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Abstract

Wedescribeagraph-basedapproachto Sce-
nario TemplateCreation,which is the task
of creatinga representationof multiple re-
latedevents,suchasreportsof differenthur-
ricaneincidents. We argue that context is
valuableto identify important,semantically
similar text spansfrom which templateslots
could be generalized.To leveragecontext,
we representthe input as a set of graphs
where predicate-argument tuples are ver-
ticesandtheircontextualrelationsareedges.
A context-sensitive clusteringframework is
thenappliedto obtainmeaningfultupleclus-
tersby examiningtheir intrinsic andextrin-
sic similarities. The clusteringframework
usesExpectationMaximizationto guidethe
clusteringprocess.Experimentsshow that:
1) our approachgenerateshigh quality clus-
ters,and2) informationextractedfrom the
clustersis adequateto build high coverage
templates.

1 Intr oduction

Scenariotemplatecreation(STC) is theproblemof
generatinga commonsemanticrepresentationfrom
a setof input articles. For example,given multiple
newswire articleson different hurricaneincidents,
an STC algorithm createsa templatethat may in-
cludeslotsfor thestorm'sname,currentlocation,di-
rectionof travel andmagnitude.Slotsin sucha sce-
nariotemplateareoftentobe�lled bysaliententities
in the scenarioinstance(e.g., “HurricaneCharley”

or “the coastarea”)but somecanalsobe �lled by
prominentclauses,verbsor adjectivesthatdescribe
thesesaliententities. Here,we usethe termsalient
aspect(SA) to refer to any of suchslot �llers that
peoplewould regardasimportantto describea par-
ticular scenario.Figure1 shows sucha manually-
built scenariotemplatein which detailsabout im-
portantactions,actors,time andlocationsarecoded
asslots.

STC is an importanttaskthat hastangiblebene-
�ts for many downstreamapplications.In theMes-
sageUnderstandingConference(MUC), manually-
generatedSTswereprovided to guide Information
Extraction(IE). An ST canalsobe viewed asreg-
ularizing a set of similar articles as a set of at-
tribute/value tuples,enablingmulti-documentsum-
marizationfrom �lled templates.

Despite these bene�ts, STC has not received
muchattentionby the community. We believe this
is becauseit is considereda dif�cult task that re-
quiresdeepNL understandingof thesourcearticles.
A problemin applicationsrequiringsemanticsimi-
larity is thatthesamewordin differentcontextsmay
have differentsensesandplay differentroles. Con-
versely, differentwordsin similarcontextsmayplay
similar roles. This problemmakesapproachesthat
rely on wordsimilarity aloneinadequate.

We proposea new approachto STC that incor-
poratestheuseof contextual informationto address
thischallenge.Unlikepreviousapproachesthatcon-
centrateon the intrinsic similarity of candidateslot
�llers, ourapproachexplicitly modelscontextualev-
idence.And unlikeapproachesto wordsensedisam-
biguation(WSD) andothersemanticanalysesthat



use neighboringor syntacticallyrelatedwords as
contextualevidence,wede�ne contextsby semantic
relatednesswhich extendsbeyond sentencebound-
aries. Figure2 illustratesa casein point with two
excerptsfrom severestormreports.Here,although
the intrinsic similarity of the main verbs“hit” and
“land” is low, their contextual similarity is high as
botharefollowedby clausessharingsimilarsubjects
(hurricanes)andthesameverbs. Our approachen-
codessuchcontextual informationasgraphs,map-
ping theSTCprobleminto a generalgraphoverlay
problemthat is solvableby a variantof Expectation
Maximization(EM).

Our work alsocontributesresourcesfor STC re-
search.Until now, few scenariotemplateshavebeen
publicly available(aspart of MUC), renderingany
potentialevaluationof automatedSTC statistically
insigni�cant. As part of our study, we have com-
piled a setof input articleswith annotationsthatwe
aremakingavailableto theresearchcommunity.

