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Abstract

Wereportonexperimentsn referencees-
olutionusingadecisiontreeapproachWe
startedwith a standardeaturesetusedin

previous work, which led to moderatee-
sults. A closerexaminationof the perfor

manceof the featuresfor differentforms
of anaphoriexpressionshavedgoodre-
sults for pronouns,moderateresults for

propemamesandpoorresultsfor definite
nounphrases.We thenincludeda cheap,
languageanddomainindependenteature
basedon the minimum edit distancebe-
tweenstrings. This featureyielded a sig-
nificantimprovementfor datasetsconsist-
ing of definite noun phrasesand proper
names, respectrely. When applied to

the whole datasetthe featureproduceda
smallerbut still significantimprovement.

1 Intr oduction

For the automaticunderstandingf written or spo-
ken naturallanguaget is crucialto be ableto iden-

tify the entitiesreferredto by referringexpressions.

The most commonand thus mostimportanttypes
of referring expressionsare pronounsand definite
noun phrasegNPs). Supervisednachinelearning
algorithmshave beenusedfor pronounresolution
(Ge et al., 1998) andfor the resolutionof definite
NPs(AoneandBennett,1995;McCarthyandLehn-
ert, 1995; Soonet al., 2001). An unsupervise@p-
proachto the resolutionof definiteNPswasapplied
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by CardieandWagstaf (1999. However, though
machinelearningalgorithmsmay deduceto make
bestuseof a given setof featuresfor a given prob-
lem, it is alinguistic questionanda non-trivial task
to identify a setof featureswhich describethe data
sufiiciently.

We report on experimentsin the resolution of
anaphoricexpressionsn general,including definite
noun phrasespropernames.and personal,posses-
sive and demonstratie pronouns. Basedon the
work mentionedabove we startedwith afeatureset
including NP-level and coreference-leel features.
Applied to the whole data set thesefeaturesled
only to moderateresults. Sincethe NP form of the
anaphor(i.e., whetherthe anaphoricexpressionis
realizedaspronoundefiniteNP or propemame)ap-
pearedo bethe mostimportantfeature we divided
the datasetinto several subsetsbasedon the NP
form of theanaphar This led to theinsightthatthe
moderateperformancef our systemwascausedy
the low performanceor definite NPs. We adopted
a new featurebasedon the minimumedit distance
(Wagnerand Fischer 1974) betweenanaphorand
antecedentywhich led to a significantimprovement
on definiteNPsandpropernamesWhenappliedto
the whole datasetthe featureyieldeda smallerbut
still significantimprovement.

In this paper we first discussfeaturesthat have
beenfound to be relevant for the task of reference
resolution(Section2). Thenwe describeour cor
pus,thecorpusannotationandthewaywe prepared
thedatafor usewith abinarymachindearningclas-
sifier (Section3). In Section4 we first describethe
featuresetusedinitially andtheresultsit produced.



We thenintroducethe minimum edit distancefea-
ture andgive theresultsit yieldedon differentdata
sets.

2 Featuresfor ReferenceResolutionin
Previous Work

Driven by the necessityto provide robust systems
for the MUC systemevaluations researcherbegan
to look for thosefeaturesvhich wereparticularim-
portantfor the task of referenceresolution. While
mostfeaturesfor pronounresolutionhave beende-
scribedin theliteraturefor decadesiesearchergnly
recentlybeganto look for robustandcheapfeatures,
i.e., featureswhich performwell over several do-
mainsand can be annotated'semi-) automatically
In the following, we describea few earlier contri-
butions to referenceresolutionwith respectto the
featuresused.

Decision tree algorithms were used for ref-
erence resolution by AoneandBennett(1995
C4.5), McCarthyandLehnert(1995 C4.5) and
Soonetal. (2001, C5.0). This approachrequires
the definition of a set of features describing
pairs of anaphorsand their antecedentsand col-
lecting a training corpus annotatedwith them.
AoneandBennett(1995, working on reference
resolution in Japanesenewspaper articles, use
66 features. They do not mention all of these
explicity but emphasizethe features POS-ta,
grammatical role, semantic class and distance
The setof semanticclasseghey useappeargo be

rather elaboratedand highly domain-dependent.

