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Abstract

This paper describesa systemfor the

CoNLL-2005 SharedTask on Semantic
Role Labeling. We trained two parsers
with the training corpusin which the se-
mantic argumentinformation is attached
to the constituentabels,we thenusedthe

resulting parsetreesas the input of the

pipelinedSRL system.We presenburre-

sults of combiningthe output of various
SRL systemausingdifferentparsers.

1 Intr oduction

Semantigarsingjdentifying andclassifyingthese-
manticentitiesin context andthe relationsbetween
them,potentiallyhasgreatimpactonits dowvnstream
applications,suchastext summarizationguestion
answeringandmachinetranslation.As aresult,se-
mantic parsingcould be an importantintermediate
stepfor naturallanguagecomprehensionn this pa-

per, we investigatethe taskof SemantidRole Label-

ing (SRL): Givenaverbin asentencethegoalis to

locate the constituentsvhich are argumentsof the

verb, and assignthem appropriatesemanticroles,

suchas,Agent,Patient,andTheme.

Previous SRL systemshave exploredthe effects
of usingdifferentlexical featuresandexperimented
on different machinelearning algorithms. (Gildea
andPalmer, 2002;Pradharetal., 2005;Puryakanok
etal., 2004)However, theseSRL systemsyenerally
extract featuresrom sentenceprocessedy a syn-
tactic parseror other shallav parsingcomponents,

237

Martha Palmer
University of Pennsylania
3330WalnutStreet
PhiladelphiaPA 19104USA
npal mer @i nc. ci s. upenn. edu

suchasachunlerandaclausddentifier As aresult,
the performanceof the SRL systemgelies heavily
onthosesyntax-analysisools.

In orderto improve thefundamentaperformance
of an SRL system we trainedparserswith training
datacontainingnot only syntacticconstitueninfor-
mationbut alsosemantiargumentinformation.The
new parserggeneratenorecorrectconstituentshan
thattrainedon puresyntacticinformation. Because
thenew parsergeneratalifferentconstituentshana
puresyntacticparserwe alsoexplorethe possibility
of combiningthe outputof several parserswith the
help of avoting post-processingomponent.

This paperis organized as follows: Section?2
demonstrateshe componentf our SRL system.
We elaborateheimportanceof traininganew parser
andoutlineourapproachn Section3 andSectiord.
Finally, Section5 reportsanddiscussesheresults.

2 SemanticRole Labeling: the
Ar chitecture

Our SRL systemhas5 phasesParsing,Pruning,Ar-
gumentldentification, ArgumentClassificationand
PostProcessing. The Argumentldentificationand
Classificationcomponentsaretrainedwith Sec02-
21 of thePennTreebankcorpus.

2.1 Parsing

Previous SRL systemsusuallyusea pure syntactic
parsey suchas (Charniak,2000; Collins, 1999),to
retrieve possibleconstituentsOncethe boundaryof
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 percentagef
correctconstituentghatis generatedy the syntac-
tic parseralsodefinesthe recall upperboundof an
SRLsystem.In orderto attackthis problem,in addi-
tion to Charniaks parser(Charniak,2000),our sys-
tem combinetwo parserwhich aretrainedon both
syntacticconstituentnformationandsemantiargu-
mentinformation. (SeeSection3)

2.2 Pruning

Given a parsetree,a pruningcomponenfilters out
the constituentswvhich are unlikely to be semantic
argumentsn orderto facilitatethetrainingof the Ar-
gumentldentificationcomponent.Our systemuses
the heuristicrulesintroducedby (Xue and Palmet
2004).Theheuristicdirst spottheverbandthenex-
tractall the sisternodesalongthe verb spineof the
parsetree. We expandthe coverageby alsoextract-
ing all the immediatechildrenof an S, ADVP, PP
andNP node. This stagegenerallyprunesoff about
80% of the constituentgyiven by a parser For our
newly trainedparserswe also extract constituents
which have a secondarconstituentabelindicating
the constituenin questionis anargument.

2.3 Argumentldentification and Classification

We have asour Argumentldentificationcomponent
a binary maximum-entrop classifierto determine
whethera constituentis an argumentor not. |If
a constituentis taggedas an argument, the Argu-
ment Classificationcomponent,which is a multi-
classmaximum-entrop classifier would assignit
a semanticrole. The implementationof both the
Argumentldentificationand Classificationcompo-
nentsmakesuseof the Mallet packagé.

