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Abstract

Semantic roles, logical relations such as AGENT or INSTRUMENT that
hold between events and their participants and circumstances, need
to be determined automatically by several types of applications in
natural language processing. This process is referred to as semantic role
labeling. This dissertation describes how to construct statistical models
for semantic role labeling of English text, and how role semantics is
related to surface syntax.

It is generally agreed that the problem of semantic role labeling is
closely tied to syntactic analysis. Most previous implementations of
semantic role labelers have used constituents as the syntactic input,
while dependency representations, in which the syntactic structure is
viewed as a graph of labeled word-to-word relations, has received
very little attention in comparison. Contrary to previous claims, this
work demonstrates empirically that dependency representations can
serve as the input for semantic role labelers and achieve similar results.
This is important theoretically since it makes the syntactic-semantic
interface conceptually simpler and more intuitive, but also has practical
significance since there are languages for which constituent annotation
is infeasible.

The dissertation devotes considerable effort to investigating the
relation between syntactic representation and semantic role labeling
performance. Apart from the main result that dependency-based
semantic role labeling rivals its constituent-based counterpart, the em-
pirical experiments support two findings: First, that the dependency-
syntactic representation has to be well-designed in order to achieve a
good performance in semantic role labeling. Secondly, that the choice
of syntactic representation affects the substages of the semantic role
labeling task differently; above all, the role classification task, which
relies strongly on lexical features, is shown to benefit from dependency
representations.

The systems presented in this work have been evaluated in two
international open evaluations, in both of which they achieved the top
result.






Sammanfattning

Denna avhandling beskriver hur man kan konstruera statistiskt
baserade datorprogram som analyserar text.

Analysen sker pa tva nivder: den syntaktiska, som beskriver de
grammatiska sambanden mellan orden i en meningen, och den se-
mantiska, som beskriver de betydelsemissiga sambanden. Vi kan
askadliggora dessa samband genom diagram — grafer — som i figuren
nedan.

ADVL
OBJ
ADVL SBJ PC

Ibland dricker damerna kaffe efter lunch

T TIME

TIME INGESTIBLES
INGESTOR
INGESTION

For att ta ett exempel kan vi betrakta ordet dricker. I den semantiska
grafen (under meningen) kan vi se att detta ord uttrycker en situation
som vi kan kalla INGESTION'. Detta ord har betydelseméssiga samband
med andra ord i meningen: damerna fungerar som INGESTOR, alltsd den
som dricker, och kaffe som INGESTIBLES, det som blir uppdrucket. Aven
dessa samband kan vi ldsa i den semantiska grafen. P4 motsvarande
sdtt kan vi ldsa av syntaktiska samband i grafen som visas Over
meningen. Vi kan se att damerna fungerar som grammatiskt subjekt
(SB]) for dricker och kaffe som objekt (OB]J).

Det dr uppenbart att de tva graferna har ndgon typ av samband.
I meningen ovan motsvarades till exempel det grammatiska subjektet
av den som dricker, INGESTOR. Dessa samband dr vad avhandlingen

ISymbolerna INGESTION, INGESTOR, etc. dr tagna frén databasen FrameNet.



undersoker. Till att bérja med beskriver vi nagra principer for hur sam-
banden pa den syntaktiska nivan ska beskrivas, och vilken betydelse
detta har for den semantiska analysen. Darefter undersoker vi hur
vi kan konstruera statistiska modeller for att bygga den semantiska
analysen utifrdn den syntaktiska. Slutligen jamfor vi olika typer av
syntaktiska grafer med avseende pa hur ldtt det dr att bygga semantiska
grafer. De datorprogram som beskrivs i avhandligen har deltagit i tva
internationella utvarderingar. I bdda utvéarderingarna fick véra system
det hogsta resultatet av de deltagande.

Automatisk syntaktisk och semantisk analys kan vara till nytta i
olika datorprogram som hanterar text. Ett ofta anfort exempel &r infor-
mationsextraktion. Frigebesvarande system &r en annan tillimpning. Det
kan ockséd anvéndas i sammanfattning, alltsa dar datorns uppgift ar att
soka upp de mest relevanta styckena i en storre text. Textkategorisering
dr en annan tillimpning dér syntaktisk och semantisk analys kan
vara till nytta. Textkategorisering innebar att datorprogrammet avgor
vilken typ av text man har att géra med, t.ex. ekonomi, sport eller
vetenskap. Det finns ocksa ett antal tankbara tillimpningar som hittills
inte undersokts. Till dessa hor informationssokning.
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Chapter 1

Introduction

The representation of semantic roles, the logical relations that hold
between an event and its participants, is needed in many applications
in natural language processing. Semantic role labeling, the process of
automatically extracting role-semantic structures, has recently been
studied intensely. It has obvious applications for template-filling tasks
such as information extraction and has also been applied in question
answering, entailment recognition, summarization and text categoriza-
tion. While the task of full natural language understanding is poorly
understood in general, semantic role structures constitute a tractable
fragment of the full spectrum of human semantic processing.

The recent advances in automatic semantic role labeling have been
made possible by large-scale annotation projects that have resulted in
role-semantically annotated resources such as FrameNet and PropBank
(Baker, Fillmore, and Lowe, 1998; Palmer, Gildea, and Kingsbury, 2005;
Xue and Palmer, 2007). These corpora have made it feasible to apply
statistical techniques to the problem (Gildea and Jurafsky, 2002).

From the start, it has been assumed that automatic role-semantic
annotation must be performed on top of a syntactic representation, a data
structure that describes how an arrangement of surface words form a
complete grammatical sentence. This has sometimes been contested
(Collobert and Weston, 2007) but still seems to be the received wisdom
of the field (Gildea and Palmer, 2002; Punyakanok, Roth, and Yih, 2008).

The question then arises on what information the syntactic structure
should represent in order to be practical for automatic semantic role
labeling. We aim to find a parsimonious representation — one that is
expressive enough to allow us to perform semantic analysis on top of it,
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but is also economical as possible, meaning that it contains no redundant
structure.

The central claim of this dissertation is that automatic role-semantic
analysis can be performed using a dependency representation of syntax.
In a dependency representation, syntactic relationships between words
are represented as a graph of labeled edges between words. This
representation of syntax emphasizes function — the label on an edge
between two words represents how the words cooperate to form a
complete structure. This is to be contrasted with the more widely used
constituent structures, which represent the hierarchical organization of
phrases but not their grammatical function.

We claim that for the particular task of automatic role-semantic anal-
ysis, dependency representations are both expressive and economical,
and thus deserve more attention than they have been given until now.
We carry out a number of experiments in semantic role labeling of
English to support our claims. However, not just any dependency-
syntactic representation will be good enough to serve as the syntactic
input of a semantic role labeler. We will thus devote considerable effort
to carefully define what to represent in the dependency graphs: which
nodes to connect and the directions and labels of the dependency arcs.

To estimate parameters in statistical dependency parsers, a col-
lection of syntactically annotated sentences — a treebank — is needed.
However, since no dependency treebank for English exists, we are
forced to create dependency structures automatically from the Penn
Treebank, a constituent treebank. This limits what we can achieve by
automatic methods alone, since we cannot extract information that is
not represented in the Penn Treebank.

To empirically demonstrate the parsimony of the dependency rep-
resentation for the task of semantic role labeling, we carry out a series
of evaluations where we compare it to other types of syntactic repre-
sentations, all based on constituents in some form. Since the results
are as good as with constituent representations, this constitutes an
empirical demonstration of the expressivity of the representation — since
the results are equivalent — and the economy — since a dependency tree
lacks phrases and thus has fewer nodes and edges than a constituent
tree.

Example

Figure 1.1 shows how the sentence Chrysler plans new investment in Latin
America is represented using dependency-syntactic (above the text)
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and role-semantic links (below). The syntactic dependency structure
represents, for instance, that the main verb of the sentence, plans, has a
subject Chrysler and an object investment. The corresponding semantic
structure contains a semantic predicate corresponding to the verb plans
— we represent this predicate using a word sense label plan.01,
meaning that this word is an instance of the first sense of plan described
in the lexicon. Two semantic arguments directly corresponding to
its syntactic counterparts are connected to the predicate: Chrysler is
marked as argument 0, and if we refer to the lexical entry of plan, we
see that this argument corresponds to the planner, the active participant
in the act of planning. Similarly, investment is marked as argument
1, corresponding to the thing planned. The word investment is itself a
predicate having two arguments: an investor (Chrysler, argument 0) and
purpose (Latin America, argument 2).

ROOT
oBJ PMOD
SBJ NMOD LOC NMOD

Chrysler plans new investment in Latin America

ST

plan.01 investment .01l

Figure 1.1: Syntactic and role-semantic representations of a sentence.

1.1 Overview of this Dissertation
The rest of this dissertation is organized as follows:

Chapter 2: Role Semantics and Its Applications. This chapter formally
defines the concepts of semantic roles and frames, gives an overview of
role-semantic linguistic resources, and reviews published work on role
semantics in practical NLP applications.

Chapter 3: Dependency-syntactic Representations. Here, we turn
to the question of describing the organizational relations that hold
between words in a sentence. We argue that dependency graphs are
expressive and economical as the input representation when predicting
role-semantic structures.
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Chapter 4: Automatic Construction of an English Dependency Tree-
bank. This chapter describes how dependency structures can be
automatically extracted from a constituent treebank. To justify the
design decisions, we apply the principles laid down in Chapter 3 to
analyze a number of nontrivial constructions.

Chapter 5: Dependency-based Role-Semantic Analysis. The treebank
created in the previous chapter forms the basis of the work described
in this chapter, which describes the implementation of automatic role-
semantic analyzers for English in the FrameNet, PropBank, and Nom-
Bank frameworks. Features for statistical classifiers are described, and
a number of evaluation metrics are introduced.

Chapter 6: Comparing Syntactic Representations for Automatic Role-
semantic Analysis. The experiments in this chapter compare the
effect of syntactic representation on semantic role labeling performance.
We compare dependency-based and constituent-based semantic role
labelers, and investigate the effect of the design of the dependency
representation.

Chapter 7: Extensions of the Classifier-based Model. In this chapter,
we describe three extensions to the basic model: linguistic constraints,
reranking of complete predicate-argument structures, and integration
of syntactic and semantic analysis.

Chapter 8: Conclusion. This chapter concludes the dissertation by
summarizing the main points and describing possible future directions.

1.2 Published Work

The core parts of the material describing dependency-syntactic repre-
sentations and their conversion from constituents was first published
in this paper:

Johansson, Richard and Pierre Nugues. 2007a. Extended constituent-

to-dependency conversion for English. In Proceedings of NODAL-
IDA 2007, Tartu, Estonia.

The syntactic framework was then revised considerably for the
CoNLL-2008 Shared Task. This is described in the CoNLL-2008 shared
task introduction paper:
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Surdeanu, Mihai, Richard Johansson, Adam Meyers, Llufs Marquez,
and Joakim Nivre. 2008. The CoNLL-2008 shared task on joint
parsing of syntactic and semantic dependencies. In Proceedings
of the 12th Conference on Computational Natural Language Learning
(CoNLL), Manchester, United Kingdom.

The description of the classifier-based semantic role labeling archi-
tecture was first published in the SemEval task on Frame-semantic
Structure Extraction:

Johansson, Richard and Pierre Nugues. 2007b. Semantic structure
extraction using nonprojective dependency trees. In Proceedings
of SemEval-2007, Prague, Czech Republic.

Preliminary experiments investigating the differences between syn-
tactic representations were published in this article:

Johansson, Richard and Pierre Nugues. 2007c. Syntactic represen-
tations considered for frame-semantic analysis. In Proceedings of
the Sixth International Workshop on Treebanks and Linguistic Theories,
Bergen, Norway.

The extended experiments, which form the basis of the material in
Chapter 6, were described in this article:

Johansson, Richard and Pierre Nugues. 2008c. The effect of
syntactic representation on semantic role labeling. In Proceedings
of COLING, Manchester, United Kingdom.

The extensions to the classifier-based semantic role labeler have
been described in two papers, the first of which used a dependency-
based evaluation metric and the second one a segment metric:

Johansson, Richard and Pierre Nugues. 2008b. Dependency-based
syntactic-semantic analysis with PropBank and NomBank. In
Proceedings of the Shared Task Session of CoONLL-2008, Manchester,
United Kingdom.

Johansson, Richard and Pierre Nugues. 2008a. Dependency-based
semantic role labeling of PropBank. In Proceedings of the Conference
on Empirical Methods in Natural Language Processing (EMNLP).






Chapter 2

Role Semantics and Its
Applications

We model the process of communication as an exchange and harmo-
nization of structures of meaning: semantic structures. The natural
languages that humans use are a tool for encoding these structures
using the limited expressive capabilities of our speech apparatus. The
relations between natural language sentences and their corresponding
semantic structures are the topic of this dissertation.

To be able to make meaningful observations about the semantic
structures, we need to make the assumption that they can be decomposed
into smaller building blocks which we can study independently. This is
the well-known principle of compositionality, which has been argued for
and against since antiquity.! It is well known and very obvious that this
principle is unrealistic in the general case. However, the work that we
describe here will concern only the representation of information in lan-
guage that is to be taken completely literally, completely disregarding
its rhetorical context and all possible interpretations of humor, sarcasm,
or allegory.

The core assumption in the principle of compositionality is that
complex structures are formed by combining smaller structures. This
decomposition is usually hierarchical, so that some semantic elements
— which we refer to as functors — require other elements — the arguments
— to form complete structures. Every functor has a number of slots

1t was known to early Indian philosophers such as Yaska. Plato proposed — and
refuted — the principle in Theaetetus. Later Indian grammarians debated it intensely.



8 CHAPTER 2. ROLE SEMANTICS AND ITS APPLICATIONS

for arguments. We refer to these complex terms as functor—argument
structures. Such representations are widespread, and it has been
conjectured that they have a neural basis (Hurford, 2003).

Given a world, the functor-argument structures may be interpreted
as statements about this world. The functors are then referred to as
predicates in a predicate logic. Predicate logic is the foundation of vir-
tually all formalisms used in knowledge representation and theories of
natural-language semantics. However, since this dissertation concerns
only the superficial construction of the logical formulae given a text, not
how they relate to the world or how new facts are inferred from them,
we will use the word predicates to refer to functors throughout, although
this is an abuse of the term. This is standard practice in the NLP field.

To illustrate the representational formalisms that we will describe
in this chapter, we will refer to the situation denoted by the following
sentence:

Example 2.1. Alexander eats an olive.

If we assume that the sentence is intended to be read completely
literally, without metaphors or irony, a formulation of Example 2.1 in
an event-based predicate logic (Davidson, 1967) might be

Jdz, e : olive(x) A eat(e, Alexander, x)

in addition to some temporal description of the event e.

