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Abstract

Hall, Johan, 2008. Transition-Based Natural Language Parsing with Depen-
dency and Constituency Representations, Acta Wexionensia No 152/2008.
ISSN: 1404-4307, ISBN: 978-91-7636-625-7. Written in English.

This thesis investigates different aspects of transition-based syntactic
parsing of natural language text, where we view syntactic parsing as the
process of mapping sentences in unrestricted text to their syntactic represen-
tations. Our parsing approach is data-driven, which means that it relies on
machine learning from annotated linguistic corpora. Our parsing approach
is also dependency-based, which means that the parsing process builds a
dependency graph for each sentence consisting of lexical nodes linked by
binary relations called dependencies. However, the output of the parsing
process is not restricted to dependency-based representations, and the the-
sis presents a new method for encoding phrase structure representations as
dependency representations that enable an inverse transformation without
loss of information. The thesis is based on five papers, where three papers
explore different ways of using machine learning to guide a transition-based
dependency parser and two papers investigate the method for dependency-
based phrase structure parsing.

The first paper presents our first large-scale empirical study of parsing
a natural language (in this case Swedish) with labeled dependency repre-
sentations using a transition-based deterministic parsing algorithm, where
the dependency graph for each sentence is constructed by a sequence of
transitions and memory-based learning (MBL) is used to predict the transi-
tion sequence. The second paper further investigates how machine learning
can be used for guiding a transition-based dependency parser. The empiri-
cal study compares two machine learning methods with five feature models
for three languages (Chinese, English and Swedish), and the study shows
that support vector machines (SVM) with lexicalized feature models are
better suited than MBL for guiding a transition-based dependency parser.
The third paper summarizes our experience of optimizing and tuning Malt-
Parser, our implementation of transition-based parsing, for a wide range of
languages. MaltParser has been applied to over twenty languages and was
one of the top-performing systems in the CoNLL shared tasks of 2006 and
2007.

The fourth paper is our first investigation of dependency-based phrase
structure parsing with competitive results for parsing German. The fifth
paper presents an improved encoding method for transforming phrase struc-
ture representations into dependency graphs and back. With this method it
is possible to parse continuous and discontinuous phrase structure extended
with grammatical functions.

Keywords: Natural Language Parsing, Syntactic Parsing, Dependency
Structure, Phrase Structure, Machine Learning
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Sammandrag

Denna doktorsavhandling undersöker olika aspekter av automatisk syn-
taktisk analys av texter p̊a naturligt spr̊ak. En parser eller syntaktisk
analysator, som vi definierar den i denna avhandling, har till uppgift att
skapa en syntaktisk analys för varje mening i en text p̊a naturligt spr̊ak.
V̊ar metod är datadriven, vilket innebär att den bygger p̊a maskininlärning
fr̊an uppmärkta datamängder av naturligt spr̊ak, s.k. korpusar. V̊ar metod
är ocks̊a dependensbaserad, vilket innebär att parsning är en process som
bygger en dependensgraf för varje mening, best̊aende av binära relationer
mellan ord. Dessutom introducerar avhandlingen en ny metod för att koda
frasstrukturer, en annan syntaktisk representationsform, som dependens-
grafer vilka kan avkodas utan att information i frasstrukturen g̊ar förlorad.
Denna metod möjliggör att en dependensbaserad parser kan användas för
att syntaktiskt analysera frasstrukturer. Avhandlingen är baserad p̊a fem
artiklar, varav tre artiklar utforskar olika aspekter av maskininlärning för
datadriven dependensparsning och tv̊a artiklar undersöker metoden för de-
pendensbaserad frasstrukturparsning.

Den första artikeln presenterar v̊ar första storskaliga empiriska studie av
parsning av naturligt spr̊ak (i detta fall svenska) med dependensrepresen-
tationer. En transitionsbaserad deterministisk parsningsalgoritm skapar en
dependensgraf för varje mening genom att härleda en sekvens av transi-
tioner, och minnesbaserad inlärning (MBL) används för att förutsäga tran-
sitionssekvensen. Den andra artikeln undersöker ytterligare hur maskin-
inlärning kan användas för att vägleda en transitionsbaserad dependens-
parser. Den empiriska studien jämför tv̊a metoder för maskininlärning
med fem särdragsmodeller för tre spr̊ak (kinesiska, engelska och svenska),
och studien visar att supportvektormaskiner (SVM) med lexikaliserade sär-
dragsmodeller är bättre lämpade än MBL för att vägleda en transitions-
baserad dependensparser. Den tredje artikeln sammanfattar v̊ar erfaren-
het av att optimera MaltParser, v̊ar implementation av transitionsbaserad
dependensparsning, för ett stort antal spr̊ak. MaltParser har använts för
att analysera över tjugo olika spr̊ak och var bland de främsta systemen i
CoNLLs utvärdering 2006 och 2007.

Den fjärde artikeln är v̊ar första undersökning av dependensbaserad fras-
trukturparsning med konkurrenskraftiga resultat för parsning av tyska. Den
femte och sista artikeln introducerar en förbättrad algoritm för att trans-
formera frasstrukturer till dependensgrafer och tillbaka, vilket gör det möj-
ligt att parsa kontinuerliga och diskontinuerliga frasstrukturer utökade med
grammatiska funktioner.
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Chapter 1

Introduction

One of the challenges in natural language processing (NLP) is to trans-
form text in natural language into representations that computers can use
to perform many different tasks such as information extraction, machine
translation and question answering. The transformation of natural lan-
guage into formal representations usually involves several processing steps
such as dividing text (or speech) into sentences and sentences into words,
assigning parts of speech to words, and deriving syntactic and semantic rep-
resentations for sentences. In this thesis, we will concentrate on the process
of analyzing the syntactic structure of sentences. The term we will use is
syntactic parsing, or simply parsing, which we will regard as the process of
mapping sentences in unrestricted natural language text to their syntactic
representations. Furthermore, the software component that performs this
process is called a syntactic parser, or just parser.

The syntactic structure is formalized in a syntactic representation, and
there exist several types of syntactic representation. In this thesis, we will
use two types of syntactic representation based on the notion of constituency
or phrase structure (Bloomfield, 1933; Chomsky, 1956) and the notion of
dependency (Tesnière, 1959). Parsing a sentence with constituency repre-
sentations means decomposing it into constituents or phrases, and in that
way a phrase structure tree is created with relationships between words and
phrases. Figure 1.1 illustrates a phrase structure tree, which contains four
phrases. By contrast, with dependency representations the goal of parsing
a sentence is to create a dependency graph consisting of lexical nodes linked
by binary relations called dependencies. A dependency relation connects
words with one word acting as head and the other as dependent. Figure 1.2
shows a dependency graph for an English sentence, where each word of the
sentence is tagged with its part of speech and each edge labeled with a
dependency type.

In this thesis, we assume that a syntactic parser should process sentences
in unrestricted natural language text, which entails that the syntactic rep-
resentations should be constructed regardless of whether the sentences are
recognized by a formal grammar or not. In fact, the methodology we will
use is not dependent on any grammar at all. Instead empirical data in
the form of syntactically annotated text is used to build syntactic struc-
tures. Data-driven methods in natural language processing have been used
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1 Introduction

N
Växjö
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Figure 1.1: An example of a phrase structure representation for the sentence

Växjö University is a great place, where each word is labeled with a part of speech

and each phrase is labeled with a phrase category.

for many tasks in the past decade and syntactic parsing is one of the most
prominent. In this thesis, we will concentrate on data-driven dependency
parsing, but we will also explore ways in which a dependency-based parser
can be used to derive phrase structure representations indirectly.

In data-driven dependency-based parsing, the two dominating approaches
are graph-based dependency parsing and transition-based dependency pars-
ing (McDonald and Nivre, 2007). The graph-based approach creates a
parser model that assigns scores to all possible dependency graphs and then
searches for the highest-scoring dependency graph (Eisner, 1996; McDonald
et al., 2005; Nakagawa, 2007), whereas the transition-based approach scores
transitions between parser states based on the parse history and then greed-
ily searches for the highest-scoring transition sequence that derives a com-
plete dependency graph (Yamada and Matsumoto, 2003; Nivre et al., 2004;
Attardi, 2006). Transition-based parsers are heavily dependent on machine
learning for inducing a model for predicting the transition sequence used
by the parser to construct the dependency graph. We will investigate two
machine learning methods for performing this task: memory-based learning
(MBL) and support vector machines (SVM).

During the last two decades, the research community has built several
syntactically annotated corpora, also known as treebanks, with large col-
lections of syntactic examples for many languages. These treebanks are
an essential component when constructing data-driven parsers and one of
the potential advantages of the increasing availability of treebanks is that
parsers can easily be ported to new languages. A problem is that many
data-driven parsers are overfitted to a particular language, usually English.
For example, Corazza et al. (2004) report increased error rates of 15–18%
when using two statistical parsers developed for English to parse Italian.
One of the studies in this thesis is concerned with the question of how we
can adapt a dependency-based parser for several languages by starting from
a baseline model and increasing accuracy by optimizing the parameters of

2



1.1 Research Questions
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Figure 1.2: An example of a dependency representation for the sentence Växjö

University is a great place, where each word is labeled with a part of speech and

each dependency relation is labeled with a dependency category.

the parser.
In data-driven phrase structure parsing, the mainstream approach has

been based on nondeterministic parsing techniques in combination with gen-
erative probabilistic models that provide an n-best ranking of the set of can-
didate analyses derived by the parser (Collins, 1997, 1999; Charniak, 2000).
Discriminative models can be used to enhance these parsers by reranking
the analyses output by the parser (Johnson et al., 1999; Collins and Duffy,
2005; Charniak and Johnson, 2005). In this thesis, we present a method for
parsing phrase structure with a transition-based dependency parser that re-
covers both continuous and discontinuous phrases with both phrase labels
and grammatical functions.

1.1 Research Questions

One of the main goals of the research presented in this thesis is to design
and implement a robust and flexible system that can parse unrestricted
natural language text independently of language. Given a treebank in a
specific language, the system should induce a parser model that can parse
unseen text in that language and output dependency graphs with reasonable
accuracy. My licentiate thesis (Hall, 2006) presents a software architecture
for transition-based dependency parsing that can handle different parsing
algorithms, feature models and learning methods, for both learning and
parsing. This architecture was first implemented in MaltParser 0.1–0.4, and
has since been reimplemented in Java and further improved in MaltParser
version 1.0–1.1.1 The design and implementation of MaltParser and its
optimization for different languages have been a large part of my workload.
This is not directly reflected in the selected papers and this thesis, which
focus on different aspects of transition-based dependency parsing, but all
experiments have been performed using MaltParser.

1 MaltParser 1.1 is distributed with an open-source license and can be downloaded from
the following page: http://www.maltparser.org/.
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1 Introduction

The research questions of this doctoral thesis can be divided into two
groups. The first group of questions, treated mainly in Papers I–III, concern
how machine learning can be used to guide a transition-based dependency
parser and how learning makes it possible to optimize such a parser for dif-
ferent languages using treebank data (section 1.1.1). The second group of
questions, studied in Papers IV–V, concern how a transition-based depen-
dency parser can be extended to parse continuous and discontinuous phrase
structure (section 1.1.2).

1.1.1 Machine Learning

A transition-based dependency parser needs to predict the next parser ac-
tion at nondeterministic choice points. The mechanism for doing this could
be based on heuristics, but the most obvious and flexible solution is to use
machine learning. The first research question in this group is how we can
use machine learning to guide a transition-based dependency parser. The
solution is discussed in Paper I and the theoretical framework of induc-
tive dependency parsing proposed by Nivre (2006) explains the solution in
detail. Furthermore, the implementation of guided transition-based depen-
dency parsing in MaltParser 0.4 is described in Hall (2006).

The next step is to find well-suited machine learning methods for the task
of guiding a transition-based dependency parser. Paper II, as well as Hall
(2006), investigates this question with a systematic comparison of memory-
based learning (MBL) and support vector machines (SVM). These studies
also explore how we can improve learning and parsing efficiency without
sacrificing accuracy. In particular, it presents a method for dividing the
training instances into smaller sets and training separate classifiers, based on
a method used by Yamada and Matsumoto (2003). Moreover, the division
of the training instances is further improved in Paper IV and Paper V by
introducing different prediction strategies, which can improve learning and
parsing efficiency and in some cases also increase the accuracy of the parser.

Another important research question is how we can tune a transition-
based dependency parser for different languages, which involves strategies
for using treebank data in a way that do not overfit the induced model to
the development data and for tuning all parameters. We have gathered a
lot of knowledge optimizing MaltParser for many languages over the years
and to some extent this question is reflected in all five papers, but Paper
III summarizes our parser optimization strategies. Especially our partici-
pation in the CoNLL shared tasks in both 2006 and 2007 (Buchholz and
Marsi, 2006; Nivre et al., 2007) has been very fruitful for gaining knowledge
about parser optimization. In both cases, MaltParser was one of the top-
performing systems (Nivre et al., 2006; Hall and Nilsson, 2006; Hall et al.,
2007). We have also performed a systematic investigation using a memory-
based learner for a large collection of languages (Nivre and Hall, 2005; Nivre
et al., 2007).

