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Abstract

In this thesis, we have explored automatic semantic roleliladp in a multilingual setting. Es-
sentially, we aim to interpret natural language text aldmglines of questions such asHo did
whatto whoni. Additionally, we aim to answer questions of the tyywhenandwhere i.e. resolv-
ing more general characteristics surrounding events. iShisodeled by considering the event as
the core structure that defines a set of logical relatisespantic rolesthat describe the relation
between event and participant.

We propose an automatic and language-independent methbgtilizes statistical classifiers
to extract these roles. The proposed system has been imputledrend took part in an international
evaluation, the CoNLL 2009 Shared Task, which targetedrséaeguages: Catalan, Chinese,
Czech, English, German, Japanese, and Spanish. Our systeeved the second best average
semantic score, and the top results in Chinese and German.

Sammanfattning

| den har uppsatsen har vi utforskat automatisk semanbiddtikettering i en flersprakig miljo.
Vasentligen forsoker vi tolka naturligt sprak med assée pa fragor av typen/émgor vad for
veni. Vidare forsoker vi aven besvara fragor sasaar ochvar, d.v.s. att forstd mer generella
begrepp som beskriver handelser. Detta modelleras getttopetaakta handelsen som den cen-
trala struktur som definierar en uppsattning logiska retetr, semantiska rollersom beskriver
relationen mellan handelse och deltagare.

Vi foreslar en automatisk och sprakoberoende metod sgitjanstatistiska klassificerare for
att extrahera dessa roller. Det foreslagna systemet hplementerats och deltagit i en inter-
nationell utvardering, the CoNLL 2009 Shared Task, sonég\sju sprak: engelska, japanska,
katalanska, kinesiska, spanska, tjeckiska, och tyska syatem uppnade det nast basta genom-
snittliga semantiska resultatet, och de basta resulidieesiska och tyska.
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Chapter 1

Introduction

In this thesis, we have explored automatic semantic roleliladp (SRL) in a multilingual setting.
Essentially, we aim to interpret natural languldgext along the lines of questions such agb

did whatto whoni. From this point of viewwhatcan be seen as an event taking place, whereas
whoandwhomcorrespond to participants of the event. Additionally, vira & answer questions

of the typewhenandwhereg i.e. resolving more general characteristics surroundimgvent.

During recent years, automatic semantic analysis of niaamguage text has received much
attention by the natural language processing (NLP) comipuWith the advent of semantically
annotated corpora and corresponding semantic lexicons asi¢-rameNet and PropBank, this
type of automatic analysis has become feasible.

The SRL problem, as defined by Baker et al. (1998), modeldbthsonsidering the event as
the core structure that defines a set of logical relatisespantic rolesthat describe the relation
between a participant and an event. Various types of repiasen for these semantic roles exist,
ranging from using a set of universal semantic roles, SUCAGBNT, PATIENT, and NSTRU-
MENT, to more specific types of roles that are specifically definét wespect to a certain event
or class of events.

We have developed a generic system that carries out SRL oof tbpependency-based syn-
tactic representation. The system took part in an intesnatievaluation, the CoNLL 2009 Shared
Task, and received the second best semantic score amonty p&ticipants. Our participation
in the task was essential to this thesis as it provided us avitiotated corpora for training and
evaluation in seven languages: Catalan, Chinese, CzeghsknGerman, Japanese, and Spanish.

1.1 An Introductory Example

In Fig. 1.1, we present how the senten&arren handed him the metal box and disappeared
is represented syntactically (above the text) and senaytibelow the text). The syntactic
structure describes binary relatiosgntactic dependencigsetween words. Each word is thought
to depend on another, and each word in the sentence diredthnsitively depends on an artificial
root word. Dependencies point frohreadto dependentfor instance in Fig. 1.1Warrendepends
onhanded

INatural languages as opposed to formal languages.



COORD

OBJ
ROOT NMOD
SBJ OBJ [ NMOD ‘ ( CONJ )

-Root- Warren handed him the metal box and disappeared

hand.01 disappear.01
A0 A2
Al

Al

Figure 1.1: An example sentence with semantic frames franPtiopBank lexicon.

The semantic representation below the text features twotgvband and disappear The
participants in these events are pointed out bysér@antic dependencijdse. the arcs originating
from hand.0landdisappear.01 The labels attached to these dependencies corresponuanse
roles specified in a lexicon with respect to each event. lddaé is listed as “thing given” in the
hand.Olentry whereas it corresponds to “the disappeared” irdibappear.0lentry.

Although the Al dependency dfand.Olpoints towardsox, the actual participant is in fact
the metal box This follows from the syntactic dependencies originatiram box i.e. theand
metaldepend orbox and we consider the complete phrase as the participane dfahding.

Given this brief example, semantic role labeling can be iclemed finding and labeling the
semantic dependencies in the figure.

1.2 Outline

The rest of this thesis is structured as follows. Ghapter 2we give an introduction to corpus
linguistics and the syntactic and semantic formalisms tisemlighout this thesis. We also intro-
duce the evaluation measures and machine-learning toolavweusedChapter 3describes the
CoNLL-2009 Shared Task and the corpora we have use@hhapter 4we review previous work
and present the baseline system that conducts SRL usingebngipf statistical classifiers. In
Chapter 5the baseline system is extended with a global model to aifeekocal decisions made
by each step in the pipeline. We present various measurenoéithe system performance, as
well as our contribution to the CoNLL 2009 Shared TaskCimapter 6 The thesis is concluded
by Chapter 7which gives a summary of the project, and suggests possiipeovements to our
system.



Chapter 2

Background

In this chapter, we give an introduction to natural langupgecessing (NLP) and the tools and
measures we use. The first section describes some basic gteantools and the notion of
corpus linguistics. In Sect. 2.2, we go on and introduce gmastic formalism that we use
throughout this thesis. We then describe semantic depereim Sect. 2.3, which is the main
target of this thesis. We define the measures we have usedliaey performance in Sect. 2.4.
The last section is devoted to the machine-learning toolbawe utilized. Again, this is merely
an introduction to define the concepts we use in our systenmanan exhaustive survey.

2.1 Corpora and Annotation

Our approach to NLP is based on analyzing large samples af tverld” text, calledcorpora
(corpusin singular). In its most simple form, a corpus consists @ifpltext. Aside from words,

a corpus contains all kinds of special symbols such as gases and punctuation marks. We
consider all these words or symbols as individual unidgkens and require our corpora to tek-
enizedi.e. sentences are split up into sequences of tokens. Okerited, a corpus is commonly
annotated with linguistic meta-information that desciitdividual tokens. The tedious job of an-
notation is carried out by linguists with knowledge of thetgalar language in question. The
manual annotation is considered correct and this is conyn@fiérred to as thgold standard
annotation.

2.1.1 Morphology

Morphology is the branch of linguistics that deals with gs& and description of the structure of
words. For example, consider the English the wordss, ran, andrunning They all derive from
a common base word, égmma run, typically the word that one would look for in a dictionary.
The various forms ofun carry different information about grammatical categosesh asase
number person andtense Each category corresponds to meanings from some conc¢elptuain
and are mutually exclusive. In English, for example,ihenberof a word can be either “singular”
or “plural”, but not both.



2.1.2 \oice

A patrticularly interesting morphological feature of velbscalled grammaticaloice In English
there are two voicesactive and passive Roughly, a verb can be said to be in its active voice if
the subject is the agent of the verb, i.e. the one that pegdha action described by the verb.
In passive voice, however, roles are reversed and the patienthe beneficiary of the action, is
grammatically the subject of the verb. Consider the follogvexample

John bathed the dog- (active)
The dog was bathed by Johr(passive

2.1.3 Parts of Speech

The parts of speeclfPOS) of tokens (such as nouns, verbs, adjectives etc.) nisnomly also
included in the annotation of a corpus. In order to be mordéulisime traditional POS categories
are usually further subdivided into more specialized on&fe. use labels, otlags to denote the
different categories. For example the category of nounsingsonly denoted by the tag N, could
be further divided into singular nouns, plural nouns, angppr nouns, denoted by the tags NN,
NNS, and NNP, respectively. Moreover, words such as detenrsj punctuation marks, and
additional specialized words, can also be assigned theiraategory. See Fig. 2.1.3 for an exam-
ple. In some corpora, these extensions of the set of POSaraegorrespond to morphological
features of the words, for instance the subdivision of naotessingular and plural.

Warren handed him the metal box and disappeared
warren hand him the metal box and disappear
NNP VBD PRP DT NN NN CC VBD

Figure 2.1: Example sentence where each word is annotathdtsdiemma (middle) and POS-tag
(bottom-most).

In addition to annotation on the token level, a corpus can atmtain information on the
structure of its sentences syntactic (Sect. 2.2) and sérn@&wsct. 2.3) content.

2.2 Syntactic Structures

There are different ways to describe the syntactic strectdila sentence. Most previous work on
semantic role labeling have utilizesbnstituent-based grammauris which a sentence is divided
into a hierarchy of constituents. Examples of constituemts noun phrases and verb phrases
which in turn can consist of constituents or single wordsuitively this fits rather well with the
problem of labeling semantic roles, as a participant noegsarily is denoted by a single word, but
rather a complete phrase. For instanibe metal boxn Fig. 1.1, makes up a single noun-phrase
constituent using this type of grammar.



Although constituent-based grammars have successfuéiy beed to perform SRL before,
this has primarily been done in English, a language whostasyan rather successfully be de-
scribed using this type of grammar. However, languages avitiore free word order, e.g. Slavic
languages, are significantly harder to describe using tlammar (Mel'€uk, 1988) and for our
multilingual setting we require a more versatile grammar.

A different approach to syntactic structuredependency-based grammavkich perceives
connections between pairs of words. This grammar was intred by Tesniere (1959) and has
lately received much attention from the NLP community. Miwer, Johansson (2008) investi-
gated the difference in performance between a constifo@std and a dependency-based SRL
system that both were developed to be as similar as posaitdefiound that they perform roughly
equally well in English.

2.2.1 Syntactic Dependency Trees

Formally, asyntactic dependency trége defined as alirected acyclic graph(DAG) on which
various constraints (e.g. rootedness) are imposed. Adih@ome constraints and definitions can
be altered, resulting in slightly different types of DAGS,this thesis we restrict ourselves to the
trees we have used. For simplicity, we give an informal idtrction by means of an example
given below. The DAGs we have used can (using appropriateitiefis) be proved to be directed
and rooted trees with edges originating from the root. Fooaentheoretical introduction we refer
the reader to textbooks such as Hudson (1984).

T )

-Root- They had brandy

Figure 2.2: A sentence with four dependenciEley brandy, and. depend on the main vetiad,
which in turn depends on the root token.

