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We approach the zero-anaphora resolution problem by decomposing it into intrasentential and
intersentential zero-anaphora resolution tasks. For the former task, syntactic patterns of zero-
pronouns and their antecedents are useful clues. Taking Japanese as a target language, we
empirically demonstrate that incorporating rich syntactic pattern features in a state-of-the-art
learning-based anaphora resolution model dramatically improves the accuracy of intrasentential

zero-anaphora, which consequently improves the overall performance of zero-anaphora resolution.
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1. INTRODUCTION

Zero-anaphora is a gap in a sentence that has an anaphoric function similar to
a pro-form (e.g., pronoun) and is often described as “referring back” to an ex-
pression that supplies the information necessary for interpreting the sentence.
For example, in the sentence “There are two roads to eternity, a straight and

narrow, and a broad and crooked,” the gaps in “a straight and narrow (gap)”
and “a broad and crooked (gap)” have a zero-anaphoric relationship to “two

roads to eternity.”
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The task of identifying zero-anaphoric relations in a given discourse, zero-

anaphora resolution, is essential in a wide range of natural language pro-
cessing (NLP) applications. This is the case particularly in a language such
as Japanese, where even obligatory arguments of a predicate are often
omitted when they are inferable from the context. In fact, in our Japanese
newspaper corpus [Iida et al. 2007], for example, 45.5% of the nominative ar-
guments of verbs are omitted. Since such gaps cannot be interpreted only
by shallow syntactic parsing, a model specialized for zero-anaphora resolution
needs to be built on top of both syntactic and semantic models.

Recent work on zero-anaphora resolution can be placed in two different
research contexts. First, zero-anaphora resolution is studied in the con-
text of anaphora resolution (AR), in which zero-anaphora is regarded as
a subclass of anaphora. In AR, the research trend has been shifting from
rule-based approaches [Baldwin 1995; Lappin and Leass 1994; Mitkov 1997]
to empirical, or corpus-based, approaches [McCarthy and Lehnert 1995; Ge
et al. 1998; Soon et al. 2001; Ng and Cardie 2002; Strube and Müller 2003;
Yang et al. 2003; Ng 2004; Yang et al. 2005] because the latter are shown
to be a cost-efficient solution achieving a performance that is comparable to
best-performing rule-based systems (see the Coreference task in Message
Understanding Conference (MUC)1 and the Entity Detection and Tracking
task in the Automatic Content Extraction (ACE) program2). The same trend
is observed also in Japanese zero-anaphora resolution, where the findings
made in rule-based or theory-oriented work [Kameyama 1986; Walker et al.
1994; Nakaiwa and Shirai 1996; Okumura and Tamura 1996; Murata and
Nagao 1997] have been successfully incorporated in machine-learning-based
frameworks [Seki et al. 2002; Iida et al. 2003; Isozaki and Hirao 2003].

Second, the task of zero-anaphora resolution has some overlap with
Propbank2-style semantic role labeling (SRL), which has been intensively
studied, for example, in the context of the CoNLL SRL task.3 In this task,
given a sentence “To attract younger listeners, Radio Free Europe intersperses
the latest in Western rock groups,” an SRL model is asked to identify the
Noun Phrase (NP) Radio Free Europe as the A0 (Agent) argument of the verb
attract. This can be seen as the task of finding the zero-anaphoric relationship
between a nominal gap (the A0 argument of attract) and its antecedent (Radio

Free Europe) under the condition that the gap and its antecedent appear in
the same sentence.

In spite of this overlap between AR and SRL, there are some important
findings that have yet to be exchanged between them, partly because the two
fields have been evolving somewhat independently. The AR community has
recently made two important findings:

—A model that identifies the antecedent of an anaphor by a series of com-
parisons between candidate antecedents has a remarkable advantage over

1http://www-nlpir.nist.gov/related projects/muc/
2http://projects.ldc.upenn.edu/ace/
3http://www.lsi.upc.edu/˜srlconll/
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a model that estimates the absolute likelihood of each candidate indepen-
dently of other candidates [Iida et al. 2003; Yang et al. 2003].

—An AR model that carries out antecedent identification before anaphoricity
determination, the decision whether a given NP is anaphoric or not (i.e.,
discourse-new), significantly outperforms a model that executes those sub-
tasks in the reverse order or simultaneously [Poesio et al. 2004; Iida et al.
2005].

To our best knowledge, however, existing SRL models do not exploit these ad-
vantages. In SRL, on the other hand, it is common to use syntactic features
derived from the parse tree of a given input sentence for argument identi-
fication. A typical syntactic feature is the path on a parse tree from a tar-
get predicate to a noun phrase in question [Gildea and Jurafsky 2002; Car-
reras and Marquez 2005]. However, existing AR models deal with intra- and
intersentential anaphoric relations in a uniform manner; that is, they do not
use as rich syntactic features as state-of-the-art SRL models do, even in finding
intrasentential anaphoric relations. We believe that the AR and SRL commu-
nities can learn more from each other.