ScenarioTemplate: Storm

StormName Charley
StormAction landed

Location Florida's Gulf coast
Time Friday at 1950GMT

Speed 145mph
Victim Category1 13people

Action died
Victim Category2 overonemillion

Action affected

Figure1: An examplescenariotemplate(�lled).

2 RelatedWork

A naturalway to automatetheprocessof STCis to
clustersimilar text spansin theinputarticleset.SAs
thenemerge throughclustering;if a clusterof text
spansis largeenough,theaspectscontainedin it will
beconsideredasSAs.Subsequently, theseSAswill
begeneralizedintooneor moreslotsin thetemplate,
dependingon the de�nition of the text span. As-
sumingscenariosaremainly de�ned by actions,the
focusshouldbe on �nding appropriateclustersfor
text spanseachof which representsanaction.Most
of the relatedwork (althoughthey maynot directly
addressSTC) sharesthis assumptionandperforms

Charley landed further south on Florida's
Gulf coastthan predicted,... The hurricane
... hasweakened and is moving over South
Carolina.

At least21 othersaremissingafter thestorm
hit on Wednesday. .... But Tokage had
weakenedby the time it passedover Japan's
capital,Tokyo, whereit left little damagebe-
foremovingout to sea.

Figure2: Contextual evidenceof similarity. Curved
lines indicatesimilar contexts, providing evidence
that “land” and“hit” from two articlesaresemanti-
cally similar.

actionclusteringaccordingly. While the target ap-
plicationvaries,mostsystemsthatneedto grouptext
spansby similarity measuresareverb-centric.

In addition to the verb, many systemsexpand
their representationby including namedentity tags
(Collier, 1998; Yangarberet al., 2000; Sudoet al.,
2003; Filatova et al., 2006), as well as restrict-
ing matches(usingconstraintson subtrees(Sudoet
al., 2003;Filatova et al., 2006),predicateargument
structures(Collier, 1998; Riloff and Schmelzen-
bach,1998; Yangarberet al., 2000; Harabagiuand
Maiorano,2002)or semanticroles).

Giventheserepresentations,systemsthencluster
similar text spans. To our knowledge, all current
systemsusea binary notion of similarity, in which
pairsof spansareeithersimilaror not. How they de-
terminesimilarity is tightly coupledwith their text
spanrepresentation.One criterion usedis pattern
overlap:for example,(Collier, 1998;Harabagiuand
Lacatusu,2005)judgetext spansto besimilarif they
have similar verbsand sharethe sameverb argu-
ments.Workingwith treestructures,Sudoetal. and
Filatova etal. insteadrequiresharedsubtrees.

Calculatingtext spansimilarity ultimately boils
down to calculatingword phrasesimilarity. Ap-
proaches such as Yangarber's or Riloff and
Schmelzenbach's do not employ a thesaurusand
thus are easierto implement,but can suffer from
over- or under-generalization. In certaincases,ei-
therthesameactoris involvedin differentactionsor
differentverbsrealizethe sameaction. Othersys-
tems(Collier, 1998; Sudoet al., 2003)do employ



lexical similarity but thresholdit to obtain binary
judgments. Systemsthen rank clustersby cluster
sizeandcorrelationwith therelevantarticlesetand
equatetopclustersasoutputscenarioslots.

3 Context-Sensitive Clustering (CSC)

AutomatingSTC requireshandlinga larger degree
of variationsthanmostpreviouswork we have sur-
veyed. Note that theactorsinvolved in actionsin a
scenariogenerallydiffer from eventto event,which
makesmostrelatedwork ontext spansimilarity cal-
culationunsuitable.Also, actionparticipantsarenot
limited to namedentities,soour approachneedsto
processall NPs. As bothactionsandactorsmaybe
realizedusingdifferentwords,asimilarity thesaurus
is necessary. Our approachto STCusesa thesaurus
basedoncorpusstatistics(Lin, 1998)for real-valued
similarity calculation. In contrastto previous ap-
proaches,we do not thresholdword similarity re-
sults;we retaintheir fractionalvaluesandincorpo-
rate thesevaluesholistically. Finally, as the same
actioncanberealizedin differentconstructions,the
semantic(not justsyntactic)rolesof verbarguments
mustbe considered,lest agentandpatientrolesbe
confused.For thesereasons,we usea semanticrole
labeler(Pradhanet al., 2004)to provide anddelimit
the text spansthat containthe semanticarguments
of a predicate.We term the obtainedtext spansas
predicateargumenttuples (tuples) throughoutthe
paper. Thesemanticrole labelerreportedlyachieves
an F 1 measureequal to 68:7% on identi�cation-
classi�cationof predicatesandcoreargumentson a
newswiretext corpus(LDC, 2002).Within thecon-
�nes of our study, we �nd it is ableto capturemost
of thetuplesof interest.

