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Abstract

Anaphoraresoluton is one of the most
importantresearchopicsin NaturalLan-
guageProcessing.In English, overt pro-
nouns such as she and definite noun
phrasesuchasthecompanyareanaphors
that refer to preceding entiies (an-
tecedents In Japaneseanaphorsare of-
tenomitted,andtheseomissimsarecalled
zeo pronains Thereare two major ap-
proachedo zeropronoun resoluton: the
heuristc approactandthe machinelearn-
ing approach.Sincewe have to takevar-
ious factorsinto consideratin, it is diffi-
cult to find a goodcombinationof heuris-
tic rules. Therefore,the machinelearn-
ing approachis attractie, but it requires
a large amountof training data. In this
paper we proposea methodthat com-
binesrankingrulesandmachinelearning.
Therankingrulesaresimpleandeffective,
while machindearningcantakemorefac-
torsinto account.From the resultsof our
experimentsthiscombinatiorgivesbetter
performancehaneitherof the two previ-
ousapproaches.

1 Intr oduction

Anaphoraresoluton is animportantresearchopic
in Natural LanguageProcessing. For instance,
machine translaton sysems shoud identfy an-
tecedentsf anaphors(such as he or shg in the
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sourcdanguageo achiese bettertranslationquality
in thetargetlanguage.

We are now studyng open-domairguestionan-
swering systems$, and we expect QA systemsto
benefitfrom anaphoraesolution. Typical QA sys-
temstry to answera users questionby finding rel-
evant phrasedrom large corpora. Whena correct
answerphraseis far from the keywords given in
the queston, the systemswill not succeedn find-
ing the answer If the sysem cancorrectlyresohe
anaphorsjt will find keywords or answersrepre-
sentedby anaphorsandthe chanceof finding the
answerwill increase.From this motivaion, we are
developing our systemtoward the ability to resohe
anaphorsn full-text newspapesarticles.

In Japanesenaphorsreoftenomittedandthese
omissims are calledzeio pronours. Sincethey do
notgive ary hints (e.g.,numberor genderjaboutan-
tecedentsautomaticzeropronounresolutionis dif-
ficult. In this paper we focuson resolving the zero
pronounwhichis shortenedor simplicity to ‘zero!

Most studieson Japanesegeropronourresolution
have not tried to resole zerosin full-text newspa-
per articles. They have discusedsimplesentenses
(Kameyama, 1986; Walker et al., 1994; Yamura-
Takei et al., 2002), dialogues (Yamamotoet al.,
1997),stereotypicaleadsentencesf newspaperr-
ticles (Nakaiwaand Ikehara,1993), intrasentendl
resoluton (Nakaiwaand Ikehara,1996; Eharaand
Kim, 1996)or organizatiornamesn nevspapemr-
ticles(AoneandBennett,1995).

There are two approachego the problem: the
heuristc approachand the machine learning ap-
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proach. The CenteringTheory(Groszet al., 1995)
is important in the heuristic approach. Walker
et al. (1994) propo®d forward centerranking for
Japanese.Kameyama (1986) emphasizedhe im-
portanceof a property-sharirg constaint. Okumura
and Tamura (1996) experimentedon the roles of
conjunctve pospositonsin complex sentences.

However, theseimprovementsare not sufficient
for resolving zeros accurately Murata and Na-
gao(1997)proposeaomplicatecheuristc rulesthat
take various featuresof antecedentand anaphors
into accountWe have to takeevenmorefactorsinto
account,but it is difficult to maintainsuchheuris-
tic rules. Therefore recentstudiesemploymachine
learningapproachesHowever, it is alsodifficult to
preparea sufiicientnumberof annotateaorpora.

In this paper we proposea methodthat com-
binesthesetwo approachesHeuristc rankingrules
give a generalpreference while a machinelearn-
ing methodexcludesinappropria¢ antecedentan-
didates. From the resultsof our experiments,the
proposednethodshaws betterperformancehanei-
therof thetwo approachealone.

