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Abstract

We describea systemfor semantiaole assignment
built as part of the Senseal Il task, basedon an
off-the-shelfparselandMaxentandMemory-Based
learners.We focuson generalisatiorusing several
similarity measureso increasehe amountof train-
ing dataavailableandonthe useof EM-basedtclus-
tering to improve role assignment.Our final score
is Precision=73.6%Recall=59.4%F=65.7).

1 Intr oduction

This paperdescribesa study in semanticrole la-
belling in the contet of the Senseal Il task, for
which the training and test datawere both dravn
from the currentFrameNetreleasgJohnsoret al.,
2002). We concentratedbn two questions: first,
whetherrole assignmentanbeimprovedby gener
alisationovertraininginstancesisingdifferentsim-
ilarity measuresand second,the impact of EM-
basedclustering,bothin derving moreinformative
selectionalpreferenceeaturesandin the generali-
sationsmentionedabove. The basisof our experi-
mentswas formed by off-the-shelfstatisticaltools
for dataprocessingandmodelling.

After listing our datapreparationsteps(Sec.2)
andfeatureqSec.3), we describeour classification
procedureandthelearnersve used(Sec.4). Sec.5
outlinesour experimentsn similarity-basedyener
alisationsandSection6 discussesur results.

2 Dataand Instances

Parsing. To tag and parsethe data, we used
LoPar (Schmid, 2000), a probabilistic context-

free parser which comeswith a Head-L«icalised
Grammarfor English (Carroll and Rooth, 1998).
We consideredonly the most probable parsefor

eachsentenceand simplified parsetreesby elim-

inating unary nodes. The resulting nodesform

the instancesof our classification. We usedthe
Stuttgart TreeTagger(Schmid, 1994) to lemmatise
constituenheads.
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Projection of role labels. FrameNeprovidesse-
mantic roles as characteroffsets. We labelled
thoseinstanceqi.e. nodesin the parsetree) with
gold standardsemantiaoleswhich correspondetb
roles’ maximalprojections 13.95%o0f rolesin the
training corpusspannedmore than one parsetree
node. Figure 1 shavs an examplesentencdor the
AWARENESS frame. The nodes’respectie seman-
tic role labelsaregivenin smallcaps,andthetamget
predicates markedin boldface.

~ ~N

(NP (CocNiZER)] (VP (NONE))
Peter
does not
o
the  answer

Figurel: Exampleparsetreewith role labels

Semanticclustering. We usedclusteringto gen-
eraliseover possibldfillers of roles.In afirst model,
we derived a probability distribution p(y) for pairs
y = (y1,y2), wherey; is atamget:rolecombination
andys is the headlemmaof arole filler. The key

ideais thaty; andy, aremutuallyindependenthut
conditionedon anunobseredclassc € C'. In this
manneywe definethe probabilityof y = (y1,12) €

yl X yg as:

py) = > _pley) =Y ple)p(ylc)
ceC ceC
= > p(e)p(yile)p(yzle)
ceC

Estimationwas performedusing a variant of the
expectation-maximisationalgorithm (Prescheret
al., 2000).We usedthis modelbothasafeatureand
in the generalisatiordescribedn Sec.5. In a sec-
ondmodel,we clusteredpairsof target:roleandthe



syntacticpropertiesof the role fillers; the resulting
modelwasonly usedfor generalisation.

3 Features

Constituent features. The first group of fea-
turesrepresentgpropertiesof instancedi.e. con-
stituents) We usedthe phrasaypeandheademma
of eachconstituentits prepositionjf any (otherwise
NONE), its relative positionwith respecto thetar-
get (left, right, overlapping),the phrasetype of its
mothernode,andthe simplified path from the tar
getto the constituent:all phraselypesencountered
ontheway, andwhethereachstepwasup or down
Two further featuresstatedwhetherthis path had
beenseenas a frame elementin the training data,
andwhetherthe constituentvassubcatgorisedfor
(determinedheuristically).

