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Abstract
State-of-the-artcoreferenceresolutionenginesshow similar performancefigures(low sixtieson theMUC-7 data). Our systemwith a
rich linguistically motivatedfeaturesetyieldssignificantlybetterperformancevaluesfor a varietyof machinelearners,but still leaves
substantialroomfor improvement.In thispaperweaddressarelatively unexploredareaof coreferenceresolution– wepresentadetailed
erroranalysisin orderto understandtheissuesraisedby corpus-basedapproachesto coreferenceresolution.

1. Introduction

Robustcoreferenceresolutionis essentialfor variousNLP
tasks,suchasInformationExtractionor QuestionAnswer-
ing. Although therehasbeenmuchattentionto the prob-
lem, state-of-the-artcoreferenceresolutionalgorithmsstill
only haveamoderateperformance(around60%F-measure
for coreferencechainson theMUC-7 data).
Recentstudies(Cristeaet al., 2002; Barbu et al., 2002)
claim that existent (knowledge-poor)algorithmsare only
able to account for “easy” coreferencelinks and sug-
gestmoresophisticatedframeworks to dealwith complex
anaphoraresolutioncases.
We have built a learning-basedcoreferenceresolutionen-
gine incorporatingvariouskinds of linguistic information
(Uryupina, 2006; Uryupina, 2007). Our systemrelies
on 351 nominal features(1096 boolean/continuous),rep-
resentingsurface(122 features),syntactic(64), semantic
(29),andsalience-based(136)propertiesof markablesand
markablepairs. We have evaluatedits performancefor a
variety of publicly availablemachinelearners(SVM

���������
,

C4.5,Ripper, Slipper, MaxEnt),observingaconsistentsig-
nificant improvementover the state-of-the-artlevel (Soon
etal., 2001).Thesystem’sperformancewith theSVM

���������
classifier(F-scoreof 65.4%)is, to our knowledge,thebest
resulton the MUC-7 datareportedso far in the literature.
Moreover, our learningcurves(seeFigure1, dashedline)
show no signsof convergence,suggestingthat we canget
evenbetterperformancevaluesby annotatingmoretraining
materialor improving our learningstrategy.
Although our rich featureset hasbroughtsignificantim-
provement,the resultsstill lie in sixties. Our SVM

���������
classifierhasmissed469 of the 1299manuallyannotated
links (recall valueof 63.9%)andsuggested408 spurious
links (precisionvalueof 67.0%).
Wehaveperformedadetailederroranalysisto identify pos-
sibledirectionsfor futurework on our system.We alsobe-
lieve thatourerroranalysiswouldbehelpful for any coref-
erenceresolutionalgorithm: moststate-of-the-artsystems
sharevery similar performancefigureson the MUC data
andwe thereforeassumethat they alsosharevery similar
problems.
We discussthe mostcommonerrorsin Section2. The er-

ror analysishasrevealedseveral major problemswith our
approach(and, we believe, most state-of-the-artcorefer-
enceresolutionsystems): insufficient data quality (Sec-
tion 3.), shortagesof preprocessingmodules(Section4.),
inadequatefeatures(Section5.) anddeficienciesin theres-
olutionstrategy (Section6.).
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: linguis-
tically rich featureset(dashedline) vs. Soonet al. (2001)
features(solid line).

2. Distribution of errors

Below weprovideaverybrief overview of theerrorsmade
by our system.Tables1 and2 summarizethe distribution
of our recallandprecisionerrors.Additionalexamplesand
amoredetailedanalysisareprovidedin (Uryupina,2007).

2.1. Recall errors

Themostcommontypesof recallerrorsare:missingmark-
ables(35%), deficienciesin nominal anaphoraresolution
(22%),andincorrectly(un-)resolvedpronouns(16%).
Themostcrucialissueis clearlymarkables’extraction.The
MUC-7 annotationguidelinesconsiderasa markableany
NP or NP-like unit participatingin a coreferencechain.
Thepool of markables,asannotatedin theMUC-7 corpus,
is thereforevery heterogeneous.For example,the guide-
lines instruct the annotatorsto analyzenot only the text-
body of a document,but also its auxiliary parts(SLUG,
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DATE, NWORDS,PREAMBLE,TRAILER)1:
�

SLUGfv=taf-z� BC-
 LORAL-SPACE� -
470&AMP;ADD-N

�
/SLUG�

Extractingmarkablesfrom suchsemi-structureddatais a
non-trivial taskof its own. As Table1 suggests,aroundone
third of the missedmarkablescomefrom auxiliary docu-
mentparts,eventhoughthey areonaverageveryshort.
For the textbody, state-of-the-artcoreferenceresolution
systemsrely on external automaticmodulesfor comput-
ing the setof markablesandthereforesomeanaphorsand
antecedentsareinevitably missed.Eventhemostsophisti-
catedcoreferenceresolutionalgorithm cannot,obviously,
accountfor a coreferencelink if the anaphoror its an-
tecedent(s)are not recognized. Unfortunately, there are
virtually nostudiesonimproving theinteractionof corefer-
enceresolutionengineswith their preprocessingmodules.
We will comebackto this issuein Section4.
Another big problematicarea is nominal coreference–
complex anaphoraresolutioncases,involving sophisticated
inferenceschemes(for example,linking togetherin achain
“satellites”, “U.S. reconnaissancetechnology”, “advance
intelligence-gatheringtools” and “remote-sensinginstru-
ments”)in thefollowing example:

Aspeacefulasthatmayseem,a reporton the

 satellites��� ’ findings,completedin March, was
designatedassecretbecausetheinformation
couldrevealtoo much abouttheabilitiesof

 U.S.reconnaissancetechnology����� ��� ����� � . . .
Rather, thestudy’s importancelay in
theuseof 
 advancedintelligence-gathering
tools���
� �
� ����� � to examinetheenvironment,
anapplicationthat scientistssayhasenormous
potentialbenefitsfor future research.

 Remote-sensinginstruments��� � �
� ����� � could
savetimeandmoney in variousprojects,
producingdatathatwouldotherwisebe
hard to gather.

Although we have a numberof WordNet-basedfeatures
to account for semanticcompatibility, the system still
achieves only moderateresults in resolving such links.
Nominal anaphorais a well-known difficult problem,dis-
cussedin theliterature.
Complex casesof pronominalanaphoraaccountfor 16%
of our recallerrors.Salience-basedintersententialpronoun
resolutionis relatively reliable,but same-sentencepronom-
inal anaphoraremainsproblematic:

“The 
 cableoperator��� doesn’t carehowold

�
 his� �
� �
� ����� � subscriber� � is aslongas

 he��� � ��� ����� ������ � pays 
 his�� � ��� ���!� �
���� � monthlybill.”

Another ratherunaddressedissueis the resolutionof 1st
and2nd personpronouns– most stateof the art corefer-
enceresolutionalgorithmsrely on no specifictechniques
for dealingwith “I”, “we”, or “you”. Thesepronounsare

1In all the examples throughout this paper markablesare
shown with squarebrackets.

potentiallyproblematicfor any system,becausetheir reso-
lution ofteninvolvescomplex discoursemodeling:

Theretiring Republicanchairmanof the
HouseCommitteeon Sciencewants 
 U.S.� �
businessesto competein thecommercial
launch industry. . . (9 sentences)
“ 
 We���
� �
� ����� � needto make it easierfor
theprivatesectorto competein thespace
industry,” Walker said.

Somesyntacticconstructions(appositionand copula)are
very strongindicatorsfor coreference,but they canoften
beconfusedwith othersyntacticstructuresandthereforere-
quiresophisticatedextractionpatterns,basedon a parser’s
output. We identify candidatesfor appositionsandcopu-
las with a regular expressionmatcher, andthenrefinethe
candidateset,discarding,for example,addressesor coor-
dinateconstructions.This procedurereliescrucially on the
parser’squality. Appositions,however, areintrinsicallydif-
ficult for parsing(seeSection4.below), leadingto incorrect
valuesfor syntacticfeaturesand decreasingthe system’s
performance.
Around7% of our recallerrorsarematchingmistakes: the
classifierfailsto link two variantsof thesamename.Names
of ORGANIZATION are the most difficult NE-anaphors
for our system,contributing to 20 of 31 matching-related
recall errors. Organizationsare typically introducedby
their official namesandthenfurther re-mentionedby sim-
plified descriptions:somewordscanbe abbreviated,and
someomitted.Coreferencelinks betweena full andanab-
breviatedversionof the samenameareunder-represented
in our trainingcorpusandthereforethelearnerscannotre-
liably extract them. We expectto get betterresultson ab-
breviationsby addingmoretrainingmaterial.

