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Abstract

In this paperwe proposea dataintensie ap-
proachfor inferring sentence-internalempo-
ral relations, which relies on a simple prob-
abilistic model and assumeso manual cod-
ing. We explore various combinationsof fea-
tures,andevaluateperformancegainsta gold-
standardcorpusand humansubjectsperform-
ing the sametask. The best model achieves
70.7%accuray in inferring the temporalrela-
tion betweentwo clausesand 97.4%accurag
in orderingthem, assumingthat the temporal
relationis known.

1 Introduction

The ability to identify andanalysetemporalinformation
is crucialfor avariety of practicalNLP applicationssuch
asinformationextraction,questionansweringand sum-
marisation.In multidocumentsummarisationjnforma-
tion mustbe extracted potentiallyfused,andsynthesised
into ameaningfultext. Knowledgeaboutthetemporalor-
der of eventsis importantfor determiningwhat content
shouldbe communicatedinterpretatior) but alsofor cor
rectly memging and presentingnformation (genegtion).
In questionansweringonewould like to find out whena
particularevent occurred(e.g., Whendid X resign? but
alsoto obtaininformationabouthow eventsrelateto each
other(e.g.,Did X resignbeforeY?).

Although temporal relations and their interaction
with discourserelations(e.g., Parallel, Result) have re-
ceived much attentionin linguistics (Kamp and Reyle,
1993; Webber 1991; Asher and Lascarides2003), the
automaticinterpretationof eventsandtheir temporalre-
lationsis beyondthe capabilitiesof currentopen-domain
NLP systemsWhile corpus-basethethodshave acceler
atedprogressn otherareasf NLP, they haveyetto make
a substantialmpacton the processingf temporalinfor-
mation.Thisis partly dueto the absencef readily avail-
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able corporaannotatedwith temporalinformation, al-
thoughefforts areundervay to developtreebanksnarked
with temporalrelations(Katz and Arosio, 2001)andde-
vise annotatiorschemeshataresuitablefor codingtem-
poralrelations(Ferroetal., 2000;SetzerandGaizauskas,
2001).Absolutetemporalinformationhasreceved some
attention(Wilson et al., 2001; SchilderandHabel,2001;
Wiebeetal., 1998)andsystemshave beendevelopedfor
identifying andassigningeferentdo time expressions.
Althoughthetreatmenbf time expressionss anim-
portantfirst steptowardsthe automatichandlingof tem-
poral phenomenamuchtemporalinformationis not ab-
solutebut relative andnot overtly expressedut implicit.
Considerthe examplesn (1) takenfrom Katz andArosio
(2001).Native spealerscaninfer that Johnfirst metand
thenkissedthe girl andthathefirst left the partyandthen
walkedhome eventhoughthereareno overtmarkerssig-
nalling thetemporalorderof thedescribedvents.

(1) a. Johnkissedthegirl hemetata party
b. Leaving theparty Johnwalkedhome.

c. Herememberethlkingto herandaskingherfor her
name.

In this paperwe describea dataintensive approach
that automaticallycapturesgnformation pertainingto the
temporalorderandrelationsof eventslik e the onesillus-
tratedin (1). Of coursetrying to acquiretemporalinfor-
mationfrom a corpusthatis not annotatedwvith tempo-
ral relations,tense,or aspectseemsratherfutile. How-
ever, sometimeghereare overt markersfor temporalre-
lations, the conjunctionsbefore after, while, and when
beingthe mostobvious, thatmalke relationalinformation
abouteventsexplicit:

(2) a. LeonardShaneg5 yearsold, heldthe postof presi-
dentbeforeWilliam Shane37,waselectedo it last
year

Theresultswereannouncedéfterthe marlket closed.
Investorsin mostmarketssatout while awaiting the

U.S.tradefigures.

It is preciselythistypeof datathatwe will exploit for



making predictionsaboutthe orderin which eventsoc-

curredwhenthereareno obviousmarkerssignallingtem-

poral ordering.We will assesshe feasibility of suchan

approachoy initially focusingon sentence-internakm-

poral relations.We will obtain sentencedike the ones
shavn in (2), wherea main clauseis connectedo a sub-
ordinateclausewith a temporalmarker andwe will de-

velop a probabilisticframeavork wherethe temporalre-

lationswill belearnedby gatheringinformatie features
from the two clausesThis framewvork canthenbe used
for interpretationin caseswvhereovert temporalmarlkers
areabsen{seetheexamplesn (1)).

PracticalNLP applicationssuchastext summarisa-
tionandquestioransweringlaceincreasinglemandsot
only ontheanalysishut alsoonthegeneratiorof temporal
relations.For instance,non-tractive summariserghat
generatessentenceby fusingtogethersentencéragments
(e.g.,Barzilay2003)mustbeableto determinavhetheror
not to includean overt temporalmarker in the generated
text, wherethe marker shouldbe placed.andwhatlexical
item shouldbe used.We asses$ow appropriateour ap-
proachis whenfacedwith the informationfusion taskof
determiningthe appropriateorderingamonga temporal
marker andtwo clausesWe infer probabilisticallywhich
of thetwo clausess introducedby the marker, andeffec-
tively learnto distinguishbetweenmain andsubordinate
clauses.

