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Abstract beendone on coreferenceaesolutionfor Chinese.

In this paper we presenta machinelearn-
ing approachto the identi cation andreso-
lution of Chineseanaphoriczeropronouns.
We perform both identi cation andresolu-
tion automatically with two setsof easily
computablefeatures. Experimentalresults
shawv that our proposedlearning approach
achieves anaphoriczero pronounresolution
accurag comparabldo a previous state-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

machingearningapproach.

1 Intr oduction

Coreferenceresolutionis the task of determining
whethertwo or morenounphrasesgeferto the same
entity in atext. It is animportanttaskin discourse
analysisandsuccessfutoreferenceesolutionben-
e ts mary naturallanguageprocessingpplications
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
porafor coreferenceresolutionare mostly in En-
glish, e.g.,the MessagdJnderstandingConference
tasks(MUC6 andMUC?7)!. Relatvely lesswork has

http://wwwnlpir.nist.gov/related_
pr oj ect s/ muc/

Recently the ACE Entity Detectionand Tracking
(EDT) task includedannotatedChinesecorporafor
coreferenceaesolution. Florian et al. (2004) and
Zhou et al. (2005) reportedresearchon Chinese
coreferenceesolution.

A prominentphenomenom Chinesecoreference
resolutionis theprevalenceof zeropronounsA zero
pronoun(ZP) is a gapin a sentencewhich refers
to an entity that suppliesthe necessarynformation
for interpretingthe gap. An anaphoriczero pro-
noun (AZP) is a zero pronounthat corefersto one
or more overt noun phrasespresentin the preced-
ing text. Zeropronounsccurmuchmorefrequently
in Chinesecomparedo English,andposea unique
challengan coreferenceesolutionfor Chinese For
example,Kim (2000)conductedh studyto compare
the useof overt subjectsin English, Chinese,and
otherlanguagesHe foundthatthe useof overt sub-
jectsin Englishis over 96%,while this percentages
only 64%for Chinesejndicatingthatzeropronouns
(lack of overt subjects)aremuchmore prevalentin
Chinese.

Chinesezeropronounshave beenstudiedin lin-
guistics research(Li and Thompson, 1979; Li,
2004),but only a smallbody of prior work in com-
putationallinguistics dealswith Chinesezero pro-
noun identi cation and resolution(Yeh and Chen,
2004; Corverse,2006). To our knowvledge,all pre-
vious researchon zero pronounidenti cation and
resolutionin Chineseuseshand-engineeredilesor
heuristics,and our presentwork is the rst to per
form both identi cation and resolutionof Chinese
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anaphoriczero pronounsusing a machinelearning
approach.

Therestof this paperis organizedasfollows. In
Section2, we give the taskde nition, anddescribe
the corpususedin our evaluationandthe evaluation
metrics. We thengive an overvien of our approach
in Section3. Anaphoriczeropronounidenti cation
andresolutionare presentedn Section4 and5, re-
spectiely. We presentthe experimentalresultsin
Section6 andrelatedwork in Section7, andcon-
cludein Section8.

2 TaskDe nition

2.1 ZeroPronouns

As mentionedin the introduction, a zero pronoun
(ZP) is a gapin a sentencewhich refersto an en-
tity that suppliesthe necessarynformationfor in-
terpretingthegap.A coreferentiakeropronounis a
zeropronounthatcorefergo oneor moreovertnoun
phrasepresenin the sametext.

Justlike a coreferentiahounphrasea coreferen-
tial zeropronouncanalsocoreferto a nounphrase
in the precedingor following text, calledanaphoric
or cataphoricrespectiely. Most coreferentiakzero
pronounsin Chineseare anaphoric. In the corpus
usedin our evaluation,98%of thecoreferentiakero
pronounshave antecedentsHence,for simplicity,
we only consideranaphoriczero pronouns(AZP)
in this work. Thatis, we only attemptto resohe a
coreferentiakzeropronounto nounphrasegpreced-
ing it.

