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Abstract

We describea statisticalapproachto semantic
role labellingthatemploys only shallow infor-
mation. We usea Maximum Entropy learner,
augmentedby EM-basedclusteringto model
the fit betweena verb and its argumentcan-
didate. The instancesto be classifiedare se-
quencesof chunksthatoccurfrequentlyasar-
gumentsin thetrainingcorpus.Ourbestmodel
obtainsanF scoreof 51.70on thetestset.

1 Intr oduction

This paperdescribesa statisticalapproachto semantic
role labelling addressingthe CoNLL sharedtask 2004,
which is basedon the the currentreleaseof the English
PropBankdata(Kingsbury et al., 2002). For further de-
tailsof thetask,see(CarrerasandMàrquez,2004).

Weaddressthemainchallengeof thetask,theabsence
of deepsyntacticinformation,with threemainideas:

� Properconstituentsbeingunavailable,weusechunk
sequencesasinstancesfor classification.

� The classificationis performedby a maximumen-
tropymodel, which canintegratefeaturesfrom het-
erogeneousdatasources.

� We model the fit betweenverb andargumentcan-
didateby clusters inducedwith EM on the training
data,which weuseasfeaturesduringclassification.

Sections2 through4 describethe systems’architec-
ture.First,wecomputechunksequencesfor all sentences
(Sec.2). Then, we classify thesesequenceswith max-
imum entropy models(Sec.3). Finally, we determine
themostprobablechainof sequencescoveringthewhole
sentence(Sec.4). Section5 discussesthe impactof dif-
ferentparametersandgivesfinal results.

2 Chunk SequencesasInstances

All studiesof semanticrole labelling we are aware of
have used constituentsas instancesfor classification.
However, constituentsare not available in the shallow
syntacticinformation provided by this task. Two other
levelsof granularityareavailablein thedata:wordsand
chunks. In a pretest,we found that words are too fine
grained,suchthatlearnersfind it verydifficult to identify
argumentboundarieson theword level. Chunks,too,are
problematic,sinceonethird of theargumentsspanmore
thanonechunk,andfor onetenthof the argumentsthe
boundariesdo not coincidewith any chunkboundaries.

We decidedto usechunk sequencesas instancesfor
classification.They candescribemulti-chunkandpart-
chunk arguments,and by approximatingconstituents,
they allow theuseof linguistically informedfeatures.In
thesentencein Figure1, Britain’s manufacturingindus-
try formsasequenceof typeNP_NP. To makesequences
more distinctive, we conflatewhole clausesembedded
deeperthan the target to S: For the target transform-
ing, we characterisethe sequencefor to boostexports
asS ratherthanVP_NP. An argumentboundaryinside
a chunkis indicatedby the partof speechof the last in-
cludedword: For boostthesequenceis VP(NN).

To determine“good” sequences,we collectedargu-
ment realisationsfrom the training corpus,generalising
them by simple heuristics(e.g. removing anything en-
closedin brackets).Thegeneralisedargumentsequences
exhibit a Zipfian distribution (seeFig. 2). NP is by
far the most frequentsequence,followed by S. An ex-
ample of a very infrequentargumentchunk sequence
is NP_PP_NP_PP_NP_VP_PP_NP_NP (in words: a
bonusin the form of charitabledonationsmadefrom an
employer’s treasury).

The chunksequenceapproachalsoallows us to con-
siderthedividerchunksequencesthatseparatearguments
andtargets. For example,A0s areusuallydivided from
the targetby the emptydivider, while A2 argumentsare



Britain ’s manufacturingindustryis transformingitself to boostexports
NNP POS VBG NN VBZ VBG PRP TO NN NNS
[NP ] [NP ] [VP ] [NP] [VP ] [NP ]

[S ]

Figure1: Partof a sentencewith partof speech,chunkandclauseinformation
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Figure2: Frequency distributionfor the20mostfrequent
sequencesanddividersin thetrainingdata

separatedfrom it by e.g. a typical A1 sequence.Gen-
eraliseddivider chunksequencesseparatingactualargu-
mentsandtargetsin thetrainingsetshow aZipfiandistri-
butionsimilar to thechunksequences(seeFig. 2).