AoneandBennett(1995 report that their best
classifierachieved an F-measur@f about77%after
training on 250 documents. They mention that
it was important for the training data to contain
transitve positives, i.e., all possible coreference
relationswithin ananaphorichain.
McCarthyandLehnert(1995 describea refer
enceresolutioncomponentvhich they evaluatedon
the MUC-5 EnglishJointVenturecorpus.They dis-
tinguish betweenfeatureswhich focus on individ-
ual nounphraseqe.g. Doesnounphrasecontaina
name? andfeatureswhich focuson the anaphoric
relation (e.g. Do both shae a commonNP?). It
was criticized (Soonet al., 2001) that the features
usedby McCarthyandLehnert(1995 arehighly id-

iosyncraticandapplicableonly to oneparticulardo-

main. McCarthyandLehnert(1995 achiered re-

sults of about 86% F-measureevaluatedaccord-
ing to Vilain etal. (1995) on the MUC-5 dataset.
However, only a definedsubsetof all possibleref-

erenceresolutioncaseswas consideredelevant in

the MUC-5 taskdescription,e.g.,only entity refer

ences For this case the domain-dependerfeatures
may have beenparticularlyimportant,makingit dif-

ficult to comparethe resultsof this approactto oth-

ersworking on lessrestricteddomains.

Soonetal. (2001 usetwelve features(seeTable
1). Soonetal. (2001 shawv a part of their decision
tree in which the weak string identity feature(i.e.
identity after determinershave beenremoved) ap-
peargo bethemostimportantone. They alsoreport
on the relative contrilbution of the featureswhere
the threefeaturesweakstring identity alias (which
mapshamedentitiesin orderto resolhe dates,per
sonnamesacroryms, etc.) andappositiveseemto
cover mostof thecasegqthe otherninefeaturescon-
tribute only 2.3% F-measurdor MUC-6 texts and
1% F-measurdor MUC-7 texts). Soonetal. (200])
includeall nounphrasegeturnedby their NP iden-
tifier andreportan F-measuref 62.6%for MUC-6
dataand 60.4%for MUC-7 data. They only used
pairs of anaphorsand their closestantecedentss
positive examplesin training, but evaluatedaccord-
ing to Vilain etal. (1995.

CardieandWagstaf (1999 describean unsuper
vised clusteringapproachto noun phrasecorefer
enceresolutionin which featuresare assignedto
single noun phrasesonly. They use the features
shavn in Table 2, all of which are obtainedauto-
matically without ary manualtagging. The feature
semanticclassusedby CardieandWagstaff (1999
seemsto be a domain-dependendvne which can
only be usedfor the MUC domain and similar
ones. CardieandWagstaf (1999 report a perfor
manceof 53,6%F-measurdevaluatedaccordingto
Vilain etal. (1995).

3 Data

3.1 TextCorpus

Our corpusconsistsof 242 short Germantexts (to-
tal 36924tokens)aboutsights, historic eventsand
personsn Heidelbeg. Theaveragdengthis 151to-



distancen sentencebetweeranaphomandantecedent
antecedenis apronoun?

anaphoiis apronoun?

weakstringidentity betweeranaphomlandantecedent
anaphoiis a definitenounphrase?

anapholis ademonstratie pronoun?
numberagreemenbetweeranaphorndantecedent
semanticlassagreemenbetweeranaphorlandantecedent
genderagreemenbetweeranaphom@ndantecedent
anaphorndantecedenareboth propernames?
analiasfeature(usedfor propernamesandacroryms)
anappositve feature

Tablel: Featuresisedby Soonetal.