2 TheModd

Givenamainclauseanda subordinatelauseattachedo

it, ourtaskis to infer thetemporalmarker linking thetwo

clausesFormally, P(Su,t;j,Ss) representshe probability

thatamarlert; relatesamainclauseSy andasubordinate
clauseSs. We aim to identify which markert; in the set
of possiblemarkersT maximisesP(Sy, tj, Sg):

(3 t* agmaxP(Sy. tj, Ss)

tjeT

argmaxP(Su)P(t; [Sw)P(Ss|Su. 1)

tjeT

WeignorethetermP(Sy) in (3) asit is aconstananduse
Bayes’Ruleto derive P(Su|t;) from P(tj|Su):

4) t* artgrr;axP(t,- |Sv)P(Ss|Swv. tj)
je
artgn;axP(tj )P(Sultj)P(Ss|Sw,tj)
je

We will further assumethat the likelihood of the
subordinateclauseSs is conditionallyindependenof the
main clauseSy (i.e., P(Ss|Su.tj) = P(Ssltj)). The as-
sumptionis clearlya simplificationbut makesthe estima-
tion of the probabilitiesP(Su|t;) andP(Ss|tj) morereli-
ablein thefaceof sparsalata.

5 t artgﬂ;aﬁ(tj)P(Sw Itj) P(Ssltj)
je
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Su and Ss are vectorsof featuresayy gy ---amn and

as1) ‘- &sn) Characteristiof the propositionsoccurring
with the marler tj (our featuresare describedin detail

in Section3.2). By making the simplifying assumption
that thesefeaturesare conditionally independengiven

thetemporaimarker, the probabilityof observinghecon-

junctionsayy 1) - - &wm ) andaysy) -+ &g is:

(6) t* =amgmaxP(t;) |'|

(Plaw ) Plas ) )
tEeT i

We effectively treatthetemporainterpretatiorprob-
lem asa disambiguatiortask.Fromthe (confusion)setT
of temporalmarlkers{after before,while, when,as,once,
until, since}, we selectthe one that maximises(6). We
compiled a list of temporalmarkers from Quirk et al.
(1985). Markerswith corpusfrequeng lessthan 10 per
million were excludedfrom our confusionset(seeSec-
tion 3.1 for adescriptionof our corpus).

The modelin (6) is simplistic in that the relation-
shipsbetweerthefeaturesacrosshe clausesarenot cap-
tured directly. However, if two valuesof thesefeatures
for the mainandsubordinateclauseso-occurfrequently
with a particularmarker, then the conditional probabil-
ity of thesefeatureson thatmarker will approximatehe
right biasesAlso notethatsomeof thesemarkersaream-
biguouswith respecto their meaningonesensef while
denoteverlap,anothercontrast;sincecanindicatea se-
guenceof eventsin which the main clauseoccursafter
the subordinateclauseor cause as indicatesoverlap or
causeandwhencandenoteoverlap,asequencef events,
or contrastOur modelselectshe appropriatenarkerson
the basisof distributional evidencewhile beingagnostic
to their specificmeaningwhenthey areambiguous.

For the sentencdusion task,the identity of thetwo
clauseds unknavn, andour taskis to infer which clause
containghe marker. This canbeexpresseds:

1) o = agma@(o) [ (Playa Pap ) )

pe{M.S} i

wherep is generallyspeakinga sentencdragmentto be
realisedasa mainor subordinatelause({p = S|p = M}
or {p = M|p=S}), andt is thetemporalmarler linking
thetwo clauses.

We canestimateheparameterfor themodelsin (6)
and(7) from aparsedorpus Wefirstidentify clausesn a
hypotacticrelation,i.e., mainclauseof which the subor
dinateclauseis a constituentNext, in thetraining phase,
we estimatethe probabilitiesP(ayw i [tj) andP(as;|t;)
by simply countingthe occurrenceof the featuresau j
andas;) with markert. For featureswith zerocountswe
useaddk smoothing(Johnson1932),wherek is asmall
numbeidessthanone.In thetestingphaseall occurrences
of the relevanttemporalmarkersareremoved for the in-
terpretatiortaskandthe modelmustdecidewhich mem-



ber of the confusionsetto choose For the sentencdu-
siontask,it is thetemporalorderof the two clauseghat
is unknavn andmustbeinferred.A similar approachas
beenadwcatedfor the interpretationof discourserela-
tions by Marcu and Echihabi(2002). They train a setof
naive Bayesclassifierson a large corpus(in the orderof
40 M sentenceskepresentate of four rhetoricalrelations
usingword bigramsas features.The discourserelations
arereadoff from explicit discoursemarkersthus avoid-
ing time consuminghandcoding.Apartfrom thefactthat
we presentan alternatve model, our work differs from
MarcuandEchihabi(2002)in two importantways.First
we explore the contritution of linguistic informationto
the inferencetask using considerablysmaller data sets
and secondlyapply the proposedmodelto a generation
task,namelyinformationfusion.

