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Abstract

Most machinelearningsolutionsto noun
phrasecoreferenceresolution recastthe
problemas a classificationtask. We ex-
aminethree potential problemswith this
reformulation,namely skaved classdis-
tributions,theinclusionof “hard” training
instancesand the loss of transitvity in-
herentin theoriginal coreferenceelation.
We shav how theseproblemscanbehan-
dled via intelligent sampleselectionand
errordrivenpruningof classificatiorrule-
sets. Theresultingsystemachiezesan F-
measureof 69.5 and 63.4 on the MUC-
6 andMUC-7 coreferenceesolutiondata
sets, respectiely, surpassinghe perfor
manceof the bestMUC-6 and MUC-7
coreferencesystems. In particular the
systemoutperformsthe best-performing
learning-basedoreferencaystento date.

1 Intr oduction

Noun phrasecoreferenceresolution refers to the
problemof determiningwhich nounphraseqNPSs)
referto eachreal-world entity mentionedin a doc-
ument. Machinelearningapproacheso this prob-
lem have beenreasonablysuccessfulpperatingpri-

marily by recastingthe problemas a classification
task (e.g.Aone and Bennett(1995), McCarthyand
Lehnert(1995),Soonetal. (2001)). Specifically an
inductivelearningalgorithmis usedto train a classi-
fier thatdecideswhetheror not two NPsin a docu-

mentarecoreferent.Training dataaretypically cre-
atedby relying on coreferencehainsfrom thetrain-
ing documentsitraining instancesare generatedy
pairingeachNP with eachof its preceding\NPs;in-
stancesrelabeledaspositiveif thetwo NPsarein
the samecoreferencehain,andlabeledasnegative
otherwise!

A separatelusteringmechanisnthencoordinates
thepossiblycontradictorypairwisecoreferencelas-
sificationdecisionsandconstructsa partitionon the
setof NPswith oneclusterfor eachsetof corefer
entNPs. Although,in principle,ary clusteringalgo-
rithm canbeused mostpreviouswork usesasingle-
link clusteringalgorithmto imposecoreferencear
titions.2 An implicit assumptionin the choiceof the
single-link clusteringalgorithmis that coreference
resolutionis viewedasanaphoraesolution,i.e. the
goal during clusteringis to find an antecedenfor
eachanaphorid\P in adocument

Threeintrinsic propertiesof coreferenc how-
ever, make the formulation of the problem as a
classification-basedingle-link clusteringtask po-
tentially undesirable:

Coreference is a rare relation. That is, most
NP pairsin a documentare not coreferent. Con-

1Two NPsarein the samecoreferencechainif andonly if
they arecoreferent.

20One exceptionis Kehlers work on probabilistic corefer
ence(Kehler 1997),in which he appliesDempsters Rule of
Combination(Dempster 1968)to combineall pairwiseproba-
bilities of coreferencéo form a partition.

3In this paper we consideran NP anaphoridf it is partof a
coreferencehainbut is notthe headof the chain.

“Here,we usetheterm coreferenelooselyto referto either
the problemor the binaryrelationdefinedon a setof NPs. The
particularchoiceshouldbe clearfrom the context.



sequently generatingtraining instancesby pairing
eachNP with eachof its precedingNPs creates
highly skewvedclassdistributions,in whichthenum-
ber of positive instancesis overwhelmedby the
numberof negativeinstanceskFor example thestan-
dardMUC-6 andMUC-7 (1995;1998)coreference
datasetscontainonly 2% positive instances. Un-
fortunately learningin the presencef suchskewved
classdistributionsremainsan openareaof research
in the machindearningcommunity(e.g.Pazzaniet
al. (1994),Fawcett(1996),CardieandHowe (1997),
KubatandMatwin (1997)).

Coreferenceis adiscourse-level problemwith dif-
ferent solutionsfor different typesof NPs. The
interpretatiorof apronoun for example,maybede-
pendenbnly onits closestaintecederandnotonthe
restof the memberf the samecoreferencechain.
Propernameresolution,on the otherhand,may be
bettersened by ignoring locality constraintsalto-
getherand relying on string-matchingor more so-
phisticatedaliasingtechniques.Consequentlygen-
eratingpositiveinstanceg$rom all pairsof NPsfrom
thesamecoreferencehaincanpotentiallymakethe
learningtaskharder:all but a few coreferencdinks
derived from ary chain might be hard to identify
basedntheavailablecontetual cues.