In this work, our effort will be spent on finding event predicates
and their arguments. In the logical representations, we will omit entity
predicates, quantifiers, and representation of temporal, aspectual, and
modal structure. This simplification of the logical representation is
often referred to as a shallow semantic representation. We thus rewrite the
full representation of the example to the following simplified formula:

eat(e, Alexander, olive)

To be able to reason about the relations between predicates and
arguments, we introduce auxiliary predicates (which we will refer to as
slot connectors) that connect the event entity e to its participants. Then
the formula above becomes

eat(e) A FIRSTARGOFEAT(e, Alexander) A SECONDARGOFEAT(e, olive)

2.1 Role Semantics

Role semantics is the assumption that slot connectors associated with
different predicates can be meaningfully grouped into equivalence
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classes — semantic roles®. If we are speaking about language, these classes
are then assumed to be reflected in surface realizations.

For example, we might say that the relation between Alexander and
eats is in some way “the same” as that between Barbara and puts on
in Barbara puts on a hat, i.e. that of a sentient being who intentionally
instigates the event, and who is the focus of the narrative. The linguistic
rationale behind this intuition is that the arguments connected by these
slot connectors tend to appear as surface subjects in active clauses. Of
course, this “sameness” can only be rough since language discretizes a
continuous world.

Definition 2.1. A role-semantic equivalence is an equivalence relation
over slot connectors, and a semantic role is an equivalence class under a
role-semantic equivalence relation.

Introducing descriptive names for the equivalence classes, this
allows us to rewrite the example as follows:

eat(e) A AGENT(e, Alexander) A THEME(e, olive)

It is also customary to group semantic roles into core roles and peripheral
roles. Core arguments for a predicate are semantically central partici-
pants, while peripheral roles “set the scene.” The set of core arguments
allowed by a predicate is called its semantic valency, using a metaphor
from chemistry popularized by Tesniere (1959)°.

2.1.1 Role Semantics in Linguistic Theory

In linguistic theories, semantic roles have been used as a device to
explain the process of linking: the realization of semantic arguments
as surface forms. As mentioned above, for instance, when explaining
why one semantic argument of a predicate appears on the surface as a
subject, it comes very naturally to posit a general semantic category
similar to AGENT. The purpose of this abstraction is to allow us to
generalize over predicates when reasoning about predicate—argument
relations.

There are several linguistic transformations, some of which are
or have formerly been explicitly marked in morphology, which

2The term thematic role or 6-role (theta role) is also common. Depending on context and
tradition, the terms semantic, thematic, and 0 role may have slightly different meanings
and may not be completely interchangeable.

3The metaphor seems to have been around in Russian and German linguistics before
Tesniere, see Schubert (1987).
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can be most conveniently defined using a role-based framework:
active/passive (to tell/to be told), inchoative/causative (to rise/to raise,
to fall/to fell), and various diathesis alternations (smeared paint on the
wall / smeared the wall with paint). It has been claimed that the semantic
role categories are universal and possibly innate, and this could explain
why native speakers intuitively know what grammatical construction
to use for previously unseen words such as to fax or to fedex, depending
on the semantics of the word. The research investigating these ques-
tions has primarily focused on the relations between verbs and their
arguments (a prototypical example is Levin, 1993), although there also
have been some less verb-centered frameworks. Semantic roles are now
found in many theoretical descriptions, and they have even found their
way into mainstream generative linguistics (Chomsky, 1981). For a
general overview of current role-based research in typology, theoretical
linguistics, and neurolinguistics, see Bornkessel et al. (2006).

The earliest known example of role semantics in a linguistic setting
is the karaka system of Panini, found in Astidhyayi, an early gram-
mar of Sanskrit (~500 BC). This system was used in the semantic
representation given as input to an algorithm (rewriting system) to
carry out the transition from semantics to surface morphology. This
representation used the following karaka, factors which have a function
in the accomplishment of action (kriya).

Apadana. “That which is firm when departure takes place.” (source)

Sampradana. “He whom one aims at with the object.” (dative/bene-
factor/target)

Karana. “That which effects most.” (instrument)
Adhikarana. “Location.”
Karman. “What the agent seeks most to attain.” (objective/theme)

Kartr. “He/that which is independent in action.” (agent)

A similar purpose — explaining the interface between surface and
deep structure — made Fillmore (1968), in the context of generative—
transformational grammatical theory, propose the following list of
“deep cases”, although he also included the caveat “additional cases
will surely be needed.” Note the similarity to the above list.

Agentive. “The case of the typically animate perceived instigator of
the action identified by the verb.”
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Instrumental. “The case of the inanimate force or object causally
involved in the action or state identified by the verb.”

Dative. “The case of the animate being affected by the state or action
identified by the verb.”

Factitive. “The case of the object or being resulting from the action
or state identified by the verb, or understood as a part of the
meaning of the verb.”

Locative. “The case which identifies the location or spatial orientation
of the state or action identified by the verb.”

Objective. “The semantically most neutral case, the case of anything
representable by a noun whose role in the action or state identified
by the verb is identified by the semantic interpretation of the verb
itself [...]”

Both lists were derived from surface systems of grammatical cases,
hence Fillmore’s terminology. However, they arrived at these systems
from very different starting points: Panini used the karaka system as
a convenient device to simplify the exposition of a grammar for a
particular language, without any claim of universality or cognitive
grounding, while Fillmore was trying to to establish universal prop-
erties of all languages: “a set of universal, presumably innate, concepts
which identify certain types of judgments human beings are capable
of making about the events that are going on around them” (Fillmore,
1968, p. 24).

2.2 Frame Semantics

Panini and Fillmore posited universal sets of semantic roles. The univer-
sal semantic roles, and their scientific grounds, have been challenged
repeatedly. First of all, there has been no universal set that has been
generally agreed upon — using the terminology introduced above, it
is notoriously difficult to find meaningful role-semantic equivalence
classes that cover all slot connectors in all predicates. It has not been
possible to give strict definitions of the roles, and as we saw above,
the lists of semantic roles of Panini and Fillmore both include an ill-
defined “catch-all” category (karman/objective). The problems appear
both when defining the roles on the semantic level and when describing
the link to the surface-linguistic level. Symmetrical predicates such as
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resemble and pairs like buy/sell are examples that are difficult to fit into
the framework of universal roles. For a summary of criticisms of the
concept of semantic role, see Ratté (1994).

To circumvent the definitional problems of universal semantic role
sets, Fillmore (1976) proposed the concept of semantic frame — a set of
predicates that share the same role set.

Definition 2.2. A semantic frame is a pair F' = (L, ~p) such that L is
a set of predicates, and ~r is a role-semantic equivalence over the slot
connectors for the predicates in L.

While the formal requirement is only that the set of predicates shares
a set of semantic roles, linguists who group predicates into frames
usually make a stronger assumption: that the predicates relate to a
shared “situation” or domain:

A word’s meaning can be understood only with refer-
ence to a structured background of experience, beliefs, or
practices, constituting a kind of conceptual prerequisite for
understanding the meaning. Speakers can be said to know
the meaning of the word only by first understanding the
background frames that motivate the concept that the word
encodes. Within such an approach, words or word senses
are not related to each other directly, word to word, but only
by way of their links to common background frames and
indications of the manner in which their meanings highlight
particular elements of such frames.

Fillmore and Atkins (1992), pp. 76-77.

For instance, in FrameNet, a frame-semantic lexical database (see
2.3.1), the word eat belongs to the frame INGESTION, which it shares
with words (verbs and nouns) such as devour, drink, gulp, ... Conven-
tionally, descriptive frame-specific names such as INGESTOR are then
given to the semantic roles, rather than abstract names such as AGENT.
We thus write the example as follows:

INGESTION:eat(e) A INGESTOR(e, Alexander) A INGESTIBLES(e, olive)

In this formulation, frame semantics has less predictive power than role
semantics with universal roles, and to be able to describe general lin-
guistic processes such as diathesis alternation, frame-semantic theories
may introduce frame-to-frame relations such as inheritance from more
abstract frames, which may then contain abstract roles such as AGENT.
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This is the case with FrameNet, for instance. Of course, care must be
taken so that these relations do not just lead back to the problems that
made universal role sets impractical.

It has been conjectured that a system of frames and frame-to-
frame relations in a given language would be structurally similar to
its counterparts in other languages, and it is this assumption that
underpins the hypothesis that frame semantics could be useful in
machine translation (Boas, 2002; Boas, 2005). This assumption has
been used with some success to automatically construct role-semantic
resources in new languages (see 2.4.3). However, investigations of
frame-semantic parallelism (Padd, 2007a; Padé, 2007b) demonstrate
clearly that the frame structures in a pair of languages are not generally
isomorphic, not even for very closely related languages such as English
and German. We can also be fairly sure that the structure parallelism
decreases as typological and cultural distance grows, although this has
not been investigated to our knowledge.

2.3 Role-Semantic Lexicons and Corpora

To be able to construct computer systems that automatically carry out
a role-semantic analysis, significant efforts are needed to construct
resources that make this possible.

¢ Role-semantic lexicons define the semantic valencies of individual
lexical items.

* Annotated corpora allow us to create statistical models in systems
that generate or analyze semantic role structures, as well as
evaluating their performance.

This section gives an overview of existing role-semantic resources.

2.3.1 FrameNet, SALSA

FrameNet (Baker, Fillmore, and Lowe, 1998) is a lexical database
grounded in the frame-semantic paradigm. It consists of the following
parts:

* A lexicon that lists a frame for every word sense,

* A frame ontology, which defines the semantic roles for each frame
and frame-to-frame relations such as inheritance, part-of, and
causative-of,
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¢ A collection of lexical examples manually sampled from the
British National Corpus.

With release 1.3 of FrameNet, a small corpus of running text was
also added, in order to create a corpus from which reliable statistical
inferences can be drawn. However, the projects that have trained
statistical models on FrameNet have utilized the lexical examples as
the primary source of training data, since this collection is much larger.
On a practical level, FrameNet has a problem of low coverage and
incompatibility with other resources. The low coverage has led to a
number of ad-hoc methods to extend the lexicon (Burchardt, Erk, and
Frank, 2005; Johansson and Nugues, 2007d).

There are also projects to create FrameNets for Spanish (Subirats,
2008) and Japanese (Ohara et al., 2003). In addition, there are a
number of preliminary proposals and pilot projects for a wide range
of languages.

A more corpus-oriented project is SALSA (Burchardt et al., 2006). In
contrast to FrameNet, this project annotated a real corpus of German,
which is promising for statistical systems. The project tried to maintain
compatibility with the English FrameNet as far as possible, which
could make it useful in multilingual applications. Another interesting
difference compared to FrameNet is that SALSA annotated directly on
top of the TIGER treebank. An automatic semantic role labeler for
German trained on the SALSA corpus has been developed (Erk and
Pado, 2006).

2.3.2 VerbNet

VerbNet (Kipper, Dang, and Palmer, 2000) is a role-semantic lexicon for
English based on the theoretical framework of Levin (1993). In VerbNet,
verbs are grouped into hierarchical classes depending on which subcat-
egorization patterns they allow. It makes stronger assumptions than
FrameNet: that not only the allowed semantic arguments, but also the
syntactic transformations that are allowed by a verb, are determined by
the semantics of the verb.

VerbNet uses a set of universal semantic roles. Table 2.1 shows the
semantic role labels used in VerbNet. The descriptions are taken from
the project website.
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Actor

Agent
Asset
Attribute

Beneficiary
Cause

Destination

Source
Location
Experiencer
Extent
Instrument

Material
Product
Patient

Predicate
Recipient
Stimulus

Theme
Time
Topic

Used for some communication classes when both arguments can
be considered symmetrical.

Generally a human or an animate subject.

Used for the Sum of Money alternation.

Attribute of Patient/ Theme refers to a quality of something that
is being changed.

The entity that benefits from some action.

Used mostly by classes involving psychological verbs and verbs
involving the body.

End point of motion, or direction towards which the motion is
directed.

Start point of the motion.

Underspecified destination, source, or place.

A participant that is aware or experiencing something.

Specifies the range or degree of change.

Used for objects (or forces) that come in contact with an object
and cause some change in them.

Start point of transformation.

End result of transformation.

Participant that is undergoing a process or that has been affected
in some way.

Used for classes with a predicative complement.

Target of the transfer.

Used by verbs of perception for events or objects that elicit some
response from an experiencer.

Participant in a location or undergoing a change of location.
Class-specific role, used in Begin-55.1 class to express time.
Topic of communication verbs to handle theme/topic of the
conversation or transfer of message.

Table 2.1: The semantic role labels used in VerbNet.
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2.3.3 PropBank and NomBank

PropBank (Palmer, Gildea, and Kingsbury, 2005) adds a layer of se-
mantic role annotation on top of the Penn Treebank of constituent-
syntactic annotation (Marcus, Santorini, and Marcinkiewicz, 1993). This
framework is theoretically agnostic; the core semantic arguments are
just assigned numbers (ARGO, ARG1, ...). The allowed core arguments
for every verb are listed in a lexicon. In addition, adjuncts are
annotated using generic labels such as ARGM-DIR (direction), ARGM-
PNC (purpose/cause). The following is an analysis of the example
sentence according to PropBank conventions.

eat(e) A ARGO(e, Alexander) A ARG1(e, olive)

The semantic role labels are consistent across different diathesis alter-
nations of the same verb. However, unlike in FrameNet or VerbNet, it
is not assumed that the labels are meaningful across different verbs. A
general rough convention is that ARGO corresponds to the argument
having most properties of a “proto-agent” and ARGl to a “proto-
patient” (Dowty, 1991). The other core arguments for a particular verb
are numbered “by decreasing degree of prominence.” For instance,
ARG?2 for the verb make corresponds to the VerbNet role MATERIAL, but
for the verb multiply, it corresponds to EXTENT. Despite this, statistical
systems that carry out a PropBank-style semantic analysis typically
treat role label assignment as a well-defined classification problem, and
it generally seems that semantic role labeling is easier with PropBank
than with other frameworks, although it is difficult to discern to what
extent this is caused by the framework itself as opposed to factors such
as data quality and domain variability.

Unlike FrameNet, PropBank is defined for verbs only, although it is
often possible to express a predicate as a noun. For instance, Alexander’s
death refers to the same state of affairs as Alexander died. NomBank
(Meyers et al., 2004) is a project that addresses this issue by attempting
to generalize PropBank to nominal predicates. Its framework is almost
identical to PropBank’s, and it tries to stay close to PropBank’s role
definitions, so that for instance the nominalization death has the same
semantic role range as the verb die. So far, there has been little research
on automatic semantic NomBank semantic role labeling — it seems to be
considerably more difficult than for PropBank (Surdeanu et al., 2008).