3 Parameter Estimation

3.1 DataExtraction

Subordinateclauseqandtheir main clausecounterparts)
were extractedfrom the BLLIP corpus(30 M words),a
Treebank-stylenachine-parsedersionof theWall Street
Journal(WSJ,years1987—89)whichwasproducedising
Charniaks (2000) parser From the extractedclausesve
estimatethe featuregdescribedn Section3.2.

We first traversethe tree top-dovn until we iden-
tify the tree node bearingthe subordinateclauselabel
we areinterestedn andextractthe subtreeit dominates.
Assumingwe want to extract after subordinateclauses,
this would be the subtreedominatedby SBAR-TMP in
Figure 1 indicatedby the arran pointing down. Having
found the subordinateclause,we proceedto extract the
main clauseby traversingthe tree upwardsandidentify-
ing the S nodeimmediatelydominatingthe subordinate
clausenode (seethe arrov pointing up in Figure 1). In
casesvherethe subordinateclauseis sentencénitial, we
firstidentify the SBAR-TMP nodeandextractthesubtree
dominatedby it, andthentraversethe treedownwardsin
orderto extractthe S-treeimmediatelydominatingit.

For the experimentsdescribecherewe focussolely
onsubordinatelausesmmediatelydominatediy S, thus
ignoring caseswhere nounsare relatedto clausesvia a
temporalmarlker. Note alsothat therecanbe morethan
onemainclausethatqualify asattachmensitesfor a sub-
ordinateclause.In Figure 1 the subordinateclauseafter
the saleis completedcan be attachedeitherto said or
will loose We arerelying onthe parserfor providing rel-
atively accurateinformation aboutattachmensites, but
unavoidablythereis somenoisein thedata.

3.2 Mode Features

A numberof knowledge sourcesare involved in infer-
ring temporalordering including tense,aspect,tempo-
ral adwerbials, lexical semanticinformation, and world
knowledge (Asher and Lascarides2003). By selecting
featuresthat representalbeit indirectly and imperfectly

(S1 (S (NP (DT The) (NN conpany))
(VP (VBD sai d)
(S (NP (NNS enpl oyees))
(VP (MDwill)
(VP (VB | ose)
(NP (PRP their) (NNS jobs))
(SBAR-TMP (IN after)
(S (NP (DT the) (NN sale))
(VP (AUX is) (VP (VBN conpleted)))
))))))))

Figurel: Extractionof mainandsubordinatelausefrom
parsetree

theseknowledge sourceswe aim to empirically assess
their contrikution to the temporalinferencetask. Below
we introduceour featuresandprovide the motivation be-
hind their selection.

Temporal Signature (T) It is well known that ver-
bal tenseand aspectimpose constraintson the tempo-
ral order of eventsbut also on the choice of temporal
markers. Theseconstraintsare perhapestillustratedin
the systemof Dorr and Gaasterland1995) who exam-
inehow inherent(i.e., statesandevents)andnon-inheent
(i.e., progressie, perfectve) aspectualfeaturesinteract
with thetime stampsof the eventualitiesin orderto gen-
erateclausesandthe marlkersthatrelatethem.

Althoughwe cant infer inherentaspectuafeatures
from verb surfaceform (for this we would needa dic-
tionary of verbsandtheir aspectuatlassegogetherwith
a procesghat infers the aspectuatlassin a given con-
text), we canextractnon-inherenfeaturedrom our parse
trees.We first identify verb compleesincluding modals
and auxiliariesand then classify tensedand non-tensed
expressionsalong the following dimensionsfiniteness,
non-finitenessmodality, aspectyoice, andpolarity. The
valuesof thesdeaturesareshavn in Tablel. Thefeatures
finitenessandnon-finitenesaremutually exclusive.

Verbal complees were identified from the parse
treesheuristically by devising a setof 30 patternsthat
searchfor sequenciesf auxiliariesand verbs.From the
parsemutputverbswereclassifiedaspassie or active by
building a setof 10 passve identifying patterngequiring
botha passie auxiliary (someform of beandget) anda
pastparticiple.