In a syntactic dependency tree, binary relations betweleentare assumed. Linguistically,
each token is assumed to be governed by another token, amdokaa in the sentence is directly
or transitively governed by an artificisdot token. The tree is created in such a way that the tokens
of all subtrees create phrases (i.e. they can function ggesimits in the syntax of the sentence
similar to constituents in constituent grammars). A pawatd is calledhead A head-child
relation is called alependencynd is drawn as an arc pointing from the head to the child.

The set of tokens in a subtree is called theld of its root token and we say that a token
dominatesall the words in its yield. The head word determines the graical behavior of a
dependency while the child word specifies its parentalfeledsyntactic dependency tree also has
labelsattached to each dependency. The labels give informationtabe grammatical function
of the dependency, such as subject or object.

In the example sentence in Fig. 2.2, thet is the parent of the main vetimd hadis in turn
the head of three dependents: the dependency with the grdeahfanction 83 (subject), where

5



the child word isThey the dependency with the grammatical functiorJ@object) with the child
brandy, and the period sign with the function P (punctuation).

In fact, as a token determines its head, which in turn specifsehead in a transitive man-
ner, we see that a parent, in a dependency, is actually sgktii the whole phrase formed by
the child token plus all tokens in the yield of the child. Thisikes syntactic dependency trees
practical since they can represent complex multi-word wgnaimmatical structures, similar to
constituent grammars, while only defining binary relatibesveen words. Since these are binary
relations between tokens, these word-to-word dependgmeia be kept intact even if the word
order changes.

7/~ ROOT \ LOC PMOD
(SBJW fomj’ [NMOD‘]

-Root- They had brandy in the library

Figure 2.3: The resulting sentence after adding the adjartbe libraryto the sentence in Fig. 2.2

If the sentence in Fig. 2.2 is extended by adding the adjunitte library, we obtain the sen-
tence in Fig. 2.3. One new dependency is created betivagandin. The function of this new
dependency is denoted byolc and corresponds to locative adjunct. In this case it is thelevh
phrasein the library that acts as a locative adjunct rather than the woralone, although there
is only a direct dependency betwelead andin. The internal structure of the subtree rootednin
is independent of the already existing dependencies aralriedy existing dependencies are not
affected by its addition.

The exact meaning of how a wodiktermines the grammatical behaviafra phrase, or for a
phrase tospecify its parent words not completely clear and we will not address this topighe
nor will we describe the set of labels used for the dependsnéiVe will simply assume that it is
possible to create such a dependency tree, that a suitdliélabels exists, and that the labeled
syntactic trees for each sentence is being created in aromif@y in each corpus.

2.3 Semantic Dependencies

The semantic interpretation we will take on in this theslgeseon the assumption that the mean-
ing of a complex expression is determined by its structui the meanings of its constituents.
Although this approach ignores the way that the meaningrgéleexpressions seem to depend on
additional factors, such as the rhetorical context in whiah statement was made, it provides a
suitable framework for automatic semantic analysis (Jsbam, 2008). Again for simplicity, we
introduce the central concepts of predicate-argumenttsires and how they represent informa-
tion informally. This example is given using the PropB&formalism and lexicon (described
more thoroughly later in this section). For a more theogdtintroduction, the reader is referred
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to Bornkessel et al. (2006).

2.3.1 Predicate-Argument Structures

We distinguish betweeaventsand participantsand refer to them apredicatesand arguments
respectively. Each predicate defines a setaséarguments semantically central to that predicate.
In addition to the core arguments of a predicate, there @@ adljuncts, ononcorearguments.
These noncore arguments give information such as time aradiém. In this way, we can view
a predicate as having a number of abstraégs for possible arguments (core and noncore). A
complete predicate-argument structure is referred to @®jposition and a proposition without
any participants, i.e. without arguments, is referred tarasmpty proposition

An example of a predicate is the event indicated by the herein Fig. 2.4. The predicate
is referred to ahave.03to differentiate it from other meanings of the venave The core ar-
guments defined by the PropBank lexicon for the predibatee.03is the “owner” (A0) and the
“possession” (Al).

-Root- The had brandy in the library
l AO

j
J | L
AM-LOC

Figure 2.4: A sentence including the representation of tlem&haveand its semantic dependen-
cies

In addition to the core arguments, an event may be furthesribesl by non-core arguments
that carry information such as degree, duration, mannesgtion, or time. For instance, the
sentence in Fig. 2.4 describes not omlitio andwhat, but alsowhere which is denoted by the
AM-LOC label on the semantic dependency.

Nonverbal predicates

In the previous example, the predicate is a verb. Events Isanbe described by noun, i.e. a
nominal predicate. For example the sentenetsnappedand He took a napdescribe the same
event. In the latter sentence however, the noapis considered a predicate.

To a certain degree, nominal and verbal predicates do nassadly suffice to catch the
complete semantic information of a sentence. This is eigdgna linguistic issue and is in our
thesis governed by the conventions used when the corpomamantated. For instance, the Czech
corpus (Hajic et al., 2006) comprises a vast variety of joegds.

2.3.2 Semantic Lexicons

The corpora we have used in this thesis are all annotatedseittantic dependencies drawn from
semantic lexicons defined specifically for each language.irfstance in English, the nominal

7



predicates are drawn from the NomBank (Meyers et al., 2084¢dn, and the verbal predicates
from PropBank (Palmer et al., 2005) lexicon. They providargeé amount of semantimmesthat
define the set of possible core arguments of various presdicdih the English corpus, these core
arguments are denoted by labels A0 through A5, and each fspefically defines the meaning
of the core labels.

Although the meaning of the core labels are defined for eachdt the labels A0-A5 roughly
correspond to the grammatical proximity of objects withpest to the predicate, i.e. AO often
refers to subjects, Al to direct objects and so on.

As words can have multiple meanings depending on contexsame surface word, in fact the
same lemma, can relate to different semantic frames. Ftarios, the predicatead in Fig. 2.4
corresponds to the frame callbdve.03 However, in the sentenddary had John killedhad se-
mantically has another meaning. Using the PropBank frathessother frame is denotdthve.04
We refer to these frame names as se@se labeglor justsenseof a predicate.

However, not all predicates are ambiguous and proper framesisually be deduced directly
from the lemma. The English lexicons simply assign a nunberdfix to the lemma of the
predicate starting at 01.

2.3.3 Alternative Role-representations

It can be argued that describing each predicate specificallys manner is a bit too detailed, and
one can fairly wonder whether it is not possible to find moreegal types of relations between
events and participants. To a certain degree this is whaatbie grammar taught in school models,
i.e. subjects, direct and indirect objects, adjuncts andrsoHowever, the granularity of these
concepts are not detailed enough. Moreover, as describie iexample involving grammatical
voice in Sect. 2.1, the subject of a passive verb does nossaily constitute the performer, or
agent of an event, but rather thgatient which in active voice is normally an object.

Designing a universal set of roles that is general enoughatchcall types of relations, yet
precise enough to give sufficient amount of details is a listgu problem that has to be dealt
with by constructors of semantic lexicons. The VerbNet (hev1993) lexicon solves this by
grouping verbs into different classes and defining rougBlyales such as AENT, INSTRUMENT,
EXTENT, and RTIENT, and imposes restrictions as to what roles may be assignedrtain
groups of verbs.

Other Lexicons

Intuitively there may be several words describing the saype of event. Consider the predicate
sleep as inHe sleeps during night This predicate is closely related to other predicates such
asnap andslumber This fact is exploited by the FrameNet lexicon (Baker et #98), which
defines a single frame for all these words that consequen#isesthe same set of core arguments.
According to FrameNet, the semantic frame correspondingjegeprepresents events where “A
sleeper stays in an altered state of consciousness knowleexs,sand a total of 23 different
predicates belongs to this frame.



2.3.4 Semantic Roles and Dependency Grammars

When a sentence that is annotated with syntactic deperegeigcalso annotated with semantic
information, thesemantic dependenciase used to represent the arguments of the predicates. An
argument is represented by an arc pointing from the pregliced word in the sentence. The yield

of the target word constitutes the argument. This rule cowidsan exception in the case where
the predicate itself is part of the yield of the argument.Hese cases, the argument is the words
in the yield of the arguments target wamdnusall the words in the yield of the predicate.

2.3.5 Sentences with Multiple Predicates

Although the sentence in Fig. 2.4 only features one pregi@sentence can certainly have more
than one predicate. In these cases, the arguments of differedicates may overlap partially or
completely. The example given in the introduction, Fig, $Hows a sentence with two predicates
representing two different events (an object being hanaedsamebody disappearing)Varren
participates in both events, and is consequently an arguafidoth predicates.

2.4 Evaluation Measures

We use a number of measures to evaluate the performance sf/si@m. Moreover, as we use
automatically parsed dependency trees that might not eelgntorrect as input for our system,
we are also interested in measuring the accuracy of thesevaloate syntactic dependencies we
use thelabeled attachment scoi@AS). This is simply defined as the percentage of words for
which a system has predicted the correct head and syntabgtdnd is the most popular measure
on correctness of dependency graphs.

In order to score predicate-argument propositions, we @mthe semantic dependencies
output by our system to the gold standard. We consider thgogition as a shallow tree with a
root dependency from the predicate to the root of the sentéihese dependencies are omitted
in the figures), and a number of dependencies from the pitedicathe arguments. The label
of the root dependency corresponds to the sense of the ptedie.g. have.03 The labels of
the argument dependencies are the ones given in the figulésough there are various ways
to measure correctness of semantic dependencies, we araribyi concerned with théabeled
semantic fr (Semk) which takes several kinds of mistakes into consideration.

To calculate the SemFRwe define two measures callpdecisionandrecall as:

#correct dependencies
#dependencies guessed

precision=

#correct dependencies

Il = .
reca #dependencies in gold standard




The Semk measure is the precision and recall combined using the hacmoean which is
defined as:

precisionx recall

Semlr=2x — .
precision+ recall

This measure, which is commonly used to evaluate performaficSRL systems, is con-
structed in such a way that if a system assigns the incorredigate sense, it still receives some
points for the arguments correctly assigned. However, asynqplemented system performs frame
assignment and argument identification and classificatoseparate steps, we require more pre-
cise measures that indicate how well we perform in each &gmonsidering argument or predi-
cate dependencies exclusively, we can employ the $emeBsure with respect to either arguments
or predicates. We refer to these measures as Aagie Predk, respectively.

2.5 Machine Learning Tools

The kind of machine learning we have used in this thesis iedaupervised learning The
machine is trained by the use wéining examplesThe machine works on two sef%;the set of
legal input objects and the set of possible outputs. The training examples are pqiss), where
X € X andy; €Y is the desired output correspondingo The machine is called @assifierand
it predicts a class label for the input objects.

