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Abstract

The goal of this thesis is to establish a system for the automatic syntactic analysis of real-world
text. Syntactic analysis in this thesis denotes computation of in-depth syntactic structures that are
grounded in syntactic theories like Head-Driven Phrase Structure Grammar (HPSG). Since syntactic
structures provide essential components for computing meanings of natural language sentences, the
establishment of syntactic analyzers is a starting point for intelligent natural language processing.
Syntactic analyzers are strongly demanded in natural language processing applications, including
guestion answering, dialog systems, and text mining. To date, however, few syntactic analyzers can
process naturally occurring sentences such as newswire texts.

This task involves two significant obstacles. One is the scalability of a grammar to analyze real-
world texts. Grammar theories that successfully worked in atoy system could not be applied to the
analysis of real-world sentences. Despite intensive research on syntactic analysis, development of
wide-coverage grammars is amost impractical. This is due to the inherent difficulty in scaling up
a grammar; as a grammar becomes larger, the maintenance of the consistency of the grammar is
more difficult. Modern syntactic theories, which are called lexicalized grammars, explain diverse
syntactic structures with various combinations of lexical entries to express word-specific constraints
and linguistic principles to represent generic syntactic regul arities. However, grammar writers cannot
simulate in their mind all possible combinations of lexical entries and linguistic principles. Notably,
anumber of lexical entries are required to treat real-world sentences, and the consistent expansion of
lexical entries creates a bottleneck in the scaling up of lexicalized grammars. The problem is further
deteriorated by the complicated data structures required in linguistic theories to express in-depth
syntactic regularity.

The first proposal of this thesis is a new methodology for the development of lexicalized gram-
mars. The method is corpus-oriented, in the sense that the objective of the grammar devel opment
is the construction of an annotated corpus, i.e., a treebank, rather than a lexicon. This methodol-
ogy supports an inexpensive development of lexicalized grammars owing to the systematic control
of grammar inconsistencies and the reuse of existing linguistic resources. First, grammar devel opers
define linguistic principles that conform to atarget syntactic theory, i.e., HPSG in our case. Next, ex-
isting linguistic resources, such as Penn Treebank, are converted into an HPSG treebank. The major
work of grammar developersisto maintain the conversion process with the help of consistency check-
ing by principles. That is, because conflicts in a grammar are automatically detected as violations of
principle applications to a treebank, grammar writers can easily identify sources of inconsistencies.
When we have a sufficient treebank of HPSG, a lexicon is collected from terminal nodes of HPSG
syntactic structures in the treebank. Lexicon collection is completely deterministic; that is, treebank
construction theoretically subsumes lexicon development.

The other obstacle is the modeling of preference of natural language syntax. Since linguistic
research on syntax has focused on structural regularity, modeling of preference was not respected.
However, it is indispensable for automatic syntactic analysis because applications usually require
disambiguated or ranked parse results. Since probabilistic models attained great success in CFG
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parsing, they should be a plausible choice aso for lexicalized grammars. Because corpus-oriented
development gives us atreebank, it can be used for the estimation of probabilistic models.

Probabilistic modeling of lexicalized grammars is difficult because these grammars exploit com-
plicated data structures, such as typed feature structures. This prevents us from applying common
methods of probabilistic modeling in which a complete structure is divided into sub-structures under
the assumption of statistical independence among sub-structures; for example, part-of-speech tagging
to a sentence is decomposed into tagging to each word, and CFG parsing is split into applications of
CFG rules. These methods haverelied on the structure of the target problem, namely, lattices or trees,
and cannot be applied to graph structures like typed feature structures.

The second proposal of this thesis is the feature forest model as a solution to the problem of
probabilistic modeling of complex data structures including typed feature structures. The feature
forest model provides a method of probabilistic modeling without independence assumption when
probabilistic events are represented with feature forests. Feature forests are generic data structures to
represent ambiguous trees in a packed forest structure. Feature forest models are maximum entropy
models defined over feature forests. A dynamic programming algorithm is proposed for maximum
entropy estimation without unpacking feature forests. Thus probabilistic modeling of any data struc-
tures is possible when they are represented by feature forests. The thesis aso proposes methods of
representing HPSG syntactic structures and predicate argument structures with feature forests. Hence,
we describe a compl ete strategy for devel oping probabilistic models of HPSG parsing.

Finally, experimental results demonstrate that the proposals of thisthesis essentially break through
the impracticality of automatic syntactic analysis of real-world texts. With corpus-oriented develop-
ment, an English HPSG grammar was developed using Penn Treebank as a starting treebank. Penn
Treebank Section 02-21 (39,832 sentences) was converted into an HPSG treebank, and from it a
lexicon of 34,765 words was acquired. Evaluation of grammar coverage against Penn Treebank Sec-
tion 23 (2,416 sentences ) showed that the grammar included correct lexical entries of 99.09% of
words, and 84.1% of sentences were fully covered, i.e., the grammar included all lexical entries in
a sentence. The results attested to a high coverage that has not yet been attained by existing gram-
mars. The manual investigation of the grammar also proved that an HPSG grammar was devel oped
with high accuracy. The HPSG treebank was also exploited as training data of probabilistic models
for disambiguation. Feature forest models were applied for the tractable estimation of probabilistic
models of HPSG parsing. Evauation of parsing accuracy showed that the syntactic analyzer could
produce at least one syntactic structure for 99.7% sentences, and the accuracy of predicate-argument
relations was 87.69%/87.16% (precision/recall). The results reveal evidence of the practicality of the
HPSG parser in the task of parsing real sentences.

To our knowledge, thiswork provides the first results of the extensive evaluation of HPSG parsing
of naturally occurring sentences. Empirical experiment results are beneficial for further improvements
of HPSG parsing and other work on syntactic analysis. Practically, the success of the devel opment
of a syntactic analyzer opens up a new possibility of natural language processing. Most importantly,
this thesis constitutes fundamental methodologies for the syntactic analysis of real-world text.
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Chapter 1

| ntroduction

Syntactic analysis, or parsing, has been a central research theme in the history of computationa
linguistics. The objective of syntactic analysis is to compute syntactic structures, which express
correspondence among natural language sentences and their meanings. Since sentence-to-meaning
correspondence is complicated and nontrivial, such research is challenging and necessary for under-
standing natural language. Syntactic analysis has also been demanded in natural language processing
applications, such as question answering, dial og systems, and machine translation. These applications
require computation of meanings of natural language sentences. Since syntactic structures provide
essential components for computing meanings of sentences, the establishment of automatic syntactic
analyzersisastarting point for intelligent natural language processing.

Unfortunately, however, syntactic analysis has not been able to fulfill the need of the processing of
unrestricted natural text. To date, syntactic analyzers could process only short sentencesin alimited
domain, or weretoy systemsthat did not aim at being used in practical applications. Thisisaproblem
of the scalability of syntactic analyzers; theories and methodologies that worked successfully in toy
syntactic analyzers could not be applied to the processing of real-world sentences. Scalability for
analyzing a variety of sentences is definitely indispensable in natural language processing because
the nature of natural language is to transfer a variety of information.

This thesis is dedicated to the establishment of a syntactic analyzer that can compute syntactic
structures of real-world text. The subject requires solutions to breaking through the difficulty of
scaling up syntactic analysis. To begin with, we explore sources of the failure of syntactic analysis,
which will lead us to the proposals of thisthesis.

1.1 Discrepancy between Syntactic Theory and Syntactic Analysis

The difficulty of syntactic analysis of real-world sentences has been due to the difference in motiva-
tions of syntactic theory and syntactic analysis. Traditionally, the development of syntactic analyzers
has been synonymous with putting syntactic theories into computer programs. However, when we
target processing of real-world sentences, syntactic theories are insufficient.

While the syntax of language was a subject of much longer research in literature and linguistics,
computer science introduced a new insight into syntax: syntactic structure is defined as a result of
computation (Chomsky, 11957). This concept assumes that we humans have a meaning representation
in our mind, and it emerges as a sentence through a certain computational process. The process is
complicated and correspondence among sentences and their meanings is not necessarily one-to-one
mapping. For example, while preserving the meaning, a subject-verb-object relation may be ex-
pressed in adeclarative form, in a passive form (passivization), or in arelative clause (relativization).

1
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To perceive sentence-to-meaning correspondence, we theorize a representation of the computational
process, that is, syntactic structure.

From this concept, research on syntactic theories has been equivalent to describing a grammar,
which is a set of rules that deduce syntactic structures. While infinite syntactic structures may exist,
syntactic theories aim at explaining the regularity of syntactic structures by defining a finite gram-
mar. To some extent, modern syntactic theories succeeded in defining a system of rules that explain
complicated correspondence among sentences and meaning representations. Examples include Lex-
icalized Tree Adjoining Grammar (LTAG) (Schabes, 1199Z; |Schabes et al|,11988), Lexical Functional
Grammar (LFG) (Bresnan, 11982), Combinatory Categorial Grammar (CCG) (Steedman, [2000), and
Head-Driven Phrase Structure Grammar (HPSG) (Pollard and Sag, 11994; |Sag and Wasowi, 11999).

The objective of syntactic analysis involves two crucia issues, which are indispensable for the
scalability of syntactic analyzers but have been neglected by syntactic theories. One is that syntac-
tic analyzers must process any input sentence. This means that we need a comprehensive grammar,
i.e., exhaustive rules so that it accepts any words and syntax. Syntactic theories discussed represen-
tative examples of words/syntax, and were less interested in the exhaustiveness of rules. The other
isthat syntactic analyzers must provide plausibility of syntactic structures; that is, disambiguation is
necessary. Although syntactic theoriesintended to enumerate all grammatical syntactic structures, ap-
plications usually require only one or afew syntactic structures that are probable for agiven sentence
in a given context.

In late nineties, corpus-driven methods opened up the possibility of the processing of real-world
sentences. The fundamental idea was to extract grammars from treebanks automatically (Charniak,
1997, [2000; [Collins, [199€, 11997). Treebanks are linguistic resources in which syntactic structures
are manually annotated to example sentences. That is, they are collections of real instances of syn-
tactic structures. While corpus-driven methods succeeded in the analysis of real-world sentences,
they were insufficient for our purpose because they did not provide full syntactic structures that were
assumed in syntactic theories. Since development of treebanks is costly, existing treebanks, such as
Penn Treebank (Marcus et al!, 11994), provided only shallow syntactic structures like phrase struc-
tures, i.e., trees of phrase symbols, or CFG-style parse trees. Hence, grammars extracted from them
lack necessary information for computing sentence-to-meaning correspondence, such as passivization
and relativization.

Although corpus-driven methods did not fulfill the need of syntactic analysis, their success indi-
cates clues to breaking through the problems with comprehensive grammars and disambiguation. In
the following sections, we explicate the problems by contrasting the philosophy starting from syntac-
tic theories against the methodology of corpus-driven approaches.

1.2 Theory vs. Data

The heart of the theory-oriented methodology was manual management of a grammar. That is,
implementation of syntactic analyzers was regarded as writing a grammar. This was because the
development of syntactic analyzers followed a philosophy of syntactic theories; that is, to define
a grammar to deduce al syntactic structures of grammatical sentences. Grammarians first con-
ceive grammar rules so as to deduce grammatical syntactic structures by consulting their linguis-
tic intuition. Next, they implement grammar rules as computer programs. Subsequently, they de-
bug the programs by parsing example sentences and observing the results of the parsing. Tradi-
tional syntactic analyzers were developed with this strategy: LinGO English Resource Grammar
(Copestake and Flickinger, I2000; [Flickinger, 2002), JACY (Siegel, 12000; |Siegel and Bendet, 12002),
XTAG grammars (XTAG Research Group, 2001), and ParGram grammars (Butt et al!,12002). For ex-
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Figure 1.1: A context-free grammar and a treebank

ample, in Figure[L.1] the goal of the development is to write CFG rules (the left-hand side) in order
to deduce grammatical phrase trees (the right-hand side).

An approach taken by corpus-driven methods was essentially different; human effort was directed
to data. By consulting linguistic intuition, developers first write a treebank, i.e., example sentences
annotated with syntactic structures. Next, grammar rules are automatically extracted from atreebank.
CFG parsers widely used now were developed with this strategy (Charniak, (1997, 12000; (Callins,
1996, 11997). In Figure[L.1l we first develop a treebank (the right-hand side), and extract a grammar
(the left-hand side) by fragmenting each branching of phrase trees in the treebank.

An essential difference of the two methodol ogiesisthat the target of devel opment was agrammar,
or atreebank. In other words, the difference is the destination of human intervention. In this respect,
an advantage of the latter methodology is that human intervention istargeted toward real instances. In
the former methodol ogy, however, human effort is directed to abstract rules, and instances of syntactic
structures only exist in the mind of grammar devel opers.

When scaling up syntactic analyzers to assess real-world sentences, the methodology of theory-
oriented methods involves an inherent difficulty in the management of human errors, i.e., consistency
of grammar rules. When grammar developers add or modify arule to treat some words/constructions,
the modification often incorporates new conflicts of grammar rules for other words/constructions.
Thisis because human devel opers cannot simulate in their mind all interactions of rules.

For example, let us suppose that we are adding new rules to a grammar shown in Figurel.1] to
treat new constructions. First, we add rules to handle pronouns, “it”, “this”, and “that.”

o NP—it
e NP—this
e NP—that

This modification alows sentences like “a boy saw it.” Next, we add rules to treat prepositional
phrases.

e PP—in NP

e PP—of NP
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Prepositional phrases do not modify pronouns: for example, “it in a school” isungrammatical. Hence,
we add rules of noun-modifying prepositional phrases.

e N—N PP

By adding more rules for nouns, say “N—school,” anew grammar can generate sentences like “a boy
loves a girl in a school.” However, the grammar cannot generate sentences like “a boy saw that in a
school.” Thisis because we added arule for prepositional phrases to modify N, not NP. Since “that”
isderived from NP, prepositional phrases cannot modify it. With this observation, we decide to revise
arulefor “that,” where “that” is generated from N.

e N—that

However, this revision introduces a new conflict, and “that” cannot be used in most grammatical
situations. For example, the grammar cannot generate “a boy saw that,” because “that” has no deter-
miners while “that” as N must have a determiner. Even in this very simple example of extending a
CFG, the difficulty of consistency maintenance is obvious.

The source of the problem isthat humans are poor at comprehending abstract concepts strictly. In
the above exampl e, the concept of pronoun when we say “that” isapronoun is dlightly different from
that when we say prepositional phrases do not modify pronouns. However, grammar developers do
not realize asubtle difference of concepts when they tweak agrammar. On the contrary, computersare
very strict with the consistency of rules. This problemisterribly seriousin modern syntactic theories
in which syntactic structures express detailed linguistic constraints using complex data structures. The
maintenance of the consistency of a grammar becomes more difficult as the grammar grows larger.
The possibility of conflicts rapidly increases because of the explosion of rule combinations, and the
revision of conflicts frequently bringsin other conflicts.

If grammar developers are given real instances, they can realize their misconception. For example,
if atreebank includes a phrase like “that of a house,” it is easy to see awrong conception of the rule
“prepositional phrases do not modify pronouns.” Grammar devel opers therefore require contact with
instances of syntactic structures.

Data-driven methods overcame the problem of consistency maintenance. They started from rea
examples of syntactic structures, and a grammar was extracted from the examples. Treebank con-
struction is more comprehensible for human devel opers than rule development. This is because the
target of the development is instances of syntactic structures of concrete sentences rather than ab-
stract rules. Developers are not hampered by having to simulate interactions of rules. It should also
be noted that this approach assures that an extracted grammar deduces at least syntactic structures
given in atreebank. That is, undergeneration is avoided with regard to treebank sentences, athough
overgeneration is not controlled.

This discussion reveals that human intervention in real instances of syntactic structures is neces-
sary and effective, when we write comprehensive grammars as computer programs. A solution will
be presented in Chapter[3.

1.3 Structurevs. Statistics

Disambiguation is necessary for syntactic analysis. While grammars are designed to deduce all gram-
matical syntactic structures, applications often require only the most plausible syntactic structures.
However, research on syntactic theories was not interested in the problem of disambiguation.
Traditionally, syntactic theories focused on structural constraints of syntactic regularity. They
discussed the acceptability of sentences and constraints necessary to eliminate ungrammatical sen-
tences. Linguists first show rules to deduce a syntactic structure of a sentence, and then demonstrate
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Figure 1.2: Ambiguity of syntactic structures

that the rules reject syntactic structures of similar but ungrammatical sentences. To be more accurate,
they presuppose that each syntactic structure represents a distinct meaning. That is, if a sentence
has multiple readings, a grammar must deduce syntactic structures, each of which corresponds to an
individual meaning of the sentence. To discriminate syntactic structures of distinct meanings, they
employed structural constraints expressed with symbolic representations such as feature structures
(Carpente, 11992; [Rounds and Kasper, 11986).

Meanwhile, the success of corpus-driven methods has owed to statistical and machine learning
methods. One reason for the rapid growth of statistical methods was that computer power increased
sufficiently to process huge amounts of data, and large linguistic resources such as Penn Treebank
(Marcus et al, [1994) and WordNet (Fellbaum, [199€; Miller, [1990) became available. As described
below, however, a more significant reason was that disambiguation required statistical modeling of
syntactic regularity.

Disambiguation of syntactic structures requires statistical preference. For example, Figurdl.2
shows two phrase structures assigned to sentence “He wanted her to dance.” Theleft tree corresponds
to an object-control construction, while the right represents that “to dance” is a purpose infinitive.
The left tree seems correct to us, but it is very difficult to eliminate the right tree only by structural
constraints. Intuitively, the acceptability seems to be determined by preference. For example, for the
similar sentence, “He wanted shoes to dance,” a phrase structure similar to the right seems plausible
since “shoes” is unlikely to be a subject of “dance.” This means that modeling of “preference” of
syntactic regularity is necessary for disambiguation.

Corpus-driven methods adopted stati stical methods for the problem of disambiguation. Since they
extracted rules from treebanks as described in Section[1.2, they additionally learned statistical pref-
erences of rules from treebanks. Disambiguation models of state-of-the-art CFG parsers were proba-
bilistic models such as probabilistic context-free grammars (PCFGs) (Charniak, 11997, [2000; ICallins,
199¢, 11996, 11997) and maximum entropy models (Ratnaparkhi, 11997; |Uchimoto et al/, 2000, 11999).
Other studies employed statistical machinelearning methods such as decision trees (Magerman, 1995)
and support vector machines (Kudo and Matsumoato, 2000, 12002).

Unfortunately, we cannot smply follow the above methods. A problem isthat statistical methods
require training data; in our case, treebanks. Development of sufficient treebanksis amost infeasible
since syntactic structures must be written manually for thousands of sentences. Even shallow syntactic
structures, such as Penn Treebank, required considerable human effort.

Another problem is that their methods were strongly committed to the structure of outputs, i.e.,
tree structures. They presupposed that outputs of syntactic analyzers were represented with sequences
or tree structures. For example, when we compute probabilities of the phrase structuresin Figurdl.2,
a probability of atree is first decomposed into probabilities of rewriting rules. Figurell.3 shows
probabilities of rewriting rules estimated from Figurell.2l Rule probabilities are defined as relative
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p(S — NP VP|S) = 1.0 p(NP — he|NP) = 0.5
p(VP — V S|VP) = 0.2 p(NP — her|NP) = 0.5
p(VP — P V|VP) = 0.4 p(V — wanted|V) = 0.5
p(VP — VP VP|VP) = 0.2 p(V — dance|V) = 0.5
p(VP — V NP|VP) = 0.2 p(P — to|P) = 1.0

Figure 1.3: Probabilities of rewriting rules

S = N V VPno_3sg — dance
NPno_3sg — | VP3sg — dances
NP3 — she VPno_3sgor3sg — danced

Figure 1.4: Rewriting rules with structure sharings

frequencies of rules applied in the treebank. For example, “VP — V S” is used once in the | eft tree,
and the frequency of rules of rewriting VP is five. Hence, the probability is estimated by 1/5 = 0.2.
Assuming that applications of rewriting rules are independent of the other applications, the probability
of the whole structureis defined as a product of all probabilities of rewriting rules applied to construct
the tree. For example, the probability of the left tree is computed as follows.

p(S — NP VP|S)p(VP — V S|VP)p(S — NP VP|S)p(VP — P V|VP)

p(NP — he|NP)p(V — wanted|V)p(NP — her|NP)p(P — to|P)p(V — dance|V)
= 1.0x02x1.0x0.4x0.5x0.5x0.5x1.0x0.5
= 0.005

The decomposition of probabilitiesis indispensable for the tractable estimation of model param-
eters, i.e., rule probabilities, and decoding while avoiding an exponential explosion of ambiguities
of syntactic structures. In general, ambiguity of syntactic structures increases exponentialy. For ex-
ample, when we apply rewriting rule “S — NP VP”, and the left NP and the right VP respectively
have n and m ambiguous subtrees, the result of the rule application generate n x m trees. Thisisan
obstacle to parameter estimation and the searching of the most probable syntactic structure, because
enumeration of all structures is intractable. Dynamic programming algorithms, including the for-
ward/backward and the Baum-Welch algorithms for hidden Markov models Baum and Eagon, |[1967),
the inside/outside algorithm for probabilistic context-free grammars Baker, 11979; ILari and Young,
1990), and the Viterbi decoding (Viterbi, [1967), provide polynomial-time solutions to the problems,
with the assumption that the probability of a complete sequence/tree is defined as a product of rule
probabilities.

Complex data structures, such as feature structures, prevent us from decomposing the probability
of awhole structure into independent rule probabilities./Abney (1997) demonstrated that decompo-
sition into rule probabilities causes distortion of a probabilistic distribution. While this problem will
be discussed in detail in Chapter[d, the source of the problem is structure sharing, or reentrant struc-
tures, which are exploited for representing linguistic constraints in modern syntactic theories. For
example, Figure[1.4] shows rewriting rules with constraints on agreement. Suffixes denote types of
agreement, and[1]is avariable that constrains that suffixes with the same variable name must have the
same value. Constraints introduced by variables are called structure-sharing or reentrant structure.
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The constraint by [1] inhibits ungrammatical sentences such as “she dance”, because “she” has 3sg
but “dance” has no_3sg, and the constraint by[T] inhibits the NP and the VP have different suffixes.
That is, rewriting rules are no more “context-free.” Because the decomposition of probabilitiesrelied
on the property of “context-freeness,” the same method cannot be applied to syntactic structures with
structure sharings.

To summarize, syntactic analyzers require statistical methods for disambiguation, but traditional
statistical models cannot be directly applied to grammars described with complex data structures such
as feature structures.

1.4 Contributionsof ThisThesis

The focus of this thesis is on the development of a syntactic analyzer that computes syntactic struc-
tures of real-world sentences. To be more specific, this thesisis organized with the aim of the devel-
opment of apractical English parser based on HPSG. The proposals will actually be implemented for
the devel opment of an HPSG parser for English, and the parser will be evaluated extensively through
experiments on the parsing of real-world sentences.

The above discussion reveals that the following problems must be solved.

1. Developing a comprehensive grammar while maintaining its consistency
2. Developing atreebank for the training of disambiguation models
3. Probabilistic modeling of structured data

The following chapters of this thesis provide solutions to the problems listed above under two
assumptions. Oneisthat a grammar is based on the lexicalized grammar framework. The framework
of lexicalized grammars is a de facto standard in modern syntactic theories, and is well studied from
linguistic and computational points of view. Lexicalized grammars include LTAG (Schabes, 1199Z;
Schabes et al/, 11988), LFG (Bresnan, 11982), CCG (Steedman, 2000), and HPSG (Pollard and Sag,
1994; Sag and Wasow, [1999). Chapter[Zintroduces a concept of lexicalized grammars and the details
of Head-Driven Phrase Structure Grammar (HPSG), which is one of the lexicalized grammars.

The other assumption is that disambiguation models for lexicalized grammars are maximum en-
tropy models (Berger et all,11996), which are widely accepted in the probabilistic modeling of various
tasks of natural language processing including parsing. Most studies on probabilistic modelsfor pars-
ing with lexicalized grammars a so adopted maximum entropy model s [Baldridge and Osborne, 12003;
Clark and Curran, 2003, 12004k; \Geman and Johnson, [2002; .Johnson et al/,11999; [Kaplan et al/,[2004;
Malouf and van Noord, 2004; Riezler et al!, 2002, 200C; Toutanova and Manning, [2002). Chapter [2
describes maximum entropy models in detail.

To evaluate the effectiveness of our proposals, an HPSG parser for English was implemented.
The performance of the parser will be evaluated extensively in the task of parsing Penn Treebank
(Marcuset al, 11994), which is a treebank of newswire texts from Wall Street Journal and is often
used for the evaluation of CFG parsers. However, the methods proposed in this thesis do not assume
any characteristics peculiar to the theory of HPSG. This indicates that the proposals are generally
applicable to the development of syntactic analyzers based on lexicalized grammars.

Contributions of the dissertation will be described in detail in four chapters. A brief introduction
to each chapter is described bel ow.

Corpus-Oriented Development of Lexicalized Grammars Chapter[3 proposes a novel methodol-
ogy of grammar engineering for the solution of Problems 1 and 2, i.e., the development of a compre-
hensive grammar and a treebank. As discussed in Section[L.2Z, it is hard to develop exhaustive rules
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because of the difficulty of consistency maintenance, as well as the high cost of the construction of
large treebanks.

Theideaisto separate grammar rulesinto linguistic principles and lexical entries, and to devel op
linguistic principles and atreebank. Linguistic principles and lexical entries are principal components
of lexicalized grammarsincluding HPSG. Linguistic principles represent general syntactic constraints
of language, while lexical entries represent word-specific syntactic characteristics. In the traditional
methodol ogy, grammar developers manually wrote both linguistic principles and lexical entries. The
difficulty of developing comprehensive lexicalized grammars was mainly due to lexical entries, be-
cause detailed lexical characteristics must be enumerated for thousands of words.

This chapter demonstrates a method for the development of an English grammar of HPSG. The
development process of our method is corpus-oriented, in the sense that the target of the devel opment
is an HPSG treebank instead of lexical entries. Given a treebank and linguistic principles, lexical
entries are automatically collected from terminal nodes of syntactic structures in the treebank.

In addition to the merits of developing atreebank discussed in Sectior1.Z, this methodology has
several advantages. One is that human intervention is directed to both linguistic principles and tree-
banks. That is, grammar developers can control the theoretical formulation of the treebank through
the design of linguistic principles. In other words, since a treebank is developed so as to satisfy
constraints offered by linguistic principles, grammarians can reflect their linguistic intuition into a
treebank through linguistic principles. As a result, lexical entries collected from the treebank also
conform to the theoretical formulation regulated by linguistic principles. Another advantage is that
linguistic principles greatly help the maintenance of consistency of detailed syntactic constraints.
This is because conflicts of syntactic constraints in a treebank are automatically detected as viola
tions of applications of linguistic principles. Furthermore, existing treebank resources are reused.
For example, when we develop an HPSG treebank, we start from Penn Treebank, which is a CFG-
style treebank in English, and convert it into HPSG-style syntactic structures. This approach grestly
reduces the cost of treebank development.

With this approach, an HPSG grammar for English was implemented using Penn Treebank as
a source treebank. We implemented 1D schemas, principles, and lexical rules of HPSG following
the definition of [Pollard and Sag (1994), and converted Penn Treebank into an HPSG treebank. In
Chapter[3, details of the treebank devel opment are described. The evaluation of the HPSG parser will
be presented in Chapter[@

Feature Forest Model Chapter[dl provides a generic solution to Problem 3, i.e., probabilistic mod-
eling of structured data. We first define feature forest, which is a packed forest structure similar to a
packed chart of CFG. We prove that if a structured data is represented as a feature forest, estimation
of parameters of maximum entropy modelsis tractable.

The algorithm allows for the probabilistic modeling of complete structures, such as transition
sequences in Markov models and parse trees, without dividing them into independent sub-events.
In general, complete structures have an exponential number of ambiguities. This causes an expo-
nential explosion of the cost of estimating parameters of maximum entropy models. The proposed
algorithm avoids exponential explosion by representing events with feature forests, which are packed
representations of trees. If complete structures are represented by feature forests of a tractable size,
parameters are efficiently estimated by dynamic programming similar to the algorithm of computing
inside/outside probabilities of PCFGs without unpacking the feature forests.

The algorithm provides a flexible modeling scheme for various NLP tasks because we may in-
corporate various overlapping features of complete structures, not only of sub-events, into the model.
Moreover, it can be applied to probabilistic models of events that are difficult to divide into indepen-
dent sub-events, such as probabilistic models of feature structures.
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Probabilistic Modeling of Lexicalized Grammars Chapter[5 discusses the application of feature
forest models to HPSG parsing. That is, the solution in Chapter[d]is discussed in a practical applica
tion context.

Since syntactic structures express various linguistic relations, such as non-local dependencies of
words, their probabilistic models are expected to attain high accuracy of parsing. Existing models of
probabilistic parsing (Charniak, [1997; [Chiang, [2000; |Clark et al!, 1200Z; [Collins, 11999, [199€, 11997;
Hockenmaier and Steedman, 2002b; IMagerman, [1995) decompose the probability of a parse result
into probabilities of atomic events (e.g. rule probabilities) by assuming the independence of the prob-
abilities. Such models, however, cannot be applied to parsing with lexicalized grammars, because
it violates the independence assumption and the resulting probabilistic model will be inconsistent
(Abney, 11997).

This chapter provides a theoretical framework for the probabilistic modeling of parsing with lex-
icalized grammars. We show that syntactic structures of HPSG and predicate argument structures are
represented with feature forests. Their probabilistic models are therefore estimated in a tractable cost
by the algorithm of feature forest models.

Experiments on HPSG parsing The methods proposed in this dissertation were implemented for
the devel opment of an HPSG parser for English. Chapter[@ reports empirical evaluation of the HPSG
parser in the task of parsing of Penn Treebank, which is a collection of Wall Street Journal texts and
was a standard test set for the evaluation of CFG parsers.

To our knowledge, this work provides the first resul ts of extensive experiments of parsing of Penn
Treebank with a probabilistic HPSG. The results from the Wall Street Journal are significant because
the complexity of sentences differs from that of short sentences. For instance, short sentences rarely
include complex constructions, such as long-distance dependencies, coordinations, and insertions.
Experiments on the parsing of real-world sentences can properly evaluate the effectiveness and pos-
sibility of parsing models for HPSG.






Chapter 2

Background

This chapter introduces two concepts, lexicalized grammar formalism and maximum entropy model.
They are essentia conceptions not only for this thesis, but also for research on syntactic theories and
statistical natural language processing.

Lexicalized grammar formalism is a modern framework for explaining syntactic structures of
natural language sentences. The main concept is that structures and rules to derive syntactic struc-
tures are mainly introduced by lexical entries, which are structures assigned to words. Intuitively,
terminal nodes of parse trees incorporate most structures, and parse trees are constructed by checking
the consistency of the lexical structures. Modern syntactic theories fall into lexicalized grammars,
examples include Head-Driven Phrase Structure Grammar (HPSG) (Pollard and Sag, 11987, [1994;
Sag and Wasow, 11999), Lexicalized Tree Adjoining Grammar (LTAG) (Schabes, 1199Z; |Schabes et al |,
1988), Lexical Functional Grammar (LFG) (Bresnan, 11982), and Combinatory Categorial Grammar
(CCQG) (Steedman, 2000). Inthefield of linguistics, lexicalized grammars have provided a mathemat-
ical framework for describing linguistic structures, and were extensively studied in order to explicate
the structure of syntax in amathematically sound manner. They also attracted researchers working in
the field of computer science, because they were defined with a strict mathematical formulation and
could be implemented as computer programs. In fact, several systems are now being implemented
with the aim of being used in real applications.

In this chapter, we describe details of the theory of Head-driven Phrase Structure Grammar
(HPSG), which isasyntactic theory extensively studied from both linguistic and computational points
of view. The main focus of thisthesisis on HPSG, and the description of proposals will be presented
with examples of HPSG analyses. However, the methods proposed in this thesis do not assume any
structures peculiar to the theory of HPSG, and will be extended to other syntactic theories based on
the framework of lexicalized grammars.

The maximum entropy model is aprobabilistic model widely used in natural language processing.
In maximum entropy models, probabilistic events are represented with features, and probabilities are
defined as a function of features and their weights. A preferable characteristic of maximum entropy
modelsisthat features are not required to be statistically independent of each other. While traditional
probabilistic models often decompose a probability into sub-probabilities under the assumption of
statistical independence, such an assumption is not required in maximum entropy modeling. Hence,
model devel opers can incorporate various kinds of information into a model without considering the
independence among features. Even with statistically dependent features, parameters of maximum
entropy models are determined so as to maximize the likelihood of training data. This characteristicis
indispensable for probabilistic modeling of lexicalized grammars as discussed in detail in Chapteid]

Section [2.1] overviews the idea of lexicalized grammars, and surveys existing systems based on
lexicalized grammars. Section explains details of HPSG. Section describes algorithms of

11
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SUBJ <>

{HEAD verb }
COMPS < >

S
HEAD verb

[SUBJ <D]>}

COMPS <>
T~ HEAD noun HEAD verb HEAD verb
| SUBJ <> SuBJ <[l> SuBJ <[>
NP \' VP COMPS <> COMPS <[2)> COMPS <>

Spring has come Spring has come

Figure 2.1: Parse trees in CFG (left) and HPSG (right)

parsing with lexicalized grammars. Section[2.4] introduces the idea of maximum entropy model and
its formulation.

2.1 Lexicalized Grammars

Lexicalized grammars are frameworks for the description of syntax in modern linguistics. They are
defined with lexical entries and grammar rules, which deduce syntactic structures, i.e., parse trees.
The concept of lexicalized grammars is summarized in the following two points.

e A large number of lexical entries represent detailed word-specific linguistic constraints.
e A small number of grammar rules describe general linguistic constraints.

Lexical entries are termina nodes, which correspond to words, in parse trees. Hence, the above
concept indicates that the structure of parse trees is explained mostly by word-specific constraints.

This concept, which is caled a“lexicalist” framework, is very different from context-free gram-
mars (CFGs), which owe much to grammar rules to explain syntactic structures. In CFGs, terminal
nodes generaly represent poor information. For example, in Penn Treebank Marcus et all, 11994),
which is a corpus annotated with CFG-style parse trees, termina nodes are annotated with part-of-
speech tags such as VBD (past-tense verbs) and NNS (plural nouns).

Figure 2.1l compares CFG and HPSG-style parse trees for the same sentence. In the CFG-style
tree, nodes represent only syntactic categories such as NP (noun phrases), VP (verb phrases), and S
(sentences). The structure of the parse tree is mainly determined by grammar rules such as VP —
V VP and S — NP VP. In the HPSG-style tree, however, lexical entries not only have syntactic
categories (represented by HEAD) but also other syntactic constraints (see Section2.2.2 for details).
For example, SUBJ and COMPS describe a subcategorization frame, which represents constraints
on arguments that are taken by the verb. SUBJ represents constraints of what the verb takes as a
subject, and COMPS has constraints of an object. Boxed numbers represent structure-sharings (will
be explained in detail in the next section). That is, structures denoted with the same numbers must
be identical. In the example, the verb “come” has an element in SUBJ, which has the same boxed
number as the lexical entry for “spring.” This means that “come” must have a noun subject, and
this constraint is satisfied by the lexical entry for “spring.” A parse tree is built by verifying the
consistency of constraints specified in lexical entries.
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HEAD verb HEAD verb
SUBJ ([HEAD noun]) SUBJ ([HEAD noun])
COMPS ([HEAD noun) COMPS ()

Figure 2.2: Lexical entriesfor “loves” (left) and “dances” (right)

The background of this concept is that the grammaticality of sentences depends Iarg%v on char-
acteristics specific to words. Let us consider the grammaticality of the following sentences.

