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Abstract

In this paperwe introducea semantiaole
labeling systemconstructedn top of the
full syntacticanalysisof text. The la-
beling problemis modeledusing a rich
setof lexical, syntactic,and semanticat-
tributes and learnedusing one-\ersus-all
AdaBoostclassifiers.

Ourresultsindicatethatevenasimpleap-
proachthatassumethateachsemantiar
gumentmapsinto exactly one syntactic
phraseobtainsencouragingperformance,
surpassinghe bestsystemthat usespar
tial syntaxby almost6%.

1 Intr oduction

Most current semanticrole labeling (SRL) ap-

proachescan be classifiedin one of two classes:

approacheshattake advantageof completesyntac-
tic analysisof text, pioneeredy (GildeaandJuraf-
sky, 2002), and approacheshat usepartial syntac-
tic analysis,championedby the previous CoNLL

sharedtask evaluations (Carrerasand Marquez,
2004).

However, to theauthors’knowledge,a clearanal-
ysis of the benefitsof usingfull syntacticanalysis
versuspartial analysisis not yet available. On one
hand,the additionalinformation provided by com-
plete syntaxshouldintuitively be useful. But, on
the other hand, the state-of-the-arof full parsing
is known to be lessrobust and performwaorsethan
the tools usedfor partial syntacticanalysis,which
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would decreasehe quality of the information pro-
vided. Thework presentedn this papercontributes
to this analysisby introducinga modelthat is en-
tirely basedon the full syntacticanalysisof text,

generatedby areal-world parser

2 SystemDescription

2.1 Mapping Argumentsto Syntactic
Constituents

Our approachmapseachamgumentabelto onesyn-
tactic constituent,using a stratgy similar to (Sur
deanuet al., 2003). Using a bottom-upapproach,
we mapeachagumentto thefirst phrasehathasthe
exactsameboundariegndclimb ashigh aspossible
in the syntactictreeacrossunaryproductionchains.
Unfortunately this one-to-onemappingbetween
semanti@mgumentsandsyntacticconstituentss not
always possible. One semanticargumentmay be
mappedto mary syntacticconstituentdueto: (a)
intrinsic differencesbetweenthe syntacticand se-
mantic representationsand (b) incorrectsyntactic
structure.Figure 1 illustrateseachone of thesesit-
uations: Figure 1 (a) shawvs a sentencavhereeach
semanticargumentcorrectly mapsto one syntac-
tic constituent;Figure 1 (b) illustratesthe situation
whereonesemanti@argumentcorrectlymapsto two
syntacticconstituentsandFigurel (c) shavs aone-
to-mary mappingcausedby an incorrectsyntactic
structure:agumentAO mapsto two phrasestheter-
minal “by” andthenounphrase'RobertGoldbeg”,
dueto theincorrectattachmenbf the last preposi-
tional phrase,at the University of California”.
Using the above obsenations, we separateone-
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Figurel: Mappingsemanti@rgumentgo syntacticconstituents(a) correctone—to-onenapping;(b) correct
one-to-mag mapping;(c) one-to-mag mappingdueto incorrectsyntax.

(a) (b) (©)
Training 96.06% | 2.49% | 1.45%
Development| 91.36%| 4.83% | 3.81%

Tablel: Distribution of semanti@mumentsaccord-
ing to their mappingto syntactic constituentsob-
tainedwith the Charniakparser:(a) one-to-one(b)
one-to-map, all syntactic constituentshave same
parent,(c) one-to-may, syntacticconstituentdhave
differentparents.

to-mary mappingsn two classes(a) whenthe syn-
tacticconstituentsnappedo thesemantiargument
have the sameparent(Figure 1 (b)) the mappingis
correctand/or could theoreticallybe learnedby a
sequentialSRL stratgy, and (b) whenthe syntac-
tic constituentgnappedio the sameargumenthave
different parents,the mappingis generallycaused
by incorrectsyntax. Suchcasesarevery hardto be
learneddueto theirregularitiesof the parsererrors.

Table 1 shaws the distribution of semanticargu-
mentsinto one of the above classesusingthe syn-
tactictreesprovidedby the Charniakparser For the
resultsreportedin this paper we modelonly one-
to-one mappingsbetweensemanticargumentsand
syntacticconstituents A subsebf the one-to-mam
mappingsareaddressewvith a simpleheuristic,de-
scribedin Section2.4.

2.2 Features

The featuresincorporatedin the proposedmodel
are inspired from the work of (Gildea and Juraf-
sky, 2002; Surdeanuet al., 2003; Pradhanet al.,
2005; Collins, 1999)and canbe classifiedinto five
classes:(a) featuresthat capturethe internal struc-
tureof thecandidateargument(b) featuresextracted

The syntacticlabel of the candidateconstituent.

