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Abstract

We describea graph-basedpproacho Sce-
nario TemplateCreation,which is the task
of creatinga representatioof multiple re-
latedevents,suchasreportsof differenthur
ricaneincidents. We amue that context is
valuableto identify important,semantically
similartext spansrom which templateslots
could be generalized. To leveragecontext,
we representthe input as a set of graphs
where predicate-ggument tuples are ver
ticesandtheircontetual relationsareedges.
A contt-sensitve clusteringframeawork is
thenappliedto obtainmeaningfukupleclus-
tersby examiningtheir intrinsic and extrin-
sic similarities. The clusteringframenork
usesExpectationMaximizationto guidethe
clusteringprocess.Experimentsshav that:
1) our approactgeneratefigh quality clus-
ters, and 2) information extractedfrom the
clustersis adequatego build high coverage
templates.

1 Intr oduction

Scenariademplatecreation(STC) s the problemof
generatingga commonsemantiaepresentatiofrom
a setof input articles. For example,given multiple
newswire articles on different hurricaneincidents,
an STC algorithm createsa templatethat may in-
cludeslotsfor thestorms name currentlocation,di-
rectionof travel andmagnitude Slotsin sucha sce-
nariotemplateareoftento be lled by saliententities
in the scenarioinstance(e.g., “Hurricane Charlg/”
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or “the coastarea”) but somecanalsobe lled by
prominentclausesyerbsor adjectvesthatdescribe
thesesaliententities. Here,we usethe term salient
aspect(SA) to referto ary of suchslot llers that
peoplewould regardasimportantto describea par
ticular scenario. Figure 1 shavs sucha manually-
built scenariotemplatein which detailsaboutim-
portantactions,actors time andlocationsarecoded
asslots.

STCis animportanttaskthat hastangiblebene-
ts for mary downstreamapplications.ln the Mes-
sageUnderstandingConferencg MUC), manually-
generatedsTswere provided to guide Information
Extraction(IE). An ST canalsobe viewed asreg-
ularizing a set of similar articles as a set of at-
tributeNalue tuples,enablingmulti-documentsum-
marizationfrom lled templates.

Despite these bene ts, STC has not receved
muchattentionby the community We believe this
is becaussdt is considereda dif cult taskthat re-
qguiresdeepNL understandingf thesourcearticles.
A problemin applicationsrequiringsemanticsimi-
larity is thatthesamewordin differentcontexts may
have differentsensesndplay differentroles. Con-
versely differentwordsin similar contexts mayplay
similar roles. This problemmalkes approacheshat
rely onword similarity aloneinadequate.

We proposea new approachto STC that incor
poratesheuseof contetual informationto address
this challenge Unlike previousapproachethatcon-
centrateon the intrinsic similarity of candidateslot

llers, ourapproaclexplicitly modelscontextual ev-
idence.And unlike approachet wordsensealisam-
biguation (WSD) and other semanticanalyseghat



use neighboringor syntacticallyrelatedwords as
contetual evidence we de ne contets by semantic
relatednessvhich extendsbeyond sentencdound-
aries. Figure 2 illustratesa casein point with two

excerptsfrom severe stormreports. Here, although
the intrinsic similarity of the main verbs“hit” and
“land” is low, their contextual similarity is high as
botharefollowedby clausesharingsimilarsubjects
(hurricaneslandthe sameverbs. Our approachen-

codessuchcontetual informationas graphs,map-
ping the STC probleminto a generalgraphoverlay
problemthatis solvableby a variantof Expectation
Maximization(EM).

Our work also contritutesresourcesor STC re-
searchUntil now, few scenaridemplatediave been
publicly available (aspartof MUC), renderingary
potentialevaluationof automatedSTC statistically
insigni cant. As part of our study we have com-
piled a setof input articleswith annotationghatwe
aremakingavailableto theresearcltommunity

ScenarioTemplate: Storm

StormName | Charley
StormAction | landed
Location | Florida's Gulf coast
Time | Friday at 1950GMT
Speed| 145mph
Victim Category 1 | 13 people
Action | died
Victim Category 2 | overonemillion
Action | affected

Figurel: An examplescenaricdemplate( lled).

