To avoid sparse-dat@roblem. Thereare 479
supertagsn the set of hand-codedsupertags,
and almost 3000 supertagsn the set of su-
pertagsxtractedfrom PennTreebank.

e Supertagselatedtio thesamePOStagaremore
difficult to distinguishthansupertagselatedto
different POStags. Thus by defining a clas-
sifier on the POStag of the currentword but
notthe POStagof the previouswordforcesthe
learningalgorithmto focuson difficult cases.

e Decompositionof the probability estimation
candecreas¢he compleity of thelearningal-
gorithmandallows the useof differentparam-
etersfor differentPOStags.

For eachPOSgq, we constructa SNoW classifier
M, to estimatedistribution P, (t|t', W, Q) accord-
ing to the previous supertags’. Following the esti-
mationof distribution functionin (Puryakanokand
Roth,2000),we defineconfidencewith a sigmoid

1
14+« e_(Mq(t‘t':WaQ)_s)’

@)

Co(tlt', W, Q) =

wheres is thethresholdof M, anda is setto 1.
Thedistribution masdgs thendefinedwith normal-
izedconfidence

C(tt', W, Q)
2 Gy, W, Q)

4.2 Label BiasProblem

In (Lafferty et al., 2001), it is shavn that PMM
and other non-generatie finite-statemodelsbased
onnext-stateclassifiershareaweaknessvhichthey
calledthelabel biasproblem thetransitiondeaving
agivenstatecompeteonly againsteachother rather
thanagainstall othertransitionsin the model. They
proposedConditionalRandomFields(CRFs)asso-
lution to this problem.

(Collins, 2002) proposeda new algorithmfor pa-
rameterestimationasan alternateto CRFE The new
algorithmwas similar to maximum-entrop model
exceptthatit skippedthe local normalizationstep.
Intuitively, it is the local normalizationthat makes
distribution massof the transitionsleaving a given
stateincomparablavith all othertransitions.

It is notedin (Mufioz 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'’s outputis usedto estimatethe proba-
bility of openandclosetags. In generalthe proba-
bility of atagcanbeestimatedasfollows

Py(tlt', W, Q) =

(4)

(5)

, M, W,Q) — s
Fallts T Q)= & o, 10 W, Q) =)

asoneof theanorymousreviewershassuggested.
However, this makes probabilities comparable
only within the transitionsof the samehistory ¢'.
An alternatve to this approachs to usethe SNoW'’s
outputdirectlyin the predictioncombinationwhich



makes transitionsof different history comparable,

sincethe SNoW's output provides a robust confi-
dencelevel in the prediction. Furthermorejn order
to make surethatthe confidencesrenot too sharp,
we usethe confidencalefinedin (3).

In addition, we usetwo supertaggerspne scans
from left to right andthe other scansfrom right to
left. Thenwe combinethe resultsvia pairwisevot-
ing asin (van Halterenet al., 1998; Chenet al.,
1999) as the final supertag. This approachof vot-
ing alsohelpsto copewith thelabel biasproblem

4.3 Contextual Model

P,(t|t', W, Q) is estimatedwithin a 5-word window
plus two headsupertagsefore the currentword.
For eachword w;, the basic featuresare W =
Wi—g,..i+2 @ = Gi—2,.iy2, t' = ti_o; 1 and
hd_s 1, thetwo headsupertagbeforethe current
word. Thus

Py, (tilt1..i-1, W, Q)
= Py (tilti—2i—1,wi—2..i+2, Gi—2..i+2, hd_2 1)

A basicfeatureis calledactivefor word w; if and

only if the correspondingword/POS-tag/supertag

appearsat a specifiedplace aroundw;. For our
SNoW classifiersve useunigramandbigramof ba-
sicfeaturesasourfeatureset. A featuredefinedasa
bigramof two basicfeaturess active if andonly if
thetwo basicfeaturesareboth actve. The valueof
afeatureof w; is setto 1 if this featureis active for
w;, or 0 otherwise.

44 Related Work

(Chen,2001)implementecanMEMM modelfor su-
pertaggingwhich is analogougo the POStagging
modelof (Ratnaparkhil996). Thefeaturesetsused
in the MEMM modelweresimilar to ours. In addi-
tion, prefix andsufiix featureswere usedto handle
rarewords. Several MEMM supertaggers/ereim-
plementedasedn distinctfeaturesets.

In (Mufioz et al., 1999), SNoW was used for
text chunking. The IOB taggingmodelin that pa-
perwas similar to our modelfor supertaggingbut
there are somedifferences. They did not decom-
posethe SNoW classifierwith respecto POStags.
They usedtwo-level deterministiq beam-width=1)
searchin whichthesecondevel IOB classifiettakes
thelOB outputof thefirst classifierasinput features.

5 Experimental Evaluation and Analysis

In our experiments,we usethe default settingsof
the SNoW promotionparameterdemotionparame-
ter andthe thresholdvaluegiven by the SNoW sys-
tem. We train our modelon the training datafor 2
rounds,only countingthe featureshatappearfor at
leastb times. We skip the normalizatiorstepin test,
andwe usebeamsearchwith thewidth of 5.