To illustrate with an example, consideragain the
parsetree in Figure 1. We identify the verbal groups
will lose and is completedfrom the main and subordi-
nateclauserespectiely. Theformeris mappedo thefea-
tures{presentfuture, imperfectve, active, affirmative},
whereaghe latteris mappedo {present, imperfectve,
passie, affirmative}, where0 indicatesthe absencef a
modal. In Table 2 we show the relative frequenciesin
our corpusfor finiteness(FIN), pasttense(PAST), active
voice (ACT), and negation (NEG) for main and subordi-
nateclausesonjoinedwith the markers onceand since



FINITE = {past,presen} [TMark[Verby Verbs  [Nouny Nours [Adjw Adjs |
NON-FINITE = ({infinitive,ing-form,en-form; = after [sell leae |year _ compay|last new
MODALITY = {0, future,ability, possibility obligation} | |35 |come acquire |market dollar ~ |recentprevious
ASPECT = {imperfectve, perfectie, progressie} before|say  announcetime  year |long new
VOICE = {active, passve} once |becomecompletestock place |more new
NEGATION = {affimative, negative} since |rise  expect |compay month |[first last
until |protect pay presidentear nev next
Tablel1: Temporalsignatures when |male  sell year  year |last last
while |wait complete chairmarplan first other

| Feature onces once sincey Since |
FIN 0.69 0.72 0.75 0.79
PAST 0.28 0.34 0.35 0.71
ACT 0.87 0.51 0.85 0.81
MOD 0.22 0.02 0.07 0.05
NEG 0.97 0.98 0.95 0.97

Table2: Relatve frequeng countsfor temporalfeatures

As can be seenthereare differencesin the distribution
of countsbetweenmain and subordinateclausesor the
sameanddifferentmarkers.For instancethe pasttenseis
morefrequentin sincethanoncesubordinatelausesand
modalverbsaremoreoftenattestedn sincemainclauses
whencomparedvith oncemainclausesAlso, oncemain
clausesaremorelikely to be active, whereasoncesubor
dinateclausesanbeeitheractive or passie.

Verb ldentity (V) Investicationsinto the interpreta-
tion of narratize discourséave shavn thatspecificlexical

informationplaysanimportantrole in determingtempo-
ral interpretation(e.g.,Asherand Lascarides2003). For

example,the fact that verbslike push can causemaove-

mentof the patientandverbslik e fall describethe move-

mentof their subjectcanbe usedto predictthatthe dis-

coursg8) isinterpretedasthe pushingcausinghefalling,

makingthelinearorderof theeventsmismatchtheirtem-
poralorder

(8) Maxfell. Johnpushechim.

We operationalisdexical relationshipsamongverbs
in our databy countingtheir occurrencen mainandsub-
ordinateclausesrom alemmatisedrersionof the BLLIP
corpus.Verbswere extractedfrom the parsetreescon-
tainingmainandsubordinatelausesConsideragain the
treein Figure 1. Here, we identify lose and complete
without preservinginformationabouttenseor passvisa-
tion which is explictly representedn our temporalsig-
natures.Table 3 lists the mostfrequentverbsattestedn
main (Verhy) andsubordinatgVerls) clausesonjoined
with the temporalmarlers after, as, before,once,since,
until, when andwhile (TMark in Table3).

Verb Class (Vw, VL) Theverbidentity featuredoes
not capturemeaningregularitiesconcerninghe typesof
verbsenteringin temporalrelations.For example,in Ta-
ble 3 sellandpayarepossessionerbs,sayandannounce
arecommunicatiorverbs,and comeandrise aremotion
verbs We useasemanticlassificatiorfor obtainingsome

Table 3: Verb, noun, and adjective occurrencesn main
andsubordinateclauses

degree of generalisatiorover the extractedverb occur
rencesWe experimentedvith WordNet(Fellbaum 1998)
andtheverbclassificatiorproposedy Levin (1993).

Verbsin WordNet are classifiedin 15 generalse-
mantic domains(e.qg., verbs of change,verbsof cogni-
tion, etc.). We mappedthe verbsoccurringin main and
subordinateclausedgo thesevery generalsemanticcate-
gories(featureVyy). Ambiguousverbsin WordNetwill
correspondo morethanone semanticclass.We resohe
ambiguityheuristicallyby alwaysdefaultingto theverb’s
prime senseand selectingthe semanticdomainfor this
senseln casesvhereaverbis notlistedin WordNetwe
defaultto its lemmatisedorm.

Levin (1993)focuseson the relationbetweerverbs
and their agumentsand hypothesizeghat verbswhich
behae similarly with respecto the expressiorandinter
pretationof their algumentssharecertainmeaningcom-
ponentsand can therefore be organisedinto semanti-
cally coherentlasse$200in total). AsherandLascarides
(2003) amgue that theseclassegprovide importantinfor-
mation for identifying semanticrelationshipsbetween
clausesVerbsin our datawere mappednto their corre-
spondingLevin classeqfeatureV\); polysemousverbs
were disambiguatedy the methodproposedin Lapata
andBrew (1999).Again, for verbsnotincludedin Levin,
thelemmatisedrerbform is used.

Noun I dentity (N) It is notonly verbs butalsonouns
thatcanprovideimportantinformationaboutthesemantic
relation betweentwo clausegseeAsherand Lascarides
2003for detailedmotivation).In ourdomainfor example,
thenounshareis foundin mainclausegypically preced-
ing the nounmarket which is oftenfoundin subordinate
clausesTable3 shavs the mostfrequentlyattestechouns
(excluding propernames)n main (Nouny) andsubordi-
nate (Nourg) clausesfor eachtemporalmarker. Notice
thattime denotingnouns(e.g.,year month) arequitefre-
guentin this dataset.