PropBank-based semantic role labelers have been implemented for
other languages than English, for instance Chinese (Xue, 2008), Arabic
(Diab, Moschitti, and Pighin, 2008), Spanish, and Catalan (Surdeanu,
Morante, and Marquez, 2008).
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2.3.4 Prague Dependency Treebank

The Prague Dependency Treebank (Haji¢, 1998) is probably the most
well-known treebank based on syntactic dependency. It consists of
three layers: the morphological, the analytical (surface syntax), and
the tectogrammatical (“underlying” syntax). The final of these is a
semantic dependency structure that (among other things) annotates
predicate—argument structure using semantic role labels such as ACT
(actor) and PAT (patient). Like SALSA and PropBank, the semantic
layer of the Prague Dependency Treebank has the advantage of being
linked to a syntactic layer, which makes it easier to construct automatic
semantic role labelers, assuming that a syntactic parser is available. A
comparison of PropBank and the tectogrammatical layer has been made
by Haji¢ova and Kucerova (2002).

2.4 Role Semantics in Practical Applications

Role semantics has been proposed as a practical intermediate structure
that mediates between raw syntax and domain-specific representa-
tions. As we saw previously, it has been employed in linguistics as
an auxiliary device, a transitional representation used in translating
“deep” semantic structures to surface structures. In natural language
processing, on the other hand, it may serve as a generic semantic
representation, mediating between surface structures and application-
specific representations.

The reason for the appeal of role semantics in this context is that
these representations are simple enough for building computer systems
that extract them automatically with a fair degree of accuracy. Since
they are not full predicate-logic formulae, automatic systems can avoid
resolving notoriously hard and poorly understood linguistic problems
such as quantifier scope ambiguity, reference resolution, and temporal,
modal, and discourse structure.

Despite their relative simplicity, these representations provide more
abstraction than what is possible when using syntax only. The reason
for this is that they are to a large extent invariant under paraphrasing,
which was indeed the reason to introduce them in the first place. Role-
semantic representations preserve structure under operations such as
passivization (they told a lie / a lie was told) and diathesis alternations
such as dative shift (they told me a lie / they told a lie to me). If FrameNet
is used, it may also be possible to generalize from verbs such as speak to
nouns such as statement.



18 CHAPTER 2. ROLE SEMANTICS AND ITS APPLICATIONS

The following subsections give a brief overview of how role seman-
tics has been applied (or proposed to be applied) in applications.

24.1 Template-filling Applications

Possibly, the most obvious practical applications of automatic systems
for role-semantic analysis are information extraction systems that fill
templates. In these cases, it might be possible to map semantic roles
directly to template slots. Figure 2.1 shows such a mapping from
two FrameNet frames to a simple template, taken from the paper by
Moschitti, Mordrescu, and Harabagiu (2003). This example shows
the advantage that the additional level of abstraction offers — details
of linguistic variations are abstracted away. In other cases, a more
complex mapping than in this simple example may be needed, but it
can be expected that information extraction systems can be in general
constructed more rapidly if semantic role information is available:
Surdeanu et al. (2003) constructed such mappings manually in a couple
of hours per domain.

Arriving

Theme - _

Source ~ _ S~
Path RN el Movement of People
Goal ~ _ _ Tl _» Person
Manner S~ e
v From-location

- Ps " To-location
Departing -7 -7 -

- s - Date
Theme -~ | _- -

Source -~ P
Path |-
Goal - =~

Manner

Figure 2.1: Mapping from FrameNet frames to a template in an information
extraction application.



2.4. ROLE SEMANTICS IN PRACTICAL APPLICATIONS 19

2.4.2 Graph-based Applications

In some applications, it it fruitful to build graphs to represent texts.
These graphs can then be used to measure similarity or for locating se-
mantically prominent parts. Role-semantic representations have a very
natural place in such representations. A typical example is question
answering, in which a relevant document and a relevant passage in
the document are to be extracted by an automatic system. Semantic
role labelers have been shown to improve performance in question
answering (Narayanan and Harabagiu, 2004; Shen and Lapata, 2007).

Figure 2.2 shows how frame semantics can be used as text represen-
tations in question answering. Here, we search for a passage that can
answer the question When did Alexander marry?, and the answer passage
... Alexander’s 327 BC wedding ... can be extracted by exploiting the
semantic structure similarity.

After Alexander’s 327 BC wedding to Roxana, ..

Jime
PN l /értner_Z

Forming_relationships

When did Alexander marry ?

artner_1
Time

Forming_relationships

Figure 2.2: Examples of semantic graphs in a question answering problem.

A similar problem is entailment recognition: given a text and a
statement, determine whether or not the statement is a logical conse-
quence of the text. There are many ways to approach this problem,
but it seems that methods using role-based semantic graphs work well
(Haghighi, Ng, and Manning, 2005; Hickl et al., 2006). Semantic role
labeling has also been applied in summarization, in which simplifying
transformation operations are applied to semantic graphs (Melli et al.,
2005).

2.4.3 Multilingual Applications

One of the most widely cited conjectured applications for role and
frame semantics is automatic translation (Boas, 2002). Classical meth-
ods in machine translation were based on an analysis component
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that extracted a language-independent semantic representation, an
interlingua, from which the text in the target language was produced
by a generation component. When the field was swept clear by the
introduction of statistical methods, interlingua-based translation fell
out of favor, and word-based translation based on the noisy channel
model dominated the field completely. Recently, however, statistical
machine translation has moved to more complex representations than
just words, and it is conceivable that frame and role semantics can be
helpful in designing a future new interlingua (Boas, 2005).

However, this presupposes that the frame-semantic structures in the
two languages are similar, or that suitable mappings can be constructed
(or learned). And above all, practical application of frame semantics
in this context is currently limited by the absence of frame ontologies,
lexicons, and annotated corpora for other languages than English.

For non-frame role semantics, the Chinese PropBank has recently re-
ceived much attention (Xue and Palmer, 2007; Xue, 2008). It remains to
be seen whether this resource can facilitate translation; since PropBank
core argument labels do not generally have a consistent interpretation
across predicates, this seems unlikely (see also a related discussion by
Pad¢ (2007a), pages 40-42). Preliminary attempts to integrate semantic
role labelers in syntax-based machine translation have not improved
results (Liu and Gildea, 2008).

The assumption that a text and its translation have isomorphic
frame-semantic structures has also made it possible to automatically
annotate role-semantic structure in corpora in a new language (Padé
and Lapata, 2005; Pado, 2007a; Johansson and Nugues, 2006).

[We] wanted to express [our perplexity as regards these points] [by abstaining in committee]

EAKER MESSAGE MEANS

[Genom att avsta fran att rosta i utskottet] velat uttrycka [denna vir tveksamhet]

MEANS har |ZVI]SPEAKER MESSAGE

Figure 2.3: Example of isomorphic frame-semantic structure in an English—
Swedish sentence pair.

For instance, figure 2.3 shows an example of an English-Swedish
sentence pair from the Europarl corpus, and its corresponding frame-
semantic annotation, which in this case allows a perfect transfer. For
the transfer method to be meaningful, the following assumptions must
be made:
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¢ The complete frame ontology in the English FrameNet is mean-
ingful in Swedish as well, and each frame has the same set of
semantic roles and the same relations to other frames.

* When a predicate belongs to a certain frame in English, it has a
counterpart in Swedish that belongs to the same frame.

¢ Some of the semantic roles on the English side have counterparts
with the same semantic roles on the Swedish side.

The structural similarity assumptions are invalid in many cases,
depending on typological and cultural distance between languages, but
also on genre — in fiction, for instance, translation is often less literal
for artistic reasons. However, the assumptions seem to work fairly
well in practice: Johansson and Nugues (2006) describe an experiment
where automatically annotated frame-semantic data were used to train
an automatic semantic role labeler for Swedish that achieved an F;-
score of 0.55 on a test corpus®.

2.4.4 Vector Space Applications

Text categorization is the task of automatically assigning a document to
one or more predefined categories. The most successful algorithms to
solve this problem have been based on statistical classification methods
using a feature representation of the complete document based only on
the individual words in the document — the bag-of-words representation.

It has recently been shown (Persson, 2008; Persson, Johansson,
and Nugues, 2008) that categorization accuracy can be improved by
adding predicate-argument features to a bag-of-words representation.
The predicate-argument structures were extracted using the system
described in Chapter 7. The extensions of the feature set led to error
reductions of between 2 and 10 percent for categories having more than
2,000 training documents.

This application is different from those described above, since the
predicate-argument structures are used implicitly, as a part of a feature
representation, rather than explicitly.

It remains to be seen whether this feature representation can be
applied in other tasks that are commonly solved using bag-of-words
representations, such as information retrieval or sentiment classifica-
tion.

4See 5.4 for a definition of this metric
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2.4.5 Applications Using Domain-Specific Role Sets

Role-semantic representation frameworks have also been created or
adapted for specific applications. This is advantageous for several
reasons: First, theoretical problems of definition of roles are less severe
when only a small fragment of language is covered — this is similar to
the view of frame semantics, where semantic roles are defined with
respect to situations. Second, domain-specific semantic role labelers
can often avoid a very significant obstacle in automatic semantic role
labeling: word sense ambiguity — the sense of the predicate word
determines which semantic roles are played by its arguments. A typical
example of an application for which a domain-specific semantic role
labeler was created is Carsim (Johansson et al., 2005), a system for
automatic illustration of traffic accident news texts in Swedish.



Chapter 3

Dependency-syntactic
Representations

The information communicated by humans is expressed by words
arranged in a sequence. The meaning of the complete utterance is
determined in part by the meaning of the words themselves, but also
by the pattern in which the words are arranged. When we arrange
words in a pattern, their organization is a device that we use to signal
a semantic relationship between the concepts denoted by the words.
Saussure (1916) famously characterized language as a system of signs,
where a sign consists of a signifier, a symbol that is used to communicate
a signified, a unit of information; in our case, we can say that the
arrangement of words is a signifier referring to a semantic relationship
— the signified.

Syntax is the study of how a set of surface words may be arranged
in a sequence to form a complete sentence. A syntactic representation of
a sentence is a data structure that represents how words in a sequence
form a pattern. In the framework of syntactic dependency, the syntactic
representation consists of a graph of binary relations between words. The
concept of syntactic dependency was famously introduced into modern
linguistics by Tesniere (1959):

The sentence is an organized whole; its constituent parts
are the words. Every word that functions as part of a
sentence is no longer isolated as in the dictionary: the mind
perceives connections between the word and its neighbors;
the totality of these connections forms the scaffolding of
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the sentence. The structural connections establish relations
of dependency among the words. Each such connection in
principle links a superior term and an inferior term. The
superior term receives the name governor; the inferior term
receives the name dependent.!

To exemplify the concept of syntactic dependency graph, Figure 3.1
shows a possible dependency-syntactic representation of the sentence
Yesterday she gave the horse an apple.

ROOT oBJ
T™P I0BJ
( SBJW ( NMOD\l NMOD
il o) Vo

yesterday she gave the horse an apple

Figure 3.1: Example of a dependency representation.

The three main properties of dependency graphs when used as
syntactic representations are thus:

¢ The graph consists of edges between words, and the presence of
an edge between two words denotes a grammatical cooperation
between those words.

* The edges are directed, and the direction of an edge between
two words denotes which of them determines the grammatical
behavior of the complete structure.

® The edges are labeled, and the label associated with an edge
between two words denotes the nature of their grammatical
relationship, the grammatical function.

Just as we defined semantic roles (see 2.1) as equivalence classes
of relations between predicates and arguments, we define grammatical
functions by noting that the nature of grammatical cooperation between
governor and dependent is “similar” in many cases. This observation
allows us to introduce a finite number of equivalence classes over the
infinite set of syntactic relations between governor and dependent, and
thus use a finite number of grammatical function labels. For instance,
a finite verb is often preceded by a phrase in the nominative case

ITranslation from French by Kuhlmann (2007).
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with which it morphologically agrees in grammatical number, and we
introduce the grammatical function label of subject (SBJ in the Figure
3.1) to denote this type of cooperation. The grammatical function is one
of the primary (but not the only) means of expressing the semantic role
relations that hold between a predicate and its arguments. Note that
the inventory of grammatical function labels is specific to a language,
unlike semantic role labels, which are defined in terms of logic.

Dependency representations are often contrasted with constituent
representations, which are more widespread in linguistic theories (at
least in those describing English). These structures instead represent
the grammatical organization of a sentence by means of hierarchically
organized constituents or phrases, and are classically associated with
context-free grammars. Figure 3.2 shows a constituent representation
of the example sentence.

(s)
VP

yesterday she gave the horse an apple

Figure 3.2: Example of a constituent representation.

Dependencies with labeled edges and constituents with labeled
phrases can be seen as representations of two different views of the
organization of a sentence, where either the nature of cooperation
or the hierarchical organization is made explicit. To some extent,
constituents can be derived from dependencies and vice versa. The
question is then which of the two views — if any — to treat as the
primitive representation from which the other is derived. In this work,
we regard dependencies as primitive, and derive constituents only
when necessary (in constituent-based evaluation). However, let it be
emphasized that this is for proof of concept, not an ideological choice.

The chapter starts by giving an overview of research on the relation
between syntax and automatic semantic role labeling. We then focus on
dependency syntax: First, we give formal definitions of the concept of a
dependency graph. With the formal machinery in place, we turn to the
question of defining the meaning of the dependencies that constitute
the graphs.
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3.1 The Role of Syntax in Automatic Semantic
Role Labeling

Since the beginning of research in automatic semantic analysis of
natural-language text, it has been assumed that semantic analysis is
closely related to syntactic analysis. This is of course very intuitive —
as mentioned above, the surface organization of words is the encoding
of the meaning of the complete structure.

The assumption of syntactic representation has also been pervasive
in research on automatic semantic role labeling. For instance, the semi-
nal work by Gildea and Jurafsky (2002), which introduced semantic role
labeling to a general audience, carried out semantic role analysis on top
of the output of a constituent parser.

In search of the simplest syntactic representation necessary for
semantic role labeling, shallow? syntax produced by chunkers is an
obvious candidate (Carreras and Marquez, 2004). The general con-
sensus seems to be that shallow syntax is insufficient (Gildea and
Palmer, 2002; Punyakanok, Roth, and Yih, 2008). Still, Marquez et al.
(2005) showed that competitive performance can be achieved using a
shallow syntactic representation based on chunk and clause bracketing.
Interestingly, semantic role labelers based on shallow syntax seem to be
complementary to those based on full constituents, which make them
useful for building hybrid systems.

To follow this line to its logical conclusion, a recent paper by
Collobert and Weston (2007) describes a system based on a neural
network, which performs semantic role segmentation using no syntac-
tic intermediate representation whatsoever, although they suggest that
results could be improved by using a chunk-based input representation.
However, this work is difficult to compare to previously published
results, since the systems are evaluated using a word error rate rather
than a standard segment-based metric (see 5.4 for a further discussion
on evaluation). The article is also lacking in analysis; no explanation is
given as to why their system is able to identify semantic role segments
of arbitrary length without having access to a recursive syntactic repre-
sentation. It seems that the bag-of-words feature representation that is
induced by their word vectors can implicitly capture information about
structure nesting that is made explicit in syntactic representations, but

2In this work, shallow syntax means a simplified constituent structure, such as that
output by a chunker. In other traditions, such as in feature-based grammar frameworks,
shallow syntax is roughly the same as feature-less surface syntax.
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this is left unexplained. We find it unlikely that their method could
work in a language with free word order.

