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Day4:Corpus-basedApproachestoAnaphorResolution

•Statistical&Machine-learningforCoreference

•Machine-learningforResolvingPronounsinDialogue

•Machine-learningforComparativeAnaphora

•Summary
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Background
1.Intheearly90s,InformationExtractionwasamajorstimulustodevelopments
inLanguageTechnology(MUCchallenge).Itinvolvesautomaticallyidentifying
andextractingfromtext,informationrelevanttofillinginastructured,labelled
template.

Example:

BridgestoneSportsCo.saidFridayithadsetupajointventureinTaiwan
withalocalconcernandaJapanesetradinghousetoproducegolfclubs
tobeshippedtoJapan.

Thejointventure,BridgestoneSportsTaiwanCo.,capitalizedat20
millionnewTaiwandollars,willstartproductioninJanuary1990with
productionof20,000ironand“metalwood”clubsamonth.
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Supposethetemplatetobefilledinis:

TIE-UP-1:

Relationship:Tie-Up

Entities:

JointVentureCompany:

Activity:

Amount:

Recognisingthatwhatshouldbeextractedforthe“entities”being“tiedup”are:
“BridgestoneSportsCo”,“alocalconcern”and“aJapanesetradinghouse”requires

•knowingthatitshouldbetheargumentsto“setupajointventure”;

•resolving“it”.

N.B.Sincethisisextraction,noattemptwasmadetoassociate“local”with“Taiwan”–an
interestingbutseparateproblem.
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TIE-UP-1:

Relationship:Tie-Up

Entities:“BridgestoneSportsCo”,“alocalconcern”,

“aJapanesetradinghouse”

JointVentureCompany:

Activity:

Amount:

RecognisingthatwhatshouldbeextractedfortheJointVentureCompanyis“Bridgestone
SportsTaiwanCo.”andfillingintherestofthetemplate,requiresresolvingtheanaphoric
definiteNP“Thejointventure”withitsantecedent“ajointventure”.

5

TIE-UP-1:

Relationship:Tie-Up

Entities:“BridgestoneSportsCo”,“alocalconcern”,

“aJapanesetradinghouse”

JointVentureCompany:“BridgestoneSportsTaiwanCo.”

Activity:ACTIVITY-1

Amount:NT$20000000

ACTIVITY-1:

Company:“BridgestoneSportsTaiwanCo.”

Product:“ironand‘metalwood’clubs”

Startdate:DURING:January1990
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2.TheneedsofIEledtoanequivalentcoreferenceresolutionchallengeaimedat
determiningwhethertwoNLexpressionsmarkablescorefer–e.g.,

“BridgestoneSportsCo”–“it”
“ajointventure”–“thejointventure”–“BridgestoneSportsTaiwanCo.”

TheneedsofIEmeantthatmarkablesweredefinedtoinclude:definiteNPs,
demonstrativeNPs,propernames,appositives,predicateNPs,“sub-NPmodifiers”
andpronouns–e.g.,

(1)a.Higgins,formerlysalesdirectorofSudsySoaps,becamethepresidentof
DreamyDetergents.

b.Thepriceofaluminumsidinghassteadilyincreased,asthemarketfor
aluminumreactstothestrikeinChile.

3.Aswesawfrom[vanDeemter&Kibble2001],thisblursthedistinction
betweenanaphoraresolutionandcoreferenceresolution,butithasfueledthebulk
ofcorpus-basedapproachestocoreferenceresolution.
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Topicstobecovered
Bothanaphoraresolutionandcoreferenceresolutionusemethodsbasedon:

•statistics

•classifiersinducedthroughMachineLearning

Sowewilllookat:

1.Astatisticalapproachtoresolving3rdpersonpronouns:[Ge,Hale&
Charniak]

2.TwoMLapproachestocoreferenceresolution:[Soon,Lim&Ng],[Ng&
Cardie]

3.AMLapproachtoresolvingpronounsindialogue[Strube&Müller]

4.AMLapproachtoresolvingcomparativeanaphora[Modjeska,Markert&
Nissim03]

8



StatisticalResolutionof3rdpersonPronouns
[Ge,Hale&Charniak98]basetheirapproachonstatisticscharacterisingrelations
of3rdpersonpronouns(he,she,it,theyandtheirvariants)andtheirantecedentsin
writtentext.