1. Helovesadgirl.
2. *Heloves.

3. *Hedances agirl.
4. He dances.

The grammaticality of the above sentences is completely determined by the characteristics of main
verbs (“loves” or “dances”). To be more specific, the grammaticality depends on subcategorization
frames of the main verbs, i.e, transitive or intransitive. This indicates that grammaticality, or the
syntactic structures of sentences, is determined by the characteristics of words in sentences. Hence,
linguistic constraints, including subcategorization frames and syntactic categories, must be specified
inlexical entries.

Figure[2.2 shows lexical entries for the main verbs in the above sentences. The difference isin
the value of COMPS. The left lexical entry, which is for “loves”, has an element in COMPS. This
means that the verb takes a noun object. However, the right lexical entry, which is for “dances”,
has no element in COMPS. As shown in this example, lexicalized grammars express differences
of subcategorization frames in lexical entries. Various constraints not limited to subcategorization
frames may be specified in lexical entries. For example, in HPSG, agreement features, verbal forms,
and semantics are described in lexical entries.

Suppose that set W of words and set I" of categories (e.g., nonterminal symbols in CFG and
feature structures in HPSG) are given. A grammar is then defined formally as follows.

Definition 2.1 (Grammar) A grammar is a tuple, G = (L, R), where
o L ={(w,y)lwe W,y eI} isalexicon, i.e., aset of lexical entries, and
e Risasetof grammar rules, i.e., » € R is a partial function: ' x I' — F@

Although this definition does not include the formulation of the concept of the lexicalist framework, it
issufficient for discussing computational aspects of lexicalized grammars. Informally, inthelexicalist
framework, the size of R isrelatively small, while T" is large and complex in general.

Modern syntactic theories, including LTAG, LFG, CCG, and HPSG, conform to the lexicalist
framework. They differ in the degree of the separation of lexical entries and grammar rules, and
in the treatment of certain linguistic phenomena. However, they share the concept of lexicalized
grammars described above.

Several groups are developing grammars and parsers based on lexicalized grammar formalisms.
Studies listed below are aiming at applying parsers to practical applications that require in-depth
syntactic structures and semantic representations.

! Asterisks denote ungrammatical sentences.
2For simplicity, we assume that grammar rules are binary.
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LinGO English Resource Grammar (ERG) (Copestake and Flickinget, [2000; [Flickinger, 2002)
is the largest HPSG grammar for English and has developed at Stanford University and in other
groups. Following the theory of HPSG, the devel opers have been concentrating on the description
of precision linguistic constraints, as well as the expanding of a grammar to be used in practica
applications. Since the development of HPSG grammars is a labor-intensive task, they have been
developing several tools to support grammar development: LKB (Copestake, 11992) for providing
an interactive environment for grammar development, [incr tsdb ()1 Oepen and Carrall,[2000;
Oepen et a |, [2004) for grammar profiling and treebanking, and PET (Callmeier, 2000) for efficient
run-time parsing.

Although the LinGO ERG is an English grammar, they are also interested in explicating language-
independent structures of natural language grammars. The Grammar Matrix Bender and Flickinge,
2005; Bender et all,12002) is aframework for the devel opment of wide-coverage HPSG grammars for
various languages. They provide a starter kit to create an initial language-dependent grammar given
some specifications of alanguage, such as a word order and complement categories. Their purpose
is to assist the rapid development of grammars in other languages, as well as to share experiences
in the development of various grammars. MRS (Copestake et al), (1995, [1999) is a semantic repre-
sentation they assume in their grammars, and is incorporated into the Matrix. With the help of the
Matrix, grammar writers can develop a grammar from scratch in which feature structure definitions
and semantic representations are common to other grammars devel oped with the Matrix.

JACY (Siegel, [2000; ISiegel and Bendet, [2002) is a Japanese HPSG grammar which has been be-
ing developed at DFKI for around ten years, following the Matrix and MRS. It has a large lexicon of
more than 35,000 words. A German grammar has also been devel oped using the same methodol ogy
(Muller and Kasper, 12000). This grammar has a lexicon of more than 50,000 words. NorSource,
a Norwegian grammar, has a lexicon of 84,240 words (Hellan and Haugereid, 12003), owing to the
conversion of existing lexicon resources. With the same tools and methodology, other groups are
developing grammars of Modern Greek (Kardoni and Neu, 12003), Spanish, Korean, and Italian, a-
though they are smaller than the others.

The LinGO ERG has a large lexicon as it has been being developed for more than ten years.
The grammar includes a manually maintained lexicon of more than ten thousand words. However,
the coverage of the grammar against real-world texts is still unsatisfactory.Baldwin et al. (2004a/b)
reported the coverage of the ERG against the British National Corpus (BNC) Burnard, 2000). They
found that for 32% of sentences the ERG had full lexical span (i.e., lexical entries were assigned to
al words in a sentence) without unknown word handling except for number expressions and proper
names. Of the sentences with full lexical span, the ERG could generate at least one parse tree for
57%, and 83% of them included a correct parse. This means that the proportion of correctly parsed
sentences is around 15%. The other grammars are at asimilar level.

The above projects are aso interested in the development of treebanks for the training of disam-
biguation models. Their ideaisthat when we already have agrammar, atreebank is rapidly devel oped
by parsing a corpus with the grammar. With the treebanking tool, [incr tsdb ()], grammar de-
velopers can construct a treebank by only selecting a correct parse tree for each sentence. Until now,
LinGO Redwoods (Oepen et al!,12002b) for English and Hinoki (Bond et al|,[2004) for Japanese have
been developed. Research on disambiguation models is a'so ongoing Baldridge and Osborne, 12003;
Malouf and van Noord, 12004; |Oepen et al |, 2002b; [Toutanova et al |, 12004; [Toutanova and Manning,
2002), dthough experiments have been small due to limitations of the size of the treebanks and the
coverage of the grammars.

SLUNG is another Japanese HPSG grammar developed at the University of Tokyo from scratch
(Mitsuishi, 1199€; IMitsuishi et all, 11998). This grammar achieved impressively high coverage. The
grammar could parse 98.4% sentences of the EDR corpus (EDR, [199€), which is a collection of
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newswire sentences (Kanayamaet al|, [2000). The high coverage owed much to the concept of un-
derspecification; a limited number of functional words, e.g. postpositions and auxiliary verbs, were
assigned word-specific lexical entries, while open class words, e.g. nouns and verbs, were assigned
lexical entries specific to each part-of-speech. That is, the grammar did not distinguish word-specific
constraints of open class words, such as subcategorization frames. This means that the grammar pro-
vided only coarse syntactic structures. In addition, the grammar lacked any semantic representations.
It is therefore insufficient for computing sentence-to-meaning correspondences.

The Alpino grammar is a wide-coverage HPSG grammar for Dutch (Boumaet al!, [2001). The
grammar includes a lexicon of around 100,000 words and components to handle unknown words,
number expressions, etc. The grammar has wide-coverage and high accuracy against the Alpino
treebank, which consists of newspaper sentences (Malouf and van Noord, 2004).

Another interesting approach to devel oping HPSG grammars is grammar conversion from LTAG
into HPSG (Tateis et all, 11998; [Yoshinaga and Mivao, 12001, 12002; [Yoshinaga et al!, 2001, 2003,
2002). With this method, we can reuse existing LTAG grammars. However, the performance of
the grammar is bound by that of origina grammars. As described below, the coverage of existing
LTAG grammars is still insufficient because the development of LTAG grammars is no less difficult
than HPSG grammars.

Thebiggest group inthe LTAG community isthe X TAG Research Group (XTAG Research Group,
2001). Their largest grammar is an English grammar, which includes a large lexicon of more than
31,000 word stems, although the coverage of the grammar against real-world textsis still limited. A
Korean grammar is also under development (Yoon et al.,[2000). Recently, algorithms were proposed
for the automatic induction of LTAG from treebanks (Chen and Vijay-Shanket, [2000; |Chiang, I2000;
Xig,11999). They extracted elementary trees (lexical entriesin LTAG) by splitting parse trees of Penn
Treebank. Different from hand-crafted grammars, treebank grammars attained impressively high cov-
erage against real-world texts. Probabilistic models were also developed using treebanks. However,
automatically extracted grammars were not theoretically formulated in conformity with linguistic
theories. Few linguistic formalizations are exploited in grammar development, and the grammars
lack explanation of grammaticality and linguistically motivated formulation. Details and problems of
automatic grammar induction will be discussed in Section3.5.

The LFG research community has many groups involved in the development of grammars in-
cluding English, French, German, Japanese, Norwegian, and Urdu Bultt et alJ,12002). Similar to the
HPSG community, they have common development tools developed in the Parallel Grammar (Par-
Gram) project. The XLE system, an English LFG parser, succeeded in the parsing of real-world
texts (Riezler et al), 2002), owing to extensive human labor that lasted for over a decade and various
techniques for robust parsing. The technigues include methods of unknown word handling, creating
fragment parses, and giving up processing when the parsing of a subtree exceeded some threshold.
Recently, they reported that the XLE system performed better than the state-of-the-art CFG parser
(Coallins, 11997) in terms of labeled dependency relations (Kaplan et all, 2004). Besides, automatic
induction of LFG grammars from Penn Treebank has been proposed Burke et al, [2004; (Cahill et all,
2003, 12002; |[Frank et al!,|2003k). Their aim was to automatically annotate parse trees (corresponding
to c-structuresin the theory of LFG) with functional schemata, which are unification-based construc-
tion rules in LFG. That is, they automated the development of LFG-style construction rules. The
induced grammars achieved high coverage against Penn Treebank, as did the work on LTAG.

CCGisalso extensively studied in linguistics and computer science.Hockenmaier and Steedmari
(20024) proposed an algorithm of automatically extracting a CCG from Penn Treebank. Their idea
was basically following LTAG's; Penn Treebank was automatically converted into CCG derivations,
and lexical categories (lexical entriesin CCG) and construction rules were extracted from the deriva-
tions. The extracted grammar attained high coverage against Penn Treebank.
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SUBL nou.”/%reement PERSON

> *3rd
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PRﬁ' » AGR ® singular

ver NUMBER

Figure 2.3: Feature structure

2.2 Head-Driven Phrase Structure Grammar

Head-Driven Phrase Structure Grammar (HPSG) (Pollard and Sag,11987,11994;|Sag and Wasow,|1999)
is a syntactic theory that follows the Iexicalist framework. HPSG describes linguistic structures with
typed feature structures (Carpenter, [1992). That is, lexical entries and grammar rules are both de-
scribed with typed feature structures. In the remainder of this section, wefirst provide amathematical
definition of typed feature structures, which followsCarpentet (1992). We then describe lexical en-
tries and grammar rules in HPSG.

2.2.1 Typed Feature Structures

Typed feature structure is a mathematical device for expressing symbolic and structured constraints.
The definition of feature structures in this thesis follows that of[Carpenter (1992). Typed feature
structures are rooted directed labeled graphs, whose nodes are labeled with types, and whose edges
are labeled with features. Figure[2.3 shows an example feature structure that represents a predicate
argument structure and the agreement in it. Sans-serif uppercase labels are assigned to edges and
expressfeatures, whilelowercase labels are to vertices and denote types. Intuitively, features represent
attributes of a certain entity, and types express their values. For example, NUMBER is one of the
attributes of agreement, and its value is singular. With two features, PERSON and NUMBER, the
information of agreement is expressed. It should be noted that the value of SUBJ and PRED is
expressed as the same node in the graph. Thisis called reentrancy or structure-sharing, and expresses
that two attributes denote identical information.

As shown in the exampl e, typed feature structures express structured information with a bundle of
features. They are widely used for modeling various linguistic phenomena in computational linguis-
tics. Especidly, syntactic theories are extensively studied, and their fruits are known as unification-
based grammars such as HPSG.

Let us suppose that 7 is a finite set of types and C is a partia order defined on 7. For types
o, 7 € T, o subsumes or is more general than or is a supertype of 7, when o C 7. Conversely, 7 is
subsumed by or is more specific than or is a subtype of o. Given a partial order C, we define a least
upper bound of two types. It isthe most general common subtype of two types.

Definition 2.2 (Least Upper Bound) For types 71, % € T, 71 and 7, are consistent if they have a
common subtype or an upper bound ¢/, such that 7; C o’ A7 C .
A least upper bound o of 1 and 7 is then defined as follows:

e o is an upper bound of i, and 7.
e For any upper bound ¢’, o C o’.
Let lub(m, ) denote a set of least upper bounds.

Given the above definition, a type hierarchy is defined as having a unique least upper bound for
every consistent types.
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four-sided figure (= 1)

Figure 2.4: Type hierarchy representing a class of four-sided figures

Definition 2.3 (Type Hierarchy) Type hierarchy # is a pair (7, C) that satisfies the following con-
dition: V7, 70 € T.(lub(11,72) = 0V Jo € T.lub(m, ) = {0}).

By following|Carpenter (1992), we denote the most general type in atype hierarchy by | (bottom).
By this condition, we can define an operation to compute a least upper bound of two types as a
partial function. The operation is called type unification.

Definition 2.4 (Type Unification) Unification of types 71,75 € 7T is an operation to compute the
least upper bound of 7, and 7. Type unification of 7 and 7 is denoted as 7; LI 5. That is,

_J oo if lub(my,10) = {0}
nHmn= { undefined ~ otherwise.

As described above, Ll isapartial function: 7 x 7 — 7. Thischaracteristic is beneficial for efficient
processing, because the result of unification is deterministically computed. In fact, by precomputing
the results of unification of all pairs of types, we can obtain type unification by looking up a two-
dimensional or ahash table.

For example, Figure[2.4] shows a type hierarchy of four-sided figures, where square, rectangle
and so on denote types. Lines denote IS-A relations (or direct subtype-supertype relations) where
the upper side of aline is more specific than the lower side. In Figure2.4, C is formed by reflexive
transitive closures of 1s-A relationsand L isfour-sided figure. Type unification is an operation to find
the lowest common subtype. For example, type unification of lozenge and rectangle resultsin square.
Note that square has all of the information of both lozenge and rectangle.

A type hierarchy can express various structured data: lists, conjunction/disunction of afinite set,
and 1s-A relations like thesauri. The effectiveness of type hierarchies is discussed in detail in other
literature (Carpente, 11992; |[Flickinget, 12002).

Given a set of features, F, and a set of types, 7, typed feature structures are defined as follows.

Definition 2.5 (Typed Feature Structure) A typed feature structure is a tuple, F = (Q,q,0,9),
where:

e (): afinite set of nodes

e ¢ € (Q: the root node

e 0:(Q — T: atotal function for typing

e §:F x @ — Q: anpartial function for feature values

Let 7S denote a collection of typed feature structures.
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Q= 1{q,91,92,93,94,95}

q=qo

6 = {qo — predicate, g — noun, g2 — verb, g3 — agreement, g, — 3rd, g5 — singular}

6 = {(SUBJ, q) — q1, (PRED, q0) — g2, (AGR,q1) — g3, (AGR, q2) — g3,
(PERSON, ¢3) — q4, (NUMBER, ¢3) — ¢5}

Figure 2.5: Definition of atyped feature structure

SUBL nou.n/%reement PERSON

*3rd
predicate .C» .A\
PRED b AGR

ver NUMBER ® singular

Figure 2.6: Graph representation of atyped feature structure (same as FigureZ2.3)
predicate

noun
agreement
SUBJ AGR[T] | PERSON 3rd “

NUMBER singular

PRED [Xglg EI]]

Figure 2.7: AVM representation of atyped feature structure

Two notations are often used to describe feature structures. One isthe most intuitive way, agraph
notation. A feature structureis described by arooted directed labeled graph, where () isaset of nodes
and 0 determines labels on the nodes. ¢ is represented by arcs from g to ¢, which islabeled by f if
d(f,q) = ¢. For instance, Figure[2.5 shows a definition of a feature structure, and FigurelZ.6 shows
its graph notation (the same figure as Figure[2.3). The other notation is an attribute-value matrix
(AVM). In this notation, the values of nodes are drawn following feature names. A complex value is
described with abracketed entry, and an atomic valueiswritten in anitalic string. Typesare denoted at
the upper l€eft corner of each entry, while they are sometimes omitted when obvious. FigurdZ.7shows
the AVM notation of the feature structure defined in Figure2Z5 In the AVM notation, reentrancy is
denoted as a boxed number, such as[1].

Next, subsumption relation is defined over typed feature structures. The fundamental idea is
essentially the same as that of types. That is, both represent a relation that a feature structure (or a
type) is more informative or specific than the one it is subsumed by.

Definition 2.6 (Subsumption) For typed feature structures F = (Q, q,0,6)and F' = (Q',¢,0',¢'),
F subsumes F', if there is a total function h: @ — () such that:

* h(q)=¢q
® 0(q) CO'(h(q)) forvge@

e h(d(f,q) =9d(f,h(q)) forVqe Q,Vf € F suchthati(f,q) is defined.



2.2. HEAD-DRIVEN PHRASE STRUCTURE GRAMMAR 19

Q = {490, 91,92, 43,94, G5, 96,7} Q" =19, 0. %, 3}

7= qo 7 = qq

6 = {qo — predicate, gy — noun, 0" = {q{, — predicate,
go — agreement, g3 — 3rd, ¢y — noun,
q4 — verb, g5 — agreement, ¥ q), — agreement,
gs — 3rd, g7 — singular} q5 — verb}

d = {(SUBJ, qp) = q1, (PRED, qo) — qu, 8" = {(SUBJ, ¢,) — 4},
(AGR, q1) — g2, (PERSON, ¢2) — g3, (PRED, ¢() — ¢4,
(AGR, q4) — g5, (PERSON, g5) — g6, (AGR, ¢}) — g5,
(NUMBER, ¢5) — q7} (AGR, ¢%) — ¢4}

(Q U Q,)/N = {[QOa QB]a [QIa qll]? [q4’ Qé], [QQ, qs, qIZ]a [q3a QG]a [Q7]}
[Q]Dq = [QOaQE)]
0™ = {[qo, qp) — predicate, [¢,¢}] — noun,
[qa, q3] — verb, [g2, g5, q5] — agreement,
[43, 6] — 3rd, [¢7] — singular}
6™ = {(SUBJ, [q0, 49]) — a1, ¢1], (PRED, [g0, qp]) — [a4, ¢5];
(AGR, [q1,41]) = [g2, 5, 03], (PERSON, [g2, g5, g5]) — [g3. gs],
(NUMBER, [q2a g5, ql2]) — [Q7]’ (AGR’ [Q4? qé]) - [QQ, g5, qlz]}

Figure 2.8: Unification of typed feature structures

According to this definition, the subsumption ordering of typed feature structures forms apartial order
(Carpentet],11992).

Unification is an operation defined on pairs of typed feature structures. The fundamental ideais
essentially the same as that of types. That is, the goal of both operations is to find a typed feature
structure (or atype) containing all of the information of input feature structures (or types).

Definition 2.7 (Unification) Suppose F, F' € FS are feature structures such that F = (Q, 7,0, 9)

and F' = (Q',q,0',¢"),and Q N Q' = ¢. We first define an equivalence relation < on Q U (J as the
least equivalence relation such that:

° g
e §(f,q) = d(f,q") ifboth are defined and ¢ < ¢

The unification of F and F’ is then defined as:

FUF' =((QUQ) /s, s, 07,07)
where:
07 ([g]=) = L{(O U ') (q")|d' > q}
5, [qha) = { [(0U)(f, @)= I (0U)(f,q)is defined

undefined otherwise

if all of the type unifications in the definition of ¢ exist. F' LI F” is undefined otherwise.

Definition [2.7] tells that the root node of the result of a unification is the joint of the roots of input
feature structures. Nodes in the inputs are then traversed from the root nodes. If current nodes are
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predicate T
noun .
SUBJ | ror [agreement }] predlca}]tgun
vorb PERSON 3rd L) | SuBJ [AGRmagreement}
1 verb
agreement PRED [ }
PRED | AGR | PERSON 3rd AGRI]
| NUMBER singular | | |
predicate
noun
[agreement
— | SYBY | acr [T | PERSON 3rd
| NUMBER singular
verb
PRED [AGR E[I}

Figure 2.9: Unification of typed feature structures (AVM notation)

[sign ]
PHON list of string
rsynsem 7
rlocal 7
categoryh 4
ea
HEAD [MOD synsem ]
LOCAL | CAT valenlce .
SPR list of synsem -I
SYNSEM VAL [SUBJ list of synsem J
COMPS list of synsem
L CONT content
nonlocal :|

QUE list of local
NONLOC [REL list of local
SLASH list of local

Figure 2.10: Typed feature structure of an HPSG sign

aready unified and have features with the same label, the nodes followed by the features are also
unified.

Figure[2.8 shows an example of unification, and Figure[2Z.9 represents the same operation in an
AVM notation. Since both root nodes have the type predicate, they are successfully unified. Next,
two features, SUBJ and PRED, are traversed. Since the second input tells that SUBJ and PRED are
shared, they are also shared in the output. Furthermore, their values are also unified recursively. That
is, since the first feature structure has features, PERSON, in SUBJ and PRED, their values are aso
unified. They have the same value, 3rd. Hence, the unification of the whole structures of the inputs
succeeds as in the figures. It should be noted that the definition of the output feature structure in
Figure[2.8is equivalent to the onein Figure2.5.

2.2.2 Signsand Lexical Entries

In HPSG, linguistic entities, such as words and phrases, are represented by signs. Signs are formal
representations of combinations of phonological forms, syntactic structures, and semantic structures,
and express which phonological form signifies which syntactic/semantic structure. Signsin HPSG are
denoted with typed feature structures. Figurel2.10 shows the definition of a typed feature structure
to represent a sign as defined inPollard and Sag (1994). As discussed in Section 2.1, in modern
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rword ]
PHON (“loves”)
rsynsem 7
M local ]
- category 1
verb
MOD ()
HEAD | VFORM finite
INV minus
AUX minus
Mvalence T
SPR ()
[ 'synsem 7
rlocal 7
category
HEAD noun
CAT valence
SPR ()
suBJ LOCAL VAL | suBj () )
CAT COMPS ()
content
LOCAL VAL CONT . index
HOOK[1] | INDEX | NUM 3rd
SYNSEM L L [ [ [PERS sing] ] J 1]
rsynsem 7
rlocal T
category
HEAD noun
valence
COMPS ( | | 5car | CAT vaL | SPRO )
SUBJ ()
COMPS ()
content
i _CONT |:HOOK:| 1] |
content N
love’
CONT | HOOK [ARGl Il]
ARG2[2]
RELS () i
nonlocal
QUE ()
NONLOC | gey(§
i L SLASH () 4]

Figure 2.11: Lexical entry for transitive verb “loves”

syntactic theories including HPSG, a grammar is lexicalized. That is, lexical entries, i.e., signs of
words, involve most of the grammatical constraints.

Let us examine the structure of a lexical entry of HPSG. Figure[2.11] shows a lexical entry for
“loves” in HPSG. The intuitive roles of the features are given below.

PHON represents phonological information, or isjust alist of strings appearing in a sentence.

SYNSEM represents syntactic and semantic information. The value of this feature has all of the
information of syntactic/semantic constraints on words or phrases.

LOCAL represents al information of constraints to restrict local dependencies. Local dependencies
are syntactic relations regul ated by subcategorization and modification. See the description of
NONLOC to contrast non-local dependencies.

NONLOC isused in order to restrict unbound dependencies, which are the relations beyond the arbi-
trary number of clauses. For example, in the following sentence, underlined constituents with
the same index 7 denote the same semantic entity.
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Who; do you think he likes i?

In this example, the object of “likes” is usually put in the position just after “likes” in declar-
ative sentences. However, in wh-questions, it is moved to the beginning of a sentence. The
constraints of a moved entity are exported through this feature to remote places in a sentence.

CAT represents a syntactic category, such as NP and VP, of words or phrases.

CONT represents context-independent meanings directly related to semantic interpretation. Various
theorieswere proposed to represent the semantics of asentence. I1n the HPSG community, Mini-
mal Recursion Semantics (MRS) (Copestake et all,11995,11999) has been the de facto standard.
MRS is a variant of a higher-order predicate logic, and its advantage is that it can represent
scope ambiguities underspecified. In this thesis, we represent semantics with predicate argu-
ment structures, which will be described in Section2.2.4l Predicate argument structures are one
of the simplest semantics, and represent the semantic relations of wordsin a sentence as ala
beled graph structure. In FigurelZ, 11, HOOK denotes a structure of amain predicate, RELS isa
list of other predicate argument structures modifying the main predicate, and ARG X represents
arguments of a predicate].

HEAD represents information percolated from a head daughter, which takes a principal role to de-
termine the structure of a phrase. For example, a part of speech and averbal form are specified
in this feature.

VAL describes valence constraints by three sub features, SPR, SUBJ, and COMPS. Each has alist as
its value, which expresses a subcategorization frame. They constrain the structure of possible
words or phrases as specifiers, subjects, and complements. One of the list elements is unified
with another sign’s SYNSEM to construct a larger phrase. This feature is called a selecting
feature because it determines which feature structure should be selected in order to construct a
larger phrase.

MOD is another selecting feature that represents a sign to be modified by this phrase. For example,
adjectives have a noun in this feature since they modify noun phrases. Since this featureis put
in HEAD, it is percolated from a head daughter.

VFORM, INV, and AUX appear only for verbs. VFORM describes a verbal form. INV expresses
whether the phrase is inverted or not. AUX represents whether it is an auxiliary verb or not.
Other features are defined for other parts of speech.

Considering these roles of features, we can now interpret the information represented in FigureZ.11]
asfollows.

A word “loves” is a finite verb. A subject and an object are not inverted. It is not an
auxiliary verb. It takes a noun phrase as a subject, another noun phrase as a complement,
and no specifiers.

Asyou can seein figurelZ.11] signsin HPSG are very large to be shown in atext. For smplicity,
inthisthesis, wewill present signsin areduced form as shown in FiguréZ.I2when it is not confusing.
We will only show features that are relevant to an explanation, expecting that readers can fill in the
values of suppressed features. For example, in Figure[2.12, we suppose that SPR and NONLOC
features have empty lists. Although this representation is not mathematically nor linguistically strict,
we prioritize readability when feature values are trivially guessable from contexts.

3We borrow anotation of MRSrather than that of |Pollard and Sag (1994), although semanticsis represented by predicate
argument structures.
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i verb o 7
VFORM finite
HEAD [le minus ]
AUX minus
HEAD noun ;
SUBJ NUM 3r
( [CONT|HOOKD:I [INDEX [PERS sing”]
HEAD noun
CONT|HOOK2] )
loves’
CONT|HOOK [ARGl
ARG2[2]

COMPS (

Figure 2.12: Simplified representation of the lexical entry in Figure2, 111

PHON
HEAD
CAT

SPR
SYNSEM [ LOCAL VAL [SUBJ () ]
COMPS ()
CONT|HOOK [4]
PHON

HEAD

SPR ()
VAL [SUBJ ()]
COMPS ()
CONT|HOOK

N [PHON ] AT

SYNSEM SYNSEM | LOCAL

Figure 2.13: Head Subject Schema

2.2.3 Grammar Rulesand Linguistic Principles

Grammar rules describe conditions that hold between the structure of a mother and those of her
daughters. In CFGs, grammar rules are construction rules; that is, each grammar rule determines a
mother symbol and acombination of daughter symbols. Grammar rules are applied when constructing
alarger phrase from daughter phrases.

In HPSG, grammar rules are classified into schemas and principles. Schemas are construction
rules, and correspond to grammar rules in CFGs. Figurel2.13 shows a schemain an HPSG grammar,
which is called the Head Subject Schema. This schemais applied to subject-head constructions, such
as for a verb taking its subject. In this rule, candidate daughters are unified to the left and the right
signs of the right-hand side of the rule, and the mother is then constructed as in the left-hand side.

The constraints represented in this schema are then summarized as follows.

e PHON of the mother is a concatenation of PHONS of the daughters.

e SUBJ of theright daughter isalist of one-element, and the element is unified with the value of
SYNSEM of the left daughter.

e COMPS and SPR of the right daughter are empty lists.
e SUBJ, COMPS, and SPR of the mother are empty lists.

e HEAD and CONT of the right daughter are percolated to the mother.
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PHON[12[2]
HEAD
onr [SPR ]
SYNSEM | LOCAL VAL | SUBJ
COMPS[6]
CONT|HOOK
PHON
HEAD
SN CAT SPR PHON
SYNSEM | LOCAL VAL | SUBJ SYNSEM
COMPS ([8][6])
CONT|HOOK
Figure 2.14: Head Complement Schema
[SYNSEM [LOCAL|[CAT[HEAD[1]]]]] — H[SYNSEM[LOCAL|[CAT[HEAD[1]]]]] L

Figure 2.15: Head Feature Principle

Figure[2.14 shows the definition of the Head Complement Schema. This schema is defined for
head-complement constructions, such as a verb or a preposition taking an object. The essential dif-
ference from the Head Subject Schema is that an element of COMPS of the left daughter selects the
SYNSEM of the right daughter.

By comparing Figure[2.13 and[2.14], we observe some common constraints. For example:

e Thevalue of PHON is a concatenation of PHONSs of the daughters.
e HEAD and CONT are percolated from one of the daughters.

e The values of SPR, SUBJ, and COMPS are percolated from one of the daughters when an
element of alist is not used for selecting the other daughter.

Such constraints common to schemas are formalized as principles. That is, principles are the
formulation of general regularities of syntactic structures. For example, FigurgZ.15 shows the most
important principle, the Head Feature Principle (HFP). This principle regulates that HEAD of the
mother must be percolated from one of the daughters. The prefix, H, denotes the head daughter, which
isakey concept of the HPSG theory. HPSG supposes that in every construction one of the daughters
takes a principa role in determining syntactic structures. We therefore denote a head daughter as H
in the definition of schemas and principles. When H appears in a principle, the order of daughters
isirrelevant. A daughter with H is a head daughter, and the other is non-head. When it appears in
schemas, it determines which daughter is a head.

Figure[2.16 lists other principles defined in|Pollard and Sag (1994-ﬂ. The Phonology Principle
simply concatenates PHONSs of daughters. The Semantic Principle percolates a semantics of the
head daughter to the mother. The Valence Principle percolates VAL features to the mother. Slashes
represent default values, which may be overwritten by constraints of other schemas/princi pIeE. For

“Some of the definitions are slightly different from the original ones in|Pollard and Sad (1994) because we eliminated
constraints irrelevant to the theme of this thesis and modified the definitions by following the improvements of the HPSG
theory.

SComputational/theoretical formulation of defaultsin typed feature structures is adifficult problem and has been studied
by many researchers. Details are not described here and readers should refer to other literature (Bouma, |1990; |Carpenter,
1993; |Copestake, 11993; |Lascarides et all, 11996; |Lascarides and Copestake, 11999; INinomiya et all, 12002; |Russell et al.,
1991). The definition by |Lascarides et a! (199€) is adopted in the current theory of HPSG.
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Phonology Principle [PHON[I}{2]] —> [PHON[L]] [PHON[2]]
SYNSEM | LOCAL [CONT {E(EDLOSK@] ]
Semantic Principle i HOOK [T]
P — H _SYNSEM {LOCAL [CONT {RELS””

[SYNSEM[LOCAL [CONT[RELS[3]]]]]

r r SPR /[1]
SYNSEM | LOCAL | CAT | VAL | SUBJ/[2]

Valence Principle comps /[3]

r SPR/[1]
—— H | SYNSEM | LOCAL | CAT [VAL [SUBJ/ HH] 1

COMPS /[3]
QUE /[1+{4]
SYNSEM | NONLOC | REL /[218{5]
QUE /[1] ]H

L SLASH /[3]5]6]
NONLOC Feature Principle  — [SYNSEM [NONLOC [REL/
SLASH /[3]
QUE /
[SYNSEM [NONLOC [REL/ ]H
SLASH /[6]

Figure 2.16: Principles

[SYNSEM[LOCAL [ CAT[VAL[SUBJ ()]]1]]

Head Sbject Schema — [SYNSEM[1]] H[SYNSEM[LOCAL[CAT[VAL[SUBJ {1)]]1]]
[SYNSEM [LOCAL [ CAT [VAL[COMPS[2]]]]]]

Head Complement Schema — H [SYNSEM [LOCAL [CAT [VAL[cOMPS (1][2)]]]]] [SYNSEM[1]]

Head Specifier Schema [SYNSEM[LOCAL[CAT [VAL[SPR (}]1]]]1]

— [SYNSEM[1]] H [SYNSEM[LOCAL[CAT[VAL[SPR {(1)]]]]]
[SYNSEM [LOCAL [ CAT [HEAD [MOD (}]]]]]

— [SYNSEM[LOCAL [CAT[HEAD[MOD {1} ]]]]] H [SYNSEM[L]]
[SYNSEM [NONLOC[SLASH ()]]]

— [SYNSEM[LOCAL[I]]] H [SYNSEM[NONLOC[SLASH (1}]]]

Head Adjunct Schema

Head Filler Schema

Figure 2.17: Schemas

example, the Head Subject Schema overwrites the values of SUBJ. The NONLOC Feature Principle
determines the percolation of NONLOC features.

With principles, schemas are re-defined simply because construction-independent constraints can
be omitted. Figure[2.17lists all schemas defined in|Pollard and Sag (199419. The schemas listed in
the figure are explained below.

Head Specifier Schema explains the relation between a specifier (determiner) and its head; e.g., “a
boy”. Common nouns have non-empty list in SPR, and it must be consumed by a determiner.

Head Adjunct Schema explains modification constructions. Different from head subject/complement
constructions, a non-head daughter selects the other in this construction. A non-head daughter
has a non-empty list inits MOD, and the constraint of MOD is consumed by a head.

Head Filler Schema explains non-local dependencies. For example, in the following sentence,

®Head Marker Schema is omitted because it is not used in the current theory.
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Who; do you think he likes i?

we should regard that “who” is moved from the object position of “likes”. In order to explain
the dependency between “likes” and “who”, the abject of “likes” is represented in SLASH of
the lexical entry of “likes”. The value of SLASH is percolated to the mother by the NONLOC
Feature Principleuntil it meets an antecedent. Finally, Head Filler Schema checksthe constraint
of SLASH with the sign of “who”, and SLASH is consumed.

In the schemas listed in Figure[2.17, constraints offered by principles are omitted. A schema is
applied to daughters to construct a larger phrase, and al of the principles are also applied to them.
To be precise, in the theoretical formulation of HPSG, the application of schemas is also controlled
by another important principle, the ID Principle. Although this principle is not formalized by typed
feature structures, it says that every construction must satisfy one of the schemas. That is, the HPSG
theory describes syntactic structures only with principles, and construction rules are just derived from
the principles.

HPSG captures generality across construction rules using principles, while CFGs cannot. Since
the heart of the HPSG theory is to explicate generic constraints to explain syntactic structures of
natural languages, the arrangement of principles is essential in HPSG. Hence, grammar rulesin the
HPSG theory are no more construction rules but principles that explain generic syntactic regularities.