Nevertheless, their success raises profound questions about the
intellectual grounding of the traditional approaches to role-semantic
analysis. If their results would be improved further, and proper
explanations were given, the scientific method would force us to ques-
tion whether syntax-driven semantic analysis, and indeed the explicit
representation of syntactic structure, has any scientific validity at all.

By habit, most systems for automatic role-semantic analysis have
used constituents as in the Penn Treebank (Marcus, Santorini, and
Marcinkiewicz, 1993), produced by Collins” (1997) or Charniak’s (2000)
statistical parsers. Dependency syntax has received very little attention
for the SRL task, despite a surge of interest in dependency parsing
during the last few years (Buchholz and Marsi, 2006). The earliest work
on dependency-based semantic role analysis was done in the context of
the Prague Treebank for Czech, where automatic systems were created
to assist humans in annotating the tectogrammatical (deep-syntactic
or shallow-semantic) layer (Zabokrtsk}’l, 2000; Zabokrtsk}’f, Sgall, and
Dzeroski, 2002). For English, the literature on dependency-based
SRL is scant; the first work we know is the preliminary experiment
by Hacioglu (2004), which does semantic role analysis using a gold-
standard dependency treebank. Another example is the experiment by
Pradhan et al. (2005b), which is the first work we are aware of that used
an automatic parser. Unfortunately, the results were negative: The F1
measure on the test set dropped from 79.9 to 47.2 (from 83.7 to 61.7
when using a head-based evaluation).

However, there are a number of linguistic motivations why de-
pendency syntax could be beneficial in an SRL context, even for a
constituent-friendly language like English. First, complex linguistic
phenomena such as wh-word extraction and topicalization can be
transparently represented by allowing nonprojective dependency links
(see definition in 3.2). These links also justify why dependency syntax is
often considered superior for free-word-order languages; it is even very
questionable whether the traditional constituent-based SRL strategies
are viable for such languages. Second, grammatical function such as
subject and object is an integral concept in dependency syntax. This
concept is intuitive when reasoning about the link between syntax and
semantics, and it has been used earlier in semantic interpreters such as
Absity (Hirst, 1983).

Although this is not generally acknowledged, traditional semantic
role analyzers based on constituent syntax have already incorporated
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features that point toward a dependency representation. Most impor-
tantly, almost every system uses a set of rules to extract a head in each
constituent®. This is considered crucial, since it is necessary for extract-
ing lexical features. The second hallmark of dependency representa-
tions — grammatical function —is also used in constituent-based systems
in the guise of features such as position and “governing category.”
Explicit grammatical functions have rarely been used — except from
the systems for tectogrammatical analysis of Czech, the only published
work we are aware of is a tentative experiment (Toutanova, Haghighi,
and Manning, 2005) in which grammatical functions extracted from a
gold-standard treebank were used.

As an illustration of our previous points, consider the sentence yes-
terday she gave the horse an apple and its constituent-syntactic representa-
tion, shown in Figure 3.2. We are interested in determining the semantic
relations between the predicate gave and its noun phrase argument the
horse. Based on the syntactic representation, a statistical semantic role
labeler extracts features representing the relation between predicate
and argument: For constituent-based systems, this is typically the PATH
NP{VP|VB, the GOVERNING CATEGORY VP, and the POSITION of the
argument with respect to the predicate, AFTER. However, based on
these features only, we would have to assign the same semantic role
label to the following noun phrase an apple, for which these features
have the same values. So how would a state-of-the-art constituent-
based semantic role labeler be able to correctly predict the semantic
roles RECIPIENT of the phrase the horse, even though the grammatical
features cannot discriminate? Probably, it can do this because it utilizes
one or more of the following strategies:

¢ Its machine learning component may have learned to cluster
words referring to animate beings (such as horse), and these words
increase the probability of the semantic role RECIPIENT. To be able
to extract this feature, the head (horse) needs to be determined
using head-finding rules, and as argued above, this constitutes a
step towards a dependency representation.

¢ Its machine learning component may have learnt that an NP
followed by another NP should be tagged with RECIPIENT rather
than THEME.

e It might use a global reranker that has learnt that RECIPI-
ENT+THEME is preferable to RECIPIENT+RECIPIENT, or a global

3Modern generative syntactic theory is based on the X-bar framework, which also
requires every phrase to have a head. This is not reflected in the Penn Treebank, though.
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constraint system that rules out two identical core argument
labels.

However, the solution could be much simpler: the NP the horse has
a grammatical function of indirect object, and for the word give, the
indirect object is the surface realization of the RECIPIENT. This does
not conflict with the following NP the apple, which is a direct object,
corresponding to the semantic role of THEME. As described previously,
the grammatical function is one of the primary means of encoding
semantic role information. The three features used by the constituent-
based systems are implicit reflections of this property, which is made
explicit in the dependency-syntactic structure in Figure 3.1.

3.2 Formal Definitions

This section introduces the formal machinery that we will make use of.
We first define the concepts of token and sentence.

Definition 3.1. A token t is a tuple (i, f1, ..., fi), where i € N is called
the index and f1, ..., fi are atomic features.

Definition 3.2. A sentence x is a set {to, . . . , t,, } of tokens whose indices
are 0, ...,n, respectively.

To simplify exposition, we assume that the first token ¢, in each
sentence is a dummy symbol not corresponding to a word.
We are now ready to give the definition of a dependency graph.

Definition 3.3. Given alabel set L and a sentence x, a labeled dependency
graph for x is a pair (x, E), where E C x x  x L. We refer to a tuple

(9,d,1) as a labeled dependency edge, and we write it as ¢ Lodor just
g — d. We say that g is a governor* of d with edge label [, and that d
is the dependent of g. The transitive-reflexive closure of the governor
relation is called dominance.®

Definition 3.4. For a labeled dependency graph G for the sentence x
and label set L, we say that G is well-formed if it satisfies the following
two constraints:

4Following Mel'¢uk (2003), we use the term governor rather than head. We reserve the
term head for the head word of a constituent or subtree to avoid confusion.

5The transitive-reflexive closure R* of a relation R is defined as follows: Vz : zR*z,
Vz,y,z : cR*yAyRz = xR*z. The definition of dominance used here is slightly different
from its usual definition in graph theory: 2 dominates y if every path from the root to y
contains x. These definitions are of course equivalent if the graph is a tree.
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ROOTEDNESS. The first token ¢ in @ is a root in G, i.e. there is no token
g in x such that g — t,.

CONNECTEDNESS. The root ¢y dominates every token in x.

In addition, all dependency graphs that we will use in this work
satisfy the following constraint.

UNIQUE GOVERNOR. For every token ¢ in «, there is at most one
gOVernor.

In other words, the dependency graph is a tree. There are syntactic
theories that do not impose this constraint, for instance the discon-
tinuous grammar (Buch-Kromann, 2006) used to annotate the Danish
Dependency Treebank (Trautner Kromann, 2003), and this results in a
more expressive syntactic framework that allows convenient analyses
of some tricky phenomena that we will discuss in Chapter 4, where the
hierarchical organization of a structure is unclear. However, parsing
with such graphs is difficult - see the discussion in 7.2 for details.

We finally introduce the projectivity property of dependency graphs
(Lecerf, 1960).

Definition 3.5. A dependency edge g — d in a dependency graph GG
for a sentence «x is called projective if all tokens in a between g and d
are dominated by g. The graph G is called projective if all its edges are
projective.

Visually, this means that the dependency graph can be drawn above
the sentence without reordering the words, so that no edges cross.®

This property is important, since it means that embedded structures
are continuous and can be processed recursively, and this enables
parsing algorithms to use stacks or dynamic programming. The
connection with context-free grammars is also apparent. It seems
that the majority of sentences in all human languages have projective
dependency-syntactic analyses. Especially in some of the world’s most
widely spoken languages, such as Chinese, English, and Japanese, the
syntactic structures are almost exclusively projective. In some other
languages, nonprojective structures are more common, but still very
close to projective structures (Kuhlmann and Nivre, 2006).

®We make no distinction in this work between projectivity and planarity, since we
assume that every sentence starts with a dummy root token.
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Constituent Trees

Although the work described in this dissertation is mainly based on
dependency syntax, we also need to define the notion of constituent
for completeness. We also introduce some auxiliary notation that will
be employed when we describe transformations on constituent trees in
Chapter 4.

Definition 3.6. Given a label set L and a sentence x, a constituent is
either a single token from a, which is then referred to as a terminal node,
or a nonterminal node: a tuple ¢ = (I,C), where | € L and C is a set
of constituents. If d € C, we say that c is a parent of d, or that d is a
child of c. The transitive-reflexive closure of the parent relation is called
dominance. For a nonterminal constituent ¢, we will sometimes use the
shorthand |¢| for its number of children, i.e. |C/.

Definition 3.7. Given a label set L and a sentence x, a constituent tree
for « is a pair (x,T), where T is a set of constituents for which the
following properties hold:

ROOTEDNESS. There is exactly one constituent r € T, referred to as the
top node or root, which is the child of no constituent in 7'.

CONNECTEDNESS. Every constituent in 7" dominates at least one token
in z, and the top node dominates every token.

UNIQUE PARENT. Every constituent in 7" except the top node is the
child of exactly one other constituent in 7'.

This definition allows discontinuous constituents as in the TIGER
treebank (Brants et al., 2002). However, most constituent treebanks,
such as the Penn Treebank, differ in this respect, and use other means
to encode discontinuous structures.

Definition 3.8. The start-token index sti(c) of a constituent c is defined
as follows:

sti(c) =4 if ¢ is a terminal node with index i
sti(c) = maxgec sti(d) if ¢ is a nonterminal (I, C).

We also define the start-token order <4 so that ¢ < d if sti(c) < sti(d).
For a nonterminal node ¢, we will use ¢; to refer to the i-th child of cin
start-token order.
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3.3 Dependency Graphs as Syntactic Repre-
sentations

With the formal framework in place, we now need to define denotations
of its concepts. In this section, we will outline what information should
be represented in the graphs. We will define criteria for establishing that
a direct dependency holds between two words, and for determining its
direction and label.

The word-word relations that we will encode in dependency graphs
are surface-syntactic, and the criteria that we will use to construct
representations are primarily based on observable linguistic phenom-
ena, such as word order and morphology, rather than on underlying
semantic structures.

Our surface-syntactic methodology makes it natural to impose the
following restrictions on the syntactic structures:

® Monostratal: We use only a single layer of syntactic informa-
tion, rather than multiple layers as for instance in Meaning-
Text Theory (Mel’¢uk, 1988) or Extensible Dependency Grammar
(Debusmann, Duchier, and Kruijff, 2004).

® Single governor: As mentioned in 3.2, we allow only one governor
per token, thereby imposing a tree structure on the dependency
graph. This contrasts with frameworks such as Word Grammar
(Hudson, 1984) and Discontinuous Grammar (Buch-Kromann,
2006).

® Surface tokens: Except the dummy root token, every node in a
syntactic tree corresponds to a single surface word.

Our reasons for these restrictions are parsimony — we want to find the
simplest possible representation that allows accurate semantic analysis;
efficiency — multiple layers, multiple governors, multi-word nodes, and
insertion of empty nodes all make automatic syntactic analysis more
complex; reliability — features for statistical systems can be expected
to be more reliable if based on observable surface phenomena; and
scientific rigor — empty nodes and additional “deep-syntactic” layers are
theoretically questionable and hard to define stringently. As pointed
out by Schubert (1987), if we allow more complex representations, “one
is too easily tempted to make descriptions not about the words found,
but about abstract structures. This entails the danger of reasoning about
“underlying’ or ‘kernel” sentences, “implicit” predications or the like.”
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We thus take the word as the minimal unit in syntactic structure. It
could well be argued that the minimal unit should not be the word but
the morpheme. This is certainly true in agglutinative languages such
as Turkish or Finnish, but also in some cases in English — consider, for
instance, the structure of pro- and anti-government demonstrations. Even
when we consider the word as the minimal unit, we must be careful
to define what constitutes a word, although this consideration plays a
minimal practical role in this work since we used pretokenized data’.
Multi-word tokens were used by Tesniere (1959), and are also common
in analyses of Japanese syntax, where the bunsetsu (a phrase followed
by a case-marking postposition) can be regarded as the minimal unit in
syntax.

With regards to the structure of the dependency graphs, we will
not impose a projectivity restriction, unlike some other descriptions.
Although English dependency graphs — like in other languages — are
most often projective, there are situations where this does not hold,
often due to topicalization and “heavy shifts.”

3.3.1 A System of Criteria for Establishing Syntactic
Dependencies

As stated previously, the presence of a link between two words means
that they cooperate in forming a complete grammatical structure. The
direction of the link denotes which of the words is regarded as the one
that determines the grammatical behavior of the complete structure.
We now turn to the task of defining criteria for establishing these
properties. This section describes a typical system of such criteria that
was originally described by Mel’¢uk (2003). It should be noted that
the criteria given here should be viewed as a set of general guidelines,
not an algorithm. It is an open and interesting question to what extent
they could serve as a basis for algorithms for unsupervised dependency
annotation.

Connectedness Criteria

The first criteria, the connectedness criteria, which formalize the notion of
“cooperating” that we have referred to, describe necessary conditions

7In the Penn Treebank conventions, contractions such as cannot and I'm are split, as
well as possessive constructions such as Alexander’s. In the CoNLL-2008 data, most
hyphenated words, like part-of-speech, were also split.
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for a dependency relation to hold between two words. They say
nothing about the direction or label of the relation.

A1 Linear arrangement of words. The words w; and wy considered in
a communicatively neutral sentence can have a direct syntactic
dependency link between them only if the linear position in the
sentence of one of them must be specified with respect to the
other.

A2 Potential prosodic unity. There can be a direct syntactic link between
the words w; and ws only if

¢ either w; and wy can form an utterance, i.e. a special prosodic
unit — a phrase,

* or wy, wy, and some set of words W form a phrase of which
wy is the head, and wy and W also form a phrase, of which
wo is the head.

There is some vagueness in these criteria. In Al, for instance, it
must be determined what is or what is not a “communicatively neutral
sentence.” Criterion A2 is even more problematic, since it refers to the
undefined concept of “prosodic unit.” An expression of the idea behind
the two criteria that would be more empirically testable is whether
the “unit” (wy, we, and possibly some other words to form a complete
structure) is able to appear in more than one linguistic context.

Direction Criteria

The second set of criteria is used to establish the direction of the
dependency link. These criteria are ordered hierarchically: For instance,
if B1 clearly applies, then we do not take B2 or B3 into account.

B1 Attachment behavior. In the phrase w; — ws, w; is the syntactic
governor of wy if the attachment behavior — the passive syntactic
valency — of the whole phrase is determined by w; to a greater
extent than by ws.