The research questions connected to machine learning can be summarized

4



1.1 Research Questions

as follows:

Q1: How can machine learning be used to guide a transition-based depen-
dency parser?

Q2: Which learning methods are well suited for the task of transition-based
dependency parsing?

Q3: How can learning and parsing efficiency be improved without sacrificing
accuracy?

Q4: How can a transition-based dependency parser be tuned for different
languages?

1.1.2 Phrase Structure Parsing

Although dependency-based representations have gained more interest in
recent years, the dominant kind of syntactic representation is still based
on phrase structure. Therefore, it would be useful if we could find a strat-
egy for transforming the dependency-based output to phrase structure with
high accuracy, preferably with a data-driven method that is not dependent
on explicit rules. Another problem that we want to address is that parsers
trained on treebank data often ignore important aspects of the syntactic
representation of treebank. For example, when parsers are trained on the
Penn Treebank of English (Marcus et al., 1993), it is common to ignore func-
tion labels and empty categories (Collins, 1999; Charniak, 2000).2 Another
example is parsers trained on treebanks based on the Negra annotation
scheme for German, which encodes both local and non-local dependencies
and sometimes results in discontinuous phrases. Data-driven parsing with
the Negra annotation scheme often involves a simplification of the syntactic
representation, and it is common to restrict the task to deriving only the
continuous phrase structure (Dubey, 2005).3

Paper IV presents a technique for turning a dependency parser into a
phrase structure parser that recovers continuous phrases with both phrase
labels and grammatical functions. Paper V investigates how this technique
can be extended to parse also discontinuous phrases. The research questions
connected to phrase structure parsing can be summarized as follows:

Q5: How can we transform a phrase structure tree into a dependency graph
and back?

Q6: How can we turn a transition-based dependency parser into a phrase
structure parser?

Q7: How do we deal with discontinuous phrases?

2 Notable exceptions are Musillo and Merlo (2005), where the parser output is enriched
with function labels, and Gabbard et al. (2007), who recover both function labels and
empty categories.

3 Notable exceptions are Plaehn (2005), who recovers both continuous and discontinu-
ous phrases with their phrase categories, and Kübler et al. (2006), who enrich the edges
with grammatical functions.
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1 Introduction

1.2 Division of Labor

This thesis is based on five papers that are joint work with other authors.
The work has been divided as follows:

In Paper I, the work was divided equally among the three authors. My
contribution mainly concerned implementation and experimentation.

Paper III is based on the CoNLL 2007 shared task paper with the same
name (Hall et al., 2007). My contribution was approximately 50% and
concerned the implementation and optimization of the Single Malt parser,
as well as the writing of the paper.

Papers II, IV and V are my own work to 90%.

1.3 Outline of the Thesis

In section 1.1 I have outlined the research questions of the thesis, and in
section 1.2 I have described my contributions to the papers on which the
thesis is based. The remainder of the thesis is structured as follows.

Chapter 2, Natural Language Parsing, briefly reviews related work on nat-
ural language parsing. We define the problem of parsing unrestricted natu-
ral language text, discuss different approaches to dependency parsing, and
distinguish between graph-based dependency parsing and transition-based
dependency parsing.

Chapter 3, Transition-Based Dependency Parsing, defines the formal frame-
work of the thesis. After a brief introduction to transition-based dependency
parsing we define the syntactic representations that will be used throughout
the thesis. The chapter continues with a description of two deterministic
parsing algorithms and an explanation of how history-based models can be
used to guide the algorithms at every nondeterministic choice point.

Chapter 4, Machine Learning for Transition-Based Dependency Parsing, is
devoted to the first group of research questions of using machine learning
to guide a transition-based dependency parser, based on Papers I–III. The
chapter starts by describing support vector machines and memory-based
learning, and continues with an account of the empirical studies in Papers I
and II using memory-based learning and support vector machines for guided
parsing. Next we investigate, based on Paper III, how we can optimize the
parser to obtain a satisfying accuracy for a large variety of languages.

Chapter 5, Dependency-Based Phrase Structure Parsing, demonstrates how
a transition-based dependency parser can be used for parsing phrase struc-
ture representations, based on Papers IV and V. First we define the trans-
formation of a phrase structure graph into a dependency graph, where the
inverse transformation is encoded in complex dependency edge labels. The

6



1.3 Outline of the Thesis

chapter continues by describing how this dependency graph can be trans-
formed back to a phrase structure graph without any loss of information.
Finally, we discuss the empirical results obtained in Papers IV and V.

Chapter 6, MaltParser, contains a short presentation of the MaltParser
system, which is the reference implementation of the framework presented
in this thesis.

Chapter 7, Conclusion, summarizes the main contributions and results of
the thesis. The chapter ends with a discussion of directions for future re-
search.

7





Chapter 2

Natural Language Parsing

A natural language like English or Swedish is hard to define in exact terms,
which is much easier for a formal language such as a programming language.
Moreover, a natural language has often evolved during thousands of years
and continues to evolve, which makes it impossible to state an exact defi-
nition at a given time. It is also hard to draw boundaries between natural
languages, and whether a particular language is counted as an independent
language is usually dependent on historical events and sociopolitics, and
not only on linguistic criteria. These properties make natural language pro-
cessing a challenging task but also an interesting research topic especially
with the increasing use of information technology. Many computer appli-
cations that involve natural language such as machine translation, question
answering and information extraction are dependent on modeling natural
language in some way. Moreover, these applications usually have to deal
with unrestricted text, including grammatically correct text, ungrammat-
ical text and foreign expressions. It is desirable that such an application
produces some kind of analysis. Of course, if the input is “garbage”, it
is likely that the system will fail to create an interesting analysis, but the
system should nevertheless do its best to produce some analysis.

Natural language parsing is the process of mapping an input string or a
sentence to its syntactic representation. We assume that every sentence in
a text has a single correct analysis and that speakers of the language will
typically agree on what this preferred analysis is, but we do not necessarily
assume that there is a formal grammar defining the relation between sen-
tences and their preferred interpretations. Nivre (2006) uses the term text
parsing to characterize this open-ended problem that can only be evaluated
with respect to empirical samples of a text language. The term text language
does not exclude spoken language, but emphasizes that it is the language
that occurs in real texts.

However, it is important to note that, even though, the notion of text
parsing does not presuppose the notion of a grammar, many systems for
text parsing do in fact include a grammar-based component. In this thesis,
we will focus on methods for text parsing that are not grammar-based, but
in this background chapter we will take a somewhat broader perspective
and start by reviewing some basic concepts of grammar-based parsing.

9



2 Natural Language Parsing

2.1 Grammars and Parsing Algorithms

The study of natural language grammar dates back at least to 400 BC,
when Panini described Sanskrit grammar, but the formal computational
study of grammar can be said to start in the 1950s with work on context-
free grammar (CFG) (Chomsky, 1956) and the equivalent Backus-Naur
form (BNF) (Backus, 1959). BNF is extensively used in computer science
to define the syntax of programming languages and communication proto-
cols, and any grammar in BNF can be viewed as a context-free grammar.
CFG uses productions A→ α to define the grammar, where A is a nontermi-
nal symbol that denotes different phrase types in the sentence, and where α
is string of terminals (symbols of the language) and/or nonterminals. Non-
terminals can be replaced recursively without regarding the context. CFG
was the starting point for an extensive study of formal grammars. Nowa-
days there are several linguistically motivated formalisms, such as Lexical
Functional Grammar (LFG) (Kaplan and Bresnan, 1983), Tree-Adjoining
Grammar (TAG) (Joshi, 1985), Head-Driven Phrase Structure Grammar
(HPSG) (Pollard and Sag, 1994) and Combinatory Categorial Grammar
(CCG) (Steedman, 2000), all of which go beyond context-free grammar.

To parse with a grammar requires a parsing algorithm. One group of al-
gorithms for grammar parsing are known as chart parsing algorithms (Kay,
1980) and make use of dynamic programming to store partial results in a
data structure called a chart. For example, Earley’s algorithm (Earley, 1970)
and the CKY algorithm (Kasami, 1965; Younger, 1967) use this approach.
While chart parsing algorithms can typically handle arbitrary CFGs, there
are also deterministic parsing algorithms that can only parse limited sub-
sets of the class of CFGs and that have been frequently used in compiler
construction for programming languages. Examples of deterministic pars-
ing algorithms are LR parsing (Knuth, 1965) and shift-reduce parsing (Aho
et al., 1986). A completely different approach is eliminative parsing. In-
stead of constructively deriving an analysis these algorithms apply gram-
mar constraints to eliminate analyses that violate the constraints. This ap-
proach is exemplified by Constraint Grammar (CG) (Karlsson, 1990; Karls-
son et al., 1995) and Constraint Dependency Grammar (CDG) (Maruyama,
1990; Harper and Helzermann, 1995; Menzel and Schröder, 1998).

2.2 Text Parsing

Let us now take a closer look at the problem of text parsing. We begin
by defining a text as a sequence T = (x1, . . . , xn) of sentences, where each
sentence xi = (w1, . . . , wm) is a sequence of tokens and a token wj is a
sequence of characters, usually a word form or punctuation symbol. We
assume that the text T contains sentences in a text language L, which in
our case is a natural language, and that the task of a parser is to derive
the single correct analysis yi for every sentence xi ∈ T . We can formulate
this in terms of three requirements on a text parsing system P (cf. Nivre
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(2006)):

1. Robustness: P assigns at least one analysis yi to every sentence xi ∈
T .

2. Disambiguation: P assigns at most one analysis yi to every sentence
xi ∈ T .

3. Accuracy: P assigns the correct analysis yi to every sentence xi ∈ T .

Since the text language L is not a formal language, there is no formal method
for showing that a parser satisfies the third requirement, which means that
text parsing is at least partly an empirical approximation problem.

Many systems that have been developed for text parsing make use of a for-
mal grammar G, defining a formal language L(G) intended to approximate
the text language L. One of the problems with grammar-based methods
for text parsing has to do with their limited capacity to analyze all possible
sentences that can occur in natural language text, since any sentence that is
not in L(G) cannot be analyzed, which is a problem with respect to the ro-
bustness requirement. Hence, when using grammar-based methods for text
parsing, they need to be adapted to parse sentences that are not recognized
by the grammar. There has been substantial work done in this area, for ex-
ample, on relaxing the grammatical constraints of the grammar (Jensen and
Heidorn, 1983; Mellish, 1989) and on partial parsing (Ejerhed and Church,
1983; Lang, 1988; Hindle, 1989; Koskenniemi, 1990; Abney, 1991; Karlsson,
1990).

Another potential problem with grammar-based methods is that the gram-
mar normally does not assign a single analysis to a given sentence, which
leads to problems with respect to disambiguation. In order to overcome
this problem, most grammar-based systems today incorporate a statistical
component for parse selection, i.e., for selecting the single optimal analysis
from the set of analyses licensed by the grammar. This is true, for exam-
ple, of most broad-coverage parsers based in grammatical frameworks such
as LFG (Riezler et al., 2002), HPSG (Toutanova et al., 2002; Miyao et al.,
2003) and CCG (Clark and Curran, 2004). This brings us naturally to data-
driven approaches, which often dispenses with the grammar completely and
relies solely on statistical inference.

2.3 Data-Driven Parsing

During the last decades, there has been a great interest in data-driven meth-
ods for various natural language processing tasks, including very promi-
nently data-driven text parsing. The essence of data-driven (or statistical)
parsing is that inductive inference is used to estimate the correct analy-
sis for a given sentence, based on a representative sample of the text lan-
guage (Nivre, 2006). The text sample may consist of raw text, but usually it
is taken from a treebank where the sentences are annotated with the correct
analysis by human experts. A realistic approach is then to use some kind
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of supervised learning method that makes use of treebank data. A problem
with this approach is that it restricts us to languages that have at least one
treebank.

Data-driven approaches to text parsing were first developed during the
1990s for phrase structure representations. The first attempts focused on
extending context-free grammars with probabilities (PCFG), where each
production is augmented with a probability, and also extending the parsing
algorithms so that they can make use of probabilities. This was done by Ney
(1991) for the CKY algorithm and by Stolcke (1995) for Earley’s algorithm.

Nowadays, the standard approaches are based on nondeterministic pars-
ing techniques, usually involving some kind of dynamic programming, in
combination with generative probabilistic models that provide an n-best
ranking of the set of candidate analyzes derived by the parser. The most
well-known parsers based on these techniques are the parser of Collins
(Collins, 1997, 1999) and the parser of Charniak (2000). Discriminative
learning methods have been used to enhance these parsers by reranking
the analyses output by the parser (Johnson et al., 1999; Collins and Duffy,
2005; Charniak and Johnson, 2005).1 However, there is often a discrepancy
between the original treebank annotation and the representations used by
the parser. For example, in the Penn Treebank (Marcus et al., 1993) the
phrase structure annotation includes not only syntactic categories like NP,
VP, etc., but also to a certain extent functional categories such as subject,
predicative, etc. In addition, empty categories and co-indexation are used
to capture non-local dependencies (Bies et al., 1995). Nevertheless, it is
common to restrict the parsing problem to plain phrase structure with no
empty categories when creating English parsers based on the Penn Tree-
bank (Collins, 1999; Charniak, 2000). Notable exceptions, among others,
are Gabbard et al. (2007), who recover both function labels and empty cat-
egories and Musillo and Merlo (2005), who enrich the parser output with
function labels. Similarly for German, the Negra annotation scheme uses a
combination of dependency and phrase structure representations, and en-
codes both local and non-local dependencies, which sometimes results in
discontinuous phrases. But data-driven parsing of German often involves
a simplification of the syntactic representation, and it is common to re-
strict the task to deriving only the continuous phrase structure and only
the phrase labels (Dubey, 2005). Kübler et al. (2006) recover grammatical
functions, but not discontinuities. By contrast, Plaehn (2005) parses dis-
continuous phrase structure using a probabilistic extension of discontinuous
phrase structure grammar (DPSG) (Bunt, 1991, 1996), but evaluation is
restricted to phrase labels alone.