Coreferenceis an equivalencerelation. Recast-
ing theproblemasa classificatiortaskprecludesn-
forcementof the transitiity constraint.After train-
ing, for example,the classifiermight determinghat
A is coreferentwith B, andB with C, but thatA and
C arenot coreferent.Hence,the clusteringmecha-
nismis neededo coordinatethesepossiblycontra-
dictory pairwiseclassificationsin addition,because
thecoreferencelassifieraretrainedindependentf
theclusteringalgorithmto beusedjmprovementsn
classificatioraccurag donotguaranteeorrespond-
ing improvementsin clustering-level accuragy, i.e.
overall performanceon the coreferenceesolution
taskmight notimprove.

This paperexamineseach of the above issues.
First, to addresghe problemof skewed classdis-
tributions, we apply a techniguefor negative in-
stanceselectionsimilar to that proposedn Soonet
al. (2001).In contrasto resultsreportedhere,how-
ever, we shov empirically that systemperformance
increasesoticeablyin responséo negative example

selectionwith increasesn F-measur®f 3-5%.

Second,in an attemptto avoid the inclusion of
“hard” traininginstanceswe presentcorpus-based
methodfor implicit selectionof positive instances.
Theapproachs a fully automatedrariantof the ex-
ampleselectionalgorithmintroducedin Harabagiu
etal. (2001). With positive exampleselection,sys-
tem performance(F-measure)again increases by
12-14%.

Finally, to moretightly tie the classification-and
clustering-lerel coreferencealecisions,we propose
an errordriven rule pruning algorithm that opti-
mizesthe coreferencelassifierrulesetwith respect
to the clustering-level coreferencescoringfunction.
Overall, the use of pruning boostssystemperfor
mancefrom an F-measuref 69.3to 69.5,andfrom
57.2to 63.4for the MUC-6 and MUC-7 datasets,
respectiely, enablingthe systemto achiese perfor
mancethat surpassethat of the bestMUC corefer
encesystemsby 4.6% and1.6%. In particular the
systemoutperformsthe best-performinglearning-
basedcoreferencesystem(Soon et al., 2001) by
6.9%and3.0%.

The remainderof the paperis organizedas fol-
lows. In sections2 and 3, we presenthe machine
learningframenork underlyingthebaselinecorefer
encesystemandexaminethe effect of negative sam-
ple selection. Section4 presentour corpus-based
algorithmfor selectiorof positiveinstancesSection
5 describesand evaluatesthe errordriven pruning
algorithm. We concludewith futurework in section
6.

2 The Machine Learning Framework for
CoreferenceResolution

Our machinelearning framewvork for coreference
resolutions astandardombinatiorof classification
andclustering,asdescribechbore.

Creatinganinstance. Aninstancen ourmachine
learningframework is a descriptionof two NPsin a
documentMore formally, let NR,; bethe kth NP in
documentd. An instancdormedfrom NR; andNp;4
is denotedby i(xp, np;,)- A valid instanceis an
instancei(y p,,, v p,,) SuchthatNR, precedesip;.®
Following previouswork (AoneandBennett(1995),

5By definition, exactly (;) valid instancescan be created
from n NPsin agivendocument.



Soonetal. (2001)),we assumehroughouthepaper
thatonly valid instanceswill be generatecindused
for trainingandtesting.Eachinstanceconsistof 25
featureswhich aredescribedn Table1.5 Theclas-
sificationassociateavith a training instanceis one
of COREFERENT Or NOT COREFERENT depending
onwhetherthe NPsco-referin the associatedrain-
ing text.”

Building an NP coreference classifier We use

RIPPER(Cohen,1995),an informationgain-based
propositionalrule learningsystem o train a classi-

fier that, givena testinstancei v 5, v p,,), decides
whetheror notNR; andNp; arecoreferentSpecifi-

cally, RIPPERsequentiallycoversthepositive train-

ing instancesandinducesa rulesetthat determines
whentwo NPs are coreferent. When none of the

rulesin therulesetis applicableto a givenNP pair, a

defaultrule that classifiesthe pair asnot coreferent
is automaticallyinvoked. Theoutputof theclassifier
is either COREFERENT Or NOT COREFERENT along

with a numberbetween0 and 1 that indicatesthe

confidenceof the classification.

