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Abstract

In this paper, we presenta machinelearn-
ing approachto the identi�cation andreso-
lution of Chineseanaphoriczeropronouns.
We performboth identi�cation and resolu-
tion automatically, with two setsof easily
computablefeatures. Experimentalresults
show that our proposedlearning approach
achievesanaphoriczeropronounresolution
accuracy comparableto a previousstate-of-
the-art, heuristic rule-basedapproach. To
our knowledge,our work is the �rst to per-
form both identi�cation and resolution of
Chineseanaphoriczero pronounsusing a
machinelearningapproach.

1 Intr oduction

Coreferenceresolution is the task of determining
whethertwo or morenounphrasesreferto thesame
entity in a text. It is an importanttaskin discourse
analysis,andsuccessfulcoreferenceresolutionben-
e�ts many naturallanguageprocessingapplications
suchasinformationextraction,questionanswering,
etc.

In the literature, much of the work on corefer-
enceresolutionis for Englishtext (Soonetal.,2001;
Ng and Cardie,2002b;Yanget al., 2003; McCal-
lum and Wellner, 2005). Publicly available cor-
pora for coreferenceresolutionare mostly in En-
glish, e.g., the MessageUnderstandingConference
tasks(MUC6 andMUC7)1. Relatively lesswork has

1http://www-nlpir.nist.gov/related_
projects/muc/

beendone on coreferenceresolutionfor Chinese.
Recently, the ACE Entity Detectionand Tracking
(EDT) task2 includedannotatedChinesecorporafor
coreferenceresolution. Florian et al. (2004) and
Zhou et al. (2005) reportedresearchon Chinese
coreferenceresolution.

A prominentphenomenonin Chinesecoreference
resolutionis theprevalenceof zeropronouns.A zero
pronoun(ZP) is a gap in a sentencewhich refers
to an entity thatsuppliesthenecessaryinformation
for interpretingthe gap. An anaphoriczero pro-
noun(AZP) is a zeropronounthat corefersto one
or more overt nounphrasespresentin the preced-
ing text. Zeropronounsoccurmuchmorefrequently
in Chinesecomparedto English,andposea unique
challengein coreferenceresolutionfor Chinese.For
example,Kim (2000)conductedastudyto compare
the useof overt subjectsin English, Chinese,and
otherlanguages.He foundthattheuseof overt sub-
jectsin Englishis over96%,while thispercentageis
only 64%for Chinese,indicatingthatzeropronouns
(lack of overt subjects)aremuchmoreprevalentin
Chinese.

Chinesezeropronounshave beenstudiedin lin-
guistics research(Li and Thompson, 1979; Li,
2004),but only a smallbodyof prior work in com-
putationallinguisticsdealswith Chinesezero pro-
noun identi�cation and resolution(Yeh and Chen,
2004;Converse,2006). To our knowledge,all pre-
vious researchon zero pronounidenti�cation and
resolutionin Chineseuseshand-engineeredrulesor
heuristics,andour presentwork is the �rst to per-
form both identi�cation and resolutionof Chinese

2http://www.nist.gov/speech/tests/ace/



anaphoriczeropronounsusinga machinelearning
approach.

Therestof this paperis organizedasfollows. In
Section2, we give the taskde�nition, anddescribe
thecorpususedin our evaluationandtheevaluation
metrics.We thengive anoverview of our approach
in Section3. Anaphoriczeropronounidenti�cation
andresolutionarepresentedin Section4 and5, re-
spectively. We presentthe experimentalresultsin
Section6 and relatedwork in Section7, andcon-
cludein Section8.

2 Task De�nition

2.1 Zero Pronouns

As mentionedin the introduction,a zero pronoun
(ZP) is a gap in a sentencewhich refersto an en-
tity that suppliesthe necessaryinformation for in-
terpretingthegap.A coreferentialzeropronounis a
zeropronounthatcorefersto oneor moreovertnoun
phrasespresentin thesametext.

Justlike a coreferentialnounphrase,a coreferen-
tial zeropronouncanalsocoreferto a nounphrase
in theprecedingor following text, calledanaphoric
or cataphoric,respectively. Most coreferentialzero
pronounsin Chineseare anaphoric. In the corpus
usedin ourevaluation,98%of thecoreferentialzero
pronounshave antecedents.Hence,for simplicity,
we only consideranaphoriczero pronouns(AZP)
in this work. That is, we only attemptto resolve a
coreferentialzeropronounto nounphrasespreced-
ing it.