2 RelatedWork

A naturalway to automatethe procesof STCis to
clustersimilartext spansn theinputarticleset. SAs
thenemege throughclustering;if a clusterof text
spanss largeenoughtheaspectgontainedn it will
be consideredisSAs. Subsequent)ytheseSAswill
begeneralizednto oneor moreslotsin thetemplate,
dependingon the de nition of the text span. As-
sumingscenariogremainly de ned by actionsthe
focusshouldbe on nding appropriateclustersfor
text spanseachof which representanaction. Most
of therelatedwork (althoughthey may not directly
addressSTC) shareghis assumptiorand performs

Charlg landed further south on Florida's
Gulf coagtthan predicted,... The hurricane

. haspvealenal andis moving over South
Carojha.

At/}é’astZlot rsaremissing ferthe storm
hit on Wednhesday ....
wealenedby thetime i
capital, Tokyo, whereit left little damagebe-

fore moving outto sea.

Figure2: Contectual evidenceof similarity. Curved
lines indicate similar contexts, providing evidence
that“land” and“hit” from two articlesare semanti-
cally similar.

action clusteringaccordingly While the taiget ap-
plicationvaries mostsystemshatneedo grouptext
spangby similarity measuresreverb-centric.

In addition to the verb, mary systemsexpand
their representatioy including namedentity tags
(Collier, 1998; Yangarberet al., 2000; Sudoet al.,
2003; Filatova et al., 2006), as well as restrict-
ing matchegqusingconstraintoon subtreegSudoet
al., 2003; Filatova et al., 2006), predicateargument
structures(Collier, 1998; Riloff and Schmelzen-
bach,1998; Yangarberet al., 2000; Harabagiuand
Maiorano,2002)or semantiaoles).

Giventheserepresentationsystemshencluster
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;Harabagiwand
Lacatusu2005)judgetext spando besimilarif they
have similar verbs and sharethe sameverb amgu-
ments.Working with treestructuresSudoetal. and
Filatova etal. insteadrequiresharedsubtrees.

Calculatingtext spansimilarity ultimately boils
down to calculatingword phrasesimilarity. Ap-
proaches such as Yangarbes or Riloff and
Schmelzenback'do not emplo/ a thesaurusand
thus are easierto implement, but can suffer from
over or undergeneralizabn. In certaincasesgi-
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 therelevantarticle setand
equateop clustersasoutputscenaricslots.

3 Context-Sensitve Clustering (CSC)

AutomatingSTC requireshandlinga larger degree
of variationsthanmostprevious work we have sur
veyed. Note thatthe actorsinvolved in actionsin a
scenariggenerallydiffer from eventto event,which
makesmostrelatedwork ontext spansimilarity cal-
culationunsuitable Also, actionparticipantsarenot
limited to namedentities,so our approachheedso
procesall NPs. As bothactionsandactorsmay be
realizedusingdifferentwords,asimilarity thesaurus
is necessaryOur approachto STC usesathesaurus
basedn corpusstatisticgLin, 1998)for real-valued
similarity calculation. In contrastto previous ap-
proacheswe do not thresholdword similarity re-
sults; we retaintheir fractionalvaluesandincorpo-
rate thesevaluesholistically Finally, asthe same
actioncanberealizedin differentconstructionsthe
semantigqnotjustsyntactic)rolesof verbarguments
mustbe considered|est agentand patientrolesbe
confused.For thesereasonsye usea semantiaole
labeler(Pradharetal., 2004)to provide anddelimit
the text spansthat containthe semanticaguments
of a predicate. We term the obtainedtext spansas
predicate argumenttuples (tuples) throughoutthe
paper Thesemantiagole labelerreportedlyachieves
an F 1 measureequalto 68.7% on identi cation-
classi cationof predicatemandcoreagumentson a
newswiretext corpus(LDC, 2002). Within the con-
nes of our study we nd it is ableto capturemost
of thetuplesof interest.

Our approachexplicitly capturescontectual ev-
idence. We de ne a tuple's contets as other tu-
plesin thesamearticle ssgmentwhereno topic shift
occurs. This de nition re nes the n-surrounding
word constraintcommonlyusedin spellingcorrec-
tion (for example, (Hirst and Budanitsly, 2005)),
Word SenseDisambiguation((Preiss,2001), (Lee
and Ng, 2002), for instance),etc while still en-
suresthe relatednesdetweena tuple and its con-
texts. Speci cally, atupleis contextually relatedto
othertuplesby two quanti able contextual relations:
argument-similarityandposition-similarity For our

experimentswe usethe leadsof newswire articles
asthey normally summarizehe nens. We alsoas-
sumealeadquali es asasinglearticleseggmentthus
makingall of its tuplesaspotentialcontets to each
other
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Figure 3: Being similar contets, “weakened” and
“moving” provide contetual evidencethat “land”
and“hit” aresimilar.

moving(storm)

First,wesplittheinputarticleleadsinto sentences
andperformsemantiaole labelingimmediatelyaf-
terwards.Our systemcould potentiallybene t from
additionalpre-processinguchasco-referenceeso-
lution. Currentlythesepre-processingtepshave not
beenproperlyintegratedwith therestof thesystem,
andthuswe have notyet measuredheirimpact.