Applying the classifier to create coreference
chains. After training,theresultingrulesetis used
by a best-firstclusteringalgorithmto imposea par
titioning on all NPsin the testtexts, creatingone
clusterfor eachset of coreferentNPs. Texts are
processedrom left to right. EachNP encountered,
NP;q, is comparedn turnto eachpreceding\P, NRy,
from right to left. For eachpair, a testinstanceis
createdas during training and is presentedo the
coreferencelassifier The NP with the highestcon-
fidencevalueamongtheprecedingNPsthatareclas-
sifiedasbeingcoreferentvith NP, is selectedasthe
antecedenbf NB4; otherwise,no antecedenis se-
lectedfor NP.

3 NegativeSampleSelection

As noted abore, skewved class distributions arise
whengeneratingall valid instancedrom the train-
ing texts. A numberof methoddor handlingskeved
distributions have been proposedin the machine
learningliterature,mostof which modify thelearn-

5SeeNg andCardie(2002 for a detaileddescriptionof the
features.

“In all of the work presentedere,NPsareidentified, and
featurevaluescomputedentirelyautomatically

Algorithm NEG-SELECT(NEGsetof all possible
negative instances)

for i(nyp, NP, € NEGdO

if NP4 is anaphorighen

if NR; precedeg (NP;;) then
NEG:=NEG\{i(np, NP}

else

return NEG

Figurel: The NEG-SELECTalgorithm

ing algorithmto incorporatea loss function with a
muchlargerpenaltyfor minority classerrorsthanfor
instances$rom themajority classege.g.Gordonand
Perlis(1989),Pazzaniet al. (1994)). We investigate
herea differentapproachto handlingskeved class
distributions— negative sampleselection,i.e. the
selectionof a smallersubsetof neggative instances
from the setof available negative instances.In the
caseof NP coreferencewe hypothesizéhat reduc-
ing the numberof negative instanceswill improve
recall but potentially reduceprecision: intuitively,
the existenceof fewer negative instanceshouldal-
low RIPPERto moreliberally inducepositiverules.
We proposea methodfor negative sampleselection
that, for eachanaphorid\P, NR4, retainsonly those
negative instancesfor non-corefereniNPs that lie
betweemp;,; andits farthest precedingantecedent,
f(NPg). The algorithmfor negative sampleselec-
tion, NEG-SELECT is shown in Figure1l. NEG-
SELECTtakesasinput the setof all possibleneg-
ative instancesdn the training texts, i.e. the set of
valid instances y p,, v p;,) SuchthatNRg andnpg
arenotin thesamecoreferencehain.

Theintuition behindthis approachs very simple.
Let S(NB4) be the setof precedingantecedentsf
NPq, and L(NR4,NP;;) bethe setconsistingof NPs
NR4, NRjy1)d» - - NPBq. Recallthatthe goal dur-
ing clusteringis to compute,for eachNP Np;4, the
setS(NRg) from which the elementwith the high-
estconfidencas selectedasthe antecedendf NRy .
Since(1) S(NP) isasubsebf L(f(Nde),Nde)B and

8We define L(f(NPia),NP;j4) to be the emptysetif f(NP;q)
doesnotexist (i.e. NP4 iS notanaphoric).



