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Abstract

This study addresses pronominal
anaphoraresolution, including zero
pronouns,in Chinese. A syntactic,
rule-based pronoun resolution algo-

rithm, the “Hobbs algorithm” was run

on “gold standard”hand parsesfrom

thePennChineselreebankWhile first

proposedfor English, the algorithm
counts for its successon two char

acteristics that Chinese and English
have in common. Both languagesare
SVO, and both are fixed word order
languages.No changesvere madeto

adaptthe algorithm to Chinese. The
accurag of the algorithm on overt,

third-person pronouns at the matrix

level was 77.6%, and the accurag for

resolving matrix-level zero pronouns
was 73.3%. In contrast,the accurag

of the algorithm on pronouns that
appearedn subordinateconstructions
wasonly 43.3%,providing supportfor

Miltsakaki's two-mechanismproposal
for resolvinginter vs. intra-sentential
anaphors.

1 Intr oduction

The goal of this studyis pronounresolution,in-
cluding null/zero pronouns,in Chinese. There
hasbeenextensve researcHor mary yearsinto
computationabpproacheso automaticanaphora
resolutionin English, and increasinglyin other
languagesswell (Mitkov, 1999; Mitkov, 2002).

Yet althoughtherehave beencountlesdinguistic
studiesn Chineseonanaphorandzeroanaphora
(for example,(Huang,1984;Huang,1994; Yang
etal., 1999)just to illustratethe range),the pub-
lished computationalwork to dateis limited to
just a few studies(Chen,1992; Yeh and Chen,
2001;YehandChen,2005).

In 1978JerryHobbsproposedinalgorithmfor
the resolutionof pronominalcoreferencen En-
glish (Hobbs,1978). The performanceof this al-
gorithm hasfrequently beenusedas a baseline
referencefor computationamethodsin English.
Themostbasicversionof the Hobbsalgorithmis
subjectbiasedrelying on a basicstratgy of left-
to-right, breadth-firstsearchessubjectto a few
structuralconstraints.

Chinese,like English, is an SVO language.
Chinese has also been regarded as a topic-
commentlanguage.From eitherviewpoint, it is
worth examininghow well theleft-to-right, SVO-
biasedproceswf the Hobbsalgorithmworks for
Chinese,perhapsso it could be usedas a base-
line againstwhichto measur@therautomatedp-
proachego Chineseanaphoraesolution.

While Chineseand Englishareboth SVO lan-
guagesthey differ in anotherimportantparame-
ter: Chineseis a pro-droplanguagewhile stan-
dardEnglishis not. Thusit will be of particular
interestto seehow well the Hobbsalgorithmper
forms when proposingantecedentor zero pro-
nouns.

The Hobbsalgorithm operateson parsedsen-
tences. In orderto evaluateits performanceon
zeropronounsaswell asovert ones,it would be
usefulto havetext thatalreadyhasthelocationsof



thezeropronounsmarked. BecauseéhePennChi-
neseTreebankhasovert stringsto denotethe po-
sitionsof droppedagumentstestsentencesvere
selectedrom thatcorpus.

2 The Corpusand Annotations

Thesourcetexts for this studyaretakenfrom the
first L00K of the CTB 5.0releasef the PennChi-
neseTreebankCTB). The CTB consistsof Xin-
huanews articlesthathave beensggmentedpart-
of-speechaggedandbracletedwith syntactida-
bels and functional tags (Xue et al., 2004}. In
the corpus,zero pronounsare denotedusing the
string“*pr o*”. An exampleis givenin Figurel.
In orderto provide ananswelkey or “gold stan-

dard” againstwhich to test automaticanaphora

resolutionmethodsyve areannotatinghe CTB to
indicatethepronominalcoreferenceelations.All
third-persorpronoungincluding ¥ (his, hersiits,
theirs)and< (he/she/it/thg)), reflexives,demon-
stratves,and*pr o* arebeingannotated.

Only thosecoreferencerelationsthat are be-
tweentheseanaphorsand nominal entitiesare
beingco-indeed, however. Thatis, only NPsthat
denotethe sameentity as the entity referredto
by the anaphorare being co-indexed. Sincenot
every instanceof one of theseanaphorsneces-
sarily refersto a nominal entity, non-coreferring
anaphorsare being taggedwith labelsthat cate-
gorizethemroughly by type.