Characterisedintermsof:

•Distancebetweenpronounandpotentialantecedent(recencypreference);

•Syntacticcontextofthepronoun;

•Wordsinthepotentialantecedent(forderivinglikelygender,numberand
animacy,andsupportingapreferenceforagreementw.r.t.thesefeatures);

•Numberoftimesthereferentoftheantecedenthasbeenmentioned,
supportingapreferenceforrepeatedlymentionedNPs.
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Givenapronounρ,chooseasitsreferent

argmax
a

P(A(ρ)=a|ρ,h,~W,t,l,sρ,~d,~M)

A(ρ)randomvariabledenotingthereferentofρ

apotentialantecedent

hheadconstituentaboveρ
~Wfulllistofpotentialantecedents

ttypeofphraseofthepotentialantecedent(alwaysNPhere)

ltypeofheadconstituent

sρsyntacticstructureinwhichρappears

~ddistanceofeachpotentialantecedentfromρ
~Mnumberoftimesthereferentofeachpotentialantecedentismentioned.
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DecomposingP(A(ρ)=a|ρ,h,~W,t,l,sρ,~d,~M),usingBayestheoremandsome
independenceassumptionsyields

P(a|~M)*P(sρ,~d|a)*P(~W|h,t,l,a)*P(ρ|wa)

wherewaistheathcandidatein~W.

Furtherassumptionsandrewritingyields

P(A(ρ)=wa)∝P(sρ,da|a)*P(ρ|wa)*
P(wa|h,t,l)

P(wa|t)*P(a|ma)

wheremaisthenumberoftimesthereferentofaismentioned.

Factor1relatestoboththesyntacticpositionoftheanaphoranditsdistancefrom
thepotentialantecedent.Geetal.treatitasaHobbsdistance,dHasfollows:

UsetheHobbs’algorithmtosuccessivelynumbertheNPsreachedonits
searchforanantecedent.Then

P(dH=i|a)=
|correctantecedentsatHobbsdistancei|

|correctantecedents|
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Factor2requiresgettingcountsongender/animacy.

P(ρ|wa)=
|waintheantecedentforρ|

|wa|

Factor3reflectsselectionalrestrictions,andusefrequenciescollectedwhen
buildingastatisticalparserforthePennTreeBank.

Factor4isamentioncountstatistic,forwhichtheyalsoconsiderwhereinthe
paragraphthementionismade.

P(a|ma,j)=
|aisantecedent,ma,j|

|ma,j|

Wheretogettheotherfrequenciesneededtoderivetheseprobabilities?

⇒ManuallyannotatedGoldStandard

Howtoensurethatonehasalltheprobabilitiesoneneeds?

⇒Smoothing
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Evaluation:StatisticalPronounResolution
Data:

•1371instancesofhe,sheanditandtheirvariantsin3975sentences(about
300newsstories);

•Manuallyexcludingallinstancesofitthatarepurelysyntactic.

Foreachpronoun,theycollectedcandidateantecedentsatHobbsdistances1-15,
andcomputedtheprobabilityofeachpair.Thatcandidatewaschosenthat
maximisesthecomputedprobability.

•Evaluationused10-foldcrossvalidation.

•Results:82.9%correct.(Thisisn’tabinarytest,sonorecallorprecision.)

•Foundgender/animacytobeabigfactor:Ifthisdecisionwereperfect,results
wouldincreaseto89.3%.(Restofpaperrecordsworkonprobabilitymodel
forgender/animacy.See[Zaenenetal2004]forcorpus-basedworkon
determininganimacy.)
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MLApproachestoCoreferenceResolution
TrainingPhase:Learnaclassifierfromageneratedsetofpositiveandnegative
examples,eachexamplebeingapairconsistingof:

•apronounorotherpotentialcoferential“markable”;

•apotentialantecedent.

EvaluationPhase:Foreachpronounorother“markable”,

•identifypotentialantecedentsandcreateasetofpairs;

•applyclassifiertoeach;

•decidewhattodoifclassifieraccepts0,1or>1pairsforthatmarkable.