— position(NPsarenumberedsequentially)

— pronountype (nom.,acc.,possessi, ambiguous)
article (indefinite,definite,none)

appositve (yes,no)

number(singular plural)

propername(yes,no)
semanticlass(basednWordNet:time, city, animal,
human,object; basedon a separatalgorithm: num-

ber, mong, compary)

— gender{masculinefeminine,either neuter)

— animag (anim,inanim)

Table2: Featuresisedby CardieandWagstaf

kens.ThetextswerePOS-taggedsingTnT (Brants,
2000). A basicidentificationof markables(refer
ring expressionsi.e. NPs)wasobtainedoy usingthe
NP-Chunler Chunkie(SkutandBrants,1998). The
POS-taggemwas also usedfor assigningattributes
like e.g.the NP form to markables.The automatic
annotatiorwasfollowedby a manualcorrectionand
annotatiorphasén whichthemarkablesvereanno-
tatedwith furthertags(e.g.semanticclass). In this
phasemanuakoreferencannotatiorwasperformed
aswell. In ourannotatiorcoreferencés represented
in termsof amemberattribute on markablesMark-
ableswith the samevaluein this attribute are con-
sideredcoreferringexpressionsTheannotatiorwas
performedby two studentsThereliability of thean-
notationsvaschecledusingthekappastatistic(Car
letta,1996).

3.2 Data Generation

Theproblemof coreferenceesolutioncaneasilybe
formulatedas a binary classification: Given a pair
of potentialanaphorand potentialantecedentglas-
sify aspositive if theantecedenis in facttheclosest
antecedentandasngyative otherwise.ln anaphoric
chainsonly theimmediatelyadjacenpairsareclas-
sified aspositive. We generatedlatasuitableasin-
putto amachindearningalgorithmfrom our corpus
using a straightforvard algorithm which combined
potentialanaphorsand their potential antecedents.
We thenappliedthefollowing filters to theresulting
pairs: Discardanantecedent-anaphpair

¢ if theanaphoiis anindefinite NP,

¢ if oneentity is embeddednto the other e.g. if
the potentialanaphoris the headof the poten-
tial antecedentP (or vice versa),



e if bothentitieshave differentvaluesin their se-
manticclassattributed,

e if eitherentity hasavalueotherthan3rd person
singularor pluralin its agreementeature,

e if both entities have different valuesin their
agreementeatures.

For sometexts, theseheuristics(which were ap-
plied to the entire corpus)reducedto up to 50%
the potentialanaphofantecedenpairsall of which
would have beennegative cases. We considerthe
casesdiscardedas irrelevant becausehey do not
contrituteany knowledgefor theclassifier After ap-
plicationof thefilters, theremainingcandidateairs
werelabeledasfollows:

e Pairs of anaphorsand their direct (i.e. clos-
est) antecedentsvere labeled P. This means
that each anaphoricexpressionproducedex-
actly onepositive instance.

Pairs of anaphorsand those non-antecedents
which occurredcloserto the anaphorthanthe
directantecedentverelabeledN. The number
of nggative instanceghateachexpressiorpro-
ducedthus dependedbn the numberof non-
antecedentsccurringbetweertheanaphorlnd
the direct anteceden(or, the beginning of the
text if therewasnone).

Pairs of anaphorsandnon-antecedentshich oc-
curedfurtheraway thanthedirectantecederaswell
aspairs of anaphorsand non-direct(transitive) an-
tecedentsverenot consideredn the datasets. This
produced24?2 data setswith a total of 72093 in-
stance®f potentialantecedent-anaphpairs.

4 Results

4.1 Our Features

The featuresfor our studywere selectedaccording
to threecriteria:

1This filter appliesonly if noneof the expressionss a pro-
noun. Otherwise filtering on semanticclassis not possiblebe-
causen areal-world setting,informationabouta pronouns se-
manticclassolviously is not availableprior to its resolution.

2This filter appliesonly if the anaphoris a pronoun. This
restrictionof thefilter is necessarpecause&sermanallows for
casesvhereanantecederit referredbackto by anon-pronoun
anaphomhich hasa differentgrammaticabender

e relevanceaccordingto previousresearch,

e low annotationcost and/or high reliability of
automaticdagging,

e domain-independence

We distinguishbetweerfeaturesassignedo noun
phrasesaindfeaturesassignedo the potentialcoref-
erenceelation. All featuresarelistedin Table3 to-
getherwith their respectre possiblevalues.