Sentenceevel features. The secondype of fea-
ture describedthe contet of the currentinstance:
The target word was characterisedy its lemma,
POS, voice, subcat frame (determinedheuristi-
cally), andits governingverb; we alsocompileda
list of all prepositionsn thesentence.

Semantic features. The third type of features
madeuseof EM-basedclustering,statingthe most
probablelabel assignedto the constituentby the
clusteringmodelaswell asa confidencescorefor
this decision.

4 Classification

We first describeour generalprocedure then the
two differentmachindearningsystemave used.

Classification Procedure. As the semanticrole
labelsof FrameNetare frame-specificwe decided
to train oneclassifierfor eachframe. To copewith

thelarge amountof constituentdearingnorole la-

bel, we dividedthe proceduranto two stepsdistin-
guishingargumentidentificationand argumentla-

belling. First, agumentidentification decidesfor

all constituentsvhetherthey arerole-bearersr not.
Then,agumentlabelling assignssemanticrolesto

thosesequenceslassifiedas role-bearing. In our
example(Fig. 1), thefirst stepof classificationde-
ally would single out the two NPsaspossiblerole
fillers, while thesecondstepwould assigrnthe CoG-

NI1ZER andCONTENT roles.

Maximum Entropy Learning. Ourfirstclassifier
wasa log-linearmodel, wherethe probability of a
classc givenanfeaturevectorv is definedas

— 1 a;fi(v,c
plc|t) = EHe ifi(v,c)

where Z is a normalisationconstant, f;(v, c) the
value of featurew; for classe, and «; the weight
assignedo f;. Themodelis trainedby optimising
theweightsa; subjectto themaximumentropycon-
straintwhich ensureghat the leastcommittalopti-

mal modelis learnt. Maximum Entropy (Maxent)
modelshave beensuccessfullyappliedto semantic
role labelling (Fleischmaret al., 2003). We used
theest i mat e softwarefor estimationwhich im-

plementghe LMVM algorithm(Malouf, 2002)and
waskindly provided by RobMalouf.

Memory-based Learning. Our second learner
implementsan instanceof a memory-basedearn-
ing (MBL) algorithm, namelythe k-nearesneigh-
bour algorithm. This algorithm classifiestest in-
stancedy assigninghemthelabelof themostsim-
ilar examplesfrom the training set. Its parameters
arethe numberof training examplesto be consid-
ered,the similarity metric, andthe featureweight-
ing scheme.We usedthe implementatiorprovided
by TIMBL (Daelemangtal.,2003)with thedefault
parameterd,e. k=1 andthe weightedoverlapsimi-
larity metricwith gain ratio featureweighting.

5 Similarity-based Generalisationover
Training Instances

FrameNetrole labels are frame-specific. This
makes it necessaryto either train individual clas-
sifierswith little training dataper frame, or train a
largeclassifieiwith mary sparselassesSooneim-
portantquestionis whetherwe cangeneslise, i.e.
exploit similaritiesbetweerframeelementsto gain
moretrainingdata.

We experimentedwith different generalisation
methodsall following thesamebasicidea:If frame
elementAl of frame A andframe elementB1 of
frame B aresimilar, we re-useAl training dataas
B1 instancesln this processwe maskout features
whichmightharmlearningfor A1, suchastargetsor
sentencdevel featurespr semantideaturesn case
of syntacticsimilarities (and vice versa). We ex-
ploredthreetypesof role similarities,two basedon
symbolicinformationfrom the FrameNetdatabase,
andonestatistical.

Frame Hierarchy. FrameNetspecifiesframe-to-
framerelationsamongthemthreethatorderframes
hierarchically:Inheritance theUsesrelationof par
tial inheritance,and the Subfamerelation linking
largersituationframesto theirindividual stagesAll
threeindicatesemanticsimilarity between(at least
some)frameelementsin somecasesorresponding
frame elementsare also syntacticallysimilar, e.g.
theVictim role of Cause_harmandthe Evalueerole



of Corporal_punishmerdrebothtypically realised
asdirectobjects.