Nouns were extractedfrom a lemmatisedversion
of the parsers output. In Figure 1 the nouns emplagy/-
ees jobs and salesare relevant for the Noun feature.
In casesof noun compoundspnly the compoundhead
(i.e.,rightmostnoun)wastakeninto accountA smallset
of ruleswas usedto identify organisationge.g., United



Laboratoriednc.), personnameg(e.g.,JoseY. Campos,
and locations (e.g., New England which were subse-
guently substitutedby the general cateyories per son,
organi sation, andl ocati on.

Noun Class (Nw). As in the caseof verbs,nouns
werealsorepresentely broadsemanticlassegrom the
WordNet taxonomy Nounsin WordNetdo not form a
single hierarcly; insteadthey are partitionedaccording
to a setof semanticprimitivesinto 25 semanticclasses
(e.g.,nounsof cognition,events,plants,substancestc.),
which are treatedas the unique beginners of separate
hierarchies.The nounsextractedfrom the parserwere
mappedto WordNet classesAmbiguity was handledin
thesameway asfor verbs.

Adjective (A) Our motivation for including adjec-
tivesin our featuresetis twofold. First, we hypothesise
that temporaladjectves will be frequentin subordinate
clausesintroducedby strictly temporalmarkers suchas
before after, and until andthereforemay provide clues
for the marler interpretationtask. Secondly similarly to
verbsandnouns,adjectizescarryimportantlexical infor-
mationthatcanbeusedfor inferringthesemantiaelation
that holds betweentwo clausesFor example,antoryms
can often provide cluesaboutthe temporalsequencef
two events(seeincomingandoutgoingin (9)).

(9) The incoming presidentdelivered his inauguralspeech.
Theoutgoingpresidentesignedastweek.

As with verbsandnouns,adjectveswere extracted
from the parsers output. The mostfrequentadjectivesin
main (Adjy) andsubordinatgAdjs) clausesaregivenin
Table3.

Syntactic Signature (S) Thesyntacticdifferencesn
mainandsubordinatelausesrecapturedoy the syntac-
tic signaturdeature . Thefeaturecanbeviewedasamea-
sureof treecomplity, asit encodedor eachmain and
subordinatelausethe numberof NPs,VPs,PPs ADJPs,
and ADVPs it contains.The featurecan be easily read
off from the parsetree. The syntacticsignaturefor the
main clausein Figurel is [NP:2 VP:2 ADJP:0ADVP:0
PP:0]andfor the subordinatelauseNP:1VP:1 ADJP:0
ADVP:0 PP:0]. The most frequent syntactic signature
for main clauseds [NP:2 VP:1 PP:0ADJP:0 ADVP:0];
subordinateclausegypically containanadwerbial phrase
[NP:2VP:1ADJP:0ADVP:1PP:0].

Argument Signature (R) This featurecapturesthe
argument structure profile of main and subordinate
clauseslt appliesonly to verbsand encodesvhethera
verbhasadirector indirectobject,whetherit is modified
by a prepositionor anadwerbial. As with syntacticsigna-
ture, this featurewasreadfrom the mainandsubordinate
clauseparse-treesThe parsedversionof the BLLIP cor
puscontaingnformationaboutsubjectsNPswhosenear
estancestowasa VP wereidentifiedasobjects.Modifi-
cationrelationswere recoveredfrom the parsetreesby

finding all PPsand ADVPs immediatelydominatedby a
VP. In Figurel theagumentsignatureof themainclause
is [SUBJ,OBJJandfor the subordinatat is [OBJ].

Position (P) This featuresimply recordsthe position
of thetwo clausesn the parsetree,i.e., whetherthe sub-
ordinateclauseprecede®r follows the mainclause.The
majority of the main clausesn our dataare sentenceén-
titial (80.8%).However, thereare differencesamongin-
dividual markers. For example,onceclausesareequally
frequentin both positions.30% of the when clausesare
sentenceintitial whereas90% of the after clausesare
foundin the secondoosition.

In the following sectionswe describeour experi-
mentswith the modelintroducedin Section2. We first
investicatethemodelsaccurag onthetemporainterpre-
tationandfusiontasks(Experimentl) andthendescribea
studywith humangExperiment2). The latterenableus
to examinein moredepththemodel’s classificatioraccu-
ragy whencomparedo humanjudges.

4 Experiment 1: Interpretation and Fusion

4.1 Method

The modelwastrainedon main and subordinateclauses
extracted from the BLLIP corpus as detailed in Sec-
tion 3.1. We obtained 83,810 main-subordinatepairs.

Thesewererandomlypartitionedinto training (80%),de-

velopment(10%) and testdata(10%). Eighty randomly
selectegairsfrom thetestdatawereresenedfor the hu-

man study reportedin Experiment2. We performedpa-

rametertuning on the developmentset;all our resultsare

reportedonthe unseertestset,unlessotherwisestated.