As instancesto beclassified,weconsiderall sequences
whosegeneralisedsequenceanddivider eachappearat
least10 timesfor anargumentin thetrainingcorpus,and
whosegeneralisedsequenceanddivider appeartogether
at least5 times. The first cutoff reducesthe numberof
sequencesfrom 1089to 87, andthe numberof dividers
from 999to 120,giving us581,813sequencesastraining
data(abouttwice as many as words), of which 45,707
areactualargumentlabels. The additionalfilter for se-
quence/dividerpairsreducesthetrainingdatato 354,916
sequences,of which43,622areactualarguments.Wepay
for thefilteringby retainingonly 87.49%of argumentson
thetrainingset(83.32%onthedevelopmentset).

3 Classification

3.1 Maximum Entr opy Modelling

We usea log-linearmodelasclassifier, whichdefinesthe
probabilityof a class� givenanfeaturevector

�� as
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�
is a normalisationconstant,& � �'�)( � 	 the value

of feature� �
for class� , and * �

theweightassignedto & �
.

Themodelis trainedby optimisingtheweights* �
subject

to themaximumentropyconstraintwhichensuresthatthe
leastcommittaloptimalmodelis learnt.Weusedthees-
timate softwarefor estimation,which implementsthe

LMVM algorithm (Malouf, 2002) and was kindly pro-
videdby RobMalouf.

We chosea maximum entropy approachbecauseit
canintegratemany differentsourcesof informationwith-
out assumingindependenceof features. Also, models
with minimal commitmentaregoodpredictorsof future
data.Maxentmodelshavefoundwideapplicationin NLP
during the recentyears;for semanticrole labelling (on
FrameNetdata)see(Fleischmanet al., 2003).

3.2 ClassificationProcedure

Themoststraightforwardprocedurewouldbeto havethe
classifierassignall argumentclassesplus NOLABEL to
sequences.However, this proved ineffective due to the
prevalenceof NOLABEL: Sincethis classmakesupmore
than80%of thetrainingsequences,theclassifierconcen-
tratesonassigningNOLABEL well.

Therefore,we divide the task of automaticsemantic
role assignmentinto two classificationsubtasks:argu-
ment identificationand argumentlabelling. Argument
identificationis a binary decisionfor all sequencesbe-
tweenLABEL (semanticargument)andNOLABEL (no
semanticargument),whichallowsusto pool thefrequen-
ciesof all argumentlabels. Argumentlabelling thenas-
signspropersemanticrolesonly to thosesequencesthat
wererecognisedasLABELs in thefirst step.

3.3 Features

We experimentedwith four typesof features: shallow
(mostly co-occurrenceand distancestatistics),higher-
level (linguistically informed),divider andem(resultsof
theEM-clustering).

Shallow Features. Our shallow features comprise
statisticson thecurrentsequenceandits positionaswell
as on the target: the sequenceitself, the target lemma,
the length of the currentsequencein chunks,its abso-
lute frequency, its position(beforeor after the target,as
first or last sequencein thesentence),its distanceto the
target in questionand its embeddingdepthin compari-
son with the target (with regard to clauseembedding).
We also count how often we have seenthe currentse-
quenceasanargumentfor thecurrenttarget lemma,and
aswhich argument. Other featuresdescribethe context
of thesequence:whetherit is embeddedin anadmissible
sequenceor embedsone,anda two-chunkhistory. We
alsolist theargumentsfor which thesequenceis thebest



candidate,judgingby its frequency.

Higher-Level Features. Our higher-level features
comprise a heuristically determinedsuperchunk label
which is an abstractionof the chunk sequence(one of
NP, VP, PP, S, ADVP, ADJP, andtherestclassTHING),
theprepositionof thesequence(if it eitherstartswith or
is directlyprecededby apreposition),andthelemmaand
part of speechof the heuristically determinedheadof
thesequence.We alsocheckif thesequencein question
is an NP (by its superchunk)directly beforeor after the
target, if the sequencecontainsprepositionsin unusual
positions,if it consistsof the word n’t or not, andif the
targetlemmais passive.

Divider Features. Theseareshallow andhigher-level
featuresrelatedto the divider sequences:the divider it-
self, its superchunk,andwestatewhether, judgingby the
divider, the sequenceis an argument. A similar feature
judgesthisby thecombinationof dividerandsequence.

Features based on EM-Based Clustering. We use
EM-basedclusteringto measurethe fit betweena tar-
getverb,anargumentpositionof theverb,andthehead
lemma(or headnamedentity)of a sequence.