Peripheral frame elements. FrameNet distin-

guishescore, extrathematic,and peripheralframe
elements. Peripheralframe elementsare frame-
independenadjuncts;howvever the sameframe el-

ementmay be peripheralto oneframeandcoreto

another So we took a peripheralframe element
assimilar to the sameperipheralframe elementin

other frames: Given an instanceof a peripheral
frame element,we usedit astraining instancefor

all framesfor which it wasmarked asperipheralin

the FrameNetatabase.

Group 6: puzzle:Experiencer_obj.Stimuluscrease:Change_posi-
tion_on_a_scale.ltempraise:Judgment_communication.Communi-
cator travel:Travel. Traveler, ...
Group 11: lodge:Residence.Locatiorscof:Judgment_communit
cation.Ealuee,chug:Motion_noise.&h, emege:Departing.Source,

Figure 2. EM-basedsyntacticclustering: excerpts
of 2 clusters

EM-based clustering. The EM-basedclustering
methodsintroducedin Sec.2 measurethe “good-

nessof fit” betweena target word and a potential
role filler. We now say that two frame elements
are similar if they are appropriatefor somecom-

mon cluster For the headlemmaclusteringmodel,

we definetheappropriateness,(t¢r) of atamget:role
pairtr for a clusterc asfollows:

2

¢ with f(£,tr)>0

we(tr) = f(0)p(clf)

wherew,(tr) is thetotal frequeny of all headlem-
mas/ thathave beenseenwith t¢r, weightedby the
class-membershiprobability of £ in ¢. This ap-
propriatenessneasurew.(tr) is built on top of the
class-basedrequenciesf (¢)p(c|¢) ratherthan on
thefrequenciesf(¢) or the class-membershiprob-
abilitiesp(c|¢) in isolation: For sometasksthecom-
bination of lexical and semanticinformation has
beenshovn to outperformeachof the singleinfor-
mation sources(Preschetet al., 2000). Our simi-
larity notion is now formalisedasfollows: With a
threshold) asa parametertwo frameelementgry,
tro countassimilarif for someclasse, w.(try) > 6
andw,(tra) > 6.

In the syntacticclusteringmodel,arolefiller was
describedas a combinationof the path from in-
stanceto target, the instances preposition,andthe
tamget voice. The appropriatenessf a tamget:.role
pairis definedasfor theabose model.For timerea-
sons,only verbaltargetswereconsidered.

Figure2 shavs excerptsof two “syntactic” clus-
ters in the form of tamet:frame.role members.
Group6 is a very homogeneougroup, consisting
of rolesthatareusuallyrealisedassubjects.Group
11 containsrolesrealisedas prepositionalphrases,
but with very diverseprepositionsjncludingin, at,
along, andfrom

6 Resultsand Discussion

We first give the final resultsof our systemson the
testsetaccordingo theofficial evaluationsoftware.
Thenwe discussdetailedresultson a development
setwe randomlyextractedfrom thetraining data.

6.1 Final Results

We submittedthe resultsof two models. Onewas
producedusing the maximumentrogy learner in-
cludingall featuresof Sec.3 andwith thethreemost
helpful generalisatiotechniquegEM headlemma,
EM path, and Peripherals).For the secondmodel
we usedthe MBL learnertrainedon all features,
with no additionaltraining dat&. The performance
of thetwo modelsis shavn in Tablel.

Maxent | MBL
Precision| 73.6% | 65.4%
Recall 59.4% | 47.1%
F-score | 65.7 54.8
Coverage| 80.7% | 72.0%
Overlap | 67.5% | 60.2%

Tablel: Testsetresults(official scoringscheme)

6.2 Detailed Results

For adetailedevaluation,werandomlysplit off 10%
of thetrainingdatato form developmensets.In this
section,we reportresultsof two suchsplitsto take
chancevariationinto account.