Our approachexplicitly capturescontextual ev-
idence. We de�ne a tuple's contexts as other tu-
plesin thesamearticlesegmentwherenotopicshift
occurs. This de�nition re�nes the n-surrounding
word constraintcommonlyusedin spellingcorrec-
tion (for example, (Hirst and Budanitsky, 2005)),
Word SenseDisambiguation((Preiss,2001), (Lee
and Ng, 2002), for instance),etc. while still en-
suresthe relatednessbetweena tuple and its con-
texts. Speci�cally, a tuple is contextually relatedto
othertuplesby two quanti�ablecontextual relations:
argument-similarityandposition-similarity. For our

experiments,we usethe leadsof newswire articles
asthey normally summarizethenews. We alsoas-
sumealeadquali�es asasinglearticlesegment,thus
makingall of its tuplesaspotentialcontexts to each
other.
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Figure3: Being similar contexts, “weakened” and
“moving” provide contextual evidencethat “land”
and“hit” aresimilar.

First,wesplit theinputarticleleadsinto sentences
andperformsemanticrole labelingimmediatelyaf-
terwards.Oursystemcouldpotentiallybene�t from
additionalpre-processingsuchasco-referencereso-
lution. Currentlythesepre-processingstepshavenot
beenproperlyintegratedwith therestof thesystem,
andthuswehave notyetmeasuredtheir impact.

WethentransformeachleadA i into agraphGi =
f V i ; E i g. As shown in Figure 3, verticesV i =
f vi

j g(j = 1; :::; N ) are the N predicateargument
tuplesextractedfrom the ith article, and directed
edgesE i = f ei

m;n = (vi
m ; vi

n )g re�ect contextual
relationsbetweentuplevi

m andvi
n . Edgesonly con-

nect tuplesfrom the samearticle, i.e., within each
graphGi . We differentiatebetweentwo typesof
edges. One is argument-similarity, wherethe two
tuples have semanticallysimilar arguments. This
modelstuplecohesiveness,wheretheedgeweightis
determinedby thesimilarity scoreof themostsim-
ilar inter-tupleargumentpair. Theotheris position-
similarity, representedastheoffsetof theendingtu-
plewith respectto theother, measuredin sentences.
This edgetype is directionalto accountfor simple
causality.

Given this setof graphs,the clusteringtaskis to
�nd an optimalalignmentof all graphs(i.e., super-
imposingthesetof articlegraphstomaximizevertex
overlap,constrainedby theedges).WeadaptExpec-
tationMaximization(Dempsteret al., 1977)to �nd



anoptimalclustering.Thisprocessassignstuplesto
suitableclusterswherethey aresemanticallysimilar
andsharesimilar contexts with othertuples. Algo-
rithm 1 outlinesthisalignmentprocess.

Algorithm 1 GraphAlignment(G)
/*G is a setof graphf Gi g*/
T  all tuplesin G
C  highly cohesive tuplesclusters
other  remainingtuplessemanticallyconnectedwith C
C[C:length ]  other
repeat

/*E step*/
for eachi suchthati < C:length do

for eachj suchthatj < C:length do
if i == j then

continue;
re-estimateparameter s[C[i ]; C[j ]] /*distribution
parametersof edgesbetweentwo clusters*/

tupl eReassigned = f alse /*reset*/
/*M step*/
for eachi suchthati < T:length do

aB estLik elihood = T [i ]:l ik elihood; /*lik elihoodof
beingin its currentcluster*/
for each tuple t contxt that contextually relatedwith
T [i ] do

for each clusterccand , any candidatecluster that
contextually relatedwith t contxt :cluster do