Hereis anexampleof ananaphorizeropronoun
from thePennChineselreeBankCTB) (Xueetal.,
2005)(sentencéD=300):
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The anaphoriczeropronoung, is coreferringto
noun phrasel. The correspondingparsetree is
shavn in Figurel. In CTB, IP refersto a simple
clausethat doesnot have complementizersCPR on
the other hand, refersto a clauseintroducedby a

complementizer

Resolvingan anaphoriczero pronounto its cor
rect antecedenin Chineseis a dif cult task. Al-
thoughgenderandnumberinformationis available
for an overt pronounand has proven to be useful
in pronounresolutionin prior researcha zeropro-
nounin Chineseunlike anovert pronoun,provides
no suchgenderor numberinformation. At thesame
time, identifying zeropronounsn Chinesds alsoa
dif cult task. Thereareonly a few overt pronouns
in English,Chineseandmary otherlanguagesand
state-of-the-arpart-of-speechaggerscan success-
fully recognizemostof theseovert pronounsHow-
ever, zero pronounsin Chinese which are not ex-
plicity marked in a text, are hardto be identi ed.
Furthermoreevenif agapis azeropronoun,t may
not be coreferential. All thesedif culties malke the
identi cation andresolutionof anaphoriczero pro-
nounsin Chinesea challengingask.

2.2 Corpus

We usean annotatedhird-persorpronounandzero
pronouncoreferenceorpusfrom Converse(2006¥.
The corpuscontains205 texts from CTB 3.0, with
annotationsdone directly on the parsetrees. In
thecorpuscoreferentiakeropronounsthird-person
pronounsandnounphrasesareannotatedascoref-
erencechains. If a nounphrasds notin ary coref-
erencechain, it is not annotated.If a coreference
chaindoesnot containary third-persorpronounor
zeropronounthewholechainis notannotated.

A zeropronounis not always coreferentialwith
somenounphrasesin thecorpus,f azeropronoun
is not coreferentiawith ary overt nounphrasesit
is assignedneof the following six cateyories: dis-
coursedeictic (#DD), existential(#EXT), inferrable
(#INFR), ambiguity betweenpossiblereferentsin
the text (#AMB), arbitrary reference(#ARB), and
unknavn (#UNK). For example, in the following
sentencegs refersto aneventin the precedingext,
with no correspondin@ntecedenhounphrase.So
no antecedenis annotated,and ¢3 is labeledas

#DD. ) )
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HongKong famous syndicate CheungKkong

*Thedatasetwe obtaineds a subsebf theoneusedin Con-
verse(2006).
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Figurel: Theparsetreewhich correspondso the anaphorizeropronounexamplein Section2.1.
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Corverse(2006)assumedhatall correctlyidenti-
ed AZPsandthegoldstandargarsereesaregiven
asinputto hersystem.Sheappliedthe Hobbsalgo-
rithm (Hobbs,1978)to resole antecedent$or the
givenAZPs.

In our case,we are only interestedn zero pro-
nounswith explicit nounphrasereferentsif acoref-
erencechaindoesnot containAZPs,we discardthe
chain. We also discardthe 6 occurrence®f zero
pronounswith split antecedents,e.,azeropronoun

Amongthe 205texts in the dataset, texts 1-155
areresened for training, while the remainingtexts
(156-205)are usedfor blind test. The statisticsof
thedatasetareshawvn in Tablel.

Training Test
DocID 1-155 156-205
# Docs 155 50
# Character§ 96,338 15,710
# Words 55,348 9,183
#ZPs 665 87
#AZPs 343 40

Tablel: Statisticsof trainingandtestdatasets.