The catgyoriesare: DD (discourseadeictic) for
anaphorshatreferto propositionor eventsin the
text; EXT (existential) for *pr o* in existential
contts analogougo the English“there is/are”;
INFR (inferrable)to be put on an anaphorthat
refersto aspecificnominalentity whenthatentity
doesnot have anovert NP denotingit in thetext;
AMB (ambiguous)vhenthe interpretationof an
anaphotis ambiguousetweertwo (or more)ref-
erents; and ARB (arbitrary) for anaphorsthat
dont fall into the othercatayories.

Complex NPsaboundn the CTB andpresenga
choicefor the placemenof the indicesand cate-
gory labels.Thedecisionwasmadeto putthein-
dex for acomplex NP referenton the entirecom-
plex NP ratherthanon justthe headof the phrase

*http://www .cis.upenn.edu/thinese

2Linguistsbeware:thisis far moregenerathanthearbi-
traryin “arbitrary PRO”

(P
(ADVP (AD Fl#))
(PU» )
(IP(IP(NP#2SBJ(NP (NP (DP (DT £))
(NP (NN Ely)
(NP (NN )
(NN 2-4)))
(NP (NN A)
(NN #22)))
(VP (VE #)(AS T)
(NP-OBJ(CP (WHNP-1(-NONE- *OP*))
(IP (NP-SBJ(-NONE- *T*-1))
(VP (ADVP (AD %))
(VP (VA X))
(NP (NN 3&7))))
(PU» )
(IP(NP#2SBJ(-NONE-*pr 0*))
(VP(NP-LOC(QP (CLP (M #4))
(NP (NN #1%)))
(VP(VRD (VV # &) (v )
(IP-OBJ
(NP-SBJ(-NONE- *PRO*))
(VP(WV &)
(LCP-OBJ
(QP(DNP(NP(NP(NP(QRCD *))
(NP (NN E2 1))
(NP (NN L))
(NP (NN CAY))
(DEG %))
(QP(CD B4 1Y)
(LC ZH))))))
(PU-))

At the sametime, therehasbeena comparatrely large in-
creasein the entire country’s monthly rent for public
housingin cities and townships;, with that, in a portion
of the regionsincreasingto accountfor about10% of the
incomeof dualincomefamilies.

Figure 1: Sampleof the annotation and exampleof
annotating high.



(thatis, to annotate'high” in theNP tree).Figure
1 hassuchacase.Theannotatior#2 is placedon
theparentNP-SBJlevel, ratherthanatthelevel of
thehead(NP (NN A)(NN #4)) (monthlyrent).
Thereasoningor this choicewasthatthe full
NP unambiguoushdistinguishesetweendiffer-
ent nominal entities whose NPs have identical
headnouns.Headnounsof complex NPscanal-
waysbealgorithmicallyobtained.

3 The Hobbs Algorithm

The “Hobbs Algorithm” wasoutlinedin a paper
by JerryHobbsin 1978 (Hobbs,1978). The al-
gorithmis shavn in the Appendix. While the al-
gorithmis naive in thatthe stepsproceedmerely
accordingto the structureof the parsetree,there
aretwo meta-leel pointsto considerin the exe-
cution of the steps.First, the algorithmcountson
numberandgendergreementSecondin his pa-
per, Hobbsproposespplying“simple selectional
constraints’to the antecedentthatthe algorithm
proposesandillustratestheir usein the sentence
heusesto explainthe operationof thealgorithm:

“The castlein Camelotremainedthe
residencef theking until 536 whenhe
movedit to London’

Whentrying to resole the pronoun‘it” in this
sentencethealgorithmwouldfirst propose’536”
asthe antecedentBut datescannotmove, soon
selectionabroundsit is ruled out. Thealgorithm
continuesand next proposes'the castle” asthe
antecedent.But castlescannotmove ary more
thandatescan,soselectionatestrictionsrule that
choiceoutaswell. Finally, “the residences pro-
posedanddoesnotfail theselectionatonstraints
(althoughonemight find thatthesé'simple” con-
straintsrequire a fair amountof encodedworld
knowledge).