P(T [i ] 2 ccand ) = comb(Ps ; Pc)
l ik elihood = log(P (T [i ] 2 ccand ))
if l ik elihood > aB estLik elihood then

aB estLik elihood = l ik elihood
T [i ]:cluster = ccand

tupl eReassigned = tr ue
until tupl eReassigned == f alse /*alignmentstable*/
return

During initialization, tupleswhosepairwisesimi-
larity higherthana threshold� aremergedto form
highly cohesive seedclusters. To computea con-
tinuoussimilarity Sim (ta; tb) of tuples ta and tb,
we usethe similarity measuredescribedin (Qiu et
al., 2006),which linearly combinessimilaritiesbe-
tweenthe semanticrolessharedby the two tuples.
Someother tuples are relatedto theseseedclus-
tersby argument-similarity. Theserelatedtuplesare
temporarilyput into a special“other” cluster. The
clustermembershipof theserelatedtuples,together
with thosecurrently in the seedclusters,are to be
furtheradjusted.The“other” clusteris socalledbe-
causea tuple will endup beingassignedto it if it
is not foundto besimilar to any othertuple. Tuples
thatareneithersimilarto norcontextually relatedby
argument-similarityto anothertuplearetermedsin-
gletonsandexcludedfrom beingclustered.

Wetheniteratively (re-)estimateclustersof tuples

acrossthesetof articlegraphsG. In theE-stepof the
EM algorithm,all contextual relationsbetweeneach
pair of clustersare collectedas two set of edges.
Herewe assumeargument-similarityandposition-
similarity are independentand thus we differenti-
ate them in the computation. Accordingly, there
aretwo sets:edgesas andedgesps. For simplicity,
we assumeindependentnormaldistributionsfor the
strengthof eachset(inter-tuple argumentsimilarity
for edgesas andsentencedistancefor edgesps). The
edgestrengthdistribution parametersfor both sets
betweeneachpairof clustersarere-estimatedbased
on currentedgesin edgesas andedgesps.

In theM-step,weexamineeachtuple's �tness for
belongingto its clusterandrelocatesometuplesto
new clustersto maximizethe likelihood given the
latestestimatededgestrengthdistributions. In the
following equations,we denotethepropositionthat
predicateargumenttupleta belongsto clustercm as
ta 2 cm ; a typical tuple (the centroid)of the cluster
cm astcm ; andtheclusterof ta ascta . Theobjective
functionto maximizeis:

Obj (G) =
X

t a 2G

log(P (ta2ct a )) ; (1)

whereP(ta2cm ) =
2Ps (ta2cm ) Pc(ta2cm )
Ps (ta2cm ) + Pc(ta2cm )

: (2)

Equation2 takestheharmonicmeanof two factors:
acontextual factorPc andandasemanticfactorPs:

Pc(ta2cm ) = max f P (edges(ta ; tb)j
t b :edg es( t a ;t b ) 6= null

edges(cm ; ct b )) g; (3)

Ps (ta2cm ) =

(
sim def ault ; cm = cother ;
Sim (ta ; tcm ); otherwise:

(4)

Herethe contextual factorPc modelshow likely
ta belongsto cm accordingto the contextual infor-
mation,i.e., the conditionalprobability of the con-
textual relationsbetweencm andctb given thecon-
textual relationsbetweenta andoneparticularcon-
text tb, which maximizesthis probability. Accord-
ing to Bayes' theorem,it is computedasshown in
Equation3. In practice,wemultiply two conditional
probabilities: P(edgeas(ta; tb)jedgesas(cm ; ctb ))
and P(edgeps(ta; tb)jedgesps(cm ; ctb )) , assuming
independencebetweenedgesas andedgesps.