ApplicationPhase
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HowdoMLapproachestoCoreferenceResolutionDiffer?

•Spaceofpositive/negativeexamplesusedintraining

–Whatmarkablesfoundandconsideredforcoreference;

–Whatpotentialantecedentsareconsidered.

•Featuresassociatedwithanaphor/antecedentpairs,andthetoolsusedto
derivethosefeatures;

•Typeofclassifierlearned(e.g.,decisiontree,NaiveBayesclassifiers,
maximumentropyclassifiers,supportvectormachineclassifiers);

•Characterofthedecisionprocessinwhichtheclassifier(s)is/areembedded;

•Spaceoftestdata;

•Evaluationprocedure.
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AutomaticIdentificationofMarkables[Soonetal]
Whilemarkablesarehand-annotatedintrainingdata,theymustbeidentified
automaticallyintestdata(evaluation)andinanysubsequentapplication.

Thisisaboundarydetectiontask,alsorequiringidentificationofmarkables
embeddedinothermarkables.

Tokenization &
Sentence
Segmentation

Morphological
Processing

POS
tagging

NP
identification

Named Entity
Recognition

Nested NP
Extraction

Semantic Class
Determination

Free text

Markables

[Soonetal.2001]useHMMSforPOStagging,(preliminary)NPidentification
andNER,adjustingboundariesofNPs(whennecessary)toconformtorecognised
namedentities.
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NestedNPExtraction[Soonetal]
NestedpossessiveNPs:Probablydetectedbypresenceofpossessivepronoun
(e.g.,“his”,“its”)orpossessivemarkersomewhereinamarkable,butSoonetal.
don’tsayhowboundaryofthenestedNPisdetected.

EasywithpossessivepronounsorpossessivemarkersonNamedEntities–e.g.

(theirlong-rangestrategy)→((their)long-rangestrategy)
(Eastern’sparent)→((Eastern)’sparent)

butambiguityinothercases–e.g.

(Acountry’srulebook)shouldexpress(itspeople’spreferences).
→??((Acountry)’srulebook)shouldexpress(((its)people)’s
preferences).
→??(A(country)’srulebook)shouldexpress((its)((people)’s
preferences)).
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PositiveandNegativeTrainingExamples[Soonetal]
PositiveExamples:

GivenacoreferencechainA1←A2←A3←A4,createapositiveexamplefrom
eachadjacentpairofmarkables.

A1–A2A2–A3A3–A4

Callthefirstmemberofthepairtheantecedent,thesecond,theanaphor.

NegativeExamples:

Foreachmarkableb,c,dinbetweenanadjacentpairAj−1–Ajonacoreference
chain,createanegativeexampleconsistingofthein-betweenmarkableandthe
anaphor.

b–Ajc–Ajd–Aj

Q?Doyouseeanypotentialproblemwiththischoiceofnegativeexamples,for
whentheclassifierwouldlaterbeusedinarealapplication?
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Featuresassociatedwith+/-Examples[Soonetal]
Allfeaturesholdofeithertheanaphor(anaph),thepotentialantecedent(ante)or
thepair(pair).

1.Distancefeature:0(sameS),1(previousS),2,3,....(pair)

2.i-Pronoun:trueifantecedentisapronoun,falseotherwise.(ante)

3.j-Pronoun:trueifanaphorisapronoun,falseotherwise.(anaph)

4.stringmatch:trueifantecedentandanaphorarethesamewordsequence
(ignoringdeterminers),falseotherwise.(pair)

5.DefiniteNP:trueifanaphorisadefiniteNP,falseotherwise.(anaph)
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6.DemonstrativeNP:trueifanaphorisanNPthatstartswithademonstrative
(this/that/these/those),falseotherwise.(anaph)

7.Numberagreement:trueifantecedentandanaphoragreeinnumber–both
singularorbothplural.(pair)

8.Semanticclassagreement:trueifthemostfrequentsenseoftheantecedent
andoftheanaphoragreewithrespecttoasmallsetofsemanticclasses
organisedintoasimpleISAhierarchy.Unknownifthesemanticclassofone
ofthemisunknown.Otherwisefalse.(pair)

object

organisationlocationdatetimemoneyperson

male female
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9.Genderagreement:trueifsemanticclassofbothantecedentandanaphorare
notperson,orifbotharepersonandmaleorpersonandfemale,oroneis
personandtheotherismaleorfemale.Unknownifthesemanticclassof
eitherisunknown.Otherwisefalse.(pair)