Given this background, in this article, we show that combining the afore-
mentioned techniques derived from each research trend makes significant im-
pact on zero-anaphora resolution, taking Japanese as a target language. More
specifically, we demonstrate the following:

—Incorporating rich syntactic features in a state-of-the-art AR model dramat-
ically improves the accuracy of intrasentential zero-anaphora resolution,
which consequently improves the overall performance of zero-anaphora res-
olution. This is to be considered as a contribution to AR research.

—Analogously to intersentential anaphora, decomposing the antecedent iden-
tification task into a series of comparisons between candidate antecedents
works remarkably well also in intrasentential zero-anaphora resolution. We
hope this finding will be adopted in SRL.

The rest of the article is organized as follows. Section 2 describes the
task definition of zero-anaphora resolution in Japanese. In Section 3, we re-
view previous approaches to AR. Section 4 described how the proposed model
incorporates effectively syntactic features into the machine-learning-based
approach. We then report the results of our experiments on Japanese zero-
anaphora resolution in Section 5 and conclude in Section 6.

2. ZERO-ANAPHORA RESOLUTION

In this article, we consider only zero-pronouns that function as an obligatory
argument of a predicate for two reasons:

—Providing a clear definition of zero-pronouns appearing in adjunctive argu-
ment positions involves awkward problems, which we believe should be post-
poned until obligatory zero-anaphora is well studied.

—Resolving obligatory zero-anaphora tends to be more important than adjunc-
tive zero-pronouns in actual applications.
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A zero-pronoun may have its antecedent in the discourse; in this case, we
say the zero-pronoun is anaphoric. On the other hand, a zero-pronoun whose
referent does not explicitly appear in the discourse is called a nonanaphoric

zero-pronoun. A zero-pronoun may be nonanaphoric typically when it refers
to an extralinguistic entity (e.g., the first or second person) or its referent is
unspecified in the context.

The following are Japanese examples. In sentence (1), zero-pronoun φi is
anaphoric as its antecedent, “shusho (prime minister),” appears in the same
sentence. In sentence (2), on the other hand, φ j is considered nonanaphoric if
its referent (i.e., the first person) does not appear in the discourse.

(1) shushoi-wa houbeisi-te , ryoukoku-no gaikou-o

prime ministeri-TOP visit-U.S.-CONJ PUNC both countries-BETWEEN diplomacy-OBJ

(φi-ga) suishinsuru houshin-o akirakanisi-ta .

(φi-NOM) promote-ADNOM plan-OBJ unveil-PAST PUNC

The prime minister visited the United States and unveiled the plan to
push diplomacy between the two countries.

(2) (φ j-ga) ie-ni kaeri-tai .

(φ j-NOM) home-DAT want to go back PUNC

(I) want to go home.

Given this distinction, we consider the task of zero-anaphora resolution as
the combination of two subproblems, antecedent identification and anaphoric-
ity determination, which is analogous to NP-anaphora resolution:

For each zero-pronoun in a given discourse, find its antecedent if it
is anaphoric; otherwise, conclude it to be nonanaphoric.

3. PREVIOUS WORK

Anaphora resolution can be decomposed into two subtasks; antecedent identi-
fication and anaphoricity determination. In this section, we briefly show the
previous work of each task respectively. In addition, we summarize related
work that incorporates syntactic information into anaphora resolution.

3.1 Antecedent Identifi cation

Previous machine-learning-based approaches to antecedent identification can
be classified as either the candidate-wise classification approach or the
preference-based approach. In the former approach [Soon et al. 2001; Ng and
Cardie 2002], given a target anaphor, TA, the model estimates the absolute
likelihood of each of the candidate antecedents (i.e., the NPs preceding TA),
and selects the best-scored candidate. If all the candidates are classified nega-
tive, TA is judged nonanaphoric.

In contrast, the preference-based approach [Yang et al. 2003; Iida et al.
2003] decomposes the task into comparisons of the preference between can-
didates and selects the most preferred one as the antecedent. For example,
Iida et al. [2003] proposed a method called the tournament model. This model
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conducts a tournament consisting of a series of matches in which candidate
antecedents compete with each other for a given anaphor.

While the candidate-wise classification model computes the score of each
single candidate independently of others, the tournament model learns the
relative preference between candidates, which is empirically proved to be a
significant advantage over candidate-wise classification [Iida et al. 2003].

3.2 Anaphoricity Determination

There are two alternative ways for anaphoricity determination: the single-step

model and the two-step model. The single-step model [Soon et al. 2001; Ng
and Cardie 2002] determines the anaphoricity of a given anaphor indirectly
as a by-product of the search for its antecedent. If an appropriate candidate
antecedent is found, the anaphor is classified as anaphoric; otherwise, it is
classified as nonanaphoric. One disadvantage of this model is that it cannot
employ the preference-based model because the preference-based model is not
capable of identifying nonanaphoric cases.