Weassumetherearestill singletontuplesthatare
notsemanticallysimilar to anothertupleandshould
belongto thespecial“other” cluster. Giventhatthey



are dissimilar to eachother, we set sim def aul t to
a small nonzerovaluein Equation4 to prevent the
“other” clusterfrom expelling thembasedon their
low semanticsimilarity. Tuples' clustermember-
shipsare recalculated,and the parametersdescrib-
ing thecontextual relationsbetweenclustersarere-
estimated.New EM iterationsareperformedaslong
as one or more tuple relocationsoccur. Oncethe
EM halts,clustersof equivalent tuplesareformed.
Among theseclusters,somecorrespondto salient
actionsthat, togetherwith their actors,areall SAs
to be generalizedinto templateslots. Clustersize
is a goodindicatorof salience,andeachlargeclus-
ter (excludingthe“other” cluster)canbeviewedas
containinginstancesof asalientaction.

Formulatingtheclusteringprocessasa variantof
iterative EM is well-motivatedas we considerthe
similarity scoresasnoisyandhaving missingobser-
vations. Calculatingsemanticsimilarity is at best
inaccurate.Thusit is dif�cult to clustertuplescor-
rectly basedonly on their semanticsimilarity. Also
to checkwhetheratuplesharescontextswith aclus-
ter of tuples,the clusterhasto be relatively clean.
An iterative EM aswe have proposednaturallyim-
prove thecleannessof thesetupleclustersgradually
asnew similarity informationcomesto light.

4 Evaluation

For STC,we arguethat it is crucial to clustertuples
with high recall so that an SA's various surface
forms canbe capturedandthe sizeof clusterscan
serve asa salienceindicator. Meanwhile,precision
shouldnot besacri�ced,asmorenoisewill hamper
the downstream generalization process which
outputs templateslots. We conduct experiments
designedto answertwo relevantresearchquestions:
1) Cluster Quality: Whether using contexts (in
CSC)producesbetterclusteringresultsthanignor-
ing it (in theK-meansbaseline);and
2) Template Coverage: Whetherslotsgeneralized
from CSCclusterscover human-de�nedtemplates.

4.1 Data Setand Baseline

A straightforwardevaluationof aSTCsystemwould
compareits outputagainstmanually-preparedgold
standardtemplates,suchas thosefound in MUC.

Unfortunately, suchscenariotemplatesareseverely
limited and do not provide enoughinstancesfor a
properevaluation. To overcomethis problem,we
have prepareda balancednews corpus,wherewe
have manuallyselectedarticlescovering15 scenar-
ios. Eachscenariois representedby a total of 45 to
50 articleswhichdescribe10 differentevents.

Our baselineis a standardK-meansclusterer. Its
input is identical to that of CSC – the tuples ex-
tractedfrom relevant news articlesandarenot ex-
cludedfrom beingclusteredby CSCin the initial-
izationstage(refer to Section3) – andemploys the
sametuplesimilaritymeasure(Qiuetal.,2006).The
differentiatingfactorbetweenCSCandK-meansis
theuseof contextualevidence.A standardK-means
clustererrequiresa k to bespeci�ed. For eachsce-
nario,we setits k asthe numberof clustersgener-
atedby CSCfor directcomparison.

We �x the test set for eachscenarioas ten ran-
domly selectednews articles,eachreportinga dif-
ferentinstanceof thescenario;thedevelopmentset
(which alsoservesasthe training setfor determin-
ing theEM initialization threshold� andsim def aul t

in Equation4) is a setof tenarticlesfrom the“Air-
linerCrash”scenario,which areexcludedfrom the
testset.Both systemsanalyzethe�rst 15 sentences
of eacharticle,andsentencesgenerate2 to 3 predi-
cateargumenttupleson average,resultingin a total
of 10 � 15 � (2 to 3) = 300to 450tuplesfor each
scenario.

4.2 Cluster Quality

This experimentcomparesthe clusteringresultsof
CSC and K-means. We use the standardcluster-
ing metricsof purity and inverse purity (Hotho et
al.,2003).The�rst authormanuallyconstructedthe
goldstandardclustersfor eachscenariousingaGUI
beforeconductingany experiments.A specialclus-
ter, correspondingto the“other” clusterin theCSC
clusters,wascreatedto hold thesingletontuplesfor
eachscenario.Table1 shows this underthecolumn
“#Gold StandardClusters”.

