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Abstract

We presentinounphrasecoreferencays-
tem that extends the work of Soon et
al. (2001) and, to our knowledge, pro-
duceghebestresultsto dateontheMUC-
6 andMUC-7 coreferenceesolutiondata
sets— F-measuresf 70.4 and 63.4, re-
spectiely. Improvementsarisefrom two
sources: extra-linguistic changesto the
learningframenork and a large-scaleex-
pansionof thefeaturesetto includemore
sophisticatedinguistic knowledge.

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 problemasa classification
task (e.g.Aone and Bennett(1995), McCarthyand
Lehnert(1995)). Specifically a pair of NPsis clas-
sifiedasco-referringor notbasecn constraintghat
are learnedfrom an annotatedcorpus. A separate
clusteringmechanisnthencoordinateghe possibly
contradictorypairwiseclassificationandconstructs
a partition on the set of NPs. Soonet al. (2001),
for example,applyanNP coreferencesystembased
on decisiontree induction to two standardcoref-
erenceresolutiondatasets(MUC-6, 1995; MUC-
7, 1998),achieving performancecomparabldo the
best-performingknowledge-basedoreferenceen-
gines. Perhapssurprisingly this wasaccomplished

in adecidedlyknowledge-leatmanner— thelearn-
ing algorithmhasaccesso just 12 surface-lgel fea-
tures.

ThispaperpresentanNP coreferenceystenthat
investigategwo typesof extensionsto the Soonet
al. corpus-base@pproach. First, we proposeand
evaluatethree extra-linguistic modificationsto the
machinelearning framevork, which togetherpro-
vide substantialand statistically significant gains
in coreferenceesolutionprecision. Second,in an
attemptto understandvhetherincorporatingaddi-
tional knowledge canimprove the performanceof
a corpus-basedaoreferenceresolution system,we
expandthe Soonet al. featuresetfrom 12 features
to an alguably deepersetof 53. We proposeaddi-
tional lexical, semantic,and knowledge-basedea-
tures; mostnotably however, we propose26 addi-
tional grammaticafeatureghatincludea variety of
linguistic constraintsaandpreferencesAlthoughthe
useof similarknowledgesourcesasbeenexplored
in the contet of both pronounresolution(e.g.Lap-
pinandLeasq1994))andNP coreferenceesolution
(e.g. Grishman(1995), Lin (1995)), most previous
work treatslinguistic constraintsaasbroadlyandun-
conditionally applicablehard constraints. Because
source®f linguisticinformationin alearning-based
systemarerepresente@sfeatureswe can,in con-
trast,incorporatehemselectvely ratherthanasuni-
versalhardconstraints.

Our results using an expandedfeature set are
mixed. First, we find thatperformancealropssignifi-
cantly whenusingthe full featureset, eventhough
the learning algorithms investigatedhave built-in
featureselectionmechanismsWe demonstratem-



pirically thatthe degradationin performanceanbe
attributed, at leastin part, to poor performanceon

commonnounresolution.A manuallyselectedsub-
set of 22—-26 features,however, is shovn to pro-

vide significantgainsin performancevhenchosen
specificallyto improve precisionon commonnoun
resolution.Overall, thelearningframeavork andlin-

guistic knowledge sourcemodificationsboost per

formanceof Soonslearning-basedoreferencees-
olutionapproacHrom anF-measuref 62.6to 70.4,
andfrom 60.4to 63.4for the MUC-6 and MUC-7

datasets,respectiely. To our knowledge,theseare
thebestresultsreportedo dateonthesedatasetsfor

thefull NP coreferenceroblem?

Therestof the paperis organizedasfollows. In
sections2 and 3, we presentthe baselinecorefer
encesystemand explore extra-linguistic modifica-
tionsto the machinelearningframewnork. Section4
describesindevaluategsheexpandedeatureset. We
concludewith relatedandfuturework in Section5.

2 The BaselineCoreferenceSystem

Our baselinecoreferencesystemattemptsto dupli-
cateboth the approachand the knowledge sources
employedn Soonetal. (2001).More specifically it
employsthe standardcombinationof classification
andclusteringdescribedabove.