In what follows, we denote principled rules of syntactic structures as linguistic principles and dis-
tinguish linguistic principles from construction rules. Obvioudly, linguistic principles include HPSG
principles, and may aso involve other rules such aslexical rules and generic constraints on templates
of lexical entries. We need to focus on linguistic principles when we discuss linguistic aspects of
HPSG analysis. In particular, in this thesis, linguistic principles will take an important role in the
development of grammars.

However, we may focus only on the constructional aspects of rules when we discuss parsing
algorithms. We therefore denote construction rules as grammar rules in this thesis. That is, we
consider grammar rules in HPSG as an extension of CFG rewriting rules. In theory, grammar rules
are derivatives of linguistic principles, but we will ignore underlying linguistic principles. In this
thesis, when we discuss probabilistic modeling and parsing algorithms of HPSG, we will focus only
on grammar rules.

2.2.4 Predicate Argument Structures

Predicate argument structures are semantic representations of natural language sentences. It expresses
a semantics of a sentence by the semantic dependencies of words in the sentence. Figure2,18 shows
an example of a predicate argument structure of a sentence “She ignored the fact that |1 wanted to
dispute.” Figure[2.19 is a feature structure representation of the same semantics. Each node in a
graph represents a word in a sentence, and an edge describes a semantic dependency of two words.
ARG1 and ARG2 represent a semantic subject and object, respectively. Note that predicate argument
structures can express non-local dependencies such as a control expression (“1” and “dispute”) and
an unbounded dependency (“fact” and “dispute”™).
Predicate argument structures are formally defined as follows.

Definition 2.8 (Predicate argument structure) A predicate argument structure of sentence w is de-
fined as a labeled graph structure, A = {(w, wy, 7, p) }, where

e wy,w, € w are a predicate and an argument word of the dependency,

e 7 is a predicate type (e.g., transitive_verb), and
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ARG1 she ARG1

ignore

Figure 2.18: Predicate argument structure

want
ignore ARG1[2]I
ARG1 she dispute
[ARGZ fact] ARG2 [ARGl ]
ARG?2

Figure 2.19: Feature structure representation of the predicate argument structure in Figurd2.18

mrs

TOP h2
ignore the want dispute
she LBL h2 LBL h3 fact | LBL h7 LBL h8
RELS { |LBLhl |, |ARGOel |, |ARGOX2 |, |LBLh4 |, |LBLh6 |, |ARGO€2 |, |ARGOe3 | }
ARGO x1 ARG1 x1 RSTR h4 ARGO x2 ARGO x3 ARG1 x3 ARG1 x3
ARG2 x2 BODY h5 ARG2 h8 ARG2 x2

Figure 2.20: Minimal Recursion Semantics

e pisa label of the dependency of wy, and w;,.

Predicate argument structures are one of the simpl est representations of semantics of natural lan-
guages. Various semantic representations have been studied, not limited to the field of lexicalized
grammars.

In the community of HPSG, Minimal Recursion Semantics (MRS) (Copestake et al!,11995,11999)
is becoming a de facto standard. In MRS, the semantics shown in Figure2.18 is represented as in
Figure[2.20. Each element in the set RELS denotes a relation introduced by a word. A superficial
difference from predicate argument structures is that MRS represents connections among relations in
a Davidsonian format. The value of ARGX is avariable, and relations are connected through having
the same variable. For example, ARGO of | is x3, and want and dispute have the same variable in
ARG1. This means that the first argument of “want” and “dispute” is “l.” While this is necessary
for aflat representation of semantics, predicate argument structures can be converted into this format
automatically.

Anessential differenceisthat MRS represents scopes of relations. Scope information is necessary
in some situations or applications. For example, the difference in meaning between the following
sentences requires scope information.

e Sometimes everybody dances.
e Everybody sometimes dances.

Predicate argument structures of the above sentences are equivalent because the subject of “dances”
is “everybody” and “sometimes” modifies “dances”. The difference of the meanings is expressed as
the difference of the scopes of “sometimes” and “everybody.” That is, the difference is whether the
scope of “sometimes” includes the meaning of “everybody,” or not.
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he ...
a telescope

| saw ...
he ... with | telescope

a girl ...

he ... a girl| saw ... with
a telescope

he saw saw a girl | a girl with with a
telescope
he saw a girl with a telescope
he saw a girl with a telescope

Figure 2.21: CKY chart

In Figure[2.20, LBL is assigned to each relation to distinguish the level of a scope. Relations
having the same LBL values are in the same scope. TOP represents the top-most scope. For example,
in Figure[2.20, TOP is equivalent to LBL of ignore, and this means that the top-most scope of the
sentence isthat of ignore. The value of ARG2 of want is equivalent to LBL of dispute, and this means
that the scope of “dispute” is inside of that of “want.” A scope of generalized quantifiers (such as
“the”) is represented with RSTR and BODY, which denote what is restricted by the quantifier and the
scope of the quantifier, respectively. In the example, “the” restricts “fact,” and the scope of “the fact”
is the one represented by h5. It should be noted that h5 does not appear in the other relations. Thisis
because MRS can represent underspecified scope information. That is, the scope of “the fact” is not
yet determined, and afully scoped semantics is obtained by equating scope variables. For example,
we can express that the scope of “the fact” is“| want to dispute” by equating h5, h6, and h7.

The research in this thesis adopted predicate argument structures because they were smpler and
included sufficient information useful for practical applications. Since the only difference from MRS
isscopeinformation, the methods proposed in this thesis are essentially applicable to syntactic analyz-
ers with MRS. Additionally, MRS can be constructed from word dependencies included in predicate
argument structures (Spreyer and Frank, I2005).

2.3 Parsing Algorithms

Assuming that a grammar includes only binary and unary construction rules, we can apply asimple
CKY-style agorithm (Cocke and Schwartz, [1970; [Kasami, 11965; [YoungeY, |1967) for parsing with

lexicalized grammars. The CKY algorithm is a dynamic programming algorithm that fills each cell

in a chart, asis shown in Figure[2.2]] in a bottom-up manner. Each cell stores lexical/phrasal signs
that cover a part of a sentence. The bottom cells store lexical signs, each of which correspondsto a
word in a sentence. When computing phrasal signs to be stored in the upper part of the chart, binary
construction rules are applied to lexical/phrasal signs of adjacent daughter phrases. For example,
when we construct signs for “a girl with a telescope,” two signs are fetched from cells that span
adjacent phrases, i.e., “a girl” and “with a telescope,” or “a girl with” and “a telescope.” Binary
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whan P P PHON “with”
PHON “he PHON “saw PHON “a girl [ prep
HEAD noun HEAD verb HEAD noun HEAD
SUBJ () SUBJ ([HEAD noun]) SUBJ () | MOD[HEAD verb]
COMPS () COMPS ([HEAD noun]) COMPS () SUBJ ()
COMPS ([HEAD noun])
PHON “with” . A
prep PHON “a telescope
HEAD | oD [HEAD noun] HEAD noun
SUBJ ()
SUBJ {) COMPS ()

COMPS ([HEAD noun]) -

Figure 2.22: Lexical entriesfor “he”, “saw”, “a girl”, “with”, and “a telescope”

HEAD verb
ki W
COMPS <>
~—— v,
HEAD verb
SUBJ <NP>
COMPS <>
4 N ~~
AD noun
SUBY <>
COMP
A - =
HEAD prep
OD vP
UBJ <>

CQMPS <> |

HEAD verb

AN/Z2RVAl:

{HEAD noun} {HEAD verb } HEAD noun ;(SJg?/IJP<><NP>¥ {HEAD noun}
N ﬁ

SUBJ <> SUBJ <NP> SUBJ <> - SUBJ <>
COMPS <> || LCOMPS <NP COMPS <> HEAD prep COMPS <>
MOD NP
SUBJ <>
LCOMPS <NP>
he saw a girl with  a telescope

Figure 2.23: Chart for parsing “He saw a girl with a telescope”

construction rules are applied to every combination of daughter signs, and signs of the outputs of
successful applications are stored in the cell of “a girl with a telescope.”

L et us see the process of parsing a sentence “He saw a girl with a telescope” with asimple HPSG
grammar. Figure[2.22 shows lexical entries required for parsing this sentence. For simplicity, we
assign lexical entries directly to “a girl” and “a telescope”, although they are respectively parsed as
specifier-head constructions.

First, we fill the bottom cells with lexical entries. In Figure[2.23, lexical entries given in Fig-
ure[2.22 are put in the cells corresponding to each word. Next, the second row is filled. We choose
one of the schemas and two daughters to be combined. Suppose that we chose lexical entries for
“saw” and “a girl”, and Head-Complement Schema. The schema is applied to the daughters, i.e., to
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HEAD verb
SUBJ <>

COMPS <>

HEAD verb
SUBJ <NP>
COMPS <>
m prep
HEAD verb MOD VP
SUBJ <NP> SUBJ <>
ypsi COMPS <>
HEAD noun| |HEAD verb HEAD noun l\H/lEO%DV;;rep HEAD noun
SUBJ <> SUBJ <NP> SUBJ <> SUBJ <> SUBJ <>
COMPS <> | [COMPS <NP>| | COMPS <> COMPS <NP> COMPS <>
he saw a girl with  a telescope

Figure 2.24: Result of parsing “He saw a girl with atelescope”

unify each daughter to the specified part of the schema. In this example, the lexical entries for “saw”
and “a girl” are respectively unified with the left and the right daughters of the schema. The phrasal
sign of the mother is obtained if the unification succeeds, and it is put in the chart. In the same way,
each cell in the chart is filled in a bottom-up manner by combining lexical/phrasal signs. When we
have got the sign of the whole sentence, parsing is finished. One of the resulting structures of “He
saw a girl with a telescope” is shown in Figure2.24. When we choose the alternative daughters of
“saw a girl with a telescope”, we can obtain an alternative reading.

When anew sign is put into the cell, we check whether an equivalent sign is aready stored in the
same cell, and if so, we choose only one of the signs for the cell. This mechanism is called factoring.
Signs are equivalent when they cause no difference in combination with other signs. This means that
we may ignore internal differences of the signs and only one of them may be targeted in following
analyses. In particular, differences of structures of daughters may be ignored because schemas and
principles do not mention them. For example, when we combine “saw” with “a girl with a telescope”,
the resulting sign is equivalent with the phrasal sign of the combination of “saw a girl” and “with a
telescope”, when we ignore daughter structures. In this case, we put only one sign in the cell (A in
the figure). This mechanism is necessary for packing ambiguitiesin alocal tree, and avoids explosion
of parsetrees. Thisis akey to polynomial-time parsability in CFG parsing, although the worst-case
complexity of HPSG parsing is still exponential.

Figure[2.25 shows a pseudo code of a CK Y-style algorithm of parsing with alexicalized grammar.
At beginning, lexical entriesare put in the bottom cell of the chart. Next, the code includes three loops
(three “for”s in the figure) to traverse the chart in a bottom-up fashion. In the figure, d represents
the depth of the cell; the depth of the second rows is 1, and that of the top cell isn — 1. Theindex ¢
represents the left-most word that the cell covers; therefore, the span that the cell coversisrepresented
as (i, i+d). Intheinner-most code, aschemaand two daughters are chosen, and the schemais applied.
If it succeeds, the existence of an equivalent edge is checked, and the newly created edge is put into
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G=(L,R): a lexicalized grammar

w= (wy,...,w,): an input sentence

C;j: constituents that span the i-th word to the j-th word
P,: a set of pointers that 7 has as daughters

# Set lexical entries
for 1=1 to n
Ciji < {v[{wi,7) € L}
end_for
# Fill each cell in the chart in a bottom-up way
for d=1 to n—-1
for i=1 to n—d
Ciita < 0
for k=1+1 to 1+d—1
foreach r€ R, v € Cj), and v2 € Ckitq
if v =r7r(y1,72) succeeds
# Check whether an equivalent sign exists
if v € Ciiva
Py Py U{(71,72)}
Ciiva < {7}
else
Ciitd < Ciiva U {7}
end if
end if
end_foreach
end_for
end_for
end_for

Figure 2.25: CKY-style algorithm for lexicalized grammars

the cdll.

As seen in Figure[2.25, the inner-most operation in parsing is a rule application, which requires
unification of typed feature structures. Since unification is more expensive than application of CFG
rules, parsing with lexicalized grammars is much heavier than CFG parsing. Hence, various tech-
niques for improving parsing efficiency have been explored.

The most fundamental method is to accel erate the efficiency of unification of typed feature struc-
tures. Abstract machine architectures for efficient feature structure unification have been proposed
(Carpenter and Qu, 11995; IMakino et al/, |I2002; Wintner and Francez, 11999), following the idea of
Prolog (Ait-Kaci, 11991; ivan Roy, [1990). That is, when feature structures are hard-coded in a pro-
gram, the code for the unification of hard-coded feature structures can be optimized. Hard-coded
feature structures are first converted into abstract machine instructions, and off-line optimizations are
performed for the generated instructions. This algorithm was implemented in several systemsinclud-
ing ALE (Carpenter and Penr), 11994), ProFIT (Erbach, [1995), PET (Callmeier, [2000), and LiLFeS
(Makino et al!, 11997, 11998; IMivao et al |, I2000; INishida et all, 11999). The program implemented in
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this dissertation was implemented in LiLFeS.

Since another source of the inefficiency of parsing is ambiguity, ambiguity packing and effi-
cient handling of disjunction have also been extensively studied Blache, [1997, 11998; |Carter, [199C;
Dorre and Eisele, 11990; [Eisdle and Dorre, [1988; [Flickinget, [200Z; |Griffith,1995,11996; Hasida, 1986;
Kasper,|1987;Konig,1992; Maxwell 111 and Kaplan, 1995; Mivao, 1999; Miyao et all,|1998; Nakana,
1991; |Ramsay, [1990). In CFG parsing, ambiguities of local parse trees cause the exponential explo-
sion of entire trees. Parsing algorithms such as CKY (Cacke and Schwartz, 11970; IKasami, [1965;
Younget, [1967), Earley’s algorithm (Earley, [1970), and chart parsing (Kay, 1198€), avoid exponential
explosion by packing ambiguitiesin local trees with the factoring method as mentioned above. How-
ever, this approach is not applicable to disjunctions interna in feature structures. Feature structures
have reentrant structures as described above, and reentrancy complicates the necessary and suffi-
cient conditions to express disunctions in a packed structure. Previous studies listed above proposed
packed representations of digunctive feature structures, and efficient algorithms of unifying packed
feature structures. Since none of them are employed in this thesis, see references listed above for
details.

Following the observation that unification of feature structures during parsing rarely succeeds,
several methods were proposed to detect unification failures as quickly as possible Kiefer et al!,[1999;
Malouf et all, 2000). Sources of unification failures are limited to a small number of feature paths.
For example, in the above parsing example, unification checks the consistency of selecting features
such as SUBJ and COMPS. Hence, we should check consistency of these features first. The quick
check algorithm first checks consistency of prespecified paths, and only when it succeeds, unification
of feature structures is attempted. This means that the method filters out unnecessary unification
quickly. This algorithm was implemented in our system (Ninomiya et al |, [2005).

Another approach to filtering out unnecessary unification is amethod of CFG filtering (Goldstein,
1988; Kiefer and Krieger,2000; Torisawa et all,[2000; [Torisawa and Tsuijii,|1996). Theideaisthat we
first compile a grammar into a CFG that can produce all of the parse trees that the original grammar
generates. A compiled CFG may overgenerate parse trees, and the validness of parse trees generated
by the CFG is verified in the second phase. Previous studies reported significant improvements of
parsing efficiency (Torisawa et all, 2000). With a similar motivation, the compilation of HPSG to
TAG was also proposed (Kasper et al.,[1995). A theoretical bound of TAG parsing is O(n®) where the
length of asentenceisn, whilethat of HPSG parsing is O(2"). If an HPSG grammar is compiled to a
TAG grammar, we can expect an improvement in efficiency. However, other work (Yoshinaga et a!,
2003) demonstrated that HPSG parsing was empirically faster than TAG parsing.

A recently devel oped technigue isto exploit outputs of shallow analyzersfor restricting the search
space of parsing (Crysmann et al, 2002; IDaum et al|, 12003; [Frank, [2004; [Frank et al/, [2003g). Shal-
low parsers, including named entity recognizers, chunk parsers, and CFG parsers, are generally more
efficient than deep parsers including HPSG parsers. Hence, we first analyze sentences with shallow
analyzers, and their outputs are then converted to constraints for deep parsers. For example, when we
have a noun phrase chunker, it provides noun phrase boundaries to a deep parser. The deep parser
does not need to compute constituents that violate given boundaries, and search space is reduced.
Although the methods exploit shallow parsers, they are essentially different from CFG filtering. They
exploit existing shallow analyzers that give outputs disambiguated by their own methods. That is,
shallow analyzers do not have any theoretical connection to deep parsers. We should therefore regard
the methods as practically oriented techniques. On the contrary, CFG parsers used in the methods
of CFG filtering were automatically compiled from original lexicalized grammars. Since the CFG
parsers are theoretically assured to produce all parse candidates output by the deep parser, they are
theoretically sound.

Recent advances of probabilistic models of lexicalized grammars opened up new possibilities
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for accelerating parsing efficiency. In probabilistic CFG parsing, various methods have been pro-
posed for efficient searching guided by probabilities; examples include the beam search, the best-first
search, and the A* search (Caraballo and Charniak, 11998; |Charniak, [2000; |Chitrao and Grishman,

1990; [Collins, [199S; IGoodman, [1997; Klein and Manning, 12003; IRatnaparkhi, [1999; [Roark, 12001;

Tsuruoka et al!,12004). Some of the algorithms were successfully applied to probabilistic HPSG pars-
ing (Malouf and van Noord, [2004; [Ninomiya et a !, 12005).

2.4 Maximum Entropy Modd

Following the recent advances in efficiency of parsing with lexicalized grammars, construction of
disambiguation models has been a central topic for the practical application of lexicalized grammars.
Because of the success of probabilistic CFG parsers (Charniak, (1997, [2000; [Collins, (1997, 2003),
probabilistic modeling seemed to be a promising solution to this goal. However, this was not that
simple. One problem wasthat construction of training data, i.e., treebanks, was very expensive. While
construction of CFG-style treebanks was expensive, treebanks of lexicalized grammars would require
much more human effort because lexicalized grammars involved detailed description of syntactic
constraints represented by complex data structures such as typed feature structures. We will tackle
this difficulty through corpus-oriented development of lexicalized grammars in Chaptel3

Ancther difficulty isthat complex data structures in lexicalized grammars prevent us from apply-
ing common methods of probabilistic modeling of CFG parsers. State-of-the-art CFG parsers assume
that each application of a CFG rule (construction rule) is probabilistically independent of other rule
applications, and regard a rule application as an atomic probabilistic event. Probabilities of atomic
events are then estimated by maximum likelihood estimation, i.e., relative frequencies of eventsin
training data. Owing to the independence assumption, the probability of the whole parse tree was
defined as the product of probabilities of rule applications. However, it is difficult to divide complex
data structures into independent probabilistic events. For feature structure grammars,Abney (1997)
demonstrated that estimation by a relative frequency method did not maximize the likelihood of a
training data because rule applications in feature structure grammars were not independent. This
difficulty will be addressed in detail in Chapterldl

The key of the solution in Chapter[dl is maximum entropy models, which are also known as log-
linear models (Berger et all, 1199€). This is because maximum entropy models provide methods of
probabilistic modeling without independence assumption. In the following, we introduce the formu-
lation of maximum entropy models, and the current achievements of this model.

241 Overview

Maximum entropy models are probabilistic models that have widely been accepted for various tasks
in natural language processing because they achieve high accuracy. Examples include:

Statistical language model for English (Chelba et a!,11997;/Chen and Rosenfeld,1999b; |Rosenfeld,
1997)

Part-of -speech tagging for Penn Treebank (Kazama et al!,[2001; IRatnaparkhi,1996), and for biomed-
ical paper abstracts (Tsuruoka et all,12005)

Named entity recognition for technical termsin biomedical papers Borthwick,|1999; K azama, 2004,
Kazama and Tsujii, 2003, |2005)

PP attachment in English (Ratnaparkhi et al|,(1994)
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sentence He gave books to his sister.
part-of-speech PRP VBD ?

feature | target (t;) currentword (wy) previous tag (tx_1)
f1 NNS books -
fo VBZ books -
f3 NNS books VBD
fa VBZ books VBD
fs NNS gave VBD
fs VBZ gave VBD
fr NNS ends_with_*‘s™ -
fs VBZ ends_with_*‘s™ -

Figure 2.26: Maximum entropy bigram model for part-of-speech tagging

Subcategorization acquisition (Utsuro et all,11997)

Shallow parsing for an English parser (Charniak and Johnson, [2005; IRatnaparkhi, 11997, [1999), for
partial parsing (Skut and Brants;, [1998), and for Japanese dependency analysis (Kanayama et al |,
2000; |[Uchimoto et al |, 12000, 11999)

Deep parsing for feature structure grammars in genera (Abney, 11997), for LFG (Johnson et all,
1999; [Kaplan et al|, [2004; Riezler et al!, 2002, [2000; [Riezler and Vasserman, [2004), for CCG
(Clark and Curran,[2003,2004b), and for HPSG (Malouf and van Noord, 2004; |Osborne, [2000;
Toutanova and Manning, I2002)

Statistical machinetrangation for French-to-English trand ation Berger et al/,11996), and for word
alignment (Liu et al|, 2005)

An advantage of maximum entropy models is that probabilistic events are represented with a
bundle of featured]. Probabilistic events in natural language processing, such as the tagging of part-
of-speech to words and the assignment of nonterminal symbols to phrases, are not atomic but a com-
bination of various characteristics. For example, when we assign a part-of-speech to “books”, the
correct part-of-speech (verb or noun) depends on the contexts in which the word occurs; if the pre-
vious word is a verb or a determiner, the word is likely to be a nhoun, but if the previous word is a
pronoun (e.g. “he”), it should be averb. The correct tag is determined according to various contexts
including the surrounding words and part-of-speech tags. In maximum entropy models, contexts of
events are formulated by features, and a probability of an event is computed by weights assigned to
features.

Figure[2.26 illustrates an example of a simple bigram model for part-of-speech taggi n@. Given
a sentence as a sequence of words, i.e, w = (wy,...,w,), the task is to find a sequence of part-
of-speech tags, i.e, t = (t1,...,t,). A bigram model defines conditional probability p(t|w) asthe

"Features in maximum entropy models are a different concept from features in typed feature structures.
8Part-of-speech tags are of Penn Treebank (Marcus et all,[1994): NNS isfor plura nouns, VBZ isfor singular present
verbs, and VBD isfor past-tense verbs.
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product of bigram probabilities p(#; |wy, ;1) asfollows.

p(tlw) = Hp(tk|w1, ey Wyt te1)
K

= [ p(telwg,te—1).  (oy bigram assumption)
;

Asin conventional tagging models, a probabilistic event is an assignment of atag to aword, given a
current word and a previous tag as a context. Our task is therefore to estimate p (| wg, tx—1)-

In maximum entropy model s, a characteristic of an event is mapped into ascalar value by a feature
function (or a feature for short). In Figure2.26, f1,..., fs represent example feature functions in
part-of-speech tagging. A feature function is an indicator function that returns O or 1 to represent the
observation of a characteristic of an event. If the value of afeature is O, the event does not have the
characteristic corresponding to the feature. If it is 1, the event has the characteristic. For example, f,
which represents whether the part of speech to be assigned is NNS and the current word is books, is

defined as:
1 if ¢ =NNS and w;, =books

0 otherwise.

Ji(te, wy, tp—1) = {

Dashes in the figure mean “don’t care”; for example, fi does not mention the value of the previous
tag. When we assign NNS to “books” and its previous tag is VBD, feature functions in Figure2.26
have the following values.

f1(NNS,books,VBD
f2(NNS,books,VBD
f3(NNS,books,VBD
f4(NNS,books,VBD
f5(NNS,books,VBD
f6(NNS,books,VBD
f7(NNS,books,VBD
fs(NNS,books,VBD

Il
S =R O O O = O =

)
)
)
)
)
)
)
)

A feature function represents the existence of a certain characteristic in an event, and a set of
activated features, i.e., {f;|f; = 1}, is considered to be an abstract representation of an event. In
particular, maximum entropy models alow us to incorporate features which are not statistically in-
dependent. For example, f1, f3, and f7 are not independent; when f5 is 1, f; and f; are dways 1
because the condition of f; strictly includes the conditions of f; and f;. Features that have over-
lapping information may be incorporated into maximum entropy models. This alows for flexible
modeling with various kinds of overlapping features. Model developers tweak feature functions to
well describe characteristics of atarget task.

A maximum entropy model is then defined as giving the probability p(& |wg, tx—1; f, E), where
f ={/fi} isaset of feature functions and F is atraining data.

2.4.2 Formulation

This section derives a set of formulae used in maximum entropy models, which is necessary for the
descriptions in Chapter[d. In the following, a probability distribution is denoted as p(y|z), where z
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and y are probabilistic variables of a history and a target event, respectively. The values of  and y
are taken from their domains X and ). The domain of pairs of history and target eventsis denoted as
&, i.e, & =X x Y. In part-of-speech tagging, X is a set of words and their contexts, and ) is a set
of part-of-speech tags. In parsing, X isaset of sentencesand ) isaset of parse trees. A set of target
events may be restricted depending on a history event. For example, in part-of-speech tagging, target
events should be restricted to part-of-speech tags that can be assigned to a word; a noun or a verb
tag can be assigned to “books’, but neither an adjective nor an auxiliary verb tag cannot. In parsing,
target events will be parse candidates that are provided by grammar. In the following, we denote a set
of all target events for history z asY (x).
A training data, £ C &, isgiven asaset of pairs of history and target events, that is,

E={(x1,y1),-- (x1E¥5)}-

Evidently, each target event y; paired with history event z; must be included in Y (z;). Frequencies
of history event = and apair of target and history events (z, y) in the training data are denoted as c(z)
and ¢(z, y), respectively. A relative frequency is then defined as follows:

_ =)

plz) = 6]’
. _c(z,y)
plz,y) = 7|

A feature function is a partial function from atarget/history event into areal value:
fi : € — R.

Although the example in Figure[2.28 included only indicator functions, i.e., binary-valued features,
the range of feature functions may be areal value in general. Examples of real-valued featuresinclude
tf-idf intext retrieval and log-probability given by an auxiliary probability model (Johnson and Riezlet,
2000). In the following, we denote a set of feature functions as f.

Given a set of feature functions f = {f;}, we collect the expectations of the values of feature
functions from training data.

Definition 2.9 (Empirical expectation) Given training data F, an empirical expectation of feature

fiis defined as follows:
Z Z (z,y) fi(z,y).

zeX yeY (x)

Maximum entropy models define the probability p(y|z) so as to give expectations of feature
values that are equal to the empirical expectations. An expectation given by a model is defined as
follows.

Definition 2.10 (M odel expectation) A model expectation of feature f; according to a probabilistic
model p(y|x) is defined as follows:

=Y @) Y plyle)fi(z,y).

TEX yeY (z)

Hence, from Definition[2.9 and [2.10, maximum entropy models offer the following constraints
on the probabilistic model.
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Definition 2.11 (Constraint equation) For feature function f; € f, constraint equation is defined
as follows:

Hi = [y

= D p@) D pwl) filey) =D D ey filz,y).

zeX yeY (z) z€X yeY (x)

An infinite number of probabilistic models may satisfy the above constraints if the number of
feature functions is smaller than the degree of freedom. Among these, a maximum entropy approach
selects the model that is most uniform. A measure of uniformity is the conditional entropy.

Definition 2.12 (Conditional entropy) A conditional entropy of probabilistic model p(y|x) is de-

fined as follows:
= b)) Y plylw)logp(ylz).
rex yeY (z)

Theoretically, the model that maximizes the conditional entropy is equivalent to the probabilistic
model that is closest to the uniform distribution in terms of the Kullback-Leibler distancelBerger et al,
199€).

A maximum entropy model is defined as the probabilistic model that maximizes the conditional
entropy under the constraint equations. Hence, a maximum entropy model is the solution of the
following constrained optimization problem.

Definition 2.13 (Maximum entropy model) Maximum entropy model pys(y|z) in terms of training
data E is defined as follows:

(yw)argmaX{ > bz > p yw)logp(yw)}

zeX yeY (x)

subject to:

Ve f Y plx) Y plle)file,y) =Y Y Bla,y)fiz,y),

zeX yeY (x) TzEX yeY (x)

Ve e X Z p(ylz) = 1.

yeY (z)

The last constraint is necessary for ensuring p to be a probabilistic distribution.

The above problem can be transformed into a parametric form by the method of Lagrange mul-
tipliers. That is, by introducing a Lagrange multiplier for each constraint equation, the optimization
problem is transformed into an unconstrained optimization. Conversion of the problem and the solu-
tion are described in detail in Appendix[Al

In a parametric form, maximum entropy models are re-defined as follows.

Definition 2.14 (Maximum entropy model (parametric form)) A maximum entropy model is de-
fined as the solution of the following optimization problem.

wlyles )—argmax{ > ite) g 2(a +Zm}, (2)
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where:
i) = i exp (Z Az-fi<x,y>> , 22
Z(z;A) = ) exp (Z Aifi(%?/)) : (23
yeY (z) i

In fact, the optimization function in Equation2.1lis alog-likelihood of training data.

Definition 2.15 (L og-likelihood) Log-likelihood of probabilistic model p(y|x) according to training
data E is defined as follows:

Lp,E) = log [[ plylz)™
(zy)EE

= — Z p(z)log Z(z) + Z Nifbi -

TeX

This means that maximum entropy models are the result of a maximum likelihood estimation when a
family of probability distributions is given in the log-linear form of Equation2.2.

Note that the above model assumes nothing about feature functions. That is, it yields a maxi-
mum likelihood estimation even when features are not independent, which is unattainable when us-
ing relative frequency methods of traditional probabilistic models. This advantage allows for flexible
modeling with various kinds of overlapping feature functions, as described in Figure2.26. Aswill be
discussed in Chapterd, it is indispensable for the probabilistic modeling of parsing with lexicalized
grammars, because complex data structures, such as feature structures, are difficult to decompose into
independent events (Abney, 11997).

The optimization problem in Definition[2.14 does not have a closed form solution. Numerical al-
gorithms have been proposed for finding model parameters (i.e., A) that maximize the log-likelihood
of the training data, i.e, L(p, F) = L(A). Improved Iterative Scaling (11S) (DellaPietraet al.,
1997) and Generalized Iterative Scaling (GIS) (Darroch and Ratcliff, [1972) are parameter estima-
tion algorithms specialized for maximum entropy models. General-purpose gradient-based methods,
such as Conjugate Gradient (CG) (Fletcher and Reeves, [1964) and limited-memory BFGS methods
(Nocedal and Wright, 11999; INocedal, |1980), are also applicable because the objective function and
its gradient are computable. The above algorithms are explained in detail in ChapterBl

All of the algorithms mentioned above require the computation of model expectations (Defini-
tion [2.10) of feature values, i.e., p;, (or factored model expectations H, p#y 1N 11S) in each iterar
tion. For example, gradient-based algorithms require optimization function L(A) and its gradient
g = VL(A).

L) = =) plx)log Z(z) + Z Aiflis

TeX

OLO) DL,
N T O,
= </7'1_:U'1a'-'a/j'n_/1'n>'

VLX)

Computation of model expectations dominates the cost of overall computation becauseit requires
traversal of all training data. Computational complexity of each iterationis O(Y || F||E|), where Y|
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and |f7| are the average numbers of targets and activated features for an event, respectively, and | E)|
is the number of events. The algorithm is sufficiently efficient for various NLP applications, such as
part-of-speech tagging, because|Y| and |F| are usudly small (more or less than 100), while | E| is
large, asin other statistical models. However, this method is intractable in some cases, which will be
the main problem discussed in Chapter[dl

2.4.3 Extensions

Severa extensions have been proposed for maximum entropy models. A substantial one is to tackle
a data sparseness problem. Generally, maximum entropy models are considered to be robust against
data sparseness because feature functions allow for the incorporation of overlapping information into
the model and thus we expect smoothing effects by introducing generalized features together with
specific features. For example, in Figurel2.26, f7 and fg, which check whether the current word ends
with “s” or not, represent less specific contexts than the word itself. Such features are expected to
avoid overfitting to the data.

To achieve higher accuracy, model developers must incorporate many feature functions into a
model in order to represent various fine-grained contexts. With many feature functions and less train-
ing data, even maximum entropy models may overfit to training data. To be concrete, constraint
equations in Definition[2.13 may overfit to training data because empirical expectations j; are unreli-
ableif the frequency of f; istoo small. For example,lJohnson et al| (1999) pointed out that if a model
involved afeature that is aways active with the correct target, the optimal weight of the feature would
be infinite. This is because increase of a weight of the feature always increases the log-likelihood.
However, this obviously means the model is overfitting to training data.

The simplest solution to this problem is to remove infrequent features from the model (so-called
cut-off methods). With athreshold value, ¢, features whose frequency isless than ¢ are removed from
the model. The method was widely used in the early stage of maximum entropy modeling.

A more sophisticated solution to the problem is maximum a posteriori estimation (MAP estima-
tion) with a Gaussian prior (Chen and Rosenfeld, [1999a). This is a kind of regularization, which
penalizes features with large weights. The Gaussian MAP estimation penalizes features according to
a Gaussian distribution.

We assume the following probabilistic distribution on model parameters as a prior distribution.

Definition 2.16 (Gaussian prior) A Gaussian prior distribution on model parameter J is defined as
follows:

pa(Nizoi) =

1 27
exp | — ,
\/2mo P 202
where o; is a meta parameter of the distribution.

In this formula, o; is a standard deviation, and model parameter ) is assumed to distribute in terms
of the Gaussian distribution. Intuitively, an optimal model parameter becomes smaller when g is
smaller.

This distribution is assumed to be a prior distribution of the likelihood. That is, a log-likelihood
is re-defined as the logarithm of the product of the Gaussian prior and the origina likelihood.

Definition 2.17 (L og-likelihood with a Gaussian prior) A log-likelihood with a Gaussian prior on
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model parameters is defined as follows:

Lg(Njo) = L()\)—l—longg()\i;oi)

7
22
= - p(x) log Z(x A -1 2oy — =% | .
S te)og 210) + S+ 3 (-low v o )

By ignoring the constant term, the optimization function is aregularized log-likelihood:

2
- X o) o Z(e) + 3 A~ at

Hence, a maximum entropy model is redefined asfollows:

Definition 2.18 (Maximum entropy model with a Gaussian prior) A maximum entropy model with
a Gaussian prior is defined as the solution of the following optimization problem.
2 }

pa(ylz; A o) = argmax{ Zp )log Z(x) + ZMM - Z &

where:

pylz; A) = Z(lw) exp (Z Aifi(w,y)> ,
Z(z;A) = ) exp (Z Aifi(ﬂﬂ,y)> :

yeY ()
Chen and Rosenfeld (1999a) presented the |1 S algorithm for maximum entropy modelswith Gaus-
sian priors. The algorithm is amost the same as Figure[B.1. Only the equation to obtain A); is
rewritten asfollows:

> bl y) filz,y) = ZP ylwfzxy)eXp<A>\f( ))—)\i%f/\i-
T,y ¢

Gradient-based methods can aso be applied to the optimization of the log-likelihood with the Gaus-
sian prior. The derivatives of the optimization function become as follows.