Usingthemanualclustersasthegoldstandard,we
obtainthe purity (P) andinversepurity (IP) scores
of CSCandK-meanson eachscenario.In Table1,
we seethatCSCoutperformsK-meanson 10 of 15
scenariosfor bothPandIP. For theremaining5 sce-
narios,whereCSC andK-meanshave comparable



P scores,the IP scoresof CSCareall signi�cantly
higher than that of K-means. This suggestsclus-
terstendto be split apartmorein K-meansthanin
CSCwhenthey havesimilarpurity. Onethingworth
mentioninghereis that the“other” clusternormally
is relatively large for eachscenario,and thus may
skew theresults.To remove thiseffect,weexcluded
tuplesbelongingto theCSC“other” clusterfrom the
K-meansinput, generatingonefewer cluster. Run-
ning the evaluationagain,the resultingP-IP scores
againshow that CSC outperformsthe baselineK-
means.We only report the resultsfor all tuplesin
ourpaperfor simplicity.

#Gold Std. CSC K-means
Scenario Clusters P IP P IP
AirlinerCrash 23 .61 .42 .52 .28
Earthquake 18 .60 .44 .53 .30
Election 10 .77 .49 .75 .21
Fire 14 .65 .44 .64 .26
LaunchEvent 12 .77 .37 .73 .22
Layoff 10 .71 .28 .70 .19
LegalCase 8 .75 .37 .75 .18
Nobel 6 .77 .28 .77 .19
Obituary 7 .85 .46 .81 .28
RoadAccident 20 .61 .49 .56 .40
SoccerFinal 5 .88 .39 .88 .15
Storm 14 .61 .31 .61 .22
Tennis 6 .87 .19 .87 .12
TerroristAttack 14 .64 .48 .62 .25
Volcano 16 .68 .38 .66 .17
Average 12.2 .72 .39 .69 .23

Table1: CSCoutperformsK-meanswith respectto
thepurity (P)andinversepurity (IP) scores.

A close inspectionof the results reveals some
problematiccases.One issueworth mentioningis
thatfor certainactionsbothCSCandK-meanspro-
ducesplit clusters.In theCSCcase,we tracedthis
problembackto thethesaurus,wherepredicatesfor
oneactionseemto belongto two or moretotally dis-
similar semanticcategories. The correspondingtu-
ples are thus assignedto different clustersas their
low semanticsimilarity forcesthe tuplesto remain
separate,despitethe sharedcontexts trying to join
them.Oneexampleis “blast (off)” and“lift (off)” in
the “LaunchEvent” scenario.The thesaurusshows
the two verbsaredissimilarandthe corresponding
tuplesendup being in two split clusters. This can
not besolvedeasilywithoutanimprovedthesaurus.
We areconsideringaddinga prior to modeltheop-

timal sizefor clusters,which may help to compact
suchcases.

4.3 TemplateCoverage

We also assesshow well the resulting, CSC-
generatedtupleclustersserve in creatinggoodsce-
nario templateslots. We start from the top largest
clustersfrom eachscenario,and decomposeeach
of them into six sets: the predicates, agents, pa-
tients, predicatemodi�ers, agent modi�ers andpa-
tient modi�ers. For eachof the �rst threesetsfor
eachcluster, we createa generalizedtermto repre-
sent it using an extendedversionof a generaliza-
tion algorithm (Tsenget al., 2006). Theseterms
aredeemedoutputslots,andareput into the tem-
platewith theiragent-predicate-patient relationspre-
served. Thesizeof thetemplatemayincreasewhen
moreclustersaregeneralized,asnew slotsmayre-
sult.

We manually comparethe slots that are output
from thesystemwith thosede�ned in existing sce-
nario templatesin MUC. The resultshereareonly
indicative andnot conclusive, asthereareonly two
MUC7 templatesavailablefor comparison:Aviation
DisasterandLaunch Event.

