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•IdentifyingandresolvingdefiniteNPanaphors

•Identifyingandresolvingeventreference[Eckert&Strube,2000;Byron
2002;Navarretta2004]

Day3:CorporaforDiscourseAnaphora

•GoldStandardannotation&Annotationtools

•Annotationschemata–GNOME,PennDiscourseTreeBank

•Annotatedcorpora–GNOME,PDTB

•Automatedannotationand“noisy”goldstandards[Kehler,Appeltetal04]

•Discussion

•Summary
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⇒HeuristicalgorithmsforDefiniteNPanaphors
RecallfromLecture1:

[Fraurud,1990]reported269/745(36%)definiteNPsinSwedishtechnical
prosewereisolatedmention(i.e.,non-anaphoric).

[Poesio&Vieira,1998]reported52%ofdefiniteNPsinWSJportionofthe
PennTreeBankwerediscoursenew(i.e.,non-anaphoric),andanadditional
15%werebridging/associativeanaphors(i.e.,non-coreferential).

Therefore,onemighttrytoexcludeinstancesofnon-referentialandnon-anaphoric
definiteNPsatsomepointintheresolutionprocess,ratherthan

•treatingthemasout-of-algorithmerrorsintheevaluation;

•manuallyexcludingthemrightbeforeevaluation.

Why?
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Non-anaphoricDefiniteNPs
[Vieira&Poesio2000]attemptedtorecogniseandexcludefromresolution

•Functionaldefinites:DefiniteNPswithanordinalorsuperlativemodifier

◦thesecondwomantosailsoloaroundtheworld
◦themostconvenientplacetostop

orwithaheadsuchasfact,belief,fear,etc.

◦thebelief(orfear)thatonewillliveforever

•Appositives&Predicatenominativessuchas

◦GlennCox,thepresidentofPhillipsPetroleum
◦GlennCoxwasthepresidentofPhillipsPetroleumfrom1986–1990.

Ifresolutionfailedtoprovideanantecedent,theytriedtoexcludefromevaluation

•DefiniteNPsidentifiedasDeterminedProperNames–e.g.

◦TheFederalTradeCommision
◦TheEuropeanWorkingTimeDirective
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•Definitesestablishedbyrestrictivemodifiers–e.g.

◦thehotelwestayedatlastsummer

•“Largersituation”definites–e.g.

◦thesun,thepope

Successin2-wayclassificationofdefiniteNPsintodiscoursenew(DN)and
anaphoric:

precision:60-75%
recall:72-85%
f-score:70-77%
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OtherNon-anaphoricDefiniteNPs
[Bean&Riloff,1999]addtwodiscoursefeaturesandafrequencyfeature,all
derivedfrom1600articlesintheMUC-4corpus.

•AnydefiniteNPsfoundinthefirstsentence(S1)ofatext(849NPs)

•NPsexhibitingsimilarpatternstothoseextractedfromS1s(ExistentialHead
Pattern,EHP)

theN+Government,extractedfromtheSalvadoreanGovernment,
theGuatemalanGovernment,etc.

•additionaldeterminedpropernames,identifiedbytheirappearingatleast5
timeswiththedefinitearticleandneverwiththeindefinitearticle(Definite
only,DO),suchas

theNationalGuard,theFBI,etc.

(65headnouns,321fullNPs)
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Trainedon1600articlesfromMUC-4,andtestedon50texts,performanceof
[Bean&Riloff]’sDNdetectorwas

RP

Baseline(assignDNtoall)10072.2

SyntacticHeuristics+S1+EHP+DO81.782.2
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DiscourseNewDetection/UniquenessDetection
Uryupina(2003)noticedthatpropertiessignificanttouniquelyspecifyingNPs

•propernames

•functional(semantic)definites

•“largersituation”definites

maydifferfromthosesignificanttoNPsthatarediscoursenew(DN),since
uniquenessandDNareindependentfeatures:
(1)[TheBritishNavy]1isconsidering[anewship]2...

[TheNavy]3wouldlike[thenewship]4to...

