NAIST-IS-DD0961004

Doctoral Dissertation

Development of Pairwise Comparison-based
Japanese Dependency Parsers
and Application to Corpus Annotation

Masakazu Iwatate

March 16, 2012

Department of Information Processing
Graduate School of Information Science
Nara Institute of Science and Technology



A Doctoral Dissertation
submitted to Graduate School of Information Science,
Nara Institute of Science and Technology
in partial fulfillment of the requirements for the degree of
Doctor of ENGINEERING

Masakazu Iwatate

Thesis Committee:

Professor Yuji Matsumoto (Supervisor)
Professor Hiroyuki Seki (Co-supervisor)
Associate Professor Masashi Shimbo (Co-supervisor)

Project Associate Professor Masayuki Asahara (Co-supervisor, National
Institute for Japanese
Language and Linguistics)



Development of Pairwise Comparison-based
Japanese Dependency Parsers
and Application to Corpus Annotation*

Masakazu Iwatate

Abstract

For machine-learning-based Japanese dependency parsing, it is essential to develop
an accurate parsing model. It is also essential to construct a corpus of a new domain
efficiently when parsing sentences of the domain.

For developing an accurate parsing model, we propose three approaches: developing
a single accurate model, combining parsers, and combining a parser with a coordina-
tion analyzer.

Considering selectional preferences between a dependent bunsetsu and its candidate
head bunsetsus plays an important role to construct an accurate parser. In Japanese
dependency parsing, Kudo’s relative preference-based model [27] outperforms both
deterministic parsing models and probabilistic CFG-based parsing models. In the rel-
ative preference-based model, an ME model estimates selectional preferences for all
candidate heads, which cannot be considered in the previous parsing models. We pro-
pose a parsing model in which the selectional preferences are directly modeled by
one-on-one games in a step-ladder tournament. In the evaluation experiment with Ky-
oto Text Corpus Version 4.0, the proposed model outperforms the previous researches,
including the relative preference-based model. We also investigates the accuracy of
partial parsing of three SVM-based Japanese dependency parsing models: the shift-
reduce model, the cascaded chunking model, and the tournament model. We show the
coverage-accuracy curves based on the scores produced by SVMs. Our performance
evaluation with the Kyoto Text Corpus shows that the partial parsing accuracy of the
tournament model is the highest among the three dependency parsing models. The
tournament model achieves 99% accuracy with 60% bunsetsu-based coverage.

*Doctoral Dissertation, Department of Information Processing, Graduate School of Information
Science, Nara Institute of Science and Technology, NAIST-IS-DD0961004, March 16, 2012.



We also conducted the stacking experiments with KNP, which is a Japanese depen-
dency parser and is different in several aspects from the tournament model. The tour-
nament model incorporates the output of KNP as guide features. The stacked model
outperformed the individual parsers.

One of the difficult problems for dependency parsers is to identify spans of coordi-
nated structures. A solution is to employ a coordination analyzer, which is specialized
for capturing such structures. Employing such an analyzer raises the problem of how
to integrate the output of the dependency parser and that of the coordination analyzer.
We employ the dual decomposition algorithm, which is a decoding algorithm designed
to integrate two analyzer’s outputs. For the algorithm, we propose a parsing model
which inherits the advantage of the tournament model.

For constructing a corpus efficiently, we propose two approaches. The first is active
learning, which selects training sentences to be annotated that maximize the impact
to parsing accuracy. Preliminary experiments show that our SVM score-based active
learning method can be used to select effective sentences to be annotated. Second,
given the coordinated structure annotation of a sentence, possible dependency struc-
tures are constrained by the coordinated structure. We propose to boost the efficiency
of dependency structure annotation by construction of a precise dependency parser us-
ing the annotation. The dependency parser provides dependency structure annotators
an automatic parse with fewer errors. We conducted experiments with the Balanced
Corpus of Contemporary Written Japanese (BCCWJ) and show that our method im-
proves automatic parsing accuracy and detects dependency annotation errors.

Keywords:

natural language processing, Japanese, dependency parsing, tournament model, corpus
annotation
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Chapter 1

Introduction

1.1 Background

Analysis of Japanese text is performed by the pipeline! shown in Figure 1.1. The
first stage of Japanese processing is morphological analysis. The analysis divides an
input Japanese sentence into a sequence of words and assigns them to parts of speech
(POSs) such as nouns or verbs. The next stage is bunsetsu chunking. A bunsetsu is
similar concept to an English base phrase. It consists of at least one content words
followed by zero or more function words. A bunsetsu chunker receives the output of
a morphological analyzer and chunks it into a sequence of bunsetsus. A dependency
parser receives the output of the chunker, and outputs a dependency tree. A dependency
tree consists of dependency relations. In a dependency tree, a dependency relation is
represented as a directed arrow from a dependent bunsetsu to its head bunsetsu. The
output dependency trees are often passed to a semantic analyzer such as a predicate-
argument structure analyzer?, or directly used by natural language processing (NLP)
applications.

Semantic analysis or NLP applications such as information extraction or machine
translation usually use the output of dependency parser supposing it is correctly parsed.
Therefore, accuracy of dependency parsing is a factor that determines performance
and usefulness of the applications. Per-bunsetsu accuracy of state-of-the-art parsers is
about 92% and sentence accuracy, which is the percentage of sentences in which all de-
pendency relations are determined correctly, is about 56%. More accurate parsers are

A processing model that performs each analysis sequentially is referred to as a pipeline model.
2Since there are semantic analyses employing semantic dependencies between words [59], depen-
dency parsing is sometimes referred to as syntactic dependency parsing.
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Figure 1.1: Position of dependency parsing in Japanese processing pipeline. POSs of
words assigned by a morphological analyzer are not shown in this figure.

requested for the applications. Since morphological analysis and bunsetsu chunking
are relatively accurate (over 99%), it is important to improve the accuracy of depen-
dency parsing.

Statistical dependency parsing is also referred to as data-driven dependency parsing
because rules for parsing sentences are not written by human but are learned from an
annotated corpus by a machine learner. An annotated corpus is a text data in which
several information is annotated by human. For example, Kyoto Text Corpus contains
POS and dependency information. CaboCha’is one of the data-driven parsing mod-
els whose code has been released publicly. Another dependency parser named KNP*,
which is a manually-maintained rule-based parser, has also been released. KNP per-
forms morphological through semantic analysis jointly rather than in pipeline. Because
of manual maintenance, it is difficult for a rule-based parser to keep consistency and

3http://code.google.com/p/cabocha/
“http://nlp.ist.i.kyoto-u.ac.jp/index.php?KNP

2



wide-coverage of rules. On the other hand, data-driven dependency parsing requires
human resources for corpus annotation”. Designing the tag set to be annotated, which
is a prior step to annotation, requires professional expertise in NLP. However, annota-
tors do not have to be professional. Corpus annotation usually employs preprocessing
by an automatic analyzer for efficiency. Compared to completely manual annotation,
which is very time consuming, it is more reasonable to let the annotators spot and
correct errors in analyzer’s output dependency trees.

1.2 Approaches for Accurate Dependency Parsing

We propose three approaches to parse a sentence more accurately. The first approach
is to develop a more accurate single parsing model. The second is to combine two or
more dependency parsers to exploit their advantages. The final approach is to combine
a dependency parser with a coordination analyzer, which can be regarded as a partial
parser.

1.2.1 Development of a More Accurate Single Parsing Model

Recent approaches to Japanese dependency parsing can be classified into two groups.
The first group is classification-based approach. The classification-based model em-
ploys a binary classifier and tests whether a pair of two bunsetsus is in a dependency
relation [25, 55]. The other group is preference-based approach. The preference-based
model assigns a score to each of possible dependency relations. The score indicates
how likely the pair of bunsetsus is in a dependency relation. Some of these models
simply select the maximally-scored head of each bunsetsu, whereas some models de-
fine the score of a dependency tree as the product of score of each dependency relation
and then search the dependency tree whose score is the highest. The latter models
are preferable to as they allow us to introduce the constraint that prohibits crossing of
dependency relations.

Especially in long sentences, whether a pair of bunsetsus is in a dependency rela-
tion sometimes depends on the context where an instance of the pair appears, such as

3Annotation or tagging is to assign information such as POSs or dependency relations to corre-
sponding words or segments by human called annotators. The assigned information is also referred to
as an annotation or a tag. On the evaluation of parsing accuracy, an annotation is referred to as the
gold-standard. In other words, it is the correct answer if it is not an annotation error.



its surrounding words. The preference-based approach is one of the solutions. The
approach makes a decision based on the frequency of instances which the pair is in a
dependency relation in training data®. For classification-based approach, it is hard for
a classifier to learn parsing rules from such inconsistent training examples. Instead,
the approach intends to maximize its parsing accuracy by using heuristics such as that
short dependency relations are more likely to be correct than long ones.

We propose another classification-based solution. In most cases, it can discriminate
contexts where a pair of bunsetsus is in a dependency relation, from contexts where
the pair is not in a dependency relation, by using wider context. Our model takes a de-
pendent bunsetsu and its two candidate heads into consideration and selects the better
candidate head out of those two. This step is repeated in a step-ladder tournament to
get the best candidate head (hereafter we call this model as tournament model). The
tournament model was first introduced by lida et al. [14] for coreference resolution. We
applied this model for selecting the most plausible candidate head for each bunsetsu
except for the rightmost bunsetsu of a sentence. Considering two candidates allows the
tournament model to improve its context discriminative performance. In other words,
the binary classification problem in the tournament model tends to easier to solve than
that of existing classification-based approaches. Since the former sees wider context,
key information for a classification rarely be unseen on decision of the former.

We show that the tournament model is also accurate in partial parsing. Most research
of dependency parsing intends to improve overall accuracy of parsing. However, not
only overall accuracy but also partial parsing accuracy is important because NLP ap-
plications often do not request a full dependency tree but its subtrees. Suppose an
information extraction system where a user specify a pattern to be extracted and the
system searches it from a large amount of parsed Web text. The pattern may be con-
verted to a subtree and pattern-matching based on the subtree is performed. To realize
a high-precision information extraction system even sacrificing its coverage, the sys-
tem should extract only the dependency relations whose confidence is sufficiently high.
We propose an extraction method based on the distance from the hyperplane of support
vector machines (SVMs) as the confidence score. SVMs are one of the binary classi-
fiers where the tournament model uses. Coverage and accuracy of extracted relations
are evaluated.

A part of a corpus which is used for learning parsing rules is referred to as training data. In
experiments, a corpus is split into training data and fest data, which is used for evaluating parsing
accuracy. They must be disjoint.



1.2.2 Combining Dependency Parsers by Stacking

It has been reported that incorporating co-occurrence information can improve pars-
ing accuracy. Whether there is a dependency relation between a pair of words is
strongly depends on their lexical entries, that is, the words themselves. For exam-
ple, a “cat” may “run” but a “cake” never “run”’s. Without any linguistic information,
a data-driven parser would have to learn all the parsing rules from at most tens of
thousands of training sentences. To learn such selectional preference information with
wide-coverage, a very large annotated corpus is requested. However, since corpus an-
notation requires manual effort, construction of such corpus is impractical. Therefore,
several research incorporated the information from unannotated corpora, such as using
a word class ID which is common in training data and unannotated corpus, instead of
the word itself [21]. Another solution is to extract reliable dependency relations or
dependency subtrees from such an unannotated corpus [4, 3]. The IDs of equivalent
classes based on their frequency are used instead of words themselves.

One of the easiest way for classification-based parser to incorporate such informa-
tion is stacking with another parser which selects the most probable dependency tree
based on such information. Stacking is a method for parser combination in which the
output of the first parser is passed to the second parser as guide features [45, 35]. In
multilingual word-based’ dependency parsing, it has been reported that the more di-
verse the two parsers are, the more the final parsing accuracy improves. We employ
KNP 3.01 as the first parser and the tournament model as the second parser. KNP
employs case frames®, which is a kind of dictionary of co-occurrence information,
constructed from very large unannotated corpora.

1.2.3 Integration of a Parser and a Coordination Analyzer

One of the difficult problems for dependency parsers is to identify spans of coor-
dinated structures. A coordinated structure is a structure such that two or more syn-
tactically equivalent components are conjoined with coordinate conjunctions such as
“L” (and). For example, ‘WMz {b DN & #35 DR & W29 %" (Pursue reduc-
tion of global warming and growth of economy simultaneously) contains a coordinated

"We use the phrase word-based in the sense that parsing models and experiments regard a word as a
unit of parsing. Similarly, we refer to the regular Japanese dependency parsing setting as bunsetsu-based
parsing.

80nly KNP 3.01 and newer versions incorporate such information.



structure “YRIE(L OINH] & #EH DRI (reduction of global warming and growth of
economy). The coordinated structure consists of the two conjuncts: “JEBEAL D]
(reduction of global warming) and “#&# DR (growth of economy). One of the rea-
sons why coordination analysis is difficult is strong dependency to meaning and little
dependency to syntax. A coordination analyzer may output another coordinated struc-
ture “HNHl| & #E%(reduction and economy). It is wrong because “growth of global
warming’s reduction and economy” is semantically wrong even if it is syntactically
correct. Another reason which is specific to Japanese is that the particle “ & ” does not
always play a role of a coordinate conjunction. A solution is to employ a coordination
analyzer, which is specialized for capturing such structures. Coordination analyzers
based on similarity has been proposed [30, 58, 10, 48]. The two conjuncts of the coor-
dinated structure are similar in the sense that:

e Both of the first bunsetsus of the conjuncts contain a particle “?” (of).

e In their first conjuncts, the words “JEZ{L” (global warming) and “#%%%” (econ-
omy) are semantically co-related in the sense that there were classified into a
same class or near semantic classes in a thesaurus.

e Similarly, in their second conjuncts, “#Ifi]” (reduction) and “B & (growth) are
also semantically co-related.

e Both conjuncts consist of two bunsetsus.

Employing such an analyzer raises the problem of how to integrate the output of the
dependency parser and that of the coordination analyzer. We employ the dual de-
composition algorithm [23], which is a decoding algorithm designed to integrate two
analyzer’s outputs. For the algorithm, we propose a parsing model which inherits the
advantage of the tournament model.

1.3 Approaches for Efficient Corpus Annotation

Generally, parsing accuracy significantly drops if domains of its training and test
data are different. For example, the training data is a newspaper corpus and the test
data is a blog corpus.

One of the ways to achieve an accurate parser for the blog data is to construct a suffi-
cient amount of annotated blog corpus and to train a parser with the annotated corpus.



We propose two approaches for efficient corpus annotation: employing active learn-
ing, and exploiting coordinated structure annotation. The former reduces the number
of sentences to be annotated required to achieve a certain objective parsing accuracy.
The latter reduces the annotation cost for each sentence.

Once we constructed a certain amount of annotated blog corpus, we can apply the
stacking as a domain adaptation method. Kyoto Text Corpus, a large newspaper corpus,
is already available. We can exploit both of the corpora by stacking the first parser
trained with the large newspaper corpus and the second parser trained with the small
blog corpus. The first parser plays the role of parsing with general parsing rules and
the second parser plays the role of adapting to domain-specific rules.

1.3.1 Active Learning

Active learning, or active sampling, boosts construction of an accurate parser by
selecting training sentences to be annotated that maximize the impact to parsing ac-
curacy. Active learning is an application of the scores defined as the distances from
the hyperplane. We perform preliminary experiments of active learning for corpus
construction and show correlation between the scores and partial parsing accuracy.

1.3.2 Exploiting Coordinated Structure Annotation

There are other possibilities to boost efficiency in the annotation process of the Bal-
anced Corpus of Contemporary Written Japanese (BCCWI) [34], which we have been
constructing. We have been annotating dependency structures and coordinated struc-
tures separately. When constructing a corpus with dependency and coordinated struc-
tures, it is efficient to annotate coordinated structures first. This is because definition
of coordinated structures is more understandable than that of dependency structures,
and automatic coordination analysis is less accurate than dependency parsing. De-
pendency structure annotators work with the merged structure of dependency parser’s
output and coordinated structure annotation. Such sequential annotation keeps consis-
tency between dependency structure annotation and coordinated structure annotation.
This annotation order also enables annotators to grasp the structure of a long sentence
instantly by the given coordinated structure annotation.



The coordinated structure annotation are not fully exploited. We constructed a more
precise dependency parser using the constraints derived from the annotation. The con-
straints also detect dependency annotation errors.

1.4 Organization of the Dissertation

This dissertation is organized as follows. Chapter 2 describes an introduction to
Japanese dependency parsing, and Japanese corpora and classifiers used in experi-
ments. Chapter 3 surveys Japanese dependency parsing models and discusses what
characteristics are important for accurate dependency parsing. This chapter also in-
cludes related work in multilingual dependency parsing. Chapter 4 proposes the tour-
nament model for Japanese dependency parsing and show the model outperforms pre-
vious models. We then conduct error analysis of the parser’s output. Chapter 5 defines
the confidence score of dependency relations and evaluates the partial parsing perfor-
mance. The tournament model achieves higher partial accuracy than other models.
This chapter also shows that active learning using the scores reduces annotation cost.
Chapter 6 conducts experiments of stacking the tournament model on KNP. The tour-
nament model naturally incorporates co-occurrence information by stacking. We show
the stacked model outperforms its individual parsers even in a domain adaptation set-
ting. Chapter 7 proposes to integrate dependency parser’s and coordination analyzer’s
outputs using the dual decomposition algorithm. We show that such combination of
a parser and a coordination analyzer can improve accuracies of the both analyzers.
Chapter 8 proposes a method to boost efficiency of dependency structure annotation
by using coordinated structure annotation. We show the method significantly reduces
parsing errors and then annotation cost significantly reduced. The method also con-
tributes to efficient and high-quality annotation by detecting annotation errors. Chapter
9 lists our future work and Chapter 10 concludes this dissertation. Details of features
are shown in Appendix A. Examples of parsing errors are listed, and appropriateness
of annotations are evaluated in Appendix B.



Chapter 2

Data-driven Japanese Dependency
Parsing

2.1 Japanese Dependency Structure

There are several differences between Japanese dependency structures and those of
other languages. The main difference is that Japanese is a strictly head-final language.
In other words, the head of every bunsetsu in a Japanese sentence is one of the bunset-
sus located on the right of the dependent bunsetsu in the sentence. Another difference
is that the basic unit of Japanese dependency parsing is a bunsetsu', unlike other lan-
guages whose basic unit is a word.?

Figure 2.1 shows example sentences for comparison between Japanese and English
dependency structures. In the Japanese sentence, each box represents a bunsetsu. A
dependency relation is represented as a directed arc from a dependent bunsetsu to its
head bunsetsu. Although some authors draw the arcs from heads to their dependents,
we draw them from dependents to their heads since we regard a dependency relation as
a syntactic modification. In Figure 2.1(a), the head of “kare-wa’ is “hito-da”. We also
refer to the dependency as that the former depends on the latter, or the former modifies
the latter. On the other hand, in multilingual dependency parsing, many authors draw
an arrow from the head to a dependent, as shown in Figure 2.1(b). The artificial root

IThere are exceptions. Sassano and Kurohashi [56] conducted experiments of joint analysis of bun-
setsu chunking and dependency parsing. Mori [40] conducted parsing experiments with a word-based
dependency corpus.

>The CoNLL-2000 Shared Task [53], a workshop on chunking using an English corpus, was held.
The workshop considers chunking to be a useful preprocessing step for parsing. However, word-based
parsing is still the standard setting as in the CoNLL-2006 and 2007 shared tasks [1, 44].



head

dependent /\‘A

S % BELL N
kare-wa hon-wo yomanai hito-da.
He-TOP books-ACC doesn’t read man.

(a) “He isa man who doesn’t read books.”

head dependent

| * |[John | [ saw || a | [movie | [today| | that |[ he |[liked || . ]

(b) “John saw a movie todaythat he liked.”

Figure 2.1: Examples of Japanese and English sentences.

symbol (“*”) is always placed at the leftmost of the a sentence for convenience for
parsing algorithms. Hereafter, we will draw an arrow from a dependent to its head
even in an English dependency structure.

In dependency parsing research for English and other languages, a dependency
structure of a sentence is formalized as a graph G = (V,A) where nodes, or vertices,
V ={1,2,...,n} are words and arcs A = {(i1, ji),- .-, (ix, jx) } are dependency relations
[42]. Since dependency structures are formalized as directed graphs, a dependent and
its head are also referred to as a child and its parent, respectively. Similarly, in Fig-
ure 2.1(b), “movie”, “today” and “.” are siblings because they share the same parent
“saw”. Also, “liked” is a grandchild of “movie”, and the latter is the grandparent of the
former. They are also in an ancestor-descendant relation. A dependency parser should
output well-formed dependency graphs. Well-formedness is defined as the set of con-
straints to be satisfied. A well-formed dependency graph is a connected and acyclic
rooted tree.

In a similar manner, we define the constraints for Japanese dependency structures.
LetV ={1,2,...,i,...,n} be a Japanese sentence where i corresponds to i bunsetsu.
Similarly to the inverse direction of a dependency arrow, let (j,i) € A be a dependency
relation where j is a dependent and i is its head. Well-formedness with respect to
Japanese dependency structures is formalized as follows.

10



Definition (Well-formed Dependency Tree)

A dependency graph G = (V,A) is a well-formed dependency tree if and only if:

1. The node n is the root and the graph is connected, that is, there is
no node i such that (n,i) € A, and for every node j € V, there is a subset of arcs
{(j,i1),(i1,12),-- -, (ik—1,ix) } such that iy = n. (SINGLEROOTED)

2. Every node has at most one head, that is, if (j,i) € A then there is no node i’ such
that (j,i’) € Aand i # i'. (SINGLEHEAD)

3. Every arc goes left to right, that is, if (j,i) € A then they must satisfy j < i.
(HEADFINAL)

4. A dependency graph G = (V,A) is projective if and only if,
for every arc (j,i) € A and node k € V, if j < k < i then there is a subset of arcs
{(imsim—1),...(i2,i1), (i1,i)} such that i,, = k. (PROJECTIVE)

Parsers for many languages assume that correct dependency structures satisfy SIN-
GLEROOTED, SINGLEHEAD and PROJECTIVE constraints. Since Japanese is a strictly
head-final language, parsers for Japanese also assume that HEADFINAL constraint is
satisfied. While there are Japanese sentences violating the constraints, Japanese de-
pendency parsers usually assume that all input sentences to the parsers satisfy the con-
straints. There are few written Japanese sentences violating the constraints. Since the
unit of dependency parsing is a sentence, it is implicitly assumed that there is exactly
one correct dependency tree for a sentence. Moreover, it is also implicitly assumed that
which dependency tree is the correct one is never affected by any other surrounding
sentences.

Parsing algorithms whose output always satisfies PROJECTIVE constraint are re-
ferred to as projective algorithms. On the other hand, non-projective parsing algo-
rithms can output non-projective dependency trees, which violate PROJECTIVE con-
straint.

Because of the Japanese constraints described above, we can simplify the depen-
dency parsing as the task; for given bunsetsu sequence x = {by, by, ...,b, }, identifying
their corresponding head sequence D = {d;,d>, ...,d,}. Since the rightmost bunsetsu
does not have its head, we define d,, = ROOT for convenience, as much previous work
does. In this dissertation, we also adopt this formalization.

11



2.2 Japanese Corpora for Experiments

Kyoto Text Corpus

Most of our experiments were performed with Kyoto Text Corpus®, where Mainichi
newspaper articles and editorials written in 1995 were compiled. POSs and depen-
dency relations are annotated on the corpus.*

Figure 2.2 shows a sentence in the corpus. Most of the lines correspond to words,
such as the line beginning with “4#-”. The line consists of its lexical attributes:
lexical form, ruby, lemma, coarse-grained POS, fine-grained POS, inflection type and
inflection form. The character “*” indicates that the word does not have the attribute.
The corpus employs JUMAN’s> POS tag set. The corpus contains a few annotation
errors. For example, the correct ruby of “IU H” is not “ X A 232" (yongatsu) but “ L
73-2”(shigatsu). The corpus also contains dependency annotation errors. Some of the
errors are violations of the annotation guideline [311°.

A line beginning with “*” represents a bunsetsu boundary. The line includes the
ID of the bunsetsu, its head and label of dependency relation. Words that follow the
line belong to the bunsetsu. Although a bunsetsu ID is 0-origin, our formalization is
1-origin. The special bunsetsu ID “-1” at the head of the rightmost bunsetsu indicates
the ROOT. The corpus defines four labels of dependency relations; label D is for nor-
mal dependency relations; label A is for appositions; label P is for parallel relations
connecting conjuncts; label I is for certain relations inside of incomplete coordinated
structures.

Label A is used for paraphrase or exemplification. In the following two examples,
the first bunsetsu modifies the second bunsetsu with label A: “H By HEELAFE [4— b
E—t /L] 7 (a car magazine Automobile) and “8R177¢ & 4xFh&BI” (financial insti-
tutions such as banks).

Label P indicates coordinated structures by connecting the rightmost bunsetsus of

3The corpus has various names such as Kyoto Corpus, Kyoto University Corpus or Kyoto University
Text Corpus.

#Most of the annotations satisfy the constraints described above. The annotation guideline of Kyoto
Text Corpus [31] allows violation of PROJECTIVE constraint only for appositions. Except for apposi-
tions, there are very small number of relations violating the constraint. However, such annotations seem
to be appropriate.

>A morphological analyzer distributed at http://nlp.ist.i.kyoto-u.ac.jp/index.php?
JUMAN.

®http://nlp.ist.i.kyoto-u.ac.jp/nl-resource/corpus/KyotoCorpus4.0/doc/rel_
guideline.pdf
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# S-ID:950101010-030 KNP:96/10/27 M0OD:96/12/03
* 0 5D // this year,
A Z L L ox 44 FEfEAG * x
1T+ BhEa mIBLER * x
* 1 21 // in April
WU KA * 45 BGa * *
H 30 x BERRE 4 iiE4 s BEEE + *
(2 A * BhE KEBOER * o+
* 2 4P // nationwide local election
M & OV x fag HAELF] x *
G BlEH * 4wl i@ o« *
B HAT L o+ A AL + o+
* KRR BOAL * x
* 3 41 // in July
£ Aerp o A K o+
H 30 x BERFE A itE4 s BEEE * *
(21T = BhEda R&BhEe + *
* 4 5D // Upper house election

Bt AW x ZaEa EE4E x *
e AT L o+ A VAL + *

458 By REBA x
* 5 -1D // will be held .
by Y b5 B« FEBETT EAREHE

T OET « BRE BINEERH BERAE T A
Lk B A+ x

EOS

Figure 2.2: An example sentence in Kyoto Text Corpus. “This year, a nationwide
local election (will be held) in April and an Upper house election will be held in July.”
The first “will be held” is ellipted in the original Japanese sentence. The comment
beginning with ‘//’ is an English translation of the bunsetsu. We added the comments
for description.
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=

(a) kare-wa kao-wo arai ie-wo deta.
He-TOP face-ACC wash and house-ACC left .

e A -
(b) kare-wa kao-wo arai ie-wo deta.
He-TOP face-ACC wash and house-ACC left .

Figure 2.3: An example of label-P relation. (a) A straightforward dependency graph
representing the coordinated structure. (b) A well-formed dependency tree with a

label-P relation.

/’\{, ——————————
_ | | A EEA, _ | |BhREEN
P O L
(a) ’ i ﬁ (.h nationwide _.tﬁ I~ Upper house BYFT.
this year in April . inJuly . held .
local election , election
ID: 0 1 2 3 4 5

BRREN
sy, ||emic||EZREEA
Upper house
election

sm | |mg o | |EHRAEEL,
(b) nationwide

thisyear | [ in April local election held, inJuly

held .

HYFES,

Figure 2.4: An example of (a) an incomplete coordinated structure and (b) its com-

pleted representation by adding the ellipted constituent.
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conjuncts. Figure 2.3 shows an example sentence “kare-wa kao-wo arai ie-wo deta.”
(He washed his face and left the house.) If we do not consider the constraints described
above, it seems to be natural that expressing the sentence as the dependency graph
(a).” However, to satisfy the constraints, the annotator of the corpus set the relations as

b

shown in Figure 2.3(b). That is,“kare-wa” modifies only “deta.” and “arai’” modifies
“deta.”. The meaning implied by the dependency graph is that he did both washing
and leaving.

The coordinated structure shown in Figure 2.3 is a coordination of verb phrases.
Such a coordination is referred to as a predicate coordination, against a noun phrase
coordination. Annotations to such a label-P relation tend to ambiguous and inconsis-
tent in certain senses such as whether the two predicates are parallel (label P) or not
(label D).

Label I is employed when some of syntactic constituents are ellipted, as shown in
Figure 2.4. If the sentence was “S XU H ITHE— IS b 0 | LA ICSPige%
723& Y £9°, 7, anormal dependency relation would be annotated between “PU H [Z”
and “& ¥ . ” naturally, as shown in Figure 2.4(b). However, since “& ¥ | ” is ellipted
in the original sentence, label I was employed. For example, “PU 7 (2 modifies “#t—
1582675, , which is the rightmost bunsetsu of the conjunct “PU A [ Z#— 1 5138
ZEH,

We do not use the labels for most of experiments. The task is referred to as unlabeled

dependency parsing, which identifies only heads of bunsetsus. The task that identifies
both heads and labels is referred to as labeled dependency parsing.

Several versions of Kyoto Text Corpus have been released. Version 2.0 is smaller
than later versions: newspaper articles of January 1st to 10th (about 10,000 sentences).
Version 3.0 is larger: articles of January Ist to 17th and editorials of a year (about
40,000 sentences). Version 4.0 refined Version 3.0 and added semantic annotations.
Since we do not have Version 2.0, we use corresponding part of Version 4.0 in some
of experiments.

7Semantic analyses such as predicate-argument structure analysis employ such a representation.
That is, every predicate governs its arguments individually.
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EDR Corpus

EDR Japanese corpus® is used in several experiments conducted in previous work
summarized in Section 3.6. The corpus is compiled from texts such as magazines,
newspapers and an encyclopedia. Syntactic structure of a sentence is represented as
the form of an S-expression. Unlike Kyoto Text Corpus, the unit of an S-expression
is a word. However, a sentence in the corpus is usually converted to a bunsetsu-based
dependency structure.

Kyoto University-NTT Blog (KNB) Corpus

KNB corpus’ is used in the stacking experiments in Chapter 6. The corpus con-
sists of 249 blog articles of 4 themes: Kyoto sightseeing, mobile phones, sports and
gourmet. POSs, dependency relations and other several information are annotated. The
annotation criteria is same as Kyoto Text Corpus.

Balanced Corpus of Contemporary Written Japanese (BCCW)])

BCCWI is the balanced corpus which consists of wide range of sub-corpora such
as white papers (OW, for short), Yahoo! Chiebukuro'® Q&As (0C), newspapers (PN)
and books (PB).

We have been participating the project to construct BCCWJ. Our mission is to an-
notate dependency structures and coordinated structures on the corpus. Unlike Kyoto
Text Corpus, a coordinated structure is annotated not as a set of the special dependency
relations but as a set of spans of its conjuncts. In Chapter 8, we describe the annota-
tion criteria for BCCWJ and then we develop a method which exploits coordinated
structure annotation for efficient dependency structure annotation by reducing parsing
errors and detecting annotation errors.

$http://www2.nict.go.jp/r/r312/EDR/J_index.html

‘http://nlp.ist.i.kyoto-u.ac.jp/kuntt/index.php?FrontPage

10Tt is a web community where people ask questions and other people give answers. http:
//chiebukuro.yahoo.co. jp/.

16



2.3 Supervised Classifiers

In data-driven parsing, a parser learns parsing rules from a training corpus by using
supervised classifiers. A classifier is a machine learner to classify a given example into
one of several classes. A supervised classifier is trained using training data. A binary
classifier is a classifier whose classes are exactly two. The two classes of a binary
classifier are represented by “+1” and “-1”. A training example belonging to the class
“+1” 1s referred to as a positive example and a training example belonging to the class
“-1” is referred to as a negative example.

Most of features used in NLP tasks are binary features such as “whether the POS
of the leftmost word of the dependent bunsetsu is verb.” The corresponding element
is set to 1 in a feature vector if the question is yes and set to 0, otherwise. Typically,
most of values of a feature vector are 0. Therefore, a feature vector is often writ-
ten by enumerating activated features such as “dependent-rightmost-pos:verb,
candidate-rightmost-pos:noun”. Their feature values are not written explicitly
since all the values are 1.

Support Vector Machines (SVMs)

SVMs are binary classifiers based on margin maximization. A training example is
a pair of training feature vector x; € R" and its class label y; € {+1,—1}. When a set
of training examples (Xq,y1),--.,(Xn,yn) are given, an SVM learns a hyperplane that
maximizes the margin between positive and negative examples. The hyperplane is a
subset of feature vectors of training examples, with their learned weights. Such feature
vectors are referred to as support vectors. The hyperplane is the decision function f(x)
for a new example feature vector x:

f(x) =sign( Y. aiyiK(x,2;)+b)
z;€SV

where SV is the set of support vectors, a; is the weight corresponding to a support
vector z;j, and y; is its class label. The function

1 (x=0)

sign(x) =
®) |7x| (otherwise)

returns either +1 or —1. A kernel function K(x,z;) maps a feature vector into higher
dimensional space. Our experiments use the third degree polynomial kernel. The d'"
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degree polynomial kernel
K(x,z) = (x-z+1)!

allows a parser to incorporate combinations of up to d features implicitly. The signed
distance from the hyperplane

Y ayiK(x,2;)+b
z;€SV

is also useful for applications which consider the confidence of a classification.
We used one of the SVM implementations, TinySVM!!,

Maximum Entropy (ME) models

An ME model learns the weights of each feature w; subject to maximize the entropy
of the model satisfying the empirical probabilities of features. The probability that a
new example x belongs to a class y is

exp(w - ®(x))
Yyef+1,-1}exp(w- P(x))

P(ylx) =

where ®(x) is the feature vector representation of x. Unlike an SVM with a poly-
nomial kernel, the ME model does not automatically incorporate all possible feature
combinations. We need manual effort to incorporate effective feature combination.