The two-step model [Ng 2004; Poesio et al. 2004; Iida et al. 2005], on the
other hand, carries out anaphoricity determination in a separate step from
antecedent identification. Poesio et al. [2004] and Iida et al. [2005] claimed
that the latter subtask should be done before the former. For example, given a
target anaphor (TA), Iida et al.’s selection-then-classification (SCM) model:

(1) selects the most likely candidate antecedent (CA) of TA using the tourna-
ment model,

(2) classifies TA paired with CA as either anaphoric or nonanaphoric using
an anaphoricity determination model. If the CA-TA pair is classified as
anaphoric, CA is identified as the antecedent of TA; otherwise, TA is con-
cluded to be nonanaphoric.

The anaphoricity determination model learns the nonanaphoric class directly
from nonanaphoric training instances whereas the single-step model cannot
use nonanaphoric cases in training.

4. PROPOSAL

In this section, we decompose the zero-anaphora resolution the problem into
two subtasks, intrasentential and intersentential zero-anaphora resolution and
then we propose a method that incorporates syntactic patterns as features into
an intrasentential problem.

4.1 Task Decomposition

We approach the zero-anaphora resolution problem by decomposing it into
two subtasks: intrasentential and intersentential zero-anaphora resolution.
For the former problem, syntactic patterns in which zero-pronouns and their
antecedents appear may well be useful clues, which, however, does not ap-
ply to the latter problem. We therefore build a separate component for each
subtask, adopting Iida et al. [2005]’s selection-then-classification model for
each component:
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(1) Intrasentential antecedent identification. For a given zero-pronoun Z P in
a given sentence S, select the most-likely candidate antecedent C∗

1 from
the candidates appearing in S by the intrasentential tournament model.
The tournament model conducts a tournament consisting of a series of
matches in which candidate antecedents compete with each other for a
given anaphor. In the tournament, it processes the candidate antecedents
in the right-to-left order. In the first round, the model consults a trained
classifier to judge which of the rightmost two candidates is more likely to
be the antecedent for the anaphor. The winner then plays a match with
the third rightmost candidate. Likewise, each of the following matches is
arranged in turn between the current winner and a rightmost new chal-
lenger until the winner of the final round is determined. The model selects
the winner as the most likely candidate antecedent.

(2) Intrasentential anaphoricity determination. Estimate plausibility p1 that
C∗

1 is the true antecedent, and return C∗
1 if p1 ≥ θintra (θintra is a preselected

threshold) or go to 3 otherwise.

(3) Intersentential antecedent identification. Select the most-likely candidate
antecedent C∗

2 from the candidates appearing outside of S by the intersen-
tential tournament model.

(4) Intersentential anaphoricity determination. Estimate plausibility p2 that
C∗

2 is the true antecedent, and return C∗
2 if p2 ≥ θinter (θinter is a preselected

threshold) or return nonanaphoric otherwise.

4.2 Representation of Syntactic Patterns

In the first two of the above four steps, we use syntactic pattern features. Anal-
ogously to SRL, we extract the parse path between a zero-pronoun to its an-
tecedent to capture the syntactic pattern of their occurrence. Among many
alternative ways of representing a path, in the experiments reported in the
next section, we adopted a method as we will describe, leaving the exploration
of other alternatives as future work.

Given a sentence, we first use a standard dependency parser, CaboCha

[Kudo and Matsumoto 2002], to obtain the dependency parse tree, in which
words are structured according to the dependency relation defined in the
Kyoto Corpus4 [Kurohashi and Nagao 1997]. Figure 1(a), for example, shows
the dependency tree of sentence (1) in Section 2. In the figure, a content word
node depends on the other content word node, sometimes involving functional
word nodes. The node labeled “adnom” denotes the adnominal relation
between suishinsuru (promote) and houshin (plan) and the “φ” node denotes
a zero-pronoun. We then extract the path between a zero-pronoun and its
antecedent as in Figure 1(b). Finally, to encode the order of siblings and reduce
data sparseness, we further transform the extracted path as in Figure 1(c):

4http://nlp.kuee.kyoto-u.ac.jp/nl-resource/corpus.html
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Fig. 1. Representation of the path between a zero-pronoun to its antecedent.

—A path is represented by a subtree consisting of backbone nodes: φ (zero-
pronoun), Ant (antecedent), Node (the lowest common ancestor), LeftNode
(node corresponding to a left-branch content word), and RightNode.

—Each backbone node has daughter nodes, each corresponding to a function
word associated with it.

—Content words are deleted.

This way of encoding syntactic patterns is used in intrasentential anaphoric-
ity determination. Our intrasentential anaphoricity determination model is
trained by providing a set of labeled trees as a training set, where a label
is either anaphoric or nonanaphoric. Each labeled tree consists of the path
tree shown in Figure 1(c) and the node corresponding to the binary features
in Table I, each of which is linked to the root node as illustrated in Figure 2.
This way of organizing a labeled tree allows the model to learn, for example,
the combination of a subtree of TC and some of the binary features.