2.3 Evaluation Metrics

Asin previouswork on pronourresolutionwe eval-
uatetheaccurayg in termsof recall,precision andF-
measureTheoverall recallandprecisiononthetest

with an antecedenthat is split into two separate Setarecomputedy micro-averagingover all testin-

noun phrases.A total of 383 AZPs remainin the
datasetusedin our experiments.

stancesTheoverall F-measurés thencomputed.
For AZP identi cation, recall and precisionare



de ned as:
# AZP Hit
l -
Recallazr = a7 B nKey
.. # AZP Hit
Precisionazp =

# AZP in Response

An “AZP Hit” occurswhenan AZP asreportedin
theresponsésystenoutput)hasacounterparin the
samepositionin the gold standardanswelkey.

For AZP resolution,recall and precisionare de-
ned as:

Recall _ #ResolHit
Resol = 4 AZPin Key
. # ResolHit
Precistongesol =

# AZP in Response

A “ResolHit” occurswvhenanAZP is correctlyiden-
tied, andit is correctlyresolhed to a nounphrase
thatis in the samecoreferencehainasprovidedin
theanswerkey.

3 Overview of Our Approach

In this sectionwe give anoverview of ourapproach
for ChineseAZP identi cation andresolution.

Typically, the input raw texts needto be pro-
cessedby a Chineseword seggmentey a part-of-
speech{POS)tagger anda parsersequentially Al-
thoughour approactcanapplydirectly to machine-
generategbarsetreesfrom raw text, in orderto min-
imize errorsintroducedby preprocessingandfocus
mainly on Chinesezeropronounresolution,we use
thegold standardvord segmentationPOStags,and
parsetreesprovided by CTB. However, we remove
all null cateyoriesandfunctionaltagsfrom theCTB
gold standardparsetrees. Figure 1 shavs a parse
treeaftersuchremoval.

A setof zeropronouncandidatesndasetof noun
phrasecandidatearethenextracted.If W istheleft-
mostword in the word sequencé¢hatis spannedy
someVP node,thegapG thatis immediatelyto the
left of W quali es asa ZP candidate For example,
in Figurel, gapsimmediatelyto theleft of thetwo
occurrencesf %E, and .3 ,b areall ZP
candidatesAll nounphrase$ thatare eithermaxi-

mal NPsor modi er NPsqualify asNP candidates.

“A nounphrasecaneitherbe NP or QPin CTB. We simply
useNP hereafter

For example,in Figurel, NPy, NPy, NP3, NP5, and
NPs areall NP candidates.With theseZP and NP
candidateextractions therecallsof ZPsandNPsare
100%and98.6%,respectiely.

After the ZP and NP candidatesre determined,
we perform AZP identi cation and resolutionin a
sequentialmanner We build two classi ers, the
AZP identi cation classi er andthe AZP resolution
classi er. The AZP identi cation classi er deter
minesthe positionof AZPs, while the AZP resolu-
tion classi er nds an antecedenhoun phrasefor
eachAZP identi ed by the AZP identi cation clas-
si er. Bothclassi ersarebuilt usingmachindearn-
ing techniques.The featuresof both classi ersare
largely syntacticfeaturesbasedon parsetreesand
areeasilycomputed.

We perform 5-fold crossvalidationon the train-
ing datasetto tuneparametergandto pick the best
model. We thenretrainthe bestmodelwith all data
in thetraining dataset,andapplyit to the blind test
set.In thefollowing sectionsall accuracieseported
onthetrainingdatasetarebasedn 5-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 the ZP candidate.
Let W; andW,. bethewordsimmediatelyto theleft
andto theright of Z, respectiely, P the parsetree
nodethatis thelowestcommonancestonodeof ;
andW,., P, and P, thechild nodesof P thatarean-
cestomodesof W; andW,., respectiely. If Z isthe
rst gapof the sentencelV;, P, P, and P, areall
NA. Furthermorelet V' be the highestVP nodein
the parsetreethatis immediatelyto the right of 7,
i.e., the leftmostword in the word sequencehatis
spannedy V is W,.. If Z is notthe rst gapin the
sentencede ne the ceiling nodeC to be P, other
wise to be the root node of the parsetree. In the
exampleshavn in Figurel, for the ZP candidatep,
(which is immediatelyto the left of 3 ), W;, W,
P, P, P, V,andC are “, 7, 3, IPy, IPy, IP3,
VP3, andIPy, respectiely. Its featurevaluesarealso
shavn in Table2.