Before giving a descriptionof our methodobgy,
we briefly introdwce the grammarof the Japanese
languagehere. A Japanessentencas a sequence
of bunse$ws: bq,....b,. A bunseta is a se-
guenceof contentwords (e.g., nouns, adjecties,
and verbs) followed by zero or more functional
words (e.g., particles and auxiliary verbs): b
Wi,y -y Wh, f1,---, [k A bunsetsunodifiesoneof
thefollowing bunsesus.A particle(joshi) marksthe
grammaticalcaseof the noun phraseimmediately
beforeit. For example,gais nominatve (subject),
wo is accusatie (object),ni is dative (object2),and
wa marksatopic.

Tomuga/ Bokbuni / honwo /okutta.

Tom=subj Bob=object2 book=object sent

(Tom sentabookto Boh)

Bunsetsudependeng is representedby a list of
bunsets pairs (modifier, modified). For inst@ance,
{(1,4),(2,3),(3,4), (4,—1)} indicates that there
arefour bunsetssin this sentenceandthatthefirst
bunsets modifies the fourth bunsets and so on.
Thelastbunsetsunodifiesno bunsets, whichis in-
dicatedby —1.

It takesa long time to constructhigh-qualty an-
notateddata, and we want to compareour results

with corventionalmethods.Therefore we obtained
Seki's data(Sekiet al., 2002a;Seki et al., 2002b),
which are basedon the Kyoto University Corpus’
2.0. Thesedataare dividedinto two groups: gen-
eral andeditorial. Geneal contains30generahews

articles,and editaial contains30 editorialarticles.
According to his experiments,editorial is harder
thangenenl. Perhapshisis causedoy the differ-

encein rhetoricalstylesandthe lengthsof articles.
The averagenumberof sentence aneditorialar

ticle is 28.7,while thatin agenerabhrticleis 13.9.

However, we found problemsin his data. For
instancethe datacontainedambiguos antecedents
like dou-shi(the sameperson)or dou-shathe same
compary) ascorrectantecedentdVe replacedhese
‘correctanswerswith their explicit names We also
removedzerosin quotedsentencebecause¢hey are
quitedifferentfrom othersentences.

In addition, we decidedto use the output of
ChaSen2.2.¢ and CaboCha0.34" insteadof the
morphologcal informatian andthe dependengin-
formationprovidedby theKyoto Corpussinceclas-
sificationof the joshi (particles)in the Corpuswas
not satisfaadry for our purpose. Since CaboCha
wastrainedby Kyoto Corpus3.0,CaboChas depen-
deng outputis very similar to thatof the Corpus.

2 Methodology

In thispaperwe combineheurisic rankingrulesand
machinelearning. First, we describehow we ex-
tract possble antecedentécandidates)Secondwe
describetherule-basedankingsysem andthe ma-
chinelearningsystem.Finally, we describehow to
combinethesetwo methods.

We consiler only anaphorgor nounphrasedol-
lowing Sekiandotherstudes. We assumehatzeros
are alreadydetected.We alsoassumezerosare lo-
catedatthestartingpointof a bunsets thatcontairs
ayougen(averb,anadjectize, or anauxiliary verb).
Fromnow on,we use'verb’ insteadof ‘yougen’ for
readability A zeo’sbunsetsus abunsetsuhatcon-
tainsthe zero. We further assumehat eachzero’s
grammaticalcaseis alreadydeterminedby a zero
detectorandrepresentetly correspondig particles.

2http://pine.kue.kyoto-u.ac.jp/nl-resource/cquus-e.html
3http://chasen.aist-nara.ac.jp/
*http://cl.aist-nara.ac.jp/ taku-ku/software/caha/



If azerois the subjectof a verb, its caseis repre-
sentedoy the particlega. If it is anobject,it is rep-
resentecy wo. If it is anobject2,it is represented
by ni. We consideronly thesethreecasesA zeo’s
particle meanssuchaparticle.

Sincecomple sentencearehardto analyzegach
sentenceés automatical} split at conjunctive post-
posiions (setsuzokiosh) (Okumuraand Tamura,
1996;EharaandKim, 1996).In orderto distinguish
the original complex sentenceandthe simplersen-
tencesafterthe split, we call theformerjusta ‘sen-
tencé andthelatter‘ post-spli sentencés Whena
conjunctve postp@itionappearsn arelative clause,
we do not split the sentencet that positon. In the
examplesbelaw, we split the first sentencet ‘and’
but do not split the secondsentencet ‘and’.