Someratherinfrequentname-matchingpatternsarestill not
coveredby our features.For example,we canmatch“Mild
Seven BenettonRenaultF1 Team” to “Benetton” or “Re-
nault”, but we fail to link “Zif f-Davies PublishingCo” to
“Zif f ”, aswe do not treatthehyphenationmarkasa word
separator.
Finally, propagatedprecisionerrorsalso decreaseour re-
call. This is a problemof all the coreferenceresolution
algorithmswithin theframework of Soonet al. (2001).We
discussit in detail in Section6. below.

2.2. Precision errors

The mostcommontypesof precisionerrorsare: deficien-
ciesin nominalanaphoraresolution(45%), incorrectlyre-
solvedpronouns(19%),andmisleadingmarkables(19%).
Around half of the precisionerrorsmadeby our system
are incorrectly resolved full noun phrases.Our classifier
mainly relies on the family of same head featuresfor
nominalanaphoraresolution.

It is generallyassumedin theliteraturethatoneshouldpay
closerattentionto (pre-) modifiers to determinewhether
two same-headNPsarecoreferent:for example,“the state-
owned Frenchcompanies”and “U.S. companies”below
canhardly refer to thesameobject,because“French” and
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“U.S.” areincompatible:

While 
 thestate-ownedFrench companies’� � rivals
acrosstheAtlantichavebeen“extremelyimpressive
andfast” aboutcomingtogetherin mergers, 
 Euro-
peancompanies� ��� ��� ��� �� � , hobbledby political
squabblingandredtape, havelaggedbehind,
Galloissaid.. .Thecompetitionis eventougher
for Aerospatialein that theU.S.dollar hasweakened
10 percentagainsttheFrench franclast year,
giving 
 U.S.companies����� ��� ��� �� �"���� �
whatGalloiscalleda “superficial” advantage.

Thebottleneckof this approachlies in thelack of required
knowledgebases:we cancompilesmall lists of mutually
incompatibleproperties,but a large-scalegeneral-purpose
resourcecanhardly be producedmanuallyin any reason-
abletime. In addition,somepropertiesaregenerallycom-
patible,but canbecomeincompatiblein specificcontexts
(consider“Europeancompanies”and“Frenchcompanies”
in theexampleabove).
The distribution of precisionerrorsclearly shows that in
mostcaseswe cannoteven potentially rely on modifiers’
incompatibility: often the anaphorand its candidatean-
tecedenthave compatiblemodifiersor at leastoneof them
is not modifiedat all. In suchcaseswe needa deeperanal-
ysis,involving multiple linguistic factors.
At least some spurious links betweensame-headnoun
phrasescan be eliminated by discardingdiscourse-new
markables(see(Poesioet al., 2004)for anoverview of rel-
evantalgorithms). If a candidateanaphoris likely to be a
discoursenew entity, thelink is highly implausible:

If youhavea shipthat canfire Tomahawkmissiles,
andfireanti-air missiles,andmaybefireATACMS
(ArmyTactical Missiles), 
 that ship��� will
performa functionthat 
 someothership���
� �
� ��� �� �
won’t haveto perform.

For pronominalanaphora,we have identified two major
subclassesof precisionerrors:overestimatingtheimpactof
matchingfeatures(resolving,for example,“it” to “it”) and
incorrectpreferencefor salientsame-sentencecandidates.
Comparingthis to the distribution of our recall errors,we
canconcludethatour systemperformsonly moderatelyon
same-sentencepronominalanaphora.This is not surpris-
ing, becauseour approach,following moststate-of-the-art
pronounresolutionsystems,reliesa lot on salience-based
features.
Deficienciesin markables’extractionandspuriousvalues
for syntacticfeaturesdecreasethesystem’sprecisionin the
similarwayasthey affect its recall(seeSection2.1.above).
Finally, around5% of the spuriouslinks are incorrectly
matchednamedentities. Newswire documentsoften de-
scribedistinctentitieswith similarnames– relatives(PER-
SON) or spin-off companies(ORGANIZATION). The
snippetbelow mentions“Loral”, “Loral SpaceandCom-
municationsCorp.”, “Loral Space”,and “SpaceSystems
Loral”:

Newsof Monday’sdeal,in which Lockheedwill

Errors %
MUC-7 inconsistencies 17 3.6%
Missingmarkables 166 35.4%

auxiliarydocparts 50 10.7%
tokenization 8 1.7%

one-wordmodifiers 36 7.7%
multi-wordmodifiers 10 2.1%
bracketing/labelling 54 11.5%

other 8 1.7%
PropagatedP-errors 31 6.6%

PRO-anaphora 17 3.6%
NP-anaphora 14 3.0%

Pronominalanaphora 77 16.4%
NE-matching 31 6.6%
Syntacticconstructions 39 8.3%

apposition 18 3.8%
copula 8 1.7%

quantitative 13 2.8%
NP-anaphora 104 22.2%

samehead 4 0.9%
morph.variants 7 1.5%

head-modifier 10 2.1%
NP���#� -NP��� ��� 46 9.8%
NP���#� -NE��� ��� 28 6.0%
NE���#� -NP��� ��� 7 1.5%
NE���#� -NE��� ��� 6 1.3%

total 469 100%

Table1: Recallerrorson thetestingdata(20 MUC-7 “for-
mal test” documents).

buymostof 
 Loral � � ’smilitary businesses
andinvest$344million in 
 Loral Spaceand
CommunicationsCorp.��� , 
 a new company���
� �
� ����� �
whoseprincipal holdingwill be 
 Loral � � � ��� ����� � ’s
interestin Globalstar, sentGlobalstar’sownshares
soaring$6.375,to $40.50in Nasdaqtrading. . .
In addition,Schwartzsaid 
 Loral Space�  would
useits holdingsin 
 SpaceSystemsLoral ��$�� ��� ����� � ,

 a privatemaker��%�� ��� ����� $ of satellites,to expand
into thedirectbroadcastsatellitebusiness.

It is difficult even for a humanreaderto correctlycluster
thesenames:“Loral”, “Loral SpaceandCommunications
Corp.”, and “SpaceSystemsLoral” are different compa-
nies, whereas“Loral Space”is anothernamefor “Loral
SpaceandCommunicationsCorp”.

To summarize,our error analysisshows that somecoref-
erencelinks are intrinsically difficult andcanonly be ac-
countedfor by deepanalysis.Thesearecomplex anaphora
cases,mentionedby Cristeaet al. (2002)and(Barbu et al.,
2002),including, for example,nominalanaphoraor tricky
1st and2nd personpronouns.A lot of coreferencelinks,
however, canstill bepotentiallyestablishedby shallow al-
gorithms.In thefollowing sectionswe discusspossibledi-
rectionsfor improvement,startingfrom the most feasible
stepsandgettingto morecomplex extensions.
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Errors %
MUC-7 inconsistencies 30 7.4%
Spuriousmarkables 76 18.6%

preamble 24 5.9%
text body 52 12.7%

Pronounresolution 78 19.1%
NE-matching 20 4.9%
Syntacticconstructions 22 5.4%

apposition 12 2.9%
copula 10 2.5%

NP-anaphora 182 44.6%
multi-wordexpressions 3 0.7%

homonymy 4 1.0%
new modifier(anaphor) 15 3.7%
incompatiblemodifiers 30 7.4%

compatiblemodifiers 58 14.2%
no modifiers 62 15.2%

total 408 100%

Table 2: Precisionerrorson the testingdata(20 MUC-7
“formal test” documents).

3. Data
We have usedthe MUC-7 corpusin our study. It consists
of 30 training (“dry-run”) and 20 testing(“formal”) one-
pagedocuments.Below we outlineseveralproblemswith
the theoreticassumptionsof the MUC guidelinesand the
annotationquality.
Thedefinitionof IDENT coreference,asadvocatedby the
MUC-7 guidelines,is problematic.VanDeemterandKib-
ble (2001)point out that theMUC annotationschemefails
to separatethe coreferencerelation proper from several
other phenomena,such as bound anaphoraor predicate
nominals. It is difficult for any classifierto learn sucha
complex distribution, involving different (thoughrelated)
phenomena.
TheMUC evaluationmetricis too biasedtowardsrecall:

BC-CD-RADIO-
 SHARES��� -BLOOM.. .
CD Radiostock rose2 7/8 to 13 5/8 in trading
of 
 400,300shares��� , more thanquadruplethe
three-monthdaily averageof 
 88,700shares��� .