B2 Morphological contact point. In the phrase w; — w2, where Bl does not
apply, it is w; that is the syntactic governor of w, if w; controls
the inflection of words external to the phrase or w;’s inflection is
controlled by such words.
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B3 Semantic links. In the phrase w; — wy, where Bl and B2 do not
apply, w, is the syntactic governor of ws if there is a semantic
dependency wi — wo.

Here, B1 and B2 are the formalization of what was previously
written about the governor being the main cause of the grammatical
behavior of the complete structure, and B3 used to break remaining ties.

Criteria for Grammatical Function Label Inventory

The final set of criteria states necessary conditions for the inventory
of grammatical function labels to be well-formed. It should be noted
that the definition of grammatical functions is intertwined with the
definition of parts of speech (Schubert, 1987). However, we will take
the parts of speech for granted in this work.

C1 Absence of semantic contrast. A syntactic relation » must not describe
two different phrases w; N w; and wyy, =~ w,, where

* w; and w,, are forms of the same lexeme, and w; and w,, are
forms of the same lexeme,

¢ the two phrases contrast semantically,

¢ the phrases differ formally only by some syntactic means of
expression (i.e. by word order, by syntactic prosody, or by
syntactic grammemes).

C2 Substitutability with prototype. For every syntactic relation r, there
must exist a prototype category X other than substitute pronouns
such that for any syntactic configuration h — Ay, replacing Ay
by Ax, where Ax is headed by a word of the prototype category
X, does not affect its syntactic wellformedness.

C3 Repeatability. Any syntactic relation must be either unlimitedly
repeatable or non-repeatable.

Criterion C3 is related to the distinction between complements and
adjuncts — every complement function is supposed to appear only
once under a governor, while adjuncts may appear more than once.
While it is hard in practice to consistently distinguish complements
and adjuncts, this criterion forces us to define complement functions
carefully if introduced.

It can be observed that trivially large sets of function labels (i.e.
when every label encodes the complete context) always pass these tests.
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The set of functions should be small enough to allow us to make general
observations, but the criteria force us to make the set large enough
to make explicit the distinctions in organizational patterns used in
language to express semantic distinctions. We can thus view the search
for the function inventory as a constrained optimization problem where
we look for a minimal set satisfying the criteria.

Additional Connectedness Criteria

We will encounter a number of situations where Mel’¢uk’s connected-
ness criteria (Al and A2) are not enough to determine the structure,
and we may end up with strongly connected clusters of three or more
tokens. In these ambiguous situations, we may have use of additional
rules of thumb. We first introduce two definitions:

Definition 3.9. The words w; and w, are said to be lexically dependent
if the lexical form of wj, is selected by w; .

Definition 3.10. The words w; and w, are said to be morphologically
dependent if the morphological inflection of wy depends on the lexical
form or some feature of w.

A typical example of lexical dependence is the selection of a
preposition by a verb, such as depend on or believe in. Morphological
dependence is common, such as number agreement between a verb and
its subject, and gender agreement between a pronoun and its referent.
It was the main tool for determining syntactic dependency in Tesniere’s
work (1959), although this is not explicitly stated (Schubert, 1987).

Unlike syntactic dependency (according to our framework), lexical
and morphological relations are often bidirectional. A well-known
example is the morphological relation between a verb and its subject:
The number feature of the verb is controlled by the subject noun phrase,
and the case of the noun phrase is set to nominative to reflect its gram-
matical function with respect to the verb. When establishing syntactic
dependencies, we will make use of morphological dependence that is
manifested in features that reflect syntactic properties. Examples of
such morphological features are case in nouns and mood in verbs, both
of which can be imposed by a grammatical function with respect to a
governor.

We can now formulate the additional connectedness criteria.

al Morphological dependence. If the connectedness criteria A1 and A2
allow dependency links between all three words w;, ws, and
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ws, and there is a morphological dependency between w; and
wy in the form of government of features that reflect syntactic
properties, then the w; — ws link should take priority.

a2 Lexical dependence. If the connectedness criteria Al, A2, and ol
allow dependency links between all three words w;, wy, and ws,
and there is a lexical dependency between w; and wy, then the
w1 — wy link should take priority.






Chapter 4

Automatic Construction of
an English Dependency
Treebank

In Chapter 3, we argued that dependency-syntactic representations
have a potential to be useful for automatic semantic analysis. To sup-
port these claims, we have to train a syntactic parser on a dependency
treebank. However, except for preliminary efforts (Rambow et al.,
2002), there exists no dependency-annotated treebank of English. Also,
we can rule out manual corpus annotation since it is very costly and
time-consuming. We thus have to resort to automatic conversion from
an existing constituent-based resource, the Penn Treebank (Marcus,
Santorini, and Marcinkiewicz, 1993).

This chapter describes the algorithms that carry out the constituent-
to-conversion algorithms. In addition, we apply the principles laid
down in Chapter 3 to disentangle some nontrivial linguistic consid-
erations. We give dependency-syntactic analyses of a number of
constructions in English.

Relying on an external resource of course limits our options when
annotating dependencies, since the only structures that can be derived
are those that can be deterministically transformed from this source.
Fortunately, the Penn Treebank is richly structured. However, there
are some limitations: For instance, we cannot introduce a distinction
between complements and adjuncts except in verb phrases, since this
distinction is not generally made in the Treebank.
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The algorithms described in this chapter were used to create the
dependency treebanks used in the experiments in this dissertation.
Note, however, that for historical reasons there are two treebanks:
first, the treebank used in Chapter 6 and the FrameNet-related part
of Chapter 5; secondly, the treebank that was publicly distributed
for the CoNLL-2008 Shared Task (Surdeanu et al., 2008), used in the
Chapter 7 and the PropBank-related part of Chapter 5. When we
need to distinguisth the two treebanks, we will refer to them as the
LTH and CoNLL-2008 treebanks, respectively. They differ only slightly,
primarily in how underspecified noun phrase structure is resolved: The
LTH treebank used the noun phrase bracketing by Vadas and Curran
(2007), while the CoONLL-2008 treebank imported noun phrase structure
from GLARF (Meyers et al., 2001), an annotation framework developed
in the NomBank project (Meyers et al., 2004).

4.1 The Penn Treebank

The Penn Treebank (Marcus, Santorini, and Marcinkiewicz, 1993) is
the most widely used syntactic resource for English. The core part
of the representation is a constituent structure, as defined in 3.2.
Discontinuous constituents are not allowed, or even expressible, since
the annotation format uses nested bracketing to encode the constituent
structure. The constituent structure has been extended in three ways:

® Empty categories, i.e. terminal nodes that do not correspond to
surface words.

* Secondary edges that encode a number of nonlocal relations. Except
for edges used in gapping, every edge is connected to an empty
category.

e Secondary labels (or “dash tags” in Penn Treebank jargon) that
represent functional or structural properties that are not part of
the constituent structure. Most secondary labels, but not all, are
grammatical function labels.

The extensions are not present in the output of the popular constituent
parsers. However, there are systems that insert empty categories and
secondary edges (Johnson, 2002; Schmid, 2006) and secondary labels
(Blaheta, 2004; Merlo and Musillo, 2005).

Figure 4.1 shows a tree from the Penn Treebank. It contains three
empty categories: an empty subordinating conjunction 0, and two trace
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nodes (xTx). The traces encode underlying “movements” that are
supposed to have taken place and reflect the theoretical roots of the
Penn Treebank in the transformational paradigm. There are secondary
edges from the traces to the respective “moved” constituents, and four
secondary labels representing grammatical functions: two SBJ, a CLR
and a PRP.

Why , they wonder O T , should it belong to the EC C#TH 9

Figure 4.1: A constituent tree from the Penn Treebank.

Apart from its use in dependency syntax, conversion from the Penn
Treebank has been used for a number of other syntactic formalisms.
Hockenmaier and Steedman (2007) devised a conversion algorithm
similar to ours to automatically create a treebank of derivations in the
combinatory category grammar framework. Similarly, Miyao and Tsuji
(2008) and Cahill et al. (2008) applied rule-based methods to convert
Treebank trees into HPSG and LFG feature structure trees, respectively.

In addition to the constituents in the treebank itself, we used the
noun phrase bracketing by Vadas and Curran (2007). This had to be
done because a large number of noun phrases with a complex internal
structure are annotated using a completely flat structure in the Penn
Treebank. An extreme example is the noun phrase other small apparel
makers, button suppliers, trucking firms and fabric houses. The main reasons
for this are probably practical; it saves annotation time, and the internal
structure may not be entirely clear to the manual annotators unless they
are domain experts. However, the flat structure is very unappealing
when the phrase is converted to a dependency structure, since this
would make all words in the noun phrase direct dependents of the head
word.
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4.2 Dependency Analysis of Some Construc-
tions in English

This section provides linguistic motivations for the constituent-to-
conversion algorithms to be described in 4.3. We apply the syntactic
framework described in 3.3 to a number of constructions in English
grammar. We will restrict the attention to a selected set of problematic
constructions; in most other cases, it is very obvious how to create the
dependency structures from the constituents. For instance, we won't
spend any effort on explaining why a noun should be selected as the
head of a noun phrase'.

While the underlying philosophy of dependency syntax, as opposed
to other frameworks, is to emphasize function rather than structure, it is
by no means obvious that the syntactic relationships between words in
a sentence can be satisfactorily represented using only binary relations.
In fact, problematic situations often arise when there is a configuration
of words that is naturally described using an n-ary relation rather
than a tree of binary relations. In the most simple of these cases, two
semantically prominent “content” words are connected via a functional
word that has a role in expressing the syntactic or semantic relation
between them. Examples of this situation include verb—preposition—
noun and conjunct—conjunction—conjunct.

Below, we will describe a range of such linguistic phenomena, and
discuss how to impose a decomposition into binary relations. Our
method is based on examining and generalizing from one or a few
prototypical examples.

4.2.1 Prepositions

To illustrate how to analyze how prepositions should be handled,
consider the fragment depends on water. Here, the connectedness criteria
(Al and A2) allow dependency links between all three words: both on
and water must be placed after the verb depends, and on must be placed
before water.

1Even this supposedly simple example could be contested: the Danish Dependency
Treebank, for instance, regards the determiner as the head in a noun phrase. This may
also have some support in unsupervised induction of dependency structures (Klein and
Manning, 2004). The discussion of course comes down to your conception of what types
of relations the dependency structures should encode.
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As mentioned above, this is a situation where have a ternary
relation: a relation between depends and water, and a syntactic relation
marker on.

Intuitively, the finite verb should be the root of the structure, and it
is also clearly confirmed by dominance criterion Bl that the finite verb
depends dominates both on and water, regardless of how other links are
configured.

This leaves us with three alternatives, shown in Figure 4.2. Which
analysis to choose is controversial, and all three variants have been
proposed in literature. We prefer to eliminate the first alternative (both

I ) e

depends on water depends on water depends on water

Figure 4.2: Possible dependency representations of depends on water.

on and water as direct dependents) because we feel that on and water are
strongly linked and could appear as a single unit. This is of course
also paralleled by the concept of prepositional phrase in constituent
frameworks.

Of the two remaining analyses, we prefer the final one because
criterion B1 favors an analysis with the preposition as the governor
— it is the preposition on that is the primary explanation of where
the phrase on water can be attached. Alternatively, we could have
invoked our additional criterion o2, since the preposition on is selected
by depend. Another argument for this analysis is that English allows
a phenomenon referred to as preposition stranding, such as in the water
we depend on, where the prepositional complement is extracted. In these
situations, the structure is simpler if the verb and preposition are linked,
because only one long-distance link is needed.

This analysis is contested by frameworks that place more emphasis
on isomorphism between syntactic and semantic structure: The seman-
tically prominent words are depend and water, and on is only a marker
of the relation between them (Johansson and Nugues, 2007a).

4.2.2 Subordinating Conjunctions, Infinitive Markers

The relations between the verb in a main clause, a subordinating
conjunction, and a subordinated clause can be analyzed similarly to
how we treated prepositional phrases above. However, we have to
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accept that structures that are only superficially different, such as think
that it’s enough and think it’s enough, have different syntactic analyses
since we use no empty categories in our framework. Similarly, the
infinitive marker to is analyzed as the head of an infinitival clause.

4.2.3 Relative Pronouns and Question Words

A trickier case is how to handle relative pronouns, such as which in
the fragment water which I drink. The question is how to determine the
function of the relative pronoun which: like a subordinating conjunc-
tion, it is the introducer of a subordinated clause, but it also fills the
object valency slot of the verb drink. It can thus be argued to play a dual
syntactic role, and this is actually the analysis in some frameworks. The
double function has also led some, such as Tesniere (1959), to propose
to split relative words into two tokens wh-ich. The first part wh- (or
qu- in Tesniere’s case) then serves as a subordinator, and the second
part -ich as the valency filler of the verb. In our case, we have to
assign a single function, since we assume monostratal, single-governor
dependency structures, and as argued previously, we won’t modify the
Penn tokenization.

We will analyze a more complex fragment, taken from the Treebank,
to answer this question.

Example 4.1. goals for which he had to settle

We will first make two assumptions that we hope the reader accepts
unquestioningly: first, that goals dominates all other words in the
fragments; secondly, that he had to settle is conventionally analyzed.

Figure 4.3: Possible dependencies in a relative clause.

Apart from this, Criteria Al and A2 allow many possible analyses.
Figure 4.3 shows the possible links using dashed lines. To disentangle
this structure, we then proceed to identify the lexical relations, In this
case, we have two of these: Most obviously, for is selected by settle. Also,
which is selected by the preposition for — to see this, try to substitute the
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word that. This is also consistent with the notion of a WHPP phrase, as
used in the Treebank.

If we accept these lexical relations, then Criterion a2 disambiguates
the structure. The word settle already has a governor to, so it must be the
governor of for. In consequence, which is subordinated to for. Finally,
the only place where an incoming edge can be connected into the
relative clause is on the word had. Figure 4.4 shows the disambiguated
structure.

s s

goals for which he had to settle

Figure 4.4: Disambiguated structure of a relative clause.

We thus generalize from this example to the following general
principle: The subordinating nature of the relative pronoun is not
expressed, but instead its function as a valency filler.

The same reasoning holds for wh-questions, which are similar in
structure to relative clauses. One could argue that the head of the
structure is the question word, since it is the primary determinant of the
function of the complete structure. However, since the question word
also fills a valency slot of the verb, we mark it as a dependent.

4.2.4 Coordination

The problems with representing non-binary relations appear once again
with the phenomenon of coordination, which has been discussed to
great lengths in literature. To illustrate, consider Example 4.2. Here,
two conjuncts (olive and orange) are joined by a conjunction (and).

Example 4.2. Alexander ate an olive and an orange.