Sheboughtthe bookandsoldit to him.
Sheboughtthe bookthathe wroteandsold.

A ze's sentencas the (original) sentencehat
containghe zero. Fromnow on, z standdor a zero
and ¢ standgfor a candidateof z's antecedent.z’s
particleis denotedZP, and CP standsfor ¢’s next
wordthatis ¢’'s particleor a punctuatio symbol.

2.1 Enumeration of possibleantecedents

Candidateqpossille antecedents@are enumerated
onthefly by usingthefollowing method.

1. We extract a content word sequence
w1, ..., wp as a candidatec if it is fol-
lowed by a casemarker (kaku-joshj e.g., ga,
wo), atopic marker(wa or mo), or aperiod.

2. If ¢’s wy is a verb, an adjective, an auxi-
lary verb, an adwerb, or a relative pronoun
(ChaSers meishihijirit su, e.g., koto (whathe
did) and toki (when she married)), c is ex-
cluded. (If wy, is a closng quotaton mark,
wp,_1 is checkednstead.)

3. If ¢’swy, is a pronounor anadwerbial noun(a
nounthat canalsobe usedasan adwerb, i.e.,
ChaSers meishi-fukusi-kanoy), c is excluded.

4. If ¢ is dou-shi(the person),it is replacedby
the latestpersonname. If ¢ is dou-sha(the
compan), it is replacedby the latestorgani-
zationname. If ¢ is doutsufix, it is replaced
by thelatestcandidatehathasthe samesuffix.

For thistask,we usea namedentity recognizer
(IsozakiandKazawa, 2002).

The first step extractsa contentword sequence
from a bunsetsu The secondstep excludesverb
phrasesadjective phrasesand clauses. As a re-
sult,we obtan only nounphrasesThethird stepex-
cludesad\erbialexpressionsike kotosi (thisyear).
The forth stepresolesanaphordike definitenoun
phrasesin Englih. We should also resohe pro-
nouns,but we did not becauseaisefulpronouns are
rarein newvspapea@rticles.

In addition we registeraresohed zeroasa nev
candidate.lf z's antecedenis determinedo bec,,
anew candidate’, is createdor futurezeros.c/, is
acopyof ¢, exceptthatc/,’s particleis ZP andc,’s
locationis z’s location In thetraining phaseof the
machinelearningapproach we considera correct
answerasc,. Then,we canremove far candidates
from thelist.

In this way, our zeroresoler createsa ‘general
purpose’candidatdist. However, someof the can-
didatesare inappropiate for certainzeros. A verb
usuallydoesnothave thesameentity in two or more
cases(Murata and Nagao,1997). Therefore,our
resoler excludescandidateshatarefilled in other
casesof the verh  Whena verb hastwo or more
zeros,we resohe ga first, andits bestcandidates
excludedfrom the candidate®f wo or ni.

2.2 Ranking rules

Variousheuristicshave beenreportedin pastlitera-
ture. Here,we usethefollowing heuristics.

1. Forward centerranking (Walker et al., 1994):
(topic > empathy> subject> object2> object
> others).

2. Property-sharingkameyama 1986): If azero
isthesubgctof averb,itsantecederis perhaps
asubjectin theantecedens'sentencelf azero
is anobject,its antecederis perhapsanobject.

3. Semantic constraing (Yamura-Bkei et al.,
2002; Yoshino, 200): If a zerois the sub-
ject of ‘eat, its antecedents probablya per
sonor ananimal,andsoon. We useNihong
Goi Taikei (Ikeharaet al., 1997), which has
14,730English-to-Japanegeanslatio patterns



for 6,103verbs,to checkthe acceptabilityof a
candidate.Goi Taikei alsohas300,000words
in about3,000semanticcateories. (SeeAp-
pendixA for details)

4. Demotion of candidatesn a relatve clause
(rentaishuusbkusets): Usually, Japanesee-
ros do not refer to noun phrasesin relative
clausegEharaandKim, 1996).(SeeAppendk
B for details.)