Passive Aggressive (PA) Algorithms with Polynomial Kernels

PA algorithms are on-line learning algorithms similar to the perceptron algorithm.
Same as perceptrons, the class of a new example x is define as

£(x) = sign(w-D(x)).

Unlike perceptrons, PAs dynamically control the update rate in each iteration based on
a corresponding feature vector. PA-I and PA-II are variations with different updating
equations. Unlike SVMs, PAs do not implicitly combine features by using polynomial
kernels.

"http://chasen.org/~taku/software/TinySVM/
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Yoshinaga et al. [71] proposed to incorporate kernels to PAs. Since input and output

formats of an SVM and a PA with polynomial kernels can be identical, we can replace

112

SVMs with the PAs easily. The PAs in Yoshinaga’s implementation opal’“ are much

faster than SVMs.

120pal is distributed at http: //www.tkl.iis.u-tokyo.ac.jp/~ynaga/opal/. We used the ver-
sion released on October 28th, 2010.

He also released a Japanese dependency parser software jdepp at http://www.tkl.iis.u-tokyo.
ac.jp/~ynaga/jdepp/. The implemented parsing algorithms include the tournament model.
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Chapter 3

Previous Work

In this chapter, we survey Japanese dependency parsing models and discuss what
characteristics are important for accurate dependency parsing.

Dependency parsing is a structure learning task which is solved by decomposing it
into subproblems. An input to Japanese dependency parsing is a sequence of bunsetsus
and its output is a structure, that is, a dependency tree. Unlike classification tasks
such as document classification, it is unrealistic for a machine learner that a whole
sentence is passed by a parser as a single example, and then returns a dependency tree.
Therefore, dependency parsing of a sentence should be divided into subproblem:s.

The architecture of a data-driven dependency parser can be divided into the follow-
ing four elements:

e Factorization: how to decompose the task into subproblems, in other words,
what a unit of a classification is.

e Integration: the strategy to obtain the most appropriate dependency tree for a
sentence with the results of subproblems.

e (lassifiers: choice of classifiers to solve each subproblem.

e Feature templates: what information should be extracted from a bunsetsu or
other constituents corresponding to a subproblem, which has a great impact to a
parsing accuracy.

These elements are not independent each other. Designing a classifier-based pars-
ing algorithm means designing its factorization and integration methods. However, it
sometimes depends on a machine learner whether a parsing model can be implemented



Head selection Considering relative preference in training?
procedure No ‘ Yes
Preference-based absolute preference | indirect comparison
models (Section 3.1) | models (Section 3.3)
Classification-based transition-based direct comparison
models (Section 3.2) | model (Section 3.4)

Table 3.1: Classification of Japanese dependency parsing models.

naturally. It can improve the accuracy to adopt a high-performance machine learner or
appropriate feature templates which capture the property of the task.

We classify previous research into the four types of parsing models: absolute pref-
erence models, transition-based models, indirect comparison models and a direct com-
parison model. As shown in Table 3.1, these types of models are illustrated with two
axes: head selection procedure in parsing, and whether considering relative preference
between candidate heads in training. The preference-based head selection procedure
selects the most likely candidate head of a dependent, that is, it select the candidate
with the highest preference score. In contrast, the classification-based procedure se-
lects the head of a dependent by classifications. Models considering relative preference
learn that the correct candidate head of a dependent is more likely to be its head com-

pared to the other candidates.

3.1 Absolute Preference Models

An absolute preference model is a sort of preference-based models. Preference-
based models factorize the problem of dependency parsing of a sentence into sub-
problems which are based on the probabilities of how likely a pair of bunsetsu is in
a dependency relation. The models make an independence assumption; given an in-
put bunsetsu sequence x, the probability of a dependency tree y corresponding to x is
defined as the product of probabilities of each of dependency relations in y:

n—1

P(y\x) = HP(bj — bi|bj)

Jj=1
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where P(b; — b;|b;) is the probability that a dependent bunsetsu b ; modifies one of its
candidate head bunsetsu b; € C j.l The set C; is candidate heads of a dependent b;. In a
naive definition, C| is the set of all the bunsetsus located on the right of b;. Preference-
based models choose dependency relations subject to maximize the probability of a
dependency tree.

Absolute Preference Models and Relative Preference Models

How can we construct a model to estimate P(b; — b;|b;) when a pair of bunsetsus
bj and b; is given? A simple solution is to generate a positive training example if the
pair is in a dependency relation in a training data. Similarly, a negative example is
generated if the pair is not in a dependency relation. These training examples is for a
binary classifier and is generated for each instance of the bunsetsu pair in the training
data. Training examples are generated for all the bunsetsu pairs in a sentence in a same
manner.

Kudo and Matsumoto refer to the parsing model as the absolute preference model, in
contrast to their relative preference model [27], which we will describe in Section 3.3.
We use the word “absolute” in the sense that the absolute preference model estimates
how b; likely to modify b; from only the two bunsetsus. The model does not consider
the plausibilities of the other candidate heads. The absolute preference model is a
single-candidate model or a 2-tuple model in the sense that the model considers 2-
tuple of a dependent and a candidate at each classification.

The absolute preference model generates the training examples shown in Table 3.2
when the two training sentences shown in Figure 3.1 are given. Both the two sen-
tences generates the training examples whose dependents are kare-wa and candidates
are yomanai. However, their class labels are different. To avoid generating such con-
fusing training examples, a feature is necessary that expresses the difference of their
contexts. In this example, a period can be a clue. It is contained in the dependent of
the example 8 but is not contained in the example 2.

In contrast to the absolute preference model, relative preference model can parse
these sentences correctly. The model learns that hifo-da is more preferable to yomanai
as the head of kare-wa.

IWe use Jj for the index of a dependent bunsetsu and i for the index of a candidate head bunsetsu, as
Sassano [55] did.
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®IZ & FEFELL PNy
kare-wa hon-wo yomanai hito-da.
He-TOP books-ACC doesn’t read man .
(@) “He isa man who doesn’t read books.”
S A% BEELLY,
kare-wa hon-wo yomanai.
He-TOP books-ACC doesn’t read .

(b) “He doesn’t read books.”

Figure 3.1: Examples of Japanese sentences.

‘ Sentence ‘ Dependent | Candidate head | Class label

1 kare-wa hon-wo No
2 kare-wa yomanai No
3 (a) kare-wa hito-da. Yes
4 hon-wo yomanai Yes
5 hon-wo hito-da. No
6 yomanai hito-da. Yes
7 kare-wa hon-wo No
8 (b) kare-wa yomanai. Yes
9 hon-wo yomanai. Yes

Table 3.2: Generated training examples from sentences (a) “kare-wa hon-wo yomanai
hito-da.” and (b) “kare-wa hon-wo yomanai.” by the absolute preference model. The
class label “Yes” is the positive class and “No” is the negative class.

24



N

(a) kare-wa hon-wo mattaku yomanai
He-TOP books-ACC never doesn’t read .
focused-on
dependent

candidate heads

m

(b) kare-wa hon-wo mattaku yomanai
He-TOP books-ACC never doesn’t read .

Figure 3.2: Parsing the sentence “kare-wa hon-wo mattaku yomanai.” (“He never read
books.”) from right to left. The beam holds possible subtrees (a) and (b).

Projective Parsing with Beam Search by Absolute Preference Mod-
els

Sekine et al. [57] and Uchimoto et al. [65] proposed the absolute preference mod-
els which perform beam search. Beam search is an approximate search algorithm
that incrementally constructs a dependency tree with limiting the maximum number of
possible dependency subtrees which the algorithm preserves. Their models perform a
beam search from the end of sentence to the beginning of sentence® with considering
PROJECTIVE constraint.

The approximate search algorithm reduces the number of estimations and compar-
isons of preferences required to parse a sentence. That is, possible candidate heads
of a dependent are limited to ones which satisfy the PROJECTIVE constraint. An ex-
ample is shown in Figure 3.2(a). Their models perform a beam search from right to
left. Since the rightmost bunsetsu has no head, the beam search begins from the sec-
ond rightmost bunsetsu “mattaku”. Since the bunsetsu has only one candidate head
“yomanai”, a dependency relation is added between the pair. The third rightmost bun-
setsu “hon-wo” has two candidate heads, “mattaku’” and “yomanai”. The beam search

2We refer to this parsing order as right-to-left parsing.
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BL A dependent

candidate head

Figure 3.3: Types of dynamic features.

algorithm preserves the two possible subtrees shown in Figure 3.2. In other words, the
beam of the algorithm contains the two subtrees. The algorithm proceeds with each of
the two possibilities. In the final step, the focused-on dependent is the leftmost bun-
setsu “kare-wa”. The dependent has only two candidate heads if “hon-wo” modified
“yomanai” because adding the dependency relation from “kare-wa’to “mattaku” vi-
olates the PROJECTIVE constraint. The absolute preference model does not perform
the classification corresponding the pair. Compared to exact search algorithms, the
beam search algorithm reduces computation costs, especially for long sentences. The
time complexity of the beam search algorithm is O(bn?) for the number of bunsetsus
in a sentence n and a beam size b. A beam size is the maximum number of possible
dependency subtrees which the algorithm preserves.

Sekine et al. [57] reported that the parsing accuracy with the model hardly depends
on a beam size. In addition, its parsing accuracy decreased with beam sizes > 10. This
result shows that narrowing down the possibilities on each step of beam search can
improve the accuracy rather than the dependency tree with highest probability.

Deterministic Parsing by Absolute Preference Models

Parsing with the setting b = 1 is referred to as deterministic parsing. The setting
b =1 1s widely used because the time complexity is lowest and the parsing accuracy is
comparable to the accuracy with best beam size. The time complexity becomes O(n?).
In deterministic parsing, a parser selects the most probable candidate head for each
focused-on dependent:

dj = argmax.cc;P(bj — c|(bj,c)).

To implement the probabilities, Sekine et al. [57] and Uchimoto et al. [65] used an ME.
Kudo and Matsumoto [24] used an SVM. The latter outperformed the former in their
parsing accuracy. While an SVM is not a probabilistic classifier, they regularized a
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(a) watashi-wa kare-ga kanojo-ni
I-TOP he she

hon-wo kaeshita
book-ACC returned .

karita
borrowed

I returned the book which he borrowed from her.

 —

watashi-wa kare-ga kanojo-ni
(b) I-TOP he she

kaeshita
returned

hon-wo karita
book-ACC borrowed .

| borrowed the book which he returned from her.

Figure 3.4: Two similar sentences.

distance from the hyperplane into the range of probability by using a sigmoid function
o (x) =tanh(x); 0 < o(distance) < 1.

Although deterministic parsing with PROJECTIVE constraint reduces computation
costs, the problem of error propagation may arise. That is, an incorrect decision can
make following decisions incorrect. In right-to-left parsing, if a parser selected a can-
didate head located on the right-hand-side of the correct head, correct heads of some
dependents may be covered by the incorrect dependency relation. Such dependents
cannot modify their correct heads in later steps.

Kudo and Matsumoto [24, 25] proposed to incorporate dynamic features, which
are features corresponding to already-determined dependency relations. As shown in
Figure 3.3, they proposed the three types of dynamic features: A, B and C. The dy-
namic feature A corresponds to dependents of the focused-on dependent. The dynamic
feature B corresponds to dependents of a candidate head. The dynamic feature C cor-
responds to the head of a candidate head. We separate the dynamic feature B into B,
and Bg based on whether the dependent is located on the left or right of the focused-on
dependent. Available dynamic features depend on a parsing order. For example, the
dynamic features Bg and C are available for a right-to-left parsing. The other dynamic
features are not available because their heads have not been identified yet. An incor-
rect decision may also be harmful for parsers with dynamic features in the sense that
parsers will see wrong contexts.

27



Disadvantages of Absolute Preference Models

An absolute preference model have two disadvantages. First, its procedures of train-
ing and parsing are not consistent. The model learns a binary classification problem
whether a pair of bunsetsus is in a dependency relation. In contrast, in parsing, the
model compares absolute preferences of candidate heads and chooses the most prefer-
able one. Since the training procedure does not designed for comparing preferences,
the two procedures are consistent if and only if only one candidate is classified as the
positive class and the others are classified as the negative class. However, it may oc-
cur that no candidate, or two or more candidates are classified as the positive class.
The second problem is its low context discriminative performance. The model looks
at only a dependent and a candidate head when it estimates the strength of their pref-
erence. However, the preference for a candidate may depend on the context in it. For
example, the two sentences shown in Figure 3.4 are exactly the same except for the
positions of the two verbs: “karita” and “kaeshita”. The absolute preference model
cannot discriminate the two sentences.>

Tamura et al. [60] proposed a solution for the former problem by using the technique
of error correcting codes. An SVM classifies whether each pair of bunsetsus is in an
ancestor-descendant relation. Then, the results are integrated with error corrections

based on hamming distances or other distance functions.*

Farther-Modify-Between Model

Uchimoto et al. [64] proposed a model based on the classification with three classes.
The three classes are defined with respect to the relative position of the correct head,
given a dependent and a candidate head: the correct head is farther than the candidate
(farther), the candidate is the correct head (modify) , and the correct head is between
the dependent and the candidate (between). The probability of a dependency relation

30ur discussion supposes that we use only the features corresponding to a dependent and a candidate
head, and ignores dynamic features or contextual features such as the information of bunsetsus between
a dependent and a candidate head. One reason is to simplify the discussion. Another reason is that
providing such features are sometimes harmful. Providing a large amount of features often confuses a
machine learner and then the parsing accuracy often falls.

4They also conducted an experiment with signed distances which an SVM output. They employed
the cosine distance as the distance function. The accuracy outperforms that with hamming distances.
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is estimated as follows:
i—1
P(bj — bi‘<bj,bi>) = P(modify\(bj,bi» X H P(farther|<bj,bk))
k=j+1
n
X H P(between|(b;,by)).
k=i+1
The model can discriminate the two sentences shown in Figure 3.4. Suppose the
focused-on dependent is “kare-ga” and the focused-on candidate is “karita’. The two
candidate heads “hon-wo” and “kaeshita” belong to the class between in the sentence
(a). In contrast, the candidates belong to the class farther in the sentence (b). There-
fore, the probabilities P(kare_ga — karita|(kare_ga,karita)) will be different in the
two sentences.

3.2 Transition-based Models

Kudo and Matsumoto [25] proposed a deterministic parsing model which uses an
SVM as not a preference estimator but just a binary classifier. Unlike preference-
based models, the model performs a binary classification whether two bunsetsus are
in dependency relation, in both its training and parsing. Such models are referred
to as transition-based models or deterministic incremental models [42]. The models
are more deterministic than absolute preference models. The transition-based models
add a dependency relation when the SVM decided that the two bunsetsus are in a
dependency relation, without considering the other candidates. The models perform
the transition action corresponding to a decision of the SVM.

Kudo and Matsumoto’s model [25] is referred to as cascaded chunking model (CC
model). The model iteratively chunks each neighboring bunsetsu pair if the SVM
judged that the pair is in a dependency relation. A parsing example is shown in Figure
3.5. Parsing begins from the beginning of a sentence. The first decision is whether
the two neighboring bunsetsus “kare-wa” and “hon-wo” are in a dependency relation.
The SVM estimates there is no relation. Then the SVM examines the pair “hon-wo”
and “mattaku” and there is also no relation. The next pair “mattaku’ and “yomanai” is
decided that there are in a dependency relation without any SVM classification because
“yomanai” is the rightmost bunsetsu. When parsing reaches the end of a sentence, the
model removes the bunsetsus which satisfy a certain condition, from the workspace.
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2 |
1. kare-wa hon-wo mattaku yomanai
0
’ - -y [ ‘
2. kare-wa hon-wo mattaku yomanai
D
3. kare-wa hon-wo mattaku yomanai
0]
, - -y - ‘
4. kare-wa hon-wo yomanai
D
5. kare-wa hon-wo yomanai
D
— —
6. kare-wa yomanai

Figure 3.5: Parsing example of the sentence ‘“He never read books.” by the CC model.
“D” represents that the pair of two bunsetsus is in a dependency relation. “O” repre-
sents that it is not. The model parses the sentence in the six steps.

Suppose b'; is the 7' bunsetsu® in the workspace and d’ is its head, and d} = —1
denotes that its head have not been determined. Additionally, suppose dj, = —1. The
model removes all the bunsetsus b’ such that d; # —1 and d;_; = —1. The only
bunsetsu “mattaku” satisfies the condition. The condition is derived from PROJECTIVE
constraint. The removed bunsetsu “mattaku” never be the head of any bunsetsus in
later parsing steps because its immediate left bunsetsu “hon-wo” will modify farther
bunsetsu than “mattaku’”. The model iterates such steps and results a dependency tree.
Note that a pair such as “kare-wa” and “hon-wo” can be estimated twice or more.
However, it may not be redundant if dynamic features are incorporated because the

5The index of the leftmost bunsetsu is 1.

30



Stack  _ _ __ InputQueue Action:
yd g
kare-wa hon-wo mattaku yomanai Shift
— L e ;
kare-wa hon-wo mattaku yomanai Shift
il —
3. kare-wa hon-wo mattaku yomanai Reduce
/ ?
4. kare-wa hon-wo yomanai Reduce
( ﬂ
5. kare-wa yomanai Reduce

Figure 3.6: Parsing example by the SR model. The model parses the sentence in five
steps.

decisions may be changed.

Sassano [55] proposed a shift-reduce-like transition-based model (SR model). A
parsing example is shown in Figure 3.6. The model employs a stack and an input
queue. At the beginning of parsing, only the leftmost bunsetsu “kare-wa” is in the
stack and the others are in the input queue. An SVM decides that whether the stack-top
bunsetsu “kare-wa” and the queue-top bunsetsu “hon-wo” is in a dependency relation.
Because the decision is “no”, the model performs the Shift action, which pushes the
queue-top bunsetsu into the stack. For the next pair, “hon-wo” and “mattaku”, the Shift
action is also performed. Since the pair “mattaku’” and “yomanai” is in a dependency
relation, the Reduce action is performed. The Reduce action adds a dependency rela-
tion between them and removes the stack-top bunsetsu “mattaku”. A sequence of such
decisions construct a dependency tree.

Deterministic parsing reduces the time complexity to parse. The SR model parses a
sentence in exactly 2n — 3 steps for the number of bunsetsus n: n — 2 Shift actions and
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n— 1 Reduce actions. The time complexity of the model is O(n). The time complexity
of the CC model is O(n?). However, it is empirically close to O(n).

In the transition-based parsers, their training example generation algorithms are ex-
actly the same as their parsing algorithms. That is, training examples are generated
also by performing a sequence of actions. The only difference is that the parsers refer
the gold-standard data in training. The models generate smaller number of training
examples than absolute preference models. The former is O(n) and the latter is O(n?).
The former is a subset of the latter.

Transition-based parsers overcome one of the two disadvantages of absolute pref-
erence models. Unlike absolute preference models, the transition-based models use
an SVM as just a classifier, and the methods of training and parsing are consistent.
However, the problem of error propagation still remains.

There is another interpretation of the binary classification which the transition-based
models perform. The models examine a nearer candidate head of a dependent earlier
than a farther candidate. Therefore, the two classes of a classification correspond to the
modify and farther classes of Uchimoto’s model [64]. This parsing order, which sat-
isfies the PROJECTIVE constraint, is based on the heuristic that a dependency relation
tend to be short.®

3.3 Indirect Comparison Models

All models presented above perform the binary classification: whether a pair is in

a dependency relation.’

However, such models may confuse a classifier when two
training examples are conflicted. That is, feature vectors of two training examples are
exactly the same but their class labels are different. That is, one is 41 and the other
18 —1. In most cases, a reason of a conflict is that an SVM makes a decision without
considering the other candidates.

Note that the heuristic of the transition-based models can avoid conflicts. The
transition-based models do not generate inconsistent training examples from the sen-
tences shown in Figure 3.4. The models learn the rule that “kare-ga” can modify both

“karita” and “kaeshita”. However, the opposite rules are not learnt because “kare-ga”

 About 60% of bunsetsus modify their immediate right bunsetsus in gold-standard data.
"Uchimoto’s model [64] is slightly different. However, the following discussion is also applicable to
the model.
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is already removed when the model generates an example from a pair of a bunsetsu
and the rightmost bunsetsu.

Kudo and Matsumoto [27] proposed a relative preference model which estimates the
preference for a candidate based on the set of all the candidates of a dependent. The
model employs an ME model as its machine learner. Absolute preference models learn
the preference between a dependent and a candidate independently of the other candi-
dates. In contrast, in training, the relative preference model maximizes the probability
of the correct candidate, given the set of candidates. Its parsing algorithm is as same
as absolute preference models. Since there are no class labels in the relative preference
model, a label conflict never occurs.

A conflict in the relative preference model occurs with a certain 3-tuple (d,{cy,c2})
where d is a dependent bunsetsu and ¢y and c; are its candidate heads. The 3-tuple
(kare_ga,{karita,kaeshita}) in the two sentences of Figure 3.4 is an example of such
a case. In the two sentences, the set of candidates of the dependent “kare-ga” is exactly
the same. Therefore, the relative preference model cannot learn that which of ¢ and ¢,
is more preferable. However, there are few such symmetric sentences. The number of
conflicts in the relative preference model is expected to be quite small compared to the
binary classification-based models because they cause a conflict by a certain 2-tuple
(d,c).

Yamamoto and Masuyama [70] pointed out that the traditional distance feature does
not discriminate precise distance between a focused-on dependent and a candidate
head. The traditional distance feature is defined as a bucket feature, that is, a dis-
tance is categorized into either of the three buckets: 1 (they are neighboring), from
2 to 5 bunsetsu distant (2-5), or 6 or more bunsetsu distant (6+). In Figure 3.4, the
distances between “kare-ga” , and both “karita” and “kaeshita” belong to the bucket
2-5. Although their actual distances are different in (a) and (b), the feature failed to
discriminate them. A naive solution is to introduce a fine-grained distance feature:
a feature for the distance 1, a feature for the distance 2, a feature for the distance 3,
and so on. However, it raises data sparseness problem. It is also the reason that the
traditional distance feature is defined as a bucket feature.

They focused on a preference rule of rule-based dependency parsers that a depen-
dent modifies its nearest possible candidate head. According to the rule, the absolute
distance between a dependent and a candidate is not essential. The relative distance
between them is important to incorporate the rule.

They extended the relative preference model so as to take into consideration the
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relative distance between candidates. Recognition of relative distances is realized as
comparison of two candidates with a position feature. In comparison, the value of a
position feature is “L” if the candidate is located on the left-hand side of the other
candidate. The value is “R”, otherwise. The feature weights w of the relative distance
model is trained for all j and ¢ € C;\ {d;} subject to, if d; is located on the left-hand-
side of ¢,

w-F((bj,dj),L) >w-F((bj,c),R)
otherwise,
W'F(<bj,dj>,L) < W-F(<bj,c>,R).

In parsing, the most likely candidate of a dependent is selected by a series of com-
parisons. The comparisons form a step-ladder tournament. The model is similar to our
model which we will present in Section 4.

3.4 Direct Comparison Model

All models presented above are single-candidate models. Given a dependent and a
candidate head, the models assign a score or select a transition action.

In contrast, Kanayama et al. [16] proposed a model which restricts the number of
candidate heads at most three, and then selects the best candidate by a single classifi-
cation. Unlike the relative preference model, which compares candidate heads through
their scores, the model compares candidates directly. The model first reduces the num-
ber of candidates by a head-driven phrase structure grammar (HPSG). If the number
of candidates of a dependent is reduced to two, its head will be chosen by the 3-tuple
model:

P(bj — Cn) = P(l’l|q)(bj,01,C2))

where b; is the dependent, and ¢ and ¢, are the candidates reduced by the HPSG.
The candidate c; is located on the left-hand-side of ¢,. Similarly, if the number of
candidates of the dependent is reduced to three, its head will be chosen by the 4-tuple
model:

P(bj — cp) = P(n|®(bj,c1,c2,¢3))
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where b; is the dependent, and c, ¢, and c3 are the candidates reduced by the HPSG.
The candidate c; is the leftmost and c3 is the rightmost candidate among the three.
If reduction by the HPSG results four or more candidates, a heuristic performs a fur-
ther reduction. That is, the 4-tuple model will be applied to the three candidates: the
leftmost two candidates and the rightmost candidate. Their experiments showed that
the heuristic reduction limits the upper bound of parsing accuracy to 98.6%. That is,
1.4% of correct candidate heads cannot be selected due to the heuristic. However, the
loss of accuracy is probably not really a matter because the accuracy of state-of-the-art
parsers, which is around 90%, is relatively lower than 98.6%. In addition, the de-
pendency relations which are not selected by the heuristic tend to be difficult to parse
correctly and parsers probably fail to identify their correct heads.

The reduction plays the essential role of avoiding the data sparseness problem. We
could construct a naive direct comparison model which selects the most probable can-
didate among all candidates in a single classification without any reduction of candi-
dates. That is, the model trains a 3-tuple model, a 4-tuple model, a 5-tuple model, and
so on. However, it is an unrealistic idea because this implementation will cause a seri-
ous data sparseness problem. For example, a training example of the 9-tuple model is
generated from a dependent which has eight candidates. However, there are few such
dependents, and it is hard to learn which features are useful for classifications because
the number of features becomes quite large. Therefore, a method such as an HPSG is
necessary in practice which reduces the number of candidates to a constant number.

The direct comparison model has two inseparable advantages. First, the model con-
siders relative positions of candidates. In the above equations, the features ®(-) are
extracted with preserving relative positions of the candidates, that is, which candidate
is the leftmost and which candidate is the rightmost. Relative positions can discrim-
inate confusing contexts. In the example sentences shown in Figure 3.4, “kare-wa”
modifies the nearer verbs in both sentences. The model can parse such sentences cor-
rectly by learning the rule that “in such a case, the head of the dependent is the nearer
verb.”

The second advantage is high discriminative performance of contexts. Note that
while the following discussion is applicable to both the 3-tuple and the 4-tuple mod-
els, we will discuss the 3-tuple model as a representative. The number of conflicts in
the 3-tuple model is smaller than that in 2-tuple models, such as absolute preference
models or the transition-based models. In the 3-tuple model, a conflict of training
examples occurs only when a certain 3-tuple (d,cy,cy) is given. Unlike the relative
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preference model, such examples conflict each other only if their class labels are dif-
ferent, and their feature vectors are the same. The 3-tuples (kare_wa, karita, kaeshita)
and (kare_wa,kaeshita,karita) never conflicts in the direct comparison model while
the relative preference model causes a conflict in the sentences.

Requiring an HPSG can be a disadvantage of the model. Manual grammar construc-
tion cancels the advantage of data-driven parsing of easy domain adaptation.

Single Candidate Model with Dynamic Feature C vs. Direct Com-
parison Model

Single-candidate models with the dynamic feature C can be regarded as a 3-tuple
model. Since the dynamic feature corresponds to the head of a focused-on candidate
head, the head can be regarded as the second candidate head of the focused-on depen-
dent. However, compared to the 3-tuple model in the direct comparison model, the
dynamic feature may provide no useful information for a classification of whether the
pair of bunsetsus are in a dependency relation. On the other hand, the second candidate
¢y of the 3-tuple model (d,c;,c;) cannot be useless because the model performs the
classification of which of ¢; and c; is the more likely candidate. If we regard depen-
dency parsing as the task of selecting the best candidate head of a dependent among
only strong candidates®, the direct comparison model is a direct solution. In contrast,
it is an indirect solution that shows the second candidate as the dynamic feature. The
second candidate shown as the dynamic feature is not likely to be a strong candidate.

Providing useless features to a classifier can cause the overfitting problem. As de-
scribed above, a conflict is caused with the training examples whose feature vectors are
exactly the same but class labels differ. However, in practice, it is rare that two feature
vectors are equivalent because of contextual features such as features corresponding to
bunsetsus between a dependent and a candidate. Therefore, a conflict can be caused
with training examples whose features are similar but class labels differ. If their unique
features express the reason why their class labels differ, there is no conflict. A unique
feature is a feature which is not commonly included in the two training examples. Even
if their unique features do not express the reason, a classifier will assume that one of
the unique features is the reason of the difference. It is impossible to make a correct de-

$Most of candidates of a dependent are never selected as its head in any context for some reasons
such as their POSs. On the other hand, we refer to the candidates which can be selected in some contexts
as strong candidates.
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watashi-wa kare-ga hon-wo nakushita koto-wo shitta.
I-TOP he-TOP book-ACC lost that-ACC knew .

focused-on focused-on  dynamic its correct

dependent candidate  featureC head

Figure 3.7: A typical case that the dynamic feature C works well. “I knew that he lost
a book.”

cision without showing the bunsetsus which are necessary to recognize the difference
of the two contexts, even for human. While lack of information causes conflicts, it is
an inappropriate solution for a classifier to provide plenty of contextual features. The
classifier cannot estimate which feature is useful for classifications and then parsing
accuracy will fall seriously.

According to the discussion, the direct comparison model is one of the best solutions
that avoid conflicts with minimum number of features. In most cases, strong candidates
are covered by an HPSG.

A typical case that the dynamic feature works well is for embedded sentences. An
example is shown in Figure 3.7. The sentence “kare-ga hon-wo nakushita”(he lost a
book) is embedded. When the focused-on dependent is “watashi-wa” and the focused-
on candidate is “nakushita”, the dynamic feature enables to see “koto-wo”. Then, a
single candidate model recognizes that “nakushita” is not the end of sentence but the
end of an embedded sentence. With the clue, the model will decide that the pair of
bunsetsus are not in a dependency relation and the correct head is probably farther
away.

When both the focused-on candidate and its head are verbs, the dynamic feature can
also work well as the second candidate. A parser recognizes there are at least two verbs
and make a decision by comparing plausibilities of the candidates.
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3.5 Related Work in Multilingual Dependency Parsing
Literature

The shared tasks on multilingual dependency parsing took place at CoNLL-2006 [1]
and CoNLL-2007 [44]. Many language-independent parsing models were proposed
there. The shared task on joint learning of syntactic and semantic dependencies for
English is also held at CoNLL-2008 [59].

There are two major types of dependency parsing models: transition-based and
graph-based models. Transition-based models are similar to the classification-based
models presented in Section 3.2. Yamada and Matsumoto [67] proposed a shift-reduce-
like O(n?) transition-based model. Nivre et al. [41, 47] also proposed a shift-reduce-
like O(n) transition-based model. These transition-based models are for projective
languages.

Nivre’s model is enhanced for non-projective languages. Nivre and Nilsson [46]
transforms a non-projective dependency tree into a projective tree and encodes non-
projective information as dependency labels in preprocessing. The projectivized tree is
input into a projective dependency parser, and its output is inverse-transformed. Nivre
[43] proposed another solution: introducing the Swap action, which swaps two words
inside of the stack.

Goldberg and Elhadad [9] proposed an easy-first transition-based parser. Unlike
Nivre’s parser, the parser is not restricted to left-to-right parsing. The model is slightly
similar to the CC model; it iteratively chunks neighboring words in its workspace.
Scores corresponding to dependency arcs are assigned to all neighboring word pairs,
for each of left arc and right arc. The parser assigns the dependency arc whose score
is the highest. The time complexity of the algorithm is O(logn) because of O(n) heap
insertions. However, the time complexity is virtually O(n) because score calculation
from a feature vector, which is the most time-consuming O(1) processing, are per-
formed O(n) times.

Huang and Sagae [11] proposed a non-deterministic transition-based model. They
showed dynamic programming is applicable to a certain sort of transition-based de-
pendency parsers. The key of efficiency of their model is merging “equivalent” states
and performing beam search. Equivalence between states is judged by small number
of kernel features.

A graph-based model was proposed by McDonald et al. [37] which is based on
searching of maximum spanning trees (MSTs) by the Chu-Liu-Edmonds algorithm [5,
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Figure 3.8: Summary of factorizations in and their time complexities of MST parsers
for multilingual dependency parsing. A box is a word.

8]. The model factors the score of a dependency tree into the sum of scores of each
dependency relations. The model first assigns scores for every pair of a dependent and
each of its candidate heads, then obtains the best dependency tree, which maximizes
the sum of scores of dependency relations. While the model assigns a score to each
candidate dependency relation considering only a dependent and its candidate head,
McDonald and Pereira [36] proposed to assign a score which considers a dependent,
its candidate head and a sibling of the dependent. Carreras [2] proposed to consider
also its grandchild. The original MST-based parser is referred to as first-order MST
and the other two improved versions are referred to as second-order MST. Koo and
Collins [22] proposed a third-order MST model which incorporates grand-sibling and
tri-sibling interactions. Figure 3.8 summarizes the time complexities to decode the
highest-scored dependency tree, and the subtrees which each of the MST parsers can
assign features to.