FeatureType Feature Description
Lexical PRO_STR Cif bothNPsarepronominalandarethe samestring; elsel.
PN_STR Cif bothNPsarepropernamesandarethe samestring; elsel.
SOON_STR_NONPRO Cif bothNPsarenon-pronominabkndthe string of Nrg matcheshatof NP;q;
elsel.
Grammatical PRONOUN_T Y if NRg4 IS apronoun;elseN.
PRONOUN_Z Y I NP4 IS apronoun;elseN.
DEMONSTRATIVEZ Y 1t NP4 Startswith a demonstratie suchas™this,” “that,” "these; or "those;”
elseN.
BOTH_PROPER_NOUNS | CIif bothNPsarepropernamesNA 1f exacily oneNP IS a propername elsel.
NUMBER Cif theNP pairagreen number;[ if they disagreeNA if numberinformation
for oneor bothNPscannotbedetermined.
GENDER C1f the NP pair agreein gender;[ i they disagreeNA 1 gendennformation
for oneor bothNPscannotbedetermined.
ANIMACY Cif theNPsmatchin animag; elsel.
APPOSITIVE Cif theNPsarein anappositve relationshipelsel.
PREDNOM Cif theNPsform apredicatenominalconstructionglsel.
BINDING I'if the NPsviolate conditionsB or C of the Binding Theory;elseC.
CONTRAINDICES ['if the NPs cannotbe co-indexed basedon simple heuristics; else C. For
instance two non-pronominalNPs separatedy a prepositioncannotbe co-
indexed.
SPAN I'if oneNP spangheother;elseC.
MAXIMALNP I'iT bothNPshave the SamemaximalNP projection;elseC.
SYNTAX f theNPshave incompatiblevaluesor theBINDING, CONTRATNDICES, SPAN
or MAXIMALNP constraintselseC.
INDEFINITE [T NP;4 IS anindefiniteandnotapposiive; elseC.
PRONOUN T NRgq IS apronounandNP;q IS NOt, eIseC.
EMBEDDED_T Y if NR4 iISanembeddeahoun;elseN.
TITLE ['1f oneor bothof theNPsis afifle; elseC.
Semantic WNCLASS C if theNPshave the sameWordNetsemanticclass;T it they don't; NA it the
semantialassinformationfor oneor bothNPscannotbe determined.
ALIAS Cif oneNPis analiasof the other;elsel.
Positional SENTNUM Distancebetweerthe NPsin termsof the numberof sentences.
Others PRO_RESOLVE Cif NP4 IS apronounandNRy is its antecedenaccordingto a nave pronoun
resolutionalgorithm;elsel.

Tablel: FeatureSetfor the Coreferencesystem. Thefeaturesetcontainsrelationalandnon-relationafeatures.Non-
relationalfeaturestestsomeproperty P of one of the NPsunderconsideratiorandtakeon a value of YES or No dependingon
whetherP holds. RelationalfeaturegestwhethersomepropertyP holdsfor the NP pair underconsideratiorandindicatewhether
theNPsareCOMPATIBLEOr INCOMPATIBLE W.I.t. P; avalueof NOT APPLICABLE is usedwhenpropertyP doesnotapply.

(2) NByg is comparedto eachprecedingNP from
right to left by the clusteringalgorithm, it follows
that the setof nggative instanceswvhoseclassifica-
tions the classifierneedsto determinein order to
computeS(NpR,) is asupersebf thesetof instances
I(NP;) formedby pairingNp;; with eachof its non-
coreferentrecedingNPsin L(f(NP4),NP;;). Con-
sequentlyl; 4 1(NB;q) is theminimal setof (nega-
tive)instancesvhoseclassificationsill berequired
duringclustering.In principle,to performtheclassi-
ficationsaccuratelytheclassifiemeedgo betrained
onthe correspondingetof nggative instancedrom
the training set, which is U; ; 1(NB;q), whereNnp;
is now the jth NP in training documentd. NEG-
SELECTis designedessentiallyto computethis set.
Next, we examinethe effects of this minimalistap-
proachto negative sampleselection.

Evaluation. We evaluatethe coreferencesystem
with negative sampleselectionon the MUC-6 and
MUC-7 coreferencedata setsin eachcase,train-
ing the coreferenceclassifieron the 30 “dry run”
texts, andapplyingthe coreferenceesolutionalgo-
rithm on the 20-30“formal evaluation” texts. Re-
sultsare shown in rows 1 and 2 of Table 2 where
performancés reportedn termsof recall,precision,
andF-measuraisingthemodel-theoretitMUC scor
ing program(Vilain etal., 1995). The Baselinesys-
tem employsno sampleselection,i.e. all available
training examplesare used. Row 2 shows the per
formanceof the Baselineafter incorporatingNEG-
SELECT With ngyative sampleselection,the per
centageof positive instancegisesfrom 2% to 8%
for the MUC-6 datasetandfrom 2% to 7% for the
MUC-7 dataset. For both datasets,we seestatis-
tically significantincreasedn recallandstatistically



significant,but muchlargerdropsin precision? The
resulting F-measurescores however, increasenon-
trivially from 52.4to 55.2 (for MUC-6), and from
41.3t0 46.0(for MUC-7).10