Since sentencesn newspaperarticles are often
complex andrelative clausesare sometimesested,
werefinethisrule in thefollowing way.

e A candidde’s relativeclauseis theinmostrel-
ative clausethatcontainghe candidate.

e A relative clausefinishesat the nounmodified
by theclause.

o If z appeardeforethefinishingnounof ¢’srel-
ative clause,the clauseis still unfinshedat z.
Otherwisetheclauseis alreadyfinished

e A quoted clause (with or withou quotatiom
marks" ") indicatedby a quotaton marker‘to’
(‘that’ in ‘He saidthatsheis ...") is alsore-
gardedasarelative clause.

o We demotec afterc¢’srelative clausefinishes.

It is not clearhow to combinethe abore heuris-
tics consisently. Here, we sort the candidatesn
a lexicographicalorder basedon the above fea-
tures of candidates. For instarce, we can use
a lexicographeally increasing order defined by
(Vi, Re, Ag, Di, Sa), where

e Vi (for violation) is 1 if the candidateviolates
thesemantiaconstraifh OtherwiseVi is 0.

e Re (for relative)is 1 if thecandidates in arel-
ative clausethathasalreadyfinishedbeforez.
OtherwiseReis0.

e Ag (for agreementjs Oif CP=ZP holds (Since
most of wa and mo are subjects,they are re-
gardedasgahere.)Otherwi®, Ag is 1.

¢ Di (for distance)s a non-n@atie integer that
representghe numberof post-glit sentences
betweenc and z. If a candidates Di is larger
thanmaxDi it is removed from the candidate
list.

e Sa(for saliencejs0if CPiswa Sais1if CP
isga Sais2if CPisni. Sais 3if CP iswo.
Otherwise Sais 4. We did notimplementem-
pathybecausé& makegshe programmorecom-
plex, andempathyerbsarerarein nevspaper
articles.

For instance0,0,0,2,1) < (1,0,0,0, 0) holds.
Thefirst ranked(lexicographicallysmallest)candi-
dateis regardedasthe bestcandidate.We employ
lexicographicalorderingbecausdt seemghe sim-
plest way to rank candidates. We put Vi in the
first placebecause/i wasoftenregardedasa con-
straintin the past literature. We put Ag before
Sa becauseKameyamas methodwas better than
Walker’s in Okumuraand Tamura(1996). There-
fore, (Vi,..,Aq,..,Sa,..) is expectedto be a good
ordering.Theabove orderingis aninstanceof this.

2.3 Machine Learning

Although we can considervarious other features
for zero pronounresolutian, it is difficult to com-
bine thesefeaturesconsisterly. Therefore, we
use machinelearning. SupportVector Machines
(SVMs) have shavn good performancen various
tasksin Natural LanguageProcessingKudo and
Matsumoto,2001; Isozakiand Kazava, 2002; Hi-
raoetal.,2002).

Yoshino(2001)andlida etal.(2003b)lsoapplied
SVM to Japaneseero pronounresoluion, but the
usefulnes®f eachfeaturewasnot clear Here,we
addfeaturedor complex sentenceandanalyzeuse-
ful featuresby examining the weightsof features.
We usethefollowing featuref ¢ aswell asCP.

CSem c’ssemanticateyories.(SeeAppendx A.)

CPPOS CP's part-of-speechPOS) tags (rough
anddetailed).

CPOS ThePOStagsof thelastword of c.

Siblings When CP is wa or mg, it is not clear
whetherc is a subject. However, a verbrarely has
thesameentityin two or morecasesThereforejf ¢
modifiesa verbthathasa subject is nota subject.
In thenext example,honis anobjectof katta

Ano/ honwa /Tomuga/katta.
that book=topic Tom=subj boudt

(As for thatbook, Tom boudtit.)



In orderto learnsuchthings we usesibling case-
markershatmodify thesameverbasc’sfeatures.

We alsousethefollowing featuresof = aswell as
ZP.

Conjunct The latest conjunctive posposition in
the sentenceand its classification(Okumuraand
Tamura,1996;Yoshimoto 1986).

ZSem Semanticategoriesof theverbthatz mod-
ifies. We usethem only when the verb is sahen
meishi+ ‘suru! Sahemmeishiis a kind of nounthat
canbeanobjectof theverb*suru (do) (e.g.,'shop-
ping’ in ‘do theshoppng’).

We alsousethefollowing relationsbetweer: and
c aswell asAg, Vi, andDi.

Relative Whetherc isin arelative clause.

Unfinished Whetherthe relative clauseis unfin-
ishedat z.