The grammaticalfunction of referring expres-
sionshasoftenbeenclaimedto beanimportantfac-
tor for referenceresolutionand was thereforein-
cluded (features2 and 6). The surfacerealization
of referringexpressionseemdo have aninfluence
on coreferenceaelationsaswell (features3 and 7).
Sincewe usea Germancorpusandin this language
the genderandthe semanticclassdo not necessar
ily coincide(i.e., objectsare not necessarilyneuter
asthey arein English) we also provide a semantic
classfeature(5 and9) which captureghe difference
betweerhuman,concete objects and abstract ob-
jects This basicallycorrespondgo the genderat-
tributein English,for whichweintroducedanagree-
mentfeature(4 and8). The featurewdist(10) cap-
turesthedistancan wordsbetweeranaphoandan-
tecedentwhile the featureddist (11) doesthe same
in terms of sentencesand mdist (12) in terms of
markables. The equivalencein grammaticalfunc-
tion betweenanaphorand potential antecedenis
capturedn thefeaturesynpar (13), whichis trueif
bothanaphoandantecederaresubjectsor bothare
objectsandfalsein theothercasesThestring.ident
feature(14) appearso beof majorimportancesince
it providesfor high precisionin referenceesolution
(it almostneverfails) while thesubstringmatd fea-
ture (15) could potentiallyprovide betterrecall.

4.2 BaselineResults

Using the featuresof Table 3, we traineddecision
treeclassifieraisingC5.0,with standardsettingsfor
pre and post pruning. As several featuresare dis-
crete, we allowed the algorithm to use subsetsof
featurevaluesin questionsuchasls ananpformin
{PPER,PPOSPDS}?". We alsolet C5.0construct
rulesfrom the decisiontrees,aswe found themto
give superiorresults. In our experimentsthe value



Documentlevel features
1. docid

documennumber(l...250)

NP-level features
2. antegramfunc

grammaticafunctionof antecedentsubjectobject,other)
form of antecedentdefiniteNP, indefiniteNP, personapronoun,

demonstratie pronoun,possesse pronoun propername)

agreemenin persongendernumber

antesemanticclass semantiaclassof antecedenthuman,concreteobject,abstracbbject)
grammaticafunctionof anaphoi(subject,object,other)

form of anaphor(definiteNP, indefiniteNP, personapronoun,

demonstratie pronoun,possesse pronoun propername)

3. antenpform
4. anteagree

5.

6. anagramfunc
7. ananpform

8. anaagree

agreemenin persongendernumber

9. anasemanticclass semanticclassof anaphoihumanconcreteobject,abstracbbject)

Coreference-leel features

10. wdist

11. ddist

12. mdist

13. synpar

14. stringident

15. substringmatch

distancebetweeranaphomlndantecedenin words(1...n)
distancebetweeranaphomndantecedenin sentencef0, 1, >1)
distancebetweeranaphomandantecedenin markableg1 ...n)
anaphomndantecedentave the samegrammaticafunction (yes,no)
anaphomrndantecedentonsistof identicalstrings(yes,no)
onestringcontaingthe other(yes,no)

Table3: Our Features

of theana semanticclasattribute wasresetto miss-
ing for pronominalanaphorspecausen a realistic
settingthe semanticclassof a pronounobviously is
not availableprior to its resolution.

Using 10-fold cross validation (with about 25
documentgor eachof the 10 bins), we achieved an
overall errorrateof 1.74%. Alwaysguessinghe by
far more frequentnegative classwould give an er
ror rateof 2.88%(700190out of 72093cases).The
precisionfor finding positive casesis 88.60%,the
recallis 45.32%. The equallyweightedF-measuré
i$59.97%.

Since we were not satisfiedwith this result we
examinedthe performanceof the features.Surpris-
ingly, againsburlinguisticintuition theana.npform
featureappearedio bethemostimportantone.Thus,
we expectedconsiderablalifferencedn the perfor
manceof our classifierwith respecto the NP form
of theanaphounderconsiderationWe splitthedata
into subsetslefinedby the NP form of the anaphor
andtrainedthe classifieron thesedatasets. There-
sultsconfirmedthat the classifierperformedpoorly
ondefiniteNPs(defNP)anddemonstratie pronouns

ScomputecasF = 2PR/(P + R)

(PDS) moderatelyon propernamegNE) andquite

goodon personalpronouns(PPER)and possesse

pronouns(PPOS) (the resultsare reportedin Ta-

ble 4). As definite NPs accountfor 792 out of

2074(38.19%)of the positive casegandfor 48125
(66.75%)of all cases),t is evident that the weak
performancefor the resolutionof definite NPs, es-
peciallythelow recallof only 8.71%clearlyimpairs

the overall results. Demonstratie pronounsappear
only in 0.87%o0f the positive casesso the inferior

performanceis not that important. Propernames
(NE) however aremoreproblematicasthey have to

beconsideredn 644 or 31.05%of thepositive cases
(22.96%0f all).