Building an NP coreference classifier We use
the C4.5 decisiontree induction system(Quinlan,
1993) to train a classifierthat, given a description
of two NPsin a document,NR and Np;, decides
whetheror not they are coreferent. Eachtraining
instancerepresentthetwo NPsunderconsideration
and consistsof the 12 Soonet al. features,which
aredescribedn Tablel. Linguistically, thefeatures
canbedividedinto four groups:lexical, grammati-
cal, semanticand positional.2 Theclassificatioras-
sociatedwith a training instanceis one of COREF-
ERENT Or NOT COREFERENT dependingnwhether
the NPsco-referin the associatedraining text. We
follow the procedureemployedn Soonetal. to cre-

!Resultspresentedn Harabagiuet al. (2001) are higher
thanthosereportedhere,but assumehatall andonly the noun
phrasednvolved in coreferenceelationshipsare provided for
analysisby the coreferenceesolutionsystem.We presumeno
preprocessingf thetrainingandtestdocuments.

2In all of the work presentedere,NPsareidentified, and
featuresvaluescomputedentirely automatically

atethetraining data: we rely on coreferencehains
from the MUC answerkeys to create(1) a positive
instancefor eachanaphoricounphrasenp;, andits
closestprecedingantecedentyr; and(2) aneggative
instancefor NP, pairedwith eachof the intervening
NPS,NR41, NBy2,..., NB_1. This methodof neg-
ative instanceselectionis further describedn Soon
etal. (2001);it is designedo operatdn conjunction
with their methodfor creatingcoreferencechains,
whichis explainednext.

Applying the classifier to create coreference
chains. After training,thedecisiontreeis usedby

aclusteringalgorithmto imposea partitioningon all

NPsin thetesttexts, creatingoneclusterfor eachset
of coreferentNPs. As in Soonet al., texts arepro-

cessedrom left to right. EachNP encounteredyr;,

is comparedn turnto eachpreceding\NP, NR, from

right to left. For eachpair, atestinstanceis created
as during training and is presentedo the corefer

enceclassifier which returnsa numberbetween0

and1 thatindicatesthelikelihood thatthe two NPs
arecoreferent NP pairswith classvaluesabore 0.5
areconsideredcOREFERENT; otherwisethe pair is

consideredNOT COREFERENT. The procesgermi-

natesassoonasanantecederis foundfor Np; orthe
beginningof thetext is reached.

2.1 BaselineExperiments

We evaluate the Duplicated Soon Baseline sys-
tem using the standardilUC-6 (1995) and MUC-
7 (1998) coreferencecorpora,training the corefer
enceclassifieron the 30 “dry run” texts, and ap-
plying the coreferenceesolutionalgorithm on the
20-30“formal evaluation” texts. The MUC-6 cor-
pusproducestrainingsetof 26455instance$5.4%
positive) from 4381 NPs and a test set of 28443
instanceq5.2% positive) from 4565 NPs. For the
MUC-7 corpuswe obtainatrainingsetof 35895in-
stanceg4.4%positive)from 5270NPsandatestset
of 22699instance$3.9%positive) from 3558NPs.
Resultsare shovn in Table 2 (DuplicatedSoon
Baseline)where performances reportedin terms
of recall, precision,andF-measureisingthemodel-
theoretioMUC scoringprogram(Vilain etal., 1995).

3We corvertthe binary classvalueusingthe smoothedatio
fi—;, wherep is the numberof positive instancesandt is the
total numberof instancescontainedin the correspondindeaf

node.



FeatureType Feature Description
Lexical SOON_STR C if, afterdiscardingdeterminersthe string denotingNp matcheghat of
NP; elsel.
Grammatical PRONOUN_1* Y if NR isapronoun;elseN.
PRONOUN_2* Y if NP; is apronoun;elseN.
DEFINITE_2 Y if Np; startswith theword “the;” elseN.
DEMONSTRATIVE2Z Y if Np; startswith a demonstratie suchas "this,” “that,” "these] or
“those;"” elseN.
NUMBER* Cif theNP pairagreen number if they disagreeNA if numberinforma-
tion for oneor bothNPscannotbedetermined.
GENDER* Cif theNPpairagreen gender] if they disagreeNA if gendeiinformation
for oneor both NPscannotbe determined.
BOTH_PROPERNOUNS* | C if both NPsare propernames;NA if exactly oneNP is a propername;
elsel.
APPOSITIVE* C if theNPsarein anappositve relationshipgelsel.
Semantic WNCLASS* C if theNPshave the sameWordNetsemanticclass;l if they don't; NA if
thesemantialassinformationfor oneor bothNPscannotbe determined.
ALIAS® C if oneNP s analiasof theother;elsel.
Positional SENTNUM* Distancebetweerthe NPsin termsof the numberof sentences.