In recent years, data-driven dependency parsing has become a popular
method for parsing natural language text, and the shared tasks on multilin-
gual dependency parsing at CoNLL 2006 (Buchholz and Marsi, 2006) and

1 It is worth noting that these discriminative models are essentially the same as those
used for parse selection by the grammar-based parsers mentioned at the end of section 2.2.
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CoNLL 2007 (Nivre et al., 2007) have contributed greatly to the increase
in interest. McDonald and Nivre (2007) define two dominating schools
in data-driven dependency parsing: graph-based dependency parsing and
transition-based dependency parsing.

In graph-based parsing, all possible arcs in the dependency graph for a
given sentence are scored with a weight and parsing is performed by search-
ing for the highest-scoring dependency graph, which is the same as finding
the highest scoring directed spanning tree in a complete graph. Eisner
(1996), who was one of the first to introduce data-driven methods for de-
pendency parsing, used a graph-based probabilistic parser to assign both
part-of-speech tags and an unlabeled (bare-bone) dependency structure si-
multaneously. McDonald et al. (2005) generalized the approach to non-
projective dependency structures and showed that parsing could be per-
formed in quadratic time. McDonald and Satta (2007) investigated algo-
rithms for graph-based non-projective parsing with varying effects on com-
plexity. Graph-based dependency parsing has been shown to give state of
the art performance without any language specific enhancements for a wide
range of languages (McDonald et al., 2006; Nakagawa, 2007).

Transition-based dependency parsing instead tries to perform parsing de-
terministically, using a classifier trained on gold standard derivations from
a treebank to guide the parser (the technique investigated in this thesis). It
was first used for unlabeled dependency parsing by Kudo and Matsumoto
(2000, 2002) (for Japanese) and Yamada and Matsumoto (2003) (for En-
glish) using support vector machines. The parsing algorithm uses a variation
of shift-reduce parsing with three possible parse actions: Shift, Right and
Left. The two latter parse actions add a dependency relation between two
target nodes, which are two neighboring tokens. The parse action Shift
moves the focus to the right in the input string, which results in two new
target nodes. The worst-case time complexity of this approach is O(n2),
but the worst-case rarely occurs in practice. Cheng et al. (2005) have used
this methodology to parse Chinese with state of the art performance.

Nivre (2003) proposed a similar parsing algorithm with another transition
system that parses a sentence in linear time. The algorithm was extended
to handle labeled dependency structures by Nivre et al. (2004) for parsing
Swedish. Transition-based dependency parsing has also been shown to give
state of the art performance for a wide range of languages (Nivre et al.,
2006; Hall et al., 2008). The transition-based parsing have also been used
for phrase structure parsing. For example, Kalt (2004) used decision trees to
determine the next parse action and Sagae and Lavie (2005) experimented
with both support vector machines and memory-based learning to derive
the transition sequence.

One possible disadvantage of the greedy and strictly deterministic ap-
proach is that there is no model that takes the global dependency graph
into account. Duan et al. (2007) investigated two probabilistic parsing ac-
tion models to compute the probability of the entire dependency graph and
selecting the graph with the highest probability. Johansson and Nugues
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(2007b) scored each parse action and uses beam search to find the best se-
quence of actions. Titov and Henderson (2007) combined beam search with
a generative model by adding transition for generating the input words.
Chapter 3 describes transition-based dependency parsing in more detail.

McDonald and Nivre (2007) compared graph-based and transition-based
dependency parsing and found that the two approaches often make differ-
ent errors when deriving the dependency representations, which indicates
that combining the approaches could improve the accuracy. Nivre and Mc-
Donald (2008) continued this study by exploring integrated models, where
predictions from one model are used as training material for the other, in
a form of classifier stacking. The results showed a significant improvement
in accuracy for the integrated models on data sets from the CoNLL shared
task 2006.

Another approach is to increase accuracy by combining existing parsers.
Zeman and Žabokrtský (2005) improved the accuracy for parsing Czech by
using a language independent ensemble method, which for each token greed-
ily chooses a head token based on the head tokens of all single parsers. Sagae
and Lavie (2006) proposed a technique that combines dependency parsers
by finding the maximum directed spanning tree, where the arc weights are
based on the outputs of several parser systems. Hall et al. (2007) achieved
the highest accuracy in the CoNLL Shared Task 2007 by building an en-
semble system that combines six transition-based dependency parsers.

2.4 Summary

In this chapter we have provided the background for the thesis by introduc-
ing the problem of parsing natural language text and discussing different
approaches to this problem, including both grammar-based and data-driven
approaches. From now on, we will restrict our attention to data-driven
methods for dependency parsing, in particular transition-based dependency
parsing.
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Chapter 3

Transition-Based Dependency Parsing

In chapter 2, we introduced different techniques for parsing natural language
text and from now on we will focus on transition-based parsing. We will
mostly concentrate on transition-based parsing for syntactic representations
based on the notion of dependency, but in chapter 5 we will explore how
this parsing technique can also be used for parsing representations based on
the notion of constituency or phrase structure. After a short introduction to
transition-based parsing, we will go on in section 3.1 to define the syntactic
representations used in the rest of the thesis. In section 3.2 we define two
deterministic parsing algorithms and in section 3.3 we discuss the use of
history-based feature models.

Transition-based parsing, as used in this thesis, is based on the theoretical
framework of inductive dependency parsing presented by Nivre (2006) and
has the following three essential components:

1. Deterministic parsing algorithms for constructing labeled dependency
graphs (Kudo and Matsumoto, 2002; Yamada and Matsumoto, 2003;
Nivre, 2003). Algorithms are defined in terms of a transition system,
consisting of a set of configurations and a set of transitions between
configurations. Deterministic parsing is implemented as greedy best-
first search through the transition system. Section 3.2 briefly describes
the Nivre parsing algorithm (Nivre, 2003) and a variant of the Coving-
ton parsing algorithm (Covington, 2001).

2. History-based models for predicting the next transition (Black et al.,
1992; Magerman, 1995; Ratnaparkhi, 1997; Collins, 1999). The tran-
sition history, as encoded in the current parser configuration, is repre-
sented by a feature vector, which can be used as input to a classifier for
predicting the next transition in order to guide the deterministic parser.
Section 3.3 explains how history-based models are used in transition-
based parsing.

3. Discriminative learning to map histories to transitions (Kudo and Mat-
sumoto, 2002; Yamada and Matsumoto, 2003; Nivre et al., 2004). Given
a set of transition sequences derived from a treebank, discriminative
machine learning can be used to train a classifier. The classifier is
used during parsing to discriminate between different possible transi-
tions given a feature vector representation of the current configura-
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tion. Chapter 4 discusses in more detail different discriminative learn-
ing methods for guiding a transition-based parser.

To continue the description of transition-based parsing we need to define
a formal framework for representing syntactic structure and this is done in
the next section.

3.1 Syntactic Representations

Throughout the rest of the thesis we need a formal framework for represent-
ing the syntactic structure of a sentence, which can be represented either as
a dependency graph or as a phrase structure graph. These two graphs share
several properties, and therefore we begin by defining a syntax graph that
abstracts over the two more specific graphs.

Definition 1 A syntax graph for a sentence x = w1, . . . , wn is a triple
G = (V,E, F ), where

• V = VR ∪ VT ∪ VNT is a set of nodes, partitioned into three disjoint
subsets:

– VR = {v0}, where v0 is the designated root node,

– VT = {v1, . . . , vn}, the set of terminal (or token) nodes, one node
vi for each token wi ∈ x,

– VNT = {vn+1, . . . , vn+m} (m ≥ 0), the set of nonterminal nodes,

• E ⊆ V × (V − VR) is a set of edges,

• F = {f1, . . . , fk} is a set of functions fi : Di → Li, where Di ∈
{VT , VNT , E} and Li is a set of labels.

A syntax graph G is well-formed if it is a directed tree with the single root
v0.

A syntax graph G consists of a set of nodes V , which is divided into three
disjoint subsets VR, VT and VNT . The node set VR contains only one node
v0, which is the special root node of the graph. The use of a designated root
node makes it easier to design algorithms so that the well-formedness criteria
of a directed tree are satisfied. The terminal nodes in VT have a direct
connection to the tokens in the sentence x (i.e., the token wi corresponds
to the terminal node vi). Finally, the possibly empty set of nonterminal
nodes VNT contains m nonterminal nodes. An edge (vi, vj) ∈ E connects
two nodes vi and vj in the graph, where vi is said to immediately dominate
vj . The last component of G is the set of labeling functions F , where each
function fi is a mapping from a domain Di ∈ {VT , VNT , E} to a finite
label set Li. In other words, a function is used to label terminal nodes,
nonterminal nodes, or edges, but the specific functions that are used may
vary depending on the linguistic framework or annotation scheme used. We
assume that a well-formed syntax graph G is a single-rooted directed tree,
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G = (VR ∪ VT ∪ VNT , E, F )
VR = {v0}
VT = {v1, v2, v3}
VNT = ∅
E = {(v0, v2), (v2, v1), (v2, v3)}
F = {f1, f2, f3}
f1 : VT → LW = {(v1, Johan), (v2, likes), (v3, graphs)}
f2 : VT → LP = {(v1, N), (v2, V ), (v3, N)}
f3 : E → LR = {((v0, v2),PRED), ((v2, v1), SUB),

((v2, v3),OBJ)}

Figure 3.1: An example dependency graph for the sentence Johan likes graphs,

where LW is the set of words, LP is the set of part-of-speech tags and LR is the

set of dependency relations.

which entails that the graph G has a unique root v0, that G is weakly
connected, that each node vi (i 6= 0) has exactly one incoming edge and
that G is acyclic.

Given the definition of a syntax graph we define a dependency graph as
follows:

Definition 2 A dependency graph for a sentence x = w1, . . . , wn is a syntax
graph G = (V,E, F ), where

• VNT = ∅
A dependency graph is a syntax graph with the constraint that it does not
contain any nonterminal nodes, because a dependency structure is built
from binary relations between tokens (or words). It follows that an edge
(vi, vj) connects a node vi, which is either a terminal node or the artificial
root node, with a terminal node vj . We say that vi is the head and vj is
the dependent. Figure 3.1 exemplifies the dependency representation.

A common constraint on dependency graphs is the notion projectivity and
we define this notion in the following way:

Definition 3 A dependency graph G is projective iff, for every node vk ∈
VT and every edge (vi, vj) ∈ E such that wk occurs between wi and wj in
the linear order of the sentence x (i.e., i < k < j or j < k < i), there is a
directed path from vi to vk (where the directed path is the transitive closure
of the edge relation E).
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Figure 3.2: Dependency graph for an English sentence from the Wall Street

Journal section of the Penn Treebank (Marcus et al., 1993).

Projectivity constraint is controversial in linguistic theory and most depend-
ency-based frameworks allow non-projective graphs, because non-projective
representations are able to capture non-local dependencies. There exist
several treebanks that contain non-projective structures such as the Prague
Dependency Treebank of Czech (Böhmová et al., 2003) and the Danish
Dependency Treebank (Kromann, 2003). The graph shown in figure 3.2 is
non-projective because the edge from Nehoosa to with span two terminal
nodes (ranked, 11th) that are not dominated by Nehoosa.

Next we define a phrase structure graph as follows:

Definition 4 A phrase structure graph for a sentence x = w1, . . . , wn is a
syntax graph G = (V,E, F ), where

• E ⊆ (VR ∪ VNT )× (VT ∪ VNT )

A phrase structure graph is a syntax graph with a restricted edge set, where
only the artificial root v0 or a nonterminal node vi ∈ VNT can immediately
dominate another nonterminal node or a terminal node vj . Figure 3.3 ex-
emplifies how a phrase structure graph is represented. A notion related to
projectivity for dependency graphs is continuous phrase structure, which
means that every nonterminal node vk ∈ VNT has a leftmost descendant
vi ∈ VT and a rightmost descendant vj ∈ VT such that vk dominates all
terminal nodes between vi and vj according to the linear order of x. The
phrase structure graph is well-formed if it is a directed tree rooted in v0
according to the definition of the syntax graph, which entails that v0 dom-
inates all terminal nodes. Phrase structure graphs will not be discussed
further in this chapter, but we will return to them in chapter 5.

