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Abstract

This paper describesa system for the
CoNLL-2005 SharedTask on Semantic
Role Labeling. We trained two parsers
with the training corpusin which the se-
mantic argumentinformation is attached
to theconstituentlabels,we thenusedthe
resulting parsetreesas the input of the
pipelinedSRL system.We presentour re-
sults of combiningthe output of various
SRLsystemsusingdifferentparsers.

1 Intr oduction

Semanticparsing,identifyingandclassifyingthese-
manticentitiesin context andtherelationsbetween
them,potentiallyhasgreatimpactonits downstream
applications,suchas text summarization,question
answering,andmachinetranslation.As a result,se-
manticparsingcould be an importantintermediate
stepfor naturallanguagecomprehension.In thispa-
per, we investigatethetaskof SemanticRoleLabel-
ing (SRL): Givena verbin a sentence,thegoalis to
locatethe constituentswhich areargumentsof the
verb, and assignthem appropriatesemanticroles,
suchas,Agent,Patient,andTheme.

Previous SRL systemshave explored the effects
of usingdifferentlexical features,andexperimented
on different machinelearning algorithms.(Gildea
andPalmer, 2002;Pradhanetal.,2005;Punyakanok
et al., 2004)However, theseSRL systemsgenerally
extract featuresfrom sentencesprocessedby a syn-
tactic parseror other shallow parsingcomponents,

suchasachunkerandaclauseidentifier. As aresult,
the performanceof the SRL systemsreliesheavily
on thosesyntax-analysistools.

In orderto improve thefundamentalperformance
of an SRL system,we trainedparserswith training
datacontainingnot only syntacticconstituentinfor-
mationbut alsosemanticargumentinformation.The
new parsersgeneratemorecorrectconstituentsthan
that trainedon puresyntacticinformation. Because
thenew parsergeneratedifferentconstituentsthana
puresyntacticparser, wealsoexplorethepossibility
of combiningtheoutputof severalparserswith the
helpof avotingpost-processingcomponent.

This paper is organizedas follows: Section 2
demonstratesthe componentsof our SRL system.
Weelaboratetheimportanceof traininganew parser
andoutlineourapproachin Section3 andSection4.
Finally, Section5 reportsanddiscussestheresults.

2 SemanticRoleLabeling: the
Ar chitecture

OurSRLsystemhas5 phases:Parsing,Pruning,Ar-
gumentIdentification,ArgumentClassification,and
PostProcessing.The ArgumentIdentificationand
Classificationcomponentsaretrainedwith Sec02-
21of thePennTreebankcorpus.

2.1 Parsing

Previous SRL systemsusuallyusea puresyntactic
parser, suchas(Charniak,2000; Collins, 1999), to
retrievepossibleconstituents.Oncetheboundaryof
a constituentis defined,thereis no way to change
it in later phases.Thereforethe quality of the syn-
tactic parserhasa major impact on the final per-
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formanceof an SRL system,andthe percentageof
correctconstituentsthat is generatedby thesyntac-
tic parseralsodefinesthe recall upperboundof an
SRLsystem.In orderto attackthisproblem,in addi-
tion to Charniak’s parser(Charniak,2000),our sys-
tem combinetwo parserwhich aretrainedon both
syntacticconstituentinformationandsemanticargu-
mentinformation.(SeeSection3)

2.2 Pruning

Given a parsetree,a pruningcomponentfilters out
the constituentswhich are unlikely to be semantic
argumentsin orderto facilitatethetrainingof theAr-
gumentIdentificationcomponent.Our systemuses
the heuristicrules introducedby (Xue andPalmer,
2004).Theheuristicsfirst spottheverbandthenex-
tractall thesisternodesalongtheverbspineof the
parsetree.We expandthecoverageby alsoextract-
ing all the immediatechildrenof an S, ADVP, PP
andNP node.This stagegenerallyprunesoff about
80% of the constituentsgiven by a parser. For our
newly trainedparsers,we also extract constituents
which have a secondaryconstituentlabel indicating
theconstituentin questionis anargument.

2.3 Ar gument Identification and Classification

We have asour ArgumentIdentificationcomponent
a binary maximum-entropy classifierto determine
whether a constituentis an argument or not. If
a constituentis taggedas an argument,the Argu-
ment Classificationcomponent,which is a multi-
classmaximum-entropy classifier, would assignit
a semanticrole. The implementationof both the
ArgumentIdentificationand Classificationcompo-
nentsmakesuseof theMallet package1.

The lexical featureswe use to train thesetwo
componentsaretakenfrom(XueandPalmer, 2004).

We trained the ArgumentIdentificationcompo-
nent with the following single features: the path
from the constituentto the verb, the head word of
the constituentand its POS tag, and the distance
betweenthe verb and the constituent,and feature
combinations: theverbandthephrasaltypeof the
constituent,theverbandtheheadword of thecon-
stituent.If theparentnodeof theconstituentis a PP
node,thenwe alsoincludetheheadword of thePP

1http://mallet.cs.umass.edu

nodeandthefeaturecombinationof theverbandthe
headwordof thePPnode.