The lexical featureswe useto train thesetwo
componentaretakenfrom (XueandPalmer 2004).

We trained the Argumentldentification compo-
nentwith the following single features: the path
from the constituento the verb, the head word of
the constituentand its POS tag, andthe distance
betweenthe verb and the constituent,and feature
combinations the verbandthe phrasaltype of the
constituentthe verb andthe headword of the con-
stituent.If the parentnodeof the constituenis a PP
node,thenwe alsoincludethe headword of the PP

http://mallet.cs.umass.edu
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nodeandthefeaturecombinatiorof theverbandthe
headword of the PPnode.

In additionto the featureslisted above, the Ar-
gumentClassificationcomponentalso containsthe
following features: the verb, the first and the last
content word of the constituentthe phrasal type
of the left sibling andthe parentnode, voice (pas-
sive or active), position of the constituentelative to
theverb,thesubcategorizationframe, andthesyn-
tactic frame which describeghe sequentiapattern
of thenounphrasesndtheverbin thesentence.

2.4 PostProcessing

Thepostprocessingomponentneigesadjacentlis-
continuousargumentsand marks the R-aiguments
basednthe contentword andphrasetype of thear
gument. Also it filters out agumentsaccordingto
thefollowing constraints:

1. Thereareno overlappingarguments.
2. Thereareno repeatingcorearguments.

In orderto combinethedifferentsystemswe also
includea voting scheme.The algorithmis straight-
forward: SupposehereareN participatingsystems,
we pick argumentswith N votes,N-1 votes..., and
finally 1 vote. The way to breaka tie is basedon
the confidencelevel of the agumentgiven by the
system. Whenerer we pick an agument,we need
to checkwhetherthis agumentconflicts with pre-
viously selectecargumentshasedon the constraints
describedabore.

3 Training a Parser with Semantic
ArgumentInformation

A good startis always important, especiallyfor a
successfuBRL system.Insteadof passvely accept-
ing candidateconstituentsrom the upstreamsyn-
tactic parsey an SRL systemneedsto interactwith
the parserin orderto obtainimproved performance.
This motivatedour first attemptwhichis to integrate
syntacticparsingand semanticparsingas a single
step,andhopefully asa resultwe would be ableto
discardthe SRL pipeline. The ideais to augment
the PennTreebankMarcusetal., 1994)constituent
labelswith the semanticrole labelsfrom the Prop-
Bank(Palmeretal., 2005),andgeneratarich train-
ing corpus. For example,if an NP is alsoan ar-



gumentARGO of a verb in the given sentencewe

changethe constituentabel NP into NP-ARGO. A

parserthereforeis trainedon this new corpusand
shouldbeableto seneasanSRL systematthesame
time aspredictinga parse.

However, this ideal approachis not feasible.
Giventhefactthattherearemary differentsemantic
role labelsandthe sameconstituentanbe different
argumentsof differentverbsin the samesentence,
the numberof constituentabelswill soongrow out
of controlandmalke theparsetrainingcomputation-
ally infeasible.Not to mentionthatanchorverbin-
formationhasnot yet beenaddedto the constituent
label, and generaldatasparsenessAs a compro-
mise,we decidedto integrateonly Argumentiden-
tification with syntacticparsing. We generatedhe
training corpusby simply markingthe constituents
which arealsosemanti@rguments.

4 Parsing Experiments

We trained a maximum-entrop parser based
on (Ratnaparkhi, 1999) usingthe OpenNLPpack-
age?. We startedour experimentswith this specific
parsingmplementatiorbecausef its excellentflex-

ibility thatallows us to testdifferentfeatures. Be-

sidesthis parsercontaingour clearparsereebuild-

ing stages:TAG, CHUNK, BUILD, and CHECK.

This parsingstructureoffers usanisolatedworking

environmentfor eachstagehathelpsusconfinenec-
essarymplementatiormodificationsandtracedown

implementatiorerrors.