4.2 Results

In orderto assessheimpactof our featureson theinter
pretationtask, the featurespacewas exhaustvely evalu-
atedonthedevelopmenset.We have ninefeatureswhich
resultsin ﬁ featurecombinationsvherek is the arity
of thecombination(unary binary, ternary etc.).We mea-
suredthe accurag of all featurecombinationg(1023in
total) on the develomentset.Fromthese we selectedhe
mostinformative combinationgor evaluatingthe model
onthetestset.Thebestaccurayg (61.4%)onthedevelop-
mentsetwasobsenedwith the combinationof verbs(V)
with syntacticsignaturegS). We alsoobseredthatsome
featurecombinationperformedreasonablyvell onindi-
vidual marlers, even thoughtheir overall accurag was
not betterthanV and S combined.Someaccuraciegor
thesecombinationsare shavn in Table 4. For example,
NPRSTVwasoneof thebestcombinationgor generating
after, whereasSV wasbetterfor before(featureabbrevi-
ationsareasintroducedn Section3.2).

Given the complementarity of different model
parametrisationsan obvious questionis whetherthese
can be combined. An important finding in Machine
Learningis that a setof classifierswhoseindividual de-



Interpretation Fusion

TMark | Feat Acc | Feat Acc
after NPRSTV 69.9 | AVywV 77.9
as ANNwWPSV 57.0| AV 75.8
before | SV 421 | ANSTV 854
once PRS 40.7 | RT 100

since PRST 251 | T 85.2
when | V| PS 85.5| RST 86.9
while PST 49.0 | VwS 79.4
until V. VwWRT 69.4 | TV 90.5

Table4: Bestfeaturecombinationdor individual markers
(developmentset)

Interpretation Fusion

E SV E | ARSTV
TMark Prec| Rec | Prec| Rec | Prec Prec
after 61.5] 66.5| 51.6 | 55.2 | 96.7 75.2
as 61.5| 62.6 | 57.0 | 52.8 | 93.2 70.5
before 50.0 | 51.5| 32.0| 39.1 | 96.8 84.1
once 60.0 | 25.0 | 12.7 | 15.0 |100 88.3
since 69.4 | 26.3| 25.4| 12.0| 98.2 81.0
when 83.0| 91.1 | 84.7| 85.0| 99.3 83.8
while 715| 289 | 38.0 | 25.8| 97.7 82.8
until 57.8 | 52.4 | 385 | 47.7| 97.8 87.8
Acc 70.7 62.6 97.3 80.1
Baseline| 42.6 | 42.6 | 426 [ 426 50.0] 50.0

Table5: Resultson interpreatiorandfusion (testset)

cisionsarecombinedin someway (an ensemblgcanbe
moreaccuratg¢hanary of its componentlassifierdf the
errorsof the individual classifiersare sufficiently uncor

related(Dietterich,1997).In this paperan ensemblevas
constructedy combiningclassifiergesultingfrom train-

ing differentparametrisationsf our modelon the same
data.A decisiontree(Quinlan,1993)wasusedfor select-
ing the modelswith the leastoverlapandfor combining
their output.

The decisiontreewastrainedandtestedon the de-
velopmentsetusing 10-fold cross-alidation.We experi-
mentedwith 65 differentmodels;out of thesethebestre-
sultsonthedevelopmentsetwereobtainedwith the com-
binationof 12models:AN\wNPSV APSV, ASV, VwPRS,
VNPS,VLS,NPRSTV PRS,PRST PRSVY PSV, andSV.
Thesemodelsformedthe ensemblevhoseaccurag was
next measurean the testset.Note thatthe featureswith
themostimpactontheinterpretatiortaskareverbseither
aslexical forms (V) or classeqVw, VL), the syntactic
structureof themainandsubordinatelausegS) andtheir
position(P). Theargumentstructurefeature(R) seemso
have someinfluence(it is presentn five of the 12 com-
binations) however we suspecthatthereis someoverlap
with S. Nouns,adjectves andtemporalsignaturesseem
to have lessimpactontheinterpretatiortask,for theWSJ
domainatleast.Our resultssofar pointto theimportance
of thelexicon (representetly V, N, andA) for themarker
interpretiontaskbut alsoindicatethatthe syntacticcom-

plexity of thetwo clausess crucialfor inferring their se-
manticrelation.