•[TheBritishNavy]1<+DN,+unique>

•[anewship]2<+DN,-unique>

•[TheNavy]3<-DN,+unique>

•[thenewship]4<-DN,-unique>

8



DetectorsforDNandUniqueness
Uryupina(2003)developedseparatedetectorsforDNanduniqueness,bothbased
onasetof32features:

•string-levelfeatures–e.g.,capitalisation,specialsymbols,digits

•syntacticfeatures–e.g.,part-of-speech(PoS)ofNPhead,typeofdeterminer,
c/spost-modification,c/sappositive

•contextfeatures–e.g.,distanceinNPstoprevioussame-headedNP(ifany),
distanceinSstoprevioussame-headedNP(ifany)

•web-basedfrequencyinformationonwholeNPanditshead(H)

count(“the<NP>”)/count(“<NP>”)–roughindicatorforplurals
count(“the<NP>”)/count(“a<NP>”)–roughindicatorforsingulars
count(“the<H>”)/count(“<H>”)–roughindicatorforplurals
count(“the<H>”)/count(“a<H>”)–roughindicatorforsingulars
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Singularnon-uniquesoccuraboutequallyoftenasdefinitesandindefinites–i.e.,
count(“the<NP>”)/count(“a<NP>”)∼1.

e.g.count(“theretailer”)/count(“aretailer”)=204551/309392∼.65

Whilesingularuniquesoccurmuchmoreoftenasadefinite.

count(“thegovernment”)/count(“agovernment”)=5539661/1109574∼5
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PerformanceofDNDetector
Uryupinatook20textsfromtheMUC-7corpus.ShetrainedtheMLclassifier
Ripperoneachsubsetof19texts,testeditontheheldouttext,andthenaveraged
theresults.

Optimisingforprecision,theDNdectector’sperformancewas

FeaturesPRF

AlltheAll88.584.386.3

entitiesSyntax+Context87.98686.9

whileperformanceoftheuniquenessdetectorwasevenbetter

OptimizationPRF

Bestprecision95.083.588.9

Bestrecall87.297.091.8

Bestaccuracy87.896.692.0
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Since+uniqueand-uniqueNPsareclearlyseparable,thissuggestsusinga
uniquenessdetectorbeforeassessingDN.

Todothis,UryupinatrainedtheDNdetectorseparatelyon+uniqueNPsand
-uniqueNPs,whichimprovedprecision,withoutasignificantdropinrecall.

PRF

Uniques85.268.876.1

Non-uniques90.488.989.6

All88.984.686.7

SheattributesthelowperformanceondetectingwhetheruniquesareDNtoher
(incorrect)“invarienthead”assumptionaboutsubsequentreferencetouniques:

•Correctfor“TheBritishNavy”,“TheNavy”

•Incorrectfor“LockheedMartinCorporation”,“LockheedMartin”,
“Lockheed”.

Nevertheless,itappearsusefultodetermineuniquenesspriortoattemptingto
detectDNNPs.
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⇒Heuristicapproachestoeventreference
RecallfromLecture1thatthesameformsthatcanbeusedforcoreference
(personal&demonstrativepronouns,headedNPs)canalsobeusedtoreferto
abstractobjects(facts,events,states,propositions,speechacts,actions)associated
withVPs,clauses,sequencesofclausesorutterances.

(2)I’mnotinvitingyoutomyparty.
i.Thisshouldn’toffendyoubecause...
ii.It’snotbecauseIdon’tlikeyou,but...

√JustasitmakessensetofilteroutdiscoursenewNPsbeforeattemptingto
resolveanaphoricones,italsomakessensetodistinguishthoseinstancesthatare
likelytorefertoNP-evokedentitiesfromthosethatarelikelytoreferto
clausally-evokedAOs.
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ResolvingEventReference
RecallalsothateventreferenceisconstrainedtohaveanAOoftherightsortfor
what’spredicatedofit.

(3)JohnkickedSam.*This/ThatlasteduntilSamsurrendered.

(4)FredthoughtJohnkickedSam.This/Thatlasteduntilhelearnedotherwise.

What’stheproblemwithExample3?

UsuallyhearerscanfindawayofinterpretingaVP,clause,sequenceofclausesor
utteranceintermsoftherequiredtypeofAO.SoantecendentsofDDsarerarely
faraway.