P R F
defNP | 87.34% 8.71% 15.84%
NE 90.83% 50.78% 65.14%
PDS | 25.00% 11.11% 15.38%
PPER | 88.12% 78.07% 82.79%
PPOS | 82.69% 87.31% 84.94%
all 88.60% 45.32% 59.97%

Table4: Baselineresultsusingfeature2—15.



Antecedent Anaphor

“Philips” “KurfarstPhilip”

“vier ScHhilern” “die Schiler”

“die alte Universitat” “der altenUniversitat”
“im Studentenkarzen derAugustinegasse” “desStudentenkarzers”

“diesehenorragendeBibliothek”

“dieserBibliothek”

Table5: Anaphorsandtheir directantecedents

New coreference-level features

16.

antemed minimumeditdistanceo anaphor

ante_med = 100 - m‘:{zﬁl

17.

anamed minimumeditdistanceo antecedent

ana_med = 100 - ﬂsnlﬁ—dz

Table6: Additional Featuregm, n, s, 1, d: seetext)

4.3 Additional features

Sincedefinite noun phrasesconstitutemore thana
third of the anaphoricexpressionsn our corpus,we
investigatedvhy theresolutionperformedso poorly
for thesecases. The major reasonmay be that the
resolutionalgorithmrelies on surface featuresand
doesnot have accessto world or domain knowl-
edge,which we did not wantto dependuponsince
we weremainly interestedn cheapfeatures.How-
ever, the string ident and substringmatd features
did not performvery well either The string.ident
featurehad a very high precision(it almostnever
failed) but a poorrecall. The substringmatd fea-
turewasnot too helpful eitherasit doesnot trigger
in mary casesSo,we investigatedvaysto raisethe
recall of the string.ident and substringmatd fea-
tureswithout losingtoo muchprecision.

A look at some relevant cases(Table 5) sug-
gested that a large number of anaphoric defi-
nite NPs shared some substring with their an-
tecedent, but they were not identical nor com-
pletely included. What is neededis a wealened
form of the string.ident and substringmatc fea-
tures. Soonetal. (2001 removed determinershe-
fore comparingthe strings. Otherresearchergike
VieiraandPoesio(2000 usednformationaboutthe
syntacticstructureandcomparednly the syntactic
headsof the phrases However, the featureusedby
Soonetal. (200)) is neithersuficient nor language

dependentheoneusedby VieiraandPoesio(2000
is not cheapsinceit relieson asyntacticanalysis.
We were looking for a feature which gave us
the improvementsof the featuresusedby otherre-
searchersvithout their associateatosts. Hencewe
consideredhe minimumeditdistancelMED) (Wag-
ner and Fischey 1974), which has beenusedfor
spelling correctionandin speechrecognizerevalu-
ations (termed“accurag” there)in the past. The
MED computesthe similarity of stringsby taking
into accountthe minimum numberof editing oper
ations (substitutions,insertions, deletions)needed
to transform one string into the other (see also
Jurafsly andMartin (200Q p.153f. andp.271)).
WeincludedMED into ourfeaturesetby comput-
ing onevaluefor eachediting direction. Both val-
uessharethe numberof editing operationsout they
differ when anaphorand antecedenhave a differ-
entlength. Thefeaturesante med(16) andana.med
(17) arecomputedrom the numberof substitutions
s, insertionsi, deletionsd andthe lengthof the po-
tentialantecedent» or anaphom asin Table6.