Tablel: FeatureSetfor the DuplicatedSoonBaselinesystem.Thefeaturesetcontainsrelationalandnon-relational
features.Non-relationalfeaturesestsomepropertyP of one of the NPsunderconsideratiorandtakeon a valueof YES or NO

dependingon whetherP holds. Relationalfeaturestestwhethersomeproperty P holdsfor the NP pair underconsideratiorand
indicatewhetherthe NPsareComPATIBLE Oor INCOMPATIBLE W.I.t. P; avalueof NOT APPLICABLE is usedwhenpropertyP does
notapply. * d featuresarein thehand-selecteteatureset(seeSectiond) for atleastoneclassifier/dataetcombination.

The systemachiares an F-measureof 66.3 and
61.2 on the MUC-6 and MUC-7 datasets,respec-
tively. Similar, but slightly worse performance
was obtained using RIPPER (Cohen, 1995), an
information-gain-basedule learningsystem. Both
setsof resultsare at leastas strongasthe original
Soonresults(row one of Table 2), indicating indi-
rectly that our Baselinesystemis a reasonablealu-
plication of thatsystem In addition,the treespro-
ducedby Soonandby our DuplicatedSoonBaseline
areessentiallythe samedifferingonly in two places
wherethe Baselinesystemimposesadditionalcon-
ditionson coreference.

The primary reasonfor improvementsover the
original Soon systemfor the MUC-6 data set ap-
pearso be ourhigherupperboundonrecall(93.8%
vs. 89.9%),dueto betteridentificationof NPs. For
MUC-7, our improvementstemsfrom increasesn
precision,presumablydueto moreaccuratdeature
valuecomputation.

“In all of the experimentsdescribedin this paper default
settingsfor all C4.5parametersreused.Similarly, all RIPPER
parameteraresetto theirdefaultvalueexceptthatclassification
rulesareinducedfor boththe positive andnegative instances.

3 Modifications to the Machine Learning
Framework

This sectionstudiesthe effect of three changego
the generalmachinelearningframewvork employed
by Soonet al. with the goal of improving precision
in theresultingcoreferenceesolutionsystems.

Best-first clustering. Ratherthan a right-to-left
searchfrom eachanaphoricNP for the first coref-
erentNP, we hypothesizedhataright-to-left search
for a highly likely antecedeninight offer more pre-
cise,if not generallybettercoreferencehains. As
aresult,we modify the coreferencelusteringalgo-
rithm to selectasthe antecedenof Np; the NP with
thehighestcoreferencéikelihoodvaluefromamong
precedingNPswith coreferencelassvaluesabore
0.5.

Training setcreation. For the proposedest-first
clusteringto be successful,however, a different
method for training instanceselectionwould be
needed:ratherthangeneratea positive training ex-
ample for eachanaphoricNP and its closestan-
tecedentye insteadgeneratea positive training ex-
amplesfor its most confident antecedent. More
specifically for a non-pronominalNP, we assume
thatthemostconfidentantecederis theclosesnon-