2.5.1 Linear Classifiers and Support Vector Machines

A support vector machingSVM) is a classifier wherX C R" (real valuech-dimensional vectors)
andY = {—1,+1}. That is, its inputs are vector representations of the iljgcts' The input
part, x;, of the training examples is partitioned in to two sptsitiveandnegative This is done

in such a way that; belongs tgositiveif its corresponding; = +1 andnegativeotherwise. The
SVM finds a hyperplane that separates the vector siamethat members qfositiveandnegative
end up on different sides. The margin betwegea X and the hyperplane is the shortest distance
between them. The constructed hyperplane, in additiongaratingpositiveandnegative is also
required to maximize the smallest margins of any point inegiset (Cristianini and Shawe-Taylor,
2000).

There are no guarantees that linear separation is pos3ibkddress this problem a nonlinear
transformation can be made from the original nonlinear olagmns into a higher-dimensional
space where linear separation is possible. This is knowheg&edrnel trick, and makes a linear
classification in the new space equivalent to nonlinearsiiaation in the original space. How-
ever, it comes at the expense of transforming all points betvithese spaces, both during training
and classification (Burges, 1998).

As previously mentioned, a SVM only allows binary classtiica. In a lot of cases it is,
however, desirable to use more than two possible clasgesamulticlassclassifier. There are

1in case there are categorical attributes in the input, wetasge to convert them into numeric data e.g. a three-
category attribute such as red, green, blue can be repessast(0,0,1), (0,1,0), and (1,0,0).
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three major ways of performing thisane-against-all one-against-oneand thedirected acyclic
graph methodThe simplest of these methods is one-against-all, in whiehregression classifier
is trained for each class assuming that all examples beigrtgiits corresponding class are to be
considered as positive and all other examples are to bedmresi negative. When predicting a
class for a given input, all classifiers are tested and thesaarresponding to the classifier with
the highest certainty is taken as output (Hsu and Lin, 2001).

2.5.2 LibLinear

In the system we have implemented, we have exclusively UlmediBLINEAR library (Fan et al.,
2008). This is an efficient, freely availaBlénear classifier. It supports linear SVMs as well as
logistic regressiona model commonly used in statistics to predict binary pbatiges.

The logistic model can be extended for multiclass probldmsomputational linguistics, this
type of classifiers are referred to asaximum entropyME) classifiers, and are often used for
large-scale classification problems. Maximum entropysifeess are fast and can classify a large
set of instances much faster than SVMs with non-linear Kerfign et al., 2008).

These classifiers proved to be useful as they allowed us toittiongtic with the probabilities
obtained in each classification step. The downside of thidehig its inability to deal with data
that is not linearly separable. We addressed this by cartsigupairs of features and will get back
to this in Sect. 4.3.3.

2Available at http://www.csie.ntu.edu.tw/ cjlin/libkar/.
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Chapter 3

Corpora and Evaluation

We evaluated our system on seven languages that were afl give unified data format. The
languages were Catalan and Spanish (Taulé et al., 200B)es&h(Palmer and Xue, 2009), Czech
(Hajic€ et al., 2006), English (Surdeanu et al., 2008), GeritBurchardt et al., 2006) and Japanese
(Kawahara et al., 2002). The training and testing datacogora, we have used was provided by
the CoNLL 2009 Shared Task. However since the corpora @ilyicome from different sources
the scheme of annotation, particularly the semantic atioatadoes not follow the same pattern
in all languages. In this chapter, we describe the CoNLL 2868red Task and the corpora we
have used.

3.1 The CoNLL-2009 Shared Task

The Conference on Natural Language Learning (CoNLL) is aruahconference on the topic of
natural language learning. Each year the conference coritesavEhared Task that provides a
basis for a global comparison between teams all over thedwdhe 2009 Shared Taskonsisted
of extracting syntactic and semantic dependencies inadrskanguages (Hajic et al., 2009).

3.1.1 Variations of the Task

The task is divided into alosedand anopenchallenge. In the closed task, only the official train-
ing data provided by the the organizers were allowed to bd,uskereas in the open challenge
usage of external resources was allowed. Hence the closkdjitzes a fair environment for all
participating teams, whereas there is room for improvenretite open challenge for teams that
have additional resources at hand. Teams were allowed tigipate in the closed challenge, the
open challenge, or in both.

Due to the vastness of the task, teams could optionallygyeate in the SRL-only track of
the task and skip the syntactic parsing. For that purposeigiesl dependencies generated by
state-of-the-art dependency parsers were provided byrtanzers.

1official website at http://ufal.mff.cuni.cz/conll2009-s
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3.1.2 Previous Tasks

The 2009 task is a direct extension of the monolingual (Eshgtinly) 2008 task which was also
dedicated to syntactic and semantic dependencies (Swradal., 2008). The 2004 and 2005
Shared Tasks (Carreras and Marquez, 2004, 2005) were elsted to SRL in English, although

in these tasks the training and testing corpora were muchestrtae syntactic representation was
constituent-based, and SRL corresponded to labeling ibesists. To our knowledge, the 2009
task was the first time multilingual SRL was evaluated in adavironment.

3.2 Corpus Content

Aside from the lexical form of each token in the corpora, &ddgal linguistic features were an-
notated including the the lemma and the POS tag of the tokeored¥er, in all languages but
Chinese and English, a set of additional morphologicaluiestwere provided. These are gener-
ally referred to as EATS, and we will make subsequent use of this name in later chapier a
certain degree, these features weigh up the less detail&d&f in these languages. |.e. Catalan,
Czech, and Spanish feature relatively few POS tags, whé&megksh and Chinese have a richer
set of POS tags. As mentioned in Sect. 2.1, these fine-gr&@&itags often carry morphological
information such as tense, case, or number, i.e. the sareeofyipformation that is provided by
the FEATS.

The corpora had both gold standard and predicted valuesedittiibutes mentioned above.
The predicted values were generated by the Shared Taskizegamsing state-of-the-art NLP
tools in each language. In the final test set the gold staralamdtation was not to be used and
participants consequently had to resort to the predictétesa This makes the results comparable
to what can be achieved in any practical application, i.eenvho gold standard annotation is
available. For exact details on the tools used and the ctntéthe FEATS, we refer to the Shared
Task description paper (Hajic et al., 2009).

One additional bit of information that was provided both idgrtraining and testing was
whether a token is a predicate or not. This corresponds t&Rile subproblem of identifying
predicates and we get back to this in the next chapter. Thangially simplifies the problem and
implies a higher PredFscore.

3.2.1 Differences in Semantic Annotation

A number of corpora statistics taken on the training corgusach language are shown in Ta-
ble 3.1. It gives the size of the corpora, the number of labekd for syntactic and semantic
dependencies as well as number of POS tags. The figures gaggh idea to the differences
between the corpora.

The semantic annotation is more exhaustive in some language others. In Chinese and
German, only verbal predicates are annotated. Moreoverérman annotation is particularly
sparse not covering all verbs that intuitively qualify asdicates. English, as well as Japanese,
features nominal predicates. The last row of Table 3.1 shvalaag POS tags appear as predicates.
The *' is used to denote prefixes in languages that had arisbeof POS tags. V denotes verbs,
N nouns, and A and JJ denote adjectives (in Catalan and $panid Japanese, respectively).
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The Czech corpus is by far the most exhaustive containingge lamount of predicates of
all kinds of POS tags, however almost half appear to have gonaents at all (cf. Table 3.1).
To get an idea of how the number of predicates relate to thebeuwf arguments, we define the
argument-predicate ratio (APR) simply by

_ #argument dependencies in gold standard
~ #predicate dependencies in gold standard
The APR, shown in Table 3.1, turns out to be less than one igtCZEhis implies that in the

Czech corpus there are more predicate than argument depzesieresulting in a SemFscore
biased towards disambiguation of predicates.

APR

Catalan Chinese Czech English German Japanese  Spanish
# sentences 13,200 22,277 38,727 39,279 36,020 4,393 14,829
# tokens 390,302 609,060 652,544 958,167 648,677 112,555 427442
# POS-tags 12 41 12 48 56 40 12
# dependency labels 50 41 49 69 46 4 49
# argument labels 38 36 46 (60) 53 10 41 (66) 48
# predicate dependencigs 37,431 102,813 414,237 179,014 17,400 25,712 43,824
# empty propositions 7 10058 209,733 483 76 0 217
# argument dependencigs 84,367 231,869 365,255 393,699 34,276 43,957 99,054
APR 2.25 2.26 0.88 2.20 1.97 1.71 2.26
Avg. tokens/sentence 29.57 27.34 16.85 24.39 18.00 25.62 29.83
Avg. predicates/sentence 2.84 4.62 10.69 4.56 0.48 5.85 3.06
Predicate POS-tags AV V* * N*V* V* o JJN*S*V* AV

Table 3.1: Training corpus statistics.

The Czech and Japanese annotations featured multiplediepeas between a predicate and a
single token. This was modeled in the data format simply msimering a double dependency as a
single one, and creating artificial labels such & Avhere A and B are the respective labels of the
two dependencies. We considered these composite labetéqagedabels, increasing the number
of labels in these languages. Table 3.1 shows the numbegoimant labels in each language.
The numbers in parentheses for Czech and Japanese coadsfibis extended number of labels.

3.2.2 Semantic Lexicons

As mentioned in Section 2.3.2, predicates are normally ddflyy a semantic lexicon associating
an abstracframeof arguments to a predicate. Semantic lexicons were prdvidall languages
but Japanese, however they did not follow the same standardamtain equivalent informa-
tion. Moreover, the Japanese predicates were not ambigualithe predicate sense labels corre-
sponded to the lemma of the token.

3.2.3 Data Format

The corpora we have used were provided as UTF-8 encodedlesxtEach line corresponds to a
token, and includes a tab-separated list of annotation.xamele of a sentence from the Spanish
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training corpus (Taulé et al., 2008) is given in Table 3.&clEtoken is assigned an index (ID)
listed in the first column. The second column correspondbédctrface form of the tokens. The
following six columns contain gold standard and predictennina, POS, and Feats. Columns
beginning with a bold correspond to predicted values. Underscores correspondlitgalues.

The head column denotes the ID of the syntactic head of thentoRhe ID O corresponds
to the root token. Deprel denotes the label of the synta&meddency to the head of the token.
FillPred indicates whether the token is a predicate. Thes&enlumn contains the sense label of
the predicate.

The rest of the columns are used to denote argument depeesiembe first column (APredl)
corresponds to the first predicate in the sentence, the dexamn (APred2) to the second pred-
icate, and so on. As the number of predicates varies amortgrsms, so does the number of
APred columns. A token with a nonnull value in an APred coluimsran argument of the corre-
sponding predicate. For instance, the token with I@jerdg is an argument of the predicate
suponer.c2with the labelARG1-TEM.