OLg(No) i

T = Mi = K — U—iz-
These results show that the parameter estimation is not much different from ordinary maximum en-
tropy models. This extension does not significantly increase computational complexity of parameter
estimation.

Another solution is to assume an exponential distribution as a prior distribution (Goodman, 2004;
Kazama, [2004; IKazama and Tsujii, [2003, [2005). This model is considered to be a model in which
constraints are defined as inequations (Kazama, 12004). Constraint equations in Definition[2.11 are
redefined as follows.

Definition 2.19 (Constraint inequation) For feature function f; € f, a constraint function is de-
fined as follows:
—A; <pi—ji; < B;
= =A< @) Y ple)filzy) =Y Y Blr,y) filz,y) < By,
reX yeY (z) TEX yeY(x)
where A; > 0 and B; > 0.
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With the constraints, maximum entropy models are defined as follows.

Definition 2.20 (Maximum entropy model with inequality constraints) Maximum entropy model
pr(y|z) with inequality constraints is defined as follows:

pz(yx)arg;naX{ > bz > p yw)logp(yw)}

TEX yeY (x)
subject to:
Viief ) Z p(a,y) fi(zy) = D Blx) Y plyle) filw,y) — Ai <0,
zeX yeY (z TEX yeY ()
Ve D p) Y pylp)filzy) =Y > play)filzy) - B <0,
zEX yeY (x) zEX yeY(x)

Since this problem requires an optimization with bounds on variables, the algorithms described
in Section[2.4.2 for parameter estimation cannot be directly applied. Instead, the problem is solved
with function optimizers for problems with lower/upper bounds on variables. The most well-known
algorithm is BLMVM, which is an extension of the L-BFGS agorithm to handling optimization
problems with bound constraints (Benson and Moré, 12001). |Kazama (2004) demonstrated that this
model achieved performance comparable to the Gaussian MAP method with fewer features.






Chapter 3

Corpus-Oriented Development of
Lexicalized Grammars

This chapter discusses a new methodology for the development of lexicalized grammars. The devel-
opment process is corpus-oriented, in the sense that the target of the development is an annotated
corpus, i.e., atreebank, rather than alexicon. A lexicon is obtained as a co-product of treebank de-
velopment. The treebank may also be used for training statistical models for disambiguation. This
method supports the inexpensive development of lexicalized grammars because existing treebank re-
sources are reused and the maintenance of consistency of atreebank is easier than that of alexicon.
With this approach, we developed an HPSG parser for English using Penn Treebank as a source tree-
bank. We implemented schemas and principles of HPSG following the definition ofPollard and Sag
(1994), and developed empirical annotation rules to convert Penn Treebank into an HPSG treebank.
Predefined schemas and principles worked for verifying the consistency of the HPSG treebank. Lex-
ical entries of HPSG were then collected from the HPSG treebank. Details of grammar design and
empirical annotation rules are described with examples of an HPSG English grammar and Penn Tree-
bank. Evaluation of the grammar will be presented in Chapterlal

3.1 Methodology

Linguistically motivated and computationally oriented grammar theories take the form of lexicalized
grammar formalisms; examplesinclude Lexicalized Tree Adjoining Grammar (LTAG) (Schabes et al |,
1988), Lexical Functional Grammar (LFG) (Bresnan,|1982), Combinatory Categorial Grammar (CCG)
(Steedmarn, 2000), and Head-Driven Phrase Structure Grammar (HPSG) (Pollard and Sag, 11994;
Sag and Wasow, 11999). In terms of linguistic analysis and efficiency, they have been successful
in deep syntactic analysis of natural languages (Oepen et all, 12002e). However, lexicalized gram-
mars have not generally been considered suitable for syntactic analysis within practical NLP systems.
Although a few studies could apply a lexicalized grammar to the analysis of a rea-world corpus
(Riezler et all, [2002), these required various techniques for robust processing and considerable hu-
man effort that lasted for over a decade.

We suspect that the impracticality of lexicalized grammars was because of the lower interest in
the following essential properties of syntactic analysis.

Scalability The syntactic analysis of unrestricted text requires a comprehensive lexicon. However,

the development of lexicalized grammars has been limited to small domains, because they
involve complex description of metaphysical linguistic constraints. The scaling-up of alexical-
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Linguistic principles

‘ Treebank ‘

Lexicon /

Figure 3.1: Grammar resources

ized grammar is not just a matter of increasing the size of alexicon, but grammar devel opers
are hampered by the maintenance of the consistency of complex constraints.

Modeling of preference Statistical preference is necessary for disambiguation, which is indispens-
able in practical applications. However, the main concern of the development of lexicalized
grammars has been the acceptability of syntactic structures, and the modeling of statistical
preference was unrespected.

Thefirst problem requires a systematic procedure of the verification of the consistency of alexicalized
grammar. Traditionally, grammar developers verified grammar consistency by observing the results
of the parsing of atest corpus. Grammar writers manually investigated the sources of inconsistency,
and fixed the lexicon according to their linguistic intuition. However, this process often incorporated
new inconsistencies into the lexicon; when alexicon was adjusted to treat some words/constructions,
the adjustment often negatively impacted on other words/constructions. The second problem requires
statistical models of lexicalized grammars. Although several studies reported statistical disambigua-
tion models, most are limited to small experiments because a training data, i.e., a treebank, was
insufficient. For the accurate syntactic analysis in practical NLP applications, we require a sufficient
size of atreebank based on the target grammar theory.

The development of a treebank can be a promising solution to the above problems. Historically,
alexicon and linguistic principles were considered sufficient to develop a system of syntactic analy-
sis. Linguistic principles, such as ID schemas and principlesin HPSG, are responsible for explaining
genera linguistic constraints, while a lexicon provides mappings from a word into its grammatical
constraints. Theoretically, they are sufficient to explain syntactic structures of sentences supposed in
the theory of alexicalized grammar. However, as described above, a testbed of consistency mainte-
nance and atraining data for statistical modeling are necessary. A treebank can be atestbed for the
verification of the consistency of agrammar. Through the development of a treebank, grammar writ-
ers can detect defectsin a grammar, given concrete sentences that involve problematic constructions
(Oepen et a!, 12004). Aslong as the consistency of a sufficient treebank is maintained, the consis-
tency of a grammar is assured to some extent. In addition, a treebank will be required anyway for
the devel opment of statistical models for disambiguation. Hence, we claim that a practical system of
syntactic analysis requires three grammar resources. linguistic principles, a lexicon, and a treebank
(Figure[3J).

The new strategy outlined here is corpus-oriented development of lexicalized grammars. We first
develop atreebank that conformsto atarget grammar theory, i.e., HPSG in our case. A lexiconisthen
collected from the treebank. When we target the devel opment of the three resources in conformity
with a lexicalized grammar theory, we find that a lexicon is automatically obtained if we have a
treebank and linguistic principles. For example, Figurel3.2 shows a derivation tree of HPSG, which
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Figure 3.2: HPSG derivation tree

is arepresentation of a syntactic structure of HPSG. By simply collecting terminal nodes of the tree,
we obtain lexical entries of the words in the sentence. This is because an HPSG treebank strictly
includes the information of alexicon, and linguistic principles determine the origin of the constraints
expressed in aderivation tree.

Hence, we should explore the fastest way of establishing a treebank and linguistic principles. In
this study, our target isan English grammar based on HPSG. Since we already have alarge treebank of
English, Penn Treebank (Marcus et all,11994), we decided to exploit this resource for the devel opment
of an HPSG treebank. Our strategy is outlined as follows.

e We define atype hierarchy of HPSG signs, ID schemas, and principles that are regulated by the
theory of HPSG.

¢ We develop empirical annotation rules to convert Penn Treebank into an HPSG treebank.

The design of a type hierarchy, 1D schemas, and principles basically follows the definition by
Pollard and Sag (1994). In addition to these, by investigating sentencesin the Penn Treebank, we add
several schemas to deal the constructions that appear in Penn Treebank though their treatments are
not explicitly described inlPollard and Sag (1994) (details will be described in Section[3.2). Empir-
ical annotation rules are pattern rules on the tree structure of Penn Treebank-style annotations. The
structure of the trees is converted, and feature constraints are added to make the treebank conform to
the theory of HPSG, i.e., to make the treebank satisfy linguistic principles. By applying empirical an-
notation rulesto Penn Treebank, we obtain partially-specified derivation trees of HPSG. By applying
linguistic principles to them, the consistency of the annotated constraints is automatically verified.
Inconsistency of annotations and structures uncovered by linguistic principles are automatically de-
tected, and they will require modification of empirical annotation rules and/or linguistic principles.
If no inconsistency is found, we obtain fully specified derivation trees that conform to the linguistic
principles. From the HPSG treebank, we collect lexical entries from terminal nodes of HPSG deriva-
tion trees. Since derivation trees are assured to conform to the linguistic principles, so do lexica
entries.
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Figure 3.3: HPSG sign

The remainder of this chapter is devoted to reporting the details of our treebank and grammar.
In Section[3.2, we introduce the design of a sign and the definition of 1D schemasin HPSG. In Sec-
tion[3.3, we describe the method of converting Penn Treebank into an HPSG treebank with empirical
annotation rules. In Section[3.4, an example of lexicon extraction is presented. In Section[3.5, our
methodology is compared in detail with two existing methodologies, i.e., manual development of a
grammar and grammar learning from a treebank.

3.2 Grammar Design

This section introduces the design of a typed feature structure of HPSG signs and the definition of
ID schemas and principles in our HPSG grammar. HPSG (Pollard and Sag, 11994) is a syntactic

theory based on lexicalized grammar formalism. A sign is alinguistic entity that represents syntac-
tic/semantic constraints of words/phrases. Lexical entries are signs assigned to words and express
word-specific characteristics such as syntactic categories and subcategorization frames. Schemas
define general construction rules for combining lexical/phrasal signs. A schema is applied to lexi-
cal/phrasal signsto make alarger constituent. A history of schema applications constitutes an HPSG
derivation tree, which can be represented as atree. Principles, such as Head Feature Principle, regu-
late general constraints of lexical/phrasal signs. Signs, principles, and schemas are represented with
typed feature structures, and constraints represented by feature structures are checked by unification
(Carpentet, 11992). Refer to Chapter[2 for the details of HPSG.

Figure[3.3 provides the definition of a sign in our grammar. The sign in our grammar basically
follows the definition of [Pallard and Sag (1994). PHON is afeature for phonological information of
aword (a surface string of a word in our grammar). HEAD expresses the characteristics percolated
from the head word of a constituent, such as syntactic categories. MOD, SPR, sPed, suBJ, and
COMPS represent selectiona constraints of a modifiee, a specifier, a specifiee, left-arguments, and
right-arguments. QUE, REL, and SLASH are used to explain long-distance dependencies. CONT rep-
resents the semantics of a constituent, and in this study it expresses predicate-argument dependencies.

Several featuresare additionally defined in our grammar. POSTHEAD, whichiscited from LinGO
English Resource Grammar (ERG) (Copestake and Flickinget, i2000; [Flickinger, |2002), determines
whether a phrase is a post-head modifier. CONJ is specially defined in our grammar to explain

We defined SPEC in VAL, while|lPollard and Sad (1994) defined itin HEAD.
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Figure 3.4: HPSG schemas

coordination constructions. Coordination conjunctions have non-empty CONJ, which expresses the
constraints of left/right conjuncts.

Features are additionally defined for each syntactic category to represent fine-grained constraints
although they have been omitted from the figure. As described inlPollard and Sag (1994) and in
Chapter [Z, VFORM, AUX, and INV are defined in HEAD of verbs. Our grammar also includes TENSE
to represent tense of verbs. CASE is defined for nouns to represent cases of nouns. Prepositions
include PFORM to represent types of prepositions. AGR represents agreement constraints between
verbs and their subjects.

Figure[34 is a list of schemas defined in our gramma@. Following |Pollard and Sag (1994),
this study defines the following schemas. Subject-Head, Head-Complement, Specifier-Head, Head-
Modifier (left-head and right-head), and Filler-Head Schema. In addition to these, the following
schemas are defined as dealing with the constructions that appear in Penn Treebank though their
treatments are not explicitly described inlPollard and Sag (1994). The Head-Relative Schema is de-
fined for constructions in which a relative clause modifies its antecedent. It should be noted that

2For simplicity, we omit features irrelevant to the explanation in the figuresin this chapter.
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Pollard and Sag (1994) introduced a null relativizer, a phonologically empty constituent, to explain
relative clause constructions, andiSag (1997) proposed another explanation by exploiting default uni-
fication. Our approach is similar to the latter explanation, although we defined a new schemainstead
of introducing default unification. The Coordination-Right/Left Schemas are for coordination con-
structions. A coordination conjunction first takes an argument to its right by the Coordination-Right
Schema, and then takes aleft conjunct by the Coordination-Left Schema. TheFiller-Insertion Schema
is defined for the construction in which an inserted clause introduces a slash, which isfilled by the
entire sentence. For example, Figure[3.5 shows a parse tree with a filler-insertion construction in
Penn Treebank. In the sentence “Mr. Kuehn, the company said, will retain the rest of the current
management team,” the complement of the inserted clause is coindexed with the entire sentence. The
Empty-Filler Schema is a unary schema and necessary for relative clause constructions without rela-
tivizers: e.g., “a book he bought.” The Empty-Specifier Schema is another unary schemato attach an
empty specifier to nouns without specifiers.

Features not mentioned in the figure are percolated from daughters to their mother asis specified
in principles. For example, the Head Feature Principle regulates the structure-sharing of HEAD
features of a daughter and its mother. The Valence Principle lets VAL features be percolated to the
mother by default. We implemented HPSG principles explained in SectionZ.Z2.3

In addition to these, our grammar includes|exical rulesto explaininflectional and derivational lex-
ical transformations (Nakanishi et a!, [2004ab). We wrote lexical rules, and conditions to determine
lexical signs of base forms of verbs, nouns, and prepositions. Terminal nodes of HPSG derivation
trees are converted to signs of base forms, when lexical rules can be applied inversely to them and
obtained signs satisfy the conditions of base form signs. That is, aterminal node is given as an output
of alexical rule, and the input of the lexical rule is computed and stored in the lexicon. In run-time,
lexical rules are applied to base form signs to derive lexical entries for inflected words. For details,
seeNakanishi et al. (2004a,b).

3.3 Development of an HPSG Treebank

The aim of our grammar devel opment is to make an HPSG treebank in conformity with the linguistic
principles introduced in Section[3.2. That is, grammar writers develop a collection of sentences
annotated with HPSG derivation trees. For example, Figure[3.2 shows the goal of annotation of the
sentence “They didn’t have to choose this particular moment,” where only HEAD, MOD, SUBJ, and
COMPS are shownin thefigure. If acertain amount of sentences are annotated with HPSG derivation
trees, lexical entries are collected from terminal nodes of the given derivation trees.
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Figure 3.6: Annotation of coordination constructions

The method of making derivation trees is the main concern in this section. Obviously, manual
construction from scratch is extremely expensive. In this study, an HPSG treebank was devel oped
by converting Penn Treebank using empirical annotation rules, which are pattern rules on partial
structures of CFG-style trees. First, empirical annotation rules are sequentially applied to each partial
tree in parse trees in the Penn Treebank. Penn Treebank-style trees are then converted to partially-
specified derivation trees, which include partia constraints of HPSG derivation trees. Next, linguistic
principles are applied to partially-specified derivation trees. Partial constraints are resolved, and if no
inconsistency is found, we obtain fully specified derivation trees.

In the following, we describe our current design of empirical annotation rules. The target of an-
notation and a simple example are explained for each group of annotation rules. The annotation rules
described in this section are extensions of our previous study on grammar development iMiyao et all,
2003z, 12005).

Errors of non-/pre-terminal symbols Errors or inconsistencies in non-/pre-termina symbols of-
ten cause failures in grammar acquisition (Hockenmaier and Steedman, [2002g). In HPSG, since the
Head-Feature Principle demands that the HEAD features of a mother and its head daughter must be
shared, errors of symbols often cause the violation of the principle. For example, aunary daughter of
PRT (particle) is often assigned preterminal RB (adverb) (e.g. (PRT out/RB)). Since this causes the
Head-Feature Principle to be violated, the preterminal of the daughter is fixed to RP (particle). We
enumerated (mother symbol, daughter symbol, fixed symbol) tuples, e.g., (PRT,RB,RP), and if the
mother and the daughter of a partia tree match the first two elements of a tuple, the symbol of the
daughter is rewritten to the fixed symbol.
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Figure 3.7: Annotation of an apposition construction

Coordination In most cases, coordination constructions are not explicitly expressed in Penn Tree-
bank. For example, the upper side of Figurel3.6 shows a sentence with a coordination construction.
Three VP conjuncts are put in aflat structure. This structure is converted into aleft-branching struc-
ture by an algorithm similar toHockenmaier and Steedman (2002&). CONJ is a nontermina symbol
assigned to the constituent of a conjunction and its right conjunct. The Coordination-Right Schema
will be applied to CONJ nodes, and the Coordination-Left Schema to their mother nodes.

Insertion & apposition The Penn Treebank annotation prefers flat representations for insertion
and apposition. Such structures are transformed so as to explicitly express the inserted structure. For
example, in Figure[3.7, a phrase bracketed by commas is extracted and put as an inserted constituent
with anonterminal symbol PRNA.

Disagreements in constituent structures The annotation style of Penn Treebank is different from
HPSG analysisfor some constructionsincluding small clauses, “than” clauses, and quantifier phrases.
Such constructions are converted to the structures conforming to the analysis in HPSG. For example,
small clauses appearing in the complement of verbs are annotated as “S” in Penn Treebank, while
in HPSG the subject and the predicative of a small clause are separately subcategorized by the verb.
Figure[3.8 shows a sentence with a small clause. The phrase “the two institutions face-to-face” is
annotated as S in Penn Treebank, and is converted to a flat structure as in the lower side of the
figure. The subject of the small clause (“the two institutions™) and the predicate (“face-to-face”) are
subcategorized separately by the verb “brought”.

Ambiguous symbols Severa non-/pre-terminal symbolsin a certain context are re-labeled as spe-
cial symbols for distinguishing their syntactic behaviors. For example, ‘by’ phrases representing the
subject of a passive construction are labeled as ‘BY’. Infinitival marker ‘' TO’ under ‘VP’ is annotated

3In Penn Treebank, PRN is a nonterminal symbol for inserted clauses/phrases
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Figure 3.12: Annotation of subject-control and auxiliary verbs

as ‘TOinf' for distinguishing it from prepositional “to”. Complementizer “that” is assigned specia
symbol CM. Since subordinate conjunctions and prepositions share the same pre-terminal label IN in
Penn Treebank, the labels of subordination conjunctions are relabeled as SC to distinguish them.

Determiners Noun phrasesin Penn Treebank are represented as flat structures, and determiners are
located at the same level as ahead noun and modifiers. Determiners are raised to the distinct level and
its construction is annotated as a Specifier-Head construction. Noun phrases with no determiners are
label ed as an Empty-Specifier construction. Predeterminers are also processed in this step. Figuré3.9
shows the annotation of determiners. First, the nonterminal symbol of a possessive phrase (“The
SEC ’s” in the figure) is converted from NP to DP (determiner phrase). Next, determiners including
possessive phrases (“The SEC ’s” and “those”) are separated from their siblings. The noun phrases
are then annotated as Specifier-Head constructions.

Head/argument/modifier annotation and binarization First, head/argument/modifier distinctions
are annotated to each nodein trees using the head percolation table (Magermar, [1995). A treeisthen
converted to a binary tree. Figure[3.10 shows an example of the conversion which is cited from
Hockenmaier and Steedman (2002&). Readers should refer toHockenmaier and Steedman (2002¢)
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Figure 3.13: Annotation of slashes and relative clauses

for details.

Head features Pattern rules on sign or tree structures add constraints on features defined in HEAD,
such as INV and CASE.

Subject extraction While the subject of a subject-extracted relative clause is annotated as a trace
(*T*) in Penn Treebank, the HPSG does not introduce traces to this construction and a sub-clause takes
arelative as a subject directI)B. For example, Figure[3.11] shows an example of a subject-extracted
relative clause. NP with atraceis eliminated, and the verb “prevents” directly takestherelative “that”
as asubject.

Subject-control verbs Subject-control verbs such as “try” take VP as its complement in HPSG
analysis, and the index of its subject is shared with the index of the unfilled subject of the VP. In the
Penn Treebank, complements of control verbs are represented as S with the empty subject (the upper
side of Figure[3.12). Such trees are annotated with the structure-sharings as shown in the lower side
of Figure[3.12 where the SUBJ feature of to-infinitive is coindexed with NP-1 (represented by[T)).

Auxiliary verbs HPSG regards an auxiliary verb as ahead that takes VP as its complement, and the
subject of the auxiliary verb is shared with the unfilled subject of the complement. This relation is

“Subject extraction in “Who; did Kim claim __; left?” is treated by another empirical annotation rule and the Subject
Extraction Lexical Rule defined inlPollard and Sag (1994).
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Figure 3.14: Mapping rules from Penn Treebank-style symbols into HPSG categories
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Figure 3.15: Partially-specified derivation tree corresponding to Figure3.12

explicitly specified as shown in Figurel3.12 (represented by [2)). Infinitival marker “to” is also treated
as an auxiliary verb (represented by[3]). AUX is also annotated in this step.

Slash & filler-head schema Penn Treebank-style annotation represents unbounded dependencies
with trace label ‘*T*'. Unbounded dependencies are detected by finding the labels by the agorithm
similar to the marking of forward arguments described bylHockenmaier and Steedman (2002g). If a
trace label isfound in aparse tree, its mother node has a non-empty list in SLASH [I]in Figure[3.13).

SLASH is percolated to ancestors, and when a filler of the dash, i.e., the node with the same ID
number, is found, the corresponding construction is annotated with the Filler-Head Schema (or the
Filler-Insertion Schema), and SLASH of the mother node becomes an empty list.

Relativeclauses Asmentioned in Section[3.2, a special schema (Head-Relative Schema) is applied
for relative clause constructions. When a relative clause is found, its construction is annotated with
the Head-Relative Schema. In addition, a relative clause (SBAR) and its relativizer (WHNP) are
annotated as having anon-empty list in REL (represented by[2]in Figure[3.13).

Category assignment Finally, each node is annotated with an HPSG category by mapping non-
/pre-terminal symbols to HPSG categories. Figure[3.14] shows some of the mapping rules. Schema
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Figure 3.16: Fully-specified derivation tree corresponding to Figure3.12

names are also assigned to all internal nodes that have not yet been assigned schema names. Thisis
done by referring to head/argument/modifier annotations.

The above procedure converts Penn Treebank-style trees into partially-specified derivation trees
of HPSG. For example, Figure[3.15 shows a partially-specified derivation tree corresponding to the
Penn Treebank-style tree in Figure[3.12.

After converting Penn Treebank into partially specified derivation trees, linguistic principles, i.e,
schemas and principles, are applied to each node in a tree to fill out unspecified constraints and
to check the consistency of the annotated constraints. For example, given the partially-specified
derivation tree in Figure[3.15, the Subject-Head Schema is applied to the root of the tree. Then, the
constraints of the left daughter are percolated to SUBJ of the right daughter (represented by(1] in
Figure[3.16). Subsequently, by applying the linguistic principles to the tree, we will obtain a fully
specified derivation tree as shown in Figurel3.16, which is the same derivation tree as shown at the

beginning of this chapter (Figure3.2).

3.4 Extraction of Lexical Entries

Given HPSG derivation trees, we collect lexical entries from termina nodes of the derivation trees.
For exampl e, from the derivation tree in Figure3.16, we obtain asign shown in Figurel3. 17 for “did’B.
Since signs collected from terminal nodes have too-specific constraints to be registered in alex-
icon, they are generalized to lexical entry templates by removing some of the constraints. Lexical
entry templates are lexical signs without word-specific nor context-specific constraints. We manually
listed feature paths to be removed. For example, from Figurel3.17, the value of PHON is removed
because it represents a surface form of the word and is obviously word-specific information. Some of
the values of HEAD features, although they are not mentioned in Figure3.17, in selectional features
(MOD, SPR, SPEC, SUBJ, COMPS, CONJ, SLASH, and REL) are also removed if they are irrelevant
to the syntactic constraints in English. For example, the value of AUX, which represents whether the

SHEAD features such as VFORM and AUX are omitted from the figure for the space limitation.
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Figure 3.17: Terminal node for “did” extracted from the derivation tree in Figure3.16
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Figure 3.18: Lexical entry templates for “did” (left) and “choose”

phrase is headed by an auxiliary verb, is removed. As aresult, we obtain lexical entry templates as
shown in Figure[3.18 for “did” and for “choose’fd. A lexicon stores mappings from aword into a set
of lexical entry templates.

Additionaly, predicate-argument dependencies are constructed using patterns on the structure of
alexical entry template. In HPSG, syntax-to-semantics mappings are represented in lexical entries.

0nly the values of CAT are shown in the figure because of the space limitation.
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Figure 3.19: Mapping from syntactic arguments to semantic arguments
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Figure 3.20: Grammar resources

For example, when we have alexical entries for ““choose” as shown in Figure3.19, the lexical entry
includes mappings from syntactic arguments (SUBJ and COMPS) into semantic arguments (ARG1
and ARG?2).

Since lexical entry templates already have the information on syntactic arguments, what is needed
isto identify the correspondence between the order of syntactic arguments and that of semantic argu-
ments. Argument labels (ARG1, ARG2, . ..) are basically defined in aleft-to-right order of syntactic
expressions. Additionally, syntactic aternations by long-distance dependencies, passive construc-
tions, and dative shift are canonicalized since we have a cue for a movement in the Penn Treebank.
For example, the Penn Treebank provides the annotations of the movement for non-local depen-
dencies as shown in Figure[3.13 Referring to this annotation, we can place moved arguments in
a canonical position. For passive and dative-shift constructions, since Penn Treebank distinguishes
“by” -phrases to express a passive subject and “to” -phrases for dative shift constructions, they are also
placed in their canonical argument position.

Note that the above procedure can canonicalize syntactic alternations, while it cannot handle lex-
ical alternations supposed in PropBank (Kingsbury and Palmer, 12002; Kingsbury et all, 2002). For
example, in the annotation scheme of the PropBank, a syntactic subject of an ergative verb is anno-
tated as a second semantic argument. Since we have no cue for detecting this aternation given only
the annotation of the Penn Treebank, it is assigned afirst semantic argument in our grammar. We will
be able to treat such alternations when we employ additional linguistic resources such as PropBank
or other lexical databases.

3.5 Discussion and Related Work

In this section, we discuss differences among three strategies for grammar development: conven-
tional grammar development, grammar learning from a treebank, and corpus-oriented development.
As discussed in the introduction, the goals of the three strategies are the same: the development of
three grammar resources, i.e., linguistic principles, a lexicon, and a treebank (Figurel3.20). Lin-
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Figure 3.21: Manual development of an HPSG grammar

guistic principles are a formulation of a grammar theory, and represent generic grammatical con-
straintg/structures. A lexicon represents mappings from a word into its lexical entry templates. A
treebank is a collection of syntactic structures (in our case, derivation trees of HPSG) that are de-
duced by the combination of lexical entries and linguistic principles. These resources do not exist
independently; if we specify two, the third is constrained by the two. Hence, we should note the order
of the development, i.e., which resources should be constructed from scratch, and which should be
(semi-)automatically devel oped.

Conventionally, grammar writers manually developed linguistic principles and a lexicon (Fig-
ure[3.21). The developed principles and the lexicon were verified by parsing test sentences and ob-
serving parse results. Most of the implemented lexicalized grammars were devel oped using this strat-
egy; examplesinclude LTAG for English (XTAG Research Group, 2001), LFG grammars (Butt et al.,
2002), HPSG for English (Copestake and Flickinger, 2000; [Flickinget, [2002), and HPSG for Japanese
(Mitsuishi et all, 11998; |Siegel, [2000; [Siegel and Bender, 12002). However, almost al have not been
scaled up to the level of analysis of real-world texts and have not been used in practical applica
tions. A few systems that could analyze real-world sentences have had to rely on underspecification
(Mitsuishi et al,[1998), or lots of robust parsing techniques and considerable human effort that lasted
for over a decade (Riezler et al|, 2002). The scaling-up of a lexicalized grammar has required the
maintenance of the consistency of complex constraints in linguistic principles and lexical entries.
When alinguistic principle or alexical entry was adjusted for treating some words/constructions, the
adjustment often negatively impacted on other words/constructions.

Recently, [Oepen et a. (2002b) proposed a treebank-based method for the maintenance of an
HPSG grammar. This method has been applied to the devel opment and the maintenance of HPSG
treebanks/grammars for English (Oepen et al., 12004, 20020) and for Japanese (Bond et all, [2004).
Their idea was that an HPSG treebank was developed by parsing sentences with a manual ly-tailored
grammar. Through the development of the treebank, they found shortages of the grammar, and the
findings were used for the refinement of the grammar. This feedback resembles our approach because
they exploited a treebank for finding the shortages of a grammar. However, their approach basically
followed the conventional scheme of grammar development, i.e., manual construction of a lexicon
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Figure 3.22: Grammar learning from a treebank

and verification by consulting a test corpus. The feedback relied on the abstraction of linguistic
knowledge by grammar developers. From our perspective, their method is considered as one of the
various approaches to descriptions of atreebank, but not necessarily the only nor the best way.

Corpus-based or example-based parsing has broken out from the impracticality of manually tai-
lored grammars. The idea was that if we were given a collection of manually parsed data, i.e., a
treebank, grammar rules and a lexicon would be automatically learned from the data. State-of-the-
art statistical parsers (Charniak, [2000; (Collins, [1997, 2003) followed this idea, although they did not
extract a CFG explicitly. Interestingly, they enhanced parsing accuracy by augmenting linguistic an-
notations to a source treebank using various heuristics (Figure3.22), such as head percolation rules
(Magerman), 1995). In these methods, since atreebank consisted of analyses of real-world sentences,
extracted grammars were sufficiently robust to analyze real-world texts. However, since the devel op-
ment of atreebank is expensive it usually provides only shallow surface structures such as CFG-style
phrase structures. We hardly expect that we can build a treebank of a lexicalized grammar formal-
ism such as HPSG from scratch. Another problem is that automatically extracted grammars are not
formulated in conformity with a syntactic theory. The relationship between a syntactic theory and
automatically extracted grammar rules is unclear. This will be an obstacle to extending a grammar
while incorporating a new linguistic theory.

Recently, severa studies have been proposed for the acquisition of lexicalized grammars from
Penn Treebank (Cahill et al!,2002;/Chen and Vijay-Shanker, 2000; [Chiang, 2000; [Frank et al!,2003b;
Hockenmaier and Steedman, 12002¢; Xig, [1999). They obtained a treebank of alexicalized grammar
by augmenting Penn Treebank using empirical annotation rules, and extracted agrammar from the ob-
tained treebank. For example, in the case of LTAG,[Xia (1999), /Chen and Vijay-Shanker (2000), and
Chiang (2000) developed algorithms for annotating Penn Treebank with substituti on/adjunction (con-
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Figure 3.23: Corpus-oriented development of an HPSG grammar

struction rules in LTAG), and extracted elementary trees (Iexical entriesin LTAG) by splitting parse
trees according to the annotations.Hockenmaier and Steedman (2002&) converted the Penn Treebank
into CCGBank, from which lexical categories (lexical entries in CCG) and construction rules were
extracted. Several methods have been proposed to extract LFGs from treebanks (Cahill et all, [200Z;

Frank et al.,[2003k). Their aim was to automatically annotate c-structures with functional schemata,
which are unification-based construction rules in LFG. That is, they automated the development of
LFG-style construction rules. Thismeans that both lexicon and linguistic principles are automatically
extracted from a treebank.

The above studies demonstrated that existing treebanks could be reused for acquiring lexical-
ized grammars. However, the methods basically followed those of extracting of augmented CFGs.
This means that extracted grammars were not theoretically formulated in conformity with manually-
tailored linguistic principles. Hence, the conformity to a syntactic theory depended directly on the
design of empirical annotation rules. Since annotation rulesfor treebank conversion had no theoretical
formul ation, we cannot be assured that extracted grammars conform to a syntactic theory.

Our study further pursues their approach. In our approach, however, model-theoretic linguistic
principles and empirically designed annotation rules are clearly separated. Our method forces gram-
mar developers to write linguistic principles, and verifies a treebank to satisfy linguistic principles.
Linguistic principles are never extracted from a treebank, but are manually controlled by grammar
writers. Thetarget of annotation is partial constraints of derivation trees. Manually defined linguistic
principles are exploited to verify the consistency of derivation trees and the conformity to a gram-
mar theory (Figure[3.23). That is, the consistency and the conformity of the treebank are controlled
by linguistic principles, and therefore by grammar writers. Inconsistencies of annotated constraints



62 CHAPTER 3. CORPUS-ORIENTED DEVELOPMENT OF LEXICALIZED GRAMMARS

are automatically detected as violations of linguistic principles. If no inconsistencies are found, par-
tially specified constraints are organized into alexicon. Lexical entries are systematically connected
to derivation trees in conformity with linguistic principles. Verification by linguistic principles is
necessary for the development of HPSG, because constraints in HPSG are more complicated and
fine-grained than LTAG and CCG, and the maintenance of the consistency is far more difficult.

To summarize, our methodology has the following advantages compared to the conventional de-
velopment methods.

Automatic verification of consistency Errors or inconsistencies in atreebank are automatically de-
tected as violations of linguistic principles. That is, the process of treebank development inher-
ently includes the verification of consistency. Hence, grammar devel opers are always aware of
conflictsin atreebank, empirical annotation rules, and linguistic principles. The consistency of
alexicon collected from the treebank is also assured with respect to linguistic principles.

Availability for machinelearning A treebank can be used astraining datafor the probabilistic mod-
eling or machine learning of statistical parsing.

Concreteness of annotation Treebank development is more comprehensible than lexicon develop-
ment because the target of annotation isinstances of analyses of concrete sentences rather than
abstract rules. The writing of analyses of concrete sentences is obviously easier than the sim-
ulation of abstract rules, because grammar devel opers are not hampered by simulating in their
mind all usages of each word.

Low cost We can pick the fastest way for the establishment of a treebank, and may exploit various
methods and existing resources. In this study, we exploit Penn Treebank, and the dominant
cost in our method is in maintaining empirical annotation rules. In addition, annotation may
be carried out for a closed set of a corpus because we do not intend to apply annotation rules
directly to open-class sentences.

A treebank and a lexicon developed by our method do not seem to be theoretically formulated
because the development depended on empirical annotation rules to convert existing language re-
sources. However, independently of the methods of treebank development, obtained lexical entries
are assured to deduce the derivation trees given in the treebank, because linguistic principles strictly
regulate the relationship between derivation trees and lexical entries. Hence, lexicalized grammars
developed with our methodology inherently satisfy the goal of a grammar theory, i.e., to define lexi-
cal entries and linguistic principles that deduce derivation trees. Admittedly, our methodology does
not assure the generality of the grammar, i.e., how many unseen derivation trees the extracted lexical
entries can deduce, and the specificity, i.e., how many illegal derivation trees the lexical entries can
reject. They depend on the quality and the size of the treebank. Hence, the treebank must be main-
tained and improved by grammar devel opers through the improvement of annotation rules assisted by
the consistency verification by linguistic principles.