10.Bothpropernames:trueifbothantecedentandanaphorarepropernames.
Otherwisefalse.(pair)

11.Alias:trueifbothantecedentandanaphorareNamedEntitiesandoneisan
aliasoftheother–e.g.,differentformatfordatesornames,acronymsfor
companies.Falseotherwise(pair)

12.Appositive:trueiftheanaphorisanappositivewithrespecttotheantecedent.
Falseotherwise.(pair)

Mostofthesefeaturesaredefinedsuchthattheycanbedeterminedautomatically
with100%accuracy.
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Data&MachineLearningMethod[Soonetal]
30MUC-6documentsand30MUC-7documents,bothannotatedwith
coreference,yielded

•20,910trainingexamples,ofwhich6.5%werepositive(MUC-6)

•48,872trainingexamples,ofwhich4.4%werepositive(MUC-7)

MLMethod:C5.0DecisionTreeClassifier

Classifierparameterssetusing10-foldcross-validation:

•20%pruningconfidence,andatleast5instancesperleafnode(MUC-6)

•60%pruningconfidence,andatleast2instancesperleafnode(MUC-7)

Whenappliedtothetestdata,classifermakesthedecision+corefor-coref.
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EvaluationResults

•MUC-6:recall58.6%,precision67.3%,F-measure62.6%

•MUC-7:recall56.1%,precision65.5%,F-measure60.4%

N.B.Theydon’tsayhowthetestsetexamplesweregenerated,sinceoneshould
notknowwhatthecorrectantecedentiswhencreatingthetestset.

Butiftestsetexampleshaveadifferentdistributionthanthoseinthetrainingset,
thiscouldeffectthequalityoftheclassifierw.r.t.thetestset.

Moreimportantly,while[Soonetal]carryoutadetailederroranalysis,they
don’tgiveresultsperanaphor,distinguishing

•Noantecedentisfoundforananaphor

•N>1antecedentsarefoundforananaphor

•Oneantecedentfoundbutthewrongone1falsepositive)
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Casesthatarenotdistinguished
Case1

•Anaphor1:1TP,2FP,2TN

•Anaphor2:1TP,2FP,2TN

Label

ActualAĀ

A20

Ā44

precision:33%recall:100%

Case2

•Anaphor1:1TP,0FP,2TN

•Anaphor2:1TP,4FP,2TN

Whiletheconfusionmatrixisthesame,inCase2,weknowtheantecedentof
Anaphor1.
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SchematicDiagram[Soonetal01]

Generate all
potential
antecedents

Filter by coref
classifier

Choose
antecedent
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[Ng&Cardie02]extends[Soonetal01]

[Ng&Cardie]followsimilarprocedureas[Soonetal]forcreating+/-training
examples,withoneexception:

Fornon-pronominalNPsincoreferencechains,chooseas+example,the
closestnon-pronounprecedingantecedent(mostconfidentantecedent).

TheirtrainingandtestsetsarederivedfromthesameMUC-6andMUC-7texts.

Adecisiontree(DT)isinducedusingC4.5.

However,decisionsusingthisDTarenotmadedirectly,basedonthe+/-labelon
theleaf.Rather,aleafislabelledwithratio

positiveinstancesatleaf+1
allinstancesatleaf+2

andonlyassigns+corefifratio>0.5
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[Ng&Cardie]maketwootherextra-linguisticmodificationstotheMLframework:

1.Select“mostlikely”antecedentfromamongthoseabove0.5threshhold.

2.Splitsingle“stringmatch”featureintoonesspecificforpronouns,proper
namesandnon-proNPs.

Theyalsoconsider41additionalfeaturesinvolving:

•morecomplexstringmatching

•grammaticalrole

•agreementandbindingconstraints

•additionalpreferences

•“votes”fromtwonaivepronounresolutionalgorithms
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Results[Ng&Cardie02]

ChangingtheMLframeworkbyusing“mostconfident”antecedentintraining
data,choosing“mostlikely”antecedentinclassification,andsplittingstring
matchingimprovedresultsoverSoonetal.(statisticallysignificant).