C4.5 RIPPER
MUC-6 MUC-7 MUC-6 MUC-7
SystemVariation R P F R P F R P F R P F
Original Soonetal. 58.6 673 626|561 655 60.4 - - - - - -
DuplicatedSoonBaseline 624 70.7 66.3|552 685 61.2] 60.8 684 643|540 695 60.8
LearningFramevork 624 735 675|563 715 630] 608 753 67.2| 553 73.8 632
StringMatch 604 744 66.7| 543 721 620 585 749 657|489 73.2 58.6
TrainingInstanceSelection| 61.9 70.3 65.8| 55.2 68.3 61.1| 61.3 704 655|542 688 60.6
Clustering 624 70.8 66.3| 565 69.6 623 605 684 64.2| 55.6 70.7 62.2
All Features 70.3 583 638|655 582 616 670 622 645|619 60.6 612
Pronounnly - 66.3 - - 62.1 - - 713 - - 620 -
ProperNounsonly - 842 - - 7T - - 855 - - 759 -
CommonNounsonly — 401 - — 452 - — 437 - — 480 -
Hand-selectetfeatures 641 749 69.1|574 708 634 642 780 704|557 728 631
Pronounnly - 67.4 - - 544 - - 77.0 - - 60.8 -
ProperNounsonly - 93.3 - - 86.6 - - 95.2 - - 88.7 -
CommonNounsonly — 63.0 - — 648 - — 628 - — 63.5 -

Table2: Resultsfor the MUC-6 andMUC-7 datasetsusingC4.5andRIPPER Recall, Precision,andF-measure
areprovided. Resultsan boldfaceindicatethe bestresultsobtainedfor a particulardatasetandclassifiercombination.

pronominal precedingantecedent.For pronouns,
weassumehatthemostconfidentantecederis sim-
ply its closesprecedingantecedentNegative exam-
plesaregenerate@sin the Baselinesysten®

String matchfeature. Soonsstringmatchfeature
(SOON_STR) testswhetherthe two NPsundercon-
siderationarethe samestring afterremoving deter

minersfrom each. We hypothesizedhowever, that
splitting this featureinto several primitive features,
dependingon the type of NP, might give the learn-
ing algorithmadditionalflexibility in creatingcoref-
erencerules. Exactstring matchis likely to be a
bettercoreferencepredictorfor propernamesthan
it is for pronouns,for example. Specifically we
replacethe sooN_STR featurewith three features
— PRO_STR, PN_STR, and WORDS_STR — which

restrict the applicationof string matchingto pro-
nouns,propernamesandnon-pronominaNPs, re-
spectiely. (Seethe first entriesin Table 3.) Al-

thoughsimilar featuresplits might have beencon-
sideredfor otherfeatures(e.g. GENDER and NUM-

BER), only the stringmatchfeaturewastestechere.

Results and discussion. Resultson the learning
framevork modificationsareshavnin Table2 (third
block of results). When usedin combination,the
modificationsconsistentlyprovide statistically sig-
nificantgainsin precisionover the Baselinesystem

5This new methodof training setcreationslightly altersthe
classvaluedistributionin thetrainingdata:for theMUC-6 cor-
pus,therearenow 27654training instancef which 5.2%are
positive; for the MUC-7 corpus,thereare now 37870training
instance®f which 4.2%arepositive.

without ary lossin recall® As aresult,we obsere

reasonabléncreasesn F-measurdor both classi-
fiers and both datasets. Whenusing RIPPER,for

example, performancdancreasedrom 64.3to 67.2
for the MUC-6 datasetandfrom 60.8to 63.2 for

MUC-7. Similar, but weaker effectsoccurwhenap-
plying eachof thelearningframevork modifications
totheBaselinesystenin isolation.(Seetheindented
LearningFramevork resultsin Table2.)

Our resultsprovide direct evidencefor the claim
(Mitkov, 1997) that the extra-linguistic stratajies
employedo combinetheavailablelinguistic knowl-
edge sourcesplay an importantrole in computa-
tional approacheto coreferenceesolution. In par
ticular, our resultssuggestthat additional perfor
mancegains might be obtainedby further investi-
gatingthe interactionbetweentraining instancese-
lection, featureselection,andthe coreferenceslus-
teringalgorithm.