Analogously, in antecedent identification, the tournament model allows us
to incorporate three paths, a path for each pair of a zero-pronoun and the left
and right candidate antecedents. The model is trained by providing a set of
labeled trees as a training set. A label is either left or right, indicating which
candidate is more likely to be an antecedent than the other competing candi-
date. Each labeled tree has (1) path trees TL, TR, and TI (as given in Figure 3)

ACM Transactions on Asian Language Information Processing, Vol. 6, No. 4, Article 12, Pub. date: December 2007.
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Table I. Feature Set

Feature Type Feature Description

Lexical HEAD BF characters of rightmost morpheme in NP (PRED).

Grammatical PRED IN MATRIX 1 if PRED exists in the matrix clause; otherwise 0.
PRED IN EMBEDDED 1 if PRED exists in the relative clause; otherwise 0.
PRED VOICE 1 if PRED contains passive auxiliaries such as

“(ra)reru”; otherwise 0.
PRED AUX 1 if PRED contains auxiliaries such as “(sa)seru,”

“hosii,” “morau,” “itadaku,” “kudasaru,” “yaru,” and
“ageru.”

PRED ALT 1 if PRED VOICE is 1 or PRED AUX is 1; otherwise 0.
POS Part-of-speech of NP followed by IPADIC [Asahara

and Matsumoto 2003].
DEFINITE 1 if NP contains the article corresponding to

DEFINITE “the,” such as “sore” or “sono”; otherwise
0.

DEMONSTRATIVE 1 if NP contains the article corresponding to
DEMONSTRATIVE “that” or “this,” such as “kono,”
“ano”; otherwise 0.

CASE MARKER Case marker followed by NP, such as “wa (topic),”

“ga (subject),” “o (object).”

Semantic NE Named entity of NP: PERSON, ORGANIZATION,
LOCATION, ARTIFACT, DATE, TIME, MONEY,
PERCENT, or N/A.

EDR HUMAN 1 if NP is included among the concept “a human
being” or “attribute of a human being” in EDR
dictionary [Japan Electronic Dictionary Research
Institute, Ltd. Japan 1995]; otherwise 0.

EDR ORG 1 if NP is included among the concept “organization”
in EDR dictionary [Japan Electronic Dictionary
Research Institute, Ltd. Japan 1995]; otherwise 0.

PRONOUN TYPE Pronoun type of NP. (e.g. “kare (he)” → PERSON,
“koko (here)” → LOCATION, “sore (this)” → OTHERS)

SELECT REST 1 if NP satisfies selectional restrictions in Nihongo
Goi Taikei (Japanese Lexicon) [Ikehara et al. 1997];
otherwise 0.

COOC The score of well-formedness model estimated from
a large number of triplets 〈Noun, Case, Predicate〉

proposed by Fujita et al. [2004]

Positional SENTNUM Distance between NP and PRED.
BEGINNING 1 if NP is located in the beginning of sentence;

otherwise 0.
END 1 if NP is located in the end of sentence; otherwise 0.
PRED NP 1 if PRED precedes NP; otherwise 0.
NP PRED 1 if NP precedes PRED; otherwise 0.
DEP PRED 1 if NPi depends on PRED; otherwise 0.
DEP NP 1 if PRED depends on NPi; otherwise 0.
IN QUOTE 1 if NP exists in the quoted text; otherwise 0.

Heuristic CL RANK A rank of NP in forward-looking-center list based on
Centering Theory [Grosz et al. 1995]

CL ORDER A order of NP in forward-looking-center list based on
Centering Theory [Grosz et al. 1995]

NP stands for a bunsetsu-chunk of a candidate antecedent. PRED stands for a bunsetsu-chunk of
a predicate which has a target zero-pronoun.
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Fig. 2. Tree representation of features in intrasentential anaphoricity determination.

Fig. 3. Paths used in the tournament model.

and (2) a set of nodes corresponding to the binary features summarized in
Table I, each of which is linked to the root node as illustrated in Figure 4.

Here, assume the situation considering two candidates, shusho (prime min-
ister) and ryoukoku (both countries), for the zero-pronoun φ in Figure 1(a). For
example, in order to represent the relation between the left candidate and the
zero-pronoun, a path linking shusho to φ is extracted and then it is trans-
formed into a syntactic pattern as in TL in Figure 3. The patterns between the
right candidate and the zero-pronoun and ones between two candidates are
also created by the same way (TR and T I in Figure 3). Note that the label of
each node is prefixed either with L, R or I to indicate which node belongs to
which subtree.

Alternatively, learning structural information from phrase structures also
effectively works for this kind of problem and has been paid attention by sev-
eral research groups [Hobbs 1978; Luo and Zitouni 2005; Yang et al. 2006].

ACM Transactions on Asian Language Information Processing, Vol. 6, No. 4, Article 12, Pub. date: December 2007.
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Fig. 4. Tree representation of features in antecedent identification.

If we take English as a target language, it is reasonable to deal with syntac-
tic trees. In contrast, languages like Japanese involve grammatical properties
such as word scrambling (e.g., objects followed by subjects), posing an obstacle
to Japanese phrase structure analysis, so it is still difficult to construct phrase
structure parsers. We, therefore, use a dependency tree in order to represent
the structure of a sentence.