Hereis anexampleof ananaphoriczeropronoun
from thePennChineseTreeBank(CTB) (Xueetal.,
2005)(sentenceID=300):
[¥ ) å ž —¬ Ÿ ñ =
[China electronic products importandexport
�4]1 � � � � Ç φ2

trade]1 continues increasing , φ2

3 � Ÿ ñ = {
represents total importandexport 's
� ­ � � Þ � �

ratio continues increasing .
The anaphoriczeropronounφ2 is coreferringto

noun phrase1. The correspondingparsetree is
shown in Figure 1. In CTB, IP refersto a simple
clausethat doesnot have complementizers.CP, on
the other hand, refers to a clauseintroducedby a

complementizer.
Resolvingan anaphoriczeropronounto its cor-

rect antecedentin Chineseis a dif�cult task. Al-
thoughgenderandnumberinformationis available
for an overt pronounand hasproven to be useful
in pronounresolutionin prior research,a zeropro-
nounin Chinese,unlike anovert pronoun,provides
no suchgenderor numberinformation.At thesame
time, identifying zeropronounsin Chineseis alsoa
dif�cult task. Thereareonly a few overt pronouns
in English,Chinese,andmany otherlanguages,and
state-of-the-artpart-of-speechtaggerscansuccess-
fully recognizemostof theseovert pronouns.How-
ever, zero pronounsin Chinese,which are not ex-
plicitly marked in a text, arehard to be identi�ed.
Furthermore,evenif agapis azeropronoun,it may
not becoreferential.All thesedif�culties make the
identi�cation andresolutionof anaphoriczeropro-
nounsin Chineseachallengingtask.

2.2 Corpus

We useanannotatedthird-personpronounandzero
pronouncoreferencecorpusfrom Converse(2006)3.
The corpuscontains205 texts from CTB 3.0, with
annotationsdone directly on the parsetrees. In
thecorpus,coreferentialzeropronouns,third-person
pronouns,andnounphrasesareannotatedascoref-
erencechains.If a nounphraseis not in any coref-
erencechain, it is not annotated.If a coreference
chaindoesnot containany third-personpronounor
zeropronoun,thewholechainis notannotated.

A zeropronounis not alwayscoreferentialwith
somenounphrases.In thecorpus,if azeropronoun
is not coreferentialwith any overt nounphrases,it
is assignedoneof thefollowing six categories:dis-
coursedeictic(#DD), existential(#EXT), inferrable
(#INFR), ambiguity betweenpossiblereferentsin
the text (#AMB), arbitrary reference(#ARB), and
unknown (#UNK). For example, in the following
sentence,φ3 refersto aneventin theprecedingtext,
with no correspondingantecedentnounphrase.So
no antecedentis annotated,and φ3 is labeledas
#DD.
&¬ Í Ö c L Ÿ T
HongKong famous syndicate CheungKong

3Thedatasetweobtainedis asubsetof theoneusedin Con-
verse(2006).
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Figure1: Theparsetreewhichcorrespondsto theanaphoriczeropronounexamplein Section2.1.

" � � º Œ- *• 4 Qu
Holdings , Peregrine as strategic
= ýV . é œ ê

investors already purchased LE
� ý � ;ø � º I ƒ � �
“ Shenye Holdings ” twentypercent
{ ø Y Ç φ3 ß I ' n ñ
's share , φ3 fully re�ects out
= ýV { fe �

investors 's con�dence .

Converse(2006)assumedthatall correctlyidenti-
�ed AZPsandthegoldstandardparsetreesaregiven
asinput to hersystem.SheappliedtheHobbsalgo-
rithm (Hobbs,1978) to resolve antecedentsfor the
givenAZPs.

In our case,we are only interestedin zero pro-
nounswith explicit nounphrasereferents.If acoref-
erencechaindoesnot containAZPs,we discardthe
chain. We also discardthe 6 occurrencesof zero
pronounswith split antecedents,i.e.,azeropronoun
with an antecedentthat is split into two separate
noun phrases.A total of 383 AZPs remainin the
datasetusedin ourexperiments.