4.1 Data Preparation

Following standardpractice,we use Sec 02-21 of
the PennTreebankandthe PropBankasourtraining
corpus. The constituentabelsdefinedin the Penn
Treebankconsistof a primarylabelandseveral sec-
ondarylabels. A primarylabelrepresentshe major
syntacticfunction carriedby the constituentfor in-
stanceNP indicatesa nounphraseandPPindicates
a prepositionalphrase. A secondaryabel, starting
with ”-”, representgitheragrammaticafunctionof
a constituentor a semanticfunction of an adjunct.
For example, NP-SBJmeansthe noun phraseis a
surfacesubjectof the sentencePP-LOCmeanshe
prepositionaphrases alocation. Althoughthe sec-

2http://sourcefage.net/projects/opennlp/
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ondarylabelsgive us muchto encouragenforma-
tion, becausef datasparsenesgroblemandtrain-
ing efficiency, we strippedoff all the secondarya-
belsfrom the PennTreebank.

After strippingoff the secondanjabelsfrom the
PennTreebank,we augmentthe constituentiabels
with the semanticargumentinformation from the
PropBank. We adoptedfour differentlabels,-AN,
-ANC, -AM, and-AMC. If the constituentin the
Penn Treebankis a core argument, which means
the constituenhasoneof thelabelsof ARG0O-5and
ARGA in the PropBankwe attach-AN to the con-
stituentlabel. Thelabel-ANC meangheconstituent
is a discontinuouscore agument. Similarly, -AM
indicatesan adjunct-like agument, ARGM, and -
AMC indicatesa discontinuousARM.

For example, the sentencdrom Sec02, [ARGO
The luxury auto maker] [ARGM-TMP last year]
sold [ARG1 1,214 cars] [ARGM-LOC in the U.S],
would appearin the following formatin 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 (INin) (NP (DT the) (NNP U.S)))))

4.2 The 2 Differ ent Parsers

Since the core agumentsand the ARGMs in the
PropBankloosely correspondo the complements
andadjunctsin the linguisticsliterature,we arein-
terestedin investigating their individual effect on
parsingperformance.We trainedtwo parsers.An
AN-parserwas trained on the PennTreebankcor-
pusaugmentedvith two semanticargumentlabels:
-AN, and-ANC. AnotherAM -parsemvastrainedon
labels-AM, and-AMC.

5 Resultsand Discussion

Table 1 shows the resultsafter combining various
SRL systemausingdifferentparsersin orderto ex-
plorethe effectsof combining,we includethe over-
all performanceon the developmentdatasetf indi-
vidual SRL systemsn Table2.

The performanceof Semantic Role Labeling
(SRL) is determinedby the quality of the syntactic
information provided to the system. In this paper
we investicate that for the SRL task whetherit is
moresuitableto usea parsentrainedwith datacon-



Precision] Recall | Fg—;
Development 75.70% | 69.99% | 72.73
TestWSJ 77.51% | 72.97% | 75.17
TestBrown 67.88% | 59.03% | 63.14
TestWSJ+Bravn 76.31% | 71.10% | 73.61
TestWSJ | Precision| Recall | Fg—;
Overall 77.51% | 72.97% | 75.17
A0 85.14% | 77.32% | 81.04
Al 77.61% | 75.16% | 76.37
A2 68.18% | 62.16% | 65.03
A3 66.91% | 52.60% | 58.90
A 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 DI R 65.67% | 51.76% | 57.89
AM DI S 80.39% | 76.88% | 78.59
AM EXT 78.95% | 46.88% | 58.82
AM LOC 57.43% | 55.37% | 56.38
AM MN\R 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- Al 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- Al 0.00% | 0.00% | 0.00
[V | 97.35%] 95.54%] 96.44 |

Tablel: Overall results(top) anddetailedresultson
the WSJtest(bottom).

taining both syntacticbracleting and semanticar
gumentboundaryinformationthana puresyntactic
one.

The resultsof the SRL systemsusing the AM-
or AN- parsersarenot significantly betterthanthat
usingthe Charniaks parser This might dueto the
simple training mechanisnof the baseparsingal-
gorithmwhichthe AM- andAN- parsersxploit. It
alsosuggestsur futurework to applythe approach
to moresophisticategharsingframavorks. By then,
We shawv that we can boostthe final performance
by combiningdifferentSRL systemsusingdifferent
parsersgiventhatthe combinationalgorithmis ca-
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Precision| Recall | Fg—:
AN-parser 71.31% | 63.68% | 67.28
AM-parser 74.09% | 65.11% | 69.31
Charniak 76.31% | 64.62% | 69.98
All 3combined| 75.70% | 69.99% | 72.73

Table 2: Overall resultson the developmentset of
individual SRL systems.

pable of maintainingthe quality of the final argu-
ments.
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