During training of classifiers, all columns are availablheTSRL-only track of the CoNLL
2009 Shared Task consisted of assigning sense labels teetliegtes in the Sense column, as well
as finding and labeling the argument dependencies that ¢@iARred columns. During parsing
the gold standard annotation is not available, and the gielivalues of lemma, POS, Feats,
Head, and Deprel are used. The FillPred column, howeverawaikable also during parsing. This
column was provided by the Shared Task organizers due toah&tions in semantic annotation
of different languages.

16



1D Form Lemma PLemma POS PPOS Feats PFeats Head PHead Deprel PDeprel FillPred Sense APred1 APred2
1 El el el d d postype=articlgen=njnum=s postype=articlgen=njnum=s 2 2 spec spec _ - -

2 acuerdo acuerdo acuerdo n n postype=conmjgenrFmnum=s postype=commeégen=nmnum=s 4 4 suj suj - - argl-tem

3 también también también r r - - 4 4 mod mod - - - -

4 supone suponer suponer v v postype=rg@En=¢num=s... postype=maifgen=¢num=s... 0 0 sentence sentence Y suponer.c2. -

5 que que que c c postype=subordinating postype=subointinat 8 8 conj conj - - - -

6 los el el d d postype=artidgen=njnum=p postype=articlgen=mnum=p 7 7 spec spec - - - -

7 accionistas accionista accionista n n postype=conigen-¢num=p postype=commogen=¢gnum=p 8 8 suj suj - - - arg0-agt
8 recibiran recibir recibir v \ postype=mdgen=¢num=g... postype=maigen=¢num=g... 4 4 cd cd Y recibir.a2 arg2-atr

9 un uno un d d postype=indefinigen=mnum=s postype=numetgen=mnum=s 10 10 spec spec - - - -

10 pago pago pago n n postype=comngem=mnum=s postype=comme@yen=mnum=s 8 8 cd cd - - - argl-pat
11 de de de s s postype=preposifgen=¢num=c postype=prepositifgen=¢num=c 10 10 sp sp - - - -

12 capital capital capital n n postype=comrgen=fnum=s postype=commagen=fnum=s 11 11 sn sn - - - -

13 de de de s s postype=preposifgen=¢num=c postype=prepositifgen=¢num=c 10 10 sp sp - - - -

14 90 90 90 z n - postype=propégen=¢gnum=c 15 15 spec spec - - - -

15 francos franco franco z a postype=currency postypeifipaivegen=nnum=p 13 13 sn sn - - - -

16 suizos suizo suizo a a postype=qualificaiea=mnum=p postype=qualificativgen=mnum=p 15 15 s.a s.a - - - -

17 ( ( ( f f punct=brackepunctenclose=open punct=bradkeinctenclose=open 19 19 f f - - - -

18 53 53 53 z n - postype=propégen=¢num=c 19 19 spec spec - - - -

19 dolares dolar dolar z n postype=currency postypesuongen=nijnum=p 15 15 sn sn - - - -

20 ) ) ) f f punct=brackepunctenclose=close punct=bradketnctenclose=close 19 19 f f - - - -

21 y y y c c postype=coordinating postype=coordinating 10 10  coord coord - - - -

22 un uno un d d postype=indefinigen=njnum=s postype=numetgen=mnum=s 23 23 spec spec - - - -

23 dividendo dividendo dividendo n n postype=comngem=njnum=s postype=commeégen=nmnum=s 10 10 sn sn - - - -

24 especial especial especial a a postype=qualifi¢géme¢num=s postype=qualificatijgen=¢num=s 23 23 s.a s.a - - - -

25 de de de s s postype=preposifgen=¢num=c postype=prepositifgen=¢num=c 23 23 sp sp - - - -

26 135 135 135 z n - postype=propégen=¢gnum=c 27 27 spec spec - - - -

27 francos franco franco z a postype=currency postypeifipadivegen=mnum=p 25 25 sn sn - - - -

28 suizos suizo suizo a a postype=qualificaea=mnum=p postype=qualificativgen=mnum=p 27 27 s.a s.a - - - -

29 ( ( ( f f punct=brackepunctenclose=open punct=bradkeinctenclose=open 32 32 f f - - - -

30 unos uno uno d d postype=indefingfen=mnum=p postype=indefinitgen=ninum=p 32 32 spec spec - - - -

31 80 80 80 z n - postype=propégen=¢gnum=c 30 30 z z - - - -

32 dolares dolar dolar z n postype=currency postypesoongen=ninum=p 27 27 sn sn - - - -

33 ) ) ) f f punct=brackepunctenclose=close punct=bradketnctenclose=close 32 32 f f - - - -

34 por por por s s postype=prepositigan=¢num=c postype=preposititgen=¢num=c 8 23 cc sp - - - argM-adv
35 cada cada cada d d postype=indefjgg@=¢num=s postype=indefinitgen=¢num=s 36 36 spec spec - - - -

36 accion accion accion n n postype=commngem=fnum=s postype=commaégen=fnum=s 34 34 sn sn - - - -

37 de de de s s postype=prepositgem=¢num=c postype=preposititgmen=¢num=c 36 36 sp sp - - - -

38 Algroup Algroup Algroup n n postype=profigen=¢num=c postype=propggen=¢num=c 37 37 sn sn - - - -

39 . . . f f punct=period punct=period 4 4 f f _ _ _ _

Table 3.2: Example of the Spanish senteBtacuerdo tamk#n supone que los accionistas rec#sirun pago de capital de 90 francos
suizos (53 dlares) y un dividendo especial de 135 francos suizos (uGa®Bres) por cada acéin de Algroup. ‘The agreement also
means that shareholders will receive a payment of capitaDdwiss francs (53 dollars) and a special dividend of 13&cggabout 80
dollars) for each share of Algroup.’ (our translation)

Columns prefixed by denote predicted values.
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Chapter 4

Automatic Semantic Role Labeling

In this chapter, we start by reviewing previous work in Sedtl. The rest of the chapter is
devoted to describing theaselinesystem. This constitutes the initial implementation andise
it to compare the performance of subsequent extensionsvihattroduce in the next chapter.

4.1 Previous Work

The usage of probabilistic methods to perform semantic leddeling was pioneered by Gildea
and Jurafsky (2002) using the FrameNet corpus. In their witidy assumed semantic frames
to be identified and only addressed identification and lafetif arguments. They applied an
automatic constituent-based syntactic parser to theitiitiata. Using the semantic annotation
available in the FrameNet corpus, and the constituentebpaese trees, they extracted a number
syntactic, grammatical, and lexical features on which twabpbility models were conditioned,
one for identification and one for labeling argument couostits. These models were applied
sequentially in gipelinemanner by first identifying argument constituents, therelialg them.

Since the work of Gildea and Jurafsky, the decompositioa apipeline and the usage of
syntactic parse trees for input has become the predominattiaa to tackle SRL. The simple
probability models have since been replaced with more efitcstatistical classifiers, commonly
SVM or maximum entropy (ME) classifiers. Designing optimedture sets for these classifiers
still remain an open problem and has been addressed by fawdtithors (Xue and Palmer, 2004,
inter alia).

4.1.1 Global Models

Despite possible gains in feature engineering and imprevéraf machine-learning algorithms,
we believe there is a ceiling to how far this method can reBiffierent extensions to the pipeline-
based architecture have been proposed (Punyakanok e0@dl; Zoutanova et al., 2005). Al-
though these approaches are not identical, they both enapdoyilar strategy: generating several
possible semantic parses of a sentence using a pipelinassifiérs, that are subsequently reeval-
uated by a separate inference mechanism. The key to susdbssability to globally (as opposed
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to the pipelined classifiers that work locally) score conglgropositions in such post-processing
step, ruling out unlikely and/or contradicting parses gatesl by the pipeline.

Punyakanok et al. (2004) applied integer linear prograngn(ibP) to enforce structural and
linguistic constraints, such as the duplicate core argument constraiwhich claims a predicate
can not have more than one core argument of each type (Indbrtkese are the labels A0 through
Ab).

Toutanova et al. (2005) carried obeam searchin order to generate a pool of candidate
parses. These candidates were filtered with respect toiditigand structural constraints and the
remaining candidates were subsequently scored by anaulittlassifier, aeranker.

Indeed, the top performing system (Johansson and Nugu@8ap6f the CoNLL 2008 Shared
Task employed a global model that utilized both linguistogtraints as well as a reranker.

4.2 The Baseline System

We constructed a baseline system that consisted of a pigpelinlassifiers that parses text given
in the CoNLL 2009 data format. Since predicates were givendid not have to identify predi-
cates ourselves. We decomposed the problem into three s®duredicate disambiguation (PD),
argument identification (Al), and argument classificatibe).

Figure 4.1 shows how an example sentence is passed throaighotifules. The pipeline takes
a sentence read into memory and passes each predicatettiiheugipeline of classifiers. The PD
module assigns a sense label to each of the predicates ¢hadiated out (denoted by the boxes,
however the proper frame is unknown, which is indicated lgygffix.xx). Knowing the proper
sense, the Al module considers each token as an argumentlofpeadicate and constructs an
unlabeled proposition, i.e. the unlabeled semantic deparids. In the last step, the AC module
assigns the proper label to each argument dependency, windtudes the analysis.

4.2.1 Predicate Disambiguation

Frame assignment was treated exclusively as a word sersaldguation problem. During train-
ing we constructed a table mapping each lemmato a list of@legerved sense (i.e. frame name).
For each lemma, we trained one multiclass classifier usiragalirrences of this predicate lemma.
Lemmas with a single observed sense were considered unaouisignd no classifier was trained,
and the observed sense was assigned to every occurrenc lefittma during parsing.

Default Sense Labels

During parsing we can not assume that every predicate lemenaawse was seen during training
and is in our table. To handle this, we defined default preeisanse labels in each language. The
default sense labels were constructed differently in eanguage as the representation of sense
labels varies. However, they were all based on the most cansutiix or appearance of sense
labels.

For instance, in English, the default label was obtaineddmcatenating the lemma with the
suffix .01 yielding sense labels of the folemma.01 The same procedure was used in Chinese
and German, as the sense labels follow the same patternsia ldnreguages.
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Warren handed him the metal box and disappeared

Predicate Disambiguation (PD)

Warren handed him the metal box and disappeared

Argument Identification (Al)

W

Warren handed him the metal box and disappeared

Argument Classification (AC)

Warren handed him the metal box and disappeared
A0 A2
L), )
Al

Figure 4.1: Sequential view over the steps performed by gamtule in the pipeline. Dependency
graphs and other annotation is omitted from the images.
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In Catalan and Spanish, sense labels follow a similar patbert the suffixes are on the form
a2l, b21, a22, b2&tc. The most common suffix was .a21, and the default sensé \Wads
obtained by concatenating the lemma with this suffix,leeama.a2l

In the Czech corpus, the sense labels were sometimes idetatithe lemma, or, more com-
monly, just an obscure string defined in the Czech semanticde. These strings did not follow
any pattern that could be exploited to generate defaultesketiels. Instead, we simply used the
lemma of the predicate as the default label. Moreover, aLttech training corpus was rather
large, most predicates have been seen during training dadltabels were rarely employed.