Template semanticrole generalterm
action crash

cluster 1 agent aircraft
patient —
action kill

cluster 2 agent heavier-than-
air-craft

patient people

Figure 4: Automatedscenariotemplateof “Avia-
tionDisaster”.

Figure 4 shows an excerpt of the automatically
generatedtemplate “AviationDisaster” (“Airliner-
Crash” in our corpus)wherethe semanticroles in
the top two biggestclustershave beengeneralized.
Their modi�ers are quite semanticallydiverse,as
shown in Table 2. Thus, generalization(probably
after a categorizationoperation)remainsasa chal-
lengingproblem.

Nonetheless,the information containedin these
semanticroles and their modi�ers covers human-



semanticrole modi�er headsamples
agent:aircraft A, U.N., The, Swiss,Canadian-

built, AN, China,CRJ-200,mil-
itary, Iranian,Air, refueling,US,
...

action:crash Siberia, mountain, rain, Tues-
day, �ight, Sharjah,�ames,Sun-
day, board,Saturday, 225,Rock-
away, approach,United, moun-
tain,hillside

patient:people all, 255,71

Table 2: Sampleautomaticallydetectedmodi�er
headsof differentsemanticroles.

AviationDisaster LaunchEvent
* AIRCRAFT * VEHICLE
* AIRLINE * VEHICLE TYPE

DEPARTURE POINT * VEHICLE OWNER
DEPARTURE DATE * PAYLOAD

* AIRCRAFT TYPE PAYLOAD TYPE
* CRASH DATE PAYLOAD FUNC
* CRASH SITE * PAYLOAD OWNER

CAUSE INFO PAYLOAD ORIGIN
* VICTIMS NUM * LAUNCH DATE

* LAUNCH SITE
MISSION TYPE
MISSION FUNCTION
MISSION STATUS

Figure 5: MUC-7 template coverage: asterisks
marking all the slots that could be automatically
generated.

de�ned scenariotemplatesquite well. The two
MUC7 templatesareshown asa list of slotsin Fig-
ure5, wherehorizontallinesdelimit slotsaboutdif-
ferentsemanticroles,andasterisksmarkall theslots
thatcouldbeautomaticallygeneratedby oursystem
once it hasan improved generalizer. We can see
substantialamountof overlap,indicatingthataSTC
systempoweredby CSCisableto capturescenarios'
importantfacts.

5 Conclusion

We have introduced a new context-sensitive ap-
proachto thescenariotemplatecreation(STC)prob-
lem. OurmethodleveragesdeepNL processing,us-
ing semanticrole labeler's structuredsemantictu-
plesasinput. Despitethe useof deepersemantics,
webelieve thatintrinsicsemanticsimilarity by itself

is not suf�cient for clustering.We have shown this
throughexamplesand argue that an approachthat
considerscontextual similarity is necessary. A key
aspectof our work is theincorporationof suchcon-
textual information. Our approachusesa notionof
context thatcombinestwo aspects:positionalsimi-
larity (whentwo tuplesareadjacentin thetext), and
argumentsimilarity (when they have similar argu-
ments). The setof relevant articlesarerepresented
asgraphswherecontextual evidenceis encoded.

By mappingourprobleminto agraphicalformal-
ism, we castthe STC clusteringproblemasoneof
multiplegraphalignment.Suchagraphalignmentis
solvedby anadaptationof EM, which handlescon-
texts and real-valuedsimilarity by treatingboth as
noisyandpotentiallyunreliableobservations.

While scenariotemplatecreation(STC) is a dif-
�cult problem,its evaluationis arguablymoredif-
�cult due to the dearthof suitableresources.We
have compiledand releaseda corpusof over 700
newswirearticlesthatdescribedifferentinstancesof
15 scenarios,asa suitableinput datasetfor further
STCresearch.Usingthisdataset,wehaveevaluated
andanalyzedourcontext-sensitive approach.While
ourresultsareindicative, they show thatconsidering
contextual evidenceimprovesperformance.
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