In our first experiment,we usethe samedataset
asthat of (Chenet al., 1999) for our experiments.
We useWSJ section00 through 24 expectsection
20 astraining data,and usesection20 astestdata.
Both trainingandtestdataarefirst taggedby Brill’ s
POStagger(Brill, 1995). We usethe samepair
wisevoting algorithmasin (Chenetal., 1999). We
runsupertagging@nthetrainingdataandusethe su-
pertaggingesultto generatehe mappingtableused
in pairwisevoting.

The SNoW supertaggerscanningfrom left to
right achieves an accurag of 92.02%, andthe one
scanningfrom right to left achievesan accurag of
91.43%. By combiningthe resultsof thesetwo su-
pertaggersvith pairwisevoting, we achie/e an ac-
curagy of 92.41%, anerrorreductionof 2.1% com-
paredto 92.25%, thebestsupertaggingesultto date
(Chen,2001). Table 1 shavs the comparisorwith
previouswork.

Our algorithm, which is codedin Java, takes
about 10 minutesto supertagthe test datawith a
P3 1.13GHzprocessar However, in (Chen,2001),
the accurag of 92.25% wasachieved by a Viterbi
searchprogramthat took about5 daysto supertag
the testdata. The counterpartof our algorithmin
(Chen,2001)is the beamsearchon Model 8 with
width of 5, which is the sameasthe beamwidth in
our algorithm. Comparedvith this program,our al-
gorithmachiezesanerrorreductionof 7.1%.

(Chen et al.,, 1999) achiered an accurag of
92.19% by combinationof 5 distinct supertaggers.
However, our resultis achiezed by combiningout-
putsof two homogeneousupertaggersyhich only
differ in scandirection.

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



[ model | ac |
Srinivas(97)trigram | 91.37
Chen(99)trigrammix | 91.79
Chen(99)voting 92.19
Chen(01width=5 91.83
Chen(01)Viterbi 92.25
SNoW left-to-right 92.02
SNoWright-to-left 91.43
SNow 9241

Tablel: Comparisorwith previouswork. Training
datais WSJsection00 thorough24 exceptsection
20 of PTB. Testdatais WSJsection20. Sizeof tag
setis 479.acd = percentagef accurag. Thenum-
berof Srinivas(97)is basednfootnotel of (Chenet
al., 1999). The numberof Chen(01)width=5is the
resultof a beamsearchon Model 8 with the width
of 5.

| model | acd(22) | acd%(23) |
Xia(01) trigram 83.60 84.41
SNoW left-to-right | 86.01 86.27

Table2: Resultson auto-etractedLTAG grammar
Trainingdatais WSJsection02thorough21 of PTB.

Testdatais WSJsection22 and23. Sizeof supertag
setis 2920.ac% = percentagef accurag.

tarytreesin Xia'sgrammarGs, sothatthesupertags
aremorespecializedandhencethereis muchmore
ambiguity in supertagging.We have experimented
with our modelon G5 andherdatasetWe train our
left-to-rightmodelon WSJsection02 through21 of
PTB, andteston section22 and23. We achieve an
averageerror reductionof 13.0%. The reasonwhy
the accurag is ratherlow is that systemausing G
have to copewith much more ambiguitiesdue the
large sizeof the supertagset. Theresultsareshavn
in Table2.

We test on both normalizedand unnormalized
modelswith bothhandcodedsupertagetandauto-
extracted supertagset. We use the left-to-right
SNoW modelin theseexperiments. The resultsin
Table 3 shawv that skippingthe local normalization
improves performancean all the systems. The ef-
fectof skippingnormalizationis moresignificanton
auto-etractedtags. We think this is becausesparse

| tagset| size | norm?| acd%(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: Experimenton normalizedandunnormal-
ized modelsusing left-to-right SNoW supertagger
size = size of the tag set. norm? = normalizedor
not. acd = percentagef accurag on section20,
22 and 23. auto= auto-&tractedtag set. hand=
handcodedtagset.

datais morevulnerableto thelabelbiasproblem.

6 Application to NP Chunking

Now we comebackto the NP chunking problem.
The standarddatasetof NP chunking consistsof
WSJsectionl5-18astraindataandsection20 astest
data. In our approachwe substitutethe supertags
for the POStagsin the dataset.The new datalook

asfollows.
For B.Pnxs O
the B.Dnx |
nine B.Dnx |

months A_NXN |

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

WefirstusethefastTBL (NgaiandFlorian,2001),
a TransformatiorBasedLearningalgorithm, to re-
peatRamsha and Marcus’ experiment,and then
apply the sameprogramto our nev dataset.Since
sectionl5-18andsection20 arein thestandardiata
setof NP chunking,we needto avoid usingthese
sectionsas training datafor our supertagger We
have trainedanothersupertaggethat is trainedon
776K wordsin WSJsection02-14and21-24,andit
is tunedwith 44K wordsin WSJsection19. We use
this supertaggeto supertagsection15-18andsec-
tion 20. We train an NP Chunler on section15-18
with fast TBL, andtestit on section20.