Among the205 texts in thedataset,texts 1–155
arereserved for training, while the remainingtexts
(156–205)areusedfor blind test. The statisticsof
thedatasetareshown in Table1.

Training Test
Doc ID 1–155 156–205
# Docs 155 50

# Characters 96,338 15,710
# Words 55,348 9,183
# ZPs 665 87

# AZPs 343 40

Table1: Statisticsof trainingandtestdatasets.

2.3 Evaluation Metrics

As in previouswork onpronounresolution,weeval-
uatetheaccuracy in termsof recall,precision,andF-
measure.Theoverall recallandprecisiononthetest
setarecomputedby micro-averagingoverall testin-
stances.TheoverallF-measureis thencomputed.

For AZP identi�cation, recall and precisionare



de�ned as:

RecallAZP =
# AZP Hit

# AZP in Key

PrecisionAZP =
# AZP Hit

# AZP in Response

An “AZP Hit” occurswhenan AZP asreportedin
theresponse(systemoutput)hasacounterpartin the
samepositionin thegoldstandardanswerkey.

For AZP resolution,recall andprecisionarede-
�ned as:

RecallResol =
# ResolHit

# AZP in Key

PrecisionResol =
# ResolHit

# AZP in Response

A “ResolHit” occurswhenanAZP is correctlyiden-
ti�ed, andit is correctlyresolved to a nounphrase
that is in thesamecoreferencechainasprovided in
theanswerkey.

3 Overview of Our Approach

In thissection,wegiveanoverview of ourapproach
for ChineseAZP identi�cation andresolution.

Typically, the input raw texts need to be pro-
cessedby a Chineseword segmenter, a part-of-
speech(POS)tagger, anda parsersequentially. Al-
thoughour approachcanapplydirectly to machine-
generatedparsetreesfrom raw text, in orderto min-
imizeerrorsintroducedby preprocessing,andfocus
mainly on Chinesezeropronounresolution,we use
thegoldstandardwordsegmentation,POStags,and
parsetreesprovidedby CTB. However, we remove
all null categoriesandfunctionaltagsfrom theCTB
gold standardparsetrees. Figure 1 shows a parse
treeaftersuchremoval.

A setof zeropronouncandidatesandasetof noun
phrasecandidatesarethenextracted.If W is theleft-
mostword in theword sequencethat is spannedby
someVP node,thegapG thatis immediatelyto the
left of W quali�es asa ZP candidate.For example,
in Figure1, gapsimmediatelyto theleft of thetwo
occurrencesof � �, and� � , 3 , Þ � areall ZP
candidates.All nounphrases4 thatareeithermaxi-
mal NPsor modi�er NPsqualify asNP candidates.

4A nounphrasecaneitherbeNP or QPin CTB. We simply
useNPhereafter.

For example,in Figure1, NP1, NP2, NP3, NP5, and
NP6 areall NP candidates.With theseZP andNP
candidateextractions,therecallsof ZPsandNPsare
100%and98.6%,respectively.

After the ZP andNP candidatesaredetermined,
we perform AZP identi�cation and resolutionin a
sequentialmanner. We build two classi�ers, the
AZP identi�cation classi�er andtheAZP resolution
classi�er. The AZP identi�cation classi�er deter-
minesthepositionof AZPs,while theAZP resolu-
tion classi�er �nds an antecedentnoun phrasefor
eachAZP identi�ed by theAZP identi�cation clas-
si�er. Bothclassi�ersarebuilt usingmachinelearn-
ing techniques.The featuresof both classi�ersare
largely syntacticfeaturesbasedon parsetreesand
areeasilycomputed.

We perform5-fold crossvalidationon the train-
ing datasetto tuneparametersandto pick thebest
model.We thenretrainthebestmodelwith all data
in thetrainingdataset,andapply it to theblind test
set.In thefollowing sections,all accuraciesreported
onthetrainingdatasetarebasedon5-fold crossval-
idation.

4 Anaphoric Zero Pronoun Identi�cation

We use machinelearning techniquesto build the
AZP identi�cation classi�er. The featuresare de-
scribedin Table2.