It might be asserted that a grammar developed by our method has less constraints and is less re-
strictive. Thisisbecause existing corpus-based methods aimed at the automatic learning of underlying
regularity that wasimplicitly represented in training data. Asaresult, they could learn statistical reg-
ularity, but failed to learn structural linguistic constraints. In fact, we start from real data and extract
a grammar from it. However, our methodology does not aim at the automatic learning of underlying
regularity from a treebank. Our method cannot learn any constraints that are not explicitly annotated
in a treebank; grammar developers must externalize linguistic constraints manually by consulting
their linguistic intuition and observation. The difference from conventional grammar development is
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only that the target of writing linguistic intuition is a treebank instead of a lexicon. Since the differ-
ence is only in the target of development, there should be no difference in the restrictiveness of the
grammar. A treebank is atestbed for externalizing metaphysical linguistic entities by providing con-
crete examples of the target of explanation, and a ground for the verification of the consistency of a
grammar. Hence, the concept proposed in this thesis is not a new agorithm of grammar learning, but
anovel scheme of grammar development. The methodology has abandoned the automatic learning of
syntactic regularity from atreebank. The manual management of atreebank is necessary and isstill a
tough task for grammar developers. Thisiswhy our methodology is not a corpus-oriented grammar
nor corpus-oriented parsing, but corpus-oriented development.

The method described in this chapter was implemented for the development of an English gram-
mar using Penn Treebank as a source treebank. Chapter[@ reports the detail of the implementation of
the grammar and the results of evaluation experiments.






Chapter 4

Feature Forest M odd

Maximum entropy models are widely accepted for the probabilistic modeling of various tasks because
of their high accuracy. However, studies to date have simply applied maximum entropy models to
traditional models, such as n-grams and lexicalized versions of a probabilistic context-free grammar
(PCFG), which rely on the independence assumption to divide a probabilistic event into sub-events.
For example, part-of-speech tagging is divided into the tasks of assigning atag to aword, and CFG
parsing isdivided into the applications of rewriting rules. The probability of acomplete event, i.e., the
tagging of a sentence or the construction of a parse tree, is defined as the product of the probabilities
of sub-events. Maximum entropy models have been applied to the modeling of the probabilities of
sub-events. However, such methods inherently restrict the flexibility offered by maximum entropy
models, which do not require independence assumption.

The agorithm proposed in this chapter provides a solution for the probabilistic modeling of com-
plete structures, such as transition sequences in Markov models and parse trees, without dividing
them into independent sub-events (Miyao and Tsujii, [2002). In general, complete structures have an
exponential number of ambiguities. This causes exponential explosion when estimating parameters of
amaximum entropy model. Our algorithm presented in this chapter avoids exponential explosion by
representing an event with a feature forest, which is a packed representation of trees. When complete
structures are represented with feature forests of atractable size, parameters are efficiently estimated
by dynamic programming similar to the algorithm of computing inside/outside probabilitiesin PCFG
parsing without unpacking feature forests.

The proposed algorithm provides a scheme for more flexible modeling of various NLP tasks be-
cause model designers can incorporate various overlapping features of a complete structure, not only
of sub-events, into the model. Moreover, it can be applied to probabilistic models of events that
are difficult to divide into independent sub-events, such as a probabilistic model of feature struc-
tures (Abney, 11997). Feature forest models offer a general solution to the probabilistic modeling of
complex data structures, and are indispensable for the probabilistic modeling of HPSG parsing.

Section [4.7] discusses the problem of combinational explosion with conventiona probabilistic
models. Section[4.2 proposes an algorithm for solving the problem. Section4.3 shows proofs of the
theories in Sectionfd.2. Section4.4introduces studies related to our algorithm.

4.1 Problem

L et us consider maximum entropy modeling for tagging tasks. Conventional models divide a tagging
sequence into atagging event for each word (Kazama et al., 2001; IRatnaparkhi, [1996). That is, the
models incorporate independence assumption, which is not required in maximum entropy models.

65
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Figure 4.1: Probabilistic models for POS tagging
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Figure 4.2: Probabilistic models for parsing

As introduced in Section[2.4, when tag sequence ¢ is assigned to sentence s, the probability p(¢|s) is
defined as follows:

p(t|3) = Hp(tk|satla'--atk71)
k

= [[»(tls.te—1).  (by Markov assumption)

This definition relies on the Markov assumption, namely a tagging event depends only on the tag-
ging of the previous word. Conventional studies on tagging applied a maximum entropy model to
probabilistic modeling of p(#;|s,tx—1).

Figure[4.1l shows two tagging models: a conventional model (on the left) and maximum entropy
model without independence assumption (on the right). In the maximum entropy model on the right,
a compl ete tag sequence of a sentence is considered to be atarget event. The tagging to a sentenceis
regarded as a monolithic event without any independence assumption. The model chooses the most
probabl e tag sequence from the set of al possible tag sequences. In this model, we can incorporate
various features such as bigram/trigram/n-gram features; for example, o is atrigram feature in the
right-hand side of Figure[4.l This model is an extension of the conventional model shown in the
left-hand side of the figure, and is a more powerful modeling scheme.

A similar argument can be made for the maximum entropy modeling of parsing. In conventiona
parsing models, similar to PCFGs, each branching is assumed to be an independent event, and the
probability of a complete parse tree is defined as the product of the probabilities assigned to the
branchings (left-hand side of Figurel4d.2) (Ratnaparkhi, [1997,/1999). On the other hand, we consider
amaximum entropy model that assigns a probability to the compl ete parse tree without independence
assumption (right-hand side of Figureld.2). Feature functions correspond not only to the branchings
but also to other characteristics such as ag in a parse tree. The model is formulated as a probabilistic
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Figure 4.3: Corpus of afeature structure grammar

p(S — NP VP) = 1.0
p(NP — she) = 0.5
p(NP = 1) =0.5
p(VP — dances) = 0.3
p(VP — dance) = 0.3
p(VP — dance) = 0.4

Figure 4.4: PCFG extracted from Figure[4.3

model of selecting parse tree ¢t from a parse forest for sentence w. As described above, maximum en-
tropy models do not require independence assumption, and various overlapping features, not limited
to immediate dominance relations, can be incorporated. Obviously, this model is a natural extension
of PCFG, and is amore powerful modeling scheme.

The above two examples reveal that previous studies merely applied a maximum entropy model
to the estimation of the probability of sub-events such as atagging to each word and a branching in a
parse tree (Kazama et a., 12001; IRatnaparkhi, 11996, 1997, [199S).

For probabilistic modeling of feature structures grammars including HPSG, maximum entropy
models are theoretically indispensable because feature constraints viol ate the independence assump-
tion in PCFG-like models. As described below, in feature structure grammars, decomposition of
probabilities into rule probabilities causes distortion of a probabilistic distribution Abney, 11997).
That is, a probability of a parse tree cannot be divided into independent sub-events. Conventional
approaches cannot be applied to this task.

Suppose that we make a probabilistic model of CFG-style parse trees shown in Figuréd.3. A cor-
pus includes four types of parse trees and five words: “she”, “1”, “dances”, “dance”, and “danced”.
Observed relative frequencies are shown at the bottom of each parse tree. When we assume a proba-
bilistic CFG generated these parse trees, a PCFG is estimated as shown in Figuré4.4l Rule probabil-
ities are estimated by counting a relative frequency of each branching of a parse tree. For example,
the CFG rule “NP—she” is used in the first and the third trees, and their frequencies are 0.3 and 0.2,
respectively. Hence, we estimate p(NP — she) = 0.5.

This PCFG model assigns probabilities to the trees as shown in Figuréd.5 The results show that
the two parse trees on the left are assigned half of the observed relative frequencies. In the treebank,
the frequencies of these two trees are higher than those of the two trees on the right, while the PCFG
model gives them lower probabilities. This is because a CFG produces ungrammeatical parse trees,
and probabilities are assigned to them. Figurel4.6 shows the sources of missing probabilities of the
PCFG moded.

Feature structures are required to eliminate ungrammatical parse trees; however, they cannot cor-
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Figure 4.7: CFG rules with constraints on agreements

rect the distortion of probabilities. For example, Figurel4.7l shows a grammar augmented with con-
straints on agreements. Suffixes represent a type of agreement, and[7] denotes a variable. Variables
with the same names must have the same values. Hence, the grammar can eliminate the parse trees
in Figure[4.6 because the suffixes of NP and VP are different. However, rule probabilities are not
changed only by the introduction of feature structures. We cannot solve the problem of disordered
probabilities because a PCFG-like estimation method yields the same probabilities asin Figured.4l

For feature structure grammars, maximum entropy models are necessary for developing a prob-
abilistic model that gives probabilities equivalent to relative frequencies in the treebank and for at-
taining the maximum likelihood of the treebank. As described in Section[2.4, maximum entropy
models give a probahilistic distribution that maximizes the likelihood of training data under given
feature functions. In fact, a maximum entropy model of the grammar in Figurd4.7| gives probabilities
equivalent to relative frequencies in the corpus in Figured.3. When we assign feature functions to
grammar rules in Figure[4.7, maximum entropy estimation provides feature weights asin Figuré4.8.
Given the parameters, unnormalized weights of parse trees are computed as.

H(T1) = 1.0 x 1.0 x 1.145 = 1.145,
H(T) = 1.0 x 1.0 x 1.145 = 1.145,
p(T5) = 1.0x 1.0 x 0.763 = 0.763,
p(Ty) = 1.0x 1.0 x 0.763 = 0.763.
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(S — NP VPrp) = 1.0

(
(
Oé(Npssg — she) =1.0
(VPno_3sg — dance) = 1.145
(

(

R

a(VP3sg — dances) = 1.145
@(VPno_3sgorasg — danced) = 0.763

Figure 4.8: Feature weights of a maximum entropy model for the grammar in Figure4d.7

By normalizing the above weights, we obtain probabilities given by the model, which are equivalent
to the relative frequencies of the training corpus.

p(Ty) = 1.145/(1.145 + 1.145 + 0.763 + 0.763) = 0.300,
p(Ty) = 1.145/(1.145 + 1.145 + 0.763 + 0.763) = 0.300,
p(T3) = 0.763/(1.145 + 1.145 + 0.763 + 0.763) = 0.200,
p(Ty) = 0.763/(1.145 + 1.145 + 0.763 + 0.763) = 0.200.

Theremaining issue is parameter estimation. The number of targetsy, i.e., the number of possible
tag sequences or parse trees for a sentence, is generally very large. Thisis because local ambiguities
in a tag sequence or a parse tree result in exponential growth in the number of structures, resulting
in billions of structures. For example, when we apply rewriting rule “S — NP VP”, and the left NP
and the right VP respectively have n and m ambiguous subtrees, the result of the rule application
generates n X m trees.

Thisis problematic because the complexity of parameter estimation is proportional to the number
of target events as described in Section2.4l The complexity is O(|Y||F'||E|), where |Y'| and |F| are
the average numbers of targets and activated features for an event, and | E| is the number of events,
respectively. The cost is bound by the computation of model expectations y; (Definition[2.10).

pi = > @) Y, filzy)plyle)

TzeEX yeY (z)
= > i) Z filzy) 57— eXp(Z/\f]wy>
TEX yeY (z

As shown in the above definition, the computation of model expectation requires the summation
over Y (x) for every z in the training data. If Y (z) grows exponentially, the parameter estimation is
intractable.

In PCFGs, the problem of computing probabilities of parse trees is avoided by using a dynamic
programming algorithm of computing inside/outside probabilities. With the algorithm, computation
of probabilities of parse trees is tractable. We can expect that the same approach would be available
for maximum entropy models.

This notion yields a new algorithm for parameter estimation for maximum entropy models, as
described in the next section.
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4.2 Solution

Our solution to the problem is a dynamic programming algorithm of computing inside/outside -
products. Inside/outside a-products roughly correspond to inside/outside probabilities in proba
bilistic context-free grammars (PCFGs). As shown in Figure[4.2, a maximum entropy model of
a parse tree resembles a PCFG-like model. A prabability is defined as a normalized product of

afj (= exp(A;f;)). Hence, similar to the algorithm of computing inside/outside probabilities, we can
compute exp (Z i fj> , Which we define as a-product, for each node in atree structure. If we can
compute a-products at a tractable cost, model expectations,

pi= Y p() Z fiw,9) 70 oxP (ZA fjxy> (4.1)

TEX yeY(z

are also computed at atractable cost.

We first define feature forest, a packed representation of a set of an exponential number of tree
structures. A feature forest corresponds to a packed chart of CFG parsing. We then define in-
side/outside a-products that represent the a-products of partial structures of a feature forest. In-
side a-products correspond to inside probabilities in PCFG, and represents the summation of each
a-product in one of the daughter sub-trees. Outside a-products correspond to outside probabilities
in PCFG, and represents the summation of each «-product in the upper part of the feature forest.
Both can be computed incrementally by a dynamic programming algorithm similar to the agorithm
of computing inside/outside probabilities in PCFG. Given inside/outside a-products of al nodesin a
feature forest, model expectation y; is easily computed by multiplying them for each node.

421 FeatureForest

To describe the algorithm, we first define feature forest, the generalized representation of featuresin
packed forest structure. Feature forests are used for enumerating possible structures of target events,
that is, they correspond to Y (z) in Equationi4.l

Definition 4.1 (Feature forest) Feature forest @ is a tuple (C, D, r,~, d), where:
e (' is a set of conjunctive nodes,
e D is a set of disjunctive nodes,
e 7 isthe root node: r € C,
e v: D — 2% is a conjunctive daughter function,
e §: C — 2P is adisjunctive daughter function.

We denote a feature forest for history = as ®(z). For example, ®(z) represents a set of all possible
tag sequences of given sentence x, or a set of all parse trees of 2. We assume that a feature forest is
an acyclic graph, while unpacked structures extracted from afeature forest are trees. We also assume
that terminal nodes of feature forests are conjunctive nodes. That is, disjunctive nodes must have
daughters, i.e., y(d) # O foral d € D.

A feature forest represents a set of trees of conjunctive nodes in a packed structure. Conjunctive
nodes correspond to linguistic entities such as states in Markov chains and nodes in CFG trees. Fea
ture functions are assigned to conjunctive nodes and express their characteristics. Digjunctive hodes
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G
[T
d, d, d,

C: {01,02,63,04,65,06,07}

D = {dy,dy,ds}

r=C

v(d1) = {c2,c3}, v(d2) = {ca,e5}, ¥(ds) = {cs,c7}

6(c1) = {d1,d2,ds}, 0(c2) = {}, d(c3) = {}, d(ca) = {}, d(c5) ={}, d(ce) ={}, d(c7) = {}

Figure 4.9: Feature forest

Figure 4.10: Unpacked trees

are for enumerating aternative choices. Conjunctive/disunctive daughter functions represent imme-
diate relations of conjunctive and digunctive nodes. By selecting a conjunctive node as a child of
each digunctive node, we can extract a tree consisting of conjunctive nodes from a feature forest.
Obviously, the models introduced in Sectioni4.1l can be represented with this structure.

Figure[4.9 shows an example feature forest. Each disjunctive node enumerates alternative nodes,
which are conjunctive nodes. Each conjunctive node has disjunctive nodes as daughters. The feature
forestin Figured.9represents aset of 2x 2x 2 = 8 unpacked trees shown in Figuré4. 10 For example,
by selecting the left-most conjunctive node at each disunctive node, we extract tree (q, c2, ¢4, ¢g).
Generally, a feature forest can represent an exponential number of trees with a polynomia number
of nodes. Thus, a complete structure, such as tag sequences and parse trees with ambiguities, can be
represented in tractable forms.

Feature functions are defined over conjunctive noded.

Definition 4.2 (Feature function for feature forest) A feature function for a feature forest is:
fi :C— R.

Hence, together with feature functions, a feature forest represents a set of trees of features.

Feature forests may be regarded as a packed chart in CFG parsing. Conjunctive nodes correspond
to active/inactive edges, and disjunctive nodes correspond to equival ence classes of edges. Although
feature forests have the same structure as PCFG parse forests, each node in feature forests does not

Feature functions may also be conditioned on history events. In this case, the domain of feature functions is a pair of
C and z. For simplicity, we omit history events in the following discussion.
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need to correspond to a node in PCFG parse forests. In fact, in Chapter[5, we will demonstrate that
syntactic structures of HPSG and predicate argument structures can be represented with tractable-
size feature forests. Instances of a node may thus be neglected in the following discussion, and our
algorithm is applicable whenever feature forests are of atractable size. Descriptive power of feature
forests will be discussed again in Sectionl4.4,

As mentioned, a feature forest is a packed representation of trees of features. We first define
model expectations, 14;, on aset of unpacked trees, and then show that they can be computed without
unpacking feature forests. We denote an unpacked tree asa set, ¢ C C, of conjunctive nodes. Our
concern is only in a set of features associated with each conjunctive node, and the shape of the
tree structure is irrelevant to the computation of probabilities of unpacked trees. Hence, we do not
distinguish an unpacked tree from a set of conjunctive nodes.

A set of unpacked trees is defined as a multiset of unpacked trees because we allow multiple
occurrences of equivalent unpacked trees in a feature foresti. Given sets of unpacked trees, A, B, we
define aunion and a product as follows.

AeB = AUB
A®B = {aUblac A,be B}

Intuitively, the first operation is a collection of trees, and the second lists all combinations of treesin
A and B. The above operations will be used in the proof of adynamic programming algorithm given
in Section[4.3 Itistrivial that they satisfy commutative, associative, and distributive laws.

A®B = BoA

A®B = B®A
Ae(BaC) = (ABB)&C
A9B®C) = (A9B)®C
A9BaC) = (A9B)®(As0)

We denote a set of unpacked treesrooted at noden € C'UD as€(n). Q(n) isdefined recursively.
For terminal nodec € C', obvioudly Q(c) = {{c}}. For internal conjunctivenodec € C', an unpacked
tree is a combination of trees each of which is selected from a disjunctive daughter. Hence, a set of
al unpacked treesis represented as a product of trees from disjunctive daughters.

Q) = {{c}} © K 2.

ded(c)

Digunctive node d € D represents alternatives of packed trees, and obviously a set of unpacked trees
is represented as aunion of daughter trees, i.e., 2(d) = ..c.q) 2(c).
To summarize, a set of unpacked treesis defined formally as follows.

Definition 4.3 (Unpacked tree) Given feature forest ® = (C, D, r,7,d), a set, Q(n) of unpacked
trees rooted at node n € C' U D is defined recursively as follows.

e If n € Cisaterminal,i.e., §(n) =0,

Q(n) = {{n}}.

2|n fact, no feature forests include equivalent unpacked trees if every disjunctive node has no identical daughter nodes.
Thus we may define a set of unpacked trees as an ordinary set, although the details are omitted here for ssimplicity.
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Q((I)):{ {61702764706}7 {01703764706}7 {01702705766}7 {61703705766}7
{61302364307}3 {01303364307}3 {01362305367}3 {01363305307} }

Figure 4.11: Unpacked trees represented as sets of conjunctive nodes

o IfneC,
Qn) = {n}} ® Q) Qd)
ded(n)
o Ifne D,
Qn)= P Qe
c€v(n)

Feature forests are directed acyclic graphs and, as such, the above definition does not include a loop.
Hence, Q(n) is properly defined.

A set of all unpacked trees is then represented by (r); henceforth, we denote €2(r) as Q(®), or
just Q whenit is not confusing in context. Figured. 11 shows Q(®) of the feature forest in Figurel4.9
Following the definition, the first element of each set is the root node, ¢, and the rest are elements
of the product of {cz,c3}, {c4,c5}, and {cg, c7}. Each set in Figure[4.11] corresponds to a tree in
Figure4.10.

Given the above formalization, a feature function for an unpacked tree is defined as follows.

Definition 4.4 (Feature function for unpacked tree) Feature function f; for an unpacked tree, ¢ €
Q(®) is defined as:
=> filo)

cece

Once afeature function for an unpacked tree is given, a model expectation is defined as in the tradi-
tional model described in Section[Z.4,

Definition 4.5 (Model expectation of feature forest) Model expectation 44 for feature forests { ®(z)}
is defined as:

wo= Yope) Y file)plcl)

zeX ceQ(®(x))
= Zﬁ( ) Z fz exp (Z)\f] )7
rEX ceQ(P

where  Z(z)= Y exp (ijfj(c)).
J

ceQ(d(x))

It is evident that the naive computation of model expectations requires exponential time complexity
since the number of unpacked trees (i.e., |Q2(®)|) is exponentially related to the number of nodes
in the feature forest . We therefore need an agorithm for computing model expectations without
unpacking afeature forest.
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Figure 4.12: Inside/outside at node ¢, in afeature forest

4.2.2 Dynamic Programming

To efficiently compute model expectations, we incorporate an approach similar to the dynamic pro-
gramming agorithm of computing inside/outside probabilities of PCFG. We first define the notion
of inside/outside of a feature forest. Figure[d.12 illustrates this concept, which is similar to that of
PCFG. Inside denotes a set of partial trees (sets of conjunctive nodes) derived from node ¢. Outside
denotes a set of partial trees that derive node ¢,. That is, outside trees are partial trees of complements
of inside trees.

We denote a set of inside trees at node n as «(n), and that of outside trees as o(n). They are
introduced informally here; aformal definition will be given in Section4d.3

Aninside/outside a-product is then defined for each conjunctive/disunctive node. Theinside (or

outside) a-products are the summation of exp (Z it (c)) of al inside (or outside) trees c.

Definition 4.6 (Inside/outside a-product) An inside a-product at conjunctive node ¢ € C'is

Ve = Z exp (Z Ajfj(c)> .
J

ceu(e)
An outside a-product is

@bc = Z exp (Z )\jfj(C)) .
J

ceo(c)

Similarly, inside/outside «-products at disjunctive node d € D are defined as follows:

pa= Y exp (Z Ajfj(c)> :
J

ceu(d)

“l/)d = Z exp (Z )\jfj(C)) .
J

cco(d)
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Figure 4.13: Incremental computation of inside a-products at conjunctive node ¢

We can derive that model expectations of afeature forest are computed as the product of theinside
and outside «-products.

Theorem 4.1 (Model expectation of feature forest) Model expectation 44 of feature forest ®(x) =
(Cyy Dyyrey vz, 0) 1S computed as the product of inside and outside a-products as follows:

= Y pe) s 3 FOpeh

TEX c€Cy
where Z(x) = @r,.

The proof will be given in Section[4.3

This equation shows a method for efficiently computing model expectations by traversing con-
junctive nodes without unpacking the forest, if the inside/outside a-products are given. The remaining
issue is how to efficiently compute inside/outside a-products.

Fortunately, inside/outside a-products can be incrementally computed by dynamic programming
without unpacking feature forests. Figure4.13 showsthe process of computing theinside «-product at
a conjunctive node from the inside «-products of its daughter nodes. Since the inside of a conjunctive
node is a set of the combinations of al of its descendants, the a-product is computed by multiplying
the a-products of the daughter trees. The following equation is derived.

e = ( 11 w) exp (Z Ajfj(6)> :
ded(c) J

The inside of adisunctive node is the collection of the inside trees of its daughter nodes. Hence, the
inside a-product at disjunctive node d € D is computed as follows (Figureé4.14).

Pd = Z Pe-

c€v(d)
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/C‘l\
4, d,
-~ Y
c C,

Pdy = Pes + Per

71002 = '@bdl
Figure 4.15: Incremental computation of outside a-products at conjunctive node ¢

Theorem 4.2 (Inside a-product) The inside a-product ¢, at conjunctive node ¢ is computed by the
following equation if o, is given for all daughter disjunctive nodes d € §(c).

P = ( 1T (Pd) exp (Z )\jfj(c)> :
ded(c) J

The inside a-product ¢4 at disjunctive node d is computed by the following equation if . is given for
all daughter conjunctive nodes ¢ € «(d).

Pd = Z Pe-

c€v(d)
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Figure 4.16: Incremental computation of outside a-products at disjunctive node d;

The outside of a disjunctive node is equivalent to the outside of its daughter nodes. Hence, the
outside a-product of adisunctive node is propagated to its daughter conjunctive nodes (Figuréd.15).

"/}c = Z "/Jd-

{dcer(d)}

The computation of an outside a-product of a disunctive node is somewhat complicated. As shown
in Figure[4.16, the outside trees of a digunctive node are all combinations of

e the outside trees of the mother nodes, and
o theinside trees of the sister nodes.

From this, we find:

da= >, Sdeexp [ > Nfilo) | [[ e«
{clded(c)} J d'€é(c)
d'#d
We finally find the following theorem of the computation of outside a-products.

Theorem 4.3 (Outside a-product) The outside a-product . at conjunctive node ¢ is computed by
the following equation if 4, is given for all mother disjunctive nodes, i.e., d such that ¢ € y(d).

wc = Z T/Jd-
{dlcev(d)}

The outside a-product 1), at disjunctive node d is computed by the following equation if 4. is given
for all mother conjunctive nodes, i.e., ¢ such that d € (c), and ¢y for all sibling disjunctive nodes
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Input: training data E = {(z;,y;)}, feature forests {®(x;)}
feature functions f ={f;}, initial parameters A = {\;}
Output: optimal parameters A

foreach (z,y) € E
{¢} + inside_product (®(z))
{¢p} + outside_product (®(z))
foreach ce C
foreach f; € f such that fi(c) #0
i i +fipetpe
end_foreach
end_foreach
foreach f; € f
Hi <= %
end_foreach
end_foreach

function inside_product (®(z) = (C,D,r,v,§))
foreach ce C, de€D

pe [ eaexp | D Aifile)
d'eé(c) j
Pd Z P!
d€y(d)
end _foreach
return {p}

function outside_product (®(z) = (C,D,r,v,§))
foreach ce€ C, de€D

e > ta
{d'|cev(d’)}
dat > veexp | Y Nfid)] ] e«
{c'lded(c")} J d'ed(c)
d'#d

end_foreach
return {¢}

Figure 4.17: Algorithm of computing model expectations of feature forests
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d.

{c|ded(c d'€é(c)
d'#d

pa= Y. < teexp (ZME(C)) II e«
)} J

Figure [4.17 shows the overall algorithm for estimating the parameters, given a set of feature
forests. The key point of the algorithm is to compute inside a-products ¢ and outside «-products
1) for each node in C, and not for all unpacked trees. The functions inside product and out -
side product compute ¢ and ¢ efficiently by dynamic programming. Note that the order of
traversing nodes is important for incremental computation, although it is not shown in Figurdd, 17
The computation for the daughter nodes and mother nodes must be completed before computing the
inside and outside a-products, respectively. This constraint is easily solved using a topological sort.

The complexity of this algorithm is O((|C| + |D|)|F||E|), where |C| and |D| are the average
numbers of conjunctive and disjunctive nodes, respectively. This is tractable when|C| and |D| are
of a reasonable size. As noted in this section, the number of nodes in a feature forest is usually
polynomial even when that of the unpacked trees is exponential. Thus we can efficiently compute
model expectations with polynomial computational complexity.

4.3 Proof

This section provides the proof of Theorem@.T} and We first define inside/outside trees
formally.

Definition 4.7 (Inside trees) We define a set +(n) of inside trees rooted at node n € C' U D as a set
of unpacked trees rooted at n.

Definition 4.8 (Outsidetrees) We define a set o(n) of outside trees rooted at node n € C' U D as
follows.

@

Seln

old)= P {{{C}}®0(0)® L(d')}-
ces=1(d) d'es(c),d #d

In the definition, v~! and 6! denote mothers of conjunctive and disunctive nodes, respectively.
Formally,

v e) = {dle € (d)
57 (d) = {cld € 3(0)}

Thefollowing function is defined to represent a set of treesthat includeagivennode, n € C U D.
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Definition 4.9 (Filter function) We define function 6,(C) : 2¢ — 2¢ as follows:
©.(C) ={c eC|cec}.

For d € D, we define:

@@

cG’y

Given the above definition of inside/outside trees, we derive the following lemma.
Lemma 4.1 (Inside/outside trees) Foranyn € C U D,
t(n) ® o(n) = ©,(Q).
Proof) We prove the lemma with a mathematical induction. For the root node r,

ry®o(r) = Q& {0}

= .
Since Ve € Q.r € c,
Q = GT(Q)
For disjunctive node d € D,
t(d) ® o(d)
= o P {{{c}}®0(0)® ) L(d')}
ces—1(d) d'es(c),d #d
- & {L(d)@{{C}}@O(C)@ L(d')}
ced—1(d) d'es(c),d #d
- P {{{c}}®0(0)® X )
ced—1(d) & €8(c)
= EB {o(c)
ced—1(d)
(by Deflnltlon@:Z])
= @ O,(
ced—1(d)

(by the assumption of the induction)
From Definition[7] Vc.c € §=1(d).Ve € Q.((c) € O.(2) — ¢ € O4(2). Hence,

0.(2) C O & P 0.(2) C 04
ced—1(d)

Meanwhile, Ve € ©4(£2).3¢ € 671 (d).c € c. From this,

c P o0

0661)
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Namely,

For conjunctive node ¢ € C,

(by the assumption of the induction)
= 0.(9).

g.e.d.
The following lemmalis extensively used in the proof to transform equations.

Lemma 4.2 (Distributive law) For any function g(x) that satisfies g(x1)g(x2) = g(x1 U x2),

{ > g(xa}{ > g(xn} - Y .

x1E€X1 x2€ X2 x€X1®X2

This equation may further be generalized as follows:

I[I> 9= > 9.

XeX xeX XEQxex X

Proof) Since the second equation is easily derived from the first, we give a proof of the first. For some

XEXQ,
{ > Q(Xl)}{ > g(Xz)}
x1€X1 x2€X2

- {Z g(xn}g(x){ 2 9<xz>}
x1€X1 x2€X2\{x}

{ > Q(X1)}{ > 9("2)}'
x1€X1®{x} x2€Xo\{x}

The recursive application of the above transformation gives the lemma.
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Since exp (E]’ Ajfj(c)> sati sfies the condition above, we derive:

CeC ceC

For digoint union,

J c€Qpec C

I exp (Z )\jfj(c)) = > exp (Z Ajfj(c)> :

oD o9x = Y g

XeX xeX XE@xex X

We then start the proof of the three theorems.

Proof of Theorem[4.]]

(pc";/)c =

From this, we find

{ Y exp (Z Ajfj(01)) } { > exp (Z Aij(c?)) }
c1€u(c) J c2€o(c) J

Z exp (Z )\jf]‘ (C))
cei(c)®o(c) J

(by Lemmal4.2)

Z exp (Z )\jfj(C)) .
c€O:(Q) J
(by Lemmal4.1)

ceC
ﬁ(w)Z(lx) > file) { > exp (Z )\jfj(c)) }
TEX ceC c€O(Q(®(x))) J
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The summation in the last formulais transformed as follows.

Hence, wefinally obtain:

223

> ¥ exp(z»f] )

c€C ceO.(

= > fi(c) exp (Z )\jfj(c))
J

(e,e)e{(c,c)|ceC.ce.cec}

(by Definition[4.9)

= > fi(c)exp (Z Ajfj(c)>
J

(e,e)e{(c,c)|cEN.cec}
(sinceVc € c.c € C)

= Y > fild)exp (Z Ajfj(°)> :
J

cef) cec

Zﬁ(%‘)z(lw) Z > file)exp (Z%’fj(@)
j

reX ceQ(P(x)) cec

(by Equation[4.2)

R
> (z) 700)

zeX

> {Zfz }eXP(;Ajfj(C))

ceQ(®(x)) \cec

Zﬁ(%’)% > file)exp (Z )\jfj(c))
r ceQ(P(x)) J

zeX

(by Definition[4.2)

S i) Z fz exp(ZAf] )

rzeX ceQ(d

Thelast equation is equal to Definitiond.5 Z(x) is obtained as ¢, as follows.

Z(xz) = ¢

= Z exp (Z )\jfj(c)>

ceu(r)

— Z exp (Z Ajfj(c)> .

ceQ(d(x))

83

(4.2)

g.e.d.
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Theinside a-product at conjunctive node c is:

( 11 %z) exp (Z Ajfj(C))
ded(c) J

{ H Z exp (Z Ajfj(c)> }exp (Z Ajfj(c)>
ded(c) ceu(d) J J

(by DefinitionZ:6)

{ > exp (Z Ajfj(c)> } exp (Z Ajfj(0)>
c€Qyes(c) L(d) J I

(by Lemmal4.2)

Z exp (Z Ajfj(c)>
ce{{c}}O® ues ey 1(d) J

(by Lemmal4.2)

Z exp (Z )\jfj(C)) .
ccu(c) J

(by Définition[4.7)

The inside a-product at digunctive node d is:

>

cev(d)

s {sm
cey(d) \ ceulc)

(by Définition[4.6)

(522)}
- ¥

exp (Z )\jfj(c))
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= Z exp (Z )\jfj(C)) .
J

ceu(d)

(by Définition[4.7)

g.e.d.



4.3. PROOF

Proof of Theorem The outside a-product at conjunctive node c is:

szc: Z T/Jd

dey~1(c)

= Z Z exp (ZA fi(e )

dey~'(c) ceo(d)

(by Definition[4.6)

= Z exp (Z >\jfj (C)>
(d) J
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= ) exp (Z Ajfj(C)) :
c€o(c) J
(by Definition[4.8)

The outside a-product at disunctive node d is:
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ced—1( (e),d' #d

> exp (Z )\jfj(c)) { > exp (Z Ajfj(c)> }
ces—1(d) j ceo(c) J
H Z exp (ZA file >

d'€8(c),d'#d ceu(d')
(by Definition[4.6)

> exp (Z Ajfj(c)) { > exp (Z Ajfj(c)> }
ced—1(d) J ceo(c) J

{ Z exp (Z Ajfj(d) }
06®d/€5(c),dl¢d v(d") J

(by Lemma[4.2)
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(by Lemma[4.2)

> > exp (Z Ajfj(6)>
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(by Lemma[4.2)
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- Z exp (Z Ajfj(c)>
c€@.es—1(0){ LN BANO® e 5c) a0 1(d) } J

= Z exp (Z )\jfj(C)) .
c€o(d) J
(by Definition[4.8)

g.e.d.

4.4 Discussion and Related Work

A new agorithm was presented for maximum entropy modeling and shown to provide a solution
to the parameter estimation of probabilistic models of complete structures without independence as-
sumption. We first defined feature forest, which is a packed representation of an exponential number
of trees of features. When training data is represented with feature forests, model parameters are
estimated at a tractable cost without unpacking the forests. The method provides a more flexible
modeling scheme than previous methods of application of maximum entropy models to natural lan-
guage processing. Furthermore, it is applicable to complex data structures where an event is difficult
to decompose into independent sub-events. For example, as presented in Chapter[5, feature forest
models are applicable to probabilistic modeling of feature structure grammars including HPSG.

The model described in this chapter was first published inMiyao and Tsujii (2002), and has been
applied to probabilistic models for parsing with lexicalized grammars. Applicationsto CCG parsing
(Clark and Curran, 12003, 2004k) and LFG parsing (Kaplan et al|, 12004) demonstrated that feature
forest models attained higher accuracy than other models. We will describe application of feature
forest models to probabilistic HPSG parsing in Chapter[5, and demonstrate the effectiveness in a
series of experiments in Chapter[@.