EM-basedclustering,originally introducedfor the in-
ductionof asemanticallyannotatedlexicon(Roothetal.,
1999),regardsclassesashiddenvariablesin the context
of maximumlikelihoodestimationfrom incompletedata
via theexpectationmaximisationalgorithm.

In ourapplication,weaimatderiving aprobabilitydis-
tribution ����+,	 on verb-argumentpairs + from thetraining
data. Using thekey ideathat + is conditionedon anun-
observedclass�.-0/ , we definetheprobabilityof a pair+1�2�'+435(�+�67	 -98 3;: 8 6 as:
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The last line is warrantedby the assumptionthat +C3 and+�6 areindependentandareonly conditionedon � . This
assumptionmakes clusteringfeasiblein the first place.
We usethe EM algorithm to maximisethe incomplete
datalog-likelihood D �FE�GIH���'+
	CJLKM����+
	 asa functionof
theprobabilitydistribution � for agivenempiricalproba-
bility distribution H� .

In two additionalfeatures,wesubstitutetheheadword
by thesequenceanddividercharacterisationrespectively,
using EM clusteringto measurethe fit betweentarget
verb,argumentposition,andsequence(or divider).

4 Finding the BestChain of Sequences

Classificationonly determinesprobableargumentlabels
for individual chunksequences.We still have to deter-

mine themostprobablechain of chunksequences(such
asA0 A1) thatcoversthewholesentence.

Recallthatthereareabout1.6timesasmany sequences
aswords,many of which overlap; therefore,exhaustive
searchingis infeasible. Instead,we first run a beam
searchwith a simpleprobability modelto identify the N
mostprobablechainsof chunksequences.Then,we re-
rankthemto take globalconsiderationsinto account.

Beam Search. For eachsentence,we build an agenda
of partial argument chains. We calculate the proba-
bility of eachchain as O # �QP 3 (RP 6 (7STS7SU	V�XW � O<Y �ZP � 	 ,
therebyassumingindependenceof sequences.For each
sequence,we add the three most probableclassesas-
signedby the argumentlabellingstep. The resultof the
beamsearchare the N mostprobable(accordingto O # )
chainsthat cover the wholesentence.We found that in-
creasingthebeamwidth N to morethan20 increasedper-
formanceonly marginally.

Re-ranking. Due to the independenceassumptionin
thebeamsearch,chainsthatareassignedhigh probabil-
ity may still be globally improbable.We thereforemul-
tiply eachchain’s probability O # by its empiricalproba-
bility O\[ in the training data,using O\[ asa prior. How-
ever, sincethesecountsare still sparse,we exploit the
factthatduplicateargumentlabels(i.e. discontinuousar-
guments)arerelatively infrequentin the PropBankdata
by discountingchainswith duplicateargumentsby a fac-
tor ] , whichwe empiricallyoptimisedas ] �_^
S ` .

5 Experiments and Results

Optimising Step1 (Ar gument Identification). Onthe
developmentset,weexploredtheimpactof differentfea-
turesfrom Section3.3onStep1. Ouroptimalmodelcon-
tainedasshallow features:all exceptthesequence’sposi-
tion; asdividerfeatures:dividersequence;ashigher-level
features:theprepositionandthesuperchunk;asEM fea-
tures:all. Addingmorefeaturesdeterioratedthemodel.

FeatureSets Precision Recall F a -Score
all 0.733 0.601 0.661
all - shallow 0.549 0.149 0.234
all - higher-level 0.683 0.636 0.658
all - divider 0.648 0.617 0.632
all - em 0.681 0.649 0.664
all ( bdcfe5g h�i ) 0.683 0.648 0.665

Table1: Differentmodelsfor argumentidentification
(evaluationscorescategory-specificfor LABEL)

Table1 presentsanoverview of differentcombinations
of featuresets.We optimisedcategory-specificF3 -score
for LABEL, sinceonly exampleswith LABEL are for-
wardedto Step2. Thefirst line (all) shows that themain
problemin the first step is the recall, which limits the



amountof argumentsavailablefor Step2. For this rea-
son,we variedtheparameter* of the classificationpro-
cedure:LABEL( j ) if O � LABEL � j 	.k * . We foundthe
optimalcategory-specificF-scorefor * �l^
S m  , increas-
ing therecallat thecostof precision.