As mentioned in Sect. 3.2.2, Japanese predicates requireisambiguation and the sense
label was identical to the lemma. Thus we did not have to tainclassifiers for predicate disam-
biguation and used the predicate lemma as default sendedaldeused this for every predicate.

4.2.2 Argument Identification

Once the predicate was disambiguated, the Al module idedttfie arguments of the predicate
and created an unlabeled proposition. This was done by noéansinary classifier that marked a
token as being either an argument of the predicate or notmidaule simply works left-to-right,
independently considering each token an argument of théigare until it reaches the end of the
sentence.

The training data for the Al classifier was generated in tlieesenanner, i.e. for each predicate
in a sentence of length, n training examples were derived. For each token that hadgmant
dependency to the predicate, a positive training instara abotained, and the rest of the tokens
yielded negative instances. A consequence of this proeeduhat there will be a significantly
greater number of negative examples than positive exampleieh could potentially bias the
classifiers.

4.2.3 Argument Classification

The unlabeled proposition generated by the Al module wasddalbusing a multiclass classifier. It
labeled each argument dependency independently. Duaigrig, each argument in the training
corpus yielded one training instance. Each label corredpario one class. Compared to the
training data in the Al step, we had much fewer training ins&for the AC module.

4.2.4 Separating Classifiers over POS tags

The English corpora is annotated with both nominal and \goledicates that derive from the

NomBank and PropBank lexicons, respectively. These ationgaare not completely similar

in their nature, and although the NomBank annotation wagldped to be consistent with the
PropBank frames, the actual arguments of the same abstaact$ are not necessarily identical
in terms of POS tags, lexical forms and other morphologicalbaites. We addressed this by
training two specialized classifiers in each step, one foninal predicates and one for verbal
predicates, using only training examples belonging to depective POS category. Moreover,
using the feature selection procedure (described in S&&# ) we were able to select specialized
feature sets for nominal and verbal predicates.
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This subdivision, however, comes at the cost of fewer trgjrinstances for each classifier
as well as the need to run the feature selection procedure than once in each step. As we
rely on predicted POS tags to differentiate between nomanal verbal predicates, we risk not
knowing which subclassifier to apply if a predicate has beeongly tagged as neither noun
nor verb (i.e. other part-of-speech tags than N and V). Taes$dthis problem, we also used a
default classifier catching these wrongly tagged predscaféis classifier was trained using all
the predicates available in the training corpus and usediien of the features of the nominal
and verbal classifiers. In total, we had three classifiersarhestep, and two executions of the
feature selection procedure in each step.

Although other languages also featured predicates of plllPOS tags, we refrained from
implementing this architecture in these languages. Piiynbecause the feature selection pro-
cedure turned out to be too time consuming, but also becaseating classifiers would have
resulted in too few training instances for some POS tagsrnmesanguages.

4.3 Features

We defined a large set of feature templates used by the ®altisiassifiers. Most of the features
can be traced back to Gildea and Jurafsky (2002) and haveuseehby participants in previous
CoNLL Shared Tasks devoted to SRL. Essentially, we usedethieifes defined by Johansson and
Nugues (2008b), except that we omitted language specifiaresaand added features involving
the morphological EATS data.

Not all features were used by every classifier. The featusesl by each classifier were se-
lected by a feature selection procedure described in S&ct.4A complete list of features used
by every classifier is given in Appendix A.

4.3.1 Features Used

The features described below are the linguistic featurpeesented as strings or sets of strings.
Some features extract information from the predicate, rstfrem the potential (Al module) or
identified (AC module) argument, and some extract infororathat depends on both predicate
and argument and the syntactic path between these feat@essequently we refer to these
features apredicate featuresargument featuresandpath features

Predicate Features

We describe each feature by means of an example sentencenra@®@urchardt et al., 2006) that
is given in Fig. 4.2. The value of a feature is either a strin@ set of strings, and the examples
are taken with respect to the predicatéteilen

PREDWORD, the surface word of the predicate, e.g. ‘mitteilte’;
PREDLEMMA, the lemma of the predicate, e.g. ‘mitteilen’;

PREDPOS, the POS tag of the predicate, e.g. ‘VVFIN’;

PREDDEPREL the predicates deprel to its parent, e.g. ‘MO’;
PREDFEATS, the set of [EATS of the predicate, e.d.‘3’,'Sg’,'Past’,'Ind’ };
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PREDPARENTWORD, the surface form of the parent word of the predicate, e.grden’;
PREDPARENTPOS, the POS tag of the parent word of the predicate, e.g. INAF
PREDPARENTFEATS, the set of [EATS of the parent word of the predicate, e{(8’,'PI','Past’,'Ind’ };
DEPSUBCAT, the concatenation of the dependency labels of the predisgiendents with respect
to the linear order of the sentence, e.g. ‘MO+SB’;

CHILD DEPSET, the set of dependency labels of the children of the preelieag.{'MO’,'SB’ };
CHILDWORDSET, the set of surface words of the predicate children, £\yie’,'Polizei’ };
CHILDPOSET, the set of POS tags of the children of the predicate, £RMWAV','NN’ };

SENSE, the predicate sense label, e.g. ‘mitteilen.1’.

So——a-1ar—= ﬂ

-Root- Wie die Polizei mitteilte s wurden acht Protestanten festgenommen
wie der Polizei mitteilen werden acht Protestam festnehmen
PWAV ART NN VVFIN S, VAFIN CARD VVPP
Nom|Sg|Fem Nom|Sg|Fem 3|Sgl|Past|Ind _ 3|Pl|Past|Ind _ Nom\PIIMasc Psp

J
A0 J Al Al

A0

Figure 4.2: Example of the German senteldie die Polizei mitteilte, wurden acht Protestanten
festgenommen’As the police announced, eight protesters were arregted’ translation).

The sentence is annotated with lemma, POSyTS, and syntactic (above) and semantic (below)
dependencies.

Argument Features

In addition to the predicate related features, the Al and AGsifiers also employ features cen-
tered around the argument. The examples given below usathe sentence from Fig. 4.2, and
are taken with respect to the argume@otizei Even though this token is an argument of both pred-
icates in the sentence, the argument features evaluate gathe values regardless of whether it
is considered an argument of one or the other.

ARGWORD, the surface form of the argument word, e.g. ‘Polizei’;

ARGPOS, the POS tag of the argument word, e.g. ‘NN’;

ARGFEATS, the set of [EATS of the argumen{‘Nom’,'Sg’,'Fem’ };

ARGDEPREL, the label of the syntactic dependency of the argument teeidsl, e.g. ‘SB’;
LEFTWORD, the surface form of the leftmost dependent of the arguneegt,‘die’;
LEFTPOS, the POS tag of the leftmost dependent of the argumegntP&VAV’;
LEFTFEATS, the set of [EATS of the leftmost dependent of the argument, €.9.
RIGHTWORD, the surface form of the rightmost dependent of the argupeeginull;
RIGHTPOS, the POS tag of the rightmost dependent of the argumgntyl;
RIGHTFEATS, the set of [EATS of the rightmost dependent of the argument, €Jg.
LEFTSIBLING WORD, the surface form of the left sibling of the argument, e.gieéW
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LEFTSIBLINGPOS, the POS tag of the left sibling of the argument, e.g. ‘WWA
LEFTSIBLING FEATS, the set of EATS of the left sibling of the argument, e.§};
RIGHTSIBLING WORD, the surface form of the right sibling of the argument, egll;
RIGHTSIBLINGPOS, the POS tag of the right sibling of the argument, eud;
RIGHTSIBLING FEATS, the set of [EATS of the right sibling of the argument, e.§}.

Path Features

The features we have introduced so far, extract informabased on the predicat argument,
exclusively. In order to capture the intra-sentential tiela between the predicate and an argu-
ment, we consider thpathin the syntactic dependency tree from the predicate to tienaent.
The examples given below are taken following the path ffestnehmetro Polizei

DEPRELPATH, the concatenation of dependency labels and link diregtioen moving from pred-
icate to argumentOC | MO | SB]’;

POSRTH, the concatenation of POS tags and link direction when ngpfriom predicate to ar-
gument VVPPTVAFIN | VVFIN | NN

Position

We defined one additional featurep®ITION, that denoted the position of the argument with
respect to the predicate. This could be either ‘Before’,’;@n ‘After’. The value ‘On’ appears
only in a few languages where the predicate could be an anguofdtself. This occurs, for
instance, with nominal predicates in English.

4.3.2 Constructing the Features

From an engineering perspective, there is a distinctiowée linguistic features employed by the
SRL system and features used by the statistical classifietttie context of classifiers, a feature
refers to one dimension of the classifier feature spadég\istic feature on the other hand, is a
set of possible values that a certain grammatical, lexaradyntactical feature can attain. We will
refer to this number of values as thizeof the feature.

We implement each linguistic feature of sizéy creatingn binary features for the statistical
classifiers, one for each possible value. They are impleedegither asingular or setfeatures.

The singular features can only attain a single value, heegardless of size, the correspond-
ing classifier features will all be zero-valued except foeorDuring parsing it may very well
happen that the value of a linguistic feature was not seeimgltiraining, in which case all the
corresponding classifier features will be zero-valued.

The set features, on the other hand, may have several gosttivesponding classifier features.
For each string in the set, the corresponding classifieufeatas set positive.

All CHILD SET- features were implemented as set features. MoreoverfFaliTs features
were also implemented as sets. As described in Sect. 3.2semmdin Fig. 4.2, EATS is just
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a string of morphological information separated jpyThis string was transformed to a set by
splitting the string into parts with respect tand each value was considered a member of the
FEATS-set.

4.3.3 Constructing Pairs

In order to improve the separability of the linear class#jgpairs of features were constructed.
A pair of linguistic features was created by taking the Caaie product between the classifier
features of each of the linguistic features. This works Vigglsingular features and pairs between
singular features and set features. Pairs betweenSET- features were constructed by con-
catenating the values of each set on each child. We refrdinadconstructing pairs of involving
-FEATS. Partly because it is not always obvious how to pair them ineammgful way, but also
to lower the number of features in the search space durinfgtitare selection.

4.3.4 Feature Selection

Following Johansson (2008), we selected the features uys#tkelclassifiers from a pool of pos-
sible features using thgreedy forwardprocedure shown in Algorithm 1. The first part of the
algorithm, greedily selects the feature that increasesuttiee most until no feature remaining
increases the score more than the threslaplahile the second part of the algorithm adds feature
pairs in the same manner.

We intended to carry out a cross-validation search. Howeliee to the lack of time, we
resorted to using 80% of the training set for training and Z0%evaluating the features. The
metric 4 used was the Predhn the PD step, the unlabeled Argin Al step, and the labeled
ArgF; in the AC step. The threshoklwas set to 0.01 in all steps.