4.3 Learning Algorithm

As noted in Section 1, the use of zero-pronouns in Japanese is relatively less
constrained by syntax compared, for example, with English. This forces the
above way of encoding path information to produce an explosive number of
different paths, which inevitably leads to serious data sparseness.

This issue can be addressed in several ways. The SRL community has de-
vised a range of variants of the standard path representation to reduce the
complexity [Carreras and Marquez 2005]. Applying kernel methods such as
tree kernels [Collins and Duffy 2001] and hierarchical DAG kernels [Suzuki
et al. 2003] is another strong option. The boosting-based algorithm pro-
posed by Kudo and Matsumoto [2004] is designed to learn subtrees useful for
classification.

Leaving the question of selecting learning algorithms open, in our exper-
iments, we have so far examined Kudo and Matsumoto [2004]’s algorithm,
which is implemented as the BACT system.5 Given a set of training instances,
each of which is represented as a tree labeled either positive or negative, the
BACT system learns a list of weighted decision stumps with a boosting algo-
rithm. Each decision stamp classifier is represented as a labeled ordered tree
appearing in the training instances.

The tree classification problem in BACT is defined to induce a mapping func-
tion f (x): X → {±1}, from given training instances T = {〈xi, yi〉}

L
i=1, where

xi ∈ X is a labeled ordered tree and yi ∈ {±1} is a class label associated with
each training data item. In each iteration of boosting, the decision stumps are
trained to find a rule 〈t̂, ŷ〉 that minimizes the error rate for the given training
data {〈xi, yi〉}

L
i=1:

〈t̂, ŷ〉 = argmax
t∈F ,y∈{±1}

L
∑

i=1

yidih〈t,y〉(xi), (1)

5http://chasen.org/˜taku/software/bact/
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where F is a set of candidate trees, di(
∑L

i=1 di = 1, di ≥ 0,∀i = 1, . . . , L) is a
weight of each instance, and h〈t,y〉(x) is a decision stump classifier given by

h〈t,y〉(x)
def
=

{

y t ⊆ x

−y otherwise.
(2)

At the classification step, we use the following mapping function:

f (x) = sgn(

K
∑

k=1

αkh〈t,y〉(xk)) (3)

where αk is a weight of each decision stumps classifier h〈t,y〉(xk). In this algo-
rithm, αk is calculated based on a variant of boosting algorithm Arc-GV (see
Breiman [1999]).

In our anaphoricity determination problem, given a set of positive
(anaphoric) training trees and a set of negative (nonanaphoric) training trees,
BACT induces a set of subtrees (decision stumps) that are useful for our bi-
nary classification. Each subtree is associated with weight w ∈ [−1, 1] as
shown in Table II and Table III. A subtree with a positive weight corresponds
to a decision stump that votes for anaphoric. In the test phase, given an input
tree involving a zero-pronoun and the most-likely candidate antecedent, BACT
computes the score by summing up the weights of all the decision stumps that
match with the input tree and concludes anaphoric if the score is positive, or
nonanaphoric otherwise. Each choice between left or right in the tournament
model for antecedent identification is carried out analogously.

The BACT algorithm has the important characteristic that the results of
learning trees are more human readable than those learned from algorithms
such as Support Vector Machines, because the result of each iteration is given
as a pair of decision stumps h〈t,y〉 and weight αk as shown in Table II and
Table III. So, we can easily interpret what kinds of subtrees or features are
useful for classification by viewing the weights of induced decision stumps.

5. EXPERIMENTS

We conducted an evaluation of our method using Japanese newspaper articles.
The following four models were compared:

(1) BM: We employ Ng and Cardie’s [2002] model, as a baseline model. It
identifies antecedents by the candidate-wise classification model, and de-
termines anaphoricity using the one-step model.

(2) BM SYN: BM with the syntactic features such as those in Figure 1(c).

(3) SCM: The selection-then-classification model explained in Section 3.

(4) SCM SYN: SCM with all types of syntactic features shown in Figure 3.

5.1 Setting

We are now developing the corpus annotated with predicate-argument and
coreference relations, which is named the NAIST Text Corpus [Iida et al.
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Table II. Patterns Used in Antecedent Identification

no weight pattern

0) 0.016784 (R B)
1) 0.014208 (R P(R P HEAD BF=.)(R B(R B HEAD BF=wa)))
2) 0.012211 (ROOT(R ANT HEAD BF kai)(R SELECT REST))
3) 0.011848 (L P(L B(L B(L B HEAD BF=,))))
4) 0.011493 (ROOT(R B(R B LEFT))(R PRED AUX))
5) 0.011333 (R ANT HEAD POS=noun-suffix-personname)
6) 0.011300 (ROOT(R ANT HEAD POS=noun-suffix-personname)(L B(L B LEFT)))
7) 0.011005 (ROOT(R ANT IN QUOTE)(L ANT HEAD POS=noun-