4 NP CoreferenceUsing Many Features

This sectiondescribeghe secondmajor extension
to the Soonapproachnvestigatechere: we explore
theeffectof including41 additional ,potentiallyuse-
ful knowledge sourcesfor the coreferenceresolu-
tion classifier(Table 3). The featureswere not de-
rivedempiricallyfrom thecorpus but werebasedn
common-sens&nowledgeand linguistic intuitions

SChi-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.



regardingcoreferenceSpecifically we increasehe

numberof lexical featuresto nine to allow more
comple NP string matchingoperations. In addi-

tion, we include four nev semanticfeaturesto al-

low finergrainedsemanticcompatibility tests. We

testfor ancestoidescendentelationshipsn Word-

Net (suBcLASS), for example, and also measure
the WordNetgraph-traersaldistancg wNDIST) be-

tweennp; andNR. Furthermorewe addanew posi-

tional featurethatmeasureshe distancein termsof

the numberof paragraphgPARANUM) betweenthe

two NPs.

The most substantialchangedo the featureset,
however, occurfor grammaticafeatureswe add26
new featuredo allow theacquisitionof moresophis-
ticatedsyntacticcoreferenceesolutionrules. Four
featuressimply determineNP type, e.g. are both
NPsdefinite,or pronounspr partof aquotedstring?
Thesefeaturesallow otherteststo beconditionedon
the typesof NPsbeingcompared.Similarly, three
new featuresdeterminethe grammaticarole of one
or bothof the NPs. Currently only testsfor clausal
subjectsaremade. Next, eightfeaturesencodetra-

ditional linguistic (hard)constrainton coreference.

For example coreferenNPsmustagreebothin gen-
der and number(AGREEMENT); cannotSPAN one
another(e.qg. “government” and “governmentoffi-
cials”); andcannotviolatethe BINDING constraints.
Still othergrammaticafeaturesencodegenerallin-
guistic preferencegitherfor or againstcoreference.
For example,anindefinite NP (thatis not in appo-
sition to ananaphorid\P) is not likely to be coref-
erentwith ary NP thatprecedest (ARTICLE). The
lastsubsebf grammaticafeaturesencodesslightly
more compl&, but generallynon-linguistc heuris-
tics. For instance,the CONTAINS_PN feature ef-
fectively disallows coreferencebetweenNPs that
contain distinct proper nameshbut are not them-
selhes proper names(e.g. “IBM executives” and
“Microsoft executives”).

Two final features make use of an in-house
naie pronounresolutionalgorithm(PRO_RESOLVE)
and a rule-basedcoreferenceresolution system
(RULE_RESOLVE), eachof whichrelieson the origi-
nal andexpandedeaturesetsdescribedabore.

Results and discussion. Results using the ex-
pandedfeature set are showvn in the All Features

block of Table2. Theseandall subsequentesults
also incorporatethe learning framawvork changes
from Section3. In comparisonwe seestatistically
significantincreasesn recall, but much larger de-
creasesn precision. As a result, F-measuralrops
precipitouslyfor bothlearningalgorithmsandboth
datasets. A closerexaminationof the resultsindi-
catesvery poorprecisionon commonnounsin com-
parisonto that of pronounsandpropernouns. (See
the indentedAll Featuresresultsin Table2.”) In
particular the classifiersacquirea numberof low-
precisionrules for commonnoun resolution, pre-
sumablybecausehe currentfeaturesetis insuffi-
cient. For instancea rule inducedby RIPPERclas-
sifiestwo NPsascoreferentf thefirst NPis aproper
namethe second\IP is a definiteNP in the subject
position, and the two NPs have the sameseman-
tic classand are at most one sentenceapartfrom
eachother This rule covers 38 examples,but has
18 exceptions. In comparison,the Baselinesys-
temobtainsmuchbetterprecisiononcommomouns
(i.e. 53.3 for MUC-6/RIPPERand 61.0 for MUC-
7/RIPPERWwith lowerrecallin bothcasesiwherethe
primary mechanismemployedby the classifiersfor
commonnounresolutionis its high-precisiorstring
matchingfacility. Ourresultsalsosuggesthatdata
fragmentationis likely to have contributed to the
drop in performance(i.e. we increasedhe number
of featureswithoutincreasinghesizeof thetraining
set).For example thedecisiontreeinducedfromthe
MUC-6 datasetusingthe Soonfeatureset(Learn-
ing Frameavork results)has16 leaves,eachof which
containsl728instance®n averagethetreeinduced
from the samedatasetusingall of the 53 features,
on the otherhand,has86 leaveswith an averageof
322instanceperleaf.