To train an AZP identi cation classi er, we gen-



elseF.

Feature Description o9
First Gap If Z isthe rst gapin thesentenceT; elseF. F
P, Is.NP If Z isthe rst gapin the sentencelNA; otherwisejf P; isanNP node,| F

T; elseF.
P,._Is.VP If Zisthe rst gapin thesentencelNA; otherwisejf P, isaVP node,T; | F

P, IsNP & P,._Is.VP

If Z isthe rst gapin the sentenceNA; otherwise,f P; isanNP node| F
andP, isaVP node,T; elseF.

P_Is VP If Z isthe rst gapin thesentencelNA; otherwisejf PisaVP node,T; | F
elseF.
IP-VP If in the pathfrom W,. to C, thereis a VP nodesuchthatits parentnode | T
isanlIP node,T; elseF.
Has AncestorNP If V hasanNP nodeasancestarT, elseF. T
Has AncestorVP If V hasaVP nodeasancestqrT; elseF. F
Has AncestorCP If V hasaCPnodeasancestarT, elseF. T
Left. Comma If Zisthe rst gap,NA; otherwisef W; isacomma,T; elseF. T
SubjectRole If thegrammaticatole of Z is subject,S; elseX. X
Clause If V isin amatrixclauseanindependentlauseasubordinatelausepr | |
noneof theabove, thevalueis M, 1, S, X, respectrely.
Is_In_Headline If Z isintheheadlineof thetext, T; elseF. F

Table2: Featuredor anaphoriczeropronounidenti cation. The featurevaluesof ¢, areshavn in the last

column.

eratetraining examplesfrom the training dataset.
All ZP candidatesn the training datasetgenerate
training examples. Whethera training exampleis
positive or negative depend®nwhetherthe ZP can-
didateis anAZP.

After generatingall training examples,we train
an AZP identi cation classi er usingthe J48deci-
siontreelearningalgorithmin Wek&. During test-
ing, eachZP candidates presentedo the learned
classi erto determinavhetheiit isanAZP. We con-
ductexperimentgo measurghe performancef the
modellearned.Theresultsof 5-fold crossvalidation
onthetrainingdatasetareshavn in Table3.

Model R P F
Heuristic 99.7 150 26.1
AZP ldent 19.8 51.1 28.6

AZPIdent(r = 8) | 59.8 44.3 50.9

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

We useheuristicrules as a baselinefor compar

Shtt p: // www. cs. wai kat 0. ac. nz/ m / weka/

ison. The rulesusedby the heuristicmodelare as
follows. For anodeT in the parsetree, if

1. T'isaVP node;and
2. T'sparentnodeis nota VP node;and

3. T hasnolleft sibling, or its left siblingis notan
NP node,

thenthe gapthat is immediatelyto the left of the

wordsequencspannedby 7' is anAZP. Thissimple

AZP identi cation heuristicachiezesan F-measure
of 26.1%.

Imbalanced Training Data

From Table 3, one can seethat the F-measure
of the machine-learnedZP identi cation modelis
28.6%, which is only slightly higherthanbaseline
heuristicmodel. It hasa relatvely high precision,
but much lower recall. The problem lies in the
highly imbalancechumberof positve and negative
training examples. Among all the 155 texts in the
training set, thereare 343 positve and10,098ne3-
ative training examples. The ratio » of the number



of negative training examplesto the numberof pos-
itive training examplesis 29.4. A classi er trained
on suchhighly imbalancedraining examplestends
to predictmoretestingexamplesasnegative exam-
ples.Thisexplainswhy theprecisionis high, but the
recallis low.