Thereis asmallproblemwith thesupertagetthat
we have beenusing,asfar asNP chunkingis con-
cerned.Two wordswith differentPOStagsmay be
taggedwith thesamesupertagFor examplebothde-
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
SNOWSTAG | 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. Training datais
WSJsectionl5-18of PTB. Testdatais WSJsection
20. A = Accuray of IOB tagging. P = NP chunk
Precision.R = NP chunkRecall. F = F-score Brill-
POS= fast TBL with Brill' s POStags. Tri-STAG =
fast TBL with supertaggiven by Srinivas’ trigram-
basedsupertagger SNOWSTAG = fast TBL with
supertaggjiven by our SNoW supertaggerSNoW
STAG2 = fast TBL with augmentedupertaggiven
by our SNoW supertaggerGOLD-POS= fast TBL
with gold standardPOStags. GOLD-STAG = fast
TBL with gold standardsupertags.

of NP Chunking. As a solution,we useaugmented
supertaggshat have the POStag of the lexical item
specified. An augmentedsupertagcan also be re-
gardedasconcatenationf asupertaganda POStag.

For B_Pnxs(IN) 0]
the B_Dnx(DT) I
nine B_Dnx(CD) I

months A_NXN(NNS) |

The resultsare shavn in Table4. The system
using augmentedsupertagsachieves an F-scoreof
92.95%, or an error reductionof 11.8% belov the
baselineof usingBrill POStags.Althoughthesewo
systemsare both trainedwith the sameTBL algo-
rithm, we implicitly emplgy morelinguistic knowl-
edgeasthe learningbias whenwe train the learn-
ing machinewith supertagsSupertagencodanore
syntacticainformationthanPOStagdo.

For example,in the sentencé hreeleadingdrug
companies.., the POStag of leading is VBG, or
presentparticiple. Basedon the local context of
leading, Threecanbethe subjectof leading How-
ever, the supertagf leadingis B_An, which repre-
sentsa modifier of a noun. With this extra informa-
tion, the chunler caneasilysolve theambiguity We
find mary instancedik e thisin thetestdata.

It is importantto note that the accurag of su-
pertagitself is much lower than that of POStag
while theuseof supertag$felpsto improve theover
all performance On the otherhand,sincethe accu-
ragy of supertaggings ratherlower, thereis more
roomleft for improving.

If we usegold standardPOStagsin the previ-
ousexperiment,we canonly achiare an F-scoreof
93.34%. However, if we usegold standardsupertags
in our previous experiment,the F-scoreis as high
as 95.18%. This tells us hov much room there
is for further improvements. Improvementsin su-
pertaggingnaygive riseto furtherimprovementsn
chunking.

7 Conclusions

We have proposedthe use of supertagsn the NP
chunkingtaskin orderto usemore syntacticalde-
pendenciesvhich areunavailablewith POStags.In
orderto train asupertaggewith alargercontet, we
have proposedinovel methodof applyingSNowWto
thesequentiamodelandhave appliedit to supertag-
ging. Our algorithmtakesadwantageof rich feature
sets,avoids the sparse-dataroblem,andforcesthe
learning algorithm to focus on the difficult cases.
Beingawareof the factthat our algorithmmay suf-
fer from the label bias problem we have usedtwo
methodgo copewith this problem,andachiezedde-
sirableresults.

We have testedour algorithmson both the hand-
codedtag setusedin (Chenet al., 1999) and su-
pertagsextractedfor PennTreebank(PTB)On the
samedatasefsthatof (Chenetal., 1999),our new
supertaggeachievesanaccuray of 92.41%. Com-
paredwith the supertaggera/ith the samedecoding
compl«ity (Chen,2001),our algorithmachieresan
errorreductionof 7.1%.

We repeatRamsha and Marcus’ Transforma-
tion BasedNP chunking (Ramsha and Marcus,
1995) test by substitutingsupertagdor POS tags
in the dataset. The use of supertagsn NP chunk-
ing givesrise to almost1% absolutencreasegfrom
92.03% 10 92.95%) in F-scoreunderTransformation
BasedLearning(TBL)frame, or an error reduction
of 11.8%.

Theaccurag of 92.95% with ourindividual TBL
chunleris closeto resultsof POS-tag-baseslystems



using advancedmachinelearningalgorithms,such
as 93.34% by voted MBL chunlers (Sang,2002),
92.8% by SNoW chunler (Mufiozetal.,1999).The
benefitof usinga supertaggers obvious. The su-
pertaggeprovidesanopportunityfor advancedma-
chine learning techniquesto improve their perfor
manceon chunkingtasksby exploiting more syn-
tacticinformationencodedn the supertags.
To sumup, the supertaggin@lgorithmpresented

hereprovides an effective and efficient way to em-
ploy syntacticinformation.
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