WethentransformeachleadA' into agraphG' =
fVi:Elg. As shawn in Figure 3, verticesV' =
fvji g(j = 1,::;;N) arethe N predicateagument
tuples extractedfrom the ith article, and directed
edgesE' = fe,, = (Vi,;Vi)g re ect contetual
relationsbetweertuplev! andv! . Edgesonly con-
necttuplesfrom the samearticle, i.e., within each
graphG'. We differentiatebetweentwo types of
edges. Oneis argument-similarity wherethe two
tuples have semanticallysimilar aguments. This
modelstuplecohesienesswheretheedgeweightis
determinecby the similarity scoreof the mostsim-
ilar intertuple agumentpair. The otheris position-
similarity, representedsthe offsetof the endingtu-
ple with respecto the other measuredh sentences.
This edgetype is directionalto accountfor simple
causality

Giventhis setof graphs.the clusteringtaskis to
nd anoptimalalignmentof all graphs(i.e., super
imposingthesetof articlegraphgo maximizevertex
overlap,constrainedy theedges) We adaptExpec-
tation Maximization(Dempsteretal., 1977)to nd



anoptimalclustering.This processassignguplesto
suitableclusterswherethey aresemanticallysimilar
andsharesimilar contects with othertuples. Algo-
rithm 1 outlinesthis alignmentprocess.

Algorithm 1 GraphAlignmentG)

[*Gis asetof graphf G' g*/
T alltuplesin G
C  highly cohesie tuplesclusters

other  remainingtuplessemanticallyconnectedvith 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
parametersf edgedetweertwo clusters*/
tupl eReassigned = f alse /*reset*/
/*M step*/
for eachi suchthati < T:length do
aBestLik elihood = T[i]:lik elihood; /*lik elihoodof
beingin its currentcluster*/
for eachtuple teone  that contextually relatedwith
T[i]do
for each clusterceang , ary candidateclusterthat
contectually relatedwith teonx: :Cluster do
P(T[i]2 ccana ) = comb(Ps; Pc)
lik elihood = log(P (T[i] 2 Ceand ))
if likelihood > aBestLik elihood then
aBestLik elihood = lik elihood
T[i]:cluster = Ccand
tupl eReassigned = tr ue
until tupl eReassigned == f alse /*alighmentstable*/
return

During initialization, tupleswhosepairwisesimi-
larity higherthanathreshold arememgedto form
highly cohesie seedclusters. To computea con-
tinuous similarity Sim (t4;tp) of tuplesty andty,
we usethe similarity measuredescribedn (Qiu et
al., 2006),which linearly combinessimilaritiesbe-
tweenthe semanticroles sharedby the two tuples.
Someother tuples are relatedto theseseedclus-
tersby argument-similarity Theserelatedtuplesare
temporarilyput into a special“other” cluster The
clustermembershipf theserelatedtuples,together
with thosecurrentlyin the seedclusters,areto be
furtheradjusted.The“other” clusteris socalledbe-
causea tuple will endup beingassignedo it if it
is not foundto be similar to ary othertuple. Tuples
thatareneithersimilarto nor contextually relatedby
argument-similarityto anothertuple aretermedsin-
gletonsandexcludedfrom beingclustered.

Wetheniteratively (re-)estimatelustersof tuples

acrosshesetof articlegraph<G. In theE-stepof the
EM algorithm,all contextual relationsbetweereach
pair of clustersare collectedas two setof edges

Here we assumeargument-similarityand position-
similarity are independentind thus we differenti-
ate them in the computation. Accordingly there
aretwo sets: edgesss andedgesys. For simplicity,

we assumendependenhormaldistributionsfor the
strengthof eachset(intertuple agumentsimilarity

for edges,s andsentencelistanceor edgesys). The
edgestrengthdistribution parameterdor both sets
betweereachpair of clustersarere-estimatedbased
on currentedgesn edges,s andedgesps.