The work of [Geman and Johnson (2002) independently devel oped a dynamic programming algo-
rithm for maximum entropy models. The solution was similar to our approach, although their method
was designed to traverse LFG parse results represented with digunctive feature structures proposed
by IMaxwell 111 and Kaplan (1995). The difference between the two approachesis that feature forests
have asimpler generic data structure to represent packed forest structures. Therefore, without assum-
ing what feature forests represent, our algorithm can be applied to various tasks, including theirs.

Anather approach to the probabilistic modeling of complete structures is a method of approxima-
tion. Thework on whole sentence maximum entropy models (Chen and Rosenfeld,1999b; IRosenfeld,
1997) proposed an approximation algorithm to estimate parameters of maximum entropy models on
whole sentence structures. However, the algorithm suffered from slow convergence, and the model
was basically a sequence model. Therefore, it could not produce a solution for complex structures as
our model can. |Oshorne (2000) proposed another approximation method, which extracts informative
samples from all parse candidates. The method was successfully applied to Dutch HPSG parsing
(Malouf and van Noord, 2004). Thisissue will be discussed in Section[5.6l

We should also mention Conditional Random Fields (CRFs) (Lafferty et al!, 2001) for solving
a similar problem in the context of maximum entropy Markov models. Their solution was an al-
gorithm similar to the computation of forward/backward probabilities of hidden Markov models
(HMMs). Their algorithm is a special case of our agorithm in which each conjunctive node has
only one daughter. Thisis obvious because feature forests can represent Markov chains. In an anal-
ogy, CRFs correspond to HMMs, while feature forest models correspond to PCFGs. Extensions of
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CRFs, such as semi-Markov CRFs (Sarawagi and Cohen, 12004), are also regarded as instances of
feature forest models. This fact implies that our algorithm is applicable to not only parsing but also
to other tasks. CRFs are now widely used for sequence-based tasks, such as part-of-speech tag-
ging and named entity recognition, and have been shown to achieve the best performance in various
tasks (McCallum and Li,2003; M cCallum et all,|2004; |Peng and McCallum, [2004; IPinto et al!,2003;

Roark et al., [2004; |Settles, 2004; [Sha and Pereira, [2003; [Sutton et al), |2004). The results imply that

the method proposed in this chapter will achieve high accuracy when applied to various statistical
models with tree structures. Dynamic CRFs (McCallum et al., 2004; |Sutton et all, [2004) provide us
with an interesting inspiration for extending feature forest models. The purpose of dynamic CRFsis
to incorporate feature functions that are not represented locally, and the solution is to apply a vari-
ational method, which is an agorithm of nhumerical computation, to obtain approximate solutions.
A similar method may be developed to overcome a bottleneck of feature forest models, i.e., feature
functions are localized to conjunctive nodes.

The structure of feature forestsis common in natural language processing and computational lin-
guistics. Asis easily seen, lattices, Markov chains, and CFG parse trees are represented by feature
forests. Furthermore, since conjunctive nodes do not necessarily represent CFG nodes/rules and ter-
minals of feature forests need not be words, feature forests can express any forest structuresin which
ambiguities are packed in loca structures. Examples include derivation trees of LTAG and CCG.
Chiangd (2003) proved that feature forests were considered as derivation forests of linear context-
free rewriting systems (LCFRSs) (Vijay-Shanker et all, |11987; Weir, |11988). LCFRSs define a wide
variety of grammars, including LTAG and CCG, while preserving polynomial-time complexity of
parsing. This demonstrates that feature forest models are applicable to probabilistic models far be-
yond PCFGs. Feature forests are also isomorphic to support graphs (or explanation graphs) used
in the graphical EM algorithm (Kameya and Satg, 12000). In their framework, a program in a logic
programming language, PRISM (Sato and Kameya, 11997), is converted into support graphs, and pa-
rameters of probabilistic models are automatically learned by an EM agorithm. Support graphs have
been proved to represent various statistical structural models, including HMMs, PCFGs, Bayesian
networks and many other graphical structures (Sato, |2005; [Sato and Kameya, 12001). Taken together,
these results imply the high applicability of feature forest models to various real tasks.

Since feature forests have a structure isomorphic to parse forests of PCFG, it might be asserted
that they can represent only immediate dominance relations of CFG rules asin PCFG, and result in
only adlight, trivial extension of PCFG. As described above, however, feature forests can represent
structures beyond CFG parse trees. Furthermore, since feature forests are generalized representation
of ambiguous structures, each node in feature forests need not correspond to a node in PCFG parse
forests. That is, a hode in feature forests may represent any linguistic entity, including a fragment
of syntactic structures, semantic relations, and other sentence-level information. In Chapter5, we
will see that HPSG parse trees and predicate argument relations including nonlocal dependencies are
represented with tractable-size feature forests.

The idea of feature forest models could be applied to non-probabilistic machine learning meth-
ods. Taskar et all (2004) proposed a dynamic programming agorithm of the learning of large-margin
classifiers including support vector machines Vapnik, [1995), and presented its application to the
disambiguation in CFG parsing. Their algorithm resembles feature forest models; an optimization
function is computed by a dynamic programing algorithm without unpacking packed forest struc-
tures. From the discussion in this chapter, it is evident that if the main part of an update formulais
represented with (the exponential of) linear combinations, a method similar to feature forest models
should be applicable.

The feature forest model provides new insight into the relationship between a linguistic structure
and aunit of probabilities. Traditionally, aunit of probability wasimplicitly assumed to correspond to
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ameaningful linguistic structure; atagging to aword or an application of arewriting rule. One reason
for the assumption is to allow for dynamic programming algorithms such as the Viterbi algorithm
as discussed in Section4. 1. A probability of a complete structure must be decomposed into atomic
structures in which ambiguities are limited to atractable size. Another reason isto estimate plausible
probabilistic models. Since a probability is defined over atomic linguistic structures, they should
also be meaningful so as to be assigned a probability. In feature forest models, however, conjunctive
nodes are responsible for the former, while feature functions are responsible for the latter. That is, we
are free from tying ambiguity packing of linguistic structures to probabilistic modeling. Conjunctive
nodes may represent any fragmentsthat are not linguistically meaningful. They should be designed to
pack ambiguities and enable usto define useful features. Meanwhile, feature functions must represent
linguistically meaningful entities to capture statistical regularity of the target problem. We expect the
separation of a unit of probability from linguistic structures to open up a new framework of flexible
probabilistic modeling.



Chapter 5

Probabilistic M odeling of L exicalized
Grammars

Lexicalized grammars have been studied extensively from both linguistic and computational points
of view. However, despite research on processing efficiency (Oepen et al ., [20024), the application of
lexicalized grammars remains limited to specific domains and short sentences Oepen et a., 12002k;
Toutanova and Manning, 2002). Scaling up parsing with lexicalized grammars to process rea-world
texts is an emerging research field with both theoretical and practical applications.

Statistical modeling of lexicalized grammars isindispensable for the practical application of syn-
tactic analyzers. This is because applications usually require disambiguated or ranked parse results,
and statistical modeling of preference is one of the most promising methods for disambiguation. We
have developed a wide-coverage grammar and a large treebank of English HPSG in Chapter3. A
large treebank can be used astraining and test data for statistical models. Therefore, we now have the
basis for development and evaluation of statistical disambiguation models for wide-coverage HPSG
parsing.

The aim of this chapter is to develop a maximum entropy model for disambiguation in wide-
coverage HPSG parsing. As discussed in Chapter [4, maximum entropy models are necessary for
the probabilistic modeling of feature structure grammars. Existing models of probabilistic parsing
decompose the probability of a parse result into probabilities of rule applications assuming the inde-
pendence of the probabilities (Charniak, |1997; |Chiang, 12000; [Clark et all,12002; |Callins, (1999, 1996,
1997; IHockenmaier and Steedman), [2002b; IMagerman, 11995). Such models, however, cannot be ap-
plied to HPSG parsing, because rule applications in HPSG parsing viol ate the independence assump-
tion and the resulting probabilistic model will be inconsistent (Abney, 11997). However, maximum
entropy modeling of HPSG parsing is challenging because the estimation of maximum entropy mod-
elsis computationally expensive, and we require solutions to make the model estimation tractable.

We have two difficulties in the development of maximum entropy models for HPSG parsing.
One is that maximum entropy estimation requires enumeration of parse candidates assigned to a
sentence by grammar. However, as discussed in Section[4.1, simple enumeration of parse trees is
intractabl e because of exponential explosion. The solution in this chapter is the application of feature
forest models proposed in Chapter[d. We propose methods of representing HPSG parse trees (Sec-
tion5.2) and predicate argument structures (Section5.3) with feature forests (Miyao et al|, 2003k
Mivao and Tsujii, 2003, [2005).

The other difficulty is that enumeration of parse candidates requires the parsing of all sentences
in atraining treebank. Despite extensive research on parsing efficiency, exhaustive HPSG parsing
is still computationally expensive. The solution we adopted here is to filter out lexical entries ac-
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cording to a preliminary probability distribution (Section5.4). When parsing a treebank, we restrict
the number of lexical entries assigned to words. Since ambiguity of lexical entries is a significant
source of inefficiency in processing, such filtering of lexical entries greatly reduces the cost of pars-
ing (Miyao and Tsujii, [2005).

This chapter aso introduces feature functions employed in probabilistic HPSG parsing (Sec-
tion[5.5). Feature functions are classified into two types. one captures preferences of syntax and the
other represents semantic preference. In Chapter[G, we will investigate the contributions of features
to the accuracy of parsing.

This chapter provides a theoretical framework for the probabilistic modeling of syntactic struc-
tures generated by lexicalized grammars. Since syntactic structures express various linguistic rela
tions, such as non-local dependencies among words, a probabilistic model based on them is expected
to attain high accuracy of parsing.

5.1 Probabilistic Modelsfor HPSG Parsing

Discriminative log-linear models, or maximum entropy models, are now becoming ade facto standard
of disambiguation models for parsing with lexicalized grammars (Clark and Curran, 12003, 12004k
Geman and Johnson, 2002; \Johnson et al!,11999; [Kaplan et ., [2004; Riezler et al|, (2002, 2000). Pre-
vious studies on probabilistic models for HPSG (Baldridge and Osborne; 12003; M alouf and van Noord,
2004; Oepen et al|,12002b; [Toutanova and Manning, [2002) have al so adopted log-linear models. HPSG
exploits feature structures to represent linguistic constraints. Such constraints are known to introduce
inconsistencies in probabilistic models estimated using simple relative frequency as discussed in Sec-
tion[4.1] (Abney, |1997). Maximum entropy models are required for credible probabilistic models and
are also beneficial for incorporating various overl apping features.

Thisthesisfoll ows previous studies on the probabilistic model sfor HPSG [Baldridge and Osborne,
2003; Maouf and van Naoord, 2004; |Oepen et al !, 2002b; Toutanova and Manning, [2002). The prob-
ability, p(t|w), of producing parse result ¢ of a given sentence w is defined as

p(t|w) = Ziwpo(ﬂw) exp (Z fi(t,w))\i(t,w)>

2

Zw= Y po(t'|w)exp (Zfi(t’,w)xi(t’,w)>,

Y eT(w)

where po(t|w) is a reference distribution (usually assumed to be a uniform distribution), and 7'(w)
isaset of parse candidates assigned to w. The feature function f (¢, w) represents the characteristics
of ¢t and w, while the corresponding model parameter (¢, w) isits weight. Model parameters that
maximize the log-likelihood of the training data are computed using a numerical optimization method
(Malouf,2002).

Estimation of the above model requires a set of pairs (#y,, T'(w)), where t,, isthe correct parse for
sentence w. Whilet, isprovided by atreebank, 7'(w) is computed by parsing each w in the treebank.
Previous studies assumed T'(w) could be enumerated; however, the assumption isimpractical because
the size of T'(w) is exponentially related to the length of w. The problem of exponential explosion
is inevitable in the wide-coverage parsing of real-world texts because many parse candidates are
produced to treat various constructionsin long sentences.
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HEAD verb
SUBJ <> (A)
COMPS <>
I\\ v
HEAD verb
SUBJ <NP>
COMPS <>
4 N ~
AD noun
SUBY <>
COMB

HEAD prep ]
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[HEAD prep
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{HEAD noun} {HEAD verb } {HEAD noﬂ ggE,\‘/‘IJ;:NB {HEAD noﬂ
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MOD NP

SUBJ <>
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he saw a girl with  a telescope

Figure 5.1: Chart for parsing “he saw a girl with a telescope”

5.2 Packed Representation of HPSG Parse Trees

While estimating discriminative log-linear modelsrequires aset of (4, 7'(w)), enumeration of 7'(w)
is intractable because the size of T'(w) is exponential to the length of w. To avoid exponential
explosion, we represent T'(w) in a packed form of HPSG parse trees. A parse tree of HPSG is
represented as a set of tuples (m, [, r), where m, [, and r are the signs of mother, left daughter, and
right daughter, respectivelﬂ In chart parsing, partial parse candidates are stored in achart, in which
phrasal signs are identified and packed into an equivalence class if they are judged to be equivaent
and dominate the same word sequence. A set of parse trees is then represented as a set of relations
among equivalence classes.

Figure[5.1 shows a chart for parsing ““he saw a girl with a telescope”, where the modifiee (“saw”
or “girl”) of “with” is ambiguous. Each feature structure expresses an equivalence class, and the
arrows represent immediate-dominance relations. The phrase, “saw a girl with a telescope”, has two
trees (A in the figure). Since the signs of the top-most nodes are equivalent, they are packed into an
equivalence class. The ambiguity is represented as the two pairs of arrows leaving the node. The
algorithm for parsing is presented in Section2.3

Formally, a set of HPSG parse trees is represented in a chart as atuple (E, E., ), where E is
a set of equivalence classes, E. C F isaset of root nodes, and o : E — 2F*F js afunction to
represent immedi ate-dominance relations.

For simplicity, only binary trees are considered. Extension to unary and n-ary (n > 2) treesistrivial.
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Figure 5.2: Packed representation of HPSG parse trees in Figures. 1l

Our representation of a chart can be interpreted as an instance of feature forest proposed in Chap-
ter[dl A featureforestisan “and/or” graph to represent exponentially many tree structuresin a packed
form. If T'(w) isrepresented in afeature forest, p(¢|7(w)) can be estimated using dynamic program-
ming without unpacking the chart. A feature forest is formally defined as a tuple, (C, D, R, v, ¢),
where C isaset of conjunctive nodes, D isaset of disjunctive nodes, R C C isaset of root nodes,
v : D — 2¢ isaconjunctive daughter function, and § : C — 2P is adisjunctive daughter function.
The feature functions f;(¢, w) are assigned to conjunctive nodes.

The simplest way to map a chart of HPSG parse trees into a feature forest is to map each equiv-
alence class e € FE to aconjunctive node ¢ € C. However, in HPSG parsing, important features for
disambiguation are combinations of a mother and its daughters, i.e., (m,l,r). Hence, we map the
tuple (e, €1, e,), which corresponds to (m, [, r), into a conjunctive node.

Figure 5.2 shows (a part of) the HPSG parse trees in Figure5.1 represented as a feature forest.

2For ease of explanation, the definition of root node is slightly different from the original definition given in Chapterdl
The definition here is trandated into the original definition by introducing a dummy root node 1 that has no features and
only one digjunctive daughter whose daughters are R.
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HEAD verb [HEAD verb 7
SUBJ (HEAD noun) SUBJ (HEAD noun)
COMPS () COMPS ()
saw’ saw’
HooK [ARGl a-girl’] HOOK [ARGl _girl’]
RELS ( [ARGl ] RELS ( | ARG1[T] )
ARG2 atelescope’ ARG2 a_telescope’

Figure 5.3: Signs with predicate argument structures

Square boxes (¢;) are conjunctive nodes, d; are digjunctive nodes, solid arrows represent adigunctive
daughter function, and dotted lines express a conjunctive daughter function.
The mapping isformally defined as follows.

o C={{em,erer)lem € EN (e er) € alen)} U{w|lw € w}
e D=F,
e R={{em, e, e)|em € Er A\ (em,er,er) € C},

o Y(em) = { {{em,er, er)|(er,er) € alen)} ifaley) #0

{wle,, isalexical entry for w} otherwise,

o) = { grert e g Lmenen

0 if c € w.

Restricting the domain of feature functionsto (e, e;, e,) seemsto limit the flexibility of feature
design. Although it is true to some extent, this does not necessarily mean the impossibility of incor-
porating features on nonlocal dependencies into the model. This is because a feature forest model
does not assume probabilistic independence of conjunctive nodes. This means that we can unpack
a part of the forest without changing the model. Actually, we successfully developed a probabilistic
model including features on nonlocal predicate-argument dependencies. Details are described in the
next section.

5.3 Packed Representation of Predicate Argument Structures

With the method described in the previous section, we can represent a chart of HPSG parsing in a
feature forest without unpacking the chart. However, equivalence classes in a chart might increase
exponentially because predicate argument structures in HPSG signs represent the semantic relations
of all words that the phrase dominates. For example, Figures.3 shows phrasal signs with predicate
argument structures of “saw a girl with a telescope”. In the chart in Figure5.1, these signs are
packed into an equivalence class. However, Figurels,.3 shows that the values of CONT, i.e., predicate
argument structures, have different values, and the signs as they are cannot be equivalent. Asseenin
this example, predicate argument structures prevent us from packing signs into equivalence classes.

In this section, we apply feature forest model to predicate argument structures, which may include
reentrant structures and non-local dependencies. It istheoretically difficult to apply the feature forest
model to predicate argument structures; a feature forest cannot represent graph structures including
reentrant structures in a straightforward manner. However, we found that if predicate argument struc-
tures are constructed as in the manner described below, they can be represented using feature forests
of atractable size.
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rword 1
PHON (“love”)
synsem -
( " local ]
- category -
verb
MOD ()
HEAD | VFORM finite
INV minus
AUX minus
[SPR () T
CAT SPEC ()
LOCAL HEAD noun
SPR ()
VAL | suBa ( | LocaL | ©AT | vaL |:SUBJ 0 ] )
COMPS ()
SYNSEM CONT [HOOK [1]]
L | COMPS () 1
content
love’
CONT | HOOK [ARGl ]
ARG2[2]
RELS () |
nonlocal
QUE ()
REL ()
NONLOC HEADSgg”o
SLASH { | LOCAL CAT | vaL [SUBJ {) ] )
COMPS ()
L CONT [HOOK [2]] 1]
rword
PHON (“try”)
rsynsem
rlocal
[ category 7
verb
MOD ()
HEAD | VFORM finite
INV minus
AUX minus
[SPR () 7
SPEC )
HEAD noun
CAT SPR <>
CAT
SUBJ ( | LOCAL VAL | SUBJ ) )
LOCAL VAL COMPS <>
SYNSEM CONT[HOOK[1]]
- HEAD verb
CAT SPR
COMPS ( | LOCAL VAL [SUBJ { LOCAL [ CONT|HOOK [1]] )] )
COMPS ()
L L L CONT [HOOK[2]] 1]
content
try’
CONT | HOOK [ARGl j]
ARG2[2]
L RELS ()
nonlocal
QUE ()
NONLOC | e/ B
L L SLASH ()

Figure 5.4: Lexica entriesincluding non-local relations
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Figure 5.5: Process of composing predicate argument structures

Feature forests can represent predicate argument structures if we assume locality and monotonic-
ity in the composition of predicate argument structures.

Locality In each step of composition of a predicate argument structure, only alimited depth of the
daughters' predicate argument structures are referred to. That is, local structures in the deep
descendent phrases may be ignored to construct larger phrases. This assumption means that
predicate argument structures can be packed into conjunctive nodes with ignoring local struc-
tures.

Monotonicity All relations in the daughters predicate argument structures are percolated to the
mother. That is, none of the predicate argument relations in the daughter phrases disappear
in the mother. Thus predicate argument structures of descendent phrases can be located at
lower nodes in a feature forest without minding their disappearance in ancestor phrases.

Predicate argument structures usually obey the above conditions, even when they include non-
local dependencies. For example, Figure[5.4 shows lexical entries of HPSG, which are for the wh-
extraction of the object of “love” (upper) and for the control construction of “try” (lower). The first
condition is satisfied because both lexical entries refer to CONT|HOOK of argument signs in SUBJ,
COMPS, and SLASH. None of the lexical entries access directly to ARGX of the arguments. The
second condition is also satisfied because the values of CONT|HOOK of all of the argument signs are
percolated to ARGX of the mother. In addition, the elementsin CONT|RELS are percolated to the
mother by the Semantic Principle. Compositional semantics usually satisfies the above conditions,
including MRS. The composition of MRS refers to HOOK features, and no internal structures of
daughters. The Semantic Principle of MRS also assures that all semantic relations in RELS are
percolated to the mother.

Under these conditions, local structures of predicate argument structures are encoded into a con-
junctive node when the values of al of its arguments have been instantiated. We introduce the notion
of inactives to denote such local structures.
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Figure 5.6: Predicate argument structures of “dispute”
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Figure 5.7: Feature forest representation of predicate argument structures

Definition 5.1 (Inactives) Aninactiveis a subset of predicate argument structures in which all argu-
ments have been instantiated.

Because inactive parts will not change during the rest of the parsing process, they can be placed in a
conjunctive node. By placing newly generated inactives into corresponding conjunctive nodes, a set
of predicate argument structures can be represented in a feature forest by packing local ambiguities,
and non-local dependencies are preserved.

Figure 5.5 illustrates a process of parsing the sentence “She ignored the fact that | wanted to
dispute,” where “dispute” has an ambiguity (disputel, intransitive and dispute2, transitive). Predicate
argument structures of disputel and dispute2 are shown in Figureb.6. Curly braces express the
ambiguities of partially constructed predicate argument structures. The resulting feature forest is
shown in Figure[5.7l Boxes denote conjunctive nodes and d,, represent disjunctive nodes.

The clause 1 wanted to dispute” has two possible predicate argument structures. one correspond-
ing to disputel (« in Figure5.5) and the other corresponding to dispute2 (5 in FigureB.5). The
nodes of the predicate argument structure « are all instantiated, that is, it contains only inactives.
The corresponding conjunctive node (¢! in Figure5.7) has two inactives, for want and disputel. The
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other structure 5 has an unfilled object in the argument (ARGﬁ) of dispute2, which will be filled
by the non-local dependency. Hence, the corresponding conjunctive node 2 has only one inactive
corresponding to want, and the remaining part that corresponds to dispute? is passed on for further
processing. When we process the phrase “the fact that |1 wanted to dispute,” the object of dispute2 is
filled by “fact” (y in Figure5.5), and the predicate argument structure of dispute2 is then placed into
aconjunctive node (v in Figure5.7).

One of the beneficial characteristics of this packed representation is that the representation is
isomorphic to the parsing process, i.e., a chart. Hence, we can assign features of HPSG parse trees
to a conjunctive node, together with features of predicate argument structures. In Chapter[d, we
will investigate the contribution of features on parse trees and predicate argument structures to the
disambiguation of HPSG parsing.

5.4 Filtering by Preliminary Distribution

The above method is an essential solution for the tractable estimation of maximum entropy mod-
els on exponentially many HPSG parse trees. However, the problem of computational cost remains.
Construction of feature forests requires parsing of all of the sentences in a treebank. Despite the de-
velopment of methods to improve HPSG parsing efficiency (Oepen et all, 20024), exhaustive parsing
of all sentencesis still expensive.

We consider that computation of parsetreeswith low probabilities can be omitted in the estimation
stage because T'(w) can be approximated by parse trees with high probabilities. To achieve this, we
first prepared a preliminary probabilistic model whose estimation did not require the parsing of a
treebank. The preliminary model was used to reduce the search space for parsing atraining treebank.

The preliminary model in this study is aunigram model, p(t|w) =[],,c. P(l|w), wherew € w
isaword inthe sentencew, andl isalexical entry assigned to w. Thismodel is estimated by counting
the frequency of each lexical entry assigned to w. Hence, the estimation does not require parsing of a
treebank.

The preliminary model is used for filtering lexical entries when we parse a treebank. Given this
model, we restrict the number of lexical entries used to parse a treebank. With athreshold n for the
number of lexical entries and athreshold e for the probahility, lexical entries are assigned to aword in
descending order of probabilities, until the number of assigned entries exceeds n, or the accumulated
probability exceedse. If this procedure does not assign alexical entry necessary to produce a correct
parse, it is added to the list of lexical entries. This assures that the filtering method does not exclude
correct parse trees from parse forests.

Figure[5.8 shows an example of filtering lexical entries assigned to “saw”. With e = 0.95, four
lexical entries are assigned. Although the lexicon includes other lexical entries, such as a verbal
entry taking a sentential complement (p = 0.01 in the figure), they are filtered out. While this
method reduces the time required for parsing atreebank, this approximation causes biasin the training
data and results in lower accuracy. The trade-off between the parsing cost and the accuracy will be
examined experimentally in Section[6.3.21

We have several ways to integrate p with the estimated model p(¢|7°(w)). In the experiments, we
will empirically compare the following methods in terms of accuracy and estimation time.

Filtering only The unigram probability p is used only for filtering.

Product The probability is defined as the product of p and the estimated model p.

®As described in SectionZ2.1 L (bottom) represents an uninstantiated value (Carpenter, [1992).
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he saw a girl...
[HEAD verb

VAL[SUBJ <NP> ﬂl saw) = 0.52

L7 LCOMPS <NP>

[HEAD verb

VAL[SUBJ <NP> ﬂl saw) = 0.31
L COMPS <NP,VP>
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Figure 5.8: Filtering of lexical entriesfor ““saw”

Table 5.1: Templates of atomic features

RULE  name of the applied schema
DIST distance between the head words of the daughters
COMMA  whether acomma exists between daughters and/or inside of daughter phrases
SPAN  number of words dominated by the phrase
SYM symbol of the phrasal category (e.g. NP, VP)
WORD  surface form of the head word
POS part-of-speech of the head word
LE lexical entry assigned to the head word
ARG  argument label of a predicate

Reference distribution p is used as areference distribution of p.

Feature function log p is used as afeature function of p. This method was shown to be a general-
ization of the reference distribution method (Johnson and Riezler, 2000).

55 Features

Feature functionsin maximum entropy models are designed to capture the characteristics of (6, ¢/, e;.).
In this thesis, we investigate combinations of the atomic features listed in Table5.1l The following
combinations are used for representing the characteristics of binary/unary schema applications.

RULE,DIST,COMMA,
Tbinary = < SPAN;, SYM;, WORD, POS;, LE, >,
SPAN;, SYM,;., WORD,., POS;, LE,

funary = (RULE,SYM,WORD,POS,LE),

where suffixes [ and r denote left and right daughters.
In addition, the following is for expressing the condition of the root node of the parse tree.

froot = (SYM,WORD,POS,LE)
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/" oot = (S, saw, VBD, transitive)

[H EAD verb }

SUBCAT <>
[HEAD noun} [HEAD verb }
SUBCAT <>| | SUBCAT <NP>
: [HEAD verb } HEAD verb
[gﬁgg/&o“"} SUBCAT <NP> SUBCAT <NP>
== HEAD prep |||[HEAD verb
he [HEAD verb } MOD VP SUBCAT [HEAD noun}
SUBCAT <NP> SUBCAT <> <NP.NP> SUBCAT <>
head - mod,3,0,

Joinay =\ 3, VP, saw, VBD, transitive,
3,PP, with,IN, vp - mod - prep

Figure 5.9: Example features for binary schema application and root condition

[fact }
ARG1 want

want )
Ape/r [
ARGZ disputel

ignored  the fact
Soa1 = <ARG1, 1, wanted,\VBD, transitive, I, PRP, pronoun>

al —
fow = <ARG2,2, wanted ,VBD, intrans - vpcomp, dispute, VB, transitive>
foz = <ARG1,3, dispute, VB, transitive, I,PRP, pronoun>

Figure 5.10: Example features for predicate argument structures

Feature functions to capture predicate argument dependencies are represented as follows.
fpa = (ARG, DIST, WORD,,, POS,, LE;,, WORD,,, POSg, LE,) ,

where suffixes p and a represent predicate and argument, respectively.
Figure[5.9 shows examples: froot is for the root node, in which the phrase symbol is S and the
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Table 5.2: Feature templates for binary schema (left) and unary schema (right)

RULE DIST COMMA SPAN SYM WORD POS LE
v v v - - v VY
v v v - - v Vo=
v v v - - v -V
V4 Vv Vv — Vv Vv - - RULE SYM WORD POS LE
v - v v - v vV v - v vV
v - v v - v Vo= v - v Vo=
v - v v - v -V v - v -V
v - v vV v - - v v v - -
v v v - - - vV v - - vV
v v v - - - Vo= v - - Vo=
v v v - - - -V v - - -V
v v v - v - - - v v - - -
v - v v - - vV
v - v v - - Vo=
v - v v - - -V
v - v v Y - - -

Table 5.3: Feature templates for root condition

SYM WORD POS LE
=V Vv
— \/ \/ —
- v -
v ovoo- -
- - VY
— — \/ —
- - -
\/ — —

surface form, part-of-speech, and lexical entry of the lexical head are “saw”, VBD, and a transitive
verb, respectively. fp; nary is for the binary rule application to “saw a girl” and “with a telescope”,
in which the applied schema s the Head-Modifier Schema, the left daughter is VP headed by “saw”,
and the right daughter is PP headed by “with”, whose part-of-speech is IN and the lexical entry isa
V P-modifying preposition.

Figure[5.10 shows exampl e features for predicate argument structures. The figure shows features
assigned to the conjunctive node denoted as o/ in Figure[5.7Z. Since inactive structures in the node
have three predicate-argument relations, three features are activated. The first one is for the relation
of “want” and “1”, where the label of the relation is ARG1, the distance between the head wordsis 1,
the surface string and the POS of the predicate are want and VBD, and those of the argument are | and
PRP. The second and the third features are for the other two relations. We may include features on
more than two relations, such as the dependencies among “want”, “1”, and “dispute”, although such
features are not incorporated currently.

In an actual implementation, some of the atomic features are abstracted (i.e., ignored) for smooth-
ing. Tablesh.2, and[5.4lshow afull set of templates of combined features used in the experiments.
Each row represents a template of a feature function. A check indicates the atomic feature is incor-
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Table 5.4: Feature templates for predicate argument dependencies

ARG DIST WORD POS LE
vovv v Y
v vy =Y
vV - VvV
Vo= vV
Vo= Vo=V
Vo= - VvV
vovov V-
vovoov - -
vV - V-
Vo= v voo-
Vo= voo- -
v - - V-

porated while a hyphen indicates the feature isignored.

5.6 Discussion and Related Work

This chapter demonstrated that feature forest models are applicable to probabilistic modeling of lin-
guistic structures such as syntactic structures of HPSG and predicate argument structures including
non-local dependencies. The presented approach can be regarded as a genera solution to the proba-
bilistic modeling of syntactic analysis with lexicalized grammars.

Before feature forest models, studies on probabilistic models of HPSG adopted conventional max-
imum entropy models to select the most probable parse from parse candidates given by HPSG gram-
mars (Baldridge and Osborne [2003; |Oepen et al|,12002b; Toutanova and Manning, 2002). The differ-
ence between these studies and our work is that we used feature forest model s to avoid the estimation
problem — a problem of exponential increase of unpacked parse results. These studies ignored the
problem of exponential explosion, and the number of parse candidates was controlled by heuristic
rules or by careful implementation of afully restrictive grammar, which requires considerable effort
to develop. Infact, training datain these studies was very small and consisted only of short sentences.
We argue that exponential explosion is inevitable, particularly with the large-scale wide-coverage
grammars required to analyze real-world texts. In such cases, their methods of model estimation
are intractable. Another approach to estimating log-linear models for HPSG was to extract a small
informative sample from the original set 7'(w) (Osborne, 2000). The method has been successfully
applied to Dutch HPSG parsing (Malouf and van Noord, [2004). The problem with this method was
in the approximation of exponentially many parse trees by a polynomial-size sample. However, their
method had an advantage in that any features on parse results could be incorporated into a model,
while our method forces feature functions to be defined locally on conjunctive nodes. The trade-off
between the approximation solution and the locality of feature functionsis an unresolved problem.

Non-probabilistic statistical classifiers were also applied to disambiguation in HPSG parsing:
voted perceptrons (Baldridge and Oshorne, [2003) and support vector machines (Toutanova et a |,[2004).
However, the problem of exponential explosion is aso inevitable using their methods. An approach
similar to ours may be applied, given the study of Taskar et a! (2004) on the learning of a discrimi-
native classifier for a packed representation. If the main part of an update formulais represented with
linear combinations, dynamic programming similar to our algorithm should be applicable.
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A series of studies on parsing with LFG (Johnson et al/, 11999; [Riezler et a !, 12002, [2000) aso
proposed a maximum entropy model for probabilistic modeling of LFG parsing. However, similar to
the previous studies on HPSG parsing, these studies had no solution to the problem of exponential
explosion of unpacked parse results. As described in Section4.4}, \Geman and Johnson (2002) pro-
posed an algorithm for maximum entropy estimation for packed representations of LFG parses. Their
algorithm is similar to our model, athough the feature forest model was not designed for specific
data structures but for a general framework of estimating maximum entropy models on packed forest
structures.

Recent studies on CCG have proposed probabilistic models of dependency structures or pred-
icate argument dependencies, which are essentially the same as the predicate argument structures
described in this chapter. |Clark et al! (2002) attempted the modeling of dependency structures, but
the model was inconsistent because of the violation of the independence assumption.|Hockenmaiet
(2003) proposed a consistent generative model of predicate argument structures. The probability of a
non-local dependency was conditioned on multiple words for preserving the consistency of the proba
bility model; that is, probability p(I|want, dispute) in Section5.3wasdirectly estimated. The problem
was that such praobabilities could not be estimated directly from the data due to data sparseness, and
a heuristic method had to be employed. Probabilities were therefore estimated as the average of in-
dividual probabilities conditioned on a single word. Another problem is that the model is no longer
consistent when unification constraints such as those in HPSG are introduced. Our solution is free
from the above problems, and is applicable to various grammars, not only HPSG and CCG.

The latest work on parsing with LFG (Kaplan et al|, 12004; Riezler and Vasserman, 2004) and
CCG (Clark and Curran, 12003, 12004b) applied feature forest model s to disambiguation, and reported
higher accuracy than previous studies in experiments on parsing of Penn Treebank. These researchers
applied feature forests to representations of packed parse results of LFG and dependency/derivation
structures of CCG. Their work demonstrated the applicability and effectiveness of feature forest mod-
elsin parsing with wide-coverage lexicalized grammars.

Clark and Curran (20044a) described amethod for reducing the cost of parsing atraining treebank
in the context of CCG parsing. They first assigned each word a small number of supertags, which
correspond to lexical entriesin our case, and parsed supertagged sentences. Since they did not use the
probabilities of supertagsin a parsing stage, their method corresponds to our “filtering only” method.
However, they also applied the same supertagger in a parsing stage, and this seemed to be crucial
for high accuracy. This means that they estimated the probability of producing a parse tree from a
supertagged sentence.