4 Positive SampleSelection

Since not all of the coreferencerelationshipsde-
rived from coreferencechainsare equally easyto
identify, trainingaclassifierusingall possiblecoref-
erencerelationshipscan potentially lead to the in-
duction of inaccuraterules. Given the obsena-
tion that one antecedenis sufficient to resohe an
anaphoyit maybedesirableo learnonly from easy
positive instances. Similar obsenationsare made
by Harabagiuet al. (2001), who point out that in-
telligent selectionof positive instancescan poten-
tially minimize the amountof knowledgerequired
to performcoreferenceesolutionaccurately They
assumethat the easiesttypes of coreferencerela-
tionshipsto resolwe are thosethat occurwith high
frequenciesn the data. Consequentlythey mine
by hand three setsof coreferencerules for cov-
ering positive instancesfrom the training data by
finding the coreferenceknowledgesatisfiedby the
largestnumberof anaphotantecedenpairs. While
the Harabagiuet al. algorithm attemptsto mine
easycoreferenceaulesfrom the databy hand,nei-
ther the rule creationprocessnor stoppingcondi-
tions are precisely defined. In addition, a lot of
humaninterventionis requiredto derive the rules.
In this section,we describean automaticpositive
sampleselectionalgorithmthatcoarselymimicsthe
Harabagiwetal. algorithmby finding a confidentan-
tecedentfor eachanaphor Overall, our goal is to
avoid theinclusionof hardtraininginstancesy au-
tomatingthe processof deriving easycoreference
rulesfrom the data.

The Algorithm.  The positive sampleselectioral-
gorithm,POS-SELECTis shovnin Figure2. It as-
sumesthe existenceof a rule learner L, that pro-
ducesanorderedsetof positiverules.POS-SELECT

Chi-square statistical significance tests are applied to
changesdn recall and precisionthroughoutthe paper Unless
otherwisenoted, reporteddifferencesare at the 0.05 level or
higher The chi-squardestis notapplicableto F-measure.

1°The F-measurescorecomputedby the MUC scoringpro-
gramis theharmonicmeanof recallandprecision.

Algorithm POS-SELECT(Lpositiverule learney
T: setof traininginstances)
FinalRuleSet= ();
AnaphorSet= ();
BestRule= NIL;
repeat
BestRule = bestrule amongtherankedset
of positiverulesinducedon T usingL
FinalRuleSet= FinalRuleSetJ BestRule
/I collectanaphordrominstanceghat
/I are correctlycoveedby BestRule
for Z(szvaP]d) €Tdo
if {(N P, N Pjqg) is coveredby BestRuleand
class(i(Npidprjd)) = COREFERENTthen
AnaphorSet= AnaphorSetJ { NP }
/l removeinstancesassociatedvith the
/l anaphorscoveedby BestRule
for UNPg,NPy) €T do
if NPy € AnaphorSethen
T=T\{iwr,npot
until L cannotinduceary rule for the positives.
return FinalRuleSet

Figure2: ThePOS-SELECTalgorithm

first usesL to inducea ruleseton the training in-
stancesaindpicksthefirst rule from the ruleset.For
ary training instancei(NHvapjd) correctlycovered
by this rule, an antecedenivr; has beenidenti-
fied for the anaphomp,;. As aresult,all (positive
and negative) training instancesformed with NBy4
as the anaphorare no longer neededand are sub-
sequentlyremoved from the training datal! The
processs repeateduntil L cannotinducea rule to
cover the remainingpositive instances.The output
of POS-SELECTis a setof positive rules selected
during eachiterationof the algorithm. Hence posi-
tive sampleselectionin POS-SELECTis implicit in
the sensehatit is embeddedvithin therule induc-
tion process.

Evaluation. Resultsareshown in rows 3 and4 of
Table 2. As in the previous experiments,the rule
learneris RIPPER.We run the systemtwice, first

"Wwe speculatethat retaining the negative instancesvould
hurt performancebut this remaingo beverified.



Experiments | Algorithmsused MUC-6 MUC-7
R P F R P F

Baseline — 40.7 735 5241272 86.3 413
Neg-Only NEG-SELECT 46,5 67.8 552|374 59.7 46.0
Pos-Only POS-SELECT 53.1 80.8 64.1| 411 780 5338
Combined NEG-SELECT+POS-SELECT 634 76.3 69.3| 595 551 572
Pruning NEG-SELECT+POS-SELECTHRLE-SELECT | 63.3 76.9 69.5| 542 76.3 634
More Training | NEG-SELECT+POS-SELECT 64.8 70.6 67.6| 60.0 55.7 57.8

Table2: Effectsof sampleselectionanderrordrivenpruning.

with POS-SELECTonly andthenwith both POS-
SELECT and NEG-SELECT With POS-SELECT
only, the systemachieres an F-measureof 64.1

(for MUC-6) and 53.8 (for MUC-7). WhenPOS-
SELECTand NEG-SELECTare usedin combina-
tion, however, the systemachievesan F-measuref

69.3(for MUC-6) and57.2(for MUC-7).