MUC-6MUC-7

RPFRPF

Soonetal.58.667.362.656.165.560.4

Ng&Cardie(basic)62.473.567.556.371.563.0

Generate all
potential
antecedents

Filter by coref
classifier

Filter by
Likelihood

Choose
antecedent
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WhenNg&Cardieusedalltheiradditionalfeatures,Rincreased(acrossthe
board)andP,fornames.Moredrastically,Pdecreasedforpronounsandnon-pro
NPs,despiteDTalgorithmbeingabletochoosewhatfeaturestouse.

MUC-6MUC-7

RPFRPF

Ng&Cardie(basic)62.473.567.556.371.563.0

allfeatures70.358.363.865.558.261.6

pronounsonly-66.3--62.1-

namesonly-84.2--77.7-

commonnounsonly-40.1--45.2-

whereF=2∗R∗P
R+P(theharmonicmean).
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Theyalsotrieddiscardingfeaturesmanuallydetectedasbeinglow-P,producing
betterresults,suggestingthisbeautomated.

MUC-6MUC-7

RPFRPF

MLframework62.473.567.556.371.563.0

allfeatures70.358.363.865.558.261.6

pronounsonly-66.3--62.1-

namesonly-84.2--77.7-

commonnounsonly-40.1--45.2-

hand-selectedfeatures64.174.969.157.470.863.4

pronounsonly-67.4--54.4-

namesonly-93.3--86.6-

commonnounsonly-63.0--64.8-
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MLApproachtoResolvingPronounsinDialogue
RecallEckert&Strube’sobservationthatabout33%ofpronounsinthe
SwitchBoard(dialogue)corpuslackedanantecedentandabout22%ofthemhad
antecedentsfromunitsotherthanpronouns.

[Strube&Müller2003]attempttodealwiththisinanapproachbasedonmachine
learning.

Problem:Identifyingantecedentsforboth3rdpersonanddemonstrative
pronouns,whereapronounmayhave

•noantecedent

•avagueantecedent

•anNPantecedent(coreference)

•aclausalantecedent(event/AOreference)
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Data:

•20randomlychosenSwitchboarddialogues:3275sentences/1771turns,
16601markables

•NPmarkables:referringexpressions(NPs,pronouns,propernames)

•VPmarkables:verbphrases

•Smarkables:sentences

•Disfluencymarkables:NPsorpronounsinunfinishedorabandonedutterances

•AmongfeaturesassociatedwitheachmarkableisIDforitscoreferenceclass,
orNULLifit’sanisolatedmention.

FormofNP-markables:

defNPindefNPNNPprpprp$dtpro

Total10801899217107570392

Incoreferencerel2191639478656309

Singletons86117361232891483
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Number/genderfeaturesonpronounmarkables:

3m3f3n3pTotal

prp676349475413184183581075786

prp$181514113335277056

dtpro00003802981211392309

Total85786358924619465396
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TrainingandTestExamples(Pairs)
1.Markablesfor1stand2ndpersonpronounseliminated.

2.ForeachNP-markablenotanindefiniteNP,generateasetofpairsofpotentially
coreferringexpressionsbycombiningthemarkable(consideredapotential
anaphor)witheachcompatiblemarkableprecedingit.Theexamplewaslabelled
positiveifthetwobelongedtothesamecoreferenceclass,negativeotherwise.

N.B.Thisallowstheretobe>1antecedentforananaphor.

3.ForeachNP-markableforitandthat,generateadditionalpairsforevent
reference,consistingofthepotentialanaphorandeachS-andVP-markablefrom
thelasttwoprecedingvalidsentences.Labelthepairspositiveandnegativeas
above.