√AsoneisattendingtoinstanceslikelytorefertoAOs,onecansimultaneously
trytoidentifyitsantecedentandcoerceittotherighttypeofAO.
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PronominalAnaphorainSpokenvs.WrittenLanguage
Referenceresolutionalgorithmsdesignedforwrittentextarenotnecessarily
appropriateforspokendialoguebecause

•theirunitofanalysisisthesentence,wherespokenlanguageisoftenmadeof
fragments;

•theparticipantsinadialoguemaynotbefocussingonthesameentitiesatany
givenpointinthedialogue.

Manypronounsinspokendialoguehavenoantecedent.IntheSwitchBoard
Corpus,[Eckert&Strube2000]estimatethat33%lackanantecedent.

√Oneneedsareferenceresolutionalgorithmspecifiedintermsofunitsthat
indicatethatcommongroundhasbeenachievedbetweentheparticipants,
indirectlyindicatingwhatentitiesexistintheshareddiscoursemodelfor
subsequentanaphoricreference.
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FrequencyofEventReference
[Eckert&Strube2000]alsoreportthatantecedentsfor22%ofpronounsin
SwitchBoardcomefromunitsotherthanNPs.

[Byron2002]reportsthatofthe180referential3rdpersonanddemonstrative
pronounsin10oftheTrains93dialogues,onlyabouthalfhaveNPantecedents.

[Navarretta2004]reportsthatantecedentsfor15%ofhercorpusofDanishtext
and48%ofhercorpusofDanishdialoguescamefromunitsotherthanNPs.

Here,brieflyconsiderthesethreeeffortstoresolvebothNPcoreferentialpronouns
andpronounsreferringtoAOs.

16



Eckert&StrubeAlgorithm
Eckert&Strube’sapproach[1999,2000]wasdesignedforspokendialogue,
althoughitcanbeadaptedforwrittentext.Itidentifiestheantecedentofa
pronounthatreferstoanAO,butnottheAOitselfthatisrequiredbyits
predicativecontext.

Phase1:Examinethepredicativecontextoftheinputtodeterminewhetheritis
incompatiblewiththeinputreferringtoanindividual,concreteentity
(I-incompatible–*I)orincompatiblewiththeinputreferringtoanAO
(A-incompatible–*A)orcompatiblewithboth(ambiguous).

Phase2:Resolvetheinputor,ifunresolvable,classifyitasavague3rdperson
pronoun(VagPro)orvaguedemonstrative(VagDem).
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Phase1:*Iand*A
Pronounsarecharacterisedas*Ior*A(orneither),dependingonan(incomplete)
setofapproximationsofpreferences.

*Ipronoun:Ananaphorinapositionwhereitcannotrefertoindividual,concrete
entities:

•Equativeconstructions,wheretheanaphorisequatedwithanAO
e.g.,this/that/itisonlyasuggestion.

•CopulaconstructionswhosepredicateadjectivescanonlybeappliedtoAOs
e.g.,this/that/itisfalse.

•Argumentsofpropositionalattitudeverbsorofverbsthatmainlytake
S’-complements–e.g.assumethis/that/itsaythis/that/it.

•Objectofdo–i.e.,doit/this/that.
•Equativeconstructions,wheretheanaphorisequatedwithareason–e.g.

this/that/it<be>because/why–oraclefthowconstruction–this/that/it
<be>how.
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*Apronoun:AnanaphorinapositionwhereitcannotrefertoanAO:

•Equativeconstructions,wheretheanaphorisequatedwithaconcrete
individualreferent–e.g.,xismycar.

•Copulaconstructionswhosepredicateadjectivescanonlybeappliedtoa
concreteindividualreferent–e.g.,xisloud,expensive,tasty.

•Argumentsofverbsdescribingphysicalcontact/stimulation–e.g.,breakx,
drinkx
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Phase2:3rdpersonpronoun
casePROis*A

ifresolveInd(PRO)UsingStrubeAlg
thenclassifyasIPro
elseclassifyasVagPro

casePROis*I
ifresolveDD(PRO)

thenclassifyasDDPro
elseclassifyasVagPro

casePROisambiguous
ifresolveInd(PRO)UsingStrubeAlg

thenclassifyasIPro
elseifresolveDD(PRO)thenclassifyasDDPro

elseclassifyasVagPro
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Phase2:Demonstrative
caseDEMis*I