The constituentieadword, sufixesof length2, 3, and4,
lemma andPOStag.

Theconstituentontentword, sufixesof length2, 3, and
4,lemma POStag, andNE label. Contentwords,which
addinformative lexicalizedinformationdifferentfrom
theheadword, weredetectedisingthe heuristics

of (Surdeanetal., 2003).

Thefirstandlast constituentvordsandtheir POStags
NE labelsincludedin the candidatghrase.

Binary featurego indicatethe presencef tempoel cue
words, i.e. wordsthatappeaioftenin AM TMP phrases
in training.

For eachTreeBanksyntacticlabelwe addeda featureto
indicatethe numberof sud labelsincludedin the
candidatephrase.

The sequencef syntacticlabelsof the constituent
immediatechildren.

Table2: Argumentstructurefeatures

Thephrasdabel, headword and POStag of the
constituenparenteft sibling, andright sibling.

Table3: Argumentcontet features

from theargumentcontext, (c) featureghatdescribe
propertieof thetarget predicate(d) featureggener
atedfrom the predicatecontet, and(e) featureghat
modelthedistancebetweerthe predicateandthear-
gument.Thesdivefeaturesetsarelistedin Tables2,
3,4,5,and6.

2.3 Classifier

The classifiers used in this paper were devel-
opedusingAdaBoostwith confidencaatedpredic-
tions (Schapireand Singer 1999). AdaBoostcom-
binesmary simple baseclassifiersor rules (in our
casedecisiontreesof depth3) into a single strong
classifierusingaweighted-wtedschemeEachbase
classifieris learnedsequentiallyfrom weightedex-
amplesandtheweightsaredynamicallyadjustedeav-
ery learningiteration basedon the behaior of the



The predicatevord andlemma

Thepredicatevoice We currentlydistinguishfive voice
types:active, passve, copulative, infinitive, andprogressie.
A binaryfeatureto indicateif the predicatds frequent i.e.
it appearsnorethantwice in thetrainingpartition- or not.

Table4: Predicatestructurefeatures

Sub-catgorizationrule, i.e. the phrasestructurerule that
expandgthe predicatdmmediateparente.g.
NP — VBG NN NNS for the predicaten Figurel (b).

Table5: Predicatecontext features

Thepathin the syntactictreebetweertheamgumentphrase
andthe predicateasa chainof syntacticlabelsalongwith
thetraversaldirection(up or down).

Thelengthof the above syntacticpath.

Thenumberof clauseqS* phrases)n the path.
Thenumberof verbphrasegVP) in the path.
Thesubsumptiorcount i.e. thedifferencebetweerthe
depthsin the syntactictreeof theagumentandpredicate
constituentsThis valueis O if thetwo phrasesharethe
sameparent.

Thegoverningcategory, whichindicatesif NP
amgumentsaredominatedoy a sentencedtypical for
subjects)or averbphrasgtypical for objects).

We genealize syntacticpathswith morethan3
elementsisingtwo templates:

(@Arg 1 Ancestor | N; | Pred, whereAr g isthe
argumentiabel,Pr ed is the predicatdabel,Ancest or

is thelabelof thecommonancestarandN; is instantiated
with all thelabelsbetweerPr ed andAncest or in
thefull path;and

(b)Arg T N; T Ancest or | Pred, whereN; is
instantiatedvith all thelabelsbetweerAr g and

Ancest or inthefull path.
Thesurfacedistancebetweerthe predicateandthe
argumentphrasegencodeds: the numberof tokens,verb
terminals(VB* ), commasandcoordinationg§CC) between
theargumentandpredicatephrasesanda binaryfeatureto
indicateif thetwo constituent@areadjacent.

A binaryfeatureto indicateif theamumentstartswith a
predicateparticle, i.e. atokenseenwith theRP* POS
taganddirectly attachedo the predicatdn training.

Table6: Predicate-ggumentdistancdeatures

previously learnedrules.

We trained one-vs-all classifiersfor the top 24
most common argumentsin training (including
R- A* and C- A*). For simplicity we do not la-
bel predicates. Following the strateyy proposed
by (Carreraset al., 2004) we selecttraining exam-
ples(both positive andnegative) only from: (a) the
first S* phrasethat includesthe predicate,or (b)
from phraseghatappeatto the left of the predicate
in the sentence.More than 98% of the aguments
fall into oneof theseclasses.

At predictiontimetheclassifierarecombinedus-

ing asimplegreedytechniquehatiteratively assigns
to eachpredicatethe agumentclassifiedwith the

highestconfidence.For eachpredicatewe consider
as candidatesall AM attributes, but only numbered
attributesindicatedin the corresponding”ropBank
frame.