Discussion. The experimentalresultsare largely
consistentvith our hypothesisSystenperformance
improves dramaticallywith positive sampleselec-
tion using POS-SELECTboth in the absenceand
presenc®f nggative sampleselection. Without neg-
ative sampleselection, F-measureincreasesfrom
52.4to0 64.1(for MUC-6), andfrom 41.3to 53.8(for
MUC-7). Similarly, with negative sampleselection,
F-measuréncrease$rom 55.2to 69.3(for MUC-6),
andfrom 46.0to 57.2(for MUC-7). In addition,our
resultsindicatethatapplyingbothnegative andpos-
itive sampleselectionleadsto better performance
than applying positive sampleselectionalone: F-
measurancrease$rom 64.1to 69.3,andfrom 53.8
to 57.2for theMUC-6 andMUC-7 datasets respec-
tively. Neverthelessreducingthe numberof neg-
ative instanceqvia negative sampleselection)im-
proves recall but damagesprecision: we seesta-
tistically significantgainsin recall and statistically
significantdropsin precisionfor both datasets. In
particular precisiondrops precipitouslyfrom 78.0
to 55.1 for the MUC-7 dataset. We hypothesize
thatPOS-SELECToesnotguarante¢hathardpos-
itive instanceswill be avoided and that the inclu-
sion of thesehard instancess responsiblefor the
poorerprecisionof thesystem Anaphorghatdo not
have easyantecedentsan never be removed auto-
maticallyvia theinductionof new rulesusingPOS-
SELECT In fact, RIPPERwiIll possiblyinducerules
to handlethesehardinstancesslongassuchkind of
anaphorsccursufficiently frequentlyin thedataset

relative to the numberof negative instances? Al-
thoughit might be beneficialto acquiretheserules
at the classificatiorlevel (accordingto the learning
algorithm), they can be detrimentalto systemper
formanceat the clustering level, especiallyif the
rules cover a large numberof exampleswith a lot
of exceptions.Consequentlyit is necessaryo know
which rulesareworthy of keepingat the clustering
level andnottheclassificatiorevel. Wewill address
thisissuein the next section.

5 Pruning the CoreferenceRuleset

As notedin the introduction,machinelearningap-
proachego coreferenceesolutionthatrely only on

pairwise NP coreferenceclassifierswill not neces-
sarily enforcethe transitiity constraintinherentin

the coreferenceelation. Although approachedo

coreferenceesolutionthat rely only on clustering
could easily enforcetransitivity (asin Cardieand
Wagstaf (1999)), they have not performedas well

asstate-of-the-ardpproacheto coreferenceln this

sectionwe proposea methodfor resolvingthis con-
flict: we introducean errordriven rule pruningal-

gorithm that considersrulesinducedby the coref-
erenceclassifierand discardsthosethat causethe
rulesetto performpoorly with respecto the global,
clustering-lerel coreferencescoringfunction.

The Algorithm. The errordriven pruning algo-
rithm is inspired by the backwardelimination al-
gorithm commonly usedfor featureselection(see
Blum andLangley (1997))andis showvn in Figure
3. The algorithm,RULE-SELECT, takesasinput a
rulesetlearnedfrom a training corpusfor perform-
ing coreferenceresolution,a pruning corpus(dis-
joint fromthetrainingcorpus)andaclustering-level

2More precisely RIPPERwill inducea new rule if therule
is morethan50% accurateandthe resultingdescriptionlength

is fewer than64 bits largerthanthe smallestdescriptionlength
obtainedsofar.