In the M-step,we examineeachtuple's tness for
belongingto its clusterandrelocatesometuplesto
new clustersto maximizethe likelihood given the
latestestimatededgestrengthdistributions. In the
following equationswe denotethe propositionthat
predicateargumentuplet, belonggo clusterc,, as
ta2 Cm; atypical tuple (the centroid)of the cluster
Cm astc,, ; andtheclusterof t, asc;, . Theobjective
functionto maximizeis:

X
Obj(G) =

122G

log(P (ta2ct,)); @)

2Ps(ta2Cm) Pc(ta2cm) |
Ps(ta2cm) + Pc(ta2cm) *

Equation2 takesthe harmonicmeanof two factors:
acontetual factorP; andanda semantidactorPs:

wherepP (ta2cm) =

@)

Pc(ta2cm) = maxfP (edges(ta; tv)j edges(cm; ct,)) 0; (3)

tp:edges(ta;ty)6 null

(

Simdef ault
Ps(ta2 = .
s(ta2Cn) Sim (ta; tey );

Cm = Cother
otherwise

(4)

Herethe contectual factor P modelshow likely
ta belongsto ¢y, accordingto the contextual infor-
mation,i.e., the conditionalprobability of the con-
textual relationsbetweercy, andc;, giventhe con-
textual relationsbetween ; andoneparticularcon-
text tp, which maximizesthis probability Accord-
ing to Bayes'theorem,it is computedasshavn in
Equation3. In practice we multiply two conditional
probabilities: P (edgeas(ta; th)jedesas(Cm; Ct,))
and P (edgeps(ta; th)jedgesps(Cm; Cy,)), assuming
independencbetweeredges,s andedgesps.

We assumeherearestill singletontuplesthatare
not semanticallysimilar to anothertuple andshould
belongto thespecial‘'other” cluster Giventhatthey



are dissimilarto eachother we set sim gef quit t0
a small nonzerovaluein Equation4 to preventthe
“other” clusterfrom expelling them basedon their
low semanticsimilarity. Tuples' cluster member
shipsarerecalculatedand the parameterslescrib-
ing the contextual relationsbetweerclustersarere-
estimatedNew EM iterationsareperformedasliong
as one or more tuple relocationsoccur Oncethe
EM halts, clustersof equvalenttuplesare formed.
Among theseclusters,somecorrespondo salient
actionsthat, togetherwith their actors,areall SAs
to be generalizednto templateslots. Clustersize
is a goodindicatorof salienceandeachlarge clus-
ter (excludingthe “other” cluster)canbeviewed as
containinginstance®f a salientaction.

Formulatingthe clusteringprocessasa variantof
iteratve EM is well-motivated as we considerthe
similarity scoresasnoisyandhaving missingobsef
vations. Calculatingsemanticsimilarity is at best
inaccurate.Thusit is dif cult to clustertuplescor
rectly basedonly on their semanticsimilarity. Also
to checkwhetheratuplesharesontets with a clus-
ter of tuples,the clusterhasto be relatively clean.
An iteratve EM aswe have proposecdhaturallyim-
prove the cleannessf thesetuple clustersgradually
asnew similarity informationcomesto light.

4 Evaluation

For STC,we amguethatit is crucialto clustertuples
with high recall so that an SA's various surface
forms can be capturedandthe size of clusterscan
sere asa salienceindicator Meanwhile,precision
shouldnot be sacri ced, asmorenoisewill hamper
the downstream generalization process which
outputstemplateslots. We conduct experiments
designedo answertwo relevantresearchyuestions:
1) Cluster Quality: Whetherusing contets (in
CSC) produceshbetterclusteringresultsthanignor
ing it (in theK-meansbhaseline)and

2) Template Coverage: Whetherslotsgeneralized
from CSCclusterscover human-de nedemplates.

4.1 Data Setand Baseline

A straightforvard evaluationof a STCsystemwould
compareits outputagainstmanually-preparedold
standardtemplates,such as thosefound in MUC.

Unfortunately suchscenaricemplatesare severely
limited and do not provide enoughinstancedor a
properevaluation. To overcomethis problem,we
have prepareda balancednewns corpus,wherewe
have manuallyselectedarticlescovering 15 scenar
ios. Eachscenarids representethy a total of 45to
50 articleswhich describel 0 differentevents.