3.2 Deterministic Parsing

Many approaches to data-driven text parsing are based on nondeterministic
parsing techniques combined with disambiguation performed on a packed
forest or n-best list of complete derivations, but the disambiguation can
also be performed deterministically using a greedy parsing algorithm that
approximates a globally optimal solution by making a sequence of locally
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G = (VR, VT , VNT , E, F )
VR = {v0}
VT = {v1, v2, v3}
VNT = {v4, v5, v6, v7}
E = {(v0, v4), (v4, v5), (v5, v1), (v4, v6), (v6, v2),

(v6, v7), (v7, v3)}
F = {f1, f2, f3, f4}
f1 : VT → LW = {(v1, Johan), (v2, likes), (v3, graphs)}
f2 : VT → LP = {(v1, N), (v2, V ), (v3, N)}
f3 : VNT → LNT = {(v4, S), (v5, NP ), (v6, V P ), (v7, NP )}
f4 : E → LGF = {((v0, v4),−), ((v4, v5), SUB), ((v5, v1),−),

((v4, v6),HD), ((v6, v2),HD), ((v6, v7),OBJ),
((v7, v3),−)}

Figure 3.3: An example phrase structure graph for the sentence Johan likes

graphs, where LW is the set of words, LP is the set of part-of-speech tags, LNT is

the set of phrase labels and LGF is the set of grammatical functions (with − as

the empty label).

optimal choices. Deterministic parsing algorithms use a transition system,
which consists of a set of parser configurations and transitions between
configurations. Formally, we define a transition system as follows:

Definition 5 Given a set of dependency labels L = {l1, . . . , lm}, a transi-
tion system for dependency parsing is a quadruple S = (C, T, ci, Ct), where

1. C is a set of parser configurations, each of which contains:

(a) a sequence of λ1, . . . , λd data structures,

(b) a list τ of remaining terminal nodes,

(c) a set E of directed edges (vi, vj),

(d) a function f from E to L that assigns labels to edges,

2. T is a set of transitions, each of which is a (partial) function t : C → C,
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3. ci is a function that assigns a unique initial configuration to every
sentence x,

4. Ct ⊆ C is a set of terminal configurations.

A parser configuration is always required to contain a list of remaining
terminal nodes τ , a set E of edges and a labeling function f . In addition
there will be one or more data structures λ1, . . . , λd, depending on the
specific transition system. We use [vj |τ ] to denote a list of nodes with
head vj and tail τ and an empty list is represented by [ ], and we use τc
to denote the current list of nodes in a configuration c. A transition is
partial function from configurations to configurations. The set C contains
all possible configurations in a given transition system, but there must also
be a subset Ct of terminal configurations and a unique initial configuration
cix for every sentence x. For all transition systems discussed in this thesis,
the subset of terminal configurations Ct contains any parser configuration
where τ = [ ].

Definition 6 Let S = (C, T, ci, Ct) be a transition system. A transi-
tion sequence for a sentence x = w1, . . . , wn in S is a sequence C0,m =
(c0, c1, . . . , cm) of parser configurations, such that

1. c0 = cix

2. cm ∈ Ct

3. for every i (1 ≤ i ≤ m), ci = t(ci−1) for some t ∈ T .

The dependency graph assigned to x by C0,m is Gcm = (V,Ecm ,
{fcm

, . . .}), where Ecm
is the set of edges in cm and fcm

is the labeling
function in cm.

Given a terminal configuration cm ∈ Ct for a sentence x = w1, . . . , wn, the
dependency graph assigned to x by c0,m is defined to be Gcm

= (V,Ecm
,

{fcm
, . . .}), where V = VR∪VT is the node set for x, Ecm

is the set of edges
in cm and fcm

is the labeling function in cm. The notation {fcm
, . . .} is used

to indicate that there may be additional labeling functions for word forms,
parts of speech, etc., which are given as part of the input.

We will define several transition systems, which are all nondeterministic.
Hence, there will be more than one transition applicable to a given config-
uration. An oracle for a transition system S = (C, T, ci, Ct) is a function
o : C → T from configurations to transitions that can be used to overcome
this nondeterminism. For each nondeterministic choice point the parsing
algorithm will ask the oracle to predict the next transition. In this section
we will consider the oracle as a black box, which always knows the correct
transition. Later on we will see that we can approximate this oracle by
history-based models and classifiers.

Given a transition system with the initial configuration cix for a sentence
x = w1, . . . , wn, we define a generic deterministic parsing algorithm Parse
as follows:
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Parse(x = w1, . . . , wn)
1 c← cix
2 while c 6∈ Ct
3 t← o(c)
4 c← t(c)
5 return Gc

The algorithm starts by initializing the configuration c to the initial config-
uration cix specific to the transition system. As long as the parser remains
in a non-terminal configuration, i.e., τ is not empty, the parser applies the
oracle transition t = o(c) to the current configuration c. Finally, the depen-
dency graph Gc given by Ec and fc is returned. In this thesis we use two
different parsing algorithms: Nivre and Covington. Both algorithms can be
said to instantiate the generic deterministic parsing algorithm Parse, but
they differ in their parser configurations and transitions. The Nivre algo-
rithm has one additional data structure λ1, whereas Covington makes use
of two additional data structures λ1 and λ2. The Nivre algorithm comes
with two transition systems: arc-eager and arc-standard. The Covington
algorithm can be defined in several ways, but in this thesis we only use
the non-projective version of the transition system. These three transition
systems are defined in the following subsections.

3.2.1 Nivre Arc-Eager

The Nivre arc-eager transition system was first proposed for unlabeled de-
pendency parsing by Nivre (2003) and was extended to labeled dependency
parsing by Nivre et al. (2004). This transition system guarantees that the
parser terminates after at most 2n transitions, given a sentence of length n.
The configuration is extended with a stack λ1 of partially processed terminal
nodes, where vi is the top node of [λ1|vi]. The transition system uses four
transitions, two of which are parameterized by a dependency label l ∈ L.
The transition system is initialized and updates the parser configuration as
follows (Nivre, 2006):

Definition 7 For every dependency label l ∈ L, the following transitions
for a sentence x = w1, . . . , wn are possible:

Shift: (λ1, [vi|τ ], E, f) ⇒ ([λ1|vi], τ, E, f)
Reduce: ([λ1|vi], τ, E, f) ⇒ (λ1, τ, E, f)
Right-Arc(l): ([λ1|vi], [vj |τ ], E, f) ⇒ ([λ1|vi|vj ], τ, E ∪ {(vi, vj)},

f ∪ {((vi, vj), l)})
Left-Arc(l): ([λ1|vi], [vj |τ ], E, f) ⇒ (λ1, [vj |τ ], E ∪ {(vj , vi)},

f ∪ {((vj , vi), l)})

Initialization: cix = ([v0], [v1, . . . , vn], ∅, ∅)
The transition Shift shifts (pushes) the next input token vi onto the stack
λ1. This is the correct action when the head of the next token is positioned
to the right of the next token. The transition Reduce reduces (pops) the
token vi on top of the stack λ1. It is important to ensure that the parser
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does not pop the top token if it has not been assigned a head, since it will
be left unattached.

The Right-Arc transition adds an edge from the token vi on top of
the stack λ1 to the next input token vj and involves pushing vj onto the
stack. Finally, the transition Left-Arc adds an edge from the next input
token vj to the token vi on top of the stack λ1 and involves popping vi from
the stack. This transition is only allowed when the top token vi is not the
root node. We make use of the assumption of projectivity because we know
that the top token vi cannot have any more left and right dependents and
therefore it can be popped.

The configuration is initialized with the artificial root v0 on the stack λ1,
which means that edges originating from the root can be added explicitly
during parsing. This initialization allows more than one label for dependen-
cies from the artificial root. It is also possible to have an empty initialization,
the stack [ ], in which case edges from the root are only added implicitly
with a default label (to any token that remains a root after parsing is com-
pleted). Empty stack initialization reduces the amount of nondeterminism,
but restricts labeling to only one default label.

3.2.2 Nivre Arc-Standard

The Nivre arc-standard transition system uses a transition system similar
to the arc-eager version, but has only three transitions Shift, Left-Arc
and Right-Arc (no Reduce). The first two transitions, Shift and Left-
Arc, are applied in exactly the same way as for the arc-eager version. This
transition system also uses a stack λ1, where the stack initialization can
vary in the same way as for the arc-eager version. The Nivre arc-standard
transition system is defined as follows:

Definition 8 For every dependency label l ∈ L, the following transitions
for a sentence x = w1, . . . , wn are possible:

Shift: (λ1, [vi|τ ], E, f) ⇒ ([λ1|vi], τ, E, f)
Right-Arc(l): ([λ1|vi], [vj |τ ], E, f) ⇒ (λ1, [vi|τ ], E ∪ {(vi, vj)},

f ∪ {((vi, vj), l)})
Left-Arc(l): ([λ1|vi], [vj |τ ], E, f) ⇒ (λ1, [vj |τ ], E ∪ {(vj , vi)},

f ∪ {((vj , vi), l)})

Initialization: cix = ([v0], [v1, . . . , vn], ∅, ∅)
Instead of pushing the next token vj onto the stack λ1, Right-Arc moves
the topmost token vi on the stack back to the list of remaining input tokens
τ , where it replaces the token vj as the next token. The Nivre arc-standard
transition system uses a strict bottom-up processing as in traditional shift-
reduce parsing.

3.2.3 Covington Non-Projective

Covington (2001) proposes several incremental parsing strategies for depen-
dency representations and one of these strategies can recover non-projective
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dependency graphs. The Covington non-projective transition system, pre-
sented in definition 9, is based on Nivre (2007) that is a variant of the
non-projective parsing strategy. The Covington algorithm makes use of two
additional data structures in the parser configuration. We have two stacks
λ1 and λ2 of partially processed terminal nodes. We will have the same con-
vention as before for the stack λ1, where we denote the head vi to the right
and the tail λ1 consisting of nodes in descending order (i.e. [λ1|vi]). For λ2

we denote the head vj to the left and the tail λ2 to the right containing the
nodes in ascending order. We also allow list operations on the two stacks,
which means that we can move nodes from λ2 to λ1 all at once. We define
the Covington non-projective transition system in the following way:

Definition 9 For every dependency label l ∈ L, the following transitions
for a sentence x = w1, . . . , wn are possible:

Shift: ([ ], λ2, [vi|τ ], E, f) ⇒ ([λ2|vi], [ ], τ, E, f)
No-Arc: ([λ1|vi], λ2, [vj |τ ], E, f)⇒ (λ1, [vi|λ2], [vj |τ ], E, f)
Right-Arc(l): ([λ1|vi], λ2, [vj |τ ], E, f)⇒ (λ1, [vi|λ2], [vj |τ ],

E ∪ {(vi, vj)}, f ∪ {((vi, vj), l)})
Left-Arc(l): ([λ1|vi], λ2, [vj |τ ], E, f)⇒ (λ1, [vi|λ2], [vj |τ ],

E ∪ {(vj , vi)}, f ∪ {((vj , vi), l)})

Initialization: cix = ([v0], [ ], [v1, . . . , vn], ∅, ∅)

The initial configuration has the root node v0 on the stack λ1 and an empty
stack λ2. The transition system contains four possible transitions: Shift,
No-Arc, Right-Arc(l) and Left-Arc(l). The Shift transition is de-
terministic because it is the only possible transition when the stack λ1 is
empty and shifts the next token vi together with all nodes in λ2 to λ1. It is
possible to modify the transition system to allow a non-deterministic shift
transition (λ1, λ2, [vi|τ ], E, f)⇒ ([λ1+λ2|vi], [ ], τ, E, f), where all nodes in
λ2 are appended to λ1 together with next input token vi. The transition
No-Arc moves the node vi to λ2, where vi becomes the top of the stack
in λ2. The Right-Arc transition adds an edge with label l from the next
input token vj to the token vi on top of the stack λ1. Transition Left-Arc
adds an edge with label l from the next input token vj to the top token vi.
In addition, both the Right-Arc transition and the Left-Arc transition
moves the top token vi of the stack λ1 to λ2. The transition is permissible
if vi is not the artificial root node v0 and does not already have a head,
and there is no path from vi to vj . The transition system together with
the parsing algorithm has quadratic time complexity, since it proceeds by
trying to link each new token to each preceding token.

3.3 History-Based Models

In section 3.2 we defined three nondeterministic transition systems. Fur-
thermore, we introduced an oracle o : C → T , which the parsing algorithm
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uses to get the correct transition. If it is possible to derive the correct tran-
sitions from syntactically annotated sentences, we can use these as training
data to approximate such an oracle through inductive learning. In other
words, we define a mapping from an input string x and a dependency graph
G to a transition sequence C0,m = (c0, . . . , cm) such that G is uniquely
determined. A transition ti from ci−1 to ci is dependent on all previously
made transitions (t1, . . . , ti−1) and all available information about these
transitions, called the history. The history Hi = (t1, . . . , ti−1) corresponds
to some partially built structure and we also include static properties that
are kept constant during the parsing of a sentence, such as the word form
and the part-of-speech of a token.