For timereasonsthisdetailedevaluationwasper
formedusingour own evaluationsoftware,whichis
basedon our internalconstituent-baserepresenta-
tion. This software givesthe sametendenciegim-
provementd deteriorationsastheofficial software,
but absolutevaluesdiffer; so we restrictoursehes
to reportingrelative figures.

Basisfor Comparison. All following modelsare
comparedagainsta setof basicmodelstrainedon
all featuresof Sec.3. Table?2 givesthe resultsfor
thesemodels,usingour own scoringsoftware.

Contrib ution of Features. Wecomputedhecon-
tribution of individual featuresby leaving out each
featurein turn. Table3 showvs theresultsaveraging

1For time reasonsye werenotableto testgeneralisatiorn
the Memory-Based_ earningparadigm.



1stsplit  2ndsplit
Maxent | F=80.02 F=80.86
MBL F=86.43 F=85.66

Table2: Devel setresults(own scoringscheme)

A F-score
Feature MBL | Maxent
heademma 0 0.6
emmclabel 3.9 3.9
emmcprob -0.3 1.8
motherphraseype | -0.7 -0.3
governingverb -0.1 -0.5
is subcatgorized -0.1 -0.5
path 0.2 0.5
pathlength -0.5 -0.5
pathseen 1.6 3.4
preposition 0 -0.3
all preps -0.2 -0.7
phrasaype 1.2 2.2
position 0.5 0.3
scframe 0.1 -0.2
taigetlemma 0 -0.6
targetPOS 0.1 -0.3
voice 0.1 -0.3

Table3: Contribution of eachfeature

over the two splits. The featuresthat contrituted
most to the performancewere the samefor both
learnersthelabelassignedby the EM-basednodel,
thephraseype,andwhetherthe pathhadbeenseen
to leadto a frame element. The relative position
to the target helpedin one MBL and one Maxent
run. Interestingly the Maxent learnerprofits from
the probabilitywith which the EM-basednodelas-
signsits label,while MBL doesnot.

Generalisation. To measurethe effect of each
of the similarity measuredisted in Sec. 5, we
testedthem individually using the Maximum En-
tropy learnerwith all features.

As mentionedabore, training instancesof one
frameweregeneraliseé@ndthenaddedto thetrain-
ing instancesof another retainingonly part of the
featuresin the generalisation. Table 4 shows the
featuresretainedfor each similarity measure,as
well asthe numberof additionalinstancesgener
ated,summedover all frames. We empirically de-
terminedthe optimalparametewvaluesas: For FN-h
(sem)and FN-h (syn) 1 level in the hierarcly; for
EM head aweightthresholdof § = 20, andfor EM
path, aweightthresholdof 6 = 10.

Table 5 gives the improvements made over
the baselinethrough adding data gained by each

FN hierarchy (sem): ~ 10,000instances
headlemma

FN hierarchy (syn): ~ 10,000instances
phrasdype, path,prep.,pathseenjs subcat-
egorised,voice,tagetPOS

Peripherals: ~ 55,000instances
headlemma, phrasetype, path, prep., path
seenjs subcatgorised,voice,tagetPOS
EM head: ~ 1,000,000nstances
headlemma

EM path: ~ 433,000instances
phrasetype, motherphrasetype, path, path
length, prep., path seen,is subcatgorised,
voice,tagetPOS

Table4: Similarity-basedgeneralisation:Features
retainedandnumberof generatednstances

A F-score
Stratgy Split1 | Split2
FN hierarcly (sem)| 0.3 -0.5
FN hierarcly (syn) | -0.2 -0.4
Peripherals 0.2 -0.1
EM head 0.4 0.5
EM path 1.0 0.2

Table5: Contrikution of generalizatiorstratgies

generalisationstratgly.  Results are showvn in
points F-score and individually for both train-
ing/development splits. EM-based clustering
provedto be helpful, shaving boththe highestsin-
gleimprovement(EM path) andthe highestconsis-
tentimprovement(EM head, while all othergener
alisationsshav mixedresults.