Chapter 6

Evaluation of an HPSG Par ser

The methods described in the previous chapters were implemented for the development of an HPSG
parser for English. This chapter reports empirical evaluation of the HPSG parser. First, perfor-
mance of the grammar without disambiguation models is evaluated. Specifications of the grammar
are presented, coverage of the grammar against real-world texts is measured, and correctness of tree-
bank conversion is manually investigated. Next, performance of disambiguation models is evaluated.
Efficacy of feature forest models and filtering methods is revealed experimentally. Additionally, con-
tributions of features to accuracy and empirical data concerning parsing accuracy are reported.

6.1 Experiment Settings

The methods proposed in this dissertation were implemented in the following software packages.
They are available on-line, and all of the experiments reported in this chapter can be reproduced.

The MAYZ Toolkit A toolkit for supporting corpus-oriented development of lexicalized grammars.
Available at:
http://www-tsujii.is.s.u-tokyo.ac.jp/mayz/

Amis A maximum entropy estimator for feature forests. Available at:
http://www-tsujii.is.s.u-tokyo.ac.jp/amis/

Enju An HPSG parser for English devel oped using the MAY Z toolkit. Available at:
http://www-tsujii.is.s.u-tokyo.ac.jp/enju/

It should be noted that the MAY Z toolkit and Amis are not specialized to any specific grammar
theories. The tools provide general solutions to the problems of grammar development and prob-
abilistic modeling. The MAY Z Toolkit provides tools for treebank conversion, lexicon collection,
grammar/treebank browsing, and the development of probabilistic models. Grammar writers can
develop grammar by implementing linguistic principles and annotation rules. The only assump-
tion in the MAY Z Toolkit is that a grammar is represented with typed feature structures in LiLFeS
(Makino et al}, 11997, 11998), which is a logic programming language for the efficient processing of
typed feature structures. Amis is a general-purpose estimator for maximum entropy models. Given
training data represented with feature forests, the tool automatically estimates optimal parameters us-
ing GIS, 1S, or limited-memory BFGS. It also supports Gaussian priors and reference distributions.
Enju is a package of an English HPSG grammar and a probabilistic model for disambiguation. The
development of the grammar and the disambiguation model was supported by the MAY Z toolkit and
Amis. Experimental results reported in this chapter were produced with Enju version 2.1.

103
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Table 6.1: Specification of Penn Treebank

#sentences #words avg. sentence length

Section 02-21 (training set) 39,832 950,028 22.86
Section 22 (development set) 1,700 40,117 22.61
Section 23 (final test set) 2416 56,684 22.48
Section 00 (manual evaluation set) 1,921 46,451 23.18
5000 T T T T T T T 300
Section 02-21
Section 22 -~
Section 23 - J
4000 Section 00 250

1 200
3000

1 150

2000
1 100

# sentences (Section 02-21)

1000

# sentences (Section 22, 23, 00)

80 100 120 140
sentence length

Figure 6.1: Distribution of sentence length

Thetest datafor the evaluation is Penn Treebank (Marcus et al!,11994), which isawell-known cor-
pus for the evaluation of CFG parsers (Charniak, 11997, [2000; |Charniak and Johnson, [I2005; ICallins,
1996, 11997). Penn Treebank consists of sentences collected from Wall Street Journal. Following the
previous studies, we used the portion of Section 02-21 for the grammar development and the training
of probabilistic models. Section 22 was used as the development set; the set was used for evaluation
and error analysis during the development of the parser. Section 23 was used as the final test set. This
set was used only for the final evaluation. Section 00 was additionally used for the manual analysis of
results because Section 23 should not be investigated manually. Prior to experiments, treebanks were
preprocessed to eliminate words that were assigned part-of-speech “.” (e.g. “.” and“?").

Table[6.1] shows the number of sentences/words and the average sentence length in each portion
of the Penn Treebank. As the average sentence length is not very different, the difficulty of parsing
is expected to not vary among them. Figurele.1] shows distributions of sentencesin terms of sentence
length. The Distributions again are not different among training, development, and test data.

Otherwise noted, all of the following experiments were conducted on AMD Opteron servers with
a 2.4-GHz CPU and 16-GB memory. The programs are implemented in C++, and compiled with
GCC version 3.2.2.
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Table 6.2: Number of annotation rules

Target of annotation # of rules
Errors of non-/pre-terminal symbols 102
Coordination 3
Insertion & apposition 3
Disagreements in constituent structures 15
Ambiguous symbols 5
Determiners 11
Head/argument/modifier annotation and binarization 63
Subject extraction 2
Auxiliary and control verbs 6
Slash & filler-head schema 13
Relative clauses 8
Category and rule name assignment 85
Predicate-argument structures 13
Others 14
Total 343

Table 6.3: Specification of the HPSG treebank

#sentences #words avg. sentence length

Section 02-21 37,886 854,606 22.56
Section 22 1644 36,995 22.50
Section 23 2,299 51,097 22.23
Section 00 1,811 41,192 22.75

6.2 Evaluation of a Grammar

We implemented linguistic principles introduced in Section[3.2 and empirical annotation rules de-
scribed in Section[3.3. Tablel6.2lists the number of empirical annotation rules. “ Target of annotation”
represents categories of rules, which were explained in Section[3.3 The number of rules imply the
variety of constructions in the target, but does not necessarily indicate the complexity of annotation
targets. For example, “category and rule name assignment” requires 85 rules, but most of therules are
simple mappings from Penn Treebank-style non-/pre-terminal symbolsinto HPSG-style categories as
described in Section[3.3 On the contrary, “coordination” is annotated using only three rules, but they
are implemented as complex LiLFeS programs because the detection of coordinations requires the
computation of similarity between coordinated phrases.

The application of the linguistic principles succeeded for 37,886 out of 39,832 sentences in Sec-
tion 02-21 of Penn Treebank. The reasons for the failures of principle applications will be discussed
later in Section[6.2.3 The same algorithm was applied to Section 22 (1,700 sentences), Section 23
(2,416 sentences), and Section 00 (1,921 sentences) of the Penn Treebank, and we obtained HPSG
treebanks for a development set (1,644 sentences) from Section 22, afinal test set (2,299 sentences)
from Section 23, and a manual evaluation set (1,811 sentences) from Section 00. Specifications of
the HPSG treebanks are shown in Tablel6.3
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Table 6.4: Number of words/lexical entry templates

words templates templates per word

noun 21,925 186 1.14
verb 4,094 945 1.94
adjective 8,078 62 1.28
adverb 1,295 72 2.75
preposition 159 193 9.17
particle 58 10 1.69
determiner 36 33 3.86
conjunction 9 321 9.46
punctuation 15 120 22.00
total 34,765 1,942 1.43

6.2.1 Grammar Specifications

Table[6.4] lists the number of words/lexical entry templ ated] in the lexicon collected from the HPSG
treebanl@. From 37,886 HPSG derivation trees, we collected 1,942 lexical entry templatesfor 34,765
words. As expected, nouns occupy a dominant portion of the lexicon, while verbs dominate a large
number of templates of lexical entries. The right column shows the average number of templates
assigned to each word. Distributions of average numbers are clearly distinct for open and closed
words; prepositions, conjunctions, and punctuations are assigned many templates, while nouns, verbs,
adjectives, and adverbs are assigned fewer entries. Although particles and determiners are closed
words, they are assigned fewer templates because they have fewer syntactic variants.

Compared to the automatic extraction of LTAG (Xi&,1999), the number of Iexical entry templates
is significantly reduced despite fine-grained feature constraints of HPSG. Thisimplies that the HPSG
grammar achieved a greater degree of abstraction. For example, because LTAG cannot deal with the
sharing of subjects in VP coordination, the method of Xia (1999) extracted many fragment elemen-
tary trees from VP coordination. However, the number of templates extracted by our experiment is
greater than that of the CCG grammar (Hockenmaier and Steedmar), 12002a). A possible reason is
that the HPSG grammar deals with syntactic variety using a limited number of construction rules
(in our case, twelve), while the CCG grammar exploits lots of construction rules extracted from a
treebank. We can claim that HPSG lexical entries represent syntactic constraints that are represented
with CCG construction rules, athough we need thorough analysis of the relation between HPSG and
CCG grammars to make such claims.

Figure[6.2 shows lexical entry templates frequently observed in the treebanid. The most frequent
template is for a head noun, the second is for a determiner, and the third is for a noun-modifying
noun. Figure[6.3 gives frequent lexical entries for other syntactic categories. They are for an intran-
sitive verb, a noun-modifying adjective, and a post-verb modifier, respectively. Generaly, frequently
observed lexical entries were linguistically sound. Thisis because our grammar devel opment method
was focusing on extending grammar coverage against real-world texts, and concentrated on the refine-
ment of frequent lexical entries. Corpus-oriented development greatly supported this strategy because
we could obtain frequency of linguistic phenomena and entities, such as lexical entries.

!Lexical entry templates are types of lexical entries without word-specific constraints. See Section[34 for details.

2The summation of the number of words is not equal to the total number because a word might be assigned more than
one part of speech and be double-counted.

®Detailed feature constraints are omitted from the figures for readability.



6.2. EVALUATION OF A GRAMMAR 107

review/NN an/DT Oct./NNP
140,805 81,376 70,921
HEAD | [ou” HEAD {dEt ] HEAD r|\]/|0cl)JB ([ HEAD noun])
MOD () MOD () POSTHEAD —
SPR <[HEAD det]) SPR <> SPR <>
SUBJ <> SUBJ <> SUBJ <>
VAL | COMPS () VAL | COMPS () VAL | COMPS ()
CONJ <) CONJ <) CONJ <>

Figure 6.2: Frequent lexical entry templates obtained from Penn Treebank

verb adjective adverb
12,244 55,049 10,823
verb adj adv
HEAD [MOD () ] HEAD | MOD ([HEAD noun])] HEAD [MOD ({HEAD verb])]
VFORM base POSTHEAD — POSTHEAD +
SPR () SPR () SPR ()
SUBJ ({HEAD noun]) SUBJ () SuUBJ ()
VAL | COMPS ([HEAD noun]) VAL | COMPS () VAL | COMPS ()
SPEC () SPEC () SPEC ()
CONJ () CONJ () CONJ ()

Figure 6.3: Frequent lexical entry templates for verb, adjective, and adverb

Table 6.5: Corpus size vs. number of words/lexical entry templates

#sentences #words # lexica entry templates

1,000 4,463 467
2,000 6,915 602
4,000 9,944 764
8,000 14,677 1,060
12,000 18,184 1,214
16,000 21,409 1,357
24,000 26,694 1,589
32,000 30,991 1,772
39,832 34,765 1,942

Table[6.5 and Figurel6.4 show the number of words/lexical entry templates collected from various
sizes of treebanks. The number of lexical entry templates is significantly suppressed in comparison
to the number of words. This shows the grammar development method proposed in this thesis suc-
cessfully extracted generalized linguistic regularities from corpus examples. However, the number
of templates does not seem to be saturated. This does not necessarily indicate that we will find new
types of lexical entry templatesin alarger corpus. Observing lexical entries newly found in a latter
part of the treebank, we found that most of them were not linguistically sound. They were extracted
from ill-formed HPSG derivation trees produced by incorrect applications of heuristic annotation
rules, especialy for coordination and quotations. That is, most lexical entry templates newly found
in alatter part of the treebank are errors. Currently, we apply a method of automatically filtering out
erroneous lexical entry templates by thresholding out infrequent templates. Obviously, this method is
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Figure 6.4: Corpus size vs. number of words/lexical entry templates

Table 6.6: Lexical/sentential coverage for Section 23

seen unseen .
sentential
(sw,sc) | (sw,sc) (sw,uc) (uw,sc) (uw,uc)

G 96.52% | 0.87% 0.38% 1.21% 1.03% 54.7%
Go | 9915% | 058% 0.27% 0.00%  0.00% 84.8%
Gy | 9913% | 056% 031% 0.00% 0.00% 84.5%
Gz |99.09% | 054% 037% 0.00% 0.00% 84.1%
Gs | 99.05% | 051% 043% 0.00%  0.00% 83.7%
Gip | 9897% | 048% 055% 0.00%  0.00% 82.5%

not theoretically sound, but is asimple and effective temporary solution.

Since our annotation rules are imperfect at present, there is always the possibility of extracting
erroneous lexica entries from atreebank. Thisis not a disadvantage of our method, but we believe
that it can be an advantage. That is, grammar writers can identify errorsin a treebank by observing
alexicon. Errors are corrected by the modification of annotation rules and linguistic principles, and
the side effect of the modification can be detected empirically. In addition, the quality of a treebank
is quantified since the suppression of the increase of lexical entry templates can be an indicator of the
quality.

6.2.2 Evaluation of Coverage

Table[6.6 and Figure[6.5 show lexical/sentential coverage for Section 23. Coverage was measured
by comparing the acquired lexicon to lexica entries in the HPSG treebank Section 23. The table
shows the coverage of agrammar without/with unknown word handling. The method of handling un-
known words is similar tolHockenmaier and Steedman (20024); words occurring fewer than 20 times
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Figure 6.5: Lexical coverage for Section 23

in Section 02-21 were defined as “unknown words’. Lexical entries for “unknown words’ would be
assigned to unknown words in open texts. In the table, G/G, denotes grammars without/with un-

known word handling, and a suffix denotes a threshold of the frequency of lexical entry templates;
a grammar includes a lexical entry template only if its frequency is more than the threshold. The
“seen” and “unseen” columns represent lexical coverage, which is the same measure asXia (1999)

for LTAG and/Hockenmaier and Steedman (2002a) for CCG. That is, the “seen” column has the ratio
of word/template pairs covered by the grammar. The results are comparable to the existing studies,
despite the fine-grained constraints of HPSG. The “unseen” columns have the ratio of pairs not cov-
ered by the grammar, where “sw”/“uw” mean that words were seen/unseen, and “sc”/“uc” mean that
templates were seen/unseen in the grammar. Without unknown word handling, the ratio of unknown
words was higher. This is natural because we often find unknown open class words such as new
proper nouns in open texts. With unknown word handling, we observed that the ratio of “sw”/*sc”
was relatively higher. This means that both word and template existed in the grammar, but they were
not related. This can be improved by a more sophisticated method of treating unknown words.

The “sentential” column indicates sentential coverage in a strong sense, where a sentence was
judged to be covered only if the grammar included correct lexical entries for all words in the sen-
tence. This measure is considered to be the “idea” accuracy attained by the grammar, i.e., sentential
accuracy when a parser and a disambiguation model worked perfectly. The results demonstrate that
impressively high coverage against rea-world sentences is attained for the analysis by the HPSG
grammar. The results also reveal that unknown word handling is crucial for sufficient sentential cov-
erage.

Table[6.7 and Figure[6.6 show lexical/sentential coverage of grammars extracted from different
sizes of treebanks. The grammar “Gs” was used in this experiment. Lexical coverage is sufficiently
high with avery small treebank, while we need a larger treebank to have higher sentential coverage.
To obtain over 80% sentential coverage, we need around 20,000 sentences. The sentential coverage
seems to reach a saturation point at around 40,000 sentences. This indicates that we cannot improve
sentential coverage simply by using alarger corpus. To obtain higher sentential coverage, we need to
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Table 6.7: Corpus size vs. coverage

# sentences lexical coverage sentential coverage

1,000 94.14 36.1
2,000 96.18 523
4,000 97.49 64.9
8,000 98.22 73.0
12,000 98.49 75.9
16,000 98.66 78.2
24,000 98.87 817
32,000 98.97 829
39,832 99.09 84.1
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Figure 6.6; Corpus size vs. coverage

augment empirical annotation rules and linguistic principles, as we will discuss below.

Table[6.8 and Figure[6.7 show sentential coverage for different sentence lengths. A dotted line
in the figure shows y = (0.9909") x 100, which represents the assumption that an uncovered lexica
entry isfound independently of sentence length. The figure supports this assumption. A consequence
isthat sentence length isirrelevant to lexical coverage, but is critical for sentential coverage.

Table[6.9 shows manual classification of causes of uncovered lexical entriesin Section 00. The
lexical/sentential coverage of G5 against Section 00 was 98.63%/83.4%, respectively. Weinvestigated
100 randomly selected lexical entries in Section 00 that are not covered by Gs. Since one sentence
(1,855th sentence) contains a very long listing of proper names and includes too many (89) lexical
entries that are not covered by the grammar, we eliminated the sentence from the classification. The
result shows that nearly half of the degradation of the coverage is due to errors of the test data. Most
are caused by the incorrect application of empirical annotation rules. This means that the evaluation
of coverage is underestimated by the wrong HPSG parse trees in the test data. We can therefore
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Table 6.8: Coverage vs. sentence length

sentence length  sentential coverage # sentences
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Figure 6.7: Coverage vs. sentence length
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Table 6.9: Causes of uncovered lexical entries (Section 00)

Errors of Penn Treebank 10
Errors of test data Coordinations 15
Noun phrases 11
Prepositional phrases 4
Participle constructions 3
Others 15
Lack of lexical entries Modifiers 6
Adjective with complement 3
Problem of unknown word handling 3
Unlike coordination 2
Noun with complement 2
Others 7
Constructions currently unsupported Freerelative 4
Extraposition 3
Insertion of participle construction 2
Idioms 6
Non-linguistic constructions 4

improve the measure of coverage through the refinement of heuristic annotation rules applied to the
test data. The second cause is the lack of lexical entries. This is a defect of the grammar, and a
method of unknown word handling and a grammar design should be enhanced to treat them properly.
Constructions currently unsupported includes free relatives, extraposition, and insertion of participle
constructions. Since the HPSG theory already provides their explanations, they will be supported by
the grammar in the near future. Idioms and non-linguistic constructions (such as listings) will require
specia treatment. These improvements will be topicsin future research.

6.2.3 Investigation of Treebank Conversion

The application of linguistic principles failed for 1,946 sentences (4.9%) in Section 02-21, and the
reasons for the failures were manually investigated for the sentences in Section 02 (67 failures). The
results listed in Table[6.10 reveal that dominant reasons are shortcomings in annotation rules and
errorsin the treebank. We intend to reduce both of these by enhancing annotation rules, which should
lead to further improvements in the grammar. We rarely found constructions that are not handled
by the theory of HPSG (“argument cluster coordination” in the table). The results indicate that the
fragility of syntactic analysis was not due to syntactic theory itself.

Table[6.17] shows results of manual evaluation of treebank conversion, and Tabld6.12 lists causes
of incorrect conversions. 100 randomly selected parse trees in the HPSG treebank Section 00 (1,984
words) were manually judged. Lexical entries were judged as “incorrect” when they were not lin-
guistically sound, or undecidable (i.e., needs discussion); for example, while the head of “12 %" was
annotated as “12", this does not seem proper treatment of the expression and was judged as “incor-
rect” in the evaluation. The results indicate that a significant portion of incorrect conversions are due
to misapplications of empirical annotation rules. This is because we developed empirical annotation
rulesto be applied to aclosed set of data. That is, they were not intended to be applied to an open tree-
bank. However, we cannot ignore constructions which are not treated by our grammar currently. In
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Table 6.10: Reasons for the violation of linguistic principles (Section 02)

Argument cluster coordination 13
Errors in Penn Treebank Errorsin tree structures 8
Errors of part-of-speech 6
Nonsentences 2
Constructions currently unsupported Tough construction 6
Predicative sentence without be 3
Topicalization of VP 3
Slash in coordination/insertion 3
To-relative 2
Others 3
Misapplication of empirical annotation rules Insertion & apposition 4
Determiners 3
Coordination 3
Unexpected constructions 3
Other annotation rules 5
Table 6.11: Manual evaluation of treebank conversion (Section 00)
Correct lexical entries 1,790
Incorrect lexical entries 52
Conversion failures (# words) 142
Correctly converted sentences 66
Sentences containing incorrect lexical entries 27
Conversion failures (# sentences) 7
Table 6.12: Causes of incorrect lexica entries
Errors of Penn Treebank 5
Constructions currently unsupported Idioms 7
Modification of pronouns 3
Misapplication of empirical annotation rules Coordination 10
Complement of adverb/adjective 6
Category assignment 5
Head detection 4
Insertion 3
Quantifier phrases 3
Others 6
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Table 6.13: Specification of test data for the evaluation of parsing accuracy

#sentences #avg. length # avg. dependencies

Test set (Section 23, < 40 words) 2,144 20.52 20.95
Test set (Section 23, < 100 words) 2,299 22.23 22.74
Development set (Section 22, < 40 words) 1,525 20.69 21.08
Development set (Section 22, < 100 words) 1,641 22.43 22.94

particular, we do not treat idioms, and thiswill be an area for future work in the ongoing improvement
of the grammar.

6.3 Evaluation of Disambiguation M odels

This section presents experimental results on parsing accuracy after disambiguation by feature forest
models. In all of the following experiments, we used the HPSG grammar G described in the previous
section. The data for the training of disambiguation models was the HPSG treebank derived from
Section 02-21 of the Penn Treebank, i.e., the same set used for grammar devel opment. For the training
of disambiguation models, we eliminated sentences of no less than 40 words and for which the parser
could not produce the correct parses. The resulting training set consists of 33,604 sentences (when
n = 10 and e = 0.95; see Section[6.3.2 for details). The treebanks derived from Section 22 and 23
were used as the development and final test sets, respectively. Following the previous studies on CFG
parsing, the accuracy is measured for sentences of less than 40 words and for those of less than 100
words. Table[6.13 shows specifications of test data. The last column shows the average number of
predicate-argument dependencies, which are used for the evaluation of parsing accuracy.

The measure for evaluating parsing accuracy is precision/recall of predicate-argument dependen-
cies output by the parser. A predicate-argument dependency is defined as a tuple (w,, wy,, 7, p),
where wy, isahead word of the predicate, w;, isahead word of the argument, 7 is atype of the pred-
icate (e.g., adjective, intransitive verb), and p is an argument label (MODARG, ARGL, ..., ARG4).
For example, “Spring has come” has three dependencies as bel ow.

e (has, spring, auxiliary verb, ARG1)
e (has,come, auxiliary verb, ARG2)
e (come, spring, intransitive verb, ARG1)

Labeled precision/recall (LP/LR) is the ratio of tuples correctly identified by the parser, while unla-
beled precision/recall (UP/UR) is the ratio of wy, and w,, correctly identified regardiess of = and p.
F-score is a harmonic mean of LP and LR. These measures correspond to those used in other stud-
ies measuring the accuracy of predicate-argument dependencies in CCG parsing (Clark and Curran,
2004b; [Clark et all, [2002; [Hockenmaier, 2003) and LFG parsing (Burke et al|,12004). All predicate-
argument dependencies in a sentence are the target of evaluation, including punctuations. The accu-
racy is measured by parsing test sentences with part-of-speech tags provided by the treebank.

The Gaussian prior was used for smoothing (Chen and Rosenfeld,1999a), and its hyper-parameter
was tuned for each model to maximize F-score for the development set. The algorithm for param-
eter estimation was the limited-memory BFGS method (Nocedal and Wright, [1199S; INocedal, 11980).
The parser was implemented in C++ with the LiLFeS library, and various speed-up techniques for
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Table 6.14: Accuracy of predicate-argument relations (test set, < 40 words)

LP LR UP UR F-score Sentenceacc. # parsefailures

Baseline 7810 7739 8283 8208 77.74 18.3 8
Syntactic features 86.92 86.28 90.53 89.87 86.60 36.3 8
Semantic features 84.29 83.74 88.32 87.75 84.01 30.9 8
All 86.54 86.02 90.32 89.78 86.28 36.0 7

Table 6.15: Accuracy of predicate-argument relations (test set, < 100 words)

LP LR UP UR F-score Sentenceacc. # parsefailures

Baseline 7758 76.84 8222 8143 77.21 17.1 9
Syntactic features 86.47 85.83 90.06 89.40 86.15 34.1 9
Semantic features 83.81 83.26 87.75 87.16 83.53 28.9 9
All 86.13 85.59 89.85 89.29 85.86 33.8 8

HPSG parsing were used such as quick check and iterative beam search [Ninomiyaet al!, I2005;
Tsuruoka et al!,12004). Other efficient parsing techniques, including global thresholding, hybrid pars-
ing with a chunk parser, and large constituent inhibition, were not used. The results obtained using
these techniques are given in|Ninomiyaet al! (2005). A limit on the number of constituents was
set for time-out; the parser stopped parsing when the number of constituents created during parsing
exceeded 50,000. In this case, the parser output nothing, and the recall was computed as zero.

Features occurring more than twice were included in the probabilistic models. A method of
filtering lexical entries was applied to the parsing of training data (Sectionb.4). Unless otherwise
noted, parameters for filtering were n = 10 and ¢ = 0.95, and a reference distribution method was
applied. The unigram model, py(t|s), for filtering is a maximum entropy model with two feature
templates, (WORD, POS, LE) and (POS, LE). The model includes 24,847 features.

6.3.1 Efficacy of Feature Forest Models

Tables[6.14 and show parsing accuracy for the test set, while Tables.16 and show results
for the development set. Tablel6.18 gives computation/space costs of model estimation. In the tables,
“Syntactic features” denotes a model with syntactic features, i.e., Jbinary1 funary, and froot intro-
duced in Section5.5 “Semantic features” represents a model with features on predicate-argument
structures, i.e., fpa: “All” is amodel with both syntactic and semantic features. The “Baseline” row
shows the results by reference model, py(¢]s), used for lexical entry filtering in the estimation of the
other models. This model is considered as a simple application of a traditional PCFG-style model;
that is, p(r) = 1 for any rule r in 12 construction rules of the HPSG grammar.

The results demonstrate that feature forest models have significantly higher accuracy than arefer-
ence model. Comparing “Syntactic features” with “Semantic features”, we see that the former model
attained significantly higher accuracy than the latter. This indicates that syntactic features are more
important for overall accuracy. We will examine the contributions of each atomic feature of syntactic
featuresin Section[6.3.3

Semantic features were generally considered asimportant for the accurate disambiguation of syn-
tactic structures. For example, PP-attachment ambiguity cannot be resolved with only syntactic pref-
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Table 6.16: Accuracy of predicate-argument relations (devel opment set, < 40 words)

LP LR UP UR F-score Sentenceacc. # parsefailures

Baseline 7740 76.89 8215 8161 77.14 16.9 4
Syntactic features 87.12 86.71 90.66 90.23 86.91 37.2 5
Semantic features 84.81 84.38 88.76 88.31 84.59 30.5 5
All 86.86 86.45 90.42 89.99 86.65 35.7 5

Table 6.17: Accuracy of predicate-argument relations (development set, < 100 words)

LP LR UP UR F-score Sentenceacc. # parsefailures

Baseline 76.83 75.67 8153 80.29 76.25 15.7 10
Syntactic features 86.72 85.68 90.26 89.18 86.20 34.9 10
Semantic features 84.31 83.16 88.26 87.05 83.73 28.5 11
All 86.42 85.31 90.00 88.84 85.86 335 11

Table 6.18: Computation/space costs of model estimation

#features Estimationtime(sec.) Datasize (MByte)

Baseline 24,847 499 21
Syntactic features 599,104 511 727
Semantic features 334,821 278 375
All 933,925 716 1,093

erences. However, the results show that a model with only semantic features performs significantly
worse than one with syntactic features. Even when combined with syntactic features, semantic fea-
tures do not improve accuracy. Obviously, semantic preferences are necessary for accurate parsing,
but features used in this work were not sufficient to capture semantic preferences. A possible reason
is that, as reported inlGildea (2001), bilexical dependencies may be too sparse to capture semantic
preferences. For further investigation of the probabilistic modeling of predicate argument structures,
we must explore other features to capture semantic preferences, such as semantic-class features.

For reference, our results are competitive with the best corresponding results reported in CCG
parsing (LP/LR = 86.6/86.3) (Clark and Curran, 12004h), although our results cannot be compared
strictly with other grammar formalisms because each formalism represents predicate-argument de-
pendencies differently. Different from the results of CCG and PCFG (Charniak, 12000; ICallins, 11999,
1997, [2003), the recall is clearly lower than precision. This resulted from the HPSG grammar hav-
ing stricter feature constraints and the parser not being able to produce parse results for around one
percent of the sentences. To improve recall, we need techniques of robust processing with HPSG.

From Table[6.18, we conclude that feature forest models are estimated at atractable computational
cost and a reasonabl e data size. Even when a model includes semantic features including non-local
dependencies, estimation cost is tractable and reasonable. The results reveal that feature forest mod-
els solve the problem of the estimation of probabilistic models of sentence structures without any
independence assumption.
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Table 6.19: Estimation method vs. accuracy and estimation time

LP LR F-score Sentenceacc. Estimation time (sec.)

Filtering only 51.70 49.89 50.78 5.6 449
Product 86.50 85.94 86.22 35.0 1,568
Referencedistribution 86.92 86.28 86.60 36.3 511
Feature function 84.81 84.09 84.45 318 945

Table 6.20: Filtering threshold vs. accuracy

n,e LP LR  F-score Sentence acc.
5080 8509 8430 84.69 324
5090 8544 84.61 8502 325
5095 8552 84.66 85.09 32.7
5098 8550 84.63 85.06 32.6

10,0.80 8560 84.65 85.12 325
10,0.90 86.49 8592 86.20 34.7
10,0.95 86.92 86.28 86.60 36.3
10,0.98 87.18 86.66 86.92 37.7
15,0.80 8559 84.63 85.11 324
15,090 86.48 8580 86.14 35.7
15,095 87.21 86.68 86.94 37.0
15,098 8769 87.16 87.42 39.2

6.3.2 Comparison of Filtering Methods

Table[6.19 compares estimation methods introduced in Section5.4. In all of the following experi-
ments, we show the accuracy for the test set (< 40 words) only. Tablel6.19 reveals that our ssmple
method of filtering causes afatal bias in training data when a preliminary distribution is used only for
filtering. However, the model combined with a preliminary model achieved sufficient accuracy. The
reference distribution method achieved higher accuracy and lower cost. The feature function method
achieved lower accuracy in our experiments. A possible reason for thisis that a hyper-parameter of
the prior was set to the same value for al the features including the feature of the log-probability
given by the preliminary distribution.

Tables[6.20, and Figures[6.8, show the results of changing the filtering threshold. We
can determine the correlation between the estimation/parsing cost and accuracy. In our experiment,
n > 10 and € > 0.90 seem necessary to preserve the F-score over 86.0. Figure[6.8 indicates the
possibility of further improving the accuracy, although it will require unreasonable computation cost
as shown in Figure[6.9 We need to investigate more sophisticated methods of estimation with higher
accuracy and less cost.
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Table 6.21: Filtering threshold vs. estimation cost

n,e Estimation time (sec.) Parsingtime(sec.) Datasize (MByte) # training sentences

5,0.80 108 5,103 341 33,610
5,0.90 150 6,242 407 33,610
5,0.95 190 7,724 469 33,610
5,0.98 259 9,604 549 33,610
10, 0.80 130 6,003 370 33,610
10, 0.90 268 8,855 511 33,610
10, 0.95 511 15,393 727 33,604
10, 0.98 1,395 36,009 1,230 33,521
15, 0.80 123 6,298 372 33,610
15, 0.90 259 9,543 526 33,610
15, 0.95 735 20,508 854 33,596
15, 0.98 3,777 86,844 2,031 33,146
100 T T T T T T T T T
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Figure 6.8: Filtering threshold vs. accuracy
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Figure 6.9: Timefor parsing a treebank vs. accuracy

Table 6.22: Accuracy with different feature sets (1)

Features LP LR F-score Sentenceacc. # features

All 86.92 86.28 86.60 36.3 599,104
—-RULE  86.83 86.19 86.51 36.3 596,446
-DIST  86.52 8596 86.24 35.7 579,666

—-COMMA 86.31 8581 86.06 344 584,040
—-SPAN  86.32 8575 86.03 355 559,490
—SYM 86.74 86.16 86.45 354 406,545

-WwOorRD 86.39 8577 86.08 35.3 91,004
—POS 86.18 85.61 85.89 34.1 406,545
-LE 86.91 86.32 86.61 36.8 387,938
None 78.10 77.39 T77.74 18.3 0

6.3.3 Contribution of Features

Tables[6.22 and show the accuracy with difference feature sets. Accuracy was measured by
removing some of the atomic features from thefinal model. The last row denotes the accuracy attained
by the unigram model (i.e., reference distribution). The numbersin bold type represent a significant
difference from the final model according to stratified shuffling tests (Cohen, [1995) with p-value <
0.05. The resultsindicate that DIST, COMMA, SPAN, WORD, and POS features contributed to the final
accuracy, athough the differences were dlight. In contrast, RULE, SYM, and LE features did not affect
accuracy. However, when each was removed together with another feature, the accuracy decreased
drastically. Thisimplies that such features have overlapping information.

“Because of the shortage of memory, estimation with n = 15,¢ = 0.98 was run on a machine with 32 giga byte
memory.
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Table 6.23: Accuracy with different feature sets (2)

Features LP LR F-score Sentenceacc. # features

All 86.92 86.28 86.60 36.3 599,104
—DIST,SPAN 85.39 84.82 85.10 33.1 270,467
—DIST,SPAN,COMMA 83.75 8325 8350 28.9 261,968
—RULE,DIST,SPAN,COMMA 8344 8293 83.18 27.6 259,372
—WORD,LE 86.40 85.81 86.10 34.7 25,429
—WORD,POS 85.44 84.87 85.15 32.7 40,102
—WORD, POS,LE 84.68 84.12 84.40 311 8,899
—SYM,WORD,POS,LE 82.77 8214 8245 24.9 1,914
None 7810 77.39 77.74 18.3 0

Table 6.24: Accuracy for covered/uncovered sentences

LP LR F-score sentenceacc. # sentences
covered sentences 89.36 8896 89.16 42.2 1,825
uncovered sentences 7557 74.04 74.80 25 319

Table 6.25: Corpus size vs. accuracy

# sentences LP LR F-score  Sentence acc.

1,000 80.23 79.37 79.80 25.2
2,000 81.68 81.07 81.37 27.1
4,000 83.84 8329 83.56 30.7
8,000 84.88 84.39 84.63 33.6
12,000 85.75 8526 85.50 34.6
16,000 85.66 85.16 8541 34.6
24,000 86.28 8574 86.01 354
32,000 86.67 86.06 86.36 36.0
39,832 86.92 86.28 86.60 36.3

6.3.4 Factorsfor Parsing Accuracy

Table[6.24] shows parsing accuracy for covered and uncovered sentences. It reveals clear differences
in accuracy between covered/uncovered sentences. The accuracy for covered sentencesis around 2.5
points higher than the overall accuracy, while the accuracy is more than 10 points |ower for uncovered
sentences. This result indicates improvement of sentential coverage is an important factor for higher
accuracy.