ifresolveDD(DEM)
thenclassifyasDDDem
elseclassifyasVagDem

caseDEMis*A
ifresolveInd(DEM)UsingStrubeAlg

thenclassifyasIDem
elseclassifyasVagDem

caseDEMisambiguous
ifresolveDD(DEM)**differentpreferencethanPRO**

thenclassifyasDDDEM
elseifresolveInd(DEM)thenclassifyasIDem

elseclassifyasVagDem
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Examples
Schizophreniaismysterious.InEuropeandNAit1iscommonestinthosebornin
mid-March.It2ismoreprevalentamongpeoplebornincitiesthanthosebornin
thecountryside.Andtheoffspringofdark-skinnedimmigrantstonorthern
countriesare3-4timesmorelikelythantheirpale-skinnedconfrèrestosufferfrom
it3.

That4lookslikeadisparatecollectionoffacts.
[TheEconomist,9Feb02,LettheSunShineinp.83]

Phase1
it1:ambiguous?
it2:ambiguous?
it3:ambiguous?
that4:ambiguous?

S-listranking(review):old(Ui)≺old(Ui−1)≺mediated(Ui)≺mediated(Ui−1)≺
new(Ui)≺new(Ui−1)
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Phase2
it1:ResolveInd,S-list({EuropeandNA},schizophrenia)→schizophrenia

it2:ResolveInd,S-list({EuropeandNA},schizophrenia,thoseborninmid-March,
mid-March)→schizophrenia

it3:ResolveInd,S-list(schizophrenia,theoffspringof...,theirpale-skinned
confrères,thecountryside,dark-skinnedimmigrants,northerncountries,people
bornincities,cities,thoseborninthecountryside)→schizophrenia

that4:ResolveDD→[SAndtheoffspring...]
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PHORA[Byron2002]

•PHORAoperatesontheoutputoftheTRAINS’93intepreter,whichassociatesa
semanticclasswitheachargumentofeachpredicateandwiththesubjector
predicateadjectiveandpredicatenominativeconstructions.Thatactsasa
constraintonreferringexpressions–e.g.

Soitwillgetthereat3pm.
(Arrive:themex:desty:timez)

xεMovable-Object

Thatwilltaketwohours.
(Take-time:themex:costy)

xεEvent

•Usingsemanticclassinformation,PHORAattemptstoresolveeventreference
aswellasidentifyingantecedents.
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•AsinEckert&Strube’sapproach,PHORA

•keepspotentialreferentsforeventanaphoraspearatefromthosefor
coreferentialanaphors;

•usesdifferentsearchordersforresolving3rdpersonsingularand
demonstrativepronouns.

-3rdsgprostryNP-evokedentitiesfirst;
-Demonstrativeprostryclausally-evokedentitiesfirst.

•Becausedialogueratherthanwrittentext,PHORAdoesn’tassociateapotential
referentwithanindefiniteNPoranutteranceexpressingREQUESTspeechacts
untilthe(containing)utteranceisconfirmedbytheotherdialogueparticipant.

•PHORAusesreferringfunctions[Nunberg,1979]tocoerceplausiblereferentsto
anentitythatmeetssemanticclassconstraints.

Event(d):d→event
Proposition(d):d→proposition
Situation(d):d→situation
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(5)Engine1goestoAvontogettheoranges.
Thatwilltaketwohours.vsNo,Iguessthat’snotagoodidea.

Total3rdpersonprosTotaldemonstrativeprosOutofScopeTotal

(it,they,them,t’selves)(that,this,those)

RawWordcount119147326592

Referentialpros871110524

Excludedpros711326344

Evaluationset(Ref-Excl)801000180

LRCbaseline5214066(37%)

+semantictypeconstraint5819077(43%)

+consideringAOreferents64560120(67%)

+differentsearchorders63670130(72%)

N.B.Byronnotesthatwithoutdomain-specificsemanticsfromTRAINS’
interpreterandnoothersourceoflexicalsemanticinformation,only51%oftest
pronounsarecorrectlyresolved.
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ResolvingInter-sententialCoreference&EventReferenceinDanish
•Corpusfor[Navarretta2004]containsbothtexts(computermanuals,novels,
news)andpreviouslytranscribeddialogues(doctor-patient,everyday
conversation).

•Employsasalience-orderingonNP-evokedentitiesthatreflectsfocus-marking
inDanishandcommonuseofparallelism.