Our baselinas a standardk-meansclusterer Its
input is identical to that of CSC — the tuples ex-
tractedfrom relevant naews articlesand are not ex-
cludedfrom beingclusteredby CSCin the initial-
ization stage(referto Section3) — andemplgs the
sameuplesimilarity measurgQiu etal.,2006).The
differentiatingfactorbetweenCSCandK-meansis
theuseof contetual evidence.A standardK-means
clusteremequiresa k to be speci ed. For eachsce-
nario, we setits k asthe numberof clustersgener
atedby CSCfor directcomparison.

We x thetestsetfor eachscenarioasten ran-
domly selectednews articles,eachreportinga dif-
ferentinstanceof the scenariothe developmentset
(which alsosenesasthe training setfor determin-
ing the EM initializationthreshold andsim gef auit
in Equationd) is a setof tenarticlesfrom the “Air-
linerCrash”scenariowhich are excludedfrom the
testset. Both systemsanalyzethe rst 15 sentences
of eacharticle,andsentencegenerate to 3 predi-
cateagumenttupleson average resultingin atotal
of 10 15 (2to 3)=300to 450tuplesfor each
scenario.

4.2 Cluster Quality

This experimentcompareghe clusteringresultsof
CSC and K-means. We usethe standardcluster
ing metricsof purity and inverse purity (Hotho et
al.,2003).The rst authormanuallyconstructedhe
gold standarctlusterdor eachscenariausinga GUI
beforeconductingary experiments.A specialclus-
ter, correspondingdo the “other” clusterin the CSC
clusterswascreatedo hold the singletontuplesfor
eachscenario.Table1 shaws this underthe column
“#Gold StandardClusters”.
Usingthemanuaklustersasthegold standardye
obtainthe purity (P) andinversepurity (IP) scores
of CSCandK-meanson eachscenario.ln Table1l,
we seethat CSCoutperformsk-meanson 10 of 15
scenariogor bothP andIP. For theremaining5 sce-
narios,where CSC and K-meanshave comparable



P scoresthe IP scoresof CSCareall signi cantly

higher than that of K-means. This suggestslus-
terstendto be split apartmorein K-meansthanin

CSCwhenthey have similar purity. Onethingworth

mentioninghereis thatthe “other” clusternormally
is relatively large for eachscenario,and thus may
skaw theresults.To remove this effect, we excluded
tuplesbelongingto the CSC*“other” clusterfrom the
K-meansinput, generatingone fewer cluster Run-
ning the evaluationagain,the resultingP-IP scores
againshav that CSC outperformsthe baselinek-

means. We only reportthe resultsfor all tuplesin

our paperfor simplicity.

#Gold Std. CSsC K-means
Scenario Clusters PIIP]TPT]IP
AirlinerCrash 23 61| 42| 52| .28
Earthquak 18 60| .44 | 53| .30
Election 10 77 .49 75| .21
Fire 14 65] .44 64| .26
LaunchEent 12 J7] .37 73] .22
Layoff 10 71] .28 .70 | .19
LegalCase 8 751 .37 | .75 .18
Nobel 6 g7 .28 77| .19
Obituary 7 85| .46 | .81 | .28
RoadAccident 20 61] .49 56| .40
SoccerFinal 5 881 .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

Tablel: CSCoutperformsK-meanswith respecto
the purity (P) andinversepurity (IP) scores.

A close inspectionof the resultsreveals some
problematiccases. Oneissueworth mentioningis
thatfor certainactionsboth CSCandK-meanspro-
ducesplit clusters.In the CSCcase,we tracedthis
problembackto the thesauruswherepredicategor
oneactionseento belongto two or moretotally dis-
similar semanticcatayories. The correspondindu-
ples arethus assignedo differentclustersas their
low semanticsimilarity forcesthe tuplesto remain
separatedespitethe sharedcontets trying to join
them.Oneexampleis “blast (off)” and“lift (off)” in
the “Launch Event” scenario.The thesaurushavs
the two verbsaredissimilarandthe corresponding
tuplesendup beingin two split clusters. This can
not be solved easilywithoutanimprovedthesaurus.
We are consideringaddinga prior to modelthe op-

timal sizefor clusters,which may helpto compact
suchcases.