In the paper Hobbsreporteatheresultsof test-
ing the algorithm on the pronouns*he”, “she”,
“it” 3, and“they”, 300instancesn total (100 con-
secutve pronounseachfrom threedifferentgen-
res).He foundthatthealgorithmaloneworkedin
88.3%0f thecasesandthatthealgorithmplusse-
lectionalrestrictionsresolhed 91.7%o0f the cases

3excluding “it” in time or weatherconstructionsaswell
aspleonasti@anddiscoursaleictic“it”

correctly But of the 300 examples,only 132 ac-
tually had morethanone “plausible” antecedent
nearby When he testedthe algorithm on just
thosel32 cases96 wereresoled by the “naive”
algorithmalone,a successate of 72.7%. When
selectionakestrictionswere addedthe algorithm
correctlyresolhed 12 more,to give 81.8%.

TheHobbsalgorithmwasimplementedo exe-
cuteontheCTB. TheSlabelin theCTB is IP, so
thetwo “markable” nodesfrom the point of view
of the algorithmare IP and NP. Therewere two
typesof NPsthat were excluded, hovever, NP-
TMP andNP-ADV.

No selectionakonstraintsvereappliedin this
experiment. In addition, no genderor number
agreementeaturesvereused.

While the written versionsof Chinesethird-
persormpronoungo have numberandgenderand
demonstraties have number there is no mor
phology on verbsto match. Nor, without extra-
syntacticlexical features aretheregendemark-
ings on nounsor propernames(the titles in this
corpusas a rule do not include genderspecific
honorifics).

Thereis a plural “suffix” (1) on somenouns
denoting human groups, and one can some-
timesgleannumberinformationfrom determiner
phrasesnodifying headnouns,but no extra cod-
ing wasdonehereto do so.

Zero pronouns,of course, provide no clues
aboutgenderor numbey nor do 4 (his, hers,its,
theirs)or Z (he/shelit/thg).

Structurally there are mary sentencesn the
CTB thatconsistof justa sequencef parallelin-
dependentlausesseparatetty commasor semi-
colons.Thesanulti-clausesentenceweretreated
assinglesentencefrom the point of view of the
algorithm.

Theimplementatiorof thealgorithmis onethat
hasa coreof codethatcanrun on eitherthe Penn
TreebankMarcusetal., 1993)or onthe Chinese
Treebank.The only differencesbetweenthe two
executablesrein thetablesfor thepart-of-speech
tagsandthe syntacticphraselabels(e.g.,PN vs.
PRN for pronounsandIP vs. S for clauses)and
in separatdNP head-findingroutines(not usedin
the currentstudy).

Despitethe SVO similarity betweenChinese
and English, we were interestedto seeif there



might be differencesin the succesof the algo-
rithm due to structuraldifferencesbetweenthe
languageshat might requireadaptingits stepsto
Chinese.The mostobvious placeto look wasin
the placementof modifiersrelatve to the head
nounin anNP. Althoughunplannedit turnedout
thatthe policy of annotatingcomplex NPsat the
parentlevel ratherthanat the headnounlevel ac-
tually madethis a mootpoint becausef thetop-
down natureof thetreetraversal. Thatis, because
the algorithmproposesan NP that containsboth
the modifier and the head, differencesbetween
EnglishandChinesdn head-modifiexvord order
doesnot matter

Another placein which the head-modifieror-
deringmight comeinto play is in Step6 of the
algorithm. This is still underinvestigation,since
the stepdid not“fire” in thesetof files usedhere,
and only proposedan antecedenbncewhenthe
algorithmwasrun onthewhole CTB.

4 The Data

As mentionedijn additionto thethird persorpro-
nounsthat Hobbstested the algorithmherewas
runonreflexives,possessies,demonstratie pro-
nouns,andthezeropronoun.

A sampleof 95 files, containinga total of 850
sentenceéincluding headlineshut excluding by-
lines, and excluding the (End) “sentence”at the
endof mostarticles)wasusedor thisexperiment.

In all therewere 479 anaphordn the 95 files.
The distribution of the anaphordor thesefiles is
shavnin Tablel.

Of the anaphorsin the gold standard, 331
(69.1%)wereco-indexedwith antecedentsyhile
117(24.4%)did not coreferwith entitiesdenoted
by NPs and were cateyorized. The remaining
6.5%, 31 anaphors(two overt and 29 *pr 0*),
weremarkedambiguous.

Of theanaphorshatwereco-indexed, justover
half (53.2%, 176 pronouns)were overt. In con-
trast, only 24.8% of the cateyorized pronouns
wereovert,andthesewereusuallydemonstraties
labeled#DD.