Several methods were proposed that intend to improve parsing accuracy by a combi-
nation of several parsers. Sagae and Lavie [51] proposed a method to combine parsers’
outputs by searching the MST of the graph such that the score of each arc corresponds
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Type ‘ Model ‘ Time ‘Classiﬁer Acc2  Acc3
Absolute | S&U [57, 65] ([25, 27]) | O(n?) ME 87.14  90.93

preference Kudo [24] ([25]) 0(n?) SVM 89.09 -
Uchimoto [64] ([27]) | O(n?) ME 87.93  91.09
Transition Kudo [25] ([27]) 0(n?) SVM 89.29  91.23

-based Sassano [55] O(n) SVM 89.56 -
Indirect Kudo [27] 0(n?) ME - 91.37
Yamamoto [70] 0(n?) PA - 91.60

Direct Kanayama [16] * ME (88.33)* -

Table 3.3: Summary of Japanese dependency parsing models. The columns represent
the type and author of the parsing model, its time complexity, the classifier, and the
parsing accuracies with Kyoto Text Corpora Version 2.0 and 3.0, respectively. Cita-
tions in parenthesis are the papers which reported the accuracy of the model with the
corpora. S&U means Sekine and Uchimoto’s model.

to the number of the dependency parsers which assigned a dependency relation be-
tween the pair of words. The method guarantees to obtain a well-formed dependency
tree which maximizes the number of votes. Nivre and McDonald [45] proposed a sim-
ple combination method of two parsers. The second parser incorporates the output
of the first parser as features such as the feature that whether there is a dependency
relation between the two words in the first parser’s output. The stacking method sig-
nificantly improves parsing accuracy, especially when the two parsing models are very
different. Martin et al. [35] performed further experiment of the method. A transition-
based parser and a graph-based parser are usually employed as the first and the second
parsers of the method.

3.6 Summary

Table 3.3 summarizes the Japanese dependency parsing models presented in this
section. Most models were evaluated with Kyoto Text Corpus Version 2.0. The cor-
pus was separated into three parts: 7,958 training sentences, 1,246 test sentences and
the rest development sentences. Kudo and Matsumoto [27] evaluated four models with
Kyoto Text Corpus Version 3.0: 24,263 training sentences, 9,278 test sentences and the
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rest development sentences. Since Kyoto Text Corpus is a corpus compiled from news-
paper articles and editorials, articles and editorials are blended in all parts. Features
depend on each of experiments; not only parsing models but also feature templates
have been refined.

The direct comparison model [16] was trained with approximately 190,000 sen-
tences of EDR corpus. Parsing accuracy on Kyoto Text Corpus Version 2.0 is 87.08%
and that on 3,372 sentences of EDR corpus is 88.33%. Since Kyoto Text Corpus is
out-of-domain data and EDR is in-domain data for the trained model, the accuracy on
EDR is probably fairer to compare with other models. The time complexity of the
model depends on that of the HPSG parsing algorithm. The time complexity without
the HPSG parsing is O(n) because the number of candidates is constant.
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Chapter 4

Japanese Dependency Parsing Using a
Tournament Model

In this chapter, we present a tournament model for Japanese dependency parsing.
The model is a sort of the direct comparison-based models described in Section 3.4;
it considers relative preference in training, and selects the head of a dependent by
classifications.

The tournament model was first introduced by lida et al. [14] for coreference resolu-
tion. The model chooses the most likely candidate in a step-ladder tournament, which
is a sequence of one-on-one games between candidate referents for a given anaphoric
expression. In each game, the winner is chosen by a binary classifier such as an SVM.

Yamamoto and Masuyama [70] employed the tournament for the Japanese depen-
dency parsing model which compares preferences of two candidate heads with consid-
ering their relative positions.

We also applied the tournament model to Japanese dependency parsing. Figure 4.1
illustrates a tournament. The focused-on dependent bunsetsu is “kare-wa”, and the
candidate heads are the three bunsetsus on its right-hand side: “hon-wo”, “yomanai”
and “hito-da”. The first game is “hon-wo” vs. “yomanai”. Then the next game is the
winner of the first game vs. “hito-da”. The winner of the second game (i.e., “hito-da’)
is chosen as the most likely candidate of the dependent, “kare-wa”. In the tournament
model, the most likely head of a given bunsetsu is determined by a series of one-on-one
games in a tournament.

Below, we present training and parsing algorithms of the tournament model in Sec-
tions 4.1 and 4.2. Then, we discuss the advantages of the model in Section 4.3. Ex-
periments conducted in Section 4.4 compare the tournament model to the previous
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Figure 4.1: An example of a tournament.

models. We conduct quantitative and qualitative error analyses in Section 4.5. Finally,
we present applications of the tournament model to multilingual dependency parsing
in Section 4.6.

4.1 Training Example Generation Procedure

As shown in Algorithm 1, for each dependent, the model generates training exam-
ples for all pairs of its correct head and all other candidate heads. In the example
generation, the procedure does not take into account PROJECTIVE constraint; all bun-
setsus located on the right of the focused-on dependent are candidate heads.

Table 4.1 shows all the examples generated from the two sentences shown in Figure
3.1. As we discussed in Section 3.1, since 2-tuple models generate training examples
in the form of (dependent, candidate), the examples generated from the pair (kare-wa,
hito-da) are conflicted. On the other hand, the examples generated by the tournament
model do not contain such inconsistency.
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Algorithm 1 Training example generation procedure of the tournament model.

1:
2:
3:

10:
11:
12:
13:

R A

{N: The number of bunsetsus in input sentence }

{gold_head[j]: bunsetsu j’s head in training data}

{gen(},i1,i2,LEFT): generate an example where bunsetsu j is a dependent of il

and is not a dependent of i2}

{gen(},i1,i2,RIGHT): generate an example where bunsetsu j is a dependent of i2

and is not a dependent of i1}

for j=1toN—1do
h = gold_head[j]

fori=j+1toh—1do

gen(j,i,,, RIGHT)

end for

fori=h+1toNdo
gen(j,h,i,LEFT)

end for
end for

Sentence ‘ Dependent | Left candidate Right candidate | Class label

(a) kare-wa hon-wo hito-da. RIGHT
(a) kare-wa yomanai hito-da. RIGHT
(a) hon-wo yomanai hito-da. LEFT

(b) kare-wa hon-wo yomanai. RIGHT

Table 4.1: Generated training examples from the two sentences in Figure 3.1. The col-

umn “Dependent” is the focused-on dependent. Left candidate is the nearer candidate

head. Right candidate is the farther candidate head.
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Figure 4.2: Tournament pairing schemes: (a) games are performed from left to right,
or (b) from right to left.

4.2 Parsing Algorithm

The tournament model has quite wide freeness in its parsing steps. We introduce
one of the tournament algorithms in which dependents are picked from right to left,
and the games in a tournament are performed from left to right. The two tournament
pairing schemes shown in Figure 4.2 correspond to the latter options. Also, this parsing
algorithm takes into account PROJECTIVE constraint.

PROJECTIVE constraint is easily met. When the model enumerates the candidate
heads for a focused-on dependent, the model only considers the candidates which do
not introduce any crossing of dependency relations.

This algorithm is shown in Algorithm 2. The overall parsing process moves from
right to left. On selecting the head of a dependent, the heads of all of the bunsetsus
located on the right of the dependent have already been decided. In Algorithm 2, the
array “head” stores the parsed results and ensures that only non-crossing candidate
heads are taken into consideration.

Note that the structure of the tournament has little effect on the parsing accuracy
(< 0.1) in our preliminary experiments which we will present in Section 4.4.4. We
tried the 2 x 2 options: whether the dependents are picked from right to left or from
left to right, and whether the games in the tournament are performed from right to left
or from left to right. We choose the most natural combination for Japanese dependency
parsing, which is easiest to implement.

Variations of Parsing Algorithm

As described above, the tournament model has quite wide freeness in its parsing
steps. Focusing on the order of picking up dependents, as shown in Figure 4.3, left-to-
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Algorithm 2 Parsing algorithm of the tournament model.
1: {N: The number of bunsetsus in input sentence }

: {head[j]: (analyzed-) head of bunsetsu j}

. {classify(j,i1,i2): ask SVM which candidate (i1 or i2) is more likely to be head of
J- Return LEFT if i1 wins. Return RIGHT if i2 wins. }

: head = {2,3,...,N-1,N,EOS}

: for j =N —1 downto 1 do

h=j+1

1 = head[h]

while i # EOS do

if classify(j,h,i) == RIGHT then

10: h=i

11: end if

12: i = head[i]

13:  end while

14:  head[j]=h

15: end for

16: return head

W N

D A A

(a) VZORYEORNO

(b)

Figure 4.3: The order of picking up dependents: (a) left-to-right, or (b) right-to-left.
Their identification order of dependency relations are drawn by the digits in circles.
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right parsing is relatively top-down! and right-to-left parsing is relatively bottom-up?
because the former identifies outermost relations first, and the latter identifies inner-
most relations first. If a model uses already-determined dependency relations as dy-
namic features or performs projective parsing, right-to-left parsing seems to be better.
The parsing order first identifies short relations, whose accuracy is relatively high.
However, their available dynamic features can also determine which parsing order is
better. As described in Section 3.1, available dynamic features depend on the parsing
order.

If the tournament model considers PROJECTIVE constraint, time complexity of the
left-to-right parsing is O(n?) and that of the right-to-left parsing is O(n?). As Algo-
rithm 2 does, the right-to-left parsing enumerates all candidate heads by traversing the
outermost dependency relations. In contrast, since the left-to-right parsing cannot per-
form such an enumeration, it maintains the matrix that each element (j,i) represents
whether b; can modify b;, instead. Therefore, time complexity of left-to-right parsing
is O(n?).3

4.3 Advantages

The tournament model has two advantages compared to previous models. The model
reduces the number of candidates in a classification without any grammar. Moreover,
the classification problem is easier to solve.

Although characteristics of the tournament model is quite similar to the direct com-
parison model, a difference lies in the method to reduce the number of candidates. The
direct comparison model uses an HPSG, which limits the upper bound of parsing accu-
racy. In contrast, the tournament model restricts the number of candidates of a game to
exactly two by factorizing the direct comparison of all candidates into a series of one-
on-one games. A tournament plays a role of strong candidate extractor instead of the
HPSG in the direct comparison model. If there are at least two strong candidates, what
the tournament model performs is almost the tournament among the strong candidates.
Both the 3-tuple model in the direct comparison model and the tournament model are

IConstructing a dependency tree from the root to leaves.

2Constructing a dependency tree from leaves to the root.

3However, most of the parsing time is dominated by calculations in machine learners. The time for
maintenance of the matrix is little. The main reason why the left-to-right parsing often spends more time
than the right-to-left parsing is the number of classifications, rather than its time complexity, O(n?). The
right-to-left parsing with PROJECTIVE constraint effectively reduces the number of candidates.
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Strong preference

) Weak preference (b)

Figure 4.4: Ordering of the scores in the relative distance model. (a) The inequation
s(d,by,L) > s(d,by,R) is derived based on transitivity. (b) No partial ordering is de-
fined between s(d,b;,L) and s(d, by, R).

twin-candidate models. Therefore, exactly the same games will be performed by the
two models if there are two strong candidates. If there are three strong candidates,
which model is better: the 4-tuple model and the tournament model? It is the trade-off
between data sparseness and context discriminative performance. Discriminative per-
formance of the 4-tuple model is higher than the tournament model because of the third
candidate. However, the model requires more training examples for learning sufficient
parsing rules.

The binary classification which the tournament model performs is an easier problem
than that performed by certain 2-tuple models such as absolute preference models and
the transition-based models. As described in the discussion about the dynamic feature
C, a binary classification of the direct comparison model is an easier problem than the
binary classification whether a pair is in a dependency relation. The information of
the second candidate cannot be useless for a classification because the classification is
“which candidate is better?” The tournament model factors the problem of selecting
the best candidate head into a series of easy binary classification problems.

Comparison to Relative Distance Model

Our model is similar to Yamamoto and Masuyama [70]’s model. Both the models
can recognize relative positions of candidates and choose the most likely candidate by
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a series of comparisons of two candidates. Our model is a classification-based twin-
candidate model which can be interpreted as factorization of the direct comparison
model. Their model is a preference-based single-candidate model which was derived
as an extension of the relative preference model.

A difference of the two models in characteristics is appeared when they make a
classification for an unknown candidate pair, which did not appear in their training data.
In such a case, the tournament model makes a classification relying on generalization
power of SVMs. In contrast, the relative distance model makes a classification based
on transitivity of ranking constraints of scores. We refer to the inequations which
the relative distance model learns as ranking constraints in the sense that a set of the
inequations represents partial ordering among strengths of preferences for candidates.
However, since a score is a scalar, the partial ordering is mapped into a total ordering.

Suppose each of two candidate head bunsetsus b1 and b, of the dependent d is known
but the pair of candidates is unknown. That is, in training, the tournament model gen-
erated examples for the 3-tuples (d,b;,b3) and (d,bs,b;) but there were no examples
such that (d,b;,b;). Note that we denote w- F((d,b;),L) as s(d,b;,L). Similarly,
for example, the relative distance model generated the ranking constraints of scores
such that s(d,b;,L) > s(d,bs,R) and s(d,bs,L) > s(d,by,R) but there were no direct
ranking constraints between s(d,b;,L) and s(d,b,R).

If the dependent d and the candidates b; and b, are appeared in parsing, the relative
distance model estimates which candidate is better based on transitivity of their scores.
For example, as shown in Figure 4.4, the model can derive the inequation s(d,b;,L) >
s(d, by, R) if the model learned the ranking constraints such that s(d,b1,L) > s(d, b3, R),
s(d,b3,R) > s(d,bs,L) and s(d,bs,L) > s(d,by,R). Such inference can be performed
only if certain intermediate candidate pairs such as b3 and b4 were appeared in the
training data. If there were no such candidate pairs, the scores s(d,b;,L) and s(d,b,,R)
are caluculated with no ranking constraints. However, the model makes a classification
based on the scores even if no partial ordering is defined between the scores.

The relative accuracy of the two models depends on the appropriateness of the tran-
sitivity assumption and the mapping scheme from partial ordering into total ordering.

Yamamoto and Masuyama [70] conducted experiments for comparing their relative
distance model and our model with the features which CaboCha, a Japanese depen-
dency parser software, employs. The two models are comparable in their parsing ac-
curacies. With the polynomial kernel expended representation (PKE) [26], their model
is more compact than our model in the sense that the number of features tend to be
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smaller and its parsing speed tends to be faster. PKE is an approximate method for fast
combinational feature computation by ignoring combinational features whose weight
or the number of occurrences is sufficiently low. Accuracy of our model tend to de-
crease by ignoring a combinational feature even if its weight is quite small.

Since our model directly considers two candidates, our model can be more accurate
than their model. In their report, our model is more accurate for dependency relations
whose distances between their dependents and heads are 1. Especially, our model tends
to successfully parse dependency relations corresponding to idioms; when the focused-
on dependent and the left candidate head in our model captures two bunsetsus which
may constitute an idiom, the model can decide whether it is an idiom or not by consid-
ering the right candidate head, and then make an appropriate decision. For example,
an idiomatic translation of “(noun)fo shite” is “as” but its non-idiomatic translation
is “do with (noun)”. Another example is “sakunen(last year) juunigatsu(December)”;
“sakunen” modifies “juunigatsu”. If the sentence did not include “juunigatsu”, the
bunsetsu “sakunen” would modify a verb.

4.4 Experiments

4.4.1 Settings

Corpus

We implemented the tournament model, the SR model [55] and the CC model [25]
with SVM classifiers. We evaluated dependency accuracy and sentence accuracy on
Kyoto Text Corpus Version 4.0. Dependency accuracy is the percentage of correct
dependencies out of all dependency relations. Sentence accuracy is the percentage of
sentences in which all dependencies are determined correctly. Dependency accuracy
is calculated excluding the rightmost bunsetsu of each sentence.* Sentences that con-
sist of one bunsetsu were not used in our experiments. Sentences that consist of two
bunsetsus were used but no classifications or score comparisons will be performed.

We used January 1st to 8th (7,587 sentences) for the training data. We used January
9th (1,213 sentences), 10th (1,479 sentences) and 15th (1,179 sentences) for the test
data. These numbers of sentences exclude the sentences consisting of one bunsetsu.

4Most research such as Kudo’s [27] used this criteria.
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Support Vector Machines

We use TinySVM as the binary classifier. We employed the third degree polyno-
mial kernel for its kernel function. The cost of constraint violation was set to 1.0.
These SVM settings are the same as previous research [25, 55]. All experiments were
conducted on Dual Core Xeon 3GHz x 2 Linux machines.

Features

Here we describe the features used in our experiments. Note that for the tournament
model, the features corresponding to candidates are created for each of the nearer and
the farther candidates. We define the information of a word as the following features:
lexical form, coarse-grained POS tag, full POS tag and inflection form. We also define
the information of a bunsetsu as the word information of each of syuji and gokei of
the bunsetsu. Sywji is the head content word of a bunsetsu, defined as the rightmost
content word”. Gokei is the representative function word of a bunsetsu, defined as the
rightmost function word®.

The information of a bunsetsu also includes the existence of punctuations or brack-
ets, the indicator functions of whether the bunsetsu is the leftmost bunsetsu in the
sentence, and whether it is the rightmost bunsetsu in the sentence.

We classified our features into the three groups: standard, additional and case par-
ticle features. The standard feature has been used in much previous research. The
additional feature was introduced by Sassano [55]. The case particle feature was in-
troduced by us [15]. The features corresponding to an already-determined dependency
relation are referred to as dynamic features, and the other features are referred to as
static features. The standard and the additional features are static features, and the
case particle features are dynamic features. Whether a dynamic feature is available for
a parsing algorithm depends on its parsing order. Details of features are described in
Appendix A.

The standard features are the following: information of the dependent and the can-
didate heads, the distance between the dependent and the candidate heads (1, 2-5 or 6+
bunsetsus), all punctuations, brackets and all particles between the dependent and the
candidate heads.

3 A content word is a word whose POS is neither symbol, particle nor suffix.
A function word is a word whose POS is not symbol.
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Model ‘ Features Jan. 9th Jan.10th Jan. 15th
Tournament | Standard | 89.89/49.63 89.63/48.34 89.40/49.70
All 90.09/49.71 90.11/49.02 90.35/52.59
SR [55] Standard | 88.18/45.92 88.80/44.76 88.03/47.24
All 89.22/47.90 89.79/47.87 89.55/49.79
CC [25] Standard | 88.17/45.92 88.80/44.76 88.00/47.24
All 89.22/47.90 89.80/47.94 89.53/49.79

Table 4.2: Dependency accuracy and sentence accuracy [%] using 7,587 sentences as
training data.

The additional features are the following: all case particles in the dependent and
the candidate heads, information of the leftmost word in the candidate heads, and the
lexical form of every candidate head’s neighboring bunsetsu on the right.

The case particle features are the following: all case particles appearing in the can-
didates’ dependent. These features are intended to capture the correlation between the
case particles in the dependent. The dependent and a candidate’s dependent become
siblings if a dependency relation is established between the dependent and the candi-
date. When the candidate head is a verb, the features have a similar effect to learning
case frame information.

4.4.2 Parsing Accuracy with Small Data Set

Table 4.2 summarizes the parsing accuracies of our model and previously proposed
models. By McNemar test (p < 0.01) on the dependency accuracies, the tournament
model significantly outperforms the other models except for the SR model on January
10th data with all features (p = 0.083) and the CC model on January 10th data with all
features (p = 0.099). The difference between the tournament models with all features
and with the standard feature only is significant except for on January 9th data (p =
0.25).

Our model outperforms the SR model, which achieved the highest dependency ac-
curacy for January 9th of Kyoto Text Corpus Version 2.0. Sassano [55] reported the
accuracy of the SR model as 89.56%.” Since we do not have the outputs of Sassano’s

"This accuracy in Sassano [55] is not on Kyoto Text Corpus Version 4.0 but Version 2.0. It cor-
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Feature ‘ Model ‘ # Step Time[s] ‘ # Example # Feature  # SV

Tournament | 26,438 300 374,579 56,169 42,079

Standard | SR [55] 15,582 63 94,669 37,179 29,830
CC [25] 18,879 80 112,759 37,179 30,728
Tournament | 26,396 406 374,579 157,057 46,043

All SR [55] 15,641 87 94,669 90,972 34,443
CC [25] 18,922 107 112,759 90,972 35,251

Table 4.3: Parsing times and the sizes of the training examples. Each column represents
the feature set, the parsing model, the number of SVM classification steps, parsing time
in seconds, the number of training examples, the number of features, and the number
of support vectors, respectively.

experiments, we cannot apply a McNemar test between the tournament model and Sas-
sano’s results. Our model outperforms Sassano’s results in dependency accuracies, but
the difference between these two is not significant by prop test (p = 0.097).

When we add the additional and the case particle features, the improvement of the
tournament model is less than that of other models. This is interpreted as that our
model can consider richer contextual information within the model itself than other
models.

This result also shows that the accuracies of the SR model and the CC model are
comparable when their features are same. However, this does not mean that their
substantial powers are comparable because their parsing orders limit their available
dynamic features.

4.4.3 Parsing Speed

Table 4.3 shows the times to parse all sentences of January 9th and the sizes of the
training examples. The column “# Step” represents the number of SVM classification
steps in parsing all sentences in the test data. The time complexities of the tournament
model and the CC model are O(n?) and that of the SR model is O(n). The tournament
model requires 1.7 times more SVM classification steps and is 4-5 times slower than
the SR model. The reason for this difference in steps (x1.7) and time (x4-5) is the

responds to Acc2 in Table 3.3. The feature set of Sassano’s experiment is also different from our
experiment.
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number of support vectors and features in the SVM. Since the number of training
examples is quite large, the SVM model in the tournament model is more complex and
the number of its support vectors is larger than SVMs in other models.

4.4.4 Variants of Parsing Algorithm

As noted in Section 4.2, the tournament model has quite wide freeness in its pars-
ing steps: the order to pick up dependents, the pairing scheme of tournament games,
and whether PROJECTIVE constraint is assumed. We varied these settings and com-
pared their accuracies. We also varied whether to incorporate the case particle features,
which are the only dynamic features. The result is shown in Table 4.4. Note that if
we incorporate neither the case particle features nor PROJECTIVE constraint, each de-
pendency relation is independent each other. Thus, the choice of the order to pick up
dependents has no effect on the parsing result.

Differences in the accuracies are small: most of them are around 0.1%. The best
setting in parsing accuracy is assuming PROJECTIVE constraint, picking up dependent
from right to left, pairing tournament from right to left and incorporating the case
particle features across all the test data. Using the case particle features improves the
accuracies in most settings but the improvement is small. Note that we can share a
single SVM among settings if we do not use the case particle features or we do not
change the order to pick up dependents. This is because the availability of the dynamic
features By, or Bg (defined in Section 3.1), corresponding to the case particle features,
depends on the order to pick up dependents: the dynamic feature By is available only
if the order is left to right and By, is available only if the order is right to left.

4.4.5 Comparison to Relative Preference and Relative Distance
Models

We conducted another experiment under the same settings as Kudo’s [27] to com-
pare the tournament model and the relative preference model. The corpus is Kyoto Text
Corpus Version 3.0 since Kudo and Matsumoto [27] used this corpus. The training
data is the articles from January 1st to 11th and the editorials from January to August
(24,263 sentences). The test data is the articles from January 14th to 17th and the ed-
itorials from October to December (9,287 sentences). We did not perform parameter
engineering with the development data, although Kudo and Matsumoto [27] performed
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Feature ‘ Order ‘ Pair ‘ Proj. ‘ Jan. 9th Jan. 10th Jan. 15th
All — — | Yes | 89.96/49.55 90.06/48.95 90.11/50.98
No | 89.90/49.38 90.06/48.68 90.12/50.89
— | Yes | 89.97/49.05 90.18/49.09 90.18/51.15
No | 89.94/48.89 90.17/48.88 90.19/50.98
— — | Yes | 90.09/49.71 90.11/49.02 90.35/52.59
No | 90.10/49.79 90.08/48.95 90.29/52.16
+— | Yes | 90.11/49.63 90.19/49.43 90.42/52.67
No | 90.11/49.46 90.18/49.29 90.39/52.33
Std&Add | — — | Yes | 90.02/49.79 90.06/49.22 90.09/50.89
— 90.04/49.38 90.13/49.09 90.14/50.89
— — 90.01/49.79  90.06/48.95 90.12/50.89
— 90.04/49.55 90.14/49.02 90.21/51.06
- — | No |90.01/49.71 90.06/48.95 90.12/50.81
— 90.03/49.30 90.11/48.88 90.17/50.72

Table 4.4: Accuracies when we varied several options. Each column represents the
feature set (all, or standard and additional), the order to pick up dependents (—: left
to right, <—: right to left), the pairing scheme of tournament games, whether the PRO-
JECTIVE constraint is assumed, and accuracies for the three test data, respectively.

Model ‘ Features | Dep. Acc. Sentence Acc.
Tournament All 91.96 57.44
Relative distance [70] All 91.80 56.88
SR [55] All 91.48 55.67
CC [25] All 91.47 55.65
Relative distance [70] ([68]) | Kudo’s [27] 91.60 56.33
Combination [27] Kudo’s [27] 91.66 56.30
Relative preference [27] Kudo’s [27] 91.37 56.00
CC [25] Kudo’s [27] 91.23 55.59

Table 4.5: Dependency and sentence accuracies [%] with the training data of 24,263
sentences with all features. The model “Combination” is the combination model of the
CC and the relative preference models.

56



it. The criteria for dependency accuracy are the same as the experiments above. How-
ever, in this subsection, a sentence accuracy is evaluated with all sentences regardless
of their sentence lengths, as Kudo and Matsumoto [27] did.

The results are shown in Table 4.5. Note that Kudo and Matsumoto’s [27] and
our feature sets are different.® Only the CC model is evaluated with both the feature
sets. Our feature set looks better than Kudo’s. By McNemar test (p < 0.01) on their
dependency accuracies, the tournament model outperforms both the SR and the CC
models significantly. Since we do not have the outputs of the relative preference mod-
els, we cannot apply a McNemar test between the tournament model and the relative
preference models. By prop test (p < 0.01) on their dependency accuracies, our model
significantly outperforms the relative preference model. Though the tournament model
outperforms the “combination” model which Kudo and Matsumoto [27] proposed in
their dependency accuracies, the difference between these two is not significant by
prop test (p = 0.014).°

We also implemented the relative distance model with Ranking SVM!?. By McNe-
mar test (p < 0.01) on the dependency accuracy, the tournament model significantly
outperforms the relative distance model. The tournament model have the advantage
that the model directly considers two candidate heads.

Note that Kudo’s experiment employed an ME model as a machine learner. It has
shorter training time than an SVM. However, an ME model requires feature combina-
tion engineering, while an SVM automatically considers combinations of features by
polynomial kernels.

8The best feature set depends on a parsing model. Incorporating a feature sometimes decreases its
parsing accuracy. For the tournament model, Kudo’s [27] dynamic feature C decreases its accuracy. In
contrast, Sassano’s [55] dynamic feature A is also beneficial for the tournament model with left-to-right
parsing; the dynamic feature corresponds to the immediate left bunsetsu of the focused-on dependent,
and the feature is incorporated only if the bunsetsu modifies the focused-on dependent. Note that we
did not use these dynamic features in experiments.
Yamamoto and Masuyama evaluated their relative distance model not only with Kudo’s [27] features
[68] but also with the features which CaboCha’s feature extraction script outputs [70].
9The “combination” model is the combination of the CC model and the relative preference model.
In Kudo’s experiment, whereas the relative preference model outperformed the CC model for long-
distance dependency relations, it is reversed for short-distance relations. They determined the optimal
combination (the threshold was set to bunsetsu length 3) with the development set. In our experiment,
the tournament model outperforms the CC and the SR models for relations of all lengths. Therefore, the
tournament model does not need such an ad hoc combination.
10We used SVM'8 an implementation of SVMs.
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4.5 Parsing Error Analysis

We conduct both quantitative and qualitative parsing error analyses of the output of
the tournament model.

4.5.1 Frequency-based Error Analysis

In this subsection, we analyze parsers’ outputs and illustrate what kind of depen-
dency relations tend to cause a parsing error. The target data is the output of the
tournament and the CC models generated in the experiment in Section 4.4.2. The tar-
get data is all sentences of January 9th, 10th and 15th. We ignore the rightmost two
bunsetsus of each sentence because there are always correct.

Dependency Labels

First, we analyze the target data focusing on their dependency labels: D, P, A and
L. In all the experiments in Section 4.4, we never use the labels for both training and
testing. However, there will be a bias. For example, it is said that a coordinated
structure is hard to parse correctly.

Table 4.6 shows the numbers of bunsetsus and their accuracies for each label. The
distribution of labels in the training data is similar to that in the test data. The distribu-
tion of labels is strongly biased: about 90% of dependency relations have the label D.
Characteristics of a pair which is in a dependency relation depend on its label. If there
are a small number of bunsetsus which have a certain label, it is hard for a parser to
learn the characteristics of the label. The tournament model outperforms the CC model
in labels D, P and I. In particular, in label P, the difference between them is about 2%.

The reason of this great improvement can be that the tournament model can see both
sides of the left candidate. That is, the tournament model implicitly estimates whether
the two candidates are in a parallel (label P) relation. The tournament model can
recognize that the current context is likely to be a coordinated structure. In contrast,
the CC model cannot recognize it implicitly because the model is a single-candidate
model.

The CC model is more accurate for label A. The reason may be that the tournament
model needs more training examples than the CC model because the former is a twin-
candidate model and the latter is a single-candidate model.
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Label ‘ #(Train) #(Test) ‘ Tournament CC
D 53,363 28,282 90.34 89.76

P 5,462 2,683 77.23 75.29
A 242 345 75.36 75.94
I 190 60 41.67 26.67

Total | 59,257 31,370 88.96 88.25

Table 4.6: Accuracy and distribution classified by dependency labels. D: normal
dependency, P: parallel (coordination), A: apposition, I: incomplete coordination.
“#(Train)” is the number of instances of corresponding label appeared in the training
data. “#(Test)” is that in the test data.

For label I, the tournament model outperforms the CC model. The reason is probably
similar to that of label P. Dependency relations with label I are unnatural dependency
relations, as we will discuss in Section 8.1.2. Thus, a pair of bunsetsus with label I can
be in a dependency relation only in an incomplete coordinated structure. Moreover,
since there is quite few dependency relations with the label I, the training examples
corresponding to such relations are rarely applicable to parsing a new dependency re-
lations. Since the CC model decides whether a pair of bunsetsus is in a dependency
relation, the model will decide that a pair of bunsetsus with gold-standard label I is
not in a dependency relation. As a result of such decisions, the model attaches the
dependent of label-I relation to the rightmost bunsetsu or a farther candidate which is
plausible as the head of a label-D relation, because the model examines closer candi-
date heads first. In contrast, the tournament model may recognize existence of depen-
dency relation whose label is I by recognizing that current context is in an incomplete
coordinated structure.

Distance between Dependent and Candidate Head

Table 4.7 shows the analysis focusing on the distance between a dependent and its
correct head. Distance 1 means they are neighboring. About 60% of Japanese bun-
setsus modify their neighbors on the right. Such bunsetsus are relatively easy to parse
and their accuracy is high. The longer a distance, the lower its accuracy. However, the
accuracy of very long relations such as “20+” is relatively high because the rightmost
bunsetsu of a sentence is one of the popular heads in Japanese dependency structures.
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Distance ‘ #(Train) #(Test) ‘ Tournament CC

1 34,632 18,666 96.49 95.67
20+ 207 116 84.48 83.62
2-3 13,861 7,056 80.16 79.71

15-19 463 289 77.16 77.16
4-5 4,841 2,478 75.87 75.42
8-9 1,330 773 74.90 75.29

10-14 1,497 732 74.73 72.13
6-7 2,426 1,260 72.38 71.83

Table 4.7: Accuracy and distribution classified by dependency distance between a de-
pendent and its head. The distance bin “20+” means “20 bunsetsues or more.”

Parts of Speech

Table 4.8 shows the analysis focusing on the syuji'! POS of a dependent. The tour-
nament model is more accurate for adjectives, nouns and verbs. The CC model is more
accurate for demonstratives, adnominals, conjunctions, adverbs and no-syuji bunset-
sus!2. The POSs for which the tournament model is better are relatively frequent ones.
The reason may be that a twin-candidate model requires more training examples than
single-candidate models to exploit its performance.

Unknown Words

We focus on to what extent the accuracy depends on whether syuji words of a de-
pendent and/or candidate bunsetsus are unknown. If the words are known, that is, the
words appeared in the training data, a classification can be performed using their lexical
information. Otherwise, a classification should be performed by using coarser features
such as POSs. For every sentence in the training data, we extract all pairs of syujis
(sj,si) as known pairs where s; is the syuji of j* bunsetsu and j < i. Note that while
the tournament model considers all such pairs when it generates training examples,
the CC model may not consider some of the pairs because the model deterministically
generates training examples.