Algorithm RULE-SELECT(R:ruleset,
P: pruningcorpus,
S: scoringfunction)
BestScore= scoreof thecoreferencesystem
usingRonPw.r.t. S;
r:= NIL;
repeat
r :=therulein R whoseremoval yieldsa
rulesetwith which the coreferenceystem
achievesthebestscoreb onPw.r.t. S.
if b > BestScore¢hen
BestScore= b;
R:=R\ {r}
elsebreak
while true
return R

Figure3: TheRULE-SELECTalgorithm

coreferencescoringfunctionthatis the sameasthe
onebeingusedfor evaluatingthefinal outputof the
systemt3 At eachiteration,RULE-SELECTgreed-
ily discardsthe rule whoseremoval yields a rule-
setwith which the coreferencesystemperformsthe
best(with respectto the coreferencescoringfunc-
tion) onthe pruningcorpus.As ahill-climbing pro-
cedure,the algorithm terminateswhen removal of
ary of therulesin the rulesetfails to improve per
formance In contrasto mostexisting algorithmsfor
coreferenceesolution,RULE-SELECT establishes
a tighter connectiorbetweenthe classification-and
clustering-lerel decisiondor coreferenceesolution
and ensureghat systemperformances optimized
with respecto thecoreferencecoringfunction. We
hypothesizehatthis optimizationof thecoreference
classifierwill improve performanceof theresulting
coreferencesystem,in particularby increasingits
precision.

Evaluation and Discussion. Resultsareshovnin
row 5 of Table 2. In the Pruningexperiment,the
MUC-7 formal evaluationcorpusis the pruningcor
pus for the MUC-6 run; the MUC-6 formal evalu-
ation corpusis the pruning corpusfor the MUC-7

BImportantly RULE-SELECTassumeso knowledgeof the
innerworkingsof thescoringfunction.

run. In addition, the quantitythat RULE-SELECT
optimizesfor a given rulesetis the F-measurere-
turnedby the MUC scoringfunction* In compar
ison to the Combinedresults,we seean improve-
mentof 0.2% (for MUC-6) and 6.2% (for MUC-7)
in F-measureln particular we seestatisticallysig-
nificant gainsin precision(from 55.1to 73.6) and
statistically significant,but much smaller dropsin
recall (from 59.5to 54.2) for the MUC-7 dataset.
In general,our resultssupportthe hypothesisthat
rule pruningcanbe usedto improve systemperfor
mance;morewer, the techniques especiallyeffec-
tive at enhancinghe precisionof the system.How-
ever, performancegains may be nggligible when
pruningis usedin systemswith high precision,as
canbeseenfrom theresultsfor the MUC-6 dataset.

To determinavhethemerformancémprovements
are insteadattributable to the availability of addi-
tional “training” dataprovided by the pruningcor
pus,we train a classifier(usingthe samesettingas
the Combinedexperiments)n boththetrainingand
the pruningcorpora.The performancef thesystem
usingthis unprunedrulesetis shown in thelastrow
of Table2. In comparisorto the Combinedresults,
F-measuredrops from 69.3 to 67.6 (for MUC-6),
andrisesfrom 57.2and57.8(for MUC-7). Thesere-
sultsindicatethatthe RULE-SELECTalgorithmhas
madea moreeffective useof theadditionaldatathan
the learningalgorithmwithout rule pruning by ex-
ploiting the feedbackprovided by the scoringfunc-
tion.

6 Conclusions

We have examinedthree problemswith recasting
noun phrasecoreferencaesolutionas a classifica-
tion task. To handletheseproblems,we presented
aminimalistnegative sampleselectionalgorithmto
reducethe skavnessof the classdistributions, and
an automaticpositive sampleselectionalgorithmto
selecteasypositive instances.In addition, our ex-
perimentdndicatethatthe positive sampleselection
algorithmdoesnotguarante¢hathardinstancesan
be entirely excluded. As a result, we proposedan
errordriven rule pruning algorithm that can effec-
tively enhancethe precisionof the systemby dis-
1RULE-SELECTcanbeusedn conjunctiorwith anycoref-

erencescoringfunction. The MUC scoreris choserhereto fa-
cilitate comparisorwith previousresults.



cardingrulesthatcauseheruleseto performpoorly
with respectto the coreferencescoring function.
The resultingsystemoutperformeadhe bestMUC-
6 and MUC-7 coreferencesystemsas well asthe
best-performindearning-basedystemon the cor
respondingMUC datasets. Neverthelessthereis
substantiatoom for improvement. For example, it
is importantto know how sensitve systemperfor
manceis with respecto the sizeof the pruningcor-
pus.In addition,althoughwe useRIPPERastheun-
derlying learningalgorithmin our coreferencesys-
tem,we expectthatthe techniqueglescribedn this
papercanbe usedin conjunctionwith otherlearn-
ing algorithms. We planto explore this possibility
in futurework.
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