To overcomethis problem,we vary r by varying
the weight of the positive training exampleswhich
is equivalentto samplingmore positve training ex-
amples. The valuesof r that we have tried are
1,2,3,...,29 Thelargerthevalueof r, the higher
the precision,and the lower the recall. By tuning
r, we get a balancebetweenprecisionand recall,
and hencean optimal F-measure.Figure 2 shavs
the effect of tuning r on AZP identi cation. When
r = 8, the optimal F-measuras 50.9%, which is
muchhigherthanthe F-measurevithouttuningr.
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Figure2: Effectof tuningr on AZP identi cation

Ng and Cardie(2002a)reportedthat the accura-
ciesof theirnounphraseanaphoricitydetermination
classi er were86.1%and84.0%for theMUCG6 and
MUCY7 datasetsrespectiely. Nounphraseprovide
muchfruitful informationfor anaphoricityidenti -
cation. However, useful information suchas gen-
der, number lexical string, etc, is not availablein
thecaseof zeropronouns.ThismakesAZP identi -
cationamuchmoredif cult task,andhencet hasa
relatively low accurag.

5 Anaphoric Zero Pronoun Resolution

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

Thefeaturesaredescribedn Table4.

In thefeaturedescription Z is theanaphorizero
pronounthatis underconsiderationand A is thepo-
tentiaINP antecederfor Z. V isthesameasin AZP
identi cation. Thefeaturevaluesof thepairNP; and
oo (thegapimmediatelyto theleft of 3 ) in Figure
1 areshavn in Table4.

Totrainthe AZP resolutionclassi er, we generate
training examplesin thefollowing way. An AZP Z
andits immediatelyprecedingcoreferentiaNP an-
tecedentd in the gold standardcoreferencechain
form apositive trainingexample.BetweenAd and Z,
thereareotherNP candidatesEachoneof theseNP
candidategpgethemwith Z, form anegativetraining
example. This s similar to the approactadoptedn
Soonetal. (2001).We alsotrainthe AZP resolution
classi er usingthe J48 decisiontree learningalgo-
rithm.

After building bothAZP identi cation andresolu-
tion classi ers, we perform AZP identi cation and
resolutionin a sequentialnanner For a ZP candi-
dateZ, the AZP identi cation classi er determines
whetherZ is an AZP. If it is an AZP, all NP can-
didatesthatareto theleft of Z in textual orderare
consideredispotentialantecedentsThesepotential
antecedentare testedfrom right to left. We start
from the NP candidated; thatis immediatelyto the
left of Z. A; andZ form apair. If the pairis classi-
ed aspositive by theresolutionclassi er, A, is the
antecedentor Z. If it is classi ed asnegative, we
proceedo the NP candidated, thatis immediately
totheleft of A;, andtestagain.Theprocesgontin-
uesuntil we nd anantecedenfior Z, or thereis no
moreNP candidatdo test.

Thisright-to-left searchattemptg¢o nd theclos-
estcorrectantecedenfior an AZP. We do notchoose
the best- rst searchstratgy proposedby Ng and
Cardie(2002b). This is becauseave generatdrain-
ing examplesand build the resolutionclassi er by
pairingeachzeropronounwith its closestpreceding
antecedentln addition,a zeropronounis typically
nottoo faraway from its antecedentin our dataset,
92.6%o0f the AZPshave antecedentthatareatmost
2 sentencespart. Our experimentshaws that this
closest- rst stratgy performsbetterthan the best-

rst stratgy for ChineseAZP resolution.