In addition to the featureslisted above, the Ar-
gumentClassificationcomponentalsocontainsthe
following features: the verb, the first and the last
content word of the constituent,the phrasal type
of the left sibling and the parentnode,voice (pas-
siveor active),position of theconstituentrelative to
theverb,thesubcategorizationframe, andthesyn-
tactic frame which describesthesequentialpattern
of thenounphrasesandtheverbin thesentence.

2.4 PostProcessing

Thepostprocessingcomponentmergesadjacentdis-
continuousargumentsand marks the R-arguments
basedon thecontentwordandphrasetypeof thear-
gument. Also it filters out argumentsaccordingto
thefollowing constraints:

1. Therearenooverlappingarguments.

2. Thereareno repeatingcorearguments.

In orderto combinethedifferentsystems,wealso
includea voting scheme.Thealgorithmis straight-
forward: SupposethereareN participatingsystems,
we pick argumentswith N votes,N-1 votes..., and
finally 1 vote. The way to breaka tie is basedon
the confidencelevel of the argumentgiven by the
system. Whenever we pick an argument,we need
to checkwhetherthis argumentconflictswith pre-
viously selectedargumentsbasedon theconstraints
describedabove.

3 Training a Parser with Semantic
Ar gument Inf ormation

A good start is always important,especiallyfor a
successfulSRLsystem.Insteadof passively accept-
ing candidateconstituentsfrom the upstreamsyn-
tactic parser, an SRL systemneedsto interactwith
theparserin orderto obtainimprovedperformance.
Thismotivatedourfirst attemptwhich is to integrate
syntacticparsingand semanticparsingas a single
step,andhopefully asa resultwe would be ableto
discardthe SRL pipeline. The idea is to augment
thePennTreebank(Marcuset al., 1994)constituent
labelswith the semanticrole labelsfrom the Prop-
Bank(Palmeretal.,2005),andgeneratearich train-
ing corpus. For example, if an NP is also an ar-
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gumentARG0 of a verb in the given sentence,we
changethe constituentlabel NP into NP-ARG0. A
parserthereforeis trainedon this new corpusand
shouldbeableto serveasanSRLsystematthesame
timeaspredictingaparse.

However, this ideal approachis not feasible.
Giventhefactthattherearemany differentsemantic
role labelsandthesameconstituentcanbedifferent
argumentsof differentverbsin the samesentence,
thenumberof constituentlabelswill soongrow out
of controlandmaketheparsertrainingcomputation-
ally infeasible.Not to mentionthatanchorverb in-
formationhasnot yet beenaddedto theconstituent
label, and generaldatasparseness.As a compro-
mise,we decidedto integrateonly ArgumentIden-
tification with syntacticparsing. We generatedthe
training corpusby simply markingthe constituents
whicharealsosemanticarguments.

4 Parsing Experiments

We trained a maximum-entropy parser based
on (Ratnaparkhi, 1999)usingthe OpenNLPpack-
age2. We startedour experimentswith this specific
parsingimplementationbecauseof its excellentflex-
ibility that allows us to testdifferent features.Be-
sides,thisparsercontainsfour clearparsetreebuild-
ing stages:TAG, CHUNK, BUILD, and CHECK.
This parsingstructureoffersusan isolatedworking
environmentfor eachstagethathelpsusconfinenec-
essaryimplementationmodificationsandtracedown
implementationerrors.

4.1 Data Preparation

Following standardpractice,we useSec02-21 of
thePennTreebankandthePropBankasour training
corpus. The constituentlabelsdefinedin the Penn
Treebankconsistof a primarylabelandseveralsec-
ondarylabels.A primarylabelrepresentsthemajor
syntacticfunctioncarriedby theconstituent,for in-
stance,NP indicatesa nounphraseandPPindicates
a prepositionalphrase.A secondarylabel, starting
with ”-”, representseitheragrammaticalfunctionof
a constituentor a semanticfunction of an adjunct.
For example,NP-SBJmeansthe noun phraseis a
surfacesubjectof thesentence;PP-LOCmeansthe
prepositionalphraseis a location.Althoughthesec-

2http://sourceforge.net/projects/opennlp/

ondarylabelsgive us much to encourageinforma-
tion, becauseof datasparsenessproblemandtrain-
ing efficiency, we strippedoff all the secondaryla-
belsfrom thePennTreebank.