Intra  (for intrasentetial coreference)Whetherc
explicitly appearsn z's sentence.

Sometimest is difficult to distinguishcataphora
from anaphora.Evenif anantecedenappearsn a
precedingsentenceit is sometimeseasierto find a
candidateafter z, asillustratedby the caseof ‘his’
in thenext Engish example.

Bob andJohnseparatelylrove to Charlie's
house.... Sincehis carbrokedown, Johnmadea
phonecall.

Evenif Di = 0 holds, Intra doesnot necessarily
hold becausewe introdwce resohed zerosas new
candidaites

Parallel Whetherc appearsn a clauseparallelto
aclausen whichazeroappearsThiswill beuseful
for the resolutionof a zeroaswith ‘it’ in the next
Englishsentence.

He turnedonthe TV setandsheturnedit off.

Immediate Whetherc's bunsetsuappeardmme-
diatelybeforez’s. In thefollowing sentencea can-
didateryoushinis locatedimmediatelybefore the
zero.

Kare no/ryoushinwa/

he+s  parents=topic

(z ga) ikiteiru to/ shinjiteiru.

(z=subj) alive+that believe

(His parentdelieve that(z) is still alive.)

Here,we represenall of the above featuresby a
booleanvalue: 0 or 1. Semanticcateyoriescanbe
representedby a 0/1 vectorwhosei-th component
correspondso thei-th semanticategory. Similarly,
POStagscanberepresentethy a 0/1 vectorwhose
i-th componentorrespondso thei-th POStag. On
the otherhand,Di hasa non-ngative integervalue.
We alsoencodethe distanceby a 0/1 vectorwhose
i-th componentorrespondso thefact thatthe dis-
tanceis ;. Thedistancehasanupperbourd maxDi

In this way, we can representa candidateby a
boolearfeaturevector A candidate:;’s featurevec-
tor is denotedr;. If a booleanfeatureappearonly
oncein the given data,we remove the featurefrom
thefeaturevectors.

The training data comprise the set of pairs
{(yi, xi)}, wherey; is 1 if ¢; is a correctantecedent
of azero. Otherwisey; is —1. By usingthetrain-
ing data, SVM finds a decisio function g(x) =
Y vioi K (x, z;) + b, wherex is the featurevector
of acandidate: andz;saresupportvectorsselected
from thetrainingdata. «; is a constant K (-, -) is
calleda kernelfunction If g(x) > 0 holds,z is
classifiedasacorrectantecedent.

2.4 Combinations

Here, we usethe following methodto combinethe
orderingandSVM.

1. Sortcandidate®y usirg thelexicographicabr-
der

2. Classifyeachcandidateby usingSVM in this
order

3. If g(«;) is positve, stopthereandsorttheeval-
uatedcandidate®y g(x;) in decreasingrder

4. If no candidatesatisfiesg(x;) > 0, returnthe
bestcandidatén termsof g(x;).

3 Results

We conductedeave-one(-article)-ouexperiments.
For eacharticle, 29 other articles were used for
training Table 1 compareghe scoresof the above
methods. ‘First’ picks up the first candidategiven
by a givenlexicographicalordering. The acrorym
‘vrads’ standsfor the lexicographcal ordering of
(Vi,Re, Ag, Di, Sa). ‘Best’ picks up the bestcan-
didatein termsof g(x) withou checkingwhetherit



Tablel: Percentagef correctlyresohedzeros

x = Thecombinatonis worsethan‘first’ or ‘best!
a = (Sekietal., 2002a) b = (Sekietal., 20028

general editorial
first | mem svml svm2]| first | mem svml svm2
best 51.0 56.8 55.9 43.4 451 45.1
vrads| 64.3| 53.0¢ 58.5¢ 66.3 | 45.3|44.0° 45.9 47.3
vards| 64.0| 53.0¢ 58.5¢ 66.0 | 45.9|44.2% 45,9 46.9
rvads| 63.4| 51.0¢ 58.5¢ 66.3 | 44.4| 43.4° 46.1 475
avrds | 62.8| 53.0¢ 58.5¢ 66.0 | 44.2| 44.0¢ 45.9 46.9
vrdsa| 55.9| 53.0¢ 58.5 65.7 |43.4|44.0 45.9 48.6
adsvr| 53.0| 51.0¢ 57.9 62.8 | 43.8| 43.4° 46.3 48.6
dawrs | 39.5/53.0 57.6 625 |34.6|44.2 46.1 50.2
Seki 54.0 50.7 39.8