Optimising Step 2 (Ar gument Labelling). We per-
formedthesameoptimisationfor Step2,usingtheoutput
of our bestmodelof Step1 asinput. Thebestmodelfor
Step2 usesall shallow featuresexceptthesequence’spo-
sition; all higher-level featuresbut negation; all divider
features;no EM-clusteringfeatures.Table2 shows the
performanceof thecompletesystemfor differentfeature
sets.We alsogive two upperboundsfor our system,one
causedby the argumentslost in the sequencecomputa-
tion, andonecausedby theargumentsmissedby Step1.

FeatureSets Precision Recall F a -Score
UpperBound1 1.00 0.833 0.833
UpperBound2 1.00 0.648 0.786
all 0.649 0.416 0.507
all - shallow 0.104 0.064 0.079
all - higher-level 0.616 0.393 0.482
all - divider 0.642 0.415 0.504

Table2: Differentmodelsfor argumentlabelling
(basedon thebestargumentidentificationmodel)

The final model on the test set. Our bestmodelcom-
binesthetwo modelsfor Steps1 and2 indicatedin bold-
face.Table3 showsdetailedresultson thetestset.

Discussion. During the developmentphase,we com-
paredtheperformanceof our final architecturewith one
that did not filter out on the basisof infrequentdividers
asoutlinesin Sec.2. Eventhoughwelose7.5%of thear-
gumentsin the developmentsetby filtering, the F-score
improvesby about12%.Thisshowsthatintelligentfilter-
ing is a crucialfactorin a chunksequence-basedsystem.

The main problemfor both subtasksis recall. This
might also be the reasonfor the disappointingperfor-
manceof the EM features,since the small amountof
available training data limits the coverageof the mod-
els. As a consequence,EM featurestendto increasethe
precisionof a modelat the costof recall. At the overall
low level of recall,theadditionof EM featuresresultsin
a virtually unchangedperformancefor Step1 andevena
suboptimalresultfor Step2.

For both of our subtasks,addingmore featuresto a
givenmodelcanharmits performance.Evidently, some
featurespredictthetrainingdatabetterthanthedevelop-
mentdata,andcanmisleadthemodel. This canbeseen
asa kind of overfitting. Therefore,it is importantto test
not only featuresets,but alsosinglefeatures.

The two subtaskshave ratherdifferent profiles. Ta-
ble 1 shows thatStep1 hardlyuseshigher-level features,

Precision Recall Fn�o a
Overall 65.73% 42.60% 51.70
A0 80.70% 56.92% 66.76
A1 59.60% 48.32% 53.37
A2 53.49% 28.99% 37.60
A3 45.10% 15.33% 22.89
A4 60.00% 18.00% 27.69
A5 0.00% 0.00% 0.00
AM-ADV 35.88% 15.31% 21.46
AM-CAU 14.29% 2.04% 3.57
AM-DIR 45.00% 18.00% 25.71
AM-DIS 58.33% 29.58% 39.25
AM-EXT 36.36% 28.57% 32.00
AM-LOC 40.23% 15.35% 22.22
AM-MNR 39.36% 14.51% 21.20
AM-MOD 97.98% 72.11% 83.08
AM-NEG 87.37% 65.35% 74.77
AM-PNC 43.48% 11.76% 18.52
AM-PRD 0.00% 0.00% 0.00
AM-TMP 55.94% 25.84% 35.35
R-A0 0.00% 0.00% 0.00
R-A1 0.00% 0.00% 0.00
R-A2 0.00% 0.00% 0.00
R-A3 0.00% 0.00% 0.00
R-AM-LOC 0.00% 0.00% 0.00
R-AM-MNR 0.00% 0.00% 0.00
R-AM-PNC 0.00% 0.00% 0.00
R-AM-TMP 0.00% 0.00% 0.00
V 0.00% 0.00% 0.00

Table3: Detailsof thebestmodelon thetestset

while thesingledivider featurehassomeimpact.Step2,
on the otherhand,improvesconsiderablywhenhigher-
level featuresareadded;divider featuresarelessimpor-
tant (seeTable2). It appearsthat the split of semantic
role labelling into argumentidentificationandargument
labellingmirrorsanaturaldivisionof theproblem,whose
two partsrely on differenttypesof information.
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