Most coreferenceresolution systemswould link all the
three markablesinto a chain: & “SHARES”, “400,300
shares”,“88,700shares”' . But evenif somesystemis able
to rule out the possibility of “400,300shares”and“88,700
shares”referringto thesameobject,it wouldhaveto decide
whichmarkableshouldbekeptin thechain,andwhichone
not. Thefactthatasystemhascorrectlyavoidedaspurious
link is not directly rewardedby theMUC-7 scorer.
Even a substantialimprovementin the system’s precision
(for example, by discardingautomaticallyidentified dis-
coursenew entities) doesnot necessarylead to a better
MUC F-score. If we want to use a coreferenceresolu-
tion engineasa preprocessingmodulefor someotheren-
gine, for example,an Information Extractionsystem,we
might want to have a classifierwith a high precisionlevel
andthereforeopt for anotherscoringscheme,suchasthe
BCUBEDmetric(Baldwin etal., 1997).

The corpus is very small and simply does not contain
enoughmaterialfor training (the “formal training” docu-
mentsprovidedby MUC-7 arenot annotated).Our classi-
fiersshow no signsof convergencewhenwe train themon
10, 15, 20, 25, or all the 30 “dry-run” documents(Figure
1). Weneeda largerdataset(for example,theACEcorpus)
to makebetteruseof our rich featureset.
The annotationquality can be improved. Deficienciesof
manual annotationfor the testing corpus inevitably de-
creasetheevaluationscore for any rule- or learning-based
system.Thesameproblemswith thetrainingmaterialmake
the datanoisy and thuspotentiallydeterioratethe perfor-
mancelevelof any learning-basedapproach.
To summarize,we have to revise thedefinition of corefer-
enceandthe scoringschemeandthenaccuratelyannotate
moretrainingmaterial.As a first stepin this direction,we
plan to re-trainour classifieron an alreadyexisting larger
corpus(ACE).

4. Preprocessing modules
We rely on external modulesfor segmentingMUC doc-
umentsinto sentences2 (Reynar and Ratnaparkhi,1997),
parsing(Charniak,2000),NE-tagging(CurranandClark,
2003) and determiningsemanticpropertiesof our mark-
ables(Miller, 1990).Thefirst threemodulesarefully auto-
matic corpus-basedNLP systems.The WordNetontology
is a largemanuallycreatedresource.
All the moduleshave someshortagesthat may decrease
the performanceof our system. For example,appositive-
coordinateconstructionsareintrinsically difficult for pars-
ing:

Thosematerials,in turn, were encasedin 
 Kevlar ��� ,

 a syntheticfiber����� ��� ����� � , and 
 Nomex��� to achieve
a teststrengthof 400pounds.

A typical state-of-the-artparserhas no knowledge that
helpspreferthe2-entitiesinterpretation(“ 
�
 Kevlar� , 
 a syn-
thetic fiber� ,� and 
 Nomex � ”) over the 3-entitiesinterpreta-
tion (“ 
 Kevlar� , 
 a syntheticfiber� , and 
 Nomex � ”).
Errorscommittedby the externalmodulesresult in incor-
rect markablesandspuriousor missinglinks. A possible
remedywould becreatinga family of mini-parsers,specif-
ically trainedto analyzeproblematicconstructionsrelevant
for coreferenceresolution.
We have to improve theinteractionwith our preprocessing
modulesandadjusttheexternalresourcesto coverspecific
problemsrelevant for our task(e.g.,train a mini-parserfor
appositive-coordinateconstructionsor anNE-taggerfor TI-
TLEsor PRODUCTs).

5. Features
Our classifier relies on 351 feature (1096
boolean/continuous). Not all of them, however, are
equally important. We have not performedany feature
selectionandthereforeour featuresetis highly redundant.
Ng and Cardie (2002) have demonstratedthat (manual)
featureselectioncansignificantlyimprovetheperformance

2Wehavenotencounteredany errorsdirectlycausedby incor-
rectsentencesegmentation.
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level of a linguistically motivatedcoreferenceresolution
algorithm.
Somephenomenaarecoveredby many featuressimultane-
ously. For example,mostof our name-matchingandsome
saliencefeaturesareproducedby enumeratingandcombin-
ing possiblevaluesfor asetof parameters.This resultsin a
pool of highly inter-correlatedfeatures.Eventhougheach
featurebrings an importantbit of information, the whole
sethasa degreeof redundancy thatis too high for machine
learning.We haveto reducethenumberof featuresto geta
betterclassifier.
Somephenomenaare coveredby our featureset, but the
correspondingfeaturesarealmostignoredby theclassifier.
For example,wehavefeaturesto accountfor abbreviations,
but neitherC4.5,nor SVM