is posiive. Consequely, it is independenof the
ordering (unlesstwo or more candidateshave the
bestvalue). ‘Svm1’ usesthe ordinary SVM (Vap-
nik, 1995)while ‘svm2’ usesa modified SVM for
unbalancedlata(Morik et al., 1999), which gives
a large penaltyto misclassificatio of a minority (=
posiive) example® In general,svm2acceptsmore
cadidateshansvm1. Accordingto thistable,svm1
is too severe to exclude only bad candidates. We
alsotried the maximumentropymodel® (mem)and
C4.5,butthey werealsotoo severe.

Whenwe use SVM, we have to choosea good
kernelfor betterperformance. Here, we usedthe
linearkernel(K (x, z) = x - z) for SVM becausét
wasbestaccordingto our preliminaryexperiments.
We setmaxDiat 3 becausét gave thebestresults.

Thetablealsoshaws Seki’'s scoresfor reference,
but it is not fair to compareour scoreswith Seki's
scoredirectly becauseur datais slighty different
from Seki's. The numberof zerosin geneal in our
datais 347, while Seki resolhed 355 detectedze-
rosin (Sekiet al., 2002a)and 404 in (Sekiet al.,
2002b). The numberof zerosin our editorial is
514,while (Sekietal., 2002ayesolhed498detected

zeros. In order to overcomethe data sparseness,

°An ordinary SVM minimizes ||lw||*/2 + C ", & while
the modified SVM minimizes [lw(|®/2 + C+ 37, _ & +
C_ Zi:yi:_l & whereC /C_ = numberof negative exam-
ples/numbeof posti ve examples

Sekiusedunanntatedarticlesto getco-occurrence
statigics. Without the data, their scoresdegraded
about5 points. We have not conductedxperiments
thatuseunanntatedcorpora;this taskis our future
work.

As we expectedjnstance®f (Vi, .., Ag, .., S, ..)
shov good performance. Without SVMs, ‘vrads’
is the bestfor geneal in the table. It is interest-
ing that sucha simple orderinggivesbetterperfor
mancethan SVMs. However, the combinatio of
‘vrads’ and‘svm2’ (= vrads+sm?2) giveseven bet-
terresults.In general, z+svm?2’is betterthan‘first’
and‘z+svml. With SVM, ‘davrs+svm?2’gave the
bestresult for editorid. Editorial articles some-
timesuseanthroponorphism(e.g., Thereportsays
...) thatviolatessemanticconstraits. Therefore,
‘vrads’ doesnotwork well for suchcases.

Table 2 shawvs the weighs of the above features
determinedby svm2 for a fold of the leave-one-
out experimentof ‘vrads+svm2. The weightscan
be given by rewriting g(z[1],...,z[d]) as wq +
>°9-; wlj]z[5]. This tableshavs thatKameyama's
property-sharig (Ag), semantioviolation(Vi), can-
didates particle (CP), and distance(Di) are very
importantfeatures. Our new featuresPardlel, Un-
finished, and Intra also obtainedrelatively large
weights Semanticcatgories'suggesions’ and're-
port’ reflectthe fact that somearticlesuseanthro-
pomorphisn. Theseweightswill be usefulto de-

Shttp:/mww2.crl.go.jp/ita12/members/mutiyama/software Signbetterheuriste rules. ThefactthatUnfinisheds

html

weightalmostcancelRelatve’'sweightjustifiesthe



Table2: Weightsof features

general editorial
+1.22 Ag=0 +0.76 Ag=0
+0.46 ZP=ni +0.52 Parallel
+0.39 concreteCSem | +0.45 Di=0
+0.37 CP=ga +0.38 Intra
+0.37 Intra +0.36 CP=ga
40.34 agentsCSem | +0.33 suggstioncCSem
+0.33 CP=wa +0.33 reporeCSem
+0.23 Di=0 +0.32 agentgCSem
+0.09 Parallel +0.24 concreteCSem
+0.06 Unfinished | 4+-0.24 Unfinished
—0.07 Relatve +0.24 CP=wa
—0.21 CP=mo —0.20 CPPOS=‘casmarker
—0.23 CP=no —0.23 Relative
—0.32 ZP=wo —0.40 CP=no
—0.37 Di=3 —0.49 Di=3
—0.69 Vi=1 —0.59 Vi=1

definitionof Re.