The basic idea is thus to train a classifier that approximates an oracle
given that a treebank is available. We will call the approximated oracle
a guide (Boullier, 2003), because the guide does not guarantee that the
transition is correct. The history Hi = (t1, . . . , ti−1) contains complete in-
formation about all previous transitions. All this information is intractable
for training a classifier. Instead we can use history-based feature models
for predicting the next transition. History-based feature models were first
introduced by Black et al. (1992) and have been used extensively in data-
driven parsing (Magerman, 1995; Ratnaparkhi, 1997; Collins, 1999). To
make it tractable the history Hi is replaced by a feature vector defined
by a feature model Φ = (φ1, . . . , φp), where each feature φj is a func-
tion that identifies some significant property of the current configuration
c and/or the input string x. To simplify notation we will write Φ(c, x) to
denote the application of the feature vector (φ1, . . . , φp) to c and x, i.e.,
Φ(c, x) = (φ1(c, x), . . . , φp(c, x)).

3.4 Summary

In this chapter we have defined a formal framework for transition-based
dependency parsing. We have defined a syntax graph and its specializa-
tions: the dependency graph and the phrase structure graph. Moreover,
we have seen how a generic deterministic algorithm can be used together
with three different transition systems to parse dependency representations.
Finally, we have briefly discussed how history-based models can be used to
approximate an oracle for predicting the next transition. Chapter 4 ex-
plores different discriminative learning methods for approximating oracles
with classifiers acting as guides.
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Chapter 4

Machine Learning for

Transition-Based Dependency Parsing

Section 3.3 describes how history-based models can be used for guiding a
deterministic parsing algorithm. In this chapter we will investigate two
learning methods for predicting a transition sequence used by the parsing
algorithm for constructing a dependency graph.

In general, disambiguation or classification is the task of predicting the
class y given a variable x, which can be accomplished by probabilistic meth-
ods and it is common to divide these methods into two classes: generative
and discriminative. For generative methods, we use the Bayes rule to obtain
P (y |x) by estimating the joint distribution P (x, y). By contrast, discrim-
inative methods make no attempt to model underlying distributions and
instead estimate P (y |x) directly, or even implicitly maximize this proba-
bility without modeling it. We will investigate two discriminative methods
for the learning task: support vector machines (SVM) and memory-based
learning (MBL), which are described in section 4.1 and 4.2. We continue
in section 4.3 by investigating, based on Papers I and II, how these two
learning methods can be used for guiding a parser.

Section 4.5 explores a parser optimization strategy for porting the parser
to new languages. Although the optimization of the parser is an optimiza-
tion problem on the parser level it originates from the machine learning
level because the disambiguation of the dependency graph is influenced by
direct or indirect parameters on the machine learning level. For example,
an indirect parameter can be that of different transition systems that result
in different sets of training instances for the machine learner, which can be
more or less difficult to approximate with a learning algorithm.

4.1 Support Vector Machines

In the last decade, there has been a growing interest in SVMs, which were
proposed by Vladimir Vapnik at the end of the seventies (Vapnik, 1979).
SVMs are based on the idea that two linearly separable classes, the positive
and negative samples in the training data, can be separated by a hyper-
plane with the largest margin. It has been shown that SVMs give good
generalization performance in various research areas, such as face detection
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Figure 4.1: A linear support vector machine

(Osuna et al., 1997) and pedestrian detection (Oren et al., 1997). Within
natural language processing they have been used extensively in, for exam-
ple, text categorization (Joachims, 1998), chunking (Kudo and Matsumoto,
2001) and syntactic parsing (Yamada and Matsumoto, 2003).

Given a data set I = {(−→xi , yi)}`i=1 of ` instance-label pairs, where −→xi ∈ Rp
and yi ∈ {−1, 1}, −→xi is an p-dimensional feature vector representing the ith
sample, and yi is the class label of the ith sample which belongs to either the
positive (+1) or the negative (−1) class. The feature vector −→xi will in our
case be the feature vector defined by Φ(c, x), where −→xi [j] is the extracted
value for the corresponding feature φj .

The class label yi will be the transition t, but we need a method that
handles multiple class labels (more about that later in this section). The
idea is to estimate a vector −→w and a scalar b, which maximize the distance
of any data point from the hyperplane defined by −→w · −→x + b. The goal
of SVMs are to find the solution of the following optimization (Kudo and
Matsumoto, 2000; Burges, 1998):

Minimize: L(w) = 1
2 ‖ −→w ‖2

Subject to: yi(−→w · −→xi + b) ≥ 1,∀i = 1, . . . , ` (4.1)

In other words, the SVM method tries to find the hyperplane that separates
the training data into two classes with the largest margin. Figure 4.1 illus-
trates two possible hyperplanes, which correctly separate the training data
into two classes, and the left hyperplane has the largest margin between the
two classes.

The data in Figure 4.1 are easy to separate into two classes, but in practice
the data may be noisy and therefore not linearly separable. One solution
is to allow some misclassifications by introducing a penalty parameter C,
which defines the trade-off between the training error and the magnitude of
the margin.

SVMs can be extended to solve problems that are not linearly separa-
ble. The feature vector −→xi is mapped to a higher dimensional space by the
function ϕ, which makes it possible to carry out non-linear classification.
The optimization problem can be rewritten into a dual form, which is done
with a so called Kernel function K(xi, xj) ≡ ϕ(xi)Tϕ(xj) (Kudo and Mat-
sumoto, 2001; Vapnik, 1998). There are many kernel functions, but the
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most common are:

• polynomial: K(xi, xj) = (γxTi xj + r)d, γ > 0.

• radial basis function (RBF): K(xi, xj) = exp(−γ ‖ xi − xj ‖2), γ > 0.

• sigmoid: K(xi, xj) = tanh(γxTi xj + r).

where γ, r and d denote different kernel parameters (Hsu et al., 2004).
An SVM in its basic form is a binary classifier, but many learning prob-

lems have to deal with more than two classes. To make SVMs handle
multi-classification, many binary classifiers are used. For multi-class classi-
fication, we can choose between the methods one-against-all and all-against-
all. Given that we have n classes, the one-against-all method trains n clas-
sifiers to separate each class from the rest and the all-against-all method
trains n(n − 1)/2 classifiers, one for each pair of classes (Vural and Dy,
2004). A voting mechanism or some other measure is used to discriminate
across all these classifiers to classify a new instance.

4.2 Memory-Based Learning

Memory-based learning and classification is based on the assumption that
a cognitive learning task to a high degree depends on direct experience and
memory, rather than extraction of an abstract representation. MBL has
been used for many language learning tasks, such as part-of-speech tagging
(Cardie, 1993; Daelemans et al., 1996), semantic role labeling (den Bosch
et al., 2004; Kouchnir, 2004) and syntactic parsing (Kübler, 2004; Nivre
et al., 2004).

MBL is a lazy method and is based on two fundamental principles: learn-
ing is storing experiences in memory, and solving a new problem is achieved
by reusing solutions from previously solved problems that are similar to
the new problem. The idea during training for MBL is to collect the val-
ues of different features from the training data together with the correct
class (Daelemans and den Bosch, 2005). MBL generalizes by applying a
similarity metric without abstracting or eliminating low-frequency events.
This similarity metric can be seen as an implicit smoothing mechanism for
rare events. Daelemans and colleagues have shown that it may be harmful
to eliminate rare events in the training data for language learning tasks
(Daelemans et al., 2002), because it is very difficult to discriminate noise
from valid exceptions.

The p feature-values are mapped into a p-dimensional space, where each
feature vector from the training data with its corresponding class is a point
in this space. The task at decision time is to find the nearest neighbor(s) in
this p-dimensional space and return a category based on the k nearest neigh-
bor(s). The way this search is performed can be varied in many different
ways.

The overlap metric is one of the most basic metrics and uses the distance
∆(−→xi ,−→zi ) between two feature vectors −→xi and −→zi , which are represented as
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p features:

∆(−→xi ,−→zi ) =
p∑

j=1

wiδ(−→x [j],−→z [j]) (4.2)

where wj is a weight for feature j, and the function δ(−→x [j],−→z [j]) is the
distance per feature and will be 0 if −→x [j] = −→z [j], otherwise 1. The weight
wj can be calculated by a variety of methods, e.g., information gain (IG),
which measures each feature’s contribution to our knowledge with respect
to the target class.

A variation of the overlap metrics is the more sophisticated modified value
difference metric (MVDM), introduced by Cost and Salzberg (1993), which
estimates the distance between two values of a feature by considering their
cooccurrence with the target classes. However, this metric is more sensitive
to sparse data.

4.3 Learning for Parsing

In section 3.3 we introduced a guide that approximates an oracle, and in this
section we will investigate how discriminative learning can be used to dis-
ambiguate transition sequences for constructing the dependency graph. It
is convenient to distinguish between two phases when describing transition-
based parsing: the learning phase and the parsing phase.

In the learning phase, the parser derives the correct transition by using an
oracle function o applied to a gold standard treebank. For each transition
it provides the learner with a training instance (−→xi , t), where −→xi is a current
vector of feature values defined by a feature model Φ(c, x) and t is the
correct transition. The learning problem is to induce a parser model (a
classifier) from a set of training instances by using a learning algorithm. In
this way, the learner only has to learn a mapping from feature vectors to
transitions, without knowing either how the features are extracted or how
the transitions are to be used.

In the parsing phase, the parser uses the parser model, as a guide, to
predict the next transition and now the vector of feature values −→xi is the
input and the transition t is the output of the guide. The feature extraction
is performed in exactly the same way as in the learning phase.

The feature extraction uses the feature model, which is defined in terms
of a feature vector (φ1, . . . , φp), where each feature φj is a function, can
be defined in terms of three simpler functions: an address function aφj

,
which identifies a specific token in a given parser configuration, an attribute
function fφj , which picks out a specific attribute of the token, and a mapping
function mφj

, which defines equivalence classes of attribute values.

1. For every i and j, 1 ≤ i ≤ d and j ≥ 0, λi[j], τ [j] are address functions
defined on the input list τ or the ith data structure of the remaining
data structures in the parse configuration (cf. definition 5). The index
j identifies a particular token in the addressed data structure. For
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example, if the Nivre parsing algorithm is used, then λ1[j] is the j+1th
token from the top of the stack λ1, and τ [j] is the j+1th token from
the start of the input list τ , respectively. (Hence, λ1[0] is the top of
the stack, and τ [0] is the next input token.)

2. If α is an address function, then l(α) and r(α) are address functions,
identifying the left and right string neighbors, respectively, of the token
identified by α.

3. If α is an address function, then h(α), lc(α), rc(α), ls(α) and rs(α)
are address functions, identifying the head (h), the leftmost child (lc),
the rightmost child (rc), the next left sibling (ls) and the next right
sibling (rs), respectively, of the token identified by α (according to the
partially built dependency graph).

4. If α is an address function and f is an attribute function, then f(α)
is a feature function, identifying a particular attribute of the token
identified by α. Papers I and II make use of three attribute functions:
part-of-speech (p), word form (w), and edge label or dependency type
(d) (where the edge label or the dependency type, if any, is given by the
partially built dependency graph). Paper III, which uses the CoNLL de-
pendency data format (Buchholz and Marsi, 2006), has three additional
attribute functions: coarse-grained part-of-speech (cp), lemma (le) and
unordered set of syntactic and/or morphological features (sm). It is
possible to add more attribute functions if there are more attributes
available in the data.

5. If f(α) is a feature function, then m(f(α)) is a feature function if m is
a mapping from the range of f to some new value set. For example, a
mapping function can be used to restrict the value of a lexical feature
to the last n characters of the word form.

A set of training instances, extracted according to the feature model is used
by a learner to induce a parser model (a classifier). The set of possible
transitions is discrete and finite, and therefore we can view this as a clas-
sification problem. A classifier is an approximation of the true oracle o,
and is used to predict a transition t given a feature vector −→xi , which is the
extracted values of using the same feature model Φ(c, x) as during learning.
The feature models presented in Paper II are shown in table 4.1; the feature
model Φ2 is the non-lexical model and Φ3 the lexical model in Paper I.

In practice, a learner will normally be an interface to a standard machine
learning package. The experiments presented in all papers are based on two
different software packages:

• TiMBL (Tilburg Memory-Based Learner) is a software package for
memory-based learning and classification (Daelemans and den Bosch,
2005), which directly handles multi-valued categorical features. A
training instance contains a feature vector −→xi of categorical values and
a transition t and can be used directly by TiMBL, because the input
format of TiMBL is a column-based format with categorical values
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Feature Φ1 Φ2 Φ3 Φ4 Φ5 Φ6

p(λ1[0]) + + + + + +
p(τ [0]) + + + + + +
p(τ [1]) + + + + + +
p(τ [2]) + + +
p(τ [3]) + + +
p(λ1[1]) +
d(λ1[0]) + + + + +
d(lc(λ1[0])) + + + + +
d(rc(λ1[0])) + + + + +
d(lc(τ [0])) + + + + +
w(λ1[0]) + + + +
w(τ [0]) + + + +
w(τ [1]) + +
w(h(λ1[0])) + +

Table 4.1: Five different feature models used in Papers I and II; feature model

Φ6 is the model used by Nivre (2006).

separated by tabulation. A null-value is used to represent feature val-
ues that cannot be extracted, for example when the lookhead is out of
range or the stack is empty.

• LIBSVM library (Chang and Lin, 2001) is a software library for SVM
classification, which is able to handle multi-class classification. All cat-
egorical features are converted to numerical features using the standard
technique of binarization.