general)(L ANT PARTICLE=wa))
8) 0.010829 (ROOT(L B(L P))(L ANT NE=DATE))
9) 0.010422 (ROOT(R B(R P))(R ANT HEAD POS=noun-general))
... ... ...
868) -0.009995 (L ANT(L B))
869) -0.010357 (ROOT(R ANT CASE=NULL)(L B(L ANT)))
870) -0.010369 (ROOT(R ANT AC COOC MI PLUS1)(L A NE PERSON))
871) -0.010463 (ROOT(L ANT PARTICLE=)(L ANT SELECT REST)(L ANT COOC=2))
872) -0.010744 (L B LEFT(L B LEFT(L ANT(L ANT HEAD BF=kara))))
873) -0.011066 (ROOT(R ANT PARTICLE=ga)(L ANT HEAD POS=noun-suffix-

general)(L NP PRED))
874) -0.014086 (L P(L P HEAD BF=.)(L B(L B HEAD BF=te)))
875) -0.014424 (R ANT HEAD POS=noun-adjv)
876) -0.020973 (L B)
877) -0.025117 (ROOT(R P HEAD BF=tyushisuru)(L ANT NE GPE)(L ANT EDR ORG))

Patterns containing the prefix L (R ) mean the patterns extracted from the tree TL (TR) shown in
Figure 3. Node expressed by L ANT (R ANT) stands for the node L.LeftCand (R.RightCand). L P (R P)
node is the node depended on by the node containing L.φ (R.φ). L B (R B) means the node interven-
ing between L.LeftCand (R.RightCand) and the node depended on by L.φ (R.φ). Patterns having
more than a zero score support candidate antecedents appearing on right side in comparison of
two candidates. Otherwise, patterns support on the left of them.

2007].6 Unfortunately, the NAIST Text Corpus still contains many unreli-
able tags. Therefore, we limit experiments to include only a reliable data set:
287 articles annotated by two annotators and 60 by one. The agreement ra-
tio between two annotators on the 287 articles was 84.0%, which indicated
that the annotation was sufficiently reliable. We discarded from this data set
the zero-pronouns for which the two annotators disagreed. Consequently, the
data set contained 1,384 intrasentential anaphoric zero-pronouns, 1,128 in-
tersentential anaphoric zero-pronouns, and 784 nonanaphoric zero-pronouns
(3,306 zero-pronouns in total), with each anaphoric zero-pronoun annotated
to be linked to its antecedent. For each experiment, we used 137 articles for
training, 60 articles for optimizing φintra (threshold parameter of intrasenten-
tial zero-anaphora resolution), and 150 articles for testing.

All the features were automatically acquired with the help of the following
NLP tools: the Japanese morphological analyzer ChaSen7 and the Japanese
dependency structure analyzer CaboCha,8 which also carried out named-entity
chunking.

6The corpus is publicly available for research purposes at: http://cl.naist.jp/nldata/corpus/
7http://chasen.naist.jp/hiki/ChaSen/
8http://chasen.org/˜taku/software/cabocha/
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Table III. Patterns Used in Anaphoricity Determination

no weight pattern

0) 0.017534 (ANT HEAD BF=titioya)
1) 0.017006 (ROOT(B(B LEFT))(P AUX))
2) 0.016847 (B)
3) 0.014374 (ROOT(ANT HEAD POS=noun-general)(ANT PARTICLE=to)

(ANT NP PRED))
4) 0.014249 (ROOT(P(P HEAD BF=te))(ANT HEAD POS=noun-pronoun-general))
5) 0.014008 (ANT HEAD POS=noun-suffix-personname)
6) 0.013653 (ROOT(P VOICE=active)(ANT HEAD POS=unknown))
7) 0.012654 (ROOT(P VOICE=active)(ANT HEAD POS=noun-propernoun-location-

country)(ANT NP PRED))
8) 0.011584 (ROOT(ANT PARTICLE=ga)(ANT EDR PERSON)(ANT EDR ORG))
9) 0.011419 (P HEAD BF=aru)
... ... ...
675) -0.010275 (ROOT(ANT HEAD BF=kaikaku)(ANT PARTICLE=wa))
676) -0.010323 (ROOT(ANT HEAD POS=noun-suffix-general)(ANT IN QUOTE)

(ANT SELECT REST))
677) -0.010579 (ROOT(B(B HEAD BF=iru))(ANT EDR PERSON))
678) -0.010616 (ROOT(P HEAD BF=dekiru)(ANT COOC=1))
679) -0.010887 (B(B RIGHT)(B RIGHT HEAD BF=iru)(B RIGHT HEAD BF=to))
680) -0.011002 (ANT HEAD BF=naiyou)
681) -0.011625 (ROOT(B(P))(ANT HEAD POS=noun-adverbial))
682) -0.012710 (ROOT(B(B LEFT))(ANT COOC=2))
683) -0.013327 (P HEAD BF=tari)
684) -0.014274 (ROOT(P VOICE=active)(ANT HEAD POS=noun-suffix-personname)

(ANT PARTICLE=no))

Table IV. Accuracy of Antecedent Identification

BM BM SYN SCM SCM SYN
0.340 0.559 0.691 0.729

(162/476) (266/476) (329/476) (347/476)

5.2 Results on Intrasentential Zero-Anaphora Resolution

In both intra-anaphoricity determination and antecedent identification, we
investigated the effect of introducing the syntactic features for improving
the performance. First, the results of antecedent identification are shown in
Table IV. The comparison between BM (SCM) with BM SYN (SCM SYN) in-
dicates that introducing the structural information effectively contributes to
this task. In addition, the large improvement from BM SYN to SCM SYN
indicates that the use of the preference-based model has significant impact
on intrasentential antecedent identification. This finding may well contribute
to semantic role labeling because these two tasks have a large overlap as dis-
cussed in Section 1.