•LikeEckert&StrubeandByron,keepspotentialreferentsforeventand
coreferentialanaphoraseparateandusesdifferentsearchstrategiesfor
demonstrativeand3rdpersonpronouns.Butstrategiesalsodifferforweakand
strongpronouns.

•Becauseproblematiccasesaremanuallyexcludedandintra-sententialpronouns
areresolvedmanually,resultsarenotreallycomparablewiththoseofByronand
Eckert&Strube.
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⇒CorporaforDiscourseAnaphora
AGoldStandard,indicatingcorrectlabels,isneededforallevaluation.(Labels
canbePoS-tags,syntacticunits,wordsenses,predicate-argumentsets,
anaphor-antecedentpairs,coreferencesets,...)

ThisGoldStandardisalsooftenusedintrainingcorpus-basedapproachesto
coreferenceresolutionandanaphoraresolution.

AGoldStandardusuallyproducedmanually,usuallyatsignificantcost,soit
worthmakingthemreusable.
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TwomainformsofGoldStandardannotation:

•in-lineannotation,wherelabels(andpossiblyassociatedfeatures)areinserted
intothesourcetext;

•stand-offannotation,whereeachsetoflabels(andassociatedfeatures)exists
inaseparatefile,keyedtoanindexofthesourcetext–e.g.

•characteroffsetfromstartoffile
•wordtokenoffsetfromstartoffile
•hierarchicaloffsetfromstartoffile,e.g.,(<P>,<S>,token)

Currentlyacceptedthatstand-offannotationismoregenerallyreusable.

Severalannotationsystemsavailableforcreatingstand-offannotation:MMax2
(EuropeanMediaLab,Heidelberg),WordFreak(InstituteforResearchin
CognitiveScience,UniversityofPennsylvania),NITE
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Annotation:CoreferenceChains
Purpose:Toidentifyallexpressions(markables)thatdenote/describethesame
entity.

CalledIdentityofreferenceintheMUCco-referencetaskdefinition.However,
expressionsarenotnecessarilythosestandardlytakentorefer–e.g.

Expression:“unionleaders”
“union”markedandindexedasdenotingentitya
“unionleaders”markedandindexedasdenotingentityb
→((union)aleaders)b
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Thesequenceofmarkablesthatdenote/describethesamethingiscalleda
coreferencechain.

...()a1...
...()a2...

...()a3...

Inthecaseofcoreferenceresolution,theGoldStandardismanuallyannotated
withcoreferencechainsofmarkables.

Someguidelinesforannotatingmarkables:

•Theonlymarkablesarenouns,nounphrases(NPs)–includingNamed
Entities–andpronouns.

•AsubstringofaNamedEntityisnotmarkable,hencecan’tparticipateina
coreferencechain:

EquitableofIowahasitscompanyheadquartersinAmes,Iowa.
InareportissuedJanuary5,1995,theprogrammanagersaidthatthere
wouldbenonewfundsthisyear.
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•Aprenominalmodifierisamarkableonlyifitiscoreferentialeitherwitha
NamedEntityorwiththesyntacticheadofanNP.

Hewasaccusedofmoneylaunderingand(drug)ktrafficking.However,
thetradein(drugs)k...

•ThenounthatheadsanNPisnotaseparatemarkable.Itismarkableonlyas
partoftheentireNP.

(Therate)e6,whichwas(6percent)e6,washigherthanthatofferedby
anyotherbank.

“That”isnotseparatelymarkableasbeingcorefentialwith“therate”,asit
headstheNP“thatofferedbyanyotherbank”.
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MUCCoreferenceAnnotation
OriginalText

”Thisdoesn’tsurprisemeatall,”saidTrishNeusch,whofarmslandnear
theplant17milesnortheastofAmarilloand7milesfromtheairport.
”Weareoutthereandseetheseplanesallthetime.”

Coreferenceannotation

<p>

"Thisdoesn’tsurprise<COREFID="MARKABLE_33">me</COREF>atall,"said

<COREFID="MARKABLE_32"TYPE="IDENT"REF="MARKABLE_33">TrishNeusch</COREF>,

whofarms<COREFID="MARKABLE_40"MIN="land">landnear

<COREFID="MARKABLE_34"TYPE="IDENT"REF="MARKABLE_20">theplant</COREF></COREF>

17milesnortheastof

<COREFID="MARKABLE_35"TYPE="IDENT"REF="MARKABLE_36">Amarillo</COREF>and

7milesfrom<COREFID="MARKABLE_37"TYPE="IDENT"REF="38">theairport</COREF>.