The feature selection turned out to be a consuming task anabst cases we were forced
to interrupt the selection process after a few feature gairder to have our system ready in
time. In total, we spent three to four weeks running this atgm to construct feature sets for all
languages.
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Algorithm 1 Greedy forward feature selection. from Johansson (2008)

function GREEDY-FORWARD-SELECTIONF, U, €)
input Feature sef, evaluation metriq, tolerances
S—0
P—0
Mmax ¢ —
repeat
HMeurr < HMmax
foreachf e F\'S
W — p(SU{f},P)
if 1’ > Hmax+€
Umax — M’
fnax— f
if Umax > Heurr
S« SU{ fmax}
until tmax= Meurr
repeat

Heurr <= Mmax

foreachpe (F xF)\P
p' — p(SPU{p})
if 4 > Umax+ €
Umax — M’
Pmax < P
if Umax > Heurr
P— PU{Pmax
until tmax= Heurr
return (S,P)
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Chapter 5

Introducing a Global Model

Intuitively, a predicate-argument proposition is a conlstructure where arguments and their
labels interdepend. Since our pipeline of classifiers ebesceach step sequentially and indepen-
dently with respect to each argument, we fail to catch thrisctire. The remedy is to generate
entire propositions and exploiting their complete struetwhen selecting the best one.

Since the number of possible propositions of a predicatepsmential in both the length of
its sentence, as well as the number of labels, we can notdmmsiery possible proposition. We
therefore use a method that produces a limited numbeandidatepropositions from which the
final proposition is selected.

The method by which the candidate propositions are gerteiatdescribed in Sect. 5.1. We
describe how these propositions are reranked by an addlititessifier in Sections 5.2 and 5.3. In
Sections 5.4 and 5.6 we show how the pipeline and the reramk&icombined to select the final
proposition. In Sect. 5.5 we discuss how to evaluate the rupmend to this approach.

5.1 Generating Candidate Propositions

Following Toutanova et al. (2008), we explore the posgibgito generate a limited number of
possible, yet likely, propositions. In order to generat®alpf propositions for a given predicate,
the pipeline system is extended. Instead of letting eactsifiar output the most likely partial
proposition, we use the output probabilities associateti each different outcome. Assuming
high probabilities correspond to likely (partial) propi@ns, it is then possible to select a few
likely outputs in each step.

In the first step, we have one or many choices of sense to atsguredicate. However, we
only consider the most likely sense as assigned by the PD lmody multiplying the proba-
bilities output by the Al classifier on each token, we get apitulity for the resulting unlabeled
proposition. We then select thkebest unlabeled propositions according to their score fireb-
ability). We denote the probability of a complete unlabgbedposition according to Al module
Pai. This procedure is commonly referred tolasam searchand the variabld is referred to as
the beanwidth.

As each token in the sentence is considered an argument pfédecate Pa; is the product
of n factors, wheren denotes the length of the sentence. kheest propositions will be quite
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similar, though not identical, keeping the most likely argant dependencies, and alternating the
less likely ones (as well as proposing new argument depernetethat were ruled out by a small
margin by the greedy baseline choice).

Similarly, the AC classifier outputs probabilities for edabel on an argument dependency.
For each unlabeled proposition, we generated thest likely labellings using these probabilities.
We compute the probability of each labelifyc, by taking the product of the probabilities of the
labels of each argument dependency. Unless one of the lgdapeopositions is empty, this
yields a total ofN = k x | labeled proposition. If there is an empty proposition amtmgk
unlabeled propositions, this can not be labeled by the ACuisodt all, and we get a total of
N = (k—1) x|+ 1 labeled propositions.

As opposed to the probability of the unlabeled propositex, which is always a product of
the same number of factors, the number of factors that foets probability depends on the
number of argument dependencies in the proposition. Siifiegeht unlabeled propositions may
have a varying number of argument dependencies, the AC piltiless of different propositions
may not be comparable in a fair way, i.e. propositions withrerdependencies are likely to have a
lower probability than propositions with fewer dependesciTo resolve this, we normalized the
AC probabilities with respect to the number of argument deleacies in the proposition in the
following manner

Pac = (Pac)¥/3,

wherea is the number of argument dependencies in the propositisingthe probabilities from
the Al and AC steps, we defined the complete probability atingrto the pipeline as

Plocal = Pai X PAc-
The topN propositions are reranked by a separate classifier (destiibthe next section),
and the output probabilities of the pipeline and the reraiake combined (described in Sect. 5.4)

in a last step to yield the final output. Figure 5.1 gives annaee of the architecture of the
system.

Local classifier pipeline Global model

Reranked
Argument identi ! Argument labeling N candidates Reranker candidates
beam search beam search Local features + proposition features

Linear combination of models

Sense iguati
greedy search

N candidates

Figure 5.1: System architecture.

5.2 The Global Reranker

Given a pool of candidate propositions, we need a way to stledest one. The straightforward
way to do this is to pick the top scoring proposition accogdia the pipeline oca. However,
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this still only considers the local choices that the classsfimake and often yield the same result
as the baseline system. Moreover, it tends to be biaseddsvyanpositions with fewer arguments
because this usually yields a high#&. despite normalization.

A slightly more sophisticated approach is to train anothatistical classifier that can make
the choice for us. This binary classifier, called theanker, is applied on all propositions in the
candidate pool and gives a probabiliBierankes ON €ach proposition. It is, however, not trivial
to generate good training instances for such reranker.uiggse is, after all, to consider several
rather likely propositions and select the proper one.

In order to generate training instances for the reranke] and AC classifiers were trained
by partitioning the training set im parts and usingr— 1 of these parts for each Al and AC
classifier, respectively. These Al and AC classifiers weeglua the pipeline to generate the top
m propositions for each predicate on the part of the corpug\weenot trained on. If the correct
proposition was found in the candidate pool it was marked pssitive instance, and the rest
negative.

If the correct proposition was not in the candidate pool, tihye scoring (according to the
ArgF1 measure) propositions of the pool were considered poditiseances, and the rest nega-
tive. Moreover, the correct proposition from the gold stamtwas also inserted as additional
positive instance.

5.3 The Reranker Feature Space

For the reranker, we used all the features from the local Al A6 classifiers combined with an
additional global feature that takes the complete predieagument structure into consideration.
The feature space was created by simply concatenating diréespaces of each local classifier.
Furthermore, for each argument dependency label the AQreapace was concatenated, each
repetition corresponding to a certain label, and only imekor argument dependencies with that
particular label.

The values of the reranker classifier features are compugdtdeasum of the values of each
local feature for all the arguments of the predicate-argunpeoposition. Contrary to the local
classifiers, this implies the reranker classifier featurey take any non-negative integer value,
and not only binary values.

For instance, consider thend proposition from the introductory example (Fig. 1.1). Isha
three argumentg/Varren him, andbox The feature RGDEPREL is used by the pipeline in both
the Al and AC steps. In the reranker, this feature is includade for Al, and once for each
semantic dependency label. The arguments evaluate toltbwifay feature values

e Warren- {'SBJ-Al’, ‘SBJ-AQ"};
e him- {'OBJ-Al’, 'OBJ-A2'};
e box- {'OBJ-Al', ‘'OBJ-A1'};

where the suffixes denote which copy of th@ @DEPREL feature to invoke. Thus, this feature
obtains the values (SBa+1) and (OBJAI,2) for the copy imported from the Al classifier. From
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the AC classifier, the RGDEPREL feature is included once for each label. Most of them will
be nullvalued since only a few semantic dependency labelssed in this proposition. Only the
three copies that correspond to the labels A0, Al, and A2beithonnull, with values (SB436,1),
(OBJ-A1,1), and (OBJA2,1), respectively.

5.3.1 Global Features

We experimented with various global features but eventusgittied with using only the (core)
argument label sequengALS). This feature is a string defined by concatenating tioee) ar-
gument labels and the predicate in a sequential order wiheet to the sentence. For instance
the ALS of the predicatéand.O1in Fig. 1.1 would be ‘AO+hand.01+A2+A1’. When this feature
was introduced by Toutanova et al. (2005), it only includeckargument labels. The underlying
assumption is that core arguments fairly often come in oreefew certain orders with respect to
the predicate, whereas the placement of adjuncts in a senieitess strict.

Core argument labels are explicitly defined in the annatatiof Catalan, Chinese, English
and Spanish. In the other languages, however, no suchdlistins made. For that reason, we
considered different sets of labels for the ALS for diffearanguages, in

e Catalan and Spanish all labels prefixed by arg0, argl, argg8 were considered:;
e Chinese and English only the labels AO through A4 were canmsitf

e Czech, German, and Japanese all argument labels were emtsid

5.3.2 Using Voice

In Sect. 2.1.2, we mentioned the notion of grammatical veicd gave an example of how it
reverses the order of arguments with respect to the predi@ince the ALS feature is meant to
catch this ordering of arguments, this could potentiallpfase the reranker if there are training
instances of the same predicate but with different voicecofme with this, Toutanova et al. (2008)
included the voice of each predicate in the ALS, e.g. the imgnith Fig. 1.1 could be rephrased
He was handed the metal box by Warrgielding the ALS ‘A2+hand.01/Passive+A1+AQ’.

As voice is a language dependent construct, and not prowdie annotation of the corpora
(Czech excluded), this has to be deduced using hand-crafeessl To the best of our knowledge in
each language, we constructed such rules in Catalan, BEn@erman and Spanish and included
this in the ALS. In Czech, we obtained the voice directly frima FEATS column.

During preliminary experiments, however, we only obsertieg improvements or even a de-
crease in performance. For this reason, as well as the dédeasof keeping the system language
independent, we decided not to use voice in the ALS. Moredkherhand-crafted rules used to
deduce voice are based on the lexical and syntactic prepesfithe predicate. We believe the
reranker classifier is able to identify the same propertiesneans of the features from the local
classifiers, probably even more precisely than our hanfiectaules.
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5.4 Weighting the Models

The reranker does not always make the best choice of cardmlaposition. In fact, when we
selected the candidate proposition based on the outputbitidies of the reranker, the system
performed worse than the baseline. We addressed this gttgi combine the local and the
reranking models in the following manner

/
Prinal = PLocaI X (PReranker)a>

wherea is a parameter that can be used to assign more or less infltetice reranker model.
P oca deNOtEs the normalized probability of the candidate pritpos, i.e. we divided each local
probability by the sum of all local probabilities. Consenqthg the normalized probabilities over
all propositions sum up to 1. This procedure rescales thal lpobabilities and assignsveery
smalllocal probability to propositions that the local classsieonsider highly unlikely.