Second, to evaluate the performance of intrasentential zero-anaphora res-
olution, we plotted recall-precision curves altering threshold parameter and
θinter for intra-anaphoricity determination as shown in Figure 5, where recall
R and precision P were calculated by:

R =
# of detected antecedents correctly

# of anaphoric zero-pronouns
,
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Fig. 5. Recall-precision curves of intrasentential zero-anaphora resolution.

Table V. Results of Intrasentential Zero-Anaphora Reso-
lution Using Estimated Threshold Parameter

BM BM SYN SCM SCM SYN
Recall 0.311 0.398 0.613 0.596
Precision 0.213 0.419 0.487 0.595
F-measure 0.253 0.408 0.543 0.595

P =
# of detected antecedents correctly

# of zero-pronouns classified as anaphoric
.

The curves indicate the upper bound of the performance of these models; in
practical settings, the parameters have to be trained beforehand.

Figure 5 shows that BM SYN (SCM SYN) outperforms BM (SCM), which
indicates that incorporating syntactic pattern features works remarkably well
for intrasentential zero-anaphora resolution. Futhermore, SCM SYN is sig-
nificantly better than BM SYN. This is because the former has an advan-
tage of learning nonanaphoric zero-pronouns as negative training instances
in intrasentential anaphoricity determination, which enables it to reject
nonanaphoric zero-pronouns more accurately than the others.

We also evaluate the performance in case that the threshold parameter is
automatically estimated with the development data set. The result of each
model is shown in Table V. Note that these thresholds are chosen when the
F-measure of each model is maximized. Table V shows that the SCM SYN
achieved the best performance among them, indicating that our model has
reasonable performance in practical situations.
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Fig. 6. Example of extracted syntactic pattern.

Next, we investigated what kinds of syntactic patterns effectively work by
manually analyzing the decision stumps (syntactic patterns) induced by BACT.
The extracted patterns for antecedent identification and anaphoricity determi-
nation are shown in Table II and Table III respectively. Table II shows some
patterns used in antecedent identification; the patterns with positive weight
supports the left candidate of the two competitors. Table III shows some pat-
terns used in anaphoricity determination; the patterns with positive weight
supports that a candidate anaphor is anaphoric.

Each syntactic pattern is expressed in S-expression form; a node P denotes
a predicate that has a zero-pronoun, and ANT node denotes a candidate an-
tecedent. For example, Pattern No. 874 from Table II is depicted in Figure 6.
In this figure the node prefix L indicates a pattern taken from the left an-
tecedent path, likewise, R indicates a pattern from the right antecedent path.
The current left candidate (L ANT) and right candidate (R ANT) are not ex-
plicitly present in this decision stump. However, as L ANT must be in the left
candidate path, it should be a descendant of the L B node. R ANT must be
to the right of L ANT, so it should be a descendant of either the L B or L P

nodes as the two graphs in Figure 6 show. Since it is given a negative weight,
this pattern favors the left candidate. Interestingly enough, this rule can be
interpreted linguistically as follows.

Zero-anaphoric phenomena have been extensively researched in the last two
decades in the area of Japanese linguistics. Minami [1974], for example, man-
ually examined what patterns between two predicates are helpful for inter-
preting zero-anaphoric relations. Minami argued that “If two predicates are
connected with the conjunctive particle te, the nominative arguments of the
two predicates tend to be shared in the same sentence” as the useful patterns.
Also, Nariyama [2002] introduced such patterns into her centering-based al-
gorithm to zero-anaphora resolution and showed that the patterns argued by
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Fig. 7. Recall-precision curves of resolving in-quote and out-quote zero-pronouns.

Minami contributes to improving performance quantitatively in her manual
evaluation. Note that the pattern described by Minami loosely corresponds to
Pattern No. 874 described above. It is indirect evidence that learning syn-
tactic patterns by BACT contributes to improving the performance of both an-
tecedent identification and anaphoricity determination.

5.3 Discussion

Our error analysis reveals that a majority of errors can be attributed to the cur-
rent way of handling quoted phrases and sentences. Figure 7 shows the differ-
ence in resolution accuracy between zero-pronouns appearing in a quotation
(185 zero-pronouns) and the rest (871 zero-pronouns), where “IN Q” denotes
the former (in-quote zero-pronouns) and “OUT Q” the latter. The accuracy on
the IN Q problems is considerably lower than that on the OUT Q cases, which
indicates that we should deal with in-quote cases with a separate model so that
it can take into account the nested structure of discourse segments introduced
by quotations.