It is not trivial to represent the semantics of the sentence, but one
possible analysis is the following;:

eat(e1) A AGENT(eq, Alexander) A PATIENT(eq, olive)A
eat(ez) A AGENT(eq, Alexander) A PATIENT ez, orange)

The coordination of two noun phrases can thus be viewed as a short-
hand for the logical coordination of two full event structures. Inspired
by the semantics of the sentence, some accounts of coordination treat it
as a process of deletion: Alexander ate an olive and Alexanderate an orange.
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However, an explicit representation of the deletion is of course totally
unacceptable in a surface-syntactic framework, since it would lead to a
proliferation of empty categories. Also, the semantics may not always
be as clear as in this example.

Applying the connectedness criteria, we see again that we have
a strongly connected cluster: The criteria allow dependency links
between all four words ate, olive, and, and orange. Let us postulate that
the finite verb ate is the head of the complete structure — the opposite
position, in which and is the root, could only be supported if we take
the view that coordination involves deletion. Also, we find it plausible
that the coordinated structure an olive and an orange should be regarded
as a single unit and that there should only be a single dependency link
leaving this unit. This analysis makes it easier to adhere to Criterion C3
for coordinated complements. For instance, if we would regard both
olive and orange as direct objects of ate, Criterion C3 would force us
either to label the two dependencies differently, which would defeat
the purpose of this analysis, or to regard objects as adjuncts.

To find the head of the coordinated fragment an olive and an orange,
Criterion B1 forces one of the conjuncts to be the head — the complete
structure has the same syntactic behavior as the conjuncts would have
separately?.

Alexander ate an olive and an orange

Figure 4.5: Representation of coordination.

Regarding the place of the conjunction in the dependency structure,
we can apply a very similar argument as with prepositions to introduce
a coordination phrase® consisting of the conjunction and the second
conjunct, and as in the prepositional phrase, the marker (i.e. the con-
junction) becomes the head. Although most accounts of coordination
in the linguistic literature seem to assume symmetry, asymmetrical

2There are of course many situations where the situation is not so simple. For instance,
the Penn Treebank uses a special phrase label UCP for coordinated structures of disparate
elements.

3This is not to be confused with CONJP in the Penn Treebank, which just denotes a
multiword conjunction such as as well as.
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analyses using coordination phrases exist as well (Johannessen, 1998)*.
The analysis of the sentence is shown in Figure 4.5.

The following two examples illustrate the coordination phrase.
Example 4.3 shows how it appears on its own in a fragment, and
Example 4.4 how it can be dislocated in a heavy noun phrase.

Example 4.3. Will Alexander come? Yes, and Barbara too.

Example 4.4. Coffee was brought and a platter of pale, sharp cheeses.

Although the examples discussed above all involved coordinated
nouns, we apply the same analysis of coordination of words of other
types. It could be possible to use multiple levels of coordinations,
as is done in some treebanks. For instance, the Talbanken treebank
of Swedish (Einarsson, 1976) uses three levels: sentence, clause, and
phrase coordination.

Our asymmetrical analysis of coordination implies that the syntactic
dependency representation of a coordinated structure is not isomorphic
to its semantic counterpart. More seriously, in a framework with-
out empty categories or multiple governors, this analysis results in
interpretational ambiguity, exemplified in Figures 4.6 and 4.7: The
dependency graphs do not tell us whether old applies to men and women
or just to men, and similarly we cannot tell whether it is an object of
heard and saw or only of heard. This has made a number of dependency-
based treebanks such as the Prague Treebank (Haji¢, 1998) adopt a
symmetric analysis where the two conjuncts are treated as dependents
of the conjunction.

old men and women

Figure 4.6: Dependency representation of Old men and women.

I heard and saw it

Figure 4.7: Dependency representation of I heard and saw it.

4Johannessen (1998) assumes an X-bar analysis in which the conjunction is the head,
the first conjunct the specifier, and the second conjunct the complement. With her
analysis, we would thus still end up with a symmetrical dependency structure.
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It may be argued that this ambiguity is not of a syntactic nature but
rather semantic/pragmatic. For instance, the semantics of the sentence
in Figure 4.6 cannot be disambiguated even by humans without know-
ing the context, but we still see clearly that the fragment is grammatical,
and we could say that this implies that the syntactic representation
should represent only that. However, the sentence in Figure 4.7 is not
ambiguous to humans, because it serves as an obligatory object for
both heard and saw. The suggestion that underspecified representation
should be preferred is thus compatible with modification (such as old in
Figure 4.6) but not with complementation (as it in Figure 4.7), which is
syntactically required to form a complete structure.

Mel’¢uk (1988; 2003) and Hudson (1984) both tried to solve ambigu-
ity problems arising from coordination by extending the dependency
framework with simple phrase-like structures. Other solutions may
be to allow empty categories or multiple heads. A solution that does
not require a modification of the dependency framework is to encode
attachment information in the edges, and this is indeed the solution
that comes to mind when considering Criterion C1. Special edge labels
may be introduced to distinguish attachment to the first conjunct from
attachment to the complete structure. However, this solution perverts
the meaning of the edge labels; a new representational dimension is
introduced which is orthogonal to the concept of grammatical function.

We have opted to use the asymmetric analysis despite the ambiguity
problems, not only because this is what is imposed by the surface-
syntactic criteria, but also because it has been shown empirically that
this improves parsing performance for a number of languages (Nilsson,
Nivre, and Hall, 2006).

Prices were mixed in Zurich and lower in Stockholm

Figure 4.8: Penn Treebank representation of a sentence with gapping.

Another issue with coordinated structures, which is problematic
whether you use a symmetric or asymmetric analysis, is that coordi-
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nation often results in repeated parts being left out (ellipsed). This
is referred to as gapping. Figure 4.8 shows how the sentence Prices
were mixed in Zurich and lower in Stockholm is represented in the Penn
Treebank. Here, two verb phrases are coordinated, and the word were is
ellipsed from the second one. Structure parallelism between the parts
in the verb phrases is represented using secondary edges (=).

This phenomenon, which is fortunately infrequent, is difficult to
represent satisfactorily in a framework without empty categories. In
our representation, shown in Figure 4.9, we form a coordination
phrase that includes the conjunction and the “hanging” parts of the
second verb phrase. In addition, we add a special structural label
GAP to indicate that they should be interpreted as dependents of
an ellipsed governor.

GAP

(—Wmlf—\v Coy o

Prices were mixed in Zurich and lower in Stockholm

GAP

Figure 4.9: Dependency representation of a sentence with gapping.

4.2.5 Small Clauses

One peculiar and interesting family of constructions for which syntactic
analysis is nontrivial is those involving a so-called small clause®, that is
a semantic predicate-argument structure that has a surface realization
without a tense. An example of this phenomenon is Example 4.5, where
the sentence in (a) may be reformulated using a small clause in (b).

Example 4.5.
(a) They believed that he lied.
(b) They believed him to lie.

The semantics of both (a) and (b) can be analyzed as follows in a
PropBank representation:

believe.01(e;) AARGO(eq, they) AARG1(eq, e3) Alie.02(e2) AARGO(eg, he)

5The terminology used for these constructions and their various subtypes varies
considerably between syntactic theories. In this work, a small clause is any tenseless
subordinated clause, defined in practice as an unlabeled s node directly under a VP node.
This is also the terminology used in the Treebank (Bies et al., 1995, chapter 15).
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There are two opposing ideas of how to represent the syntactic
structure of (b): In the first, the small-clause analysis, syntactic structure
is supposed to be isomorphic to the semantic structure and thus similar
to that of (a), meaning that him is analyzed as the syntactic subject of
lie. As a consequence, it must be explained why the subject does not
appear in nominative case. In Chomskian schools, this is referred to as
exceptional case marking (ECM). This view is also held by Latin-inspired
grammarians such as Tesniére (1959), who argue that him to lie is a
nominalization of ke lied, and that the case of him is a consequence of the
grammatical function of the whole clause. The second analysis argues
that although him is the logical subject of lie, its case indicates that it
has been raised to the position of grammatical object rather than subject.
This position has most notably been advocated by Postal (1974) but also
in surface-oriented dependency syntax (Mel'¢uk, 2003).

It is difficult to analyze this construction using the connectedness
criteria, since the analysis depends on our intuition: with a small-clause
(Latin-inspired) outlook, we could say that him to lie is a prosodic unit
(A2) and that the case of him indicates a morphological relation with the
word to (o1). Conversely, in the raising-to-object view, him to lie is not
a prosodic unit and the morphological relation instead holds between
him and believe.

Although we see the point of the small-clause analysis in some other
contexts than this,we settled for the raising-to-object analysis without
much hesitation. The reason for this is the instablility of the purported
syntactic unit him to lie — it easily breaks apart due to passivization or
topicalization, for instance. The case of him is also clearly governed by
its syntactic relation to believe, since it would be nominative if believe
were passive. The logical link between him and believe could well
be represented in a multistratal representation, but it should not be
regarded as a surface-syntactic relation.

By doing this analysis, we diverge from the convention in the Penn
Treebank (Bies et al., 1995, chapter 15), which brackets the small clause
as a syntactic unit, and thus stays closer to semantics rather than to
surface syntax. This style of bracketing is used very liberally in the
Treebank. PropBank, on the other hand, takes a middle position by
splitting many of the small clauses in the Treebank, but not all (Babko-
Malaya et al., 2006).

In addition to raising of grammatical subjects to object position, as
we saw above, we may also see raising to subject position. This happens
for verbs such as seem, for instance in he seemed to lie. The analysis of
these constructions is less controversial — it would be hard to argue in
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a surface-syntactic framework that he is the grammatical subject of lie
rather than of seemed.

A superficially similar construction is control, in which the verb also
takes its subject or object from a subordinate clause, and which does
have a semantic relation to that subject or object. Subject control verbs
include try, and object control verbs include force, persuade. It may be
difficult to distinguish raising and control, and the Treebank only marks
control (of objects) for a small selected set of verbs, and treats the rest
as verbs taking small clause complements.

OPRD
0OBJ

they believed him to lie

Figure 4.10: Dependency representation of a sentence with gapping.

Figure 4.10 shows the dependency-syntactic analysis of the sentence
they believed him to lie. As argued above, we treat him as a syntactic object
of believed. Regarding function labeling, we labeled the predicative
part of all small clauses using the label OPRD (object predicative). We
are aware that this terminology is correct for only a subset of the
constructions for which the Treebank employs a small-clause analysis.
Also, the label does probably not adhere to Criteria C1 and C2, but
we did not have time to carefully categorize the various types of
constructions or implement a procedure to distinguish them.

4.3 Automatic Conversion of Constituents to
Dependencies

As argued previously, constituents and dependencies can be seen as
two different views of the grammatical organization of the sentence.
This implies that it should in principle be possible to convert one
representation into the other.

The main effort when moving between representations is to make
explicit what is implicit in the original representation. In a constituent
representation, the recursive groupings are explicit but grammatical
function and governor-dependent hierarchy is underspecified. Since
dependency syntax represents grammatical structure by means of
labeled binary governor—-dependent relations rather than phrases, the
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task of the conversion procedure in our case is to identify and label
governor-dependent pairs. The idea underpinning constituent-to-
dependency conversion algorithms (Magerman, 1994; Collins, 1999;
Yamada and Matsumoto, 2003) is that governor-dependent pairs are
created from constituents by first selecting a head token in every con-
stituent and then adding dependency links in which the head word is
the governor. The dependency labels are subsequently inferred from
the phrase—subphrase or phrase-word relations. Figure 4.11 shows an
example of the general idea: In a noun phrase (left), our algorithm
selects a head token (ses, illustrated by the dotted arrow) and adds
dependency links (right) to the other words in the constituent. The
dependency labels on all three links are NMOD (modifier of nominal)
since the corresponding words are all subordinated elements in a noun
phrase.

NMOD

W ﬁNMr\?nl/?oD
‘ an

the deep blué “sea the deep blue sea

Figure 4.11: Conversion of a noun phrase to a dependency tree.

Algorithm 4.1 Overview of the constituent-to-dependency conversion
algorithm.

function CONSTITUENTS-TO-DEPENDENCIES(T')
input Constituent tree T’

PREPROCESS(T)

ASSIGN-HEADS(T)

ASSIGN-FUNCTIONS(T)

return CREATE-DEPENDENCY-TREE(T))

Algorithm 4.1 shows the main steps in the constituent-to-
dependency conversion algorithm for a constituent tree T'. The first step
applies a number of structural transformations to the constituent tree to
simplify conversion or to reflect theoretical considerations. Next, a head
word is assigned to every constituent. After this, grammatical functions
can be inferred, finally allowing a dependency tree to be created.

The first three steps convert a Penn-style constituent tree to a head-
marked and function-annotated tree. An interesting contrast to the
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Penn Treebank is the TIGER treebank of German (Brants et al., 2002).
In this treebank, heads and functions are explicitly annotated, which
makes the treebank easy to convert to dependency structures.

4.3.1 Preprocessing of Constituents

Before the two main steps of the conversion process — head selection
and function labeling — can be carried out, the constituent structure
needs to be modified to facilitate conversion. In addition, since the Penn
Treebank reflects a theoretical tradition that differs from our surface-
syntactic philosophy, the organization of constituents sometimes has to
be restructured. These transformations are shown in Algorithm 4.2.

Algorithm 4.2 Preprocessing constituents.

procedure PREPROCESS(T')

input Constituent tree T’
REMOVE-UNUSED-LABELS(T))
REATTACH-REFERENTS(T)
INSERT-AUXILIARY-HEAD-GROUPS(T))
INSERT-COORDINATION-PHRASES(T)
SPLIT-SMALL-CLAUSES(T)

The first step is to remove secondary labels that are not used.
We removed four Penn Treebank edge labels that reflect a structural
property rather than a grammatical function: HLN (headline), TTL
(title), NOM (non-NP acting as a nominal), and TPC (topicalization).
The final one, topicalization, represents a property of a phrase that is
arguably more semantically relevant than the three others, e.g. when
analyzing the rhetorical structure. However, we still think that is a
property that is orthogonal to grammatical function — after all, an object
is just an object whether fronted or not.

The CLR (“closely related”) label is also worth a discussion. It
represents a number of complemental relations, such as the relation
between verb and preposition in depend on or between verb and noun in
take part. While useful, and especially for semantics, it has been shown
that this tag is not consistently annotated. In this work, we kept the CLR

label despite its inconsistencies®.

®In the CoNLL-2008 treebank, on the other hand, we removed the CLR label for
compatibility reasons since it is not used in the constituent annotation of the Brown
Corpus. For a behind-the-scenes story about CLR, see Blaheta (2004), pages 5-6.
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The next transformation, shown in Algorithm 4.3, was to reattach
referents of secondary edges. The three types of long-distance depen-
dencies handled in this step were

¢ discontinuity links, * ICHx,

e traces of “transformations” such as wh-movement and topicaliza-
tion, « T %, based on the discussion in 4.2.3,

¢ right node raising, «RNR«*. These links always come in pairs,
but we used only the first of them due to the single-governor
constraint.

We did not consider secondary edges representing “logical depen-
dency” such as the logical object in passivization. Note that the
algorithm has to take circularity into account, such as in Figure 4.1.