2.4 Argument ExpansionHeuristics

We addressargumentsthat should map to more
than one terminal phrasewith the following post-
processingheuristic: if an agumentis mappedto
one terminal phrase,its boundariesare extended
to theright to include all terminal phraseghat are
not alreadylabeledasotheragumentdor the same
predicate.For example,after the systemtags“con-
sumer”asthe beginning of an A1 argumentin Fig-
ure 1, this heuristicextendsthe right boundaryof
the AL amgumentto includethe following terminal,
“prices”.

To handle inconsistenciesn the treatmentof
guotesn parsingwe addeda seconcheuristic:argu-
mentsare expandedo include preceding/follaving
guotesif the correspondingairing quoteis already
includedin theargumentconstituent.

3 Evaluation

3.1 Data

We trainedour systemusing positive examplesex-
tractedfrom all trainingdataavailable. Dueto mem-
ory limitations on our developmentmachineswe
usedonly thefirst 500,000neggative examples.n the
experimentgeportedn this paperwe usedthe syn-
tactic treesgeneratedy the Charniakparser The
resultswere evaluatedfor precision,recall, and £
usingthe scoringscript provided by the task orga-
nizers.

3.2 Resultsand Discussion

Table7 presentghe resultsobtainedby our system.
OntheWSJdata,ourresultssurpassvith almost6%
theresultsobtainedby thebestSRL systenthatused
partial syntaxin the CoNLL 2004 sharedaskeval-
uation (Hacioglu et al., 2004). Even thoughthese
numbersare not directly comparable(this years
sharedtask offers more training data),we consider
theseresults encouraginggiven the simplicity of
our system(we essentiallymodel only one-to-one



Precision] Recall | Fg—;
Development 79.14% | 71.57%| 75.17
TestWSJ 80.32% | 72.95% | 76.46
TestBrown 72.41% | 59.67% | 65.42
TestWSJ+Bravn | 79.35% | 71.17% | 75.04
TestWSJ | Precision| Recall | Fg—;
Overall 80.32% | 72.95% | 76.46
A0 87.09% | 85.21% | 86.14
Al 79.80% | 72.23% | 75.83
A2 74.74% | 58.38% | 65.55
A3 83.04% | 53.76% | 65.26
Ad 77.42% | 70.59% | 73.85
A5 0.00% | 0.00% | 0.00
AM ADV 57.82% | 46.05% | 51.27
AM CAU 49.38% | 54.79% | 51.95
AM DI R 62.96% | 40.00% | 48.92
AM DI S 72.19% | 76.25% | 74.16
AM EXT 60.87% | 43.75% | 50.91
AM LOC 64.19% | 52.34% | 57.66
AM MNR 63.90% | 44.77% | 52.65
AM MCD 98.09% | 93.28% | 95.63
AM NEG 96.15% | 97.83% | 96.98
AM PNC 55.22% | 32.17% | 40.66
AM PRD 0.00% | 0.00% | 0.00
AM REC 0.00% | 0.00% | 0.00
AM TVP 79.17% | 73.41% | 76.18
R- A0 84.85% | 87.50% | 86.15
R- Al 75.00% | 71.15% | 73.03
R- A2 60.00% | 37.50% | 46.15
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 | 68.00% | 80.95% | 73.91
R-AM MNR | 30.00% | 50.00% | 37.50
R-AM TMP | 60.81% | 86.54% | 71.43
[V | 0.00%] 0.00%] 0.00]

Table7: Overall results(top) anddetailedresultson
the WSJtest(bottom).

mappingsbetweensemanticagumentsand syntac-
tic constituents).Only 0.14%out of the 75.17%F

measureobtainedon the developmentpartition are
attributed to the agumentexpansionheuristicsin-

troducedn Section2.4.

4 Conclusions

This paperdescribesa semanticrole labeling sys-
tem constructedon top of the completesyntactic
analysisof text. We modelsemanticargumentshat
map into exactly one syntacticphrase(about90%
of all semanticargumentsin the developmentset)
using a rich set of lexical, syntactic,and semantic
attributes.We trainedAdaBoostone-\ersus-alklas-

sifiersfor the 24 mostcommonargumenttypes.Ar-
gumentsthat map to more than one syntacticcon-
stituentare expandedwith a simple heuristicin a
post-processingtep.

Ourresultssurpassvith almost6%theresultsob-
tainedby bestSRL systenthatusedpartialsyntaxin
the CoNLL 2004 sharedtask evaluation. Although
thetwo evaluationsarenot directly comparablalue
to differencesn training setsize,the currentresults
areencouragingjiventhesimplicity of ourproposed
system.
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