"n this analysis, POSs that cannot be syuji are not only symbols, particles and suffixes but also
copulas and auxiliaries.
12There are bunsetsus containing no word satisfying the condition to be syuji.
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Dependent POS ‘ #(Train) #(Test) ‘ Tournament CC

TE45 ] adjective 2,772 1,571 91.73 91.02
¥ %A demonstrative 1,288 698 90.97 91.12
H{KF adnominal 168 121 90.08 92.56
4457 noun 41,496 21,515 89.93 89.09
HE#9ia conjunction 517 265 87.92 88.30
5] verb 11,221 6,142 85.66 84.96

fill 7 adverb 1,686 986 83.37 84.08

No syuji 109 72 79.17 81.94

Table 4.8: Accuracy and distribution classified by dependent POS.

Known ‘ #(Train) #(Test) ‘ Tournament CC

DH 59,255 8,396 90.26 89.80
Dh,dH 2 13,447 89.14 88.23
dH 0 4,110 88.69 88.37
dh 0 1,240 87.18 85.65
Dh 0 4,177 86.55 85.88

Table 4.9: Accuracy and distribution classified by unknown words.

Table 4.9 shows the analysis focusing on whether the syujis of a dependent and/or
a candidate are unknown. Hereafter, we use the term “a bunsetsu is unknown” as
“the syuji of a bunsetsu is unknown”. When a syuji is unknown, there are two cases:
the POS of the syuji is known, or its POS is also unknown. The column “Known”
in the table represents whether their syujis are unknown or not. If both the focused-
on dependent and its correct head are known, it is denoted as DH. If the focused-on
dependent is known, but its correct head is unknown, and the POS of the dependent’s
correct head is known, it is denoted as Dh. The two are opposite each other: Dh and
dH. If there are training sentences satisfying Dh and dH but there were no sentence
satisfying DH, it is denoted as Dh,dH. If both syujis are unknown but both POSs are
known, it is denoted as dh.'?® There were no bunsetsus which their POS are unknown.

The result matches our intuition that unknown word degrades the accuracy of a clas-

3 There are two Dh,dH sentences in the training data because of annotation mistake. Their heads are
annotated to be themselves.
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sification. The accuracy of DH is more than 1% higher than the others. However, 1%
is not quite a large difference. The reasons may be that not only syuji but also gokei
play important roles for a classification, and there are difficult examples that cannot
be classified without contextual features other than the information of dependent and
head bunsetsus.

A surprising point is that dh wins Dh with the tournament model. That is, if the head
of a dependent is unknown, the dependent should be also unknown. Notice that since
the term “head” here is the correct head, the other candidate heads may be known.
When the syuji are unknown, a classification will be performed by using coarser fea-
tures such as POSs. It is important for high-accuracy dependency parsing to compare
strong candidates and then select the best one. Therefore, if a candidate head is un-
known and there are several unknown strong candidates whose POSs are identical to
that of the correct head, it is hard for the tournament model to discriminate and select
the best candidate. In another case, if the correct head is unknown and the other strong
candidates are known, the tournament model may select an incorrect strong candidate.

Table 4.10 shows the analysis focusing on unknown syujis and labels. The criteria
whether a syuji is unknown is the same as Table 4.9, that is, whether a syuji is unknown
does not depend on its label. The tendency of the label D is similar to Table 4.9 but that
of the rest labels are dissimilar. For the label P, syujis should be unknown especially for
head bunsetsus. Since our experiments never consider labels and D is the most frequent
label, a resulting SVM model is specialized for parsing label-D relations. Another
interpretation is that since there are not sufficient training examples corresponding to
label P, a resulting SVM model classifies an example based on not lexical forms but
other features such as POSs or commas. All labels have the tendency that if the head
of a dependent is unknown, the dependent should be also unknown. For label A, while
difference among DH, Dh and dh are small, the accuracies of Dh,dH and dH are quite
low. For label I, it is hard to interpret the tendency because there are few examples.

4.5.2 Typical Errors

In this subsection, we present several examples of typical parsing errors. We will
present not full dependency trees of example sentences picked up from Kyoto Text
Corpus but their subtrees around the focused-on dependency relations.
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Label Known ‘ #(Train) #(Test) ‘ Tournament CC
D DH 53,361 7,706 91.41 91.15

D dH 0 3,695 90.61 90.34
D Dh,dH 2 12,194 90.50 89.73
D dh 0 948 89.66 88.50
D Dh 0 3,739 87.51 86.76
P dh 0 265 79.62 77.74
P Dh 0 362 78.45 78.45
P Dh,dH 0 1,084 77.68 74.91
P DH 5,462 610 76.72 74.10
P dH 0 362 73.76 73.48
A DH 242 72 84.72 84.72
A Dh 0 64 84.38 85.94
A dh 0 19 84.21 84.21
A Dh,dH 0 144 69.44 70.83
A dH 0 46 63.04 60.87
I DH 190 8 62.50 37.50
I dh 0 8 50.00 12.50
I Dh 0 12 41.67 33.33
I Dh,dH 0 25 40.00 32.00
I dH 0 7 14.29 0.00

Table 4.10: Accuracy and distribution classified by labels and unknown words.
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Nakauchi-Isao-kaichou- kishadan-to gonengo-wo
ken-syachou-wa with reporters 5 years later-ACC
CEO Isao Nakauchi -TOP l
medo-ni
- over
Kobe-shinai-de | _ - kondan-shi,
in Kobe city met and, / :
/ nenpousei-wo
/ the annual salary
_.’ ’ system-ACC
-,

dounyuu-suru
introduce

/

kangae-wo
(that)

akirakani-shita.
declared .

Figure 4.5: An example sentence which contains parsing errors corresponding to
renyoh chuushi-ho. Each box is a bunsetsu. A solid arrow is a correct dependency
relation and a dotted arrow is an incorrect dependency relation which was output by
parsers. The arrow with “P” is a parallel dependency (label P). The others are normal
dependencies (label D).

VP modifies VP

Kurohashi and Nagao [30] pointed out that long sentences often contain coordinated
structures. Especially, they often contain a predicate coordinated structure, which is
constructed as a sequence of conjunctive predicate clauses by using the form of renyoh
chuushi-ho. Figure 4.5 is the dependency tree of the sentence:

Japanese: TS EHMEIX MATANT fEEHE WKL, HFEZE O
iz FEfE AT EBExx LML,

Roman: Nakauchi-Isao-kaichou-ken-shachou-wa Kobe-shinai-de kishadan-to kondan-
shi, gonengo-wo medo-ni nenpousei-wo dounyuu-suru kangae-wo akirakani-shita.
English: CEO Isao Nakauchi met with reporters and declared that the annual salary
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kodomotachi-to
with children
hanashinagara, kazoku-de
over chatting with the whole family

tanoshinndehoshii
\ hope to enjoy

\ hon-da.
isa book .

Figure 4.6: An example sentence which contains a parsing error corresponding to an
embedded sentence.

system will be introduced over 5 years, in Kobe city.

The spaces in the Japanese sentence and the Roman transliteration are bunsetsu bound-
aries. The bunsetsu “kondan shi,” is an example of renyoh chuushi ho; the predicate
ends with renyoh form. While the correct head of “Kobe-shinai-de” is “akirakani-
shita”, parsers decided that its head is “kondan-shi”. The difference in their meanings
is whether Mr. Nakauchi did only meeting (kondan) or did both meeting and declara-
tion (akirakani-shita), in Kobe city. It is an attachment problem that which activities
were done in Kobe city. This example is easy to parse by human because of the tem-
poral argument “over 5 years”. However, there are more difficult cases. Such cases are
either truly ambiguous cases or cases that need wider context for decisions.

Commas (., ) tell areader that the bunsetsu with comma modifies not the nearest pos-
sible candidate head but a farther bunsetsu. Therefore, commas are significant clues
in Japanese dependency parsing. However, when parsing a long sentence, a comma is
not sufficient to narrow down candidate heads because there are several strong candi-
dates which are far from its dependent. In addition, to what extent a comma makes a
dependency relation longer may depend on the author of a text.
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Embedded sentence

If a sentence contains an embedded sentence, the head of a bunsetsu often ambigu-
ous: whether the dependent modifies the rightmost predicate of the embedded sen-
tence, or one of its subsequent bunsetsus. Figure 4.6 is the dependency tree of the
sentence:

Japanese: Ffii7=H L& FELZNDH,  FKRT ELATHELWL K72,

Roman: kodomotachi-to hanashinagara, kazoku-de tanoshindehoshii hon-da.
English: It is a book which I hope you to enjoy with the whole family over chatting
with children.

The embedded sentence is “kodomotachi-to hanashinagara, kazoku-de tanoshinde-
hoshii” (I hope you to enjoy with the whole family over chatting with children). While
the correct head of “hanashinagara,” (over chatting) is “tanoshindehoshii” (hope to
enjoy), the parsers decided that its head is “hon-da” (is a book). While the correct
head is the nearer one in this example, one of subsequent bunsetsus is the correct head
in many cases. Another reason of this error is the comma in this sentence. It is mis-
leading since a comma means a long relation, as noted above. Note that both syuji
and gokei of the bunsetsu “tanoshinode-hoshii” is “hoshii”. The words “tanoshinde”
were not used in a classification. The word “hoshii” means “want (something)” if it
appears alone. Therefore the dependency relation “-nagara hoshii” (want something
with doing) may be decided inappropriate.

Richer Context Required

The sentence shown in Figure 4.7 needs more context information to parse correctly.
Japanese: 5 H AF L LD AHERFESKIZ S0 TO  FPlii@sEED
Roman: kongetsu kouhyoushita josei-no jinkenshingai-zenpan-ni tsuiteno
yobihoukokusyo-no naka-de, ....

English: In the preliminary statement on overall human rights violation against women
which (someone) published this month...

While the correct head of “kouhyou-shita” (published) is “yobihoukokusyo-no” (pre-
liminary statement), the tournament model decided that its head is “‘josei-no”” (woman’s)
and the CC and the SR model decided that its head is “jinkenshingai-zenpan-ni’’ (over-
all human rights violation). While the head that the CC and the SR models selected is
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kongetsu

this month
Y T josei-no
kouhyoushita PR g
blished | woren
- \C,S ~—~
\ jinkenshingai-zenpan-ni
b overall human rights
violation
tsuiteno

on

yobihoukokusyo-no
preliminary statement

y

naka-de,
in,

!

Figure 4.7: An example sentence which contains a parsing error which requires a richer
context. The dotted arrow with “T” is a mistake by the tournament model. The dotted
arrow with “C,S” is a mistake by the CC and the SR models.

something strange, the dependency relation output by the tournament model is plausi-
ble. If a human sees only the relation itself, the human will judge it to be plausible.
The relation is locally plausible but globally wrong.

A possible clue to determine whether the relation is globally correct is the set of case
elements modifying the dependent. If a wo-case element modifies the dependent, the
correct head is probably “josei-no” because “-wo kouhyoushita josei” (the woman who
published something) is plausible but “-wo kouhyoushita yobihoukokusyo” (the pre-
liminary statement who published something) is not plausible. In contrast, if a ga-case
element modifies the dependent, the correct head is probably “yobihoukokusyo-no’ be-
cause ‘“-ga kouhyoushita yobihoukokusyo” (the preliminary statement which someone
published) is plausible. This sort of contextual information can be considered as the
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dynamic feature A if a parser performs left-to-right parsing. However, no case ele-
ments modify the dependent in this example sentence. We can say that the correct
head is “yobihoukokusyo-no”. This may be because of the set of all arguments. That
is, the dependent does not have any case elements but has a temporal argument.

As described above, one of the most difficult relations which requires a wide context
is predicate coordinated structures. The structures may not be able to parse by using
only simple contextual features.

Comparison between Models

Our qualitative analysis between parsing models resulted no distinct difference. The
tournament model correctly parsed 95 more bunsetsus than the CC model for the test
data of January 9th in the experiment performed in Section 4.4.2. However, it is not
true that the tournament model is a better choice than the CC model for most of sen-
tences. The number of bunsetsus that both models are correct is 9,588 and that both
models are incorrect is 875. The number of bunsetsus that only the tournament model
is correct i1s 309 and that only the CC model is correct is 214. A slight change in
a feature template design or a parsing algorithm may flip a certain amount of error
bunsetsus to be correct and vise versa.

4.6 Related Work: Tournament Models for Multilin-
gual Dependency Parsing

The tournament model can be extended for parsing other languages. As described
above, the tournament model is designed for parsing Japanese, which is a strictly head-
final language. However, most languages do not have HEADFINAL constraint. A dif-
ferent parsing algorithm should be employed for other less-constrained languages so
as to relax this constraint. A simple solution to adapt the tournament model to such
languages is not to restrict the candidate heads to ones located on the right of a depen-
dent. It does not matter for the tournament model that whether a language is projective
or non-projective. The tournament model can be extended to relax PROJECTIVE con-
straint.

We conducted experiments with the dependency structure version of Penn Tree-
bank, an English corpus, for the CoNLL-2008 Shared Task [66]. Our modification to
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MPHC: with
Stack /‘\ Queue

jumped joy

\ - jumpe joy ...
with K .
with

(a) (b)

Figure 4.8: (a) Nivre’s (word-based) transition-based model and (b) Kitagawa’s tree-
based model.

the tournament model is not only replacing bunsetsu-based features with word-based
one. We discriminate that a candidate head is located on whether left or right of a
dependent, as feature names. Our parser achieved labeled (syntactic) dependency ac-
curacy of 88.06% on WSJ data, the in-domain test part of the corpus. We ranked third
out of 16 participants of the closed challenge of the shard task in dependency parsing
accuracy. The unlabeled dependency accuracy of 90.73% for WSJ data shows that the
model is also effective in other languages, which may not strictly head-final or pro-
jective. However, since output of the English parser usually violates SINGLEROOTED
constraint, this simple solution is not practical.

Kitagawa and Tanaka-Ishii [19] proposed a transition-based dependency parsing
model in which naturally integrates tournaments into multilingual dependency parsing.
They introduced a tournament into the Left-Arc and the Right-Arc actions of Nivre’s
transition-based model [41].

There is only one action sequence for the shift-reduce-like transition-based parsers
to build a certain dependency tree. That is, the parsers restrict their parsing order
strictly. For example, Nivre’s arc-eager parser requests strictly top-down parsing for
left-half, and strictly bottom-up parsing for right-half of the subtree rooted by each
word. Therefore, even if a dependency relation is included in the gold-standard tree,
selecting the action which adds the relation may be a mistaken decision. For example,
in Figure 4.8(a), the word “joy” cannot modify “with” because of the preceding mis-
taken decision that “with” modifies “jumped”. There are no actions which assign an
arc between a word and another word inside a subtree. The relation should be set after
constructing its children.
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In contrast, Kitagawa’s model may prevent such error propagations. As shown in
Figure 4.8(b), the Right-Arc action of the model holds a tournament.'* If “with” was
selected as the most probable head candidate (MPHC), the Right-Arc action will add
an arc between “with” and “joy”. Action selection in the model has two steps. First,
the model selects two MPHC:s for the Right-Arc and the Left-Arc actions, respectively.
Then, it selects the action to perform among Right-Arc, Left-Arc and Shift.'> They also
applied this method to Yamada’s [67] and Goldberg’s [9] transition-based parsers [20].

4.7 Summary

We proposed the tournament model, which is a classification-based model consid-
ering relative preference of two candidate heads in a direct comparison. The model
is a data-driven extension of Kanayama’s [16] direct comparison model; our model
does not require any grammar. The tournament model is a twin-candidate model in the
sense that the binary classification in it considers two candidate heads and then selects
the better candidate. Its binary classification problem is easily solved in more contexts
than that of previous single-candidate models.

The relative distance model proposed by Yamamoto and Masuyama [70] can be re-
garded as a score-based tournament model, which employs a score comparison instead
of a direct comparison. Therefore, their model learns a total ordering of preferences.
In contrast, our model learns a partial ordering. With an approximate combinational
feature computation method, their model is more compact than our model in the sense
that the number of features tend to be smaller and its parsing speed tends to be faster.
Since our model directly considers two candidates, our model can be more accurate
than their model.

We conducted experiments with Kyoto Text Corpus. The tournament model out-
performs the previous models, and the dynamic features which we were developed
improve parsing accuracy. Since time complexity of the model is at least O(nz), its
parsing speed is relatively slow. Variations of its parsing algorithm do not have a sig-
nificant impact on its parsing accuracy, such as the option of left-to-right parsing or
right-to-left parsing.

14The Right-Arc action adds a left-arc in this figure because the action is named for the regular English
dependency tree notation. The direction of an arc in Japanese and English dependency trees is inverse.

15Their model removed the Reduce action, which pops a word off the stack, because the action is no
longer necessary.
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Parsing error analysis suggests several tendency of the model. It is difficult to parse
long dependency relations, and apposition and parallel dependency relations. The anal-
ysis focusing on dependents’ POSs implies that the tournament model requires more
training examples than single-candidate models to learn parsing rules for a dependent
with a particular POS. We presented several typical patterns of parsing errors which
seem to require a certain sort of rich information to parse correctly.

The tournament is also applicable to multilingual dependency parsing. Since most of
languages do not satisfy HEADFINAL constraint, our straightforward application of the
tournament model to English dependency parsing resulted in a parser whose output is
usually an ill-formed dependency graph. Kitagawa and Tanaka-Ishii [19] incorporated
a tournament into transition-based dependency parsing models naturally.
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Chapter 5

Active Learning for Japanese
Dependency Parsers

An SVM classifier returns a signed distance from its hyperplane corresponding to an
input feature vector. In this chapter, we exploit the distance as a confidence measure.
In other words, a feature vector close to the hyperplane is likely to correspond to a
misclassification. On the other hand, a feature vector which is far from the hyperplane
is likely to be correct. The distances enable a dependency parser with an SVM to
assign confidence scores to dependency relations.

The scores which we define in Section 5.1 enable to extract only accurate depen-
dency relations as we show in Sections 5.2 and 5.3. NLP applications such as an
information extraction system usually uses not a full dependency tree but its subtree
or its subset of dependency relations. The scores enable to construct a high-precision
system by extracting the dependency relations which is likely to be correctly parsed.

The scores are also applicable to boosting efficiency of corpus annotation. Since a
low score suggests that its corresponding dependency relation tend to be incorrect, the
scores play the role of an error detector. Annotators efficiently improve the quality of a
corpus by correcting each of bunsetsus corresponding to parsing errors and annotation
errors which the error detector pointed out. While the error detector can reduce anno-
tation cost significantly, as shown in Section 5.4, it is not a realistic scenario because
the typical annotation setting is not a such bunsetsu-wise annotation but a sentence-
wise annotation. Therefore, we attempt to develop an efficient annotation method by
selecting sentences to be annotated by using active learning in Section 5.5. We explore
an effective active sampling method based on the scores. The best sampling method
chooses the most valuable sentences for training a parser, and the method results in the



most accurate parser with the lowest manual annotation cost.

5.1 Definition of Score for Active Learning

This section defines the score of a bunsetsu for each of three parsing models which
uses SVMs: the SR, the CC and the tournament models. We regard the score of a
dependency relation as the score of its dependent bunsetsu. Defining scores for these
models is not trivial because an SVM is just a binary classifier, unlike probabilistic
parsing models in which a probability itself is a confidence score. Note that we define
the scores of rightmost two bunsetsus of a sentence as infinity because their heads are
not ambiguous.

SR Model

The score definition for the SR model is basically the distance when the Reduce
action is selected. The SR model, introduced in Section 3.2, parses a sentence as a se-
quence of action selections; the possible actions are Shift and Reduce. The model asks
to its SVM whether a focused-on dependent b and a focused-on candidate head c isin a
dependency relation or not. A score is assigned to the focused-on dependent when the
SVM answered “Yes.”, i.e., the Reduce action is selected. The score s, is the distance
from the hyperplane dj, .. Since “Yes” is the positive class (+1) in our implementation
of the model, d;, . > 0. However, the only exception is when the focused-on candidate
head is the rightmost bunsetsu of a sentence. In such a configuration, the model per-
forms the Reduce action without performing an SVM classification because there is
no more bunsetsus to be Shifted. To assign a score to such a dependency relation, we
modified the model to perform an SVM classification even in such a case. Even the
SVM answers “No”, we adopt the distance as the score of the focused-on dependent.
Therefore, there may be bunsetsus such that d, . < 0.

CC Model

The score for the CC model is defined as same as that for the SR model. The only
difference between the SR and the CC models is in their parsing order. The CC model
also does not perform an SVM classification and establishes a dependency relation for
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Figure 5.1: A tournament and the distances corresponding to each of games.

the pair of the rightmost two bunsetsus in the workspace of the CC model, in each
iteration.

Tournament Model

We define scores for the tournament model in a different manner from the SR and
the CC models. Unlike the SR and the CC models, the tournament model can play two
or more games for selecting the head of a focused-on dependent. We define the score
of a focused-on dependent as the minimum unsigned distance from the hyperplane
among games. The minimum distance corresponds to the match of the two strongest
candidates. A score of the focused-on dependent is defined as s, = mingcp |d| where
D is the set of signed distances from the hyperplane corresponding to each of games
that the champion of the tournament participated. The sign of a distance is ignored
because the two classes of the tournament model are not Shift and Reduce but Left and
Right.

An example of a tournament is shown in Figure 5.1. The focused-on dependent
has four candidate heads and there are three games. Suppose the distances from the
hyperplane of each game as dj, d> and d3. The champion is the candidate 3 and the
distances of the games that the champion participated are d» and d3. Therefore, D =
{d>,d3} and then s;, = min(|d;|, |d3]).

5.2 Extracting Accurate Dependency Subtrees

In this section, we attempt to extract a subset of parser’s output whose accuracy
is much higher than that of the full output. We investigate the correlation between
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its accuracy and coverage. Since high-scored relations are likely to be correct, this
method may improve the performance of certain NLP applications such as information
extraction by using only high-scored relations.

Experimental settings are same as Section 4.4.1. Dependency accuracy is calculated
excluding the rightmost bunsetsu of each sentence. We use all features: the standard,
additional and case particle features. The training data is January 1st to 8th (7,587
sentences) and the test data, i.e., the target data of this analysis, is January 9th (1,213
sentences).

Figure 5.2 shows partial accuracies when we extract only the bunsetsus whose score,
defined in Section 5.1, is greater than or equal to a certain score threshold. Suppose we
employed the tournament model as the parser and we extract only the bunsetsus whose
scores are greater than or equal to 1.0. The accuracy calculated among the extracted
bunsetsus is about 99%. In other words, 99% of the extracted bunsetsus are ones that
their heads were identified correctly. A score of the SR and the CC models may be
negative and that of the tournament model is always positive. Therefore, the curve of
the tournament model is flat in the range that the score threshold is negative. Note
that the curves of the CC and the SR models are almost the same in the figures in
this section. The reason is probably that the only difference between these models is in
their parsing order. Although their available features are different, we use few dynamic
features. Therefore, the outputs of both the models are almost the same.

Figure 5.3 shows the coverage of bunsetsus when a certain score threshold is given.
For example, if we extract only the bunsetsus whose scores are greater than or equal
to 1.0, the coverage is about 65 %. Coverage is defined as the number of extracted
bunsetsus divided by the total number of bunsetsus. In this figure, the coverages with
these models are almost the same. Note that the second rightmost bunsetsu of each
sentence are always extracted regardless of score threshold because their scores are
infinity. Therefore, the lower bound of the coverage is not 0%.

From Figures 5.2 and 5.3, we get the coverage-accuracy curve shown in Figure 5.4.
With the tournament model, if we extract 60% of the highest-scored bunsetsus, the
accuracy among them is about 99%. On the other hand, those of the CC and the SR
models are about 97%. To extract bunsetsus with the accuracy of 99% by the CC or
the SR model, we should limit the coverage to 20%. The tournament model is also
more accurate for partial parsing; in overall accuracy, the tournament model is more
accurate than the CC and the SR models by 0.9%. However, the difference become
greater in partial parsing accuracy. A reason is that while the CC and the SR models
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Figure 5.2: Score-accuracy curve.

calculate a score based on absolute preferences between a dependent and a candidate
head, a score of the tournament model is based on relative preferences.

5.3 Quantitative Distinction between High-scored and
Low-scored Group

We also investigate the correlation among the scores, lengths of dependency re-
lations and their accuracies. The extracted bunsetsus with our method are probably
biased. Generally, short-distance dependency relations tend to be more accurate than
long-distance ones, as we investigated in Table 4.7. A concern arises that the reason of
our high partial accuracy can be that our method extracts only the dependency relations
whose distances between their dependents and heads are short.

Table 5.1 shows the distribution of bunsetsus and their accuracy divided by their
scores with the tournament model and distance ranges. While the bunsetsus whose
distances are 1 are mostly distributed in the score range 1.0-1.5, the bunsetsus whose
distance is longer than 1 are mostly distributed in the score range 0.0-0.5. The score
ranges 2.0-2.5, 2.5-3.0 and > 3.0 are dominated by the bunsetsus whose distances are
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Figure 5.3: Score-coverage curve.
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Figure 5.4: Coverage-accuracy curve.
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Score/Dist 1 2-3 4-5 6-7 8-9 10-14  15-19 20+
0.0-0.5 464 715 275 175 93 79 34 9
69.61 5692  57.82 5200 5054 50.63 3824  55.56
0.5-1.0 888 673 234 115 77 59 24 7
96.17 8395 7991 80.00 80.52 72.88  87.50 100.00
1.0-1.5 1601 533 161 72 57 49 18 6
99.44  95.12 9193 86.11 9474 9592 100.00 100.00
1.5-2.0 1572 193 86 38 28 24 11 7
100.00 9534 94.19 9474 100.00 91.67 100.00 85.71
2.0-2.5 769 24 15 9 10 12 8 5
100.00 91.67 100.00 100.00 100.00 100.00 100.00 100.00
2.5-3.0 318 5 1 3 2 2 1 -
100.00 100.00 100.00 100.00 100.00 100.00 100.00 -
>3.0 210 - - - 1 - 1 -
100.00 - - - 100.00 - 100.00 -

Table 5.1: Frequency distribution and accuracies of bunsetsus classified by their scores
and distances. The parsing model is the tournament model.

Score/Dist | 1 2-3 4-5 6-7 89  10-14 1519 20+
<0 7 46 34 39 49 49 32 13
0.00 5435 5000 7692 91.84 91.84 96.88 100.00
0.0-0.5 414 483 184 161 101 78 41 18
8502 5217 5163 5528 6139 5128 6098  61.11
0.5-1.0 960 572 231 103 66 58 19 3
9479 7797 7446 6990 8030 6897 6842 100.00
10-1.5 | 2157 521 202 69 37 37 2 -
9671 8810 87.13 7971 8649 81.08 100.00 -
1520 | 1575 338 93 34 13 3 3 -
98.54 9290 9247 9412 9231 66.67 100.00 -
2.0-25 451 124 28 6 1 - - -
97.34 9435 100.00 100.00 100.00 - - -
25-3.0 168 50 - - 1 - - -
99.40  98.00 - - 10000 - - -
>30 90 9 - - - - - -
100.00 100.00 - - - - - -

Table 5.2: Frequency distribution and accuracies of bunsetsus classified by their scores
and distances. The parsing model is the CC model.
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Figure 5.5: Coverage-error coverage curve.

1. In contrast, the bunsetsus whose scores > 1.0, which cover about 60% with the
accuracy of 99%, includes a certain number of long-distance bunsetsus. The table
shows that the bias in their distances is not so serious, that is, the concern proved to be
false.

Some of the cells in the table correspond to certain patterns. In the score ranges
2.5-3.0 and > 3.0, the distances of most of the bunsetsus are 1. Their head bunsetsus
usually include close brackets (| ). Most of the bunsetsus whose score is lower than
0.5 seems to be difficult to parse correctly. They usually correspond to coordination or
apposition relations.

Table 5.2 is the distribution table of the CC model. The tournament model has higher
extraction performance than the CC model. That is, the accuracy among low-scored
bunsetsus is lower and that among high-scored bunsetsus is higher.

When using the tournament model, the accuracy of the bunsetsus whose distances
are 1 is 100% if we extract bunsetsus whose scores are greater than or equals to 1.5.
There are 2869 bunsetsus which satisfy this condition.
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Figure 5.6: Error detection precision-recall curve.

5.4 Detecting Parsing Errors

This score-based bunsetsu extraction can be applied to supporting corpus annotation
because low-scored bunsetsus are likely to be incorrect. Since dependency structure
annotation usually means manual correction of a parser’s output, the scores enable a
parser to tell annotators which bunsetsu is likely to be incorrect. In this case, the scores
play the role of a parsing error detector.

Figure 5.5 shows how many error bunsetsus are covered when we select a certain
number of lowest-scored bunsetsus. For example, if we extract 30% of the lowest-
scored bunsetsus, about 90% of errors are covered.

Figure 5.6 is the precision-recall curve corresponding to our error detection perfor-
mance. In other words, it shows the performance of our method as an error detector.
The performance is not sufficient as a stand-alone error detector. However, it is suf-
ficient to support the annotators. Note that the result is obtained with an in-domain
test data. However, in our scenario of corpus annotation, an error detection will be
performed for a new corpus, which is often an out-of-domain data. In such a case, the
parsing accuracy and then the error detection performance are expected to decrease.
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5.5 Application to Active Learning

Since low-scored bunsetsus tend to be incorrect, our score-based method enables
an efficient corpus construction by annotating such bunsetsus first. “Efficient” means
constructing a more accurate parser with a lower annotation cost. Suppose our error
detector extracts 30% of lowest-scored bunsetsus from a corpus to be annotated and
annotators correct only them. By the correction, as shown in Figure 5.5, the num-
ber of errors are expected to be reduced to one-tenth. However, an annotator typically
annotates a sentence as a unit of annotation. Therefore, it is not a realistic scenario. Be-
cause annotating a bunsetsu requires to see its surrounding context, the per-bunsetsu
annotation cost in our scenario is higher than the regular sentence-wise annotation
scheme. Therefore, we attempt to develop an efficient annotation method by selecting
sentences which include lowest-scored bunsetsus. In the rest of this section, “the num-
ber of bunsetsus” is counted excluding the rightmost fwo bunsetsus of each sentence.
Additionally, we never use the sentences whose lengths are less than 3 because their
dependency structures are not ambiguous and then annotators have nothing to do.

Definition of Sentence Scores

We define the sentence score as the lowest bunsetsu score in the sentence. Let B be
the set of all the bunsetsus in a sentence, its sentence score s = minycp sp. We regard
lowest-scored sentences as the mostly informative ones for the SVM which assigned
the bunsetsu scores and then sentence scores.

The Algorithm

We use the pool-based uncertainty sampling algorithm [32]. The set of candidate
sentences to be annotated is referred to as the pool. The algorithm is shown in Al-
gorithm 3. Note that in our experiments, the step 3 just adds the selected annotated
sentences from Kyoto Text Corpus, instead of annotating them by human.

We employs several sentence selection strategies in the step 1. The Score strat-
egy selects the lowest-scored m sentences. There are several simple selection strate-
gies: selecting sentences randomly (Random strategy), selecting from the first sentence
of training sentence file (Sequential strategy), and selecting the longest m sentences,
1.e., the number of bunsetsus is largest (Long strategy). The Long strategy may be a
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Algorithm 3 Pool-based active sampling algorithm.
1: Select m sentences from the pool.

Annotate the m sentences by human.

Train an SVM with all the annotated sentences.

Assign scores to all sentences in the pool by the trained SVM.
Evaluate parsing accuracy of the SVM with the test data.

SANI AN

Return to step 1 and repeat.

good strategy because long sentences tend to be complex and often contain coordinated
structures, which are difficult to parse correctly. Another reason is that if we evaluate
these strategies with a same number of sentences, the Long strategy has an advantage
over the other strategies because the Long strategy maximizes the number of bunsetsus
to be selected. Random sampling is referred to as passive sampling and a strategy that
selects samples based on certain scores is referred to as active sampling.

At the beginning of our experiments, the pool contains all the sentences of January
1st (1069 sentences!) and we set m = 50. For a set of sentences whose lengths are the
same each other, the Long strategy selects sentences randomly among these sentences.
We cannot apply the Score strategy at the first sampling because there are no annotated
sentences and therefore no scores are attached to the sentences in the pool. In this case,
we apply the Long strategy, instead.

Comparison between Models

Figure 5.7 shows the accuracy growing curve of the three parsing models with the
Long strategy. Note that the Score strategy is the only strategy such that selected
sentences depend on the parsing model. The parsing accuracy reaches 85% with 50-
100 training sentences. The CC and the SR models are more accurate when the number
of training sentences is less than 150. On the other hand, the tournament model is
more accurate with more than 150 training sentences. Because the tournament model
is a twin-candidate model, the model seems to require more training sentences than
the others to learn basic parsing rules. Hereafter, we use the tournament model for
comparison among strategies.

I'The number is calculated excluding the sentences whose lengths are less than 3.
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Figure 5.7: Accuracy comparison among the models with Long strategy.

Comparison between Strategies

Figure 5.8 shows the comparison in accuracy growing among the strategies: Score,
Long, Random and Sequential. Since this comparison is in the number of sentences,
the Long strategy has an advantage. However, the comparison is not fair because an-
notation cost increases according to the length of a sentence.