Both TiMBL and LIBSVM have a wide variety of parameters, which can
be tuned for a specific learning task. Paper I uses only TiMBL and Paper II
uses both TiMBL and LIBSVM; Papers III–V only make use of LIBSVM.

4.4 Experimental Results

The leading evaluation metrics used in Papers I–III are the unlabeled and
labeled attachment score. The unlabeled attachment score (UAS) is the
proportion of tokens that are assigned the correct head (regardless of de-
pendency label) and labeled attachment score (LAS) is the proportion of
tokens that are assigned the correct head and the correct dependency label.
Paper I presents the attachment score both as a macro-average (per sen-
tence) and as a micro-average (per word). The former (per sentence) was
abandoned because the latter (per word) has become standard practice in
the research community for evaluating parsers with dependency represen-
tations. Another evaluation metric is the exact match score, which is the
proportion of sentences that are assigned a completely correct dependency
graph and also comes in an unlabeled and a labeled version.

Paper I presents our first large scale attempt to parse unrestricted nat-
ural language text in Swedish with a transition-based dependency parser
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TS S Swedish English Chinese
UAS LAS UAS LAS UAS LAS

NE No 86.8 83.1 89.2 87.7 83.8 82.3
Yes 86.4 82.6 88.9 87.4 83.9 82.4

NS No 85.6 81.6 88.6 87.1 84.8 83.2
Yes 84.6 80.5 88.6 87.1 84.5 83.0

LT PT LT PT LT PT
NE No 42 min 5 min 46 h 2 h 11 h 1 h

Yes 2 min 22 s 3 h 9 min 2 h 12 min
NS No 1 h 5 min 62 h 2 h 12 h 1 h

Yes 3 min 28 s 5 h 9 min 1.5 h 11 min

Table 4.2: Parsing accuracy and learning and parsing times when splitting the

training instances into smaller sets (S = Yes/No) used by the SVM implementation

of MaltParser 0.4; two versions of Nivre’s parsing algorithms (TS), where arc-eager

is denoted NE and arc-standard NS; the accuracy is measured by the attachment

score (AS) metrics; U: unlabeled, L: labeled; LT: learning time, PT: parsing time.

using MBL.1 Nivre and Scholz (2004) present similar experiments for En-
glish using the Wall Street Journal section of Penn Treebank II converted
into dependency representations. Nivre (2006) investigates different feature
models and MBL settings for both Swedish and English using the same ap-
proach. Paper II further investigates how machine learning can be used as
a guide for three languages (Chinese, English and Swedish) by optimizing
five different feature models (cf. table 4.1) and using two learning methods.

A study that was conducted in conjunction with Paper II, but not pre-
sented there, concerned how the set of training instances for the SVM learner
could be divided into smaller sets according to the part-of-speech of the next
token in order to reduce the learning and parsing times. Similar techniques
have been used by Yamada and Matsumoto (2003), among others. The
results are presented in Hall (2006), and are summarized in table 4.2 with
feature model Φ5. We can see that both learning and parsing times are
reduced by a factor of 15 for English and Swedish and approximately by a
factor of 6 for Chinese with a drop in accuracy of only a few tenths of a
percentage point. The small decrease in accuracy is usually compensated
by the fact that we can use more iterations to optimize the parser compared
to the non-split instance set.

Table 4.3 shows a summary of the best results reported in Paper I, Paper
II and Nivre (2006) using both MBL and SVM.2 The results for Swedish
and English in Paper I and II are based on part-of-speech tags, which are
automatically assigned in a preprocessing phase by an HMM part-of-speech

1 Nivre (2004) presents a pilot experiment corresponding to the MCLE-model in Paper
I.

2 The results for Paper II in table 4.3 are slightly higher than the results in table 4.2
for Swedish and English because of further optimization and the results for Chinese are
slightly lower because Nivre arc-eager (NE) is used for the results for Paper II in table 4.3.
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Swedish English Chinese
Paper FM LM UAS LAS UAS LAS UAS LAS

Paper I Φ3 MBL 84.7 80.6

Nivre (2006) Φ6 MBL 86.3 82.0 88.1 86.3

Paper II Φ5 MBL 86.6 82.3 88.0 86.2 81.1 79.2
SVM 86.9 83.2 89.4 87.9 84.3 82.7

Table 4.3: Parsing accuracy; FM: feature model; LM: learning method; UAS:

unlabeled attachment score; LAS: labeled attachment score.

tagger (Hall, 2003). Paper I shows that lexicalized models outperforms non-
lexicalized models and one of the important results in Paper II is that SVM
outperforms MBL when using more complex feature models with lexical
features. The investigation presented in Paper II was a turning point in
that we used SVM instead of MBL for guiding the parser. The results for
English and Chinese were close to the state of the art at the time, while the
results for Swedish were the best reported so far.

4.5 Parser Optimization

In this section we discuss how a transition-based dependency parser can
be used for a large variety of languages and how we can optimize the
parser to obtain a satisfying accuracy. Nivre and Hall (2005) shows that
a transition-based dependency parser with MBL can be tuned for five lan-
guages using treebank data from Swedish, English, Czech, Danish and Bul-
garian. Nivre et al. (2007) explore in an extensive empirical study how
a transition-based dependency parser with MBL can be ported to a wide
range of languages (Bulgarian, Chinese, Czech, Danish, Dutch, English,
German, Italian, Swedish and Turkish) with an unlabeled attachment score
over 80%. In the 2006 CoNLL-X shared task (Buchholz and Marsi, 2006),
MaltParser using an SVM classifier was tuned for thirteen languages, and
the highest labeled attachment score over all languages was obtained by
MaltParser (Nivre et al., 2006; Hall and Nilsson, 2006) and MSTParser (Mc-
Donald et al., 2006) (both over 80%). Finally, we participated with two sys-
tems (both based on MaltParser) in the multilingual track of the CoNLL
shared task 2007 (Nivre et al., 2007), where the task was to parse ten lan-
guages with dependency representations (Hall et al., 2007). The Single
Malt system achieved an overall labeled attachment score close to 80%,
which was the third best score in the shared task together with two other
systems. The Blended system had the highest score (over 81%), based on
six Single Malt parsers using the parser combination technique proposed
by Sagae and Lavie (2006).

Paper III, based on the work done for the CoNLL shared task 2007 (Hall
et al., 2007), summarizes all the experience that we have gained over the
last six years of tuning MaltParser for a wide range of languages and it also
presents the results of the CoNLL shared task 2007. Parser optimization
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in this context can be viewed as a machine learning optimization because
almost all disambiguation is done by the machine learner. The optimization
parameters can be divided into three main groups:

• Learning algorithm parameters are parameters that affect the learner
directly. For example, both TiMBL and LIBSVM are equipped with
several parameters such as kernel parameters for LIBSVM and the k-
nearest neighbor parameter for TiMBL. A subgroup within this group
of parameters is the learning interface parameters, which are parame-
ters that affect the interface between the parser and one or more learn-
ers. For example, parameters concerned with the splitting of the train-
ing set into smaller subsets belong to this group.

• Feature model parameters are parameters that affect the learner indi-
rectly. Adding or removing a feature will modify each training instance,
which will also slightly modify the learning problem.

• Parsing algorithm parameters are parameters that affect the learner
indirectly by altering the set of training instances and in that way the
learning problem is slightly modified. The transition system of the
parsing algorithm is one example of such a parameter. A subgroup
within this group of parameters is the pre/post-processing parameters,
which are parameters that modify the input during learning and the
output during parsing. Pseudo-projective parsing proposed by Nivre
and Nilsson (2005) is an example of pre/post-processing that allows a
projective parsing algorithm to recover non-projective dependencies.

It is essential to optimize these parameters for the language of interest
to get a good overall result. It is intractable to try out all combinations
because there is an infinite number of combinations of these parameters.
We have identified an optimization strategy that has been shown to give
good accuracy for over twenty languages:

1. Define a good baseline system that have performed well for other lan-
guages and annotation schemes with similar properties.

2. Tune the parsing algorithm and the pre/post-processing parsing pa-
rameters once (with default settings for the feature model and learning
algorithm parameters).

3. Optimize the feature model and the learning algorithm parameters in
an interleaved fashion.

Here is an example of a good baseline system that is often used as the
starting point for optimization:

• Nivre arc-eager transition system.

• Pseudo-projective parsing if the treebank contains a large proportion
of non-projective sentences; otherwise there is no point in using this
pre/post processing parameter.
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4 Machine Learning for Transition-Based Dependency Parsing

• Feature model Φ5 as the starting point for feature selection. If the
treebank data is annotated with more attributes such as lemma and
syntactic and/or morphological features then add these attributes for
the top token of the stack and the next input token.

• LIBSVM as the classifier with the polynomial kernel K(xi, xj) =
(γxTi xj + r)d of degree 2 (d = 2), and use γ = 0.2 and r = 0 for
the kernel parameters, C = 0.5 for the penalty parameter, and ε = 1.0
for the termination criterion.

• Split training instances into smaller sets according to the part of speech
of the next input token p(τ [0]) to reduce the learning and parsing times,
which will make parser optimization more feasible.

The next step is to tune the parsing algorithm parameters, which can
involve replacing the Nivre arc-eager transition system by the Covington
non-projective transition system. It is important to try out all parser al-
gorithm specific parameters in an interleaved fashion with all the pseudo-
projective parsing parameters (if the treebank contains a large amount of
non-projective sentences). If the parsing algorithm and the transition sys-
tem are exchanged it is also important to modify the feature model so that
it is adapted to the algorithm and transition system. MaltParser 1.0 or later
is equipped with several default feature models depending on the algorithm
and the transition system.

After the first round of optimization we will have one or at most a handful
of candidates, which we want optimize in more detail. It is almost impossible
to do an exhaustive search for the best feature model, so instead we use two
different strategies:

1. Investigating properties of the languages and using features defined to
capture these properties.

2. Batch testing of new features by forward and backward selection.

This can be further improved by a search for better learner specific settings
with a grid search in an interleaved fashion with feature selection, but an
exhaustive search is intractable.

Finally, it is important to point out that the optimization strategy pre-
sented above and exemplified in Paper III has not been evaluated in com-
parison to other strategies. Hence, the only way in which we can conclude
that it is a good optimization strategy is that it has led to competitive re-
sults for a wide range of languages in several evaluations. There is no way
of proving that it is an optimal strategy.

4.6 Summary

We have investigated how machine learning can be used to approximate the
oracle to guide deterministic transition-based parsing algorithms. Moreover,
we have empirical evidence that SVMs with a quadratic kernel outperforms
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4.6 Summary

MBL for two languages, English and Chinese. We have only investigated two
learning methods in Paper I and II, which makes it impossible to conclude
that SVM is the best learning method for the task, but by comparing our
results to the state of the art we can at least conclude that it seems to be well
suited for the task. Finally, we have identified a strategy based on experience
for optimizing a transition-based parser, which has been successfully applied
in the CoNLL shared tasks in 2006 and 2007.
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Chapter 5

Dependency-Based Phrase Structure

Parsing

Despite the fact that dependency representations have received more at-
tention in the parsing community lately, especially for free word order lan-
guages such as Czech, the dominant syntactic representation is still based
on phrase structure. The standard method for using treebanks that are
annotated with phrase structure representations as training material for
dependency parsing is to convert phrase structures into dependency graphs
using head-finding rules. There are several disadvantages compared to us-
ing treebanks annotated with genuine dependency representations. When
converting the phrase structure treebank there has usually not been any
way to do the inverse conversion, which has restricted parser evaluation to
the converted version rather than the original treebank. Another problem
is the derivation of meaningful dependency labels for the dependency edge
labels. These disadvantages have been unsatisfactory when parsing tree-
banks based on phrase structure representations as in the experiments in
Paper II.

Unfortunately, the simplification of the parsing problem has not been
limited to parsing dependency versions of phrase structure treebanks. For
example, English parsers trained on the Wall Street Journal section of the
Penn Treebank (Marcus et al., 1993) often restrict the parsing problem
to recovering nonterminals with their phrase labels. Besides phrase labels
some nodes are annotated with function labels (such as the subject rela-
tion) and non-local dependencies are represented using empty categories
and co-indexation (Bies et al., 1995), aspects of the annotation that are
often ignored. Another example is German parsers trained on treebanks
based on the Negra annotation scheme (Skut et al., 1997), where often the
grammatical functions and the discontinuous phrases are not recovered by
the parser. One explanation why parser developers ignore some aspects of
the representation is that it is difficult to integrate these concepts into the
parser model without sacrificing time and memory efficiency.

Paper IV presents, in the context of the PaGe 2008 shared task on pars-
ing German (Kübler, 2008), a method for turning a data-driven dependency
parser into a parser that parses phrase structure representations with gram-
matical functions. This method is evaluated without any complex head-

37



5 Dependency-Based Phrase Structure Parsing

finding rules on two German treebanks with continuous phrase structure
representations extended with grammatical functions.