Hand-selectedfeature sets. As aresult,we next
evaluatea versionof the systemthat employsman-
ual feature selection: for each classifier/dataset
combination,we discardfeaturesusedprimarily to
induce low-precisionrules for commonnoun res-
olution andre-trainthe coreferenceclassifierusing
thereducedeatureset. Here,featureselectiondoes
not dependon a separatedevelopmentcorpusand

For eachof the NP-type-specificuns, we measureverall
coreferenceperformancebut restrictNp; to be of the specified
type. As aresult,recall and F-measurdor theserunsare not
particularlyinformative.



L PRO_STR* Cif bothNPsarepronominalandarethe samestring; elsel.
e PN_STR* Cif bothNPsarepropernamesandarethe samestring; elsel.
X WORDS_STR Cif bothNPsarenon-pronominaandaretne samestring; elser.
i SOON_STR_NONPRO* | Cif bothNPsarenon-pronominahndthe stringof N maicheshatof NP;; elsel.
c
a WORD_OVERLAP Cf theintersectiorbetweerthe conteniwordsin NB, andNpP; IS notempty; elser.
|
MODIFIER Cf theprenominamodifiersof oneNP area subsebf the prenominaimodifiersof ihe
other;elsel.
PN_SUBSTR Cif bothNPsarepropernamesandoneNP is a propersubstring(w.r.t. contentwords
only) of the other;elsel.
WORDS_SUBSTR Cif bothNPsarenon-pronominandoneNP S apropersubsiringw.r.t. contenwwords
only) of the other;elsel.
G | NP BOTH_DEFINITES Cif bothNPsstartwith “the;” Tif neitherstartwith “the;” elseNA.
r | type BOTH_EMBEDDED Cif bothNPsareprenominamodifiers; T neitherareprenominamodifiers;elSeNA.
a
m BOTH_IN_QUOTES Cif bothNPsarepartof aquotedstring;T if neitherarepartof aquotedstring; elseNA.
m
a BOTH_PRONOUNS* | Cif bothNPsarepronouns] if neitherarepronounsglseNA.
t [Trole BOTH_SUBJECTS C1f bothNPsaregrammaiicaBubJects] It neitheraresubjeciSEISENA.
i SUBJECT_L* Y If NP, IS asubjectelSeN.
c SUBJECT 2 Y if NP; is asubjectelseN.
a [Tin- AGREEMENT™ C1f the NPsagreein both genderandnumber; T If they disagrean both genderand
| gui- number;elseNA.
stic ANIMACY¥ Cif theNPsmatchin animag; elsel.
MAXTMALNP® I'iT bothNPshave the samemaximalNP projection;elseC.
con- PREDNOM¥ Cif theNPsform a predicatenominalconstructionglsel.
stra- SPAN¥ I'it oneNP spangheother;elseC.
ints BINDING™ I'if the NPsviolate conditionsB or C of the Binding Theory;elseC.
CONTRAINDICES* I'if the NPscannotbe co-indexedbasedon simpleheuristics;elseC. For instancefwo
non-pronominaNPsseparatetby a prepositioncannotbe co-indexed.
SYNTAX* [1f the NPShave incompatiblevaluesfor the BINDING, CONTRAINDICES, SPAN OrF
MAXIMALNP constraintsgelseC.
fing. INDEFINITE” I'IT NP; IS anindefiniteandnot apposive; elseC.
prefs PRONOUN I'If NB 1S apronounandNp; 1S not; elseC.
heur CONSTRAINTS® Cif theNPsagreein GENDER andNUMBER anddo not have incompatiblevaluesfor
istics CONTRAINDICES, SPAN, ANIMACY, PRONOUN, and CONTAINS_PN; | if the NPshave
incompatiblevaluesfor ary of theabove featuresglseNA.
CONTAINSPN I'1f both NPsarenot propernamesbut containpropernamesthat mismatchon every
word; elseC.
DEFINITE_L Y it NR, startswith "the;” elseN.
EMBEDDED_I¥ Y it NR IS anembeddedhoun;elseN.
EMBEDDED_2 Y If NP; IS anembeddeaioun; elSeN.
IN_QUOTE_T Y it NR IS partof aquotedstring; elseN.
IN_.QUOTE_Z Y If NP IS partof a quotedsiring; elSeN.
PROPER_NOUN I'iT bothNPsarepropernamesput mismatchon every word, elseC.
TITLE* I'if oneor bothof theNPsis afitle; elseC.
S CLOSEST_COMP Cif NR is theclosesiNP preceding\p; thathasthe samesemanticclassasNp; andthe
e two NPsdonotviolate ary of thelinguistic constraintsglsel.
m SUBCLASS C T the NPshave differentheadnounsbut have anancestordescenantrelationshipn
a WordNet;elsel.
n WNDIST DistancebetweernNp, andNP; In WordNet(usingthefirst senseonly) whenthey have
t anancestordescendetrelationshipbut have differentheadsglseinfinity.
i
c WNSENSE Sensenumberin WordNetfor which thereexists an ancestordescendet refationship
betweerthetwo NPswhenthey have differentheadsglseinfinity.
P PARANUM Distancebetweerthe NPsin termsof the numberof paragraphs.
0S
O PRO_RESOLVE* Cif NP; Is a pronounandNRp is its anteceden&ccordingto a naive pronounresolution
t algorithm;elsel.
h RULE_RESOLVE Cif theNPsarecoreferentaccordingto a rule-basedoreferenceesolutionalgorithm;
er elsel.