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



Feature | Description | NPy-¢
FeaturedbetweenZ and A
Dist. Sentence If Z and A arein the samesentence; if they are one sentence| 0
apart,1; andsoon.
Dist. Sggment If Z and A arein the samesegment (where a sgmentis a se- 1
guenceof words separatedy punctuationmarksincluding “, ”,
“ime o 1 andt ?7), 0;if they areonesegmentapart,1; and
soon.
Sibling NP_VP If Z and A arein differentsentencest; Otherwise,if both A and F
Z arechild nodesof theroot node,andthey aresiblings(or at most
separatethy onecomma),T; elseF.
ClosestNP If Aistheclosestpreceding\NP candidatdo Z, T; elseF. T
Featuremn A
A_HasAnc_NP If A hasanancestoNP node,T; elseF. F
A_HasAnc_NP.n_IP | If A hasanancestoNP nodewhich is a descendandf A's lowest F
ancestotP node,T; elseF.
A_HasAnc_VP If A hasanancestolP node,T; elseF. F
A_HasAnc_ VP_n_IP | If A hasanancestoNP nodewhich is a descendandf A's lowest F
ancestotP node,T; elseF.
A_HasAnc_CP If A hasanancestoCPnode,T; elseF. F
A_GrammaticalRole | If thegrammaticalole of A is subjectobject,or othersthevalueis S
S, 0, or X, respectiely.
A_Clause If A is in a matrix clause,an independentlause,a subordinate M
clausepr noneof theabore, thevalueis M, |, S, X, respecitiely.
A_Is_.ADV If AisanadwerbialNP, T; elseF. F
A_Is_.TMP If AisatemporalNP, T; elseF. F
A_ls_Pronoun If Aisapronoun,T; elseF. F
A_Is_.NE If Aisanamedentity, T; elseF. F
A_In_Headline If Aisintheheadlineof thetext, T; elseF. F
Featuremn 7
Z_HasAnc_NP If V hasanancestoNP node,T; elseF. T
Z_HasAnc_NP_n_IP | If V hasanancestolNP nodewhich is a descendandf V's lowest F
ancestotP node,T; elseF.
Z_HasAnc_VP If V hasanancestoiVP node,T; elseF. F
Z_HasAnc_VP_In_IP | If V hasanancestoP nodewhich is a descendandf V's lowest F
ancestotP node,T; elseF.
Z_HasAnc_CP If V hasanancestolCPnode,T; elseF. T
Z_GrammaticalRole | If thegrammaticatole of Z is subject,S; elseX. X
Z_Clause If V is in a matrix clause,an independentlause,a subordinate I
clausepr noneof theabore, thevalueis M, |, S, X, respectiely.
Z_Is_First ZP If Z isthe rst ZP candidaten thesentenceT; elseF. F
Z_ls_LastZP If Z isthelastZP candidaten thesentenceT; elseF. F
Z_In_Headline If Z isintheheadlineof thetext, T; elseF. F

Table4: Featuredor anaphoriczero pronounresolution. The featurevaluesof the pair NP, and ¢, are
shavn in thelastcolumn.




parisonwe shav threebaselinesystemsin all three
baselinesystemswe donotperformAZP identi ca-
tion, but directly applythe AZP resolutionclassi er.
In the rst baseline,we apply the AZP resolution
classi er on all ZP candidatesIn the secondbase-
line, we apply the classi er only on ZPsannotated

in the gold standard,nsteadof all ZP candidates.

In thethird baselinewe furtherrestrictit to resohe
only AZPs. The F-measuresf the threebaselines
are2.5%,27.6%,and40.6%respectiely.

Model R P F
All ZP Candidates | 405 1.3 25
GoldzP 405 20.9 27.6
GoldAZP 40.5 40.6 40.6
AZP Ident(r=8¢=0.5) | 23.6 17.5 20.1
AZP ldent(r=11¢=0.6) | 22.4 20.3 21.3

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

Tuning of Parameters

Ng (2004) shaved that an NP anaphoricityiden-
ti cation classier with a cut-of thresholdt =
0.5 prunedaway mary correctanaphoricNPs and
harmedthe overall recall. By varyingt, the overall
resolutionF-measuravasimproved. We adoptthe
sametuningstratgy andaccepta ZP candidate”Z P;
asanAZP andproceedo nd its antecedenonly if
P(ZPF;) > t. Thepossiblevaluesfor ¢ thatwe have
triedare0,0.05,0.1,...,0.95.