Paper V defines the method in more detail, which involves algorithms for
transforming a phrase structure graph into a dependency graph and back.
The method is capable of handling arbitrary phrase structures including
discontinuous phrases and grammatical functions. Two experiments are
based on the Swedish treebank Talbanken05 (Nivre et al., 2006) and the
German TIGER treebank (Brants et al., 2002). The first experiment veri-
fies empirically that the method can transform the phrase structure graphs
into dependency graphs and back without loss of information. The sec-
ond experiment evaluates parsers on the two treebanks with competitive
results. The method for parsing phrase structure with a transition-based
dependency parser consists of four steps:

1. Transform phrase structures into dependency graphs that encode the
inverse transformation in complex edge labels.

2. Train a transition-based dependency parser on the dependency graphs
derived in step 1.

3. Parse new sentences using the parser model induced in step 2.

4. Apply the inverse transformation to the dependency graphs produced
in step 3, using the information encoded in the complex edge labels.

Paper V describes the algorithms used for the transformation from phrase
structure to dependency (step 1) and back (step 4). Below we provide a
formal characterization of the two mappings. We begin by defining a class
of mappable phrase structure graphs, which is a subclass of the set of phrase
structure graphs.

Definition 10 Given a set LNT of phrase labels and a set LE of edge labels
a mappable phrase structure graph is a phrase structure graph G = (V,E, F )
such that

• F = {fT , fNT , fE}, where

– fT (vi) = wi, for every vi ∈ VT .

– fNT (vi) ∈ LNT , for every vi ∈ VNT .

– fE(ei) ∈ LE , for every ei ∈ E
The definition of a mappable phrase structure graph imposes special condi-
tions on the labeling functions in F to ensure that each terminal node vi is
labeled with the corresponding word wi, and that nonterminal nodes and
edges are labeled with phrase labels and edge labels, respectively.

The rest of this chapter is structured as follows. Section 5.1 defines the
transformation from a mappable phrase structure graph to an encoding
dependency graph, and section 5.2 defines the inverse transformation. To
make this more understandable, we go through an example in section 5.3.
In section 5.4 we discuss the results in relation to Paper IV and V. Finally,
section 5.5 summaries the main contributions and results of the chapter.
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5.1 Phrase Structure to Dependency

5.1 Phrase Structure to Dependency

The transformation of a mappable phrase structure graph GP into an encod-
ing dependency graph GD is presented in Paper V as a two-step approach.
First the heads of each node in GP are identified, which is a standard
approach for converting a phrase structure to a dependency graph. The
algorithm Identify-Head in Paper V traverses the phrase structure graph
from the root node and identifies the head-child vc and the lexical head vh
for all nonterminal nodes VNT in a recursive depth-first search. To iden-
tify the head-child vc for each nonterminal vm the algorithm uses heuristics
called head-finding rules. The head-finding rules can be very simple, such
as: Take the leftmost terminal child as the head-child if it exists; other-
wise take the leftmost nonterminal child. But the head rules can also be
more complex with a priority list for each phrase type. The second step
in Paper V is an algorithm Create-DependencyGraph that creates a
dependency graph according to the identified lexical heads and labels the
edges with complex edge labels that makes it possible to perform the inverse
transformation.

We formalize both steps with the following definition:

Definition 11 Given a mappable phrase structure graph GP = (VR∪VT ∪
VNT , EP , {fT , fNT , fE}) for a sentence x = w1, . . . , wn, the encoding de-
pendency graph is the graph GD = (VR ∪ VT , ED, {fT , fD}) such that, for
every edge (vm, vc) ∈ EP such that h(vm) = vh, h(vc) = vd and vh 6= vd, it
holds that:

• (vh, vd) ∈ ED
• fD(vh, vd) = (fE(vm, vc),e-path(vd, vc),nt-path(vd, vc),dist(vh, vm))

and ED and fD are the smallest sets that satisfy these conditions.

In other words, for every edge (vm, vc) in the phrase structure graph GP , we
identify the lexical heads h(vm) = vh and h(vc) = vd using some function h
typically defined by heuristic head finding rules, and add the edge (vh, vd) to
the encoding dependency graph GD. The function h must be constructed
so that, for any non-terminal node vi ∈ VNT , h(vi) is a terminal node
dominated by vi. However, for the special root node v0, we assume that
h(v0) = v0. The edge (vh, vd) is labeled by a complex label consisting of
four sublabels:

1. fE(vm, vc) = l is the grammatical function of the edge between the
mother nonterminal node vm and the child node vc.

2. e-path(vd, vc) = lE1 | . . . |lEp is the path of edge labels (or grammatical
functions) from vd to vc in GP .

3. nt-path(vd, vc) = lNT1 | . . . |lNTp is the path of nonterminal labels (or
phrase labels) from vd to vc in GP .

4. dist(vh, vm) = k is the number of non-terminal nodes between vh and
vm.
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5.2 Dependency to Phrase Structure

The inverse transformation is presented in Paper V as a bottom-up and top-
down process on the dependency graph. First, the algorithm visits every
node in the dependency graph and restores the spine of nonterminal nodes
with phrase labels and grammatical functions for each terminal node vd
using the information in the sublabels lE1 | . . . |lEp and lNT1 | . . . |lNTp of the
incoming edge. By the spine of vd, we mean the path (sequence of edges)
connecting vd to the highest nonterminal node vc in the phrase structure
graph such that h(vc) = vd. Thus, the bottom-up process results in a spine
of zero or more edges from each terminal to the highest nonterminal node
of which the terminal is the lexical head. Secondly, the spines are weaved
together according to the edges of the dependency graph. This is achieved
by traversing the dependency graph recursively from the root using a pre-
order depth-first search, where the dependent spine is attached to its head
spine or to the root of the phrase structure graphGP . The edge label is given
by the first sublabel in the dependency graph, and the attachment point
is given by the fourth sublabel, which specifies the number of nonterminal
nodes between the (lexical) head and the attachment node.

We define the inverse transformation with the following definition:

Definition 12 If GD = (VR ∪ VT , ED, {fT , fD}) is an encoding depen-
dency graph, then for every edge (vh, vd) ∈ ED such that fD(vh, vd) =
(l, lE1 | . . . |lEp , lNT1 | . . . |lNTp , k) let

• V dNT = {vd1 , . . . , vdm
}

• EdP = {(Ancestor(k, vh), vdm
), (vdm

, vdm−1), . . . , (vd1 , vd)}
• fNT (vdi) = lNTi

• fE(vdi
, vdi−1) = lEi (vd0 = vd)

The corresponding phrase structure graph is then the graph GP = (VR ∪
VT ∪ VNT , EP , {fT , fNT , fE}) such that

• VNT = ∪ni=1V
i
NT

• EP = ∪ni=1E
i
P

Each edge (vh, vd) in the dependency graph GD, where vh is the head and
vd is the dependent, is used for reconstructing the phrase structure graph
GP . The dependent spine of nonterminal nodes corresponding to vd is
a subset of nonterminal nodes V dNT identified by the path of nonterminal
labels lNT1 | . . . |lNTp . The edges of the dependent spine is a subset of edges EdP
identified by the path of edge labels lE1 | . . . |lEp and the edge connecting the
dependent spine to the head spine is calculated by the function Ancestor.
The function Ancestor takes sublabel k and the lexical head vh of the head
spine as arguments and returns a nonterminal node of GP in VNT given by
traversing the head spine k+1 steps up. Moreover, if k+1 > |V hNT | then the
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5.3 Encoding Example
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Figure 5.1: An example of encoding a mappable phrase structure graph GP

(illustrated above the sentence) as an encoding dependency graph GD (below the

sentence) for the sentence Johan likes graphs.

function Ancestor returns the root node v0 of GP .1 The label functions
of GP associate the labels to the nonterminal nodes and the edges using the
information in the edge labels.

5.3 Encoding Example

Figure 5.1 illustrates the encoding of a mappable phrase structure graph
into an encoding dependency graph with complex edge labels for an En-
glish sentence. The token likes is the lexical head vh (i.e., h = 2) of the
nonterminal S because the nonterminal VP is the head-child of the nonter-
minal S and likes is the lexical head of the nonterminal VP. This means
that likes is the lexical head of both S and VP. The mother node of S is the
artificial root node of the phrase structure graph, which means that likes is
the dependent of the artificial root node in the encoding dependency graph
(illustrated by an edge from node v0 to v2 below the sentence).2 The edge
is labeled with a complex label (−, HD|HD, VP|S, 0), which consists of
four sublabels. The first sublabel l = − indicates an empty edge label from
the artificial root node v0 to S in the phrase structure graph. The second
and third sublabels encode the path of edge labels HD|HD and nonterminal
labels VP|S in the dependent spine in the phrase structure graph. Finally,
the fourth sublabel is k = 0, which means that the dependent spine should
be attached directly to the lowest possible node of the head spine, in this
case the artificial root node v0.

The left NP nonterminal has the lexical head v1 (i.e., the token Johan),
which is a dependent of the node v2 in the encoding dependency graph with

1 This takes care both of the special case where vh = v0 and of cases where the parser
predicts an impossible attachment level.

2 Remember that v0 is its own head.
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5 Dependency-Based Phrase Structure Parsing

an edge labeled (SUB, −, NP, 1). The first sublabel SUB comes from the
edge between the S nonterminal and the left NP nonterminal, which is the
edge that connects the dependent spine and the head spine. The sublabels
− and NP encode the empty edge label and the single nonterminal label
NP of the dependent spine. The fourth sublabel is k = 1, which means that
the dependent spine is connected one step up in the head spine (i.e., the
left NP is connected to S, not VP).

Finally, the dependent spine with the right NP nonterminal is represented
in the encoding dependency graph as an edge from v2 to v3 with a complex
label (OBJ, −, NP, 0). The sublabels − and NP encode the dependent
spine going from the node v3, and the attachment level 0 indicates that the
dependent spine should be attached to the first nonterminal node of the
head spine (i.e., VP) with the label OBJ.

5.4 Experimental Results

Paper IV presents the results of parsing both dependency and phrase struc-
ture representations for two German treebanks in the context of the PaGe
shared task on parsing German. The treebanks prepared by the organiz-
ers were based on the German TIGER (Brants et al., 2002) and TüBa-
D/Z (Telljohann et al., 2005) treebanks. The dependency and phrase struc-
ture versions contained the same set of sentences, approximately 23000 sen-
tences. Both treebanks were converted into dependency representations and
continuous phrase structure representations by the organizers.

The dependency track was straightforward for MaltParser, using the
parser optimization strategies presented in Paper III and briefly described
in section 4.5. We achieved a labeled attachment score close to 90% for
both the treebanks, 90.80 for TIGER and 88.64 for TüBa-D/Z, but we were
unfortunately the only participants in this track.

We used a version of the method presented in section 5.1 and 5.2 to parse
the phrase structure versions of the treebanks with MaltParser. More pre-
cisely, we used the Nivre parsing algorithm with the arc-eager transition
system. One difference from the approach described in chapters 3 and 4
is that the prediction of the transition t is not combined with the predic-
tion of the edge label into one complex prediction with one feature model.
Instead the prediction of the parser action is divided into several predic-
tions. The reason for dividing the prediction is that the number of distinct
complex edge labels can be quite large. The prediction strategy presented
in Paper IV instead predicts the transition as follows: if the transition
is Shift or Reduce the nondeterminism is resolved, but if the predicted
transition is Right-Arc or Left-Arc the parser continues to predict the
sublabels of the complex edge label separately with separate feature models
for Right-Arc and Left-Arc. With this prediction strategy there will
be nine feature models and the parser makes use of nine separately trained
classifiers. We used very simple head rules for transforming the phrase
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5.4 Experimental Results

TIGER TüBa-D/Z
System Gold recall precision F1-score recall precision F1-score

Berkeley TG 69.23 70.41 69.81 83.91 84.04 83.97
Stanford TG 58.52 57.63 58.07 79.26 79.22 79.24
Stanford 49.03 73.36
Växjö T 67.06 63.40 65.18 76.44 74.79 75.60

Table 5.1: The results of the phrase structure track of the PaGe shared task on

parsing German, taken from Kübler (2008) and Rafferty and Manning (2008). TG

means that the gold part of speech tags including grammatical functions going

from nonterminal to terminal is used and T means that the gold part of speech

tags are used.

structure representation into dependency representations. For the TIGER
treebank we perform a left-to-right search to find the leftmost lexical child.
If no lexical child can be found, the head-child of the nonterminal will be
the leftmost nonterminal child and the lexical head will be the lexical child
of the head child recursively. For the TüBa-D/Z treebank we used similar
techniques but varied the direction of search according to the label of the
target nonterminal.

The results for the three participants are shown in table 5.1. It is difficult
to compare the results because of different inputs to the systems. The la-
beled F1-score was the main evaluation metric, and labeled in this context
means that both the phrase labels and the grammatical functions should
agree with the gold-standard, but grammatical functions labeling the edge
between a nonterminal and a terminal were not included in the evaluation.
The Berkeley parser (Petrov and Klein, 2008) based on learning latent vari-
able grammars has the best scores for both treebanks, but uses gold part
of speech tags including grammatical functions going from nonterminals to
terminals during the evaluation. MaltParser (Växjö in table 5.1) makes use
of the gold part of speech tags, but not the incoming grammatical functions
to the terminal. For TüBa-D/Z, the Stanford parser (Rafferty and Man-
ning, 2008) outperforms MaltParser when using gold part of speech tags
including grammatical functions, but not when tagged data is used. For
TIGER, MaltParser outperforms the Stanford parser regardless of whether
the gold tags are used or not. From our point of view, an interesting com-
parison is to compare the results of the dependency track and the phrase
structure track, where MaltParser obtains an accuracy close to 90% in the
dependency track, but only 65% for TIGER and close to 76% for TüBa-D/Z
in the phrase structure track. There seems to be room for improvements,
especially if we can find more suitable head rules. However, it is also clear
that the phrase structure parsing problem is a more complex task.