5 Results

Theperformancef theHobbsalgorithmonthese
datavariedconsiderablidependingnthesyntac-

tic positionof theanaphgrandlesssoonwhether
theanaphomasovert or not.

Performancevas analyzedseparatelyfor pro-
nounsthatappearedis matrix subjectg(M), pro-
nounsthatappeareassubjectsof parallel,inde-
pendentclausesn multi-clausesentencegM2),
andpronounghatwerefoundin ary kind of sub-
ordinateconstruction(S).

Thecountsfor all anaphorsrelistedin Table2
andthe countsfor third-personpronounsonly in
Table 3. The scoresfor third-personpronouns
only are given in Table4 andfor all coindexed
anaphorsn Table5%.

As shawvn in Table4, theaccurag for matrix-
level, third-persorpronounsvas?77.6%,while for
all pronounsat the matrix level (Table5) the al-
gorithm achieved a respectable’6.3% accuray,
consideringthe factthat not only zeropronouns,
but reflexives, possessis, and demonstraties
areincluded.

This contrastswith 43.2% correct for third-
persorpronounsgn subordinateonstructiongand
43.3%correctfor all subordinate-kel pronouns.

The accurag for matrix level (M) and inde-
pendentclauselevel (M2) combinedwas 75.7%
for third-persormpronounsand71.6%for all pro-
nouns.

Whenresultsarenot broken down by the syn-
tactic positionof the anapharthe performances
lessimpressie, with just 63.2%accurag for just
third-persorpronounsandonly 53.2%correctfor
all anaphorstall syntacticlevels.

Thezeroanaphoraloneshavedthe samepat-
tern, with 73.3% correctat the matrix level and
66.7%correctfor matrixandmatrix2levelscom-
bined (Table 6), but just 42.5% accurag at the
subordinatdevel.

6 Discussion

The differencein performanceof the algorithm
by syntactic level clearly suggeststhat a one-
method-fits-allapproach(at leastin the caseof
a rule-basednethod)to anaphoraesolutionwill
not succeedandthatfurtheranalysisof anaphors
atthenon-matrixlevel is in order

40f the 31 anaphorsnarked AMB,, in only eight cases
(25.8%)did thealgorithmpick anantecedenthatwasoneof
the choicesgivenby theannotatorsAll eightwere*pr o*.



Tablel: Distribution of all anaphors

Indexed AMB Cat, no AMB Total \
count| % count] % [ count] % counts| %
overt 176 | 53.2% 2| 6.5% 29| 24.8% 207 | 43.2%
*pr o* 155 | 46.8% 29 | 93.5% 88| 75.2% 272 | 56.8%
\ | 331[69.1%]| 31| 65% || 117]24.4%| 479] |
Table2: Countsby syntacticlevel for all anaphors
Correct Wrong Cat(incl AMB)
M|IM2] S[M[M2] S|[M]|M2] S| Total
overt | 47 8|45 14 5| 57| 10 2 19 207
*pro* | 11| 17 |48| 4| 10| 65| 15| 21 81 272
\ 58] 25]93[ 18| 15| 122 25| 23| 100] 479

Thesedata are consistentwith the obsera-
tionsmadeby Miltsakakiin her2002paper(Milt-

Table3: Countshy syntactidevel for third-person

sakaki,2002). Taking a main clauseandall its pronouns
. Correct Wrong
dependentlausesasa unit, shefound thatthere
: : M|IM2] S| M[M2] S| Tot.

were different mechanismsneededto account
for (1) topic continuity from unit to unit (inter he 38 4113) 8 1112 76
sentential)and (2) focusingpreferencesvithina | Nethy | 1| 1] 2] 3| 2| 3] 12
unit (intra-sentential). Topic continuity wasbest | she 1 -1 - - - - 1
modeledstructurallybut the semanticsandprag- | she-thg | -| -| -|| -| -| - 0
maticsof verbsandconnectieswere prominent | it 4 3| 4] 2 1| 8 22
within a unit. it-they 1 - - - - 2 3

Sinceintersententialanaphoridinks relateto ‘ ‘ 45 ‘ 38 ‘ 19 H 13 ‘ 4 ‘ 25 H 114‘

topic continuity structural rules work best for

resolution at the matrix level, while anaphors
in subordinateclausesare subjectto the seman-
tic/pragmatic constraintsof the predicatesand

connecties.