If we assume an annotation cost is proportional to the number of bunsetsus, the figure
should be replaced with Figure 5.9, which is the comparison in sentence lengths. The
differences between those strategies are reduced. While the Long strategy is defeated
by the Sequential strategy when the number of bunsetsus is more than 4,000, the Score
strategy keeps the top performance.

Figure 5.10 shows the tendency of the number of bunsetsus selected by each strategy.
The gradients of the Random and the Sequential strategies are almost constant. The
Long strategy selects long sentences. The strategy selects short sentences when the
number of sentences in the pool decreased. However, since active sampling methods
suppose to select a small amount of sentences from a large number of sentences, the
second half of the graph is not so important. The curve of the Score strategy is in
the middle of the other strategies and selects relatively long sentences. Since long
sentences usually contain parsing errors, their scores tend to be low, and therefore
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selected.

5.6 Related Work in Active Learning

Dagan and Engelson [6] introduced an active learning method for a natural language
processing task other than text classification. They proposed a majority voting method
with multiple classifiers to sample the examples for HMM-based part-of-speech tag-
ging.

There are several works which adopted active learning methods for parsing. Thomp-
son et al. [62] introduces a majority voting-based active sampling method for determin-
istic shift-reduce semantic parsing. Hwa [12, 13] investigated active sampling methods
based on sentence lengths and entropy-based metrics for phrase-based parsing. Tang
et al. [61] introduced an active sampling method based on the K-means clustering and
an entropy-based metric for shallow semantic parsing. For dependency parsing, Sagae
and Tsujii [52] introduced an active sampling method with a combination of SVM
and log-linear models for parser domain adaptation. For Japanese natural language
processing, Sassano [54] introduced the score-based method with SVMs for Japanese
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word segmentation. Our experiments are similar to Sassano’s in the sense that we
employ SVM scores. We defined the confidence scores of sentences for SVM-based
Japanese dependency parsers and applied the scores to active learning.

5.7 Summary

We defined the confidence score of a bunsetsu in an output of each of the SR, the CC
and the tournament models. It is based on a signed distance from an SVM’s hyperplane
corresponding to an input feature vector. The tournament model achieves the highest
partial parsing accuracy compared to the other models. With the tournament model,
if we extract 60% of the highest-scored bunsetsus, the accuracy among them is about
99%. The high partial accuracy is beneficial in constructing a high-precision system
which uses a dependency subtree of a sentence.

The score is also applicable to efficient corpus annotation. With the tournament
model, if we extract 30% of the lowest-scored bunsetsus, about 90% of parsing er-
rors are covered. The number of errors are expected to be reduced to one-tenth by
correcting the 30% of bunsetsus. However, it is not a realistic scenario because the
typical annotation setting is not a such bunsetsu-wise annotation but a sentence-wise
annotation. Therefore, we attempt to develop an efficient annotation method which
selects sentences to be annotated by using active learning. The best selection strategy
chooses the most valuable sentences for training a parser, and the method results in the
most accurate parser with the lowest manual annotation cost. In our experiment, the
score-based sentence selection strategy achieves the top performance.
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Chapter 6

Parser Stacking on the KNP Parser

Stacking is a technique of parser combination in which the output of a parser is in-
corporated into another parser as guide features. Martins et al. [35], and Nivre and
McDonald [45] conducted stacking experiments in multilingual dependency parsing
and reported that stacking significantly improves parsing accuracy. They employed
transition-based parsers (MaltParser') and graph-based parsers (MSTParser?) [45, 35].
Parser combination, including stacking, tends to be more beneficial if properties of the
two parsers differ. For example, the features for MSTParser are very restricted to local
features. However, those for MaltParser can be designed flexibly, and dynamic fea-
tures are available for the parser. MSTParser performs exact inference, but MaltParser
performs greedy inference.

Improvement by stacking MaltParser and MSTParser for word-based Japanese cor-
pora is smaller than for other languages. Nivre and McDonald [45] reported the results
for Japanese: 91.65% (Malt) — 92.20% (Maltysp>). Martins et al. [35] also re-
ported: 91.65% (Malt) — 91.63% (MST203;.:%).> One of the reasons for these low

"http://maltparser.org/

*http://sourceforge.net/projects/mstparser/

31t is the stacked parser in which MaltParser is stacked on MSTParser. In other words, the output of
MSTParser is passed to MaltParser.

“It is the McDonald’s second-order MST parser stacked on MaltParser. As we showed in Figure 3.8,
the MST parser does not consider grandchild interactions if a grandchild is located outside of its parent
and grandparent. Therefore, due to Japanese HEADFINAL constraint, the MST parser does not capture
grandchild interactions in Japanese sentences.

SThe accuracies on word-based corpus may seem to be higher or comparable with that of bunsetsu-
based corpus. However, as Sassano and Kurohashi [56] showed in their experiments of word-based
Japanese dependency parser, bunsetsu-based accuracy of 88.5% is 95.1% in word-based accuracy, for
example. Word-based parsing may be less accurate than bunsetsu-based parsing because of available



improvement is probably that the MST parsers are not suitable for Japanese. There-
fore, we conduct experiments for stacking the two Japanese parsers on bunsetsu-based
Japanese corpora: the tournament model and KNP 3.01° [17].

Properties of the two parsers differ in several aspects. The tournament model mainly
based on learning syntactic rules by using machine learners such as SVMs. Rich fea-
ture combination is available for the parser because of polynomial kernels in SVMs.
The parser also considers their relative positions of candidate heads. In contrast, KNP
3.01 is a rule-based parser with reranking by a generative model, that is, the reranker
is a fully probabilistic model. Advantages of the parser are mainly based on word co-
occurence information constructed from a very large unannotated corpus. The parser
evaluates plausibilities of all the predicate-argument structures included in candidate
dependency trees by using the information, and outputs the dependency tree with high-
est probability.

Stacking with KNP is expected to improve parsing accuracy because not only the
two parsers diverse but also it is one of the easiest way to incorporate co-occurrence in-
formation naturally into discriminative parsing models such as the tournament model.
We first evaluate the stacked model with Kyoto Text Corpus. Then, we show stacking
also improve accuracy even with a target-domain test data.

6.1 Overview of Experiments with Kyoto Text Corpus

Overview of the stacked parser is shown in Figure 6.1. KNP (level O parser) guides
the tournament model (level 1 parser). The tournament model refers to the output of
KNP and generates the following guide features:

o GUIDEgr7: whether the left candidate head is the head of the focused-on de-
pendent in the output of KNP

o GUIDER;GuT: whether the right candidate head is the head of the focused-on
dependent in the output of KNP

o GUIDENoNE: whether both GUIDE; g and GUIDER;gyT are 0

features.
6We did not specify the compile option to refer to a Japanese thesaurus, ——with-bgh.
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Figure 6.1: Overview of the stacked parser: the tournament model is stacked on KNP.
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Figure 6.2: The procedure to combine the gold-standard and output of KNP for stack-
ing experiments.
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We merged KNP’s output to Kyoto Text Corpus Version 3.0 by the procedure shown
in Figure 6.2. Since the input format which KNP expects is that of JUMAN morpho-
logical analyzer, we first converted the corpus to a raw text. Then, the text was passed
to JUMAN 6.0, and then the output was passed to KNP 3.01. The format of KNP’s
output and the original Kyoto Text Corpus format are different. Also, their bunsetsu
boundaries are sometimes different. Therefore, we integrated KNP’s output into Kyoto
Text Corpus. Bunsetsu boundaries in KNP’s output was modified to obey that of Kyoto
Text Corpus. Every bunsetsu in the combined format has two heads: the gold-standard
head and the head imported from KNP’s output. The latter is incorporated into training
and test of the tournament model as features.

There are several reasons that the two parsers are not fair in this experiment. The
tournament model uses gold-standard morphological information, which annotators
of Kyoto Text Corpus had checked. In contrast, KNP uses JUMAN’s output, which
contains analysis errors. There are another reasons which may imply advantages of
KNP. The probabilities used in KNP had been tuned with Kyoto Text Corpus, except
for the probabilities which correspond to co-occurrence information. Additionally,
KNP and Kyoto Text Corpus had been developed simultaneously. That is, the corpus
was constructed by the iterations of manual correction of KNP’s output, and grammar
engineering of KNP based on findings by the correction [29].

6.2 Experiments with Kyoto Text Corpus

Results are shown in Table 6.1. The upper half of the table corresponds to the accu-
racies on the same corpus as Table 4.5 and the lower half corresponds to that as Table
4.2. The test data of the lower half is January 10th. The binary classifier in the tourna-
ment model is an SVM with the third degree polynomial kernel. The upper half shows
that the tournament model without stacking significantly outperforms KNP (+1.4% in
dependency accuracy). In comparison with KNP, stacking improves parsing accuracy,
even with small number of training sentences. The accuracy with all the training sen-
tences is 1.0% higher than that of the tournament model without stacking, and 2.4%
higher than that of KNP.

In experiments shown in the lower half of the table, the stacked model also outper-
forms the other models by 1.3%. KNP is comparable with tournament model without
stacking. The larger the number of training sentences, the higher accuracy of the tour-
nament model. In contrast, parsing accuracies of KNP does not depend on the number
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Corpus Parser # train. sent. H Dep. Acc. Sent. Acc.

Kyoto Text KNP only (0) 90.55 54.01
Corpus Stacked 100 90.80 54.28
Version 3.0 250 91.11 54.70
500 91.33 55.00

1000 91.51 55.52

2500 91.85 56.80

5000 91.95 56.73

10000 92.25 58.11

24263 92.93 60.54

Tournament only (24263) 91.96 56.93

Kyoto Text KNP only 0) 90.06 50.51
Corpus Stacked 7635 91.39 53.21
Version 4.0 | Tournament only (7635) 90.11 49.02

Table 6.1: Dependency and sentence accuracies of stacked parsers on Kyoto Text Cor-
pus.

of training sentences because it does not employ any machine learners.

6.3 Domain Adaptation Experiments with KNB Cor-
pus

We also conducted the experiments with Kyoto University-NTT Blog Corpus (KNB
corpus). We converted the format of the corpus to the Kyoto Text Corpus format, then
applied the same procedure as Figure 6.2.

First, we evaluated the accuracies on the corpus with parsers trained with Kyoto Text
Corpus. We used all the 4185 sentences of KNB corpus as the test data. Results are
shown in Table 6.2. The accuracy of KNP is low and stacking failed to improve accu-
racy. The main reason is probably that the test data is out-of-domain. That is, topics
and styles are different between the training and the test corpora. In this experimental
setting, Kyoto Text Corpus is a source-domain corpus and KNB corpus is a target-
domain corpus. Compared to experiments whose test data is in-domain, accuracy of
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Corpus Parser # train. sent. H Dep. Acc. Sent. Acc.

Train KC3.0 KNP only 0) 85.63 51.96
Test: KNBC Stacked 24263 88.02 57.60
Tournament only (24263) 88.23 55.58

Table 6.2: Dependency and sentence accuracies of the stacked parser. KC3.0: Kyoto
Text Corpus Version 3.0. KNBC: Kyoto University-NTT Blog Corpus.

the tournament model dropped by 3.7% (91.96 — 88.23) and that of KNP dropped by
4.9% (90.55 — 85.63).

Stacking may be applied to domain adaptation by replacing the level 1 parser with a
parser trained with a target corpus. In general, if the amounts of a source-domain and
a target-domain data are same, a parser trained with the target-domain corpus tends to
significantly outperform the parser trained with the source-domain corpus. Therefore,
to achieve accurate parsing on an out-of-domain corpus, the level 1 parser should be
trained with a target corpus to learn the annotations on the corpus, even if an available
target-domain training corpus is small. The level O parser provides information based
on general parsing rules to the level 1 parser only as a guide. Then, the level 1 parser
makes decisions based on domain-specific rules and the general rules passed as guide
features.

We performed experiments with several parser combinations of level 0 and 1 parsers.
We split KNB corpus into 2500 training sentences and 1685 test sentences. Results are
shown in Table 6.3. The tournament model trained with KNB corpus without stack-
ing significantly outperforms KNP, even with the small amount of training data. All
the stacked models outperform Tournamentygypc without stacking. The accuracy of
the stacked model in which Tournamentgnpc is stacked on Tournamentgc shows that
stacking with two parsers trained with different corpora improves accuracy even if their
parsing models are same. The second highest accuracy is achieved by stacking with the
two level O parsers, KNP and Tournamentgc, and the level 1 parser, Tournamentgypc.
The highest accuracy is achieved by stacking Tournamentkc gnpc, a tournament model
trained with both Kyoto Text Corpus and KNB corpus, on KNP.
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Level O parser(s) ‘ Level 1 parser H Dep. Acc. Sent. Acc. H # train. sent.

(no stacking) KNP 85.95 54.81 2500
Tournamentgc 88.63 58.77
Tournamentgnpc 88.02 57.27
KNP 89.50 60.84
Tournamentgc 89.20 60.52
KNP and 89.86 61.95
Tournamentgc Tournamentgnpc 88.34 59.03 100
88.73 59.87 250
88.89 59.68 500
89.36 61.10 1000
KNP Tournamentgc gknBc 90.00 63.51 2500

Table 6.3: Dependency and sentence accuracies with KNBC. Tournamentxc and
Tournamentgypc are the tournament models trained with Kyoto Text Corpus Ver-
sion 3.0 and KNB corpus, respectively. Tournamentgc gnpc is the tournament model
trained with the both corpora.

6.4 Discussion

The tournament model guided by KNP significantly outperforms individual parsers
in all experiments except for Table 6.2. Stacking with certain sort of parser such as
KNP is one of the easiest way to incorporate co-occurrence information naturally into
discriminative parsing models such as the tournament model.

KNP and the tournament model are complementary. The main advantage of KNP is
generative estimation of plausibility of a subtree such as a predicate-argument struc-
ture, based on a wide-coverage case-frame dictionary constructed from a very large
unannotated corpus. In contrast, the tournament model makes a decision with con-
sidering wider context than KNP. Since the model is a discriminative model, it can
consider much more features than generative models such as KNP. The tournament
model seems to be good at memorizing annotation guideline of its training corpus. In
other words, tournament model is more dependent on particular corpus, i.e., the train-
ing data, than KNP. It is not only a disadvantage in the sense of generality but also
an advantage in the sense of adaptation to a particular annotation guideline. For ex-
ample, suppose there is a coordinated structure which consists of three conjuncts. It
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is guideline-dependent that its leftmost conjunct modifies whether its rightmost con-
junct or its middle conjunct. Unlike 2-tuple parsing models, the tournament model can
discriminate the difference in an annotation guideline by considering 3 bunsetsus at
once.

Similar situation to Section 6.3, domain adaptation, occurs in the early stage of cor-
pus construction. That is, a large amount of source-domain corpus and a small amount
of target-domain corpus are available. The small amount of target-domain corpus cor-
responds to a corpus which is constructing. We can apply the stacking framework by
replacing Tournamentgypc to Tournamentyarge;. As shown in Table 6.3, the stacked
parser outperforms all the parsers without stacking, even with 250 training sentences.
Therefore, once 250 target-domain sentences are annotated, we can get a more ac-
curate parser for the target corpus by stacking. The parser will output more accurate
automatic parse, and then efforts of annotators to correct parsing errors will be reduced.

Note that the domain adaptation setting and the corpus construction situation is not
exactly the same. Table 6.3 shows that merging a source-domain and a target-domain
corpora achieves the best accuracy. The merging is appropriate because the annotation
criteria for both of Kyoto Text Corpus and KNB corpus are the same. However, for
example, if POS sets of the existing corpus and the constructing corpus is different,
stacking is preferable.

6.5 Summary

We combined the two diverse dependency parsers by stacking: the tournament
model and KNP. The dependency tree which KNP outputs is passed to the tourna-
ment model as guide features. In the in-domain experiment with Kyoto Text Corpus,
the stacked parser significantly outperforms the individual parsers. We showed that the
stacking method also improves parsing accuracy even in an out-of-domain setting.

In the stacking method, the interface between the two parsers is quite simple: a
dependency tree. Any parser can play the role of a level O parser by using an appropri-
ate conversion such as Figure 6.2. The conversion can absorb any difference between
parsers such as in their POS set or their grammar formalisms. KNP 4.0 can be also
incorporated into the stacking framework.

Each of parsers is highly independent. Once we implemented a level 1 parser which
can accept any number of level 0 parsers, we can easily incorporate the advantage of a
parser as a level O parser.
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Chapter 7

Joint Inference of Dependency Parsing
and Coordination Analysis Using a
Dual Decomposition Algorithm

One of the difficult problems for dependency parsers is to identify spans of coor-
dinated structures. As we showed in Section 4.5.2, many errors were observed in
coordinated structures. A possible solution to the problem is to employ a coordination
analyzer, which is specialized for capturing such structures; a sentence is analyzed by a
dependency parser and a coordination analyzer independently. Since the two analyzer
may not output compatible structures, employing such an analyzer raises the problem
of how to integrate the output of the dependency parser and that of the coordination
analyzer. We employ the dual decomposition algorithm, which is a decoding algorithm
designed to integrate two analyzer’s outputs.

An overview of this chapter is as follows. We first introduce the dual decomposition
algorithm via an application to multilingual dependency parsing. Then, we will pro-
pose a Japanese dependency parser which is applicable to the algorithm and inherits
the advantage of the tournament model. We will also introduce the Japanese coordina-
tion analyzer which we employed, to describe which scores in the analyzer are updated
by the algorithm. Then, we will define a common representation of the two analyzers
to compare and take difference of their outputs, which are requested for updating the
penalties. Finally, we will conduct experiments.



Algorithm 4 Overview of the dual decomposition algorithm.
1: {u(i,j): penalty variable corresponding to the dependency relation between the

head word i and its dependent word j.}

{y*: optimal dependency structure by the first parser.}

{Y: possible dependency structures by the first parser. }

{g(y): score of the dependency structure y without considering u(i, j).}

{»(i, j): indicator function whether y contains the dependency relation i < j.}

SANED AN S

{z*,Z, f(z) and z(i, j): these for the second parser. }

~

u(i,j) < 0foralli,j

8: loop

9: "< argmaxyey {g(y) +¥Xi ju(i, j)y(i, j)}
10 2 argmaxiez {£(2) ~ Ti,ui )206.0))
11:  if y* =z* then

12: return y*

13:  else

4 ui ) < uli, ) +0,7) =20, ))
15:  endif

16: end loop

7.1 Dual Decomposition Algorithm

Dual decomposition is a decoding algorithm for NP-Hard decoding problems. For
multilingual dependency parsing, Koo et al. [23] applied the algorithm to higher-
order non-projective dependency parsing, which is an NP-Hard decoding problem [38].
Koo and Collins [22] had proposed a projective dependency parsing algorithm which
incorporates second- and third-order features in O(n*) decoding time. First-order non-
projective parsing can be done in O(n?) using the Chu-Liu-Edmonds algorithm [5, 8,
37]. However, higher-order non-projective parsing is an NP-Hard problem.

Koo’s solution using the dual decomposition algorithm employs two parsing mod-
els and iteratively updates the penalty variables which correspond to the dependency
relations which disagree between the two models. One of the models is the first-order
non-projective parsing model [37] which is decoded by the Chu-Liu-Edmonds algo-
rithm [5, 8]. The other model is based on head automata whose decoding algorithm
optimizes the set of their dependent words for each word. The model captures higher-
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Figure 7.1: An example English sentence. ‘*’ is the artificial sentence ROOT symbol
for algorithm convenience. Dependency relations are drawn from dependent words to
their head words. This example is cited from the slides of an ACL 2011 tutorial “Dual
Decomposition for Natural Language Processing ” by Alexander M. Rush and Michael

Collins.
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order interactions among dependency relations, but there is no guarantee that the output
of the model forms a tree. In every iteration of parsing, both the models output their
optimal dependency structures independently. The algorithm terminates if their out-
puts are equivalent. Otherwise, the variables correspond to their disagreed points are
updated to penalize their outputs in both models.

The optimal solutions of the two models, y* and z*, are defined as

y* = argmaxyey {g(y) + Y u(i, )y(i, j)}
ij

= argmax;cz {f(z) _Zu(ivj)z(i7j>})

where Y and Z are the sets of possible dependency structures, and g(y) and f(z) are
the scores in these models themselves. An indicator function y(i, j) returns 1 if there is
a dependency relation between the head word in the position i to the dependent word
in the position j; it returns O otherwise. All the penalty variables u(i, j) are initialized
as 0 on the beginning of the algorithm.

For example, suppose the two models output the dependency structures shown in
Figure 7.1 (a) and (b), respectively. The dependency structure (b) is not a tree. They
disagree at the two dependency relations drawn as dashed arrows. The penalty vari-
ables u(i, j) corresponding to the disagreements will be updated based on y(i, j) —
z(i, j); since all the u(i, j) was initialized as 0, all the nonzero variables are u(2,6) =
+1,u(8,7) = +1,u(8,1) = —1 and u(4,6) = —1 at the end of the first iteration. The
dual decomposition algorithm iteratively decodes their optimal solutions with consid-
ering the penalties and then updates the penalties until their optimal solutions agree.

7.2 A First-Order Parsing Model based on the Tourna-
ment Model

While Koo’s dual decomposition employed an MST parser as a dependency parser,
the tournament model seems to suitable for Japanese dependency parsing. The algo-
rithm itself is applicable to Japanese bunsetsu-based parsing. However, applying the
MSTParser software to Japanese is not a trivial problem because it is not realistic to
find the optimal explicit feature combination. Since the number of possible features
extracted from a Japanese bunsetsu is much larger than that from an English word, it is
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too hard to find the optimal combination. Structure learning algorithms' , which is the
sort of machine learners employed by MST parsers, does not incorporate polynomial
kernels.

Nonetheless, the dual decomposition algorithm requires a score-based parser, but
the tournament model is not such a parser. However, as experimented in Chapter 5,
the distance from the hyperplane of a binary classifier can be regarded as a score. We
will propose a first-order parsing model which inherits the advantage of the tournament
model. Then, we will assign first-order scores to the model.

Round Robin Model

We will define a round robin (or all-play-all) model which is an extension of the tour-
nament model. For a dependent which has m candidate heads, the tournament model
plays games for some m — 1 pairs of candidate heads. In contrast to the tournament
model, our round-robin model plays games for all W pairs of candidates. While
the time complexity of non-projective dependency parsing with the tournament model
is O(n?), that of the round-robin model is O(n?).

One of the naive scheme to select the like candidate head is voting. That is, the
model selects the candidate head whose number of winnings is largest. If the num-
bers of winnings of two or more candidates are equal, a certain tie-breaking criteria is

employed such as selecting the maximally-scored dependency relation.

First-Order Scoring

We will define a score-based round robin model which satisfies the property that the
optimal tree is the maximally-scored tree. We employ two classifiers for predicting the
head and the label of a dependency relation, respectively.

Unlabeled dependency scores for the model are defined based on the signed dis-
tances from the hyperplane which a binary classifier returns. We denote s4¢, ¢, =
classifyH(d,cy,cp) where d, ¢; and ¢; are a dependent, its left candidate head and its
right candidate head, and c¢| < ¢,. The function classifyH (-) corresponds to the signed
distances from the hyperplane of the binary classifier for head prediction. We define

IStructure learning for dependency parsing is sort of machine learning algorithms which feed a
sentence as a single training example and update its weights based on the difference between the gold-
standard tree and the optimal tree decoded with the current weights.
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Figure 7.2: o(x) = # Figure 7.3: logo (x).

Sd.c.c = 0. We defined the positive class of the classifier as “the left candidate is more
appropriate”. Therefore, if classifyH (-) returns a positive, the left candidate is judged
to be more appropriate, and vice versa. The score of an unlabeled dependency relation
is defined as

score(d = h)uniabeled = min logo(sign(c—h)-Sqcn)-
ce{d+1,...n—1} o
Since sign(c — h) returns —1 if ¢ < h, it ensures that “4 won” is always the positive
class and vice versa. A sigmoid function 6 (x) = H% is used to convert a signed dis-
tance from the hyperplane € R to pseudo probability 0 < p < 1, as shown in Figure 7.2.
The function o(-) > 0.5 when & won and ¢ (+) < 0.5 when A lost. Applying the loga-
rithm function is for calculation convenience. A candidate / plays games against each
of all other candidates and the equation takes the worst game score as its dependency
score. As shown in Figure 7.3, applying log & (-) preserves their magnitude relation.
The score of a labeled dependency relation is defined as the combination of its la-
beling score and its unlabeled dependency score. The labeling score is defined as

o (san1)
maXxy ¢y O (Sd,h,l’)

score(d KRN h)1abeling = log (7.1)

where 54, = classifyL(d,h,l) is a signed distance from the hyperplane which a bi-
nary classifier for predicting the label returns. The set of possible labels L= {D,P,I,A}.
The score of a labeled dependency relation is defined as

! I
score(d — h)iabeted = SCOTeyniabeled(d — ) 4 sCOTe apeling(d — h). (7.2)

We assume that dependency relations are independent each other. Therefore, the
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BB IE D ondanka-no (of global warming)
Ml & yokusei-to (reduction and)
#¥BF&ED  keizai-no (of economy)

BE%  seichou-wo (growth)

(M3L9 D) ryouritusuru (pursue simultaneously)

Figure 7.4: An example edit graph which the Okuma’s Japanese coordination analyzer
[48] constructs. All the links are directed arcs. However, we will draw directed arcs
in edit graphs as undirected arcs. “Pursue reduction of global warming and growth of

economy simultaneously.”

score of a dependency tree y and the optimal tree y* are defined as

gly) = Z score(d EN h)
(dSh)ey

y* = argmaxycy g(y)

These definitions, maximizing the sum of arc scores, are identical to those of a non-
projective first-order MST model, which is employed in Section 7.1. While the de-
coding algorithm for the MST model is Chu-Liu-Edmonds algorithm, the round robin
model can be decoded by a simpler algorithm because of the Japanese HEADFINAL
constraint. The round robin model cannot incorporate dynamic features, in contrast to

the tournament model.

7.3 Japanese Coordination Analyzer

We employed the Okuma’s similarity-based Japanese coordination analyzer [48, 49],
which is an extension of a Shimbo and Hara’s English coordination analyzer [58]. The
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Shimbo and Hara’s machine learning-based analyzer is an extension of the rule-based
Kurohashi and Nagao’s coordination analyzer for Japanese [30]. All of these models,
including Okuma’s, capture syntactic and semantic similarities between components
of coordinated conjuncts.

For example, in the sentence shown in Figure 7.4 are similar in the following senses.
The two conjuncts “VBE bt D #iil”(reduction of global warming) and “#&# O ik
£(growth of economy) are coordinated. The two conjuncts are similar because both
of the conjuncts contain the particle “no” (?). Moreover, “iialE{t.”(global warming)
and “F&3(economy) are defined as semantically similar in some language resources
such as thesauri. Additionally, “#ifl”(reduction) and “i% - "(growth) are also seman-
tically similar. The particle “f0” (&) is a marker of the existence of a coordinated
structure, which corresponds to an English coordinate conjunction “and”. However,
not all the instances of the particle are markers of coordinated structures.

At the beginning of coordination analysis of a sentence, the Okuma’s analyzer con-
structs the triangular directed graph shown in Figure 7.4. All the bunsetsus of the
sentence is written on both the top and the right of the graph. For example, the topmost-
leftmost cell corresponds to the similarity between “llEz{t.>” and ” #1l] & «. The
leftmost bunsetsu of a sentence does not have its corresponding column, Similarly the
rightmost bunsetsu does not have its corresponding row. The graph is referred to as an
edit graph, or alignment graph.

A node typically has three outgoing arcs. A diagonal arc corresponds to the Substi-
tution edit operation. In other words, the two bunsetsus written above and on the right
of the arc are aligned. A horizontal arc corresponds to the Insertion edit operation,
which indicates that the two bunsetsus does not be aligned. Similarly, a vertical arc
corresponds to the Deletion edit operation. In Figure 7.4, “l@lz{t.>” and “#¥5 D~
are aligned, and “#iiiil &> and “i& & % are also aligned.

The optimal alignment path is decoded from the top-left corner node to the bottom-
right corner node using a Viterbi algorithm. Scores are assigned to every arc of the
graph calculated with similarity features and learned weights of these features.

The decoded path may contain some coordinated structures. The gray box in the
figure denotes a coordinated structure. More specifically, a label is assigned for each
arc to distinguish whether the arc corresponds to inside or outside of a coordinated
structure. The path shown in Figure 7.4 denotes the box because the labels of the
two Substitution arcs are Inside, and the labels of the other two arcs are Outside. A
coordinated structure consists of N(> 2) conjuncts is represented as N — 1 boxes on
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'é 5] £ V) “ 1:;
8 it I
London &  ken-to(Ken and)
, D kare-no (his)
Paris W& ane-to (sister and)
and DY watashi-ga (1)
(Berlin) (BMmL7z) sankashita (attended)

(a) (b)

Figure 7.5: Representations of an English and a Japanese coordinated structures consist
of three conjuncts. Bold solid lines, dotted lines and double lines correspond to Inside,
Outside and End, respectively. The sentence (b): “Ken, his sister and I attended.”

the graph. Each box represents the correspondence of neighboring conjuncts. An edit
graph in English word-based coordination analysis is shown in Figure 7.5(a). The set
of arc labels {Inside, Outside} is sufficient because coordinate conjunctions such as
“and” or “,” are always placed between conjuncts. In contrast, the property does not
hold in Japanese bunsetsu-based coordination analysis. As shown in Figure 7.5(b), a
coordinate conjunction “z0” (&) is included in a conjunct bunsetsu “#Jifil| & . There-
fore, with the set of labels, a coordination analyzer cannot distinguish between a 3-
conjunct coordinated structure and two 2-conjunct coordinated structures. To solve the
problem, another arc label End was employed, which marks the ends of conjuncts.?

The differences between the Okuma’s model and a Shimbo and Hara’s model is
not only in their features but also that the former introduced the bypass arc. The arc
connects the top-left corner node and the bottom-right corner node of an edit graph
directly. The arc corresponds to that there are no coordinated structures in the sentence.
Without the bypass arc, an analyzer may reach the same conclusion based on local
features assigned to each arc. In contrast, global features such as sentence length are
available for the bypass arc.

>The implementation we used for experiments employs a more complicated label set and a possible
consecutive arc list.
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Figure 7.6: A node is implemented as a set of child nodes with different labels. An
oval is a node group containing child nodes. A node group corresponds to each of
nodes in an edit graph. Not all the arcs are drawn in this figure.

Implementation Specification

We used Okuma’s implementation®. We modified the code to output the score table
and possible consecutive arc label list of the analyzer. The model assigns scores to not
only arcs but also nodes. As we will describe in Section 7.4, our dual decomposition
algorithm modifies the scores of nodes.

The score of a node represents the score of consecutive arcs. As shown in Figure
7.6, a node in an edit graph is implemented as a set of child nodes with different
labels. The label of a child node is identical to the label of its incoming child arcs.
A consecutive label pair (p,s) is implemented as a child arc with the label s which
outgoes from the child node with the label p. The name of an arc label is a pair of
the first characters of an edit operation € {S(ubstitution),I(nsertion),D(eletion)} and
a position of the arc in a coordinated structure € {I(nside),O(utside),E(nd)}. For
example, the label (S,E) denotes a substitution at the end of a coordinated structure.
The possible consecutive arc label list prohibits some of unnatural consecutive arcs.
There are no child arcs between such label pairs.

3 An implementation of a Shimbo and Hara’s model is released at http://cl.naist. jp/project/
coordination/en/?Code.
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On decoding from an optimal path to boxes, the analyzer refers to the two con-
secutive label list: BoxStartList and BoxEndList. BoxStartList enumerates the label
pairs which are regarded as the beginning of a box, such as ({Z,0), (S,E)). Similarly,
BoxEndList enumerates the conditions to be the end of a box such as ((S,E), (D, 0)).
The coordination analyzer assigns beginnings and ends of boxes to a path by using the
lists, and then makes pairs of a beginning and an end from the assigned marks. The
model was not designed for detecting nested coordinated structures.

Suppose scoreyirpi(z) for a path z is the resulting score of a Viterbi algorithm ap-
plied for an edit graph with the bypass arc. The optimal path z* is

f(2) = scoreyirerpi(2)

7" = argmaxzez f(2).

7.4 Designing Penalties in Dual Decomposition

Common Representation

We have to define a common representation to integrate the outputs of the depen-
dency parser and the coordination analyzer by using a dual decomposition algorithm.
In the example of dual decomposition described in Section 7.1, both of the parsers out-
put a dependency graph. The common representation of the two parsers is the indicator
functions y(i, j) and z(i, j). In contrast, our situation cannot be so straightforward; the
parser outputs a dependency graph and the coordination analyzer outputs the spans of
coordinated structures. A common representation is necessary to judge the equivalence
of their optimal solutions, which corresponds to y* = z* in the previous example, and
to calculate the difference between them, which corresponds to y(i, j) — z(i, j).