�����
���
makeany useof them.Our

trainingdatadoesnotcontainenoughabbreviationsto learn
any reliablepatterns.We have to increasethetrainingcor-
pusto getbetterresults.
Finally, somephenomenaarestill not coveredby our fea-
ture set. For example,we do not accountfor quantitative
constructions(suchasthelink between”three-monthdaily
average”and “88,700 shares”in our CD Radio example
above).Ontheonehand,thereis alwaysroomfor improve-
ment: even a systemwith millions of featurescanalways
be augmentedwith somenew information. On the other
hand,obtainingvaluesfor moresophisticatedfeaturesis a
very difficult task: we needadditionalexternal resources
andthey arelikely to introduceerrors.We believe thatour
systemalreadyhasa lot of encodedinformationandthere-
fore we have to improvethealgorithmitself ratherthanin-
troducemore knowledge. This view is supportedby our
learningcurves: they show no signsof convergence,sug-
gestingthat we still can get better resultswith the same
featureset.
Weplanto investigatefeatureselectionandensemblelearn-
ing with different featuresplits to make betteruseof our
features.

6. Resolution strategy
Oursystemhasaverysimpleresolutionscheme,suggested
by Soonet al. (2001)and then followed by moststudies
oncoreference:candidateantecedentsfor eachanaphorare
proposedto theclassifierone-by-onefrom right to left un-
til a positive instanceis found. The strategy is very local
anddoesnot take into accountany othermarkables,when
establishinga link betweenananaphoranda candidatean-
tecedent.
Thismayleadto errorpropagation:

ThecompanyalsosaidtheMarineCorpshasbegun
testing 
 two of its radars��� aspart of a short-range
ballistic missiledefenseprogram.Thattestingcould
leadto an order for the 
 radars���
� �
� ����� � that could
beworthbetween$60 million and$70million.

Our preprocessingmoduleshave suggestedseveral candi-
dateantecedentsfor “the radars”: “The company”, “the
Marine Corps”, “two”, “its radars”.. . “order”. The can-
didateshave beensubmittedto the classifierone-by-one,
startingfrom theclosestmarkable(“order”) andproceeding

backwards.Theclassifierhascorrectlydiscardedmostcan-
didates,but thenat somepoint hasestablisheda spurious
link from “the radars”to “its radars”.It hasneverseenany
earliermarkables,includingthecorrectantecedent“two of
its radars”.
If our classifierhas suggesteda spuriousantecedentfor
somemarkableat an early processingstage(precisioner-
ror), it will never seeany truly positive testinginstances
andwill beunableto resolve theanaphor( recallerror). If
the classifierhasmissedthe correctantecedent(recall er-
ror), it startsprocessingtoo distantmarkablesandis likely
to suggestsomespuriousmarkable(precisionerror).
Our systemsometimesmergesseveralchainsinto one– it
finds pairsof markables(belongingto differentchainsin
themanuallyannotateddata)thatseemto becoreferentand
links them.Thepropertiesof othermarkablesfrom theaf-
fectedchainsarecompletelyignored.
Both problemscould be avoided by shifting to a more
global resolutionstrategy, operatingon chainsinsteadof
markables.Theoreticstudiesof coreferenceusuallyhave
a global view, talking, for example,about“discourseenti-
ties”. Practicalapproaches,however, almostnever go be-
yondthemarkablelevel. Theonly algorithmoperatingdi-
rectlyon chainshasbeenadvocatedby Luo et al. (2004).

7. Conclusion
In thispaperwehavepresentedtheerroranalysisfor adata-
drivencoreferenceresolutionengine.
Oursystemreliesonarich featuresetandispotentiallyable
to resolvemostdifficult anaphoracasesdiscussedin thelit-
erature. It yields significantly betterperformanceon the
MUC-7 thanstate-of-the-artsystemsfor a variety of ma-
chinelearners.
Still, the performancecanbe improved further. We have
performedadetailedanalysisof ourrecallandprecisioner-
rors (Tables1 and2). Thedatashow thatsomeerrorscan
hardlybeavoidedwithin ashallow framework(correspond-
ing to “tricky anaphors”of Cristeaet al. (2002)). A large
groupof anaphors,however, couldhavebeenresolvedcor-
rectlyevenby acorpus-basedalgorithm,withoutrelyingon
deeperanalysis.
Our error analysishassuggestedseveral directionsfor fu-
turework: improvingthetrainingmaterial,moreelaborated
integrationof theexternalmodules,andinvestigatingmore
global resolutionstrategies (reasoningin termsof chains
insteadof markables).
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