4.3 TemplateCoverage

We also assesshow well the resulting, CSC-
generateduple clusterssene in creatinggoodsce-
nario templateslots. We startfrom the top largest
clustersfrom eachscenario,and decomposeach
of them into six sets: the predicates agents pa-
tients predicatemodi ers, agentmodi ers and pa-
tient modi ers. For eachof the rst threesetsfor
eachcluster we createa generalizedermto repre-
sentit using an extendedversionof a generaliza-
tion algorithm (Tsenget al., 2006). Theseterms
are deemedoutputslots, and are put into the tem-
platewith theiragent-predicategient relationspre-
sened. Thesizeof thetemplatemayincreasavhen
more clustersaregeneralizedasnew slotsmay re-
sult.

We manually comparethe slots that are output
from the systemwith thosede ned in existing sce-
nario templatesn MUC. The resultshereare only
indicatve andnot conclusve, asthereareonly two
MUC7 templatesvailablefor comparisonAviation
DisasterandLaund Event

Template | semanticrole | generalterm
action crash
clusterl | agent aircraft
patient —
action kill
cluster2 | agent heaier-than-
air-craft
patient people

Figure 4. Automatedscenariotemplateof “Avia-
tionDisaster”.

Figure 4 shavs an excerpt of the automatically
generatedtemplate “AviationDisaster” (“Airliner-
Crash”in our corpus)wherethe semanticrolesin
the top two biggestclustershave beengeneralized.
Their modi ers are quite semanticallydiverse, as
shavn in Table 2. Thus, generalizationprobably
after a cateyorizationoperation)remainsasa chal-
lengingproblem.

Nonethelessthe information containedin these
semanticroles and their modi ers covers human-



semanticrole
agent:aircraft

modi er headsamples

A, U.N., The, Swiss,Canadian-
built, AN, China,CRJ-200mil-
itary, Iranian,Air, refueling,Us,

action:crash || Siberia, mountain, rain, Tues-
day ight, Sharjah,ames, Sun-
day, board,Saturday225,Rock-
away, approach,United, moun-
tain, hillside

all, 255,71

patient:peopleg

Table 2: Sampleautomaticallydetectedmodi er
headof differentsemantiaoles.

AviationDisaster LaunchEvent
AIRCRAFT * VEHICLE
AIRLINE *  VEHICLE_TYPE
DEPARTURE_POINT *  VEHICLE_OWNER
DEPARTURE.DATE *  PAYLOAD
AIRCRAFT_TYPE PAYLOAD_TYPE
CRASHDATE PAYLOAD_FUNC
CRASHSITE *  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
MUCY7 templatesareshavn asa list of slotsin Fig-
ure5, wherehorizontallinesdelimit slotsaboutdif-
ferentsemantiaoles,andasterisksnarkall theslots
thatcouldbeautomaticallygeneratedby our system
onceit hasan improved generalizer We can see
substantiahmountof overlap,indicatingthataSTC
systenpoweredby CSCis ableto capturescenarios’
importantfacts.

5 Conclusion

We have introduceda new contet-sensitve ap-
proachto thescenaridemplatecreation(STC)prob-
lem. Our methodleveragesieepNL processingus-
ing semanticrole labelers structuredsemantictu-
plesasinput. Despitethe useof deepersemantics,
we believe thatintrinsic semanticsimilarity by itself

is not sufcient for clustering. We have shavn this
through examplesand argue that an approachthat
considerscontextual similarity is necessatyA key
aspecbf ourwork is theincorporationof suchcon-
textual information. Our approachusesa notion of
context thatcombineswo aspectspositionalsimi-
larity (whentwo tuplesareadjacenin thetext), and
argumentsimilarity (whenthey have similar argu-
ments). The setof relevant articlesarerepresented
asgraphswherecontetual evidenceis encoded.

By mappingour probleminto a graphicafformal-
ism, we castthe STC clusteringproblemas one of
multiple graphalignment.Suchagraphalignmentis
solved by anadaptatiorof EM, which handlescon-
texts and real-valued similarity by treatingboth as
noisyandpotentiallyunreliableobserations.

While scenariotemplatecreation(STC)is a dif-
cult problem,its evaluationis arguably more dif-
cult dueto the dearthof suitableresources.We
have compiledand releaseda corpusof over 700
newswirearticlesthatdescribalifferentinstance®f
15 scenariosasa suitableinput datasefor further
STCresearchUsingthis datasetye have evaluated
andanalyzedur contet-sensitve approachWhile
ourresultsareindicative, they shav thatconsidering
contetual evidenceimprovesperformance.
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