We define a common representation as shown in Figure 7.7. The path in Figure
7.5(b) can be represented as Figure 7.7(b) with bunsetsu indices. Each of the bunsetsus
in the positions 0 and 3 is a single-bunsetsu conjunct. The other conjunct spans the
bunsetsus in the positions 1 and 2. In our common representation, the output of the
coordination analyzer is regarded as a partial dependency tree shown in (b’). This
conversion from (b) to (b”) ignores bunsetsu indices of the beginnings of conjuncts and
add dependency relations based on the indices of the ends of conjuncts. All the labels
of such dependency relations are P, which is the label for a parallel relation in Kyoto
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Figure 7.7: The common representation between a dependency parser’s and a coor-
dination analyzer’s outputs. Dashed arcs are parallel (label P) dependency relations.
Solid arcs are normal (label D) dependency relations.
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Text Corpus. The conversion from a dependency parser’s output (a) to our common
representation (a’) refers to the converted coordinated structure (b’). As shown in (a’),

all the dependency relations (d IN h) such that (d oy ) € (b’) are extracted.

Then, we introduce the penalty variables u, just like the example in Section 7.1.
However, we add the dependency label, and inverse the positions of a dependent j and
its head i to adapt the Japanese notation. Therefore, u(j IN i) denotes the penalty for
the dependency relation from j to i with the label /.

Suppose the conversion functions for the dependency parser and the coordination
analyzer are C4(-) and C,(+), respectively. The functions are defined as indicator func-
tions, similar to y(i,j) and z(7, j) in Section 7.1. That is, they return 1 if there is a
dependency relation from j to i with the label /, or return 0, otherwise. Suppose Fig-
ure 7.7(a) is a dependency tree y and (b) is an alignment path z, C4(y)(0 T 1) =1,
Ca(y)(2 N 3) =1, Ce(2)(0 T 2) =1and C.(z)(2 N 3) = 1 are all of their nonzero
elements.

The Algorithm

The dual decomposition algorithm for our task is shown in Algorithm 5. Its basic
structure is similar to Algorithm 4. This algorithm terminates when not only their
common representations agree (c;(y*) = c.(z*)) but also they disagree 7 times (lines
6-7). The parameter T is the maximum number of iterations. As Koo et al. [23]
described in their implementation detail, update step sizes should be dropped according
to iterations proceed for efficient convergence. We set the update step size in the 1"
iteration to % of that in the first iteration (line 9).

The function y(;j KN i) to penalize the score of a dependency tree g(y) is almost an
indicator function. Unlike y(i, j) in Section 7.1 which returns 1 or 0, y(;j KN [) returns
UnitScoreparse - 0 when there is the dependency relation from j to i with the label
[ in y, instead of returning 1. Returning the value plays the role of normalization.
Unlike probabilistic models, the scores of our parser and coordination analyzer were
not normalized each other. The value UnitScore,q s 1s defined as the score of the
optimal dependency tree in the first iteration divided by the number of dependency
relations in the sentence, which is n — 1 for a sentence consists of n bunsetsus. That is,

g(y")
n—1|

UnitScoreparse = '
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Algorithm 5 The dual decomposition algorithm for our task.

1:
2:
3:
4:

10:
11:
12:

13:
14:
15:
16:
17:
18:
19:

20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:

R A4

u(ji>i)<—0f0ralli,j,l

t=1
loop
y* = argmaxyey {g(y)+Xiju(j - i)y(j - i)}
7" < argmaxzez {f(z) — L ju(J Lz i
if c;(y*) = c.(z") or t = 7 then
return (y*,z")
else
u(j = i) = u(j 5 i)+ Heah) (= 1) = ez 5 i)}
end if
t<—t+1
end loop
function y(j IN i)

if j Lic y then
return +UnitScore pgrse - 0
else
return O
end if
end function

function z(j IN [)
if / = P then

if & (j,i) =€ zand (p,s) € BoxEndList then
return +UnitScore porq - K
else
return 0
end if
else

A {£> (,i) = | S (j,i') 2>€ zand (p,s) € BoxEndList}
return Y ;e —UnitScorecoora - K
end if
end function
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The parameter § specifies the update step size for dependency parser’s scores in the
first iteration.

The function z(j IN i) penalizes the scores of a coordination analyzer’s path f(z).
How the scores are updated depends on its label /. The definition is similar to y(j KR i)
if [ = P, as shown in the lines 22-26 in Algorithm 5. It is almost an indicator function
about whether the following two conditions are satisfied. Suppose LN (j,0) Zy€ zis the
pair of the incoming child arc with the label p and the outgoing child arc with the label
s of the node at the position (j,i) in an edit graph. The first condition is that a path z
includes the consecutive arc. The other is that the arc pair (p,s) corresponds to the end
of a coordinated structure. The unit score for our coordinated analyzer is defined as.

f(z)
n—1

UnitScore ,org = ‘

The parameter x is for our coordination analyzer, similar to 8. These parameters
also play the role of controlling which of dependency parser’s scores and coordination
analyzer’s scores are updated more drastically. Unlike dependency trees, the length of
a path of our coordination analyzer is not a constant. Therefore, we defined the unit
score by dividing by n — 1 instead of its path length.

The definition for / # P is more complicated because it is not a trivial problem to
encode such dependency relations into an edit graph. We focused the fact that if a de-
pendency tree includes the dependency relation j KR i, the tree cannot include another
dependency relation j L, ¢ such that [ # 1" and/or i # i’ because of the SINGLEHEAD
constraint. As shown in the lines 28 and 29, when u(j IN i) is being updated with a dis-
placement A < 0, the scores for coordinated structures which end at the node (j,i’) for
eachi’ € {j+1,...n— 1} are decreased. This updating procedure indirectly promotes
dependency relations j !y i such that I = P relatively, with degrading their disjoint de-
pendency relations. It contrasts with the direct interaction which occurs when [ = P;
the score for coordinated structures which end at the node (j, i) is promoted.

At most one arc a € z is penalized by an indirect update. A valid coordinated struc-
ture is denoted as a box whose both width and height are at least 1 on an edit graph.
Therefore, each arc in an alignment path z is penalized in the summation at line 5 at
most once.
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7.5 Experiments

7.5.1 Settings

Our experimental settings are as follows. We used Kyoto Text Corpus Version 4.0.
We corrected a few critical errors that crash the parser in the corpus. The binary classi-
fier for dependency head prediction was opal, which is an implementation of Passive-
Aggressive-I binary classifiers, with the second degree polynomial kernel. The other
options for opal are N=0 a=PA1 ave=1 s=1 iter=40 c=0.00005 M=0. We used the
standard features and the additional features. We set the number of iterations for train-
ing the Okuma’s coordination analyzer to 5000. Parameter averaging was performed.

Another PA-I classifiers were employed for dependency labeling. Their options and
features are as same as for the PA-I for head prediction. The labeling algorithm is
one-versus-rest. That is, we trained the four binary classifiers: label D versus the
other labels, label P versus the other labels, label I versus the other labels and label A
versus the other labels. On testing, the four classifiers were applied to a dependency
relation and the label corresponds to the classifier with the maximum signed distance
is selected.

These parser and coordination analyzer are the baseline. They were also the input of
the dual decomposition algorithm.

7.5.2 Preliminary Experiment: Accuracy of Coordination Ana-
lyzer

The accuracies of the coordination analyzer without the dual decomposition algo-
rithm are shown in Table 7.1. The two top experiments are regular experimental set-
tings, whose training data and test data are disjoint. The two bottom experiments
are unrealistic self-training ones, whose training data and test data are identical. The
definition of sentence accuracies is identical to that for dependency parsing. These
sentence accuracies are relatively high compared to the other columns because around
45% of the sentences of the corpus does not contain any coordinated structures.

A coordinated structure was evaluated as one or more boxes. Similar to the descrip-
tion in Section 7.3, a coordinated structure which consists of N conjuncts is decom-
posed into the N — 1 neighboring pairs, and then evaluated as the N — 1 individual
components. The evaluation measure Scope of coordinations is the tighter measure;
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Training Test Sent. | Scope of coordinations | End of conjuncts
Data Data Acc. | P R F P R F

Jan. Ist-8th | Jan.9th | 574 | 30.2 33.3 31.7 45.5 50.1 47.7

Jan. 1st - 8th | Jan. 10th | 55.3 | 31.1 36.2 334 452 52.6 48.6

Jan. Ist - 8th 61.0 | 38.7 39.0 38.9 55.8 56.2 56.0

Jan. 10th 74.7 | 60.8 58.8 59.8 744 720 732

Table 7.1: Coordination Analysis Accuracy.

the correctness of a conjunct pair is judged in whether its all the bunsetsu indices
are completely identified. The other measure End of conjuncts is the looser mea-
sure which ignores all the indices of the beginning of conjuncts. For example, the
3-conjunct coordinated structure {[0,0],[1,2],[3,3]} in Figure 7.7(b) is decomposed to
([0,0],[1,2]) and ([1,2],[3,3]). With the former measure, (|0, 0], [1,2]) is correct if and
only if ([0,0],[1,2]) € gold-standard. With the latter measure, ([0,0],[1,2]) is correct
if and only if ([*,0],[*,2]) € gold-standard where = is don’t-care. The latter measure
is similar to that for a dependency tree because a label-P dependency relation connects
the ends of conjuncts. We evaluated precision, recall and F-measure.

As shown in Table 7.1, our coordination analysis performance is low on the whole.
In the upper half experiments, their F-measures with the latter measure are below 50%.
Even in the unrealistic self-training experiments with the larger training data, the F-
value is 56%. Unlike the SVMs in dependency parsers, whose self-training accuracy
is almost 100%, the coordination analyzer seems not to learn sufficient information.
However, compared to the corpora in Shimbo and Hara, and Okuma’s experiments,
Kyoto Text Corpus seems to be difficult to analyze for similarity-based coordination
analyzers. Especially, the conjuncts of a predicate coordination are rarely similar each
other.

In the following experiments, we use the setting: the training data is January 1st-8th
and the test data is January 10th. It is the baseline performance. The output with the
setting are input into the dual decomposition algorithm.

7.5.3 Dual Decomposition with Unlabeled Dependency Parser

First, we evaluated how much the dual decomposition algorithm improves labeled
dependency accuracies with only the coordination analyzer’s output. In this experi-
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ment, the dependency parser does not estimate dependency labels but assume all the
labels are D, instead. The label D is the most frequent label in Kyoto Text Corpus. The
labels of around 90% of dependency relations are D. We added the following statement
to the initialization section (lines 1 and 2) of Algorithm 5.

score(d i h)1abeled < score(d D, h)1abelea — €; for all d, h

where € > 0 and € < UnitScorepqrse. The labeling score for a label-P dependency
relation is defined as slightly smaller than that for label D. In this experiment, the set
of possible dependency labels L € {D, P}.

Results are shown in Table 7.2. The maximum number of iterations, T , of the dual
decomposition algorithm was set to 30. We first tuned J, and then k, greedily. The
number of correct dependency relations is improved the most with 6 = 0.25, k = 0.08.
Since this test data consists of 13997 dependency relations, improvement of +33 is
+0.24% in a dependency accuracy. The number of correct labeled dependency rela-
tions, defined as whether both their heads and labels are correct, improved by +267,
which is +1.91% in a labeled dependency accuracy. Around 320 sentences were not
converged within 7 iterations. In these cases, the accuracy of the two analyzers are
evaluated individually by ignoring the fact that the outputs of the two analyzers do not
agree. The two bottom parameter settings of Table 7.2 intend to simulate the situation
that one of the two analyzers blindly accepts the other analyzer’s output. Except for
their unlabeled dependency accuracies, both their dependency and coordination accu-
racies drastically dropped.

Coordination analysis accuracies are improved with some parameter settings. The
F-measure was achieved the highest with 6 = 0.25, k = 0.2. #tp = —#fn because both
of them are conjunct pairs € gold-standard conjunct pairs. Table 7.2 shows that this
experimental setting does not have ability to reduce false positives. The improvement
in F-measure is provided by turning false negatives into true positives.

However, this experimental setting seems to be unpractical. We can construct a
labeled dependency parser with labeled dependency annotations, or unlabeled depen-
dency annotations and coordinated structure annotations with a certain automatic con-
version. If such labeled dependency annotations are available, the one-versus-rest de-
pendency labeler is expected to achieve higher accuracy than this experimental setting
because of high-performance machine learners such as SVMs and PAs.
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Parameters # sent. # correct dep. Scope of coordinations
) K 'conv. | unlabeled labeled | #tp #fp  #fn F(%)
0.01 1.0 349 +5 +161 0 +94 0 -1.30
0.05 341 +9 +166 | +2 +91 -2 -1.12
0.1 330 +11 +168 | +2 +91 -2 -1.12
0.2 313 +18 +178 | +2 +93 -2 -1.15
0.25 305 +24 +183 +1 +92 -1 -1.20
0.3 297 +18 +190 | +2 +91 -2 -1.12
0.5 277 +9 +185 0 +83 0 -1.15
1 33 -281 +118 | -14  +65 +14 -1091
0.25 0.01 328 +31 +265 0 0 0 0.00
0.05 324 +33 +266 | +1 0 -1 +0.07
0.08 323 +33 +267 | +2 0 2 40.14
0.1 323 +33 +264 | +1 +3 -1 +0.03
0.2 318 +31 +257 +8 +7 -8 +0.48
0.5 316 +26 +230 | +5 +35 -5 -0.14
1.0 305 +24 +183 +1 +92 -1 -1.20
2.0 311 +26 -16 -4 4276 +4  -3.81
0.0 1000.0 | 738 0 0 -339  +2992 +339 -31.43
1000.0 0.0 3 -256 +190 0 0 0 0.00

Table 7.2: Results of dual decomposition with the unlabeled dependency parser. #
sent. !conv: the number of sentences which were not converged. # tp, # fp, # fn: the
numbers of true positives, false positives and false negatives, respectively.

115



Parameters # sent. # correct dep. Scope of coordinations

0 K !conv. | unlabeled labeled | #tp #fp #fn F(%)
0.01 1.0 447 +3 +2 +10  +61 -10 -0.15
0.05 437 +8 +7 +9  +57 -9 -0.16
0.1 427 +14 +9 +9  +56 -9 -0.15
0.15 416 +18 +16 +9 456 -9 -0.15
0.18 407 +29 +24 | +13  +52 -13  +0.19
0.3 376 +16 +5 +11  +44  -11 +0.16
0.5 330 -7 22 | +13 436 -13 4042
1.0 241 -68 -129 -1 +6 +1  -0.16
0.18 0.01 415 +33 +27 0 0 0 0.00
0.03 415 +36 +29 0 +2 0 -0.03

0.05 415 +33 +27 +1 +1 -1 +0.06

0.1 412 +34 +27 +4 -7 -4 +0.39

0.3 407 +32 +27 | +13 -10 -13 +1.09

0.4 405 +32 +27 | +14 -7 -14  +1.11

0.5 405 +28 +23 | +13 -1 -13 +0.95

1.0 407 +29 +24 | +13  +52 -13  +0.19

0.0 1000.0 | 454 0 0 -78  +1644 +78 -17.46
1000.0 0.0 0 -256 -345 0 0 0 0.00

Table 7.3: Results of dual decomposition with the labeled dependency parser.

7.5.4 Dual Decomposition with Labeled Dependency Parser

Table 7.3 shows the results with the labeled dependency parser. In this experiment,
labeled dependency scores had been assigned with the one-versus-rest classifiers as in
Equations 7.1 and 7.2. The number of correct dependency relations is improved most
with 6 = 0.18,x = 0.03. With the two bottom parameter settings, all the accuracies

are drastically dropped.

In this experimental setting, false positives were reduced. The F-measure of coor-
dinated structure is highest with 6 = 0.18,k = 0.04. The improvement of 1.11% is

higher than that of the previous experiment.
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Parser 0,K ‘ Unlabeled Acc. Labeled Acc.
Test data: January 10th
unlabeled - 90.06 (12605/13997) 83.01 (11619/13997)
0.25, 0.08 | 90.29 (12638/13997) 84.92 (11886/13997)
labeled - 90.06 (12605/13997) 87.83 (12293/13997)
0.18,0.03 | 90.31 (12641/13997) 88.03 (12322/13997)
Test data: January 9th
unlabeled - 89.56 (9838/10986)  82.81 (9097/10986)
0.25,0.08 | 89.65 (9849/10986)  84.86 (9323/10986)
labeled - 89.56 (9838/10986)  87.47 (9610/10986)
0.18,0.03 | 89.59 (9842/10986)  87.47 (9609/10986)

Table 7.4: Dependency accuracies before and after applying dual decomposition with
the development and a test data. Parameters for the experiments without the dual
decomposition algorithm are denoted with ‘-’.

7.5.5 Accuracy on Another Test Data

Table 7.4 shows the results on another test data. The best parameters estimated with
the development data were applied to the test data.

The improvements on the data are relatively small. Our preliminary experiments on
the data with various parameter settings suggest that the dual decomposition algorithm
seems not to be suitable for the test data, rather than the parameters are not suitable.
The reason may be that their parsing accuracy without the dual decomposition algo-
rithm was significantly dropped because of the following reasons, compared to Table
4.2. Unlike the machine learner of the former parser is a PA with the second-degree
polynomial kernel, that of the latter is an SVM with the third-degree polynomial ker-
nel. The former does not use dynamic features but the latter does. The low accuracy
implies that the scores in the round robin model on the test data is low-quality and
therefore prevents the dual decomposition algorithm from improvement. Moreover,
coordination analysis accuracy without dual decomposition is also lower than that on
January 10th, as shown in Table 7.1.
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7.5.6 Passive Selection of (y*,z*) based on Best Primal Score

In this subsection, we investigate how to select the best (y*,z*)("), which is the pair
of y* and z* at the " iteration. In the experiments above, we used the constant T
and evaluated accuracies with (y*,z") at the final iteration, that is, we evaluated with
(y*,z*)(®) if they have never agreed. We define PrimalScore, a function for evaluating
(y*,z") without using the gold-standard data, as

1. .
)+ X u(j—i)y(j—1i)
UnitScorepqrse
. L.
f@)+ X u(j—i)z(j— i)

+ . .
UnitScore pord

PrimalScore({y,z)) =

Then, we replace the line 7 of Algorithm 5 with
return argmax . .y PrimalScore((y*,z")").

We also investigate the upper bound with the algorithm; the optimal number of iter-
ations is given as an oracle for each sentence. That is, we replace the line 7 with

return argmax .. .« () ACCMmC)’(()’*»Z*>(t))

y*,z*

where Accuracy(-) refers the gold-standard data.

Results are shown in Table 7.5. The selection criteria based on the best PrimalScore
results modest improvements but it avoids drastic degradations of accuracies. The
selection criteria is one of the solutions for the problem that accuracies depend on
parameter selection critically. The highest number of labeled dependency relations is
achieved with 6 = 1.0,k = —1.0 and the selection based on PrimalScore, except for
the settings with oracles. With k < 0, scores of the coordination analyzer is updated to
the inverse direction. The settings with oracles achieved +121 and +123 improvements
in the numbers of correct unlabeled and labeled dependencies, respectively. They are
about 0.9% improvement. It is the upper bound of the accuracy by the best iteration
selection.

7.5.7 Impact of Coordination Analysis Accuracy

In this subsection, we investigate the impact of the accuracy of the coordination ana-
lyzer on the final accuracies after applying the dual decomposition algorithm. We used
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Parameters # Unlabled correct dep. # Labeled correct dep.
0 kK || final bestprimal oracle | final bestprimal oracle

with unlabeled parser

1.0 -1.0 || -65 +15 +88 | +235 +293 +606
0.01 1.0 +5 +1 +5 +161 +268 +551
0.1 1.0 || +11 +5 +25 | +168 +269 +566
0.2 1.0 || +18 +8 +45 | +178 +266 +581
025 0.01 | +31 +9 +59 | +265 +266 +586
0.25 0.08 | +33 +10 +62 | +267 +261 +589
0.25 0.1 || +33 +9 +62 | +264 +265 +589
0.25 0.5 || +26 +9 +58 | +230 +264 +591
0.25 1.0 || +24 +9 +56 | +183 +262 +590
0.5 1.0 +9 +5 +77 | +185 +259 +604
1.0 1.0 || -38 +19 +98 | +162 +273 +602
5.0 1.0 | -281 -73 +92 | +118 +244 +516
1000.0 0.0 | -256 0 +59 | +190 0 +447

with labeled parser
1.0 -1.0 | -68 +16 +110 | -129 +14 +112

0.01 1.0 +3 +1 +5 +2 +1 +3
0.1 1.0 | +14 +3 +31 +9 +2 +26
0.18 0.01 || +33 +5 +61 +27 +5 +59
0.18 0.03 | +36 +5 +64 +29 +5 +60
0.18 0.1 | +34 +5 +64 +27 +4 +60
0.18 0.5 | +28 +5 +64 +23 +4 +61
0.18 1.0 || +29 +5 +60 +24 +4 +59
0.5 1.0 -7 +11 +100 | -22 +8 +104
1.0 1.0 || -52 +19 +121 | -125 +16 +123
5.0 1.0 || -221 -16 +96 | -346 -29 +91
1000.0 0.0 || -256 0 +59 | -335 0 +57

Table 7.5: Results of dual decomposition by selecting the (y*,z*) of the final iteration
(final), based on primal scores (bestprimal) and based on accuracies (oracle). Test data
is January 10th.
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Parameters # sent. # correct dep. Scope of coordinations
o K lconv. | unlabeled labeled | #tp  #fp #fn F(%)
with unlabeled parser
0.1 1.0 206 +20 +592 | 45 +125 +45 -6.31
0.2 1.0 190 +39 +608 | -42 +120 +42 -5.99
0.25 0.08 169 +51 +668 +2 +2 -2 +0.08
0.3 1.0 178 +40 +609 | -41 +118 +41 -5.87
0.5 1.0 161 +59 +630 | -37 +111  +37 -543
0.5 0.02 136 +63 +682 +3 -1 -3 +0.23
0.5 0.08 135 +64 +685 +4 +2 -4 +0.21
0.5 0.2 133 +63 +683 +4 +10 -4 -0.01
0.8 1.0 139 +51 +632 | -39  +105 +39 541
1.0 1.0 124 +45 +645 38 +100 +38  -5.22
0.0 1000.0 668 0 0 -550 +2870 +550 -56.01
1000.0 0.0 0 -6 +666 0 0 0 0.00
with labeled parser
0.1 1.0 233 +27 +26 -13 +64 +13 -2.62
0.18 0.03 212 +48 +54 +5 -2 -5 +0.39
0.2 1.0 213 +46 +54 -13 +65 +13 -2.64
0.3 0.05 182 +62 +74 +7 -3 -7 +0.55
0.3 1.0 189 +59 +69 -12 +61 +12 247
0.5 0.05 149 +55 +80 +7 -3 -7 +0.55
0.5 0.1 147 +54 +79 +9 -2 -9 +0.66
0.5 1.0 156 +55 +72 -10 +53 +10  -2.12
0.8 1.0 111 +60 +73 -7 +42 +7 -1.63
1.0 1.0 94 +47 +60 -12 +39 +12  -1.88
0.0 1000.0 267 0 0 -126 4972 +126 -25.59
1000.0 0.0 0 -6 +27 0 0 0 0.00

Table 7.6: Results of dual decomposition with the unrealistic coordination analyzer
whose both training and test data are January 10th.
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one of the unrealistic settings shown in Table 7.1: both the training and the test data
are January 10th. The accuracy without dual decomposition is much higher than the
setting of previous experiments but is far from 100%. Therefore, we regard the coordi-
nation analyzer’s output with the setting as the output of a more accurate coordination
analyzer virtually.

Results are shown in Table 7.6. Compared to Tables 7.2 and 7.3, improvements
in dependency accuracies doubled and in F-measures of coordinated structures are
decreased. The results with the unlabeled parser shows that their labeled dependency
accuracies are comparable to those of the one-versus-rest dependency labeler. These
results imply that dual decomposition desires a more accurate coordination analyzer
and another common representation which models higher level of interactions.

7.6 Summary

One of the difficult problems for dependency parsers is to identify spans of coor-
dinated structures. A possible solution to the problem is to employ a coordination
analyzer, which is specialized for capturing such structures; a sentence is analyzed by
a dependency parser and a coordination analyzer independently.

We integrated a dependency parser’s and a coordination analyzer’s output by us-
ing a dual decomposition algorithm to improve accuracies of the two analyzers each
other. The algorithm employs two analyzers and iteratively updates the penalty vari-
ables based on the difference of the two analyzer’s current outputs until their outputs
agree. For example, if an analyzer outputs a certain dependency relation and the other
analyzer does not, the dependency relation will be less preferable to the parser and
more preferable to the other parser in the next iteration than in the current iteration.
Since the algorithm requires certain sort of analyzer whose optimal solution is the
maximally-scored one, we first developed a score-based round-robin model, a labeled
parsing model which inherits the advantage of the tournament model. Scores of depen-
dency labels are estimated a one-versus-rest algorithm with SVMs. Then, we define a
common representation for the two analyzers, which enables the algorithm to compare
and calculate the difference of the two analyzer’s outputs. In the representation, an
output of a coordination analyzer is regarded as a partial dependency tree which con-
sists of parallel (label-P) dependency relations connecting the rightmost bunsetsus of
neighboring conjuncts of a coordinated structure.
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The dual decomposition algorithm we defined for the integration is not straight-
forward compared to Koo’s [23] dual decomposition algorithm for multilingual de-
pendency parsing. Since the internal structure of the coordination analyzer cannot
represent normal (label-D) dependency relations, the algorithm cannot penalize a de-
pendency relation with the label D. Instead, the algorithm promotes all the label-P
dependency relations whose dependent is same as the label-D relation because they
are disjoint each other.

We conducted several experiments with Kyoto Text Corpus. We first investigated
the accuracy of the coordination analyzer without dual decomposition and show that
its accuracy is low; identification F-measure of scopes of coordinations is below 35%,
and that of ends of conjuncts, the looser evaluation measure, is below 50%. Then, we
conducted the experiment with the unlabeled round-robin model, whose dependency
labels are initialized as D. With greedy tuning of the parameters of the dual decomposi-
tion algorithm, unlabeled dependency accuracy improved by 0.23%, labeled accuracy
improved by 1.91%, and F-measure of scopes of coordinations improved by 0.48%.
However, the labeled accuracy is much lower than the one-versus-rest labeler. We also
conducted experiments with the labeled round-robin model. Unlabeled dependency
accuracy improved by 0.25%, labeled accuracy improved by 0.20%, and F-measure
of scopes of coordinations improved by 1.11%. The dual decomposition algorithm
slightly improves both parsing accuracy and coordination analysis performance.

We conducted further investigations. The experiment with optimal number of max-
imum iterations as the oracle show that the upper bound of improvements in both
unlabeled and labeled dependency accuracies are around 1%. The experiment with
another test data show that the dual decomposition algorithm brings less improvement
than that with the original test data. In the final experiment, we employed the unre-
alistic coordination analyzer whose training and test data are identical. Its F-measure
of scopes of coordinations is around 60%. With the analyzer, improvements in both
unlabeled and labeled dependency accuracies are doubled.

The dual decomposition algorithm can slightly improve both dependency parser and
coordination analyzer. However, a more accurate coordination analyzer is requested
for a practical level of improvement.
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Chapter 8

Use of Coordinated Structure
Annotation for Efficient Dependency
Structure Annotation

In this chapter, we propose a method for boosting annotation efficiency with in-
troducing a new annotation criteria which resolves several problems in the Kyoto Text
Corpus annotation criteria. We have been participating the project to construct the Bal-
anced Corpus of Contemporary Written Japanese (BCCWI). Our mission is to annotate
dependency structures and coordinated structures on the corpus. Kyoto Text Corpus
encodes coordinated structures in dependency structures by using certain dependency
labels. In contrast, we have been annotating dependency structures and coordinated
structures separately.

The separate annotation of dependency structures and coordinated structures of BC-
CWI enables to describe more flexible structures. It also enables to prohibit intro-
ducing unnatural dependency relations even for a certain sort of complex coordinated
structures. A coordination is a sort of ellipsis occurred by human for reducing the
number of words which the person has to write or speak. A coordinated structure is
sometimes quite complex to compress the original sentence significantly. Although a
coordinated structure is embedded in a dependency tree in Kyoto Text Corpus, it cannot
represent complex coordinated structures because of the constraints on a dependency
tree. The embedded representation also requests to introduce unnatural dependency
relations for a certain sort of structures. The separate annotation resolves several such
problems.

When constructing a corpus with dependency and coordinated structures, it is effi-
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Figure 8.1: Notation of dependency relations and a coordinated structure in this chap-
ter. “Current state and issues of imparting skills in manufacturing.”

cient to annotate coordinated structures first. This is because definition of coordinated
structures is more understandable than that of dependency structures, and automatic
coordination analysis is less accurate than dependency parsing. Dependency structure
annotators work with the merged structure of dependency parser’s output and coor-
dinated structure annotation. Such sequential annotation keeps consistency between
dependency structure annotation and coordinated structure annotation. This annota-
tion order also enables annotators to grasp the structure of a long sentence instantly by
the given coordinated structure annotation.

The coordinated structure annotation is not fully exploited. In this chapter, we con-
struct a more precise dependency parser using the constraints derived from the anno-
tation. The constraints also detect dependency annotation errors.

8.1 Construction of the BCCW]J Corpus

Since the constraints have a high correlation with BCCW]J annotation criteria, this
section illustrates the annotation steps and the criteria for constructing the corpus.

8.1.1 Annotation Steps

Prior to annotating coordinated and dependency structures, National Institute for
Japanese Language and Linguistics took samples from texts such as books or mag-
azines, typed them into computer, split the electronic data into sentences, assigned
morphological information to them and then split them into bunsetsus, sequentially.

A single annotator assigned coordinated structures on the preprocessed data. The
beginning point and the ending point of a coordinated structure must be a word bound-

124



ary!. We illustrate a coordinated structure as shown in Figure 8.1. A rectangle is a
bunsetsu. A word? boundary is represented as a vertical line from the top to middle of
a rectangle. A coordinated structure is represented as bold underlines and dotted un-
derlines. A bold underline is the span of an element of a coordinated structure, which
is referred to as a conjunct. Dotted underlines group the conjuncts into a coordinated
structure. The annotator assigned spans of conjuncts and their groupings (Step A).
Coordinated structures were assigned to all the sentences of BCCWI core data, which
consists of almost 1 million words. Apposition structures were also assigned in the
same manner.

In the next step, we assigned dependency structures by using a dependency parser,
and then annotators correct errors in the dependency parser’s output. We overwrote the
morphological information of Kyoto Text Corpus with the Short Unit Words by using
MeCab?® with UniDic [7] morphological dictionary. A dependency parser using the
tournament model was trained with the modified Kyoto Text Corpus. The coordinated
structure annotation (output of Step A) was merged with the parser’s output. Total of
11 annotators are correcting parser’s errors in parallel (Step B). As we will describe in
Section 8.1.2, dependency structure annotation criteria of BCCW] differ from that of
Kyoto Text Corpus. Therefore, the difference will cause parsing errors. For 80% of
BCCWI core data, Step B was completed.

Finally, one or two expert annotators will correct both coordinated and dependency
structures annotations (Step C). This step will ensure the consistency of both of the
annotations.

The research described in this chapter corresponds to Step B.

8.1.2 Annotation Criteria of Coordinated and Dependency Struc-
tures

This subsection illustrates the differences in annotation criteria between Kyoto Text
Corpus and BCCW]J. One of the major differences is the representation of an incom-
plete coordinated structure. BCCW]I represents it not by using certain dependency
labels but as the span of coordinated structure and dependency relations which modify

"More specifically, the points must be a boundary of the Short Unit Word defined by National Insti-
tute for Japanese Language and Linguistics.

2Every word is the Short Unit Word.

Shttp://mecab.sourceforge.net/
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| KyotoText Corpus ) p

N

Xz LX) pN:{ /—t% B0 =ERIC | | ALTLVS
book-ACC big brother Taro notebook-ACC little brother Saburo renting

Xz LX) AERIZ /—t% BO =EBIC | | ALTLVS
book-ACC big brother Taro notebook-ACC little brother Saburo renting

[From Kurohashi et al., 2000]

Figure 8.2: Annotation for an incomplete coordinated structure on Kyoto Text Corpus
and BCCWI. Dependency label D is omitted in the figures in this chapter. “(I am)
renting a book to (my) big brother, Taro, and a notebook to (my) little brother, Saburo.”

their true heads. Note that verb phrase coordinations, which are a kind of coordinations
in Kyoto Text Corpus, are regarded as not coordinations but just dependency relations
between verbs.

Incomplete Coordinated Structures

In BCCW/J, incomplete coordinated structures are represented by unlabeled depen-
dency relations and spans of coordinated structures. Dependency relations in Kyoto
Text Corpus are labeled dependency relations which enable marking coordinated struc-
tures and appositions; label P represents parallel relation; I is for relations inside of
an incomplete coordinated structure; A represents apposition relation; D represents
normal dependency relation. Unlike Kyoto Text Corpus, the separate annotation of
dependency and coordinated structures obsoleted dependency labels.

In Kyoto Text Corpus, some of the dependency relations inside of an incomplete
coordinated structure does not modify their true heads. As shown in Figure 8.2, Kyoto
Text Corpus annotation criteria prohibit such dependency relations from going outside
of their conjuncts. For example, despite the true head of “book™ is “renting”, “book”
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citizen-
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and coordinator identification and fostering
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—
RIVTATESMP| M2 =7(7FF),
vqun_t,eer“-" local community
participating activity

-

mamic || ans| PEEO UHAHLERE )
emerger]gy,,-""‘utilize peacetime recycling activity-ACC \
[From BCCWJ OW6X_00056] R 18

Figure 8.3: A complex coordinated structure related to various annotation rules. “(The
organization is) doing identification and fostering of disaster-prevention volunteers and
coordinators, volunteer-participating local community activities, and recycling activi-
ties in peacetime to utilize (them) in emergencies, where citizens participate. ”

modifies “Taro” with dependency label I. This rule forces projectivity to dependency
structures by avoiding crossings of dependency relations.