Table[6.25 and Figure[6.10 show the learning curve. A feature set was fixed, while the parameter
of the Gaussian prior was optimized for each model. High accuracy is attained even with small data,
and the accuracy seems to be saturated. This indicates that we cannot further improve the accuracy
simply by increasing the size of training data. The exploration of new types of features is necessary
for higher accuracy.
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Table 6.26: Sentence length vs. accuracy
Sentence length LP LR F-score  # sentences
0-2 100.00 100.00 100.00 19
35 97.11 9573 96.42 90
6-8 91.74 9148 91.61 111
911 9211 9195 9203 179
12-14 8881 8775 88.28 194
15-17 87.26 8693 87.10 247
18-20 87.60 87.38 87.49 251
21-23 86.96 86.44 86.70 233
24-26 86.36 8534 85.85 217
27-29 85.13 84.62 84.88 200
30-32 86.32 8557 8594 162
33-35 8591 8548 8570 107
36-38 8711 8585 86.47 103
3941 8442 84.09 84.26 75
42-44 8489 8265 83.76 36
4547 8371 8316 8344 35
48-50 86.47 8571 86.09 11
51-53 8290 8328 83.09 12
54-56 7134 7134 77.34 7
57-59 5214 5169 5191 2
6062 8285 8339 8312 5
63-65 86.36 8571 86.04 2

121
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Figure 6.11: Sentence length vs. accuracy

Table [6.26 and Figure 6.1 show the accuracy for each sentence length. It is apparent from
this figure that the accuracy is significantly higher for shorter sentences (< 10 words). Thisimplies
that experiments with only short sentences overestimate the performance of parsers. Sentences with
at least 10 words are necessary to properly evaluate the performance of parsing rea-world texts.
However, the accuracy for longer sentences is not very different from that for shorter sentences,
although data points for sentences with more than 50 words are not reliable.

6.3.5 Analysisof Disambiguation Errors

Tablel6.27 shows manual classification of causes of disambiguation errorsin 100 sentences randomly
chosen from Section 00. In our evaluation, one error source may cause multiple errors of dependen-
cies. For example, if anincorrect lexical entry isassigned to averb, al of the argument dependencies
of the verb are counted as errors. The numbersin the table include such double-counting. Figurét.12
shows examples of disambiguation errors. The figure shows outputs by the parser.

Major causes are classified into three types: attachment ambiguity, argument/modifier distinction,
and lexical ambiguity. Asattachment ambiguities are well-known error sources, PP-attachment isthe
largest source of errors in our evaluation. Our disambiguation model cannot accurately resolve PP-
attachment ambiguities because it does not include dependencies among a modifiee and the argument
of the preposition. Since previous studies revealed that such dependencies are effective features
for PP-attachment resolution, we should incorporate them into our model. Some of the attachment
ambiguities, including adjective and adverb should also be resolved with an extension of features.
However, we cannot identify any effective features for the disambiguation of attachment of verbal
phrases, including relative clauses, verb phrases, subordinate clauses, and to-infinitive. For example,
Figure[6.12 shows an example error of the attachment of arelative clause. The correct answer is that
the subject of “yielded” is“acre”, but this cannot be determined only by the relation among “yield”,
“grapes”, and “acre.” The resolution of these errors requires a novel type of feature functions.

Errors of argument/modifier distinction are peculiar to deep syntactic analysis because arguments
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Table 6.27: Classification of disambiguation errors

Error cause # of errors
Attachment ambiguity prepositional phrase 32
relative clause 14
adjective 7
adverb 6
verb phrase 5
subordinate clause 3
to-infinitive 3
others 6
Argument/modifier distinction to-infinitive 19
noun phrase 7
verb phrase 7
subordinate clause 7
others 9
Lexical ambiguity preposition/modifier 13
verb subcategorization frame 13
participle/adjective 12
others 6
Test set errors Errors of treebank conversion 18
Errors of Penn Treebank 4
Comma 32
Noun phrase identification 15
Coordination/insertion 15
Zero-pronoun resolution 9
Others 4

and modifiers are not distinguished in the evaluation of CFG parsers. Figurd6.12 shows an example
of the argument/modifier distinction of ato-infinitive clause. In this case, the to-infinitive clauseis a
complement of “tempts.” The subcategorization frame of “tempts” seems responsible for this prob-
lem. However, the disambiguation model wrongly assigned atemplate for atransitive verb because of
the sparseness of the training data (“tempts” occurred only once in the training data). The resolution
of this sort of ambiguity requires the refinement of a probabilistic model of lexical entries. Errors
of verb phrases and subordinate clauses are similar to this example. Errors of argument/modifier
distinction of noun phrases are mainly caused by temporal nouns and cardinal numbers. The resolu-
tion of these errors seems to require the identification of temporal expressions and usage of cardinal
numbers.

Errors of lexical ambiguities were mainly caused by idioms, as shown in Figurde.12 “compared
with” isacompound preposition, but the parser recognized it as averb phrase. Thisindicates that the
grammar or the disambiguation model requires special treatment of idioms. Errors of verb subcat-
egorization frames were mainly caused by difficult constructions like insertions. Figurg6.12 shows
that the parser could not identify the inserted clause (“says John Siegel...”) and alexical entry for a
declarative transitive verb was chosen.

Attachment errors of commas are also significant, but can be ignored because they do not con-
tribute to the computation of semantics. It should also be noted that commas were ignored in the
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Attachment of a subordinate clause
It's made only in years when the grapes ripen perfectly (the last was 1979) and
comes from a single acre of [NP grapes [S’ that yielded a mere 75 cases in
1987]].

Argument/modifier distinction of a to-infinitive
More than afew CEOs say the red-carpet treatment tempts them [VP-modifier
to return to a heartland city for future meetings).

Prepositional phrase or modifier
Mitsui Mining & Smelting Co. posted a 62 % rise in pretax profit to 5.276
billion yen ($ 36.9 million) initsfiscal first half ended Sept. 30 [VP compared
with 3.253 billion yen ayear earlier].

Wrong assignment of a subcategorization frame
[NP-subject “Nasty innuendoes,”’] [VP says [NP-object John Siegal, Mr. Dink-
ins's issues director, “designed to prosecute a case of political corruption that
simply doesn’t exist.”]]

Figure 6.12: Examples of disambiguation errors

evaluation of CFG parsers because the annotation of commas in Penn Treebank is not consistent.
We did not eliminate punctuation from the evaluation since punctuation sometimes contributes to se-
mantics, as in coordination and insertion. Errors of commas representing coordination/insertion are
classified into “coordination/insertion” in the table.

Errors of “noun phrase identification” mean that a noun phrase was split into two phrases. These
errors were mainly caused by the indirect effects of other errors.

Errors of identifying coordination/insertion structures sometimes resulted in catastrophic analy-
ses. While accurate analysis of such constructions is indispensable, it is also known to be difficult
because disambiguation of coordination/insertion requires the computation of preferences of global
structures, such as similarity of syntactic/semantic structures of coordinates. Incorporating features
for representing similarity of global structuresis difficult for feature forest models.

Zero-pronoun resolution is also a difficult problem. However, we found that most were indirectly
caused by errors of argument/modifier distinction of to-infinitive clauses.

A significant portion of the errors discussed above cannot be resolved by the features we investi-
gated in this study, and the design of other features will be necessary for improving parsing accuracy.

6.4 Discussion and Related Wor k

Table [6.28 summarizes the best performance shown in this chapter by the HPSG parser with the
grammar G3. The parser demonstrates impressively high coverage and accuracy that have hardly
been attained by syntactic analysis including HPSG parsing. We therefore conclude that the HPSG
parser for English is moving toward a practical level of usein real-world applications.

As discussed in Section[3.5, methods of the extraction of lexicalized grammars from Penn Tree-
bank was studied extensively for LTAG (Chen and Vijay-Shanket, |2000; IChiang, 2000; [Xig, 11999),
CCG (Hockenmaier and Steedman, 20024), and LFG (Cahill et a!, [2002; |[Frank et al!, [2003b). The
grammar coverage reported here is comparable to or superior to their results. Our results additionally
demonstrate the practicality and applicability of lexicalized grammars to the analysis of real-world
sentences.
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Table 6.28: Final results

Coverage against Section 23

Lexical coverage 99.09%

Sentential coverage 84.1%
Parsing accuracy for Section 23 (< 40 words)

# parsed sentences 2,137/2,144 (99.7%)

Precision/recall 87.69%/87.16%

Sentential accuracy 39.2%

Experiments on the parsing of Penn Treebank with lexicalized grammars have been reported for
CCG (Clark and Currar), 2004b) and LFG (Kaplan et a!, [2004). They developed log-linear mod-
els on their own packed representations of parse forests, which are essentially based on our work
(Miyao and Tsujii, 2002). Although HPSG exploits further complicated feature constraints and re-
quires high computational cost, our work has proved that feature forest models can be applied to
HPSG parsing and attain accurate and wide-coverage parsing.

From the extensive investigation of HPSG parsing, we observed that exploration of new types
of features is indispensable to the further improvement of parsing accuracy. A possible research
direction is to encode larger contexts of parse trees, which have been shown to improve accuracy
(Toutanova et al, 2004; [Toutanova and Manning, 12002). Future work includes not only the investi-
gation of these features but also the abstraction of predicate argument dependencies using semantic
classes. Experimental results also suggest that an improvement of grammar coverage is crucial for
higher accuracy. This indicates that an improvement in the quality of a grammar is a key factor for
the improvement of parsing accuracy.






Chapter 7

Conclusions

In this thesis, we explored methods for establishing a syntactic analyzer based on HPSG to process
real-world texts. Two obstacles to this goal were discussed: the scalability of grammar devel opment
and probabilistic modeling of structured data.

Thefirst problem was the difficulty in expanding alexicalized grammar to apractical level. Wide-
coverage lexicalized grammars have required comprehensive rules/lexical entries, while they have
aso involved complicated representations of in-depth syntactic constraints. The scaling up of lexical-
ized grammars has been almost infeasible because the maintenance of agrammar becomes extremely
difficult as the grammar grows larger.

A new methodology, corpus-oriented development of lexicalized grammars, provided a solution
to the systematic control of consistency of alarge grammar. The method is corpus-oriented, in the
sense that the target of the development is a treebank rather than a lexicon. Grammar writers define
linguistic principles in conformity with a syntactic theory, and convert existing linguistic resources
into a treebank of the target syntactic theory. Linguistic principles are exploited to validate consis-
tency of agrammar. That is, inconsistencies are automatically detected as violations of applications
of principles to the treebank. This means that consistency maintenance is inherently involved in the
development process.

The second problem was the difficulty in the probabilistic modeling of structured data that can-
not be decomposed into independent probabilistic events. Statistical models are necessary for the
practical application of large-scale lexicalized grammars because the grammars produce ambiguous
parse results but applications usually require disambiguated or ranked results. However, probabilistic
modeling of lexicalized grammars has not been straightforward because popular methods of proba-
bilistic models cannot be applied. Lexicalized grammars express in-depth syntactic constraints with
expressive data structures such as typed feature structures. Since typed feature structures are graph
structures that may include reentrant structures, they cannot be decomposed into atomic probabilistic
events under the assumption of statistical independence.

The solution proposed here was the feature forest model. Feature forests are generic data struc-
tures to express an exponential number of trees in apacked forest structure. If probabilistic events are
represented with feature forests, maximum entropy models are estimated without any independence
assumption. The essential ideais an algorithm of estimating parameters of maximum entropy models
without unpacking feature forests. A dynamic programming algorithm was proposed for the compu-
tation of model expectations by traversing nodes in feature forests. Proof of the correctness of the
algorithm was al so presented. We successfully applied feature forest models to the probabilistic mod-
eling of HPSG parsing by demonstrating that parse trees of HPSG and predicate argument structures
are represented by feature forests.

The proposals in this dissertation were implemented in the development of an HPSG parser for
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English. The parser could parse 99.7% of unseen sentences from Penn Treebank Section 23. The
accuracy of identifying predicate argument dependencies was 87.69% precision and 87.16% recall.
The results are comparative to or better than state-of-the-art parsers and it is concluded that the HPSG
parser is a apractical level.

The following sections present achievements of this thesis in each sub-topic.

7.1 Corpus-Oriented Development of Lexicalized Grammars

The principal idea proposed in this thesis for grammar development was to develop a treebank of
a target grammar theory, and to collect a lexicon from the treebank. Grammar developers formu-
late generic structures and constraints of a grammar as linguistic principles, and develop empirical
annotation rules to convert an existing treebank into a treebank of the target grammar theory. The
consistency of annotated constraints is verified by applying linguistic principles to the treebank. A
lexicon isthen obtained by collecting terminal nodes of parse trees in the treebank.

This strategy was applied to the devel opment of awide-coverage HPSG grammar of English. We
defined 12 schemas following the definition of Pollard and Sag (1994), and devel oped 343 annotation
rules for converting Penn Treebank into an HPSG treebank. A lexicon was successfully collected
from 37,886 sentences out of 39,832 sentences in Sections 02-21 of the Penn Treebank. The obtained
lexicon achieved impressively high lexical coverage (99.15%) and sentential coverage (84.8%) for
unseen sentences (Section 23 of the Penn Treebank).

The results of the experiments revea that our grammar is sufficiently robust and accurate for
the analysis of real-world texts. This demonstrates that corpus-oriented development is a promising
alternative to manual development of alexicon. Our claim is that the fragility of syntactic analysis
was the result of difficulties with the development of a wide-coverage grammar based on syntactic
theories, as opposed to most researchers who believein theinherent impossibility of syntactic theories
for the processing of real-world texts. This study enabled us to devel op and maintain wide-coverage
grammars based on syntactic theories, and opened up the possibility of in-depth syntactic analysis of
real-world texts.

The concept of corpus-oriented development of lexicalized grammars is summarized in the fol-
lowing three points. First, grammar writers define linguistic principles and devel op atreebank instead
of alexicon. Second, they verify the consistency of the treebank using the linguistic principles, and
collect alexicon from the treebank. Third, they continuously refine the linguistic principles and the
treebank through the consistency verification. Through the cycle of the adjustment of atreebank and
the assessment by linguistic principles, grammar devel opersimprove the treebank in conformity with
the target grammar theory.

This methodology will be extended to the implementation of massive knowledge other than lex-
icalized grammars. We suspect that the difficulties in the implementation of knowledge have been
caused by the ambivalence of complicated structure and exhaustive distribution. That is, knowl-
edge must be represented with complicated structure in general, while real-world applications require
knowledge of exhaustive entities. The manual development was interested in the former property,
while the machine learning from real datafocused on the latter. The development of Iexicalized gram-
mars involved this problem, and we solved the problem by the construction of atreebank and consis-
tency verification by linguistic principles. Treebank development was a process of the externalization
of complicated metaphysical structures of massive sentences, and the consistency verification helped
the manual management of the formulation of the treebank. The success of corpus-oriented develop-
ment reveal s that exhaustive knowledge with complicated structure can be implemented through the
cycle of externalizing metaphysical structure of instance phenomena and the verification by generic
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principles.

7.2 Feature Forest Model and Probabilistic HPSG Parsing

The proposal for the probabilistic modeling of lexicalized grammars was the feature forest model.
Feature forests are generic data structures to represent exponentially many tree structures. When
ambiguous probabilistic events are represented by feature forests, parameters of maximum entropy
models are estimated in a tractable cost without unpacking feature forests. The essential ideawas a
dynamic programming algorithm of computing inside/outside «-products, which roughly correspond
to inside/outside probabilities of probabilistic context-free grammars.

Feature forest models were applied to the probabilistic modeling of HPSG parse trees and pred-
icate argument structures. It seemed difficult that feature forests represent predicate argument struc-
tures including non-local dependencies because feature forests can represent tree structures while
predicate-argument structures include reentrant structures. However, we found an algorithm to repre-
sent predicate argument structures with feature forests. This demonstrates the applicability of feature
forest models to wide-ranging problems.

Disambiguation models of HPSG parsing were trained with the treebank converted from Penn
Treebank Sections 02-21. Feature functions of maximum entropy models were designed to represent
characteristics of syntactic structures and predicate argument dependencies. The obtained disam-
biguation models attained 87.69%/87.16% accuracy (labeled precision/recall) for the identification
of predicate argument dependencies for unseen sentences in Penn Treebank Section 23. The manual
investigation of parsing errors revealed that some of the errors might be reduced by introducing se-
mantic preferences, although the majority of the errors are very difficult to resolve. Invention of new
types of feature functions seems necessary to reach a human level.

Feature forest models constitute a new framework of probabilistic modeling in natural language
processing. Traditionally, the design of probabilistic models was equal to the decomposition of prob-
abilities into independent sub-events and smoothing of probabilities of sub-events. This was the only
solution to cope with structured data of natural languages. However, feature forest models inspire a
new insight into the relationship between alinguistic structure and a unit of probabilities. Tradition-
ally, aunit of probability was implicitly assumed to correspond to a meaningful linguistic structure;
atagging to aword or an application of arewriting rule. Thiswas to estimate plausible probabilistic
models. Since a probability is defined over atomic linguistic structures, they should also be meaning-
ful to be assigned a probahility. In feature forest models, however, conjunctive nodes are responsible
for packing linguistic structures, while feature functions are for probabilistic models. That is, we are
free from tying ambiguity packing of linguistic structures with probabilistic modeling. Conjunctive
nodes may represent any fragments that are not linguistically meaningful. They should be designed
to pack ambiguities and enable us to define useful features. Meanwhile, feature functions should
represent linguistically meaningful entities to capture statistical regularity of the target problem. An
outcome of feature forest modelsis the separation of a unit of probability from linguistic structures.

7.3 Future Work

The success of the establishment of an HPSG parser opens up new possibilities of applications of nat-
ural language processing. Severa projects have already started using the parser/grammar devel oped
in this study. Applications include semantic role labeling Miyao and Tsujii, ' 2004), information ex-
traction from biomedical papers (Yakushiji et all, 12005, 2004), sentence generation (Nakanishi et al,
2005), and the automatic construction of semantic representations of dynamic logic. Since these
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applications exploit syntactic structures and predicate argument structures, the HPSG parser is a nec-
essary component for them. Furthermore, the HPSG parser will be an important component for
intelligent natural language processing systems, including dialog systems, machine translation, and
text mining.

In the beginning of this thesis, we discussed the problem of the scalability of syntactic analyzers
in comparison with corpus-driven methods. Two antagonisms were described: theory-oriented vs.
corpus-driven, and structure vs. statistics. The final problem in this thesis is how we should compre-
hend the methodology proposed here.

From the viewpoint of corpus-driven statistical methods, corpus-oriented devel opment introduced
amodel-theoretic strategy for organizing corpus annotations. The proposal was to incorporate alin-
guistic theory into a cycle of corpus development by exploiting linguistic principles. This concept
should be regarded as integrating theoretically motivated rules into annotations to a corpus. In addi-
tion, statistical models were successfully applied to typed feature structures. This demonstrates that
the application of statistical models should not be limited to problems of simple structures such as
classifications and sequence labeling. They may be applied to problems dealing with complicated
data structures, such as HPSG parsing.

From the perspective of theory-oriented structuralism, this thesis provided a solution to scaling
up syntactic theories to assess real-world texts. While preserving model-theoretic arrangement of
grammatical structures, quality and consistency of a grammar are maintained through verification
with empirical data. The key ideaisto exploit atreebank as atestbed of devel opment and verification,
not as training data of statistical models. Since grammar writers can manually maintain a treebank
and a grammar through linguistic principles, the heart of theory-based methods has not been lost.
In addition, we presented a method of constructing probabilistic models of complex data structures
which are required to represent in-depth linguistic constraints. We have had no reason to refuse
probabilistic models in syntactic analysis, and feature forest models provide a theoretically sound
solution to the problem.

To conclude, this thesis presented a fusion of two main streams of linguistic processing in the
context of syntactic analysis. Although strengths have been claimed for each approach, theoretical
refusal of either approach has never been established. The two concepts are not conflicting, but
focus on different sides of the nature of syntactic analysis. That is, theory-oriented methods are
indispensable to represent complicated structure of language, while corpus-driven statistical methods
are essential for scaling up linguistic processing. The most significant contribution of this thesis was
to exhibit the possibility of integrating the two methodologies. We expect that this consequence will
not be limited to syntactic analysis.
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Appendix A

Derivation of Maximum Entropy Models

This appendix describes a derivation of a parametric form of maximum entropy models. Recall the
definition of maximum entropy models, which was given in Definition2.13

Definition A.1 (Maximum entropy model) Maximum entropy model pas(y|z) in terms of training
data E is defined as follows:

(yw)argmaX{ d o) Y p yw)logp(yw)}

zeX yeY (x)
subject to:

Ve Y p) Y ple)fizy) =Y D B,y filz,y),

TEX yeY (x) zeX yeY (x)
Ve X Z p(ylz) = 1.
yeY ()

This constrained optimization problem is converted into an unconstrained optimization by the method
of Lagrangian multipliers.
First, we introduce the following Lagrangian.

Alp, A k) = +Z>‘{Mz Mz}‘*—zﬁx{ Z y:L‘)l}

zeX yeY (z)
= = p@) > plyle)logp(ylz)
TEX yeY ()
+2Ai{zp > pute) - Y X o f}
{ zeX yeY (z) zeX yeY(x)

TzeEX yeY (

—i—ZHI{Z yw)l}
)

In the equation, A = {)\;} and k = {k,} are Lagrange multipliers. The optimum of A(p, A, k) is
equal to the solution of the problem in Definition[A.l
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Since A(p, A, k) is convex, the optimum of this function is the zero point of partial derivatives. A
partia derivative of A(p, A, k) according to p(y|z) is:

OAN(p, A\, k)

ap(y|z) —p(z) (log p(y|x) + 1)

) Z)\ifi(xay)

+Kg.

L etting the above function be zero, we obtain:

—logp(ylz) — 14+ > Nifilz,y) + £z =0

— p(ylz) = exp (Z Aifilz,y) =1+ /%) :
From partial derivatives of A(p, A, k) according to «,, we obtain:
> plylz) —1=0.

yeY (z)

By substituting p(y|z), this constraint is rewritten as follows:

Z exp (Zkifi(w,y)—l—i-/{m) —-1=0
)

yeyY (x (

= exp(—1+rg) ¥ exp (Z /\ifi(w,y)> -1=0

yeY (z)
1

Doyey (@) exXP (; Aifi(z,y))

Hence, given parameters A = {\;}, p(y|z) is formulated as follows:

plle) = 5 ex0 (Z Az-fi<x,y>> ,
where Z(z) = Z exp (Z Alfz(w,y)> .

yeY(z)
Then, by substituting p(y|z) in A(p, A, k) to the above formula, we obtain:

T(A) = =Y plz) Y plylz)logp(ylz) +Z>\ — fii +me<z yw)1>
)

zeX yeY (z) zeX yeY (

= exp (—1 + ky) =

. 1 1
— —mezxp(x) ye;(q;) 700 P (; Aifi(ﬂﬁ,?/)) log 700 P (; )\Z-fz-(gj’y)>
—i-z)\z{Zﬁ Z fszy exp(Z)\fjxy> /1'}
) zeX yeY (z

= Z log Z Z >\z,uz

x
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¥ () isshown to be equal to the negative log-likelihood — L(p, E) of the training data £ accord-
ing to the probabilistic model p(y|z).

~Lip,BE) = —log [ p(ylz)?¥
(z.y)EE

= = > pzy)logp(ylr)

(z,y)EE

= - Z (g:y)logZ(l exp(ZAfz$y>

(zy)EE

= Y by logZ@) -~ Y p(m,y)ZAifi(w,y)

(vy)eE (vy)eE

= ZlogZ(:E) Z Z)\ Z p(z,y) fi(w,y)

TEX yeY () (vy)eE

= ) pz)log Z(x Zm

TEX
= T(\).

Hence, maximum entropy models are considered to be the result of optimizing the likelihood of the
training data given a set of feature functions and the parametric form in alog-linear formula.

We finally obtain the following formalization of maximum entropy models, which is the same as
Definition[2.14

Definition A.2 (Maximum entropy model (parametric form)) A maximum entropy model is de-
fined as the solution of the following optimization problem.

iyl )—argmax{ > ite) og 2(a +sz}’

where:

pylz; A) = Z(lw) exp (Z Aifi(w,y)> ,
Z(w;A) = Y exp (Z /\ifi(:v,y)> :

yeY (z)






Appendix B

Algorithms of Estimation of Maximum
Entropy Models

As shown in Appendix[A] parameter estimation for maximum entropy modelsis equivalent to solving
the optimum of the following function.

Definition B.1 (Optimization function)

:{_Zﬁ( lOgZ +Z>\z,uz}a
where Z(z; ) = Z exp (Z )x,fl(x,y)> .

yeY (z)

In general, optimization of Definition[B.Jdoes not have a closed form solution. Several numerical
algorithms have been proposed for finding model parameters, i.e., A.

One family of estimation algorithms is Iterative Scaling, such as Generalized Iterative Scaling
(GIS) (Darroch and Ratcliff, [1972) and Improved lIterative Scaling (11S) [DellaPietraet al, 11997).
They are well known algorithms for parameter estimation specialized for maximum entropy estima-
tion. Inthe Iterative Scaling approach, parameters A areiteratively updated according to the following
formula:

Ai N+ AN,

where A)\; is determined so as to increase the log-likelihood of the training data. The change of
the log-likelihood, i.e., AL(p(y|z;A), E) = L(p(y|z; A + AX), E) — L(p(y|z; A), E), is bound as
follows:

AL(p(ylz; A), B) = > pla,y)logplyls; A+ AN — > p(x,y) log p(yla; A)
(zy)EE (zy)EE
~ A+ AN

= Z p(w,y)ZAA,-fi(ac Y) ZP T))
(x,y}EE‘ i reX ’
(z,y)EE )
+1-) p(x) Z (ylz; X) exp > ANifi(z,y).

TEX yeY (z) 7

(since —logz > 1 —z foral z > 0)
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Call thelast formula A(AM). Since A(AA) isalower bound of the change of the log-likelihood, the
log-likelihood increases when A(AX) > 0.
We further transform the formula to obtain aformula containing only one variable, AX.
A(AN)

pz,y ANifi(z,y) +1— p(z p(ylz; N exp | f7(x,y AAZ-L
- T Y 3250 S ptlaiNesw 17100 32 00 fE )

where f#acy Zflacy

Smcezl = 1, we can apply Jensen’s inequality.

Fit =
A(AN)

Zﬁ(ﬂs,y)ZA/\ifi(w,y)H—Zﬁ(w)z (yla; A Z
T,y 7 T

exp (AN f#(z,y)).

Call this new bound B(AX). We choose A that maximizes the above formula. Let us get partial
derivatives of the formula with respect to A .

OB(AN)
DA,
= Zp ,y) fi(z,y) Zp Z (73 A) fi(, y) exp (Akif#(w,y)>

:0.

Since the above formula includes only A); and no other variables, the solution to the equation
of each variable is individually computed. Finally, we find the following equation to get A that
increases the log-likelihood.

> b, y) filz,y) Zp p(yle) fi(x,y) exp (A/\ f#(x, )) : (B.1)

T,y

We can solve Equation[B.T by Newton's method. By factoring the terms having the same f# (, ),
we define factored model expectation, s; ¢+, which is the expectation of feature f; given by the

model.
ey = > p(a > filz, y)p(ylz).

zeX yGY(fv),f#(m,y)=f#

Then, Equation[B.lis rewritten as follows:
=Y exp (ANfF)

f#

Since this equation is polynomial, Newton's method can be applied.

The agorithm shown in FigureB.1 implements this. The main part of the algorithm is the com-
putation of factored model expectation. For each iteration, all eventsin atraining data are traversed
and model expectations are accumulated into 4y; ).
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Input: training data F = {(z,y)},
feature functions f ={f;}, initial parameters A = {\;}
Output: optimal parameters A

# Computing relative frequencies and empirical expectations
foreach (z,y) € E
ple) (o) + 1
foreach f; € f such that fi(z,y) #0
fui = fii + g fil,)
end_foreach
end_foreach
# Main loop of iterative scaling
loop until A converges
# Computing model expectations
foreach (1,y) € E
foreach y' € Y(x)
f#(x,y) = 32, filz,y)
foreach f; € f such that fi(z,y') #0

. 1
B, f# () & Bt gy + (@) fi2,y) Z@) &P (Z /\kfk(x,y')>
k

end_foreach
end_foreach
end_foreach
# Updating parameters
foreach f; € f
Let A); be the solution of the following equation:
> iy exp(BAN) = fis
k
Ai — A+ AN

end_foreach
end_loop

Figure B.1: Improved iterative scaling

Another update formulais derived by transforming A(AM) in adlightly different way. Instead of
introducing f# (z, y), we define a constant, C' = max, , f#(z,y). A(AX) is then transformed and
bound asfollows:

A(AN)

- pry ZAAfzi Y) +1—ZP Zp ylz; A) exp( C’ZAXfi(g’y))
> pry ZAAfza:y —|-1_Zp Zpy|$ Zfz ) p(ANC).
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Input: training data F = {(z,y)},
feature functions f ={f;}, initial parameters A = {\;}
Output: optimal parameters A

# Computing relative frequencies and empirical expectations
foreach (z,y) € E
ple) (o) + 1
foreach f; € f such that fi(z,y) #0
fui = fii + g fil,)
end_foreach
end_foreach
# Main loop of iterative scaling
loop until A converges
# Computing model expectations
foreach (1,y) € E
foreach y' € Y(x)
f#(x,y) = 32, filz,y)
foreach f; € f such that fi(z,y') #0

i < i +ﬁ($)fi($ay')% exp (Z Akfk(%@))
k

end_foreach
end_foreach
end_foreach
# Updating parameters
foreach f; € f

1 fhi
AN = — log <—>
tof# i
Ai — A+ AN

end_foreach
end_loop

Figure B.2: Generalized iterative scaling

Let B'(AX) denote the last formula. Differentiating B/ (AX) with respect to A); gives:

OB'(AN)
DAN;

= pryfzwy Zp Z (ylz; A) fi(z, ) exp (ANC)
_ 0

The equation has a closed form sol ution:
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This result is the update formula of Generalized Iterative Scaling (GIS). FigureB.2 shows an algo-
rithm of parameter estimation by GIS.

In general, GIS has ower convergence than 1S, but requires less memory and computational
cost. Thisis because I1S requires the computation of factored model expectations. Since model ex-
pectations must be stored separately for every f#(z, y), it requires larger memory when the variation
of f#(x,y) islarger. For example, when we incorporate real-valued features, 11S is not applicable.
Maloufi (2002) provided empirical comparison of GISand I1S.

Another family of optimization algorithmsis that of gradient-based algorithms, such as the Con-
jugate Gradient (CG) method (Fletcher and Reeves, 11964) and the limited-memory BFGS (L-BFGS)
method (Nocedal and Wright, 1199S; INocedal, [1980). They are general-purpose numerical algorithms
for function optimization when a gradient of an objective function is easily computable. In our case,
since the gradient of the optimization function (L(p(y|z; A), E) = L(A)) is computed in a closed
form, we can apply gradient-based algorithms. The algorithms are widely used in various tasks not
limited to natural language processing because of the fast convergence speed. Recent studies on natu-
ral language processing prefer gradi ent-based algorithms because their convergence speed was proved
to be significantly faster than Iterative Scaling methods (Malouf, [2002).

Gradient-based algorithms require the computation of an optimization function and its gradient,
i.e., partial derivatives of the function at any point. In our case, the objective function is a log-
likelihood of the training data:

L) = =) plx)log Z(z) + Z Aiflis

TeX

and the derivativein terms of ); is:

OL(A)  _ 1 3zZ(x)
ox _I;\,p(x)Z(x) O\ +
= iy X e (ijfj(x,w) + i
TEX yeyY (x) j
= = plx) > pla)filz,y) + fi
= [l — i

In the following, we denote the gradient, i.e., the vector of partial derivatives, asg:

g = VL(A)
L) AL
- < 8)\1 sty 3—>\n>

= </~7'1_/J'13"'a/~7'n_/1'n>'

The simplest algorithm of gradient-based opti mization isthe steepest descent method. That is, the
parameter vector X is updated along the direction of the gradient. When we denote A and g of the
k-th iteration as A(%) and g(¥), respectively, the update formulais:

AEFD) o \K) _ (k) g (k)
The optimal o(¥) is determined with a one-dimensional line search algorithm. However, this method

was shown to have very slow convergence because the gradients of each iteration are fixed to one of
the two directions.
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Input: training data F = {(z,y)},
feature functions f ={f;}, initial parameters A = {\;}
Output: optimal parameters A

# Computing relative frequencies and empirical expectations
foreach (z,y) € E
ple) (o) + 1
Bz, y) < pla,y) + g
foreach f; € f such that fi(z,y) #0
fui = fii + g fil,)
end_foreach
end_foreach
# Main Ioop of the conjugate gradient method
loop until A converges
# Computing model expectations and log-likelihood
foreach (1,y) € E
foreach y' € Y(x)
foreach f; € f such that fi(z,y') #0
pi < pi +p(z) fi(z, y')ﬁ exp (zk: Ak fr(T, y'))
if y' =y then L« L+ ;)\
end_foreach
end_foreach
9" — p—p
L+ L —p(z)log Z(z)
end_foreach
# Updating parameters
(k) g(k)
d®) « —g® 4 Berd®=1)  where feg = —2—7
gk g1
a®) «1ine_search (A¥) , d®) , L)
dF) — k) gk)
AFEFD o AK) o g(k)
end_loop

Figure B.3: Algorithm of parameter estimation by a Conjugate Gradient method

To overcome the problem of slow convergence, several methods have been proposed in thefield of
numerical computation. The basic idea was that we should choose a direction orthogonal to previous
search directions. Hence, the update formula becomes as follows:

A+ AB) 4 ) (k)

where d(*) is a line search direction that is chosen to be orthogonal in every iteration. The most
famous agorithm to determine d*) is Conjugate Gradient (CG) methods. In this algorithm, the
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s(k) (k) _ \(k-1)
(k) -
P Sy ®
dk) _g(k)
for 1=k to k—-m+1
a® «— p(i)s(i)d(k)
dk) — qdk) _ a(i)y(i)
end_for
s(k)y(k)
ly*)|2
for i=k—m+1 to k
d®) — qdk) ¢ (a(i) _ p(i)y(i)d(k))s(i)
end_for

d® (k)

Figure B.4: Algorithm of computing a search direction with a limited-memory BFGS method

direction is determined according to the following formula:
d® «— —g®) 4 gak=1),

Several methods have been proposed for computing 3; the simplest one is called the Fletcher-Reeves
method (Fletcher and Reeves, [1964) in which (5 is defined by:

gF)gk)
IR gk gl

Other (more complicated) methods are proposed and are shown to achieve better convergence. How-
ever, the details are beyond the scope of this thesis. FigurelB.3 shows an algorithm of parameter
estimation based on the Fletcher-Reeves method.

Anather approach is quasi-Newton methods, ak.a., variable metric methods. The idea was that
they approximate Hessian matrix H = V2¥(), and apply Newton’s method in a multi-dimensional
space. However, simple application of Newton’s method is computationally expensive because it re-
quires computation of inverse Hessian. Quasi-Newton methods thus approximate the inverse Hessian
by amatrix that isiteratively updated in each iteration by acertain formula. The most famous formula
of updating approximate inverse Hessian isthe BFGS update formula Broyden, 1970; [Fletcher,(1970;
Goldfarb, 11970; [Shanng, 11970). However, this method requires large memory because the matrix has
|A|? elements, and it is not applicable to problems with large dimensions.

Nocedal (1980) proposed a new method of approximating inverse Hessian using a small number
of vectors. This method, which is called a limited-memory BFGS method (L-BFGS), iswidely used
in the parameter estimation of maximum entropy models. Most parts of the algorithm are the same as
CG methods, while the procedure to compute a search direction, d®)  is different. Figure[B.4 shows
a pseudo-code of computing d*) with the L-BFGS method. The method requires to store 2 x m
vectors of || elements (s and y in the pseudo-code) and m scalars (p). Since m = 5 is sufficient in
general, the method requires much less memory than the original BFGS method.
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