In the featuredescription,Z is theZP candidate.
Let Wl andWr bethewordsimmediatelyto theleft
andto theright of Z, respectively, P theparsetree
nodethatis thelowestcommonancestornodeof Wl

andWr, Pl andPr thechild nodesof P thatarean-
cestornodesof Wl andWr, respectively. If Z is the
�rst gapof the sentence,Wl, P , Pl, andPr areall
NA. Furthermore,let V be the highestVP nodein
theparsetreethat is immediatelyto the right of Z,
i.e., the leftmostword in the word sequencethat is
spannedby V is Wr. If Z is not the �rst gapin the
sentence,de�ne the ceiling nodeC to beP , other-
wise to be the root nodeof the parsetree. In the
exampleshown in Figure1, for theZPcandidateφ2

(which is immediatelyto the left of 3 ), Wl, Wr,
P , Pl, Pr, V , andC are “Ç”, 3 , IP1, IP2, IP3,
VP3, andIP1, respectively. Its featurevaluesarealso
shown in Table2.

To train anAZP identi�cation classi�er, we gen-



Feature Description φ2

First Gap If Z is the�rst gapin thesentence,T; elseF. F
Pl Is NP If Z is the �rst gapin thesentence,NA; otherwise,if Pl is anNP node,

T; elseF.
F

Pr Is VP If Z is the�rst gapin thesentence,NA; otherwise,if Pr is aVP node,T;
elseF.

F

Pl Is NP& Pr Is VP If Z is the �rst gapin thesentence,NA; otherwise,if Pl is an NP node
andPr is aVP node,T; elseF.

F

P Is VP If Z is the�rst gapin thesentence,NA; otherwise,if P is a VP node,T;
elseF.

F

IP-VP If in thepathfrom Wr to C, thereis a VP nodesuchthatits parentnode
is anIP node,T; elseF.

T

HasAncestorNP If V hasanNPnodeasancestor, T; elseF. T
HasAncestorVP If V hasaVP nodeasancestor, T; elseF. F
Has AncestorCP If V hasaCPnodeasancestor, T; elseF. T

Left Comma If Z is the�rst gap,NA; otherwiseif Wl is acomma,T; elseF. T
SubjectRole If thegrammaticalroleof Z is subject,S; elseX. X

Clause If V is in amatrixclause,anindependentclause,asubordinateclause,or
noneof theabove, thevalueis M, I, S,X, respectively.

I

Is In Headline If Z is in theheadlineof thetext, T; elseF. F

Table2: Featuresfor anaphoriczeropronounidenti�cation. Thefeaturevaluesof φ2 areshown in the last
column.

eratetraining examplesfrom the training dataset.
All ZP candidatesin the training datasetgenerate
training examples. Whethera training exampleis
positive or negativedependsonwhethertheZPcan-
didateis anAZP.

After generatingall training examples,we train
an AZP identi�cation classi�er usingthe J48deci-
sion treelearningalgorithmin Weka5. During test-
ing, eachZP candidateis presentedto the learned
classi�er to determinewhetherit is anAZP. Wecon-
ductexperimentsto measuretheperformanceof the
modellearned.Theresultsof 5-fold crossvalidation
on thetrainingdatasetareshown in Table3.

Model R P F
Heuristic 99.7 15.0 26.1
AZP Ident 19.8 51.1 28.6

AZP Ident(r = 8) 59.8 44.3 50.9

Table 3: Accuraciesof AZP identi�cation on the
trainingdatasetunder5-fold crossvalidation.

We useheuristicrulesasa baselinefor compar-
5http://www.cs.waikato.ac.nz/ml/weka/

ison. The rulesusedby the heuristicmodelareas
follows. For anodeT in theparsetree,if

1. T is aVP node;and

2. T 's parentnodeis notaVP node;and

3. T hasno left sibling,or its left sibling is notan
NPnode,

then the gap that is immediatelyto the left of the
wordsequencespannedby T is anAZP. Thissimple
AZP identi�cation heuristicachievesan F-measure
of 26.1%.

Imbalanced Training Data

From Table 3, one can seethat the F-measure
of themachine-learnedAZP identi�cation modelis
28.6%,which is only slightly higher thanbaseline
heuristicmodel. It hasa relatively high precision,
but much lower recall. The problem lies in the
highly imbalancednumberof positive andnegative
training examples. Among all the 155 texts in the
trainingset,thereare343 positive and10,098neg-
ative training examples.The ratio r of the number



of negative trainingexamplesto thenumberof pos-
itive training examplesis 29.4. A classi�er trained
on suchhighly imbalancedtrainingexamplestends
to predictmoretestingexamplesasnegative exam-
ples.Thisexplainswhy theprecisionis high,but the
recall is low.