4 Discussion

Yoshiro (2001) used an ordinary SVM with
K(z,y) = (1 + x -y)3. He tried to find use-
ful featuresby featureeliminaton. Sincefeatures
are not completelyindependentremaoving a heas-
ily weightedeaturedoesnotnecessarilgegradethe
systemé performanceHence featureelimination is
more reliable for reducingthe numberof features.
However, featureeliminaton takesa longtime. On
theotherhand featureweighs cangive roughguid-
ance.Accordingto thetable,our new featureqPar-
allel, Unfinished andintra) obtainedelatively large
weights This implies theirimportance. Whenwe
eliminatedthesethreefeaturesyrads+svmz score
for editorialdroppedby 4 poinss. Thereforecombi-
nationsof thesethreefeaturesareuseful.

Recently lida et al. (2003a)propogd an SVM-
basedtournamenimodel that compareswo candi-
datesand selectsthe betterone. We would like to
compareor combinetheir methodwith our method.
For furtherimprovement,we have to makethe mor-
pholodcal analyzerand the dependenc analyzer
more reliable becausethey make mary mistakes
whenthey processomplex sentences.

SVM hasoftenbeencriticized asbeingtoo slow.
However, the above dataweresmallenoughfor the
state-of-the-ar6VM programs.The numberof ex-
amplesn eachsetof trainingdatawasabout5,000—
6,100,andeachtraining phasetook only 5-18sec-
ondson a 2.4-GHzPentium4 machine.

5 Conclusions

In order to make Japaneseero pronoun resolu-
tion morereliable,we have to maintaincomplicated
heuristc rulesor preparea large amountof training

data. In orderto alleviate this problem, we com-
bined simplelexicograplical orderingsand SVMs.

It turnedout thata simplelexicographicalordering
performedbetterthan SVM, but their combinatio

gave evenbetterperformanceBy examiningfeature
weights we found that featuresfor complex sen-
tencesareimportantin zeropronoun resolution. We

confirmedthis by featureeliminatian.
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Appendix A: Semanticconstraint check

Onewordmaybelongto two or moresemanticate-
gories,andeachsemanticateyory hassuperclasses
(e.g., ‘father’ hasthe superclassparent’). There-
fore, we keepall of thesecateyoriesand their su-
perclassed a cateyory list for the candidatelf the
candidatds not registeredin Goi Taikeiandcanbe
decomposeihto shorterwords,we usethe seman-
tic catgyoriesof thelastcandidatevord becaus¢he
lastwordis usuallythe headword.

Furthermore,we use namedentity recogniton.
Whenthe candidatecontainsa personname,an or-
ganizatim name,or a locationname,a correspond-
ing semanticategyory is addedo thelist.

A verbmayhave two or moretranslatiom patterns.
Here,we usedisjurction of the constrains. For in-
stancethe verb ‘yomu (to read)hasthreetransla-
tion patterns Thefirst andsecondpatterns’'subpcts
arerestrictedo AGENT, andthethird patternssub-
jectis restrictedto PEOPLE.Therefore the subject
of yomuis acceptedf andonly if it is AGENT or
PEOPLE.

Appendix B: Relative clauseanalysis

We have to be careful aboutparallel structuresfor

thisanalysis Accordingto CaboChaKare gain the
next examplemodifiesa verb katte which modifies
anotherverb karita. However, katteis containedn

aclausehatmodifiesthenounhon

Kare ga/ katte/kanojoga/ karita /
he=sup bought she=subj borroved

honwa /omoshioi.
book=tojic interesting

(Thebookthathe bough andsheborrovedis
interesting

Theparticleno (= “ s” in English) directly modi-
fiesanoun For instance,Taroin Taronohon(Taro’s
book)is a bookthat Taro wrote or a bookthat Taro
has.Fromthis pointof view, we alsomarkAin Ano
B (A’s B) asacandidaten arelative clause.