After strippingoff the secondarylabelsfrom the
PennTreebank,we augmentthe constituentlabels
with the semanticargumentinformation from the
PropBank. We adoptedfour different labels,-AN,
-ANC, -AM, and -AMC. If the constituentin the
PennTreebankis a core argument,which means
theconstituenthasoneof thelabelsof ARG0-5and
ARGA in thePropBank,we attach-AN to thecon-
stituentlabel.Thelabel-ANC meanstheconstituent
is a discontinuouscore argument. Similarly, -AM
indicatesan adjunct-like argument,ARGM, and -
AMC indicatesadiscontinuousARM.

For example,the sentencefrom Sec02, [ARG0
The luxury auto maker] [ARGM-TMP last year]
sold [ARG1 1,214 cars] [ARGM-LOC in the U.S.],
would appearin the following format in our train-
ing corpus: (S (NP-AN (DT The) (NN luxury) (NN
auto) (NN maker) ) (NP-AM (JJ last) (NN year) )
(VP (VBD sold) (NP-AN (CD 1,214) (NNS cars) )
(PP -AM (IN in) (NP (DT the) (NNP U.S.) ) ) ) )

4.2 The 2 Differ ent Parsers

Since the core argumentsand the ARGMs in the
PropBankloosely correspondto the complements
andadjunctsin the linguisticsliterature,we arein-
terestedin investigating their individual effect on
parsingperformance.We trainedtwo parsers.An
AN-parserwas trainedon the PennTreebankcor-
pusaugmentedwith two semanticargumentlabels:
-AN, and-ANC. AnotherAM -parserwastrainedon
labels-AM, and-AMC.

5 Resultsand Discussion

Table 1 shows the resultsafter combiningvarious
SRL systemsusingdifferentparsers.In orderto ex-
ploretheeffectsof combining,we includetheover-
all performanceon thedevelopmentdatasetof indi-
vidualSRLsystemsin Table2.

The performanceof Semantic Role Labeling
(SRL) is determinedby the quality of the syntactic
informationprovided to the system. In this paper,
we investigate that for the SRL task whetherit is
moresuitableto usea parsertrainedwith datacon-
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Precision Recall F�����

Development 75.70% 69.99% 72.73
TestWSJ 77.51% 72.97% 75.17
TestBrown 67.88% 59.03% 63.14
TestWSJ+Brown 76.31% 71.10% 73.61

TestWSJ Precision Recall F�����

Overall 77.51% 72.97% 75.17
A0 85.14% 77.32% 81.04
A1 77.61% 75.16% 76.37
A2 68.18% 62.16% 65.03
A3 66.91% 52.60% 58.90
A4 77.08% 72.55% 74.75
A5 100.00% 40.00% 57.14
AM-ADV 59.73% 51.58% 55.36
AM-CAU 67.86% 52.05% 58.91
AM-DIR 65.67% 51.76% 57.89
AM-DIS 80.39% 76.88% 78.59
AM-EXT 78.95% 46.88% 58.82
AM-LOC 57.43% 55.37% 56.38
AM-MNR 54.37% 56.10% 55.22
AM-MOD 96.64% 94.01% 95.31
AM-NEG 96.88% 94.35% 95.59
AM-PNC 41.38% 41.74% 41.56
AM-PRD 50.00% 20.00% 28.57
AM-REC 0.00% 0.00% 0.00
AM-TMP 77.13% 74.15% 75.61
R-A0 86.82% 85.27% 86.04
R-A1 67.72% 82.05% 74.20
R-A2 46.15% 37.50% 41.38
R-A3 0.00% 0.00% 0.00
R-A4 0.00% 0.00% 0.00
R-AM-ADV 0.00% 0.00% 0.00
R-AM-CAU 0.00% 0.00% 0.00
R-AM-EXT 0.00% 0.00% 0.00
R-AM-LOC 100.00% 42.86% 60.00
R-AM-MNR 33.33% 33.33% 33.33
R-AM-TMP 78.57% 63.46% 70.21
R-C-A1 0.00% 0.00% 0.00
V 97.35% 95.54% 96.44

Table1: Overall results(top)anddetailedresultson
theWSJtest(bottom).

taining both syntacticbracketing and semanticar-
gumentboundaryinformationthana puresyntactic
one.

The resultsof the SRL systemsusing the AM-
or AN- parsersarenot significantlybetterthanthat
usingthe Charniak’s parser. This might dueto the
simple training mechanismof the baseparsingal-
gorithmwhich theAM- andAN- parsersexploit. It
alsosuggestsour futurework to applytheapproach
to moresophisticatedparsingframeworks. By then,
We show that we can boost the final performance
by combiningdifferentSRL systemsusingdifferent
parsers,giventhat thecombinationalgorithmis ca-

Precision Recall F�����

AN-parser 71.31% 63.68% 67.28
AM-parser 74.09% 65.11% 69.31
Charniak 76.31% 64.62% 69.98
All 3 combined 75.70% 69.99% 72.73

Table2: Overall resultson the developmentsetof
individualSRLsystems.

pableof maintainingthe quality of the final argu-
ments.
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