5.5 Reranker Potential

Although the correct proposition may not be in the pool ofdidates, we would expect a sig-
nificant increase in performance if the reranker would akvayake the best choice. By peeking
at the gold standard annotation and ignoring the rerankercan select the optimal candidate
proposition from the pool. Obviously this is not an optiorridg real parsing, however, it gives
us an opportunity to check the potential of the reranker,fireling an upper bound on the score
with respect to a given beam width.

The upper bound is of interest when adjusting the beam widtslesl by the local classifiers.
A wider beam yields a larger pool of candidates, increadimegupper bound and the chance that
the correct proposition is in the pool. Increasing the beadthyw however, comes at the cost of
increased training and parsing time. We will get back to thiSect. 7.2 when we review the
upper bound of the reranker.

5.6 Tuning the Parameters

We conducted several experiments using various beam widlthgrtunately, we were running
short on time, and were not able to investigate this exhaelgtiEventually we settled with setting
the beams ton=| = 4, yielding candidate pools of sid¢= 16 orN = 13 (cf. Sect. 5.1). During
these experiments, we set the weight parameterl.

When the beam widths were set, we adjustetb see if further improvement was possible.
Surprisingly, in every language we achieved the best resuith a equal, or very close, to 1. As
we did not have the time to carry out a cross-validation tafye¢hese slight improvements, we
let a =1 in all languages.
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Chapter 6

Results

In this chapter, we describe the results of our system. Wanlmsgreviewing the baseline results
in Sect. 6.1, then go on and describe the performance of tiaaker in Sect. 6.2. In Sect.
6.3 we review our performance in the CoNLL 2009 Shared Taskampare it with the other
participants.

Evaluation Measures

The measure we have used are more thoroughly defined in SécfTl@recapitulate, these mea-
sures are the

e Labeled attachment score (LAS) — measures the validityetitpendency graphs used as
input;

e Labeled semantic,HSemk) — measures the validity of the complete predicate-argiimen
proposition;

e Labeled predicate HPredFk) — same as SemFbut takes only predicates into considera-
tion;

e Labeled argumentHArgF;) — same as SemFbut takes only arguments into considera-
tion.

The LAS and Semfrare the major metrics used to evaluate syntactic and setrdeytenden-
cies, respectively. LAS is interesting as it gives an ide¢hefquality of the dependency graphs
used for input. The SemFHgives a joint score on complete propositions and denotesvarall
performance of our system. These scores were obtained tisngfficial CONLL 2009 Shared
Task evaluation script It gives LAS and Semfdirectly, as well as all the figures required to
deduce the Predrand Argh measures.

We introduce the PredFand Argkh measures to get a better idea on how the performance of
different components of the system. Moreover, as mentionegkct. 3.2, in our input corpora
predicates were already identified. This results in a pegdicecall of 100%, and essentially

1Available at the Shared Task website at http://ufal.mffiaz/conll2009-st/.
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reduces the problem to labeling the predicates. Additlgnaredicate disambiguation can be

considered a relatively simple problem as the number oégifit predicate senses is usually quite
low (usually only one or two per lemma, ranging up to abouf hallozen). Consequently, we

expected (and achieved) higher PredEores than Argfscores.

Although we can expect high Pregfgures, we still think the joint SemFmneasure is suitable
because it scores predicates and arguments equally. Sime@gument-predicate ratio (APR) is
larger than one (Czech excluded), the joint measure williasda towards identification and clas-
sification of arguments. Moreover, since the measure is cbedpas a harmonic mean between
precision and recall, poor performance with respect eitbgredicates or arguments, is enough
to penalize the joint score sufficiently.

However as the APR varies, the influence of predicate disgualtion vs. argument identi-
fication and classification in the SemBcore varies as well. Since the reranker is only able to
improve argument identification and labeling, the AygRheasure gives a more fair estimate on
the improvement of the reranker in each language.

6.1 Baseline Results

The performance of the baseline system on the official tdsissgiven in Table 6.1. The first
column gives the LAS of the testing corpora that were usednfout. As mentioned in Sect. 3.2
these dependencies were generated by the Shared Taskzergamsing freely available depen-
dency parsers. The LAS scores remain the same in each laagiyghout all experiments
described below, and are omitted from all other tables. Emeaining three columns denote the
performance of our system using the three measures PrédiF,, and Semi:

LAS Predr ArgF; Semk
Catalan 86.13 87.20 76.13 79.54
Chinese 78.46 9492 69.83 77.84
Czech 78.46 9420 7424 84.99
English 8550 9559 79.29 84.44
German 85.93 81.45 77.44 79.01
Japanese 91.12 99.07 60.26 75.61
Spanish 86.20 85.43 76.56 79.28
Average 84.54 91.12 73.39 80.10

Table 6.1. Baseline results. LAS denotes the syntacticracguof input, PredF and Argh,
the labeled semanticiRusing predicates and arguments only, respectively, and=gSéma joint
labeled Semantic F1 measure.

We achieved an average Seprd@bove 80%, which we believe to be very good. The expected
difference between Pregfand Argh was also verified, yet the absolute difference between these
scores and the SemBcore are leaning towards the Argfeasure (again, Czech excluded), also
in accordance with our expectations.
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The Japanese Pregscore is close to 100%, which is explained by the fact thaddage lacks
ambiguous predicates (explained in Sect 3.2). The reasgnitvidnot exactly 100% is caused
by errors in the predicted lemmas in the provided corpus. dther Predi scores roughly fall
into two groups: Catalan, German, and Spanish are signifjckmver than Chinese, Czech, and
English. We believe this is a consequence of the differeirtsize in the training corpora — The
larger training corpora, the more training examples fohesubclassifier.

With respect to the ArgFmeasure, Japanese also turns out to be in the extreme, 266G
indeed very low in comparison to the other languages. Agabelieve its reasonable to expect
this result as Japanese has the smallest training corputlahguages, yet a very large set of
possible argument labels.

Not surprisingly, English receives the highest Afgd€ore. The vast training corpus as well
as splitting the classifiers between nominal and verbalipages justifies this. Moreover, as the
feature templates we used were originally defined and temtedn English, it is reasonable to
assume they do well there, but not necessarily as well irr ddimguages.

Considering the syntactic dependencies provided by thenizgrs, they are rather good, but
slightly lower than state-of-the-art in each language (&gt al., 2007; Surdeanu et al., 2008).
The high figure in Japanese is explained by the low numberpémidency labels (Only five labels
are used), as well as the typographic tokenization of tharlege “bunsetsu” phrase style where
most words are attached to the following one using the masinoon label. This also causes
the DEPREL-related feature templates used to be less powerful dutasgiication. In fact, using
features similar to ours and a dependency-based syntaansstn and Nugues (2008b) has shown
that a richer set of dependency labels improves semangdabkling in English.

Excluding Japanese, Chinese and Czech have the worst Aagifes. This correlates well
with the poor syntactic dependencies provided.

6.2 Applying the Reranker

In Chapter 5, we described how to extend the baseline systang a global reranker. The reranker
results, as well as baseline results and the gain in absdifiézence is given in Table 6.2. As
previously stated, the SemBcore is biased differently with respect to predicates agdraents
in different languages. For that reason, we present thdtsestithe reranker using both the
ArgF; and Semir measures. Because the reranker does not improve predisatehlidguation,
the PredF figures remain unaffected and these figures are omitted.

Although the improvement of the reranker is quite modegjvies an increase in every lan-
guage. In fact, the English 1.19 point gain in Semng-better than the improvement achieved by
top performing systems in the CoNLL 2008 Shared Task thatetsployed a reranking approach
(Johansson and Nugues, 2008a; Ciaramita et al., 2008). Tdie, Aeasure allows for inter-
lingual comparison without the bias of the varying APR. Waiaged the best gain in English,
followed by German. Not surprisingly, we achieved the loingzgn in Czech and Japanese. This
was somewhat expected as we included all the argument labtie ALS in these languages.
However, we also included all labels in German, and recebaiters gains than in Czech and
Japanese. The difference is explained by the small numipgr {®, shown in Table 3.1) of la-
bels in this annotation. Moreover, Czech and Japanese atsthie tricky double dependencies
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ArgF 1 Semhk
Baseline Reranker GainBaseline Reranker Gain
Catalan 76.13 76.76 0.63 79.54 80.01 0.47
Chinese | 69.83 70.87 1.04 77.84 78.60 0.76
Czech 74.24 74.77 0.53 84.99 85.41 0.42
English 79.29 81.00 1.71 84.44 85.63 1.19
German | 77.44 78.79 1.35 79.01 79.71 0.70
Japanese 60.26 61.03 0.777 75.61 76.30 0.69
Spanish | 76.56 77.46 0.90 79.28 79.91 0.63
Average | 73.39 74.38 0.99 80.10 80.80 0.70

Table 6.2: Results and improvement by reranker. Scores ige® gising both the ArgFand
Semk measures.

(mentioned in Sect. 3.2.1) that were not handled in any ape@y by our system.

6.3 The CoNLL 2009 Shared Task Evaluation

As previously mentioned, participants of the CoNLL 2009 rgdaTask could choose between
parsing syntactic and semantic dependencies (joint), sirthe semantic dependencies (SRL-
only). In Table 6.3 we list the SemFscores of all participants in the closed task. All figures
in the table are taken from the official Shared Task desomppaper (Hajic et al., 2009). All
participating systems, except for two, submitted a papserileing their system. We have replaced
the team names with the affiliation of the primary author afresystem. Our results are listed on
the second row under the narbhend

Unfortunately, for the submission of our test results to$tared Task, the Spanish reranker
was trained improperly and yielded significantly lower fdésuThis was exclusively caused by
human error and resolved simply by retraining the rerankighaut any changes in the imple-
mentation. However, this mistake did not come to our atbentintil after the submission of test
runs, and we received a lower score in the official evaluatiside from Spanish, our scores are
identical to the ones shown in Table 6.2.