"Weareout
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<COREFID="MARKABLE_39"TYPE="IDENT"REF="MARKABLE_40">there</COREF>andsee

<COREFID="MARKABLE_41"TYPE="IDENT"REF="MARKABLE_42"MIN="planes">theseplanes</COREF>

allthetime."

</p>
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ClassExercise:AnnotatingMarkablesandCoreference

Text1:

(EasternAir)a1Proposes(DateforTalkson((Pay)c1-Cut)d1Plan)b1

(EasternAirlines)a2executivesnotified(union)e1leadersthatthecarrier
wishestodiscussselective((wage)c2reductions)d2on(Feb.3)b2.
((Union)e2representativeswhocouldbereached)f1said(they)f2hadn’t
decidedwhether(they)f3wouldrespond.Byproposing(ameeting
date)b3,(Eastern)a3movedonestepclosertowardreopeningcurrent
high-costcontractagreementswith((its)a4unions)e3.
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Text2:

(OceanDrilling&ExplorationCo.)a1willsell((its)a2contract-drilling
business)b1,andtooka$50.9millionlossfromdiscontinuedoperations
in(thethirdquarter)c1becauseoftheplannedsale.(TheNewOrleansoil
andgasexplorationanddivingoperationscompany)a3addedthat(it)a4

doesn’texpectanyfurtheradversefinancialimpactfromthe
restructuring....In(thethirdquarter)c2,(thecompany,whichis
61%-ownedbyMurphyOilCorporationofArkansas)a5,had(anetloss
of($46.9million)d1,or(91centsashare)d2)e1....Ithaslongbeen
rumoredthat(OceanDrilling)a6wouldsell(theunit)b1toconcentrateon
(its)a7coreoilandgasbusiness.
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PennDiscourseTreeBank(PDTB)

•http://www.cis.upenn.edu/˜pdtb

•Stand-offannotationofdiscourseconnectivesandtheirargumentsinthePenn
WSJcorpus(annotationoverrawtext)

–DonewithWordFreak

–Identifyingconnectivesandtheirarguments

–Characterisingthesense(s)ofeachconnectiveanditsarguments.

•Exposesaclearlydefinedandrelativelyeasilyidentifiablelevelofdiscourse
structurewhoseusefulnessisnotlimitedtooneparticulartheoryofdiscourse.

•IntegratedwiththePennTreeBank(PTB)andPropBank

•Aimedatsupportinglinguisticdiscoveryandthedevelopmentofrobust
algorithmsfordiscourseprocessing.
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•Annotationoffourtypesofconnectivesandtheirarguments

–Explicitconnectives(∼20ktokens):coordinatingandsubordinating
conjunctions,subordinators,discourseadverbials

–Implicitconnectives(∼10ktokens)betweensentencesinthesame
paragraphwithnoexplicitconnectivebetweenthem.

–NOTpragmaticdiscoursemarkerssuchas“now”,“well”,“so”.

•Annotationofthe“senses”ofconnectives.(N.B.Sinceallarebinary,onecan
annotatetheirargumentswithouthavingtoannotatesense.)

•Annotationdoneby2–4annotators

•Expecteddateofcompletion:November2005

•Extensiveguidetoannotation:
http://www.cis.upenn.edu/˜pdtb/manual/pdtb-tutorial.pdf
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AnnotatableargumentsinPDTB
Syntactically,anargmustbeaclause,sentence,sentencesequence,
nominalisation,discoursedeictic(this,that),VP(incoordinatedVPs)–i.e.,
somethinginterpretableasanabstractobject.

(6)a.Eventhoughcritical,[itwasjustthekindofattentiontheywereseeking.]
So[theyfiredbackattheGoldmanSachsobjectionsintheirown
economicsletter,“TheBMCReport.”]

b.Buyerscanlookforwardtodouble-digitannualreturnsif[theyareright].
Buttheywillhavedisappointingreturnsorevenlossesif[interestrates
rise]instead.

c.Butsomeinvestorshaveusedsuchfilings[toboostthevalueoftheirstock
holdings],which–withoutbuyingmorestock–[they]then[sold].
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Inter-annotatorReliability:ArgumentAnnotation
•10explicitconnectives–2717tokens

•Independentassessmentofagreementforeachargument(ARG1andARG2).