Features:

•NP-levelfeaturesforeachmemberofthepair

•Coreferencefeaturesforthepair
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Somefeaturestailoredtospokendialogue,sometoidentifiedVPargument
preferencesforNPvs.non-NPfillers(butpossiblyspecifictothe553
SwitchBoarddialogues).
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Results
Masculineandfemininepronouns(3mf)

correctfoundtotalfoundtotalcorrectPRF

baseline:basicfeatures120150125080%9.6%17.14%

+mdist3mf3p121153125079.08%9.68%17.25%

Neuterpronouns(3n)

correctfoundtotalfoundtotalcorrectPRF

baseline:basicfeatures109235125046.388.7214.68

+none97232125041.817.7613.09

+anteexptyp137359125038.1610.9617.03

+wdistic154389125039.5912.3218.79

+antetfidf158391125040.4112.6419.26
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CombinedResultsforallpronouns

correctfoundtotalfoundtotalcorrectPRF

baseline:basicfeatures456739125061.7136.4845.85

combined509897125056.7440.7247.42
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MLApproachto‘Other’-NPs[Modjeskaetal03]

We’lllookatresolvinganon-pronominalanaphorinordertoillustrate:

•Similar+/-exampleandfeatureselectionappliedtoadifferentproblem;

•Useofanotherwebfrequencyfeature.

OtheranaphorsarereferentialNPsmodifiedby“other”or“another”,having
non-structuralantecedents:

(2)AnexhibitionofAmericandesignandarchitectureopenedinSeptemberin
MoscowandwilltraveltoeightotherSovietcities.

(3)YoueitherbelieveSeymourcandoitagainoryoudon’t.Besidethe
designer’sage,otherriskfactorsforMr.Cray’scompanyincludeCray-3’s
[...]chiptechnology.
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Manuallyexcludedfromthissetwerefeaturesthatcanprobablybeexcluded
automaticallyifappliedtoparsedtext:

•‘otherthan’constructions,whereastructuralelementisexcluded:
(4)Fewclientsotherthanthestate....

•‘other’-NPsinlistcontextssince99%oftime,theantecedentisthepreceding
listelement(thoughnotnecessarily):
(5)ResearchshowsAZTcanrelievedementiaandothersymptoms....
(6)Oneaardvarkstayedbythewaterhole.Thegiraffesandtheother

ardvaarksscattered.

•idiomaticphrasessuchas“ontheotherhand”;

•reciprocals(“eachother”,“oneanother”);

•“theother(s)”,“theotherone(s)”,“anotherone”,whichprobablybehavelike
anaphoricpronouns(thoughnodefinitivestudyyetofoneanaphora).

•‘other’-NPswithnon-NPantecedents.(Can’tbeeasilyexcluded
automatically,thoughagain,nodefinitivestudy.)
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Training/TestData[Modjeskaetal03]

500‘other’-NPswereextractedfromPennTreeBankWallStreetJournal(PTB
WSJ)corpus,alongwitha5-sentenceprecedingcontext.

AllbaseNPsincontextweretagged,andNPswithpossessiveNPsweresplit:

(7)[Anexhibition]of[Americandesign]and[architecture]openedin[September]
in[Moscow]andwilltraveltoeightotherSovietcities.

(8)Youeitherbelieve[Seymour]candoitagainoryoudon’t.Beside[the
designer]’s[age],otherriskfactorsforMr.Cray’scompanyinclude
Cray-3’schiptechnology.

•+examples:anaphorandclosestprecedingantecedent(500pairs,16%)

•-examples:anaphorandeachbaseNPbetweenanaphorandantecedent
(2584pairs,84%)
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Features[Modjeskaetal03]

1.NPFORM(NPSurfaceForm):def,indef,dem,pro,name,?
FeatureofeachNP,derivedfromPOS-tagsanduseofheuristics.

2.RESTRSUBSTR(Antecedentcontainsanaphor?):yes,no
Featureofpair(eachlemmatised),derivedwithPerlscript.

3.GRAMFUNC(grammaticalrole):subj,predNP,IndObj,Obj,Oblique,?
FeatureofeachNP,derivedfromPTB.

4.SYNPAR(Anaphorandantecedenthavesamegramfn?):yes,no
Featureofpair,derivedfromPTB.

5.SDIST(anaphor-antecedentdistanceinSs):1,2,3,4,5
Featureofpair,derivedwithPerlscript.
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6.SEMCLASS(semanticclass):person,org,loc,date,money,number,thing,
abst,?
FeatureofeachNP,derivedusingGATE2andWordNet.