To overcomethis problem,we vary r by varying
theweightof thepositive trainingexamples,which
is equivalentto samplingmorepositive trainingex-
amples. The valuesof r that we have tried are
1, 2, 3, . . . , 29. Thelarger thevalueof r, thehigher
the precision,and the lower the recall. By tuning
r, we get a balancebetweenprecisionand recall,
and hencean optimal F-measure.Figure 2 shows
theeffect of tuningr on AZP identi�cation. When
r = 8, the optimal F-measureis 50.9%,which is
muchhigherthantheF-measurewithout tuningr.
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Figure2: Effectof tuningr onAZP identi�cation

Ng andCardie(2002a)reportedthat the accura-
ciesof theirnounphraseanaphoricitydetermination
classi�er were86.1%and84.0%for theMUC6 and
MUC7 datasets,respectively. Nounphrasesprovide
muchfruitful informationfor anaphoricityidenti�-
cation. However, useful information suchas gen-
der, number, lexical string, etc, is not available in
thecaseof zeropronouns.ThismakesAZP identi�-
cationamuchmoredif�cult task,andhenceit hasa
relatively low accuracy.

5 Anaphoric Zero PronounResolution

In anaphoriczero pronounresolution,we also use
machinelearning techniquesto build a classi�er.

Thefeaturesaredescribedin Table4.
In thefeaturedescription,Z is theanaphoriczero

pronounthatis underconsideration,andA is thepo-
tentialNPantecedentfor Z. V is thesameasin AZP
identi�cation. Thefeaturevaluesof thepairNP1 and
φ2 (thegapimmediatelyto the left of 3 ) in Figure
1 areshown in Table4.

To traintheAZP resolutionclassi�er, wegenerate
trainingexamplesin thefollowing way. An AZP Z

andits immediatelyprecedingcoreferentialNP an-
tecedentA in the gold standardcoreferencechain
form apositive trainingexample.BetweenA andZ,
thereareotherNPcandidates.Eachoneof theseNP
candidates,togetherwith Z, form anegativetraining
example.This is similar to theapproachadoptedin
Soonetal. (2001).Wealsotrain theAZP resolution
classi�er usingthe J48decisiontreelearningalgo-
rithm.

After buildingbothAZP identi�cation andresolu-
tion classi�ers,we performAZP identi�cation and
resolutionin a sequentialmanner. For a ZP candi-
dateZ, theAZP identi�cation classi�er determines
whetherZ is an AZP. If it is an AZP, all NP can-
didatesthat areto the left of Z in textual orderare
consideredaspotentialantecedents.Thesepotential
antecedentsare testedfrom right to left. We start
from theNPcandidateA1 thatis immediatelyto the
left of Z. A1 andZ form apair. If thepair is classi-
�ed aspositive by theresolutionclassi�er, A1 is the
antecedentfor Z. If it is classi�ed asnegative, we
proceedto theNP candidateA2 that is immediately
to theleft of A1, andtestagain.Theprocesscontin-
uesuntil we �nd anantecedentfor Z, or thereis no
moreNPcandidateto test.

This right-to-left searchattemptsto �nd theclos-
estcorrectantecedentfor anAZP. Wedonotchoose
the best-�rst searchstrategy proposedby Ng and
Cardie(2002b). This is becausewe generatetrain-
ing examplesandbuild the resolutionclassi�er by
pairingeachzeropronounwith its closestpreceding
antecedent.In addition,a zeropronounis typically
not too farawayfrom its antecedent.In ourdataset,
92.6%of theAZPshaveantecedentsthatareatmost
2 sentencesapart. Our experimentshows that this
closest-�rst strategy performsbetterthan the best-
�rst strategy for ChineseAZP resolution.

Table5 shows the experimentalresultsof 5-fold
crossvalidationon the training dataset. For com-



Feature Description NP1-φ2

FeaturesbetweenZ andA

Dist Sentence If Z andA are in the samesentence,0; if they are one sentence
apart,1; andsoon.