Combining the three most promising generali-
sationtechniquegPeripheralsEM head,and EM
path) led to an improvementof 0.7 points F-score
for split 1 and1.1 pointsF-scorefor split 2.

6.3 Discussion.

Feature quality. The featuresthatimproved the
learners’ performancemost are EM-basedlabel,
phrasetype and the “path seenas FE”. The other
featuresdid not shav much impact for us. The
Maxentlearnemwasnegatively affectedby sentence-
level featuressuchasthe subcatirameand®is sub-
categyorised”.

Comparing the learners. In a comparableba-
sic setting (all features, no generalisation),the
Memory-Basedearnereasilyoutperformghe Max-
entlearneraccordingto our scoringscheme How-
ever, the official scoring schemedeterminesthe
Memory-basedearners performanceat morethan



10 pointsF-scorebelon the Maxentlearner We in-
tendto runthe Memory-basedearnerwith general-
isationdatafor amorecomprehensie comparison.

Generalisation. Gildea and Jurafsky (2002) re-
port an improvement of 1.6% through generali-
sation, which is roughly comparableto our fig-
ures. The two stratgies sharethe commonidea
of exploiting role similarities, but the realisations
are corverse: Gildeaand Jurafsly manuallycom-
pactsimilar frameelementsnto 18 abstractframe-
independentoles,whereasve keeptherolesframe-
specificbut augmentthe training datafor eachby
automaticallydiscoveredsimilarities.

Onereasorfor the disappointingperformanceof
theFrameNehierarcly-basedyeneralisatiostrate-
gies may be simply the amountof data,as shavn
by Table4: FN-h (sem)and FN-h (syn)eachonly
yield 10,000 additional instancesas comparedto
around1,000,000for EM head Thatthe reliabil-
ity of the resultsroughly seemso go up with the
numberof additionalinstancesgeneratedPeriph-
erals: ca. 50,000,EM-Path: ca. 400,000)fits this
argumentatiorwell.

The input to the EM path clustersis a tuple of
the path, target voice and prepositioninformation.
In the resulting model, generalisationover voice
worked well, yielding clusterscontainingboth ac-
tive and passve alternationsof similar frame el-
ements. However, prepositionswere distributed
morearbitrarily. While this mayindicateproblems
of clusteringwith morestructuredormsof input, it
mayalsojustbeaconsequencef noisyinput,asthe
prepositionfeaturehasnot hadmuchimpacteither
onthelearners’performance.

The EM head stratgy addslarge amountsof
headlemma instances,which probably alleviates
thesparsedataproblemthatmakestheheadlemma
featurevirtually useless Anotherway of capitalis-
ing on this type of informationwould be to usethe
FN hierarcly generalisatiomo derive moreinputfor
EM-basedclusteringandseeif this indirect use of
generalisatiorstill improves semanticrole assign-
ment. Interestingly the EM headstrate)y andthe
EM-basedclusteringfeature bothgearedat solving
the samesparsedataproblem,do not canceleach
otherout. In futurework, we will try to combinethe
EM headstratgyy with the FrameNethierarcly to
derive moreinput for the clusteringmodelto seeif
this canimprove the presengeneralisatiomesults.

Comparison with CoNLL. We recentlystudied
semantiaole labellingin thecontext of the CoNLL
sharedtask (Baldewein et al., 2004). The two key
differencedo this studywerethatthesemanticoles
in questiorwerePropBankrolesandthatonly shal-

low information was available. Our systemthere
shaved two main differencesto the current sys-
tem: the overall level of accurag waslower, and
EM-basedclusteringdid not improve the perfor
mance. While the performancedifferenceis evi-
dently a consequencef only shallov information
beingavailable,it remainsaninterestingopenques-
tion why EM-basedclusteringcould improve one
systemput nottheothet
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