In Section4, we shawv thatr = 8 yieldsthe best
AZP identi cation F-measureWhenwe x r = 8
andvaryt, theoverall F-measuréor AZP resolution
isthebestatt = 0.65, asshavnin Figure3. Wethen
try tuning» andt at the sametime. An overall op-
timal F-measuref 21.3%is obtainedwhenr = 11
andt = 0.6. We comparehistunedF-measurevith
the F-measuref 20.1%atr = 8 and¢ = 0.5, ob-
tainedwithout tuningt¢. Althoughtheimprovement
is modestijt is statisticallysigni cant (p < 0.05).

6 Experimental Results

In the previous section,we shav thatwhenr = 11
andt = 0.6, our sequentialAZP identi cation and
resolutionachieresthe bestF-measureinder5-fold
crossvalidation on the 155 training texts. In or-
derto utilize all availabletrainingdata,we generate
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Figure3: Effectof tuningt on AZP resolution

training examplesfor the AZP identi cation classi-
er with » = 11, and generatetraining examples
for the AZP resolutionclassi er, on all 155 train-
ing texts. Both classi ersaretrainedagainwith the
newly generatedraining examples. We thenapply
both classi erswith anaphoricityidenti cation cut-
off thresholdt = 0.6 to the blind testdata. The
resultsareshavn in Table6.

R P F
275 244 259

Table6: Accuracienf AZP resolutionon blind test
data.

By utilizing all availableinformationon the gold
standardparsetrees,Corverse(2006) nds an an-
tecedentor eachAZP giventhatall AZPsarecor
rectly inputto hersystem.Theaccurag of herrule-
basedapproachis 43.0%. For comparisonwe de-
terminethe antecedentfor AZPsin the gold stan-
dardannotationunder5-fold crossvalidationon all
205texts in thecorpus.Therecall, precisionandF-
measurered2.3%,42.7%,and42.5% respectiely.
This shaws thatour proposedmachinelearningap-
proachfor Chinesezeropronounresolutionis com-
parableto herstate-of-the-antule-basedpproach.

7 RelatedWork

Corverse (2006) assumedthat the gold standard
Chineseanaphorizeropronounsandthe gold stan-
dardparsetreesof the texts in PennChineseTree-



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

Yeh and Chen (2004) proposedan approachfor
Chinesezeropronounresolutionbasedon the Cen-
tering Theory (Groszet al., 1995). Their system
useda setof hand-engineeredilesto performzero
pronounidenti cation, andresolhed zero pronouns
with asetof hand-engineereasolutionrules.

In lida et al. (2006), they proposeda ma-
chinelearningapproacho resole zeropronounsn
JapanesasingsyntacticpatternsTheir systemalso
did not performzeropronounidenti cation, andas-
sumedthat correctlyidenti ed zeropronounswere
givenasinputto their system.

Theprobabilisticmodelof Sekietal. (2002)both
identi ed andresoledJapaneseeropronounswith
the help of a verb dictionary Their model needed
large-scalecorporato estimatethe probabilitiesand
to preventdatasparseness.

Feriandez and Peral (2000) proposeda hand-
engineeredule-basedapproacho identify andre-
solve zeropronounghatarein 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 andresolutionautomaticallywith two
sets of easily computablefeatures. Experimen-
tal results shov that our proposedlearning ap-
proachachiezes anaphoriczero pronounresolution
accurag comparabldgo a previous state-of-the-art,
heuristicrule-basedapproach. To our knowvledge,
our work is the rst to performboth identi cation
andresolutionof Chineseanaphoriczeropronouns
usinga machinelearningapproach.

Obviously, thereis muchroomfor improvement.
In future, we plan to apply our model directly on
machine-generatquarserees.We alsoplanto clas-
sify non-coreferentiateropronounsnto thesix cat-
egories.
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