Table3: Additional featuredor NP coreferenceaAs before,* d featuresarein the hand-selectetbaturesetfor at least
oneclassifier/dataetcombination.




is guidedsolelyby inspectionof thefeaturesassoci-
atedwith low-precisiorrulesinducedrom thetrain-
ing data. In currentwork, we are automatingthis
featureselectionprocesswhich currently employs
afair amountof userdiscretion,e.g.to determinea
precisioncut-off. Featuresn the hand-selectedet
for at leastone of the testedsystemvariationsare
* din Tablesl and3.

In general, we hypothesizedthat the hand-
selectedeatureswvouldreclaimprecision hopefully
without losing recall. For the most part, the ex-
perimentalresultssupportthis hypothesis.(Seethe
Hand-selectedreatureslock in Table2.) In com-
parisonto the All Featuresrersion,we seestatisti-
cally significantgainsin precisionand statistically
significant,but much smaller dropsin recall, pro-
ducing systemswith better F-measurescores. In
addition,precisionon commonnounsrisessubstan-
tially, asexpected.Unfortunately the hand-selected
featuregrecipitatealargedropin precisionfor pro-
nounresolutionfor the MUC-7/C4.5dataset. Ad-
ditional analysisis requiredto determinethereason
for this.

Moreover, the Hand-selected-eaturesproduce
the highestscoregostedto datefor boththe MUC-
6 andMUC-7 datasets: F-measuréncreasesw.r.t.
the Baselinesystemfrom 64.3to 70.4 for MUC-
6/RIPPER andfrom 61.2to 63.4for MUC-7/C4.5.
In one variation (MUC-7/RIPPER), however, the
Hand-selectedreaturesslightly underperformshe
Learning Framevork modifications (F-measureof
63.1vs. 63.2) althoughchangesn recall and pre-
cision are not statisticallysignificant. Overall, our
resultsindicate that pronounand especiallycom-
mon noun resolutionremainimportant challenges
for coreferencaesolutionsystems.Somevhat dis-
appointingly only four of the new grammatical
featurescorrespondingdo linguistic constraintsand
preferencesare selectedby the symbolic learning
algorithmsinvestigated: AGREEMENT, ANIMACY,
BINDING, andMAXIMALNP.