In our resultsthe anaphorghatare subjectsof
matrix clausestend to resohe intersententially
(that is, Step4 of the algorithm is the resolv-
ing condition), while the anaphorsin subordi-
nate constructionsare morelikely to have intra-
sententiabntecedentsThatthe strictly structural
version of the Hobbs algorithm used here per
formed betterfor matrix-level anaphorsand did
notdowell atall onanaphorsn subordinateon-
structionsagreeswith Miltsakaki’s findings.

In our datathe “unit” is not always a single
main clausewith its dependentlauseshowever.
In the M2 case the unit is a sentencecontaining
parallel main clauses,eachof which may have
its own dependentlauses. An examinationof

the errorsmadefor theseM2 casesmight shav

that an improvementof performancefor these
anaphorsould be obtainedby treatingthe inde-

pendentlausessseparatsentences.

7 Future Work

As mentionedin Section3 above, in additionto
somelimited information that can be obtained
from just the parseso checkfor numberagree-
ment, a logical next stepis to implementsome
selectionalkonstraints.For example,the seman-
tic cateyoriesin the Rocling dictionary could be
usedin combinationwith selectionakestrictions
on verb aguments.Simple featuressuchasani-
magy or concretenessould prevent someincor
rectchoicesby thealgorithm.

We also plan to investigatethe operationof
Step6 with respectto the original intent of the



Table 4. Performancedy syntacticlevel: third-
persorpronouns
\ | Correct | Wrong | Total |

matrix (M) 45 13 58
77.6% | 22.4%

matrix2 (M2) 8 4 12
66.7% | 33.3%

subord.(S) 19 25 44
43.2%| 56.8%

All 3levels 72 42 114
63.2% | 36.8%

[M+M2 | 75.7%] 24.3%]| |

Table 5: Performanceby syntacticlevel: coin-
dexedovertand*pr o*
\ | Correct | Wrong | Total |

matrix (M) 58 18 86
76.3% | 23.7%

matrix2 (M2) 25 15 40
62.5% | 37.5%

subord.(S) 93 122 215
43.3%| 56.7%

All 3levels 176 155| 331
53.2% | 46.8%

[M+M2 | 71.6%| 28.4%] |

Table 6: Performanceby syntacticlevel: *pro*
alone

| Correct | Wrong | Total |

matrix (M) 11 4 15
73.3%| 26.7%
matrix2(M2) 17 10 27
63.0% | 37.0%
subord.(S) 48 65| 113
42.5% | 57.5%
All 3levels 76 79| 155
49.0% | 51.0%
\ M + M2 \ 66.7%\ 33.3%\ \

rule, thebracleting conventionsusedin the CTB,
andthe differencein the headednessf NPsbe-
tweenChineseandEnglish.

As discussedin Section6, the performance
of this rule-basedalgorithm on subordinate-
level anaphorsconfirmed Miltsakaki's obsera-
tionsabouttheneedfor differentmodelsfor inter
vs. intra-sententialanaphoraresolution. We
thereforeplanto investigatealternatve stratgies
for theresolutionof subordinate-kel anaphors.

8 Appendix

Naive Hobbs Algorithm

This algorithmtraverseshe surfaceparsetree,
searchindor a nounphraseof the correct

gegder and number usingthefollowing traversal
order:

1) begin at NP node inmediately dom nating
t he pronoun

2) go up the tree to the first NP or S
node encountered
call this node X
call the path to reach X "p"

3) traverse all branches bel ow node X
to the left of path p,
in left-to-right,breadth-first manner

propose as the antecedent any NP node
that is encountered that has an NP or
an S node between it and X

4) if node X is the highest S node in
the sentence

traverse the parse trees of previous
sentences in order of recency
(the nmost recent first), from
left-to-right, breadth-first
and

propose as antecedent the first NP
encount er ed

el se goto step (5)

5) fromnode X go up the tree to the
first NP or S node encountered
call this new node ' X, and
call the path traversed to reach
it fromthe original X 'p’

6) if X is an NP node AND
if the path p to X did not pass through
the N-bar node that X i medi ately
domi nat es,
propose X as the antecedent

7) traverse all branches bel ow node X
to the *left* of path p,
left-to-right, breadth-first



propose any NP node encountered as
the antecedent

8) if Xis an S node
traverse all branches of node X
to the *right* of path p,’
left-to-right, breadth-first,
but do not go below any NP or S
encount er ed

propose any NP node encountered as
the antecedent

9) goto step 4
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