Our system received the best scores in Chinese and Germadmaked second among 20
participants using the average Senmieasure. Despite the bug in Spanish, our average still came
out greater than baseline average (80.10%). On the othel; tidia bug also appears to have cost
us the top position.
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Team Average Catalan Chinese Czech English German Japargssnish

1 HongKong 80.47 80.32 7772 8519 8544 75.99 78.15 80.46

2  Lund? 80.31 80.01 78.60 8541 8563 79.71 76.30 76.52

3 HongKong  79.96 80.10 76.77  82.04 86.15 76.19 78.17 80.29

4 Harbin 79.94 77.10 77.15 86.51 8551 78.61 78.26 76.47

5 Geneva 78.42 77.44 76.05 86.02 83.24 71.78 77.23 77.19

6 Edinburgh 77.46 78.00 7773 7575 83.34 73.52 76.00 77.91

7 Berkeley 76.00 74.53 75.29 79.02  80.39 75.72 72.76 74.31

8 NIST 75.65 72.35 74.17 84.69 84.26 63.66 77.93 72.50

9 Browre 72.85 72.18 72.43 78.02 80.43 73.40 61.57 71.95
10 Hefei 70.78 66.34 71.57 7550  78.93 67.43 71.02 64.64
11 DFKI 70.31 67.34 73.20 78.28 77.85 62.95 64.71 67.81
12 Harbin 69.72 66.95 67.06 79.08 77.17 61.98 69.58 66.23
13 Dublin 69.26 74.06 70.37 57.46  69.63 67.76 72.03 73.54
14 Antwerp 68.95 70.14 66.71 7149  75.97 61.01 68.82 68.48
15 Paris 66.49 65.60 67.37 7174 7214 66.50 57.75 64.33

16 Barcelona 63.06 46.79 59.72 76.90 75.86 62.66 71.60 47.88
17 Stockholm 61.27 57.11 63.41 71.05 67.64 53.42 54.74 61.51

18 Lino 57.18 61.70 70.33 60.43 65.66 59.51 23.78 58.87
19 Wuhan 56.69 41.00 72.58 62.82 67.56 54.31 58.73 39.80
20 Prague 32.14 24.19 34.71 58.13 36.05 16.44 30.13 25.36

Table 6.3: Official Semfscores for all participants in the closed task. Team names baen
replaced with the affiliation of the primary authors of eaghtem, except names marked with
where this information was not available. T denotes our teBaid figures denote the best score
in each language.
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Chapter 7

Discussion

In this final chapter we summarize our work and discuss somasidhat might be of particular
interest for continued research.

7.1 Conclusion

In this thesis, we proposed a method to construct a languagpéndent semantic role labeler that
works on top of a dependency based syntactic representaitithre input text. The system uses
supervised learning methods and requires annotated eotpayenerate training data. Provided
corpora annotated with lemma, POS, and syntactic dependees (optionally also EATS), the
system is trained and run without requiring any further klemlige of the language on which it is
working.

A core system consisting of a pipeline of classifiers thausatjally performs the tasks of
predicate sense disambiguation, argument identificatma, argument classification has been
presented. Suitable feature sets used by the classifiersenuting these subtasks have been
tailored by an automatic procedure for each training carpus

The proposed system was implemented and has been trainedreo seven languages. The
CoNLL 2009 Shared Task evaluation shows that our systenitsettate of the art in Chinese and
German, and is not far behind other systems in the other bges.

We have also shown that the baseline system can be furtheowegb by means of a global
model. The system gave good scores in all languages withenalbaverage score outperforming
that of any other system that we are aware of.

7.2 Reranker Potential

The upper bound of the reranker on the test set is given ineTaldl. They were acquired using
the gold standard (described in Sect. 5.5) and the same ba&ihsws we did during training and
parsing k=1 =4).

Compared to the performance of our reranker, we see that thepom for substantial im-
provements to the reranking model. Except for one globdlfeaall the the features used by the
reranker are the same as the local Al and AC features. All leedures were selected to optimize
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ArgF1 Semhk
Baseline Reranker Upper BoundBaseline Reranker Upper Bound
Catalan | 76.13 76.76 91.45 79.54 80.01 90.11
Chinese | 69.83 70.87 85.80 77.84 78.60 88.70
Czech 74.24 74.77 90.60 84.99 85.41 92.55
English 79.29 81.00 92.97 84.44 85.63 93.80
German | 77.44 78.79 92.62 79.01 79.71 88.78
Japanese 60.26 61.03 84.35 75.61 76.30 90.04
Spanish | 76.56 77.46 90.79 79.28 79.91 89.12
Average | 73.39 74.38 89.80 80.10 80.80 90.44

Table 7.1: Reranker on test set. Beam widths sdéttol = 4. Scores are given using both the
ArgF; and Semir measures.

the performance of the local classifiers. Performing a sg#pdeature selection for the reranker,
perhaps over an extended pool of features, would therefors likely improve its performance.

More generally, we believe that the overall design of thamker feature space should be
reconsidered. One could argue that the features of the tdassifiers should not be included in
the reranker, as they have already contributed throughoited tlassifiers. Moreover, because of
the vastness of the reranker feature space, it requires Emgpunts of memory and takes very
long time to train and apply during parsing.

7.3 Further Work

The system has been designed and developed under hard tisieagats in a way that allowed

easy debugging and trying out new ideas. Basically all doestts of the system, as well as their
interaction, could be improved from an engineering pointiefv. Furthermore, the possibilities

to extend the system are also close to endless. Other thaardaly mentioned ideas for the
reranker, we propose two more ideas that we believe are wudistigating.

Cross-validated Feature Selection

The features selected by the selection procedure was eldthinusing 80% of the training set for
training and 20% for evaluating the features. Although tiase good results, a cross-validation
search would have been able to generate the best featurasgst bn the entire training corpus.
This would also reduce the risk of overfitting to the partitiof the training set that was used for
evaluation during feature selection.

Argument Pruning

The Al module considers every token of a sentence as an argusheach predicate. Several
tokens can easily be ruled out by their lexical form or pathth® predicate in the dependency
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tree. Reducing the set of potential arguments in a sent@ocemonly referred to aargument
pruning would improve speed and possibly also reduce errors. Atthahere is a risk of ruling
out actual arguments in the pruning process, this strateggrdes to be explored. This would

also reduce the large number of negative training instafarale Al classifier, possibly resulting
in improved accuracy.
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Appendix A

Features Used

Table A.1: Feature sets for predicate disambiguation.

cat chi cze eng ger spa
PredWord ° ° °
PredPOS °
PredDeprel °
PredFeats
PredParentWord °
PredParentPOS
PredParentFeats
DepSubCat
ChildDepSet
ChildWordSet
ChildPOSSet
ChildDepSet+ChildPOSSet
ChildDepSet+ChildWordSet
ChildDepSet+PredPOS °
ChildWordSet+DepSubCat
ChildWordSet+PredDeprel
ChildWordSet+PredParentPOS
ChildWordSet+PredParentWord
ChildWordSet+PredPOS
DepSubCat+PredParentWord °
DepSubCat+PredFeats
DepSubCat+PredParentFeats
PredDeprel+PredParentWord
PredParentPOS+PredParentWord
PredPOS+PredParentWord ° °
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Table A.2: Singular features used for Argument Identifmati V = Verb Predicate, N = Noun
Predicate

cat chi cze eng ger jap spa

PredWord

PredPOS N
PredLemma N
PredDeprel

PredLemmaSense ° ° \% °
PredFeats

PredParentWord \%
PredParentPOS Vv
PredParentFeats °
DepSubCat ° °

ChildDepSet ° °
ChildWordSet N
ChildPOSSet
ArgWord
ArgPOS
ArgFeats
ArgDeprel
Leftword
LeftPOS
LeftFeats ° °
RightWord ° N

RightPOS N

RightFeats

LeftSiblingWord ° °
LeftSiblingPOS ° °
LeftSiblingFeats °

RightSiblingWord e ° \% ° ° °
RightSiblingPOS

RightSiblingFeats

DeprelPath ° ° e NV

POSPath ° ° e NV

Position e NV

N,V
N,V
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Table A.3: Feature pairs used for Argument Identification= Verb Predicate, N = Noun Predi-
cate

cat chi cze eng ger jap spa
ArgDeprel+ArgPOS \%
ArgDeprel+ChildDepSet \%
ArgDeprel+POSPath °
ArgDeprel+DeprelPath \%
ArgDeprel+Position °
ArgDeprel+PredDeprel \%
ArgDeprel+PredParentWord N
ArgFeats+LeftPOS °
ArgFeats+POSPath
ArgFeats+PredPOS
ArgPOS+ChildPOSSet
ArgPOS+POSPath °
ArgPOS+PredLemmaSense ° N
ArgPOS+RightSiblingPOS
ArgWord+DepSubCat °
ArgWord+Position N
ArgWord+PredLemma
ArgWord+PredLemmaSense
ChildDepSet+POSPath °
ChildPOSSet+PredDeprel
ChildWordSet+DeprelPath °
ChildWordSet+PredLemmaSense N
DeprelPath+Position ° ° N °
DeprelPath+PredFeats °
DepSubCat+DeprelPath °
LeftFeats+RightSiblingFeats °
LeftFeats+PredParentPOS °
LeftPOS+RightPOS Vv
LeftPOS+PredWord N
LeftWord+POSPath °
Position+PredLemmaSense N
Position+PredParentPOS °
POSPath+RightSiblingFeats °
POSPath+RightSiblingPOS \%
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Table A.4: Singular features used for Argument ClassiftcatiV = Verb Predicate, N = Noun
Predicate

cat chi cze eng ger jap spa

PredWord ° N °
PredPOS ° \%

PredLemma ° ° e NV o °
PredDeprel

Sense ° ° e NV o ° °
PredFeats

PredParentWord ° \% °
PredParentPOS V e
PredParentFeats

DepSubCat

ChildDepSet ° ° V ° ° °
ChildWordSet ° °
ChildPOSSet ° N °
ArgWord ° e NV o ° °
ArgPOS ° e NV °
ArgFeats ° ° °

ArgDeprel ° ° \% °

DeprelPath ° \% °

POSPath ° \% °

Position ° ° e NV

LeftWord ° ° N

LeftPOS ° Y

LeftFeats °

RightWord ° N,V

RightPOS ° N,V

RightFeats °

LeftSiblingWord ° N

LeftSiblingPOS ° N,V
LeftSiblingFeats e

[ ]
RightSiblingWord ° ° °
RightSiblingPOS
RightSiblingFeats
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Table A.5: Feature pairs used for Argument Classificatiors Werb Predicate, N = Noun Predi-
cate

cat chi cze eng ger jap spa
ArgDeprel+ArgPOS \%
ArgDeprel+ChildDepSet °
ArgDeprel+ChildPOSSet
ArgDeprel+POSPath
ArgDeprel+RightPOS \%
ArgDeprel+Sense V e
ArgFeats+ArgWord °
ArgFeats+Sense °
ArgPOS+ArgWord \%
ArgPOS+Position N
ArgPOS+PredLemma ° \% °
ArgPOS+Sense N
ArgWord+ChildDepSet °
ArgWord+Position ° N
ArgWord+PredLemma °
ArgWord+RightWord °
ArgWord+Sense N,V e
ChildDepSet+Position V
ChildWordSet+Position °
ChildWordSet+DeprelPath
ChildWordSet+POSPath
DeprelPath+PredParentWord °
LeftPOS+RightSiblingPOS N
LeftSiblingPOS+Sense N
LeftSiblingPOS+RightSiblingPOS
Leftword+Sense
PredFeats+Sense ° °
PredPOS+PredParentWord
Position+Sense ° NV o
POSPath+PredLemma °
POSPath+Sense N
RightPOS+RightSiblingPOS °
Sense+RightSiblingPOS N
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