Discussion. In an attemptto gain additionalin-
sightinto thedifferencdan performancéetweerour
systemandthe original Soonsystem,we compare
the decisiontree inducedby eachfor the MUC-6

ALIAS = C. + (347.0/23.8)
ALIAS = I|:
SOON_STR_NONPRO = C:

ANI MACY = NA: - (4.0/2.2)
ANIMACY = |: + (0.0)

ANI MACY = C: + (259.0/45.38)
SOON_STR_NONPRO = | :

PRO STR = C: + (39.0/2.6)

PRO STR = |I:
PRO_RESOLVE = C:

EMBEDDED_1 = Y: - (7.0/3.4)

EMBEDDED_1 = N:
PRONOUN_1 = Y:
| ANIMACY = NA: - (6.0/2.3)
| ANIMACY = 1: - (1.0/0.8)
| ANIMACY = C + (10.0/3.5)
PRONOUN_1 = N:
| MAXIMALNP = C. + (108.0/18.2)
|  MAXIMALNP = |:
| | WNCLASS = NA: - (5.0/1.2)
| | WNCLASS = 1: + (0.0)
| | WNCLASS = C. + (12.0/3.6)

PRO_RESOLVE = |I:

APPOSI TIVE = |: - (26806.0/713.8)

APPCSI TI VE = C:
GENDER = NA: + (28.0/2.6)
GENDER = |: + (5.0/3.2)
GENDER = C - (17.0/3.7)

Figure 1. Decision Tree using the Hand-selected
featureseton the MUC-6 dataset.

dataset® For oursystemwe usethetreeinducedon
the hand-selectetbatureqFigurel). Thetwo trees
are fairly different. In particular our tree makes
useof mary of the featuresthat are not presentin
the original Soonfeatureset. The root featurefor
Soon,for example,is the generalstring matchfea-
ture (SOON_STR); splitting the SOON_STR feature
intothreeprimitivefeaturepromotegheALIAS fea-
ture to the root of our tree, on the other hand. In
addition,giventwo non-pronominalmatchingNPs
(SOON_STR_NONPRO=C), our treerequiresanaddi-
tional teston ANIMACY beforeconsideringhetwo
NPs coreferent;the Soon tree insteaddetermines
two NPsto becoreferenaslongasthey arethesame
string. Pronounresolutionis also performedquite
differently by thetwo trees,althoughboth consider
two pronounscoreferentwhen their stringsmatch.
Finally, intersententiabndintrasententiapronomi-
nalreferencesrepossiblén oursystemwhile inter-
sententiapronominalreferencesrelargely prohib-
ited by the Soonsystem.

5 Conclusions

We investigatetwo methodsto improve existing
machine learning approachesto the problem of

8Soonet al. (2001) presentonly the tree learnedfor the
MUC-6 dataset.



noun phrasecoreferenceesolution. First, we pro-
posethreeextra-linguistic modificationsto the ma-
chine learning frameavork, which togetherconsis-
tently producestatistically significantgainsin pre-
cision and correspondingincreasesn F-measure.
Ourresultsindicatethat coreferenceesolutionsys-
temscanimprove by effectively exploiting the in-
teractionbetweerthe classificatioralgorithm,train-
ing instanceselectionandthe clusteringalgorithm.
We planto continueinvestigationslongthesdines,
developing,for example,a true best-firstclustering
coreferencdramevork andexploring a “supervised
clustering” approachto the problem. In addition,
we provide thelearningalgorithmswith mary addi-
tional linguistic knowledgesourcedor coreference
resolution.Unfortunately we find thatperformance
dropssignificantly when using the full featureset;
we attributethis, atleastin part,to thesystemspoor
performanc@ncommonnounresolutionandto data
fragmentationproblemsthat arise with the larger
featureset. Manualfeatureselection,with an eye
towardeliminatinglow-precisionrulesfor common
nounresolution,is shavn to reliably improve per
formanceover the full featuresetandproduceghe
bestresultsto dateontheMUC-6 andMUC-7 coref-
erencedatasets— F-measuresf 70.4and63.4,re-
spectiely. Neverthelessthereis substantiaroom
for improvement.As notedabove, for example,it is
importantto automatdhe precision-orientedeature
selectionprocedureas well asto investigateother
methodsfor featureselection. We also plan to in-
vestigateprevious work on common noun phrase
interpretation(e.g. Sidner(1979), Harabagiuet al.
(2001)) as a meansof improving common noun
phraseresolution, which remainsa challengefor
state-of-the-artoreferenceesolutionsystems.
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