Figure 4.12 shows an example of how constituents are modified by
the reattachment transformation.

Algorithm 4.3 Reattachment of referents of secondary edges.

procedure REATTACH-REFERENTS(T)
input Constituent tree T’
for each empty category tin T
if ¢ is linked to a constituent C'
and the label of ¢ isin { * ICHx*, T, xRNR« }
if C has a child c that dominates ¢
disconnect ¢ from C' and attach it to the parent of C
disconnect the secondary edge
disconnect C' and attach it to the parent of ¢

The reattachment of constituents sometimes results in nonprojective
dependency links: in the CoNLL-2008 corpus, 0.4 percent of the
dependencies were nonprojective. 7.6 percent of the sentences had at
least one nonprojective link.

Next, Algorithm 4.4 brackets the head part of VPs and PPs, which
is flatly annotated in the Treebank. Recall that C; refers to the i-th
child of C according to the start-token order. We refer to the inserted
constituents as “head groups” (VG and PG). While also linguistically
justified, the main purpose of the transformation is to make the pro-
cessing of coordination more uniform. The effect on the algorithm on a
prepositional phrase is shown in Figure 4.13.
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T—shirts *ICH* appeared that *T* carried the logo

Figure 4.12: Reattachment of referents of secondary edges.

After auxiliary head groups have been inserted, coordinate struc-
tures can be processed. This transformation results in a right-branching
structure using coordination phrases (&P). The treatment of coordina-
tion is based on the discussion in 4.2.4. Figure 4.14 exemplifies the
effect of this transformation. Algorithm 4.5 shows the pseudocode.
|C| is a shorthand for the number of children of C, as defined in
3.2. A coordinator is either a single token with the CC tag, or a
multiword conjunction, CONJP. A separator is a single token whose tag
is either , or :. The procedure uses a heuristic IS-COORDINATED that
determines whether or not coordination is present. The most interesting

®p) (PP)
# (pG) (np)
To or from work To or from work

Figure 4.13: Auxiliary head groups in a prepositional phrase.
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Algorithm 4.4 Insertion of auxiliary head groups.

procedure INSERT-AUXILIARY-HEAD-GROUPS(T')
input Constituent tree T’
for every nonterminal constituent C'in T
ifCisavp
i « start-token index of first finite verb child of C
j « start-token index of last finite verb child of C
BRACKET(C, 1, j,VG)
else if C'isa PP
i < start-token index of first preposition child of C'
j « start-token index of last preposition child of C
BRACKET(C, 1, j,PG)

function BRACKET(C, 4, j,1)
input Constituent C, left and right index 4, j, label [
create a constituent G whose label is
move the children C;, ... C; from C to G
add G as a child of C
return G

case is for noun phrases, where a comma-separated structure without
coordinators may also be an apposition. We used a simple heuristic
based on the number of separators.

The final transformation in the preprocessing step, Algorithm 4.6, is
based on the discussion in 4.2.5. It raises the logical subjects of small
clauses to object position in the surrounding verb phrases. Function
labels are also added: if the small clause has no label, it receives the
OPRD label. Otherwise, PRD labels are replaced by OPRD. Figures 4.15
and 4.16 show examples of how small clauses are treated. Note that the
transformation only applies to small clauses in object position.

4.3.2 Head Token Assignment

As described above, the fundamental principle of the constituent-
to-dependency conversion process is based on the idea that every
constituent can be assigned a head token, a single word that is the main
controller of the grammatical behavior of the whole structure. This
principle underpins most modern theories of syntax, including main-
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Algorithm 4.5 Insertion of coordination phrases.

procedure INSERT-COORDINATION-PHRASES(T")
input Constituent tree T’
for every nonterminal constituent C'in T’
if IS-COORDINATED(C')
[ « the constituent label of C'
fori e [|C|,...,2]
if C;_; is a coordinator or separator
and C; is not a coordinator
¢ «+BRACKET(C, 1, |C|,1)
set the secondary label of ¢ to CONJ
if C; is a coordinator or C;_ is a separator
¢ «—BRACKET(C,1,|C|,&P)
set the secondary label of ¢ to COORD

function 1S-COORDINATED(C')
input Constituent C
if C has the constituent label UCP, return True
if C has a coordinator child that is not leftmost, return True
if C has a separator child ¢, and c is not leftmost or rightmost
if C is an NP and the number of separators is 1, return False
else return True
else return False

stream generative linguistics, where it is one of the main assumptions
of the X-bar system.

The method to assign heads to constituents is based on the idea of
percolation and is directly taken from previous work. The procedure
assigns a head child in every constituent. These can then be used to
recursively compute head words of every constituent, as shown in
Algorithm 4.7. The main effort is thus to select head children (FIND-
HEAD-CHILD), and since the Penn Treebank does not annotate this
information, we had to resort to a set of rules.

Noun phrases need special consideration. Their selection procedure
is shown in Algorithm 4.8. We apply this algorithm to constituents
with labels NP, NX, WHNP, and NML (noun phrases added by Vadas and
Curran, 2007). Note that grammatical function labels are taken into
account in this procedure. The purpose of this is that the function
label indicates that the child has a syntactic function with respect to
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I
(np) (Ne) (np)
good salaries , a cable television contract and even expansion plans
()

-

good salaries , a cable television contract and even expansion plans

Figure 4.14: Insertion of coordination phrases (&P).

Algorithm 4.6 Splitting small clauses.

procedure SPLIT-SMALL-CLAUSES(T)
input Constituent tree T’
for each verb phrase C'in T
if C has a child S and the phrase label of S is S
and S is not preceded by a “ or , tag
and S has a subject child s that is not in genitive
move s from S to C
set the secondary label of s to OBJ
if S has a child with a label [ containing PRD
replace PRD with OPRD in {
set the secondary label of S to
else
set the secondary label of S to OPRD

the whole constituent, which is a clear indication that it should not be
regarded as the head.

To find the head children for other types of constituents, a system
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VB
OPRD
(s)
(ve)
(ve)
OBJ
(xe) | (xe) (NP)

I told him ' to make Mitchell reach for everything

Figure 4.15: Splitting of small clauses.

Algorithm 4.7 Head percolation.

procedure ASSIGN-HEADS(T)
input Constituent tree T’
PERCOLATE(T .root)

procedure PERCOLATE(N)
input Constituent N
if N is a terminal node
N.head «— N
else
for each child C of N
PERCOLATE(C)
H «— FIND-HEAD-CHILD(V)
N.head «— H.head
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IsBJ]| [LOC-PRD]

* Keep them  out * Keep them out

Figure 4.16: Relabeling in small clauses.

of rules is used (Table 4.1), based on the system by Yamada and Mat-
sumoto (2003) but changed to reflect the modified constituent structure
described in 4.3.1. The first column in the table indicates the constituent
label, the second is the search direction, and the third is a priority list of
phrase types to look for. For instance, to find the head of an s, we look
from right to left for a VP. If no VP is found, look for anything with a
PRD function tag, and so on. In addition, all rules implicitly prefer non-
punctuation tokens over punctuation, and surface words over empty
categories.

Algorithm 4.8 Head child selection for noun phrases.

function FIND-HEAD-CHILD-NP(N)
input Noun phrase N
Search « for NN, NNP, NNP S, NNS, NX, or JJR without function.
Else search — for NP, NML, or WHNP without function.
Else search — for $ or #.
Else search « for CD.
Else search « for JJ, JJS, RB, QP.
Else search — for a determiner that is not a, an, or the.
Else select the last non-punctuation child.

4.3.3 Function Labeling

The Penn Treebank (versions II and III) annotates some constituents
with grammatical function labels. However, this annotation is not
complete, and to be able to convert the constituents to dependencies,
our algorithms have to insert more function labels.
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&P — CC|CONJP

ADJP, JJP — NNS QP NN $ ADVP JJ VBN VBG ADJP|JJP
JJR NP JJS DT FW RBR RBS SBAR RB

ADVP — RB RBR RBS FW ADVP TO CD JJR JJ IN
NP JJS NN

CONJP — CC RB IN

FRAG — NN+ |[NP W SBAR PP|IN
ADJP|JJ|JJP ADVP RB

INTJ «— *

LST — LS :

PG — IN TO VBG VBN FW

PP, WHPP — PG

PRN — S+ N*x Wx PP|IN ADJP|JJx ADVP |RB=*

PRT — RP

QP — $ IN NNS NN JJ RB DT CD QP JJR JJS

RRC — VP NP ADVP ADJP|JJP PP

S — VP +«-PRD S SBAR ADJP|JJP UCP NP

SBAR “— PG S SQ SINV SBAR FRAG

SBARQ — SQ S SINV SBARQ FRAG

SINV — VG VP x-PRD S SINV ADJP NP

SQ — VG x—PRD VP SQ

UcCp - *

VG — VB«

VP — VG VP x-PRD ADJP NN NNS NP

WHADJP — CC WRB JJ ADJP|JJP

WHADVP — CC WRB

X — *

Table 4.1: Head child selection rules.

Algorithm 4.9 shows how function labels are added to constituents
lacking one. Appendix A lists the complete set of grammatical function
tags used in the dependency treebanks.

The algorithm makes use of an auxiliary procedure POTENTIAL-
OBJECT, shown separately in Algorithm 4.10, that determines whether
or not a constituent (if it appears under a verb phrase) can be inter-
preted as an object. In the Penn Treebank, the absence of a function
label on a constituent in a verb phrase indicates that it should be
taken as a complement. The most common type of object is a noun
phrase directly subordinated under a verb phrase, but we also include
subordinated clauses, either in the form of direct speech (S, SINV, SQ,
SBARQ) or not (SBAR). Note that we assume that small clauses already
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have been assigned a function tag at this stage, so they are not assumed
to be objects. The heuristics used for SBARs in POTENTIAL-OBJECT
are formally redundant but were added for robustness to filter out
constituents where Penn annotators had forgotten to add a grammatical
function tag.

The function labeling algorithm distinguishes direct and indirect
objects. Procedurally, we define the indirect object as the first of two
objects. Adding the TOBJ labels is not problematic if there is more than
one object, in which case the I0BJ label is assigned to the first of them.
However, if we make a distinction between direct and indirect object,
it is not clear that there won’t occur cases where there is only a single
object, but that object should have an I0BJ function tag (such as in
Tell me!). To have an idea of the number of such cases, we inspected a
large set of instances of the verbs give, tell, and provide. Fortunately, the
Treebank annotates most of those cases with an empty node to denote
a missing object, although there are a few annotation errors that make
the rule fail. Note that the T0BJ label was not used in the CoNLL-2008
treebank.

Regarding a few of the function tags from Penn, we introduced
minor modifications. The adverbial tag, ADV, was extended to all
unmarked RB, ADVP and PP nodes in verb phrases. According to
Penn annotation conventions, ADV is implicit in these cases. The label
representing the logical subject in passive clauses, LGS, was moved to
the edge between the verb phrase and by, rather than the edge between
by and the noun phrase.

In addition, it is necessary to mention the adverbial function tags
used in the Penn Treebank, shown in Table 4.2. It could clearly be
argued that the distinction between these functions is not syntactic but
semantic, and that therefore they should not be reflected in a surface-
syntactic framework. Indeed, most of them have a direct counterpart
in PropBank. For instance, a phrase carrying the grammatical function
label TMP is highly likely to be marked as a semantic adjunct ARGM-
TMP in PropBank. This semantic information is sometimes orthogonal
to the dimension of grammatical functions. This leads to non-atomic
labels such as TMP-CLR, TMP-PRD.

The TMP label may appear in the following four different syntactic
contexts.

¢ As an adjunct of a verb (TMP).
* Asa complement of a verb (TMP-CLR).

* As an adjunct or complement of a nominal (TMP).
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Algorithm 4.9 Function labeling.

procedure ASSIGN-FUNCTIONS(T")
input Constituent tree T’
for each constituent C'in T’
if C is the root constituent
set the function label of C' to ROOT
else if C' has no function tag from Penn or previous stages
L «— INFER-FUNCTION(C)
set the function label of C' to L

function INFER-FUNCTION(C)
input Constituent C
let ¢ be the head of C, P the parent of C, p the head of P,
and R the right sibling of C
if ¢ = preturn )
if POTENTIAL-OBJECT(C) and POTENTIAL-OBJECT(R) return I0BJ
if POTENTIAL-OBJECT(C') return OBJ
if C is PRN return PRN
if ¢ is punctuation return P
if C'is PP, ADVP, or SBAR and P is VP return ADV
if C is PRT and P is VP return PRT
if pis TO and C' is VP return IM
if C'is vP and P is VP, SQ, or SINV return VC
if P is SBAR and p is IN return SUB
if Pis VP, S, SBAR, SBARQ, SINV, or SQ
and C is RB or ADVP return ADV
if P is NP, NX, NAC, NML, or WHNP return NMOD
if P is ADJP, ADVP, JJP, WHADJP, or WHADVP return AMOD
if P is PP or WHPP return PMOD
else return DEP

* As a predicative complement of a copula (TMP~PRD).

However, we kept the adverbial tags since we think this information
can be useful, and should not be discarded unless it can be argued
that it is harmful, not only on purist grounds. With some effort, it
might also be said that these distinctions are meaningful in surface
syntax. Many languages have word order preferences that require
that temporal adjuncts generally should go before locative adjuncts, for
instance.
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Algorithm 4.10 Finding potential objects.

function POTENTIAL-OBJECT(C')
input Constituent C
if C has a function label other than OBJ return False
if C'isan NP, S, SQ, SINV, or SBARQ return True
if C'isa Ucp
for each child C; of C
if POTENTIAL-OBJECT(C;) return True
if C is an SBAR
if C.head is as, because, for, since or with return False
else return True
else return False

Label Definition

ADV General adverbial
DIR Direction

EXT Extent

LOC Location

MNR Manner

PRP  Purpose / reason
TMP Temporal

Table 4.2: Adverbial function tags in the Penn Treebank.

4.3.4 Dependency Tree Creation

After the preceding steps, which produce a richly labeled constituent
tree, the final step of building the dependency tree is a formality.
Algorithm 4.11 shows the pseudocode.
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Algorithm 4.11 Creation of a dependency tree from a labeled and head-
marked constituent tree.
function CREATE-DEPENDENCY-TREE(T)
input Constituent tree T’
D {}
for each token ¢t in T’
let C be the highest constituent that ¢ is the head of
let P be the parent of C
let [ be the secondary label of C

D« DU Phead - ¢
return D







Chapter 5

Dependency-based
Role-Semantic Analysis

This chapter shows how the role-semantic representations described
in Chapter 2 can be automatically constructed by algorithms. The
architecture that we describe in this chapter has been implemented in
a system that took part in an international evaluation, the SemEval-
2007 task on frame-semantic structure extraction (Baker, Ellsworth,
and Erk, 2007) which was based on FrameNet. We will refer to this
implementation as the FSSE system. In addition, we will also evaluate
a similar system on the test corpus from the CoNLL-2008 Shared Task
(Surdeanu et al., 2008), based on PropBank and NomBank. This will be
referred to as the CoNLL-2008 baseline system — the reason for using
the word baseline is that we will describe extensions to it in Chapter 7.