Since dependency labels were obsoleted in BCCW]J, dependency relations may cross
each other. BCCW] allows non-projective dependency structures.

Coordinated Structures with Three or More Conjuncts

Rightmost bunsetsus of each of conjuncts must modify the rightmost bunsetsu of
their neighboring conjunct. The example sentence shown in Figure 8.3 contains a
coordinated structure with three conjuncts: “identification and fostering of disaster-

29 <<

prevention volunteers and coordinators”, “volunteer-participating local community ac-

2 [

tivities” and “recycling activities in peacetime to utilize them in emergencies”. “iden-
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citizen- disaster-prevention . . . .
L by and coordinator identification and fostering
participating volunteer

Figure 8.4: Another coordinated structure annotation on the sentence of Figure 8.3.

tification and fostering” modifies “local community activities”. Similarly, “local com-
munity activities” modifies “recycling activities”.

Connective Expressions

Typical connective expressions are coordinate conjunctions which correspond to
“and” or “or” of English. A connective expression is regarded not as an element of
a conjunct but as an inter-conjunct element. A connective expression must modify the
rightmost bunsetsu of its neighboring conjunct. For example, “¥3 &2 0¥’(and) in Figure
8.3 modifies “coordinator”.

Bunsetsus Which Semantically Modify All the Conjuncts

A dependency relation from outside to inside of a coordinated structure does not
indicate single dependency relation, semantically. Such a dependency relation is re-
garded as relations to all the corresponding bunsetsus of every conjuncts. Such de-
pendency relation must modify the corresponding bunsetsu of the leftmost conjunct.
For example, “by” in Figure 8.3 modifies “identification and fostering”. This annota-
tion implies that the dependent “by (citizen-participating)” also semantically modifies
“local community activity” and “recycling activity”.

If, as shown in Figure 8.4, “by (citizen-participating)” is included in the leftmost
conjunct, the semantic meaning which the annotation represents will change. “by
(citizen-participating)” semantically modifies only “identification and fostering”. The
annotation does not mean neither “citizen-participating local community activity” nor
“citizen-participating recycling activity”. Although the dependency structures of Fig-
ure 8.3 and Figure 8.4 are identical, the meaning differs because of the scopes of the
coordinated structure annotations.
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gL 7. & x 1R Mo *fHR,

dynamicand | | static, | | rigidand | |flexible, || chaosand cosmos contrast.

[From Kyoto Text Corpus 950110009-025]

Figure 8.5: Two interpretations for nested coordinated structures on Kyoto Text Cor-
pus. “Contrast of dynamic and static, rigid and flexible, and chaos and cosmos.”

Nested Coordinated Structures

Coordinated structures can be nested. In Figure 8.3, the leftmost conjunct of the
outer 3-conjunct coordinated structure contains another two coordinated structures:
“disaster-prevention volunteers and coordinators” and “identification and fostering”.

Kyoto Text Corpus also allows nested coordinated structures. However, two or more
interpretations may be possible for such structures. The sentence shown in Figure 8.5
includes such a structure. Interpretation (a) is probably correct, but interpretation (b)
is also possible.

BCCWI does not inherit the problem because every coordinated structure of nested
coordinated structures is annotated independently.

8.1.3 Inconsistencies

The final correction (Step C) has not finished yet. We know the following problem-
atic and inconsistent annotations corresponding to coordinated structures.

1. A bunsetsu belongs to two or more conjuncts of a coordinated structure. An
examples is the annotation shown in Figure 8.6 (a). The bunsetsu “5#{t - #k
7K D (reinforcement and imparting) is shared by two conjuncts “ /] D5/t (re-
inforcement of skills) and “#k7X”(imparting). Major reason of the problem is
probably annotation errors or file operation errors when merging annotations.
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Figure 8.6: Annotation error in spans of conjuncts. The coordinated structure is cur-
rently annotated as (a), but (b) is probably correct.

An exception of this pattern is a coordinated structure which consists of sin-
gle bunsetsu such as “identification and fostering”. We does not regard them as
problematic ones.

2. Violation of the rule described in the section Coordinated Structures with
Three or More Conjuncts; rightmost bunsetsu of each of conjuncts must mod-
ify its neighboring conjunct. However, it modifies the rightmost conjunct. For
example, if “identification and fostering” modifies “recycling activity”, the de-
pendency relation is an instance of this sort of violation.

3. Violation of the rule described in the section Bunsetsus Which Semantically
Modify All the Conjuncts; dependency relations from outside to inside of a
coordinated structure must modify the leftmost conjunct. However, it modifies
the rightmost conjunct. For example, if “by” modifies “recycling activity”, the
dependency relation is an instance of this sort of violation.

8.2 Proposed Method: Constraining Possible Depen-
dency Structures

Typical Japanese dependency parsers regard all the bunsetsus that are located on the
right of the dependent as candidate heads.* Unlike such parsers, we constrain the sets
of possible candidate heads by using the coordinated structure annotations.

4The PROJECTIVE constraint is usually employed due to the reasons such as characteristics of a
parsing algorithm or a corpus.
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Figure 8.7: Constraints which we can derive from coordinated structure annotations.
A gray box is the dependent bunsetsu. Thick boxes are its possible heads. Thin boxes
are not candidate heads of the dependent.

We excluded certain coordinated structures from experiments. Since a dependency
relation is a relation between bunsetsus, we ignored the coordinated structures which
consist of a single bunsetsu. We also ignored the problematic structures corresponding
to the first pattern of Section 8.1.3.

Constraints Derived from Coordinated Structure Annotations

As shown in Figure 8.7, a set of possible candidate heads is constrained as follows.

Constraint 1

e A bunsetsu inside of a conjunct, except for the rightmost bunsetsu, modifies any
bunsetsu in the conjunct. For example, all the possible heads of “emergency” in

AN T3

Figure 8.3 are “utilize”, “peacetime” and “recycling activity”.

e A connective expression modifies its neighboring conjunct.

Constraint 2

Rightmost bunsetsus of conjuncts, except for the rightmost conjunct, modify the
rightmost bunsetsu of their neighboring conjunct. For example, the only possible head
of “identification and fostering” is “local community activity”.
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Constraint 3

e A dependency relation from outside to inside of a coordinated structure modifies
the leftmost conjunct. For example, all the possible heads of “by” are “disaster-

prevention volunteer”, “and”, “coordinator”, “identification and fostering” and
“doing”. It can modify neither “local community activity” nor “recycling activ-

ity”.
e [t is prohibited to modify from outside of a coordinated structure to a connective
expression.

For convenience of experiments, we automatically corrected all the instances which
violate Constraint 2.° We cannot automatically correct the violations of Constraint 3
because it is not trivial that how to correct them, even if we can detect the violation.®

These constraints are not appropriate for incomplete coordinated structures. Since
there are few incomplete coordinated structures, overall improvement is expected to be
very limited even if we consider them. Moreover, parsing algorithms for such struc-
tures are expected to be complex.

8.3 Experiments

The sub-corpora of BCCWIJ we used in the experiments are white paper (OW, for
short), Yahoo! Chiebukuro Q&A (OC), and newspaper (PN). We used the corpora of as
of July 22nd, 2011. Since annotation (Step B) on OC and PN have not been completed,
we used only the completed parts of these corpora. We corrected a few critical errors
such as in bunsetsu indices that crash the parser. Then, we split each of the corpora into
training and test data as shown in Table 8.1. Note that the numbers in the table include
sentences whose lengths are less than 3. Dependency structures of such sentences are
uniquely determined. Such sentences are never used for parser training.

We employed the dependency parser using the tournament model with the opal bi-
nary classifier. Experiments were conducted with the second degree and the third de-
gree polynomial kernels. The other options for opal is identical to that used in Chapter

5As we will describe below, there are a small number of irregular coordinated structures. This
automatic correction is inappropriate for such structures.

6 Automatic correction for such a instance is probably possible if its head is the rightmost bunsetsu
of a conjunct.
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Table 8.1: Corpus split. Sentence length is in the number of bunsetsus. coords: coor-
dinated structures.

Training Test # Total  # Total | Avg. sent. Avg#

data [sent.] data [sent.] | bunsetsus coords length coords

ow 4500 1326 70126 3901 12.04 0.67
oC 5000 1613 36811 786 5.57 0.12
PN 1500 445 14560 528 7.49 0.27

Table 8.2: Unlabeled dependency accuracies of experiments with and without the con-
straints. The braced numbers are improvements compared to the experiment with the
second degree polynomial kernel.

Degree of Constraints
Corpus  kernel | nothing 1 and 2 1,2 and 3 1,2 and 3R
oW 2 85.08  88.65 (+3.57) 88.74 (+3.66) 87.55 (+2.47)
3 84.70  88.19 (+3.11) 88.33(+3.25) 87.10(+2.02)
oC 2 87.69  89.25 (+1.56) 89.21 (+1.52) 89.87 (+2.18)
3 86.99 88.56 (+0.87) 88.57 (+0.88) 89.22 (+1.52)
PN 2 84.08 86.96 (+2.88) 87.05 (+2.97) 87.83 (+3.75)
3 83.93 86.82(+2.74) 86.88 (+2.80) 87.63 (+3.55)

7. Training procedure and accuracy calculation criteria are same as described in Sec-
tion 4.4.1. That is, we never restricted the sets of candidate heads in training. In
experiments in this section, the parser performs non-projective parsing.

8.3.1 Automatic Dependency Parsing Accuracies

Since the corpora contain violations of Constraint 3, four experiments were per-
formed: no constraints, Constraints 1 and 2 only, all the constraints, and Constraints
1, 2 and 3R. We define another constraint 3R for convenience. Constraint 3R is identi-
cal to Constraint 3 except that a dependency relation mentioned in the constraint must
modify the rightmost conjunct.

Table 8.2 shows that all the constraints contribute to improve parsing accuracy. The
great improvement in OW is understandable because OW contains a lot of coordinated
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Table 8.3: Unlabeled dependency accuracies among sentences containing one or more

coordinated structures.

Degree of Constraints
Corpus  kernel | nothing 1 and 2 1,2 and 3 1,2 and 3R
ow 2 83.31 88.72(+5.41) 88.85(+5.54) 87.06 (+3.75)
3 83.22  88.50 (+5.19) 88.71(+5.40) 86.84 (+3.53)
ocC 2 80.41 88.27 (+7.86) 88.06 (+7.65) 91.41 (+11.00)
3 80.26  88.20 (+7.79) 88.27 (+7.86) 91.55 (+11.14)
PN 2 79.37  86.07 (+6.70) 86.27 (+6.90) 88.08 (+8.71)
3 79.50  86.20 (+6.83) 86.34 (+6.97) 88.08 (+8.71)

structures as shown in Table 8.1.

The result also shows that the second degree polynomial kernel is more appropriate
than the third degree one. The reason is probably inconsistencies in the annotations.
The third degree kernel learns more specific context than the second degree one. How-
ever, the learned specific context worked negatively due to the inconsistencies.

Since our method can benefit only for sentences containing coordinated structures,
the accuracies calculated among such sentences are shown in Table 8.3. The accuracy
improvements among such sentences are 6-11%. The shorter the average sentence
length, the greater the improvement. Especially for OC, our method reduces more
than half of the parsing errors. The relative error reductions of OW, OC and PN are
33%, 57% and 42%, respectively. That is, the number of parsing errors becomes half or
one-third by incorporating the constraints. Therefore, human effort to correct parsing
error is significantly reduced.

Table 8.4 shows the numbers of dependency relations which cannot modify their
correct heads due to the constraints. In other words, the gold-standard head of such a
dependency relation is not an element of the set of its possible candidate heads. Their
reasons are incomplete coordinated structures, connective expressions and annotation
errors. An incomplete coordinated structure contains dependency relations from in-
side of conjuncts to outside of the coordinated structure. Such dependency relations
are prohibited by Constraints 1 and 2. These are all the patterns which the proposed
method makes mistakes. In other words, our method efficiently detects annotation
errors by checking instances corresponding to Table 8.4. If such an instance corre-
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Table 8.4: The numbers of dependency relations which cannot modify their gold-
standard heads due to the constraints.

Constraints
Corpus | nothing land2 1,2and3 1,2 and3R
ow (0) 12 23 342
oC 0) 0 43 1
PN (0) 3 42 21

sponds to neither an incomplete coordinated structure nor a connective expression, the
instance is an annotation error. Table 8.4 also implies a lot of inconsistent instances
regarding Constraint 3. That is, the annotators probably mistakenly understand that
not Constraint 3 but Constraint 3R is the correct annotation criterion.

8.3.2 Example Sentences

The example sentence shown in Figure 8.8 contains three corrected dependency re-
lations by the constraints. Constraint 2 uniquely determined the heads of “subdivision”
and “citizens”. Constraint 1 also uniquely determined the head of “but also experts”
since it is a conjunct which consists of a single bunsetsu.

Another example sentence is shown in Figure 8.9. A dependency relation was cor-
rected because Constraint 3 prohibits “outreach activity” from modifing “not only”.
On the other hand, the head of a connective expression “not only” became incorrect
due to Constraint 1.7

Figure 8.10 is a sentence containing an incomplete coordinated structure. The ap-
propriate head of all the bunsetsus is “adopted”. However, several mistakes were made
because several bunsetsus are prohibited from modifying “adopted” by Constraint 1.

Note that the automatic correction of violations of Constraint 2 made inappropri-
ate ‘correction’. The gold-standard head of “in United Nations Third Committee” is
“in United Nations General Assembly plenary session” and its appropriate head is

It is an exceptional structure. We decided that “science and technology”(F}*#£4f712) and “not
only”(FE 97, ) are included in the coordinated structure. This is because we interpreted “[& &9 not
as “not limited to” but as “not only (but also)”, which is a kind of coordinate conjunction of English.
However, there may be readers who disagree with the decision.
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science and by progress its subdivision specialization progress
technology | = ——
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citizens not only but also experts |
0 2% Y ) Z&lE #L< HoTW5,
its entirety understand that difficult becoming

[From BCCWJ OW6X_00088]

Figure 8.8: An example sentence which contains corrected dependency relations by
the constraints. Black solid arcs point their gold-standard heads. Red dashed-dotted
arcs points original heads of corrected dependency relations. Blue dotted arcs are
parsing errors which were not corrected. “By progress of science and technology, its
subdivision and specialization progress; it is becoming difficult for not only citizens
but also experts to understand its entirety.”
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[From BCCWJ OW6X_00088]

Figure 8.9: Another example sentence corrected by the constraints. Purple dashed arcs
are dependency relations which became incorrect due to the constraints. “Outreach ac-
tivity is a commonly-used term in Europe and the United States; outreach activities are
commonly performed in areas not only science and technology but also art, medical,
welfare and so on.”
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[From BCCWJ OW6X_00168]

Figure 8.10: An example sentence which made mistakes due to the constraints: in-

complete coordinated structure. “The resolution was adopted in United Nations Third

Committee on November 20th and in United Nations General Assembly plenary ses-

sion on December 18th, respectively.”

“adopted”. The ‘correction’ of the head of “science and technology” in Figure 8.9

from “not only” to “art” is also inappropriate.®

The automatic correction is just a preprocessing for convenience of evaluating pars-

ing accuracies with less consistent corpora. It will not be performed in practice. The

steps of annotation using our method will be as follows.

1.

2.

Manual coordinated structure annotation (Step A in Section 8.1.1)

Automatic precise dependency parsing using the constraints derived from the
coordinated structure annotations

. Manual correction (Step B)

Manual check of dependency relations which cannot modify their correct heads
due to the constraints (Table 8.4)

. Final manual correction (Step C)

8We evaluate whether a dependency relation is correct or not by comparing with its gold-standard
head, which is the head after the automatic correction. Therefore, it is interpreted as ‘made mistake’
(red dashed-doted line) if the head of “in United Nations Third Committee” is “adopted” without the
constraints and “in United Nations General Assembly plenary session” with the constraints.
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Our method improves parsing accuracy in Step 2 and helps to find annotation errors in
Step 4.

8.4 Discussion about Ideal Dependency Structure An-
notation Criteria

Although we just illustrated and used the annotation criteria of BCCW] in this chap-
ter, what is the ideal dependency structure annotation? Since a coordinated structure
is a special sort of dependency structure, the discussion about ideal dependency struc-
ture is almost independent from whether a dependency structure contains coordinated
structures or not.

Appropriateness of a particular set of annotation criteria can be discussed from sev-
eral viewpoints: legitimacy of the criteria, difficulty of parsing, and convenience for
applications of parser’s output.

With Preserving Constraints of Well-formed Dependency Structure

Surprisingly, legitimacy and difficulty of parsing are strongly correlated each other
in statistical approaches especially those with very large-scale corpora; a frequently-
observed structure is a plausible structure for human, and therefore the structure is a
correct structure. For example, Mochihashi et al. [39] demonstrated a fully unsuper-
vised word segmentation with a Japanese classic, The Tale of Genji, and showed the
result is a plausible segmentation. The case frame dictionary which KNP employs is
also a kind of frequency-based dictionary for evaluating plausibility of a predicate-
argument structure. A human probably feels that the plausibility of an output of such
an analyzer is higher than its accuracy calculated with the gold-standard. Since a fully
unsupervised analyzer cannot know the annotation criteria of a test data, its accuracy
tend to be underestimated. For example, in contrast to a parsing error of the tourna-
ment model, that of KNP tends to raise sympathy for human in the sense that the latter
is more plausible.

Acceptability for a particular structure is different for different person because of
reasons such as his/her belonging communities. If a set of annotation criteria or a
grammar formalism is familiar to a person, s/he may feel that an output of an unsu-
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pervised analyzer is inappropriate. A grammar in an unsupervised parser may be just
clusters of sentences.

A structure similar to a familiar structure is also plausible for a human. A new
sentence or phrase is constructed by association. A person can reuse a sentence when
s/he constructs another sentence by replacing content words in the original sentence
with other words. Similarly, an idiom can be reused when s/he constructs a sentence
in another language by translating the words in the original language to corresponding
target language words. For example, an English idiom “not only but also” is reused
in the Japanese sentences shown in Figures 8.8 (b & XV, &% %) and 89 ([R5
). Since the idiom is a marker of a coordination, we annotated those structures as
coordinated structures. However, not everyone agrees with the decisions that those are
coordinated structures. Especially, since the latter Japanese translation, “fR 537, is a
verb, the bunsetsu should modify another verb if its annotation criteria does not make
any exception for idioms.

Plausibility of a dependency relation is strongly correlated with how many times its
dependent and head are observed as a substring of a sentence. Pitler et al. [50] proposed
to exploit a web-scale n-grams into English base noun phrase (NP) parsing. Their
parser identifies internal structure of a noun compound such as retired (science teacher)
and (social science) teacher. Such a bracketed representation can be converted into a
dependency tree with certain head rules. The parser incorporates features for an SVM
based on pointwise mutual information (PMI) calculated with the N-gram corpus [33]
enhanced from Google N-grams Version 1, which is created from 1 trillion words:

p(“xy")
PMI(x,y) = log —————=
() p(“X")p(*y")

where p(“x y") is the number of occurrences of the two words x and y contiguously.
Similarly, they define PMI for coordinations:

“x and 1!
PMl g (x,3) = log — )

p(“xand")p(“and y")’

Their experiments show that the larger the number of unique n-grams, the higher the
base NP parsing accuracy. While a base NP is a contiguous substring of a sentence, it
is an example that a dependency relation can be identified based on its frequency.
Since most of constituents can be ellipted in a Japanese sentence, definition of
Japanese dependency relation seems that the string consisting of its dependent and
head is accepted as a sentence. Note that functional expressions should be chunked
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appropriately before evaluation of acceptability of a particular bunsetsu pair. Not all
dependents modify their neighboring bunsetsus. However, a pair of two bunsetsus con-
stituting a dependency relation is observed contiguously when there are essentially no
modifiers between the dependent and the head, or modifiers are ellipted. The hypoth-
esis is supported by the fact that about 60% of bunsetsus modify their neighboring
bunsetsus. Therefore, Japanese dependency parsing can be performed with n-grams
such as Google Japanese N-gram’. However, since the 7 of the n-gram is maximally 7
words, coverage of a string consisting of a dependent and a candidate head is not suf-
ficiently high. To achieve a practical accuracy, appropriate smoothing method should
be employed for resolving data sparseness.

The policy that frequent structures are correct structures also suitable for construct-
ing a language resource from a huge amount of parsed sentences. Correct structures
are expected to frequently occur. Dependency relations corresponding to parsing er-
rors tend to be not plausible and therefore they do not frequently occur. Negative effect
caused by parsing errors decreases according to increasing the amount of corpus. How-
ever, such negative effect can be significantly decrease by employing heuristics such
as using only short sentences, in which a parser hardly make an error.

According to the policy, dependency relations in a coordinated structure should be
established between bunsetsus which are expected to frequently occur contiguously.
Kawahara and Kurohashi [18] proposed to resolve ambiguity of coordinated structures
not by using similarity among conjuncts but as a set of dependency relations. They
shows that the case frame of KNP can also disambiguate coordinated structures with
a high accuracy. In Figure 8.9, it is inappropriate that “[ © 3 modifies “fT441 T
V% (performed). The form of string “FR & 3 verb” hardly occurs. The fact that the
form of string “B& & 7§ noun” frequently occurs recommends “Z=#f”(art) as its head.
The dependency relation satisfies the constraints defined in Section 8.2. With respect
to Constraints 2 and 3, modifying the rightmost conjunct is slightly more appropriate
than modifying the leftmost conjunct. The string corresponding to the latter occurs
in coordinated structures consisting of more conjuncts than that corresponding to the
former, and therefore the former tend to be more frequent.

“http://www.ldc.upenn.edu/Catalog/catalogEntry. jsp?catalogId=LDC2009T08

141



Without Constraints of Well-formed Dependency Structure

From the viewpoint of convenience for applications of parser’s output, appropriate-
ness depends on each application. Dependency structure is a commonly-used interme-
diate representation of a sentence which is not the best but a good representation for
wide-range of applications. The best representations depend on applications. A sort of
applications such as corpus-based linguistics research and proofreading requires a rep-
resentation preserving the original sentence. In contrast, another sort of applications
such as information extraction intends to extract a certain semantic representation of
a sentence. The latter may not require a dependency structure, or requires to anno-
tate relations between much more pairs of bunsetsus such as Kuroda and Ilida [28] did,
without preserving the constraints to be a tree. The structure they proposed does not
satisfy SINGLEHEAD constraint. A sentence containing coordinated structures should
be decomposed into sentences without coordinated structures. To annotate information
for such an automatic decomposer as dependency relations, the dependency structure
usually violates SINGLEHEAD constraint.

8.5 Summary

We developed the methods for exploiting coordinated structure annotation for effi-
cient annotation on a corpus which dependency structures are coordinated structures
are annotated separately such as the BCCW]J corpus. We described the differences in
annotation criteria for Kyoto Text Corpus and BCCWIJ and benefits by separating de-
pendency and coordinated structure annotations. The BCCWJ annotation criteria rep-
resents an incomplete coordinated structure without introducing unnatural dependency
relations. The criteria also resolves the interpretation ambiguity in nested coordinated
structures. We defined the constraints derived from a coordinated structure annotation
and restrict possible dependency structure for a dependency parser.

The constrained parser improves accuracy by 2-4% with three sub-corpora of BC-
CWIJ compared to the parser without the constraints. Our method can benefit only
for sentences containing coordinated structures. The accuracy improvements among
such sentences are 6-11%. The improvements are relative error reductions of 33-57%.
That is, the number of parsing errors becomes half or one-third by incorporating the
constraints. Therefore, human effort to correct parsing error is significantly reduced.

Our method is also applicable to annotation error detection by checking dependency
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annotations violating the constraints. Such annotation corresponds to an exceptional
coordinated structure or an annotation error.
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Chapter 9

Future Work

This chapter describes the problems which should be solved to achieve more accu-
rate parsing and to boost efficiency of corpus annotation.

9.1 Refinement of Annotation Guideline

The BCCWIJ annotation guideline, illustrated in Section 8.1.2, fixed several prob-
lems in the Kyoto Text Corpus annotation guideline. However, annotation guideline
should be refined in several points.

One of the reasons of inconsistent annotations is that some dependency relations are
essentially ambiguous. That is, there are two or more interpretations of the sentence,
and their difference is subtle or it is impossible to select one interpretation by using

only the information in the sentence.!

In such a case, forcing annotators to select
one of the interpretations causes inconsistent annotation. A solution for the problem
is to allow ambiguous annotation, that is, a bunsetsu can have two or more heads.
Tsuboi et al. [63] proposed a training method with partial or ambiguous annotation for
sequence labeling tasks. Even if we employ such a method, no specialized parser will
be required. We can convert such a sentence into a well-formed dependency tree by
using certain rules. Then, we can train a parser with the converted corpus and parse

test sentences by a parsing algorithm designed for well-formed dependency trees.

"There are Japanese sentences which lead inconsistent annotations but their interpretations do not
depend on other sentences. In such a sentence, it tends to be quite difficult to explain the difference
among the interpretations in English; it is a language-dependent ambiguity which is usually related to a
functional expression.



Partial annotation is sometimes more preferable than such ambiguous annotations.
Introducing ambiguous annotations, that is, removing SINGLEHEAD constraint, is not
an essential solution to the ambiguity. An annotator may wonder whether a bunsetsu
has two heads or three heads.

Similarly, such ambiguous dependency relations are harmful also in the evaluation
of a dependency parser. Some sort of such dependency relations may not be useful
for any application. Especially, informal documents such as blog articles seems to
contain a lot of such relations. A possible solution is application-specific evaluation.
For example, a parser is evaluated only with predicate-argument relations and the other
dependency relations are ignored.

Yamamoto and Masuyama [69] defines patterns of parsing errors. Their experiments
include the one about whether dependency relation annotations are appropriate. They
randomly sampled at most 30 incorrect dependency relations for each of 11 patterns.
The result suggests that 19% of annotations corresponding to the sampled 327 depen-
dency relations are wrong, and 8% of annotations are difficult to decide a single most
appropriate head for each of them.

Partial annotation solves another problem. The annotation guideline for Kyoto Text
Corpus provides a rule; if it is quite ambiguous which bunsetsu is the head of a depen-
dent, the rightmost bunsetsu of the sentence is regarded as its head. “Quite ambiguous”
usually means that there is no appropriate head of a bunsetsu in the sentence. This
sort of ambiguities tends to occur because the writer ignored grammatical concord of
adverbs, especially in long sentences. The annotation rule can be harmful for training
because the dependency relations annotated according to the rule are sometimes excep-
tional. If we allow a dependent to have no head, a dependent of such an exceptional
relation will have no head. The solution can be introduced without allowing partial
or ambiguous annotations. A possible representation of the phenomena is to prepare
artificial ROOT bunsetsu, which is the head of the rightmost bunsetsu. The ROOT is
regarded as the head of such ambiguous relations.

9.2 Deriving Finer Constraints from Coordinated Struc-
ture Annotation

Finer constraint definition should be introduced. It may be valuable to distinguish
exceptional coordinated structures from regular ones. If we can automatically dis-
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MPHC: fox MPHC of “A”: fox
(a) | (c)

brown s fox

A
brown

Left-Arc_Jl_ ’ A/
(b) fox ‘

(d) fox

A/brgvn /‘; rfo )

A

Figure 9.1: Another tree-based model which hold a tournament in both top-down and
bottom-up constructions.

tinguish them completely by using clues such as their POS sequences, the effort of
manual checking may be reduced. For example, if a coordinated structure consists of
single-bunsetsu conjuncts, the dependency structure inside of the structure is uniquely
determined by Constraints 1 and 2 of Section 8.2.

9.3 Another Direct Comparison-based Models

We proposed the round robin model in Section 7.2. The parser can be regarded as
a first-order MST model. Similarly, we could construct second-order or third-order
MST models. An effective higher-order feature may be the case frame information,
which KNP incorporates. Similar features are available for the tournament model as
dynamic features, i.e., the case particle features. However, a higher-order round robin
model enables to perform exact inference with the features.

Kitagawa’s tree-based models [19, 20] have room for improvement. The models
incorporate tournaments into transition-based parsers. These models choose attach-
ment points by tournaments. In other words, a tournament is held in the subtree whose
most probable head candidate (MPHC) will be the head if its corresponding action is
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selected. The parser may recover from preceding wrong decisions if and only if the
subtree is constructing top-down.

Tournaments can also be incorporated when a subtree is constructing bottom-up.
Figure 9.1 shows how preceding wrong decisions are recovered in our proposal. In
Figure 9.1(a) and (b), the MPHC of the right subtree, which consists of a single word,
was selected by a tournament with no games. This is the tournament which Kitagawa’s
tree-based models incorporated. The Left-Arc action was selected and a dependency
arc was added from “brown” to “fox”. In Figure 9.1(c) and (d), since a word “fox”
has become the new root of the subtree, another tournament is triggered. The tourna-
ment determines the heads of all the words in the subtree except for the root word, by
comparing plausibilities of their current heads and the new root word. The new root
word “fox” is selected as the new head of “A”, and then the preceding wrong decision
is recovered.
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Chapter 10

Conclusions

There are several factors to achieve accurate Japanese dependency parsing. An accu-
rate parsing model is requested. Quality and quantity of its training corpus have a great
impact to its parsing accuracy. Since corpus annotation requires a lot of human effort,
it is essential to support efficient and high-quality corpus annotation. Coordinated
structures relate to constructing accurate parsers and performing efficient annotation.

We proposed three approaches to parse a sentence more accurately: developing a
more accurate single parsing model, combining two or more dependency parsers to
exploit their advantages, and combining a dependency parser with a coordination ana-
lyzer.

We developed an accurate Japanese dependency parsing model using a tournament
model. Our model takes a dependent bunsetsu and its two candidate heads into consid-
eration, and selects the better candidate head out of those two. This step is repeated in
a step-ladder tournament to get the best candidate head. Our model has higher context
discriminative performance than previous models which considers only one candidate.
The accuracy of our model significantly outperforms that of the previous models in
most experimental settings. Though the problem of parsing speed remains, our re-
search showed that considering two or more candidate heads in a binary classification
can achieve more accurate parsing.

We investigated partial parsing accuracies of three SVM-based Japanese dependency
parsing models, and showed that the tournament model achieves the highest partial
parsing accuracy among the three. If we select the top 60% of bunsetsus based on the
scores defined with SVMs, the accuracy among the selected bunsetsus achieves 99%.

We showed that stacking with KNP significantly improves parsing accuracy. Since
the tournament model and KNP are quite different parser, advantages of both of the



parsers are exploited. Stacking with KNP can be regarded as one of the easiest ways
to incorporate co-occurrence information into the tournament model.

One of the difficult problems for dependency parsers is to identify spans of coordi-
nated structures. We employ a coordination analyzer, which is specialized for captur-
ing such structures. We demonstrated how we can integrate the outputs of a depen-
dency parser and a coordination analyzer by using the dual decomposition algorithm.
We first proposed a first-order-scored round-robin parsing model which preserves the
advantage of the tournament model. Then, we define a common representation of the
two analyzers to compare and take difference of their outputs, which are requested
for updating the penalty variables. The dual decomposition algorithm with the com-
mon representation slightly improves dependency parsing and coordination analysis
accuracies.

We also proposed the methods for efficient corpus annotation. Generally, parsing
accuracy significantly drops if domains of its training and test data are different. For
example, the training data is a newspaper corpus and the test data is a blog corpus. One
of the ways to achieve an accurate parser for the blog data is to construct a sufficient
amount of annotated blog corpus and to train a parser with the annotated corpus. We
proposed two approaches for efficient corpus annotation: employing active learning,
and exploiting coordinated structure annotation. The former reduces the number of
sentences to be annotated required to achieve a certain objective parsing accuracy.
The latter reduces the annotation cost for each sentence. Once a certain amount of
target-domain corpus has been constructed, stacking can be applied to boosting parsing
accuracy with a large amount of a source-domain corpus.

We explored an application of the SVM scores for active learning. Experiments
showed that our SVM score-based active sampling method is applicable to assigning
each unannotated sentence with its annotation priority. We can construct a training
corpus to achieve accurate parsers with less manual effort. Our scoring method also
supports corpus annotators by spotting which annotations are likely to be incorrect.

We developed a method to boost efficiency of dependency structure annotation using
coordinated structure annotations. The constraints derived from the coordinated struc-
ture annotations restrict possible dependency structures of each sentence. Experiments
with BCCW] corpus showed that the method improves dependency parsing accuracy
by 2-4%. The constraints can be utilized for detecting dependency structure annotation
errors. The method is effective especially for annotation on a corpus containing a lot
of coordinated structures.
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Appendix A

Details of Feature Set

Tables A.1 and A.2 show the details of all the features used in our experiments. Note
that fine-grained POSs, i.e., inflection types of verbs, are not used.