4.4 Improved Results

Theinclusionof theMED featuresl6and17ledtoa
significanimprovement(Table7). TheF-measurés
improvedto 67.98%,animprovementof about8%.
Consideringhe classifiergrainedandtestedon the
datapartitionsaccordingto ana.npform we cansee
thattheimprovementsmainly stemfrom defNPand



NE. With respectto definite NPswe gainedabout
18% F-measurewith respecto propernamesabout
11% F-measure.For pronounsthe resultsdid not
vary much.

4.5 MUC-style results

It is commonpracticeto evaluatecoreferenceeso-
lution systemsaccordingto a schemeoriginally de-
velopedfor MUC evaluationby (Vilain etal., 1995).
In orderto be ableto applyit to our classifier we
first implementeda simple referenceresolutional-
gorithm. This algorithmincrementallyprocesses

realtext by iteratingover all referringexpressions.

Uponencountering possiblyanaphoriexpression,
it moves upwards(i.e. in the direction of the be-
ginning of the text) and submitseach pair of po-
tential anaphorand potential antecedento a clas-
sifier trainedon the featuresdescribedabore. For
the reasonamentionedin Section4.2, the value of
the ana.semanticclassttribute is resetto missing
if the potentialanaphoris a pronominalform. The
algorithmthen selectsthe first (if ary) pair which
the classifierlabels as coreferential. Once a text
hasbeencompletelyprocessedthe resultingcoref-
erenceclassesare evaluatedby comparingthemto
theoriginal annotatioraccordingio the schemepro-
posedby (Vilain et al., 1995). This schemetakes
into accountthe particularitiesof coreferenceeso-
lution by abstractingfrom the questionif individ-
ual pairs of anaphorsand antecedentsre found.
Instead,it focusseson whethersetsof coreferring
expressionsare correctly identified. In contrastto
theexperimentgeportedn Sectiond.2and4.4,our
algorithm did not usea C5.0, but a J48 decision
treeclassifier which is a Java re-implementatiorof

“Part of the Weka machine learning library, cf.
http://www.cs.waikato.ac.nz/ml/weka

P R F
defNP | 69.26% 22.47% 33.94%
NE 90.77% 65.68% 76.22%
PDS | 25.00% 11.11% 15.38%
PPER | 85.81% 77.78% 81.60%
PPOS| 82.11% 87.31% 84.63%
all 84.96% 56.65% 67.98%

Table7: Improvedresultsusingfeature2—-17.

C4.5. Thiswasdonefor technicareasons)48being
moreeasilyintegratedinto our system. Accompary-
ing experimentatiorrevealedthatJ48s performance
is only slightly inferior to thatof C5.0for our data.
Again using 10-fold crossvalidation, we obtained
theresultsgivenin Table8.

5 Conclusions

In this paperwe describedhe influenceof features
basedon the minimum edit distance(MED) be-
tweenanaphorand antecedenbn referenceresolu-
tion. Thoughprevious researchusedseveral differ-
entstringsimilarity measuresp ourknowledge,the
MED featurewasnotusedin previouswork on ref-
erenceesolution.We shavedthatthefeatureled to
a significantimprovementover the standardset of
featureswe startedwith. It improved the recall for
definite NPs and propernamesconsiderablywith-
outlosingtoo muchprecision.Also, it did not have
ary negative effect on pronouns.The MED feature
is easyto computeandlanguageanddomaininde-
pendentlin contrastfeaturesusedin previouswork
wereeitherlanguagaelependente.g.theweakstring
identity featureas usedby Soonetal. (2001)), do-
main dependen(their alias featureor similar fea-
turesusedby CardieandWagstaf (1999), or relied
oninformationonthesyntacticstructure(Vieiraand
Poesio,2000). We considerthe MED featureasa
generalizatiorof thesefeatures.It is moreabstract
thanthefeaturesusedby otherresearcherbkut deliv-
erssimilarinformation.

We shaved thatour approactperformsvery well
for personabndpossesse pronounsandfor proper
names For definiteNPs,althoughthey benefitfrom
the MED featuresaswell, thereis still muchroom
for improvement.We arecuriousto investigatefur-
ther “cheap” featuresand comparethem to what
could be obtainedwhen taking domain or world
knowledgeinto account.

Features P R F
2-15 81.31% 47.44% 59.92%
2-17 80.17% 55.14% 65.34%

Table8: MUC-styleresultswith differentfeatures.
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