With these promising results we continued developing the method and ad-
justed the algorithms so that also discontinuous phrases could be handled.
Besides the algorithms for transforming phrase structure graphs to depen-
dency graphs and back, Paper V contains an empirical study of parsing
both continuous and discontinuous phrase structure. The Swedish treebank
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Talbanken05 (Nivre et al., 2006) and the German TIGER treebank (Brants
et al., 2002) are used for evaluating the parser. Both treebanks are encoded
in the TIGER-XML format, but use different annotation schemes. Note
that the TIGER treebank used in the evaluation in Paper IV is based on
the original TIGER treebank, but has been adapted for the PaGe shared
task both with respect to size and by eliminating all discontinuous phrases.
The evaluation in Paper V uses the original treebank. For Swedish, we
used Talbanken05, which is a modernized version of Talbanken (Einarsson,
1976a,b).

In Paper V, we used the Covington algorithm to be able to recover non-
projective edges (corresponding to discontinuous phrases) with the same
prediction strategy described above for dividing the prediction of the tran-
sition into several steps. More complex head rules, compared to Paper IV,
were used for transforming phrase structure graphs to dependency graphs.
Actually, we can regard the search of appropriate head rules as an optimiza-
tion of the parser, which will fall into the subgroup of pre/post processing
parameters presented in section 4.5. The evaluation shows that the parser
can recover both continuous and discontinuous phrases labeled with both
phrase labels and grammatical functions with an F1-score close to 70% for
TIGER using the gold part of speech tags and close to 65% with tagged
data. To compare the results with those in Paper IV is difficult because of
different data sets. The accuracy increased by almost 5 percentage points,
and taking into account that 22.5% out of all phrases are discontinuous
phrases these results are more impressive. On the other hand, the training
set used in Paper IV is half the size of the data set used in Paper V. For
Talbanken05, the F1-score is over 65% using the gold part of speech tags
and over 58% with tagged data. Comparison to the state of the art is also
difficult, because of difference in input and output representations, but Pa-
per V includes a few relevant comparisons, which indicate that our results
are competitive.

5.5 Summary

In this chapter we have defined a transformation from phrase structure
graphs into dependency graphs and back in a loss-less fashion. Moreover, we
have presented empirical studies, based on Papers IV and V, showing that
it is possible to obtain competitive results for two languages when parsing
phrase structure representations with a transition-based dependency parser.
Furthermore, we have shown that the original annotation of both TIGER
treebank and Talbanken05 can be recovered by the parser without simplifi-
cations including both discontinuous phrases and grammatical functions.
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Chapter 6

MaltParser

One of the major contributions of this thesis is the MaltParser system,
which is a language-independent system for transition-based dependency
parsing of both dependency and phrase structure representations. The de-
velopment of MaltParser has been joint work with especially Joakim Nivre,
but also Jens Nilsson. MaltParser implements the approach described in
this thesis and the theoretical framework of inductive dependency pars-
ing proposed by Nivre (2006). The underlying architecture uses a strict
modularization of parsing algorithms, feature models and learning meth-
ods, thereby giving maximum flexibility in the way these components can
be varied independently of each other. MaltParser can be seen as a data-
driven parser-generator framework given that a treebank is available (Nivre
et al., 2006). Whereas a traditional parser-generator maps a grammar to a
parser, a data-driven parser-generator maps a treebank to a parser. With
different settings for parsing algorithms, feature models and learners the
parser-generator will construct different parsers. The idea is to give the
user the flexibility to experiment with the components in a more convenient
way, although there are still dependencies between components, in the sense
that not all combinations will perform well with respect to accuracy and
efficiency.

MaltParser (version 0.x) was first implemented in C, and the design and
the implementation are presented in more detail in Hall (2006). After some
consideration we decided to completely reimplement MaltParser in Java
(version 1.x) to make the system more flexible. The current release of
MaltParser 1.x contains several extensible interfaces, including:

• A deterministic parsing algorithm interface, currently implemented by
the Nivre parsing algorithm (arc-eager and arc-standard) and the Cov-
ington parsing algorithm (projective and non-projective).

• A feature extraction interface, where several feature types can be de-
fined using the following types of auxiliary functions:

– Address functions, which are used for addressing a particular token
in the current parser configuration. For example, the top token of
the stack or the leftmost dependent of the next input token.

– Attribute functions, which are used for extracting a feature value
given a token (identified by a address function), e.g., the part of
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speech or the word form.

– Mapping functions, which are used for mapping a feature value
onto a new set of values, e.g., extract the suffix or the prefix of a
feature value.

It is easy to add new address, attribute and mapping functions.

• A reader and writer interface, which allows developers to add new types
of readers and writers. There are currently readers and writers for tab-
separated input and for the Negra export format.

• An input and output format interface, which allows the user to adapt
the format in an XML file. For example, the CoNLL data format is
included in the distribution.

• A learner interface, where the LIBSVM package (Chang and Lin, 2001)
is included in the distribution.

Moreover, MaltParser is equipped with a plug-in management system that
allows developers to extend interfaces and add control options in a self-
contained plug-in, which is loaded when the system starts.

MaltParser has been used by several researchers (excluding the develop-
ers) for various kind of research. For example, Johansson and Nugues (2006)
describe an implementation of a Swedish semantic role labeling system that
uses MaltParser. Johansson and Nugues (2007a) compared MaltParser and
MSTParser for parsing English with a new conversion approach to con-
vert the Penn Treebank into dependency representations that allow non-
projective graphs. Goldberg and Elhadad (2008) used MaltParser to evalu-
ate a fast, space efficient and non-heuristic method for calculating the deci-
sion function of polynomial kernel classifiers. Jorgensen (2007) used Malt-
Parser and Dan Bikel’s parser to measure the effects of disfluency detection
in parsing spoken language. Mitamura et al. (2007) describe the JAVELIN
system to perform cross-lingual question answering from Japanese and Chi-
nese documents, where MaltParser is used for syntactic parsing. Marsi et al.
(2006) use MaltParser to explore the usefulness of normalized alignment of
dependency trees for entailment prediction. Herrera et al. (2007) presents
a Spanish dependency parser using MaltParser trained on a dependency
version of the Cast3LB corpus. Ciaramita et al. (2008) describe the DeSRL
system for semantic role labeling in linear-time, which uses MaltParser as
one of three parser for the parsing sub-task. Samuelsson et al. (2008) uses
a blend of eight MaltParser models to perform the parsing sub-task of the
semantic role labeling. Øvrelid (2008) investigates how linguistically moti-
vated features can improve the parsing accuracy for data-driven dependency
parsing of Swedish using MaltParser.

MaltParser is distributed with an open source license and is freely avail-
able from maltparser.org, where also a user guide and several pre-trained
models, among other things, can be found.
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Chapter 7

Conclusion

In this final chapter, we summarize the main contributions of the thesis and
point to promising directions for future work.

7.1 Main Contributions

This thesis presents several empirical studies for parsing dependency and
phrase structure representations using MaltParser to highlight different as-
pects of transition-based parsing.

Papers I–III investigate the possibilities of using machine learning to re-
solve nondeterminism in the transitions between parser configurations. Ma-
chine learning makes it easier to port a parser to other languages, given that
a treebank is available for the language in question, compared to applying
heuristics for resolving the nondeterminism.

Paper I presents the idea of using machine learning to guide a deter-
ministic parsing algorithm and an empirical study of parsing Swedish with
dependency representations using MBL. The promising results of this study
led to a more extensive evaluation in Paper II, with an empirical compari-
son of MBL and SVM for deterministic dependency parsing, using treebank
data from Swedish, English and Chinese and five feature models of varying
complexity. The outcome shows that SVM gives higher parsing accuracy
for complex and lexicalized feature models for English and Chinese, whereas
for Swedish there is no significant improvement. The parsing efficiency is
slightly better for SVM when using the most complex model, but for the
other models it is the opposite. As expected, MBL has the fastest learning
times for all models since it only stores the training data in a suitable rep-
resentation, whereas SVM generalizes the data into a model. The drawback
of using learning methods like SVM is that they are computationally expen-
sive. We have examined a method proposed by Yamada and Matsumoto
(2003) that makes the parsing more efficient with only a tiny drop in ac-
curacy by dividing the set of training instances into smaller sets according
to the part of speech of the next input token, which makes it possible to
create separate classifiers for each set. Another method for speeding up the
parser is the prediction strategy introduced in Paper IV and V, where the
prediction of the transition is divided into the prediction of parser actions
and the prediction of the individual sublabels of the complex edge label.
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7 Conclusion

Paper III demonstrates, in the context of the CoNLL shared task 2007,
that transition-based dependency parsing, with careful optimization, can
give highly accurate dependency parsing for a wide range of languages.
Moreover, the paper presents an optimization strategy based on experience
of optimizing MaltParser for over twenty languages with different properties.
The strategy proceeds from a good baseline model that can be optimized
using knowledge about the language in question in combination with batch
testing.

Papers IV–V go beyond dependency-based representations and explore a
method for parsing phrase structure representations. Paper IV shows with
rather competitive results that a transition-based dependency parser can
be used for parsing German continuous phrase structures with grammatical
functions. The phrase structures are transformed into dependency represen-
tations using naive head-finding rules during learning time and information
is encoded in complex edge labels of the dependency graphs, which makes
it possible to apply the inverse transformation during parsing. Paper V
demonstrates how the method can be refined so that discontinuous phrases
can be recovered by the parser using a deterministic non-projective parsing
algorithm. The evaluation on Swedish and German shows state of the art
results for parsing phrase structure with both phrase labels and grammatical
functions. Paper V also illustrates that parsers can be used for parsing tree-
banks with the original annotation without simplifying the representation.
A secondary contribution of the two papers is the loss-less transformation
of phrase structures to dependency graphs and back.

Beside the findings and results in Papers I–V, an underlying goal has
been to construct a flexible system for transition-based dependency parsing
that allows us to experiment with different interesting features in the area of
data-driven dependency parsing. Without overstating we can conclude that
this underlying goal has been fulfilled with the MaltParser system. In fact,
the system has performed quite well in comparison to other parser systems
in several evaluations and it is used by other researchers to perform various
kinds of NLP applications.

7.2 Future Directions

Despite having presented a flexible and quite efficient system for transition-
based parsing of both dependency and phrase structure representations and
empirical studies showing that parsing can be performed with high accu-
racy there is still room for improvements. We believe that a syntactic parser
needs to be robust, flexible, accurate and very efficient to become a natural
component of large-scale NLP applications. We have seen a lot of improve-
ment during the last decades on syntactic parsing, but more research is
needed. We have compiled a list of four major categories of future research
directions for transition-based parsing:

1. Efficiency: One interesting factor for data-driven transition-based
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7.2 Future Directions

parsing is the efficiency both during learning and parsing. This is very
important, if a parser is to be useful in NLP applications. One way to
increase the efficiency would be to run more in parallel. For instance,
we could investigate new approaches of dividing the set of training in-
stances into smaller sets and train separate classifiers, which can be
based on different machine learning methods. Another interesting idea
would be to combine heuristics and machine learning. Moreover, we
could experiment with other machine learning techniques such as online
learning.

2. Optimization: Performing a complete feature and parameter opti-
mization is practically impossible. If we could find a good approach
that automatically finds the best-suited feature model together with
near optimal parameters in reasonable time, it could be implemented
in an automatic feature and parameter optimization tool.

3. Nondeterminism: Loosening the strictly deterministic approach to
parsing may lead to higher accuracy since we could explore several
analyses at a more global level. There has been some work in this
direction, for example, the work by Duan et al. (2007), Johansson and
Nugues (2007b), Titov and Henderson (2007) and Sagae and Lavie
(2005), but hopefully more research in this area can improve the results
even more.

4. Phrase structure: We have seen that a transition-based dependency
parser can be used successfully for parsing German and Swedish phrase
structure representations. It would be interesting to explore other
strategies for encoding the inverse transformation into complex edge
labels of the dependency graph. Recently, Carreras et al. (2008) pre-
sented a technique for phrase structure parsing, where the phrase struc-
ture is decomposed into spines in a way very similar to the method
presented here and achieve state of art results for English. Instead of
enriching edge labels, as we do, they label nodes with spines and only
use edges for combining the spines.
Another research task is to experiment with more languages in com-
bination with different encoding strategies. One of the top priorities
is to parse the Penn Treebank in the original format, which means
that we need to introduce empty categories at parsing time. One way
to do this would be to adapt the parsing algorithm to include one or
more new parse actions that insert empty categories. Another way
would be to incorporate the ideas of Johansson and Nugues (2007a) to
convert the phrase structure representation of the Penn Treebank into
non-projective dependency graphs and find the inverse conversion.
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