To investigate the effect by separating in-quote zero-pronouns from out-
quote ones, we trained two cases independently for the SCM model using syn-
tactic pattern features. At the test phase, the system utilizes either a model
that was trained from in-quote instances or one from out-quote cases depend-
ing on the context. Figure 8 shows recall-precision curves of such a separate
model and the original SCM model. Figure 8 shows that the separate model
does not work compared with the original one. It is because the relationship
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Fig. 8. Effect by separating in-quote zero-pronouns from out-quote ones.

between a zero-pronoun in a quoted sentence and its antecedent is too compli-
cated to automatically extract effective syntactic patterns. As quote sentences,
speakers are able to utter anything as long as the utterance is coherent to
the preceding context. Thus, quotes can contain various types of expressions;
word, clause, sentence, or text, causing severe data sparseness problems. To
avoid them, we need to adapt the current model to each situation appearing in
an in-quote zero-pronoun and its antecedent.

5.4 Impact on Overall Zero-Anaphora Resolution

We next evaluated the effects of introducing the proposed model on overall
zero-anaphora resolution including intersentential cases.

As a baseline model, we implemented the original SCM, designed to resolve
intrasentential zero-anaphora and intersentential zero-anaphora simultane-
ously with no syntactic pattern features. Here, we adopted Support Vector Ma-
chines [Vapnik 1998] to train the classifier on the baseline model and the inter-
sentential zero-anaphora resolution in the SCM using structural information.

For the proposed model, we plotted several recall-precision curves by se-
lecting different value for threshold parameters θintra and θinter. The results
are shown in Figure 9, which indicates that the proposed model significantly
outperforms the original SCM if θintra is appropriately chosen.

We then investigated the feasibility of parameter selection for θintra by plot-
ting the area under the curve (AUC) values for different θintra values. Here,
each AUC value is the area under a recall-precision curve. The results are
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Fig. 9. Recall-precision curves of overall zero-anaphora resolution.

shown in Figure 10. Since the original SCM does not use θintra, the AUC value
of it is constant, depicted by the SCM. As shown in Figure 10, the AUC-value
curve of the proposed model does not have a well-defined peak, which indicates
the selection of parameter θintra is not difficult.

6. CONCLUSION

In intrasentential zero-anaphora resolution, syntactic patterns of the ap-
pearance of zero-pronouns and their antecedents are useful clues. Taking
Japanese as a target language, we have empirically demonstrated that incor-
porating rich syntactic pattern features in a state-of-the-art learning-based
anaphora resolution model dramatically improves the accuracy of intrasenten-
tial zero-anaphora, which consequently improves the overall performance of
zero-anaphora resolution. We approach the zero-anaphora resolution problem
by decomposing it into two subtasks: intrasentential and intersentential zero-
anaphora resolution. We built a separate component for each subtask, adopt-
ing Iida et al. [2005]’s selection-then-classification model. In intrasentential
zero-anaphora resolution, the model treats syntactic patterns as features for
both antecedent identification and anaphoricity determination.

In our next step, we are going to address the issue of how to find zero-
pronouns, which requires us to design a broader framework that allows zero-
anaphora resolution to interact with predicate-argument structure analysis.
With regard to this problem, we need a verb dictionary such as VerbNet [Kip-
per 2005] or FrameNet [Baker et al. 1998] for verb sense disambiguation. In
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Fig. 10. AUC curves plotted by altering θintra.

the past decade, automatic verb frame construction methods have received in-
creasing attention [Resnik 1993; Utsuro and Matsumoto 1997; Kawahara et al.
2000; Gildea 2002, etc.], which cluster verbs and arguments based on the sim-
ilarity between instances in corpora. By adopting such a strategy, we obtain
a scalable frame dictionary constructed automatically from large amounts of
text data such as that available on the Web. Of course, dictionaries that are
automatically constructed are noisy and not always fine grained; however, we
are convinced that it is beneficial to introduce dictionaries into the process of
anaphora resolution in light of these issues.

Another important issue is how to find a globally optimal solution to the
set of zero-anaphora resolution problems in a given discourse. In the problem
of zero-anaphora resolution, there are often more than one zero-pronoun for a
given predicate. Thus, we have to consider the interdependency between zero-
pronouns. For example, the model must resolve zero-anaphoric relations with
the constraints that an NP which is the nominative case for a given predicate
does not become the dative case. This issue leads us to explore methods as
discussed by McCallum and Wellner [2003].

The computational cost of introducing syntactic patterns is also one of im-
portance. Although using syntactic patterns improves the accuracy of both
anaphoricity determination and antecedent identification, it involves a higher
cost in matching between an input tree and each of its decision stumps. Ef-
ficient computation is beyond the scope of this article, but reducing computa-
tional cost without decreasing performance is an important issue in this area.
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