0

Dist Segment If Z and A are in the samesegment (where a segment is a se-
quenceof words separatedby punctuationmarks including “Ç”,
“Ö”, “�”, “¼”, and“Ú”), 0; if they areonesegmentapart,1; and
soon.

1

Sibling NP VP If Z andA arein differentsentences,F; Otherwise,if bothA and
Z arechild nodesof theroot node,andthey aresiblings(or at most
separatedby onecomma),T; elseF.

F

ClosestNP If A is theclosestprecedingNPcandidateto Z, T; elseF. T
FeaturesonA

A HasAnc NP If A hasanancestorNPnode,T; elseF. F
A HasAnc NP In IP If A hasan ancestorNP nodewhich is a descendantof A's lowest

ancestorIP node,T; elseF.
F

A HasAnc VP If A hasanancestorVP node,T; elseF. F
A HasAnc VP In IP If A hasan ancestorVP nodewhich is a descendantof A's lowest

ancestorIP node,T; elseF.
F

A HasAnc CP If A hasanancestorCPnode,T; elseF. F
A GrammaticalRole If thegrammaticalroleof A is subject,object,or others,thevalueis

S,O, or X, respectively.
S

A Clause If A is in a matrix clause,an independentclause,a subordinate
clause,or noneof theabove, thevalueis M, I, S,X, respectively.

M

A Is ADV If A is anadverbialNP, T; elseF. F
A Is TMP If A is a temporalNP, T; elseF. F

A Is Pronoun If A is apronoun,T; elseF. F
A Is NE If A is anamedentity, T; elseF. F

A In Headline If A is in theheadlineof thetext, T; elseF. F
FeaturesonZ

Z HasAnc NP If V hasanancestorNPnode,T; elseF. T
Z HasAnc NP In IP If V hasanancestorNP nodewhich is a descendantof V' s lowest

ancestorIP node,T; elseF.
F

Z HasAnc VP If V hasanancestorVP node,T; elseF. F
Z HasAnc VP In IP If V hasanancestorVP nodewhich is a descendantof V' s lowest

ancestorIP node,T; elseF.
F

Z HasAnc CP If V hasanancestorCPnode,T; elseF. T
Z GrammaticalRole If thegrammaticalroleof Z is subject,S; elseX. X

Z Clause If V is in a matrix clause,an independentclause,a subordinate
clause,or noneof theabove, thevalueis M, I, S,X, respectively.

I

Z Is First ZP If Z is the�rst ZPcandidatein thesentence,T; elseF. F
Z Is Last ZP If Z is thelastZP candidatein thesentence,T; elseF. F
Z In Headline If Z is in theheadlineof thetext, T; elseF. F

Table4: Featuresfor anaphoriczeropronounresolution. The featurevaluesof the pair NP1 andφ2 are
shown in thelastcolumn.



parison,weshow threebaselinesystems.In all three
baselinesystems,wedonotperformAZP identi�ca-
tion, but directlyapplytheAZP resolutionclassi�er.
In the �rst baseline,we apply the AZP resolution
classi�er on all ZP candidates.In the secondbase-
line, we apply the classi�er only on ZPsannotated
in the gold standard,insteadof all ZP candidates.
In thethird baseline,we furtherrestrictit to resolve
only AZPs. The F-measuresof the threebaselines
are2.5%,27.6%,and40.6%respectively.

Model R P F
All ZP Candidates 40.5 1.3 2.5

GoldZP 40.5 20.9 27.6
GoldAZP 40.5 40.6 40.6

AZP Ident(r=8 t=0.5) 23.6 17.5 20.1
AZP Ident(r=11t=0.6) 22.4 20.3 21.3

Table5: Accuraciesof AZP resolutionon thetrain-
ing datasetunder5-fold crossvalidation.

Tuning of Parameters
Ng (2004) showed that an NP anaphoricityiden-
ti�cation classi�er with a cut-off threshold t =
0.5 prunedaway many correctanaphoricNPs and
harmedtheoverall recall. By varying t, theoverall
resolutionF-measurewasimproved. We adoptthe
sametuningstrategy andacceptaZPcandidateZPi

asanAZP andproceedto �nd its antecedentonly if
P (ZPi) ≥ t. Thepossiblevaluesfor t thatwe have
triedare0, 0.05, 0.1, . . . , 0.95.