The accurag of the ensemblg12 featurecombina-
tions) was next measuredon the unseentest set using
10-fold cross-alidation. Table 5 shaws precision(Prec)
and recall (Rec). For comparisonwe also report preci-
sion and recall for the bestindividual featurecombina-
tion on the testset (SV) andthe baselineof always se-
lecting when the most frequentmarler in our dataset
(42.6%). The ensemble(E) classifiedcorrectly 70.7%
of the instancesin the test set, whereasSV obtained
an accurag of 62.6%. The ensembleperformssignifi-
cantlybetterthanSV (x? = 10257, df = 1, p < .005 and
both SV andE performsignificantlybetterthanthe base-
line (x?=67173, df =1, p < .005 and X = 127861,
df =1, p < .005 respectiely). The ensemblehasdiffi-
culty inferring themarkerssince onceandwhile (seethe
recallfiguresin Table5). Sinceis oftenconfusedwith the
semanticallysimilar while. Until is notambiguoushow-
everit is relatively infrequentin our corpus(6.3%of our
dataset).We suspecthatthereis simply notenoughdata
for themodelto accuratelyinfer thesemarlers.

For the fusion task we also explored the feature
spaceexhaustvely on the developmentset, after remov-
ing the position feature (P). Knowing the linear prece-
denceof thetwo clausess highly predictive of theirtype:
80.8%of the main clausesaresentencenitial. However,
this type of positionalinformationis typically not known
when fragmentsare synthesisednto a meaningfulsen-
tence.

Thebestperformingfeaturecombinationonthede-
velopmentsetwere ARSTV and ANwRSV with an ac-
curay of 80.4%.Featurecombinationswith the highest
accurag (on the developmentset) for individual mark-
ers are shavn in Table 4. Similarly to the interepreta-
tion task, an ensembleof classifierswas built in order
to take adwantageof the complementarityof different
model parameterisationsThe decisiontree learnerwas
again trainedandtestedon the developmentsetusing10-
fold cross-alidation.We experimentedwith 44 different
modelinstantiationsthe bestresultswereobtainedvhen
the following 20 modelswere combined:AVwWNRSTYV,
ANwWNSTV, ANwNV, ANwRS, ANV, ARS, ARSTV,
ARSV, ARV, AV, VWHS, VWRT, VTV, NwRST, NwS,
NwST, VwT, VwTV, RT, and STV. Not surprisingly V
and S are alsoimportantfor the fusion task. Adjectives
(A), nouns(N andNy) andtemporalsignatureqT), all
seemto play moreof arole in the fusionratherthanthe
interpretationtask. This is perhapso be expectedgiven
thatthedifferencedbetweemainandsubordinatelauses
arerathersubtle(semanticallyandstructurally)andmore
informationis neededo performtheinference.

The ensemble(consistingof the 20 selectedmod-
els) attainedan accuray of 97.4%on the test. The ac-
curagy of the the bestperformingmodelon the test set
(ARSTV) was 80.1% (seeTable 5). Precisionfor each



individual marlker is shovn in Table 5 (we omit re-
call asit is always one). Both the ensembleand AR-
STV significantly outperform the simple baseline of
50%, amountingto always guessingmain (or subordi-
nate)for both clauses(x? = 484846, df =1, p < .005
and x? = 167081, df = 1, p < .005, respectiely). The
ensembleperformed significantly better than ARSTV
(x%2 = 123363, df =1, p < .005).

Althoughfor bothtasksthe ensembleoutperformed
the singlebestmodel, it is worth noting that the bestin-
dividual models(ARSTV for fusionandPSTV for inter-
pretation)rely on featuresthat can be simply extracted
from the parsetreeswithout recourseo taxonomicinfor-
mation.Remawing from theensemblethefeaturecombi-
nationsthatrely on corpusexternalresourcegi.e., Levin,
WordNet)yieldsanoverall accurag of 65.0%for thein-
terpretatiortaskand95.6%for thefusiontask.

5 Experiment 2: Human Evaluation

51 Method

We further comparedour models performanceagainst
humanjudgesby conductingtwo separatestudies,one
for the interpretationand one for the fusion task.In the
first study participantswvereasledto performa multiple
choicetask.They weregivenasetof 40 main-subordinate
pairs(five for eachmarker) randomlychoserfrom ourtest
data. The marker linking the two clauseswas removed
and participantswere asled to selectthe missingword
from a setof eighttemporalmarlers.

In thesecondstudy participantsverepresentedvith
a seriesof sentencdéragmentsandwereaskedto arrange
them so that a coherentsentencecan be formed. The
fragmentswere a main clause,a subordinateclauseand
a marler. Participantssawv 40 suchtriples randomlyse-
lectedfrom our test set. The setof items was different
fromthoseusedin theinterpretatiortask;againfiveitems
wereselectedor eachmarler.

Both studieswere conductedemotelyover the In-
ternet. Subjectsfirst sav a set of instructionsthat ex-
plainedthe task,andhadto fill in a shortquestionnaire
including basicdemographidnformation. For the inter-
pretationtask,a randomorderof main-subordinat@airs
andarandomorderof markersperpairwasgeneratedor
eachsubject.For thefusiontask,arandomorderof items
andarandomorderof fragmentgeritem wasgenerated
for eachsubject.Theinterpretatiorstudywascompleted
by 198volunteersall native spealersof English.100vol-
unteersparticipatedin the fusion study again all native
spealersof English.Subjectavererecruitedvia postings
to local Email lists.