7.SEMCLASSAGR(AnaphorandantecedentagreeonSEMCLASS?):
yes,no,?
Featureofpair,derivedfromSEMCLASS.

8.GENDERAGR(Anaphorandantecedentagreeongender?):same,compat,
incompat,?
Featureofpair,derivedusinglexicalresources.

9.RELATION(anaph-anterelation):same-pred,hypernym,meronym,compat,
incompat,?
Featureofpair,derivedusingPerlscriptsandWordNet
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PerformanceusingNaiveBayesClassifier
Takebaselinetobeclosestpossibleantecedent.

PRF

baseline27.827.827.8

F151.740.645.5

Largestclassoferrorsduetoinsufficientsemanticknowledge(e.g.gapsin
WordNet,generalworldknowledge,bridging)

(9)WhileMr.DallaraandJapanesesaythequestionofinvestors’accesstothe
USandJapanesemarketsmaygetadisproportionateshareofthepublic’s
attention,anumberofotherimportantissueswillbeonthetableatnext
week’stalks.

(10)TheJusticeDepartment’sviewissharebyotherlawyers.
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WebFrequencyofPatternsindicatingSemanticRelationships
BasicIdea:Thewebimplicitlycontainsalotofinformationonsemanticrelations
intheformoflexicalpatterns.

Eventhoughtheserelationsmaybeunder-specified,buttheycanstillbeusedto
discriminatecaseswherearelationholdsfromcaseswhereonedoesn’t.

E.g.X(s)andotherYs

ageandotherriskfactors??designerandotherriskfactors

E.g.YssuchasX(s)

??issuessuchasattentionissuessuchasaccess

E.g.XY(PP-attachment:“ascasesincentrifugesforrotors”)

rotorcases??rotorcentrifuges
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Foreachanaphor(N2)andheadNofeachpossibleantecedent(N1),Googleis
sentthepattern:

(N1{sg}ORN1{pl})andotherN2{pl}

returningafrequencycount:Mant

N.B.NamedEntitypossibleantecedentsaretreatedspecially,givensparsedata
problem.)

Googlefrequencycountsalsogottenfor:

•N1{sg}ORN1{pl}(callthisMN1)

•N2{pl}(callthisMN2)

MutualInformation(MI)isthencomputed:logMant∗GP
MN1∗MN2

whereGPisnumberofGooglepages.

Giventhesetofpossibleantecedentsforananaphor,theonewiththehighestMI
isassignedvalue+firstforwebfeature.Otherantecedentswereassignedvalue
+rest.
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Re-trainNaiveBayesclassifierusingallfeatures,includingweb.

PRF

baseline27.827.827.8

F151.740.645.5

F1+web60.853.456.9

ClearImprovement.
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RemainingIssues
Problem1:ThelargenumberofNamedEntityantecedents(39.6%).ErrorsinNE
labellingcanleadtomis-judgmentsinclassification.

Problem2:Methodfailswhenonlycorrectantecedentisapronoun,sinceitlacks
ananaphorresolutioncomponentforpronouns.

Problem3:OnlyusingheadofNP,notallofit,toavoiddatasparsityproblem.
Butthatmaymisstherelevantsemanticallypredictiveelement.

Finally,theseresultsarejustfortheclassifier.Itstillneedstobeincorporatedin
anaphorresolutionprocedureforother-NPs,sinceclassificationmaystillresultin
0,1ormorepossibleantecedentsforeachanaphor.
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Summary
StatisticalandMLapproachesarebeingdevelopedforresolvinganaphoric
pronounsandestablishingcoreference.Theyarealsobeingextendedtoother
typesofanaphors.

Ingeneral,theyallworkbyre-interpretingtheproblemasoneofclassifyingpairs
ofanaphorandpossibleantecedentintotwoclasses:+/-coref.

Thustheyactasfilters,yielding0,1ormorepairsforeachanaphor.

Unlesspossibleantecedentsmaythemselvesbe+coref,aresolutionprocessisstill
needed,eithertochooseamongremainingcandidatesortosuggestanalternative
ifnocandidatespassthefilter.

R&Dquestion:Wherearethebigperformancegainsgoingtocomefrom?
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