We give a brief overview of the field of automatic semantic role la-
beling. While previously published systems were based on constituent-
syntactic input, we demonstrate that a sequential, classifier-based
semantic role labeling architecture can be similarly implemented with
syntactic input in the form of dependencies constructed by the algo-
rithms described in Chapter 4.

In contrast to our definitions in Chapter 2 of semantic role struc-
tures, which were purely based on logic, most annotation systems for
semantic role structures are based on labeled segmentation. This is
also reflected in the evaluation metrics usually applied for automatic
semantic role labelers. We briefly discuss the metrics that have been
proposed in literature.
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5.1 Automatic Semantic Role Labeling

Automatic determination of semantic roles has a long tradition in
natural language processing, and has been used by early systems for
semantic interpretation (Hirst, 1983, inter aliz). However, its break-
through in modern statistical language processing came with the work
by Gildea and Jurafsky (2000). The subsequent article (Gildea and
Jurafsky, 2002) has become the standard reference in the field. Around
the same time, early work was pursued on automatic analysis of
the tectogrammatical layer of the Prague Treebank (Zabokrtsky, 2000;
Zabokrtsk}’f, Sgall, and DzZeroski, 2002).

The work by Gildea and Jurafsky (2000) proposed a division of
the problem of semantic role analysis into two main subproblems,
argument identification and argument labeling, that is still widely
used. This work also identified a number of features used by statistical
classifiers, which are also more or less standard practice in modern
systems: for instance, the parse tree path to capture the grammatical
relation between predicate and argument, voice, and lexical features
of predicate and argument. It also established the tradition of relying
on syntactic parse trees as input, both in determining the possible
arguments of a predicate and for extracting classifier features. In
addition, a number of extensions are explored: syntactic-semantic
integration, generalization of lexical features based on WordNet and
automatic clustering, and generalization to unseen domains.

Gildea and Jurafsky’s work became the starting point of a wide
range of extensions. The first major improvement was the replacement
of the smoothed probabilistic models by more sophisticated statistical
methods. Early examples include maximum-entropy classifiers used by
Fleischman, Kwon, and Hovy (2003), decision trees by Surdeanu et al.
(2003), and support vector machines by Hacioglu and Ward (2003).

While considerable performance gains could be achieved by just
changing the classification method, there was also much to be done
in the design of features for the classifiers. Surdeanu et al. (2003)
added a number of features such as the “content word,” a semantically
prominent word that helps role disambiguation when the head is a
grammatical word. Xue and Palmer (2004) and Pradhan et al. (2005a)
studied the effect of several possible features.

The enterprise of designing features for semantic role labelers soon
reached a ceiling, beyond which improvements were very small. To
improve performance further, attention switched to devising new ar-
chitectures. One of the most common strategies is combination of the
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output from multiple systems. An example is the method by Pradhan
et al. (2005b), in which a chunk-based semantic role labeler uses the
output of a number of systems as classifier features. Punyakanok, Roth,
and Yih (2005) combined systems by means of optimization under a
carefully designed set of hand-coded linguistic constraints. It seems
that diversity of the candidate set is an important parameter influencing
the success of combination methods (Marquez et al., 2005). Apart from
the combination of multiple systems, another architectural innovation
that is nowadays commonly used is reranking of complete predicate—
argument structures (Toutanova, Haghighi, and Manning, 2005).

5.2 The Tasks

As mentioned in the introduction, the systems based on the architecture
described in this chapter have been evaluated on test data from two
international evaluations of semantic role analyzers, the SemEval-2007
task on frame-semantic structure extraction (FSSE) and the CoNLL-
2008 Shared Task on joint syntactic and semantic analysis. This section
describes task definitions of the FSSE task and the CoNLL-2008 Shared
Task. We postpone the discussion of their evaluation metrics to 5.4.

Apart from these two, a number evaluations of semantic role label-
ing performance have been carried out since 2004. In the CoNLL-2004
Shared Task (Carreras and Marquez, 2004), the participants trained and
evaluated on a small portion of the PropBank corpus annotated with
shallow syntax; predictably, the results were modest. The Senseval-
3 task on automatic semantic role labeling, which used FrameNet,
achieved higher results (Litkowski, 2004). In the CoNLL-2005 Shared
Task (Carreras and Marquez, 2005), in contrast to the 2004 task, the full
PropBank corpus was used, and the participants had access to parser
output from full constituent parsers. The data set used in this task has
become a standard benchmark for the field.

5.2.1 SemkEval-2007 Task on Frame-semantic Structure
Extraction

The SemEval-2007 task on frame-semantic structure extraction (FSSE),
evaluated the performance of semantic role analysis in the FrameNet
paradigm (previously described in 2.3.1). In addition, the participat-
ing systems were required to identify predicates and assign them to
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FrameNet frames, which made this task more complex than previous
tasks.

The output of the systems consisted of labeled segments represented
using the FrameNet annotation format. Example 5.1 shows an example
of the annotated sentence Dublin excels in packaging its past for the visitor.
The frame is EXPERTISE and there are two segments annotated with role
labels, PROTAGONIST and SKILL.

Example 5.1.
[Dublin]proraconist EXPERTISE:excels [in packaging its past for the visitor]gyyy 1 -

The main resource used by the participants was version 1.3 of
FrameNet. This package contained the following parts:

* A lexical database defining frames and mapping predicate words
to frames,

® A collection of annotated example sentences for each predicate
word, taken from the British National Corpus, 139,439 sentences,

* A corpus of running text that was annotated for the task. These
texts were taken from two specific domains: public information
about weapons of mass destruction from the Nuclear Threat
Initiative (NTI), and travel guide books from Berlitz.

The running text corpus was split into a training part, consisting
of 1,728 sentences, and a test part of 120 sentences. The test part was
used to score the participating systems. This corpus had 5.9 annotated
predicates per sentence.

The majority of the training data thus consisted of “representative”
examples sampled from the BNC, since the example collection was
much larger than the corpus of running text. This of course leads to
a skewed distribution of predicates and arguments. Still, training on
the running text corpus only would not be feasible since it is too small.
The test corpus was very different from the training data and contained
many unseen predicates (and even a number of unseen frames), and
proved very difficult for participants.

Apart from FrameNet, there were no restrictions on the tools or
resources that the participants could use. Our system used a part-of-
speech tagger (Toutanova et al., 2003) and the MaltParser dependency
parser (Nivre et al., 2007). In addition, we used a method (Johansson
and Nugues, 2007d) to expand the FrameNet dictionary by using
WordNet (Fellbaum, 1998), which we will not detail here.
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5.2.2 CoNLL-2008 Shared Task on Joint Syntactic and
Semantic Analysis

In the second evaluation that we describe here, the CoNLL-2008 Shared
Task on joint syntactic and semantic analysis, the participants carried
out both dependency parsing and semantic analysis. PropBank and
NomBank (see 2.3.3) were used as the representational formalism to
annotate predicates and arguments. Like the FSSE task, the task
involved identification and disambiguation of predicates in addition to
argument identification and labeling.

A novelty compared to previous evaluations of semantic role an-
notation was that a fully dependency-based representation was used,
not only for syntax but also for semantics: A semantic role was not
annotated as a labeled segment, but as a labeled link between the
predicate word and the argument head word. Figure 5.1 shows an
example of the structures to extract in this task. There is one PropBank
predicate plan and one NomBank predicate investment.

ROOT
oBJ PMOD

=

Chrysler plans new investment in Latin America

ST

plan.01 investment .01l

Figure 5.1: Syntactic and role-semantic representations of a sentence in the
CoNLL-2008 Shared Task.

Similarly to the FSSE task, the participants had access to a the
PropBank and NomBank lexicons, and sections 02 — 21 of the WS]J part
of the Penn Treebank. Section 24 was used as a tuning set. No other
external resources were allowed.! The WSJ corpus is all running text,
so the skewedness problems of the FrameNet corpora are not an issue
here.

The test was carried out using section 23 of WSJ and a small part
of section K of the syntactically annotated Brown corpus. Since the
Brown test set is very different in style and content from the training

IThis constitutes the closed setting. In an open setting, participants were allowed to
use any resource but the Treebank and PropBank/NomBank. However, the open setting
attracted less interest from participants.
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set, the performance on this set is interesting since it gives an idea of
the domain sensitivity of the system.

5.3 Classifier-based Semantic Role Labeling
using Dependency-Syntactic Input

This section describes an architecture for automatic semantic role
labeling based on a sequence of statistical classifiers. This is a direct
adaptation for dependency syntax of classifier-based semantic role
labelers for constituent syntax, a prototypical example of which is the
system by Pradhan et al. (2005a).

Our sequential classifier-based systems for semantic role analysis
carry out these four subtasks, as shown in Figure 5.2:

¢ Identifying the words that should be analyzed as predicates,
* assigning word sense identifiers to the predicates,

¢ identifying the arguments of every predicate,

¢ assigning a semantic role label to every argument.

In most of the literature, the first two of these subtasks are not con-
sidered. However, since both the FSSE and the CoNLL tasks included
predicate identification and disambiguation in the task definition, we
include them here as well.

While the FSSE and CoNLL-2008 baseline systems are both de-
signed according to the conceptual framework of a sequence of clas-
sifiers, as in Figure 5.2, there are some differences. The most important
is that the FSSE system is based on FrameNet, while the CoNLL-
2008 baseline system uses PropBank and NomBank. In Figure 5.2,
PropBank/NomBank-style annotation is used: The sense identifiers
and argument labels are numbers. In FrameNet, we use frame names
as sense identifiers, so we would for instance replace plan. 01 with the
frame name PURPOSE. Similarly, we would replace the numbered Prop-
Bank argument labels A0 and A1 with AGENT and GOAL, respectively.

There are also some engineering differences. In the system that
participated in the FSSE task, the classifiers were support vector ma-
chines (Boser, Guyon, and Vapnik, 1992) with quadratic kernels that
we trained using the LIBSVM package (Chang and Lin, 2001). After
training, we converted the set of support vectors to explicit weights for



5.3. CLASSIFIER-BASED SEMANTIC ROLE LABELING USING
DEPENDENCY-SYNTACTIC INPUT 73

Chrysler plans new investment in Latin America

Predicate
identification

Chrysler plans new investment in Latin America

!

plan.?? investment.??

Sense
disambig.

Chrysler plans new investment in Latin America

J

plan.01 investment.01l

Argument
identification

Chrysler plans new investment in Latin America

No=<"1/

plan.01 investment.01l

Argument
labeling

Chrysler plans new investment in Latin America

W |

plan.01 investment .01

Figure 5.2: Example processed by a sequence of classifiers.

features and feature bigrams to speed up evaluation. For the CoNLL-
2008 baseline system, we replaced the kernel-based classifiers with
linear classifiers, implemented using the efficient LIBLINEAR package
(Fan et al., 2008), which speeds up the training process by several
orders of magnitude. We also replaced the support vector machines
with L2-regularized logistic regression classifiers. There was no notice-
able difference in classification accuracy between logistic and support
vector classifiers, but we needed probabilistic output for the extended
experiments in Chapter 7, for which logistic classifiers are better suited.
An additional requirement when replacing kernel-based classifiers by
linear ones is that feature bigrams must be added to the feature set,



74 CHAPTER 5. DEPENDENCY-BASED ROLE-SEMANTIC ANALYSIS

due to the limited expressivity of linear separators (Minsky and Papert,
1969). This increases feature selection time, but since training is faster
with linear classifiers, the total time spent on training and feature
selection is still reduced.

Finally, while the FSSE and CoNLL-2008 baseline system both used
dependency trees as described in Chapter 4, the parsers were different:
The SemEval-2007 system used MaltParser (Nivre et al., 2007), while
the CoNLL-2008 baseline system used our own parser, which we will
describe in detail in 7.3.

5.3.1 Predicate Identification

The predicate identification task consists of finding the words in a
sentence that refer to semantic predicates. We describe two methods
to carry out this task: rule-based filtering and a statistical classifier
inspired by word sense disambiguation techniques.

Rule-based Predicate Identification

In the FSSE system, we applied a rule-based method to identify predi-
cates. The reason for using rules rather than a statistical classifier was
that the training corpus of running text was relatively small, which
made it impractical to train a classifier.

We implemented the predicate identification component by using
the FrameNet lexicon and a rule-based filter. A set of potential
predicates was extracted in a sentence by finding all words (including
multiwords) listed in FrameNet. The filtering rules were then applied to
remove some of these predicate candidates. Most of the rules concerned
prepositions, which have recently been added to FrameNet, and for
which we had very little annotation.

We used the following set of filtering rules:

e have was retained only if it had an object,
® be was retained only if it was preceded by there,
e will was removed in its modal sense,

® The words course and particular were removed if part of the
expressions of course or in particular, respectively,

e the prepositions above, against, at, below, beside, by, in, on, over,
and under were removed unless their grammatical function was
locative,
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* after and before were removed unless their function was marked as
temporal,

e into, to, and through were removed unless the function was
direction,

* gs, for, so, and with were always removed,

* since the only sense of of was PARTITIVE, we removed it unless
it was preceded by only, member, one, most, many, some, few, part,
majority, minority, proportion, half, third, quarter, all, or none, or if it
was followed by all, group, them, or us.

Classifier-based Predicate Identification

In the CoNLL-2008 baseline system, we once again made use of
lexicons to spot possible predicate words, in this case the PropBank
and NomBank lexical databases. In our case, however, the filter was
based on statistical classifiers instead of hand-written rules, since we
had enough running text to train classifiers.

In principle, we treated the problem of predicate identification as a
word sense disambiguation problem. While almost every word listed
in PropBank or NomBank will always be annotated as a predicate when
it appears in text, there are some words, such as the verb have, for
which we needed to discriminate between a predicate sense and a non-
predicate (auxiliary) sense.

Statistical word sense disambiguation of a word extracts features
based on the context of the word. In this case, the context is based on
the dependency tree. We extracted the following features:

PREDWORD, PREDLEMMA. The surface form and lemma of the
predicate.

PREDGOVWORD and PREDGOVPOS. Form and part-of-speech tag of
the governor node of the predicate.

DEPLABELS, DEPWORDS, DEPWORDLABELS, DEPPOSs, DEP-
POSLABELS. These features describe the set? of dependents of
the predicate using combinations of dependency labels, words,
and parts of speech.

2Set-valued features are implemented as a set of Boolean features denoting the
presence or absence of a member.
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DEPSUBCAT. Subcategorization frame: the concatenation of the
dependency labels of the predicate dependents, excluding paren-
theticals, punctuation, and coordinations.

PREDREL. Dependency relation between the predicate and its gover-
nor.

To give an example of the features used in predicate identification,
Figure 5.3 shows an example of a sentence. The potential predicate is
had. The most frequent sense of this word is auxiliar