In Section4, we show thatr = 8 yields thebest
AZP identi�cation F-measure.Whenwe �x r = 8
andvaryt, theoverallF-measurefor AZP resolution
is thebestatt = 0.65, asshown in Figure3. Wethen
try tuningr andt at thesametime. An overall op-
timal F-measureof 21.3%is obtainedwhenr = 11
andt = 0.6. Wecomparethis tunedF-measurewith
theF-measureof 20.1%at r = 8 andt = 0.5, ob-
tainedwithout tuningt. Althoughthe improvement
is modest,it is statisticallysigni�cant (p < 0.05).

6 Experimental Results

In theprevioussection,we show thatwhenr = 11
andt = 0.6, our sequentialAZP identi�cation and
resolutionachievesthebestF-measureunder5-fold
crossvalidation on the 155 training texts. In or-
derto utilize all availabletrainingdata,we generate
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Figure3: Effectof tuningt onAZP resolution

trainingexamplesfor theAZP identi�cation classi-
�er with r = 11, and generatetraining examples
for the AZP resolutionclassi�er, on all 155 train-
ing texts. Both classi�ersaretrainedagainwith the
newly generatedtraining examples.We thenapply
bothclassi�erswith anaphoricityidenti�cation cut-
off thresholdt = 0.6 to the blind test data. The
resultsareshown in Table6.

R P F
27.5 24.4 25.9

Table6: Accuraciesof AZP resolutionon blind test
data.

By utilizing all availableinformationon thegold
standardparsetrees,Converse(2006) �nds an an-
tecedentfor eachAZP given that all AZPsarecor-
rectly input to hersystem.Theaccuracy of herrule-
basedapproachis 43.0%. For comparison,we de-
terminethe antecedentsfor AZPs in the gold stan-
dardannotation,under5-fold crossvalidationon all
205texts in thecorpus.Therecall,precision,andF-
measureare42.3%,42.7%,and42.5%,respectively.
This shows thatour proposedmachinelearningap-
proachfor Chinesezeropronounresolutionis com-
parableto herstate-of-the-artrule-basedapproach.

7 RelatedWork

Converse (2006) assumedthat the gold standard
Chineseanaphoriczeropronounsandthegold stan-
dardparsetreesof the texts in PennChineseTree-



Bank (CTB) were given as input to her system,
which performedresolutionof the anaphoriczero
pronounsusingtheHobbsalgorithm(Hobbs,1978).
Her systemdid not identify theanaphoriczeropro-
nounsautomatically.

Yeh andChen(2004) proposedan approachfor
Chinesezeropronounresolutionbasedon theCen-
tering Theory (Groszet al., 1995). Their system
useda setof hand-engineeredrulesto performzero
pronounidenti�cation, andresolved zeropronouns
with asetof hand-engineeredresolutionrules.

In Iida et al. (2006), they proposeda ma-
chinelearningapproachto resolve zeropronounsin
Japaneseusingsyntacticpatterns.Their systemalso
did not performzeropronounidenti�cation, andas-
sumedthat correctly identi�ed zeropronounswere
givenasinput to their system.

Theprobabilisticmodelof Sekietal. (2002)both
identi�ed andresolvedJapanesezeropronouns,with
the help of a verb dictionary. Their modelneeded
large-scalecorporato estimatetheprobabilitiesand
to preventdatasparseness.

Ferŕandez and Peral (2000) proposeda hand-
engineeredrule-basedapproachto identify andre-
solvezeropronounsthatarein thesubjectgrammat-
ical positionin Spanish.

8 Conclusion

In this paper, we presenta machinelearning ap-
proachto the identi�cation and resolutionof Chi-
neseanaphoriczero pronouns. We perform both
identi�cation andresolutionautomatically, with two
sets of easily computablefeatures. Experimen-
tal results show that our proposedlearning ap-
proachachievesanaphoriczeropronounresolution
accuracy comparableto a previous state-of-the-art,
heuristicrule-basedapproach. To our knowledge,
our work is the �rst to performboth identi�cation
andresolutionof Chineseanaphoriczeropronouns
usingamachinelearningapproach.

Obviously, thereis muchroomfor improvement.
In future, we plan to apply our model directly on
machine-generatedparsetrees.Wealsoplanto clas-
sify non-coreferentialzeropronounsinto thesix cat-
egories.
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