Figure A.1 shows the example of a feature vector. The sentence to be parsed is: “%>

Rt IAERIE MER O 0D B RE 72 o 72 & 380 EARIE iR B~
D AT TH—HG®EFIRAT TESZ R, ¥4I T L EH5FETE-T-,
T BfETERNE Eoc) & B MLWISMIZ -7 2 &% S0nby
72, 7. The feature vector is generated by the tournament model when the focused-on
dependent is “EFHI3”, the left candidate head is “= > 72 ] & and the right candidate
head is “ 9 23 bO¥ 7, .



#

Name

Description

Information of dependent’s syuji

S1 dep-syuji-form lexical form
S2 dep-syuji-cpos coarse-grained part-of-speech
S3 dep-syuji-pos fine-grained part-of-speech
S4 dep-syuji-infform | inflection form of inflectable words
Information of dependent’s gokei
S5 dep-gokei-form same as syuji’s
S6 dep-gokei-cpos
S7 dep-gokei-pos
S8 dep-gokei-infform
Dependent contain such word?
S9 dep-commaperiod | contains comma (, ) or period (, ) ?
S10 dep-openbracket lexical forms of all left brackets, or “nothing”
S11 dep-closebracket lexical forms of all right brackets, or “nothing”
S12 dep-firstbunsetsu | “yes” if it is leftmost bunsetsu of sentence
Information of candidate bunsetsu
S13-23 | cand-* S1-11 of candidate’s
S24 cand-lastbunsetsu | “yes” if it is rightmost bunsetsu of sentence
bunsetsus between dependent and candidate
S25 gap-distance Distance between dependent and candidate
1(neighbor), 2-5, or 6+
S26 gap-josi lexical forms of all particles gap contains
S27 gap-bracket nothing, only open, only close or both
S28 gap-comma yes or no
S29 gap-period yes or no
Table A.1: Details of the standard feature templates.
# | Name | Description
Additional Features
Al-4 | cand-leftmost-* S1-4 of the leftmost word of candidate
AS | dep-kakujosi lexical form of all case particles
contained in dependent
A6 | cand-kakujosi that of candidate’s
A7 | candright-form whole lexical form of the candidate’s
right neighbor
Case Particle Features: all dependents of the candidate
C1 | cand-child-kakujosi lexical forms of all case particles
contained in such bunsetsus
C2 | cand-child-kakujosi-common | that only the focused-on dependent
also contains

Table A.2: Details of the additional feature and the case particle feature templates.
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// standard features from dependent

dep-syuji-form: 4H, dep-syuji-cpos:4i7i, dep-syuji-pos: il i,
dep-gokei-form:|¥, dep-gokei-cpos:BIFi, dep-gokei-pos:FlBhF,
dep-commaperiod:nothing,

dep-openbracket:nothing, dep-closebracket:nothing,

// standard features from candidate 1

cand-syuji-form:E 72, cand-syuji-cpos:®Fl, cand-syuji-infform: ¥,
cand-gokei-form: &, cand-gokei-cpos:BiFil, cand-gokei-pos:#&BIFE,
cand-commaperiod:nothing,

cand-openbracket:nothing, cand-closebracket:] ,

// standard features from candidate 2
cand2-syuji-form: 9 224342, cand2-syuji-cpos: i,
cand2-syuji-infform: KK,

cand2-gokei-form: ¥ 7, cand2-gokei-cpos:##EFE,
cand2-gokei-pos: EFAMEELERE, cand2-gokei-infform: #Ji,
cand2-commanperiod:period,

cand2-openbracket:nothing, cand2-closebracket:nothing,
cand2-lastbunsetsu:yes,

// standard features from between dependent and candidate 1
gap-distance: 6+,

gap-josi:~~, gap-josi:®, gap-josi: T, gap-josi:72A T, gap-josi: &,
gap-josi:72\), gap-josi:ld,

gap-bracket:open, gap-comma:no, gap-period:yes,

// standard features from between dependent and candidate 2

gap2-distance: 6+,

gap2-josi:~~, gap2-josi:?®, gap2-josi: T, gap2-josi:/tA T,

gap2-josi: &, gap2-josi:7ZlF, gap2-josi:id, gap2-josi: %,

gap2-bracket:both, gap2-comma:yes, gap2-period:yes,

// additional features and case particle features

cand-leftmost-form: & >72, cand-leftmost-cpos:H®Fi, cand-leftmost-infform: ¥,

candright-form:iR-X, , cand2-leftmost-form: ) 77234, cand2-leftmost-cpos:Eil,
cand2-leftmost-infform: KK, cand—child—kakujosi:é:, cand2—child—kakujosi:€f

Figure A.1: An example of a feature vector.
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Appendix B

Examples of Parsing Errors

This appendix lists examples of parsing errors. We employ the patterns of parsing
errors defined by Yamamoto and Masuyama [69]. In contrast to their experiments, we
extract dependency relations which none of parsers correctly parsed. Since the stacked
parser described in Section 6.2 achieves the highest accuracy among our experiments,
we employ the stacked parser, KNP and the tournament model without stacking. Ex-
perimental settings are same as in Section 6.2.

Each of extracted dependency relations is quite difficult to be parsed correctly since
it is a relation which all of the parsers failed to identify its correct head. One of the
reasons is an annotation error. The author rated appropriateness of each of the exam-
ples. For example,

1. [EEFPEANC ofcl LTH, W2 DEIE. 1 [kA#HZR] [o dFak %]
[t,s ER LA TIELYY, ]

describes that the focused-on dependent is “J@ i,  and its gold-standard head (o) is
annotated to be “FF#A%”. KNP (k) predicted its head as “;2#72” and, the tourna-
ment model (t) and the stacked model (s) predicted its head as “iB:K Lfe!F CTIE L
VY, 7. Its appropriateness is rated as 1 (not the annotation but one of the parsers is
correct) because the head of “J# 1=, ” should be “x# 72, which is one of the parsers
predicted.

A rating is one of the following: 5 (the annotation is correct), 4 (the annotation
seems to be correct), 3 (the annotation and one of the parsers are equally appropriate),
2 (one of the parsers seems to be correct), 1 (one of the parsers is correct), x (both
the annotation and the parsers are incorrect) or n (there is no appropriate head in the
sentence).

We randomly sampled 10 dependency relations for each of the 12 patterns. We split



the dependency relations which do not match any of the 10 patterns of Yamamoto’s
based on whether the syuji POSs of their correct and predicted heads agree. Since pars-
ing errors are classified into the patterns by rules based on POSs, dependency labels
and other information, the following result contains automatic classification errors.

Examples and Their Ratings

Pattern 1 (a noun modifies a noun)
2: Thzr i, WX RAE 4, B0 =88gar . +ERwc W
TEROD SURBENZ BOL0E I g WHikd 2 [EERFO] [o &S L]
[t,s,k FEE] B Z&%x T,
2: AW U—FNK%Z mimic LT, 251 [t,s,k #EHMEN 5] [o
—IRBOEHFRA~E] A A= F =2 T% MDDON0N HWTEo7-,
3: ThyZend 295 FEWTWET, [mWEZR AMIE 22370 »wign,
(AT D] [t,s IEEER] o e AR, 1 [k FFITIE] FTREEHO AT WbH A3
bl
4: A fEERE AT (BEAERTE] [t,s, ki FTIHEHRD] B2 (o
ZHEE. 1 4 Lonbh e EriEmblL Tl Z&o EEIZY Hx T
L EmTh D,
5: NATFATATO KIET BEATHDLA, KET ERBDTND] Z0
[t,s,k BHHRILDO] H LW [oBEEIZ] DW\WT, D HFEZ H-TWD D
X e,
3: THIBRERBEFMR) 12 RS L72] [t ED] [s,k EASE D] [o EY HiZ]
DWT Witk L CE 72 O FARURERIFERS 12 1 il HiERBR BEaRaE ) 1L +
tH., THLWY X AREC AT & B T5 #5% &7,
2: [FHERAD] [t,s,k BRED] [o#@F KM HET, 1 HE - BEE W R
AEEEARTIT +ER TRl LR, HERITHTTO St&a, I E
SO EESS EHS BTOHNZ BN B, L LT R RFIRED) A
D AT #HEE B,
5: [l [t,sBEEEERM, 1 [o BEAFFHRO] BES AARAAMED [kE
MHERD] 728D B L 7eo T o,
5: Ju. +AIC [#HESINE] [t,s,k HAAD] [o A XBEE JEGEIX] N
+ A& WERSE Gk LT,
5: 0O —oOn, REIC [HT7E] [t,s,kRAEFED] [oMEN, 1 <544
B IES RO ThLEy I, Btz AL THH6-5720 L
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TWi=eE W»W9o Lo,

Pattern 2 (the dependent is an argument of a predicate)
5: AARTTNO FJEVEMIL 12H, 7Trvrz L, aryro [7
A UEEL] [t,s,k BMEKE] [ofTo7, ]
2: IEFITAIIE. @RMEARRET O JLfEAEHEE T, KBFT v 7R F
ME Z0 [=82] [t,sERi L] B0E%x [o Ehe<2oT] [kaZHBIEAEL
7o ]
5: &<IT HNFERS D REHEIC S, BRRO [Z] Wi [t,s Y
TNAT] loMENZ, 1 XFEA 51T iRl <7203 [REFCD, ]
5:  [HEC-SND N—=T<T V3 BEEN BT HEL, EEEL]
[t,s,k L—=2%] [o#i), 1 T T =R |JT @HEL HEEN 7T 7
L—9% =a—3Iy7A& W) AL HYET, FeREL 2oL, EE
FL REELE WS AR—UEREET BfeLcw) & AT FRb,
5: AT BTHAID] [t,s,kFORBEZRHDOT, 1 fEHD HEPL KL
LTO #hRk%E oFAHLTET, ]
5: LT EHEHEART \REVEZ BA25 [(AABUR, 1 B7iHO MK
Bz [s,kEDHLDIC] [LBRL, 1 33 RESZEMMIED HHARHES [o
FHabhETWRn] Z&4&, B LT HFEHLT05,
1: 209 %, KRBT ERE] [6,s, kEEREFHED] MBS X
2T, 1 FEMT ®h% BFRITRGR0,
4: Poho FEiL MRS mims e B8 RLT0D [boo, ] EELA X
D JEEMEL oD 7, 1 AIFEREMT TREAEE L YR KRR 5
NE Liz) & v~ T FEMO EZ [t,s, k07, ]
3: A, HHECKO [hT.]1 o BifildiEEx £O [t,s, kMZEMT 57 ]
WP BlERfT s [oZRWEE, ] BBinE WH HF3EE BUAmIC KfTsE5
ZEiZ rol,
5: —OOO#% 0 ZEma [AFRIC] FRVBATZHHAIC [o @i O] FHALET
B0 k- EAREHEIC S REN [t,s,k kS ]

Pattern 3 (a noun modifies a predicate with the particle
““wa’’ (topicalizetion) or ‘‘mo’’(and))
4: [EFIF] +=H. k0o JRE%, SEATEEe BT o=KL, ]
B L O HEE RD WEARFRESE~O ks LT, =, &
ST WD EHEE ROD LED HHLED BT [t,s,k —H L7, ]
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5: A AHD RIS dulic WERETNE b5 L9 ED
7o DREHRZEFYEMATSIE. 1 EMHFIC 42 2ZiEe o LT, 1 Bl
O S FERNE O =) e ZFER +=H, FEAERIC EITH0 Wk
 Rop FELE [t,s,k LT, ]
1: W{EHO FEEHEIX, +=HIC BN mRIEFEERITS, WolzA
2y JIERRANT %, WEEMIC (DWW T, ] %ﬂ%ﬁf—ﬁﬁfﬂ/\fﬁ%m: [o
RET 5] EHERENEBIC @M [tREE. 1 [s,k 0BT 5,
5: ERIBPHbR 7o ThH. WL E&%@ BHIRFIT SR L L, Hu%ci] Lo H&
Bt aoiiz . 1 BEE WE BRZBAEIC [t,s, kA TS, ]
4: SHFZE EEEIE] [t,8,k B> T, 1 ZTH% o7 LaTHiX
k1 B,
3: FALKEZEO BMMRARERIC ko e [4Ro #EE WENS T8
HiIFZ 2T T ED PG RILR O TR ARNSET B, 222X b
SV JEWTEY £ L TR, EIE] Ao B TIENS [k 72 BH] IR
[t,s <, ] #EN KEL< 2500 [ofH, 1 NHiTo HifIL —Julb/\4
O FEIHEN HE T, IR b7 HET LX) A EN TV &
BExobhb] L o,

Z0 [FHI1E] [t,s, k52 FTH] &< BHO [oHE7, ]

9 UeoTh, 1 #E#ENE [odhitZen] EHIT [t s, k95,

72 50E, [%Bzfﬁ%%*{zs X1 He b [o#BlFx v _—212] [t,s,k H%
V&l RTFIEDHENTY RbeE SRV TEA D,

HAZFDO FETIX. 2O [Z7FEF] BEED [t,s70<, ] FFT o2
A BE@ [k 2> i:hé] Z&lE [o7evy, ]

Ny Ra

Pattern 4 (the dependent is a head of a subordinate clause)
4: AEO KRZAETH, KEO REaZ BEfo TR FL. ] @ EE
D Mk oMl d 5] BAx%x [t,s,kmLT0D, ]
5: XD 2o, FF AT UEW] oBEFx] [t,s,kBA7] 2237 bd
DIZ LTz,
5: A6 [ZHFEFIO] [t,s,k EOFEMRT [o FED] 2L THD,
5: JEMEIAD ERIZ U2n [BERED] [o—AD] [t,s,kahi T, 1 BR
& Mz £E6T 2o, v T EREELR Brold 5o T AMEILT BHE)
WA BRL FEEEN e &b Hotck o,
1. B SR 20 A -v=T70 Bo EEES. (AEO] [t,s,k
EFH. ] [o HPRMERTH D, ]
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4: ZH LT FEENDL, AF0 NMEEAE X ZofE HEERTUL, ]
TOOOFEIZIT BAEmMT €L By, HAAEIX WTFA%E [o FHES]
AHEMEDY [t,s,k K&V & T] FHILE,

3: KMo kA E —0T [ExX ] KEO THE7 OTEREHE & &
T Lenn, HXRZHREHO THER] © AF%E [oelh Lzl [t,s,k
Lo, ]

2: FEHED I HH01E, ot L TE R RED Ll —fHi Feo
X [EETHLNG, ] BEMEE [omBEL T HHHREE [t,s, kBT &]
WwWo Bz,

3: INBIZ (NN EFYTTLHET, ] KERETSD AEEDN 206 [0
FSizewn] Ko fTEOT MEZE [t,s,k &Ko TIELLVY, ]

4: [EREHED] [t,s,k#45] [oi&ElT), ]

Pattern 5 (the dependent is an argument, and the dependency label
is P or I)
1. [AETE 2o 30, MIMEREARRAE L] [t,s,k H/MEEERA
JED] [o —H#HLERED] B MEILTWD,
5: AENX T7UT7hH0 HET b 4050 T—<% AOHEL, HA
ETUTO E BUE ] loARkZE] [t,8,k5X 5, ]
2:  TEHTERET BRAEE otz o, [BFliimEa 5] Lo KExdiN~]
[t,s, k2291 FEEFRE TR0 FEEKIT <A —I YIVEAL @)
Y7V —~vrbT, KL o7z,
1: =20 RO &bV HeoT, F7E—DHRLT, TITH R
R—=Y D ARRD [12DIZ, 1 AR=YD oA HIEKZRLIZ] DT, EHAl
3 oEmeEr I KD [6,s, k ZEELTBEL, ]
5: T [EFEL] [ofnz] [t,s,kF2] HHARDL MGL W,
5: HELNAON, RED [KElL] [t,sHD] IZEbWVE] [kl s
2] A~— N EEL X, EHEATO KL STV
5: [BMO5] [oMiEVRIZ] [t,s 2001 kAL L. 1 EATIE M- \NEIL
T Ronols BN HDLTEITTH D,
5: I HRITIE, [EXRmEE] [s,k T - FBAGERZH O] [o &k
RO [E D] ML HDHE WIDR, Y UAD BHED 57,
5: mWHgHfits D K%z 23T DT Th Sl T2 BT BUFl s, ]
DR ~E iEEZ (IbA, BIRHWT R L ExES L [t,s BiET
5] GO [o BHGEED, 1 BHEO L DI K% k#EVIRLE, ]
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5: HAKE=[FEN, R WE] [oBORMNET] ZiUxE [t,s, ki /iILE-
721 Z L o=,

Pattern 6 (a label-I relation whose dependent’s particle is ‘‘wa’’
or ‘‘mo’’)
5:  [HERk] &2 Mn< oo e, o [k T BHEy ZtEo
o523, 1 o T ik &k B kN1 20 HARA o Mk
[t,s %V ]
5: UAESMHALRICIE] RS o —t%. 1 Riex [R50 Lz &
BRI IRESHAERENS B [k \%D] REFEED [t,s hbit T
720 ]
3: UHEK T EEEERN BETo HEAT +A, Ko ~ERR
Ew AN BEFE, A Ao ToO [BEFEEIT] [o+AANE] [t,s,k o7z, ]
5: KkFvatneTy bR V—=F0O TL—FTRKEN 15H b
e TAVBL TPV AT oy qod - Fy—vy— A, [Foa
TN BTy VAT o770y Aa-Tr—T 4T AFT—XN] £
e [t,s, kB, ]
5: [BI] [o@BJLEB, 1 &% HhAEME 72 Mo &, #lEE, EIR
B2 ML [t,s,k —FE, ]
5: BT BILAR. [KIE] [oHAMmMAE] 7 A Mo &, #lEE, EIR
B2 kZMLE] [t,s —JE, ]
5: [ IT—U=fF2iF] [o#ifif, 1 —UUFEFITIL kBB TH] #lflns L
e, EIREASZREC LoT Bk, P, KFbb BEFLEIC &
BEh, =62 HiEAD 1Z2» PEAL MBEDET S wEER TEE [t,s
TRV O ALTZ ], ]
5: MM [EANX] [oMTEAFRITE 2, 1 HRANE FFERS [k SEEE P
Ba] [t,s s, ]
5: FHE#EbL WEFEIF] loft—. 1 4FF [s,k/\+1HE] [t ZE. ]
5: T CIC [F—u v/ 5EEIT] —ILEIEIC [o [EHRBEEEE KI5 Y54
.1 KEE BT RIS [k TERERBI LR E)] 2] #O. BRRYEO
il b & ERMIEEO Lae [t,s EDTET, ]

Pattern 7 (a verb modifies a verb with label P)

5: RZE RODL HARWO SEARBEO UUERe, 1 HRFFREGERE O
[s,k HIET] fih s [odbifpEmFHEIZ] DWW T [t &I 2 L] #bhb,
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5: #EO [ENR] [t,s,k @B T [o T 5728 0] BAN Hizn,
Zo Hrb ZEAko AHE #BIfFT 5 SR AX—1T R KT,

1: NIUE +—H, T r T BREMESHKRS Urbhl Bk, A+
W, LT4F [oZE] 23] [t,s, kMR INTZ, ]

1: TFFETO 77 IAMKT BN 440 5FFTO Ko NEE
AT, TFAETT Ao, ] ZIET Kb oSN TWE] 7 77—
JEANELD K100 5 NEEZ [t,s,k S0DIE 5D, ]

5: HfED BRI, [EEZRHEFLEHEEADSSC, ] k77 TO] U—
Z—L LToO [s&ENC] RESND EEME. 1 tREKREE] WS BE
O L LT EEERERY, 2<0 EE B Tnb,

3: 2O UE, JHKEBRHERED HAKREFEI X, TXUHE— I b
X ED FYE BERIO BEIC e 1 RAEE [t,s, kRVERE, 1 K
MEIZ [0 ILEFSH D] 72T o T 5,

5: HzIE. MEERE ERfT A2 ER WKH 2ns e [Eh. 1 i
N, Y9 [t,s, kAT 0] KEIC o> TW5, ]

3: N, FO =HIIZiE 5w B0 BEE [HEL, 1 80 EbE
W EEDS [t,s,k T A1 BED [0 METHDH, ]

5: Fwid =Ed dPEEn 2 Aun—Fuic, EREO SHEERE
Z, BAMED [S7n0, ] RO [o“BMm7Em/eE %] el s
a2 [t,s,kiko72725, 1 ERTO  HEEEE X BERETIE BIEE 2o
77

5:  TEUN - 550 SIS MBSO RTERNBEERIZ. A2V TSy [k
v, 1 o G7THEEZE] [t,s, kit L6, ] —#EIZ vav s % ZiFT
Wiz k972 & KRGS GELTWD,

Pattern 8 (apposition)
4: pEEk, REEE. ko B, k. FEO [KFEL ] SEIER oM
KFEN] [t,s,kdbolons, 1 FHLwy R~ R HR~E T A4 B
FTCE7 A Th-oTL o7 s 75,
5: Fio, KRIRMSZKLFHELZD [(FEFSLIRBES =4, 1 lo HAMT
AE] THRNE SRS T L. EWiED FZB0 k4% L0l &
[t,s,kEf LTz, ]
5: XL—yT D wnT 44— VEM. A RFXIT O [AVL FRFER E]
2O [t,s,kHD] [o FHIFEEHIZ] KEiED BEEE TE8—1LT5 TIE
L o TWND,
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5: MEINED AR—VHEFIC FELV IBHFIER - BRFPEREIT  NRER
LM mvy [Tk HER E1 [t,s,k AR—Y D] [oBEEN] E-oTW5,
s BekSUbD BN ot 72, HLbOiE/e L2AH 5 & @t
3%,

5: WfEEK-FRESEEF HANEO BEHESAT, (NUETEMES] ot
WEHITERE] [t,s,k S NTA] @b E HI Lz R 20T TFA7z
Lo 1TEIN FLvy BRAO #B& % (o7t Wx b, H—RIkE 82T R
kD HAD BOBD Y FE E25L WHODOTHIUL, £IHV D Eimla
bhH L bbb & bR,

5: DEICIE YoV KEBREE. [AVAFIMEL] [t,s,kT7VT - K
] A\ A EO [o BiRfEEE 2] M LT,

5: fAhiE HEo T, [F#] & IS BRERE LEO HERYO 5
MR 72 BAD 1ZH, AR [ IEHEES) 2281 [t,s,kfhiZ] Ko T
ARNE Bppn, [HE) & IR BAEE B 179 o] EEEO K
4. fER BRBERZIC D0WTH CET LML TS,

5: ¥ED AFEME., FMEKYE. UEERE] [t,s,k BHED] [o BRFER ]
F77 OKREL, WLALO TaANT D b At WolXvy MEE B
TW5D,

4: TAUVHO [BARRERE, 1 [t,s, k2T 7 T7T7X] oA —T 2R
201 RO KT [TEITS S —o B2 HEROKR ED FHENFED
AKX, LIFLIE BUFO g kRIS,

5: HEX AL OO B, SNEGS RO [BE:Z2 L] [t,s,kBEiZ] [H
o WERRY7: [oFEEE), 1 KRFPARSS EKHIES Bk (KR35 Tl
FEo FERE) . PIREEEC BREEESLZ MEEDS Ul - HWmo BREEE)
Z LT EEHF~O R Z00h0 EEo ZBRLO L7 hAaAET K
ko FEEE] TH D,

Pattern 9 (the dependent is an adverb)
5: T-Sx=UFv D Glx b&IZ 7o R a—vA F=0 == {Eil,
ML= U EH L 2= BN, BETL01T [T3T] (o
Ll o BEERE [t,s,k00W] fETH S,
4: FFFO KAHBET IZABNT LU [E2A] [oMFBIV, 1 HERFD
5 BN E BFSAl £E. REZAEZ AHUC RIRET 2] 2thic
prldl., 78ail [t,s’2>TCLEo7, ]
5: D [GED] [o W UFIE 1 [t,s,k REHH TH o7z, ]
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5: TIDBAN otz ZEH Y, ~rvaro BIGMRT. B b
L owrvaro [H6, ] HED [oBIcZT] HEL FOENTS v 7% [k
WO H L] DUSNMC BB %R A [t,sii Uo7, ]

5: HERKD [H x5 E] [oFHMANZ] [t,s,kdHD] 77 UME, HALIX %
<O mT XA,

2: HUZPRI AT L E Zih~D BEKIZ DWT, [bok] [kEREIZ] [t,s
B #Te] K% [oﬂ%u“ﬁ”m‘%f‘ X722 o Tein, ]

10 B Flenle Balcix [B6] kERER] BELY ob->T] &

Z [t,sffBAL. 1 20 HETLx ALNIT D) & BURmEEMHEIZ I %aézh
TWb,

10 Wbl [ o< b L o7] Wi [t,s,kfEFHTHY, 1 KK
G RV WA

3: O [UEN] BUSBRERSC B REKZ L [k L7z] ALKk
O MEZENRE NI D0 Th [t,sAEE L, 1 [4FiHEE) & LT iR
. FEO SGEREE oKD, ]

5: [EiE [BEIZ] =T [t,s,kD7d] MiETHET, =JEMH%E #zx25 &KX
T PR Z B BEO KRR 20% ZBFE] v,

Pattern 10 (the dependent is a conjunction)
2:  [9BF BATIC @<, ZEO Nz 59508, R 8T FE
N HEHTE, [LL, ] &IC 2D —tv 2% [od4UL] WRIE [t,s,k
DNTL D] ]
3: [E7/. 1 A 2AZ— b0 HEEfES U =20 flAGoEhhEz) [FH
[t,s TN, ] =R Fr L PE F—HIZ VA=A T VT L [k&
e 2] Z&I2 [ofrolz, ]
3: [—H. 1 KT BBAEEL [o/h, 1 W< OO HIlT Zo K
& LT i Bk RmO KiRZE [t,s, kL7, ]
4: [—. 1 #hiEdiEid +RA. SERTREO KA ERSEMHE &5
NEFT [ o=\, 1 Wi @R BURERIC A e BORMMER O RiE
TH AE. BAlL Rmé [t,s,kR2o7, ]

(7273, 1 ZEMED fEN [o Ebiv. 1 BxERE Mmk+ 2 ERO
thk %ct% [t,s,k MHBEDRVDTIERNA I 0y ]
4; [*ji 1 TV FEGHRET S T~ B8] L ET2 #EEx
BAREIT [of&H L7228, 1 FERfERHEEIO 1TERE VS H-o T EHET &L
ERELD S RFEERMHELZ EHTD iz —Bs [t,s,k@OTND, ]

[\)

[
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3: [Z£LT] L — D [oZtbIi, 1 KFE SHANDIT BrlbseEs
tH RZ AN [t,s, kLT D, ]

2: [L2L, ] 38X L & aXiT Bl g [odhil, 1 TmRED
o —pimE LTO HBhze BRI [t,s,kEDRITNIXRLRN, ]

3: [L22L. ] &40 lobnEWT, 1 EHEMRED BOi2iE [t,s,k72b7
W, ]

4: [ZH2bbT, 1 4B FflEiTnz HotAx HIESHEE [oZ &
X, ] IR0 by BiifEd BfETE WO BURUCED FURND ST
WAHTEITT7e<, KRIC # T L7 [t,s,k1T472, ]

Others (syuji POSs of heads agree)
5: BUwBIAE 175 EEEO #IIX R F£H e EHERT BR —
AN4720 [ENAHUA] k7T R] [t,sREAMEM, 1 o RE/N+=M]
VAU xz—7 v ¥+IVEM. F_a+tH &7,
2: YarYu i, +H8 i IE]H# UtF T A, HEHEEAARRD ©
VT, EME BAN mLR_R—F—Z EAHIELTEOE MEL., 1 AD EE
[(E->T] 10HMD Nz [t,s,k ¥, ] BHEITHAEIZ BET [o BT
LI, ]
5: KD BIEAVD Ry 7O FWTLEH, T9 Eob2d A TTD,
e BRbWoIXT o #70, “4it [HiR->T] [t,s,kid>H2& L]
BOLIZ [o&EHLET, ]
5: XED bk, WRELTFT. FRBIEO [WENS, ] [t,s,k M ER] H
HO ANx~D FELW Lo, 1 MR E BRIEED hE keI fig
AL TS,
5: AR—Y2F5T BRI« ZAR=Y] O WMEEESKT EEHRE
ORELEWY (BT U —<0 ] [t,8,k XAy FERBID] [o &MEN] 20
& T
1: ALSVIC M@ T51X o650k 890 ST HFE © f&EifEx [T, ]
ot L] 2 A vEv—II2 &N [t,s, kD72, ]
n: 2O K MYAEW T & FHolm BAMBRE=/\U4E —H [ ]
U [o A tb—k=I1213] N=4F +HIC EMEFRRE s BT 25 B Al
FELO HEE [t,s, kAL THL-7, ]
1 X, BRI X5 72] Wik o Fr/EE] [t,s,k AEEHE, ] B
Ry ES Fx, BIED Wanied BhEy LTwiea, B ERO B2 R

Z<uy Z e,
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5: SEIFZ v, 1 o FMFEREEN] [t,s,k bofL, 1 FHIT HitEIRE
BOURAS etttz MU TE T,

1: BRI, [EBTHLH] [t,s, k#Mifiliflil] [oHGRLO] FHEEERD
BRI 82 RAERIC BRI 200 Ak HiThoT,

Others (syuji POSs of heads disagree)
5: Al FHfT EInLTE KEELE @Y. il EEFL0% [t,s,k
] EiLE ofiFFLTWnWbaD7e, ]
x: T HAEBZED EERmFERT, FRREEN BHEZEZO BT RAIIZ
(5] [0 _XTD] [tA., ] RO ShHEE. /. HEgo |B#E, [s,k
AEREGIZ] REE~D HEE FFUONITD BEE T %2 FEID FFbHRLETH
7o Z&EN +=H ool
2: +WA FET NE (At 24, 1 SLEFETNETO T [\ T
B, HARKE—SAD R THEiL © FFALEZ [o LTWE] L2A,
e I [t,s,k K&, ]
5: XN Fred. ] WbiE O [ #HBIX, 1 MR
PEEWIIFEE [t,s,k LTLNET, ]
5: K& &L bbAA, HIEET [£-o<K VT ] BED IA4UXE [t A
721 RS ABEND TRIEZ2WET o XoFun Ao ki Wb b,
WS [s,kFTFELINLA] [0lEET, ]
5: BUMIX [FH PR, BT T BERBRE TEgsEg,. 1 e KEx
RATD [oM)E=EE] HIRNT BE, X% [t,s,kag L7z, ]
5: UHAZL0 NKiE, HAAREDO S508 [WDoidnic7ze->7T] [o b
Fd] [t,s,k W0ODENSL, 1 B Fry MREIC NE AR5 52457
A
5: BEAE WHO RFFRIAZDO £S5 L TH FHo g RE~0 A
Fh OB WEMEBSN HEO WEE EAIELE VW) FEE HVT,
U o0 TR, EERO BEDL KEFW L B FEE RD,. HEERK
flED SEAWBEL bbAA, HERFAZ WEER LWV, 1 [t PRETEZ
] #HEL [oEMTH] [s,k2&%] HIZ 2% BT RLTW] Z
xR,
1: [EEFEANC oo b LTH, HIZ EIE, 1 [kiB#EZR] [odfid%]
[t,sBRLFTTIELY, ]
4: o—HP—|Z [LoT. ] XVar0SD <N FL Y7 MZ [t,s2 D]
ZEiF EWEBEES <R, [EFELWE] kXD, ]
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Pattern Rating Total Total | Expected

5 4 3 1 | x n| (Sampled) #54

1 4 1 2 3 10 278 139

2 6 1 1 1 1 10 810 567

3 3 3 1 2 1 10 583 350

4 3 3 2 1 1 10 200 120

5 7 1 2 10 95 67

6 9 1 10 10 9

7 6 2 2 10 224 134

8 g8 2 10 28 28

9 5 1 1 2 10 215 129

10 3 4 3 10 37 11
Others (agree) 5 1 3 1 10 190 95
Others (disagree) | 6 1 1 11 10 433 303
Total (62 15 14 14 131 1] 120 [ 3103] 1952

Table B.1: Annotation appropriateness ratings for each of parsing error patterns.

Discussion

Table B.1 shows the distribution of patterns and ratings. The number of examples
whose annotations are appropriate (ratings 5 and 4) are 77 (64%). There are 28 (23%)
inappropriate (ratings 2, 1 and x) examples. There are 15 (13%) examples each of
which is difficult to decide a single appropriate head (ratings 3 and n). Annotations
corresponding to patterns 5 (noun phrase coordination), 6 (incomplete coordinated
structure), and 8 (apposition) are relatively appropriate. This suggests coordinations
and appositions are difficult to be parsed correctly.

We can roughly estimate the upper bound of dependency parsing accuracy from the
table. As shown in Table B.1, there are 3103 dependency relations which no parsers
correctly parsed. Since the test data consists of 80695 dependency relations, if an ora-
cle selector is given, 80695 — 3103 = 77592 dependency relations will be correct; the
oracle selector selects a parser which correctly parses a particular dependency relation
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among the stacked model, KNP, and the tournament model. It is the dependency ac-
curacy of 96.15%. The expected number of appropriate (ratings 5 and 4) dependency
relations is 1952. These could be correctly parsed by a very accurate parser. The accu-
racy becomes 98.57% (79544/80695). The other 1151 dependency relations are hardly
parsed correctly even by a human.
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