5.2 Resaults

Ourresultsaresummarisedn Table6. We measuredhow
well subjectsagreewith the gold-standardi.e., the cor
pusfrom whichtheexperimentaltemswereselectedand
how well they agreewith eachother We alsoshav how

Interpretation Fusion
K % K %
H-H | .410| 45.0 | .490| 70.0
H-G | .421| 46.9 | .522| 79.2
E-H | .390| 44.3 | 468 | 70.0
E-G | 413 | 475 | 489 | 75.0

Table 6: Agreementfigures for subjectsand ensemble
(inter-subjectagreemenis shovn in boldface)

well theensemblefrom Sectiond agreewith thehumans
andthe gold-standardWe measurecégreementisingthe
Kappacoeficient (Siegel and Castellan,1988) but also
reportpercentagagreemento facilitatecomparisorwith
our model.In all casesve computepairwiseagreements
andreportthe mean.In Table6, H refersto the subjects,
G to thegold-standardandE to theensemble.

As shawvn in Table6 thereis lessagreemenamong
humansfor the interpretationtask thanthe sentenceu-
siontask. This is expectedgiven that someof the mark-
ersaresemanticallysimilar andin somecaseanorethan
one marker are compatiblewith the meaningof the two
clauses.Also note that neitherthe model nor the sub-
jectshave accesgo the context surroundinghe sentence
whosemarker mustbe inferred (we discussthis further
in Section6). Additional analysisof the interpretation
datarevealedthatthe majority of disagreementarosefor
asandonceclauses Oncewasalsoproblematicfor our
model(seethe Recallin Table5). Only 33% of the sub-
jects agreedwith the gold-standardor as clauses;35%
of the subjectsagreedwith the gold-standardor once
clauseskFortheothermarkers,thesubjectagreementith
the gold-standardvas around55%. The highestagree-
ment was obsened for since and until (63% and 65%
respectiely).

The ensembles agreementwith the gold-standard
approximateshumanperformanceon the interpretation
task (.413for E-G vs. .421for H-G). The agreemenbf
the ensemblewith the subjectss alsocloseto the upper
bound,i.e.,inter-subjectagreemenfsee E-H andH-H in
Table 6). A similar patternemegesfor the fusion task:
comparisorbetweenthe ensemblexindthe gold-standard
yields an agreemenbf .489 (seeE-G) whensubjectand
gold-standarcggreements .522 (seeH-G); agreemenof
the ensemblewith the subjectsis .468 when the upper
boundis .490(seeE-H andH-H, respectiely).

6 Discussion

In this paperwe proposeda dataintensve approactfor
inferring the temporalrelationsof events.We introduced
a model that learnstemporalrelationsfrom sentences
wheretemporalinformationis madeexplicit via tempo-
ral markers.This modelthencanbe usedin casesvhere
overttemporalmarkersareabsentWe alsoevaluatedour
model againsta sentencdusion task. The latter is rele-



vantfor applicationssuchas summarisatioror question
answeringwhere sentencdragmentsmustbe combined
into afluentsentencefor thefusiontaskour modeldeter

minesthe appropriateorderingamongatemporalmarker
andtwo clauses.

We experimentedvith avarietyof linguistically mo-
tivatedfeaturesandhave shavn thatit is possibleto ex-
tract semantidnformationfrom corporaevenif they are
not semanticallyannotatedn ary way. We achiezed an
accurayg of 70.7%on the interpretationtaskand 97.4%
on the fusion task. This performancads a significantim-
provementover the baselineand comparesfavourably
with human performanceon the sametasks. Previous
work ontemporalinferencehasfocusedon the automatic
taggingof temporalexpressionge.g.,Wilsonetal. 2001)
oronlearningtheorderingof eventsfrom manuallyanno-
tateddata(e.g.,Manietal. 2003).Ourexperimentgurther
revealedthat not only lexical but alsosyntacticinforma-
tionisimportantfor bothtasks Thisresultisin agreement
with SoricutandMarcu (2003)who find thatsyntaxtrees
encodesufiicient informationto enableaccuratederiva-
tion of discourseelations.

An importantfuture directionlies in modellingthe
temporalrelationsof events acrosssentencesThe ap-
proachpresentedn this papercanbe usedto supportthe
“annotateautomatically correctmanually” methodology
usedto provide high volumeannotationin the Penntree-
bankproject.An importantquestiorfor furtherinvestica-
tion is the contrikution of linguistic and extra-sentential
informationto modellingtemporalrelations.Our model
canbe easilyextendedto include contetual featuresand
alsorichertemporalinformationsuchastaggedtime ex-
pressiongseeMani etal. 2003).Apart from takingmore
featuresnto accountjn thefuturewe planto experiment
with modelswheremain andsubordinateclausesarenot
assumedo be conditionallyindependenandinvesticate
theinfluenceof largerdatasetson predictionaccurag.
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