•Exactmatch:90.2%overall(92.4%onsubordinatingconjunctions,71.8%on
adverbials)

•Partialoverlap:94.5%overall

Whenargumentannotationsoverlappedbutdidn’tmatchexactly,itwasdueto
differentialinclusionof:

•aclause’sgoverningverb

•adependentclauseattheperipheryofanargument

•aparentheticalinthemiddleofanargument–e.g.
(7)Bankerssaid[warrantsforHongKongstocksareattractive]because[1,2they

giveforeigninvestors]1,waryofvolatilityinthecolony’sstockmarket,[1an
opportunitytobuyshareswithouttakingtoogreatarisk.]1,2
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InitialExperimentsonPDTB[Prasadetal2004]

•TosubstantiatethetheoreticalclaimofD-LTAGthatsome/many/all?
discourseadverbialsareanaphoric,havingadifferentpatternsofarguments
thanstructuralconnectives(coordinateandsubordinateconjunctionsand
subordinators).

•Toexaminetheorderinwhichargumentscommonlyappearwithdifferent
structuralconnectives.
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DiscourseAdverbials:Arg1Location
Arg1appearsin:

•thesamesentenceastheadverbial(SS):mainclause,complementclause,
subordinateclause,relativeclause,VPconjunction.

•the(immediately)previoussentence(PS)

•the(immediately)previousmulti-sentencespan(PP)

•oneormorenon-contiguoussentences(NC).

SSPSPPNCTotal

41(17.9%)144(62.9%)12(5.2%)33(14.4%)229

NClocationofArg1isonlycompatiblewiththeideathatdiscourseadverbialsget
theirargumentsanaphoricallyratherthansyntactically.
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Arg1:DistributionbyAdverbial

AdvSSPSPPNCTotal

Nevertheless9.7%54.8%9.7%25.8%31

Otherwise11.1%77.8%5.6%5.6%18

Asaresult4.8%69.8%7.9%19%63

Therefore55%35%5%5%20

Instead22.7%63.9%2.1%11.3%97

Total411441233229

Discourseadverbialspatterndifferentlyfromcoordinate&subordinate
conjunctionsandfromoneanother.
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SubordinateConjunctions:RelativeOrderofArguments
RelevantforNLG:placementofconnectives[Walker,Prasad&Stent2003]

2408tokens:when,because,eventhough,although,sothat

•Arg1<Arg2
Mr.LothsonofPaineWebbersaidthecompany’ssalespacehasbeenpicking
uplargelybecausetheeffectofunfavorableexchangerateshasbeeneasing.

•Arg2<Arg1
Becausetheywantatruckthatis“Texastough”,thecommercialconcludes,
“TexansdriveChevy”.
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RelativeOrderofArguments:Results

ConnArg1-Arg2Arg2-Arg1Total

When54%46%1010

Because90%10%915

Eventhough75%25%103

Although37%63%347

Sothat100%0%33

total1606(67%)802(33%)2408

Lexically-basedannotationcanrevealdistinctionsthatmaybehiddenwith
abstractRSTrelationannotation.

•IntheRSTcorpus,eventhoughandalthoughoccurinconcessiverelations.

•Williams&Reiter(2003)foundthat77%ofconcessivesinthecorpuswerein
Arg2-Arg1orderandtookitasthepreferredpatternforNLG.

•Thisignorestheverydifferentpatterningofeventhoughandalthough.
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Summary

•Ifaformhasmultiplefunctions(DNvs.anaphoric,coreferencevs.event
reference),makessenseforalgorithmtotrytodistinguishthembeforeor
duringfurtherprocessing,sincethedifferentfunctionsarelikelytohave
differentproperties.

•Reusablecorporaareexpensive,butstillworththetimeandfundstocreate
them.

•Sincethemoredata,thebetter,bothforevaluationandtraining,itisworth
spendingsomeeffortthinkingabouthowtoreducethemanualeffortneeded
tocreateGoldStandardcorpora.
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